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Abstract. All-in-one medical image restoration (MedIR) recoveries di-
verse degraded multimodal medical images with a single model, im-
proving efficiency and deployment. However, its performance is often
hindered by cross-modality task interference and optimization imbal-
ance across tasks. To address these challenges, We propose a Dual-Scale
Conditioned Evolving Network (DSCE-Net) with balanced optimization
for task-adaptive restoration across multiple modalities and degrada-
tions, which dynamically evolves its parameters and feature represen-
tations during training to accommodate the varying complexities of dif-
ferent tasks. Specifically, we introduce a frequency-prompt-conditioned
dynamic convolution that leverages a learnable prototype kernel bank
to generate sample- and spatiallly-adaptive kernels, enabling effective
modeling of both globally consistent and locally heterogeneous degra-
dations across tasks and therefore reducing task-specific representation
interference. In addition, we develop a progressive reweighting strategy
that jointly considers update strength and convergence pace to allevi-
ate optimization imbalance. Extensive experiments show that DSCE-Net
consistently outperforms mainstream all-in-one models on multi-modal,
multi-task MedIR benchmarks, demonstrating its effectiveness and su-
periority. Code is available at XuLinHuu/DSCE-Net, .

Keywords: All-In-One - Medical image restoration - Frequency prompt
- Dynamic Convolution - Optimization balancing.

1 Introduction

All-in-one medical image restoration (MedIR) [30/29/27|TI28] intends to address
multiple restoration tasks within a single model, enabling the simultaneous re-
covery of high-quality (HQ) medical images from their degraded low-quality
(LQ) counterparts. Unlike conventional MedIR approaches that target individ-
ual tasks, such as MRI super-resolution [2IJT6JT3IR], CT denoising [2I7/26/3213T],
or PET image synthesis[I7JT0IT9/T4], all-in-one MedIR offers a versatile solution
for complex clinical scenarios. It improves parameter efficiency and simplifies
training and deployment. However, building a robust all-in-one MedIR model


https://github.com/XuLinHuu/DSCE-Net

2 Hu et al.

remains challenging due to task interference from modality /degradation discrep-
ancies and task imbalance driven by varying optimization difficulty across tasks.

To mitigate task interference, existing all-in-one methods typically adopt two
main strategies to alleviate negative transfer. The first focuses on explicit task
conditioning, where task-related priors,such as degradation codes [33I1I] and
learned prompt vectors [I8I25)23], are injected to modulate a shared backbone,
enabling it to switch processing behaviors across heterogeneous tasks. The second
emphasizes parameter decoupling with dynamic routing, which reserves partially
task-specific capacity via mixture-of-experts [9] and lightweight adapter or gating
mechanisms [27], thereby reducing conflicts caused by fully shared representa-
tions. Despite their effectiveness, these strategies still face practical limitations.
Most of them rely on relatively coarse cues to refine features, which can be insuf-
ficient to capture both global consistent and local heterogeneous discrepancies in
degradations and restoration behaviors. Without an explicit mechanism to dis-
entangle and model global statistics and local variations, shared representations
can still suffer interference, leading to performance trade-offs.

Regarding task imbalance, most existing work focuses on optimization-side
techniques, broadly including loss reweighting and gradient-level control. Loss-
weighting methods mitigate task dominance by assigning task-specific coeffi-
cients, with representative approaches such as uncertainty-based weighting [24J30]
and training-progress reweighting [22]. Although easy to implement, they can be
unstable in heterogeneous settings because loss magnitudes do not reliably re-
flect each task’s contribution to parameter updates, limiting performance gains.
Gradient-based methods address imbalance more directly. GradNorm [4], for
instance, reweights task losses to match gradient norms and equalize their in-
fluence on shared parameters. However, similar gradient norms do not ensure
synchronized convergence, near-converged tasks may be overly down-weighted
while harder tasks still lag behind, making it difficult to balance update strength
and learning progress, especially under disparate loss scales and noise.

To tackle these challenges, we propose DSCE-Net, a Dual-Scale Conditioned
Evolving Network with balanced optimization for all-in-one medical image restora-
tion. It combines frequency prompts with prototype-bank—based dynamic con-
volution to model global and local degradations, and employs progressive opti-
mization to jointly balance update strength and convergence speed across tasks.
Our main contributions are:

(1) We propose a frequency-prompt-conditioned unified network that jointly
captures global, modality /task-dependent degradation discrepancies and lo-
cal texture heterogeneity, enabling task-adaptive restoration across multiple
modalities and degradations within a single model.

(2) We introduce a frequency-prompt-conditioned dynamic convolution that com-
bines a learnable prototype-kernel bank to generate sample- and channel-
adaptive kernels, enabling expressive modeling of task-specific degradations.

(3) We develop a progressive reweighting strategy that simultaneously accounts
update strength and convergence pace, thereby alleviating optimization im-
balance and improving overall restoration performance.



DSCE-Net: Dual-Scale Conditioned Evolving Network 3

(4) Extensive experiments demonstrate that our method consistently outper-
forms existing models on multi-task MedIR benchmarks, validating its effec-
tiveness.

2 Method

The architecture of the proposed DSCE-Net is illustrated in Fig. a). Given a
low-quality input from different tasks, we first employ a Frequency Prompt Ex-
traction (FPE) module to generate a conditioning vector that encodes modality-
specific characteristics. This prompt is then fed into the subsequent Adaptive
Global and Local Feature Aggregation (AGLFE) module, which integrates the
prompt with prototype-bank-based dynamic convolution to jointly model degra-
dation heterogeneity at both global and local levels, enabling a unified network
for task-adaptive restoration. To tackle the optimization challenges in all-in-
one MedIR, we further introduce a joint strategy that dynamically adjusts task
weights based on gradient magnitudes and training progress, alleviating task im-
balance and improving overall restoration performance. The FPE, AGLFE, and
the optimization strategies are detailed in the following subsections.
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Fig. 1. Overview of the proposed all-in-one medical image restoration (DSCE-Net)
network.

2.1 Frequency Prompt Extraction Module

Different modalities exhibit distinct frequency-domain statistics, therefore, we
propose an FPE module to extract a modality-aware prompt from the spectrum,
which conditions dynamic operators for unified multi-modality restoration. As
illustrated in Fig. I} given a low-quality input image I1@ € REXIXHXW ppR
first employs a lightweight encoder ¢(-) (a few convolution layers with ReLU
followed by adaptive average pooling) to extract a compact feature map. The
extracted feature is then projected to a target channel dimension dj viaa 1 x 1
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convolution and transformed into the frequency domain using a 2D FFT F().
Finally, we take the logarithm of the magnitude to obtain the spectral repre-
sentation Fy, which explicitly captures the energy distribution across frequency
bands:

F, = log(l + | F (Convyx (v(I79))) |) € RBxdnx32x32 (1)

To adaptively identify modality-/degradation-relevant frequency bands, FPE
further introduces a gating branch G(-) that produces a attention map using
1 x 1 convolutions and a Sigmoid function. The attention map is applied to the
spectrum via element-wise multiplication, suppressing redundant components
while emphasizing informative ones:

Fs:g(Fs)QFsa (2)

Finally, the re-weighted spectral feature Fy is mapped to a conditioning vec-
tor P € RB*% through a 1 x 1 convolution with ReLU followed by global
average pooling, where d, = 128. The vector P serves as the frequency-domain
prompt for subsequent conditional modulation of dynamic operators and feature
aggregation.

2.2 Adaptive Global and Local Feature Extraction Module

AGLFE leverages the frequency prompt P to condition dynamic operators and
jointly model cross-task degradation discrepancies at both global and local levels.
As shown in Fig. [1] it is inserted into each encoder/decoder stage and consists
of two cascaded blocks: adaptive global feature aggregation (AGFA) and adap-
tive local texture enhancement (ALTE). AGFA captures spatially consistent yet
modality /task-dependent degradation cues, while ALTE further refines spatially
varying textures and fine structures.

AGFA. Given an input feature X € REXCXHXW = AGFA first applies layer
normalization and then forms Q/K/V using 1 x 1 convolutions followed by a
prompt-conditioned prototype bank dynamic convolution (PBDC):

Q, K,V = PBDC(Conv 1 (LN(X)); P). (3)

PBDC constructs dynamic group-wise convolution kernels by mixing a learnable
bank of N prototypes. Specifically, the prompt P is mapped by a lightweight
MLP ¢(-) to channel-wise mixture coefficients, which are used to linearly combine
the prototype kernels K € RNV*3%3 to obtain a sample- and channel-specific
dynamic kernel W € RB*xCx3x3.

N
a = Softmax(¢(P)) € RPN Wy oo = " apen Kn... (4)
n=1

Here, Wj c,.. denotes the dynamic 3 x 3 kernel for the c-th channel of the b-
th sample. With W, PBDC performs efficient per-sample dynamic filtering via
grouped convolution:

PBDC(X; P) = GroupConvs, (X, W), (5)
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where W is computed from P by Eq. .
We then compute transposed attention in the channel domain. After reshap-
ing Q, K,V € RBEXCXHW "the prompt-adaptive global aggregation is given by

X=X+ ConV1X1<Reshape(SoftmaX( 3%) V)) (6)
By conditioning Q/K/V with PBDC, AGFA yields a prompt-adaptive global
channel aggregation that aligns feature mixing with modality-specific spectral
statistics and degradation characteristics.
ALTE. ALTE further enhances spatially varying textures and fine structures
with a prompt-adaptive gated formulation. Given X, we apply LayerNorm and
use two 1 x 1 projections (expansion ratio ) to form a feature branch and a
gating branch, both conditioned by PBDC:

T = PBDC(Conv{ , (LN(X)); P) ® a(PBDC(conv-‘{Xl(LN(X)); P)), (7)

where o(-) denotes Sigmoid. The output is projected back to C' channels and
added residually:

X' = ALTE(X; P) = X 4 Convy,1 (7). (8)

In this way, AGFA provides prompt-adaptive global aggregation, while ALTE se-
lectively enhances local textures and boundaries, together enabling robust multi-
modality restoration under heterogeneous degradations.

2.3 Progressive Optimization Balancing Strategy

Our training objective combines a progressive reconstruction loss with an auxil-
iary modality classification loss:

‘Ctotal = Erecon + )\CIS[-"CISa (9)

where A5 = 0.01. The classification loss encourages the frequency prompt to be
modality-discriminative, facilitating modality-adaptive dynamic operators:

£cls = CE(gmodvymod)v Ymod € {07 17 2}7 (10)

where 04 is predicted from the prompt via a lightweight classification head.
Let £§sz)n(t) denote the progressive reconstruction loss of task m € {0,..., M}
at iteration ¢. To mitigate task imbalance, we dynamically reweight tasks by
jointly considering their parameter update strength depicted with the gradient
norm G,,(t) and convergence pace reflected with the relative loss ratio 7, (t).
Every T = 20 iterations, we compute

(m) a
() = VoL@, r®) = (55028) 7 a=06, (1)
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and set the target gradient G, (t) = 7 (t) G(t) with G(t) = ﬁ Zf\f:o G (t).
The weight is updated by

Wy (t) = Wy (t = T) - e=10"%. (12)

Gm(t)+¢€

The weighted reconstruction loss is

£recon (t)

[
S
3
2
o
=

(13)

3 Experiments

3.1 Dataset

MRI Super-Resolution. Public IXI dataset(available at IXI Dataset Web-
site)with 578 HQ T2-weighted MRI volumes are used. LQ images are gen-
erated by 4x k-space downsampling. The data are split into 405/59/114 for
training/validation/testing. For each volume, we extract the central 100 slices
(256 x 256) for experiments. CT Denoising. 50 abdomen scans from the LDCT
dataset[15] are selected, which provides paired standard-dose and quarter-dose
CT scans. The dataset is divided into 40/5/5 cases for training/validation/testing,
and each slice has a size of 512 x 512. PET Synthesis. PET data provided in
the paper|27] is used in this work. LQ images are simulated by reducing the ac-
quisition dose by a factor of 12, each image has a size of 192 x 400. The dataset
is split into 120,/10,/29 for training/validation/testing, respectively.

3.2 Implementations

DSCE-Net uses a four-level encoder-decoder with AGLFE blocks [4, 6, 6, 8] from
level-1 to level-4, an input channel width of 48, and a PBDC prototype bank size
of 16. We train with 128 x 128 patches (batch size=8) for 2 x 10° iterations using
Adam, with the learning rate cosine-annealed from 2 x 107* to 1 x 1076, We
compare DSCE-Net with six all-in-one MedIR methods: CSNet|5], ConvIR|6],
DFPIR|20], Restore-RWKV [29],AMIR[27], and TAT|30], they are trained using
their default settings. All experiments are implemented in PyTorch and run on
an NVIDIA L20 GPU.

4 Results and Analysis

4.1 Comparison Results

As shown in Table [I, DSCE-Net achieves the best performance across all three
tasks and delivers the highest PSNR/SSIM and the lowest RMSE. Compared
with prior all-in-one models (e.g., AMIR and TAT), DSCE-Net shows more evi-
dent gains on CT denoising and PET synthesis, indicating stronger capability in
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Table 1. Quantitative Comparison of Different All-in-One Image Restoration Methods.

Method CT Denoising MRI Super-resolution PET Synthesis Average

PSNR1 SSIMtT RMSE| PSNRt SSIMt RMSE| PSNRt SSIMt RMSE| PSNR? SSIMt RMSE]

CSNet[5] 33.1532 0.9072 9.1880 31.4894 0.9312 30.7943 37.1487 0.9430 0.0863 33.9304 0.9271 13.3562
ConvIR|[6] 33.3117 0.9090 9.0361 31.6561 0.9333 30.1966 37.1138 0.9435 0.0870 34.0272 0.9286 13.1066
DFPIR|20] 33.6993 0.9105 8.6439 31.9245 0.9382 29.4066 37.1755 0.9469 0.0867 34.2664 0.9319 12.7124
AMIR[27] 33.7113 0.9103 8.6139 31.9936 0.9394 29.2125 37.1735 0.9476 0.0868 34.2928 0.9324 12.6377
Restore-RWKV[29] 33.6812 0.9097 8.6450 31.9709 0.9390 29.2749 37.2372 0.9478 0.0862 34.2964 0.9322 12.6687
TAT|[30] 33.8523 0.9119 8.4898 32.0566 0.9401 29.0020 37.1808 0.9476 0.0867 34.3632 0.9332 12.5262

DSCE-Net 33.9257 0.9133 8.3994 32.0662 0.9401 28.9918 37.3411 0.9489 0.0852 34.4443 0.9341 12.4921

modeling cross-modality degradation and noise discrepancies. The visual com-
parisons in Fig. [2| further confirm that DSCE-Net better preserves fine structures
and edges while suppressing residual noise/artifacts, producing results closer to
the HQ references.

CT

PET

resolution Synthesis

MRI

Super-

ConvIR DFPIR AMIR  Restore-RWKV ~ TAT

Fig. 2. Visual comparison between different methods across three MedIR tasks.

4.2 Ablation Results and Analysis

Table 2 reports the performance of the variants w/o AGFA and w/o ALTE,
and further examines how different prompts, convolution operators, and opti-
mization strategies affect MedIR performance. In the module ablation study,
Baseline is constructed by replacing the PBDC used in the AGFA and ALTE
modules with conventional group convolutions and removing the prompt. Re-

Table 2. Quantitative Ablation Results Averaged Over All Tasks.

Module Prompt Dynamic Conv Loss
Variant PSNRT SSIMt RMSE| Variant PSNRT SSIMt RMSE| Variant PSNRT SSIMt RMSE| Variant PSNRt SSIMt RMSE|
Baseline 0.9322 12.6870 w/o FPE 0.9329 12,5577 w/o PBDC 34.3067 0.9327 12.6607 w/o Ours loss 34.4101 0.9337 12.4926
w/o AGFA 0.9331 12.6062 AMIR’s RIN27] 3 0.9334 1 1 DYConv/|3] 55 0.9329 12.6173 TUR[24) 3958 0.9336 12.
w/o ALTE 0.9261 13.9092 TAT’s TREN[ 0.9330 12.8340 ODConv[12] 0.9297 13.0410 TAT’s loss[30] . 12.4773

R 773
3 0.9341 124921 Ours 3 0.9341 124921 Ours 12.4921

Ours 3 0.9341 124921 Ours
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moving local degradation adaptation (w/o ALTE) causes a marked performance
drop across all tasks; for MRI super-resolution in particular, fine details be-
come severely blurred (Fig. Without the global degradation adaptation mod-
ule (w/o AGFA), the average performance decreases slightly, accompanied by
reduced contrast (PET synthesis in Fig. and more visible artifacts (MRI
super-resolution in Fig. , confirming the importance of modeling both spatially
variant and globally consistent degradations. Moreover, compared with the Base-

g 7o v 7o 7o 7o 7o 4 S
N N N 2N 4N &y an

2

a

E

E]

wv

baseline w/o ALTE w/o AGFA w/o FPE w/o PBDC Ours

Fig. 3. Visual comparison between different methods across three MedIR tasks.

line, our approach highlights the benefit of prompt-guided dynamic convolution
with PBDC. This is further supported by the w/o FPE and w/o PBDC variants:
removing either module blurs the outputs and introduces spurious details (Fig.
3). Our prompt strategy also outperforms AMIR’s task-routing RIN [27] and
TAT’s stop-gradient TREN [30], achieving the best PSNR (34.4443). The t-SNE
results (Fig. 4)) show clear modality-wise clusters, indicating stronger feature de-
coupling. Compared with DY Conv [3] and ODConv [12], PBDC still delivers su-
perior performance. For optimization, removing our proposed weighting scheme
(w/o Ours loss ) causes a dramatic drop. In addition, our loss outperforms TUR’s
task-uncertainty regularization [24] and TAT’s adversarial perceptual objective
[30], yielding better reconstruction fidelity and structural consistency on valida-
tion metrics.

5 Conclusion

We propose DSCE-Net, a dual-scale conditioned evolving network for all-in-
one medical image restoration across modalities and degradations. A frequency
prompt-conditioned dynamic convolution with a learnable prototype kernel bank
produces sample- and spatial-adaptive kernels, capturing global and local degra-
dation patterns and reducing cross-modality interference. A progressive reweight-
ing strategy that accounts for update strength and convergence pace further
balances optimization and stabilizes multi-task training. Experiments on multi-
modal, multi-task MedIR benchmarks show consistent improvements over main-
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Fig. 4. t-SNE visualization of the proposed FPE vs. AMIR’s RIN and TAT’s TREN
on different task inputs.

stream all-in-one restoration methods. However, it is worth noting that the in-
corporation of the learnable prototype kernel bank and dynamic convolution
mechanisms inevitably increases the model complexity, resulting in a relatively
large number of parameters. Future work will study finer-grained condition mod-
eling and broader clinical scenarios.
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