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Abstract

Data heterogeneity, stemming from local non-IID data
and global long-tailed distributions, is a major challenge
in federated learning (FL), leading to significant perfor-
mance gaps compared to centralized learning.  Previ-
ous research found that poor representations and biased
classifiers are the main problems and proposed neural-
collapse-inspired synthetic simplex ETF to help represen-
tations be closer to neural collapse optima. However,
we find that the neural-collapse-inspired methods are not
strong enough to reach neural collapse and still have
huge gaps to centralized training. In this paper, we re-
think this issue from a self-bootstrap perspective and pro-
pose FedYoYo (You Are Your Own Best Teacher), intro-
ducing Augmented Self-bootstrap Distillation (ASD) to im-
prove representation learning by distilling knowledge be-
tween weakly and strongly augmented local samples, with-
out needing extra datasets or models. We further introduce
Distribution-aware Logit Adjustment (DLA) to balance the
self-bootstrap process and correct biased feature represen-
tations. FedYoYo nearly eliminates the performance gap,
achieving centralized-level performance even under mixed
heterogeneity. It enhances local representation learning, re-
ducing model drift and improving convergence, with fea-
ture prototypes closer to neural collapse optimality. Ex-
tensive experiments show FedYoYo achieves state-of-the-art
results, even surpassing centralized logit adjustment meth-
ods by 5.4% under global long-tailed settings. The code is
available at hitps://github.com/shanss132/FedYoYo.
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Figure 1. Our method substantially closes the gap between
centralized training and federated learning under heteroge-
neous data. Left: non-IID data with global long-tailed (LT)
distribution, where non-IID « 0.5 and imbalance factor (IF)
= 0.01. Right: non-IID data with global balanced distribution
(vanilla non-IID setting in the literature: the smaller «, the more
non-I1ID). Baselines: vanilla centralized training, LA loss [21],
FedAvg [20], FedLC [35].

1. Introduction

Federated learning (FL) [11, 14, 15, 20] is a collabora-
tive learning paradigm that builds machine learning mod-
els from distributed data sources without sharing the raw
data, which is communication-efficient [20] and privacy-
preserving [34]. FL is promising in a wide range of scenar-
ios, like medical imaging [ 1], multi-media analysis [30], the
Internet of Things [39], etc. One inherent and key challenge
in FL is data heterogeneity, a critical bottleneck that signif-
icantly impacts the performance of FL. methods [14, 16].

In practice, the overall data distribution in an FL sys-
tem is often long-tailed, meaning that data heterogeneity
arises from both the local non-IID data and the global long-



tailed [23, 24, 40] data. This combination leads to a more
severe form of heterogeneity, causing in sub-optimal local
models and poor generalization of the aggregated global
model. As a result, there is always a huge gap between
federated methods and centralized training due to data het-
erogeneity, which becomes even more evident when clients’
data are highly non-IID [11, 14, 16, 20].

Previous works tried to tackle non-1ID data and improve
the performances of FL by a large margin from FedAvg,
but the centralized-federated gap is also dominant (Fig. 1).
Recent studies [16, 17, 19, 28, 31] have shown that data
heterogeneity can lead to poor feature representations and
biased classifiers, which might be the main cause of bad
generalization performances. The poor representations in
local models further exacerbates the feature misalignment
between the global model and other client models. There-
fore, the key challenge is to learn better and more unified
feature representations across clients with non-1ID data dis-
tributions. Existing approaches, such as FedETF [16] and
FedLoGe [31], attempt to mitigate the effects of heterogene-
ity by leveraging the theory of Neural Collapse [9, 12] and
constructing a synthetic simplex equiangular tight frame
(ETF) with maximal pairwise angles [22]. Neural collapse
is a deep learning phenomenon, which depicts an ideal rep-
resentation and classifier structure under balanced and suffi-
cient training. Though these methods are inspired by neural
collapse, we find they are not good enough to reach neural
collapse optima under severe heterogeneity and global long-
tailed distribution. An intuitive visualization is in Fig. 2: the
pair-wise prototype angles of FedETF and FedLoGe are far
away from the theoretical neural collapse optima.

Therefore, rethinking the representation learning strat-
egy in non-IID federated learning is needed. We notice that
self-supervised learning (SSL) has been widely validated in
large-scale representation learning tasks, demonstrating the
ability to capture more robust feature representations. This
suggests that we can think of supervised FL in an unsuper-
vised way to gain better representations, but more tailored
designs are needed. The question is how fo effectively use
class/label distributions under data heterogeneity. Existing
SSL uses sample-wise contrastive or bootstrap methods
and learns feature extractors instead of the whole model.
But in supervised heterogeneous FL, class-biased local data
and long-tailed global data will make features prioritize
majority classes while neglecting minority ones, also the
local model representations are not aligned, causing severe
model drifts.

In this paper, we find that self-bootstrap representation
learning can release its full potential under the supervision
of distribution-aware logit adjustment, and propose FedY-
oYo: You Are Your Own Best Teacher for local clients. Un-
like previous SSL, we learn logits as representations instead
of features, and logit adjustment can serve as distribution

2751

guidance to improve the representation of minor classes and
align the representations across clients. FedYoYo consists
of two core components: Augmented Self-bootstrap Dis-
tillation (ASD) and Distribution-aware Logit Adjustment
(DLA). ASD is inspired by BYOL [7] in SSL, but tailored
designs are made in FL. We learn logits instead of features
and use one local model as the teacher itself instead of two
online and target models in BYOL. We use the logits of a
weakly augmented sample as the teacher to guide the learn-
ing of a strongly augmented sample. DLA is a tailored
version of logit adjustment for heterogeneous FL; consider-
ing the potential long-tailed global distribution, we realize
a tradeoff between both local and global distributions.
FedYoYo realizes a matched co-design of self-bootstrap
learning and logit adjustment, reaching near-centralized
performances under non-IID FL (Fig. 1). In Fig. 2, it
can be seen that our FedYoYo has better representations
closer to neural collapse optimality and reaches higher
generalization, compared with ETF-based methods.
Our main contributions are summarized as follows:
We propose FedYoYo, which addresses two challenges:
data heterogeneity and the combined issue of global long-
tailed and local non-IID data. It has two key components:
Augmented Self-bootstrap Distillation and Distribution-
Aware Logit Adjustment.
FedYoYo achieves a new level of performance in FL, it is
comparable to centralized training. FedYoYo closes the
centralized-federated gap from 20% to 1.3% in vanilla
a = 0.1 data heterogeneity, and it even surpasses the
centralized method by 5.4% under global long-tailed dis-
tribution.
We provide a new perspective on solving non-IID data
and the caused poor representation issues in FL. We make
FL more applicable and promising by reaching perfor-
mances comparable to those of centralized.

2. Proposed Method

In this section, we introduce our proposed method Fed Y-
oYo, which focuses on enhancing feature representations
and mitigating feature misalignment under data heterogene-
ity. The method consists of two key components: Aug-
mented Self-bootstrap Distillation (ASD) and Distribution-
aware Logit Adjustment (DLA). ASD employs a self-
bootstrap mechanism with logit adjustment as distribution
guidance to enhance feature extraction, while DLA cali-
brates the classifier outputs using a fused global-local dis-
tribution to address client bias. Together, these components
enable consistent and robust feature representation across
clients, as illustrated in the overall framework Fig. 3.

2.1. Preliminaries

In the context of FL, consider a scenario with K clients,
where each client holds a non-IID local dataset Dj,
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Figure 2. Visualization of neural collapse degrees and accuracy for global models on CIFAR-10. The optimal collapse angle (96.38°)
follows Equiangular Tight Frame (ETF) theory, which defines ideal class prototype angles for maximal separation. Arrows indicate
prototype representations, and colors denote different categories. “Max”, “Min”, and “Mean” represent the largest, smallest, and
average angles between class prototypes, while “Acc” denotes global model accuracy. The top row shows vanilla data heterogeneity, and
the bottom row includes long-tailed federated non-IID settings. (a) FedAvg, (b) FedETF, (c) FedLoGe, and (d) FedYoYo. Our FedYoYo
method reaches better neural collapse conditions and achieves the best performance.

{(zi,y:) | 1 < i < ni}, with ny, representing the number
of samples on client k, and z;, y; denoting the input data
and its corresponding label for each sample i. The model
of client k denotes fi(x). The entire training dataset D =
{Dy}X_, combines the data from all clients. In vanilla FL,
the overall distribution of D is class-balanced [11, 14, 16],
while in our paper, we also consider a more realistic sce-
nario where the global dataset exhibits a long-tailed distri-
bution across the C' classes [24]. In this global long-tailed
distribution, we assume that classes are ordered by their
sample frequencies such that if i < j, then N* > NJ,
where N is the total number of samples for class i. For
each class c, let nj, represent the number of samples of class
c on client k, leading to the global sample count of class ¢
as N© = Y8 ne.

2.2. Augmented Self-bootstrap Distillation

We adopt a self-supervised learning approach similar to
BYOL [7], applying different augmentations to local data
to capture more robust feature representations. Then we in-
troduce Augmented Self-bootstrap Distillation, using the
weakly augmented view as the teacher to provide guidance
for the strongly augmented view, with the goal of enhanc-
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ing feature representation quality. Unlike traditional self-
distillation [37], which typically refers to knowledge trans-
fer within a model such as from deeper to shallower lay-
ers, our approach distills knowledge across different views
for the same model. Also, unlike BYOL, we learn logits
instead of features and efficiently use one local model as
the teacher itself instead of two online and target models in
BYOL. Using logits as the representation can align the rep-
resentation across clients since the logit space is the unified
prediction space; also, we can calibrate the logits by consid-
ering both local and global distributions. Specifically, we
employ Kullback-Leibler (KL) divergence to align the pos-
terior distributions of the strong and weak augmentations.
The distillation loss is then defined by minimizing the KL
divergence as follows:

1 & _ -
Lasp = n—kZKL(P(fEi) | (7)), (D
i=1
where Z; and z; represent the weak and strong augmen-
tations of the same sample. Specifically, we leverage the lo-
cal model to learn from two augmented instances generated
through weak and strong augmentations. For weak augmen-

tations, we apply techniques including RandomCrop, Ran-
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Figure 3. Overview of our proposed FedYoYo framework. On the server side, the estimated client distributions are aggregated to obtain
an approximate global distribution. On the client side, client & combines its local distribution 7 with the global distribution 74 using
EMA updates for balance softmax. During local training, the model fj(z) processes weak and strong augmentations, using augmented
self-bootstrap distillation loss (£ asp) and distribution-aware logit adjustment loss (L£pr, 4) to enhance representation learning.

domHorizontalFlip, and RandomRotation. For strong aug-
mentations, we follow [4]. Notably, to avoid introducing
noise, only correctly classified samples from the weak aug-
mentation are used as the teacher to guide the learning of the
corresponding student, rather than including all samples.
Importantly, we adopt Eq. (7) as the adjusted softmax p(z)
in Eq. (1) to improve the performance of minority classes.

The ASD technique not only captures richer features
by leveraging a bootstrap style but also alleviates client
drift by focusing on correctly classified samples. Thus,
the local models and local data can be the best teachers for
themselves in heterogeneous FL. This targeted guidance
helps the local models converge more closely to optimal
representations, bridging the performance gap between
global and local models. Furthermore, by integrating an
adjusted softmax, we effectively mitigate the biases caused
by the long-tailed data, resulting in more stable and robust
model performance across diverse clients.

2.3. Distribution-aware Logit Adjustment

As mentioned, data heterogeneity often leads to biases
in both feature representation and the classifier itself. Such
biased classifiers may undermine the effectiveness of rep-
resentation learning, thereby negatively affecting the local
self-bootstrap distillation process. Therefore, it is essential
to calibrate the classifier on each client during training to
guarantee consistent outputs across all clients. To achieve
this, we adopt a balanced softmax for the model output, and
the resulting probability distribution is:

n¥ exp (f(x,y)/T)
SOy n¥exp (f(a,y)/T)

where nY is the sample count of class y and 7T is the tem-
perature coefficient (set to 1.5 in experiments) that controls
the smoothness of the output.

In federated long-tailed classification, global data imbal-
ance exacerbates client-side heterogeneity, making sample
count an unreliable measure of class representation. Mi-
nority classes can occupy large feature space regions de-
spite few samples, while majority classes may show limited

p(z) = 2
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spread due to overlapping features. This reliance on sam-
ple count leads to biased class representation and degrades
global model performance.

To address this, we propose a global-distribution-aware
weight allocation strategy using the Pearson Correlation
Coefficient to analyze local sample relationships for more
adaptive class weighting. Inspired by previous work [3],
this method derives a local weight distribution that better
reflects data variability. For class ¢, we first compute the
correlation matrix R, within each batch b, which measures
the pairwise relationships among all samples in the batch.
The matrix R, is defined as:

— | pti
Rey = [R] e (3)

T
R?IZ _ (hz - ,uc) (hj — :uc) 7
17 = pelly - 15 = pelly

where bj, denotes the set of samples from class c in a single
batch, h; and h; represent the feature vectors of samples
1 and j, p. is the mean feature vector of class ¢ in the
local data, i.e., the class prototype. Next, we compute the
effective prior distribution iteratively across batches during
training. The effective prior distribution 7}, is computed as:

B
Z 1
C — 5
T { achcbach } ' ©)

b=1

“4)

where B denotes the total number of training batches, and
Qep = (IT1°\’ ﬁ, . ‘b—10|> e R'*I%!. Finally, we obtain
k k k
the local prior distribution as 7, = {7}, 72,...,m¢}.
Additionally, for data heterogeneity, we directly perform
logit adjustment using the locally estimated distribution 7.
However, in the case of federated long-tailed learning, the
influence of the global distribution must also be considered.
To address this, we approximate the global distribution
m, by aggregating client-side 7y, at the server by FedAvg,
enabling more balanced model training. The final fused
distribution 7,,,;, is defined as:



(6)

where v controls the degree of integration, which is
discussed in Sec. 3.4.

Then the distribution-fused balanced softmax is ex-
pressed as:

Fmiw%(l_v)'ﬂ-g—’—,y'ﬂ-h

zu'z €xXp (f(.’L', y)/T)

c 7 :
> g1 Tmizexp (f(z,y)/T)
Thus, we propose a distribution-aware logit adjustment loss

function, denoted as DLA. The loss function is formulated
as follows:

T

p(z) = (7

an

LS 1o0g (p(21),

2y, 4

®)

Lpra=—

where Z; represents the i-th augmented sample (both
weakly and strongly augmented), with 2nj, accounting for
the two types of augmented samples. Since self-bootstrap
distillation involves two augmented views, we apply Lpa
to both views to ensure balanced loss contributions.

2.4. Training

Our method’s local loss function combines two com-
ponents: distillation loss £4gp and classifier balancing
loss Lpra. The Lasp loss, as defined earlier, improves
local representation learning. To mitigate classifier bias
and its negative impact on feature representation learning,
we use the Lpy 4 loss to adjust the local classifier. During
client-side training, Lpr 4 is applied to learn from hard
labels (i.e., the one-hot label), with both augmented batches
processed simultaneously by the model. Thus, the total loss
function is defined as:

Loy =Lpra+ Aasp, 9

where A is a hyperparameter that controls the weight of
the distillation loss. The impact of this hyperparameter
is discussed in Sec. 3.4. For the server aggregation, we
conduct FedAvg to local models.

2.5. Privacy Discussion

Since local distribution estimation occurs entirely client-
side, no privacy risk arises in the non-IID scenario. How-
ever, privacy concerns may emerge when incorporating
global distribution information in federated long-tailed
learning—a common challenge in federated learning, not
specific to our method, as previous approaches such as Fed-
Grab [32] and FedLoGe [31] have also utilized local data
distributions. If privacy protection is required, differen-
tial privacy (DP) [6] can be applied by adding noise to up-
loaded distributions. A comprehensive discussion on feder-
ated learning privacy is beyond this work’s scope; thus, we
briefly address it here.
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3. Experiments

3.1. Experimental Setup

Datasets and models. We first evaluate our model on
CIFAR-10/100, where the heterogeneity of the client data
is controlled using the concentration parameter « of the
Dirichlet distribution (the smaller «, the more hetero-
geneous data). To further verify the robustness of our
method under the more heterogeneous scenarios induced
by real-world long-tailed distributions, we conduct exper-
iments on several standard long-tailed datasets: CIFAR-
10/100-LT, SVHN-LT, and ImageNet-LT. The imbalance
factor (IF) is used to control the degree of imbalance.
ImageNet-LT is a long-tailed version of ImageNet, with
the largest and smallest categories containing 1,280 and
5 images. For CIFAR-10/100-LT and SVHN-LT, we uti-
lize the ResNet-8 model, while for ImageNet-LT, we em-
ploy the ResNet-50 model. The detailed data distribution
of CIFAR-10/100-LT is provided in Appendix.A. Imple-
mentation of baseline methods. We select three categories
of state-of-the-art (SOTA) baseline methods for compar-
ison: (1) Heterogeneity-oriented methods (FedProx [14],
FedETF [16], FedLC [35], and CCVR [19]) and feder-
ated long-tailed methods (CReFF [24], Fed-Grab [32], Bal-
anceFL [27], FedIC [23], RUCR [8], and FedLoGe [31]);
(2) Federated distillation methods, including FedDF [18],
FedFTG [38], FedGen [42], and DaFKD [29]; (3) Long-
tailed methods like 7-norm [10], AREA [3], and LWS [10].
We also present the performance of centralized learning
(CL) methods under both heterogeneous and long-tailed
settings as an oracle upper bound.

Federated environment and local training. We follow the
experimental setup in previous federated long-tailed litera-
ture [24]. We train for 300 rounds to reach sufficient conver-
gence. All models are implemented in PyTorch and trained
on NVIDIA GeForce 3090 GPUs.

3.2. Comparison with State-of-the-art Methods

Results on vanilla non-IID settings. All results are
reported in Tab. 1. Our FedYoYo achieves the best per-
formance under different «. It is notable that our method
surpasses FedETF and FedLC in extreme non-IID settings.
FedETF is the state-of-the-art method using neural-
collapse-inspired classifiers. The results show our method
has better generalization than FedETF and Fig. 2 shows that
our method can realize better neural collapse optimality
than FedETF. FedLC incorporates logit adjustment in FL,
but our co-design of self-bootstrap and logit adjustment
can reach better performances than logit adjustment solely
(i.e., FedLC). Furthermore, our approach successfully
reduces the performance gap with the centralized baseline,
demonstrating its effectiveness in mitigating the challenges
posed by non-IID data distribution.



Table 1. Top-1 test accuracy (%) of FedYoYo and FL methods
with diffirent o. We compare our method on the vanilla non-IID
setting without long-tailed distribution on CIFAR-10/100.

Method | CIFAR-10 |  CIFAR-100

| a=0.01 =01 | =001  a=0.1
Centralized | 90.03 \ 68.23
FedAvg [20] 60.76 7246 | 5246  58.18
FedProx [14] | 5522 70.71 5291 60.37
CCVR [19] 6325 7418 | 5695  61.82
FedDF [18] 60.83 7948 | 4449 5169
FedGen [42] 5200 7182 | 3772 4344
FedFTG [38] | 51.54  79.07 | 4787 5393
DaFKD [29] 59.28 81.67 | 47.15 5217
FedLC [35] 6849 8203 | 58.11 60.44
FedETF[16] | 7231 83.10 | 5818  61.87
FedYoYo 8170  88.82 | 6449  67.59

Results on global long-tailed and non-IID settings.
CIFAR-10/100-LT and SVHN-LT: As summarized in
Tab. 2, our method achieves the highest test accuracy
across all datasets with varying imbalance factors (IFs).
Heterogeneity-oriented methods generally perform simi-
larly to FedAvg, as they focus on data heterogeneity but
overlook global class imbalance. Imbalance-oriented meth-
ods like AREA perform better than FedAvg in certain
cases but still lag behind our approach, likely because they
primarily address imbalance without accounting for inter-
client data heterogeneity. Notably, our method consistently
shows significant performance gains over centralized learn-
ing with LA loss. ImageNet-LT: We further validate our
method on the more challenging ImageNet-LT dataset. In
Tab. 3, we report accuracies for three class groups: many-
shot (over 100 samples per class), medium-shot (20-100
samples), and few-shot (fewer than 20 samples). Our
method consistently outperforms others in all groups, par-
ticularly in few-shot classes, where it achieves 15.44% ac-
curacy—an 8.04% improvement over the baseline. This
showcases the effectiveness of our approach in enhancing
few-shot class performance while maintaining strong accu-
racy in many-shot classes.

3.3. Analysis of FedYoYo

Global-to-local model gap reduction. We visualize the
average gains from local training and global aggrega-
tion in Appendix.B. Our method significantly reduces
the gap between global and local models compared to
FedAvg, enhancing the gains from global aggregation.
This demonstrates that our approach benefits the global
model, enabling faster adaptation to local data, even under
the challenging non-IID conditions caused by long-tailed
distributions. As local models converge toward optimal
consistency, the aggregated model also achieves superior
performance. Furthermore, as shown in Fig. 4, our method
surpasses FedAvg in creating more balanced across-client
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Figure 5. The t-SNE visualization of feature spaces of Fe-
dAvg [20], FedLC [35], and our FedYoYo.

performance. Overall, our approach exhibits strong adapt-
ability in heterogeneous and long-tailed scenarios, resulting
in notable improvements for both global and local models.
Effectiveness of estimated global distribution. Our
estimated class distribution closely aligns with the oracle
distribution. To further verify this, we tracked the (5
distance between the estimated and original data distribu-
tions across training epochs in Appendix.B. Feature level
analysis. In Fig. 5, we present a visualization of the feature
representations extracted by the global model. Compared
to other methods, our approach achieves more compact
intra-class features and better inter-class separability.
Additionally, we compare the similarity between features
of the global model and those of the local models in Ap-
pendix.B. Results show that our method effectively reduces
the feature discrepancy between local and global models,
demonstrating its ability to alleviate client drift and improve
local representation learning. Computation Cost. We
evaluated three methods using ResNet-18 on CIFAR-100-
LT (IF=100) in terms of GFLOPs per round. Compared to
FedAvg’s 1003.72G and FedGrab’s 2371.36G, our method,
FedYoYo, achieves better performance with a more efficient
computational cost of 1721.79G.

3.4. Ablation Study

The necessity of distribution fusion. We compare the per-
formance of the real distribution and the estimated distri-
bution and further evaluate the effect of applying a fusion
strategy to each. As illustrated in Fig. 6, after applying the
fusion strategy, significant improvements are observed in
both cases. Notably, under high heterogeneity settings (e.g.,



Table 2. Top-1 test accuracy (%) of FedYoYo and SOTA methods on CIFAR-10/100-LT, SVHN-LT with different IFs and o = 0.5.
The best performance is in bold, and the second is underlined. Red text indicates improved performance compared to the centralized

learning with LA loss. 7 indicates improved accuracy compared with the underlined (best baseline in each setting).

Method CIFAR-10-LT CIFAR-100-LT SVHN-LT
IF=100 IF=50 1F=10 IF=100 IF=50 IF=10 1F=100 1F=50 IF=10
Centralized Methods
Centralized 68.17 76.15 80.32 38.61 40.30 50.34 84.86 86.55 90.14
Centralized w/ LA Loss [21] 77.27 80.23 86.15 41.57 44.02 56.06 88.17 90.23 93.45
Heterogeneity-oriented FL methods
FedAvg [20] 58.22 63.47 77.95 31.64 36.14 46.84 81.31 84.40 87.31
FedProx [14] 55.68 60.72 76.64 3273 35.82 45.77 82.04 86.33 90.13
CCVR [19] 68.13 72.98 81.56 34.73 37.68 48.92 82.34 86.48 91.26
FedLC [35] 69.02 71.93 79.09 31.75 38.36 47.54 81.17 85.23 87.43
FedETF [16] 68.25 72.35 81.60 33.19 37.86 48.71 83.02 87.07 90.86
Imbalance-oriented FL methods
7-norm [10] 40.70 41.31 51.66 19.29 20.82 3251 70.65 74.63 78.58
LWS [10] 37.46 39.82 49.30 18.18 20.10 33.81 71.18 73.25 78.15
AREA [3] 64.33 65.16 78.97 36.34 37.83 48.59 82.87 85.24 90.35
Federated long-tailed methods
BalanceFL [27] 49.34 54.17 72.03 26.03 29.28 40.16 75.41 79.13 85.16
CReFF [24] 70.51 73.60 79.85 32.90 34.66 43.42 85.47 87.64 91.16
FedIC [23] 66.49 67.55 71.21 33.67 36.74 41.93 84.94 86.82 90.53
Fed-Grab [32] 70.63 75.44 85.21 33.53 44.01 55.87 90.39 91.11 94.56
RUCR [8] 55.32 60.24 75.56 27.61 33.81 41.29 73.45 82.20 87.23
FedLoGe [31] 70.54 74.85 84.54 42.63 47.66 58.36 85.05 87.06 89.68
FedYoYo 81.45 (+4.18) 83.85 (+3.62) 87.94 (+1.79) 46.13 (+4.56) 50.83 (+6.81) 60.16 (+4.10) 91.73 (+3.56) 92.38 (+2.15) 95.10 (+1.65)
110.82 1 8.41 1273 1+3.50 13.17 1 1.80 11.34 T1.27 1+0.54

Table 3. Top-1 test accuracy (%) of FedYoYo and SOTA meth-
ods on ImageNet-LT with o = 0.1.

ImageNet-LT

Method
Many Medium Few All

FedAvg [20] 34.92 19.18 741 23.85
FedProx [14] 34.25 17.06 6.73 22.57
CCVR [19] 36.72 20.24 9.26 25.49
FedLC [35] 36.03 21.14 6.57 23.23
FedETF [16] 35.94 19.91 7.07 23.97
7-norm [10] 30.81 14.57 5.22 19.58
LWS [10] 37.23 23.4 7.50 25.37
AREA [3] 39.83 23.51 8.53 26.03
BalanceFL [27] 30.63 19.26 7.20 21.87
CReFF [24] 37.61 21.48 10.02 2691
FedIC [23] 36.22 20.5 9.76 25.71
Fed-Grab [32] 41.16 24.42 14.29 30.56
RUCR [8] 30.47 15.77 5.22 20.06
FedLoGe [31] 40.77 24.16 13.27 29.73
FedYoYo 42.05 25.78 15.44 31.41

a=0.1), the estimated distribution with the fusion strategy
even outperforms the real distribution, demonstrating that
the fusion approach not only mitigates the impact of data
heterogeneity but also enhances model generalization. This
confirms the value of fusing global and local distributions
in strengthening model robustness.

Ablation studies on all components of FedYoYo. In
Tab. 4, we present a comprehensive ablation study on the
CIFAR-100-LT dataset, evaluating key components: Ran-
dAug, ASD, and DLA. RandAug refers to the use of strong
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augmentation. A vanilla model without any components
reaches an accuracy of 33.34%, similar to FedAvg. When
RandAug is combined with ASD, accuracy improves by
8.65%, highlighting ASD’s crucial role in enhancing feature
learning and knowledge transfer. Notably, without DLA,
many-shot classes see a significant performance boost, but
gains for few-shot classes are minimal. When all com-
ponents are combined, the overall accuracy improves by
12.79%, with gains of 8.42% for medium-shot and 21.13%
for few-shot classes. These findings show that DLA mit-
igates classifier bias and balances the distillation process.
Additionally, ASD and DLA reinforce each other, working
synergistically to deliver consistent performance improve-
ments across head, medium, and tail classes.

Impact of data augmentation. In this section, we apply
various augmentations to the training samples to assess the
effectiveness of ASD. As shown in Tab. 5, we compare four
augmentation variants in FedYoYo, and the results indicate
that the weak-strong self-bootstrap distillation outperforms
other augmentations. Moreover, other augmentation meth-
ods were examined in Appendix.C.

Influence of fusion coefficient . Fig. 7a shows the ef-
fect of the fusion coefficient v on model accuracy across
different imbalance factors (IF). A larger v emphasizes the
global distribution. Initially, increasing vy improves accu-
racy, but excessive values (e.g., 1.0) cause a decline, indi-
cating that relying solely on global or local distributions is
suboptimal. Our approach balances global and local infor-
mation, achieving better overall performance.

Influence of loss weight A\. As shown in Fig. 7b, despite in-



Table 4. Ablation study of our method’s key components on
the CIFAR-100-LT dataset with IF = 100 and o« = 0.5.

RandAug ASD DLA ‘ Many Medium Few ‘ All
56.89 31.94 7.50 | 33.34
4 60.18 3049  12.50 | 35.71
v 51.46 3443  21.13 | 36.40
v v 65.31 42.71 13.93 | 41.99
v v 56.03 42.51 27.33 | 41.69
v v v 60.26  47.00 28.63 | 46.13

Table 5. Top-1 test accuracy (%) accuracy comparison with
different augmentation policys on CIFAR100-LT with IF =
100 and o = 0.5.

View1(Teacher) View2(Student) Accuracy
Weak augmentation Weak augmentation 33.74
Strong augmentation ~ Strong augmentation 42.92
Weak augmentation  Strong augmentation 46.13
Strong augmentation =~ Weak augmentation 41.06

creasing \ from 3.0 to 5.5, the model performance remains
relatively stable with minor variations in accuracy across
different values. This suggests that the model is not sensi-
tive to the choice of A, implying that consistent performance
can be maintained even with different weights. Therefore,
we recommend choosing A within this range, as it provides
stable and reliable performance.

4. Related Works
4.1. Data Heterogeneity in Federated Learning

Our paper focuses on data heterogeneity in federated
learning that includes local non-IID heterogeneity and
global long-tailed data heterogeneity. Local data het-
erogeneity causes client drift, which is often mitigated
by regularization methods like FedProx [14], SCAF-
FOLD [11], and MOON [13]. To tackle classifier bias in
non-I1ID settings, prior works explore strategies such as
classifier retraining [19], prototype-based classifier rebal-
ancing [5, 36] and local calibration [35]. However, global
long-tailed distributions further exacerbate cross-client
heterogeneity, making adaptation more difficult. Recent
methods focus on server-side calibration [23, 24] or local
model adjustment using global distribution [32], but their
effectiveness remains limited, highlighting the need for
more robust solutions.

4.2. Feature Representation Learning in FL.

Data heterogeneity in federated learning leads to poor
feature representations and biased classifiers, causing mis-
alignment between global and client models. Under global
long-tailed distributions, classifier bias further worsens this
misalignment. Anchor-based methods [33, 41] attempt fea-
ture alignment, while neural-collapse-inspired approaches
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Figure 6. Top-1 test accuracy (%) of our method using differ-
ent distribution estimation strategies on CIFAR-100-LT with
varying o. Light blue bars show results using the ground-truth
distribution, while dark blue bars represent the Pearson coefficient-
based estimation. Red texts highlight the performance gains from
the fused distribution strategy.
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Figure 7. (a) Comparison of different fusion ratios v. We report
the performance across various fusion ratios. (b) Comparison of
different values of ).

employ ETF-based methods [16, 31] or feature regular-
ization [26] to enhance generalization. Others use re-
weighting in client aggregation [25] to mitigate bias. How-
ever, these methods yield limited improvements in feature
representation. Existing self-supervised federated meth-
ods typically utilize contrastive learning [2, 43] or boot-
strap methods [7], often overlooking minority classes and
disproportionately emphasizing majority classes in super-
vised heterogeneous federated scenarios. In contrast, our
method explicitly learns logits as representations and em-
ploys logit adjustment guided by distribution information.
This strategy effectively enhances minority-class repre-
sentation, aligns client features, and improves the global
model’s generalization and performance.

5. Conclusions

We propose FedYoYo, a novel federated learning method
addressing challenges posed by heterogeneous and long-
tailed data distributions. FedYoYo integrates Augmented
Self-bootstrap Distillation (ASD) and Distribution-aware
Logit Adjustment (DLA). ASD employs weakly augmented
samples as self-teachers to guide strongly augmented sam-
ples, enhancing local feature extraction under client data
diversity. DLA leverages both local and global distributions
to calibrate logits, providing effective guidance signals for
representation learning. Extensive experiments on CIFAR-
10-LT, CIFAR-100-LT, and ImageNet-LT demonstrate
FedYoYo’s state-of-the-art performance, surpassing even
centralized baselines in global long-tailed scenarios.
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