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FedALL: Minimizing Variance of Partial
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Abstract—In federated learning, partial participation, where
offline or delayed clients are absent, can significantly degrade
model performance. A potential solution is to better utilize
updates from these absent clients. Existing methods typically
cache the most recent clients’ updates and reuse them in
subsequent training rounds, but they often lack a clear theoretical
justification for why they should use these updates and how
to optimally incorporate them in model training. In this study,
we show that leveraging the most recent updates can reduce
variance in model aggregation, providing insights into the optimal
strategy for using these updates. In particular, we prove that
selecting the appropriate decay coefficient for cached updates
minimizes variance in aggregation. Building on this insight, we
propose FedALL, a novel federated learning algorithm designed
to minimize aggregation variance. Extensive experiments across
different datasets, client participation ratios, and levels of data
heterogeneity indicate that FedALL consistently outperforms
FedAvg by an average increase of 2.51% in accuracy and an
average decrease of 0.74% in standard deviation. Compared to
the previous state-of-the-art method, FedALL demonstrates a
1.85% improvement in accuracy and a 0.6% improvement in
standard deviation.

Index Terms—Federated learning, optimization, partial partic-
ipation, variance reduction.

I. INTRODUCTION

FEDERATED learning is a distributed learning paradigm
where multiple devices collaboratively train a shared

model without exchanging raw data [1]. In practice, full par-
ticipation, where all devices engage in every communication
round, is rarely feasible due to constraints such as limited
network bandwidth, device battery life, and computational
resources. Instead, partial participation, where only a subset of
devices contribute to the aggregation in each round, is more
common in real-world scenarios [2], [3], [4], [5].

To formalize these concepts, we use t to denote the index
of a communication round, and te to represent the deadline set
by the server for round t. In each round, the server distributes
the global model to clients, which then perform local training
and return their updates.
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Fig. 1. Illustration of (a) full participation and (b) partial participation.

A client i is considered active in round t if it has the
capability to receive the global model and send the model
update to the server before the deadline te. On the contrary, a
delayed client fails to complete training and return its update
by te. In a communication round, each client is either online
or offline, and an online client is further classified as active
or delayed. The server selects a subset of clients from a pool
consisting of all online clients. Full participation is defined as
the scenario where all clients are active in every round. Partial
participation occurs when only a subset of clients is active in
each round, due to factors such as clients being offline or
delayed. The difference between full participation and partial
participation is illustrated in Fig. 1.

Partial participation introduces significant challenges, such
as slower convergence, increased training instability, and
reduced model performance [1], [6], [7], [8]. These issues arise
because active clients may only possess low-quality or highly
biased data, leading to biased model aggregation. The bias
then propagates to subsequent rounds, as the aggregated model
serves as the starting point for the next round of training.
Consequently, the accumulation of bias results in suboptimal
model performance.
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Fig. 2. Architecture of federated learning methods that only use the latest
updates of active clients (FedAvg) and methods using clients’ most recent
updates (e.g., FedVARP and MIFA).

There are two primary solutions to these challenges. The
first solution involves client selection algorithms, which aim
to select a subset of clients from the active pool for training [9],
[10], [11], [12]. However, these methods may not be directly
applicable to partial participation scenarios, as the active pool
could predominantly consist of clients with low-quality or
highly biased data, thereby limiting the effectiveness of such
selection strategies [13].

The second solution focuses on incorporating contributions
from inactive clients into the model aggregation process. This
is typically achieved by caching updates from inactive clients
and reusing them in future rounds. These cached updates
may contain valuable information, which can help mitigate
bias during aggregation [6], [7], [14], [15]. Notably, most of
these approaches adopt a common strategy: using clients’ most
recent updates as surrogate updates for inactive clients [6],
[7], [14], [15]. This framework is illustrated in Fig. 2. In each
training round, active clients send their updates to the server.
The server then caches these updates and uses them for model
aggregation in future rounds.

The motivation for using clients’ most recent updates is
straightforward. When a client is unavailable, its update is
absent from the aggregation process in the current round,
leading to biased model aggregation. By caching updates,
the server can reuse this information to mitigate bias and
improve the aggregation process. On the flip side, since cached
updates are generated in previous rounds and have already
been incorporated into prior aggregations, they may become
outdated in the current round. This staleness can potentially
result in ineffective or even detrimental model aggregation.
Moreover, cached updates require substantial storage on the
server, which poses a practical challenge, especially when the
number of clients is large.

Although the intuition is clear, existing work has not pro-
vided a theoretical perspective or analysis to quantitatively
explain the potential benefits of using cached updates and the
optimal way to use them. In this article, we address these gaps
by proposing a theoretical framework that analyzes the bias

Fig. 3. (a) Example of federated learning where two clients participate
alternately. FedALL can better approach the global minimum than FedAvg.
(b) Variance of each update of FedAvg and FedALL during training. FedALL
has a smaller variance.

and variance in the model aggregation process under partial
participation. We demonstrate that leveraging clients’ most
recent updates can reduce variance in the aggregation process,
which is the key benefit of this approach. In particular, we
prove that using these updates transforms the variance of the
aggregated model across clients into variance across rounds
for each client, thereby highlighting the potential for variance
reduction in the aggregation process.

Building on this insight, we propose a new algorithm,
FedALL, which fully exploits the benefits of variance reduc-
tion. The core idea is to assign a decay coefficient to
cached updates, regulating their contributions to the aggre-
gation process. The decay coefficient is adaptive, with its
value dynamically adjusted based on the training process. We
theoretically prove that, by choosing the appropriate decay
coefficient, the variance of the aggregated model can be mini-
mized. To improve efficiency in storage-constrained scenarios,
we design a storage-efficient module for FedALL. It reduces
the storage complexity from O(N) to O(rM), where N and
M are the total number of clients and active clients. r is a
hyperparameter typically much smaller than N/M.

We illustrate the benefit of variance reduction through
Fig. 3. In this example, two clients participate alternately, and
FedAvg exhibits a zigzag pattern between the local minima of
the two clients. On the contrary, FedALL demonstrates more
effective convergence to the global minimum.

We conducted extensive experiments to evaluate FedALL
and other state-of-the-art federated learning algorithms. The
results indicate that FedALL consistently outperforms existing
methods across various datasets, client participation ratios, and
levels of data heterogeneity. In particular, FedALL with the
second approach for estimating the decay coefficient exhibits
greater robustness and higher accuracy.

Our contributions are summarized as follows. First, we
propose FedALL, a novel algorithm that effectively reduces
variance in model aggregation. Second, we propose a theo-
retical framework to analyze the bias and variance of model
aggregation under partial participation to explain the bene-
fits of FedALL. Third, we demonstrate the effectiveness of
FedALL through extensive experiments across different set-
tings. The results show that FedALL improves accuracy by an
average of 2.51% and reduces standard deviation by an average
of 0.74% when compared to FedAvg across 30 different
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tasks. Moreover, FedALL achieves a 1.85% improvement in
accuracy and a 0.6% improvement in standard deviation when
compared to the previous state-of-the-art method, FedVARP.

II. RELATED WORK

A. Possible Solutions to Partial Participation

Federated learning, first introduced by [1], highlighted sev-
eral challenges including partial participation [4], [5], [16]. As
previously mentioned, client selection strategies can mitigate
this issue by optimizing the utilization of active clients based
on device availability and data heterogeneity.

For instance, FedCS employs a greedy algorithm to select
as many clients as possible within a specified deadline [10].
POWER-OF-CHOICE prioritizes clients with higher local
training loss and demonstrates that biased selection can accel-
erate convergence [9]. FOLB selects clients based on the
correlation between their local updates and the global update,
using this as an estimation of their contributions [11].

However, client selection algorithms primarily focus on
utilizing active clients, which can lead to suboptimal perfor-
mance when the pool of active clients is limited or when
these clients fail to represent the entire client population.
Furthermore, identifying the optimal number of clients to
select poses a challenge, particularly in scenarios characterized
by high levels of data heterogeneity. In such cases, achieving
an effective balance between efficiency and convergence rate
becomes critically important [13].

Another strategy focuses on optimizing the utilization of
inactive clients. In these approaches, updates from all clients
are cached and reused when clients are inactive in future
rounds. MIFA introduces this perspective by averaging updates
from active clients and cached updates from inactive clients,
weighted by the number of samples per client [6]. However,
MIFA assumes full participation in the first communication
round, which is often impractical in real-world scenarios. To
address this limitation, FedVARP uses cached updates from
clients to compute two vectors, which are then used for
model aggregation [7]. This approach eliminates the client
participation error term in the convergence analysis.

A significant drawback of these methods is their substantial
storage requirements on the server, scaling at O(N). Here
N is the total number of clients. On the contrary, FedAU
presents a lightweight framework that does not cache updates
but instead adjusts coefficients for each active client based on
their participation histories [17]. This approach reduces the
storage complexity to O(M), where M is the number of active
clients.

B. Variance Reduction

Variance reduction is a widely recognized technique in
stochastic optimization that enhances convergence rates and
optimization stability [18], [19], [20]. This approach has been
successfully integrated into federated learning to achieve
similar objectives [7], [21], [22]. SCAFFOLD was the first
to employ variance reduction to mitigate the variance caused
by data heterogeneity [21]. It maintains a global control
variate on the server to adjust biased local gradients on the
client side. This global control variate represents the average

of all uploaded local control variates, which capture client
drifts. Despite sharing the same model aggregation step
as FedAvg, SCAFFOLD introduces an additional control
variate aggregation step. It requires clients to upload and
download both models and control variates, doubling the
communication overhead. To address this limitation, FedPVR
improves upon SCAFFOLD by applying variance reduction
to only a subset of model layers, thereby reducing the
communication overhead [22].

Inspired by SAGA, FedVARP employs variance reduction
to tackle the issue of partial participation [7], [18]. It adapts the
SAGA algorithm for use in the model aggregation step, with
theoretical analysis demonstrating that FedVARP eliminates
the partial participation error term. While the analysis confirms
convergence, it provides limited insight into performance
improvements. Furthermore, the convergence time complexity
of FedVARP remains O(1/

√
T ), identical to that of FedAvg,

despite eliminating the partial participation error term. The
convergence analysis is also subject to diverse assumptions.
Typically, convergence time complexity with respect to the
number of training rounds is used to evaluate efficiency.
When methods share the same complexity, but under differ-
ent assumptions, determining which method performs better
becomes challenging.

On the other hand, variance can help escape local minima
and improve the generalization of the model. While our work
focuses on minimizing the variance in model aggregation, it
does not completely eliminate it because variance arises from
both the model aggregation and the local training process.
By retaining variance from local training and reducing that
from model aggregation, we maintain the benefits of variance,
such as escaping local minima while enhancing the stability of
model performance under varying device availability patterns.

III. PROBLEM SETUP AND PROPOSED ALGORITHM

In this section, we first mathematically define the optimiza-
tion objective of the partial participation problem in terms of
the bias and variance during the aggregation step. Next, we
present our proposed algorithm, FedALL, which is designed
to minimize the variance introduced by partial participation.
Finally, we discuss an additional storage-efficient module for
FedALL, making it more practical for servers with limited
storage capacity.

A. Problem Setup
We begin by defining some notations. Let S denotes the set

of all clients with |S | = N, and let S t denote the set of clients
participating in the tth round with |S t | = M. The model update
of client i at tth round is defined as ∆i

w,t = wi
t − wi

t−1. We use
t′i to represent the most recent active round of client i before
round t.

In the context of partial participation, the aggregation step
can be viewed as an estimator of the aggregation step under
full participation. Taking FedAvg as an example, the aggrega-
tion steps under full participation and partial participation can
be expressed as (a) and (b), respectively

(a) ∆w,t =
1
N

X
i∈S

∆i
w,t, (b) b∆w,t =

1
M

X
i∈S t

∆i
w,t.
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Fig. 4. Overview of the FedALL algorithm.

Here, ∆w,t represents the desirable aggregation result, which
can only be computed when all clients participate. On the
contrary, b∆w,t represents the aggregation result under partial
participation, and serves as an estimate of ∆w,t.

We can use bias and variance to evaluate the quality of this
estimator. Bias measures the systematic error, while variance
captures the variability across different participation patterns.
They are defined as follows:

Bias = ES t

hb∆w,t

i
− ∆w,t (1)

Variance = ES t

�


b∆w,t − ES t

hb∆w,t

i


2
�
. (2)

Ideally, both bias and variance should be minimized. However,
achieving this in practice is challenging due to the uncer-
tain and dynamically changing nature of client availability
patterns. Consequently, a bias-variance tradeoff often arises.
For instance, FedAvg eliminates bias entirely but incurs high
variance, which empirically leads to suboptimal performance
in partial participation scenarios. Interestingly, some studies
have observed that biased aggregation can, in fact, improve
the convergence rate [9], [23]. Based on these observations, we
recognize that minimizing bias alone is neither necessary nor
always beneficial. Therefore, we shift our focus to reducing,
or even minimizing, variance while maintaining bias within an
acceptable range.

B. FedALL: Federated Averaging With Most Recent Updates
From All Clients

To achieve this goal, we propose FedALL, a novel fed-
erated learning algorithm that effectively reduces variance in
the aggregation process. Fig. 4 presents an overview of the
FedALL algorithm with four clients. In the first round, the
server receives updates from clients 1 and 2, caches them, and
uses them for aggregation. In the second round, upon receiving
updates from client 4, the server aggregates it with the cached
updates from clients 1 and 2, then caches client 4’s update.
In the third round, the server receives updates from clients
3 and 4. It aggregates these with the cached updates from
clients 1 and 2, and subsequently updates the cache with the

new updates from clients 3 and 4. This process continues until
training concludes.

Algorithm 1 FedALL

We also provide the detailed workflow of FedALL in
Algorithm 1, which includes the storage-efficient module and
the computation of the decay coefficient αt. Upon receiving
updates, if enabled, the server first prunes cached updates from
clients who have not participated in the last r rounds. This
process reduces storage requirements while retaining relatively
recent updates that are more relevant for variance reduction.
With this module, the server storage requirement drops to
O(rM), making it more practical in real-world scenarios with
many clients. However, discarding updates may cause slight
accuracy loss compared to original FedALL. We discuss the
tradeoff further in Section V.

The coefficient αt is computed using either (4) or (5).
The server then determines the normalization factor Kt and
aggregates the updates to compute the new model wt+1. Lines
14 and 15 show that FedAvg and MIFA are special cases of
FedALL, where αt is fixed at 0 and 1, respectively. From this
perspective, αt balances bias and variance. In particular, when
αt = 0, bias is minimized, but variance is high. Conversely,
when αt = 1, variance is low, but bias is high. On the contrary,
FedALL determines αt dynamically based on clients’ updates
and participation patterns.

IV. THEORETICAL ANALYSIS

In this section, we present the theoretical analysis of
bias and variance, which is the foundation for understanding



36472 IEEE INTERNET OF THINGS JOURNAL, VOL. 13, NO. 16, 15 AUGUST 2026

TABLE I
BIAS AND VARIANCE OF AGGREGATION PROCESS

FedALL. We also analyze the consistency and convergence of
FedALL under partial participation.

A. Bias and Variance: Foundation of FedALL

Following the definition in (2), we present the bias and
variance of different methods illustrated in Table I, with
detailed computations provided in Appendix I. To simplify
the notation, we use Var to represent the variance matrix and
TrVar to represent the trace of the variance matrix. We use Cov
to represent the covariance matrix and TrCov to represent the
trace of the covariance matrix.

We begin by analyzing the bias. From Table I, we observe
that FedAvg, FedVARP, and SCAFFOLD are unbiased.
However, as discussed in Section III, unbiasedness does not
necessarily indicate good model performance under partial
participation. Empirical studies have shown that FedAvg and
SCAFFOLD often exhibit poor performance or even fail to
converge under partial participation settings [1], [24], [25],
[26]. On the contrary, we argue that reducing variance is
critical, as focusing solely on bias does not yield satisfactory
results.

We can categorize these methods into two groups based
on whether they cached clients’ most recent updates. For
the methods that do not use clients’ most recent updates,
the variances of FedAvg, SCAFFOLD, and FedAvgAU are
proportional to the variance of ∆i

w,t across different clients.
Here, ∆i

w,t represents the model update of client i at round
t, which is highly correlated with the client’s local dataset.
As a result, the variance is positively correlated with the
heterogeneity of local datasets across clients. The variance of
FedAU is much more complex and difficult to simplify, as
it assigns a coefficient γi

t to each client’s update, with these
coefficients being determined by the participation history.

The variances of MIFA, FedVARP, and FedALL are pro-
portional to TrVar(∆i

w,t − ∆i
w,t′i

). This term is less influenced
by local dataset heterogeneity because both ∆i

w,t and ∆i
w,t′i

are strongly affected by the local data. By computing their
difference, the effects of the local dataset are partially canceled

out. Consequently, the variance induced by data heterogeneity
is reduced, leading to a smaller overall variance.

Although employing clients’ most recent updates to reduce
variance seems reasonable, there is no theoretical guarantee.
Comparing FedAvg and FedVARP reveal that FedVARP yields
lower variance only when 2TrCov(∆i

w,t,∆
i
w,t′i

) > TrVar(∆i
w,t′i

).
This indicates that variance reduction depends on both the
covariance between ∆i

w,t and ∆i
w,t′i

and the variance of ∆i
w,t′i

. A
similar, yet more complex, condition can be derived for MIFA
due to the additional term involving the variance of ∆i

w,t.
On the contrary, we can analyze the variance of FedALL

from a different perspective. By selecting an appropriate αt,
we can directly minimize the variance. To achieve this, we
solve the equation TrVar(∆i

w,t − αt∆
i
w,t′i

) with respect to αt

αt =
TrCov

�
∆i

w,t,∆
i
w,t′i

�
TrVar

�
∆i

w,t′i

� , i ∈ S . (3)

By substituting the above equation into the variance expres-
sion for FedALL, we obtain the minimal variance. Comparing
this with FedAvg reveals that FedALL achieves lower variance
without requiring additional assumptions.

However, obtaining the exact solution is intractable due to
partial participation, which makes it impossible to compute
the covariance and variance for all clients. To address this, we
propose two alternatives. The first option is to use information
from the participating clients in each round to compute the
variance and covariance

FedALL-1: α̂t =
TrCov

�
∆i

w,t,∆
i
w,t′i

�
TrVar

�
∆i

w,t′i

� , i ∈ S t. (4)

A significant limitation of the estimation presented in (4) is
that it is strongly influenced by the participation pattern, as it
only considers the variance and covariance of active clients.
For instance, if the clients participating in round t possess
similar data, the variance of ∆i

w,t′i
will decrease, resulting in an

inflated value for α̂t compared to the true value. Conversely, α̂t
might be much smaller than the true value. This inconsistency
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suggests that the estimation is unstable across different rounds
and may fail to consistently reduce variance. In addition, the
time complexity of this estimation is O(M|w|), where |w| is
the size of the model. It is not satisfactory, as it scales with
the size of the model.

To address these issues, we propose a lightweight heuristic
method for computing αt. We base this on two observations:
first, αt = 1 when t = t′i ; second, as t − t′i approaches infinity,
TrCov(∆i

w,t,∆
i
w,t′i

) should approach zero. This is because model
updates are gradient-driven and gradients at increasingly dis-
tant time steps become statistically independent. Based on
these observations, we make the following assumption: the
covariance is proportional to the variance, with the propor-
tionality coefficient being a function of the time gap t − t′i .

First, this assumption is intuitively reasonable. A larger
TrVar(∆i

w,t′i
) indicates a more heterogeneous local dataset,

which likely leads to a larger TrCov(∆i
w,t,∆

i
w,t′i

), since the
covariance is also largely influenced by the local dataset.
Second, from a theoretical perspective, we can decompose ∆i

w,t
into Di + ξi,t + wt−1, where Di represents the contribution from
the local dataset, ξi,t is the noise term, and wt−1 is the global
model from the previous round. We can rewrite the covariance
and variance as follows:

Cov
�
∆i

w,t,∆
i
w,t′i

�
= Var(Di) + Cov (Di,wt−1)

+ Cov
�
Di,wt′i−1

�
+ Cov

�
wt−1,wt′i−1

�
Var

�
∆i

w,t′i

�
= Var(Di) + Var

�
ξi,t′i

�
+ Var

�
wt′i−1

�
+ 2Cov

�
Di,wt′i−1

�
where we assume that the noise term ξi,t is independent of the
local dataset contribution Di and the global model wt−1.

Next, we analyze the difference between the covariance and
variance by each term. First, the Var(Di) and Cov(Di,wt′i−1)
terms appear in both expressions. Second, the Var(ξi,t′i ) term
can be treated as a constant term since it is independent of
the local dataset contribution and the global model. There-
fore, the major difference lies between the Cov(Di,wt−1) +
Cov(wt−1,wt′i−1) term in the covariance and the Var(wt′i−1) +
Cov(Di,wt′i−1) term in the variance. Regarding Cov(Di,wt−1)
and Cov(Di,wt′i−1), since the global model aggregates updates
from all clients, the covariance between the local dataset
contribution and the global model should remain relatively
stable across different time steps.

Both Cov(wt−1,wt′i−1) and Var(wt′i−1) depend on the global
model at different time steps. As the time gap t − t′i increases,
the covariance between the global models at these two time
steps should decrease, while the variance of the global model
at time step t′i − 1 should remain relatively stable. Therefore,
it is reasonable to assume that the covariance is proportional
to the variance, with the proportionality coefficient being a
function of the time gap t − t′i .

Based on the above observations and assumptions, we
choose a simple form of equation to describe such propor-
tionality

FedALL-2: α̂t =
1

E
�
t − t′i

�λ . (5)

The optimal coefficient αt in (3) follows from the variance-
minimization analysis, but this derivation holds only in an
idealized setting. Under partial client participation, exact com-
putation becomes intractable. Consequently, (5) serves as a
practical surrogate, motivated by the qualitative expectation
that cross-round covariance diminishes as the temporal gap
t − t′i increases. Among plausible monotone decay rules, we
select this specific functional form primarily as a lightweight
design choice. It only introduces a single hyperparameter λ
to govern the decay rate, avoiding the complexity of hyperpa-
rameter tuning associated with more complex models.

We emphasize that the chosen decay form is one reasonable
approximation, rather than a formally derived expression.
This design incurs negligible computational overhead, requir-
ing only scalar operations independent of model scale. It
demonstrates robust performance with a default setting of
λ = 1 across diverse benchmarks. We acknowledge the
heuristic nature of this choice as a limitation of our current
framework. Future work may explore more expressive func-
tional forms or data-driven estimators to refine the underlying
covariance–variance dynamics.

As mentioned earlier, FedAvg and MIFA can be viewed
as special cases of FedALL where αt is fixed at 0 and 1,
respectively. From this perspective, λ acts as a hyperparameter
controlling the bias-variance trade-off. FedAvg corresponds to
λ = ∞, implying that past updates are completely uncorrelated
with current updates. MIFA corresponds to λ = 0, indicating
that past updates are fully correlated with current updates.

B. Consistency
Consistency is another crucial property of an estimator,

defined as the convergence of the estimator to the true value
as the number of samples increases. In the context of partial
participation, we define the consistency of the aggregation
process as the convergence of the aggregation result under
partial participation to that under full participation as the
number of active clients grows. We prove that FedALL is
consistent in the following theorem.

Theorem 1 (Consistency): Given the set of active clients in
round t as S t and the set of all clients S , FedALL satisfies

lim
S t→S

b∆w,t = ∆w,t.

Proof: By definition from Algorithm 1, we know that

b∆w,t =
1
Kt

 X
i∈S t

∆i
w,t +

X
i<S t

α̂t∆
i
w,t′i

!
.

When S t = S (i.e., M = N), we can simplify the above
equation as follows:b∆w,t =

1
N

X
i∈S

∆i
w,t = ∆w,t �.

C. Convergence
We provide the convergence analysis of FedALL under

partial participation in a nonconvex setting. We begin with
the following three standard assumptions:

Assumption 1 (L-Smoothness): Each client’s loss function
fi(·) is L-smooth, i.e., ||∇ fi(x)− fi(y)|| ≤ L||x−y||, for all i ∈ [N].
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Assumption 2 [Unbiased Gradient Estimator and Bounded
Local Variance]: The stochastic gradient of each client is an
unbiased estimator of the gradient, i.e., E[∇ fi(w; ξ)] = ∇ fi(w),
where ξ represents the randomness of gradients. The variance
of each client’s stochastic gradients is bounded by σ2

l , i.e.,
E||∇ fi(w; ξi) − fi(w)||2 ≤ σ2

l , for all i ∈ [N].
Assumption 3 (Bounded Global Variance): The variance

of each client’s gradients is bounded by σ2
g, i.e., E||∇ fi(w) −

f (w)||2 ≤ σ2
g, for all i ∈ [N].

These assumptions are all basic assumptions in the con-
vergence analysis of federated learning algorithms [8], [16],
[27], [28]. Notably, we do not require assumptions such as the
bounded gradients assumption or Hessian Lipschitz [6], [17],
[29]. The proof is deferred to Appendix II.

Theorem 2 (Convergence): Given the local training epochs
E, the number of communication rounds T, the total number
of clients N, the number of active clients M, the local
learning rate η, Assumptions 1–3, and for η and αt such that
η ≤ min{(

√
3/24EL), (M/75ELN)} and αt ≤ (

√
2/12(N −M)),

FedALL satisfies
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Corollary 1: For a large T , by setting η =
p

(M/ET )
and αt = (M/(N − M)

p
NT ((M/24) + (73/8N))), FedALL

converges to a stationary point with the following convergence
rate:
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Through convergence analysis, we demonstrate that FedALL
converges at a rate of O(1/

√
T ), which is equivalent to the

rates of FedAvg, MIFA, and FedVARP. In addition, we find
that the convergence proof for MIFA fails without additional
assumptions, such as Hessian Lipschitzness. This issue arises
because MIFA sets αt = 1, which does not satisfy our derived
condition αt ≤ (

√
2/12(N − M)). On the contrary, FedAvg

fulfills this condition by setting αt = 0, allowing its proof to
proceed without requiring further assumptions.

V. EXPERIMENTS

In this section, we present the experimental results
of our proposed algorithm. We compare FedALL with

various state-of-the-art federated learning algorithms that
focus on addressing the partial participation problem or
reducing variance. In addition, we evaluated two storage-
efficient variants of FedALL: FedALL-2-r2 and FedALL-2-r5.
FedALL-2-r2 caches clients’ updates for two rounds, while
FedALL-2-r5 caches clients’ updates for five rounds. We eval-
uated all methods on different datasets and at various levels of
client participation and data heterogeneity to comprehensively
assess the performance of each method.

A. Experimental Setup

We evaluated all methods on four datasets: EMNIST,
CIFAR-10, CIFAR-100, and HAR [30], [31], [32]. EMNIST,
CIFAR-10, and CIFAR-100 are classic image classification
datasets, while HAR is a human activity recognition dataset
that records user activities using smartphones. For FedALL,
we evaluated both approaches: FedALL-1, which computes αt
using (4), and FedALL-2, which computes αt using (5) with
λ = 1. Each task was executed five times with different random
seeds.

1) Accuracy and Standard Deviation: We report both the
average accuracy (Acc) and the average standard deviation
(Std Dev) to evaluate the model performance. Accuracy and
standard deviation are standard metrics in the model per-
formance evaluation. Furthermore, in the context of partial
participation, the standard deviation can serve as an implicit
indicator of the variance in model aggregation. A high variance
in model aggregation typically results in significant differences
in the aggregated model for different random seeds, potentially
leading to a larger standard deviation in the accuracy.

Considering both accuracy and standard deviation, we also
calculated the performance score (Perf-S) for all methods,
defined as the sum of the accuracy score (Acc-S) and the
standard deviation score (Std Dev-S). The definitions of these
scores are as follows:

Perf-S (method A) = Acc-S (A) + Std Dev-S (A)
Acc-s (A) = Acc (A) − Acc (FedAvg)

Std Dev-S (A) = Std Dev (FedAvg) − Std Dev (A). (6)

The rationale behind these definitions is that a higher
accuracy and a smaller standard deviation compared to FedAvg
indicate better performance. The performance score considers
both accuracy and standard deviation, enabling a comprehen-
sive evaluation of each method’s performance.

2) Models and Training Settings: The EMNIST dataset
contains 112 800 training samples and 18 800 testing sam-
ples across 47 classes. The CIFAR-10 dataset consists of
50 000 training samples and 10 000 testing samples in ten
classes. The CIFAR-100 dataset contains 50 000 training sam-
ples and 10 000 testing samples in 100 classes. The HAR
dataset includes 7352 training samples from 21 users and
2947 testing samples from nine users across six classes.
For the EMNIST dataset, we trained LeNet-5 models for
5000 rounds [33]. On CIFAR-10 and CIFAR-100, we trained
ResNet-18 models for 2000 and 3000 rounds, respectively
[34]. We set the batch size to 64, the number of local epochs
to one, and the optimizer to SGD for all experiments. To
ensure appropriate learning rates for different algorithms on
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different tasks, we used the training loss as an indicator and
tuned learning rates for each task over a grid of values:
{10−2, 10−1.75, 10−1.5, 10−1.25, 10−1, 10−0.75, 10−0.5} for all meth-
ods except FedAvgAU. For FedAvgAU, we multiplied each
learning rate in the grid by 0.01 to prevent loss explosion [15].
We applied the learning rate that yielded the smallest average
training loss, computed over the last 20 rounds at 2500, 1000,
and 1500 rounds for EMNIST, CIFAR-10, and CIFAR-100,
respectively. For the HAR dataset, we used LSTM models
with the default Adam optimizer for 600 rounds [35], [36].
The final test set accuracy and its standard deviation were
averaged over the last 20 training rounds.

3) Clients and Data Distribution: To comprehensively eval-
uate different methods under the partial participation setting,
we considered various levels of client participation and data
heterogeneity. We established four scenarios for client par-
ticipation, with a total number of 50, 100, 200, and 500
clients participating in training, respectively. In each round, ten
clients were randomly sampled from the total pool, resulting in
participation ratios of 20%, 10%, 5%, and 2%. In this article,
we denote the sampling of A clients from a total of B clients
as A − B. For example, 10–50 indicates a sampling of ten
clients from a total of 50 clients. As the participation ratio
decreases, the task becomes increasingly challenging. For the
HAR dataset, the local datasets were naturally partitioned by
users. We randomly sampled three and seven clients from the
21 users in each round, resulting in participation ratios of
14.3% and 33.3%, respectively.

Regarding data heterogeneity, we employed the Dirichlet
distribution to sample local datasets for each client [26], [37].
The concentration parameter β of the Dirichlet distribution
controls the level of data heterogeneity. We set β = 0.5 and
β = 0.1 to represent low-data and high-data heterogeneity,
respectively. A smaller β indicates a more heterogeneous data
distribution across different clients, making the task more
challenging.

B. Main Results on Computer Vision Datasets
We present the experimental results in two tables. The

accuracies and standard deviations of different methods for
each task are illsutrated in Table II. The average accuracy
scores, standard deviation scores, and performance scores for
each method are summarized in Table III.

1) FedALL: Both FedALL-1 and FedALL-2 exhibit good
performance in terms of average accuracy and standard devi-
ation. Notably, FedALL-2 outperforms all other methods
on both accuracy and standard deviation. The difference
between these two methods lies in their calculation of αt. In
FedALL-2, αt is heuristically computed by using the most
recent active rounds of all clients, whereas in FedALL-1, αt
relies on the variance and covariance of clients participating in
the current round. Empirical results suggest that the heuristic
computation αt in FedALL-2 is more effective. One possible
explanation is that αt in FedALL-2 better captures the par-
ticipation patterns of all clients, making it more robust and
advantageous for aggregation compared to FedALL-1.

Regarding variance reduction, while standard deviations
can implicitly indicate variance, it is more convincing to
compute and compare the variance of aggregation directly.

Fortunately, we can conduct experiments under special set-
tings, which are impractical in real-world scenarios, to further
verify the effects on variance reduction. In these experiments,
N clients participated in each round, but only the updates
from M clients were used for aggregation. Since we had
the information of all N clients, we were able to calculate
the variance by definition (2). Meanwhile, this setting pre-
served the partial participation pattern, as only M clients
were used for aggregation in each round. The variances are
presented in Fig. 5. We conducted experiments on EMNIST,
CIFAR-10, and CIFAR-100 using Dir(0.5), Dir(0.1) distribu-
tions, along with the 10–100 participation pattern. In addition
to the baseline FedAvg, we also included MIFA and FedVARP
for comparison.

The results demonstrate that MIFA and FedALL-2 are the
most effective methods for variance reduction, while FedVARP
achieves only a slight reduction. The empirical variances
of FedVARP and MIFA align with our previous theoretical
analysis, which indicates that the variance of MIFA is smaller
than that of FedVARP. Comparing the theoretical variance of
FedALL and MIFA, the coefficient of FedALL is N2/K2

t times
larger than that of MIFA, as M < Kt < N. However, we empir-
ically find that the variance of FedALL-2 is roughly equivalent
to that of MIFA across all experiments. This observation sug-
gests that tr(Var(∆i

w,t−αt∆
i
w,t′i

)) should be approximately K2
t /N

2

smaller than tr(Var(∆i
w,t −∆i

w,t)). This supports our expectation
that the term tr(Var(∆i

w,t − ∆i
w,t)) can be reduced by incorpo-

rating the coefficient αt. From these results, we conclude that
MIFA, FedVARP, and FedALL-2 achieve different degrees of
variance reduction, with FedALL-2 and MIFA significantly
outperforming FedVARP and FedAvg. These conclusion is
consistent with those derived from standard deviation scores,
further validating the use of standard deviation as an indicator
for variance reduction.

2) Storage-Efficient FedALL: We further propose
two storage-efficient variants of FedALL-2, denoted as
FedALL-2-r2 and FedALL-2-r5, which retain only the most
recent model updates from active clients within the last two
and five rounds, respectively. These variants reduce the server
storage cost from O(N |w|) to O(2M|w|) and O(5M|w|). More
generally, when caching updates from the last p rounds,
the storage savings are O(|w|(N − pM)), which becomes
significant for large model size and large client population.

Although FedALL-2-r2 and FedALL-2-r5 achieve slightly
lower performance than the full FedALL-2, ranking second
and fourth, they remain competitive with other state-of-the-art
methods. This mild degradation is expected due to reduced
historical information. Nevertheless, both variants consistently
outperform FedAvg across most tasks, demonstrating that they
preserve the core benefits of FedALL-2 while offering practical
memory efficiency.

3) MIFA and FedVARP: In Section IV, we theoretically
proved that the effects of MIFA and FedVARP on variance
reduction are not guaranteed. Experimental results indicate
that the Std Dev scores of FedVARP and MIFA can be
either negative or positive depending on experimental set-
tings, reflecting unstable effects on variance reduction. On
average across all tasks, MIFA reduces the standard devi-
ation by 0.65%, while FedVARP achieves a reduction of
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TABLE II
ACCURACY AND STANDARD DEVIATION ON TEST SET. FOR EACH TASK, THE BEST RESULT IS HIGHLIGHTED IN BOLD. SCORES OF INDIVIDUAL TASKS

ARE DEFINED IN (6). EACH SCORE IS THE SUMMATION OF CORRESPONDING SCORES OF EACH TASK IN A ROW.

only 0.13% compared to FedAvg. This suggests that MIFA
is more effective at reducing variance, consistent with our
theoretical analysis. Regarding accuracy, MIFA shows an
improvement of only 0.11%, whereas FedVARP demon-
strates a much better accuracy improvement of 0.80%. This

difference can be attributed to the significant bias associated
with MIFA during aggregation, while FedVARP is unbiased.
In conclusion, both FedVARP and MIFA outperform FedAvg,
with FedVARP being slightly better than MIFA in terms of
accuracy.
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Fig. 5. Variance of aggregated models for different methods under CIFAR-10, CIFAR-100, and EMNIST with the 10–100 participation pattern. The x-axis
represents the training rounds, and the y-axis represents the variance of the aggregated models.

TABLE III
AVERAGE PERFORMANCE OF EACH METHOD OVER 24 DIFFERENT

TASKS. SCORES ARE DEFINED IN (6). THE “> FEDAVG” IS THE
NUMBER OF TASKS, WHERE THE METHOD HAS HIGHER ACCU-

RACIES OR SMALLER STANDARD DEVIATIONS THAN THOSE OF
FEDAVG. FOR EXAMPLE, “24–24” MEANS THE METHOD

HAS HIGHER ACCURACIES IN ALL 24 TASKS AND
SMALLER STANDARD DEVIATIONS IN 24 TASKS

COMPARED TO FEDAVG . THE BEST RESULT FOR
EACH METRIC IS HIGHLIGHTED IN BOLD

4) SCAFFOLD: SCAFFOLD exhibits poor average
performance in terms of accuracy, with a decrease of
2.60% compared to FedAvg. Notably, SCAFFOLD performs
worst on CIFAR-10 with Dir(0.1), which aligns with
observations from previous research [26]. We also observe
that SCAFFOLD performs poorly on CIFAR-10-Dir(0.1)
and EMNIST-10-Dir(0.1), but performs relatively better on
CIFAR100-100-Dir(0.1). This suggests that SCAFFOLD

lacks robustness across different scenarios, particularly
when the data distribution is highly heterogeneous. Such a
limitation restricts its applicability in real-world scenarios
characterized by highly heterogeneous data. Conversely,
the standard deviation scores of SCAFFOLD are positive,
indicating that it effectively reduces variance. This reduction
can be attributed to its use of control variates to mitigate the
variance caused by data heterogeneity.

5) FedAvgAU: This method performs poorly across all
tasks, with an average decrease of 7.83% in accuracy. This
decline is primarily due to its requirement for a much smaller
learning rate; otherwise, the loss will explode during the
amplification stage. The smaller learning rate significantly
slows convergence, requiring over 300 000 training rounds to
converge on FashionMNIST and CIFAR-10 [15]. Given this,
it is expected to experience substantial accuracy loss when
trained with far fewer than 300 000 training rounds, while
all other methods are able to converge within a reasonable
number of rounds. Such an extremely high number of training
rounds is also impractical and inefficient in real-world scenar-
ios. On the contrary, the small learning rates of FedAvgAU
yield good standard deviation scores. Theoretically, the vari-
ance is positively proportional to the learning rate because
Var(∆i

w,t) = Var
�
−η
PE−1

j=0 ∇ fi
�
∝ η2, where ∇ fi represents the

gradient. By employing a smaller learning rate, this method
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TABLE IV

PERFORMANCE OF DIFFERENT METHODS ON THE HAR DATASET. THE BEST RESULT FOR EACH METRIC IS HIGHLIGHTED IN BOLD

effectively reduces variance at the cost of significant accuracy
loss.

6) FedAU: FedAU improves the average accuracy by
0.45%, but increases the average standard deviation by 0.27%
compared to FedAvg. The increase in average accuracy is
expected because FedAU is specifically designed to address
the partial participation problem [17]. However, it has a nega-
tive impact on the standard deviation, which is not surprising
given that FedAU lacks a potential theoretical foundation for
variance reduction. This observation aligns with our previ-
ous theoretical analysis, which indicates that the variance of
FedAU largely depends on the clients’ participating history.

C. Main Results on HAR Dataset

We present the experimental results on the HAR dataset
summarized in Table IV. We excluded FedAvgAU from these
experiments because it performs poorly on computer vision
datasets, requiring an extremely small learning rate and a very
large number of training rounds to converge.

The results on the HAR dataset are consistent with those
on the computer vision datasets: FedALL-2 achieves the best
performance in terms of both accuracy and standard devia-
tion, while FedALL-1 ranks second. In particular, FedALL-2
improves average accuracy by 1.11% and reduces standard
deviation by 0.61% compared to FedAvg. Overall, these
improvements are smaller on the HAR dataset than on the
computer vision datasets. Notably, FedAU becomes the third-
best method, outperforming FedVARP and MIFA. These
findings suggest that while the performance of these methods
depends on specific dataset characteristics, FedALL-2 remains
robust across different scenarios and achieves the best perfor-
mance.

One notable observation is that FedALL-2 fails to out-
perform the baseline FedAvg in the specific case of the
7–21 participation pattern with five local epochs, showing
a tiny performance drop of 0.06% in accuracy. This is the
only instance among all tasks where FedALL-2 underperforms
FedAvg. In this setting, MIFA is the best method with an
accuracy improvement of 1.03%. Since MIFA is a special case
of FedALL-2 where λ = 0, this implies that while the default
λ = 1 is a good starting point, it is not guaranteed to be optimal
for all settings. Since there is no strict theoretical guidance for
tuning λ, empirical tuning could be considered a limitation
for FedALL-2. We will discuss the effects of hyperparameter
tuning in Section V. Nevertheless, FedALL-2 still achieves
the best average performance across all tasks, demonstrating
its robustness and effectiveness in various scenarios.

TABLE V

EFFECTS OF VARIANCE REDUCTION OF FEDALL

Another observation is that SCAFFOLD performs poorly
on the HAR dataset. Except for the 7–21 participation pattern
with one local epoch, where it achieves 84.40% accuracy,
SCAFFOLD yields extremely low accuracies on all other tasks
and even fails to converge on the 3–21 participation pattern
with 5 and ten local epochs. This aligns with the results on the
computer vision datasets, further indicating that SCAFFOLD
lacks robustness across different scenarios.

D. Effects of Different Model Architectures and Local
Epochs

To evaluate the effects of different model architectures
and local epochs on FedALL’s performance, we conducted
additional experiments using MobileNetV2 and EfficientNet-
B0 with one, five, and ten local epochs [38], [39]. We
selected these models because they are widely used architec-
tures suitable for federated learning scenarios. Experiments
were performed on the CIFAR-10 dataset under the 10–500
participation pattern with Dir(0.1) distribution, representing a
challenging scenario with low-client participation and high-
data heterogeneity. The effects of variance reduction are
presented in Table V and results of model performance are
presented in Table VI.

Across all tasks, FedALL-2 consistently outperforms
FedAvg in terms of both accuracy and standard deviation,
demonstrating its robustness and effectiveness across dif-
ferent architectures and epoch counts. It achieves the best
performance in five out of six tasks for five and ten local
epochs, ranking second in the remaining task. Compared to
FedAvg, FedALL yields average accuracy improvements of
5.13%, 5.88%, and 5.32% for one, five, and ten local epochs,
respectively. As expected, the accuracy improvement is larger
with five or ten local epochs than with one, since variance
caused by partial participation is more severe with more local
epochs.

Regarding the HAR dataset, FedALL-2 improves accuracy
over FedAvg by 1.04%, 0.93%, and 1.40% for one, five,
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TABLE VI

EFFECTS OF DIFFERENT MODEL ARCHITECTURES AND LOCAL EPOCHS ON
THE PERFORMANCE OF FEDALL

and ten local epochs, respectively. The improvement for five
local epochs is smaller than that for one local epoch because
FedALL-2 slightly underperforms FedAvg in the specific case
of the 7–21 participation pattern with five local epochs. If
we exclude this task, the accuracy improvement for five local
epochs rises to 1.92%, which aligns with previous observa-
tions. These results suggest that, in general, FedALL-2 can
achieve great improvements when using more local epochs.

In addition, the variance reduction effects are consistently
well across different settings. Table V presents the average
variance reduction effects of FedALL-2 compared to FedAvg
with respect to different models and datasets. In general,
we observe that FedALL-2 has a better variance reduction
effect on larger or deeper models, such as ResNet-18 and
EfficientNet-B0, than on smaller or shallower models, such
as LeNet-5 and MobileNetV2.

E. Sensitivity of Hyperparameter λ
As mentioned earlier, λ controls the balance between the

current update and the historical update in the aggregation
process of FedALL-2. A larger λ places more emphasis on
the current update, while a smaller λ gives more weight to the
historical update.

To evaluate the impact of hyperparameter λ in FedALL-2
on model performance, we conducted a sensitivity analysis on

TABLE VII

SENSITIVITY OF λ IN FEDALL-2

λ over the range {0.5, 0.6, 0.7, 0.8, . . . , 1.4, 1.5}, following the
same tuning protocol used for learning rates. In Table VII,
we present FedALL-2 with default λ = 1 and with the best
λ tuned on benchmark datasets, different local epochs, and
model architectures.

We found that the performance gains from tuning λ within
the range {0.5, 0.6, 0.7, 0.8, . . . , 1.4, 1.5} are marginal across
different datasets, local epochs, and model architectures. In
most cases, the accuracy improvement is less than 0.8%, and
in some instances, tuning λ even leads to a performance drop.
This occurs because the optimal λ values are chosen based on
training loss, which may not always correlate perfectly with
test accuracy. On the other hand, these results suggest that
tuning λ can still provide some performance benefits in certain
scenarios and may be worth considering when computational
resources permit. In particular, we observe a significant per-
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TABLE VIII

STORAGE COSTS OF DIFFERENT METHODS COMPARED TO FEDAVG

TABLE IX
WALL-CLOCK TIME (s) OF THE MODEL AGGREGATION PROCESS

formance gain of 3.24% on EfficientNet-B0 with five local
epochs. In addition, on EfficientNet-B0 with ten local epochs
and the CIFAR-10 dataset with one local epoch, we also
observe performance gains of more than 1.5% from tuning λ.

Furthermore, the optimal λ values across different datasets,
local epochs, and model architectures are consistently close to
1.0 in most cases. This suggests that λ = 1 serves as a robust
default value and effective starting point for practical appli-
cations. This is particularly beneficial in real-world scenarios
where extensive hyperparameter tuning may not be feasible
due to limited computational resources or time constraints.

F. Memory and Aggregation Efficiency

We evaluate the memory and aggregation efficiency of dif-
ferent methods by comparing their storage and computational
costs relative to FedAvg. Storage cost is measured by the
actual server storage cost, while aggregation efficiency is
measured by the wall-clock time of the model aggregation
process on the server, using ten selected clients out of 500.
Table VIII presents the average storage costs of different
methods relative to FedAvg over 3000 communication rounds.
Table IX presents the wall-clock aggregation time for different
methods across various model architectures.

From Table VIII, we observe that FedALL-2-r2 and
FedALL-2-r5 effectively reduce the storage costs of
FedALL-2. Considering their performance on benchmark
datasets, they achieve a relatively good tradeoff between per-
formance and storage cost, making them potential alternatives
in storage-constrained scenarios. Although they still require
more storage than FedAvg, they significantly reduce overhead
compared to the original FedALL-2, with only 1.8× and 3.4×
storage costs compared to FedAvg, which is more manageable
in practice. On the contrary, MIFA and FedVARP require the
server to store historical updates for all clients: MIFA uses
these directly for model aggregation, while FedVARP uses
them to update two auxiliary vectors for model aggregation.

Regarding aggregation efficiency, the aggregation time of
FedALL-2 and MIFA scales with the total number of clients,
as expected, since they both store and aggregate historical
updates for all clients. We also observe that FedALL-1 slightly
increases aggregation time compared to FedALL-2. While
it requires extra time to compute the trace of variance and
covariance matrices, this overhead accounts for 2.5% of the
total aggregation time of FedALL-1.

G. Summary
In summary, both FedALL-1 and FedALL-2 outperform

other methods overall, with FedALL-2 achieving the best per-
formance. In particular, FedALL-2 improves average accuracy
by 2.51% and reduces average standard deviation by 0.74%
compared to FedAvg across four benchmark datasets. This
leads to a 1.85% accuracy improvement over the second-best
method, FedVARP. Notably, FedALL-2 wins 21 out of 30
tasks, while FedALL-1, SCAFFOLD, and MIFA win four,
three, and two tasks, respectively. Considering the storage-
efficient variant, FedALL-2-r5 even outperforms FedALL-2
in 1 out of the 21 tasks won by the latter. In addition,
FedALL-2 outperforms the baseline FedAvg in 29 out of 30
tasks, highlighting its robustness across different scenarios.
The only exception is the 7–21 participation pattern with five
local epochs on the HAR dataset, where FedALL-2 shows a
slight performance drop compared to FedAvg.

In scenarios with limited storage, FedALL-2-r2 and
FedALL-2-r5 serve as effective alternatives that significantly
reduce storage costs. Among all methods, FedALL-2-r5
outperforms other approaches except FedALL-2, while
FedALL-2-r2 remains competitive. These results indicate
that both variants are effective options when server storage
is constrained. Furthermore, FedALL-2 exhibits minimal
sensitivity to the hyperparameter λ. λ = 1 performs
consistently well across different datasets, local epochs,
and model architectures, making it a robust default choice.
In specific cases, tuning λ yields additional benefits with
performance gains up to 3.24%.

VI. CONCLUDING REMARKS

In this article, we systematically studied the partial par-
ticipation problem in federated learning. We first explained
the rationale for leveraging clients’ most recent updates—a
common approach in previous research—by examining the
bias and variance during the model aggregation. Our analysis
demonstrates that effectively using clients’ most recent updates
can reduce the variance of the aggregation step. To fully
exploit this advantage, we propose a new algorithm, FedALL,
which aims to minimize variance while maintaining a small
bias. Extensive experiments confirm the superior performance
of FedALL, with both FedALL-1 and FedALL-2 outperform-
ing other methods. FedALL-2 excels in both accuracy and
standard deviation, improving average accuracy by 2.51% and
decreasing average standard deviation by 0.74%. This results
in a 1.85% improvement in accuracy and a 0.6% improvement
in standard deviation compared to the previous state-of-
the-art method, FedVARP. Notably, FedALL-2 achieves this
with default hyperparameter λ = 1. Empirical results show
that λ = 1 is near-optimal across different datasets, local
epochs, and model architectures, with tuning normally yielding
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gains of less than 0.5% in accuracy. This robustness makes
FedALL-2 easy to deploy without extensive hyperparameter
tuning. In addition, for servers with limited storage, we
introduced an optional storage-efficient module for FedALL,
which reduces server storage costs by caching updates from
only the most recent p rounds. Our experiments show that
these variants remain competitive with FedVARP.
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