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Abstract

Balancing convergence efficiency and robustness under Dif-
ferential Privacy (DP) is a central challenge in Federated
Learning (FL). Although AdamW accelerates training and
fine-tuning in large-scale models, we find that directly ap-
plying it to Differentially Private FL (DPFL) suffers from
three major issues: (i) data heterogeneity and privacy noise
jointly amplify the variance of the second-moment esti-
mator, (ii) DP perturbations bias the second-moment es-
timator, and (iii) DP amplifies AdamW’s sensitivity to lo-
cal overfitting, worsening client drift. We propose DP-
FedAdamW, the first AdamW-based optimizer for DPFL. It
restores the effectiveness of AdamW under DP by stabiliz-
ing second-moment variance, removing DP-induced bias,
and aligning local updates with the global descent direc-
tion to curb client drift. Theoretically, we establish an unbi-
ased second-moment estimator and prove a linearly accel-
erated convergence rate without any heterogeneity assump-
tion, while providing tighter (ε, δ)-DP guarantees. Our em-
pirical results demonstrate the strong performance of DP-
FedAdamW across language and vision Transformers, as
well as ResNet-18. On Tiny-ImageNet (Swin-Base, ε=1),
DP-FedAdamW outperforms the state-of-the-art (SOTA) by
5.83%. The code is available at https://github.
com/junkangLiu0/DP-FedAdamW .

1. Introduction
As data volumes surge and privacy concerns grow, central-
ized learning methods face increasing limitations in terms
of security and collaboration. Federated Learning (FL) [40]
enables decentralized training without sharing raw data, re-
ducing privacy risks [36]. However, FL model updates re-
main vulnerable to attacks [9, 43, 62, 64]. Differential Pri-
vacy (DP) [7] provides formal protection by adding noise,
but this increases gradient variance and hinders conver-
gence [71], especially under non-IID data.

The emergence of large-scale models such as Swin
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Figure 1. Illustration of our DP-FedAdamW. It aggregates the
mean of block-wise bias-corrected second-moment estimates and
performs local–global alignment to stabilize DPFL optimization.

Transformer [38], BERT [16], and GPT [2] has become
dominant in vision and language tasks. These deep,
parameter-heavy models are highly sensitive to optimiza-
tion settings, which not only affect training stability but also
overall performance. Most DPFL algorithms are built on
SGD and adopt the DPSGD [1] mechanism for preserving
privacy [13, 14, 44]. While effective for small-scale net-
works, DPSGD becomes inefficient for large Transformer
models as the combination of gradient clipping and injected
noise severely distorts gradients, amplifying instability, and
slowing convergence.

In pursuit of more efficient optimizers, adaptive methods
such as AdamW [39] have become state-of-the-art (SOTA)
in deep learning. By decoupling weight decay from adap-
tive moment estimation, AdamW provides enhanced stabil-
ity and generalization, making it a compelling choice for
various machine learning tasks. These advantages make
AdamW a promising candidate for DPFL, where privacy
and robustness are crucial. However, our experiments re-
veal that AdamW does not always retain its usual benefits

This CVPR paper is the Open Access version, provided by the Computer Vision Foundation.
Except for this watermark, it is identical to the accepted version;

the final published version of the proceedings is available on IEEE Xplore.

3358



Figure 2. An illustration of local update in DP-LocalAdamW, which corrects client drift through global update guidance.

in the DPFL setting. In some cases, its performance is com-
parable to, or even worse than, that of SGD. As illustrated in
Table 2, when AdamW is applied locally without any modi-
fications (referred to as DP-LocalAdamW), its performance
on the Swin-Tiny model (CIFAR-100, Dirichlet distribution
α=0.1) is worse than DP-FedAvg-LS. These findings sug-
gest that AdamW struggles with the challenges posed by
privacy constraints and federated settings.

Challenges. We identify three main challenges that con-
tribute to the unexpected results. (i) Second-moment esti-
mator variance amplification. Non-IID client data and DP
noise jointly inflate the variance of the second-moment es-
timator, leading to unstable adaptive scaling in AdamW. (ii)
Bias in second-moment estimator. Gradient clipping and
noise injection introduce a systematic bias in the second-
moment estimator of AdamW. (iii) Client drift. Under non-
IID data, DP clipping and noise amplify AdamW’s sensitiv-
ity to local overfitting, further worsening client drift. All
challenges are explored in more detail in Section 4. These
findings raise a key question: How can AdamW remain
effectiveness in the presence of differential privacy and
federated heterogeneity?

To answer this, we propose DP-FedAdamW, a new dif-
ferentially private adaptive optimizer that restores the effec-
tiveness of AdamW under non-IID data and privacy noise.
DP-FedAdamW (i) aggregates second-moment estimates
in a block-wise manner to stabilize variance and improve
communication efficiency, (ii) eliminates DP-induced bias
through an unbiased second-moment correction, and (iii)
enforces local–global update alignment to mitigate client
drift, achieving more stable and accurate convergence.
Our contributions are summarized as follows:
• Empirical importance of AdamW and challenges in

DPFL. We empirically demonstrate the effectiveness of
AdamW in DPFL. Our analysis reveals three key chal-
lenges: high variance in second-moment estimator, bias
in second-moment estimator, and high client drift.

• DP-FedAdamW: A principled adaptive optimizer for
DPFL. We propose DP-FedAdamW, a communication-

efficient DPFL algorithm. It integrates global update es-
timation into local updates to suppress client drift, ag-
gregates block-wise means of second-moment statistics
across clients to stabilize variance, and introduces a bias-
corrected mechanism to eliminate second-moment esti-
mation bias caused by DP.

• Theoretical and empirical guarantees. We derive the
first convergence guarantee for a DPFL adaptive op-
timizer that overcomes gradient heterogeneity, achiev-
ing a linear speedup rate of O(

√
(L∆σ2

l )/(SKTτ2) +
(L∆)/T + σ2G2

g/s
2R2). Experiments on vision and

language benchmarks demonstrate that DP-FedAdamW
achieves a better privacy–utility trade-off and consistently
outperforms SOTA DPFL baselines in convergence.

2. Related work
Differentially Private Federated Learning (DPFL). We
adopt sample-level DP for FL. The most prevalent method,
DP-FedAvg [44], applies per-sample clipping and Gaus-
sian noise locally before aggregation. DP-SCAFFOLD [44]
introduces control variates to alleviate client drift un-
der privacy constraints. DP-FedAvg-LS [26] improves
performance using Laplacian smoothing. Beyond SGD,
DP-FedSAM [54] uses Sharpness-Aware Minimization
(SAM [12]) to find flatter minima, improving robustness
to DP noise. However, most methods still rely on SGD-
style local updates, sometimes combined with SAM-like
strategies, while adaptive optimization remains underex-
plored [3–6, 10, 11, 20, 23–25, 27, 28, 37, 41, 45–49, 52,
53, 55, 56, 58, 68–70]. In large-scale model optimization,
AdamW has been shown to outperform SGD significantly
in both convergence speed and final performance.
Adaptive optimization. Adaptive optimizers, such as
Adam [17], AdamW [39], AMSGrad [50] adapt per-
parameter step sizes from gradient history, achieving faster
convergence than vanilla SGD and becoming standard for
large models (e.g., Transformers). Among these, AdamW
applies weight decay directly on parameters, preventing
undesired interaction between regularization and moment
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Table 1. Comparison with existing DPFL optimizers.

Method DP-FedAvg DP-SCAFFOLD DP-FedSAM DP-LocalAdamW DP-FedAdamW
Optimizer Type SGD SGD SAM AdamW AdamW
Scalability to Large Models Limited Limited Moderate Moderate High
Client Drift Strong Weakened Slightly weakened Slightly weakened Weakened
Communication Cost 1× 2× 2× 1× 1×

adaptation, thus improving convergence and generaliza-
tion [29, 30, 63, 66, 67]. Adaptive optimization has also
been explored in private settings [21].
Adaptive optimization in Federated Learning. A line
of work introduces adaptive updates into FL. FedOpt [51]
introduces server-side adaptivity, instantiating Adam and
Yogi at the aggregator. FAFED [61] stabilizes training by
aggregating clients’ first- and second-moment estimates of
Adam. FedLADA [57] aggregates the second-moment esti-
mate to reduce communication cost. However, these studies
do not consider the effect of DP noise [31–33, 72–74].
Our contributions. To the best of our knowledge, adaptive
optimization has not yet been systematically explored for
large-model DPFL. Existing DPFL optimizers still strug-
gle to train large models in a stable and efficient manner.
To address this gap, we propose a method that stabilizes
second-moment statistics via block-wise aggregation, re-
moves DP-induced bias in the second-moment, and aligns
local updates with an estimated global descent direction in
a communication-efficient way. We summarize representa-
tive DPFL methods and their characteristics in Table 1.

3. DPFL framework

Consider a general DPFL system with N clients. The FL
objective is to minimize the following population risk:

f(θ) =
1

N

∑N

i=1
fi(θ), fi(θ) := Eξi∼Pi

[
Fi(θ; ξi)

]
, (1)

where fi is the loss function of client i. ξi is drawn from
distribution Pi in client i, and E[·] denotes expectation with
respect to the sample ξi.

In communication round t, the server selects S clients
and distributes the global model θt. Client i computes the
gradient for each sample j in local k iterations (with a mini-
batch Dk

i of size ⌊sR⌋, s is data sampling rate, R is number
of client samples): gij = ∇fi(θt,k

i ; ξij), and performs gra-
dient clipping and Gaussian noise addition to satisfy DP:

ḡij = gij/max(1, ∥gij∥2/C), (2)

g̃t,ki ← 1
sR

∑
j∈Dk

i
ḡij +

C
sRN (0, σ2C2I) (3)

where C is the clipping threshold, σ is the noise factor. Af-
ter K local steps, the server updates the global model θt+1

by adding the averaged local update to θt.

(a) Variance evolution of v (b) Client drift comparison

Figure 3. Training on CIFAR-100, Swin-Tiny, σ=1, α=0.1. (a)
Non-IID (DPFL) causes high variance in second-moment estima-
tor across clients of DP-LocalAdamW. (b) DP-LocalAdamW suf-
fers from more severe client drift than FedAvg and LocalAdamW.

4. Motivation and challenges
Prior work shows that AdamW can substantially improve
convergence and generalization. However, our key obser-
vation is that, in DPFL, AdamW fails to exhibit its typical
advantages. In fact, in transformer-based models, AdamW
sometimes performs worse than SGD, indicating the bene-
fits of AdamW are diminished when privacy constraints and
the FL setup introduce additional complexities.
Challenge 1: Variance amplification of the second-
moment estimator under non-IID and DP. In FL, non-
IID data disperses client gradients, while DP noise further
increases the variance of noisy gradients. This high variance
accumulates in AdamW’s exponentially weighted moving
averages of the first-moment m and second-moment v:

mt,k
i ← β1m

t,k−1
i + (1− β1) g̃

t,k
i ,

vt,k
i ← β2v

t,k−1
i + (1− β2) g̃

t,k
i ⊙ g̃t,ki ,

(4)

where β1=0.9, β2=0.999 are the exponential decay rates.
⊙ represents the elementwise (Hadamard) product.

Var(vt) ≈ (1− β2)
2

1− β2
2

Var
(
g̃t ⊙ g̃t

)
. (5)

Since g̃t ⊙ g̃t magnifies noise and β2≈ 1 induces slow av-
eraging, the variance of v grows rapidly and dominates the
optimization noise under DP and heterogeneity. Figure 3(a)
shows the variance of v under non-IID+DP remains higher
and converges much slower than in IID or non-DP cases.
Challenge 2: Systematic bias in the second-moment es-
timator introduced by DP. Under DP clipping and noise,
directly using the perturbed gradient to estimate the second-
moment produces a systematic bias. This bias is addi-
tive and distinct from the initialization bias addressed by
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(a) Histogram of mt (b) Histogram of
√
vt

Figure 4. Histogram for DP-LocalAdamW, CIFAR-10, Swin-Tiny,
σ=1, α=0.1. (a) The distribution centers of mt are aligned with
or without DP, but the variance is larger with DP. (b) The distribu-
tion of

√
vt shows a significant difference, with the center of the

distribution shifting approximately by
√

σ2C2/(sR)2.

Adam’s exponential moving average, so that correction
does not remove it in Figure 4. Recalling the definition of
vt,k
i in Eqs. 4, 2, and 3, we have

E
[
g̃t,ki ⊙ g̃t,ki

]
= E

[
ḡt,ki ⊙ ḡt,ki

]
+ σ2C2/(sR)2 I,

E
[
vt,ki

]
= E

[
vt,ki

]
w/o DP

+
(
1− β k

2

)
σ2C2/(sR)2 I.

(6)
Challenge 3: Client drift caused by local adaptivity and
DP mechanism. In FL, each client optimizes its local ob-
jective f(·), creating a gap between local and global op-
tima. AdamW accelerates this by pushing clients toward
their local optima, increasing client drift. In DPFL, gradient
clipping and noise injection reduce effective sample sizes,
making updates noisier and amplifying overfitting. This ex-
acerbates client drift, hindering global model convergence.
Figure 3(b) shows that DP-LocalAdamW results in higher
client drift compared to FedAvg and LocalAdamW, where
LocalAdamW refers to Federated AdamW without DP.

5. Methodology
To restore the effectiveness of AdamW in DPFL, we
propose Differentially Private Federated AdamW (DP-
FedAdamW). DP-FedAdamW is built upon a unified per-
spective: the moment statistics of AdamW become distorted
under non-IID data and DP. Our design corrects this dis-
tortion along three complementary axes: parameter-block
aggregation to stabilize second-moment variance, explicit
removal of DP-induced bias in the second-moment, and lo-
cal–global update alignment to reduce client drift.

5.1. Second-moment aggregation
To address Challenge 1, we stabilize the training process
by aggregating the second-moment estimates of AdamW.
Directly aggregating per-parameter second moments would
require communicating an additional vector with the same
dimensionality as the model parameters, nearly doubling
the communication overhead. In addition, under DP noise,
coordinate-wise second-moment estimates may fluctuate

Algorithm 1 DP-FedAdamW

1: Initial model θ0; rounds T ; local steps K; step size
η; weight decay λ; AdamW (β1, β2, τ); clip norm C;
noise multiplier σ; S clients per round

2: for t = 1 to T do
3: for selected clients i = 1, . . . , S in parallel do
4: θt,0

i ← θt; mt,0
i ← 0; vt,0

i ← v̄t

5: for k = 1 to K do
6: sample Dk

i ⊂ Di of size ⌊sR⌋
7: for each sample j ∈ Dk

i do
8: gij ← ∇fi(θt,k

i ; ξij)
9: ḡij ← gij/max(1, ∥gij∥2/C)

10: end for
11: g̃t,ki ← 1

sR

∑
j∈Dk

i
ḡij +

C
sRN

(
0, σ2C2I

)
12: mt,k

i ← β1m
t,k−1
i + (1− β1) g̃

t,k
i

13: vt,k
i ← β2v

t,k−1
i + (1− β2) g̃

t,k
i ⊙ g̃t,ki

14: m̂t,k
i ←mt,k

i /(1− βk
1 )

15: v̂t,k
i ← vt,k

i /(1− βk
2 )

16: ϑt,k
i ← 1/(

√
v̂t,k
i −

(
σC
sR

)2
+ τ)

17: θt,k+1
i ←θt,k

i −η(m̂
t,k
i ⊙ϑ

t,k
i +γ∆t

G−λθ
t,k
i )

18: end for
19: Send (θt,K

i −θ
t,0
i , v̄i=Block mean(vt,K

i ))

20: end for
21: ∆t+1

G = −1
SKη

∑S
i=1(θ

t,K
i − θt,0

i )

22: θt+1 = θt + 1
S

∑S
i=1(θ

t,K
i − θt,0

i )

23: v̄t+1 = 1
S

∑S
i=1 v̄i

24: Broadcast (θt+1, v̄t+1,∆t+1
G ) to clients

25: end for

significantly, resulting in an unstable preconditioner and
noisy adaptive scaling. We therefore adopt a block-wise ag-
gregation scheme that communicates only one statistic per
parameter block.

We adopt a parameter-block averaging strategy, where
each block shares a single learning rate to capture local cur-
vature effectively. Based on this idea, we partition the pa-
rameters into B blocks and compute the mean of second-
moments within each block (line 19 in Algorithm 1):

v̄b =
1

|vb|
∑

i∈vb

vi, b = 1, . . . , B. (7)

Block-wise averaging strategy. We align the blocks with
the model architecture. Attention-related parameters are
partitioned at the granularity of attention heads, while the
remaining modules are partitioned at the granularity of
whole layers. For each parameter block, we compute the
mean of its second-moment estimates and transmit only
this block-wise statistic:
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• Head-wise Q, K, V. According to the number of attention
heads in the model, each head-specific slice of the query
(Q), key (K), and value (V) weight matrices is treated
as an independent parameter block. For every such Q/K/V
block, we compute and transmit the mean of its second-
moment estimates.

• attn.proj and MLP layers. Each attention output pro-
jection layer (attn.proj) and each MLP layer are re-
garded as a single parameter block. For each layer, we
aggregate the second-moment estimates of all parameters
within the layer and transmit the block-wise mean.

• Embedding and output layers. Similarly, each
Embedding layer and each output (e.g., classifica-
tion) layer is treated as one parameter block. For these
blocks, we also compute and transmit the mean of the
corresponding second-moment estimates.

CNNs (e.g., ResNet). For convolutional networks, each
convolutional layer or residual block is defined as one
block. This reduces communication cost from per-
parameter second-moments to B block-level values while
preserving adaptive behavior across network components.

5.2. Unbiased second-moment correction
To address Challenge 2, we propose a bias-corrected mech-
anism (BC). The correction term subtracts the additive infla-
tion caused by DP Gaussian noise from the second-moment
estimate of DP-LocalAdamW, thereby improving adaptive
scaling. Here, “unbiased” is with respect to the clipped-
gradient second-moment. The update rule is given by (line
16 in Algorithm 1):

ϑt,k
i = 1/(

√
v̂t,k
i −

(
σC

sR

)2

+ τ) (8)

Here, v̂t,k
i is the exponential moving average of the noisy

gradient second moment for parameter i, σ is the noise mul-
tiplier, C is the clipping norm, and sR is the batch size. The
term σC

sR corresponds to the variance of the Gaussian noise
added for differential privacy, and subtracting it removes the
constant bias introduced by DP noise in the second-moment
estimate. τ is the AdamW numerical stability term.

5.3. Local-global alignment
To mitigate Challenge 3, we augment the local AdamW up-
date with an explicit alignment toward the global descent di-
rection. Concretely, we modify the local update rule (line 17
in Algorithm 1) as

θt,k+1
i = θt,k

i − η
(
m̂t,k

i ⊙ ϑt,k
i − λθt,k

i + γ∆t
G

)
, (9)

where ∆t
G = −1

SKη

∑S
i=1(θ

t,K
i −θt,0

i ) is an empirical esti-
mate of the global update over S participating clients.

Under non-IID data, the adaptive local gradient m̂t,k
i ⊙

ϑt,k
i is biased toward each client’s own objective. DP clip-

ping distorts the magnitude and direction of these gradients,

and DP noise adds high-variance perturbations, pushing the
local parameters θt,k

i toward different client-specific optima
and amplifying the client drift identified in Challenge 3.
The alignment term γ∆t

G softly regularizes each local step
toward the global descent direction. It is nearly inactive
when a client’s update already follows the global trend, but
when non-IID data and DP operations drive the local di-
rection away, the alignment term counteracts this deviation
and steers the trajectory back toward the global path. As
illustrated in Figure 2, this local–global alignment tight-
ens the spread of client models, reduces cross-client update
variance at aggregation, and yields a smoother, more stable
global optimization trajectory under strong non-IID and DP.

6. Theoretical analysis
6.1. Convergence analysis
In this section, we provide the convergence theoretical anal-
ysis of the proposed DP-FedAdamW algorithm. We first
introduce several standard assumptions for the non-convex
function f .

Assumption 1 (Smoothness). The non-convex fi is a
L-smooth function for all i ∈ [m], i.e., ∥∇fi(θ1) −
∇fi(θ2)∥ ≤ L∥θ1 − θ2∥, for all θ1,θ2 ∈ Rd.

Assumption 2 (Bounded Stochastic Gradient). gt
i =

∇fi(θt
i , ξ

t
i) computed using a sampled mini-batch data ξti

in the local client i is an unbiased estimator of ∇fi with
bounded variance, i.e., Eξti

[gt
i ] = ∇fi(θt

i) and Eξti
∥gti −

∇fi(θt
i)∥2 ≤ σ2

l , for all θt
i ∈ Rd.

Assumption 3 (Bounded Stochastic Gradient II). Each ele-
ment of the stochastic gradient gt

i is bounded, i.e., ∥gt
i∥∞ =

∥fi(θt
i , ξ

t
i)∥∞ ≤ Gg , for all θt

i ∈ Rd and any sampled
mini-batch data ξti .

Theorem 1 (Convergence for non-convex functions). Un-
der Assumptions 1, 2, and 3, if we take g0 = 0, then DP-
FedAdamW converges as follows

1

T

T−1∑
t=0

E
[
∥∇f(θt)∥2

]
≲ O

(√
L∆σ2

l

SKTτ2
+

L∆

T
+

σ2G2
g

s2R2

)
.

(10)
Here G0 := 1

N

∑N
i=1

∥∥∇fi (θ0
)∥∥2,∆ = f

(
θ0
)
− f⋆, S

is the number of participating clients per round, σ the DP
noise level, σl the stochastic gradient noise, K the number
of local iterations, and T the total communication rounds.

The proof is provided in Appendix D.1. The con-
vergence rate of DP-FedAdamW is faster than that

of DP-LocalAdamW’s O
(√

L∆(σ2
l +σ2

g)

SKTτ2 + L∆
T +

σ2G2
g

s2R2

)
,

and we do not need bounded heterogeneity assumption.
This is due to the suppression of local drift by the global
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update estimation ∆t
G. Unlike prior adaptive FL optimizers

[57] which rely on a heterogeneity assumption, our conver-
gence result holds without such restrictions, making it more
widely applicable.

6.2. Privacy analysis
Differential privacy (DP) [8] provides a formal framework
for quantifying disclosure risk. We perform privacy ac-
counting under Rényi DP (RDP) [42], which gives tight
bounds under composition and subsampling.

Definition 1. (Sample-level DP). For any two neighboring
datasets D and D′ that differ in a single sample or record
(either by addition or removal), a randomized mechanism
M : Xn→Y satisfies (ε, δ)-DP at the sample level if, for
every possible output set O ⊆ Y, the following holds:

Pr[M(D) ∈ O] ≤ eε Pr [M (D′) ∈ O] + δ, (11)

where ε is the privacy budget, δ is the failure probability.

Definition 2. (Rényi DP, [42]). For any order ζ ∈
(1,∞), M satisfies (ζ, εR)-RDP if for any two neighbor-
ing datasets D, D′ that differ by a single sample, it has:

Dζ [M(D)∥M (D′)] :=
1

ζ−1
logE

[(
pM(D) (Y )

pM(D′) (Y )

)ζ
]
≤εR,

(12)
The expectation E is taken over the output Y ∼M(D′).

We adopt standard RDP accounting following [44], the
cumulative privacy over K local steps and T rounds is:

Theorem 2 (Privacy guarantee). For DP-FedAdamW, θT is
(ε, δ)-DP towards a third party

ε = O

(
s
√
TK log(2/δ) log(2T/δ)

σ

)
, (13)

Towards the server, the accumulated privacy guarantee is
(εs, δs)-DP

εs = ε

√
N

l
, δs =

δ

2

(
1

l
+ 1

)
, (14)

where N is the number of clients, l is the client sampling
rate, and s is the client data sampling rate.

7. Experiments
7.1. Experimental setup
DPFL algorithms. We conduct experiments on six DPFL
algorithms: DP-FedAvg [44], DP-SCAFFOLD [44], DP-
FedAvg-LS [26], DP-FedSAM [54], DP-LocalAdamW and
our DP-FedAdamW. All methods use the same noise multi-
plier σ for fair comparison. Under the same clipping norm
and communication rounds, DP-FedSAM can consume ap-
proximately twice the privacy budget of other methods,

since it injects independent DP noise into two gradient eval-
uations at each local step. All methods are implemented in
PyTorch and run on NVIDIA RTX 4090 GPUs.
Datasets and data partition. We evaluate DP-FedAdamW
on seven datasets covering both vision and language tasks.
For image classification, we adopt CIFAR-10, CIFAR-
100 [18], and Tiny-ImageNet [19]. For natural language
understanding, we consider four GLUE [60] benchmarks:
SST-2, QQP, QNLI, and MNLI. We simulate non-IID client
data using a Dirichlet partition [15], where each client’s dis-
tribution is sampled from Dir(α) with α ∈ {0.1, 0.6, 0.8}.
Model architectures. We study three representative ar-
chitecture families. (1) convolutional neural networks
(CNNs): GNResNet-18 evaluated on CIFAR-10/100. (2)
vision transformers: ViT-Base for CIFAR-10/100 and
Swin-Tiny/Base for CIFAR-10/100 and Tiny-ImageNet. (3)
language transformer: RoBERTa-Base assessed on GLUE.
Configurations. For DP-FedAvg, DP-SCAFFOLD, DP-
FedAvg-LS and DP-FedSAM, the learning rate η is se-
lected from {10−2, 3× 10−2, 5× 10−2, 10−1, 3× 10−1}
with a weight decay of 0.001. For DP-LocalAdamW and
DP-FedAdamW, η is selected from {10−4, 3 × 10−4, 5 ×
10−4, 8 × 10−4, 10−3} with weight decay 0.01 or 0.001,
β1 = 0.9, β2 = 0.999. We apply the cosine learning rate
decay and set γ=0.5 for DP-FedAdamW, the weight decay
λ=0.01. For ResNet-18, rounds T=300, batch size 50, lo-
cal step K=50. For Transformers, rounds T=100, batch
size 16, local step K=20. The noise multiplier is σ=1.
The privacy failure probability is set to δ = 10−5 for CI-
FAR10/100 and δ = 10−6 for Tiny-ImageNet. Please refer
to Appendix B.4 for more details of the experimental set-
tings. All results are averaged over 5 runs with std reported.

7.2. Performance on vision datasets
ResNet-18 on CIFAR-10/100. Table 2 summarizes the re-
sults on CIFAR-10/100 under different heterogeneity lev-
els (α=0.6 and α=0.1). DP-FedAdamW achieves the
best performance across all settings, reaching 74.81% and
64.65% on CIFAR-10, and 39.56% and 33.55% on CIFAR-
100. When the data heterogeneity is severe (α=0.1), DP-
FedAdamW surpasses the SOTA baselines (DP-FedAvg-LS
for CIFAR-10 and DP-LocalAdamW for CIFAR-100) by
3.81% and 4.85%, respectively.
ViT-Base on CIFAR-10/100. We fine-tune ViT-Base on
CIFAR-10/100, and the results are reported in Table 2 under
α=0.6 and α=0.1. DP-FedAdamW consistently achieves
the best performance. On CIFAR-100 with α=0.1, it out-
performs the strongest baseline DP-FedSAM by 1.29%.
Under sample-level DPFL, DP-FedSAM operates under a
much weaker privacy guarantee, as it uses approximately
twice the privacy budget of the other methods.
Swin-Tiny/Base on CIFAR-10/100/Tiny-ImageNet. We
fine-tune Swin-Tiny and Swin-Base on CIFAR-10, CIFAR-
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Table 2. Averaged test accuracy (%) and privacy budget comparison on CIFAR-10 and CIFAR-100 using ResNet-18 and ViT-Base.
Assuming DP-FedAvg is (ε, δ)-DP, all other methods share this budget except DP-FedSAM, which is approximately (2ε, δ)-DP.

Method CIFAR-10 (ResNet-18) CIFAR-100 (ResNet-18) CIFAR-10 (ViT-Base) CIFAR-100 (ViT-Base) Privacy
Budgetα=0.6 α=0.1 α=0.6 α=0.1 α=0.6 α=0.1 α=0.6 α=0.1

DP-FedAvg 71.69±0.37 60.38±0.21 31.13±0.57 25.04±0.72 90.51±0.37 78.85±0.21 45.86±0.57 13.41±0.72 (ε, δ)
DP-SCAFFOLD 71.79±0.44 59.04±0.39 31.52±0.36 24.94±0.58 90.88±0.52 80.69±0.64 62.45±0.57 64.69±0.76 (ε, δ)
DP-FedAvg-LS 72.27±0.57 60.84±0.45 35.91±0.54 28.68±0.52 91.48±0.47 88.48±0.50 67.76±0.58 65.85±0.63 (ε, δ)
DP-FedSAM 67.39±0.41 57.04±0.46 30.36±0.50 24.03±0.66 91.76±0.55 89.35±0.65 70.24±0.63 66.27±0.65 (2ε, δ)
DP-LocalAdamW 71.73±0.47 60.55±0.53 34.92±0.69 28.70±0.81 91.16±0.47 89.85±0.53 68.21±0.69 65.24±0.81 (ε, δ)
DP-FedAdamW 74.81±0.19 64.65±0.24 39.56±0.42 33.55±0.50 92.02±0.49 90.30±0.24 71.59±0.42 67.56±0.50 (ε, δ)

Table 3. Averaged test accuracy (%) and privacy budget comparison on CIFAR-100 and Tiny-ImageNet using Swin-Tiny and Swin-Base.

Method CIFAR-100 (Swin-T) CIFAR-100 (Swin-B) Tiny-ImageNet (Swin-T) Tiny-ImageNet (Swin-B) Privacy
Budget

α=0.6 α=0.1 α=0.6 α=0.1 α=0.6 α=0.1 α=0.6 α=0.1

DP-FedAvg 36.96±0.50 28.07±0.31 65.61±0.27 60.77±0.32 18.82±0.94 10.12±1.36 52.04±0.66 36.19±0.74 (ε, δ)
DP-SCAFFOLD 41.68±0.64 33.52±0.65 68.03±0.55 65.34±0.49 21.91±0.78 14.54±0.72 53.78±0.79 43.55±0.60 (ε, δ)
DP-FedAvg-LS 41.95±0.53 36.72±0.65 68.80±0.52 66.08±0.56 23.03±0.64 15.99±0.68 55.83±0.66 47.46±0.57 (ε, δ)
DP-FedSAM 44.19±0.48 38.43±0.62 70.44±0.57 66.28±0.64 22.75±0.65 16.86±0.77 56.12±0.74 48.08±0.62 (2ε, δ)
DP-LocalAdamW 42.04±0.63 35.51±0.58 68.33±0.33 65.28±0.39 23.41±0.87 15.81±0.73 54.58±0.60 46.52±0.64 (ε, δ)
DP-FedAdamW 46.77±0.38 39.36±0.55 71.58±0.30 67.45±0.26 23.96±0.50 19.19±0.55 58.44±0.54 50.76±0.51 (ε, δ)

Table 4. Averaged test accuracy (%) on RoBERTa-Base.

Method SST-2 QQP QNLI MNLI
DP-FedAvg 49.08±0.12 63.18±0.50 49.46±0.44 35.45±0.20

DP-SCAFFOLD 52.35±0.18 66.87±0.42 52.62±0.52 38.74±0.32

DP-FedAvg-LS 68.38±0.50 72.59±0.48 69.22±0.68 50.46±0.55

DP-FedSAM 70.95±0.62 75.66±0.53 70.54±0.63 56.88±0.56

DP-LocalAdamW 91.04±0.53 82.33±0.59 86.07±0.47 75.20±0.44

DP-FedAdamW 91.17±0.32 83.34±0.39 86.33±0.34 78.68±0.38

100, and Tiny-ImageNet, and report the results in Table 3
and Table 10 in Appendix B.1. DP-FedAdamW consis-
tently achieves the best accuracy across all settings. On
CIFAR-100 with Swin-Tiny at α=0.6, it reaches 46.77%,
outperforming DP-FedSAM by 2.58%. On Tiny-ImageNet
with Swin-Base at α=0.1, it achieves 50.76%, exceeding
DP-FedSAM by 2.68%. Figure 5(c,d) illustrates the advan-
tage of DP-FedAdamW on Swin-Tiny.

7.3. Performance on language datasets
RoBERTa-Base on GLUE. We further evaluate our
method on four GLUE tasks (SST-2, QQP, QNLI, MNLI)
by fine-tuning RoBERTa-Base under α=0.8, and report the
results in Table 4. DP-FedAdamW attains the best accu-
racy on all tasks, reaching 91.17%, 83.34%, 86.33%, and
78.68%, respectively. On MNLI, DP-FedAdamW outper-
forms the SOTA DP-LocalAdamW by 3.48%, showing that
the benefits of DP-FedAdamW extend from vision bench-
marks to language understanding in the DPFL setting.

7.4. Discussion of AdamW under DP in FL
Performance under different privacy budgets ε. Table 5
reports the results of Swin-Base on CIFAR-10, CIFAR-

100, and Tiny-ImageNet under ε=1, 2, 3 with α=0.1. As
expected, all methods benefit from larger ε (weaker pri-
vacy). The performance gap between DP-FedAdamW and
other methods is most pronounced when ε is small, i.e., un-
der stronger privacy constraints. For instance, on CIFAR-
10, DP-FedAdamW achieves 77.50% at ε=1, surpassing
the best baseline by 5.93%. These results show that DP-
FedAdamW achieves a superior utility–privacy trade-off.
Noise multiplier σ. Results are provided in Appendix B.1.

7.5. Ablation study
Effect of each component. DP-FedAdamW differs from
DP-LocalAdamW in three aspects: (i) block-wise second-
moment aggregation (Agg); (ii) DP bias correction on
the second-moment (BC); (iii) local–global alignment term
(Align). We construct several variants by removing one
component at a time, while keeping all other settings fixed.

Table 6 shows that each component yields a gain, and
their combination achieves the best performance. Bias cor-
rection (BC) improves robustness to DP noise; local-global
alignment stabilizes optimization under non-IID data and
DP; and block-wise aggregation provides an additional im-
provement with negligible communication overhead.
Impact of aggregation strategy. Table 7 shows that our
block-wise averaging strategy, Agg-mean-v, achieves the
best balance between accuracy and communication cost.
Agg-mean-v achieves comparable gains with only O(B)
communication, where B is the number of blocks, demon-
strating its scalability and ability to stabilize updates even
under strict communication budgets.
Effect of the alignment coefficient γ. Table 8 varies γ
on Swin-Base (α=0.1). Increasing γ from 0.0 to 0.5 im-

3364



Table 5. Effect of privacy budgets (ε) on test accuracy (%) using Swin-Base, α = 0.1.

Method CIFAR-10 CIFAR-100 Tiny-ImageNet

ε=1 ε=2 ε=3 ε=1 ε=2 ε=3 ε=1 ε=2 ε=3

DP-FedAvg 66.52±0.89 72.63±0.55 88.02±0.76 19.66±1.52 42.98±0.60 57.73±0.55 20.65±0.77 37.48±0.54 45.32±0.47

DP-SCAFFOLD 66.39±0.68 72.81±0.53 88.07±0.66 22.38±0.67 44.52±0.68 59.85±0.52 20.93±0.66 38.40±0.51 47.06±0.30

DP-FedAvg-LS 71.57±1.02 75.02±0.59 88.96±0.54 25.77±0.61 49.54±0.59 62.46±0.53 26.89±0.46 46.57±0.44 48.83±0.21

DP-FedSAM 53.51±1.39 59.33±0.86 76.82±0.97 12.33±0.64 28.32±0.49 46.93±0.50 10.88±0.95 26.76±0.78 41.69±0.45

DP-LocalAdamW 66.57±1.35 73.04±0.58 88.83±0.71 24.69±0.88 47.26±0.59 62.18±0.61 28.40±0.72 46.62±0.37 48.55±0.28

DP-FedAdamW 77.50±0.54 80.37±0.58 89.98±0.55 30.06±0.41 52.11±0.54 65.47±0.42 34.23±0.50 50.95±0.26 52.53±0.22

(a) ResNet-18, α = 0.6 (b) ResNet-18, α = 0.1 (c) Swin-Tiny, α = 0.6 (d) Swin-Tiny, α = 0.1

Figure 5. Test accuracy (%) on CIFAR-100 using ResNet-18 and Swin-Tiny under the Dirichlet α = 0.6 and α = 0.1 settings.

Table 6. Ablation on the main components of DP-FedAdamW on
Swin-Base. We report test accuracy (%) on CIFAR-100 and Tiny-
ImageNet under non-IID setting (α = 0.1). “Agg” denotes block-
wise second-moment aggregation, “BC” the DP bias correction,
and “Align” the local–global alignment term.

Method CIFAR-100 Tiny-ImageNet

DP-LocalAdamW 65.28 46.52
w/o Agg 66.41 47.35
w/o BC 67.02 48.11
w/o Align 66.37 47.82
DP-FedAdamW (full) 67.42 50.73

Table 7. Ablation study of moment aggregation strategies of DP-
LocalAdamW on CIFAR-100 with Swin-Base under α=0.1.

Strategy CIFAR-100 Tiny-ImageNet Comm(↑)

NoAgg 66.21±0.11 49.12±0.12 5.7M
Agg-v 67.52±0.12 50.88±0.12 11.4M
Agg-mean-v 67.45±0.10 50.76±0.10 5.7M

Table 8. Impact of γ using Swin-Base (α=0.1).

γ 0.00 0.25 0.50 0.75 1.00

CIFAR-100 (%) 66.37 67.01 67.45 67.10 66.52
Tiny-ImageNet (%) 47.82 49.36 50.76 50.21 49.18

proves accuracy on CIFAR-100 and Tiny-ImageNet, indi-
cating that a moderate alignment term effectively counter-
acts client drift and stabilizes optimization under DP noise.
Further increasing γ beyond 0.5 leads to a slight degrada-
tion, as overly strong alignment over-constrains local up-
dates. We therefore set γ=0.5 as the default.

Table 9. Comparison with DP variants of federated adaptive opti-
mizers under the same DP settings (Swin-Base, α=0.1, σ=1).

Method CIFAR-100 Tiny-ImageNet

DP-FedOpt(Adam) [51] 64.54±0.56 44.81±0.62

DP-FAFED [61] 65.75±0.54 46.10±0.67

DP-FedLADA [57] 66.03±0.61 47.85±0.57

DP-FedAdamW (ours) 67.45±0.26 50.76±0.51

Comparison with DP variants of federated adaptive
optimizers. As shown in Table 9, on Swin-Base with
Dirichlet α=0.1, DP noise σ=1, simply adding DP to ex-
isting federated adaptive optimizers yields limited gains.
DP-FAFED and DP-FedLADA slightly outperform DP-
FedOpt(Adam) on both CIFAR-100 and Tiny-ImageNet.
Our DP-FedAdamW consistently achieves the best perfor-
mance, with roughly 1.42% on CIFAR-100 and 2.91% on
Tiny-ImageNet compared to the SOTA DP baseline.

8. Conclusion
In this work, we revisited AdamW for differentially private
federated learning and revealed that a naı̈ve adoption leads
to amplified second-moment variance, DP-induced bias,
and pronounced client drift under small-batch local training.
Building on these insights, we introduced DP-FedAdamW,
which integrates block-wise second-moment aggregation,
explicit DP bias correction, and a local–global alignment
mechanism, with non-convex convergence and sample-level
privacy guarantees. Experiments on vision and language
benchmarks demonstrate DP-FedAdamW consistently sur-
passes SOTA DPFL baselines under the same privacy bud-
gets, especially in highly non-IID regimes.
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