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Abstract

Federated Learning (FL) enables collaborative learning from
distributed data while preserving the privacy of participat-
ing clients. While supervised federated learning with labeled
data has made notable strides and achieved success, feder-
ated semi-supervised learning (FSSL) lags in its progress. Ex-
isting works for FSSL heavily rely on fully-labeled clients,
while ignoring the distribution of pseudo-labels generated
from skewed unlabeled data. In this work, we offer empirical
and theoretical insights into the challenges encountered when
applying conventional semi-supervised algorithms in the fed-
erated regime. Specifically, we highlight how the inherent
data heterogeneity in FSSL can exacerbate issues within the
pseudo-labeling process. Motivated by these observations,
we propose FL with progressive distribution matching (Fed-
PDM) to regularize the distribution of pseudo-labels, aim-
ing to progressively reshape it to align with the ground-truth
distribution. The matching problem could be formulated as
an optimal transport (OT) problem and efficiently solved by
Sinkhorn-Knopp iteration. Through extensive experiments,
we demonstrate the superiority of FedPDM on a variety of
models and datasets compared with prior arts for FSSL.

1 Introduction

Federated Learning (FL) enables a group of clients to jointly
optimize a model using distributed data, ensuring that the
data remain locally stored and only privately accessible.
This new paradigm distinguishes itself from traditional dis-
tributed optimization and offers advantages such as privacy
preservation, secure aggregation, and improved communica-
tion efficiency. To date, there has been a notable surge of in-
terest on this topic, such as pioneering applications in mobile
computing (Hard et al. 2018) and healthcare domains (Liu
et al. 2021). Despite extensive research efforts devoted to
address data (Wang et al. 2020; Acar et al. 2020; Liao, Gao,
and Xu 2024) and system heterogeneity (Diao, Ding, and
Tarokh 2020; Liao et al. 2023; Gao et al. 2019), communi-
cation footprint (Wang, Lin, and Chen 2022; Honig, Zhao,
and Mullins 2022), these endeavors primarily assume the
availability of fully-labeled data. However, real-world data
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Figure 1: Classes (x-axis, sorted by true frequency) vs.
Probability (y-axis, %) on CIFAR-10. As training rounds
progress, client model gains an increasing prediction bias to-
wards certain classes, leading to a distribution mismatch (de-
viation from “Ground-Truth”) for unlabeled data. “Ground
Truth”: true class distribution, “#Epochs”: number of local
training epochs.

are less frequently annotated, primarily due to constraints
related to the budgets and expertise, and a lack of incen-
tive for data owners to undertake such efforts. Consequently,
demanding fully-labeled data for FL may prove impractical
in many real-world scenarios. These constraints have thus
propelled research into Federated Semi-Supervised Learn-
ing (FSSL) (Jeong et al. 2020; Liu et al. 2021).

To leverage unlabeled data, earlier attempts for
FSSL (Jeong et al. 2020; Liu et al. 2021; Yang et al.
2021) focus on adapting existing semi-supervised algo-
rithms into federated scenarios. Nonetheless, these efforts
tend to neglect the heterogeneity (i.e. non-IID-ness) in-
herent in local data. To resolve this issue, RSCFed (Liang
et al. 2022) employs random sub-sampling and distance-
reweighed model aggregation, while CBAFed (Li, Li, and
Wang 2023) introduces adaptive confidence thresholding.
Despite yielding positive outcomes, these approaches
exhibit profound limitations. On one hand, they fail to
uncover the underlying difficulties in accurately assigning
pseudo-labels to samples — a task complicated by the
presence of data heterogeneity. On the other hand, even with
accurately assigned pseudo-labels, training still contends
with the challenges of data heterogeneity, as they do not
account for the data imbalance.

To this end, we delve into the distribution of the model



predictions on unlabeled samples under the federated set-
ting with aggressive data heterogeneity (see Appendix D for
detailed setup). We start with exploratory experiments that
incorporate FixMatch (Sohn et al. 2020), a strong central-
ized semi-supervised learning baseline. We visualize the av-
eraged predictions of exponential moving averaged (EMA)
model of a local client on unlabeled data along different lo-
cal training epochs. The findings, shown in Figure 1, reveal
two key aspects about its predictions: (1) the predictions
exhibit a strong bias towards incorrect classes, suggesting
a distribution mismatch even at the early stages of train-
ing; (2) the bias becomes more pronounced as training pro-
gresses, which shows that the model is increasingly confi-
dent in its incorrect predictions.

These observations shed light on the challenges encoun-
tered with incorporating existing centralized baselines into
FL. The increasing confidence of the local model in incor-
rect classes worsens the distribution mismatch, compound-
ing the effectiveness of pseudo-labeling and reinforcing the
model’s preference for these classes in a vicious cycle. At-
tempts to mitigate the effect, as explored in prior works
(CBAFed, RSCFed, etc.) involve employing a global model
updated per round for pseudo-labeling. However, the distri-
bution mismatch problem persists in them, primarily due to
the susceptibility of the global model to bias induced by lo-
cal data heterogeneity, which are not addressed explicitly
and adequately. Moreover, the scarcity of some classes in
the local data coupled with dynamic changes in pseudo-label
assignments, transforms FSSL into an even more formidable
problem, characterized by the need to learn from a continu-
ously shifting distribution. This exacerbates the problem of
catastrophic forgetting (De Lange et al. 2021).

To address these challenges, we propose federated learn-
ing with progressive distribution matching (FedPDM). Ide-
ally, the example in Figure 1 shows that the predicted class
distribution of a high-quality model should thus closely
match the “Ground Truth” (GT) label distribution. Devi-
ations from the GT signifies a distribution mismatch, and
leaving room for the pseudo-labels assignment to improve.
The core principle of FedPDM is to refine the skewed distri-
bution of local model predictions to align with an estimated
distribution, which serves as proxy for the true class prior.

FedPDM formulates this distribution matching as an op-
timal transport problem (Peyré, Cuturi et al. 2017), adhering
to the prior distribution constraint. This constrained prob-
lem can be efficiently optimized with Sinkhorn-Knopp iter-
ation (Knight 2008). Distribution matching enjoys threefold
advantages. First, it encourages the selection of underrepre-
sented unlabeled samples, mitigating the risk of the model
over-prioritizing incorrect classes. Second, it stabilizes the
training dynamics of local client models on unlabeled data.
Finally, an attractive feature of FedPDM is its seamless inte-
gration with other class-balancing techniques (Menon et al.
2020), providing an explicit means to tackle the data hetero-
geneity inherent in unlabeled data in FL.

To summarize, our contributions are as follows:

* Problem. We reveal the key challenge of distribution
mismatch in existing FSSL algorithms, which provides
a clear interpretation of the observed compromised per-
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formance in these scenarios.

* Method. We introduce FedPDM to progressively refine
the distribution of local predictions, explicitly addressing
the data heterogeneity inherent in unlabeled data.

* Analysis. We conduct a generalization analysis for FSSL
through the lens of domain-adaptation theory. The theo-
retical analysis endorses our method design and offers
insights about the effectiveness of FedPDM.

* Performance. As evinced by extensive experiments,
FedPDM yields much improved pseudo-labels for unla-
beled data. It outperforms existing best competitors by a
clear margin, especially under high data heterogeneity.

2 Related Work

Federated Learning A seminal work on federated learn-
ing, FedAvg (McMahan et al. 2016), has ignited notable re-
search interest in the paradigm of learning from large scale
privacy-sensitive data in a distributed manner. A major chal-
lenge in this domain is the data heterogeneity (McMahan
et al. 2016), stemming from localized private data, a sig-
nificant impediment to the performance of FL (Hsieh et al.
2020). In response to this challenge, one set of methods ad-
vocates for the regularization of local updates. FedProx (Li
et al. 2020) employs proximal regularization to constrain
the local update in the vicinity of the global model. SCAF-
FOLD (Karimireddy et al. 2020) draws inspiration from
variance reduction (Reddi et al. 2016) to correct local “client
drift”. Similarly, FedDyn (Acar et al. 2020) uses dynamic
regularization to align global and local optimization ob-
jectives. Concurrently, another set of approaches aims to
mitigate the deviation of client updates during the global
aggregation stage. FedMA (Wang et al. 2019) utilizes the
Bayesian non-parametric model to fusion local models to a
global model with dynamically expanding capacity. Inspired
by Bayesian uncertainty, FedBE (Chen and Chao 2020) sam-
ples a group of possible global models for ensemble distilla-
tion. Despite their progress, they are tailored for supervised
learning from fully-labeled data, while we seek to exploit
the unlabeled data to address label deficiency in FL.
Semi-supervised Learning presents a promising re-
search direction to leverage the potential of unlabeled
samples. Representative approaches include consistency
regularization (Tarvainen and Valpola 2017) and pseudo-
labeling (Rizve et al. 2020). Consistency regularization
relies on the manifold (smoothness) assumption, typically
instantiated through consistent constraints among various
models (Rasmus et al. 2015) and data augmentations. This
enables a model to learn meaningful representations by find-
ing a smooth manifold. Pseudo-labeling involves select-
ing high-confidence predictions as pseudo-labels via entropy
minimization (Grandvalet and Bengio 2004) or confidence
thresholding (Lee et al. 2013). Hybrid methods (Berthelot
et al. 2019) integrate and generalize various aspects of the
above methods. For a more detailed taxonomy, please re-
fer to (Yang et al. 2022). There has been a growing body of
research (Wang et al. 2022) focusing on the learning dynam-
ics of each class. However, these methods assume balanced
datasets. In contrast, FSSL poses the challenge of learning



from unlabeled data with unknown and skewed distribu-
tion, presenting an unresolved issue we aim to address in
this work.

Federated Semi-supervised Learning Early efforts on
this topic focus on integrating semi-supervised methods
into federated setting to exploit unlabeled data. FedCon-
sist (Yang et al. 2021) applies consistency regularization
on medical imaging data within the federated context.
FedIRM (Liu et al. 2021) presents an inter-client relation
matching scheme to communicate inherent relationship on
diseases to other clients with limited labels. SemiFL (Diao,
Ding, and Tarokh 2022) proposes alternate training to lever-
age clients with unlabeled data to boost the performance
of a global model trained on a centralized labeled dataset.
FEDLABEL (Cho, Joshi, and Dimitriadis 2023) selectively
chooses the local or global model to pseudo-label unla-
beled data. RSCFed (Liang et al. 2022) employs random
consensus to obtain sub-consensus models, followed by a
distance-reweighed model aggregation. However, its con-
sistency regularization overlooks the local data heterogene-
ity. The supervision from the exponential moving-average
(EMA) model could be easily affected by local dataset bias.
CBAFed (Li, Li, and Wang 2023) designs class-balanced
adaptive thresholds for each class and leverages pseudo-
labeling to select training samples. The two categories
above respectively represent consistency regularization and
pseudo-labeling approaches in semi-supervised learning.
Yet, they all failed to explicitly address local skewed data
distribution, and thus still suffer from biased local training,
even assuming unlabeled samples with perfectly assigned
pseudo labels. In contrast, we propose a method to progres-
sively match the distribution for each local client dataset,
explicitly addressing the issue of skewed distribution.

Optimal Transport (Villani et al. 2009) is a mathemat-
ical framework that finds the most efficient way to trans-
port mass from one distribution to another, minimizing to-
tal transportation cost while satisfying given constraints. As
an effective tool to compare two probability distributions,
OT has also gained prominence in computer vision under
the name of Earth Mover’s distance (Zhao, Yang, and Tao
2008). Recently, approximate solvers (Cuturi 2013) have en-
abled efficient scaling to large-scale problems, leading to its
widespread adoption in diverse domains such as few-shot
learning (Zhang et al. 2020), adversarial robustness (Bui
et al. 2021), and learning from multi-modal data (Lee et al.
2019). Notably, Taherkhani et al. (Taherkhani et al. 2020)
proposes to transport labels via hierarchical OT within the
context of (centralized) semi-supervised learning. Neverthe-
less, several substantial obstacles prevent it from being eas-
ily applied to FSSL. First, it relies on a known distribution
before training to adjust pseudo-label distribution, a luxury
we lack in FL, requiring us to estimate throughout the train-
ing phase. Second, it operates under a balanced distribution,
whereas our emphasis is on addressing the skewed data dis-
tributions inherent in local client datasets.

3 Preliminaries

We consider a classification problem as local training
task with input space X R? and output space ) =
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{1,..., K}, where K is number of classes. Our goal is to
learn a high-quality global model f : X — ).

Federated Semi-supervised Learning (FSSL) We con-
sider two settings that represent the typical scenarios of
FSSL. In the first (Mixed), we assume a group of clients
{C4,...,C,}, and each client ¢ possesses a mixture of la-
beled dataset D! = {(zl, yﬁ)}f\[:él
Dy {(xf)}f\;cl In the second (Pure), we assume
m labeled clients {C!,... C! } and n unlabeled clients
{C¥ . q,...,Cr ..}, and their datasets can be defined ac-
cordingly. We introduce our proposed method under the first
scenario, and the second could be similarly implemented by
specializing different supervision losses for labeled and un-
labeled clients. For the local training on labeled data, exist-
ing FSSL methods utilize the cross-entropy (CE) loss as the
learning objective:

=50 Byl p(h | 21), (1)
where B is the batch size, and H(u,v) calculates cross-
entropy between two probability distributions w and v, and
Pm represents the normalized prediction of a client model.

To leverage unlabeled data, pseudo-labeling methods gen-
erate artificial labels from unlabeled data by thresholding the
output probability. This refers to the following loss function:

£o = 2508 1max(qe) > 7] Hdo, @), (2)

where g, = ppm(yi|zy), and gy is a one-hot notation of
arg max(qp). The hyperparameter y is a scaling factor that
determines the batch size of unlabeled data, and 7 is a
threshold to control pseudo-labels selection.

Optimal Transport (OT) computes the minimal cost of
transporting between probability measures. In this work, we
focus on transport problem of discrete probability measures,
and refer readers to (Peyré, Cuturi et al. 2017) for more gen-
eral formulation. We start with two n- and m-dimensional
discrete probability distributions p = > | a;0,, and ¢ =
Z;"Zl b;d,,. Here, x; and y; denote locations, d,, is the
Dirac function located at x;, implying a unit of mass which
is infinitely concentrated at position x;. The vectors @ € A"
and b € A™ are two probability simplexes that define the
weights at each location. The OT distance can be calculated
by solving the constrained optimization problem:

d(p, Q) = minTGH(p,q){<T7 C> = Zi,jTijCij}v 3)
where d(p, q) is the weighted distance between p and g,
and C;; defines the transport cost matrix, (T', C) denotes
the dot-product between the matrices 1" and C, where T’
is the transport probability matrix subjects to II(p, q)
{T| "0, Tij = b5, 3752, Ty = a;}, i.e., the joint distri-
bution of p and ¢. The target of OT is to find an optimal
probability matrix T (the optimal transportation plan) that
minimizes the total transportation cost.

and unlabeled dataset

4 Progressive Distribution Matching
Figure 2 provides the high-level overview of the proposed
FedPDM on a FSSL client. The heatmaps represent the out-
put probabilities of batched data. For each batch of unla-
beled data, we gather the data predictions from the EMA
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Figure 2: A high-level overview of proposed FedPDM on a
federated semi-supervised learning client.

model with weak (random crop and flip) augmentations, and
the online model with strong (RandAug (Cubuk et al. 2020))
augmentations. We refine them with progressive distribu-
tion matching to align with the estimated class prior distri-
bution of unlabeled data ("), which is obtained by EMA
updates, and with the true distribution of labeled data .
The pseudo-labels are generated by thresholding the refined
predictions and used as targets to optimize the online model
with strongly augmented data. Finally, we address the lo-
cal data heterogeneity with logits adjustment based on the
estimated distribution (7°) for both supervised and unsuper-
vised losses.

How to address distribution mismatch of pseudo la-
beling? The target of progressive distribution matching is to
refine the skewed distribution of original EMA model pre-
dictions P = [py,...,pn]' € Ri\_’XK based on a prede-
fined cost matrix C' € Rf *K such that the refined pseudo-

labels matrix Q = [qy,...,qn]' € RfXK can closely re-
flect the true class prior distribution. Here, @) resembles the
transportation plan 7" in Eq.3. We formulate the distribution
matching as an optimal transport problem:

ming(Q,C) - $H(Q) = -¥L, ¥72,Qi IOg(PijQé')
5.£.Q;5>0,Q 1y =7, Qlg =c. 4)

Here, we define C;; = — log P;;, which implies that we as-
sume lower transportation cost for predictions with higher
confidence. Inspired by (Cuturi 2013), we also append an
entropy regularization term with a trade-off hyperparameter
A to prevent the solution of @ being overly sparse, which
can also be regarded as a smoothing regularization. This
regularization also notably accelerates the computation of
OT problem (Cuturi 2013). The first constraint in (4) lim-
its the elements in @ to be non-negative, and the remain-
ing two respectively define the desired property of row- and
column-wise distribution of matrix ). The simplex r is a
K -dimension vector that defines the class distribution of un-
labeled data. Figure 3 demonstrates that while the distribu-
tion at each training round can be noisy and deviate from the
true class prior. An EMA update can converge smoothly and
yield high-quality approximation, thanks to the temporal en-
semble nature of EMA, which leverages all past predictions.
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Figure 3: Comparing the cosine similarity between esti-

mated distribution and ground-truth distribution of unla-
beled data on CIFAR-100 over training rounds.

The N-dimensional vector ¢ = 1 indicates each row of
matrix @ is normalized to represent a probability distribu-
tion. This is also help to counteract the biased pseudo-label
process. The optimal transport problem can be efficiently
solved with Sinkhorn-Knopp algorithm (Cuturi 2013) by al-
ternatively normalizing the row and column with scaling
coefficient vectors o and (3 to satisfy the constraints. To
achieve this, we use M € RY*X where M;; = e s =
P}, and optimize « and @3 iteratively by coordinate de-

sc?:nt (Boyd and Vandenberghe 2004):

a « logc —log(MeP), B « logr —log(M "e®). (5)

The refined predicted distribution of unlabeled data is thus
Q = diag(e®)M diag(e?). In our implementations, we
initialize a matrix M to store the predictions of unlabeled
data of each client and update M progressively in each lo-
cal optimization step. We apply distribution matching for
each mini-batch of unlabeled data and refine predictions
with Q. The distribution matching operates locally on each
client and incurs no additional information exchange among
clients. We present the details in Algorithm 1 and defer the
derivation to Appendix C.

It is worth noting that the estimated class prior distribu-
tion of unlabeled data plays a pivotal role in connecting
the two important issues in FSSL, i.e., the skewed pseudo-
labeling problem and biased local training. On one hand, the
estimated class prior distribution addresses pseudo-labeling
distribution mismatch. On the other hand, we employ it to
tackle the biased local training to stabilize the training dy-
namics of FSSL. Benefiting from this, FedPDM can seam-
lessly incorporate many class-balancing tools that leverage
the class distribution of training data, granting us the flexi-
bility and possibility to further push the frontier of FSSL al-
gorithms. To our knowledge, this has not been investigated
and exploited in existing FSSL works as the distribution of
unlabeled data is not available in these works.

How to effectively tackle biased training on unlabeled
data? Favorably, the estimated distribution = can be seam-
lessly incorporated to existing class-balancing techniques
such as resampling or reweighing. This gives rise to debi-
ased local training of clients on unlabeled data. Neverthe-
less, resampling methods incurs additional computation cost



Algorithm 1: FedPDM: Progressive Distribution Matching
ServerUpdate (C, R, T):
for each communication round ¢t =1,2,...7 do
Sy +— sample((C,'R) // Client sampling
for each client ¢ € S; in parallel do
| W! + ClientUpdate(D., D, Wi™!)
W; = Z‘St‘ Pe* Wct // Global aggregation

c

return W!;f

ClientUpdate (D%, D%, W}):

Wct — Wct // Initialize EMA model

for each local epoche = 1,2,... E do

for batch (2%, y5), (¢lip,y5) € DL, D¢, do
L % Zszl H(yll)v pm(yll; | xé))

P,p + fVVj(xZB) // Batch predictions
QB + Sinkhorn (P,g,1,¢)

£o = 2508 max(qs) > 71H(gy, qv)
L=Ll 4L

Wg — W(f - WVWC?L // Online model
Wct — ﬁ1W§ + (1 — 51)Wct // EMA

moade

| 7 far + (1 B2)P/plp // BvA dist.
| return I}
Sinkhorn (P, g, r, c):
M + Update(M, P#B) // Update cost matrix
for each iterationt = 1,...,1,, do

// Sinkhorn-Knopp Iteration
a < logc—log(MeP); B < logr —log(M "e®)
Q = diag(e®)M diag(eP) // rRefined preds
Q.B + Extract(Q, Index(P,p))
| return Q,p

in FL local training, and the missing classes of local dataset
can not be over-sampled. FedPDM thus adopts logit adjust-
ment (Menon et al. 2021), a lightweight reweighing remedy
that operates only on model predictions without neural over-
head. This gives rise to the following loss function:

exp (pytrlogry)
X exp(pj+rlogr;)’

(6)

where « is hyperparameter to control the strength of logits
adjustment, and r = [r1,...,rk] is an estimated class dis-
tribution. As clients possess a mixture of labeled and unla-
beled data, we first calculate the overall distribution of local
labeled and unlabeled data and then use it for logits adjust-
ment of all samples. The adjustment can be achieved by re-
placing the cross-entropy loss in Algorithm 1 with the loss
defined in (6). Since the estimated distribution of unlabeled
data can be inaccurate at the beginning of local training, we
apply a linear-rampup schedule to gradually increase the im-
pact of logits adjustment.

We note that existing FSSL methods lack such consid-
eration and they thus still suffer from the dreaded distri-
bution shift in semi-supervised local training despite their
innovations. Note that distribution matching and the class-

L (p.y) = —log 5=
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balancing techniques can compliment each other jointly.
This is due to the former is conducive to reshaping the pre-
dictions to better align with the true class prior. Benefiting
from this alignment, the class-balancing techniques can be
applied on these refined predictions more efficiently than on
a skewed counterpart. This is also supported by the analysis
in Theorem 1, and ablation studies in Appendix H.2.

Since the thresholding operator in pseudo-labeling pro-
cess causes varying number of selected unlabeled data at
each communication round, we introduce an adaptive aver-
aging method that considers the effective number of training
data. We define a weight ratio for each client c:

pe=(NE+ N/ TN+ N, @
where N;* is the selected total number of unlabeled data
of client 7. The adaptive aggregation scheme automates the
evaluation of client aggregation weights. It specifically frees
us from manually tuning the aggregation weights of labeled
and unlabeled clients as in RSCFed (Liang et al. 2022).

5 Theoretical Analysis

To gain a deeper understanding about the intrinsic difficulty
of FSSL under heterogeneous data, we conduct the general-
ization analysis. Following the motivation from multi-source
domain adaptation (Mansour, Mohri, and Rostamizadeh
2008), we decompose the domain gap between the data dis-
tribution of local client and global distribution into two parts,
namely, label distribution shift represented by local domain
Mj, and label noise denoted by Nj. The former focuses on
the imbalance of data quantity of each class, and the latter
is specialized for pseudo-labeling error on unlabeled data in
semi-supervised learning. Below we consider a FSSL sys-
tem with K clients. For an in-depth proof, please refer to
Appendix B.

Theorem 1 (Generalization Bound for FSSL ). Let G be the
global domain, and the risk of a hypothesis h on G is defined
as Lg(h). Assume hy, is the hypothesis learned on local do-

main for client k and h = % Zszl hy is the hypothesis of
global domain. Let D¢ and its parallel notations YiMk and

D N, be the induced distributions over the feature space Z.
With probability at least 1 — §:

La(h) < %2 ker[Lnn (i) + L, (7))
+ % D keii)l@man(Dar, Do) + duan(Dy,, Do)l

o +4\/i(dlog267m + log 1K),

®)

where Ly, (hy,) and Ly, (hi,) are the empirical risks of hy,
dyarw (-, ) measures the H-divergence between two distri-
butions, Ay, == minp, Lg(h) + L, (k) + Ly, (h) represents
the minimum of the combined risks on domains G, My, and
Ny, and m is the number of samples on each local clients.

Remark 1. If the unlabeled training samples are precisely
annotated in pseudo-labeling process, Theorem 1 degener-
ates to the generalization bound of FedAvg (McMahan et al.
2016) on fully-labeled data.



What the generalization bound reveals? Theorem 1 in-
dicates the generalization upper-bound of global hypothesis
is primarily contingent on three terms: (1) the averaged em-
pirical risk of local hypothesis on skewed domains, (2) the
discrepancy between local and global distribution raised by
local distribution shift and pseudo-labeling error, and (3)
the number of local samples and the complexity of hypoth-
esis. Notably, the above analysis also suggests that the gen-
eralization performance of existing FSSL algorithms (Liu
et al. 2021; Liang et al. 2022; Li, Li, and Wang 2023) is
upper-bounded by FedAvg (McMahan et al. 2016) on fully-
labeled data, as they do not account for the data heterogene-
ity issue explicitly. In contrast, FedPDM takes a step forward
to address the distribution mismatch to minimize the domain
gaps. Specifically, our distribution matching intends to min-
imize dy a3 (Dn,, D) incurred by pseudo-labeling error.

Why debiased local training works? Appendix B.3
presents additional insights of how debiased local train-
ing (6) addresses the label distribution shift, which con-
tributes to reducing dyas(Dar,, Dg) of generalization
bound (8).

6 Evaluation of FSSL Algorithms

Benchmark datasets. We conduct experiments on five
prevalent datasets for FSSL: Fashion-MNIST (Xiao, Rasul,
and Vollgraf 2017), SVHN (Netzer et al. 2011), CIFAR-10
(Krizhevsky, Hinton et al. 2009), CIFAR-100 (Krizhevsky,
Hinton et al. 2009), and ISIC2018 (Codella et al. 2019). The
details for dataset processing and configurations are outlined
in Appendix E.1.

FSSL scenarios. Following (Jeong et al. 2020; Li, Li,
and Wang 2023; Liang et al. 2022), we assume the labeled
data availability on clients rather than server. We consider
two FSSL scenarios, which we refer to as Mixed and Pure
respectively. For the Mixed scenario, we simulate a mixture
of labeled and unlabeled datasets for each client. To achieve
this, we randomly split a subset from the original dataset
as the labeled dataset and construct the remaining data as
the unlabeled dataset. We partition the labeled and unla-
beled datasets separately to multiple sub-datasets according
to Dirichlet distribution Dir(«), where « controls the het-
erogeneity degree of local clients. A small « indicates high
data heterogeneity, while o — oo gives class-balanced data
partitions. Note that the class prior distributions of labeled
and unlabeled datasets are different as exemplified in Fig-
ure 9 of Appendix E.1, and it is thus not feasible to infer
the distribution of unlabeled data from labeled data. For the
Pure scenario, we directly partition the original dataset into
multiple heterogeneous subsets. We set 10 local clients for
each scenario. Specifically, we have 1 labeled and 9 unla-
beled clients for the latter scenario to align with existing
works (Liang et al. 2022; Li, Li, and Wang 2023). For all ex-
periments, we report the best accuracy of the global model
obtained by each method.

Training setups. For all experiments, we used the SGD
optimizer with batch size 64, momentum 0.9, and weight
decay 5e~*. We utilized ResNet18 (He et al. 2016) for main
evaluation. We set the number of communication rounds 7'
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Figure 4: Convergence curve comparisons of FSSL methods
(rounds vs. accuracy (%)) on CIFAR-10. FedPDM enjoys
much faster convergence and much higher final accuracy
than the competing FSSL methods. For a similar compari-
son on CIFAR-100, please refer to Figure 10 in Appendix
H.1.

as 400 and local epoch e as 5. For Mixed, we set the learn-
ing rate as 0.03. For Pure, the learning rate for labeled and
unlabeled clients are respectively set as 0.03 and 0.02. A co-
sine learning rate scheduler with the total decay rounds be-
ing set as 400. This aligns with experimental settings of ex-
isting semi-supervised literature (Sohn et al. 2020). To select
high-quality pseudo-labels, we set the confidence threshold
7 = 0.95 on all datasets without further tuning. After each
local training round, the clients transmit the EMA model to
the server. Appendix E.2 provides the remaining hyperpa-
rameters.

Compared methods. We compare with prior arts for
FSSL: (1) FedIRM (Liu et al. 2021), which adds the inter-
class relation loss computed with predictions of labeled
clients to unlabeled clients; (2) RSCFed (Liang et al. 2022),
which leverages random sub-consense sampling to optimize
local clients and uses distance-aware aggregation to obtain
global model; (3) CBAFed (Li, Li, and Wang 2023), which
introduces adaptive threshold to improve pseudo-labeling.
Following RSCFed and CBAFed for referential baselines:
for Pure, we also included the accuracy of FedAvg (McMa-
han et al. 2016) trained with 1 labeled client as a lower
bound, and FedAvg (McMahan et al. 2016) trained with 10
labeled client as an upper bound; for Mixed, we used Fe-
dAvg (McMahan et al. 2016) trained on labeled dataset.

FedPDM achieves better converged accuracies. We
present the main evaluation of FedPDM and compared
methods under two FSSL scenarios in Table 1. We ob-
served FedPDM consistently yields the highest accuracies
compared with other FSSL algorithms. On the CIFAR-100
dataset under Mixed scenario, it remarkably surpasses the
best competitor by 4.7%. Importantly, it also indicates that
the advantage can be generalized on large-scale datasets
with higher image resolution such as ISIC2018, which ex-
tends its applicability to real-world tasks. Figure 4 illustrates
the convergence curves of evaluated FSSL methods under
Mixed. It can be observed that FedPDM converges notably
faster than its competitors. Benefiting from the regulariza-
tion effect introduced by distribution matching, it also man-
ifests stable and smooth convergence behavior.

FedPDM thrives under aggressive data heterogeneity.
In addition to the main evaluation, we were also interested



Scenario  Supervision | Method | FMNIST SVHN CIFAR-10 CIFAR-100 ISIC2018
Fully- If all clients have labels (Upper bound) 93.27 96.17 94.18 78.26 85.81
Supervised If all clients trained with labeled data only (Lower bound) 73.52 71.95 66.96 63.32 66.20
Mixed FEDIRM (Liu et al. 2021) 82.45 83.49 72.19 63.73 66.71
Semi- RSCFED (Liang et al. 2022) 82.88 84.25 76.10 67.22 68.59
Supervised | CBAFED (Li, Li, and Wang 2023) 83.62 83.93 80.20 67.57 68.42
FEDPDM (ours) 85.19 87.69 83.74 72.14 69.50
Fully- If all clients have labels (Upper bound) 93.27 96.17 94.18 78.26 85.81
Supervised If trained with the only 1 labeled client (Lower bound) 71.79 86.72 63.59 36.84 69.20
Pure FEDIRM (Liu et al. 2021) 76.35 85.42 64.16 40.23 70.20
Semi- RSCFED (Liang et al. 2022) 78.83 87.41 66.92 41.59 71.54
Supervised | CBAFED (Li, Li, and Wang 2023) 81.49 89.90 69.65 43.66 72.05
FEDPDM (ours) 85.76 94.21 74.02 47.71 73.89

Table 1: A performance overview of compared methods. We evaluate all methods under Mixed and Pure FSSL scenarios.
Mixed trains 10 clients with a mix of labeled and unlabeled data, and Pure trains 10 clients, where only 1 has labeled data.
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Figure 5: Comparing the F1-score of pseudo-labels (rounds
vs. GT) on the CIFAR-100 dataset.

in how pushing the degree of data heterogeneity could af-
fect the performance of FSSL algorithms. We investigated a
more aggressive heterogeneous data partition with o = 0.1.
Table 2 presents the results on three datasets. Unlike other
FSSL algorithms, We highlight that FedPDM still thrives
at high degrees of data heterogeneity, gaining a clear ad-
vantage over compared methods. In contrast, existing algo-
rithms are oblivious to local training bias on unlabeled sam-
ples, presumably due to the lack of class distribution of un-
labeled datasets. Their performance could thus be compro-
mised easily under more difficult FSSL settings if the local
bias is not properly addressed. Remarkably, on the large-
scale real-world dataset ISIC2018, FedPDM only manifests
a slight 1.96% performance drop when the data heterogene-
ity increases, whereas FedIRM suffers from 5.11% accuracy
degradation. This also suggests that distribution matching
and debiased local training for unlabeled data can push the
limits of FSSL to more challenging scenarios.

FedPDM improves the quality of pseudo-labels. As
pseudo-labels have a direct impact on the learning dynam-
ics of local clients, we compared the quality of pseudo-
labels between FedPDM and CBAFed. Since local unlabeled
datasets are imbalanced, we used the multi-class F1-score to
take into account both precision and recall metrics. In Fig-
ure 5, we highlight that FedPDM produces better pseudo-
labels than CBAFed, and exhibits smooth and stable im-
provements as training progresses. This also explains the
faster convergence of FedPDM over others.

Additional results and discussion. Table 7 in Appendix
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Method \ CIFAR-10 CIFAR-100 ISIC2018
Upper bound 90.14 75.39 81.26
Lower bound 62.73 59.25 61.43
FEDIRM 68.55 58.01 61.60
RSCFED 71.48 61.41 62.83
CBAFED 72.61 63.60 63.02
FEDPDM (ours) 78.96 69.40 67.54

Table 2: Comparison of performance for Mixed under ag-
gressive data heterogeneity with o = 0.1 on 3 datasets.

H reports the ablations to verify the impact of each com-
ponent. To sum up, the distribution matching and debiased
local training with logits adjustment jointly boost each other.
We believe debiased training can maximize its effect when
the distribution being applied best fits the GT distribution
of the unlabeled dataset. This also suggests that debiasing
FSSL training requires attention to the skewed distribution
of the local model’s predictions. We defer hyperparameter
sensitivity to Appendix F, computation overhead analysis to
Appendix G, and more experimental results and discussion
to Appendix H.

7 Conclusion

We empirically reveal the pseudo-labeling of FSSL can be
easily misled by unlabeled data heterogeneity. This causes
distribution mismatch that hinders the correct assignment
of pseudo-labels. We presented FedPDM, a novel FSSL
method that aligns the unlabeled data predictions to their
class prior distribution and tackles biased local training with
an estimated class prior. Theoretical analysis revealed the
limitations of existing FSSL algorithms and provides in-
sights of our method design. Experiments showed that Fed-
PDM can substantially improve the quality of pseudo-labels
and even widen its lead over other approaches at aggressive
data heterogeneity. We believe this paves the way for future
work to address the label deficiency of FL algorithms, and
consequently broaden their applicability on real-world tasks
with limited annotations.
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