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Abstract

Federated learning (FL) enables collaborative learning across clients without com-
promising privacy. Most existing FL studies focus on model-homogeneous scenar-
ios. However, ensuring uniform model architecture across clients is challenging,
leading to a model-heterogeneous FL problem. To address this problem, we rethink
client knowledge and design a novel form termed the entangled representation,
which entangles all representations from distinct categories on each client into
a single representation. Building on this concept, we propose a Federated Rep-
resentation Entanglement (FedRE), which first synthesizes a single entangled
representation on each client and then uploads it to the server to train the global
classifier. Each entangled representation integrates information from distinct cat-
egories and is categorized into multiple categories according to their respective
contributions, enabling the global classifier to learn a decision boundary that cap-
tures inter-category relationships. As a result, the entangled representations offer
effective, privacy-preserving, and lightweight client knowledge. Theoretically, we
analyze the convergence of FedRE, and empirically, we demonstrate its superiority
in balancing model performance, privacy protection, and communication overhead.
The codes are available at https://anonymous.4open.science/r/FedREx.

1 Introduction

Federated learning (FL) [26| 43] is a collaborative learning paradigm that aggregates privacy-
preserving client knowledge (e.g., model parameters) from multiple clients. Numerous FL methods
have been developed and applied in various fields, such as healthcare [1} 48] and the Internet of
Things [27, [7]. Most existing FL studies [26l |52} 24} 20, |4} 13 [49] assume that the architectures
of local models across clients are homogeneous. In practice, however, assuming the same model
architecture for all clients is unrealistic due to differences in sample distribution, hardware, and
computational capabilities. Also, the model architecture adopted by each client is private and may not
be shared with the server or other clients. Those issues motivate a practical but challenging problem
known as model-heterogeneous FL [44], where the representation extractors adopt heterogeneous
architectures across clients, while the classifiers share a homogeneous architecture.

To address this problem, various model-heterogeneous FL methods[18, 112} 25/ 136} 22} 145} |11} |39}
46, 41 have been proposed. Most of them focus on aggregating the representations [25], logits [12]],
small-models [46, 41], classifiers [22], or prototypes (i.e., category means) [36} 45 [11} 39]], from
clients. On the one hand, although representations, logits, and small-models encode high-level client
knowledge, uploading them to the server incurs significant communication overhead and exposes a
serious privacy risk, as they can be exploited to infer the original samples by launching representation
and model inversion attacks [37}47]. On the other hand, uploading classifiers and prototypes that
encapsulate category-specific knowledge to the server reduces both communication overhead and

Submitted to 39th Conference on Neural Information Processing Systems (NeurIPS 2025). Do not distribute.


https://anonymous.4open.science/r/FedREx

37
38
39

40
41
42
43
44
45
46
47
48
49
50
51
52
53
54

55
56
57
58
59

60

61
62

63
64
65
66
67
68
69
70
71
72
73
74
75
76
77
78
79

80
81
82
83
84
85
86
87
88
89

the risk of inferring original samples. However, they may fail to model inter-category relationships,
leading to suboptimal model performance. This raises a question: “For model-heterogeneous FL, is
there more effective, privacy-preserving, and lightweight client knowledge available?”

To find a potential solution, we observe that prototypes effectively reduce communication overhead
and privacy risks. However, prototypes aggregate same-category representations into a single repre-
sentation, failing to capture inter-category relationships. This inspires us to entangle representations
from distinct categories on each client into a single representation to alleviate this issue. Unlike
prototypes, the entangled representation integrates knowledge from multiple categories with varying
contributions. Building on this concept, we propose a Federated Representation Entanglement (Fe-
dRE). In FedRE, each client first entangles all representations from distinct categories into a single
representation and then uploads it to the server for training the global classifier. During training,
each entangled representation is simultaneously classified into multiple categories based on the corre-
sponding category weights, enabling the global classifier to learn a decision boundary that effectively
captures the relationships of different categories. Furthermore, the entangled representations can
effectively resist representation inversion attacks, as they do not correspond to any single sample, and
significantly reduce communication overhead by uploading only a single representation per client.
As aresult, those entangled representations provide privacy-preserving, lightweight, and effective
client knowledge.

The main contributions of this paper are three-fold. (1) To the best of our knowledge, we are the first
to utilize the entangled representation as client knowledge to train the global classifier. (2) We propose
FedRE based on the entangled representation and analyze its theoretical convergence. (3) Extensive
experimental results on three benchmark datasets verify the superiority of FedRE in balancing model
performance, privacy protection, and communication overhead compared to state-of-the-art methods.

2 Related Work

Existing FL. methods can be roughly categorized into model-heterogeneous and model-homogeneous
approaches based on their ability to handle model heterogeneity.

Model-heterogeneous FL approach handles both heterogeneous local models and sample distribu-
tions. Due to the heterogeneity of local models, it is not feasible to aggregate all their parameters.
Thus, most of the studies turns to aggregate client knowledge (e.g., representations [25]], logits [12],
small-models [46| 41], classifiers [22], or prototypes [36} 145, 11} 39]). For example, DS-FL [12]
designs a logit aggregation strategy that integrates the local logits from different clients into the
global logit on the server. FedHeNN [25] aligns the representations extracted by distinct local models
using a common representation alignment dataset. LG-FedAvg [22] aggregates the classifiers from
distinct clients on the server. FedProto [36], FPL [11], FedGH [45l], and FedTGP [53] treat prototypes
as a form of client knowledge. Specifically, FedProto [36] averages the local prototypes of each
category to aid in learning local representation extractors. FPL employs a clustering strategy to
derive unbiased global prototypes, and FedTGP optimizes trainable global prototypes dynamically.
Moreover, FedGH [435] utilizes the prototypes from multiple clients to train the global classifier on the
server. Additionally, several studies [55)42] focus on knowledge distillation. For instance, FedGen
[55] learns a global generator to augment the training samples for local models, while FedKD [42]
distills a global student model to assist the learning of local models. Furthermore, another line of
research [41}46] uses homogeneous small-models as client knowledge. A recent example is FedMRL
[46], which facilitates inter-client knowledge aggregation via a shared small-model.

Model-homogeneous FL approach deals with homogeneous local models but heterogeneous sample
distributions. Most of the studies [26} 52} 24} 20} 4} |3} 40] focus on aggregating all parameters of
local models. For instance, FedAvg [26] aggregates all parameters of local models from distinct
clients on the server. Based on FedAvg, FedAvgDBE [51], FedFN [14], and FedDecorr [33]] alleviates
the representation bias issue in local models. Another example is FedALA [52]], which adaptively
integrates the global and local models to align with the local objective. In addition, several studies [34}
2128 129] aim to aggregate partial parameters of local models. For example, FedRep [2]] aggregates the
representation extractors of local models to enhance representation capability. Moreover, FedBABU
[28], SphereFed [6], FedETF [21]], and FedDr+ [[13] only updates the representation extractors during
local training and then aggregates them on the server.
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3 Problem Formulations

Model-heterogeneous FL. Following [36] |45]], in the model-heterogeneous FL problem, we are
given K clients and a server. Let Dy, = {(x¥,y¥)}!'*, be a private local dataset in the k-th client,
where x¥ represents the i-th sample in Dy, and y¥ denotes its associated one-hot label over C
categories. Moreover, let iy, (0y; ) = gr(dr; ) o fr(ws; ) denote the local model with parameters
0, = {¢pr,wi} in the k-th client, where gj(¢y; ) represents the representation extractor with
parameters ¢y, and fi(wy;-) denotes the local classifier with parameters wy,. There exist distinct
clients 7 and j such that g;(¢;; ) and g, (¢;; -) have heterogeneous architectures, while f;(w;;-) and
fj(wj; -) maintain a homogeneous architecture across all clients. The goal is to learn a model using

{Dy }#£_, to achieve optimal average classification accuracy across all clients.

Threat Model. We assume the server is semi-honest: It follows the protocols honestly but is curious
to infer original samples from the representations by launching a representation inversion attack [37].
Furthermore, we assume the server can illegally access the representation extractors of clients.

4 Methodology

4.1 Motivation

In the model-heterogeneous FL problem, the global classifier often struggles to be effectively trained
due to the heterogeneity of both local models and sample distributions across clients. To address
this challenge, a promising solution is to aggregate client knowledge to train a high-quality global
classifier on the server, which is then deployed to clients to replace their local classifiers. A vanilla
approach, FedAllRep, uploads all sample representations to the server as client knowledge for
training the global classifier (as illustrated in the left of Figure[T). While FedAlIRep achieves superior
model performance, it poses significant risks of leaking original samples through representation
inversion attacks [37] and incurs substantial communication overhead. To alleviate this issue, FedGH
[45] uses prototypes as client knowledge to train the global classifier, enhancing privacy protection
and reducing communication overhead (as illustrated in the middle of Figure[I). However, those
prototypes only encode the representative knowledge of their respective categories, failing to model
inter-category relationships, resulting in suboptimal model performance.

To mitigate this drawback, we observe that prototypes are constructed solely from same-category
representations, which limits their ability to capture inter-category relationships. This observation
motivates the design of entangled representation—a novel form of client knowledge that entangles
representations from different categories (as illustrated in the right of Figure[T)—thereby incorporating
multi-category information and capturing inter-category dependencies. Specifically, we first entangle
all representations from distinct categories on each client into a single representation, where each

"< Server

FedAllRep

o & O e 4+ =m * *

Representations Prototypes Entangled Representations
Figure 1: Illustrations of FedAlIRep, FedGH, and FedRE. Here, different shapes represent distinct
categories, dotted shapes indicate the absence of uploads, solid arrows (—) point to reconstructed
images obtained via a representation inversion attack, and dashed arrows (--+) indicate the direction
in which representations are pulled toward different categories. In FedAlIRep, vanilla representations
are uploaded, ensuring model performance but increasing communication overhead and privacy risks.
In FedGH, prototypes are uploaded, reducing communication overhead and privacy risks, while
lowering model performance. In FedRE, entangled representations are uploaded, balancing model
performance, privacy protection, and communication overhead.
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category contributes in a random proportion. Then, each entangled representation is uploaded to the
server to train the global classifier by simultaneously categorizing it into multiple categories (see
dash arrows in the right of Figure[I). As a result, the global classifier learns a decision boundary that
captures the relationships of multiple categories, improving generalizability. Thus, classifying only a
few entangled representations can enable effective generalization to vanilla representations. Besides,
the entangled representation provides enhanced privacy protection since it cannot be mapped to any
individual sample. Furthermore, uploading only an entangled representation per client significantly
reduces communication overhead.

In summary, the entangled representations provide effective, privacy-preserving, and lightweight
client knowledge, forming the FedRE’s foundation. Next, we detail the FedRE.

4.2 FedRE

We begin by outlining the workflow of FedRE, as depicted in Figure 2] Each client has a local model
comprising a representation extractor and a classifier. The process initiates with the calculation of an
entangled representation per client through a simple Representation Entanglement (RE) mechanism.
Subsequently, those entangled representations, generated from multiple clients, are uploaded to the
server for training the global classifier. Next, we detail the update process of FedRE, which involves
three main steps: (i) local model update; (ii) representation entanglement and upload; and (iii) global
classifier update and broadcast.

Local Model Update. Similar to vanilla feder-

ated learning approaches such as FedAvg [26]],
FedRE requires each client to update its local |
model to effectively learn from local samples. -
To accomplish this, the optimization objective

for the k-th client is formulated by [0.1,0.3,,0.4 [0.2,0.5,,0.1]
I:.:I [ Classifier ] [ Classifier ] EI:II
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where L. (-, ) denotes the cross-entropy loss. | Representation]|_ Fxtacor| ] o [ s ] Representation |

' Entanglement b Entanglement :

Representation Entanglement and Upload. | e Do sy
We now introduce how to calculate a single | Clientl m !‘\_ F{! Client K
entangled representation on each client. First, ~— 7T T e
to address the heterogeneity of representations
across clients with varying model architectures,
we apply a simple average pooling AP(-) [8]
operation to map all client representations into
a unified space, ensuring consistency and en-
abling the use of a shared global classifier. This
approach allows for effective representation ag-
gregation despite architectural differences, facilitating the collaborative learning of heterogeneous
models (see Section [5.3] for an analysis of other representation mapping operations). Then, we
calculate the entangled representation as

Figure 2: FedRE workflow. Each client has a local
model including a representation extractor and a
classifier. All representations are entangled into a
single representation using a random normalized
weight vector on each client, and both are then
uploaded to the server to train the global classifier.

c
~ Wy

DC
A

> AP[gi(en;x})], )

kyFep;

where Dj be the set of samples belonging to category c in the k-th client, C; be the label set

of the k-th client, and w = [w,ﬁ, . ,wLC"‘] is a normalized weight vector, where the elements

are randomly drawn from a uniform distribution Z/(0, 1), and then normalized by dividing each
element by the sum of all elements to ensure their sum equals one. Applying random entanglement
weights for each category ensures diverse entangled representations, helping the global classifier learn
more generalizable decision boundaries. Besides this RE method, we also detail other methods in
Section[5.3] The weight vector indicates the probability distribution of each entangled representation
across different categories, which can be interpreted as its label encoding. The specific usage is
detailed below.
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Global Classifier Update and Broadcast. Upon receiving the entangled representations and their

corresponding weight vectors R = {(Tx, W)}, the server utilizes those entangled representa-
tions and their associated weight vectors to update the global classifier. Accordingly, the server’s
optimization objective is formulated as

K
. c ~
Hgnz Z wk‘cce [f(w;rk)aycL (3)
k=1 ceCy

where f(w;-) represents the global classifier with parameters of w, y, stands for the one-hot label
associated with category ¢. By minimizing Eq. (3), we learn a global classifier based on the entangled
representations, which can effectively categorize all training samples from various clients. Finally,
the server broadcasts the updated global classifier to all clients for the next iteration.

With the above update process, the FedRE method can be summarized in Algorithm 1}

Algorithm 1 FedRE

Input: K clients with their respective datasets {Dy }_|.
Output: Local models for all clients, i.e., {hx(6x; ) }_,.
1: Randomly initialize the global classifier f(wj; ) and the local models {hy(6y; )}, .
2: fort =0toT — 1do
3: for each client k in parallel do > Client Side

4 Receive w to update wy, and update 0y, according to Eq. (I).

5 Randomly generate and normalize wy.

6: Calculate T, according to Eq. (2)) and upload (T, wy) to the server.

7 end for

8: Update w according to Eq. (3) and broadcast w to all clients. > Server Side
9: end for

4.3 RE vs. Mixup

We now compare RE and mixup [50]]. Mixup is a popular data augmentation technique that aims to
linearly interpolate two representations and their corresponding labels to synthesize a new representa-
tion. Let R = {(r;,y:)}, denote the set of representations on a single client, where r; represents
the representation of the i-th sample, and y; denotes its associated one-hot label over C' categories.
Recall that mixup is formulated as follows:

Tmixup = AL + (1 = A)Tj, Yimixp = AYi + (1 = )y, 4)
where A\ ~ Beta(a, a), for & € (0,00). In contrast, RE, specifically designed for FL, aims to

ensure model performance while reducing communication costs and privacy risks. Its general form is
formulated as follows:

n n
TRE = Y Wit YRE = Y Wi, ®)
i=1 i=1

where w; € [0, 1] is the weight of r; and can be determined by various RE methods (see details in
Appendix [B). As indicated by Eqs. @)—(3), mixup performs linear interpolation between pairs of
representations, while RE entangles the entire set of representations from each client using a weighted
sum. Furthermore, RE trains the classifier by calculating a weighted sum of losses across multiple
categories, with the weights determined by their contributions.

4.4 Convergence Analysis

We present the convergence analysis of FedRE in the model-heterogeneous setting, focusing on the
convergence conditions and rate for the local objective of an arbitrary client. Let ¢t € {0,...,7 — 1}
be the global communication round and e € {0, 1, ..., E} be the local iteration. At the start of the
(t 4+ 1)-th round, denoted as (tF + 0), each client replaces the local classifier with the global one
trained in the ¢-th round. The first iteration of the (¢ 4+ 1)-th round is (tE + 1), and (tE + E)) marks
the final iteration of that round. Our convergence analysis is based on the following assumptions,
which are similar to those used in existing FL studies [45] 36].

Assumption 1. Each local objective function is L1-Lipschitz smooth, i.e., there exists a constant L1 >
0 such that | VL (6)}; Dy,) — VL (0,2 Di) [l2 < L1 ||6)} — 6;2||,, Vt1,t2 > 0, k € {1,--- , K},
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Assumption 2. The stochastic gradient (i.e., mini-batch gradient) on each client is unbiased,
i.e, Eg,cp, [VL(0k; Br)] = VL (0k; D), and its variance is bounded by a constant o2, i.e.,

Es,cp, [Hva (01: Br) — VL (ek;pk)ug} <o ke{l, - K.

Assumption 3. The divergence between the local and global classifiers is bounded by two constants
e2and 0%, ie, Wit — w2 < €& |whk — w2 <03 VE>0 ke {l,- K}

Assumption [T|ensures that the true gradient (i.e., full-batch gradient) of the local objective function
remains stable. Assumption 2] ensures the expectation of the stochastic gradient matches the true
gradient and limits excessive variations. Assumption [3|ensures that the divergence between the local
and global classifiers in consecutive rounds remains small. Based on them, we first establish the
convergence conditions for FedRE in Theorem [I]and then derive its convergence rate in Theorem 2]

Theorem 1. Under Assumptions to and the local learning rate satisfying nf/ <
25V Lepel}
LiEc2+L1 > ¢ o [IVLigtell
Theorem 2. Under Assumptions[I|to[3] let A = Lo — L* where Ly and L* denote the initial and
optimal values of the local objective function, respectively. For an arbitrary client, given any £ > 0,
when T > 24 and the local learning rate satisfying n; < we

s, ¢ €{0,1,... E — 1}, the local objective functions convergence.
2

€E(2n—L1in?)—L1En?o2—L15%’ EL1+Li02’

T—1 E— 2
have 75 310" S ey BV Ligel; < &

The proofs of Theorems [[]and 2] are provided in Appendix [C]

S Experiments

5.1 Experimental Setup

Datasets and Baselines. We adopt three benchmark datasets: CIFAR-10 [15]], CIFAR-100 [15]],
and TinyImageNet [16]. Moreover, we compare FedRE with seven state-of-the-art approaches:
LG-FedAvg [22], FedGH [45]], FedKD [42], FedGen [55]], FedProto [36], FPL [[L1], FedTGP [53], as
well as a Local method that trains local models independently on each client without communication.

Evaluation Metrics. We evaluate model performance by calculating the classification accuracy on the
test set across all clients. To ensure a fair comparison, we report the average classification accuracy of
the final round after 100 rounds, calculated across three random experiments, along with its standard
deviation. Communication overhead is measured by the total number of parameters uploaded and
broadcast per round, respectively. To evaluate privacy protection, we adopt Peak Signal-to-Noise
Ratio (PSNR) [31] and Mean Squared Error (MSE), which measure the fidelity of reconstructed
images. Low PSNR and high MSE indicate substantial reconstruction errors, suggesting that the
original image is difficult to recover and thus privacy is well preserved. For privacy protection,
we adopt Peak Signal-to-Noise Ratio (PSNR) [31] and Mean Squared Error (MSE) as evaluation
metrics. Those metrics reflect the quality of reconstructed images, with lower PSNR and higher MSE
indicating greater distortion and, thus, stronger privacy protection.

Model-Heterogeneous settings. We configure 10 clients with 10 distinct model architectures: a
4-layer CNN from [51]], MobileNetV2 [30], GoogleNet [35], five ResNet models (ResNet-18, ResNet-
34, ResNet-50, ResNet-101, ResNet-152) [[10], and two Vision Transformer (ViT) models (ViT-B/16
and ViT-B/32) [9].

Statistic-Heterogeneous settings. We follow [51] to adopt both practical (PRA) [23| [19] and
pathological (PAT) [32] settings. In the PRA setting, samples are distributed across clients using a
Dirichlet distribution [23]] with a parameter «, which is set to 0.1 by default across all datasets. In the
PAT setting, each client is assigned samples from 2, 10, and 20 categories, drawn from a total of 10,
100, and 200 categories in CIFAR-10, CIFAR-100, and Tiny-ImageNet, respectively, with varying
sample sizes. More experimental details can be found in Appendix D]

5.2 Main Experiments

Q1: How does FedRE perform in the model-heterogeneous setting across different statistical
heterogeneity scenarios? The results under the model-heterogeneous FL setting are listed in
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Table 1: Accuracy (%) comparison on three datasets under the model-heterogeneous setting. In each
column, the best results are bolded, and the second-best results are underlined.

PRA PAT
Method Average
CIFAR-10 CIFAR-100 TinyImageNet CIFAR-10 CIFAR-100 TinyImageNet

LG-FedAvg [22] 80.90 £0.17 41.96 £ 0.03 25.16 £0.42 85.35+0.25 58.24 £ 0.33 32.26 £0.28  53.98
FedGH [45]  78.66 +0.34 4091 £0.26 25.04 £0.11 85.43 +£0.03 58.07 £0.33 31.98+£0.29 53.35
FedKD [42] 80.79 £0.38 41.33 £0.25 2539 £0.36 84.03+0.17 55.61 £0.10 31.73 £0.20 53.15
FedGen [55] 81.16 £0.12 41.46 £0.10 2545+0.19 84.88+0.18 57.87 £0.67 31.96 £0.21  53.80
FedProto [36] 78.36 + 0.52 35.00 +0.34 18.16 +0.08 83.81 £0.18 56.72+0.11 29.61 £0.02  50.28
FPL [11] 77.40 £0.07 36.66 +£0.30 22.64 +£0.34 83.89+0.20 53.21 £0.09 29.16 £0.05 50.49
FedMRL [46] 81.28 £0.02 34.41 £0.03 20.92+0.05 83.30£0.01 54.25+0.14 27.37+£0.01 50.26
FedTGP [53] 81.32+£0.33 35.89 £0.07 28.70 £0.01 84.68 £0.11 54.67 £0.24 35.64 £0.06 53.48
Local 81.20 £ 0.05 41.57 £0.10 25.81 £0.15 84.68 £0.07 57.96 £0.12 33.02+0.14 54.04
FedRE 82.60 + 0.01 46.36 = 0.09 30.48 +0.13 86.20 + 0.14 62.56 + 0.32 38.52 +0.08 57.12

Table [] We have several insightful observations. (1) FedRE substantially outperforms all the
baselines across various scenarios. In particular, FedRE achieves an accuracy on TinyImageNet
that surpasses those of LG-FedAvg,
FedGH, and FedKD by 6.26%, 6.54%, 40 [ 4
and 6.79%, respectively, under the FedGH
PAT setting. Also, several methods e
do not exceed the performance of Lo- e
cal, indicating that the scenarios are — FedTGP
challenging. (2) FedRE outperforms Lot
FedGH, suggesting that using entan- FedRE FedRE
gled representations to train the global 1 25 50 75 100 125 507
. . . Communication Rounds
classifier is more effective than us-
ing prototypes. One reason is that
entangled representations incorporate
information from multiple categories,
whereas prototypes do not. (3) LG-
FedAvg is worse than FedRE, which
indicates that directly aggregating local classifiers from clients to form the global classifier is
less effective than carefully optimizing the global classifier using entangled representations. Also,
Figures [3(a)-(b) show that the accuracy of FedRE increases initially and then stabilizes on the
TinyImageNet dataset, consistently outperforming other baselines during training, suggesting stable
performance convergence. Moreover, we evaluate FedRE under various statistical-heterogeneous
settings in Q8 of Section [5.3] including large-scale participation (i.e., 100 clients).

FPL
FedGH
FedGen
FedKD
FedMRL
FedProto
FedTGP
LG-FedAvg
Local

w
>
w
=3

Accuracy (%)
8
Accuracy (%)
S

=
S

=]
=]

100
Communication Rounds

(a) PRA (b) PAT

Figure 3: Accuracy (%) comparison between distinct com-
munication rounds on the TinyImageNet dataset in the model-
heterogeneous setting.

Table 2: Communication overhead (# params x 10%) comparison on the CIFAR-100 dataset. In each
row, the best results are bolded, and the second-best results are underlined.

Metric LG-FedAvg FedGH FedKD FedGen FedProto FedMRL FedTGP FPL FedRE
Upload 513.00 257.02 423428  9247.08 257.02 8863.08 257.02 257.02 5.12
Broadcast 513.00 512.00 423428  513.00 512.00 8863.08 512.00 916.48  513.00

Q2: What is the communication overhead of FedRE? We conduct communication overhead
experiments on the CIFAR-100 dataset in the model-heterogeneous settings. As shown in Table 2]
FedRE achieves the lowest communication overhead during the upload phase, as it uploads only
a single entangled representation from each client to the server. During the broadcast phase, its
overhead is comparable to that of classifier-based methods (e.g., LG-FedAvg) and prototype-based
methods (e.g., FedProto). More results are offered in Appendix [F]

Q3: Can entangled representations effectively resist privacy attacks? We adhere to the setting
stated in the Threat Model section (Section [3) to reconstruct the original samples from entangled
representations. Also, we compare the resilience of both representations and prototypes. Figure[4]
depicts the reconstruction results on the TinyImageNet datasets (More results are offered in Ap-
pendix [F.2). We can make several key observations: (1) Most image contours are reconstructed from
the representations, indicating their vulnerability to privacy attacks. (2) Some category information,
such as the presence of a fish, is leaked through reconstructed prototypes, as prototypes encapsulate
representative category information. (3) The reconstructed images from entangled representations
reveal no identifiable information, demonstrating their effectiveness against privacy attacks. In
addition, the PSNR values for images reconstructed from representations, prototypes, and entangled
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representations are 12.89, 10.25, and 9.66, with corresponding MSE values of 4514.91, 6992.04, and
7781.87. These results indicate that entangled representations yield the lowest PSNR and highest
MSE, suggesting stronger privacy protection. Overall, all results demonstrate the superior privacy
protection provided by entangled representations.

(b) Reconstruction from represen

(c) Reconstruction from prototypes (d) Reconstruction from entangled representations

Figure 4: Privacy protection comparison between representations, prototypes, and entangled repre-
sentations on the TinylmageNet dataset.

5.3 Analysis

Q4: What are the advantages of uploading a single entangled representation per client compared
to uploading all representations?

To explore the benefits of entan- Table 3: Accuracy (%) and communication overhead com-
gled representations, we compare Fe- parison on the TinylmageNet dataset. In each column, the
dRE with FedAllRep, which uses all best results are bolded, and the second-best results are
clients’ representations to train the underlined.

global classifier. Table 3] lists the re-

sults on the TinyImageNet dataset in  Method PRA PAT

both the PRA and PAT settings. As Accuracy (%)# Params (x 10%) Accuracy (%)# Params (x10°)
can be seen, FedRE achieves perfor- FedAllRep  31.20 42160.39 38.62 42258.88
mance comparable to FedAllRep, sug- _ FedRE 30.48 4118.48 38.52 4118.48

gesting that uploading a single entangled representation per client can effectively support global
classifier training. Also, FedRE significantly reduces communication overhead, providing a clear
advantage over uploading all representations.

QS: How effective are various RE methods? We provide a comprehensive analysis of various
RE methods (see mathematical details in Appendix : (1) Random Select Representation (RSR)
randomly selects one representation from each client; (2) Vanilla Average Representation (VAR)
averages all representations per client into a single representation, with equal weight assigned to
each; (3) Random Average Representation (RAR) entangles all representations per client into a
single representation using a normalized weight vector, with elements randomly drawn from ¢/(0, 1)
and normalized to sum to one; (4) Random Select Prototype (RSP) calculates prototypes for each
client and randomly selects one prototype per client; (5) Vanilla Average Prototype (VAP) calculates
prototypes for each client and averages them into a single representation, with equal weight assigned
to each; (6) Random Average Prototype (RAP) calculates prototypes for each client and entangles
them into a single representation using a normalized weight vector, with elements randomly drawn
from 2/ (0, 1) and normalized to sum to one. Tablelé-_l|lists the results on the CIFAR-10 and CIFAR-100
datasets in the PRA setting. We have the following observations. (1) RSR performs the worst, as
each client uploads only a randomly selected representation, which is insufficient to train the global
classifier. (2) RSP outperforms RSR, as the prototype encodes the knowledge of all representations
within a category, it is more representative than a single representation. (3) VAP and RAP outperform
VAR and RAR, respectively, indicating that prototype-based entanglement yields better model
performance. (4) RAP surpasses VAP, demonstrating that random weights for entanglement are more
effective than equal weights. Thus, we empirically choose RAP in the implementation of FedRE.

Q6: How effective are various representation mapping operations? We analyze various repre-
sentation mapping operations to address the heterogeneity of representations with different model
architectures: (1) Average Pooling (AP) maps the representations to a unified space by averaging the
values across regions. (2) Max Pooling (MP) maps the representations to a unified space by selecting
the maximum values across regions. (3) Full Connection (FC) maps the representations to a unified
space by using a fully connected layer transformation. Table 5] presents the results on the CIFAR-100
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Table 4: Accuracy (%) comparison between dis- Table 5: Accuracy (%) comparison between
tinct representation entanglement mechanisms on  distinct representation mapping operation on
the CIFAR-10 and CIFAR-100 datasets in the PRA  the CIFAR-100 dataset in PRA and PAT set-
setting. In each row, the best results are bolded, tings. In each row, the best results are bolded,

and the second-best results are underlined. and the second-best results are underlined.
Dataset RSR VAR RAR RSP VAP RAP Setting AP MP FC
CIFAR-10 79.10 81.32 80.20 80.45 81.42 82.60 PRA 46.36 45.97 44.53

CIFAR-100 40.41 44.88 43.19 43.25 46.12 46.36 PAT 62.56 61.93 60.19

dataset in both PRA and PAT settings. We observe that AP achieves the best performance. One
possible reason is that AP captures more comprehensive information by averaging all values across
regions. Thus, we empirically select AP in the implementation of FedRE.

Q7: How does FedRE perform under different participation ratios with varying statistical
heterogeneity? We conduct experiments on the CIFAR-10 dataset under the partial participation
setting with varying levels of statistical heterogeneity. Specifically, we adopt 100 clients and set
participation rates to 10/100 and 20/100, while adjusting the Dirichlet distribution parameter « to
0.07 and 0.1, respectively, in the PRA setting. Furthermore, we follow [[17] and simulate the long-tail
settings by modifying imbalance factors (IF) to 100 and 50, then set « to 0.07. The results in Table[6]
show that FedRE outperforms other methods across most scenarios, confirming its effectiveness
under partial participation with highly heterogeneous distributions. In addition, we evaluate other
statistical-heterogeneous settings in Appendix [F.3] All the results indicate that FedRE is effective
across diverse scenarios.

Table 6: Accuracy (%) comparison for partial participation scenarios with varying statistical hetero-
geneity in the PRA setting on the CIFAR-10 dataset. Here, « is a Dirichlet distribution parameter,
and IF denotes imbalance factors of the long-tail setting. In each column, the best results are bolded,
and the second-best results are underlined.

IF =100, IF =50, Participation IF =100, IF =50,

Methog Farticipation , _ o g7, _ .1 a=0.07a=0.1

rate a=0.07a = 0.07 rate a=0.07a = 0.07
FedProto [36] 54.00 51.18 45.21 43.92 56.90 55.47 47.08 44.68
FedGH [45] 10/ 100 78.23 76.87 67.30 63.73 20/ 100 80.57 77.84 65.56 64.90
FedRE 81.17 79.56 67.12 66.37 82.80 81.99 69.33 68.81

Q8: Does FedRE remain effective in the model-homogeneous setting? Since model-homogeneous
FL can be regarded as a special case of model-heterogeneous FL, we evaluate FedRE under the model-
homogeneous setting in both PRA and PAT settings. In addition to model-heterogeneous methods,
we include additional model-homogeneous baseline methods, i.e., FedAvg [26], FedAvgDBE [51]],
and FedALA [52], for comparison. The results are presented in Table[I0]in Appendix[F.4] As shown,
FedRE achieves the best performance across all datasets. Also, Figures [I0[c)-(d) in Appendix [F4]
show that FedRE maintains superior accuracy during the training process on the TinyIlmageNet
dataset, indicating stable performance convergence. Those results further confirm that FedRE is still
effective in the model-homogeneous FL scenarios.

We investigate two additional analysis experiments in Appendix [E} (1) a combined analysis of
representation entanglement and mapping, and (2) a feature visualization analysis. Those analyses
further verify the effectiveness of FedRE.

6 Conclusion

In this paper, we rethink client knowledge in FL and introduce the entangled representation, which
serves as an effective, privacy-preserving, and lightweight form of client knowledge. Building on
this concept, we propose FedRE to address the model-heterogeneous FL problem, where each client
entangles all local representations from distinct categories into a single representation and uploads it
to the server to collaboratively train the global classifier. We provide a theoretical analysis of FedRE’s
convergence properties. Experiments on three datasets confirm that FedRE achieves a well-balanced
trade-off between model performance, privacy protection, and communication overhead. Accordingly,
we believe that the concept of entangled representations offers a novel perspective to balancing those
critical factors in FL. One promising direction for future work is to extend this concept to more
challenging FL scenarios, for instance, federated class-incremental learning [S]].
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Additional details and results are provided in the appendices, covering the following contents.

* Appendix [A} Limitations and broader impacts of FedRE.

* Appendix [B} Implementation details for various representation entanglement methods.
* Appendix [C} Convergence proof for FedRE.

* Appendix |D} Detailed experimental setup.

* Appendix [E} Additional experiments for analysis.

* Appendix [F} Supplementary experimental results (not included in the main text).

A Limitations and Broader Impacts

Limitations. While entangled representations provide effective, privacy-preserving, and lightweight
client knowledge for FL, they are primarily designed for federated discriminative tasks such as image
classification. Consequently, they cannot be directly applied to federated generative tasks, including
text generation. Extending entangled representations to federated generative modeling remains a
promising direction for future research.

Broader Impacts. This work tackles the dual challenges of model and statistical heterogeneity in
FL. The proposed method requires each client to upload only an entangled representation to the
server, which achieves a balanced trade-off among model performance, communication overhead,
and privacy protection. Such a design is especially well-suited for collaborative learning scenarios
involving diverse, resource-limited devices like smartphones, improving practical usability and
supporting scalable deployment.

B Mathematical Details of Various Representation Entanglement Methods

We now introduce the mathematical details of different RE mechanisms. The general form of RE,
calculated from a single client’s representation set R = {r;, y;}!,, is formulated as follows:

n n
TRE = Z WiT;, YRE = Z Wiy, (6)
i=1 i=1
where w; € (0, 1) is the weight of r;, which can be determined by different RE methods as follows:

* Random Select Representation (RSR) randomly selects one representation from each client per
global communication round. Thus, w; can be considered as a binary value:

w, — {1, if r; is selected o

0, otherwise.

* Vanilla Average Representation (VAR) averages all representations per client into a single
representation, with equal weight assigned to each. Thus, w; is simply:

1
wi = —, Vi€ 1,2, ,n}. ®)

* Random Average Representation (RAR) entangles representations per client into a single rep-
resentation using a normalized weight vector, with elements randomly drawn from ¢/(0, 1) and
normalized to sum to one. Therefore, the specific form of wj is:

w
—n——, where u; ~ U(0,1). 9)
Din1 Ui

* Random Select Prototype (RSP) calculates prototypes for each client and randomly selects one
prototype per client in each global communication round. Hence, w; can be formulated as follows:

w; =

Ne?

L if c-th prototype is selected
w; = . (10)
0, otherwise.
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* Vanilla Average Prototype (VAP) calculates prototypes for each client and averages them into a
single representation, with equal weight assigned to each. Thus, w; is:

w; = ——,if r;belongs to category c. an

* Random Average Prototype (RAP) calculates prototypes for each client and entangles them into
a single representation using a normalized weight vector, with elements randomly drawn from
(0, 1) and normalized to sum to one. Thus, w; can be calculated as follows:

w; =

#, if r; belongs to category ¢, where u; ~ U(0,1). (12)
Ned i Ui

C Convergence Proof for FedRE

To prove Theorem|[I]and Theorem [2] we first introduce and prove the Lemma [T]and Lemma 2]

Lemma 1. Under Assumptions[l|and[2} in the t + 1-th communication round, the local objective
function is bounded from the initial to the final local iteration, i.e., E [E(H_l) E] < Ligto— (m —

Lin? E-1 L1 En?
le) Ze:O |V£tE+e||% + 177”02.

Lemmal(T] originally derived by [36]], is accompanied by a detailed proof in their work.

Lemma 2. Under Assumpttons@]m@ the local objective funcnon is bounded after the local classifier

is replaced by global one, i.e., E[L(;11)p+0] < E[L111)8) + LH62
Proof.
Lirnyero = Larnye + Lernyero — Lerne (13)
= Losne +ﬁ((bl(ct+1)E7(_d(tJrl)E;Dk) — L ](Ct+1)E7wl(€t+1)E;Dk) (14)
)E )E )E t+1)E )E
< Lapne + (VL@ w0 TE), (¢ TV wDE) — (gFVE b DE))
(15)
H (t+1)E (t+1)E) _ (¢§ct+1)E’wl(€t+1)E)Hz
2
< Lasne + H VEDE DBy (cb;it“)E,w,i””E)Hz (16)
2
= Lorne + 2 JwE - o2 (17)

2

Eq. (15) follows from the quadratic bound in Assumption[l] i.e., £;, — Ly, < (VLy,, (81 — 60%2)) +
Lijgt —o%=3. Eq is derived based on Assumptron Furthermore taking expectations on
both sides of Eq. (T7), we obtain

L
E[L (11 5+40] < ElLqins] + 5B VP — o TDE)2]. (18)
According to Assumption 3} Eq. (I8) can be derived as
Ly ,
E[L(t41)Ev0] S E[L(t41yE] + 75 : 19)

Next, we provide detailed proofs for Theorem [T]and Theorem 2]
C.1 Proof for Theorem 1
Based on Lemma([I|and Eq. (I9), we have

Lin? 3~ LiEp? , L
E[L(nmrol < Limso = (0= —50) D [ VLmell3 + T30 + 6% (20)
e=0
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If the local objective function is to converge, then the following inequality holds:

E—1
Ly} o LiEnt 5 L1,
—(77[ - B ) ; ||VLtE+e||2 + B o° + 76 < 0. (21)

Accordingly, we obtain
E-1 2
2% =0 IVLiE+ells

m < — . (22)
LiEo? + L Y VL)
Thus, based on Eq. (22),, if the local learning rate satisfies:
, 25 IVLig+e
< ZezoVhweele oo B, (23)
LiEo® + L1 o [VLtEtell;
then the convergence of the local objective function is guaranteed.
C.2 Proof for Theorem 2
Taking expectations on both sides of Eq. (20), we have
Lin? =2 L En? L
1 1 1
E[L+1)m+0] < Lepto — (m = — Y E {HVLtEHHﬂ t— Lo+ 752
e=0
E—-1 L ]E[L ] Ly E7712 2 Ly 52 (24)
9 tE+0 — t+1)Evro] + —5 0"+ F
= Z E [||VLtE+e||2] < ( ) Lin? = 2
A
e=0 m—-—5-
Accordingly, we have
T—-1E-1 1 T—1 Lin? 9 | Li <2
1 o1 _ 78 2o (Ltmro = ElLanpiol) + 50" + 550
75 2 D ElIVLis[3] < o . (25)
t=0 e=0 m——3
If the local objective function is to converge, then the right side of Eq. (23) satisfies
2 T-1 2.2 Lig2
=Y o (L —E[L + Linjo® + #0
TE 24t=0 ( tE+0 [ (t+1)E+O]) 17 B0 ¢ (26)

2m — Lin?

where £ is an arbitrarily small positive value. Let A = Ly — L* where Ly and £* denote the initial and

optimal values of the local objective function, respectively. Since ZtT:_Ol (Lig+o — E[L(41)E40]) <
A, Eq. (26) holds when

% + Lm?o2 + %52 2A
BT <¢=T> . — . @7)
2m — Lam; EE(2m — Lyn; ) — LiEnjo* — L10
Since T' > 0 and A > 0, based on Eq. (27), we obtain
28
2 2 2 2
§E<27]l - LlT]l ) - L1E77l g — L15 >0= m < m (28)

D Detailed Experimental Setup

We implement the FedRE based on the PFLIib framework [54], engaging ten clients with a default
participation rate of 100%. On each client, training involves one local epoch utilizing mini-batch
stochastic gradient descent (SGD) with a learning rate of 0.05. The dimensionality of the unified
space across distinct clients is set to 512. The local samples are divided in a 3:1 ratio for training
and testing. For the CIFAR-10 and CIFAR-100 datasets, we set the batch size to 32, and for the
TinyImageNet dataset, it is set to 64. On the server, the optimizer is SGD with a learning rate of
0.01 and a batch size of 10. For clarity, the detailed setup is summarized in Table In addition, the
experiments are conducted on NVIDIA GPUs, primarily including the GeForce RTX A800.
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Table 7: Detailed experimental setup utilized in this paper.

Devices

CPU: Intel(R) Xeon(R) Gold 6348

SSD:100GB
GPU: A800-80GB

Software Tools

CUDA 12.1
Pytorch 2.1.0
Python 3.10

Statistic-heterogeneous Setting

Practical setting (PRA) & Pathological setting (PAT)

Model Training

Local batch size: 64 (TinyImageNet), 32 (CIFAR-10&100)

Local Optimizer: SGD
Local learning rate 7;:

0.06 (Model-heterogeneity with PRA & PAT, CIFAR-10&CIFAR-100& TinyImageNet);
0.01 (Model-homogeneity with PRA & PAT, CIFAR-100&TinyImageNet);

0.007 (Model-homogeneity with PRA, CIFAR-10);
0.008 (Model-homogeneity with PAT, CIFAR-10)

Server batch size: 10
Server Optimizer : SGD
Server learning rate: 0.01

Model Setting

Local model in model-heterogeneity: CNN model/ GoogleNet/ MobileNetv2
/ ResNet family/ Vision Transformer models

Local model in model-homogeneity: CNN model (CIFAR-10&100)

ResNet18 (TinylmageNet)

E Additional Analysis

Q9: How effective are different combinations of representation entanglement and mapping
strategies? We further investigate the combination of distinct representation entanglement meth-
ods and representation mapping operations. Table [§]lists the results on CIFAR-10 in the model-
heterogeneous setting under the PRA setting. Among the tested combinations, RAP + AP yields the
highest accuracy compared to other combinations, highlighting the effectiveness of this combination.

Table 8: Accuracy (%) comparison with distinct combinations of representation entanglement and
mapping strategies on the CIFAR-10 datasets in the PRA setting. The best results are bolded, and the
second-best results are underlined.

RSR

VAR RAR RSP

VAP RAP

AP 79.10 81.32 80.20 80.45 81.42 82.60
MP 78.37 81.17 80.31 80.07 80.64 81.93
FC 78.02 80.60 79.69 79.92 80.29 81.28

Q10: What does the representation distribution learned by FedRE look like? We employ the
t-SNE technique [38]] to visualize the learned prototypes of FedAvg, FedProto, FedGH, and FedRE
ss4 on the CIFAR-10 dataset. Figure[5reveals that in FedRE, prototypes from different clients belonging
to the same category cluster more tightly, with clearer boundaries across distinct categories. This
indicates that FedRE effectively integrates knowledge from different clients to facilitate their learning.

° , L a8 “ 2
e % $e ° o
L £/ § ° ’..’ 3.\.. v °3 t .‘ .o...s
b N 4 o gy @ %y
@
.zi ol x’ '
(a) FedAvg (b) FedProto (c) FedGH (d) FedRE

Figure 5: t-SNE visualization of prototypes learned by distinct approaches, where distinct colors
represent different categories.
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F Supplementary Experimental Results
F.1 Communication Overhead Evaluation

Table 9: Communication overhead (# params x 10%) comparison on three datasets. In each column,
the best results are bolded, and the second-best results are underlined.

CIFAR-10 CIFAR-100 TinyImageNet
Model-homo Model-hete Model-homo Model-hete Model-homo Model-hete
Upload Broadcast Upload Broadcast Upload Broadcast Upload Broadcast Upload Broadcast Upload Broadcast

LG-FedAvg 51.30 51.30 5130 51.30 513.00 513.00 513.00 513.00 4098.00 4098.00 4098.00 4098.00
FedGH [45] 31.23 51.20 3123 51.20 257.02 512.00 257.02 512.00 1918.98 4096.00 1918.98 4096.00
FedKD [42] 3374.28 3374.28 3353.68 3353.68 4234.28 4234.28 3524.67 3524.67 90503.00 90503.00 57544.97 57544.97
FedGen [55] 8785.38 878538 51.30  51.30 9247.08 9247.08 513.00 513.00 239178.32239178.32 4098.00 4098.00
FedProto [36] 31.23 51.20 31.23 51.20 257.02 512.00 257.02 512.00 1918.98 4096.00 1918.98 4096.00

FPL [11] 31.23  87.04 31.23 112.64 257.02 91648 257.02 1182.72 1918.98 9768.96 1918.98 10567.68
FedMRL [46] 8746.98 8746.98 8746.98 8746.98 8863.08 8863.08 8863.08 8863.08 56178.00 56178.00 56178.00 56178.00
FedTGP 53] 3123 51.20 3123 51.20 257.02 512.00 257.02 512.00 1918.98 4096.00 1918.98 4096.00

Method

FedAvg [26] 8785.38 8785.38 - - 9247.08 9247.08 - - 239178.32239178.32 - -

FedALA [52] 8785.38 8785.38 - - 9247.08 9247.08 - - 239178.32239178.32 - -

FedAvgDBE [51]8785.38 8785.38 - - 9247.08 9247.08 - - 239178.32239178.32 - -
FedRE 512 5130 512 5130 512 513.00 512 513.00 2048  4098.00 20.48 4098.00

TableE]lists all the results of communication overhead on the CIFAR-10, CIFAR-100, and TinyIm-
ageNet datasets under both model-heterogeneous (Model-hete) and model-homogeneous (Model-
homo) scenarios. we can see that FedRE consistently exhibits the lowest communication overhead
across all scenarios. Furthermore, as the dataset size and number of categories increase, the commu-
nication overhead of FedRE decreases more significantly.

F.2 Privacy Protection Evaluation

Figure[6|provides more image reconstruction results. As can be observed, the content and categories of
images reconstructed from the entangled representations are indistinguishable, further demonstrating
that FedRE provides superior privacy protection.

(b) Reconstructed images from representations

')4 17“'

(c) Reconstructed images from prototypes
e

- >

Koo il b - r
(d) Reconstructed images from entangled representations

Figure 6: Privacy protection comparison on the TinylmageNet dataset.

F.3 Statistical Heterogeneity Analysis

To further assess the effectiveness of FedRE under varying degrees of statistical heterogeneity, we
adjust the Dirichlet distribution parameter « (i.e., 0.05, 0.1, 1, 10) in the PRA setting and the
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(a) CIFAR-10 with PRA (b) CIFAR-100 with (c) CIFAR-10 with PAT (d) CIFAR-100 with PAT
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—— LG-FedAvg --#-- FedGH -+#- FedKD - +- FedGen --*- FedProto - = Local —e— FedRE

Figure 7: Accuracy (%) comparison between distinct statistic-heterogeneous scenarios on the CIFAR-
10 and CIFAR-100 datasets.

client participation rate (i.e., 5/25, 10/25 for 25 clients, 5/10, 10/10 for 10 clients) in the PAT
setting, respectively, to control sample skewness. The resulting sample distributions are visualized in
Figures[B}f9] The results on the CIFAR-10 and CIFAR-100 datasets, under the model-heterogeneous
setting, are shown in Figure[7] As can be seen, FedRE consistently achieves the highest accuracy
across different levels of statistical heterogeneity, demonstrating its adaptability to various statistic-
heterogeneous scenarios.

Class IDs
Class IDs
Class IDs

o 1 2 3 4 5 6 7 8 9 o 1 2 3 4 5 6 7 8 9
Client IDs. Client IDs Client IDs Client IDs

(a) CIFAR-10 (e =0.05) (b) CIFAR-10 (ax=0.1)  (c) CIFAR-10 (a=1) (d) CIFAR-10 (o = 10)

(e) CIFAR-100 (o = 0.05) (f) CIFAR-100 (¢ =0.1) (g) CIFAR-100 (@ =1) (h) CIFAR-100 (o = 10)

Figure 8: The sample distributions for all clients on the CIFAR-10 and CIFAR-100 datasets under the
PRA settings with varying parameters «v. The size of each circle indicates the number of samples.

Class IDs
Class IDs

001 2 3 4 5 6 7 8 9 012345678 9101112131415161718192021222324

e e e A ) 01734567 8910012131415161718192021222326
Client IDs Client IDs Client 1Ds Clent 1bs

(a) CIFAR-10 (10 Clients) (b) CIFAR-10 (25 Clients) (c) CIFAR-100 (10 Clients) (d) CIFAR-100 (25 Clients)

Figure 9: The sample distributions for all clients on the CIFAR-10 and CIFAR-100 datasets under the
PAT settings with varying client numbers. The size of each circle indicates the number of samples.

F.4 Model-homogeneous FL Evaluation

Model-homogeneous FL can be regarded as a special case of model-heterogeneous FL., where all
clients utilize the same local model. In our experiments, we adopt a four-layer CNN for the CIFAR-10
and CIFAR-100 datasets and use ResNet-18 for the TinyImageNet dataset.
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Table [T0| presents the results under the model-homogeneous setting, where FedRE achieves the best
performance across all datasets. Specifically, FedRE’s average accuracy is 63.88%, outperforming
the second-best method, i.e., LG-FedAvg, by 3.25%. Those results further confirm the effectiveness
of FedRE. Additionally, Figures [I0(c)-(d) provide performance convergence comparisons on the
TinyImageNet dataset, where FedRE consistently maintains superior accuracy during the training
process, indicating stable performance convergence.

Table 10: Accuracy (%) comparison on three datasets under the model-homogeneous setting. In each
column, the best results are bolded, and the second-best results are underlined.

Algorithm PRA PAT Average

CIFAR-10 CIFAR-100 TinyImageNet CIFAR-10 CIFAR-100 TinyImageNet

LG-FedAvg [22] 86.92 £ 0.25 49.82 £ 0.39 32.00 £0.13 90.59 £0.17 66.00 £0.27 3843 £0.23  60.63
FedAvg [26] 5521 £0.12 30.37 £0.02 13.66 £0.41 52.70 £0.11 2489 £0.20 998 +£0.48 31.14
FedALA [52] 55.02£0.14 29.89 £0.22 13.63 £0.10 52.83 £0.19 2491 £0.15 10.65+0.15 31.16
FedGH [45] 86.02 £0.17 48.59 £ 0.60 28.64 £0.26 90.46 £ 0.22 65.14 £0.26 3240+ 0.19 58.54
FedKD [42] 86.23 £0.12 51.91 £0.28 29.47 £0.31 90.01 £ 0.09 67.23 £0.38 35.34 £0.33  60.03

FedAvgDBE [51] 78.10 £ 0.20 35.23 £0.24 16.92 +£0.52 82.27 +0.45 35.21 £0.27 16.80 +0.23  44.76
FedGen [55] 55.21 £0.14 29.90 £0.17 13.76 £0.23 52.37 £0.22 24.82 £ 0.38 10.67 = 0.54  31.12
FedProto [36] 85.63 £0.22 50.52 +£0.19 28.67 £0.17 91.04 £ 0.16 69.28 £ 0.07 34.75+0.49  59.65

FPL [11] 83.60 £0.01 49.10£0.06 26.87 £0.01 90.59 £ 0.01 67.31 £0.01 32.95+0.07 58.40
FedMRL [46] 82.55 +0.01 48.41 +£0.01 26.78 £0.01 89.02 +£0.00 65.97 +0.11 3522 4+0.01 57.99
FedTGP [53] 85.59 +0.02 47.05 £ 0.04 30.89 +£0.00 90.49 +0.01 67.47 £ 0.01 40.88 +0.00 60.40

Local 86.33 £0.11 49.88 £0.40 31.44 £0.15 90.54 £0.12 66.57 £0.17 37.46 £0.27 60.37
FedRE 86.99 4 0.01 52.12 £ 0.04 36.12 +0.21 91.06 & 0.01 70.52 +0.17 42.45+0.17 63.88

40
—— FPL —_—

FedALA 40 Al E:;;\LA
~ FedAvg —~ edAvs
o\o 30 FedAvgDBE o\c E:iitébm:‘
~ FedGH =30

FedGH
5\ FedGen 3‘- FedGen
s 20 FedKD s 20 FedKD

FedMRL FedMRL
§ FedProto é FedProto

FedTGP _— §)
< 10 LZ—FedAvg < 10 i:(‘i-;i;A\'g

Local [f NPV — Local

FedRE FedRE

o 0
1 25 50 75 100 1 25 50 75 100
Communication Rounds Communication Rounds
(a) PRA (b) PAT

Figure 10: Accuracy (%) comparison between distinct communication rounds on the TinylmageNet
dataset in the model-homogeneous FL setting in both the PRA and PAT settings.
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NeurlIPS Paper Checklist

1. Claims

Question: Do the main claims made in the abstract and introduction accurately reflect the
paper’s contributions and scope?

Answer: [Yes]
Justification: We highlight our contributions in the Introduction (as detailed in Section [I).
Guidelines:
* The answer NA means that the abstract and introduction do not include the claims
made in the paper.

* The abstract and/or introduction should clearly state the claims made, including the
contributions made in the paper and important assumptions and limitations. A No or
NA answer to this question will not be perceived well by the reviewers.

* The claims made should match theoretical and experimental results, and reflect how
much the results can be expected to generalize to other settings.

* It is fine to include aspirational goals as motivation as long as it is clear that these goals
are not attained by the paper.

. Limitations

Question: Does the paper discuss the limitations of the work performed by the authors?
Answer: [Yes]

Justification: The limitations of this work are discussed in Appendix [A]

Guidelines:

* The answer NA means that the paper has no limitation while the answer No means that
the paper has limitations, but those are not discussed in the paper.

* The authors are encouraged to create a separate "Limitations" section in their paper.

The paper should point out any strong assumptions and how robust the results are to
violations of these assumptions (e.g., independence assumptions, noiseless settings,
model well-specification, asymptotic approximations only holding locally). The authors
should reflect on how these assumptions might be violated in practice and what the
implications would be.

* The authors should reflect on the scope of the claims made, e.g., if the approach was
only tested on a few datasets or with a few runs. In general, empirical results often
depend on implicit assumptions, which should be articulated.

* The authors should reflect on the factors that influence the performance of the approach.
For example, a facial recognition algorithm may perform poorly when image resolution
is low or images are taken in low lighting. Or a speech-to-text system might not be
used reliably to provide closed captions for online lectures because it fails to handle
technical jargon.

* The authors should discuss the computational efficiency of the proposed algorithms
and how they scale with dataset size.

If applicable, the authors should discuss possible limitations of their approach to
address problems of privacy and fairness.

* While the authors might fear that complete honesty about limitations might be used by
reviewers as grounds for rejection, a worse outcome might be that reviewers discover
limitations that aren’t acknowledged in the paper. The authors should use their best
judgment and recognize that individual actions in favor of transparency play an impor-
tant role in developing norms that preserve the integrity of the community. Reviewers
will be specifically instructed to not penalize honesty concerning limitations.

3. Theory assumptions and proofs

Question: For each theoretical result, does the paper provide the full set of assumptions and
a complete (and correct) proof?

Answer: [Yes]
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668 Justification: We present the main theoretical conclusion regarding convergence in Section

669 [.4) (Convergence Analysis). The corresponding detailed proof is provided in Appendix [C|
670 Guidelines:

671 * The answer NA means that the paper does not include theoretical results.

672  All the theorems, formulas, and proofs in the paper should be numbered and cross-
673 referenced.

674 * All assumptions should be clearly stated or referenced in the statement of any theorems.
675 * The proofs can either appear in the main paper or the supplemental material, but if
676 they appear in the supplemental material, the authors are encouraged to provide a short
677 proof sketch to provide intuition.

678 * Inversely, any informal proof provided in the core of the paper should be complemented
679 by formal proofs provided in appendix or supplemental material.

680 * Theorems and Lemmas that the proof relies upon should be properly referenced.

681 4. Experimental result reproducibility

682 Question: Does the paper fully disclose all the information needed to reproduce the main ex-
683 perimental results of the paper to the extent that it affects the main claims and/or conclusions
684 of the paper (regardless of whether the code and data are provided or not)?

685 Answer: [Yes]

686 Justification: We describe the experimental setup in Section[5.1] with further details provided
687 in Appendix [D]

688 Guidelines:

689 * The answer NA means that the paper does not include experiments.

690 * If the paper includes experiments, a No answer to this question will not be perceived
691 well by the reviewers: Making the paper reproducible is important, regardless of
692 whether the code and data are provided or not.

693 * If the contribution is a dataset and/or model, the authors should describe the steps taken
694 to make their results reproducible or verifiable.

695 * Depending on the contribution, reproducibility can be accomplished in various ways.
696 For example, if the contribution is a novel architecture, describing the architecture fully
697 might suffice, or if the contribution is a specific model and empirical evaluation, it may
698 be necessary to either make it possible for others to replicate the model with the same
699 dataset, or provide access to the model. In general. releasing code and data is often
700 one good way to accomplish this, but reproducibility can also be provided via detailed
701 instructions for how to replicate the results, access to a hosted model (e.g., in the case
702 of a large language model), releasing of a model checkpoint, or other means that are
703 appropriate to the research performed.

704 * While NeurIPS does not require releasing code, the conference does require all submis-
705 sions to provide some reasonable avenue for reproducibility, which may depend on the
706 nature of the contribution. For example

707 (a) If the contribution is primarily a new algorithm, the paper should make it clear how
708 to reproduce that algorithm.

709 (b) If the contribution is primarily a new model architecture, the paper should describe
710 the architecture clearly and fully.

711 (c) If the contribution is a new model (e.g., a large language model), then there should
712 either be a way to access this model for reproducing the results or a way to reproduce
713 the model (e.g., with an open-source dataset or instructions for how to construct
714 the dataset).

715 (d) We recognize that reproducibility may be tricky in some cases, in which case
716 authors are welcome to describe the particular way they provide for reproducibility.
717 In the case of closed-source models, it may be that access to the model is limited in
718 some way (e.g., to registered users), but it should be possible for other researchers
719 to have some path to reproducing or verifying the results.

720 5. Open access to data and code
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Question: Does the paper provide open access to the data and code, with sufficient instruc-
tions to faithfully reproduce the main experimental results, as described in supplemental
material?

Answer: [Yes]

Justification: We utilize three benchmark datasets, i.e., CIFAR-10 [[15]], CIFAR-100 [[15],
and TinyImageNet [16]], all of which are publicly available. Our codes are available at
https://anonymous.4open.science/r/FedREx,

Guidelines:

» The answer NA means that paper does not include experiments requiring code.

* Please see the NeurIPS code and data submission guidelines (https://nips.cc/
public/guides/CodeSubmissionPolicy) for more details.

* While we encourage the release of code and data, we understand that this might not be
possible, so “No” is an acceptable answer. Papers cannot be rejected simply for not
including code, unless this is central to the contribution (e.g., for a new open-source
benchmark).

* The instructions should contain the exact command and environment needed to run to
reproduce the results. See the NeurIPS code and data submission guidelines (https:
//nips.cc/public/guides/CodeSubmissionPolicy) for more details.

* The authors should provide instructions on data access and preparation, including how
to access the raw data, preprocessed data, intermediate data, and generated data, etc.

* The authors should provide scripts to reproduce all experimental results for the new
proposed method and baselines. If only a subset of experiments are reproducible, they
should state which ones are omitted from the script and why.

* At submission time, to preserve anonymity, the authors should release anonymized
versions (if applicable).

 Providing as much information as possible in supplemental material (appended to the
paper) is recommended, but including URLSs to data and code is permitted.

6. Experimental setting/details

Question: Does the paper specify all the training and test details (e.g., data splits, hyper-
parameters, how they were chosen, type of optimizer, etc.) necessary to understand the
results?

Answer: [Yes]

Justification: We describe the experimental setup in Section[5.1] with further details provided
in Appendix
Guidelines:

* The answer NA means that the paper does not include experiments.

» The experimental setting should be presented in the core of the paper to a level of detail
that is necessary to appreciate the results and make sense of them.

* The full details can be provided either with the code, in appendix, or as supplemental
material.

. Experiment statistical significance

Question: Does the paper report error bars suitably and correctly defined or other appropriate
information about the statistical significance of the experiments?

Answer: [Yes]

Justification: Table[I]and Table[T0] (see Appendix [F.4) report the results as the mean and
standard deviation over three random trials.

Guidelines:

» The answer NA means that the paper does not include experiments.

* The authors should answer "Yes" if the results are accompanied by error bars, confi-
dence intervals, or statistical significance tests, at least for the experiments that support
the main claims of the paper.
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8.

10.

* The factors of variability that the error bars are capturing should be clearly stated (for
example, train/test split, initialization, random drawing of some parameter, or overall
run with given experimental conditions).

* The method for calculating the error bars should be explained (closed form formula,
call to a library function, bootstrap, etc.)

* The assumptions made should be given (e.g., Normally distributed errors).

¢ It should be clear whether the error bar is the standard deviation or the standard error
of the mean.

It is OK to report 1-sigma error bars, but one should state it. The authors should
preferably report a 2-sigma error bar than state that they have a 96% CI, if the hypothesis
of Normality of errors is not verified.

¢ For asymmetric distributions, the authors should be careful not to show in tables or
figures symmetric error bars that would yield results that are out of range (e.g. negative
error rates).

* If error bars are reported in tables or plots, The authors should explain in the text how
they were calculated and reference the corresponding figures or tables in the text.

Experiments compute resources

Question: For each experiment, does the paper provide sufficient information on the com-
puter resources (type of compute workers, memory, time of execution) needed to reproduce
the experiments?

Answer: [Yes]

Justification: The computational resources used in this work are described in Appendix [D]
and Table[7]

Guidelines:

» The answer NA means that the paper does not include experiments.

* The paper should indicate the type of compute workers CPU or GPU, internal cluster,
or cloud provider, including relevant memory and storage.

* The paper should provide the amount of compute required for each of the individual
experimental runs as well as estimate the total compute.

* The paper should disclose whether the full research project required more compute
than the experiments reported in the paper (e.g., preliminary or failed experiments that
didn’t make it into the paper).

. Code of ethics

Question: Does the research conducted in the paper conform, in every respect, with the
NeurIPS Code of Ethics https://neurips.cc/public/EthicsGuidelines?

Answer: [Yes]
Justification: This work has been conducted in accordance with the NeurIPS Code of Ethics.
Guidelines:

¢ The answer NA means that the authors have not reviewed the NeurIPS Code of Ethics.

* If the authors answer No, they should explain the special circumstances that require a
deviation from the Code of Ethics.

* The authors should make sure to preserve anonymity (e.g., if there is a special consid-
eration due to laws or regulations in their jurisdiction).

Broader impacts

Question: Does the paper discuss both potential positive societal impacts and negative
societal impacts of the work performed?

Answer: [Yes]
Justification: The broader impacts of this work are discussed in Appendix [A]
Guidelines:

* The answer NA means that there is no societal impact of the work performed.
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11.

12.

* If the authors answer NA or No, they should explain why their work has no societal
impact or 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., deployment 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 monitoring 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: This work does not pose 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.

* 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: The open-source resources utilized in this work are properly cited in Sec-
tion

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.
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15.

* 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: [Yes]

Justification: We have released our codes and a detailed README file in https:
//anonymous . 4open.science/r/FedREx.

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
submissions 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: This work does not involve crowdsourcing and 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 contribu-
tion 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]
Justification: This work does not involve crowdsourcing and 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.
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927 * We recognize that the procedures for this may vary significantly between institutions

928 and locations, and we expect authors to adhere to the NeurIPS Code of Ethics and the
929 guidelines for their institution.

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

932 16. Declaration of LLM usage

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

937 Answer: [NA]

938 Justification: The LLM is used only for writing, editing, or formatting purposes.

939 Guidelines:

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

942 ¢ Please refer to our LLM policy (https://neurips.cc/Conferences/2025/LLM)
943 for what should or should not be described.
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