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Abstract

Federated learning (FL) has emerged as a widely
adopted training paradigm for privacy-preserving machine
learning. Despite the past success of SGD-based meth-
ods, they still suffer from severe data heterogeneity and
the lack of adaptivity in practical applications. While
several adaptive federated optimization methods (such as
FedAdam) have been proposed and demonstrated to achieve
faster convergence, they fail to show significant improve-
ments in generalization performance under highly hetero-
geneous data distributions, and their optimization and gen-
eralization mechanisms remain insufficiently understood.
To fill this gap, we introduce diffusion theory into the adap-
tive federated optimization framework and analyze the dis-
tinct effects of adaptive learning rate and global momen-
tum from the perspectives of saddle-point escaping and flat-
minima selection. Theoretical results show that although
FedAdam outperforms FedAvg/FedAvgM in escaping sad-
dle points, the latter escapes sharp minima more efficiently.
The root cause lies in the fact that adaptive learning rate,
while enhancing saddle-point escape, weaken the prefer-
ence for flat minima. Motivated by these insights, we
propose FedAdamom, a new adaptive federated optimiza-
tion algorithm that adapts the momentum hyperparame-
ter rather than the learning rate. FedAdamom maintains
strong saddle-point escaping capability while enhancing
flat-minima selection. We further establish its convergence
guarantees under non-convex objectives. Extensive exper-
iments demonstrate that FedAdamom significantly outper-
forms existing adaptive federated optimization methods in
terms of convergence speed, generalization performance,
and preference for flat minima. Our code is available at
https://github.com/Tenshawn/FedAdamom.

* indicates equal contribution. Corresponding author: Shaoting Tang.

(a) α = 0.1 (b) α = 0.3 (c) α = 0.9

Figure 1. Comparison of FedAvg(net) and FedAdam(solid) loss
landscapes with varying degrees of data heterogeneity (α) on the
CIFAR-10 datasets. The effectiveness of FedAdam and FedAvg
in converging to global flat minima is highly influenced by data
heterogeneity, with higher heterogeneity (α ↓) leading to conver-
gence toward sharper minima. This highlights the importance of
optimizing global sharpness. Model: CNN.

1. Introduction

Federated Learning (FL) is a large-scale machine learn-
ing framework in which multiple clients collaboratively
train a shared model under the coordination of a central
server [34]. The key benefit of this paradigm is that each
client’s private data remains local and is not shared with
the server or other clients, thereby providing a degree of
data privacy protection. The baseline algorithm for FL,
FedAvg [34], proceeds as follows: each of the selected
clients updates its local model using stochastic gradient de-
scent based on their local data. After local updates, the se-
lected clients upload their local model weights to the server,
which then computes the new global model by averaging the
model weights.

Although FedAvg has achieved remarkable success in
its early applications, it essentially shares the same char-
acteristics as Stochastic Gradient Descent (SGD) and may
perform poorly when facing heavy-tailed stochastic gradi-
ent noise distributions—a phenomenon frequently encoun-
tered during model training [36]. These limitations primar-
ily arise from two factors: i) the high heterogeneity of client
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data in FL settings [17]; and ii) the lack of adaptivity such
as learning rate adjustments or momentum terms [40]. In
this context, employing adaptive learning rate methods that
leverage information from past iterations can lead to more
efficient optimization. For example, FedAdam [40] incor-
porates adaptive learning rates with momentum, and has
become one of the most popular optimization algorithms
for accelerating FL training. However, although FedAdam
achieves faster convergence compared to FedAvg, its gen-
eralization performance does not always show significant
improvement. Studies [50] have shown that in common
convolutional neural network (CNN) architectures, using
Adam optimizer tends to converge to sharper local min-
ima, which are widely believed to be closely associated
with poorer generalization performance [4, 5, 12, 14, 37].
Consequently, while FedAdam improves optimization effi-
ciency, it may introduce new challenges in achieving robust
generalization.

Diffusion theory has been widely employed to analyze
the dynamical behavior of SGD-based methods in the pro-
cess of minima selection [29, 54]. Xie et al. [53] used
the diffusion theory to quantitatively demonstrate that, due
to the Hessian-dependent covariance structure of stochas-
tic gradient noise, SGD tends to converge to flatter minima
with better generalization ability among numerous minima.
Subsequent studies [8, 14, 54, 62] have further shown that
injecting or amplifying gradient noise correlated with cur-
vature sharpness, similar to the inherent noise in SGD, can
effectively facilitate convergence toward flatter minima.

Although FedAdam and FedAvg both use SGD on the
clients and can converge to flatter minima locally, prior
work [2] shows that the local and global loss landscapes are
often inconsistent due to data heterogeneity in FL. Accord-
ingly, we incorporate diffusion theory into the FL frame-
work to investigate how FedAvg selects minima during
the optimization process. Our analysis reveals that Fe-
dAvg typically escapes from sharp global minima faster
than FedAdam (Fig. 1), thereby providing a theoretical ex-
planation for its better generalization performance. In ad-
dition, saddle point escape dynamics have been recognized
as a critical factor influencing training efficiency in deep
learning, and previous studies have analyzed convergence
properties from this perspective [45]. Similarly, the mis-
match between the local and global loss landscapes means
that the local preference for flat minima does not necessarily
guarantee good global generalization.

To further investigate local and global dynamical behav-
iors of FedAvg and FedAdam, we systematically examine
the distinct roles of the adaptive global learning rate and the
momentum mechanism in FL, characterizing their behav-
iors in global saddle point escape and flat minima selection.
Our theoretical analysis explains why FedAdam converges
faster yet generalizes worse than FedAvg. Specifically, we

demonstrate that in the FL context, momentum facilitates
efficient escape from saddle points but has a limited effect
on escaping sharp minima. In contrast, adaptive learning
rate schemes accelerate the escape from the saddle point
while weakening the algorithm’s preference for flatter min-
ima. The main contributions of this paper are summarized
as follows:
• We introduce diffusion theory into the FL context to sys-

tematically analyze the distinct roles of adaptive learning
rates and momentum mechanisms in federated adaptive
optimization algorithms such as FedAdam. By examin-
ing from the perspectives of both saddle point escape and
flat minimum selection, our theoretical analysis provides
insight into why FedAdam often achieves faster conver-
gence yet generalizes worse than the FedAvg algorithm.

• Building on our theoretical foundation, we propose
FedAdamom, a novel adaptive federated optimization al-
gorithm that adapts the momentum hyperparameter rather
than the global learning rate in conventional adaptive
methods. This design preserves the advantage of efficient
saddle point escaping characteristics while avoiding the
drawback of impairing flat minimum selection.

• We provide a convergence upper bound for FedAdamom
in the general non-convex setting with partial participa-
tion. The theoretical result matches the convergence rates
of existing FL algorithms.

• We conduct extensive experiments comparing
FedAdamom against several established adaptive
federated optimization baselines. The results empiri-
cally validate our theoretical findings, demonstrating
that FedAdamom consistently outperforms existing
methods in terms of convergence speed, generalization
performance and flat minimum selection.

2. Related Work
Federated Learning Since the introduction of the FedAvg
framework [34], FL has attracted significant attention from
both machine learning and computer vision communities to
address the key challenges of the communication bottleneck
in conventional centralized learning. In machine learning,
the focus is primarily on theoretical analysis from the per-
spective of optimization methods [19, 28, 30, 44, 46, 56],
whereas computer vision promotes exploring its real-world
applications, such as autonomous driving and healthcare [7,
35, 42, 55, 60]. Following FedAvg, numerous research ef-
forts have aimed to improve both theoretical and empirical
performance of FL algorithms. FedProx [27] introduces a
proximal term to restrict local model drift under data het-
erogeneity. FedNova [47] utilizes different local steps in
asynchronous aggregation settings. Notably, Karimireddy
et al. [17] propose SCAFFOLD, which employs variance
reduction via control variates to mitigate client drift. Fed-
Dyn [1] dynamically adjusts local objectives to closely align
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with the global objective. MOON [26] leverages model-
level contrastive learning to align local and global models,
therebymitigating optimization discrepancies. Mime [18]
combines control variates with server-side optimizer state to
mitigate the adverse effects of non-i.i.d. data. FedSSD [10]
and FedCAD [11] adaptively adjust knowledge distillation
for local models based on the confidence of the global
model to alleviate data heterogeneity. FedDisco [57] incor-
porates both dataset size and distribution discrepancy into
the aggregation weights, while FedAWA [43] adjusts the
aggregation weights based on client vectors during train-
ing, enhancing the stability and generalization of the global
model. FedSAM [38] applies SAM as a client-side op-
timizer to reduce the difference between global and local
losses. Despite the remarkable progress, FL still suffers
from fundamental challenges, including substantial com-
munication overhead, inefficient local updates, and statisti-
cal heterogeneity across client datasets. Given this context,
our proposed algorithm aims to learn a global model that
generalizes better without increasing communication cost
or local computational complexity.

Adaptive Optimization In centralized learning, a wide
range of adaptive optimization algorithms such as Ada-
grad [6], Adam [20], Amsgrad [39] and their powerful vari-
ants have been developed [31, 32, 58]. These methods auto-
matically adapt to different learning tasks and training chal-
lenges, and have demonstrated superior empirical perfor-
mance compared to SGD. Afterward, Adan [52] further im-
proves performance via an adaptive Nesterov momentum
estimator, while MIAdam [15] integrates a multiple inte-
gral term into Adam, outperforming Adam and its variants.
In FL settings, Reddi et al. [40] first propose adaptive FL
methods, which deploy adaptive optimizers on the global
server to handle long-tailed stochastic gradient noise and
accelerate convergence. FedAMS [48] incorporates gradi-
ent compression to achieve a communication-efficient adap-
tive method. FAFED [51] employs a momentum-based
variance reduction technique, while FADAS [49] integrates
asynchronous updates into adaptive federated optimization
and extends it with a delay-adaptive learning adjustment
strategy. FedCAda [61] adjusts the adaptive correction pro-
cess of the Adam algorithm, achieving favorable results in
both adaptivity and performance.

However, most of these methods require additional com-
munication costs or extra client computation, which are
problematic in realistic FL scenarios.

3. Preliminaries

3.1. Problem setting

In FL, the objective is to learn a global model f(x) : X →
Y parametrized by x ∈ Rd, where X and Y denote the input
and the output spaces, respectively. In image classification,

X contains the images and Y their corresponding labels.
Let Fi(x) := Eξi∼Di

[Fi(x; ξi)] be the empirical loss func-
tion of client i ∈ {1, ..., n} with a local dataset denoted by
Di, and ξi is the data sample randomly drawn from the local
data distribution Di. The global objective is:

min
x

{
1

n

n∑
i=1

Fi(x)

}
. (1)

We focus on the heterogeneous data distributions setting,
i.e., Di ̸= Dj , ∀i ̸= j. The training proceeds in three
stages: (i) Due to communication constraints and other
practical considerations, the central server selects a subset
of clients and broadcasts the global model to them; (ii) Each
selected client trains its local model using its local datasets
and a local optimizer. After training, the client sends its
local updates back to the server; And (iii) the server up-
dates the global model using the received local updates with
the global optimizer, GLOBALOPT (e.g., SGD, Adam). FE-
DOPT [40] solves Eq (1) as

∆t =
1

s

∑
i∈St

(
xt − xi

t,K

)
,

xt+1 = xt − GLOBALOPT(xt,∆t, η),

where ∆t denotes the global pseudo-gradient at round t and
K is the number of local updates. In the FedAvg algo-
rithm [34], the server updates the global model as xt+1 =
xt + η∆t, which is equivalent to performing a single SGD
step on the pseudo-gradient.

3.2. Diffusion theory
The diffusion theory is an important theoretical tool for un-
derstanding how deep learning dynamics work. It charac-
terizes the diffusion process of probability densities of pa-
rameters instead of model parameters themselves. The SGD
diffusion theory [53] analyzes how SGD escapes from min-
ima. Noting that the gradient vanishes near critical points,
the behavior of SGD escaping from a critical point is es-
sentially a noise-dominated diffusion process, which can be
rigorously modeled by a Langevin equation [25, 33]:

dx = −∇f(x)dt+ [ηC(x)]
1
2 dWt, (2)

where dWt ∼ N (0, Idt), I is the identity matrix, and C(x)
is the gradient noise covariance matrix. Then, the probabil-
ity density governed by the Langevin Equation is described
by the Fokker-Planck Equation [41]:

∂P (x, t)

∂t
= ∇ · [P (x, t)∇f(x)] +∇ · ∇D(x)P (x, t),

(3)

where ∇· is the divergence operator and D(x) = ηC(x)
2

is the diffusion matrix [53]. Before conducting the analysis,
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we introduce three fundamental assumptions that are crucial
for applying the diffusion theory framework [54].

Assumption 1. The loss around the critical point c is

f(x) ≈ f(c) +
1

2
(x− c)⊤H(c)(x− c). (4)

Assumption 2. (Quasi-equilibrium approximation). The
system is in a quasi-equilibrium state near the minima.

Assumption 3. (Low-temperature approximation). The
system’s gradient noise magnitude is small (i.e., low tem-
perature).

These assumptions are used to model the process of SGD
escaping minima as a Kramers Escape Problem [16] in deep
learning. Recent works [15, 54, 62] also leveraged Assump-
tion 2 and Assumption 3 implicitly or explicitly.

4. Diffusion Dynamics of FL
In this section, we analyze how FedAvg, FedAvgM, and
FedAdam escape from saddle points and sharp minima.

4.1. FedAvg Diffusion Dynamics
Reddi et al. [40] show that FedAvg is equivalent to SGD on
the server side. So we can deduce that the time evolution of
the probability distribution of the parameter displacement is
governed by the Fokker–Planck equation (Eq. (3)). Under
the Assumption 1, the dynamic is governed by Eq. (2), then
we can get the displacement of x from a saddle point c fol-
lows a Gaussian distribution, i.e., x ∼ N (c,Σ(t)), where
Σ(t) = Udiag(θ21, θ

2
2, ..., θ

2
n)U

T and

θ2i (T ) =
|Hi|η2η2l T

B
+O(B−1H2

i η
3η3l T

2),

where Hi is the i-th eigenvalue of the Hessian matrix H at
c. The column vectors of U are exactly the eigenvectors
of H . For additional details, please refer to the Appendix
B.1. Since x ∼ N (c,Σ(t)), the mean squared displace-
ment is determined by the variance, i.e., ⟨∆x2

i (t)⟩ = θ2i (t).
In the following, the diffusion theory framework is utilized
to measure the generalization capabilities of the FedAvg by
computing the mean escape time, represented as τ . Follow-
ing the theoretical analysis in [53, 54], we derive Theorem
1. The complete proof can be found in Appendix B.2.

Theorem 1. Suppose that Assumptions 1, 2, and 3 hold
while saddle point b is the exit from sharp minimum a. Then
the mean escape time of FedAvg from sharp minimum a to
flat minimum d through saddle point b is given by

log(τFedAvg) = O
(

2B∆f

ηηlHae

)
, (5)

where the subscript e indicates the escape direction; B de-
notes the batch size; ∆f = f(b) − f(a); H is the Hessian
matrix.

Note that the escape direction is aligned with some
eigenvector in the diffusion theory [53].

4.2. FedAvgM Diffusion Dynamics
FedAvgM [13] employs momentum-based SGD updates on
the server side: {

mt = βmt−1 +∆t,

xt+1 = xt + ηmt,
(6)

where mt denotes the global momentum at round t. Com-
pared with FedAvg, the dynamics of FedAvgM are addi-
tionally influenced by the momentum drift term. The mean-
squared displacement near saddle points is

⟨∆x2
i ⟩ =

|Hi|η2η2l
2(1− β)3B

[1− exp (− (1− β)T )]
2

+
|Hi|η2η2l T
(1− β)2B

+O
(
B−1H2

i η
3η3l T

2
)
.

Compared with FedAvg, we observe that FedAvgM escap-
ing saddle points is influenced not only by the diffusion ef-
fect but also by an additional momentum drift effect. We
then formulate how FedAvgM escapes the minimum, as
stated in Theorem 2.

Theorem 2. Suppose that Assumption 1, 2, and 3 hold
while saddle point b is the exit from sharp minimum a. Then
the mean escape time of FedAvgM from sharp minimum a to
flat minimum d through saddle point b is given by

log(τFedAvgM ) = O
(
2(1− β)B∆f

ηηlHae

)
. (7)

We note that log(τFedAvg), log(τFedAvgM ) = O(H−1
ae ),

which implies that momentum has no impact on escaping
from the minimum.

4.3. FedAdam Diffusion Dynamics
The global update formula of FedAdam is shown as

mt = β1mt−1 + (1− β1)∆t,

vt = β2vt−1 + (1− β2)∆
2
t ,

xt+1 = xt + η
mt√
vt + ϵ

,

(8)

where ϵ is a small value to prevent division by zero in the
denominator. In contrast to FedAvg and FedAvgM, the dy-
namics of FedAdam are further affected by the adaptive
learning rate. The mean squared displacement is

⟨∆x2
i ⟩ =

η2ηl
2(1− β1)

[1− exp(−(1− β1)T )]
2 (9)

+ η2η2l T +O(
√

B|Hi|η3η3l T 2).
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The first term represents the momentum drift effect, and
the second term is the diffusion effect. In comparison,
FedAdam escapes saddle points faster because both effects
are approximately Hessian-independent and isotropic [45].
This also explains why FedAdam typically converges faster.
We next formulate how FedAdam escapes the minimum as
stated in Theorem 3.

Theorem 3. Suppose that Assumption 1, 2, and 3 hold
while saddle point b is the exit from sharp minimum a. Then
the mean escape time of FedAdam from sharp minimum a to
flat minimum d through saddle point b is given by

log(τFedAdam) = O

(
2
√
B∆f

ηηl
√
Hae

)
. (10)

Since the above three algorithms all perform SGD
locally, their local updates satisfy log(τlocal) =
O(H−1

ae ) [53]. In diffusion theory, the sharpness of a
minimum is reflected by the eigenvalue of the Hessian
corresponding to the escape direction along an eigenvec-
tor [54]. FedAvg and FedAvgM satisfy log(τ) = O(H−1

ae )

while FedAdam satisfies log(τ) = O(H
− 1

2
ae ), which im-

plies that the global update of FedAdam is less dependent
on the Hessian and is inconsistent with the local update in
terms of escaping sharp minima. As Hae increases, i.e., the
escape direction becomes steeper, the escaping time log(τ)
of FedAvg and FedAvgM decreases more significantly
than that of FedAdam. Therefore, compared with FedAvg,
FedAdam is less efficient at selecting flat minima, thereby
degrading the generalization.

5. Adaptive FL Momentum Optimization
To simultaneously improve the generalization of FedAdam
while preserving the fast convergence of adaptive methods,
we propose FedAdamom, an algorithm designed to effi-
ciently escape saddle points without damaging the consis-
tency of flat minima selection. Algorithm 1 presents the
details of FedAdamom. According to Eq.(9), the adap-
tive learning rate utilizes second-order gradient informa-
tion, rendering the momentum drift and the diffusion ef-
fect of FedAdam approximately Hessian-independent near
saddle points. Although this property accelerates the es-
cape from saddle points, it leads to an inconsistency be-
tween the global and local abilities to escape from sharp
minima, thereby impairing the generalization performance
of the global model. Inspired by this observation, we apply
the adaptive update to the momentum parameter.

Adaptive Momentum Parameter To transfer the adap-
tive update into the momentum parameter, we set β1,t =
(1 − vt

v̄t
).Clip(0, 1 − ϵ), where v̄t is the mean of all ele-

ments in the estimated vt (Lines 15 and 16, Algorithm 1).

Algorithm 1 FedAdamom Algorithm Framework

1: Input: model parameters x0; total communication
rounds T ; number of local iterations K; momentum pa-
rameter β2; model dimension d; and local learning rate
ηl.

2: Output:model parameters xT .
3: for t = 0, 1, 2, . . . , T − 1 do
4: Select active clients-sets St at round t
5: for client i ∈ St in parallel do
6: Transmit xt and vt to local client i and initialize

xi
t,0 = xt

7: for k = 0, 1, 2, . . . ,K − 1 do
8: git,k = ∇Fi(x

i
t,k, ξi) ▷ compute unbiased

stochastic gradient
9: xi

t,k+1 = xi
t,k − ηlg

i
t,k ▷ update gradient

step
10: end for
11: ∆xi

t = xi
t,K − xi

t,0 and transmit ∆xi
t to server

12: end for
13: ∆t =

1
s

∑
i∈St

∆xi
t

14: vt = β2vt−1 + (1− β2)∆
2
t

15: v̄t =
1
d

∑d
i=1 vt,i

16: β1,t = (1− vt
v̄t
).Clip(0, 1− ϵ)

17: mt = β1,tmt−1 + (1− β1,t)∆t

18: xt+1 = xt + ηmt ▷ update global model
19: end for

We generalize the momentum parameter β1,t from a scalar
to a vector, and we use β1,t to update the momentum mt

(Line 17, Algorithm 1). Note that this momentum update
is parameter-wisely adaptive. Then we utilized the obtained
momentum mt to update the global model (Line 18, Al-
gorithm 1). We will show that this design enables efficient
escape from saddle points without compromising the ability
to escape from sharp minima, thereby enhancing the gener-
alization performance of the global model.

5.1. Analysis of FedAdamom Dynamics
According to the Algorithm 1, the mean-squared displace-
ment near saddle points is

⟨∆x2
i ⟩ =

∑d
i=1 |Hi|η2η2l

nB
+

|Hi|η2η2l T
B

+O
(
B−1H2

i η
3η3l T

2
)
.

We can see that the momentum drift term is also
isotropic and approximately Hessian-independent. Thus,
FedAdamom can efficiently escape saddle points. Then we
formulate how FedAdamom escapes minima in Theorem 4.

Theorem 4. Suppose that Assumptions 1, 2, 3 hold while
saddle point b is the exit from sharp minimum a. Then the
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mean escape time of FedAdamom from sharp minimum a to
flat minimum d through saddle point b is given by

log(τFedAdamom) = O
(

2B∆f

ηηlHae

)
. (11)

We can see that FedAdamom also achieves log(τ) =
O
(
H−1

ae

)
. Therefore, escaping from sharp minima remains

consistent between the global and local updates. Compared
with FedAdam, FedAdamom tends to converge to flatter
minima, thereby improving the generalization performance.

5.2. Convergence analysis of FedAdamom
We now discuss the convergence of the proposed algorithm
in general non-convex FL scenarios. To establish the con-
vergence analysis, we make three assumptions; (i) the local
loss function Fi(·) is L-smooth, (ii) its stochastic gradient
git is an unbiased estimator of ∇Fi with bounded variance,
i.e., E[git] = ∇Fi(x

i
t) and E[∥git − ∇Fi(x

i
t)∥2] ≤ σ2

l , (iii)
The dissimilarity between local clients is bounded on the
gradients, i.e., E[∥∇Fi(x) − ∇f(x)∥2] ≤ σ2

g , ∀i. These
assumptions are mild and widely used in characterizing the
convergence rate of FL [40, 59]. Note that our convergence
proof is free from the bounded gradient assumption of the
global or local loss, while it is used in [40]. We now state
the convergence result of FedAdamom; the detailed proof is
provided in Appendix C in the supplementary document.

Theorem 5. Suppose that local functions {Fi}mi=1 are non-
convex. Let the local and global learning rate satisfy ηl =

O
(

1
LK

√
T

)
and η = O

(√
sK
)

, respectively. Then, the
convergence rate for FedAdamom satisfies:

1

T

T−1∑
t=0

E∥∇f(xt)∥2

≤ O

(
LΘ0√
sKT

+
β1,max

1− β1,max

(
σ2
l

KT
+

σ2
g

T
+Ψ

))
,

where Ψ = n−s
n−1

1√
sKT

[(
80
T + 4

)
σ2
g +

(
10
KT + 1

)
σ2
l

]
and

Θ0 = E[f(x0)− f(xT )], β1,max := maxt≤T,i∈[d] β
i
1,t.

The result in Theorem 5 matches the best convergence
rate of existing FL methods [18, 40, 59].

6. Experimental Analysis
6.1. Experimental Setup
Datasets. We conduct experiments on three datasets,
CIFAR-10 [21], CIFAR-100 [21], and TinyImageNet [22],
each chosen to reflect different levels of data heterogene-
ity and participation rates. CIFAR-10 and CIFAR-100 are
real-life image classification datasets with a total of 10 and
100 classes, respectively. We partition the training and test

sets among clients according to a Dirichlet distribution (e.g.,
α = 0.3). A smaller α yields the setting with greater hetero-
geneity. We extend our experiments to the widely adopted
FL benchmark, LEAF [3], known for its realistic settings.
LEAF introduces heterogeneity in class distribution, data
quantity, and feature alignment. For FEMNIST, CelebA,
and ShakeSpeare, we use the non-i.i.d. data splits provided
by LEAF.

Baselines. We compare our method, FedAdamom,
with state-of-the-art adaptive FL optimization methods,
which include FedAvg [34], FedAvgM [13], FedAdam [40],
FedYogi [40], FedAdagrad [40], FAFED [51], Fed-
CAda [61] and FADAS [49].

Models. We adopt the standard ResNet-18 [9] archi-
tecture for experiments on CIFAR-10, CIFAR-100, and
Tiny-ImageNet. To further demonstrate the effectiveness
of FedAdamom across different network architectures, we
also conduct experiments using a CNN similar to LeNet-
5 [23]. Additional experimental results are provided in the
supplementary material.
6.2. Generalization and Convergence Speed
We first present the convergence and generalization perfor-
mance of the proposed FedAdamom compared with other
adaptive federated optimizers on CIFAR-10, CIFAR-100,
and Tiny-ImageNet datasets. To examine the effects of the
number of clients, data heterogeneity, and participation rate,
we conduct experiments under two different settings: (i)
Moderate scale, 100 clients, with 5% of clients randomly
selected in each communication round; (ii) Large scale, 500
clients, with 2% of clients participating per round. To main-
tain the same overall dataset size, each client in the medium-
scale setting is assigned 1

5 of the data used in the large-scale
setting. The results for the large-scale setting are provided
in Appendix A.

The results in Tab. 1 show that FedAdamom achieves
clear and consistent improvements in both accuracy and
convergence speed over other adaptive federated optimiza-
tion methods in most cases. These improvements result
from the use of adaptive momentum parameters, which
strengthen the selection of flat minima while preserv-
ing efficient saddle point escaping ability. This allows
FedAdamom to maintain the fast convergence of adap-
tive methods while improving generalization. It is worth
noting that FedCAda requires 3 communication overhead
per round because it transmits both the current model and
gradient-related information, whereas the other methods
only transmit model parameters. In addition, FAFED is de-
signed for full client participation, so its performance de-
grades significantly under partial participation. FedCAda
is a client-side adaptive momentum algorithm that achieves
fast early-stage convergence but is more sensitive to high
heterogeneity. For the large-scale setting, the results show
lower overall performance than in the moderate-scale ex-
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Table 1. Moderate-scale: 100 clients, 5% participation

Method
CIFAR-10 CIFAR-100 Tiny-ImageNet

Rounds (↓) Acc. (%, ↑) Rounds (↓) Acc. (%, ↑) Rounds (↓) Acc. (%, ↑)

75% 81% 500R 1000R 45% 50% 500R 1000R 35% 40% 500R 1000R
FedAvg [34] 308 460 82.08 87.20 403 693 46.74 53.39 602 860 32.93 42.41
FedAvgM [13] 260 383 83.48 87.54 291 435 50.87 54.10 317 537 37.60 43.13
FedAdam [40] 244 403 82.12 87.31 390 670 47.04 53.67 562 805 33.34 41.75
FedAdagrad [40] 301 507 80.88 87.03 385 633 48.98 53.13 655 879 31.03 41.57
FedYogi [40] 241 397 82.54 87.91 390 597 48.38 54.05 549 801 33.82 42.47
FAFED [51] 289 482 80.45 86.11 327 527 49.11 52.65 292 690 38.94 40.45
FedCAda [61] 209 325 84.48 86.90 487 1000+ 45.53 47.51 232 1000+ 37.85 39.06
FADAS [49] 241 324 82.94 88.14 387 623 48.27 54.67 290 517 39.92 43.83
FedAdamom (ours) 213 307 85.62 88.93 276 392 52.32 57.58 244 353 43.43 47.38

(a) α = 0.9,
FedAadm vs. FedAdamom

(b) α = 0.9,
FedAvg vs. FedAdamom

(c) α = 0.9,
FedAvgM vs. FedAdamom

(d) α = 0.1,
FedAdam vs. FedAdamom

(e) α = 0.1,
FedAvg vs. FedAdamom

(f) α = 0.1,
FedAvgM vs. FedAdamom

Figure 2. Loss landscapes of models trained with FedAdamom (net) vs. FedAdam and FedAvgM (solid) on CIFAR10. FedAdamom
achieves flatter minima and lower loss values w.r.t. FedAdam and FedAvgM .

Table 2. Sensitivity of FedAdamom with respect to β2.

β2 0.01 0.05 0.1 0.2 0.3

Dir(0.3) 88.75 88.93 88.73 88.42 88.13
i.i.d. 91.73 91.83 91.47 91.41 91.32

periments. This is because each client has fewer training
samples and the data distribution becomes more heteroge-
neous. However, FedAdamom still shows strong robustness
to data heterogeneity and low participation rates. More de-
tailed convergence results for FedAdamom are provided in
the Appendix A.

Hyperparameters sensitivity. We evaluate the perfor-
mance of the algorithm under Dirichlet (0.3) and i.i.d. data
splits by varying the values of β2. The experiments are con-
ducted on the CIFAR-10 dataset using 1000 communication
rounds and a 5% client participation rate among 100 clients.
As shown in Tab. 2, the performance of FedAdamom re-
mains stable when β2 ranges from 0.01 to 0.3. Although
there are slight fluctuations, the accuracy stays at a high
level and reaches its peak at β2 = 0.05.

6.3. The Loss Landscape and Escape Time

Global loss landscape. We visualize the global loss
landscapes of different algorithms using the technique de-

scribed in [24], and conduct the experiments under the
Dirichlet(0.3) data partition. The experiments are per-
formed on the CIFAR-10 dataset with a CNN model. As
shown in Fig. 2, the global model obtained by FedAdamom
converges to a significantly flatter minimum in the global
loss landscape compared with those obtained by FedAdam.
This confirms that FedAdamom is capable of learning flat-
ter minima.

The Escape Time Analysis. We empirically investigate
the escape rates Γ of different algorithms, whose values are
equal to the inverse of the mean escape time and depend
on the sharpness of the minima. We use the Styblinski-
Tang Function [54] as the test function, which has clear
boundaries between loss valleys. We repeat experiments
100 times to estimate the escape rate Γ and the mean es-
cape time τ . Since the escape time t is approximately a
random variable obeying an exponential distribution, i.e.,
t ∼ Exp(Γ), the estimated escape rate can be written as
Γ = (100 − 2)/

∑100
i=1 ti. We use a scaling factor k to ad-

just the sharpness of minima, and the details are provided
in the Appendix A. Fig. 3 shows that FedAdamom and
FedAvgM satisfies log(τ) = O

(
H−1

ae

)
, while FedAdam

satisfies log(τ) = O
(
H

− 1
2

ae

)
. This further confirms that

FedAdam’s escape from sharp minima is less dependent on
the Hessian compared to FedAvgM and FedAdamom.
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Figure 3. Flat Minima Selection: The log-scale mean escape time − log(Γ) with the 95% confidence interval is displayed. We empirically
verify that FedAdamom and FedAvgM satisfy − log(Γ) = O(k−1) but FedAdam dose not. Instead, wo observe that − log(Γ) = O(k− 1

2 )
holds better for Adam.

Table 3. Results on the realistic datasets involving feature skewness and data imbalance between clients.

Method
FEMNIST CelebA Shakespeare

Acc. (%, ↑) Rounds (↓) Acc. (%, ↑) Rounds (↓) Acc. (%, ↑) Rounds (↓)

250R 500R 75% 80% 250R 500R 80% 88% 500R 1000R 42% 45%
FedAvg [34] 80.79 82.24 72 241 88.16 89.15 106 174 45.13 46.58 98 499
FedAvgM [13] 81.23 82.32 69 216 88.23 89.41 83 153 45.32 46.71 83 472
FedAdam [40] 78.99 81.51 64 320 87.26 87.65 77 500+ 45.21 46.37 67 785
FedAdagrad [40] 78.61 80.62 68 332 86.73 87.22 81 500+ 44.51 45.88 73 897
FedYogi [40] 79.59 82.11 58 318 87.54 88.17 72 456 46.37 47.10 62 432
FAFED [51] 79.14 81.66 66 347 86.72 87.39 74 500+ 44.31 45.95 87 841
FedCAda [61] 73.62 79.25 303 500+ 85.58 86.31 62 500+ 45.01 46.42 58 480
FADAS [49] 79.34 82.06 56 314 87.77 88.58 69 345 46.73 47.40 65 364
FedAdamom (ours) 81.41 82.85 62 177 88.76 89.95 68 133 46.94 48.02 64 289

6.4. Experiments on Realistic Datasets
We further evaluate our method on two additional real-
world datasets: FEMNIST and CelebA, both provided by
the LEAF framework [3]. These datasets exhibit various
types of non-i.i.d. characteristics, including feature skew-
ness and data imbalance across clients. In this set of ex-
periments, we use 2000 clients, follow the data partition
protocol in [3], and randomly sample 5 clients per round
for participation. For model architectures, we adopt a two-
layer CNN for FEMNIST and a four-layer CNN for CelebA.
As shown in Tab. 3, FedAdamom consistently outperforms
other baseline methods on both datasets in most cases, high-
lighting its robustness to heterogeneous data distributions,
including differences in data volume and feature alignment
across clients.

We further evaluate FedAdamom in another task domain,
namely next-word prediction, using the Shakespeare dataset
from the LEAF framework. This task also exhibits substan-
tial data imbalance across clients. In this experiment, we
employ an LSTM as the backbone network and set the client
participation rate to 5% in each communication round. The
results in Tab. 3 show that FedAdamom also performs well

on the language modeling task.

7. Conclusion
This paper investigates the distinct roles of the adaptive
global learning rate and global momentum in saddle-point
escape and flat-minimum selection within FL. We introduce
diffusion theory to systematically characterize their dynam-
ical behaviors during global saddle-point escape and flat-
minimum selection. Under reasonable assumptions, our
theoretical analysis explains why FedAdam excels at es-
caping saddle points but performs poorly in selecting flat-
ter minima. We further propose a novel adaptive feder-
ated optimization framework, FedAdamom, which adap-
tively adjusts the global momentum hyperparameter at the
parameter level. This design enables Hessian-independent
saddle-point escape acceleration while preserving favorable
flat-minimum selection properties. Furthermore, we pro-
vide a formal mathematical proof for the convergence rate
of FedAdamom. Our empirical analysis and extensive ex-
perimental evaluations demonstrate that FedAdamom gen-
eralizes significantly better than popular FedAdam variants
and FedAvg.
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