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Abstract

Federated learning enables collaborative training while preserving the privacy of
all participants. However, the heterogeneity in data distribution across multiple
training nodes poses significant challenges to the construction of federated models.
Prior studies were dedicated to mitigating the effects of data heterogeneity by using
global information as a blueprint and restricting the local update of the model for
reaching a “hard consensus”. But this practice makes it difficult to balance local and
global information, and it neglects to negotiate amicably between local and global
models to reach mutually agreeable results, called “soft consensus”. In this paper,
a multiple-path solving method is proposed to balance global and local features
and combine these two feature preference paths to reach a soft consensus. Rather
than relying on global information as the sole criterion, a negotiation process
is employed to address the same objective by accommodating diverse feature
preferences, thereby facilitating the discovery of a more plausible solution through
multiple distinct pathways. Considering the overwhelming power of local features
during local training, a swapping strategy is applied to weaken them to balance the
solution paths. Moreover, to minimize the additional communication cost caused
by the introduction of multiple paths, the solution of the task network is converted
into data adaptation to reduce the amount of parameter transmission. Extensive
experiments are conducted to demonstrate the advantages of the proposed method.

1 Introduction

Federated learning is a privacy-preserving distributed learning paradigm [1, 2, 3] that can coordinate
several training nodes to jointly train a unified global model without exchanging raw data [4, 5, 6].
It is able to federate data from multiple parties to capture a diverse data distribution [7, 8]. As the
significance of privacy has been increasingly emphasized [9, 10, 11], federated learning has been
widely applied in fields [12, 13] with high privacy requirements, such as medical image processing
[14, 15], recommendation systems [16, 17], Internet of Things [18] and so on.

As a classic federated learning method, FedAvg [19] establishes an important training paradigm.
Numerous subsequent works [20, 21] are performed on the basis of this fundamental training paradigm.
However, this training paradigm faces several challenges. Particularly, the problem of imbalanced
data distribution [22] is widespread in the setting where federated learning is applied and can be
attributed to the nature of distributed learning: joining multiple different data sources to participate in
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the training process [23, 24, 25]. This would lead to disagreement among the optimization objectives
of the participating nodes [26, 27].

The solution to the divergence of the optimization objectives at different nodes is usually to use global
information to constrain the local update process [28, 29], thereby enforcing the local optimization
objectives at nodes to be as close as possible to the global objective. This approach is referred to as
hard consensus, as it imposes a rigid and immutable consensus across nodes. Typically, predefined
indicators—such as constraints on parameter updates or controls on the distribution of generated
representations—are employed to regulate the optimization process. However, these indicators are
often indirect with respect to the target tasks, as no direct criteria are available for task-specific
evaluation. Furthermore, they are coercive in nature, as the global norm remains fixed and unaltered,
lacking flexibility or consultation. This rigid form of hard consensus may not always lead to optimal
outcomes, as the global model may not perform better on local data than the existing client model.
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Figure 1: The classification accuracies achieved
by the model on the training set of each client
are reported at three stages: initialization, after
being trained by client A, and after aggregation.
The global model, which is trained on local data,
will improve the classification accuracy on the
current client, while the knowledge delivered by
the other clients will dissipate, this is reflected
in the decreased accuracies on the training set
of other clients. Similarly, aggregating the lo-
cal models results in the vanishing of the local
features. Global and local features are in an
antagonistic relationship.
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Figure 2: The architecture illustration of FedMP.
On each client, the multiple paths solving is per-
formed using mappings with different feature
preferences and jointly optimizing the shared
projection to reach a soft consensus between the
global and local features. Clients only upload
parameters other than the task network to save
the communication costs. Multiple paths are
balanced by an swapping strategy on the server.

Moreover, in federated learning, global and local features often compete with each other. A common
approach to information exchange during each training round involves replacing the local model
on the current node with the global model. However, this strategy can severely undermine the local
features previously learned by the local model, leading to the dominance of global features. On the
other hand, during the local training process, the local features have a greater advantage and take a
dominant role, and continually influence the model under training. In this process, the dominance of
global features would gradually vanish, the focus of the model turns to the local features, and the
model would gradually forget what it has learned from the other clients. Global and local features
alternately affect model training, these two features are in conflict, and are in an unbalanced and
oscillating state. However, they both play a crucial role in the training of the final model. As shown
in Figure 1, the local model has a high classification accuracy on the current client, however, it only
receives its visible local data and therefore has a very high local feature preference with the forgetting
of the global knowledge, which leads to the lower classification accuracy on the other clients. The
global model, on the other hand, fuses the knowledge of various clients, has global feature preferences,
and therefore is able to achieve relatively high performance on all clients. Nevertheless, this also
hits the local features, which can be seen from the performance decrease on client A. To address
this trade-off, it is essential to leverage both types of features and strike a balance between them,
transforming their competitive relationship into a cooperative one.

For the hard consensus and the problem of local and global features balancing in federated learning,
in this paper we propose a multiple paths solving approach, called Federated Learning Framework
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with Multiple Paths (FedMP), in order to balance the global and local features and prompt them
to spontaneously generate a consensus, i.e., soft consensus. The architecture is shown in Figure 2.
The proposed method integrates mappings with global and local feature preferences and federates
their respective solution paths from distinct initialization points to achieve a consensus solution
within a unified solution space. The shared solution space projection, being directly related to the
target task, serves as a task-driven criterion. This projection is learnable and is jointly updated
alongside the multiple solution paths, replacing the previous indirect and static hard consensus
mechanism. Additionally, a swapping strategy is introduced to further balance the influence of
local features, fostering a more harmonious cooperation between global and local features. Finally,
the optimization objective is shifted from task-oriented to data-oriented, minimizing additional
communication overhead in federated learning scenarios. Overall, the contributions of this paper are
summarized as follows:

• A soft-consensual federated learning framework is constructed via the multiple paths that
effectively combine local and global information, providing a platform for models with local
features preferences and global features preferences to reach a soft consensus.

• The strengths of the paths are balanced among each other, and the swapping strategy is used
to weaken the overly strong paths.

• To reduce the additional communication cost in federated learning scenarios, the solution
target is shifted from the task to the data adapter for reducing the amount of parameter
transmission.

• The effectiveness of the proposed method is demonstrated using extensive experiments, and
exploratory experiments are conducted for the multiple paths approach.

2 Methodology

First, we present a formal description of federated learning and the motivation for the proposed
method in Section 2.1. Then, in the following subsections, we describe the detailed implementation
of the proposed method.

2.1 Problem Description and Overall Motivation

For a multiple device participating federated learning system, each participant is referred to as a
client, and the p-th client has a dataset Dp that is a subset of the plenary data D = {D1 ∪ · · · ∪ DP },
where P denotes the number of clients. The goal of federated learning is to combine the data of all
participants to generate a global optimal model. Specifically, due to the privacy issue, individual
clients cannot exchange the raw data. Therefore, each client has its own optimization objective
minθp Lp(θp;Dp) under the model parameters θp, and the global objective is usually a weighted
average of the local optimization objectives:

min
θ̂
L
(
θ̂;D

)
=

P∑
p=1

|Dp|
|D|
Lp

(
θ̂;Dp

)
, (1)

where | · | denotes the number of elements in the set and θ̂ means the global model parameters. During
the training process, periodic information exchange is necessary to tune the training procedure of each
client, preventing overfitting to the local data distribution and ensuring the model remains suitable for
the global data distribution. The server, which acts as the regulator of the federated learning system,
typically broadcasts the current global model information at each communication round. This helps
adjust the local models by providing a fresh optimization starting point. After the client completes
the current training, the server accepts updates from the clients in order to collect the information
provided by all participants, and aggregates them into the global model. The information delivered
here is usually the parameters or the gradient of the model, and in some cases also contains other
auxiliary information.

Motivation Due to the existence of non-IID data, global and local models typically exhibit conflict-
ing feature preferences, and simply distributing or aggregating models can be detrimental to both
global and local features. The global model, as a product of the aggregation from conflicting features,
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contains information that may not all be absolutely correct. Therefore, the mechanism of using global
information as a hard criterion to drive local models in order to create a hard consensus between local
features and global features has potential for improvement. Moreover, using global information as a
reference often lacks consideration of the target task, and a task-driven coordination approach is worth
investigating. How to harmonize global and local information, preserve as complete information as
possible with balance among them, and make them produce mutually agreeable results on the target
task to reach a soft consensus is the focus of this work.

2.2 Multiple Paths High Confidence Solving with Information Relics

A common approach to information transfer in federated learning is model transmission. Through the
use of global model sending and replacing the local models, so as to use client specific data to adjust
the mean of the information provided by the previous clients involved in the training. And global
information may also be used as the criterion to control local updates. This is a very intuitive way, but
lacks consideration of the balance between global and local information, and the information relics of
local features. We believe that a softer approach with more comprehensive reference information
should be used, and reach a soft consensus on global and local models. Therefore, the proposed
multiple paths solving approach is described below.

For a typical neural network, there is a stream of data directed from the inputs to the outputs, which
maps the input space to the output space. We have the following definition:
Definition 1. (Solution path). It is expected that there is a mapping f(·) which makes the data x
map to the target y = f(x). Fitting this mapping using a neural network g(·), defines the process of
optimizing g(x) to g∗(x) as the solution path. Here, ∥g∗(x)− f(x)∥ ≤ ϵ, and ϵ is the error.

Definition 2. (Different solution paths). For mapping f(·), the optimization of neural network g1(·)
to g∗1(·) and neural network g2(·) to g∗2(·) will be the different solution paths. Here, ∥g∗1(x)−f(x)∥ ≤
ϵ1, ∥g∗2(x)− f(x)∥ ≤ ϵ2, where ϵ1 and ϵ2 are the errors.

From the above definitions, it follows that the model trained locally encapsulates knowledge refined
from the data of a single client, resulting in one solution path, while the global model distributed by
the server, which incorporates knowledge refined from the data of all participants, leads to another
solution path. Relying on a single solution path often results in biased information and increases the
likelihood of the neural network becoming trapped in local optima. To address this issue, information
from multiple solution paths should be utilized simultaneously. This approach ensures the aggregation
of diverse information sources, preventing the overwriting and forgetting of knowledge associated
with a single information channel. Furthermore, the concurrent use of multiple solution paths offers
an alternative to the traditional practice of using global information as a rigid criterion, promoting a
more flexible and adaptive learning framework. For the mapping from input to output on client p,
constructed using the multiple paths way, it can be trained by the following loss function:

Lp =
1

|Dp|

|Dp|∑
i=1

[
L(l)
p (Ψp(Φ

(l)
p (Xi

p))) + γL(g)
p (Ψp(Φ

(g)
p (Xi

p)))
]
, (2)

where Xi
p ∈ Dp is the i-th data sample of the p-th client, L(l)

p and L(g)
p denote the loss functions for

the local and global solution paths, respectively, γ is the path balancing hyperparameter, Φ(l)
p (·) and

Φ
(g)
p (·) represent the mappings under two different solution paths, which map the input data to the

latent space, and Ψp(·) denotes the projection that maps the data in the latent space to the eventual
output space. Note that here Ψp(·) is shared by all solution paths. The shared projection serves to
make the objectives of all multiple solution paths located in the same solution space, and to ensure
that all solution paths have the same target by employing the same loss function. Solving for an
identical objective from different paths leads to a solution with very high confidence. This is based on
a highly intuitive assumption: if different approaches yield the same or very similar results, then such
results can be considered highly reliable. Therefore, by using this loss function, the mappings are
solved from both a solution path biased towards local features and a solution path biased towards the
global features, which gently collaborates the global and local information, and prevents overwriting
and forgetting of the information. The soft consensus generated by the global and local information
is materialized in a shared projection, and the mutually agreeable results are reached through their
respective solution paths. The shared projection guarantees that the space of solutions is mapped in a
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way that is more suitable for reaching consensus and is directly related to the label space, which is
task-driven. Further discussion on multiple paths can be found in the Supplementary Material.

2.3 Local Preference Swapping Strategy

From the multiple paths solving process described in Section 2.2, the following sequences of initial
models in each communication round are given at the p-th client:

Ψp = {ψ1
p, ψ

2
p, · · · , ψr

p, · · · , ψR
p }, (3)

Φ(l)
p = {ϕ1p, ϕ2p, · · · , ϕrp, · · · , ϕRp }, (4)

Φ(g)
p = {ϕ1, ϕ2, · · · , ϕr, · · · , ϕR}, (5)

where ϕrp denotes the model used for approximate mapping Φ
(l)
p (·) in r-th communication round at p-

th client, and ψp is the model used for approximate the projection Ψp(·). Here, ϕr =
∑P

p=1
|Dp|
|D| ϕ

r−1
p .

When r = 0, the whole system is in initialization state, so that ϕ1p = ϕ0p.

In federated learning, restriction on access to data is a key factor affecting model learning. Local
models trained too much on the current dataset would overfit the visible distribution and have
difficulty in adapting to the global distribution even if there is the multiple paths method to correct
for it. Therefore, the multiple paths network for federated learning needs to be modified in terms of
training strategy.

It is easy to find that all conditions required for the multiple paths method can be summarized as,
a solution path with a preference for local features and a solution path with a preference for global
features, and to optimize on both solution paths simultaneously. Therefore, it is only necessary to
provide solution paths under other mapping preferences which are different from the global features
to satisfy the requirements for the multiple paths formulation. A local preference swapping strategy
can be used to avoid the local model overfitting problem by replacing the local model in the current
client with random local model of other clients downloaded from the server at the beginning of each
communication round. For the p-th client, we can convert the sequence of initial models Eq. (4) and
Eq. (3) to the following form:

Φ(l)
p = {ϕ1p, ϕ2p2′ , · · · , ϕrpr′ , · · · , ϕRpR′}, (6)

Ψ(l)
p = {ψ1

p, ψ
2
p2′ , · · · , ψr

pr′ , · · · , ψR
pR′}, (7)

where pr
′

is a random sample of the client indexes that participated in the previous round of training.
In this way, each local model of the participating clients is updated after each round of communication,
so that the multiple paths method obtains the optimized origin of the solution path that is preferred to
the local features, and avoids the overfitting because the models do not stay at one client all the time.
Additionally, the swapping strategy enables each model to accept a wider range of inputs, which
improves the generalization ability of the model.

2.4 Multiple Paths Data Adaptation

In federated learning, communication cost is a topic worth considering. Compared to the classical
federated learning methods such as FedAvg, multiple paths solving would require additional network
communication cost. Specifically, at each communication round, the contents to be exchanged
include the mapping with local feature preferences and the mapping with global feature preferences.
Although the additional communication cost of multiple paths solving is not too large compared to
methods such as SCAFFOLD that require uploading a large amount of auxiliary information, we still
consider further reducing the additional communication cost associated with multiple paths solving.

Originally, we employed the multiple paths solving directly to the full task network, which would
have transmitted the network parameters under different multiple solution paths. The communications
volume is positively correlated with the number of current task network parameters. A mind shift
can be made to shift the target of multiple paths solving from the task network to the adaptation of
the data, and to relax the optimization target for the full task network, relocating the more stringent
optimization target to the adaptation of the data. The scale of the data adaptation network can be
small, but the solution objective is precise, and the exchange of information among the individual
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clients only occurs over this part of the network parameters, which greatly reduces the communication
cost during each communication round. Therefore, a modification of Eq. (2) yields the following loss
function:

Lp =
1

|Dp|

|Dp|∑
i=1

[
L(l)
p (Ψp(Ωp(τ

(l),i
p ))) +γL(g)

p (Ψp(Ωp(τ
(g),i
p )))

]
,

s.t. τ (l),ip = Φ(l)
p (Xi

p), τ
(g),i
p = Φ(g)

p (Xi
p).

(8)

Here, Ωp(·) denotes the full task network on the p-th client, τ (l),ip and τ (g),ip represent the adapted data
generated from the two mappings on different solution paths, respectively. Ωp(·) remains constant
during the multiple paths solving process, in which the fitting of the network to the task is transformed
into the fitting of the data to the network, i.e., the data attempts with some rules to mimic the patterns
that can be recognized by the network. This is a shift in the goal of the solution and this shift needs to
be solved by multiple paths solving in order to obtain a more accurate solution. For the task network,
extracting the hidden deep information in the data requires a very complex network with huge amount
of network parameters to be updated to suit the task. While by simply adapting the data to convert
them into the features which are required for the task network, the size of the network required can
be tiny since this does not require the decomposition of the deep information in the data. This may
intuitively diminish some of the performance, but we are surprised to find that in conjunction with the
multiple paths solving method, the expected performance degradation is not very noticeable, which
can be verified by the subsequent experimental results.

2.5 Training Details

Since the multiple paths solving method requires different solution paths for the solving process, and
we want all the solution paths employed are reliable. Hence, in the early stage of training, we use a
few global communication rounds employing the same training strategy as FedAvg in order to obtain
a more reliable solution path with global feature preferences. At this stage, the model at p-th client is
trained using the following loss function:

Lp =
1

|Dp|

|Dp|∑
i=1

Lp(Ψp(Ωp(τ
i
p))), s.t. τ ip = Φp(X

i
p). (9)

And, after each communication stage, the same global model is used to replace the client model for
each client. After completing the initial training process, the parameters of the task network Ωp(·)
on p-th client are not changed and the parameters of these networks are no longer exchanged in the
communication. Then, for the p-th client, the multiple paths solving process is performed using Eq.
(8), and the local preference swapping strategy proposed in Section 2.3 is used to allow each client to
obtain a more reliable solving path with local feature preferences. Additionally, considering that the
performing of the swapping strategy after several communication rounds may result in the mappings
preferring local features overly preferring local features, we use the mappings with the global feature
preferences every B rounds for replacement in order to balance the influence of the local features.
Since the models are only exposed to local data during training, only the mappings with preferences
for local features require additional balancing. The detailed algorithm is summarized in Algorithm 1
(See Supplementary Material).

3 Theoretical Analysis

In this section, we provide a convergence analysis of the proposed FedMP. First, some assumptions
are introduced to help complete the following theoretical analysis.

Assumption 1. For any p ∈ [P ], local loss function for local solution path L(l)
p and local loss

function for global solution path L(g)
p are L-smooth with respect to Θ. For ∀ Θ and Θ′, the following

inequalities hold:

∥∇L(l)
p (Θ)−∇L(l)

p (Θ′)∥ ≤ L1∥Θ−Θ′∥, (10)

∥∇L(g)
p (Θ)−∇L(g)

p (Θ′)∥ ≤ L2∥Θ−Θ′∥, (11)

where L1 and L2 are Lipschitz constants.
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Assumption 2. The upper bound on the variances of the local gradient to the aggregated mean can
be given as follows

1

P

P∑
p=1

∥∇L(l)
p (Θ)−∇L(l)(Θ)∥2 ≤ δ2L, (12)

1

P

P∑
p=1

∥∇L(g)
p (Θ)−∇L(g)(Θ)∥2 ≤ δ2G, (13)

where δL and δG are the constants.

Thus, Theorem 1 can be derived:
Theorem 1. Suppose Assumption 1 and 2 hold, the convergence property of the proposed method
can be described by

1

R

R−1∑
r=0

E
[
∥∇L(Θr)∥2

]
≤ ϵ, (14)

where ϵ = E[L(Θ0)−L(ΘR)]
HR + S, and

H =
ηEB

2

[
1− 2ηEB(L1 + γL2)− 32η2E2B2(L1 + γL2)

2

−64η3E3B3(L1 + γL2)
3
]
,

(15)

S =

[
ηEB

2
+ η2E2B2(L1 + γL2)

] [
64η2E2B2(L1 + γL2)

2 +
4

K

]
P −K
P − 1

(δ2L + γ2δ2G).

(16)

From Theorem Theorem 1 we can know that the proposed FedMP can reach the convergence with
appropriate hyperparameters choices. See Algorithm 1 for definitions of R, E, B, and K.

Proof. Please see Supplementary Material for detailed proof.

4 Experiments

4.1 Experimental Setup

Datasets: We conduct main experiments with the proposed method using classification tasks on
three datasets, which are CIFAR-10 [30], CIFAR-100 [30] and Flowers102 [31]. CIFAR-10 and
CIFAR-100 have 10 and 100 classes, respectively, and Flowers102 has 102 classes. For CIFAR-10
and CIFAR-100 datasets, we use a train set consisting of 50,000 samples and a test set consisting
of 10,000 samples. For Flowers102 dataset, we use a train set consisting of 6,149 samples and a
test set consisting of 1,020 samples. We partition the train sets using the Dirichlet distribution with
hyperparameter α ∈ {0.3, 0.5, 1.0} to simulate the scenarios with the heterogeneous data distribution,
where the smaller α is, the more unbalanced the data distribution among clients. The distributions of
the train set and other settings can be found in Supplementary Material.

Baselines: In order to compare the results, we also run nine SOTA federated learning methods under
the same datasets setup, including FedAvg [19], FedProx [20], SCAFFOLD [21], FedNova [32],
FedDF [33], MOON [28], FedASAM [34], FedPVR [29] and FedUCS [12].

Experimental results are shown in the following and the Supplementary Material.

4.2 Experimental Results

4.2.1 Experiment of Multiple Paths

We first validate the effectiveness of multiple path solving in centralized learning. We use the three
test datasets as the training data for the classification task. The MLP module is used as the shared
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Figure 3: The curves of loss function values and classification accuracies during training for single
path solving and multiple paths solving. Multiple paths solving can make the model find a fitter
solution faster and get a better performance.

projection and two ResNet-18 modules are used as the multiple solution paths. Since the definition of
global and local features does not exist in centralized learning, we use two different initialization
methods as two different solution paths. One of the solution paths is taken out individually and used
the same training setup for the task network under the single path, and this network is also used as
the task network in the multiple path setup as well. The loss and training accuracies curves that
vary with epochs during training are demonstrated in Figure 3. From the figure, it can be seen that
the task network in multiple paths can obtain faster learning speed and better final learning results
than the single-path network without changing the network structure and the optimization method
settings. The multiple paths solving method can combine the multiple solution paths to form a soft
consensus, and avoiding the limitations of single path solving. The knowledge learned by different
paths can effectively provide assistance among paths, and prevent a single path to be trapped in a
local optimal solution. Therefore, we can think that the multiple path solving method can effectively
help the network to obtain more comprehensive and reliable information and improve the training
performance by reaching a consensus among multiple paths. The experimental results demonstrate
that the proposed multiple paths solving method is effective. And this effectiveness is the strong
motivation for us to apply this method in federated learning.

4.2.2 Main Results

Here, we show the classification accuracy results of the proposed method with eight other comparative
methods on three datasets in Table 1. It can be seen that the proposed method is able to better optimal
performance in most of the dataset settings. The proposed method is able to achieve a greater
advantage under the scenarios of higher data heterogeneity or the more difficult classification tasks,
which we attribute to the fact that the multiple paths solving approach provides more comprehensive
auxiliary information and replaces the hard consensus by forming a soft consensus between global
and local features, and reversing the information that may be biased in the global information. With
the multiple paths solving, the global and local information, which are opposing to each other, are
converted into a cooperative relationship in order to perform federated learning more comprehensively
from different perspectives.

Table 1: The results of three datasets for all methods. Bold and underlined results are the best and
the second best. “↑” indicates accuracy improvement over FedAvg.

CIFAR-10 CIFAR-100 Flowers102Method
α=0.3 α=0.5 α=1.0 α=0.3 α=0.5 α=1.0 α=0.3 α=0.5 α=1.0

FedAvg 80.66 83.34 87.46 57.25 59.13 61.34 41.86 43.92 45.49
FedProx 81.16 83.67 88.04 56.37 57.77 62.36 34.90 37.35 39.22

SCAFFOLD 80.60 86.08 87.66 58.65 60.96 61.81 45.98↑4.12 46.37 48.92
FedNova 83.41 84.93 86.41 55.46 55.02 56.67 41.08 40.69 43.73
FedDF 78.70 76.95 88.65↑1.19 52.82 52.46 59.32 22.96 24.90 24.09
MOON 82.47 85.46 87.83 57.52 59.30 62.85 41.08 43.33 45.88

FedASAM 68.98 71.59 74.44 46.84 47.91 48.52 30.20 30.29 30.59
FedPVR 84.65↑3.99 85.73 87.86 59.32 60.89 62.75 43.04 44.41 45.88
FedUCS 83.61 87.79↑4.45 89.43↑1.97 62.19↑4.94 63.24↑4.11 64.28↑2.94 43.72 49.22↑5.30 51.18↑5.69
FedMP 85.37↑4.71 88.96↑5.62 88.31 61.43↑4.18 62.04↑2.91 62.95↑1.61 43.73↑1.87 54.41↑10.49 53.43↑7.94

4.2.3 Ablation Study

In order to validate whether the various proposed enhancement strategies are effective in the federated
learning scenario applied to heterogeneous data, we perform the ablation study and demonstrate
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the results in Table 2. Specifically, for the two main strategies we proposed: multiple paths solving
and swapping strategy, we make them available or not and train the frameworks constructed by all
possible configurations under the same dataset setup, yielding the results in Table 2. Taking the first
row of data in the table as the baseline, from the other data in the table we can see that when using
only the multiple paths approach, since one of the paths uses the local models without swapping,
the model predictably fits more strongly to the local data, and leading to the overfitting for the local
features. Therefore, this path will affect the learning of global features, and even with the assistance of
global features, it is still unable to form a more correct consensus, so that the performance decreases
compared to the baseline. The model that only employs the swapping strategy is unable to obtain the
update of global features in time, and thus cannot obtain a stable improvement for the learning of the
global model, which is rather a negative impact on the global model at the CIFAR-10 dataset with
the heterogeneous parameters of 0.3 and 0.5. In other settings, there are boosts, but the magnitudes
are more limited. In contrast, when both proposed strategies are applied to the model, the more
significant and stable boosts are obtained in most settings.
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Figure 4: Classification accuracies of the two mod-
els on the data in different clients. The local model
trained by the multiple paths is able to achieve bet-
ter performance on the data of other clients, and
it can increase the performance of the aggregated
global model.

In order to demonstrate more intuitively the ef-
fectiveness of the proposed multiple paths solv-
ing approach in a federated system, the results
of the classification accuracy achieved on the
training data of each participating client for both
local models and global models are presented
in Figure 4. From the figure, it can be seen that
when using the multiple paths solving approach
for training, it is usually possible to achieve a
more excellent performance, both for the local
and global models. When using a single-path
architecture, the absence of a global path elim-
inates the need to account for global features,
allowing the model to better fit local data. How-
ever, this also limits the single-path approach’s
ability to generalize to data from other clients.
Additional experimental results are provided in
the supplementary material.

Table 2: Ablation study of FedMP on three datasets. Bold results are the best.

Multiple Paths Swapping Strategy CIFAR-10 CIFAR-100 Flowers102
α=0.3 α=0.5 α=1.0 α=0.3 α=0.5 α=1.0 α=0.3 α=0.5 α=1.0

× × 83.66 85.32 85.45 60.40 61.06 62.29 38.33 52.32 49.80
× ✓ 83.16 84.97 85.50 60.56 61.31 62.79 43.04 54.12 54.12
✓ × 82.96 81.47 82.82 56.97 58.26 59.71 38.63 51.86 49.41
✓ ✓ 85.37 88.96 88.31 61.43 62.04 62.95 43.73 54.41 53.43

4.3 FedMP with Full Multiple Paths

Here, instead of using the communication cost reduction method proposed in Section 2.4, we use
a multiple paths solving method for the complete task network. We use the complete task network
here as the mapping with global feature preferences and the mapping with local feature preferences,
respectively, and use the same shared projection as in the experiments to motivate a soft consensus. We
show the classification accuracy results in Figure 5. It can be seen that the results obtained are further
improved after using the full multiple paths (FedMP-F). However, the penalty for this enhancement
would be a higher communication cost, and we believe that the small amount of performance
degradation associated with the reduction in communication cost is acceptable. Therefore, there is
flexibility to trade-off between the two approaches depending on the requirements.

4.4 Data Privacy

As a privacy-preserving machine learning paradigm, federated learning avoids the transmission of
raw data, thereby providing a certain level of privacy protection for participants. However, it remains
possible to infer sensitive information about the original data from model parameters updates. To
evaluate the adaptability of additional privacy-enhancing strategies, we conduct further experiments.
Differential Privacy (DP), a well-established protection mechanism, is employed by injecting noise
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into the transmitted model parameter updates. We use a backbone network consisting of two CNN
layers and two fully connected layers, and apply DP with a noise multiplier of 1.0 on the CIFAR-10
dataset. The results are shown in the Figure 6. As the table indicates, even with the addition of privacy-
preserving mechanisms, the proposed method still maintains a relative performance advantage. This
demonstrates that FedMP can be extended with such strategies to meet stronger privacy protection
requirements.

0.3 0.5
 CIFAR-10

1.0 0.3 0.5
 CIFAR-100

1.0

Dateset

50

60

70

80

90

A
cc

ur
ac

y 
(%

)

85.37
88.96 88.31

61.43 62.04 62.95

86.92 88.1
90.34

63.64 65.1 65.39

FedMP
FedMP-F

Figure 5: A comparison of global model per-
formance with and without the complete multi-
path network. The results show that adopting
the full network leads to improved performance
of the global model.

0.3 0.5
 CIFAR-10

1.0
60

61

62

63

64

65

66

67

68

A
cc

ur
ac

y 
(%

)

61.85 61.89
62.19

61.13 61.07
60.73

63.31 63.09

65.16

62.47 62.34

63.58

FedAvg
FedAvg-DP
FedMP
FedMP-DP

Figure 6: Comparison of global model perfor-
mance with and without differential privacy un-
der different data settings. The results show
that FedMP maintains its advantage even when
privacy-preserving mechanisms are applied.

4.5 Parameter Sensitivity Analysis

This subsection explore the impact of path balancing parameter γ on the multiple paths solution
effect. On the CIFAR-100 dataset, by setting different path balancing parameters values and recording
the test accuracy, the results are shown in Table 3. As shown in the table, when the path balancing
parameter is appropriately tuned, the multiple paths solving method achieves relatively stable and
excellent performance. However, if the parameter is set too high or too low, it adversely impacts the
final performance. This negative effect is particularly pronounced when the global path dominates.
We speculate that this is because the global path is derived from the aggregation of local solution
paths. Assigning excessive weight to the global path disrupts the optimization of local paths. In
turn, poorly optimized local paths negatively influence the aggregated global path, amplifying the
adverse effects in subsequent multiple paths updates. Thus, balancing the two paths is critical. An
appropriately balancing parameter enhances the effectiveness of the multiple paths solving method,
allowing it to achieve better performance.

Table 3: The results of classification accuracy under different path balance parameter values on the
CIFAR-100 dataset. Bold and underlined results are the best and the second best.

γ 0.01 0.05 0.1 0.5 1 5 10 50 100

α=0.3 60.76 60.46 61.43 60.17 59.22 2.57 23.92 1.00 1.00
α=0.5 61.35 61.13 62.04 60.91 60.18 9.19 16.33 1.00 1.00
α=1.0 63.10 62.94 62.95 62.89 62.76 19.21 14.50 1.00 1.00

5 Conclusion

In this paper, we propose a federated learning framework with multiple paths for balancing global
and local features, and motivating them to reach a soft consensus. By introducing a multiple paths
solving method, mappings with global and local feature preferences are federated to provide multiple
solution paths for reaching a soft consensus among them. Since the balance of multiple solution paths
is important, additional swapping strategy is introduced to equalize the strength of paths. Switching
the objective of solving from the task network to the adaptation of data reduces the communication
cost. We have performed various experiments, including exploring the effectiveness of multiple paths,
to demonstrate that the proposed federated learning framework with multiple paths is effective. In the
future, we will explore better ways of constructing multiple paths to achieve better performance.
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1. Claims
Question: Do the main claims made in the abstract and introduction accurately reflect the
paper’s contributions and scope?
Answer: [Yes]
Justification: The related contents appear in the abstract and the final paragraphs of Intro-
duction section.
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.

2. Limitations
Question: Does the paper discuss the limitations of the work performed by the authors?
Answer: [Yes]
Justification: We discuss the potential risks of the proposed method in Section B.2 of the
Supplementary Material.
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
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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?
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perimental results of the paper to the extent that it affects the main claims and/or conclusions
of the paper (regardless of whether the code and data are provided or not)?
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• The answer NA means that the paper does not include experiments.
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whether the code and data are provided or not.

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

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

• While NeurIPS does not require releasing code, the conference does require all submis-
sions to provide some reasonable avenue for reproducibility, which may depend on the
nature of the contribution. For example
(a) If the contribution is primarily a new algorithm, the paper should make it clear how

to reproduce that algorithm.
(b) If the contribution is primarily a new model architecture, the paper should describe

the architecture clearly and fully.
(c) If the contribution is a new model (e.g., a large language model), then there should

either be a way to access this model for reproducing the results or a way to reproduce
the model (e.g., with an open-source dataset or instructions for how to construct
the dataset).

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

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 plan to release the code, datasets, and pre-trained models with sufficient
instructions to faithfully reproduce our results.

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 URLs 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: Experimental setups are described in Section 4.1 of the main text and Section
E.1 of the Supplementary Material, with detailed algorithmic procedures provided in the
Supplementary Material.

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.

7. 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: [No]

Justification: Our experiments do not include significance experiments and therefore do not
take into account statistical error information.

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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• 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.

8. 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: We provide the computer resources information in Section E.1.

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).

9. 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: The research is consistent in all respects 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).

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

Answer: [Yes]

Justification: We discuss the significance of algorithms for the real world in the Introduction
section.

Guidelines:

• The answer NA means that there is no societal impact of the work performed.
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• 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).

11. 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: Inapplicable
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.

12. 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: All codes and datasets used in this work are publicly available for research
purposes.
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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• 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.

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

Answer: [Yes]

Justification: New assets are well documented.

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.

14. 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: Inapplicable

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.

15. 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: Inapplicable

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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• 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
applicable), 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: Inapplicable
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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A Related Work

Federated learning needs to be performed without exchanging raw data in order to protect the privacy
of all participants [35, 36, 37]. This paper focuses on federated learning in non-IID scenarios, which is
the case where the distribution of data is heterogeneous on distributed clients. As a pioneering work on
federated learning, FedAvg [19] joins distributed data for training by communicating model updates
to achieve the target that several nodes co-train the global model. However, it leads to performance
degradation in scenarios where data distributions have a large variance, which is used to process
non-IID data [38, 39]. There are a number of works [40, 41, 42, 43, 44] that have been proposed
to tackle the impact of data heterogeneity on federated learning. SCAFFOLD [21] introduces a
method for controlling local updates by utilizing variance reduction techniques on client-side updates
to overcome the effects of client drift. Similar ideas for controlling client-side updates have been
adopted by various works, e.g., FedProx [20] controls the divergence between the local and global
models by proposing a proximal regularization term to minimize the difference of the local model
and the global model, FedDyn [45] employs a similar technique. MOON [28] makes each local
update process not to deviate too far from the global model through contrastive learning. FedPVR
[29] corrects for client updates by variance control at the end of the local models. Above and other
works [46, 47, 48] control the direction of client-side optimization by enshrining global information
as the norm, which produces a hard consensus that limits the preservation of local features that may
be beneficial to the final model. And, there is also a lack of consideration of the balance between the
global and local features.

B Discussions

B.1 More Discussion of Multiple Path
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Figure 7: An illustration of the difference between
the proposed multiple paths method and other ways
of training neural networks.

Under the concept of solution path, an intuitive
illustration in Figure 7 shows the difference be-
tween the proposed multiple paths method and
other ways of training neural networks. Many
federated learning methods use the following
approaches in the process of local updating. For
a classical neural network as shown in Figure 7a,
it is necessary to accept an input and make the
neural network generate an output that is as close
as possible to the expected value with the guid-
ance of the loss function. There is only one
solution path in this training approach, which is
to adjust the parameters of the network to a more
optimal value based on the current inputs and
outputs of the network. For the network with
contrastive learning as shown in Figure 7b, a
group of inputs need to be accepted and positive
and negative pairs need to be defined in order to
bring the representations of the positive pairs closer and pull the representations of the negative pairs
farther away. The solution path in this approach can be considered as the guidance for optimizing the
network by data similarity, and there is still only one solution path. For the knowledge distillation
as shown in Figure 7c, it is required to use a pair of networks, which includes a student network
and a teacher network, that receive the same inputs and use the output of the teacher network as a
criterion for tuning the parameters of the student network. This approach employs the information
provided by the teacher network as the additional knowledge for the solution path of the network
parameters optimizing, which is similar to contrastive learning, also with only one solution path,
although it looks like two. The proposed multiple paths solving as shown in Figure 7d is similar to the
knowledge distillation method in that two different networks receive the same inputs, however, the
difference is that the two networks with different paths are solving for the same objective at the same
time. By sharing the projection Ψ(·) and the same loss function, the two networks are ensured to be
in a unified solution space in the latent space, which thus ensures that they have the same solution
target. The multiple solution paths can be different mappings or different mapping preferences. This
approach can be described as All roads lead to Rome. We use different mapping preferences as two

22



different solution paths, because there are two completely different feature tendencies in federated
learning, i.e., global features and local features. Therefore, multiple paths solving is very suitable for
federated learning.

B.2 Discussion about the Swapping Strategy

In this paper, we propose a multiple paths solving approach for federated learning, and a swapping
strategy is used in order to obtain more reliable solution paths. This subsection discusses the
performance risk and privacy risk of the swapping strategy.

Performance risk The swapping strategy requires additional model parameters processing and
introduces additional communication costs. This increases the computational and communication
consumption of the federated learning system. Therefore, to mitigate this performance risk, we
propose a multiple paths data adaptation mechanism in the paper. This mechanism converts the
solving of the task network into the adaptation of data, reducing the number of model parameters that
need to be exchanged.

Privacy risk The risk of privacy leakage that may result from the swapping strategy is explained
here. Other clients would receive a model of some client from the server when the swap occurs,
which may raise the privacy leakage of the original training data. Moreover, during the transmission
of the models, there is also the possibility of information leakage due to unreliable communication
links. But, there are still possible solutions to the above privacy risks. Since the execution party
of the swapping strategy is the server, for the models that are distributed, the each client receives a
model that is usually from a random client, and the model has been trained by several clients before it
is distributed to the current client, which make it difficult to infer the gradient and personalization
information of a specific client. Hence, it increases the difficulty of the privacy attack. In addition,
each round of model assignment is randomized, which leads to difficulty in tracking the flow of
specific models, which further protects client privacy. By applying differential privacy technique
[49, 50] to the transmitted data, the protection of privacy can be obtained even further.

C Algorithm Details

We present the complete algorithmic workflow of the proposed FedMP in Algorithm 1. Algorithm
2 provides the detailed client-side optimization workflow implemented in Algorithm 1. And, we
summarize all symbols used in the paper in Table 4.

Symbol Meaning
Dp The dataset of the p-th client, which is a subset of the global data
∥ · ∥ The number of elements in a set
θ̂ Global model parameters
θp Model parameters on the p-th client
Xi

p The i-th data sample of the p-th client
L(l)
p The loss function for the local solution path on the p-th client
L(g)
p The loss function for the global solution path on the p-th client

γ The path balancing hyperparameter, used to balance the influence between local and global paths
Φ

(l)
p (·) The mapping of the local solution path on the p-th client

Φ
(g)
p (·) The mapping of the global solution path on the p-th client

Ψp(·) The shared projection on the p-th client
ϕrp The model used by the p-th client in the r-th communication round to approximate Φ

(l)
p (·)

ψp The model used by the p-th client to approximate the projection Ψp(·)
pr

′
A random sample of client indices that participated in the previous round of training

Ωp(·) The task network on the p-th client
τ
(l),i
p The adapted data generated on the p-th client of the i-th data sample through the local path mapping
τ
(g),i
p The adapted data generated on the p-th client of the i-th data sample through the global path mapping

Table 4: List of symbols and their meanings.
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Algorithm 1 Federated Learning Framework with Multiple Paths (FedMP)
Input: The number of communication roundR, The number of initial training roundRit, The number
of balance round B, the number of local epochs E, hyperparameter γ, the learning rate η and the
number of selected clients K per round.
Output: The global model Θ = {Ψ,Ω,Φ}.

1: Server:
2: Initialize the weights ψ0, ω0 and ϕ0 of Ψ, Ω and Φ, respectively;
3: for r = 1→ R do
4: C ← (Randomly selects K clients);
5: for p-th client ∈ C do
6: if r ≤ Rit then
7: ψr

p, ω
r
p, ϕ

r
p ← Client(p, r, ψr−1, ωr−1, ϕr−1);

8: else
9: {ϕ(l);ψr

p} ← out_queue(Mr−1);
10: if r%B == 0 then
11: {ϕ(l);ψr

p} ← {ϕr−1, ψr−1};
12: end if
13: ψr

p, ϕ
r
p ← Client(p, r, ψr

p, ϕ
(l), ϕr−1);

14: ωr
p ← ωr−1;

15: end if
16: end for
17: Press ∪p∈C{ϕrp;ψr

p} into queueMr;

18: {ψr;ωr;ϕr} ←
∑

p∈C
|Dp|∑

p∈C |Dp|{ψ
r
p;ω

r
p;ϕ

r
p};

19: end for
20: return The global model Θ = {Ψ,Ω,Φ}.

Algorithm 2 The Client Updates for FedMP
Input: The index of client p, the current round number r, the downloaded models S1, S2, S3 and the
hyperparameters of Algorithm 1.
Output: The local updated model Θp.

1: Client(p, r, S1, S2, S3):
2: if r ≤ Rit then
3: ψr

p, ω
r
p, ϕ

r
p ← S1, S2, S3;

4: else
5: ψr

p, ϕ
(l),r
p , ϕ

(g),r
p ← S1, S2, S3;

6: end if
7: for e = 1→ E do
8: for each batch B ∈ Dp do
9: if r ≤ Rit then

10: L ← Eq. (9) with B;
11: Θp : {ψr

p;ω
r
p;ϕ

r
p} ← {ψr

p;ω
r
p;ϕ

r
p} − η∇L;

12: else
13: L ← Eq. (8) with B;
14: Θp : {ψr

p;ϕ
(l),r
p ;ϕ

(g),r
p } ← {ψr

p;ϕ
(l),r
p ;ϕ

(g),r
p } − η∇L;

15: end if
16: end for
17: end for
18: return The local updated model Θp.
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D Proof of Theorem 1

In this section, we provide a convergence analysis of the proposed FedMP. First, some assumptions
are introduced to help complete the following theoretical analysis.

Assumption 1. For any p ∈ [P ], local loss function for local solution path L(l)
p and local loss

function for global solution path L(g)
p are L-smooth with respect to Θ. For ∀ Θ and Θ′, the following

inequalities hold:

∥∇L(l)
p (Θ)−∇L(l)

p (Θ′)∥ ≤ L1∥Θ−Θ′∥, (17)

∥∇L(g)
p (Θ)−∇L(g)

p (Θ′)∥ ≤ L2∥Θ−Θ′∥, (18)

where L1 and L2 are Lipschitz constants.
Assumption 2. The upper bound on the variances of the local gradient to the aggregated mean can
be given as follows

1

P

P∑
p=1

∥∇L(l)
p (Θ)−∇L(l)(Θ)∥2 ≤ δ2L, (19)

1

P

P∑
p=1

∥∇L(g)
p (Θ)−∇L(g)(Θ)∥2 ≤ δ2G, (20)

where δL and δG are the constants.

Since the loss functions depend on the visible data, and the use of the swapping strategy results in the
equivalent of extending the gradient from the sampling data, we here set the step size of r to the B
communication rounds. Since only random clients are activated in each communication round, we
need to introduce the following lemmas before deriving the convergence analysis.
Lemma 1. If Assumption 2 holds, the upper bound on the variances of the local gradient from the
random clients to the aggregated mean can be given as follows

ECr

∥ 1
K

∑
p∈Cr

∇Lp(Θ
r)−∇L(Θr)∥2

 ≤ 2(P −K)

K(P − 1)

(
δ2L + γ2δ2G

)
, (21)

where Cr is the selected clients set of the r-th round of communication.

Proof. First, we give the following equation

ECr

∥ 1
K

∑
p∈Cr

∇Lp(Θ
r)−∇L(Θr)∥2


=ECr

∥ 1
K

∑
p∈Cr

(∇Lp(Θ
r)−∇L(Θr)) ∥2


=

1

K2
ECr

∥∑
p∈Cr

(∇Lp(Θ
r)−∇L(Θr)) ∥2


=

1

K2
ECr

∑
p∈Cr

∥∇Lp(Θ
r)−∇L(Θr)∥2

+
∑
p∈Cr

∑
p′∈Cr,p̸=p′

⟨∇Lp(Θ
r)−∇L(Θr),∇Lp′(Θr)−∇L(Θr)⟩

 .

(22)

Considering that in each communication round, each client is selected with equal probability, the
selection probability terms for the two terms in Equation 22 are K

P and K(K−1)
P (P−1) . Moreover, due to

25



L(Θ) = 1
P

∑P
p=1 Lp(Θ), the following equation holds:

∥ 1
P

P∑
p=1

∇Lp(Θ)−∇L(Θ)∥2

=
1

P

P∑
p=1

∥∇Lp(Θ)−∇L(Θ)∥2

+
1

P

P∑
p=1

∑
p ̸=p′

⟨∇Lp(Θ)−∇L(Θ),∇Lp′(Θ)−∇L(Θ)⟩

=0.

(23)

So that,

P∑
p=1

∥∇Lp(Θ)−∇L(Θ)∥2 = −
P∑

p=1

∑
p ̸=p′

⟨∇Lp(Θ)−∇L(Θ),∇Lp′(Θ)−∇L(Θ)⟩ . (24)

Therefore, the following formula can be derived

ECr

∥ 1
K

∑
p∈Cr

∇Lp(Θ
r)−∇L(Θr)∥2


=

1

K2

[
K

P

P∑
p=1

∥∇Lp(Θ
r)−∇L(Θr)∥2

+
K(K − 1)

P (P − 1)

P∑
p=1

∑
p ̸=p′

⟨∇Lp(Θ
r)−∇L(Θr),∇Lp′(Θr)−∇L(Θr)⟩


=

P −K
KP (P − 1)

P∑
p=1

∥∇Lp(Θ
r)−∇L(Θr)∥2

=
P −K
K(P − 1)

1

P

P∑
p=1

∥∇L(l)
p (Θr) + γ∇L(g)

p (Θr)−∇L(l)(Θr)− γ∇L(g)(Θr)∥2

≤ P −K
K(P − 1)

1

P

P∑
p=1

[
2∥∇L(l)

p (Θr)−∇L(l)(Θr)∥2 + 2γ2∥∇L(g)
p (Θr)−∇L(g)(Θr)∥2

]
≤2(P −K)

K(P − 1)

(
δ2L + γ2δ2G

)
.

(25)

Lemma 2. If learning rate η ≤ 1

2EB
√

L2
1+γ2L2

2

and Assumption 1 holds, it can be derived that

1

EB

EB−1∑
e=0

∥Θr
p,e −Θr∥2 ≤ 8E2B2η2∥Lp(Θ

r)∥2, (26)

where Θr
p,e means the e-th stage in r-th communication round at p-th client, and Θr

p,0 = Θr

Proof. To begin with, we need to introduce the following inequality

(a+ b)2 ≤ (1 +
1

c
)a2 + (1 + c)b2, (27)
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where c > 0 is a positive number. Equation 27 can be easily proved by

a2 + 2ab+ b2 ≤a2 + 1

c
a2 + b2 + cb2,

⇓

0 ≤1

c
a2 + cb2 − 2ab,

⇓

0 ≤(
√

1

c
a−
√
cb)2.

(28)

In each update stage, we can represent the process of updating as Θr
p,e = Θr

p,e−1 − η∇L(Θr
p,e−1).

Therefore, based on the above, we can derive the following equation

∥Θr
p,e −Θr∥2

=∥Θr
p,e−1 − η∇L(Θr

p,e−1)−Θr∥2

=∥Θr
p,e−1 − η∇L(Θr

p,e−1) + η∇Lp(Θ
r)− η∇Lp(Θ

r)−Θr∥2

≤(1 + 1

EB
)∥Θr

p,e−1 − η∇Lp(Θ
r)−Θr∥2

+ (1 + EB)∥η∇Lp(Θ
r)− η∇L(Θr

p,e−1)∥2

≤(1 + 1

EB
)

[
(1 +

1

2EB
)∥Θr

p,e−1 −Θr∥2 + (1 + 2EB)∥η∇Lp(Θ
r)∥2

]
+ (1 + EB)

[
2η2∥∇L(l)

p (Θr)−∇L(l)
p (Θr

p,e−1)∥2

+2η2γ2∥∇L(g)
p (Θr)−∇L(g)

p (Θr
p,e−1)∥2

]
≤(1 + 1

EB
)(1 +

1

2EB
+ 2EBη2L2

1 + 2EBη2γ2L2
2)∥Θr

p,e−1 −Θr∥2

+ (1 +
1

EB
)(1 +

1

2EB
)η2∥∇Lp(Θ

r)∥2.

(29)

When η ≤ 1

2EB
√

L2
1+γ2L2

2

, the above equation can be written as

∥Θr
p,e −Θr∥2

≤(1 + 1

EB
)2∥Θr

p,e−1 −Θr∥2 + (1 +
1

EB
)(1 +

1

2EB
)η2∥∇Lp(Θ

r)∥2

≤
e−1∑
i=0

(1 +
1

EB
)2i+1(1 + 2EB)η2∥∇Lp(Θ

r)∥2

=(1 + 2EB)η2∥∇Lp(Θ
r)∥2

(1 + 1
EB )2e+1 − (1 + 1

EB )

(1 + 1
EB )2 − 1

≤(1 + 2EB)η2∥∇Lp(Θ
r)∥2

(1 + 1
EB )2e+1

2
EB + 1

E2B2

=E2B2(1 +
1

EB
)2e+1η2∥∇Lp(Θ

r)∥2

=EB(1 + EB)(1 +
1

EB
)2eη2∥∇Lp(Θ

r)∥2.

(30)
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Therefore, we can derive that

1

EB

EB−1∑
e=0

∥Θr
p,e −Θr∥2 ≤EB(1 + EB)η2∥∇Lp(Θ

r)∥2 1

EB

EB−1∑
e=0

(1 +
1

EB
)2e

≤(1 + EB)η2∥∇Lp(Θ
r)∥2

(1 + 1
EB )2e − 1

2
EB + 1

E2B2

≤E
2B2(1 + EB)

2EB + 1
η2∥∇Lp(Θ

r)∥2(1 + 1

EB
)2EB

≤EB(1 + EB)

2
η2∥∇Lp(Θ

r)∥2(1 + 1

EB
)2EB

≤E2B2η2∥∇Lp(Θ
r)∥2 lim

EB→∞
(1 +

1

EB
)2EB

≤8E2B2η2∥∇Lp(Θ
r)∥2.

(31)

Theorem 1. Suppose Assumption 1 and 2 hold, the convergence property of the proposed method
can be described by

1

R

R−1∑
r=0

E
[
∥∇L(Θr)∥2

]
≤ ϵ, (32)

where ϵ = E[L(Θ0)−L(ΘR)]
HR + S, and

H =
ηEB

2

[
1− 2ηEB(L1 + γL2)− 32η2E2B2(L1 + γL2)

2

−64η3E3B3(L1 + γL2)
3
]
,

(33)

S =

[
ηEB

2
+ η2E2B2(L1 + γL2)

] [
64η2E2B2(L1 + γL2)

2 +
4

K

]
P −K
P − 1

(δ2L + γ2δ2G).

(34)

From Theorem Theorem 1 we can know that the proposed FedMP can reach the convergence with
appropriate hyperparameters choices.

Proof. First of all, based on the above lemmas and assumptions, we can derive the following equations

Θr+1 =
1

K

∑
p∈Cr

Θr
p,EB

=
1

K

∑
p∈Cr

[
Θr − η

EB−1∑
e=0

∇Lp(Θ
r
p,e)

]

=Θr − ηEB

EBK

∑
p∈Cr

EB−1∑
e=0

∇Lp(Θ
r
p,e) = Θr − ηEBGr,

(35)

and
∥∇L(Θ)−∇L(Θ′)∥

=∥ 1
P

P∑
p=1

∇Lp(Θ)− 1

P

P∑
p=1

∇Lp(Θ
′)∥

=
1

P

P∑
p=1

∥∇L(l)
p (Θ) + γ∇L(g)

p (Θ)−∇L(l)
p (Θ′)− γ∇L(g)

p (Θ′)∥

≤(L1 + γL2)∥Θ−Θ′∥.

(36)
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Furthermore, Equation 36 can also be written as the second-order Taylor expansion form

L(Θ) ≤ L(Θ′) + ⟨Θ−Θ′,∇L(Θ′)⟩+ L1 + γL2

2
∥Θ−Θ′∥2. (37)

Hence, the upper bound of global optimization objective for each round can be derived as

ECr

[
L(Θr+1)− L(Θr)

]
≤ECr

[〈
Θr+1 −Θr,∇L(Θr)

〉]
+
L1 + γL2

2
ECr

[
∥Θr+1 −Θr∥2

]
=ηEBECr [⟨−Gr,∇L(Θr)⟩] + L1 + γL2

2
ECr

[
∥Gr∥2

]
η2E2B2

=ηEBECr [⟨∇L(Θr)− Gr −∇L(Θr),∇L(Θr)⟩]

+
η2E2B2(L1 + γL2)

2
ECr

[
∥Gr∥2

]
=− ηEBECr

[
∥∇L(Θr)∥2

]
− ηEBECr [⟨Gr −∇L(Θr),∇L(Θr)⟩]

+
η2E2B2(L1 + γL2)

2
ECr

[
∥Gr∥2

]
≤− ηEB

2
ECr

[
∥∇L(Θr)∥2

]
+
ηEB

2
ECr

[
∥Gr −∇L(Θr)∥2

]
+
η2E2B2(L1 + γL2)

2
ECr

[
∥Gr −∇L(Θr) +∇L(Θr)∥2

]
≤− ηEB

2
[1− 2ηEB(L1 + γL2)]ECr

[
∥∇L(Θr)∥2

]
+

[
ηEB

2
+ η2E2B2(L1 + γL2)

]
ECr

[
∥Gr −∇L(Θr)∥2

]
,

(38)

here, ECr

[
∥Gr −∇L(Θr)∥2

]
can be written as

ECr

[
∥Gr −∇L(Θr)∥2

]
=ECr

∥ 1

EBK

∑
p∈Cr

EB−1∑
e=0

∇Lp(Θ
r
p,e)−

1

EBK

∑
p∈Cr

EB−1∑
e=0

∇Lp(Θ
r)

+
1

EBK

∑
p∈Cr

EB−1∑
e=0

∇Lp(Θ
r)−∇L(Θr)∥2


≤2ECr

∥ 1

EBK

∑
p∈Cr

EB−1∑
e=0

(∇Lp(Θ
r
p,e)−∇Lp(Θ

r))∥2


+ 2ECr

∥ 1
K

∑
p∈Cr

∇Lp(Θ
r)−∇L(Θr)∥2


≤2ECr

 1

K

∑
p∈Cr

1

EB

EB−1∑
e=0

(L1 + γL2)
2∥Θr

p,e −Θr∥2


+ 2ECr

∥ 1
K

∑
p∈Cr

∇Lp(Θ
r)−∇L(Θr)∥2


≤16E2B2η2(L1 + γL2)

2ECr

 1

K

∑
p∈Cr

∥∇Lp(Θ
r)∥2

+
4(P −K)

K(P − 1)

(
δ2L + γ2δ2G

)

(39)
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≤16E2B2η2(L1 + γL2)
2ECr

 1

K

∑
p∈Cr

∥∇Lp(Θ
r)−∇L(Θr) +∇L(Θr)∥2


+

4(P −K)

K(P − 1)

(
δ2L + γ2δ2G

)
≤32E2B2η2(L1 + γL2)

2ECr

[
∥∇L(Θr)∥2

]
+

[
64E2B2η2(L1 + γL2)

2 +
4

K

]
(P −K)

(P − 1)

(
δ2L + γ2δ2G

)
.

Therefore, Equation 38 can be written as

ECr

[
L(Θr+1)− L(Θr)

]
≤− ηEB

2

[
1− 2ηEB(L1 + γL2)− 32E2B2η2(L1 + γL2)

2

−64E3B3η3(L1 + γL2)
3
]
ECr

[
∥∇L(Θr)∥2

]
+

[
ηEB

2
+ η2E2B2(L1 + γL2)

] [
64E2B2η2(L1 + γL2)

2 +
4

K

]
(P −K)

(P − 1)

(
δ2L + γ2δ2G

)
.

(40)

We let

H =
ηEB

2

[
1− 2ηEB(L1 + γL2)− 32η2E2B2(L1 + γL2)

2

−64η3E3B3(L1 + γL2)
3
]
,

(41)

and

S =

[
ηEB

2
+ η2E2B2(L1 + γL2)

] [
64η2E2B2(L1 + γL2)

2 +
4

K

]
P −K
P − 1

(δ2L + γ2δ2G).

(42)

So Equation 40 can be written as

ECr

[
L(Θr+1)− L(Θr)

]
≤ −HECr

[
∥∇L(Θr)∥2

]
+ S. (43)

When summing over all communication rounds, Equation 43 can be expanded as

1

R

R−1∑
r=0

E
[
∥∇L(Θr)∥2

]
≤ E[L(Θ0)− L(ΘR)]

HR
+ S. (44)

E Supplementary Experiments

E.1 Training Setup

The distributions of the train set labels on each client under different levels of data heterogeneity are
visualized in Figure 8. The partitioned train sets are placed on the clients and the test sets are placed
on the server for testing the global model.

Other settings: ResNet-18 [51] is used for the experiments. We implemented the proposed method
using PyTorch 1.12, and deployed it on a machine configured with AMD R9 5900X, 64GB memory,
and Nvidia RTX3090. For the CIFAR-10 and CIFAR-100 datasets, we train in a system with 20
clients and the batch sizes of the data are set to 128 and 64, respectively. For the Flowers102 dataset,
we use a system with 10 clients and the batch size of the data is set to 64. 50% of the clients are
chosen in each round for training and aggregation, and the number of local epochs E is set to 5.
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(a) CIFAR-10, α = 0.3
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(b) CIFAR-10, α = 0.5
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(c) CIFAR-10, α = 1.0
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(d) CIFAR-100, α = 0.3
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(e) CIFAR-100, α = 0.5
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(f) CIFAR-100, α = 1.0
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(g) Flowers102, α = 0.3
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(h) Flowers102, α = 0.5
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(i) Flowers102, α = 1.0

Figure 8: An illustration for the distributions of labels in the train set at each client. The above
figures are obtained under three heterogeneous levels on the CIFAR-10, CIFAR-100 and Flowers102
datasets, respectively.

We set the balance round B to 5, for the CIFAR-10 dataset we set the initial training round Rit to
5, and for the CIFAR-100 and Flowers102 datasets we set the initial training round Rit to 10. To
speed up the initialization progress, we constrain the Lipschitz smoothness for the initial model. The
hyperparameter γ is set to 0.1, and SGD optimizer with learning rate η = 0.05 is used. The main
components of the network are listed in Table 5, where ConvT means the transposed convolution
operator, i.e. Deconvolutional Networks [52]. Under the above settings, we run the proposed method
to generate the final results.

E.2 More Results

In order to verify that whether the proposed method works properly, we output the test accuracies of
the global model produced by FedMP during the training process and show it in Figure 9 with the
results of the comparative methods. It can be seen that the proposed method can make the global
model output a more stable test accuracy after a period of training. Moreover, the proposed method
can achieve the higher classification accuracies than the other comparative methods.

The results for more clients are displayed in Figure 10. Similar to the results of Client 1, the models
obtained via the multiple paths solving approach are able to obtain better accuracy on the data at
other clients, which demonstrates that the multiple paths solving approach is effective in preserving
global information and reaching a soft consensus between the global and the local.
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(a) CIFAR-10, α = 0.3

1 10 20 30 40 50 60 70 80 90 10
0

Training Process (%)

10

20

30

40

50

60

70

80

90

C
la

ss
ifi

ca
tio

n 
AC

C
 (%

)
FedAvg
FedProx
SCAFFOLD
FedNova
FedDF
MOON
FedASAM
FedPVR
FedUCS
FedMP

(b) CIFAR-10, α = 0.5
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(c) CIFAR-10, α = 1.0
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(d) CIFAR-100, α = 0.3
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(e) CIFAR-100, α = 0.5
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(f) CIFAR-100, α = 1.0
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(g) Flowers102, α = 0.3
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(h) Flowers102, α = 0.5
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(i) Flowers102, α = 1.0

Figure 9: Classification accuracy curves of the global model on the test set with the training process.
It can be seen that the proposed method is able to converge on all dataset settings.
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Table 5: Network architecture for three test datasets. The gray background represents the parameters
that need to be communicated.

(a) Network architecture for CIFAR-10.

Layer / Kernel / Stride Output shape # Params
Path-local Path-global - -

ConvT / 3×3 / 3 ConvT / 3×3 / 3 64×96×96 1.7k×2
ConvT / 34×34 / 2 ConvT / 34×34 / 2 3×224×224 0.2M×2

ResNet-18 / - / - 1,000 11.7M
FC / - / - 100 0.1M
FC / - / - 10 1k

(b) Network architecture for CIFAR-100.

Layer / Kernel / Stride Output shape # Params
Path-local Path-global - -

ConvT / 3×3 / 3 ConvT / 3×3 / 3 64×96×96 1.7k×2
ConvT / 34×34 / 2 ConvT / 34×34 / 2 3×224×224 0.2M×2

ResNet-18 / - / - 1,000 11.7M
FC / - / - 100 0.1M
FC / - / - 100 10k

(c) Network architecture for Flowers102.

Layer / Kernel / Stride Output shape # Params
Path-local Path-global - -

Conv / 3×3 / 1 Conv / 3×3 / 1 64×222×222 1.7k×2
ConvT / 3×3 / 1 ConvT / 3×3 / 1 3×224×224 1.7k×2

ResNet-18 / - / - 1,000 11.7M
FC / - / - 100 0.1M
FC / - / - 102 10.2k

We show the detailed results on CIFAR-100 in Figure 11. The curves represent the performance
of the models achieved on the local dataset after each communication round of local training and
global aggregation in turn during the training process. The fluctuation of the curves represents the
characteristic that the model oscillates between global and local features during the federated training
process. After local training, the local features dominate and thus, the performance on the local
dataset is improved. Whereas, after aggregation, global features gain dominance and hence, the
performance on the local dataset decreases. The curve of using the multiple paths solving approach
has less fluctuation because the model obtained with it seeks consensus among global and local
features at the local training stage, therefore, although it cannot fit the current dataset better, after
aggregation, the model obtained will not lose too much local knowledge because the local training
on other clients also takes into account the reaching of consensus. Models trained by multiple paths
solving methods have smaller training fluctuations, which means that there is less feature struggle
during training and the federated process will be able to perform more efficiently. Using the correct
multiple paths can help the local model to reduce the vanishing of local features and keep more global
features.

E.3 FedMP with Full Multiple Paths

Here, instead of using the communication cost reduction method proposed in Section 2.4 of the
main body, we use a multiple paths solving method for the complete task network. We use the
complete task network here as the mapping with global feature preferences and the mapping with
local feature preferences, respectively, and use the same shared projection as in the experiments in
the main text to motivate a soft consensus. The network structure is shown in Table 6. We show the
classification accuracy results in Table 7 along with the results in the main text. It can be seen that
the results obtained are further improved after using the full multiple paths (FedMP-F). However,
the penalty for this enhancement would be a higher communication cost, and we believe that the
small amount of performance degradation associated with the reduction in communication cost is
acceptable. Therefore, there is flexibility to trade-off between the two approaches depending on the
requirements.
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(a) Local model of Client 2
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(b) Local model of Client 3
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(c) Local model of Client 4
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(d) Local model of Client 5
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(e) Local model of Client 6

Client ID 
of Data

ACC (%)

0

20

40

60

80

100
1

2

3

4

5

6

7

8

9

10

Multiple paths Single path

(f) Local model of Client 7
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(g) Local model of Client 8
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(h) Local model of Client 9

Client ID 
of Data

ACC (%)

0

20

40

60

80

100
1

2

3

4

5

6

7

8

9

10

Multiple paths Single path

(i) Local model of Client 10

Figure 10: Classification accuracies of each local models on the data in different clients. The local
model trained by the multiple paths is able to achieve better performance on the data of other clients.

Table 6: Network architecture of FedMP-F. The gray background represents the parameters that need
to be communicated.

Layer / Kernel / Stride Output shape # Params
Path-local Path-global - -

ResNet-18 / - / - ResNet-18 / - / - 1,000 11.7M×2
FC / - / - 100 0.1M
FC / - / - 10 / 100 1k / 10k
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Figure 11: Accuracy curves of the models. The two sides of the horizontal axis ticks are the
classification accuracies of the local trained and global aggregated models on the data of current
client, respectively. The multiple paths approach achieves less performance degradation and softer
fluctuations, with slighter vanishing of local features.

Table 7: The results of CIFARs datasets for all methods. Bold and underlined results are the best and
the second best.

Method CIFAR-10 CIFAR-100
α=0.3 α=0.5 α=1.0 α=0.3 α=0.5 α=1.0

FedAvg 80.66 83.34 87.46 57.25 59.13 61.34
FedProx 81.16 83.67 88.04 56.37 57.77 62.36

SCAFFOLD 80.60 86.08 87.66 58.65 60.96 61.81
FedNova 83.41 84.93 86.41 55.46 55.02 56.67
FedDF 78.70 76.95 88.65 52.82 52.46 59.32
MOON 82.47 85.46 87.83 57.52 59.30 62.85

FedASAM 68.98 71.59 74.44 46.84 47.91 48.52
FedPVR 84.65 85.73 87.86 59.32 60.89 62.75
FedUCS 83.61 87.79 89.43 62.19 63.24 64.28
FedMP 85.37 88.96 88.31 61.43 62.04 62.95

FedMP-F 86.92 88.10 90.34 63.64 65.10 65.39

E.4 Running Time

The running time of all methods is shown in Figure 12. For the proposed method, full multiple paths
solving method is adopted to obtain a fairer comparison. Even when the proposed method adopts the
multiple paths solving method, it can still achieve better performance at the cost of a small increase
in running time. We believe that this cost is worth it.
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Figure 12: Running time of different methods on three datasets.
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