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Abstract

Reducing radiation doses benefits patients, but the re-
sultant low-dose computed tomography (LDCT) images
often suffer from clinically unacceptable noise and arti-
facts. While deep learning (DL) has shown promise in
LDCT reconstruction, it requires large-scale data collec-
tion from multiple clients, raising privacy concerns. Fed-
erated learning (FL) has been introduced to mitigate these
privacy concerns; however, current methods are typically
tailored to specific scanning protocols, which limits their
generalizability and makes them less effective for unseen
protocols. To address these issues, we propose SCAN-
PhysFed, a novel SCanning- and ANatomy-level person-
alized Physics-Driven Federated learning paradigm for
LDCT reconstruction. Since the noise distribution in LDCT
data is closely tied to scanning protocols and anatomical
structures, we propose a dual-level physics-informed way to
address these challenges. Specifically, we incorporate phys-
ical and anatomical prompts into our physics-informed hy-
pernetworks to capture scanning- and anatomy-specific in-
formation, enabling dual-level physics-driven personaliza-
tion of imaging features. These prompts are derived from
the scanning protocol and the radiology report generated
by a medical large language model (MLLM). Subsequently,
client-specific decoders project these dual-level personal-
ized imaging features back into the image domain. Be-
sides, to tackle the challenge of unseen data, we introduce a
novel protocol vector-quantization strategy (PVQS), which
ensures consistent performance across new clients by quan-
tifying unseen scanning codes to the closest match in the
scanning codebook. Extensive experimental results demon-
strate the superior performance of SCAN-PhysFed on pub-
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lic datasets1.

1. Introduction
Computed tomography (CT) is a key diagnostic tool that
non-invasively visualizes anatomical structures within the
human body. Despite its clinical benefits, CT scans pose
radiation concerns, which potentially lead to genetic, can-
cerous, and other health diseases. Lowering CT radia-
tion dose—either by decreasing incident photons or limiting
sampling views—has emerged as a promising solution to re-
duce radiation risks and accelerate scanning. However, re-
constructed images under these conditions suffer from sig-
nificant quality degradation, compromising clinical applica-
bility [27].

Recently, deep learning (DL)-based methods have shown
great promise for low-dose CT (LDCT) imaging [28]. How-
ever, most DL-based LDCT reconstruction methods are
condition-specific and overlook privacy concerns. Re-
cently, researchers have attempted to introduce federated
learning (FL), a privacy-preserving distributed learning
paradigm, for LDCT reconstruction to alleviate privacy
concerns. Although these methods aim to enhance gener-
alization, they still face significant challenges arising from
data heterogeneity, caused by diverse noise distributions in
CT imaging across different protocols and anatomical struc-
tures. We believe that the further advancement of FL in
LDCT reconstruction urgently requires a new framework
capable of leveraging comprehensive physical information
from the scanning process, thereby breaking through cur-
rent bottlenecks to achieve better results.

To tackle this issue, we aim to leverage physical princi-
ples of the imaging process. During the projection process,
the measurement is influenced by the anatomical structures
the X-ray passed through, such as fat, bone, and fluid, each

1 Our code has been released at https://github.com/Zi-
YuanYang/SCAN-PhysFed.
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Figure 1. Illustration of different radiation reduction strategies.
‘Sparse-View’ refers to scanning with a reduced number of pro-
jection views, while ‘Low-Dose’ represents scanning with a lower
number of incident photons.

with distinct attenuation coefficients. Additionally, the sys-
tem matrix is significantly affected by scanning protocols,
including tube current, voltage settings, and scanning an-
gles. These factors collectively impact the quality and char-
acteristics of reconstructed CT images during the backpro-
jection phase, resulting in varying levels of noise and arti-
facts. An example is provided in Figure 1 to illustrate this
concept more clearly.

By leveraging the physics-specific knowledge discussed
earlier, we reimagine LDCT reconstruction within the fed-
erated learning framework. Our approach adopts a dual-
level strategy to alleviate heterogeneity, addressing varia-
tions at both the scanning and patient levels. In practice,
scanning protocols, which serve as scanner hyperparame-
ters, are readily available. However, generating anatomical
information has traditionally been challenging due to pa-
tient variability and the complexity of accurately modeling
different tissue types. Recent advances in large language
models (LLMs) offer new possibilities for automatically
generating anatomical information, potentially improving
the reconstruction.

Building on this, we propose SCAN-PhysFed, a
novel SCanning- and ANatomy-level personalized Physics-
Driven Federated learning paradigm for LDCT reconstruc-
tion. Specifically, we address the data heterogeneous using
a dual-level strategy. A detailed radiology report is gener-
ated using a pretrained LLM. Then, a patient-level anatomy-
informed hypernetwork is designed to generate a modula-
tion map from the radiology report, which seamlessly inte-
grates with imaging features and aligns them with each pa-
tient’s unique anatomical structures. Simultaneously, scan-
ning features are integrated via a scanning-informed hyper-
network to personalize imaging features based on the pro-
tocol. To ensure distinguishability of scanning feature vec-
tors, we impose an orthogonal loss during training to rein-
force personalization. This dual-modulation strategy facili-
tates personalized CT imaging at both patient and scanning
levels, guided by the principles of physical imaging.

Additionally, existing personalized FL CT imaging
methods do not address the challenge posed by unseen
clients with varying scanning protocols. In this paper, we
propose a Protocol Vector Quantization Strategy (PVQS)
to quantize unseen scanning protocol by matching it with
the closest existing vectors, thereby selecting the corre-
sponding client-specific decoder. The main contributions
of this paper are summarized as follows:
• We introduce LLM into LDCT reconstruction within the

FL framework, proposing SCAN-PhysFed. To the best of
our knowledge, this is the first work to apply LLM in this
field.

• To address the challenge of data heterogeneity, we draw
inspiration from physical imaging principles and propose
a dual-level approach, achieving personalized CT imag-
ing at both the scanning and patient levels.

• We introduce a novel strategy, PVQS, to ensure our
method remains effective for unseen clients with diverse
scanning protocols—a critical challenge often overlooked
in previous works.

2. Related Works
LDCT Imaging. Traditional reconstruction methods pri-
marily rely on image sparsity [25]. However, these meth-
ods are generally time-consuming. Recently, deep learning-
based methods have shown faster processing and promis-
ing performance, gaining significant attention in this field.
For example, Chen et al. [4] introduced residual struc-
ture into an autoencoder and proposed the encoder-decoder
convolutional neural network (RED-CNN) for LDCT de-
noising. You et al. [39] extended RED-CNN by incor-
porating a generative adversarial network (GAN) for su-
per resolution. Additionally, researchers also explored
transformer-based architectures to enhance robustness, as
seen in Uformer [31], TransCT [40], and RegFormer [34].
Recently, researchers have proposed diffusion-based CT re-
construction methods [9, 21, 33], which show promising re-
sults but incur substantial computational costs. Moreover,
the methods mentioned above are tailored to specific scan-
ning protocols and depend on data collection from multiple
clients, raising significant privacy concerns.
Federated Learning. In recent years, FL has gained in-
creasing attention as it offers a decentralized approach to
DL while preserving data privacy [38]. FedAvg [23], the
earliest FL method, introduced a server-client framework
to learn a global-shared model by averaging local models
from different parties. However, this method suffers from
model shift due to serious statistic heterogeneity [11]. To
alleviate this concern, recent works have proposed methods
to obtain a more robust global-shared model, such as Fed-
Prox [16], MOON [15], and FedNova [29]. For serious non-
iid data distributions, a single global-shared model is insuf-
ficient to address the variability across different datasets. As
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Figure 2. The overall learning paradigm of our proposed SCAN-PhysFed.

a result, several personalized FL methods have been pro-
posed [3, 7, 17, 35].

FL has recently been introduced in healthcare applica-
tions due to its privacy-preserving nature [10, 32, 36]. Sev-
eral studies have focused on its applications in medical
imaging [8, 14]. For example, Chen et al. [5] proposed a
cross-domain learning approach that combines individual-
client sinogram learning and cross-client image reconstruc-
tion learning. Yang et al. [37] proposed a client-specific
hypernetwork to modulate the global-shared data. Chen et
al. [6] utilized separate networks to process high- and low-
frequency components of CT data. While these methods
have achieved promising performance, they still face signif-
icant challenges from data heterogeneity and fail to address
the issue of unseen protocols.
Large Language Model. The emergence of large language
models (LLMs), such as GPT [1] and Llama [26], has ush-
ered in a new era of artificial intelligence. Recently, large-
scale medical LLMs (MLLMs) have been developed specif-
ically for healthcare applications [18, 20, 41]. These mod-
els demonstrate significant potential in understanding and
reasoning over medical data, excelling in tasks such as vi-
sual question answering (VQA) and text generation [24].
For instance, Alkhaldi et al. [2] developed Minigpt-med,
which supports multiple tasks, including VQA, medical re-
port generation, and disease identification from medical
images. Although MLLMs have been applied to various
downstream tasks [13], they have not yet been explored for
mitigating domain shift in CT reconstruction within FL set-
tings.

3. Methodology
3.1. Overview

This paper aims to address generalization challenges in FL
for LDCT reconstruction, with a focus on alleviating data

heterogeneity among existing clients and maintaining per-
formance for new clients. Figure 2 illustrates the overall
learning paradigm of the proposed SCAN-PhysFed frame-
work. Specifically, robust imaging representations are ob-
tained using a collaboratively learned shared encoder across
clients. To tackle the heterogeneity issue, two physics-
informed hypernetworks are designed to capture scanning-
and anatomy-specific information, personalizing the imag-
ing features via a specialized modulation block. Subse-
quently, client-specific decoders project the personalized
imaging features back to the image domain. For the i-th
client, the reconstruction process is formulated as follows:

Ŷ = Di(P (fX, Hs(g; θHs
), Ha(ft; θHa

)); θDi
), (1)

where fX denotes the imaging feature of X extracted from
the shared encoder E, and Ŷ is the corresponding normal-
dose CT image. θHs

and θHa
are the scanning- and

anatomy-informed hypernetworks, parameterized by θs and
θa, respectively. g and ft represent the scanning proto-
col vector and the radiology report feature derived from the
MLLM. P denotes the personalized modulation block, and
Di denotes the i-th client decoder, parameterized by θDi

.
Additionally, to handle unseen data, we propose a novel

protocol vector-quantization strategy (PVQS), which en-
sures robust performance across previously unseen clients
by quantizing the unseen scanning code to the closest match
in the scanning codebook.

3.2. Personalized Modulation Block

Anatomy-Level Personalization. The patient’s unique
anatomy significantly affects noise distribution during the
imaging process, making it an essential factor to con-
sider. To address this issue, we leverage MLLM, which
is trained on large-scale datasets and demonstrates strong
performance in radiology report generation. Specifically,
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we adapt miniGPT-Med [2] to generate radiology reports
from CT images, using the text encoder’s feature output
ft ∈ R1×d as a prompt for our anatomy-informed hyper-
network, where d denotes the feature dimension.

Given the high dimensionality of ft, we first apply a
pooling operation to reduce its size. The process is formu-
lated as follows:

ftl = Linear(AvgPool(ft)), (2)

where AvgPool denotes an average pooling operation that
reduces the feature dimension by a factor of 1/4. A lin-
ear layer is then applied to map the feature to ftl ∈ R1×h,
where h denotes the hidden dimension.

Next, we capture long-range dependencies within ftl us-
ing the multi-head attention mechanism, followed by a lin-
ear layer to extract the anatomy feature fan. This process is
formulated as:

fan = Linear(Multi-Head(ftl)). (3)

After this stage, fan encapsulates anatomy-specific in-
formation tailored to different CT data. Since this feature
encodes anatomy-specific details, we use it to spatially per-
sonalize the imaging feature fX. The process is formulated
as:

fana = fX ⊙ Reshape(fan), (4)

where fX denotes the imaging feature, Reshape represents
the reshape operation for dimensional alignment, and “⊙”
denotes the Hadamard product. fana is the anatomy-level
personalized feature.
Scanning-Level Personalization. In addition to anatom-
ical variations affecting noise distribution, the physical
imaging process shows that noise distribution is primarily
governed by the scanning protocol. This protocol comprises
several key physical parameters in CT scanners, including
the number of views, the number of detector bins, pixel
length, detector bin length, the distance between the source
and rotation center, the distance between the detector and
rotation center, and the photon number of incident X-rays.

Then, we utilize g, a vector encoding these parameters,
to construct our scanning-level prompt, which captures the
latent relationship between the scanning protocol and noise
distribution for the imaging network. A detailed description
of g is provided in Appendix B.

Given the low dimensionality of the physical parameters,
we employ a Multi-Layer Perceptron (MLP) with three lin-
ear layers to capture and represent the underlying physical
information. Two modulation parameter vectors are then
derived to encode scanning-level personalization knowl-
edge. This process can be formulated as follows:

α, β = Hs(g; θs), (5)

where α and β are the modulation parameter vectors, which
are used to inject scanning-level information to personalize
the imaging feature as:

fper = α⊗ fana + β, (6)

where fper is the dual-level personalized imaging feature,
and ⊗ denotes the multiplication operation along the chan-
nel dimension. This approach applies the scanning prior to
modulate the imaging feature.

Our proposed personalization block is architecture-
agnostic, allowing the personalization parameters to be fine-
tuned accordingly.

3.3. Protocol Vector-Quantization Strategy

Existing FL-based CT imaging methods have not addressed
the challenge of unseen data, resulting in degraded perfor-
mance in new domains. To overcome this limitation and
ensure robust performance for unseen protocols, we intro-
duce PVQS. While patient anatomy remains largely con-
sistent, the primary source of noise variation between un-
seen and existing clients stems from the low-dose strategy.
Therefore, PVQS is designed to enable SCAN-PhysFed to
maintain consistent performance across diverse and unseen
low-dose protocols.

Specifically, in PVQS, protocol codes for different exist-
ing scanning protocols, generated by the MLP in Hs, are
stored in a protocol codebook. For an unseen protocol, we
first quantize it to the closest code vector in the protocol
codebook. The process is defined as follows:

i∗ = argmin
i

(
1− cun · ci

∥cun∥ ∥ci∥

)
, (7)

where cun and ci denote the protocol code of the unseen
protocol and that of the i-th client, respectively. i∗ indicates
the index of the closest code vector.

Instead of using the unseen protocol as input to Hs, we
directly replace it with ci∗ to personalize the imaging fea-
ture and use the corresponding decoder Di∗ to project the
personalized features back to the image domain.

Thus, PVQS effectively avoids potential distribution
shifts in unseen data and preserves a consistent feature
space across domains, ensuring reliable and robust perfor-
mance for unseen protocols.

3.4. Learning Paradigm

Since the noise distribution varies across protocols, it is
challenging to use a single shared imaging network to ac-
commodate all variations. In FL-based LDCT imaging, as
assumed in previous works [6, 37], the optimization chal-
lenge consists of two main components: imaging feature
extraction and personalized projection. Specifically, for
feature extraction, we propose aggregating client-side en-
coders to capture robust, comprehensive imaging features.
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Table 1. Quantitative Results (PSNR (dB) and SSIM (%)) for CNN-based LDCT Imaging Method.

Client #1 Client #2 Client #3 Client #4 Client #5 Client #6 Client #7 Client #8 Average
PSNR SSIM PSNR SSIM PSNR SSIM PSNR SSIM PSNR SSIM PSNR SSIM PSNR SSIM PSNR SSIM PSNR SSIM

Generic FL Methods
FedAvg [23] 29.99 82.20 32.82 78.23 34.68 86.99 32.30 80.63 36.87 92.06 37.36 89.02 32.73 80.66 35.46 87.65 34.03 84.70
FedProx [16] 29.94 83.12 32.69 75.46 36.95 91.58 32.32 80.91 38.95 95.34 37.58 88.13 32.94 81.62 35.86 88.65 34.65 85.60
FedNova [29] 29.95 82.29 32.57 80.57 37.77 92.16 32.09 78.98 34.42 88.69 36.05 89.57 32.81 81.41 35.89 88.71 33.94 85.30
MOON [15] 32.50 75.61 35.55 85.41 35.72 80.30 35.69 82.10 35.38 78.47 36.31 84.35 35.70 81.17 35.62 80.40 35.31 80.98
FedDG [19] 33.37 81.40 34.01 82.39 33.56 76.37 34.43 81.49 34.06 76.70 33.97 80.17 34.75 80.87 34.25 79.23 34.05 79.83
FedKD [32] 29.74 83.11 32.17 71.65 36.65 90.93 32.10 79.19 40.58 96.71 37.07 82.55 32.88 81.30 36.28 89.08 34.68 84.31

Personalized FL Methods
FedPer [3] 33.23 88.20 35.06 84.89 38.79 92.70 35.58 86.12 41.76 96.97 36.85 89.96 35.69 86.30 38.48 91.69 36.93 89.60
FedBN [17] 32.55 84.59 34.76 84.15 38.18 90.30 34.77 83.30 41.24 96.11 38.66 91.19 34.74 83.35 37.89 90.35 36.60 87.92
FedMRI [8] 33.28 83.43 34.51 85.81 38.62 92.47 35.86 87.21 41.49 96.27 38.22 91.32 35.87 86.34 38.09 91.94 36.99 89.35
HyperFed [37] 33.74 88.57 34.83 85.05 38.87 92.78 35.44 85.40 42.94 97.48 39.15 92.96 34.99 85.19 38.12 91.29 37.26 89.84
FedFDD [6] 36.18 93.67 38.43 94.19 39.72 96.47 38.51 95.30 45.56 98.73 42.72 97.61 40.74 96.01 38.54 94.39 40.05 95.79
SCAN-PhysFed 34.49 96.40 39.21 96.09 40.45 97.93 40.51 97.61 47.81 99.14 44.08 98.51 42.54 97.86 40.02 97.37 41.14 97.62

(a) (b) (c) (d) (e) (f)

(g) (h) (i) (j) (k) (l)

Figure 3. Simulated examples under different protocols. (a)-(h)
show examples from training clients with known protocols, while
(i)-(l) present examples from unseen protocols.
To fully leverage the diversity of client data, we globally
share the hypernetworks in SCAN-PhysFed. However, pro-
jecting imaging features from different domains into a con-
sistent, noise-free representation is challenging with a sin-
gle shared decoder. Therefore, we propose protocol-specific
decoders to effectively adapt to variations in scanning pro-
tocols across clients.

In PVQS, the unseen protocol code is quantized based
on the nearest entry in the protocol codebook. Therefore, it
is essential to ensure the protocol code is discriminative and
informative for personalization. To achieve this, we intro-
duce an orthogonal loss Lorth for the i-th client, defined as
follows:

Lorth =
K∑
j=1

|ci · cj |2 s.t. i ̸= j, (8)

where K is the number of clients (protocols), and j denotes
the client index.

The Mean Squared Error (MSE) is used as the imaging
loss, and the total loss is formulated as:

Ltotal = LMSE(Y, Ŷ) + τLorth, (9)

where Y represents the reconstructed image, and τ denots
the temperature weight of Lorth.

To facilitate understanding of the implementation de-
tails, we provide the pseudocode of our method in Ap-
pendix A.

4. Experiments
Experimental Setting. The proposed method was imple-
mented using PyTorch and optimized by Adam [12] at a
learning rate of 0.001. The number of communication
rounds was set to 200 and the batch size was 20. The ex-
periments were conducted a system equipped with an AMD
Ryzen 7 5800X CPU and a single NVIDIA GTX 3080 Ti
GPU.
Dataset. The “2016 NIH-AAPM-Mayo Clinic Low-Dose
CT Grand Challenge” dataset [22], which contains 5,936
full-dose CT images from 10 patients, was used to evaluate
the proposed method. In this study, 8 patients were used for
training, while the remaining 2 were reserved for testing.
To simulate a realistic scenario, we ensured that the patients
for training did not overlap across different clients. The two
patients for testing were simulated using different protocols
to form the testing set.

Simulated examples are shown in Figure 3, where no-
ticeable noise heterogeneity among clients can be observed,
primarily due to differences in anatomy and scanning pro-
tocols. Detailed dataset preparation steps and scanning pro-
tocols are provided in Appendix B.
Baselines. We compared our SCAN-PhysFed approach
with both generic and personalized FL methods. For
generic FL methods, we include FedAvg [23], Fed-
Prox [16], FedNova [29], MOON [15], FedDG [19], and
FedKD [32]. For personalized FL methods, we evaluated
FedPer [3], FedBN [17], FedMRI [8], HyperFed [37], and
FedFDD [6]. To ensure fairness, we kept the training set-
tings consistent across all methods.
Evaluation Metrics. We use the peak signal-to-noise ra-
tio (PSNR) to evaluate pixel-wise accuracy and the struc-
tural similarity (SSIM) to assess perceived visual qual-
ity [30]. For both metrics, higher values indicate better per-
formance.

4.1. Comparison with other methods

We evaluate our method alongside other FL methods. To
ensure fairness, we use the same imaging network, RED-
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InputGround Truth MOON FedKDFedDG FedMRI HyperFed FedFDD SCAN-PhysFed

Figure 4. Qualitative results of six selected comparison methods and our method across different clients using the classical convolutional-
based LDCT imaging network. Rows one to five correspond to Clients #2, #3, #5, #6, and #7, respectively. The display window for the
first row is [-1024, 200] HU, while for the remaining rows, it is [-160, 240] HU.

(a) (b)
Figure 5. Boxplots of the average results across all clients. (a) and
(b) represent PSNR and SSIM, respectively.

CNN [4], a state-of-the-art model in CT imaging. Quantita-
tive results are provided in Table 1. Our method achieves
the best performance across most clients, outperforming
other generic and personalized FL methods in terms of av-
erage PSNR and SSIM. Furthermore, unlike other person-
alized methods that show instability across clients, such
as HyperFed in Client #2 / #7 and FedFDD in Client #4,
our method maintains consistent performance across vary-
ing protocols. We also observe that sparse-view proto-
cols (Clients #2, #4, and #6) pose challenges for both
generic and personalized FL methods, resulting in signifi-
cant performance gaps compared to other protocols. How-

ever, by incorporating dual-level physics-informed prior,
our method maintains robust performance.

Representative slices produced by different methods are
shown in Figure 4. We compared the top three methods
from both generic and personalized FL approaches. Rep-
resentative clients were selected based on different radia-
tion reduction strategies: sparse-view (Clients #2 and #6)
and low-dose (Clients #3, #5, and #7) reconstructions. It
can be observed that other methods exhibit noticeable noise
or artifacts in sparse-view protocols, and fail to preserve
details in low-dose protocols. In contrast, our method ef-
fectively reduces noise and artifacts in sparse-view proto-
cols while preserving fine details in low-dose protocols.
SCAN-PhysFed achieves strong performance across slices
from different anatomical regions, benefiting from the in-
troduction of anatomy priors. Both quantitative and quali-
tative results demonstrate the effectiveness of incorporating
physics-informed priors.

Additionally, we present boxplots of the results across
all clients for different methods in Figure 5 to validate their
stability. It can be seen that SCAN-PhysFed outperforms
all other methods in both PSNR and SSIM scores. In both
plots, SCAN-PhysFed demonstrates a higher median and
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Table 2. Quantitative Results of PSNR and SSIM for Transformer-based LDCT Imaging Methods.

Client #1 Client #2 Client #3 Client #4 Client #5 Client #6 Client #7 Client #8 Average
PSNR SSIM PSNR SSIM PSNR SSIM PSNR SSIM PSNR SSIM PSNR SSIM PSNR SSIM PSNR SSIM PSNR SSIM

Generic FL Methods
FedAvg [23] 34.31 87.88 38.06 90.54 43.51 97.56 41.05 95.43 45.24 98.47 43.15 97.09 41.45 95.95 42.88 96.16 41.21 94.89
FedProx [16] 34.32 87.01 37.74 88.89 43.73 97.95 41.12 93.92 45.39 98.61 42.99 97.08 41.38 94.31 42.10 94.55 41.10 94.04
FedNova [29] 29.55 78.44 31.38 68.13 37.07 82.47 31.79 73.45 40.61 88.80 35.46 79.77 32.38 73.66 35.77 82.22 34.25 78.37
MOON [15] 34.28 93.20 38.09 91.17 43.64 97.77 41.09 95.66 45.25 98.43 42.82 96.91 41.42 95.97 42.20 96.18 41.10 95.66
FedKD [32] 35.92 89.93 38.70 91.21 44.26 98.13 42.30 95.99 45.93 98.75 43.57 97.41 42.54 96.22 43.51 96.23 42.09 95.48

Personalized FL Methods
FedPer [3] 35.37 93.18 39.03 93.55 42.75 97.13 40.88 96.20 46.55 98.83 42.87 96.68 41.87 96.70 40.79 94.78 41.26 95.82
FedMRI [8] 34.60 93.67 38.04 94.55 42.94 97.44 39.34 95.78 46.79 98.91 42.82 97.30 40.81 95.32 40.85 95.70 40.78 96.01
HyperFed [37] 34.60 87.59 38.62 91.08 44.13 97.61 42.25 96.24 45.92 98.59 43.71 97.37 42.44 96.66 43.56 96.63 41.90 95.22
FedFDD [6] 37.35 96.20 39.67 95.18 44.31 98.26 39.00 95.21 47.89 99.20 43.81 98.06 42.17 97.40 40.50 95.49 41.84 96.89
SCAN-PhysFed 38.55 94.06 41.74 96.20 45.52 98.52 42.48 96.55 49.50 99.39 45.32 97.93 43.35 96.73 42.71 96.79 43.65 97.03

InputGround Truth FedAvg FedKDMOON FedMRI HyperFed FedFDD SCAN-PhysFed

Figure 6. Qualitative results of the compared methods across different clients based on a transformer-based imaging network. Rows one to
five correspond to Clients #2, #3, #5, #6, and #7, respectively. The display window is set to [-160, 240] HU.

a narrower interquartile range, indicating strong stability in
restoring LDCT data with varying noise distributions across
different clients. Individual boxplots for each client are pro-
vided in Appendix C.

4.2. Generalization Evaluation

4.2.1 Backbone

In addition to using RED-CNN as the imaging network
in previous experiments, we evaluate our method and
other FL methods with an alternative imaging network,
Uformer [31], a transformer-based model for LDCT imag-
ing. This comparison further validates the generalization
capability of different FL methods.

The qualitative and quantitative results are shown in Fig-
ure 6 and Table 2, respectively. Consistent with previ-
ous experiments, our method achieves the best performance
compared to other methods across most clients, with sig-
nificantly higher average PSNR and SSIM values. This
demonstrates the strong generalization capability of our
method when integrated with different imaging networks.
Among competing methods, FedFDD serves as a strong
baseline. While FedFDD’s SSIM is slightly higher than
ours in some clients, our method achieves a significantly
better PSNR, demonstrating superior detail preservation.
Additionally, unlike FedFDD, which requires two imag-
ing networks, our method achieves high performance with-
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Table 3. The Quantitative Results of PSNR and SSIM for the Unseen Clients.

Unseen Client #1 Unseen Client #2 Unseen Client #3 Unseen Client #4 Average
PSNR SSIM PSNR SSIM PSNR SSIM PSNR SSIM PSNR SSIM

Generic FL Methods
FedAvg [23] 35.57 88.68 34.00 85.26 32.52 76.71 36.86 91.44 32.89 81.35
FedProx [16] 36.69 91.16 34.30 86.39 32.58 72.13 39.13 94.87 34.74 85.52
FedNova [29] 35.45 88.83 34.23 86.29 32.39 69.20 35.40 89.99 34.38 83.58
MOON [15] 35.21 78.19 35.30 79.81 34.55 83.07 35.56 78.94 35.16 80.00
FedDG [19] 34.86 79.54 34.79 80.91 33.15 80.31 34.49 77.42 34.32 79.55
FedKD [32] 36.82 91.60 34.27 86.37 32.49 70.54 40.73 95.90 36.08 86.10

Personalized FL Methods
FedPer [3] 36.86 88.58 35.46 87.02 31.96 71.64 38.56 90.90 35.71 84.53
FedBN [17] 37.84 89.95 36.16 88.46 33.67 81.63 40.21 94.89 36.97 88.73
FedMRI [8] 31.12 82.42 31.95 79.95 31.72 71.96 32.04 81.63 31.71 78.99
HyperFed [37] 36.18 89.60 33.47 82.49 31.94 65.52 41.70 94.85 35.90 83.12
FedFDD [6] 37.80 92.33 37.06 91.77 33.71 80.26 40.53 95.12 37.27 89.87
SCAN-PhysFed 40.77 97.69 38.77 95.75 34.38 81.80 40.27 96.92 38.55 93.04

Table 4. Ablation on different components in SCAN-PhysFed.

Component Average
Scanning Anatomy Paradigm Loss PSNR SSIM

✗ ✗ Generic LMSE 34.03 84.70
✓ ✗ Personalized LMSE 36.82 88.78
✗ ✓ Personalized LMSE 38.04 94.14
✓ ✓ Personalized LMSE 40.67 97.27
✓ ✓ Personalized LMSE & Lorth 41.14 97.62

out relying on an additional network. Similar to the pre-
vious experiment, SCAN-PhysFed shows better qualitative
performance and lower variation across different protocols,
indicating more consistent results irrespective of scanning
protocols or imaging networks.

4.2.2 Unseen Protocol

Existing FL methods in medical imaging struggle to main-
tain performance when encountering unseen noise distribu-
tions from new clients. Here, we evaluate the effectiveness
of the proposed PVQS across four unseen protocols. De-
tailed protocol settings can be found in Appendix B. For
generic FL methods, we directly evaluate the shared model
on unseen clients. However, personalized methods mostly
ignore how to operate in the unseen domain, so we average
the performance of all local models to establish a vanilla
baseline in this paper.

The results of different methods on unseen clients are
presented in Table 3. We observe that the performance of
generic FL methods shows only minor degradation on un-
seen clients, whereas personalized FL methods experience
significant declines. This is because local optimization in
personalized FL methods focuses heavily on each client’s
specific data distribution, underfitting other potential dis-
tributions and leading to greater performance drops on un-
seen clients. In PVQS, we prevent the network from directly
mapping the unseen protocol to modulate the imaging net-
work, as this could cause network collapse if the unseen
protocol significantly differs from known ones. Instead, we
quantize the unseen protocol using a protocol codebook, al-

lowing SCAN-PhysFed to leverage prior knowledge for bet-
ter adaptation to unseen distributions.

4.3. Ablation Study

We evaluate the effectiveness of various components in
SCAN-PhysFed, and the results are presented in Table 4.
Compared to the baseline results, which exclude scanning
and anatomy information, introducing either significantly
improves performance, highlighting the importance of in-
tegrating physical prior in LDCT imaging. This approach
substantially reduces learning complexity and improves the
overall model performance. Moreover, introducing both
types of physical information simultaneously is comple-
mentary rather than redundant, leading to further perfor-
mance gains. Building on this, we use Lorth to enhance the
discriminative ability of the scanning code, thereby person-
alizing imaging features and effectively mitigating data het-
erogeneity. In the above studies, “Personalized” indicates
that the decoder is tailored to each client. An ablation study
on the personalized components is provided in Appendix D.

5. Conclusion

To preserve privacy and address heterogeneity in CT imag-
ing, we propose a dual-level, physics-informed approach
that utilizes both scanning- and anatomy-level prompts
to enable personalized CT imaging with the assistance
of an MLLM. This approach facilitates both patient-
and scanning-level personalization, with extensive results
demonstrating that incorporating physical prior signifi-
cantly improves performance and effectively mitigates het-
erogeneity. Additionally, we propose a novel strategy,
PVQS, to quantize protocol codes and maintain robust per-
formance on unseen protocols. PVQS leverages known pro-
tocol codes to prevent latent collapse when encountering
significantly different unseen protocols. In future work, we
aim to develop a general FL framework for medical imag-
ing that can support both CT and MRI denoising, which we
believe holds promising potential.
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