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Abstract

One-shot federated learning (OSFL) reduces the communica-
tion cost and privacy risks of iterative federated learning by
constructing a global model with a single round of commu-
nication. However, most existing methods struggle to achieve
robust performance on real-world domains such as medical
imaging, or are inefficient when handling non-IID (Indepen-
dent and Identically Distributed) data. To address these lim-
itations, we introduce FALCON, a framework that enhances
the effectiveness of OSFL over non-IID image data. The core
idea of FALCON is to leverage the feature-aware hierarchical
token sequences generation and knowledge distillation into
OSFL. First, each client leverages a pretrained visual encoder
with hierarchical scale encoding to compress images into hi-
erarchical token sequences, which capture multi-scale seman-
tics. Second, a multi-scale autoregressive transformer genera-
tor is used to model the distribution of these token sequences
and generate the synthetic sequences. Third, clients upload
the synthetic sequences along with the local classifier trained
on the real token sequences to the server. Finally, the server
incorporates knowledge distillation into global training to re-
duce reliance on precise distribution modeling. Experiments
on medical and natural image datasets validate the effective-
ness of FALCON in diverse non-IID scenarios, outperform-
ing the best OSFL baselines by 9.58% in average accuracy.

Code — https://github.com/LMIAPC/FALCON

1 Introduction

Federated Learning (FL) is a distributed collaborative train-
ing paradigm that enables the integration of data from mul-
tiple parties without exposing raw data (McMahan et al.
2017). However, conventional iterative FL. frameworks re-
quire multiple rounds of parameter synchronization between
clients and the central server, leading to significant com-
munication overhead. Moreover, frequent interactions in-
crease the risk of privacy leakage (Kairouz et al. 2021) and
make the system more vulnerable to poisoning (Yazdine-
jad et al. 2024; Rao et al. 2025) or inference attacks (Nasr,
Shokri, and Houmansadr 2019; Lyu, Yu, and Yang 2020).
To alleviate these limitations, one-shot federated learning
(OSFL) frameworks have been proposed (Guha, Talwalkar,
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and Smith 2019), where each client uploads its local in-
formation only once, substantially reducing communication
cost and mitigating privacy risks.

While OSFL models show promise in FL, their practical
deployment is hindered by non-IID data distributions across
clients, while insufficient efficiency in global modeling lim-
its large-scale deployment.

Existing OSFL methods can be broadly classified into two
categories: those that upload local model parameters and
those that transmit surrogate data in place of original data
to facilitate global model construction.

Among parameter-uploading methods, some studies fo-
cus on designing weight aggregation strategies (Tang et al.
2024; Jhunjhunwala, Wang, and Joshi 2024). However, these
methods typically assume strong homogeneity among lo-
cal models; the distributional shifts often lead to diver-
gence in local models, resulting in suboptimal global per-
formance. Bayesian ensemble approaches (Chen and Chao
2021; Hasan et al. 2024; Allouah et al. 2024) improve ro-
bustness to non-IID data by modeling and fusing the lo-
cal posteriors. However, they typically incur high inference
costs and require access to public data for posterior estima-
tion. Knowledge distillation—based methods (Lin et al. 2020;
Zhang et al. 2022; Kang et al. 2023; Dai et al. 2024) transfer
knowledge from multiple local models to a global model us-
ing auxiliary data, such as public datasets or synthetic sam-
ples. Although they relax model homogeneity constraints,
their effectiveness depends heavily on high-quality auxiliary
data, limiting practical deployment and overall performance.

Surrogate data uploading methods aim to mitigate the
performance degradation caused by non-IID client distri-
butions. Dataset distillation approaches (Zhou et al. 2020;
Song et al. 2023; Zhang, Liu, and Wang 2024) transmit a
small amount of distilled data, which often fails to repre-
sent the full complexity of the original data distribution. Re-
cently, distribution-estimation—based surrogate data meth-
ods have demonstrated advantages in both performance and
efficiency. These methods primarily fall into two categories:
(1) image-level generative-model-based approaches, and (ii)
feature distribution statistical modeling approaches.

Image-level generative-model-based approaches (Kasturi
and Hota 2023; Heinbaugh, Luz-Ricca, and Shao 2023;
Zhang, Qi, and Zhao 2023; Yang et al. 2024; Chen et al.
2025; Yang et al. 2025) aim to reconstruct the client-side
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Figure 1: Illustration of the impact of locally specialized en-
coders on generalization. Colors indicate different locally
specialized encoders; shapes indicate samples from non-1ID
datasets. (1) Global classifier training: Features from locally
specialized encoders are aggregated to train a global classi-
fier. (2) Local inference: When a client’s specialized encoder
encounters data that is non-IID with respect to its local data,
the extracted features cannot be correctly recognized by the
global classifier.

data distribution on the server using GANs (Goodfellow
et al. 2020), VAEs (Kingma, Welling et al. 2013), or dif-
fusion models (Ho, Jain, and Abbeel 2020; Rombach et al.
2022), thereby improving the global model’s adaptability to
non-I1ID data. However, GANs are prone to mode collapse
and unstable training (Arjovsky, Chintala, and Bottou 2017),
while VAEs often produce blurry samples. Pretrained dif-
fusion models struggle to produce usable samples in real-
world application domains such as medical imaging. More-
over, the reliance on iterative denoising steps is a key bottle-
neck: even with fast solvers(Song, Meng, and Ermon 2020;
Liu et al. 2022), generating training samples on the server
remains time-consuming, hindering practical deployment.

Feature distribution statistical modeling approaches use a
unified encoder to extract semantic features from raw data,
then perform statistical modeling on the features. By up-
loading the distribution statistics, the server can reconstruct
a global feature space. Specifically, FedPFT (Beitollahi
et al. 2025) models features as a Gaussian mixture, upload-
ing estimated statistics for pseudo-sample generation. Fed-
CGS(Guan, Zhou, and Gu 2025) aggregates global feature
statistics and directly builds a Gaussian naive Bayes classi-
fier without further training. However, features extracted by
directly applying a pretrained model often perform subop-
timally in real-world tasks with distribution shifts from the
encoder’s pretraining domain. While local fine-tuning is a
natural way to obtain a specialized encoder, it is not feasi-
ble in OSFL. Figure 1 illustrates a simplified semantic fea-
ture transmission OSFL scenario. Local specialization leads
to misaligned feature spaces across clients, resulting in per-
sonalized local models rather than a true global model—thus
failing to meet the generalization requirement of FL. More-
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over, most existing pretrained visual encoders based on Vi-
sion Transformers (Vaswani et al. 2017; Dosovitskiy et al.
2021) accept fixed-size low-resolution inputs, which limits
their ability to capture fine-grained regional details and lo-
cal structures, particularly critical in high-resolution tasks
such as medical imaging. Thus, with the restriction that the
encoder cannot be locally fine-tuned, a key challenge is en-
hancing the adaptability of pretrained encoders to multi-
domain data while efficiently extracting multi-scale and
high-resolution information from raw data. Finally, the ef-
fectiveness of distribution-estimation—based methods is con-
strained by the challenge of accurately replicating client data
distributions, which is rarely attainable in practice.

To overcome the above limitations, we propose FALCON,
a one-shot federated learning framework designed for di-
verse application domains and multi-type non-IID scenar-
i0s. Specifically, FALCON employs a pretrained visual en-
coder on each client and introduces the proposed hierar-
chical scale encoding (HSE) to simultaneously extract both
global semantic features and high-resolution regional fea-
tures from images. This process constructs hierarchical to-
ken sequences with multi-scale semantics. Each client sub-
sequently trains a local classifier and a multi-scale autore-
gressive (M-AR) transformer generator to capture the distri-
bution of token sequences and generate the synthetic token
sequences. The server receives the synthetic sequences and
local classifiers from clients and applies knowledge distilla-
tion to complement generative modeling and enhance global
training. Our contributions are as follows:

* We propose FALCON, a novel OSFL framework that
achieves efficient global modeling on non-IID data by
uploading designed compressed surrogate data and lever-
aging distillation-guided optimization.

* We propose HSE to extract multi-scale semantics from

raw images for better domain adaptability, and design an

M-AR generator to model hierarchical token sequences

while preserving spatial relationships.

We incorporate a distillation-guided global training

mechanism that reduces the reliance on synthetic se-

quence quality and facilitates robust global modeling.

Experiments on natural and medical image datasets un-

der non-IID settings demonstrate the effectiveness, effi-

ciency, and privacy-preserving capability of FALCON.

2 Method
2.1 Problem Formulation

We consider a federated learning (FL) setting consisting of a
central server and NV distributed clients. Each client n holds
a private local dataset D,, = {(x;,v:)} LZ’{' . The server aims
to train a global model w(-) based on information uploaded
by the clients, without accessing the original data, so as to
minimize the sum of empirical risks across all clients. The
FL optimization objective can be formulated as:

min L(w) = Z Z y)], @D
w Z =1 |D | n=1 (1} y G’D
where £(-, -) denotes the task-specific loss function.
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Figure 2: The framework of FALCON. Each client (1) performs hierarchical scale encoding (HSE), (2) trains a local M-AR
transformer generator (3) and classifier, and uploads synthetic token sequences and the classifier to the server for (4) distillation-

guided global classifier training.
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Figure 3: Illustration of hierarchical scale encoding (HSE).

2.2 FALCON Framework

FALCON enables one-shot federated learning through the
transmission of compact, structured token sequences and
distillation-guided training of client knowledge. As shown
in Figure 2, FALCON proceeds in four steps: (1) Each client
compresses its raw images into hierarchical token sequences
via hierarchical scale encoding (HSE); (2) The client trains
a multi-scale autoregressive (M-AR) generator on these se-
quences; (3) It also trains a local classifier. Both the synthetic
token sequences (sampled from the generator) and the clas-
sifier are then uploaded to the server; (4) Finally, the server
performs distillation-guided training using the uploaded se-
quences and local classifiers to optimize the global model.

2.3 Hierarchical Scale Encoding (HSE)

To capture both global discriminative information and high-
resolution local details without locally fine-tuning the pre-
trained visual encoder, FALCON draws inspiration from the
human visual system, which first perceives the global scene
and then attends to local regions. Accordingly, we design
hierarchical scale encoding (HSE). As shown in Figure 3,
we employ two complementary encoding paths, sending the
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original image x into both a low-resolution global view and
high-resolution sliding window regional views.

(1) Global View. The image x is resized into a global
view 2(?), which is then encoded to obtain an image-level to-
ken capturing coarse-grained semantics. We denote the pro-
cess as:

50 — f(m(O)).

(2) Sliding-window Region View. At the original res-
olution, the image x is partitioned into L high-resolution
patches {x(V}£ | via a sliding window with fixed size and
stride. Each patch is independently encoded into region-
level tokens capturing fine-grained semantics. We denote the
process as:

st = f(a),

The above 1 4 L tokens are organized into a hierarchical
token sequence in a coarse-to-fine order, denoted as:

5= {5(0)75(1), .. .,s(L)}.

l=1,...,L.

The overall encoding process is denoted as:
s = fISE(g).

Each client obtains its local set of real token sequences
via HSE, denoted as St°2.

24

Conditional Modeling with Multi-scale Autoregression.
To reflect the semantic dependencies from global to local
and to reduce the complexity of modeling high-dimensional
joint distributions, FALCON factorizes the class-conditional
token sequence distribution using a multi-scale autoregres-
sive (M-AR) approach:

p(s|y) :p(s(o) ly) - p(s(l),...,S(L) |y, s(o)). (2)

M-AR Transformer Generator



7@, 4 @; O
@; @

PeIH NAIN

Block-wise Causal Mask

7®; u®; 3
7@, @ g

NLL Loss

M-AR Transformer

Positional
Encoding

Figure 4: Architecture of the M-AR Transformer Generator.

Conditional GMM Formulation. To instantiate the
above hierarchical conditional factorization, we formulate
the conditional distributions of image-level and region-level
tokens using Gaussian Mixture Models (GMMs). Specifi-
cally, given a class label y, the conditional distribution of the
image-level token s(°) is assumed to follow a GMM with K
components:

0
p(s? | y) o

(s, =), @)

Zn

where {wk , ,u(o) E(O S | denote the mixture weights,
means, and covariances of the GMM, respectively.

Subsequently, conditioned on s(9 and y, we model the
distribution of the L region-level tokens (s(l), ce S(L)) in-
dependently for each token position as:

p(s(l), RN s(B) | 5 y) =
L K
T3 A0 1050,
I=1k=1
K
where, for each token position I, {7T ]El)= ?7 El(cl)} 1 de-

note the mixture weights, means, and covariances for the k-
th component of the GMM.

M-AR Transformer Architecture. As shown in Figure 4,
we design a M-AR Transformer generator g(-,;69), with
each client » maintaining a local generator g,,(+,;69). The
core architecture consists of a Transformer equipped with a
block-wise causal mask (Tian et al. 2024), which enforces
a coarse-to-fine attention mechanism across the token se-
quence. Combining the multi-scale autoregressive factoriza-
tion (see Eq.2) with conditional GMM modeling for both
image-level and region-level tokens (see Eqs.3 and 4), the
Transformer models the sequential dependencies among to-
kens at different semantic scales. At each position ¢ in the
sequence, the hidden representation h(*) is passed to a Mix-
ture Density Network (MDN) head, which outputs the GMM
parameters for that position.

Training. During training, each client n constructs an
input sequence of length 1 + L for each sample:
{y,5©, ... s(1)}. Self-attention is computed using a
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block-wise causal mask, and the MDN head predicts the
GMM parameters at each position. This results in a locally
estimated distribution p,,. The training objective is to mini-
mize the negative log-likelihood (NLL) loss:

L{0(02) = —og (s | y; 62)
D sy, 505 07). ()
Construction of Synthetic Token Sequence Set. Syn-

thetic token sequences s;Y" are sampled from the estimated
distribution p,,(+; 02).

2.5 Local Classifier Training

Each client trains a local classifier h,, on the real token se-
quence set S’ using a cross-entropy loss.

2.6 Distillation-Guided Global Classifier Training

The server receives all uploaded local classifiers {h,, }_;
and synthetic token sequence sets {S$¥*}~_ . and con-
structs a combined training set S*™. It then trains the global
classifier h under the guidance of knowledge distillation.

Classifier Design. The classifier includes attention pool-
ing and a classification head.Each input token sequence s is
first pooled using a learnable query vector ¢ € R? to inte-
grate multi-scale semantic information:

K = sWy e ROHDIxd -y — g, ¢ ROHLIXd (6
The attention scores are computed as:
KT
a= softmax( q\/g ) @)
The semantic summary is obtained as:
s5 = aV. ®)

Finally, the semantic summary s°°™ is passed into the

classification head hej5(+) to perform multi-class prediction:

:l) = hcls(ssem)- (9)
Knowledge Distillation Loss. Since the synthetic data
only indirectly optimize the FL objective, we introduce a
knowledge distillation mechanism that integrates the local
classifiers as teachers to correct the optimization target and
compensate for limitations in distribution modeling by the
generator. Specifically, for each input token sequence s, we
apply temperature scaling to the softmax outputs of all lo-
cal classifiers {h,,}2_, on s, and compute their average to
obtain the ensemble teacher distribution defined as:

),

where z,,(s) denotes the loglts output of the n-th local clas-
sifier on s, and 7' is the distillation temperature.
The probability distribution output by the global model is:

z5(s)
T >, (11)

where zg(s) denotes the logits of the global classifier.

The distillation loss is defined as the Kullback—Leibler
(KL) divergence between the ensemble teacher distribution
and the global classifier distribution:

txp =T? - KL(pr(y | 5) | ps(y | 5)).

r(y | s) (10)

ps(y|s) = softmax(

12)



Dataset Domain Non-IID Type #Classes #Clients
Tuberculosis Med. Feat. 2 3
PACS Nat. Feat. 7 4
OfficeHome Nat. Feat. 65 4
PMRAM Med. Label 4 5
Pneumonia Med. Label 2 5
Tiny-ImageNet  Nat. Label 200 5

Table 1: Dataset summary. “Med.”/*Nat.” denote domains;
“Feat.”/*Label” indicate types of non-IID.

Overall Loss. The final loss function is a weighted com-
bination of the cross-entropy loss and the distillation loss:
Liotal = (1 — @) lor + alip, (13)

where /cg is the standard cross-entropy loss and « is the
balancing coefficient. Guided by distillation, the global clas-
sifier is able to integrate the knowledge captured by local
classifiers on real token sequences from each client.

After training, the global classifier h is distributed to all
clients, forming the global model w = fHSF . p,

3 Experiments and Analyses
3.1 Experimental Settings

Datasets. Table 1 summarizes the datasets used for eval-
vating federated learning performance under both feature
and label non-IID scenarios, covering natural and medical
imaging domains. For the feature non-IID setting, we select
datasets with inherent multi-source structures and treat each
original subset as a separate client in the federated setup. Tu-
berculosis (Luo et al. 2024) consists of chest X-ray images
collected from three hospitals in Montgomery(Candemir
et al. 2013), China(Jaeger et al. 2014), and India. PACS (Li
etal. 2017) and OfficeHome (Venkateswara et al. 2017) each
contain images from four visual domains: Art Painting, Car-
toon, Photo, and Sketch for PACS; and Art, Clipart, Product,
and Real-World for OfficeHome. For label non-IID settings,
we simulate heterogeneous label distributions across clients
using PMRAM (orvile 2024), Pneumonia (Kermany et al.
2018), and Tiny-ImageNet (Li et al. 2020). In these cases,
we construct five clients by partitioning each dataset with a
Dirichlet distribution over class labels to control label het-
erogeneity. To accommodate differences in dataset scale, we
employ a 6:2:2 split for training, validation, and test sets in
PMRAM, whereas Pneumonia adopts an 8:2 split for train-
ing and validation with the official test set for evaluation.
All other datasets use a 8:1:1 split for training, validation,
and testing. All images are resized to 448 x 448 resolution.

Baselines. To evaluate the effectiveness of the proposed
method, we compare FALCON with FedAvg (McMahan
etal. 2017) as well as several representative approaches from
the current one-shot federated learning (OSFL) literature, in-
cluding DENSE (Zhang et al. 2022), FedLMG (Yang et al.
2025), FedPFT (Beitollahi et al. 2025), and FedCGS (Guan,
Zhou, and Gu 2025). Specifically, DENSE serves as a classi-
cal data-free knowledge distillation baseline. FedLMG em-
ploys a pretrained diffusion model with classifier guidance
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to generate synthetic data. Both FedPFT and FedCGS are
methods based on semantic feature distribution modeling.

Configurations. We use DINOv2-base (Oquab et al.
2023) as the pretrained visual encoder. For hierarchical scale
encoding (HSE), both the sliding window size and stride are
set to 224. The token sequence generator adopts a 4-layer ar-
chitecture with a hidden dimension of 768 and 16 attention
heads, using diagonal covariance and K = 20. It is trained
for 400 epochs with a batch size of 256, using the AdamW
optimizer with a learning rate of le-4 and a weight decay
of le-4. The local classifier is trained for 60 epochs with a
batch size of 256 using the Adam optimizer and a learning
rate of be-4. For global classifier training, the balancing co-
efficient « is set to 0.5 and the distillation temperature 7' is
4. The global classifier is trained for 60 epochs with a batch
size of 256, using Adam and a learning rate of 5e-4. For the
baselines, FedAvg, DENSE, and FedLMG use a local train-
ing batch size of 64, trained for 60 epochs with the Adam op-
timizer and a learning rate of 5e-4. FedPFT uploads the pa-
rameters of a diagonal-covariance Gaussian mixture model
G(K) with K = 20, and all other settings follow the original
paper. FedCGS also uses the DINOv2-base encoder, with all
other settings consistent with the original implementation.

3.2 Main Results

Table 2 reports the classification accuracy (%) of each
method under both feature and label non-IID scenarios.
FALCON achieves the best or second-best results across all
datasets and settings among OSFL methods. Specifically:
(1) Strong Performance under Feature non-IID. FAL-
CON outperforms the best OSFL baseline by 10.72% on
the Tuberculosis dataset, with a performance gain of up to
39.88% compared to the weakest baseline. It also maintains
consistently strong results on PACS and OfficeHome. (2)
Stable Advantage under Label non-IID. While the per-
formance of existing OSFL methods tends to fluctuate or
degrade as the Dirichlet parameter o decreases, FALCON
maintains consistently high accuracy across all « values and
datasets, demonstrating strong robustness to varying degrees
of label heterogeneity. (3) Superior Results on Medical
datasets. Across six label non-1ID settings on the PMRAM
and Pneumonia datasets, FALCON consistently achieves the
best results among OSFL methods. In these settings, FAL-
CON outperforms the best OSFL baseline by an average of
7.83%, with improvements of 7.42%—-11.22% on PMRAM
and 2.05%-9.80% on Pneumonia. These results demonstrate
the advantages of our hierarchical scale encoding for mod-
eling high-resolution regional details in medical images and
effectively leveraging multi-scale information from raw im-
ages. (4) Reliable and Robust Overall Performance. FAL-
CON delivers stable and robust performance, achieving an
average improvement of 9.58% over the strongest OSFL
baseline across all settings. In contrast to other methods,
which tend to suffer severe performance degradation on cer-
tain datasets or non-IID configurations, FALCON maintains
high accuracy in all cases. For example, on the Tuberculo-
sis dataset, the second-best method, FedCGS, only reaches
53.50% accuracy, whereas FALCON achieves 87.20%. Sim-



Feature non-IID

Label non-IID

Tuberculosis PACS  OfficeHome PMRAM Pneumonia Tiny-ImageNet Ave.
0.1 0.3 0.5 0.1 0.3 0.5 0.1 0.3 0.5

FedAvg 85.07 87.61 82.51 90.98 9420 95.83 66.11 86.54 88.83 30.75 3470 36.51 73.30
DENSE 76.48 51.63 60.74 2693 26.53 54.15 64.12 7875 87.17 21.70 26.87 3090 50.50
FedLMG 47.32 61.42 60.19 3699 36.54 3798 57.87 5997 63.09 26.83 3022 3141 4582
FedPFT 72.62 96.03 83.85 74.09 7438 77.74 72.65 7527 76774 59.40 59.70 60.78 73.61
FedCGS 53.50 97.50 90.16 6472 69.04 6279 77.62 79.12 7690 81.53 81.53 81.53 76.34
FALCON 87.20 96.42 89.68 83.33 85.60 85.16 8241 88.92 89.22 7993 81.59 81.55 8592

Table 2: Comparison of test accuracy (%) under feature and label non-IID settings. The first three columns show results on
feature non-IID datasets; the next nine columns report results under label non-IID scenarios with Dirichlet distribution (a €
{0.1,0.3,0.5}). The final column (”Avg.”) denotes the average across all settings. Among OSFL methods, the best and second-
best results are highlighted in bold and underline, respectively.

Dataset FullM-AR) w/o HSE w/o KD ‘ AR  NAR
Tuberculosis 87.20 83.63 84.23 | 86.61 86.90
PACS 96.42 96.16 95.71 96.29 96.23
OfficeHome 89.68 89.05 86.87 | 84.26 86.98
PMRAM 84.70 81.26 80.41 83.38 78.67
Pneumonia 86.85 82.12 84.42 72.76  85.73
Tiny-ImageNet 81.02 79.59 77.20 | 80.70 80.53
Avg. 85.92 82.32 82.82 \ 81.47 82.99

Table 3: Ablation study of FALCON. “Full” denotes the
complete method; “w/o HSE” disables hierarchical scale
encoding; “w/o KD” disables knowledge distillation. “AR”
and “NAR” represent the vanilla autoregressive and non-
autoregressive generator variants, respectively.

Avg. Accuracy (%)
0% 20% 40% 60%
FALCON { 0.46 ’ ’
FedPFT{ 0.0016
FedLMG er45782%
DENSE{ 45.4 ® 50.50%
0 1,000 2,000 3,000 4,000 5,000 6,000 7,000 8,000
GFLOPs per sample

80% 100%
©85.92%

® 73.61%

7]600

Figure 5: Computational cost (bars, GFLOPs per sample)
and average classification accuracy (dots, %) for OSFL
methods involving sample generation.

ilarly, for the PMRAM dataset, over half of the competing
baselines (e.g., DENSE, FedLMG) fall below 40% accuracy,
while FALCON remains above 80% across all « settings.

3.3 Computational Efficiency of Sample
Generation

Figure 5 compares the per-sample computational cost (in
GFLOPs) and average classification accuracy (%) of OSFL
methods involving sample generation, including DENSE,
which generates pseudo-samples; FedLMG, which lever-
ages a pretrained diffusion model; FedPFT, which performs
direct sampling from a GMM; and our proposed method,
FALCON. Notably, FedLMG incurs an extremely high cost
(7,600 GFLOPs per sample) due to the expensive multi-step
sampling in diffusion-based generation. In contrast, FAL-

Tuberculosis PACS OfficeHome
M-AR 0.003227 0.002047 0.000905
AR 0.003868 0.002457 0.001079
NAR 0.003868 0.002151 0.000849

Table 4: Maximum mean discrepancy (MMD) between real
and synthetic token sequences on feature non-IID datasets,
comparing different generator variants. Lower is better.

CON reduces the per-sample cost to 0.46 GFLOPs, which is
over four orders of magnitude lower, while ensuring strong
expressive capacity. Although FedPFT achieves the low-
est computational cost by directly sampling from a statis-
tical feature distribution, it lacks the expressive capacity
and generation fidelity of transformer-based sequence mod-
eling. These results underscore FALCON’s computational
efficiency, making it well-suited for resource-constrained or
large-scale federated deployments.

3.4 Ablation Studies

We conducted ablation studies to investigate the effects
of key components, including hierarchical scale encod-
ing (HSE), the token sequence generator architecture, and
knowledge distillation. Due to space constraints, for label
non-IID datasets, we report the mean accuracy across differ-
ent Dirichlet parameters («) for each dataset. Table 2 reports
the results of the ablation study.

Impact of Hierarchical Scale Encoding (HSE). Intro-
ducing HSE consistently improves performance across all
datasets, raising the overall average by 3.60%. The improve-
ment is particularly notable for the medical imaging bench-
marks Tuberculosis, PMRAM, and Pneumonia, with im-
provements of 3.57%, 3.44%, and 4.73%, respectively. This
demonstrates the effectiveness of HSE in capturing fine-
grained information essential for complex recognition tasks.

Impact of Token Sequence Generator Architecture.
The M-AR generator we adopt in FALCON achieves the
highest performance among all generator variants. To further
quantify the ability of each generator variant to approximate
the token sequence distribution, we compute the maximum
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Figure 6: Visualization of reconstruction attack. (a) Office-

Home ; (b) PMRAM (« 0.5). For each, left: original
images; middle: reconstructions from real token sequences;
right: reconstructions from synthetic token sequences.

mean discrepancy (MMD) between real and synthetic token
sequences on the feature non-IID datasets. We report results
on Tuberculosis, PACS, and OfficeHome in Table 4. Our M-
AR generator achieves the lowest MMD on most datasets,
indicating a closer match to the real distribution compared to
the AR and NAR generators. These results demonstrate that
modeling dependencies among hierarchical tokens is critical
for capturing the token sequence distribution.

Impact of Knowledge Distillation. Incorporating knowl-
edge distillation yields a substantial improvement in aver-
age accuracy, increasing from 82.82% to 85.92%, with the
largest observed improvement on a single dataset reaching
5.52%. These results highlight the critical role of knowledge
distillation in enhancing global model performance.

3.5 Evaluating under Reconstruction Attacks

To evaluate potential privacy leakage, we design a recon-
struction attack by training a conditional generative model to
recover original images from token sequences, applying the
attack to real and synthetic sequences of a selected client.

Figure 6 visualizes reconstruction results for both Of-
ficeHome and PMRAM (« 0.5). For synthetic token
sequences, we present the reconstruction with the highest
SSIM among all generated samples for each original im-
age, corresponding to a conservative, worst-case evaluation
of potential privacy risk. When using real token sequences,
the reconstructed images retain substantial correspondence
to the original inputs, indicating that detailed visual infor-
mation can still be recovered. In contrast, reconstructions
from synthetic token sequences are largely unrecognizable,
exhibiting significant loss of structural and semantic content,
demonstrating strong privacy protection.

For quantitative evaluation, we report the average peak
signal-to-noise ratio (PSNR) and structural similarity index
(SSIM) for each dataset. For real token sequences, the av-
erage similarity between original and reconstructed images
is computed directly. For synthetic token sequences, due to
the lack of one-to-one correspondence, we report the highest
PSNR and SSIM across all reconstructions for each image,
and average these values. As shown in Table 5, constructions
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Token Source OfficeHome PMRAM (a = 0.5)
PSNR SSIM | PSNR SSIM

Real 27.18 0.8111 | 28.75 0.8176

Synthetic 13.30  0.1534 | 18.37 0.4368

Table 5: Average PSNR and SSIM for reconstructions from
real and synthetic token sequences on OfficeHome and PM-
RAM (a = 0.5).

from synthetic tokens yield much lower similarity scores
on both datasets, indicating the privacy-preserving advan-
tage of FALCON. Notably, the SSIM for synthetic tokens is
higher on PMRAM than on OfficeHome, consistent with the
greater homogeneity and structural repetition of medical im-
ages. This facilitates generative modeling of global anatom-
ical features, yet does not compromise privacy, as patient-
specific details remain unrecognizable.

3.6 Communication Cost Analysis

In FALCON, each client can either upload the synthetic to-
ken sequences or the generator model, depending on which
option yields a lower communication cost under the given
configuration. In our experiments, the generator model size
is approximately 144.33 MB, and each 5 x 768 token se-
quence occupies about 15 KB with 32-bit storage. Upload-
ing token sequences is thus more efficient when the total
number of sequences is less than about 9,850. The per-client
communication cost is therefore bounded by the combined
size of the generator and local classifier, reaching up to
166.86 MB in the worst case. In practice, the actual cost
is often substantially lower, as FALCON enables clients to
flexibly select the upload strategy that best suits their data
volume and communication constraints.

4 Conclusion

We propose FALCON, a one-shot federated learning frame-
work tailored for diverse application domains and multi-type
non-IID scenarios. FALCON introduces HSE to extract hi-
erarchical token sequences without fine-tuning the encoder,
and employs an M-AR transformer to model the distribu-
tion of token sequences. Combined with distillation-guided
global training, the server learns a high-performing clas-
sifier. Extensive experiments show that FALCON delivers
robust and competitive results across diverse tasks, consis-
tently matching or surpassing the best existing OSFL ap-
proaches. Our method significantly enhances the practical
utility of pretrained encoders for federated learning in real-
world settings, improving semantic retention and demon-
strating strong scalability. These advantages position FAL-
CON as a promising paradigm for federated classification.
To further reinforce these benefits, key directions for future
work are to improve encoding effectiveness while ensuring
all clients adopt a consistent encoding strategy, and to ex-
plore more powerful generative modeling paradigms with
improved effectiveness and efficiency.
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