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Abstract. All-in-One medical image restoration (MedIR) aims to ad-
dress diverse tasks across modalities and degradation types using a single
universal model. Existing methods typically prioritize modeling inter-
task heterogeneity (e.g., distinct data distributions and degradation types).
However, they largely neglect the inherent homogeneity present in med-
ical images, such as widely shared anatomical structures within and
across modalities, which can be leveraged to ease model training and
improve generalization. To this end, we propose UniH?, a novel frame-
work that Unifies Hierarchical Homogeneity and Heterogeneity for all-
in-one medical image restoration. Specifically, to comprehensively exploit
homogeneity, we introduce a Hierarchical Homogeneity Memory (H2M)
module that progressively distills intra- and inter-task homogeneity pri-
ors from high-quality images during training, and adaptively retrieves the
most relevant priors tailored to the input for guided restoration. These
retrieved priors are then injected into the restoration pipeline via an ef-
ficient Homogeneity-Guided Attention (HGA) mechanism. Furthermore,
to comprehensively address heterogeneity, we design a Hierarchical Het-
erogeneity Balancer (H2B) that mitigates both inter- and intra-task con-
flicts during optimization, facilitating balanced and effective multi-task
learning. Extensive experiments on two large-scale benchmarks—MedIR-
2D-500K and MedIR-3D-3K—demonstrate that UniH® achieves state-
of-the-art performance on both all-in-one and single-task medical image
restoration. We hope this work establishes a strong benchmark and ad-
vances the development of general-purpose medical image restoration
models. Code is available at https://github.com/Yaziwel/UniH3.
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1 Introduction

Medical image restoration (MedIR) aims to recover a high-quality (HQ) image
from a degraded low-quality (LQ) acquisition. Since each medical image modal-
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ity (e.g., PET, CT, MRI) operates under distinct physical principles and is often
studied independently, most MedIR research has focused on a single-task setting,
in which researchers train specialized models to address the primary degrada-
tion introduced by the imaging physics of each modality. Typical MedIR includes
PET image denoising [56},/67,68,[77], CT image denoising [540,51], MRI image
super-resolution [9,/25,/45/[53]. Despite their success in specific scenarios, single-
task models have limited practicality for two main reasons. First, in complex
scenarios where multiple MedIR tasks coexist (e.g., multimodal PET/CT and
PET /MRI), single-task models trained for one task often underperform on oth-
ers. Moreover, training separate models for each task leads to inefficiencies in
both deployment and maintenance. Second, the single-task paradigm hinders
progress toward more general intelligence in MedIR. These limitations motivate
interest in a universal model that can handle diverse MedIR tasks.

Recent advances in computer vision have fostered the emergence of All-in-
One restoration frameworks [8,|11}/32}/42,|48,(63}66]. Pioneering research in the
medical domain [4,[8/63,/66], particularly the first work on AMIR [63|, has es-
tablished the feasibility of unified modeling for MedIR. To manage diverse tasks
within a single model, existing approaches predominantly focus on modeling
task heterogeneity—that is, distinguishing between tasks to apply specialized
processing. Techniques such as contrastive learning |32], degradation classifica-
tion [23], visual prompting |42, and mixture-of-experts (MoE) [63}/69] are widely
employed to distinguish between tasks.

However, we argue that current All-in-One methods suffer from two critical
limitations. First, they largely overlook the inherent homogeneity of medical im-
ages. Compared with natural images, medical images from different modalities
and tasks often exhibit more consistent anatomical structures and share stronger
biological priors. Neglecting this shared knowledge prevents models from exploit-
ing cross-task synergies, thereby increasing the difficulty of learning as the num-
ber of tasks grows. Second, regarding heterogeneity, existing methods typically
address only inter-task differences (e.g., different degradation types or modal-
ities) while ignoring intra-task variations (e.g., variations caused by different
scanners, centers, or patient demographics). This coarse-grained approach fails
to resolve optimization conflicts that arise from subtle intra-task distribution
shifts. Therefore, it is imperative to simultaneously model both homogeneity
and heterogeneity at a hierarchical level (inter- and intra-task) to achieve robust
and effective All-in-One MedIR.

To address these challenges, we propose UniH?3, a novel framework that
Unifies Hierarchical Homogeneity and Heterogeneity for All-in-One medical im-
age restoration. On the one hand, to fully exploit shared knowledge, we introduce
a Hierarchical Homogeneity Memory (H?M) module. This module progressively
distills both inter- and intra-task priors from HQ images into a memory bank
during training. During inference, it adaptively retrieves the most relevant struc-
tural priors tailored to the input, which are then injected into the network via
an efficient Homogeneity-Guided Attention (HGA) mechanism to guide restora-
tion. On the other hand, to manage task conflicts comprehensively, we design a
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Hierarchical Heterogeneity Balancer (H?B). Unlike traditional weighting strate-
gies |27,58| that only balance loss functions at the task level, H2B dynamically
mitigates optimization conflicts at both inter- and intra-task levels, ensuring
balanced convergence across diverse data distributions. Finally, to validate the
effectiveness of UniH3, we construct a benchmark comprising two large-scale
datasets: MedIR-2D-500K, containing 509,200 2D image pairs across seven 2D
MedIR tasks, and MedIR-3D-3K, containing 3,522 3D volume pairs across three
3D MedIR tasks. Extensive experiments on this benchmark indicate that UniH?
achieves state-of-the-art (SOTA) performance in both all-in-one and single-task
medical image restoration.
In summary, our contributions are as follows:

— We propose UniH3, a novel framework that simultaneously models hierar-
chical inter- and intra-task homogeneity and heterogeneity for effective all-
in-one medical image restoration.

— We present a Hierarchical Homogeneity Memory (H?M) module that can
adaptively distill and retrieve homogeneity priors to guide the restoration
process. Additionally, an efficient Homogeneity-Guided Attention (HGA)
mechanism is introduced to fully exploit the retrieved prior for guided restora-
tion.

— We develop a Hierarchical Heterogeneity Balancer (H?B), which achieves
fine-grained task balancing by resolving optimization conflicts arising from
both inter-task distinctions and intra-task variations.

2 Related Work

Single-Task Medical Image Restoration. Because different medical imaging
modalities are typically studied independently, most MedIR research focuses on
single-task problems that address the primary degradations encountered in each
modality. Typical MedIR tasks include PET image denoising [56,/67,68,77], CT
denoising [5,40L[51], MRI super-resolution [9,25.53|, X-ray denoising [47], OCT
denoising |13|, ultrasound denoising [2]|, and pathology image super-resolution
[31]. With the development of deep learning—especially recent advances in net-
work architectures such as convolutional neural networks (CNNs) [530], Trans-
formers [50})64], Mamba |18//40], and RWKV [41})65]—single-task MedIR methods
have made substantial progress. However, these single-task models often suffer
large performance drops when applied to other MedIR tasks, which limits their
practical applicability in broader contexts such as multi-modal imaging scenar-
ios.

All-in-One Medical Image Restoration. All-in-One image restoration |[8|
11}[32,1421 148,63} [66]. aims to address multiple degradation types and modali-
ties using a single unified model. Early attempts in computer vision, such as
TransWeather [48], relied on task-specific encoder-decoder heads to handle dis-
tinct weather conditions, inevitably increasing parameter counts as tasks mul-
tiplied. To achieve parameter-efficient unified modeling, AirNet [32] introduced
a contrastive learning approach to generate task-specific latent representations,
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Fig. 1: The framework of UniH?.

which serve as prompts to guide a shared restoration network. This prompt-
based paradigm has become the dominant strategy, with subsequent methods
like PromptIR , AdalR , and others proposing various mecha-
nisms to learn and inject discriminative prompts for effective task adaptation.
In the medical domain, research on All-in-One frameworks is still in its nascent
stage . AMIR represents a pioneering effort, utilizing a mixture-
of-experts strategy to adapt to three specific medical restoration tasks. While
these methods have successfully demonstrated the feasibility of unified restora-
tion, they predominantly focus on modeling inter-task heterogeneity—i.e., dis-
tinguishing between different tasks to apply specific processing. Consequently,
they largely neglect two critical aspects: the inherent homogeneity of anatomi-
cal structures shared across medical modalities, and the fine-grained intra-task
heterogeneity arising from variations in scanners and protocols. In contrast, our
work formulates a hierarchical learning paradigm that jointly models intra- and
inter-task homogeneity and heterogeneity, offering a unified perspective for all-
in-one MedIR.

3 Method

Fig. [1] illustrates the UniH? pipeline for all-in-one medical image restoration.
UniH? comprises three main components: a U-shaped restoration backbone (see
Fig.|1| (a)) responsible for the basic feature extraction and reconstruction, a Hi-
erarchical Homogeneity Memory (H2M, Fig. [1| (b)) module that employs both
intra- and inter-task homogeneity priors to guide the restoration, and a Hierar-
chical Heterogeneity Balancer (H?B, see Fig. [1| (c)) addresses intra- and inter-
task heterogeneity by dynamically balancing task relationships during training.
Given a LQ input image IXQ ¢ R*Wx1 UniH?3 first applies a 3 X 3 convo-
lutional input projection to produce shallow features I° € RH*WxC  where
H x W denotes the spatial dimensions and C' the number of channels. I° is
then processed by a 4-level asymmetric encoder—decoder and transformed into
deep features IP? € REXWXC Each encoder-decoder level contains multiple
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Homogeneity-Guided Transformer Blocks (HGATBs, see Fig. [1| (a)) that extract
features under the guidance of H?M-generated priors. Considering that both
global and local information are important for medical image restoration |19,65],
each HGATB contains two consecutive transformer-layer variants: the first re-
places standard self-attention [14] with a Homogeneity-Guided Attention (HGA)
to model global interactions, and the second replaces self-attention with a convo-
lution plus Squeeze-and-Excitation (SE) [24] layer to capture local interactions.
Finally, I? is projected to a residual image I € RF*WX1 by a 3 x 3 con-
volution, and the restored HQ output is obtained via the residual connection
ITHQ — JLQ 4 TR We next introduce our core innovations: the H2M module

(Sec. , the HGA mechanism (Sec. , and the H?B strategy (Sec. .

3.1 Hierarchical Homogeneity Memory

We propose the Hierarchical Homogeneity Memory (H2M) to alleviate the esca-
lating learning difficulty associated with the growing number of restoration tasks
and imaging domains. Drawing inspiration from multi-task learning [3|, which
leverages shared knowledge to reduce learning burdens and accelerate conver-
gence, we observe that HQ medical images exhibit rich homogeneous priors at
two hierarchical levels: intra-task homogeneity (i.e., consistent anatomical
structures among varying patients within the same modality) and inter-task
homogeneity (i.e., shared structured representations of the human anatomy
across different imaging modalities). To explicitly model these hierarchical prop-
erties, H2M establishes two structurally symmetric components: a memory bank
M € RTHTDLXC" 4nq a learnable prototype matrix P € RT+DEXC Both are
organized into T task-specific slots and one task-shared slot (each length of L),
as illustrated in Fig.[2] While M is updated via momentum to store distilled HQ
anatomical priors, P is a set of learnable parameters that serves as an address-
ing mechanism, learning how to optimally store and retrieve information from
M. The H2M mechanism operates in two phases: Homogeneity Distillation and
Homogeneity Retrieval.

Homogeneity Distillation. To acquire compact homogeneity priors that fa-
cilitate all-in-one restoration, we distill clean anatomical structures from HQ
medical images and progressively archive them into M using an Exponential
Moving Average (EMA) during training. Concretely, we project paired LQ-HQ
images 179, TH® to the target resolution via pixel-unshuffle downsampling fol-
lowed by a 3 x 3 convolution, obtaining paired features FLQ FH® ¢ RH'W'xC",
A learnable prototype P € REXC" with the length of L is then used to query
and aggregate crucial HQ priors from FH? through cross-attention:

T

. QK
CrossAttention(Q, K, V') = Softmax

(@.K.V) =

VH® = CrossAttention(P, FLQ FHQ), (2)

where VHQ ¢ RT+DLxC" This operation allows P to learn which HQ features
are most representative of the clean anatomical structures. Based on the current

)V (1)
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task index, we select features V5% € REXC" and V5P € RL*XC" from VHQ,
which are correspondingly stored into the task-shared slot (to store inter-task
homogeneity prior) and task-specific slot (to store intra-task homogeneity prior)
of M via an EMA strategy:

Mgy sp < aMgp sy + (1 — a)VSh/se, (3)

where « is the momentum coefficient, and Mgy, /5, denotes the corresponding
shared or specific slots in M. Initialized as zero, M gradually accumulates gener-
alized intra- and inter-task homogeneity priors from continuous training batches.
Note that this distillation procedure (indicated by dashed red arrows in Fig.
is performed only during training and discarded at test time.

Homogeneity Retrieval. Once the hierarchical memory M is updated, we
retrieve clean homogeneity priors V' tailored to the LQ input by using the LQ
feature FLQ as a query to retrieve the relevant clean prior from the memory M
via cross attention:

VH = CrossAttention(FL9, P, M), (4)

where VH € RE'W'XC" ig the retrieved homogeneity prior. The red arrows in
Fig. [2illustrate the HQ information flow from I”? through M into the resulting
homogeneity prior V. Because the obtained V# is derived from the distilled
HQ memory, it is well-suited to compensate for degraded or missing anatomical
information in the LQ features.

To facilitate multi-scale guidance, UniH? incorporates four H?M modules
(see Fig. [[{b)) at different levels of the U-shaped restoration backbone so that
the retrieved homogeneity priors provide effective restoration guidance across
multiple resolutions.

3.2 Homogeneity-Guided Attention

To guide the restoration process using homogeneity priors, we propose a novel
Homogeneity-Guided Attention (HGA) mechanism. Existing methods typically
incorporate restoration guidance via Spatial Feature Transformations (SFT) [55]
or cross-attention [11], which treat the LQ features as the basis and the guidance
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features as supplementary. In contrast, HGA fundamentally shifts the learning
paradigm: it anchors the learning starting point on the HQ homogeneity priors
rather than the degraded LQ features, thereby substantially reducing the learn-
ing difficulty and facilitate model convergence. The design of HGA is detailed
below.

HGA is highly flexible and can be implemented on either standard self-
attention or transposed self-attention. For clarity of exposition, we formulate
it here using standard self-attention. Let the query, key, and value be Q, K,V €
RA'W'XC" " the conventional self-attention output V,C is

QKT
el

To incorporate guidance from the homogeneity prior V#, a straightforward
variant is to complement the LQ value V with clean V¥ by direct addition:

VP = AV + V) = AV + AVH, (6)

VP = AV, A= Softmax( ). (5)

In Eq. @ the attention mechanism treats V and V# symmetrically. However,
the homogeneity prior V' contains higher-fidelity information than the degraded
observation V, the attention mechanism should preferentially exploit the more
reliable V. To encourage such a preference, we introduce a second variant that
biases attention away from the LQ value V' and toward the homogeneity prior
VH by adding identity-based terms to the attention map A:

VP =(A-I)V+(A+DVH

=AWV +VEY L VHE v,

where I denotes the identity matrix. The +1 terms increase the self-contribution
of VH while reducing that of V. V+V# denotes the mixed value, and VH —V acts
as a preference bias that reinforces more reliance on the homogeneity prior V.

To stabilize training and increase model expressivity, the final HGA mechanism is
obtained by applying channel-wise learnable weighting parameters Ay, Ao € RS :

(7)

VO =Al1 =MV + MV + 0 (VE — V). (8)
When Ay = Ay = 0, the HGA reduces to the conventional self-attention. The
self-attention-based HGA in Eq. 8 has an analogous form to transposed self-
attention (see supplement). Our proposed UniH® adopts the HGA based on
transposed self-attention following Restormer [70]. Fig. [3] illustrates the HGA
formulation, which augments attention with simple addition and subtraction
operations on the value.

3.3 Hierarchical Heterogeneity Balancer

We propose a Hierarchical Heterogeneity Balancer (H?B) to mitigate inter- and
intra-task heterogeneity across diverse MedIR tasks during the optimization pro-
cess. Heterogeneity among tasks induces gradient conflicts that create an imbal-
ance in optimization: some tasks dominate training while others remain under-
trained. Previous work in multi-task learning [27] and all-in-one natural image
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restoration |58 has shown that uncertainty-based loss balancing is a good way of
addressing inter-task heterogeneity by dynamically scaling different task losses
for a reasonable optimization route:

T
1 1
- = § (t)
Lug = T (2 tQ‘Crec + log Ut> s (9)

ag
t=1

where T' denotes the number of tasks, ,CSQC denotes the reconstruction loss, and
1

ot is a learnable scalar that estimates task-level uncertainty. The factor 307
adaptively rescales each task’s contribution while the log o, term regularizes the
scaling. When ﬁgte)c increases and tends to dominate the total loss, o; increases to
attenuate its contribution, and vice versa. However, this uncertainty balancing
is too coarse: a single scalar o; per-task cannot capture intra-task heterogeneity
(e.g., scanner /center/anatomy variations), so hard samples still remain insuffi-
ciently handled. We therefore introduce a hierarchical uncertainty model. For
task ¢ and sample s we define the total uncertainty oy s as the sum of a global

task term o; and a sample-specific correction Acg:
Ots = 0 + Ao, (10)

where t indexes tasks and s indexes samples. oy is still a learnable scalar for
each task while Ao is predicted by a lightweight Uncertainty Estimation Block
(UEB, see Fig. [I|(c)) conditioned on sample-specific signals:

Ao, = UEB (Concat[IsLQ, sg(1HQ), IfQ}) , (11)

where IL? is the LQ input for sample s, fo is the model prediction, IZ% is
the HQ ground truth, and sg(-) denotes stop-gradient to decouple loss balancing
from restoration model optimization. The H?B loss then aggregates per-task and
per-sample contributions as:

T S
1 1 .
Lyzg = TS ZZ (202 L) +log Ut,s) . (12)

t,s

where S is the batch size. H2B retains the theoretical foundation of standard
uncertainty-based balancing [27] while refining it to capture uncertainty at two
hierarchical levels: a task-level term o; to effectively mitigate inter-task hetero-
geneity, and a sample-level correction Ao, to mitigate intra-task heterogeneity.

4 Experiments

We conduct experiments under two settings, All-in-One and Single-Task, for
both 2D and 3D MedIR tasks. In the All-in-One setting, a single universal model
is trained to address multiple MedIR tasks within either the 2D or 3D domain.
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Table 1: Overview of the MedIR-2D-500K and MedIR-3D-3K datasets.

Dataset Dimension Modality Training Testing Total Data Source
PET 77,000 8,600 85,600 |61}, Private
CT 64,000 8,100 72,100  |37/]38| , Private
MRI 75,000 8,400 83,400 136149/
X-ray 108,000 11,600 119,600 |10}j43|[52][54]

MedIR-2D-500K 2D oCT 32,000 3,600 35,600 [16/[17][33]

Ultrasound 56,000 5,800 61,800  [20][22]29][39]62]
Pathology 46,000 5,100 51,100 [1][T2][15]28][44]46]
Total 458,000 51,200 509,200 -

PET 1388 156 1514 [61], Private
cT 258 30 288 [37]B8], Private
MedIR-3D-3K 3D MRI 1520 170 1,690 [36]49]

Total 3,166 356 3,522 -

In the Single-Task setting, separate models are trained for each MedIR task. We
first describe the experimental setup, including datasets, implementation details,
and evaluation. We then present comparative results in Sec. and Sec.
and ablation studies in Sec.

Datasets. Most existing MedIR datasets are limited in size and narrowly tai-
lored to specific tasks and modalities. To promote the development of general-
purpose MedIR methods, we organize publicly available datasets together with
private collections into two datasets, as summarized in Tab. [} (i) MedIR-2D-
500K comprises 509,200 2D LQ-HQ image pairs across seven distinct 2D MedIR
tasks: PET image denoising, CT image denoising, MRI image super-resolution,
X-ray image denoising, OCT image denoising, ultrasound image denoising, and
pathological image super-resolution. (ii) MedIR-3D-3K includes 3,522 3D LQ-
HQ volume pairs covering three 3D MedIR tasks: PET image denoising, CT
image denoising, and MRI image super-resolution. We expect these two datasets
to serve as a useful benchmark for advancing general-purpose MedIR research.
More detailed descriptions are shown in the supplement.

Implementation. For the UniH® architecture, the number of HGATBs are
Ny =2, Ny = N3 = 3, and Ny = 4. The input channel dimension is C = 48.
For the H2M module, we set the the number of tasks 7" = 7, memory length
L = 128 and EMA coefficient o« = 0.99. During training we use patches of size
128 x 128 with a batch size of 14. The reconstruction loss L,.. is defined as the
L1 loss. The model is optimized using Muon optimizer [35] for 6 x 10° iterations,
with an initial learning rate 3 x 10~% and annealed to 1 x 107 using a cosine
schedule. To support 3D MedIR, we introduce a 3D variant, UniH3-3D, obtained
by replacing each module in UniH? with its 3D counterpart. For UniH3-3D, the
HGATB numbers are Ny = No = 1 and N3 = Ny = 5, the input channel
number is C' = 16, and the init learning rate is set as 5 x 107°. The patch size
is 64 x 64 x 64 and the batch size is 6. All other settings are identical to the
original UniH3.
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Table 2: All-in-one MedIR comparison results on the MedIR-2D-500K dataset.

PET cT MRI X-ray oct Ultrasound ___ Pathology Average
PSNRT S5IM7 PSNRT SSIMT PSNRT 5SIMT PSNRT SSIMT PSNRT SSIMT PSNRT SSIMT PSNRT SSIMT PSNRT SSIMT

187.93 4424 0.9866 09338 3844 09453 3587 09275 3570 08892 27.52 08089 2835 0.7941  36.18 0.8979

21.42 4451 0.9874 0.9356  39.01 09507  36.59 0.9353 0.8908  27.61 08135 2855 0.8011 3651  0.9020
35.21 4447 0.9873 09353 39.05 09515 3646 09335 3584 08909 27.66 08138 2853 0.8006 36.49 0.9018
15.74 4440 0.9871 0.9346 3890 09502 3633 0.9326 3582 0.8905 27.59 0.8131 2849 0.7995 3641 0.9011
37.46 4445 0.9872 09352 39.05 09514 3646 09333 3584 08909 27.68 0.8149 0.8011 3650 0.9020
34.35 44.50  0.9873 0.9355  39.07  0.9517  36.57 0.9341  35.83  0.8904 69 0.8146 0.8004 0.9020
1.55 43.73 0.9846 0.9217  37.62 35.28  0.9221 2 0.8699 0.8011 0.7874 0.8886,
230.48 4432 0.9868 09348 38.81 36.38 09322 3577  0.8900 0.8127 0.7981 0.9005
9.92 43.62  0.9841 0.9281  37.24 3406 0.9085 3546 0.8862 0.7993 0.7830 0.8885
3176 4449 0.9873 0.9356  39.09 3647 09333 3589 0.8914 0.8150 0.8019 0.9023
39.49 4452 0.9874 0. 39.13 36.57  0.9341 3581  0.8909 0.8152 0.8006 0.9023
36.74 4455 0.9875 0.9 39.17 36.60 09344 3586 08915  27.69 0.8150 0.8015 3656 0.9026
26.33 44.89 0.9883 0.9368  39.55 36.88 0.9368 35.96 0.8921 27.80 0.8179 0.8035 36.77 0.9045

Table 3: Single-task MedIR comparison results on the MedIR-2D-500K dataset.

PET RI X-ray oct Ultrasound ___ Pathology Average
#Params (M) FLOPs (G) p3xRySSTviT PSNRT SSTMT PSNRT SSTMT PSNRT SSTMT PSNRT SSIVT PSNRT SSIMT PSNRT SSIMT PSNRT SSIVT

4408 09860 4353 0.9358  39.19 09529  36.30 0.9308 3580 0.8904 27.68 08143 2850 07993  36.44  0.9014
4461 09876 4354 09362 3921 09526 36.61 09363 3591 08915 27.64 08151 2858 08022 3659 0.9031
44.90  0.9883  43.64 09369 3944 09554  36.71 09359 3597 0.8921 27.76 0.8164 2863 0.8038 36.72 0.9041
4474 09880 4355 09362 3929 09540 3648 09343 3593 08919 27.67 08139 2858 08024 3661 0.9030
4493 09884 4364 09369  39.57 09565 36.77 0.9359  35.97 0.8923 0.8168  28.62 0.8036  36.75 0.9043
4493 09883 4355 09363 3959 09568 3677 09363 3599 0.8923 0.8178 2864 08041 36.75 0.9046
45.11 0.9889 43.77 0.9376 39.78 0.9584 37.05 0.9384 36.04 0.8929 27.86 0.8192 28.69 0.8050 36.90 0.9058

Method

UniH? (Ours

CcT PET

RI

Ultrasound oCT X-ray Mi

Pathology

LQ La TransWeather AirNet DRMC AMIR PromptiR AdalR UniH? HQ

Fig. 4: Visual comparison of methods for all-in-one medical image restoration on the
MedIR-2D-500K dataset.

Evaluation. To quantitatively assess image quality, we employ the widely used
PSNR and SSIM metrics. In the reported tables, the highest and second-highest
scores are indicated in red and blue, respectively.
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Table 4: 3D all-in-one MedIR results on Table 5: 3D single-task MedIR results on

the MedIR-3D-3K dataset. the MedIR-3D-3K dataset.

Method MRI Average Method PET CcT MRI Average
PSNRT SSIM] PSNR] SSIM] PSNR{] SSIM] PSNRT SSIMT PSNRT SSIMT PSNRT SSIMT PSNRT SSIMT PSNRT SSIMT
3D-cGAN. m 48.22  0.9937 4082 0.9320 3857 0.9489 4254 0.9582 3D-cGAN. m 4847 0.9944 40.86  0.9309 38.76  0.9510 42.70  0.9588
MRD! Iﬂ 48.68  0.9943 42.86  0.9388 38.93  0.9519 43.49  0.9617 MRDG @ 48.40  0.9942 43.14 0.9395 39.34 09570 43.63  0.9636
DRMC 48.58  0.9933 43.33 09391 38.81  0.9514 43.57  0.9613 DRMC 168] 48.76  0.9947 43.60  0.9404 3898  0.9540 43.78  0.9630
Spach Tran 48.91  0.9949 4221 0.9380 39.04 09542 43.39  0.9624 Spach Tr: 4871 0.9946 43.57  0.9409 39.16  0.9546 43.81  0.9634
Restore-RWKV-3D 19.08  0.9951 13.35 0.9402 39.43 0.9578 43.95  0.9644 Restore-RW] -3D m 18.67  0.9945 4248 0.9375 39.15  0.9551 43.43  0.9624
UniH*-3D (Ours 49.43 0.9955 44.05 0.9429 40.03 0.9637 44.50 0.9674 UniH*-3D (Ours, 49.77 0.9958 45.37 0.9448 40.73 0.9689 45.29 0.9698

Table 6: Performance of H2P and H?B on different backbones on the MedIR-2D-500K
dataset. t denotes applying H?P and H?B to the corresponding backbone.

" . o PET CT MRI X-ray oCT Ultrasound Pathology Average
Method 4 Params (M) FLOPs (G) pgNprssINT PSNRT SSIMT PSNRT SSIMT PSNRT SSIMT PSNRT SSIMT PSNRT SSIMT PSNRT SSIMT PSNET SSIMT

Uformer 50.47 21.42 4451 09874 4345 09356 39.01 09507 3659 09353 3584 08908 27.61 08135 2855 08011 36.51 0.9021

Uformer t 53.15 22.10 44.80 0.9880 43.59 0.9363 39.39 36.74 35.94 0.8918 27.72 0.8155 28.57 0.8022 36.68 0.9034
Restormer 26.12 35.21 4447 09873 4344 09333 39.05 0.8909 27.66 08138 2853 0.8006 36.49 0.9018
Restormer { 27.56 35.83 44.78 0.9880 43.58 0.9362 39.37 3 0.8919 27.73 0.8159 28.60 0.8027 36.67 0.9035
PromptIR 35.59 39.49 4152 09874 4348 0935  39.13 08909 27.69 08152 2854 0.8006 36.54 0.9023

PromptIR t 36.15 40.68 44.85 0.9882 43.62 0.9366  39.40 0.9551 0.8919 27.75 0.8165 28.59 0.8024 36.70 0.9039
AdalR 2876 36.71 1455 09875 4349 09356 39.17  0.9527 08915 27.69 08150 2856 0.8015  36.56 0.9026
AdalR { 29.77 37.37 44.93 0.9884 43.64 0.9367 39.53 0.9563 0.8920 27.76 0.8165 28.61 0.8027 36.75 0.9041
Baseline 27.17 2550 4152 09874 4347 09355 39.10 09521 09330 3588 08914 27.65 08149 2857 08018 36.52 0.9023

UniH® (Ours) 28.96 26.33 44.89 0.9883 43.65 0.9368 39.55 0.9564 0.9368 35.96 0.8921 27.80 0.8179 28.63 0.8035 36.77 0.9045

Table 7: Component analysis. Table 8: Ablation studies on HGA.
H’M H’B #Params (M) FLOPs (G) PSNRT SSIMT Method #Params (M) FLOPs (G) PSNRT SSIM{
27.17 25.50 36.52  0.9023 w/o HGA 27.17 25.50 3652 0.9023
v 28.96 26.33 36.66  0.9034 SFT 37.46 36.99 36.74  0.9041
v 27.17 25.50 36.64  0.9033 Cross Attention 29.60 27.43 36.67  0.9035
v v 28.96 26.33 36.77 0.9045 HGA (Ours) 28.96 26.33 36.77 0.9045

4.1 All-in-One MedIR Results

2D All-in-One MedIR. We evaluate the 2D All-in-One setting on the MedIR-
2D-500K dataset. We compare it to several general image-restoration methods
(SwinlR , Uformer , Restormer , NAFNet @7 Restore-RWKV ,
and MambalR ) and to SOTA all-in-one approaches (TransWeather ,
AirNet [32], DRMC [68], AMIR [63], PromptIR [42], and AdalR [11]). Tab.
shows that UniH? achieves both high efficiency and strong effectiveness. It signif-
icantly outperforms all comparison methods across all seven tasks. On average,
UniH? surpasses the second-best AdalR by 0.21 dB in PSNR, which is an ap-
preciable improvement given that each of the seven task contains thousands of
testing images. Visual comparison in Fig. |4| demonstrates that UniH® best re-
stores different types of medical images with higher structural fidelity and finer
detail than competing methods.

3D All-in-One MedIR. We assess the UniH3-3D in the 3D All-in-One setting
on the MedIR-3D-3K dataset. We compare it with several SOTA 3D restora-
tion methods, including 3D-cGAN [56], MRDG , DRMC , Spach Trans-
former , and Restore-RWKV-3D [65]. Tab. [4] shows that UniH? significantly
outperforms all comparison methods across the three 3D MedIR tasks. In par-
ticular, UniH3-3D exceeds the second-best Restore-RWKV-3D by an average
margin of 0.56 dB in PSNR. Visual comparisons are shown in the supplement.
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Table 9: Ablation studies on H2M. Table 10: Ablation studies on H?B.

Inter-task Intra-task Inter-task Intra-task

. o #P: M) FLOPs (G) PSNRT SSIM < ¥ s ]
Homogeneity Homogeneity 7 1 2r2ms (M) s (G) d i Heterogeneity Heterogeneity 7 ¢ 212ms (M) FLOPs (G) PSNRT SSIMT

28.96 26.33 36.52  0.9023 28.96 26.33 36.66  0.9034

v 28.96 26.33 36.61  0.9031 v 28.96 26.33 36.70  0.9036
v 28.96 26.33 36.72  0.9038 v 28.96 26.33 36.73  0.9041

v v 28.96 26.33 36.77 0.9045 v v 28.96 26.33 36.77 0.9045

4.2 Single-Task MedIR Results

2D Single-Task MedIR. We evaluate UniH? for 2D single-task MedIR on the
MedIR-2D-500K dataset, comparing it to five general image restoration methods.
As shown in Tab. |3} UniH? significantly outperforms all comparison methods. On
average across seven tasks, UniH? improves PSNR by 0.15 dB over the second-
best MambalR.

3D Single-Task MedIR. We evaluate 3D single-task MedIR on the MedIR-
3D-3K dataset and compare UniH3-3D to five SOTA 3D restoration methods.
As shown in Tab. [5] UniH3-3D beats all comparison methods. In particular, it
improves average PSNR by 1.48 dB over the second-best Spach Transformer [26|
across the three tasks.

4.3 Ablation Studies

To evaluate the effectiveness of individual components, we conduct ablation ex-
periments on the 2D All-in-One MedIR task with the MedIR-2D-500K dataset.
Component Analysis of H?M and H?B. We first perform a component
analysis of the HXM module and the H2B strategy by selectively disabling each
component. To disable H2M, we remove the H2M module and replace the HGA
mechanism with a transposed self-attention layer [70]. The H?B is disabled by
substituting the loss term L2 with an L; loss. Table[7]shows that both compo-
nents improve model performance with minimal increase in computational cost.
This finding is further supported by the visual comparison in Fig. [f] where both
components contribute to better preservation of image details. Moreover, we
apply the H2M module and H?B strategy to other Transformer-based U-shaped
backbones, including Uformer, Restormer, PromptIR, and AdalR. Results in the
Tab. [6] demonstrate significant improvements across all these backbones.

Ablation Studies on H?M. We investigate the effectiveness of both inter- and
intra-task homogeneity priors in H?M by selectively disabling the task-specific
and task-shared slots in M. By replacing these slots with naive learnable parame-
ters—thus isolating them from the HQ Homogeneity Distillation procedure—we
observe a drop in performance in Tab. )] Results indicate that both priors in-
dependently benefit the restoration process, and their combination achieves the
best performance. To further understand the internal mechanics of H2M, Fig. |§|
visualizes the retrieval attention maps for PET and CT tokens. The distribu-
tions confirm that tokens primarily query the task-shared slot and their specific
modality slot. Furthermore, attention maps reflect clear semantic correlations:
anatomically similar tokens within the same modality share highly similar query
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patterns (8/10 top-score overlap for two PET spine tokens), and cross-modality
similarities are also captured (2/10 overlap for PET and CT spine tokens). In
contrast, dissimilar anatomies exhibit distinct query patterns (0/10 overlap for
PET spine and lesion tokens). This provides strong visual evidence that H2M
successfully maps, stores, and retrieves hierarchical anatomical priors.

Ablation Studies on HGA. We validate the impact of HGA by replacing it
with alternative guiding mechanisms, including Spatial Feature Transform (SFT)
and cross attention . Tab. [§| shows that the proposed HGA performs the
best with minimal computation and parameter increase.

Ablation Studies on H2B. We validate the roles of intra- and inter-task het-
erogeneity in H?B in Tab. The results indicate that mitigating both levels
of heterogeneity improves overall restoration performance, with their joint opti-
mization achieving the best results. In Fig. [7] we visualize the estimated uncer-
tainty distributions. While the conventional Lypg estimates an uncertainty o
per task and therefore handles only inter-task heterogeneity, our proposed L2
estimates uncertainty oy s at both the task and the sample level: each sample
receives its own uncertainty while each task exhibits a distinct uncertainty dis-
tribution. This enables our L2 to capture finer-grained relationships, i.e., both
inter-task and intra-task heterogeneity, facilitating convergence toward a more
optimal solution for diverse MedIR tasks.
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5 Discussion and Limitation

All-in-one medical image restoration is an emerging research field. The practical
value of all-in-one models remains under active discussion. In this paper, ex-
periments on a large-scale dataset show that a single all-in-one model, UniH?,
already achieves comparable performance to SOTA single-task MambalR models
across seven MedIR tasks (see Fig. . This result strongly supports the prac-
ticality of developing all-in-one models instead of separate single-task models
for MedIR tasks. Additionally, by fine-tuning the well-trained all-in-one UniH?
model for each task, we are able to transfer its learned knowledge to individ-
ual tasks and achieve further improvements (also shown in Fig. , indicating
that the all-in-one model can serve as a transferable pretrained backbone. Our
study has limitations: we focus only on the primary restoration task within each
modality and therefore do not cover other tasks or degradation types that may
occur in the same modality. Future work should address these gaps and pursue
more universal MedIR models to benefit clinical diagnosis and more downstream
tasks [7L121L594|60L|71H76].

6 Conclusion

In this paper, we have presented UniH?, a novel and unified framework for all-in-
one MedIR. By moving beyond the conventional focus on inter-task heterogene-
ity, UniH? effectively models the hierarchical homogeneity and heterogeneity
across diverse MedIR tasks. The integration of the Hierarchical Homogeneity
Memory (H2M) module and the Homogeneity-Guided Attention (HGA) mech-
anism allows the model to distill and utilize inter- and intra-task homogeneity
priors to guide the restoration process. Simultaneously, the Hierarchical Hetero-
geneity Balancer (H?B) ensures a stable and balanced multi-task learning pro-
cess by mitigating both inter- and intra-task heterogeneity. Extensive evaluations
on the large-scale MedIR-2D-500K and MedIR-3D-3K benchmarks demonstrate
that UniH? significantly outperforms existing methods, achieving state-of-the-
art performance in both all-in-one and single-task scenarios. In future work, we
plan to expand the task spectrum by incorporating additional modalities and
degradation types, moving toward more general MedIR models.
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