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In the landscape of generative artificial intelligence, diffusion-based models have emerged as a promising method for
generating synthetic images. However, the application of diffusion models poses numerous challenges, particularly concerning
data availability, computational requirements, and privacy. Traditional approaches to address these shortcomings, like
federated learning, often impose significant computational burdens on individual clients, especially those with constrained
resources. In response to these challenges, we introduce the novel approach CollaFuse for distributed collaborative diffusion
models inspired by split learning. Our approach facilitates collaborative training of diffusion models while alleviating client
computational burdens during image synthesis. This reduced computational burden is achieved by retaining data and
computationally inexpensive processes locally at each client while outsourcing the computationally expensive processes to
shared, more efficient server resources. Through experiments on the common datasets CelebA, CIFAR-10, and Animals-with-
Attributes2, our approach demonstrates enhanced performance while decreasing information disclosure as it reduces the
necessity for sharing raw data. These capabilities hold significant potential across various application areas, including the
design of edge computing solutions. Thus, our work advances distributed machine learning by contributing to the evolution
of collaborative diffusion models.
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1 Introduction

Generative artificial intelligence (GenAl) methods exhibit astonishing results in generating images, among other
modalities like music (Mariani et al. 2024) and video (Brooks et al. 2024; Singer et al. 2023) with promising
applications in areas like healthcare (Sun et al. 2023) to help reduce biases (Ramachandranpillai et al. 2024). Recent
computer vision advancements primarily rely on diffusion models (Ho et al. 2020; Y. Song and Ermon 2020) that
generate synthetic images from random noise through iterative denoising steps. We formally introduce diffusion
models and related work in section 2.1. In contrast to more traditional approaches (Goodfellow et al. 2020; Kingma
and Welling 2014), diffusion models excel in providing high sample quality and strong mode coverage (Dhariwal
and Nichol 2021; Kazerouni et al. 2023; Nichol and Dhariwal 2021). However, the strides in GenAl require large
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amounts of data, and the generation process itself is computationally expensive due to the multiple required
denoising steps.

Client Client 1

Conditioning

Client n

Fig. 1. Overview of CollaFuse for collaborative image synthesis by splitting the denoising process between the server and
clients. Based on client-specific conditioning y;, the first T — £, denoising steps are run on a trusted server model, while the
remaining t; denoising steps are run locally by the i-th client. Thereby, external computing resources can be utilized while
keeping the clients’ raw data private.

While large companies possess the necessary data and computational resources for training diffusion models,
smaller organizations and private clients may face challenges in providing the required resources, limiting their
ability to train and implement recent GenAl models (Zajac et al. 2023). This might lead to high dependency
on a few key players and even prevent the application of such models completely due to local data protection
regulations. For example, the popular Stable Diffusion v2 has been trained on 256 A100 GPUs for about 200,000
hours (Rombach et al. 2022). But even smaller models still set notably high hardware and data requirements.

To address data and resource availability constraints, organizations and clients can join forces to train machine
learning models collaboratively with other clients in a decentralized way. A prominent representative of collabo-
rative training is federated learning (McMahan et al. 2017). Conceptually, each client trains an individual model
locally on their private data. After several training steps, the model parameters are sent to the server to build a
global model by aggregating the individual weights. The server distributed this global model back to all clients.
As the necessity for each client to train and share an entire model remains, high computational resources for
each client are entailed (Thapa et al. 2022). Furthermore, in addition to privacy risk from the generative GenAl
models in general (Hintersdorf, Struppek, Brack, et al. 2024), federated learning introduces new potential privacy
risks (Shokri et al. 2017; Zhu et al. 2019). As an alternative learning paradigm, split learning (Gupta and Raskar
2018) supports collaborative model training by splitting the model into server-side and client-side components.
In the conventional split learning setup, clients share only intermediate network activations with the server side,
where the final computations are performed. Unlike federated learning, split learning reduces the computational
load on clients and enhances privacy protection by sharing only intermediate representations instead of raw data
or model weights (Duan et al. 2023). We provide an overview of collaborative training for generative models in
section 2.2. Our analysis reveals that current approaches rely mostly on federated learning. By not utilizing split
learning with diffusion models, they overlook the privacy and resource benefits of split learning, especially from
the clients’ perspective.

Our Approach: In addressing the challenges posed by the data, computation, and privacy requirements of
diffusion-based GenAl, we present our collaborative diffusion models in section 3. We introduce the novel
collaborative learning and inference approach CollaFuse tailored specifically for diffusion models. Drawing
inspiration from the split learning framework, our approach divides the iterative denoising steps of diffusion
models into two components. The computation of the initial denoising steps is carried out by a shared model
on a server, with limited information disclosure due to the inherent noise in the training data and intermediate
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generated samples. Subsequently, the client’s model then performs the remaining denoising steps, which are
usually significantly fewer than the denoising steps on the server side. CollaFuse also allows for personalized
image conditioning by incorporating attribute labels during the generation. Our empirical results demonstrate
that our collaborative diffusion approach improves the image quality compared to a setting where each client
trains its own local diffusion model. By sharing a server model that performs most of the computationally heavy
denoising steps, the computational burdens for each client are comparably small. At the same time, clients
can better approximate their individual data distribution, which enables them to generate better characteristic
features. Beyond these performance improvements, we also conduct dedicated privacy analyses, including
attribute inference (Fredrikson, Lantz, et al. 2014) and inversion attack (Fredrikson, Jha, et al. 2015) experiments,
to quantify information disclosure at different collaboration cut points. This allows us to empirically evaluate
how collaborative diffusion can balance image fidelity with privacy protection.

The proportion of denoising steps carried out on the server and client sides, respectively, is controlled by
a single parameter called the cut point. The higher the cut point, the more steps are computed on the client
side. Whereas our approach is in principle also applicable to other diffusion model architectures, we focus our
experiments in section 4 on the common Denoising Diffusion Probabilistic Models (DDPM) (Ho et al. 2020) and
Latent Diffusion Models (LDMs) (Rombach et al. 2022). In summary, we make the following contributions:

(1) We introduce CollaFuse, to the best of our knowledge the first split-denoising (timestep-partitioned)
collaborative diffusion framework, which consists of a shared server component trained by multiple clients
without revealing their original training data to other clients or the server.

(2) CollaFuse allows clients to outsource most of their computationally expensive denoising steps during
training and inference to a shared server model.

(3) CollaFuse improves the image quality compared to the setting where each client trains a local diffusion
model on its own data.

2 Background and Related Work

We start by introducing diffusion models for generative image synthesis. We further describe related distributed
collaborative machine learning approaches, such as federated and split learning, and their utilization for image
synthesis or generative Al more generally.

2.1 Diffusion Models

The Denoising Diffusion Probabilistic Models (DDPMs) (Ho et al. 2020) mark a significant advancement in
generative image synthesis consisting of a diffusion and denoising process. The diffusion process is a Markov
chain with T timesteps that transforms a training image xy to a noisy image xr that follows a random Gaussian
distribution. The diffusion process of an image x; at time step t is mathematically defined as

xr = Voxi—1 + V1 —ape, withe=1,...,T. (1)

Here, a; denotes the variance schedule, and € is the added Gaussian noise. A denoising network €g (x;, t) with
parameters 0 is then trained to reverse the diffusion process and predict the noise added to the sample x; during
time step t. Most denoising networks are built upon the common U-Net (Ronneberger et al. 2015) architecture.
With the denoising network, the image generation process, which iteratively removes the predicted noise ey (x;, t)
from the noisy sample x;, can be defined as

! LY () (2)
— | x; — ——e€p(xy,
Vo ' Niee

Xt—1 =
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with @& = []%_; as. Based on the idea of Markov chains, the distribution of the intermediate noise predictions in
the denoising process pg(-) is defined by

T
po(xor) = p(xT) - np@(xt—llxt) 3)
t=1

with p(xr) = N(x7;0,I). In DDPMs, the iterative application of U-Nets across T timesteps is a fundamen-
tal characteristic, enabling the model to refine noisy data into structured outputs progressively. The Imagen
model (Saharia, Chan, Saxena, et al. 2022), as one of the most recognized text-conditioned diffusion models in
the community, builds upon DDPMs. The authors employ a frozen text encoder and dynamic thresholding to
generate photorealistic images conditioned by the text prompt y. The loss function of DDPMs can be expressed
by

L=E ), e~non | leo e t.y) — €l ] (4)
The Imagen model additionally adds a guidance weight w;, which is integral to the denoising process. This
guidance weight modulates the influence of the predicted noise €g(x;, t,y) at each timestep ¢, enabling precise
control over the image generation process, particularly in maintaining fidelity to the target distribution. For
simplicity, we leave the explicit embedding process out of our notation and implicitly assume that all text labels
have already been embedded before feeding the embeddings into the U-Net g (-).

LDMs (Rombach et al. 2022) extend DDPMs to the latent space of image representations, enhancing computa-
tional efficiency and scalability (Rombach et al. 2022). By applying the diffusion process in a lower-dimensional
latent space, LDMs generate high-quality images with less computational overhead. Autoencoders encode images
into latent representations, where denoising occurs, and then reconstruct the final image.

2.2 Collaborative Learning in Generative Al

Collaborative learning has become an essential paradigm for training models on distributed data while preserving
privacy and reducing local computational costs. It enables multiple clients to jointly optimize model parameters
without sharing raw data, forming the basis for methods such as federated and split learning.

Collaborative learning: Federated learning (FL) (McMahan et al. 2017) and split learning (SL) (Gupta and
Raskar 2018) are among the most prominent approaches for training machine learning models collaboratively on
distributed data sources. FL utilizes distributed data, with clients independently training models on their unique
datasets. These models are subsequently shared, aggregated, and redistributed. The cycle repeats until the models
converge. Conversely, SL divides a model among clients and a central server, decreasing the computational load
on clients. Moreover, clients have the option to use FL for model aggregation, leading to the development of
SplitFed learning (Thapa et al. 2022). These techniques have found applications in diverse fields such as the
automotive industry (Schwermer, Bicer, et al. 2023), energy management (Schwermer, Buchberger, et al. 2022),
and healthcare (Joshi et al. 2022), where they are combined with both discriminative (Nazir and Kaleem 2023) and
generative Al approaches (Shen et al. 2023).

Collaborative learning in generative Al: Especially for image synthesis, FL and SL possess potential owing
to the extensive volume of data involved. Before diffusion models took over as the predominant architecture for
image synthesis, Generative Adversarial Networks (GANs) (Goodfellow et al. 2020) represented the most widely
used generative architecture. GANs are composed of two components: a generator for synthesizing images and
a discriminator trained to distinguish between real and synthetic images. Existing research on collaborative
training of GANs demonstrates different ways to integrate these two components within the FL process. Hardy
et al. (2019) introduced FL-GAN, adopting the standard FL procedure for both discriminator and generator. This
vanilla approach was compared to MD-GAN, where FL is applied only to the discriminator, while the generator
is trained directly by a central server. Building upon this foundation, Fan and P. Liu (2020) empirically analyzed
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several strategies for synchronizing discriminators and generators across clients, demonstrating that the best
results are achieved when synchronizing both components jointly. W. Li et al. (2022) improved FL-GANs by
employing maximum mean discrepancy for generator updates, while more recent work addresses heterogeneity
issues (Ma et al. 2024; Zhao et al. 2023). Because FL places substantial strain on computational and communication
resources, new methods have been developed to alleviate these burdens. Lai et al. (2024) proposed an on-demand,
quantized, energy-efficient federated diffusion approach to enhance the training efficiency of generative Al
models in mobile edge networks by dynamically adjusting quantization, reducing energy and communication
consumption while preserving data quality and diversity.

In addition, several studies focus on improving privacy in FL-GANs. Augenstein et al. (2020) proposed a
differentially private federated GAN framework, while Veeraragavan and Nygard (2023) combined consortium
blockchains with an efficient secret sharing algorithm to address trust-related weaknesses in existing solutions.
Beyond FL, GANs have also been collaboratively trained using SL (Feng et al. 2023). Although not explicitly
focused on distributed learning, Ohta and Nishio (2023) presented a privacy-preserving SL approach for GANs
that could be extended to collaborative learning. Other work combines both paradigms, known as SplitFed
learning, to leverage the strengths of each (Kortogi et al. 2022; Yin et al. 2023).

While these studies demonstrate the feasibility of collaborative learning for GAN-based architectures, their
direct transfer to diffusion models remains challenging. Diffusion models rely on iterative denoising and stochastic
sampling processes that are computationally intensive and require consistent synchronization of parameters over
thousands of steps. These characteristics complicate straightforward adaptation of existing FL and SL schemes,
motivating the development of new collaborative frameworks tailored to diffusion-based generative models.

Collaborative learning of diffusion models: In the domain of diffusion models, research on collaborative
training methods is still scarce. Jothiraj and Mashhadi (2024) made a first step and introduced the Phoenix
technique for training unconditional diffusion models in a horizontal FL setting. Their objective is to address
mode coverage issues often seen in distributed datasets that are not independent and identically distributed.
Their data-sharing approach boosts performance by sharing only 4-5% of the data among clients, minimizing
communication overhead. Personalization and threshold filtering techniques outperform comparison methods
in terms of precision and recall, but fall short in image quality compared to the proposed technique. The paper
suggests further exploration to enhance image quality in future work. Y. Song, H. Liu, et al. (2024) proposed
enhancing FL with knowledge distillation by dynamically adjusting distillation weights, using data generated by
a collaboratively trained diffusion model (FedAvg), thus addressing data heterogeneity and preserving privacy by
eliminating the need for public datasets.

Moreover, the potential of FL for Al-generated content, especially for DDPMs, was demonstrated by Huang
et al. (2024). The authors discuss three different approaches for diffusion models in FL settings. A parallel approach
mimicking the conventional FL. A separate split approach combines FL with SL. As a third solution, the authors
discussed a sequential approach in which one client receives the current model from the server, trains the model
on its data, and then transmits the current version to the next client. The trained model returns to the server
only after every client has trained the model once. Based on the sequential FL, a LoRA-based (Hu et al. 2022)
federated fine-tuning scheme is designed and examined in more detail, demonstrating the advantages of faster
convergence time and reduced memory consumption during the tuning process. Further, Goede et al. (2024)
adapt the federated averaging algorithm for training DDPMs. Mendieta et al. (2025) trained diffusion models
with one-shot FL under provable privacy budgets with differential privacy.

By mainly focusing on FL for GANs (Little et al. 2023), current literature has neglected the benefits of different
collaborative paradigms and GenAlI architectures so far. Combining DDPMs and SL promises various benefits,
including reducing local resource requirements and increasing data privacy. Huang et al. (2024) is the only
identified study utilizing SL for diffusion models. However, it combines SL with FL, which increases privacy
risks compared to a standard SL approach, as client models are still shared. Moreover, it overlooks the impact of
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model split configuration on factors such as performance. Our proposed approach for distributed collaborative
image synthesis with diffusion models taps into these advantages and combines the research areas of diffusion
models and collaborative learning. Focusing exclusively on split learning mitigates privacy risks by sharing
only intermediate results. Additionally, we treat the timestep split configuration (the cut point determining how
many denoising steps are performed client-side) as a hyperparameter and analyze its impact. We emphasize that
CollaFuse is inspired by split learning but does not split a network by layers or activations; instead it partitions
the reverse denoising trajectory across timesteps, so the privacy and communication intuitions of conventional
split learning do not transfer directly.

3 Collaborative Diffusion Models

We now formally introduce our novel approach CollaFuse for enabling collaborative image generation with
diffusion models. In our setting, a certain number k of clients ¢ € C = {cy, ¢z, ..., cx } Wants to collaboratively
train a diffusion model for image synthesis. Although we assume that each client has a dataset from a similar
domain, e.g., facial images, the specific feature distribution may differ. To stay with the facial image example,
client A may have a dataset of facial images with eyeglasses, whereas client B’s dataset consists only of faces
without eyeglasses. All clients now want to train a shared U-Net €, on the server that is available to each client
and computes the initial denoising steps. Additionally, each client ¢ € C trains an individual U-Net ¢, that is
maintained locally and computes solely the remaining denoising steps. For notation simplicity, we assume that 6
denotes the weights of each individual model, so there exist no shared weights between the client models and the
server model.

The computational split between server and clients is manually set by the cut point t; € [0, T] that specifies
the number of denoising steps performed on the client side after T — t; steps were computed by the shared server
model. The cut point is set as a hyperparameter and kept fixed during training and inference. For t; = 0, all
denoising steps are computed by the server, which is trained on the joint set of all clients’ data. For t; = T, each
client trains an individual diffusion model on its data that performs all denoising steps without any shared server
model. The approximated data distribution of our collaborative denoising approach is formalized in Equation (5)
with p(xr) = N(x1;0,I):

T i
poso(xor) = pCxr) [ | pos Grer 1) [ | po i | x2) 5)
t=1

t=ty+1

Here, the first product operator describes the distribution approximated by the server model with weights 6°,
and the second product operator consequently defines the distribution approximated by the client model €.

3.1 Collaborative Training

During training, client models € and the server model €, are updated independently. Alg. 1 provides our
collaborative training procedure in pseudocode, which we now describe in more detail. For training, each client
¢ € C has access to a private dataset D, = {(x},y')} of images x) with optional textual attribute labels y'. In
principle, our approach also works with unlabeled data and other kinds of labels, e.g., one-hot encoded label
vectors and segmentation maps. However, we focus on the use case of attribute-conditioned image generation in
this work. By using textual feature descriptions as labels, our implementation can easily be extended to more
elaborate text-guided image synthesis. As for the standard diffusion training process, each client samples a
training batch {(xo, y)}? C D, of batch size b together with client time steps t© ~ U[1, tg]b during each training
step. Gaussian noise is added to each training sample based on ¢ following the diffusion process defined in eq. (1).
Note that x;c and the cut-point image x;, are diffused from the same noise draw € (Alg. 1, lines 9-10), so that
the client trajectory and the sample handed to the server share a consistent noise realisation. All noisy images
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Algorithm 1 Collaborative Training

Require: training dataset D; batch size b; number of time steps T, cut point te,
variance scheduler «, noise scheduler o, clients C, server s; rounds R, local epochs E
1: client dataset D, C D
2: forroundr = 1to R do
3: forceCdo
4 for local epoch e = 1 to E do
5 for Each batch {(x,1)}> € D, do
6: *** CLIENT NODE ***
7: t° ~ U[1,t;]° and £ ~ U[t;, T]®
8: € ~ N(0,1), e ~ N(0,1)
9 Xpe — a(t€) - xo + o (t) - €°

10: X, — a(ty) - xo +o(ly) - € Diffusion
11 xps = a(t’) - xy + 0 (1°) - € Process
12: L = ||69c(xt6,l’c, y) —ECHS

13: Update 6°¢

14: Pass x;s and €° to server s Denoising
15: *** SERVER NODE *** Process
16: Lys = |leps (x5, 15, y) — €°]|2

17: Update 6°

18: end for

19: end for

20.  end for

21: end for

are fed into the client’s model to predict the added noise and update the model’s parameters according to the loss
function defined in eq. (4). In addition, each client uses the diffused image x;, from the cut point and samples
additional server time steps t* ~ U[t,, T]? to provide the noisy images x;s for the server. The final noise image
and the noise added to x;, are then used to update the server model’s weights analogously. We note that the
process of adding additional noise for the server could, in principle, also be performed on the server side. Line 11
constructs the server’s training input by treating the cut-point sample x;, as a starting point and re-diffusing it to
level t* with the standard marginal coefficients a(t*), o(¢°), rather than applying the exact conditional transition
q(xss | xt,). This is a deliberate design choice rather than an approximation error: the server is trained on exactly
the marginal it is later asked to reverse, so the construction is internally consistent. Because the server’s reverse
trajectory at inference is initialised from pure noise and run over [t;, T] on the same schedule (Alg. 2), the training
and sampling marginals coincide. We use a single shared noise schedule throughout; the only distinction between
client and server is the timestep interval each is responsible for.

Regarding privacy, the client passes both x;s and €°, so the server can algebraically recover the cut-point
representation x;, . However, under our threat model it does not observe the clean image xo. We therefore interpret
the privacy benefit as follows: the server is limited to the noisy cut-point representation x;,, and we evaluate the
residual leakage from that representation empirically in section 4.2.
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Algorithm 2 Collaborative Inference

Require: number of time steps T, label y, cut point #;, client c, server s
1: Sample initial noise: x7 ~ N(0,I)
2: Choose client start M € [t;,T], e.g. M = {tév + %(T - té«)J
3: t}., = linearly spaced array generator(1, M, t;)
4: t«T
5: whilet > 1 do
6: if t > tr then
7 Compute x;_; using eps (x4, t,y) and a(t), o(t) {server: T — t, steps}
8: else
9 Compute x;—; using ege (xz, 1], ,[t],y) and a (¢ [t]),0(t]; [ t]) {client: t; steps; .  has t; entries
spanning [1, M], 1-indexed, t € {1,...,#}}
10: endif
11: te—t—-1
12: end while

3.2 Collaborative Inference

After training, each client ¢ € C can send a request to the server containing optional textual attribute labels y.
The individual steps during the inference are specified in Alg. 2. The denoising loop runs ¢ from T down to 1: the
server performs the first T — #; steps using €, conditioned on the label y, after which the still noisy samples fcfg
are handed to the client ¢, which performs the remaining #; steps using its local model €. To account for the
increased amount of noise in %7 and hence allow for a higher noise reduction on the client node, the variance
and noise scheduler are adapted on the client side. The client schedule need not start exactly at t;: it begins at
a chosen value M € [t;, T] and is linearly spaced over its t; steps, so the client compensates for the elevated

residual noise without changing the total number of timesteps. In our experiments, we set M = | t; + % (T —t)],
which extends the client interval slightly above t,; the simpler choice M = t; (no rescaling) is equally valid and
recovers the unadjusted schedule. A sufficiently large cut point ¢, ensures that possibly sensitive features are
generated on the client side while the server performs the less privacy-critical initial denoising steps. If multiple
clients request samples from the same label y, the server-side denoising process can be run once to generate an
intermediate noise sample, and each client solely has to compute the remaining denoising steps.

4 Experiment

To assess our approach, we implement Alg. 1 and Alg. 2 and train the models on common benchmark datasets.
We simulate a scenario in which k = 5 clients use a trusted server to train a DDPM or LDM collaboratively.
Each client has access to an individual subset from the same domain. Thereby, we investigate the influence of
collaborative training on the fidelity of generated images. Furthermore, we analyze the influence of the chosen
cut point t; on sample fidelity with respect to disclosed information.

4.1 Experimental Protocol

To ensure consistent conditions and avoid confounding factors, we maintain identical training and inference
hyperparameters and seeds across different runs and settings, if not stated otherwise. We provide our source
code for reproducibility using a GitHub repository’.

https://github.com/SimeonAllmendinger/collafuse
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Fig. 2. Comparison between random samples from the training set (top row) and images generated with our collaborative
diffusion models trained with cut point t; = 100 (bottom row). Images were not cherry-picked and generated starting with
the same initial noise. The results demonstrate that collaboratively training diffusion models can achieve high image quality
and attribute fidelity.

Model Architecture: We adopt the network architectures of traditional DDPMs (Ho et al. 2020), Imagen
Models (Saharia, Chan, Saxena, et al. 2022), and LDMs (Rombach et al. 2022) which are based on the U-Net
architecture (Ronneberger et al. 2015) to process 32 X 32, 64 X 64, 256 X 256, and 512 X 512 RGB images. As in the
original implementation, the Imagen models are conditioned on text embeddings computed by T5-Base (Raffel
et al. 2020). For the DDPMs, we use one-hot encoding. For the LDMs, we use pre-trained U-Nets as well as text-
and autoencoders from “CompVis/ldm-text2im-large-256” (Rombach et al. 2022) and “runwayml/stable-diffusion-
v1-5” (Rombach et al. 2022) from huggingface. Unlike Saharia, Chan, Saxena, et al. (2022), we do not apply any
super-resolution model to increase the fidelity of the generated images in the Imagen model, as the focus of
our work lies on the feasibility of the collaborative training and inference process. However, our collaborative
diffusion setting also allows each client to add individual or shared super-resolution models (Saharia, Chan,
Chang, et al. 2022) to their pipeline to upscale the generated images.

Datasets: We train and evaluate our collaborative diffusion models on common datasets: CelebA, CIFAR-10,
Animals-with-Attributes2 (Awa2). The CelebA dataset, collected by Z. Liu et al. (2015), consists of over 200,000
facial images of celebrities annotated with 40 binary attribute labels, including gender appearance, perceived
age, hair color, and facial expressions. The CIFAR-10 dataset (Krizhevsky et al. 2009) includes 60,000 32x32 color
images across 10 classes, such as airplanes, automobiles, and animals. The Awa2 dataset (Xian et al. 2019) contains
37,322 images of 50 animal classes with 85 attributes.

To evaluate CollaFuse under more realistic conditions, we extended our experimental setup beyond IID data
partitions. While CIFAR-10 and Awa2 were uniformly split among clients, the CelebA dataset was distributed non-
IID with respect to semantic attributes (Figure 3). Each client thus specialized in distinct attribute combinations
(e.g., hair color, facial traits, or accessories), reflecting natural data heterogeneity often observed in federated or
collaborative learning scenarios.

Training Parameters: Our training protocol employs a learning rate of 0.001, a batch size of 8, and T = 1000
timesteps. Each client holds 10,000 / 56,870-123,908 / 6,717 training images and 2,000 / 6,319-13,768 / 746 test
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Fig. 3. While datasets such as CIFAR-10 and AWA2 were evenly partitioned among clients (11D), CelebA was deliberately
distributed according to attribute labels to simulate heterogeneous, non-11D client data. Each color indicates one client’s
subset of dominant attributes, such as hair color, facial features, or accessories. This setup mimics realistic data heterogeneity
across participants, where clients capture distinct subpopulations rather than uniform samples.

images (hold-out dataset) w.r.t the different datasets CIFAR-10 / CelebA / Awa2. For CelebA, the attribute-based
non-IID split is overlapping rather than a disjoint partition: because each image carries multiple binary attributes,
an image can be assigned to more than one client’s attribute band, so the per-client counts sum to more than
the dataset size. The experiments were conducted utilizing 11 NVIDIA A100-SXM4-80GB for computational
processing.
Evaluation Metrics: To assess the quality of the generated images, we calculate the common Fréchet Inception
Distance (FID) (Heusel et al. 2017) and the Fréchet CLIP Distance (FCD) between the test dataset and generated
images from each client. We differentiate between images generated by clients from pure Gaussian noise (t; =
1000), and images generated based on the server image at the cut point. All metrics are computed on the
implementations provided by Parmar et al. (2022) to ensure stable and comparable evaluation results. For both
metrics, lower values indicate better approximation of the training distribution and improved image quality.
As we are interested in the performance of CollaFuse, we calculate the image fidelity across the set of clients
to compare the performance for different values of ¢;. Furthermore, we calculate the fidelity between the partially
diffused images at the cut point #; and the original images of the clients to assess the information disclosed to the
server. We use this as a proxy for the visual and distributional similarity between the server-side intermediate
outputs and real images, rather than as a privacy metric: a high FID/FCD indicates that server outputs are visually
dissimilar from real data, but does not by itself bound membership, reconstruction, or attribute leakage. We
complement it with the dedicated attribute-inference and inversion experiments in section 4.2, which assess
leakage directly.
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Fig. 4. Fidelity evaluation of clients and server using FID| and FCD|: We assess 10,000 / 6,319-13,768 / 3,730 real xy and
collaboratively generated images (% o fcf{ (€)) from the CIFAR-10 / CelebA / Awa2 dataset across clients. Our findings show
that cut points with t; < 200 outperform the baseline of independent client models (ICMs) (tz =1000). In some of these
settings—particularly at lower resolutions or smaller latent sizes—small cut points also surpass the global model (GM) (t; = 0),
which is trained on the pooled data of all clients and is therefore not a privacy-feasible baseline in our setting. As expected,
information disclosure almost consistently decreases as the cut point (tg) increases across all models (DDPM, Imagen, LDM,
Stable Diffusion).

4.2 Experimental Results

In our experiments, we analyze the performance of collaborative diffusion models by focusing on specific
distributed categories among clients. Figure 2 displays exemplary generated images of our collaborative approach
from the dataset CelebA, comparing them with their attributes and real images from the dataset. Our quantitative
analysis includes a comparison with two baselines: global model (¢; = 0) and independent client models (¢; = 1000).
The single global model (GM) on the server node is trained using the combined datasets of all clients, while the
independent client models (ICM) are trained on client-specific distributed sub-datasets and separately operate
on the client node. The FID and FCD scores in Figure 4 illustrate the feasibility of training diffusion models
collaboratively. Each column shows the scores for a different architecture, dataset, and image resolution. The
first row compares the performance for different cut-points with the GM (dashed horizontal line) and ICMs
(solid horizontal line). The squares represent the FID and FCD scores for the respective cut points. Further, it
is illustrated whether collaboration increases or decreases the performance. The second row shows the FID
and FCD scores based on the images generated from the server, which are then sent to the clients. The figure
shows that models with cut points t; < 200 surpass the performance of the independent client models in favor
of collaborative image synthesis. In some settings, our collaborative experiments with smaller cut points also
outperform the global model, which pools client data and is therefore not a privacy-feasible baseline. However,
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Fig. 5. Samples generated by CollaFuse trained on CelebA with different cut points t;. The top row depicts images produced
by the server, which are then sent to the client. The bottom row shows the samples after the final denoising performed by
the client. For t; = 0, the server performs the full denoising process; for t; = 1000, each client trains a separate diffusion
model without a server component.

cut points t; > 300 often weaken the fidelity of image generation, which converges with the performance of the
independent client models for higher cut points.

In terms of image quality, we observe that the degradation of image fidelity and visual characteristics is
evident in images generated by the server as the cut point f; increases. Figure 5 displays this deterioration,
which affects the images generated by the server at higher cut points. Conversely, the client’s performance in
generating images from noise is compromised when operating with low cut points. However, leveraging our
collaborative approach, each client can produce meaningful images with improved fidelity, as shown in Figure 4,
making use of denoised images provided by the server. Additionally, our results indicate that incorporating an
adjustment of the variance and noise scheduler into the collaborative inference process significantly enhances
the denoising capabilities on the client node. This is particularly effective given the higher levels of residual noise
in the images received from the server, leading to an improvement in the overall quality of the images. Adopting
the adjusted parameter M in Alg. 2, especially with an increased emphasis on managing variance and noise in the
collaborative setting, proves to be beneficial in refining the quality of the final image output. To put these results
into context, we perform ablation studies that compare CollaFuse to FedAvg-DDPM in terms of image quality,
communication cost, and client-side computational cost during training and inference, showing that CollaFuse
consistently improves KID across four datasets while reducing client-side FLOPs to t; /T of the Fed Avg-DDPM
cost, with details provided in Appendix A.

Journal of Artificial Intelligence Research, Vol. 86, Article 55. Publication date: August 2026.



CollaFuse « 55:13

Zebra Panda Tiger Squirrel Lion
{ i ¢

h

Client

Server

Fig. 6. Samples generated by CollaFuse trained on Awa2 for the cut point f; = 400. The top row depicts images after the
final denoising performed by the client. The bottom row shows images produced by the server, which are then sent to the
client.

In terms of information disclosure to the server, we analyze the similarity between real images and the
images generated by the server—these are the images sent to clients for further denoising. We use the FID and
FCD scores to assess how similar the generated images match the training distribution. The results show that
as the cut point increases, the FID and FCD scores also rise, indicating a decrease in the similarity between the
distribution of real images and that of the server-generated images. Figure 6 illustrates the server’s ability to
generate images and the extent of information disclosed for a cut point t; = 400.

We assume an honest-but-curious setting: each party follows the protocol but may inspect what it receives.
The server sees x;s and €* per sample (Alg. 1, line 14), from which it can recover Xt but not x,; a malicious client
sees only the intermediate sample fcfg for its own label and its own data. Our attribute-inference adversary is a
(non-pretrained) ViT-Base classifier trained on intermediate images; our inversion adversary is a simulated client
reconstructing another client’s data from cut-point features. We do not consider colluding, adaptive, or white-box
adversaries, which we leave to future work. To further substantiate our analysis of information disclosure at
intermediate cut points, we conducted a dedicated attribute inference experiment on CelebA. Using a ViT-Base
classifier (google/vit-base-patch16-224; not pre-trained), we trained attribute predictors on intermediate images
generated at different cut points t;. Figure 7 summarizes the resulting F1-score differences for all 40 attributes
relative to the baseline without a cut point (t; = 0). The results reveal a clear decline in attribute inference
accuracy as the cut point increases, confirming that as more steps are assigned to the client the server-side
representation is taken earlier in the reverse process, contains more noise, and leaks substantially less semantic
and identity-related information. Under the specific classifiers and attacks tested, earlier (noisier) representations
show reduced leakage. These are attack-based empirical observations under the stated threat model, not formal
guarantees, and stronger adversaries may extract more.

Building on the attribute inference analysis, which focused on the leakage of semantic or sensitive attribute
information, we next investigated whether intermediate representations could be exploited to reconstruct original
data. This complementary evaluation assesses a more direct form of privacy risk, namely, the ability of an
adversarial or malicious client to recover identifiable visual content from shared features.
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Fig. 7. Attribute inference F1-score differences for 40 CelebA attributes across varying cut points t,. Each line represents the
change in F1-score relative to the baseline without a cut point (t; = 0). Lower scores indicate reduced attribute predictability
from intermediate representations. The results show a consistent decline in inference accuracy for earlier cut points, suggesting
that higher noise levels at intermediate stages naturally mitigate information leakage. All baseline F1-scores at z; = 0 are
above 65%.

To further assess reconstructibility and potential cross-client information leakage, we performed inversion
attack experiments on the CIFAR-10 dataset. In this setting, a simulated malicious client attempted to reconstruct
another client’s private (training) data or infer its images from intermediate representations shared during
collaborative generation. Using DDPMs conditioned on features extracted at various cut points t;, we observed
that reconstructed samples rapidly lost identifiable content as the cut point moved earlier in the generation process
(Figure 8). For cut points #; > 400, the models exhibited a pronounced decline in their ability to reconstruct
training data from other clients. Specifically, reconstruction quality remained higher for a model’s own training
data but deteriorated substantially for data originating from different clients, resulting in a sharp increase in
the FCD metric. This indicates that, beyond this cut point, adversarial clients were increasingly constrained in
reproducing the data distribution of other participants, reflecting a reduced potential for cross-client information
leakage. Under the inversion attack evaluated here, these findings indicate that CollaFuse constrains cross-client
reconstruction at higher cut points, consistent with the attribute-inference results. As with the attribute-inference
analysis, this is empirical evidence against the specific attacker defined in our threat model rather than a formal
guarantee.
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Fig. 8. Results of cross-client inversion attacks on CIFAR-10 across different cut points #;. As the cut point increases (more
denoising steps are performed on the client and the server hands over an earlier, noisier sample), reconstructed images
exhibit a marked loss of client-specific semantics and visual detail. For #; > 400, models show a decline in their ability to
reconstruct other clients’ training data, reflected in an increased FCD metric.

5 Discussion, Limitations, and Future Work

Our findings reveal that CollaFuse produces images of higher quality than those generated by independently
trained diffusion models using sub-datasets. In several settings it also matches or surpasses globally trained
diffusion models, which pool client data and are therefore not a privacy-feasible baseline. This highlights the
efficacy of our method and demonstrates its capability to tackle the personalization versus generalization challenge
frequently encountered in FL scenarios (Yao and B. Li 2024). Beyond image fidelity, our extended experiments
provide a more comprehensive understanding of CollaFuse in terms of information disclosure. Under the attacks
we evaluate, the attribute-inference analysis on CelebA shows that intermediate representations at higher cut
points reveal substantially less semantic and identity-related information, consistent with higher noise levels in
the diffusion process acting as a privacy buffer. Complementary inversion attack experiments on CIFAR-10 show
the same trend: as the cut point increases, reconstructed samples rapidly lose visual fidelity and class-specific detail.
Taken together, these results provide attack-based empirical evidence that, against the specific adversaries tested,
the collaborative exchange in CollaFuse discloses limited information and constrains cross-client reconstruction.
We emphasise that these are empirical observations under a defined threat model rather than formal privacy
guarantees; stronger or adaptive adversaries may extract more, and we leave provable bounds to future work (see
below). At the same time, our approach circumvents the need to share raw data or complete model updates, opting
instead to share only the diffused images alongside server-side noise. Furthermore, by delegating computationally
intensive tasks, our approach significantly reduces the computational load on individual clients, leveraging the
potential strengths of growing foundation models on large servers (see Appendix A). Consequently, even where
image fidelity decreases, clients may still favor a collaborative diffusion model for its ability to lighten their
computational load, even in simple one-to-one setups. Thus, our strategy facilitates a balanced optimization of
performance, information disclosure, and computational resources and can be tailored to individual preferences.
Limitations: Our current implementation of CollaFuse is based on DDPMs, which provide a theoretically
grounded framework for analyzing collaborative training dynamics, cut-point sensitivity, and information
disclosure. However, DDPMs are computationally intensive due to their stochastic denoising process. While
this choice enables interpretability and a rigorous analysis of privacy aspects, it limits inference efficiency.
Furthermore, our current approach assumes trustworthy clients and an honest server. However, collaborative
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frameworks are known to be susceptible to backdoor attacks (Tajalli et al. 2023; Wang et al. 2020), in which an
adversarial client may attempt to inject hidden functionalities into a shared model. Prior research has shown
that diffusion models themselves are vulnerable to such attacks (Chou et al. 2023; Struppek, Hintersdorf, and
Kersting 2023). While these scenarios are beyond the current scope, future work will extend our framework to
systematically assess and mitigate adversarial threats while preserving image fidelity and efficiency.

Future Work: Future research will focus on extending CollaFuse to more advanced and efficient denoising
paradigms such as DDIM (J. Song et al. 2021) and flow-based diffusion models. These variants can significantly
accelerate inference and reduce resource requirements while maintaining the collaborative and privacy-preserving
characteristics of our approach. In addition, we plan to scale CollaFuse to larger datasets, dynamic cut-point
adaptation, and high-resolution domains to comprehensively assess its scalability and privacy-utility trade-offs
under realistic conditions. Building on our privacy evaluations, future work will further explore formal privacy
guarantees and attack-based analyses to establish stronger theoretical and empirical bounds on information
leakage, while also analyzing the trade-offs among efficiency, privacy, and generation quality in more detail—also
against potential benchmarks like FedAvg-DDPMs. Another promising direction is to investigate vulnerabilities
such as backdoor attacks in collaborative diffusion and to develop countermeasures that preserve fidelity and
efficiency. Additionally, integrating differentially private training algorithms (Dockhorn et al. 2023; Ghalebikesabi
et al. 2023) and studying memorization effects in collaborative diffusion (Burg and Williams 2021; Carlini et al.
2023; Hintersdorf, Struppek, Kersting, et al. 2024) will further advance CollaFuse toward scalable, secure, and
privacy-aware real-world applications. Finally, future research should place greater emphasis on algorithmic
fairness to reduce the reinforcement of stereotypes and cultural biases when implementing CollaFuse (Struppek,
Hintersdorf, Friedrich, et al. 2023), especially since privacy and fairness are both essential characteristics of
real-world collaborative learning (Balbierer et al. 2024).

6 Conclusion

Our collaborative diffusion approach CollaFuse offers a novel solution to the challenges of diffusion-based
generative models. By dividing the denoising process between a shared server and client models, we address
performance, information disclosure, and computational concerns effectively. Our approach enables clients to
outsource computationally intensive denoising steps to the server, balancing image quality without the necessity
of sharing raw data. Through experiments, we demonstrate the effectiveness of collaborative training in enhancing
image quality tailored to each client’s domain while reducing the number of denoising steps on the client side.
These findings highlight the potential of CollaFuse in advancing distributed machine learning research and
development.
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A Computational and Communication Cost

We compare the per-client cost of CollaFuse against a federated learning (FL) baseline for diffusion models. A
diffusion model is a noise predictor €5 : R? x [0,1] — R¢ trained with the denoising objective

L) = Et~‘L{[l,T],x0~pdm, e~N(0,I) [ lleg (2, t) = 6”2 ], Xp = QX + 0t€, (6)

and sampled by integrating the reverse-time SDE.

A.1 Notation and Assumptions

Let ®pyq denote the FLOPs of one U-Net forward pass and ®pyg = 2Pgyq those of a backward pass, so one
training step costs 3®gyq. Let T be the number of denoising timesteps, t; € [0, T] the cut point (server: [t, T];
client: [1,#,]), k the number of clients, N the samples per client, E the local epochs per round, R the number of
rounds, || the parameter count (identical across all models), and d the image (or latent) dimensionality. The two
ranges share the endpoint #;, matching Alg. 1 (line 7), where the client samples t° ~ U[1,#;] and the server
t* ~ U([ty, T]; this single overlapping timestep is immaterial to the cost ratios below.

We adopt the following assumptions. (1) Shared architecture: ®gyq is identical across all models. (a;) Uniform
timestep sampling: timesteps are drawn uniformly from the relevant interval. (as) Comparable gradient coverage:
the expected number of training steps per timestep needed to reach a target loss is comparable across schemes.

A.2 Training Cost
Each FL client trains the full network over all timesteps [1, T]. With a per-client step budget of REN minibatch

updates, this gives
PFL

train

= 3REN ®gyq. (7)

A CollaFuse client updates only §° and samples its training timesteps from [1, ;] rather than [1,T]. We
stress that this restriction alone does not reduce training cost: the training loop (Alg. 1) still performs REN
minibatch updates, each a full client-network forward and backward pass, so with an unchanged step budget
CDtCrl;in = 3REN ®pyq = CDfrI;in. A saving arises only if the client step budget is scaled in proportion to the share
of the trajectory it must learn. Under (a3), reaching a target loss requires a comparable number of updates per
timestep across schemes; since the client now covers t; of the T timesteps, a step budget of (¢;/T) REN suffices,
giving
0F,, = 3($REN )@y = 3REN @pyq % ()
PROPOSITION 1 (TRAINING COST, CONDITIONAL). Suppose the client’s per-client step budget is scaled to (t; /T) REN
(e.g. by reducing rounds, local epochs, or samples accordingly). Then under (a;)—(as), CIDtCrZin/derLam =ty /T. Without
such scaling, the timestep restriction leaves the number of optimizer steps and the per-step FLOPs unchanged, and the
ratio is 1.

This is a design statement about budget allocation, not an identity that follows from the timestep partition
itself, and it is therefore weaker than the inference reduction below, which holds exactly from step counts alone
(proposition 2). For t; = 100 and T = 1000, allocating the client 10% of the per-timestep training budget reduces
client-side training FLOPs by a factor of 10; the remaining trajectory is learned by the shared server and amortized
across clients.
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A.3 Inference Cost

Generating one sample requires T sequential network evaluations under FL, <I>1Fan = T ®gyq. In CollaFuse the
client evaluates only the final ; steps while the server handles the rest:

(I).CF’ client
inf

=ty Ppwa, DT = (T — ty) By )

inf

PRrOPOSITION 2 (INFERENCE coST). Under (1), @S; client | @gf = tz /T exactly. If m clients share a conditioning label
y, the server trajectory depends only on (xr,y) and can be reused, reducing the amortised server cost to (T —t;)®p,a/m
while the client cost is unchanged.

Proor. Immediate from the step counts in (9): the client runs #; steps versus T under FL. Reuse of the server
trajectory across clients sharing a label y requires fixing both the initial noise xr and, for stochastic DDPM
sampling, the server-side random draws. If clients require diverse samples, the server path cannot be reused
without sacrificing sample diversity, and the amortized saving does not apply. O

We stress the distinction between the two reductions: the inference ratio (proposition 2) is an exact identity that
follows purely from the step counts, whereas the training ratio (proposition 1) is contingent on (as).

A.4 Training Communication Cost

We define a round as the outer synchronization loop shared by both schemes: within each round, every client
performs E local training epochs over its N samples, followed by a single synchronization step with the server.

Under FedAvg, each client communicates exactly once per round, uploading its local model update and down-
loading the aggregated model at a cost of 2|0| scalars. CollaFuse has a fundamentally different communication
structure. Because the timestep partition assigns disjoint denoising ranges to client and server, each party
computes its loss independently; the client minimizes its denoising objective over [1, ty] without any server
involvement. The server’s training data is instead supplied by the client: at each training step the client constructs
a noisy image x;s at a randomly sampled server timestep t* ~ U|[t;, T] and passes both x;s and the corresponding
noise €° to the server (Alg. 1, lines 7-14), providing 2d scalars of training data per step—d for the noisy image
and d for the noise target. No gradient signal flows from server to client, so local epochs E > 1 are feasible, in
contrast to layer-wise split learning, where the server must participate in every client forward pass and E = 1 is
effectively enforced. Over one round, the client sends EN such pairs, giving

CF = 2dEN. (10)

round

ProOPOSITION 3 (COMMUNICATION REGIME). CollaFuse communicates less per round than FedAvg iff |6| > ENd.

This is the large-model, modest-data regime. Modern image-diffusion U-Nets are large (e.g., the Stable Diffusion
v1.5 U-Net has ~10° parameters) so || typically lies in the 10° range. The communication balance, therefore,
hinges on the local dataset size. For a modest N = 10* withd =3-32-32and E = 1, ENd ~ 3 x 107 sits well
below |6| and CollaFuse communicates less per round. As N grows, the margin narrows: for our CelebA clients
(N = 5.7-12.4 X 10*, d = 3 - 64 - 64) the term ENd reaches ~10°, comparable to a v1.5-scale U-Net, placing the
setting near the regime boundary. Beyond it, very large local datasets or smaller models, the inequality reverses:
the compute advantages (Props. 1-2) persist, but communication becomes the dominant per-round cost. The
didactic experiments in appendix A.6 deliberately operate in this reversed regime (|6] ~ 2 X 10°) to stress-test the
analysis at the opposite end of the scale spectrum. Inference additionally transmits fcf( (d scalars per sample)
server-to-client. »

This per-round scalar count is a simplified regime analysis. It omits timestep indices t;, label/text embeddings v,
quantization and precision, protocol overhead, the server-to-client inference transfer, and the total communication
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required to reach a target quality rather than per-round volume. A full end-to-end communication-to-quality
comparison is left to future measurement.

A.5 Client Comparison

Table A.1. Per-client cost (FLOPs; scalars for communication). The cut point iy controls the client burden: small t, offloads
to the server, ty =T recovers the local-only baseline. The training ratio holds under (a3); the inference and communication
entries are exact.

Training Inference/sample Comm./round
FL 3REN ®gyq T Oppq 2|0|
CollaFuse = 3REN ®pyg ty Py 2dEN
Ratio (CF/FL) tr/T te/T dEN/16|

A.6 Quality Comparison and Analytic Cost Instantiation

We instantiate the analytic cost ratios of Props. 1-3 and provide a small-scale sample-quality comparison against
a FedAvg-DDPM baseline across four 28 X 28 grayscale datasets: MNIST (LeCun 1998), FashionMNIST (Xiao et al.
2017), KMNIST (Clanuwat et al. 2018), and EMNIST-Letters (Cohen et al. 2017). The latter three increase visual and
semantic diversity (clothing items, hiragana characters, and 26 letter classes, respectively), with EMNIST-Letters
yielding the richest heterogeneity. To mirror the non-IID conditions of the main experiments, each dataset is
sorted by label and partitioned into k = 5 contiguous bands, so every client specializes in a distinct subset of
classes (similar to the main experiments). The FLOP ratios are computed from the formulas (not independently
measured); the measured component is sample quality (KID).

Both methods use an identical didactic #200k-parameter U-Net («;), with T = 500 timesteps, cut point ty = 100,
R =100 rounds, and E = 5 local epochs per round. Unlike the deployment-scale U-Nets discussed in appendix A.4
(16] ~ 10%), this model is intentionally small (0] ~ 2 x 10°) to keep the ablation tractable; as a consequence,
it sits in the communication regime where proposition 3 predicts CollaFuse to be disadvantaged, which we
confirm below. We vary the per-client dataset size N € {256, 1024, 2048} to assess scalability. FedAvg trains the
full network over [1,T] and averages weights each round; CollaFuse trains client models over [1,#,] and a
shared server over (t;, T] with no weight exchange. Sample quality is measured by the Kernel Inception Distance
(KID |) (Binkowski et al. 2018), which quantifies the discrepancy between the distributions of generated and
held-out real images and is well suited to unpaired generative evaluation. We note this comparison is not a
controlled isolation of the timestep-split mechanism alone: CollaFuse differs from FedAvg in personalization,
the presence of a shared server model, and the absence of weight exchange, any of which may contribute to the
KID difference. We therefore present it as a preliminary ablation rather than a definitive comparison.

Cost ratios. The per-client FLOP ratios equal the theoretical t; /T = 0.20 exactly for inference (proposition 2);
for training (proposition 1) the same 0.20 holds under the gradient-coverage assumption (o3). Both ratios
are independent of dataset and N. For the communication regime (proposition 3), the inequality reverses in
this deliberately small-model setting: |0 ~ 2 X 10> while 2dEN = 2-784 -5- N € {2.0, 8.0, 16.1} X 10° for
N € {256, 1024, 2048} —all substantially larger than 2|0| ~ 4.1 X 10°. Consequently, FedAvg communicates 5-39X
fewer scalars per round than CollaFuse here, confirming the predicted regime boundary at the small-model end
of the spectrum complementary to the large-model regime of appendix A.4.
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Table A.2. Empirical comparison across four non-1ID datasets and three per-client data sizes (T = 500, ¢y = 100, k = 5,
R =100, E = 5). KID (x100) values are mean + standard deviation across k = 5 clients; bold denotes the better mean per
row. Client-side training and inference FLOP ratios equal t;/T = 0.20 (training under (a3), inference exactly), dataset- and
N-independent, and are omitted. Per-round communication: FedAvg 2|8| ~ 4.1 x 10° scalars (constant in N); CollaFuse
2dEN € {2.0, 8.0, 16.1} x 10° for N € {256, 1024, 2048}. KID standard deviations exceeding the mean (e.g. EMNIST-Letters,
N = 1024) reflect finite-sample estimator variance; the unbiased KID estimator can produce slightly negative per-client
values when generated images are very close to the real data.

KID ()
Dataset N FedAvg CollaFuse

256 3.51+134 1.81+1.58
MNIST 1024 2.48+£0.86 0.95+0.75
2048 1.12+0.86 0.54+0.66

256 6.86 +2.22 4.58 £1.54
FashionMNIST 1024 4.96+2.14 2.45+1.09
2048 4.24+196 2.73+1.35

256 8.51+2.35 3.72+0.59
KMNIST 1024  4.93+£4.00 2.01+1.65
2048 2.13+1.12 1.09+0.84

256 4.43+092 0.31+0.28
EMNIST-Letters 1024  1.31+0.91 0.18 £0.41
2048 0.87+0.56 0.17 +£0.47

Sample quality. Table A.2 shows that CollaFuse attains lower KID than FedAvg in every dataset/size cell,
indicating that—despite operating on only 20% of the denoising trajectory locally—CollaFuse clients generate
images whose distribution better matches the true data distribution. The KID gap is largest and most clearly
outside the estimator noise on EMNIST-Letters at N = 256 (4.43 £ 0.92 vs. 0.31 + 0.28), suggesting that the richer
label diversity benefits most from the shared server representation; at larger N the EMNIST gap remains in
the same direction but its KID standard deviation grows relative to the mean, so we read it as consistent rather
than individually decisive. Taken together, these KID results indicate that CollaFuse preserves—and on the
distributional KID metric improves—per-client generation quality relative to the FL baseline, consistent with our
findings in the main experiments.
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