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Abstract. All-in-one medical image restoration (MedIR) aims to recover high-
quality images from diverse degradations. However, existing methods predomi-
nantly rely on visual features and adopt a one-step mapping from low-quality
inputs to high-quality outputs, which limits their ability to identify and adapt to
heterogeneous degradations. To tackle these limitations, we propose TAIR, a
novel Text-guided Adaptlve prompt Refinement framework for coarse-to-fine
all-in-one MedIR. TAIR leverages dual-level textual prompts to guide restora-
tion, where the task-level prompt specifies the restoration objective, indicating
what to restore; and the instruction-level prompt directs how to restore via a
coarse-to-fine strategy, with a coarse instruction recovering global structures and
a fine instruction refining textural details. Based on this design, TAIR further
constructs two composite prompts, i.e., the coarse composite prompt (CCP),
which integrates degradation-related visual cues with task-level prompt and
coarse instruction to recover global structures in the coarse phase; and the com-
posite fine prompt (CFP), which combines task-level prompt with fine instruction
and the coarsely restored image for detailed refinement in the fine phase. During
restoration, an adaptive multi-prompt interaction (AMPI) module dynamically
weights the contributions of each component in CCP and CFP for effective guid-
ance. In addition, a text-driven quality-aware loss aligns restored images with
high-quality textual descriptions while suppressing low-quality associations, en-
hancing overall fidelity and semantic consistency. Experiments across MRI, CT,
and PET demonstrate that TAIR achieves competitive performance in single-task
and all-in-one MedIR. Code is available at https://github.com/gluucose/TAIR.
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1 Introduction

Medical images play a fundamental role in modern clinical practice [1, 2]. However,
medical imaging is often degraded due to factors such as reduced radiation exposure
time, insufficient radiation intensity, or patient-related factors, resulting in low-quality
(LQ) images with substantially diminished diagnostic value [3-5]. Facing this chal-
lenge, medical image restoration (MedIR) has emerged as a key technique for trans-
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forming high-quality (HQ) images from LQ inputs. Over the past few decades, MedIR
methods have achieved notable success across various tasks, including MRI super-res-
olution [5, 6], CT denoising [7-8], and PET synthesis [9-11].

Although effective, these single-task models are inherently limited in broader ap-
plicability, as they are tailored to specific types of degradation and often experience
substantial performance drops when applied to other MedIR tasks [12, 13]. In clinic,
maintaining separate models for each task is inefficient and burdensome, and often in-
feasible on resource-constrained medical devices. These challenges highlight the urgent
need for a single universal model capable of simultaneously handling multiple MedIR
tasks. Recently, all-in-one image restoration methods [14, 15] have gained prominence
in natural image processing by addressing various restoration tasks with a single model.
For example, Li et al. [16] designed prompt-in-prompt which encodes degradation into
learnable prompt embeddings for single-step restoration, without decoupling what to
restore from how to restore. However, substantial modality gaps and varied degradation
patterns in medical images hinder the direct application of these models to MedIR,
leading to limited exploration of all-in-one solutions in the medical domain. To bridge
this gap, Yang et al. [17] presented AMIR, a pioneering all-in-one MedIR method that
employs a task routing strategy to allocate different tasks to distinct network paths for
effective restoration. Following this, Yang et al. [18] designed a task-adaptive trans-
former that mitigates task interference and imbalance via adaptive weighting and loss
balancing. Chen et al. [19] further developed a task-adaptive codebook based on latent
diffusion to encode task-specific priors, boosting all-in-one performance.

Despite recent advances, existing MedIR approaches solely rely on visual features
to infer task-relevant information. This visual-only paradigm is limited in two aspects.
On the one hand, the visual features learned from LQ inputs may fail to capture suffi-
cient context or even introduce ambiguous cues, making it difficult to accurately iden-
tify the corresponding restoration task among multiple possible tasks. On the other
hand, current methods typically adopt a one-step restoration process that directly maps
LQ images to high-quality outputs, which struggle to handle heterogeneous degrada-
tions in medical images and often produce suboptimal results. In contrast, text, serving
as an easily accessible medium to encapsulate the semantic information, offers an ex-
plicit and intuitive way to convey the task objective and restoration process, comple-
menting visual representations and improving adaptability across tasks. However, text-
guided all-in-one MedIR remains unexplored.

To address the above limitations, in this paper, we propose TAIR, a Text-guided
AdaptIve prompt Refinement framework for coarse-to-fine all-in-one MedIR. The core
of TAIR lies in utilizing textual information to explicitly guide both the task objective
(what to restore) and the restoration process (how to restore). Specifically, TAIR intro-
duces dual-level textual prompts: (1) the task-level prompt specifies the restoration ob-
jective (MRI super-resolution, etc.), providing explicit task intent; and (2) the instruc-
tion-level prompt guides the restoration process through complementary instructions,
with a coarse instruction recovering global structures and a fine instruction refining
textural details. As one-step LQ-to-HQ mappings often fail to capture degraded details
while ensuring global consistency, TAIR adopts a coarse-to-fine strategy based on the
instruction-level prompt to progressively enhance the restoration quality. In the coarse
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phase, the model involves the task-level prompt, the coarse instruction, and a degrada-
tion-related prompt derived from the low-quality input, forming a coarse composite
prompt (CCP). An adaptive multi-prompt interaction (AMPI) module weights its con-
tributions during restoration via weighted cross-attention. The coarse phase produces
an intermediate result (i.e., coarsely restored image) with improved global structures,
serving as input for the subsequent phase. In the fine phase, a degradation-free prompt
extracted from the intermediate result, together with the fine instruction and task-level
prompt, forms a composite fine prompt (CFP). Injected via AMPI, the CFP enables
refinement of texture details. In addition, a text-driven quality-aware loss aligns re-
stored images with high-quality textual descriptions while distancing them from low-
and medium-quality descriptions, further improving overall visual fidelity.

The contributions of this paper can be summarized as follows. (1) We are the first to
leverage textual guidance for all-in-one MedIR. By introducing dual-level textual
prompts and restoring in a coarse-to-fine manner, the model not only understands what
to restore by recognizing the task-level cues, but also how to restore according to the
provided instructions. (2) We design an AMPI module to weigh prompt contributions
and emphasize the most relevant guidance for more controlled restoration. In addition,
a text-driven quality-aware loss drives restored images closer to high-quality textual
descriptions, enhancing overall fidelity. (3) Extensive experiments show that our pro-
posed TAIR achieves competitive performance in both single-task and all-in-one
MedIR tasks across MRI, CT, and PET modalities.
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Fig. 1. (a) Overview of the proposed TAIR model. (b) The AMPI module that dynamically ad-
justs prompt contributions during restoration. (c) The text-driven quality-aware loss that lever-
ages quality-aware textual prompts to further enhance the overall fidelity of restored images.

2 Methodology

2.1 Overview

The overall framework of TAIR is illustrated in Fig. 1 (a). Given a LQ input /4 €
RA*W "a 3x3 convolutional layer first extracts shallow features Ig, which are then en-
coded into latent representations F, € R"W*¢ through a 4-level transformer-based en-
coder. Different from previous one-phase approaches that directly map LQ inputs to
HQ outputs, TAIR performs an end-to-end coarse-to-fine restoration, which breaks
down a challenging restoration process into more manageable sub-processes that se-
quentially focus on the recovery of global structures and fine texture details, thereby
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enabling more stable and effective learning. Particularly, in the coarse phase, the coarse
composite prompt (CCP) P, is incorporated into the decoder via the adaptive multi-
prompt interaction (AMPI) module, producing the restored shallow features fg. Sym-
metrically, a 3x3 convolutional layer then transforms [g into a residual image I, which
is added to the original LQ image I, to obtain the coarsely restored intermediate result
Iy = Is + I. In the fine phase, [y contributes to forming the composite fine prompt
(CFP) P/, which is injected into the decoder via AMPI to refine textural details, yielding
the final predicted HQ images /, HO-
In TAIR, both coarse and fine restoration phases are supervised by L1 loss as:
Lear = |llwg — Ingll1(Coarse Phase) + ||Iyo — Iyoll; (Fine Phase). (1)
In addition, a text-driven quality-aware 108S Lreyr04 guides restored images toward
high-quality textual descriptions while suppressing low-quality associations, thereby
improving the overall fidelity and consistency (detailed in Sec. 2.4). Therefore, the total
objective function is formulated as a A-weighted sum of the above two losses:
Liotar = Lear + Alrextqa- )

2.2 Composite Coarse-to-Fine Prompt

To address the diverse degradations in all-in-one MedIR, we exploit the complementary
strengths of textual and visual information by designing a composite coarse prompt
(CCP) and a composite fine prompt (CFP). These prompts deliver sequential task-aware
guidance for coarse-to-fine restoration, enabling the model to perceive what to restore
(i.e., the specific task associated with the degraded input), and how to restore (i.e., first
recovering global anatomical structures, then refining texture details).

Composite Coarse Prompt (CCP). The CCP guides the model in learning the de-
graded spatial context while perceiving global structures during the coarse restoration
phase. Overall, CCP comprises dual-level textual prompts (i.e., task-level prompt and
coarse instruction prompt), together with a degradation-related visual prompt, provid-
ing semantic and instructive guidance. Specifically, we first design the task-level text
T, that specifies the restoration task with the content such as “MRI Super-resolution”,
and coarse instruction text T; . that offers phase-specific guidance, i.e., “Please perform
coarse restoration focusing more on overall anatomical structure and global con-
sistency.” Then, these texts are processed through a frozen CLIP text encoder [20] to
produce the corresponding prompts P, and P; . € R™?, where d signifies the dimen-
sion of the encoded prompts. In parallel, the latent visual features F, are flattened, pro-
jected and pooled to generate the degradation-related visual prompt P, € R**¢, which
captures global degradation patterns. By concatenating all prompts, the CCP is formed
as P, = {P,, P, P; c}. Injected into the transformer decoder via the AMPI, CCP interacts
with visual features in the main decoding branch to produce the initial coarse restoration
I mq» €xhibiting recovered structures and mitigated major degradations.

Composite Fine Prompt (CFP). Following the coarse restoration phase, the coarsely
restored image 1, mgis obtained under the guidance of the CCP. Given that I Mo approxi-
mates a clean HQ image, it inherently involves degradation-free information that pro-
vides high-fidelity visual cues. Accordingly, the CFP P! exploits these cues from fMQ
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to guide fine-grained enhancement during the fine restoration phase. Overall, the CFP
comprises a task-level prompt, a fine instruction prompt, and a degradation-free visual
prompt, which together enable precise and detail-oriented restoration. To obtain the
prompt representation, ], mq 1s encoded by a lightweight convolutional encoder f,, fol-
lowed by a linear projection to produce a compact degradation-free visual prompt P, €
R**4_ which substitutes the degradation-related visual prompt P, in the CCP. Mean-
while, the coarse instruction prompt P; . is replaced by a fine instruction prompt P;
with text content of “Please perform finer restoration focusing on textural and structural
details.”, whereas the task-level prompt P, remains unchanged. Finally, the CFP is rep-
resented as B/ = {Py, P¢, P; r}. Injected into the transformer decoder through the AMPI
module using the same mechanism as the CCP, the CFP further emphasizes local struc-
tural and textural details while preserving global anatomical consistency.

2.3  Adaptive Multi-Prompt Interaction (AMPI)

As shown in Fig. 1(b), we develop an AMPI module to effectively exploit multiple
prompts in CCP and CFP for versatile image restoration. Each prompt conveys distinct
semantic or structural information, whose importance to the restoration varies across
images and tasks. As a result, static fusion strategies often fail to fully harness these
heterogeneous cues. AMPI addresses this limitation by dynamically learning the rela-
tive impact of each prompt through its interactions with visual features in the decoder,
allowing the model to emphasize the most important prompt guidance according to the
specific degradation type and image content. Taking CCP as an example, let the visual
features at the [-th decoder block be x; € RM*Wi*di_ they are flattened into n; (n; =
h; X w;) patches to produce visual tokens x; € R™*%_ Given the CCP prompt set as
P, ={P,, P, P, .}, AMPI performs independent cross-attention between x; and each
prompt component m € P, as follows:

CA,, = Softmax(QK,Y /\/d) - V,,,, (3)
where the query Q is a linear projection of x;, and the key K,,, and value V},, are sourced
from the prompt component m € {P,, P, P; .}. This design enables each output CA,,to
capture context-aware representations by aligning the visual query with the correspond-
ing prompt-specific key-value space, achieving task-adaptive feature modulation that
reflects both degradation characteristics and restoration intent. Then, a lightweight gat-
ing network fp predicts adaptive weights a,, = Softmax(fy(m)), which are subse-
quently normalized across all prompt components to produce &,,, dynamically weigh-
ing the contribution of each prompt. Note that, unlike previous prompt-based restora-
tion methods [16], which inject prompts through static prompt—feature interactions,
AMPI adaptively reweights heterogeneous prompts for each image and task, thereby
prioritizing the most relevant guidance. The final representation for the next (I+1-th)
decoder block is obtained via weighted aggregation of CA,, as:

Xi+1 = ZmE{Pv,Pt,Pi,C} O - CAp,. 4)
A similar approach is applied to CFP. By adaptively integrating prompts into the
restoration process, this module improves model capacity to generalize across diverse
degradation types and restoration tasks.
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2.4  Text-driven Quality-aware Loss

We devise the text-driven quality-aware loss to direct the restoration toward perceptu-
ally high-quality results by aligning restored visual features with textual quality de-
scriptions. Using the CLIP text encoder, as shown in Fig. 1(c), we define three textual
descriptions (i.e., good, mediocre, and poor), which correspond to three visual quality
levels (i.e., high, medium, and low). Latent textual representations are extracted as
thqs tmg and t;q. For visual features, we extract representations v, and v, for the re-
stored and degraded images, respectively, where vy, is obtained from the restored im-
age [, no Vvia a lightweight network f,, and v}, is derived by linearly projecting B,. The
loss contrasts visual and textual representations through two complementary contras-
tive objectives. For restored images, we encourage v,,, to be closer to the “good” text
and farther from the lower-quality ones (“mediocre” and “poor”) as:
exXp(sim(Ving thq)/7) (5)

Yke(lgma,hq} EXP(Sim(qu‘tk)/T).

For degraded images v,4, as degraded visual features are unstable under distortions,
the “good” semantic is used as a stable anchor to push away LQ visual features as:

Ly = ~log gttt ©)
ke(lqmq} €XP(Sim(tpq,vk)/T)

The final objective iS Lrexrga = Lmg + Lig. This formulation semantically aligns
restored images with high-quality textual concepts while effectively distancing them
from degraded ones, thereby enhancing the overall perceptual quality.

Lmg = —log

3 Experiment

3.1 Dataset and Implementation

Dataset. (1) MRI Super-Resolution. We use the IXI MRI dataset [21] with 578 HQ
T2 MRI scans. For each scan, the central 100 slices sized 256256 are extracted, and
LQ images are generated by 4 X k-space downsampling. The dataset is split into
405/59/114 for training/validation/testing. (2) CT Denoising. From the NIH AAPM-
Mayo Low-Dose CT dataset [22], paired HQ and LQ CT images of size 512X512 from
10 patients are used, with 8/1/1 patients for training/validation/testing. (3) PET Syn-
thesis. A clinical dataset of 159 PET scans acquired using the PolarStar m660 system
is involved. For each scan, we extract 2D slices sized 192x400. LQ images are gener-
ated by 12X list-mode dose reduction, and reconstructed using the OSEM method [23].
The dataset is split into 120/10/29 for training/validation/testing.

Implementation. For network architecture, the encoders and decoders utilize [3, 4, 4,
6] transformer-based blocks at each level. The input channel C is specified as 48. The
weighting coefficient A in Eq. (2) is set as 0.001. During training, we utilize patches
cropped at 128X 128 with a batch size of 8. In the all-in-one setting, our model is opti-
mized using the Adam optimizer for 2e5 iterations, starting with an initial learning rate
of 2e-4, gradually decreasing to 1e-6 using cosine annealing.



Contribution Title (shortened if too long) 7
Table 1. Single task medical image restoration results.
MRI Super-resolution CT Denoising PET Synthesis
Methods  [ooNRTsSIMTRMSEY  MehodS  [poNRTssiMTRMSEY V%  [PSNRTSSIMTRMSEL
SwinMR [24] | 30.93 0.925332.7339| RDCNN [3] | 33.19 0.9113 8.9427 | DCNN [13] | 36.27 0.9243 0.0954
F-UNet [6] | 31.26 0.931431.5675| Eformer [26] | 33.35 0.9175 8.8030 |CWGAN [11]{ 36.62 0.9290 0.0910
MambalR [25]| 31.77 0.936929.8372| CTformer [8]| 33.25 0.9134 8.8974| ARGAN [9] | 36.73 0.9406 0.0902
Restormer [26]| 31.85 0.937829.7005|DMamba [27]| 33.53 0.9149 8.6115| DRMC [10] | 36.00 0.9352 0.0998
TAIR 32.03 0.939029.3218 TAIR 33.79 0.9194 8.3645 TAIR 37.36 0.9488 0.0867
Table 2. All-in-one medical image restoration results.
Methods MRI Super-resolution CT Denoising PET Synthesis Average
PSNRT SSIMT RMSE! [PSNRT SSIMT RMSE!|[PSNRT SSIMT RMSE!|PSNRT SSIMT RMSEL
ARGAN [9] | 30.08 0.9083 35.7999| 32.92 0.9111 9.2110 | 36.75 0.9389 0.0907 | 33.25 0.9194 15.0339
DMamba [28] | 30.32 0.9091 34.6972| 33.18 0.9115 8.9512| 36.81 0.9367 0.0895| 33.44 0.9191 14.5793
Restormer [26]| 31.72 0.9362 30.0549| 33.61 0.9177 8.5329| 37.14 0.9473 0.0872| 34.15 0.9337 12.8917
SFformer [29] | 30.83 0.9164 33.1332| 33.41 0.9160 8.7310| 36.80 0.9369 0.0899 | 33.68 0.9231 13.9847
AirNet [14] | 31.39 0.9316 31.1131]| 33.62 0.9176 8.5226| 37.17 0.9451 0.0864 | 34.06 0.9314 13.2410
AdalR [15] | 31.35 0.9295 31.2693| 33.58 0.9168 8.5654 | 37.25 0.9458 0.0857 | 34.06 0.9307 13.3068
AMIR [17] | 32.03 0.9396 29.0988| 33.70 0.9182 8.4520 | 37.12 0.9475 0.0876 | 34.28 0.9351 12.5461
DiffCode [19] | 31.92 0.9376 29.3838| 33.73 0.9193 8.4219| 37.21 0.9476 0.0868 | 34.29 0.9348 12.6308
TAT [18] 32.10 0.9402 28.9145| 33.80 0.9192 8.3642 | 37.28 0.9480 0.0856 | 34.39 0.9358 12.4548
TAIR 32.11 0.9411 28.9045| 33.88 0.9215 8.2177 | 37.33 0.9483 0.0855| 34.44 0.9370 12.4026
3.2 Comparative Experiment

For single-task MedIR, we compare TAIR against four leading methods for each task.
For all-in-one MedIR, we compare TAIR with nine methods, including three task-spe-
cific leading methods (ARGAN [9], DMamba [28], and Restormer [26]), one general
restoration method (SFformer [29]), and five leading all-in-one methods (AirNet [14],
AdalR [15], AMIR [17], DiffCode [19], and TAT [18]).

Single-Task Medical Image Restoration. Table 1 demonstrates that TAIR outper-
forms all single-task baselines. Although not specifically designed for single-task
MedIR, its strong performance confirms the effectiveness and generalizability of the
proposed text-guided adaptive prompt refinement strategies across individual tasks.
All-in-One Medical Image Restoration. Table 2 illustrates that TAIR surpasses all
comparison methods, including advanced models such as DiffCode and TAT. With
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Fig. 2. Visual comparisons on all-in-one image restoration.
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Table 3. Generalization of all-in-one models to out-of-distribution degradations.

PET Synthesis (20X) Sparse-view CT Reconstruction Average
PSNRT SSIMT RMSE! | PSNRT SSIMT RMSE! | PSNRT SSIMT RMSE!
TAT 38.79 0.8777  0.0163 25.22 0.7613 45.7313 32.01 0.8195  22.8738
TAIR 39.56 0.9148  0.0145 26.13 0.7960  41.9725 32.85 0.8554  20.9935

Table 4. Ablation study results of TAIR.

Methods

Methods MRI Super-resolution CT Denoising PET Synthesis
PSNRT SSIMT RMSEJ|PSNRT SSIMT RMSEJ|PSNRT SSIMT RMSE{
TAIR 32.11 0.9411 28.9045 33.88 0.9215 8.2177| 37.33 0.9483 0.0855
(A) w/o textual prompts 31.77 0.9368 29.8629 33.70 0.9173 8.4736| 37.24 0.9475 0.0861

CCP ((B) w/o degradation-related prompt| 31.86 0.9372 29.5745| 33.71 0.9187 8.4417| 37.28 0.9475 0.0857
(C) w/o all (remove coarse phase) | 31.60 0.9349 30.4312 33.60 0.9162 8.5481| 37.18 0.9452 0.0865

CFP (D) w/o textual prompts 31.82 0.937129.7853| 33.69 0.9181 8.4610| 37.26 0.9476 0.0859
(E) w/o degradation-free prompt 31.63 0.935530.2617 33.70 0.9182 8.4572| 37.26 0.9472 0.0860
OtherS(F) w/o AMPI 31.82 0.937429.7438 34.13 0.9350 7.8619| 37.18 0.9469 0.0866
(G) W/ Lrexroa 31.74 0.9361 29.9843| 33.70 0.9187 8.4558| 37.25 0.9450 0.0858

only 24.4 M parameters and an end-to-end training pipeline, in contrast to TAT with
41.69 M parameters and DiffCode with a complex two-stage diffusion process, TAIR
still achieves superior performance, demonstrating efficiency and effectiveness. This
improvement arises from its smart integration of textual prompts, which involve task
objectives and restoration strategies to complement visual representations, enhancing
the adaptability across tasks. Moreover, TAIR (0.082/0.061/0.109 on MRI/CT/PET)
achieves better LPIPS than second-best TAT (0.084/0.063/0.123), confirming its per-
ceptual gains. The visual comparisons in Fig. 2 further demonstrate the superior ability
of TAIR to restore both global structures and fine details.

Generalization to Out-of-Distribution Degradations. To further evaluate the gener-
alization of TAIR, we directly apply the all-in-one pretrained model to two challenging
scenarios: (1) an unseen degradation level of PET with a 20X low dose from another
hospital, and (2) an unseen degradation type of sparse-view CT. In this experiment, we
reuse training prompts, replacing only task-level text (e.g., “sparse-view CT reconstruc-
tion” for unseen degradation type). As presented in Table 3, TAIR consistently achieves
superior and robust performance to unseen degradations.

3.3 Ablation Study

The ablation study in Table 4 validates the effectiveness of the key components, i.e.,
CCP, CFP, AMPI, and the loss Lycqa- Specifically, removing either textual or degra-
dation-related visual prompts in CCP and CFP leads to a performance decline, high-
lighting their complementary roles in guiding accurate restoration. Notably, variant (C),
which omits the entire coarse phase, experiences a substantial performance drop. Fig.
2 also illustrates the structural distortions in the obtained images, further validating the
potential of the coarse-to-fine strategy. In addition, variant (F), which substitutes AMPI
with standard cross-attention, yields reduced overall performance, verifying the bene-
fits of using adaptive weights to modulate prompt contributions during restoration.
Moreover, the removal of Lreqa leads to a performance drop, suggesting the im-
portance of quality-aware semantics in enhancing overall fidelity. More importantly,
unlike conventional learnable embeddings, our textual guidance decouples what to re-
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store from how to restore for phase-specific guidance, which also enables generaliza-
tion (as shown in Table 3) to unseen tasks by simply rewriting the prompt.

4 Conclusion

In this paper, we propose TAIR, a text-guided adaptive prompt refinement framework
for all-in-one MedIR. By leveraging textual prompts, TAIR effectively guides the
model to learn the restoration objectives and perform progressive coarse-to-fine refine-
ment, ensuring the quality of both global structures and fine details. The AMPI module
then dynamically modulates multiple prompt contributions, emphasizing task-relevant
guidance for controlled restoration. In addition, a text-driven quality-aware loss en-
hances fidelity by aligning restored images with high-quality textual descriptions. Ex-
tensive experiments demonstrate our feasibility and superiority.
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