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Abstract—Federated learning (FL) is severely impacted by
model drift under data heterogeneity, manifesting as simulta-
neous feature representation drift and classifier drift across local
clients—a dual challenge that collectively impairs global model
aggregation performance. Current methodologies predominantly
address a singular aspect of this challenge. In pursuit of a com-
prehensive resolution, we introduce a novel framework grounded
in neural collapse theory. Our framework aims at achieving
thorough drift mitigation by decoupling features from classifiers.
We replace cross-entropy loss with hyperspherical uniformity gap
loss in FL frameworks to mitigate classifier bias through data-
agnostic means. Additionally, we reconstruct latent negative label
knowledge distributions using knowledge distillation to ensure
geometric consistency in feature representations across diverse
clients. Extensive experiments validate the effectiveness of the
proposed method in heterogeneous data.

Index Terms—data heterogeneity, neural collapse, knowledge
distillation

I. INTRODUCTION

Federated learning (FL) [1] enables collaborative model
training while preserving data privacy. Canonical FL frame-
works, exemplified by FedAvg [2], excel in performance with
independently and identically distributed (IID) data through
the averaging local model parameters [3]. However, in real-
world settings with non-independent and identically distributed
(Non-1ID) data [4] characterized as data heterogeneity, a
phenomenon known as model drift arises, involving concurrent
feature representation misalignment and classifier discrepancy
within local models. As illustrated empirically in Fig. 1, data
heterogeneity triggers both types of drift, leading to a decline
in global model performance during aggregation.

Contemporary methodologies [5], [6] predominantly con-
centrate on tackling discrete facets of this dual challenge,
resulting in partial and insufficient resolutions. Drawing in-
sights from the neural collapse (NC) theory [7], positing
that adept models gravitate towards equiangular tight frame
(ETF) configurations to enhance feature representation and
classifier alignment, our proposition entails a strategy centered
on segregating feature representation from classifiers to rectify
the shortcomings in extant approaches.

Nevertheless, data heterogeneity in FL fundamentally im-
pedes NC convergence, manifested by classifiers biased toward
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Fig. 1. The experiment utilizes basic FedAvg on the CIFAR-10 dataset,

where s serves as the partitioning parameter regulating data segmentation. A
lower s implies reduced labels per client and heightened data heterogeneity.
(a) With escalating data diversity, the global model’s accuracy diminishes,
accompanied by a decrease in cosine similarity between the global model’s
feature prototypes and classifier weights compared to those of the local model.
(b) The cosine similarity between the global model’s feature prototypes and
classifier weights decreases under Non-IID data conditions at s = 2.

local label distributions and feature representations that neglect
negative label knowledge. This dual impairment is exemplified
when a client possessing only ’cat’ data fails to maintain geo-
metric consistency for absent classes such as ’bird’. Such dual
impairment is challenging to maintain geometric consistency
in clients when confronted with data labels they do not possess.

To address these limitations, we propose a dual strategy
framework that combines the hyperspherical uniformity gap
(HUG) loss [8] with negative label knowledge distillation
(KD). HUG 1loss enhances the resilience of ETF structured
classifiers against data skewness, effectively mitigating clas-
sifier drift caused by Non-IID data distributions. Meanwhile,
KD reconstructs latent negative label distributions to ensure
consistency in cross-client features, effectively addressing fea-
ture representation drift. This unified methodology marks the
inaugural utilization of HUG in decentralized settings, yielding
cutting-edge performance in accuracy and convergence speed.
Code will be made publicly available upon acceptance.

II. RELATED WORK
A. Data Heterogeneity in Federated Learning

To address the critical issue of data heterogeneity in FL, ex-
isting approaches typically involve carefully optimizing local
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Fig. 2. (a) The local label distribution of clients. (b) The negative label
distribution. (c) The accuracy rate of client 3 before and after local training.

models [9] and global models [10]. Building upon FedAvg,
FedProx [11] introduces a proximal term to regularize local
model updates, mitigating client drift. FedACG [12] integrates
the momentum term into the model parameters, making the
local update closer to the global gradient direction and re-
ducing drift. FedMut [13] optimizes the global model through
a gradient-guided mutation strategy, enabling local models to
converge toward flat regions of the loss function. FedFN [14]
eliminates the feature norm difference between the local model
and the global model by introducing feature normalization in
the local training on the client side.

B. Neural Collapse

The NC was initially observed during the terminal phase
of model training. During the neural collapse process, the
weights of the last layer collapse to the class-wise mean of
features, the features of each class collapse to this class-wise
mean, and these class-wise mean of features further collapse
into a simple ETF. Subsequently, several studies [15], [16]
investigated the causes of neural collapse and elucidated its
underlying principles. FedETF [17] synthesized and fixed ETF
classifiers to address the bias issue in FL classifiers.

C. Knowledge Distillation in Federated Learning

KD [18] transfers knowledge from a cumbersome teacher
model to a lightweight student model, thereby providing
an effective mechanism to mitigate data heterogeneity in
FL through parameterized knowledge harmonization [19].
FedHKD [20] shares the client’s hyper knowledge, which
contains the class prototype and the soft prediction, to align
the client’s training direction. FedNTD [21] prevents global
knowledge forgetting by distilling only the knowledge of not-
true classes during local training on the client side.

III. NEURAL COLLAPSE PRINCIPLES IN FL
A. Problem Statement

We consider a typical FL system involving K clients and
one server. C' denotes the global data classes. The client k’s
dataset is D* = {(z¥,y¥)}I", (|D*| = Ny). The trained
model, parameterized by feature extractor 6 and classifier ¢,
has full parameters w = {6, ¢}. In each communication round
t, the server samples K t clients and distributes the current
{=1. The sampled clients update their

global parameters wy
arameters as w’! = w’~! and conduct training using their
k g

respective datasets. Following local training, K* clients trans-
mit their parameters to the server for aggregation, typically
employing the FedAvg.

t Ny

t
= Wg. (1)
keK?! Yowert Niw

B. HUG Loss for Decoupled Optimization

The NC theory establishes dual principles for deep learning:
maximizing inter-class separability while minimizing intra-
class variance. Nevertheless, the traditional cross-entropy (CE)
loss does not explicitly optimize these two objectives, leading
to suboptimal training outcomes in FL. To this end, we
decouple the model training for integrating NC by introducing
the HUG loss [8] as

~ ~ |2 ~
Luvg=a-Y_||ge= o +8-3 3 IE-dul @
c#c! c €A,
where a and ( are hyper-parameters, $c = % normalizes

the classifier weights of class ¢, z; normalizes the features
extracted by the feature extractor from input data z, and A,
represents the data for class c. The first term promotes uniform
classifier distribution on a hypersphere for enhanced inter-class
separation, while the subsequent term tightens feature clusters
around class prototypes to ensure intra-class compactness.

IV. PROPOSED METHOD

Our framework integrates NC theory with negative label
KD to handle data heterogeneity in FL. By decoupling the
optimization of positive and negative label relationships, our
core innovation allows local models to specialize in local
features while retaining global feature knowledge concurrently.

A. Local Label Distribution Analysis

In FL with Non-IID data, each client k£ possesses a
local label distribution pr, = (pi,...,p{) where p§ =
NikZivzkl I(c = y¥). This distribution is typically skewed,
with certain classes entirely absent from local data. To coun-
teract this distribution bias, we introduce the negative label

g = {ceC|c#yk} for sample (2%, yF). The negative

label distribution is as follows pr = (pi,...,pS) where
Py = oo, SVET(¢ € §F). Tt can also be called out-

of-distribution knowledge.

The local distribution and its negative label distribution
corresponding to the client are shown in Fig. 2(a) and Fig. 2(b).
It can be seen that labels with a higher proportion in the label
distribution will have a lower proportion in the negative label
distribution. In Fig. 2(c), after Client 3 is locally trained using
HUG, the prediction accuracy of the local model for minority
classes and missing classes will decrease, while the accuracy
for majority classes will increase. Therefore, local training
should retain the knowledge of negative labels.
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Fig. 3. Our framework employs a dual-loss mechanism for client training:
The HUG loss aligns local features with classifier weights, enforcing the ETF
structure on the weight matrix to prevent classifier drift. The negative label
KD loss preserves negative label knowledge by aligning the local negative
label distribution with that of the global model, thereby mitigating feature
drift effectively.

B. Negative Label Knowledge Distillation

We utilize HUG loss for enforcing intra-class compactness
and inter-class separation in local positive labels. To prevent
catastrophic forgetting of global knowledge and mitigate fea-
ture drift, we apply KD to negative labels. The framework is
depicted in Fig. 3.

Initially, for each sample (x,y) within the local client’s
dataset, we derive its label y and calculate the negative labels

= {c€ C | c# y}. The local model, under HUG loss, is
susceptible to forgetting such negative label information. To
address this issue, we designate the local model as the student
and the global model as the teacher. By leveraging solely the
local client data, we facilitate the local model to assimilate the
knowledge of negative labels through KD. The negative label
knowledge of the server model is formally defined as

_ exp(Ye./T)
ey eap(Ye /)

where Y, represents the logit value of class ¢ within the server
model’s output, while 7 signifies the temperature coefficient
governing the knowledge of the smoothed label.

To enhance the client model’s classifier performance, the
HUG loss is instrumental. Consequently, we separate model
outputs and exclusively adjust the gradients of feature rep-
resentations. Additionally, as model depth increases, discrep-
ancies among models trained on diverse data distributions
become more pronounced. Hence, feature normalization is
implemented to mitigate these biases in local models. The
negative label knowledge of the local model is formally
characterized as

3)

i (c € glx)

exp(Zy - &c/T)
Zc/egj exp(Zy - G [T) ’
where 2, = | " signifies the normalized version of the feature

representation z, corresponding to data x, and ¢c denotes the
classifier weights associated with class ¢ in the local model.

P(

c€ylr) = “4)

Algorithm 1
1: Input K clients’ dataset; global model parameters 6, and
¢g; T global rounds; E: local epochs; «, 3, u and T
hyper-parameter; n: local learning rate

2: Initialize global model parameters 6‘2 and qbg
3: for each communication round ¢t = 1,--- ,7T do
4:  select client set K*
5. for each client k € K do
t,0 —1 4t,0 _
6: set model parameters 0" = 0!~1, ¢, = ¢i7!
7: for each local epoch e =1,--- | E do
8: 0y =00 —nVoLunkp (07, 01, Dy.)
9: /I Using Eq. (6)
e ,e—1 ,e—1
10: W =0y = nVeLuua(d )
11: /I Using Eq. (2)
12: end for

13:  end for
14 Upload 6! and ¢}, to server // Using Eq. (1)
15: end for

The modified model distillation is formulate as follows

g (clz)
Lvkp(p®,q" Zq (cl) log [T(cle 5)

To this end, the comprehensive training objective is delin-
eated as follows

2 LNKD(ﬁSaqT)7 (6)

where y is a hyper-parameter related to the distillation weight.

By exclusively adapting client training methodologies
within Federated Learning, our approach sidesteps the intro-
duction of supplementary communication overhead or privacy
vulnerabilities, concurrently enhancing model efficacy. The
exhaustive training procedure is explicitly elucidated in Al-
gorithm 1.

Lynkp = Lpyyg+p-7

C. Convergence Analysis

If the learning rate is chosen as 7 = —L= with T being
. LVT
the total number of communication rounds, the global model

satisfies:
T

1 2L (F(wo) —

7 D E[IVF@W))?] <

r= vT

4L2?72E2(02+C2) 0_2
T KVT’

where F* = inf,, F(w) is the global minimum, w® is the
initial parameter, L, o and ( are constants greater than zero.

As T — o0, the right-hand side approaches zero, ensuring
convergence.

F*)

V. EXPERIMENTS
A. Experimental Setups

1) Baselines: Our approach aims to enhance the perfor-
mance of FL in scenarios with heterogeneous data. There-
fore, we primarily compare the traditional FedAvg algorithm
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communication rounds.

with several algorithms tailored to address data heterogeneity
at the client level, including FedProx [11], FedNTD [21],
FedFN [14], FedETF [17], FedMut [13] and FedACG [12].

2) Datasets: In the experiments of this paper, five widely
used datasets in FLL were utilized: MNIST, FashionMNIST,
CIFAR-10, CIFAR-100 and SVHN. To simulate a Non-IID
data environment, we employ two data partitioning meth-
ods. Sharding: In the dataset, each class is divided into
multiple slices, each containing an equal amount of data.
The heterogeneity of client data increases as the number of
slices decreases. We set the parameter s for the datasets as
follows: MNIST (s = 2), FashionMNIST (s = 2), CIFAR-10
(s = 2,3,5,10), CIFAR-100 (s = 20) and SVHN (s = 2).
Dirichlet Allocation: This method generates Non-IID data
through Dirichlet sampling. The smaller the parameter dir,
the greater the heterogeneity of the data distribution. We
set the parameter dir for the datasets as follows: MNIST
(dir = 0.1), FashionMNIST (dir = 0.1), CIFAR-10 (dir =
0.05,0.1,0.3,0.5,1.0), CIFAR-100 (dir = 0.2) and SVHN
(dir =0.1).

3) Implementation Details: Following the configurations of
previous studies, we set up our experimental environment as
follows: The number of clients was set to 100 with a sampling
ratio of 0.1. The number of local training epochs for each client
was fixed at 5, and the total number of communication rounds
was set to 350. We employ the momentum SGD method with
a learning rate of 0.05 and a momentum parameter set to 0.9.
The learning rate decreases by a factor of 0.99 per round.

B. Ablation Studies

This section presents a comprehensive ablation study to
verify the effectiveness of HUG and negative label KD and
quantify their impact on the model. We first conduct controlled
experiments isolating the contribution of each core component,
followed by geometric analysis demonstrating how our method
rectifies the distributional biases inherent in standalone HUG
optimization under FL.

First, we compare our method with FedAvg, HUG, HKD
(HUG combined with traditional KD), and CNKD (CE com-
bined with negative label KD), with results presented in
Table I. We observe that HUG loss surpasses FedAvg in

TABLE I
THE TEST ACCURACY ON CIFAR-10 WITH DIFFERENT dir.

dir FedAvg HUG HKD CNKD Ours
0.05 31.52 3382 39.23 40.23 43.29
0.1 47.02 49.56 5446 55.23 57.63
0.3 60.79 6249  64.47 64.43 66.47

accuracy by separating CE training and refining the classifier.
While traditional KD transfers knowledge across all classes
to preserve global model information, it constrains the local
model from effectively learning positive labels. In contrast,
CNKD combines crucial training principles, diminishing dis-
tillation effectiveness. Therefore, we employ HUG loss for
high performance and negative label knowledge distillation to
mitigate feature drift.

Additionally, to demonstrate the enhancement of our method
on HUG, we evaluated the differences in weights and distri-
butions. The results are shown in Fig. 4. Although local data
distributions can be arbitrary, the underlying distribution of
the most robust global model must unify the data from all
clients. We can predict the distribution of the global model
using an approximation 4, = % (a1, ...,a.), where A denotes
the accuracy of the global model and a. represents accuracy
for class c. When class ¢ has more training data, its accuracy
increases, which is reflected in a smaller || Ay —py [|. In
Fig. 4(a), our method provides a better data distribution for
local training, leading to improved model performance. In
Fig. 4(b) and Fig. 4(c), we systematically quantify inter-model
discrepancies across training rounds. In Fig. 4(d), we observe
a positive correlation between weight differences and distribu-
tional divergence, suggesting that when the local distribution
is closer to the global distributions, the post-training weight
shifts of local models also become smaller.

C. Performance on Data Heterogeneity

We demonstrate the effectiveness of our method through
two different partitioning strategies, with the results presented
in Tab. II. The effectiveness of the proposed method is
verified by different data and heterogeneity. As the degree
of heterogeneity increases, the performance of the proposed



TABLE II
THE TOP 1 TEST ACCURACY (%) ON MNIST, CIFAR-10, AND CIFAR-100. THE VALUES IN PARENTHESES ARE THE STANDARD DEVIATION OF THE
LAST 50 ROUNDS. THE ARROW INDICATE THE PERFORMANCE IMPROVEMENTS OF OTHER ALGORITHMS RELATIVE TO FEDAVG.

Non-IID Partition Strategy: Sharding

Method MNIST FashionMNIST SVHN CIFAR-10 CIFAR-100
s=2 s=3 s=25 s =10
FedAvg 98.560.10) 88.97(0.09) 69.570.95) 38.130.64) 48.950.74) 62.190.90) 71.490:84) 3431075

FedProx  98.620.11) 7 86.740.09 | 67.980s1n )  43.56061)7T  53.23069 T 64320737  69.920s1 ] 32.360058) ]
FedNTD  98.610s) | 88.650.18) | 75.61l064 7  43.860549 7  52.37082) ] 64.32098) 7  72.51aan 7 35.79098) 1
FedFN 98.63(0.08) | 89.200.11) T 68.79063 ]  40.130s83) 7 53.0600.40) | 62.230s85  71.110s4 | 3421075
FedETF 98.35(0.06) . 87.500.16) | 73.65078 7  41.9801.13) 1 53.65096 7  65.81l0ss) T  71.250098) | 34.97064
FedMut 98.580.05) 89.12¢0.10) T4.790.03) 42.8608%» 1 54.37042 65.230s6 7  72.510s84 7 34.89098) T
FedACG  98.290.16) | 88.230.12 | 722509 1T 4417075 7 52.93077) 1 64.5301.16) 7224087 3521075 1

Ours 98.950.09) 1 89.850.10) 1 78.58074 7  45.19042 1  55.72066 T  67.190.78) ] 73.86(052) 36.430s1)

Non-IID Partition Strategy: LDA

CIFAR-10
dir = 0.1 dir = 0.3 dir = 0.5 dir = 1.0

Method MNIST FashionMNIST SVHN CIFAR-100

FedAvg 98.75(0:29) 88.880.09) 80.27a3s) 47.010.90) 60.790.86) 66.810.68) 69.08(1.08) 34.650.79)

FedProx  98.81w.17) ] 87.170.12 | 81.67a18 7  50.901.13) 61.59071 T  64.36039)  68.740sn ] 32.49059) |
FedNTD  98.320.09) 88.770.08) | 84.620.61) 56.83082 7  64.800.40) ] 69.85042 7 70.050.02) 7 36.230.91) |
FedFN 99.06(0.09) | 89.56(0.12) 1 79.720s6) )  54.100.0n7T  65.09046 T  69.92(1.18) 70.26(1.03) 35.690.79)
FedETF 99.010.06) 89.0400.12) 1 82510137 55570791 64.160s4 7  68.8706» 71  69.400.76) 34.36038) |
FedMut 98.700.11) | 89.140.09) 82.5007n T  56.17072 7  64.92037) ] 69.100.00 T 69.700.07) 7 35.280.78)
FedACG  98.92(0.26) | 88.560.10) | 81.88127 7  55.820s1 64.92037 7  68.100.00 T  69.82¢1.07) 7 35.190.79) 1
Ours 99.120.07) | 89.280.13) 1 85.370.96) 1 57.730.92) 7 66470517  70.35054) 7 71.12098) | 36.85(0.84)
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Fig. 5. Accuracy curves of global model tested using different methods. (a) CIFAR-10 with dir = 0.1. (b) CIFAR-10 with dir = 0.3. (c) CIFAR-100 with
dir = 0.2.

method is larger than the baseline. In particular, when the TABLE III

CIFAR-10 dataset is partitioned with dir = 0.1, our method THE TEST ACCURACY (%) UNDER DIFFERENT NETWORKS.
improves by 10.72% compared to the baseline. Our method
achieves optimal accuracy in most cases compared to previous

Method CNN DNN  ResNet-10 ResNet-18 VGG-19

methods. Even if it is not optimal in some cases, our method FedAvg 4682 32.16 46.52 47.01 47.28
. FedProx  48.37 33.43 48.71 50.90 49.56
is close to the state-of-the-art. FedFN 5099 4047 5237 54.10 5431

We also present the test accuracy curves during the training FedNTD 5271 38.84 54.42 55.83 54.87
process for our method and some other methods in Fig. 5. Ours 5378  44.83 56.34 56.81 5778

Experiments are conducted on the CIFAR-10 and CIFAR-100

datasets, and it can be observed that our method demonstrates

higher accuracy and stability.

the CIFAR-10 dataset. The results are presented in Tab. III. It

can be observed that as the network architecture deepens, the
1) Model Architecture: We evaluate the performance of model’s accuracy tends to increase. Additionally, our method

various algorithms on different network architectures using seamlessly integrates well with these model architectures.

D. Discussion



TABLE IV
EFFECT OF HYPERPARAMETERS 3 AND 1 ON CIFAR-10.

B 0.15 0.5 1.5 5.0 15.0 30.0 50.0
Accuracy  18.23 2540 38.69 5197 56.48 5462 5292
w 0.05 0.15 0.5 1.5 5.0 10.0 15.0
Accuracy  45.15 49.15 51.87 53.68 5696 5526 52.49
T 0.05 0.1 0.3 1.0 3.0 10.0 30.0
Accuracy  52.7 547 5625 56.89 5546 5228 48.56

2) Hyperparameter Analysis: Tab. IV presents the perfor-
mance of our proposed method under different combinations
of hyperparameters. Our method has four hyperparameters:
«, which represents inter-class separability; 5, which signi-
fies intra-class compactness; p, which denotes the distillation
weight; and 7, which indicates the smoothness of soft labels.
In our experiments, we default to « = 0.5, 8 = 15, u = 5,
and 7 = 1.

Our method is not sensitive to «. When the other hyperpa-
rameters are fixed, a higher /3 results in higher model accuracy.
This suggests that during local model training, enhancing the
ability of features to cluster around their prototypes enables
the local model to more adequately learn knowledge from its
own data. Additionally, we also test the impact of p on the
model. It should fall within a reasonable range, an excessively
large p© can prevent the local model from learning from
local data due to excessive influence from the global model.
Meanwhile, when the 7 is small, knowledge distillation will
overly strengthen the restrictions imposed by the global model
on the local model, thereby suppressing the learning ability of
the local model. When the 7 is large, the local model will
have difficulty retaining the knowledge of the global model,
making it more prone to drift.

VI. CONCLUSION

In this paper, we introduce a novel loss in FL, allowing the
model to train the feature extractor and classifier separately.
To ensure the effectiveness of this loss function in a FL
setting, we emphasize the importance of capturing knowledge
beyond the user distribution and utilize distillation techniques
to prevent forgetting this crucial information. Experimental
results demonstrate that the proposed method achieves state-
of-the-art performance without requiring additional privacy
information. In future work, we will focus on applying our
method to larger-scale practical scenarios and achieving ex-
ceptional performance.
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