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Abstract

AdamW has become one of the most effective optimizers for
training large-scale models. We have also observed its ef-
fectiveness in the context of federated learning (FL). How-
ever, directly applying AdamW in federated learning settings
poses significant challenges: (1) due to data heterogeneity,
AdamW often yields high variance in the second-moment
estimate v; (2) the local overfitting of AdamW may cause
client drift; and (3) reinitializing moment estimates (v, m) at
each round slows down convergence. To address these chal-
lenges, we propose the first Federated AdamW algorithm,
called FedAdamW, for training and fine-tuning various large
models. FedAdamW aligns local updates with the global up-
date using both a local correction mechanism and decou-
pled weight decay to mitigate local overfitting. FedAdamW
efficiently aggregates the mean of the second-moment esti-
mates to reduce their variance and reinitialize them. Theoret-
ically, we prove that FedAdamW achieves a linear speedup
convergence rate of O(

√
(L∆σ2

l )/(SKRϵ2) + (L∆)/R)
without heterogeneity assumption, where S is the number
of participating clients per round, K is the number of lo-
cal iterations, and R is the total number of communication
rounds. We also employ PAC-Bayesian generalization anal-
ysis to explain the effectiveness of decoupled weight decay
in local training. Empirically, we validate the effectiveness
of FedAdamW on language and vision Transformer models.
Compared to several baselines, FedAdamW significantly re-
duces communication rounds and improves test accuracy.

Code — https://github.com/junkangLiu0/FedAdamW
Extended version — https://arxiv.org/pdf/2510.27486

Introduction
With the rapid growth of data and rising concerns over
user privacy, traditional centralized training paradigms have
become inadequate. Federated Learning (FL) (McMahan
et al. 2017) offers a scalable and privacy-preserving frame-
work that enables collaborative model training across decen-
tralized clients without sharing raw data (Bian et al. 2025a;

*Corresponding authors.
Copyright © 2026, Association for the Advancement of Artificial
Intelligence (www.aaai.org). All rights reserved.

Wang et al. 2024; Bian et al. 2025b, 2024). As data becomes
increasingly siloed, FL is a practical solution for large-scale
distributed deep learning (Li et al. 2025a, 2023; An et al.
2022, 2024b,a; Liu et al. 2023, 2025d,e,c).

However, recent trends in model design-particularly the
rise of large-scale architectures such as GPT (Radford et al.
2018), RoBERTa (Liu et al. 2019), and Vision Transform-
ers (ViT) (Dosovitskiy et al. 2020)—pose new challenges
for existing FL algorithms. Specifically, the widely-used Fe-
dAvg algorithm, which relies on stochastic gradient descent
(SGD) (Bottou 2010) in local, struggles to efficiently train
Transformer models. This is due to the slow convergence
and poor adaptivity of SGD in Transformer models (Zhang
et al. 2024c; Liu et al. 2025a), which have more complex
architectures compared to CNNs. For example, components
such as query, key, and value often require different learning
rates to be trained effectively (Zhang et al. 2024c). In con-
trast, AdamW (Loshchilov, Hutter et al. 2017), an adaptive
optimizer with decoupled weight decay, has demonstrated
superior performance in centralized training of large mod-
els based on Transformer (Vaswani et al. 2017; Liu et al.
2019), offering faster convergence and improved generaliza-
tion, compared to Adam (Kingma and Ba 2014) and SGD.

Empirically, we also observe this advantage in FL: as
shown in Figure 1, local training with AdamW (Local
AdamW) converges significantly faster than Local SGD
(McMahan et al. 2017) for training various Transformer
models . However, naively applying AdamW in FL leads to
the following new challenges:

• Challenge 1: High variance in second-moment esti-
mate (v). Due to non-i.i.d. data across clients, gradient
noise leads to high variance in second-moment estimate.

• Challenge 2: Local overfitting and client drift. While
AdamW accelerates local training, it intensifies local
overfitting. Under non-i.i.d. data, this manifests as client
drift, severely hindering the global model’s performance.

• Challenge 3: Moment estimate reinitialization. reini-
tializing the first- and second-moment estimates from
scratch in every round hinders the convergence rate.

These challenges motivate us to develop Federated
AdamW (FedAdamW), a novel optimizer tailored for fed-



(a) ViT on CIFAR100 (b) GPT2 on Shakespeare (c) BERT on CoLA

Figure 1: Performance of Local SGD and Local AdamW. For training ViT-Base, GPT2, and BERT (Liu et al. 2019), we carefully
tune the learning rate. For training all these Transformer models, Local SGD is still significantly worse than Local AdamW.

erated learning. FedAdamW addresses the above issues
through two key designs: (1) a local correction mechanism
that integrates global gradient estimates into the local up-
date, effectively aligning local and global updates to reduce
client drift; and (2) a moment aggregation strategy that
aggregates the mean of second-moment estimates is theo-
retically grounded in the Hessian block structure, to reduce
variance of v and avoid repeated initialization.
Our contributions are summarized as follows:

• Empirical importance of AdamW and challenges in
FL. We empirically demonstrate the effectiveness of the
AdamW optimizer in federated settings, particularly for
training Transformer models. Our analysis reveals three
key challenges when applying AdamW in FL.

• We propose FedAdamW, a principled FL algorithm
tailored for adaptive optimizers. To address the above
challenges, FedAdamW integrates global update estimate
into local updates to mitigate overfitting and improve con-
sistency. Inspired by the Hessian structure, we design a
communication-efficient aggregation strategy that com-
municates the mean of second-moment across clients.

• Theoretical guarantees with improved convergence
and generalization. FedAdamW achieves a linear
speedup convergence rate of O(

p
(L��2

l )=(SKR�2) +
(L�)=R). To the best of our knowledge, this is the first
federated adaptive optimization algorithm without requir-
ing gradient heterogeneity assumption. Furthermore,
we utilize the PAC-Bayesian theory to provide insights
into the generalization benefits of decoupled weight decay
and global-local alignment.

Related Work
� Heterogeneity Issues in Federated Learning. Data het-
erogeneity across clients is a fundamental challenge in FL.
A range of algorithms have been proposed to mitigate the
adverse effects of non-i.i.d. data distributions. For exam-
ple, FedProx (Li et al. 2020) introduces a proximal term
to restrict local updates; SCAFFOLD (Karimireddy et al.
2020) applies control variates to correct client drift; and
FedCM (Xu et al. 2021) leverages client momentum to sta-
bilize updates. FedNSAM (Liu et al. 2025b) analyzed the
consistency between local and global flatness, FedBCGD

(Liu et al. 2024) proposed a communication-efficient ac-
celerated block coordinate gradient method. FedSWA (Liu
et al. 2025a) further improved generalization under highly
heterogeneous data via stochastic weight averaging.
� Adaptive Optimization in Centralized Settings.

Adaptive gradient methods have demonstrated superior em-
pirical performance over SGD in centralized settings, partic-
ularly for deep neural networks. Pioneering works include
Adagrad (Duchi, Hazan, and Singer 2011), Adam (Kingma
and Ba 2014), AMSGrad (Reddi, Kale, and Kumar 2019),
and AdamW (Loshchilov, Hutter et al. 2017). AdamW,
in particular, decouples weight decay from gradient up-
dates, offering improved generalization and training sta-
bility—attributes especially critical for Transformer mod-
els (Liu et al. 2019; Zhang et al. 2024c; Ouyang et al. 2025;
Qian et al. 2024; Li et al. 2025b; Yang et al. 2025; Zhang
et al. 2025, 2024b,a; Wei et al. 2025; Zhou et al. 2023, 2024)
� Adaptive Optimization in Federated Learning. Re-

cent efforts have explored integrating adaptive methods into
FL. FedOpt (Reddi et al. 2020) incorporates server-side
adaptivity using Adam and Yogi. FAFED (Wu et al. 2023)
aggregates both the first- and second-moment estimates of
Adam across clients to stabilize training. FedAMS (Chen,
Li, and Li 2020) shows that averaging the second-moment
estimate of Adam is crucial to prevent divergence. More
recently, Sun et al. (2023) proposed to only aggregate the
second-moment estimate to reduce communication over-
head. However, these works only conducted experiments on
CNN models. These studies are all based on Adam, which
performs poorly with large weight decay.

FL Problem Setup
FL aims to optimize model parameters with local clients,
i.e., minimizing the following population risk:

f(x) =
1

N

NX
i=1

(fi(x) := E�i�Di [Fi (x; �i)]) : (1)

The function fi represents the loss function on client i.
E�i�Di

[�] denotes the conditional expectation with respect
to the sample �i. �i is drawn from distribution Di in client i.
N is the number of clients.



(a) High Variance in v (b) Local AdamW client drift

Figure 2: Training on CIFAR-100 using ViT-Tiny. (a) Data hetero-
geneity causes high variance in second-moment estimates across
clients of Local AdamW. (b) Local AdamW suffers from more se-
vere client drift than Local SGD under non-i.i.d. data.

Challenges of AdamW in FL
Despite the widespread use of AdamW (Loshchilov, Hutter
et al. 2017; Vaswani et al. 2017) in centralized deep learn-
ing, its adaptation to federated settings remains largely un-
explored. In this section, we analyze three fundamental chal-
lenges that hinder its effectiveness in FL settings.

Challenge 1: High Variance in Second-Moment Esti-
mates (v). AdamW maintains a second-moment estimate
(v) to scale gradients adaptively, updated as:

vr;ki = �2v
r;k�1
i + (1� �2)gr;ki � gr;ki ; (2)

where vr;ki denotes the second-moment estimate maintained
by client i at local step k of round r, gr;ki is the stochas-
tic gradient, �2 = 0:999 is the exponential decay rate
for the second moment, and � represents the element-
wise (Hadamard) product in Algorithm 1. In FL, data
heterogeneity leads to gradient heterogeneity. The squared
stochastic gradients gr;ki � gr;ki in Eq. (2) amplify the vari-
ance of v across clients in Figure 2 (a). This can cause in-
stability and inefficient aggregation, especially when using
non-i.i.d. data (Chen, Li, and Li 2020).

Challenge 2: Local Overfitting and Client Drift. While
AdamW accelerates convergence through its adaptivity, it
may exacerbate local overfitting. In FL, where each client
minimizes its own local objective fi(�), creating a natural
gap between the local and global optima. Adaptive optimiz-
ers such as AdamW, with stronger update magnitudes, can
drive clients further toward their local optima—diverging
from the global direction. This leads to client drift as illus-
trated in Figure 2 (b), which manifests as inconsistencies in
local models that degrade the global performance.

Challenge 3: Reinitialization Overhead. In FL, AdamW
optimizer states are reinitialized from zero each round:

mr;0
i  0; vr;0i  0: (3)

Reinitializing moment estimates across rounds erases tem-
poral memory, hindering the accumulation of adaptive statis-
tics and slowing convergence, particularly in deep or large-
scale models.

Our Algorithm: FedAdamW
Based on theoretical motivation, we propose an effi-
cient improvement to AdamW called Federated AdamW

Algorithm 1: Local AdamW Algorithm

1: Initial model x0, �1 = 0:9; �2 = 0:999; � = 10�8,
time step t 0, the number of all clientsN , each round
selected clients S, weight decay �.

2: for r = 1; : : : ; R do
3: for each selected client i 2 f1; : : : ; Sg in parallel do
4: xr;0i  xr, mr;0

i  0, vr;0i  0;
5: for k = 1; : : : ;K do
6: gr;�i  rfi(x

r;k
i ; �i);

7: mr;k
i = �1m

r;k�1
i + (1� �1) gr;ki ;

8: vr;ki = �2v
r;k�1
i + (1� �2) gr;ki � gr;ki ;

9: m̂r;k
i = mr;k

i =
�
1� �k1

�
;

10: v̂r;ki = vr;ki =
�
1� �k2

�
;

11: xr;k+1
i =xr;ki � �(m̂r;k

i =(
q

v̂r;ki + �)��xr;ki );
12: end for
13: Communicate (xr;Ki � xr;0i ) to Server;
14: end for
15: xr+1 = xr + 1

S

PS
i=1(xr;Ki � xr;0i );

16: Communicate (xr+1) to Clients.
17: end for

(a) query (4 heads) (b) key (4 heads) (c) value (4 heads)

Figure 3: (a–c):Block-wise Hessian structure of Transformer
parameters under FL. Visualizing the Hessian submatrices
of query, key, and value heads. The near block-diagonal
structure supports block-wise second-moment aggregation
in FedAdamW.

(FedAdamW). To address Challenge 1, it was experimen-
tally discovered that aggregating AdamW second-moment
estimate can stabilize the training process (see Table 7 be-
low). However, aggregating second-moment estimate leads
to a double communication.

(Q1) How to efficiently aggregate v?
We observe that the Hessian matrix in neural networks ex-
hibits an approximate block-diagonal structure with several
dense sub-blocks (Collobert 2004; Zhang et al. 2024d) as
shown in Figure 3. In such a structure, a single learning
rate can effectively capture the curvature within each block.
Leveraging this, we propose a communication-efficient
strategy that partitions the second-moment estimate v into
B blocks and transmits only the mean of each in Figure 4:

�vb = mean(vb); b = 1; : : : ; B: (4)

Block-wise Partitioning Strategy (ViT Example). We
group the parameters into semantically aligned classes that
exhibit similar curvature patterns as shown in Figure 3:




