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Abstract

Federated few-shot learning (FedFSL) aims to enable the
clients to obtain personalized generalization models for un-
seen categories with only a small number of referenceable
samples in the distributed collaborative training paradigm.
Most existing FedFSL-related algorithms suffer from domain
bias and feature coupling in the presence of data heterogene-
ity and sample scarcity. In this work, we propose a collabora-
tive feature representation disentanglement (CFRD) scheme
for FedFSL to address these issues. After each client receives
the global aggregation parameters, the original feature repre-
sentation is decoupled into global communal features and lo-
cal personality features with personalized bias representation,
to maintain both global consistency and local relevance in the
first feature representation disentanglement. On the few-shot
metric space about the second feature representation disen-
tanglement, category-independent information is encoded by
class-specific and class-irrelevant reconstructions to separate
the discriminative features. The proposed scheme collabora-
tively accomplishes global domain bias feature disentangle-
ment and local category degradation feature disentanglement
from client-wise and class-wise. Extensive experiments on
three few-shot benchmark datasets conforming to the FedFSL
paradigm demonstrate that our proposed method outperforms
state-of-the-art approaches in both global generality and local
specificity.

Introduction

Federated learning (FL) is to achieve efficient distributed
training among multiple parties or computing nodes while
protecting information security, terminal data and personal
privacy with model parameters or gradients exchange (Li,
He, and Song 2021). Most of the early prevalent FL. meth-
ods are derived from the FedAvg (McMahan et al. 2017),
with the aim of training a global model that performs well
on the majority of clients (Mohri, Sivek, and Suresh 2019).
However, with the development of federated learning theo-
ries and applications, the problems of poor convergence in
high data heterogeneity and lack of personalized solutions
emerge (Tan et al. 2022a; Huang et al. 2023).
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Figure 1: The difference between general federated learning
and federated few-shot learning (FedFSL). In the FedFSL,
the training and testing categories do not overlap in each
client, and the local models are designed to learn from a ex-
tremely small number of labeled samples and make effective
predictions in novel tasks or domains.

Recently, researchers have delved into more robust het-
erogeneous FL in terms of global model personalization and
training personalized local models (Sun et al. 2020). Specif-
ically, the global model personalization mitigates the client
drift problem by reducing statistical heterogeneity between
client data, such as data augmentation (Jeong et al. 2018),
self-balancing data imbalance (Duan et al. 2020), etc. Alter-
natively, client-specific personalization improves the adap-
tive performance to local data by collaboratively learning a



robust global model, such as using a proximal term for local
optimization in FedProx (Li et al. 2020), distribution align-
ment in MOON (Li, He, and Song 2021), sample weight
adjustment in FedNova (Wang et al. 2020), meta-learning
for fast local adaptation in PerFedAvg (Fallah, Mokhtari,
and Ozdaglar 2020), etc. Besides, parameter decoupling for
global and local models (Zhang et al. 2021b, 2023b), and
knowledge distillation for global to local parameters (Zhu,
Hong, and Zhou 2021; Lin et al. 2020) are investigated to
obtain personalized model that is more consistent with local
data distributions.

The above studies achieve encouraging results for person-
alized collaborative training, but the generalizability of the
local models for novel categories is achieved by task-specific
transfer of the global model with strict robustness require-
ment (Zhao et al. 2022). This is extremely difficult for clients
with only a small amount of data, because the tiny percent-
age of data scale makes it difficult to accurately adapt global
parameters in heterogeneity. Consequently, how to enable
the local personalization models to achieve fast generaliza-
tion of unseen categories with only a small number of sam-
ples, is the specific motivation for federated few-shot learn-
ing (FedFSL) (See Figure 1). Most existing FedFSL-related
approaches only focus on personalized federated learning
for different few-shot task-specific adaptations, such as fa-
cial expression recognition (Shome and Kar 2021), model
lightweight (Sun, Yang, and Zhao 2022) and machine fault
diagnosis (Zhang et al. 2021a). While in cases of data het-
erogeneity and sample scarcity, the domain bias and feature
coupling have become the difficulties of FedFSL. In fact,
this mainly stems from the challenges posed by the com-
plexity of the client and category feature spaces. On the one
hand, each client has its own unique local feature space due
to the fact that the data is dispersed across different sources
in FL. On the other hand, the metric network in FSL is to
obtain a more discriminative feature space, such that sam-
ples of the same category are more tightly clustered together,
while samples of different categories are more widely dis-
persed.

Given the above insights, we attempt to collaboratively
implement feature decoupling at both the client-wise and
class-wise, and propose a collaborative feature representa-
tion disentanglement (CFRD). Once each client receives the
global aggregation parameters, the original feature represen-
tation is decoupled into global features and local person-
alized features with individualized bias representations, to
maintain global consistency and local relevance in the first
feature representation decoupling. On the few-shot metric
spaces regarding the second feature representation decou-
pling, the class-relevance reconstruction branch is designed
on the basis of the few-shot branch to separate discriminative
features to realize both class-specific and class-independent
reconstruction. Our contributions can be summarized as fol-
lows:

* We propose the client-wise feature representation disen-
tanglement to perform global domain bias for FedFS, to
achieve a balance between the generality of the global pa-
rameter and the personalization of the local parameters,
thus alleviating the domain bias problem in FedFSL.
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* We propose the class-wise feature representation disen-
tanglement to decouple recognizable features from class-
independent information with class-specific and class-
independent feature separation, which can effectively
solve the category degradation problem in FedFSL sce-
narios.

We validate the effectiveness of FedFSL-CFRD on
prominent FedFSL benchmarks, showing its superiority
and efficiency in feature representation.

Related Work
Personalized Federated Learning

Personalized federated learning (PFL) is to improve perfor-
mance and applicability on non-independently identically-
distributed (non-1ID) data by personalizing each client with
personalized tuning based on the global model or learning
personalized models in the collaborative training process,
aiming to provide a more accurate model for each client
(Wang et al. 2024; Collins et al. 2021). Specifically, meth-
ods for local personalized fine-tuning of the global model
include PerFedAvg (Fallah, Mokhtari, and Ozdaglar 2020),
FedRep (Collins et al. 2021), etc. Approaches for perform-
ing targeted training on the global model to obtain addi-
tional personalized models include pFedMe (T Dinh, Tran,
and Nguyen 2020), Ditto (Li et al. 2021), etc. The work on
obtaining local models with personalized aggregation strate-
gies have FedFomo (Zhang et al. 2021b), Partialfed (Sun
et al. 2021) FedALA (Zhang et al. 2023b), etc.

Few-Shot Learning

Few-shot learning (FSL) refers to the exploration of exist-
ing knowledge (e.g., pre-trained models or meta-learning
methodologies) to enable effective learning and generaliza-
tion of models to novel classes with a small amount of
data (Sung et al. 2018; Sun et al. 2019). The existing re-
lated researches are mainly based on meta-learning (Chen
et al. 2021; Jamal and Qi 2019), transfer learning (Sun et al.
2019; Yu et al. 2020), and metric learning (Vinyals et al.
2016; Snell, Swersky, and Zemel 2017; Sung et al. 2018)
paradigms. There is still relatively little relevant FedFSL re-
search, mainly focusing on the model replacement (Zhao
et al. 2022) or the application of PFL to specific FSL task
adaptation (Shome and Kar 2021; Sun, Yang, and Zhao
2022; Zhang et al. 2021a).

Feature Representation Disentanglement

Feature representation disentanglement aims to decompose
the representation of complex data into mutually indepen-
dent or interpretable features. Existing related researches in
FL mainly focus on decoupling between different clients,
such as feature disentanglement for different modalities
(Chen and Zhang 2024) and global model (Yang et al. 2023).
In terms of FSL, feature disentanglement to obtain knowl-
edge distillation information (Li et al. 2023), to obtain more
discriminative features (Lin et al. 2021; Cheng et al. 2023),
and to improve the quality and diversity of generated sam-
ples (Dang et al. 2024) have been investigated.
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Figure 2: The specific schematic of the FedFSL-CFRD with two components client-wise feature disentanglement and class-wise
feature disentanglement. In the FedFSL-CFRD, the discrimination of encoder class-irrelevance is first realized by decoupling
the global and local feature representations, as shown in the red stream. Then the category decoupling is realized to further
enhance the discrimination of class-relevance, as shown in the green stream.

Methodology
FedFSL-CFRD Framework

In FedFSL, it is assumed that a total of M clients with
their private data D; participate in learning collaboratively,
where D; for each client ¢; consists of the training set Df““
and the test set DI°¢!, For all participating clients, the cat-
egories of the training and test sets do not overlap, i.e.,
(Dbase N Drovel = (). Consistent with the commonly used
episodic training (Qiao et al. 2019; Laenen and Bertinetto
2021) in FSL, DI and Di*s! are composed of multiple
meta-tasks (also known as episodes), where each episode
contains a support set S and a query set Q. In the N-way
K -shot setting, the support set S is composed of K labeled
samples for each of the N randomly selected categories from
the dataset, usually the number of K is very small, while the
query set is composed of a certain number of unlabeled sam-
ples drawn from within these N categories. For each client
¢i, the loss function can be expressed as £; = £(0;;D;),
where 6; represents the local parameters. In FSL, 6; usu-
ally contains a feature encoder parameter Bif and a metric
parameter 0;".

In the general FL, all the participants aim to train col-
laboratively to obtain a global model ¢ with the op-
timization problem: ming E;cpa{Lp,(¢)}. However, in
addition to collaboratively learning for the generalized
global model ¢*, the optimization objective of FedFSL
is also to expect each participating client to obtain the
personalized parameter that is more tailored to the lo-
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cal data distribution in collaborative learning. Therefore,
the optimization problem of FedFSL can be expressed
as: mingg, . 9,1 Eicia{Lp,(0:)}, which aims to ob-
tain the local personalized parameter: {67,...,6%,}

. M
argMillgge g+ 3 Zi:l »Ci(ei; Di)-

The specific schematic of the FedFSL-CFRD with two
components client-wise feature disentanglement and class-
wise feature disentanglement is shown in Figure 2. The over-
all collaborative learning paradigm of FedFSL-CFRD fol-
lows FL, and the local model update follows the episodic
training paradigm of FSL. Overall, in the initialization
phase, the server distributes the FSL model to each client,
usually containing the encoder and metric parameters. Each
client locally trains with one epoch to obtain a local per-
sonalized bias features that matches the distribution of the
respective data, which is then uploaded to the server to ag-
gregate for a global bias feature to coordinate the subse-
quent training of the global and personalized parameters. It
is worth noting that the global and local models do not have
the same structure, the global model ¢ has only encoder
(¢f) and metric (¢™) parameters, while the local model
contains encoder (A7), classifier (6¢), metric (™), and re-
construction (") parameters, where only the metric param-
eters are shared. In the subsequent global communications,
it is actually a two-stage learning process, starting with the
decoupling of global and local features, where encoder and
classifier are used. Then comes the realization of the decou-
pling of the category features, where encoder, metric and



Algorithm 1: FedFSL-CFRD

Input: M: the number of participating clients; D;: local
data for each client ¢;; T": the number of global communi-
cation rounds; F,: the number of epochs; E;: the number
of episodes; N: the number of classes in episodes; K: the
number of labeled samples per category in the support set;
@: the number of unlabeled samples in the query set.
Output: {07, ...,0%,}: personalized FSL parameters; ¢™*:
global FSL parameter.

1: Initialize the local FSL parameters: {6Y, ..., 0%, } < ¢".

2: Initialize the local classifier parameter {657, ..., 05}

. 0 0
and reconstruction parameter {67, ..., 07, }.

: Train the local parameters {Ozf 0.05°} for each client ¢;
based on Eq. (1), and upload the local personalized bias
features {€y,...,€n} .

Server aggregates the global bias feature e

M
ﬁ > im1 i

5: for global communicationroundt =1 to 7" do
6:  Server sends the global parameter ¢ to each client.
7. fori =1, .., M in parallel do
8: Update the qb{"t, Olf’t, 6" based on Eq. (2) with
Eepo epochs.
9: fore =1 to E.p; do
10: Ie+0o({1,.,C},N)
11: for kinI', do
12: Sk« (D}, K).
13: Qi + o(DF\ S, Q).
14: cp = %Z(wi,yi)esk(fd){’t(wi)-'_ ev).
15: end for
16: Update the Gif , 0" and 0] based on Eqgs. (4) and
(5).
17: end for
18:  end for
19:  Server aggregates the global FSL parameter: ¢! =
St ar
20: end for

reconstruction networks are used. The FedFSL-CFRD de-
tailed process is given in Algorithm 1.

Client-Wise Feature Disentanglement

In traditional FL (McMabhan et al. 2017; Li et al. 2020), each
client obtains the feature representation with forward propa-
gation after receiving the global model, i.e., e; := f(x;, ¢;).
However, due to the domain bias caused by heterogeneous
data, the global parameter is not well personalized to appro-
priate the local data. More importantly, since FSL is based
on the episodic training paradigm, it does not necessarily
cover the local data distribution in each communication iter-
ation. Therefore, we decouple the representations obtained
by the feature extractor into global and personalized fea-
tures, i.e., e; := e} + e?, where e and e! are obtained
by the encoder parameters in d){ and Hf , respectively.

In the initialization, after the clients receive the global pa-
rameters (usually containing an encoder ¢/ and a metric net-
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work ¢™), the encoder and metric network of local param-
eters inherits the global parameters (8 <+ ¢°), and initial-
izes the classifier (6 ’0) and discriminator (6 ’0) parameters.
Subsequently, the encoder and the classifier parameters are
trained with D; in one epoch to obtain the personalized bias
features €; := f(D;, ¢){) as follows:

Lp, (9{, 07) = E(a, yi)~, lor(h(f(z:; 95% 0;7),v:)]
1
where {op = — Zgi‘ (y; log ;) is the cross-entropy loss.
After initial training to obtain personalized bias features
{€1,....,en}, all the clients uploads them to the server
for aggregation to obtain the global bias feature € =

ﬁ Zle e;. In the subsequent communication iterations, e
is frozen without further updates.

To maintain the privacy and personalized processing of
client feature information, during the training process, we
only update the personalized bias features locally without
uploading it to the server. In the global communication, the
global and local encoder parameters are decoupled to em-
phasize on general features and client-specific personalized
features, respectively. The loss function is illustrated as:

Lo, (];6],65)

PR )

]E(wivyi)"/Di [é(h(f(:c“ ¢{)

+ eP: ¢

1) 3

),y:)] + ¢lle; —e|?
(2)

where e} = f(x;; 0{ ), ¢ is a hyperparameter that controls
the importance of global bias feature, while €; is updated by:

3)

where p is a momentum hyperparameter that controls the
weight given to the current batch, Ef_l and €! are the aver-
age representation vectors of the previous and current batch,
respectively.

e = (1—pe; " + pej

Class-Wise Feature Disentanglement

The client-wise feature disentanglement only decouples
global and personalized representations for the encoder,
i.e., improves the discriminability of class-irrelevant repre-
sentations. However, due to the data scarcity in FSL, the
impact of class-relevance is crucial in only a small num-
ber of samples for the metric. Taking this cue, we de-
sign the class-wise feature disentanglement branch based
on the few-shot branch, which improves the discriminability
of class-relevance representations with self-reconfiguration
and mutual-reconfiguration.

FSL Branch: We employ the episodic training paradigm
to update the local parameters of FSL branch. It is first nec-
essary to construct multiple episodes from D;. In the N-
way K-shot setting, IV categories are randomly selected
from D;: T < o({1,..,C¢,}, N), where o stands for ran-
dom sampling. Subsequently, K labeled samples are se-
lected from each of these NV categories to compose the sup-
port set (S, J(Df k K)), and ) samples are selected
from the remaining samples in these N categories to form
the query set (Q) <+ U(Dir’“ \ Sk, @)). Then the pro-
totypes for each category in the support set are obtained:



Ck = N Y(wiynes, (fprt (Ti)+ €]). Based on this, the pa-
rameters of the encoder and metric network are updated by
the following loss function:

Lk x,y) er(¢% 79{70ﬂ1)<_

+logZexp f¢f

1

5y @)+
e?).ci))

ef),Ck)
T) +
4)

where d is the metric function that measures the distance
of the extracted representations, commonly known as the
cosine distance in MatchingNet (Vinyals et al. 2016), Eu-
clidean distance in ProtoNet (Snell, Swersky, and Zemel
2017) and relation module in Relation Net (Sung et al.
2018), etc. Here, we use 8] to implement a universal repre-
sentation.

Class-Relevance Reconstruction Branch: Here, we
achieve feature disentanglement fo class-relevance by con-
structing reconstruction and translation loss. To preserve
the feature information and achieve the feature separa-
tion, we use a decoder D to combine for classification
and FSL branches for feature self-reconstruction and class-
reconstruction, where the decoder D is constructed from one
fully connected block and three convolutional blocks. The
specific loss function is as follows:

= 57 Z||f¢f

Liz:yeswon (@]:0],07) =

+’:£:||f¢f

+€2,:L’,||1

+ea:

1

&)

where 6! denotes the parameter of reconstruction network,
L is the number of samples in ¢, || - ||1 is the ¢; norm. &; and
& are the reconstructed features by encoder D for sample
x; and prototype cy.

Specifically, for each episode €, decoder D takes as input
a pair of feature vectors from both branches, one is from an
encoder consists of three convolutional blocks, the other is
from the average pooling layer. It is aim to reconstruct the
original features based on the source of class-related infor-
mation for each sample x;.

Experiments
Experimental Setup

Datasets: To demonstrate the effectiveness of our pro-
posed FedFSL-CFRD, it is implemented in three bench-
mark few-shot datasets, Mini-ImageNet (Vinyals et al.
2016), Tiered-ImageNet (Ren et al. 2018) and CIFAR-FS
(Bertinetto et al. 2018), respectively.

FSL Homogeneous: All the clients have the same cate-
gories in training and test sets, but the training and test cate-
gories do not intersect.

FSL Heterogeneous: Neither the training nor the testing
categories are intersected between clients, and the respective
training and testing samples are also non-overlapping.
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Implementation Details: To ensure the fairness, all
the experiments are implemented on dual-GPU NVIDIA
GeForce RTX 4090, the overall classification accuracy is re-
ported by the benchmark metrics 5-way 1-shot and 5-way
5-shot with 95% confidence intervals. The query samples
in each meta-task is 15. we use the ProtoNet (Snell, Swer-
sky, and Zemel 2017) with ResNet-12 backbone as the base
model for all the FL comparison methods. The number of
channels is [64, 160, 320, 640]. The number of clients M is
set to 10 if nothing else is specified. For local model train-
ing, the initial value of the learning rate is set to 0.001, the
SGD optimizer decay weight is 5e-4, and the momentum
is 0.9. All comparison results are reported in the parame-
ters realized for their best results. For the hyperparameters
in FedFSL-CFRD, we set the £, and F; to 1 and 500, re-
spectively. ¢ and p are set to 1 and 0.1, respectively.

Comparison Results

To verify the superiority of our proposed FedFSL-CFRD,
we chose 9 excellent peers for comparison, namely FedAvg
(McMahan et al. 2017), FedProx (Li et al. 2020), Fed-
Proto (Tan et al. 2022b), PerFedAvg (Fallah, Mokhtari,
and Ozdaglar 2020), pFedMe (T Dinh, Tran, and Nguyen
2020), FedFomo (Zhang et al. 2021b), FedALA (Zhang
et al. 2023b), GPFL (Zhang et al. 2023a), and FedFSL-Adv
(Fan and Huang 2021).

Table 1 gives the comparison results between FedFSL-
CFRD and excellent peers in terms of 5-way 1-shot and 5-
way 5-shot on three benchmark FSL datasets. The exper-
imental results show that FedFSL-CFRD has a significant
advantage both in relatively simple and complex scenarios.
Traditional FL algorithms (such as FedAvg, FedProx) can
achieve decent performance, but there is still a gap com-
pared to PFL algorithms, especially under data heterogene-
ity. For PFL algorithms, most of them are not designed for
FSL scenarios, and thus will perform slightly less well than
FedFSL methods (FedFSL-Adv, FedFSL-CFRD) in general-
izing to novel classes. In contrast to FedFSL-ADV, which is
formulated adversarially to train and optimize the local mod-
els to produce samples that can better represent unseen data
samples, it is equivalent to adding additional training sam-
ples. While FedFSL-CFRD only utilizes the current limited
data for decoupling design in feature representation, and out-
performs FedFSL-ADV which requires additional pseudo-
samples in overall performance by about 1% in both 5-way
1-shot and 5-way 5-shot on three benchmark FSL datasets.

Besides, in addition to the generalizability comparison of
the global model, we also present the convergence of the
client personalized models as shown in Figure 3. It can
be concluded that FedFSL-CFRD achieves stable conver-
gence of the model in fewer communication rounds, which
is largely due to the fact that by decoupling the collaborative
features of the client-wise and the class-wise, it can improve
the discriminative ability for the local data representations
to a certain extent, and thus improve the performance of
the metrics in the scarcity of samples. Therefore, FedFSL-
CFRD is not only superior in few-shot accuracy, but also
capable of being well in convergence.



Mini-ImageNet Tiered-ImageNet CIFAR-FS
Method I-shot |  5-shot I-shot 5-shot I-shot |  5-shot
FSL Homogeneous
FedAvg 51.32+£1.41 | 66.67+2.01 | 55.63+1.27 | 73.72+0.67 | 58.15£0.92 | 71.05%1.51
FedProx 51.71£1.92 | 67.16£1.50 | 56.27+1.31 | 74.02+1.42 | 58.90+1.64 | 71.67+0.97
FedProto 52.39+1.34 | 67.77£2.07 | 56.91£0.91 | 75.35+£0.97 | 59.66+1.33 | 72.14+1.36
PerFedAvg 53.09+£1.36 | 68.40+1.26 | 57.50+1.78 | 75.39+£1.17 | 60.40+1.79 | 72.72+1.00
pFedMe 53.45£1.56 | 69.06+1.29 | 57.99+1.18 | 76.59+1.62 | 60.87+1.23 | 73.59+1.39
FedFomo 54.13£1.97 | 69.66+1.59 | 58.65+1.44 | 77.52+1.27 | 61.38+1.50 | 73.39+1.60
FedALA 56.05+1.53 | 71.36+1.25 | 60.03+1.05 | 78.05+1.36 | 61.97+1.85 | 74.06+1.16
GPFL 56.10+1.74 | 71.41+1.14 | 60.14+1 55 | 78.56+1.48 | 62.58+1.84 | 74.17+1.12
FedFSL-Adv 55.75£1.65 | 70.59+1.64 | 59.88+1.38 | 78.19+1.38 | 62.45+1.75 | 74.02+1.84
FedFSL-CFRD | 56.66+1.52 | 72.15+0.98 | 60.52+1.22 | 78.95+1.28 | 63.00+1.16 | 74.58+0.89
FSL Heterogeneous

FedAvg 50.05£1.68 | 65.09+£1.90 | 53.88+1.41 | 71.25£1.61 | 56.15+£0.84 | 69.96£1.20
FedProx 50.76£1.09 | 65.70+0.80 | 54.26+1.42 | 71.96£1.40 | 56.74+1.57 | 69.99+0.97
FedProto 51.30£1.50 | 66.16+1.57 | 54.51£1.63 | 72.41+1.23 | 57.28+1.30 | 70.42+1.25
PerFedAvg 51.7241.32 | 66.68+0.82 | 55.10+1.26 | 73.17£1.45 | 57.51+£1.72 | 70.02+£1.98
pFedMe 52.04£1.65 | 67.11£1.03 | 55.49+1.51 | 73.59+£1.39 | 57.60+0.88 | 71.29+1.69
FedFomo 52.47%1.35 | 67.77+1.08 | 55.72+1.56 | 74.37+1.60 | 57.83+1.66 | 70.79+0.79
FedALA 52.96+0.96 | 69.64+1.44 | 57.25+1.46 | 75.86+1.70 | 58.96+1.21 | 71.17+1.55
GPFL 53.15+1.52 | 69.53+1.36 | 57.47+1.45 | 76.05+1.03 | 59.21+0.83 | 71.95+1.52
FedFSL-Adv 52.52+1.68 | 69.56+1.86 | 57.34+1.70 | 75.74+1.06 | 58.93+1.18 | 72.00+1.80
FedFSL-CFRD | 53.89+1.06 | 70.42+1.33 | 58.04+1.00 | 76.64+1.24 | 59.36+1.02 | 72.44+0.96

Table 1: The test accuracy (in %) in 5-way 1-shot and 5-way 5-shot on three benchmark FSL datasets.
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Figure 3: The test comparative accuracy (in %) of the local personalized models in the case of 5-way 1-shot (in FSL Homoge-

neous) on the Tiered-ImageNet.
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Mini-ImageNet Tiered-ImageNet
Method I-shot 5-shot I-shot | 5-shot
FSL Homogeneous
Basic 51.32+1.41 | 66.67+2.01 | 55.63+1.27 | 73.72+0.67
Basic+Client-Wise Feature Disentanglement | 51.96+1.75 | 67.02+1.94 | 55.97£1.45 | 73.96£1.53
Basic+Class-Wise Feature Disentanglement | 53.29+1.68 | 69.73+1.64 | 58.06+1.39 | 76.65+1.64
FedFSL-CFRD 56.66+£1.52 | 72.15+0.98 | 60.52+1.22 | 78.95+1.28
FSL Heterogeneous
Basic 50.05£1.68 | 65.09+1.90 | 53.88+1.41 | 71.25+1.61
Basic+Client-Wise Feature Disentanglement | 50.83+1.70 | 66.26£1.83 | 54.46+1.52 | 72.84+£1.75
Basic+Class-Wise Feature Disentanglement | 51.48+1.52 | 68.85+1.79 | 56.75+1.46 | 75.91£1.54
FedFSL-CFRD 53.89+1.06 | 70.42+1.33 | 58.04+£1.00 | 76.64+1.24

Table 2:

The ablation results (in %) in 5-way 1-shot and 5-way 5-shot on Mini-ImageNet and Tiered-ImageNet datasets.
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Figure 4: t-SNE visualization comparison results on the
Mini-ImageNet dataset. (a) Basic; (b) Basic+Client-Wise
Feature Disentanglement; (c) Basic+Class-Wise Feature
Disentanglement; (d) FedFSL-CFRD.

Ablation Study

In ablation experiments, we validate the effectiveness of
the individual components of FedFSL-CFRD on Mini-
ImageNet and Tiered-ImageNet datasets. Table 2 presents

Figure 5: t-SNE visualization comparison results on the
Tiered-ImageNet dataset. (a) Basic; (b) Basic+Client-Wise
Feature Disentanglement; (c) Basic+Class-Wise Feature
Disentanglement; (d) FedFSL-CFRD.

class-irrelevance. By adding the class-wise feature disentan-
glement, the encoder is able to enhance the discrimination
of class-relevance in FedFSL-CFRD.

Mini-ImageNet Tiered-ImageNet

the ablation experiments for designing client-wise and 19000 19000

Class-wise feature disentanglement on the FedFSL frame- -

work, where “Basic” refers to the global global aggregation § 80 ———— 1 3 80 ———— |

based on the ProtoNet (Snell, Swersky, and Zemel 2017) ac- 570 é 70

cording to the FSL paradigm. S 60 e <Lt) e
To make the results more intuitive, Figures 4 and 5 give < 50 50

the t-SNE visualization results of FedFSL-CFRD in both 0 1015 20 5 10 1520

Clients Clients

components and all combined in Mini-ImageNet and Tiered-
ImageNet, respectively. It is straightforward to observe from
the figure that when there is no feature disentanglement, the
basic model does not have discriminative ability for com-
plex features. When cline-wise feature disentanglement is
designed, the encoder is able to discriminate the categories
to a certain extent due to the decoupling of the personal-
ization parameters, but it is limited to the discrimination of
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Figure 6: The effect of the number of participating clients in

FedFSL-CFRD.

Moreover, Figure 6 provides the effect of the number of



participating clients in FedFSL-CFRD. It is worth noting
that the total volume of data is constant, and an increase in
the number of clients reduces the amount of data or the num-
ber of categories each client has, implying an exacerbation
of the heterogeneity problem in the FL paradigm. There-
fore, the performance degradation of homogeneous data is
less obvious than that of heterogeneous data. As the num-
ber of clients increases, the performance of FedFSL-CFRD
decreases slightly but not significantly, due to the fact that
our client-wise feature disentanglement in global general-
ized features and local personalized feature can mitigate the
alleviate the effects of data heterogeneity to a certain extent.

Conclusion

In this work, we presented a novel collaborative feature
representation disentanglement (CFRD) method tailored for
federated few-shot learning (FedFSL) scenarios. Our ap-
proach addresses the key challenges of data heterogeneity
across clients and the scarcity of labeled data within in-
dividual clients by decoupling features at both the client-
wise and class-wise. By distinguishing between global ag-
gregation parameter and local personalized parameter, as
well as class-specific and class-agnostic features, CFRD ef-
fectively enhances the discrimination ability to generalize
across diverse data distributions and quickly adapt to novel
classes. Extensive experiments confirmed the effectiveness
of FedFSL-CFRD.
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