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Abstract

One-shot Federated Learning (OSFL) has emerged as a
promising paradigm to mitigate the high communication
overhead of traditional federated learning. However, its ef-
fectiveness is often hindered by data heterogeneity across
clients. While recent methods leverage pre-trained diffusion
models to generate data for OSFL, they often struggle with
some practical limitations, including a lack of semantic fi-
delity in capturing the fine-grained characteristics of local
data, and insufficient diversity in the generated data, which
collectively degrade the performance of the global model.
To address these challenges, we propose Espresso, a
novel framework that enhances both the fidelity and di-
versity of synthetic data in OSFL. Espresso consists of
two main components: (1) Fine-Grained Condition Learn-
ing, which learns fine-grained conditional embeddings to
improve semantic fidelity and diversity by modeling intra-
category patterns, and (2) Semantics-Preserving Sam-
pling, which diversifies the generated data by modeling the
distribution of latent noises and applying a self-reflection
sampling strategy. Extensive experiments on benchmark
datasets demonstrate that Espresso can improve the se-
mantic fidelity and diversity of the synthetic data, leading
to an enhancement in the performance of the global model
compared to state-of-the-art OSFL methods under data het-
erogeneity.

1. Introduction
Federated Learning (FL) [2, 25, 32] has emerged as a pop-
ular paradigm for collaborative machine learning, enabling
multiple parties to train a shared model without exposing
their private data [35]. The foundational framework for FL
is established by iterative methods (e.g., Federated Aver-
aging, FedAvg [32]). In each round, a central server dis-
tributes the current parameters of the global model to se-
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lected clients. The clients then perform local training on
their private data before uploading their updated models,
which are then aggregated by the server to produce a new
global model [32, 46]. However, this process is hindered by
several challenges. Firstly, it is vulnerable to data hetero-
geneity [24, 26, 27, 36], or non-IID (non-Independent and
Identically Distributed) data, which mainly manifests as ei-
ther label skew, where clients hold different distributions of
categories, or feature skew, where the same category ex-
hibits different feature distributions across clients. In addi-
tion, the volume and quality of each client’s local data vary
across clients in some practical settings, which may also af-
fect the performance [2]. Furthermore, numerous rounds
of model exchange may cause a large communication over-
head, which may be unacceptable in some practical settings.

To reduce communication costs, One-Shot Federated
Learning (OSFL) [11, 31, 56] is proposed to limit commu-
nication to a single round. Some existing OSFL methods
[1, 9, 56] involve clients to upload their local models, which
are then aggregated through techniques such as ensembling
or knowledge distillation [14]. However, knowledge from
local models becomes increasingly difficult to consolidate
as data heterogeneity becomes severe. [31] In addition
to utilizing local models, another possible approach is to
use generative approaches for global model training. Some
methods [41, 60] propose to distill local data into a small-
scale compressed dataset by data distillation [45], which is
efficient for communication but still suffers from the infor-
mation loss caused by compression. Some methods [6, 56]
employ earlier generative models such as GANs [10] which
often fall short in the fidelity and diversity of synthetic data.

Recently, to address the above challenges arising in
OSFL, some methods [3, 48–50] leverage the generative
power of pre-trained diffusion models [16, 38, 47] by guid-
ing them to produce synthetic data that approximate the dis-
tribution of clients’ local data. The global model is then
trained on these synthetic data. Pre-trained diffusion mod-
els are trained on large-scale general datasets, thereby pos-
sessing the capacity to generate images of most styles and
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objects with conditional guidance information [29]. There-
fore, in FL settings, it provides the possibility of reproduc-
ing the distribution of client data with less loss of informa-
tion on the server [50]. A key advantage of this approach is
that the global model can now more accurately observe the
commonalities and differences among different client dis-
tributions, thereby promoting the performance of general-
ization. However, these methods still suffer from some lim-
itations: The guidance information transmitted by clients is
often too simplistic to capture the rich patterns of local data,
especially the intra-category differences, leading to low se-
mantic fidelity and diversity where the synthetic data cannot
sufficiently reflect the distribution of local data.

To overcome these limitations, we propose Espresso,
a novel method which is based on pre-trained diffusion
models and designed to enhance both the semantic fi-
delity and diversity of synthetic data in OSFL. Espresso
tackles the issue of insufficient semantic fidelity and di-
versity through Fine-Grained Condition Learning, which
learns fine-grained conditional embeddings by identifying
and modeling intra-category patterns within each client’s
dataset. Moreover, to further align the synthetic data with
the conditional embeddings, we also propose Semantics-
Preserving Sampling strategy. First, we model the distribu-
tion of the latent noises at the final diffusion step as Gaus-
sian Mixture Models, from which we sample the denois-
ing starting point to ensure that the denoising starting point
is variable and meaningful. Then, we apply Z-Sampling
[28], a self-reflection strategy, to iteratively optimize the la-
tent vectors in a zig-zag manner during the denoising pro-
cess, better injecting the information from conditional em-
beddings. In essence, Espresso utilizes compressed but
representative information from clients to guide a diffusion
model, thereby reconstructing the client’s data distribution
on the server for better global model. This process is analo-
gous to brewing a cup of coffee from concentrated espresso
powder. The experiments demonstrate that Espresso can
enhance the semantic fidelity and diversity of the synthetic
data and further the performance of the global model, val-
idating the effectiveness of Espresso in heterogeneous
settings. The main contributions of this work are as follows:

• To improve the semantic fidelity and diversity of synthetic
data in existing diffusion-based OSFL methods, we pro-
pose Fine-Grained Condition Learning to further capture
the characteristics of intra-category patterns.

• To further enhance the semantic alignment of synthetic
data with the conditional embeddings, we employ Gaus-
sian Mixture Models to model the latent noises in the
diffusion process as starting points of denoising, and Z-
Sampling strategy to better inject conditional information
to the latent vectors.

• We empirically validate our approach on several bench-
mark datasets, demonstrating significant performance im-

provements over state-of-the-art OSFL methods in most
heterogeneous settings.

2. Related Works

2.1. One-shot Federated Learning
Some traditional FL methods [18, 26, 33] have been de-
signed to handle different types of data heterogeneity.
Although effective, this paradigm still incurs substantial
communication overhead. One-shot Federated Learning
(OSFL) addresses this by limiting communication to a sin-
gle round. Some OSFL methods require clients to up-
load local models for server-side aggregation by ensem-
bling [1, 42, 44], prototype learning [43, 53], knowledge
distillation [4, 9, 23] and Bayesian methods [19, 30]. How-
ever, under higher data heterogeneity, the effectiveness of
these methods decreases as divergent local models are more
difficult to integrate. Therefore, an alternative paradigm has
emerged to allow the clients to transmit a representation of
their data distributions. Some methods [41, 57, 60] achieve
this by dataset distillation [45, 52], GANs [6, 21, 54, 56]
or VAEs [13, 57]. Recently, some methods [3, 49, 50] re-
quire clients to upload some form of guidance information
that is used by the server to guide a diffusion model to gen-
erate a synthetic dataset for global model training. How-
ever, most of such guidance information is not enough to
precisely capture the distribution of local data, especially
the intra-category patterns, which limits the performance of
global model. Espresso handles this by discovering dif-
ferent patterns within a category, by which we can learn an
individual conditional embedding for each pattern.

2.2. Diffusion Models
The theoretical foundations of diffusion models are first es-
tablished by DDPM [16] and DDIM [40]. Their practical
application to high-resolution image synthesis was signifi-
cantly advanced by Latent Diffusion Models (LDMs) [38],
which perform the diffusion process in a compressed latent
space. Pre-trained diffusion models such as Stable Diffu-
sion [7, 38] further enabled controllable generation by lever-
aging powerful pre-trained multi-modal models, e.g., CLIP
[37], as a conditioning mechanism. Based upon this, some
diffusion personalization techniques are proposed to align a
pre-trained diffusion model to fit a specific dataset, such as
Textual Inversion [8], DreamBooth [39], LoRA [17], Con-
trolNet [58] and IP-Adapter [51], by learning some guid-
ance information to represent the underlying visual con-
cepts in the dataset. Textual Inversion is noted for its pa-
rameter efficiency, making it suitable for FL settings with its
low training, communication, and storage overhead. How-
ever, due to the fact that Textual inversion learns token em-
beddings, which need to be combined with natural language
templates and thus limit their ability to learn less common
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styles. Therefore, in Espresso, we directly bypass the
text encoder and learn the entire conditional embedding,
which has more learning ability in dealing with such styles.

3. Preliminaries
3.1. Federated Learning
The primary objective of Federated Learning is to minimize
a global loss function, which is a weighted average of the
local loss functions of clients [2, 25]. Given the local dataset
of client k as Dk and the global dataset as D =

⋃K
k=1 Dk,

the global objective can be formulated as:

min
ω

L(ω;D) =

K∑
k=1

pkLk(ω;Dk), (1)

where K is the number of clients, pk is the weight for client
k, and Lk(ω;Dk) is the local loss function with model pa-
rameters ω. However, due to privacy limitations, the server
can not directly compute Lk(ω;Dk). Therefore, traditional
FL methods [26, 32] try to minimize L(ω;D) in an iterative
paradigm. In contrast, generative models, especially diffu-
sion models, present an alternative approach for the server
to approximate Lk(ω;Dk) with high-quality synthetic data.

3.2. Denoising Diffusion Probabilistic Models
Denoising Diffusion Probabilistic Models (DDPMs) [16]
are typical diffusion models that generate data by reversing
a noising process. Typically, we consider a conditioned la-
tent diffusion model guided by additional information, such
as class labels or text embeddings.

Forward Diffusion Process. The forward process grad-
ually adds Gaussian noise to the latent z0 = E(x0) of data
point x0 over T timesteps:

q(zt|zt−1) = N (zt;
√
1− βtz

t−1, βtI), (2)

where βt is a small fixed positive constant representing the
noise schedule at timestep t. A property of this process is
that zt can be directly sampled from z0:

zt =
√
ᾱtz

0 +
√
1− ᾱtϵ, (3)

where αt = 1− βt, ᾱt =
∏t

s=1 αs, and ϵ ∼ N (0, I).
Reverse Denoising Process. The reverse process learns

to restore the original latent from pure noise zT . Given con-
dition c, a neural network ϵθ is trained to predict the noise
added at each step. Given the predicted noise ϵθ(z

t, t, c),
the latent for the previous timestep zt−1 is:

zt−1 =
1

√
αt

(
zt − 1− αt√

1− ᾱt
ϵθ(z

t, t, c)

)
+ σtϵt, (4)

where ϵt is Gaussian noise and σt is a variance term.
Training Objective. Using reparameterization trick, the

simplified objective is derived as:

min
θ

Et,z0,c,ϵ[∥ϵ− ϵθ(
√
ᾱtz

0 +
√
1− ᾱtϵ, t, c)∥2]. (5)

It is worth noting that given a pre-trained θ and target orig-
inal data, condition c can also be optimized with similar
objective for generating data similar to the original data.

3.3. DDIM and DDIMInverse
Denoising Diffusion Implicit Models (DDIMs) [40] learn a
deterministic and non-Markovian process for faster denois-
ing than DDPM. The denoising step at t is:

zt−1 =
√
ᾱt−1

(
zt −

√
1− ᾱtϵθ(z

t, t, c)√
ᾱt

)
+
√
1− ᾱt−1ϵθ(z

t, t, c).

(6)

DDIMInverse is the inverse process of DDIM. Given a
data point z0, DDIMInverse approximates the forward dif-
fusion process to find a corresponding deterministic latent
vector zt, which can be easily reconstructed to z0 by DDIM.

3.4. Classifier-Free Guidance
Classifier-Free Guidance (CFG) [15] improves conditional
sample quality without an external classifier, a technique
adopted in most current diffusion models. ϵθ is trained with
both condition c and null condition ∅. During inference, the
actual estimated noise at t is defined as:

ϵ̂θ(z
t, t, c) = ϵθ(z

t, t, ∅) + γ · (ϵθ(zt, t, c)− ϵθ(z
t, t, ∅)),

(7)
where γ > 1 is the guidance scale representing the condi-
tioning effect.

4. Proposed Approach
The overview of Espresso is presented in Fig. 1. It
consists of three main phases: (1) locally executed Fine-
Grained Condition Learning, (2) global data generation
with Semantics-Preserving Sampling, which is supported
by GMM of noisy latent vectors and Z-sampling, and (3)
Global Model Training with synthetic data. We begin by
illustrating Fine-Grained Condition Learning.

4.1. Fine-Grained Condition Learning
The existing diffusion-based OSFL methods [3, 50] only
learn a single piece of conditional information for each cat-
egory. However, data belonging to the same category may
exhibit various visual patterns that cannot be fully captured
by it. To address this, the first stage of Espresso is to
identify fine-grained intra-category patterns and learn a de-
scriptive conditional embedding for each of them, as shown
in ① of Fig. 1.

To discover the intra-category patterns, we first extract
the representations of data for further analysis. For each
client k, define its local dataset as Dk = {(xi, yi)}Nk

i=1,
where xi is an image and yi is its corresponding label.
We employ a powerful pre-trained vision encoder Φ (e.g.,
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Figure 1. An overview of the Espresso. ① Fine-Grained Condition Learning identifies intra-category clusters of local dataset to learn
fine-grained conditional embeddings, which enhances the semantic fidelity and diversity of synthetic dataset. ② The first part of Semantics-
Preserving Sampling: GMM of Noisy Latent Vectors models the distribution of latent vectors zT for better denoising starting point. ③ The
second part of Semantics-Preserving Sampling: Guided with conditional embedding, the server samples an initial noise from the GMM
and iteratively refining the generation path using Z-Sampling during denoising. ④The final global model is trained on the synthetic dataset.

a CLIP Image Encoder [37] or DINOv2 [20]) to extract a
representation vector fi = Φ(xi) for every image xi ∈ Dk.
Then, we excavate the intra-category pattern by clustering.
For each category y, we apply clustering to the set of ex-
tracted feature vectors {fi|yi = y}. This partitions the
data of category y into several distinct clusters, {Dj

k,y}Jj=1,
where J is the number of clusters. Each cluster Dj

k,y now
represents a visually similar subgroup within category y.

After identifying the semantic clusters, we leverage a
pre-trained conditional diffusion model to condense the
clusters into light-weight conditional embeddings. Instead
of using the pre-trained text encoder, we directly optimize
the conditional embedding cjk,y , which is fed into the cross-
attention layers of the diffusion model’s U-Net. This pro-
vides a better expressive capacity to capture the visual char-
acteristics of each cluster. In this process, the parameters θ
of the pre-trained diffusion model ϵθ are frozen, and only
the conditional embedding cjk,y is optimized. The objective
for cjk,y is the same as Eq. (5):

min
cjk,y

Et,x∼Dj
k,y,ϵ

[
∥ϵ− ϵθ(

√
ᾱtE(x) +

√
1− ᾱtϵ, t, c

j
k,y)∥

2
]
.

(8)
By optimizing Eq. (8), cjk,y is trained to guide the diffusion
model to denoise towards data that match the specific style
and semantics of Dj

k,y . Although it involves more learnable
parameters per category, the computational and communi-
cation cost remains manageable and yields more descriptive
guidance information. At the end of this stage, each client

k uploads all conditional embeddings
⋃Y

y=1

[⋃J
j=1{c

j
k,y}

]
to the server for guiding the same diffusion model.

4.2. Semantics-Preserving Sampling

In standard diffusion denoising, the initial latent noise is
drawn from standard Gaussian distribution, i.e., zT ∼
N (0, I). However, recent works suggest that some initial
noise can generate data that leans towards certain visual
concepts [12], and the reflection strategy during denois-
ing can also improve the quality of synthetic data by ac-
cumulating more conditional semantic information [28]. To
leverage these insights in OSFL, we propose to model latent
noise using Gaussian Mixture Models and refine the process
of denoising with self-reflection strategy, which collectively
support the Semantics-Preserving Sampling of Espresso.

4.2.1. Gaussian Mixture Modeling of Latent Noises

For category y of client k, a natural approach is to model the
distribution of zT , which can be used to sample new initial
latent noises. We can first model the distribution of z0 as a
Gaussian Mixture Model (GMM) with M components:

p(z0k,y) =

M∑
m=1

w0,m
k,y N (z0k,y|µ

0,m
k,y ,Σ0,m

k,y ), (9)

where w0,m
k,y , µ0,m

k,y , and Σ0,m
k,y are the weight, mean, and co-

variance of the m-th component, respectively. Given that
zT =

√
ᾱT z

0 +
√
1− ᾱT ϵ, where ϵ ∼ N (0, I), the distri-
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bution of zT can also be derived as a GMM:

p(zTk,y) =

M∑
m=1

w0,m
k,y N (zTk,y|

√
ᾱTµ

0,m
k,y , ᾱTΣ

0,m
k,y +(1−ᾱT )I).

(10)
However, directly modeling p(z0k,y) presents practical

challenges. The dimension of z0k,y is too high and com-
putationally hard to model using full covariance matrices.
A simplification is to use diagonal covariance matrices, but
it fails to capture correlations between different coordinates
of latent space, ultimately limiting the diversity and qual-
ity of sampled zTk,y . To address this, we propose an alter-
native strategy. Instead of modeling the complex p(z0k,y)

and then p(zTk,y), we directly model p(zTk,y), which is, by
design, much closer to N (0, I). This makes its spatial dis-
tribution more concentrated and thus more amenable to be
modeled as a GMM with diagonal covariance matrices.

As shown in ② of Fig. 1, to approximate the process of
sampling from the hypothetical (but intractable) p(z0k,y), we
first generate a batch of augmented latent vectors z0k,y,mix
via MixUp augmentation [55] on latent vectors from z0k,y .
Then, each of z0k,y,mix is diffused to zTk,y,mix multiple times,
each time with a different ϵ ∼ N (0, I). We collect all
zTk,y,mix and fit a GMM to them as an approximation to de-
rived p(zTk,y), whose parameters wT,m

k,y , µT,m
k,y and ΣT,m

k,y are
uploaded to the server along with learned conditional em-
beddings in Sec. 4.1. When the server needs to generate
data of client k and category y, it first randomly selects
a conditional embedding cjk,y and then samples an initial
noise zT from the corresponding GMM p(zTk,y).

4.2.2. Z-Sampling for Semantic Enhancement
Once the server has sampled zT ∼ p(zTk,y) and selected
a cjk,y , it denoises zT to a data point guided by cjk,y . In
this process, classifier-free guidance (CFG) is used to steer
the generation process towards the desired semantics. The
predicted noise at each timestep t is the same as Eq. (7):

ϵ̂θ(z
t, t, cjk,y) = ϵθ(z

t, t, ∅)+γ·(ϵθ(zt, t, cjk,y)−ϵθ(z
t, t, ∅)).

(11)
To further inject the information of cjk,y to the synthetic

data, we further employ Z-Sampling [28], as shown in ③ of
Fig. 1. Z-Sampling is a self-reflection technique that iter-
atively refines the latent vectors during denoising to inject
more semantic information. Instead of a monotonic path
from zT to z0, Z-Sampling introduces a “zigzag” operation.
When t is larger than a threshold Tz, zt is first denoised to
obtain z̃t−1. This step uses a stronger guidance scale γ1
to push the latent towards the target condition cjk,y . Im-
mediately following this, a deterministic DDIMinverse step
is performed to map z̃t−1 back to a new latent z̃t with a
weaker guidance scale γ2 < γ1. Then, the true denoising
step is performed by denoising z̃t to zt−1 again with γ1.

This zigzag process leverages the gap δγ = γ1 − γ2, which
means that some semantic information can be injected into
z̃t before the true denoising step. By repeatedly applying
it, the information contained in the conditional embeddings
can be more sufficiently utilized, enhancing the semantic
fidelity of the generated data. Finally, the denoised latent
vector z0,

′
is mapped back to image space with the VAE

decoder E−1 of the pre-trained diffusion model.

4.3. Global Model Training
The final stage is the training of a global model with the
synthetic dataset. Defining the synthetic dataset of client
k is D′

k, which consists of synthetic data of all categories.
With the collection {D′

k}Kk=1, the objective of optimizing
global model parameterized by ω is analogous to Eq. (1):

min
ω

L(ω) =
K∑

k=1

pkED′
k
[Lk(D

′

k)]. (12)

By training with the synthetic dataset, the global model
can learn the distributions of clients, without ever access-
ing their local datasets, and perform well on the complex
and heterogeneous data distributions of clients, effectively
overcoming the challenges of data heterogeneity.

5. Experiments
5.1. Setups
Datasets. We conduct experiments on both feature-skew
and label-skew scenarios. For the feature-skew setting, we
utilize following datasets: (1) DomainNet [34] comprises
six domains: clipart (C), infograph (I), painting (P), quick-
draw (Q), real (R) and sketch (S). We select 10 categories
following [3]. (2) PACS [22] comprises four domains: art
(A), cartoon (C), photo (P) and sketch (S). (3) Common
NICO++ [59] comprises six domains: autumn (A), dim
(D), grass (G), outdoor (O), rock (R) and water (W). We
randomly select 10 categories. We select 10 classes from
Common NICO++, and for all three datasets, we assign a
single domain to each client. To simulate realistic scenarios
where clients may possess limited data, all experiments in
these settings are conducted in a 16-shot per category. Fur-
ther details about above datasets and that of datasets under
the label-skew setting are provided in Appendix.
Baselines. We compare Espresso with the following
baselines: (1) Traditional FL methods including FedAvg
[32], FedProx [26], FPL [18] and FedSR [33], among
which FPL and FedSR are designed for feature-skew set-
tings by improving the representation learning. (2) Non-
Diffusion OSFL methods, including Fens [1] where clients
upload their local models for ensembling; FedD3 [41]
where clients condense local datasets by dataset distillation;
and DENSE [56] where server utilizes the local models to
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Table 1. Performance comparison on DomainNet and Common NICO++ datasets under the 16-shot setting. All values are accuracy (%).
The best and second performance in each column (excluding the theoretical upper-bound Ceiling) are in bold and underline.

DomainNet Common NICO++

Methods C I P Q R S Avg. A D G O R W Avg.

Ceiling 85.25 58.69 78.93 83.76 90.48 83.84 80.16 92.69 84.41 91.82 88.75 84.91 78.27 86.81

FedAvg 76.44 46.63 63.09 56.36 87.14 71.76 66.90 79.24 63.61 83.76 76.04 76.49 68.54 74.61
FedProx 77.78 46.83 64.37 55.82 86.85 71.12 67.13 78.95 65.59 83.15 75.14 75.79 70.36 74.83
FPL 80.74 48.17 67.64 56.15 88.01 75.08 69.30 79.82 70.30 81.24 74.77 75.79 71.73 75.61
FedSR 80.93 49.69 68.69 54.06 87.92 74.30 69.27 78.07 67.82 84.00 75.86 78.95 71.28 75.99

DENSE 76.03 48.79 65.43 51.94 84.30 68.19 65.78 74.13 57.27 78.34 68.70 72.81 62.27 68.92
FedD3 66.55 51.49 63.30 56.30 78.88 63.64 63.36 70.13 61.91 70.80 62.17 65.29 60.93 65.21
Fens 71.65 47.85 63.73 55.88 85.54 73.41 66.34 79.83 61.39 81.56 80.22 79.30 68.69 75.17

Prompts-only 80.27 45.19 69.22 32.24 82.80 74.30 64.00 80.99 50.00 73.87 66.79 71.23 62.61 67.58
FedLMG 78.16 52.56 69.22 62.67 82.32 76.46 70.23 81.58 63.12 83.76 75.32 79.30 69.61 75.45
FedDEO 79.50 53.99 69.86 63.39 84.94 73.16 70.81 89.18 60.40 85.22 78.04 78.25 72.80 77.31
FedBiP 80.46 53.78 68.96 70.18 85.71 77.74 72.81 86.26 78.96 84.98 79.13 80.35 73.56 80.54
Espresso 81.99 58.08 71.39 80.18 88.33 71.96 75.32 89.47 75.74 85.84 83.49 82.11 76.29 82.16

perform knowledge distillation by training a generator. (3)
Diffusion-based OSFL methods, including Prompts-only
where the server uses text prompts (e.g., ”a [domain] of
a [class]”) as conditions; FedLMG [48] where the server
uses local models for guidance and train a global model by
knowledge distillation; FedDEO [50] where clients upload
learned descriptors; and FedBiP [3] where clients upload
learned concepts and noisy latent noises.
Implementation details. For all diffusion-based OSFL
methods, we use Stable Diffusion v1.5 as the pre-trained
diffusion model, and generate 5× the size of the local
dataset. On the server, we use ResNet-18 as the global
model, which is initialized with parameters pre-trained on
ImageNet [5]. For Fens, DENSE and FedLMG, the archi-
tecture of local models is the same as the global one. For
FedLMG, we utilize specific-teacher distillation for global
model training. For FedDEO, FedBiP and Espresso, the
number of epochs of local training is set to 100 for better
convergence. For Espresso, we employ the pre-trained
DINOv2 [20] as the feature extractor Φ, and identify intra-
category patterns by hierarchical clustering. The number
of intra-category clusters J is 4 and that of components of
GMMs M is 4. The threshold of applying Z-Sampling Tz is
800. More details are provided in Appendix.

5.2. Comparison Results
As demonstrated in Tab. 1 and 2, Espresso achieves
the best performance across the three datasets in terms of
average accuracy. Overall, Espresso shows significant
advantage over traditional FL methods. Although variant
methods like FedProx, FPL, and FedSR improve FedAvg
to cope with different types of data heterogeneity, their

Table 2. Performance comparison on PACS dataset under the 16-
shot setting. All values are accuracy (%).

PACS

Methods A C P S Avg.

Ceiling 86.25 84.30 94.24 79.07 85.96

FedAvg 71.68 76.38 87.08 42.03 69.29
FedProx 71.04 74.26 89.66 41.19 69.04
FPL 72.87 75.42 87.10 47.29 70.67
FedSR 71.68 76.39 91.05 44.66 70.95

DENSE 65.94 68.90 75.21 61.48 67.88
FedD3 63.43 68.28 72.20 53.29 64.30
Fens 70.87 68.60 90.86 65.51 73.96

Prompts-only 74.60 72.56 88.47 47.97 70.90
FedLMG 70.71 72.70 91.65 61.70 74.19
FedDEO 76.05 76.66 92.05 60.76 76.38
FedBiP 77.35 83.03 89.86 66.19 79.11
Espresso 77.51 83.73 90.46 69.75 80.36

performance can still be affected due to the inherent dif-
ficulty of parameter aggregation under high data hetero-
geneity. Moreover, Espresso performs better than non-
diffusion OSFL methods. We attribute this to the ability
of Espresso to leverage the powerful generative prior of
the diffusion model, which allows for better reconstruction
of client data distributions. Moreover, compared to other
diffusion-based OSFL, Espresso still shows an edge.

Notably, Espresso achieves best performance on
some domains with significant stylistic divergence, such as
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DomainNet

quickdraw

PACS

sketch

Common NICO++

water

Real Data Prompts-only FedDEO FedBiP Espresso

less diversity more diversity

Figure 2. Visualization of synthetic data generated across datasets. Each row corresponds to a category. For each category, we show two
images for each method. Espresso achieves better fidelity and diversity, and better reproduces different intra-category patterns.

the quickdraw in DomainNet, where it achieves an accu-
racy of 80.18%, demonstrating its effectiveness in captur-
ing such unique and abstract styles. However, we also ob-
serve that its performance is slightly surpassed by compet-
ing methods in a few specific domains, such as the sketch in
DomainNet (won by FedBiP) and the photo in PACS (won
by FedDEO). We hypothesize this is because the pre-trained
diffusion model already possesses a strong prior for these
common styles, allowing simpler guidance mechanisms to
also be effective. Nevertheless, Espresso’s performance
across all datasets validates the importance of generating
data with both high semantic fidelity and diversity. The
comparison results for label-skew settings are in Appendix.

5.3. Visualizations

5.3.1. Visualizations of Synthetic Data

Fig. 2 shows synthetic images from Espresso and key
baselines. While generating realistic images, Prompts-only
fails to match target styles and struggles to reflect crucial
intra-category patterns (e.g., a polar bear or a brown bear),
which limits its usability in global model training. Fed-
DEO shows similar limitations in capturing target styles
and fine-grained details, likely due to its partial reliance
on textual guidance during the process of denoising. Fed-
BiP can reproduce target styles but usually compromises
the object’s structural integrity and also inadequately ren-

FedDEO

DomainNet

real

Common NICO++

outdoor

FedBiP

Espresso

Figure 3. Visualization of synthetic images generated across di-
verse datasets. Each row corresponds to a method, with the top
row displaying real data as ground truth.

ders intra-category differences. In contrast, Espresso can
more accurately capture the target styles and generate struc-
turally complete objects in these styles. In addition, it can
also recognizes and reproduces different intra-category pat-
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terns in the synthetic data. This visual evidence supports the
effectiveness of Espresso’s fine-grained condition learn-
ing on better reconstructing the distribution of local data.

5.3.2. Visualizations of Semantic Distribution
In order to analyze the semantic distribution of data gener-
ated by different methods, Fig. 3 shows the t-SNE visualiza-
tion of the real and synthetic data of Espresso, FedDEO,
and FedBiP on real in DomainNet and outdoor in Common
NICO++. The features are extracted by DINOv2 [20]. Al-
though FedDEO and FedBiP have high semantic fidelity,
they form obvious but overly compact clusters, indicating
the loss of intra category details. In contrast, Espresso
is able to discover small patterns within each category and
spread the synthetic data across these small clusters, mak-
ing the distribution of synthetic data closer to the real data.
This intuitively demonstrates that the fine-grained guid-
ance mechanism of Espresso can more accurately cap-
ture intra-category patterns missed by other methods.

5.4. Ablation Study
To evaluate the impact of each component, we conduct
an ablation study with the results shown in Fig. 4. The
Prompts-only baseline consistently performs the worst,
confirming that client-specific guidance is essential. En-
abling Fine-Grained Condition Learning (C) alone provides
the most substantial performance gain, establishing that it is
effective to capture high semantic fidelity and diversity for
better performance. The other components, GMM of La-
tent Space (G) and Z-Sampling (Z), primarily demonstrate
their effectiveness through their synergistic effect with C,
which is more evident on PACS. Ultimately, the complete
Espresso (C+G+Z) achieved the highest accuracy across
all datasets, indicating that when all three components are
complete and work together, they can collectively enhance
the semantic fidelity and diversity of the synthetic dataset,
and improve the performance of the global model.
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Figure 4. Ablation study for different component combinations:
Fine-Grained Condition Learning (C), GMM of Latent Noises (G),
and Z-Sampling (Z). The Prompts-only baseline represents data
generation without any of our proposed components.

5.5. Parameter Analysis
To evaluate the sensitivity of the key hyperparameters of
Espresso, we analyze the number of clusters J and
GMM components M , as shown in Fig. 5. For differ-
ent choices of J , which corresponds to the number of
intra-category clusters, the performance on DomainNet and
PACS consistently improves as the value increases. This
validates our core hypothesis that modeling fine-grained
intra-category patterns is helpful for improving the perfor-
mance of the global model. Although performance on Com-
mon NICO++ peaks at 6, a value of J between 4 and 6
offers the best trade-off between performance and the num-
ber of conditional embeddings across all datasets. For dif-
ferent choices of M , the performance tends to plateau or
fluctuate within a narrow range after reaching 2 to 4. This
suggests that a moderately complex model is sufficient to
model the distribution of the latent noises. It is worth noting
that an overly simple GMM (1 component) still cannot cap-
ture enough distributional information, while an excessive
number of components may create overly dense and low-
variance components, thereby reducing the diversity of the
initial latent noises and offering less performance benefit.
More parameter analysis results are provided in Appendix.
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Figure 5. Parameter analysis of the hyperparameters.

6. Conclusions
In this paper, we address the challenges of insuffi-
cient semantic fidelity and diversity that constrain exist-
ing Diffusion-based One-shot Federated Learning (OSFL)
methods. To overcome these limitations, we propose
Espresso, a novel framework that enhances server-side
data generation. Espresso utilizes Fine-Grained Con-
dition Learning to capture fine-grained intra-category pat-
terns for improved semantic fidelity and diversity, and em-
ploys Semantics-Preserving Sampling to enhance the align-
ment between synthetic data and learned conditional em-
beddings. Our core contribution is a method that effectively
compresses client data into highly representative parame-
ters, which then guide a diffusion model to reconstruct the
clients’ data distributions with high fidelity on the server
for global model training. Extensive experiments demon-
strate that Espresso outperforms state-of-the-art methods
by generating a high-quality synthetic dataset, thereby im-
proving the performance of the global model.
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