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Abstract

All-in-One Image Restoration (AIO-IR) aims to develop a
unified model that can handle multiple degradations under
complex conditions. However, existing methods often rely
on task-specific designs or latent routing strategies, making
it hard to adapt to real-world scenarios with various degra-
dations. We propose FAPE-IR, a Frequency-Aware Plan-
ning and Execution framework for image restoration. It
uses a frozen Multimodal Large Language Model (MLLM)
as a planner to analyze degraded images and generate
concise, frequency-aware restoration plans. These plans
guide a LoRA-based Mixture-of-Experts (LoRA-MoE) mod-
ule within a diffusion-based executor, which dynamically
selects high- or low-frequency experts, complemented by
frequency features of the input image. To further improve
restoration quality and reduce artifacts, we introduce ad-
versarial training and a frequency regularization loss. By
coupling semantic planning with frequency-based restora-
tion, FAPE-IR offers a unified and interpretable solution for
all-in-one image restoration. Extensive experiments show
that FAPE-IR achieves state-of-the-art performance across
seven restoration tasks and exhibits strong zero-shot gener-
alization under mixed degradations. Code is available at
https://github.com/Programmergg/FAPE-IR.

1. Introduction
Image restoration seeks to recover clean images from degra-
dations such as rain, snow, fog, blur, low-light, and noise,
and is fundamental to safety- and quality-critical appli-
cations in medical imaging [7, 84], consumer photogra-
phy [101], and autonomous driving [25, 42, 87]. Tra-
ditional pipelines typically employ specialized architec-
tures or optimization strategies for each type of degrada-
tion [28, 63, 107, 112]. Although recent single-degradation
models report strong results on curated benchmarks [20,
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Figure 1. Comparison of AIO-IR methods: (a) multi-branch map-
pings with task-level priors; (b) task-specific routing/clustering;
(c) our FAPE-IR, unifying understanding and restoration.

31, 85, 100, 115], real-world images rarely present a sin-
gle known corruption; degradations are often unknown, co-
occurring, and subject to distribution shift, which under-
mines stability and controllability. This gap motivates All-
in-One Image Restoration (AIO-IR), which aims to handle
multiple degradations within a single model [8, 10, 11, 49,
59, 68, 78, 106]. Yet, most current efforts still assume task
separability [1, 49] or tether restoration to reconstruction
pipelines driven by task-level priors [86, 96], preventing
models from autonomously perceiving and disentangling
degradation attributes. As a result, model generalization to
real-world scenarios remains inadequate.

Within current AIO-IR methods, a prevailing strategy is
to employ multi-branch mappings (see Figure 1(a)), inject-
ing task-level conditions via explicit priors (e.g., prompts,
embeddings, or specialized encoders) and learning the
restoration paths accordingly [8, 39, 50, 51, 57, 114]. This
design is prone to severe cross-task interference. In a uni-
fied model with shared parameters, gradients from differ-
ent degradations conflict, making it difficult to reach task-
specific optima simultaneously. Moreover, both training
and inference depend on prior labels or textual inputs, incur-

This CVPR paper is the Open Access version, provided by the Computer Vision Foundation.
Except for this watermark, it is identical to the accepted version;

the final published version of the proceedings is available on IEEE Xplore.

15561



ring substantial annotation and prompt-engineering costs. A
complementary strategy clusters features or employs spe-
cialized routing mechanisms within the model (see Fig-
ure 1(b)) [13, 15, 78, 90, 109, 113]. Because tasks are
strongly separated in latent space, their learning processes
become nearly independent, which hampers the discov-
ery of shared structures and compositionality across degra-
dations. Consequently, robustness to compound degrada-
tions is limited, and generalization suffers. More critically,
both lines lack semantic understanding and rely on opaque
degradation pipelines, hindering content-aware adaptation
and interpretability. These limitations call for a unified,
semantics-aware AIO-IR framework in which degradation
understanding and restoration are coupled, and task knowl-
edge is both disentangled and shared in an adaptive way.

To instantiate such a framework, we adopt diffusion-
based image restoration, which has recently become a pop-
ular choice for AIO-IR due to its strong generative pri-
ors [8, 13, 15, 57, 90, 113, 114]. This formulation natu-
rally models diverse degradations, yet prior work typically
treats diffusion as a task-conditioned generator driven by
labels or hand-crafted priors, leaving degradation model-
ing opaque and under-exploiting cross-degradation interac-
tions. We instead regard diffusion as the execution engine in
a unified multimodal understanding–generation paradigm.
In this paradigm, degradations are first parsed and orga-
nized, and then restored. Inspired by recent unified mod-
els [9, 17, 40, 95, 99, 102], we instantiate FAPE-IR, a mul-
timodal large language model (MLLM) + diffusion frame-
work for low-level vision (see Figure 1(c)). An MLLM ex-
plicitly parses image content and degradation semantics and
outputs understanding and planning tokens that condition
a diffusion executor to perform content-adaptive restora-
tion in the frequency domain, grouping tasks into high- and
low-frequency regimes, thereby encouraging sharing within
same-frequency tasks and isolating conflicting ones.

Concretely, FAPE-IR couples a multimodal planner with
a diffusion-based executor to mitigate cross-task gradient
conflict and isolation from a frequency perspective. In the
planning stage, we employ a label-free procedure to extract
as many degradation-related low-level features as possible,
and introduce several well-designed instructions that con-
strain the model to output: the degradation types present in
the image, the primary frequency bands requiring restora-
tion, the underlying causes, and the proposed restoration
pipeline. This design yields effective, per-image under-
standing that more accurately guides the restoration pro-
cess. In the execution stage, tokens produced by the planner,
augmented with high-/low-frequency visual features from
SigLIP-v2 [79] and a VAE [30], guide the restoration of
the entire image. Furthermore, we propose a Frequency-
Aware LoRA-MoE architecture, where text tokens from the
planner and the high-/low-frequency signals extracted from

intermediate executor’s features drive the MoE gating to se-
lect among high-/low-frequency experts dynamically and
interpretably. For the overall training recipe, we provide
theoretical and empirical evidence that adversarial training
on diffusion-pretrained weights can yield higher fidelity and
fewer artifacts than other fine-tuning methods under our set-
ting. Building on this, we further introduce an energy-based
frequency regularization loss so that each frequency expert
is optimized in its most suitable band.

Our main contributions are summarized as follows: (i)
We introduce FAPE-IR, a unified understanding–generation
AIO-IR framework that couples a multimodal planner
with a diffusion-based executor, enabling semantics-driven,
content-adaptive restoration across diverse degradations.
(ii) We develop a frequency-aware modeling strategy that
dynamically routes information between high- and low-
frequency experts, mitigating cross-task interference while
promoting shared representations among related tasks. (iii)
We conduct comprehensive experiments on a wide range
of single-degradation and mixed-degradation benchmarks,
demonstrating that FAPE-IR achieves state-of-the-art or
competitive performance and exhibits strong zero-shot gen-
eralization to unseen compound degradations.

2. Related Works
2.1. Diffusion-based AIO-IR
In recent years, diffusion-based AIO-IR methods have ad-
vanced rapidly. Existing approaches fall into two fam-
ilies: (i) multi-branch mappings and (ii) clustering or
routing. The former relies on injecting task-level priors
into a shared backbone via task encoders or textual/latent
prompts. PromptIR [58], Prompt-in-Prompt [39], and In-
structIR [14] unify degradations through prompts or instruc-
tions. ProRes [51] and DA-CLIP [50] supply content/degra-
dation embeddings via visual prompts or CLIP [61] con-
trollers and fuse them with cross-attention. UniRestore [8]
injects task cues into diffusion, whereas UniRes [114] com-
poses task specialists at sampling time. The latter adapts
internal representations by clustering features or routing to
experts. AdaIR [15] and DFPIR [78] mine frequency cues
and reshape separable, degradation-aware features. AMIR-
Net [110] performs label-free, layer-wise clustering with
domain alignment. Within diffusion, DiffUIR [113] disen-
tangles shared/private factors for selective routing. MoCE-
IR [109] and M2Restore [90] use complexity-aware MoE
to activate only necessary experts. Overall, these strate-
gies improve efficiency but lack sample-level planning, re-
lying on fixed task-level designs and ignoring whether tasks
should share or isolate knowledge. This leads to under-
shared representations, misrouting, and artifacts under un-
known or composite degradations, limiting open-world ro-
bustness. To address this, we propose FAPE-IR, a unified
understanding–generation framework.
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2.2. Unified Models

A central goal of multimodal AI is to develop general-
purpose foundation models that can jointly understand and
generate diverse modalities within a single framework. Re-
cent unified models largely follow three paradigms. Mul-
timodal autoregression methods, such as Chameleon [77],
Emu3 [89], and UGen [76], tokenize images into a shared
discrete space and train a single decoder-only Transformer,
but this tokenization degrades fine details and incurs long
generation latency, limiting their suitability for precise low-
level restoration. Multimodal diffusion approaches instead
unify modalities at the denoising stage: MMaDA [102] em-
ploys a modality-agnostic diffusion backbone with unified
post-training; LaViDa [36] uses elastic masked diffusion
for understanding, editing, and generation; Dimple [108]
couples an autoregression warm-up with discrete diffusion
and parallel confident decoding; and UniDisc [75] casts
joint text–image modeling as discrete diffusion in a shared
token space. However, this paradigm remains nascent,
with unresolved issues in consistency and inference effi-
ciency. A third line, MLLM+Diffusion frameworks, decou-
ple high-level multimodal understanding from generation:
UniWorld-V1 [40] conditions diffusion on high-resolution
semantic features from MLLMs and contrastive encoders;
BAGEL [17] integrates decoder-only MLLMs with diffu-
sion heads in an “integrated Transformer” for both under-
standing and image generation; Janus [95] decouples vi-
sual encoding for understanding versus generation under
a unified backbone; and BLIP3-o [9] uses CLIP-based se-
mantic spaces with diffusion transformers and staged pre-
training to balance image understanding and generation.
Yet these conditioning interfaces are primarily designed for
high-level semantic editing or creation, rather than pixel-
accurate, artifact-free restoration. Our FAPE-IR framework
follows the MLLM+Diffusion paradigm but is specialized
for low-level image restoration, where fine-grained control-
lability and artifact suppression are central.

3. Methodology

As shown in Figure 2, FAPE-IR adopts a planning and ex-
ecution paradigm that decomposes image restoration into
a frequency-aware planner and a band-specialized restora-
tion executor. In the remainder of this section, we first
describe the frequency-aware planner, including the con-
struction of a label-free low-level feature pool, instructions
and planning, and the encoding of frequency-aligned un-
derstanding tokens (Section 3.1). We then present the pro-
posed Frequency-Aware LoRA-MoE architecture in execu-
tor (Section 3.2). Finally, we introduce the adversarial train-
ing strategy and the overall loss formulation, which couples
frequency-aware routing with perceptual and adversarial su-
pervision (Section 3.3).

3.1. Frequency-aware Planner
Label-free Low-level Feature Pool. Given a degraded in-
put image c, we first construct a label-free low-level feature
pool that characterizes its degradation pattern from a fre-
quency perspective (details in Appendix). Specifically, we
compute a vector of simple image statistics Phints directly
from pixel values, without relying on degradation labels or
auxiliary metadata. Each component of Phints corresponds
to one of seven representative degradation types: for rain,
the strength of oriented streaks; for snow, the density of
small bright blobs; for noise, luminance and chroma varia-
tions in flat regions; for blur, the responses of Laplacian
and gradient operators; for haze, dark-channel and satu-
ration statistics; for low light, global luminance; and for
super-resolution, the spatial dimensions H ×W of the in-
put. These lightweight global statistics can be computed in
a single pass and require no supervision. The resulting vec-
tor Phints is then provided to the planner as frequency-aware
visual information describing the input degradation.
Instructions and Planning. We consider a low-level
restoration task space T that covers seven representative
degradations, including low-light enhancement, dehazing,
desnowing, deraining, deblurring, denoising, and super-
resolution. In FAPE-IR, Qwen2.5-VL [4] serves as a
multimodal planner that turns frequency-aware visual cues
and textual instructions into a structured, frequency-explicit
restoration plan. Concretely, the planner is conditioned on
three types of inputs: a universal restoration instruction r
that describes the general goal of recovering a clean and
sharp image (details in Appendix); an expert rule Pexpert
that encodes the task taxonomy and prior knowledge about
which degradations affect which frequency bands (also de-
tailed in Appendix); and the concise visual hints Phints de-
rived from the label-free low-level feature pool. Based on
these inputs, Qwen2.5-VL produces a parse-friendly textual
output, which we then parse into a tuple FP = (t̂, f̂ ,R, E),
where t̂ is the selected task from T , f̂ indicates whether
the restoration should primarily focus on high- or low-
frequency content, R summarizes the intended restoration
pipeline in natural language, and E explains the reasoning
behind this choice. This human-readable plan acts as a rout-
ing signal for downstream high- and low-frequency experts,
making the decision process transparent and interpretable
even under composite degradations.
Encoding. To ensure the planner’s decisions effectively
guide the diffusion-based executor, we use Qwen2.5-VL’s
encoding capability to compile the planner decisions FP
into compact, frequency-aligned understanding tokens h.
To mitigate the gap between understanding tokens and the
executor’s generation tokens, we enrich the conditioning
tokens with high- and low-frequency visual information.
Concretely, we use Qwen2.5-VL’s visual placeholders to
inject tokens produced by SigLIP-v2 Esig(c) and the VAE
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Figure 2. Overview of the proposed FAPE-IR framework.

Evae(c), replacing the executor’s original T5 encoding for
conditioning hcond = insert (h, Esig(c), Evae(c)). In addi-
tion, to retain precise, human-interpretable semantics for
the subsequent Frequency-Aware LoRA-MoE module, we
similarly use text placeholders to extract the textual tokens
htext = h[:, slottext, :].

3.2. Restoration Executor

Given a degraded image c, we employ a restoration execu-
tor based on the FLUX transformer [30] to refine the VAE
latent z into a restored latent ẑ, guided jointly by the textual
tokens htext and the conditioning tokens hcond. The VAE
decoder then maps ẑ to the restored image x̂.

To meet constraints on model size and optimization
time, FAPE-IR adopts a parameter-efficient LoRA-MoE
executor with two experts specialized for high- and low-
frequency bands. Building on this design, we introduce
a Frequency-Aware LoRA-MoE module with a dual-end
gating mechanism: a planner-side gate uses the frequency-
aligned understanding tokens htext to propose an expert se-
lection, while an executor-side gate inspects intermediate
high- and low-frequency generation tokens to refine that
choice. As illustrated in Figure 3, this design conditions the
MoE router jointly on semantic and spectral cues, leading
to more precise expert assignment and improved robustness
to frequency-band drift during optimization.

3.2.1. Frequency-Aware LoRA-MoE
Frequency-Aware Text Router. Since the planner yields
htext ∈ RB×K×D, where B denotes the batch size, K de-
notes the planner token length, and D denotes the embed-
ding dimension, while the LoRA-MoE gate operates on rep-
resentations in RB×L×D, where L denotes the LoRA-MoE
gate token length, we right-pad htext along the token axis to
length L (K ≤ L), leaving D unchanged, so that the gating
network can be applied token-wise over a sequence of con-
sistent length. Then, we implement the text gating function
as a token-wise fully connected layer on the padded text to-

Figure 3. Frequency-Aware LoRA-MoE architecture.

kens, followed by a softmax over experts to obtain the text
gating weights wtext = Softmax

(
Wt · Padding(htext)

)
.

FIR Spectral Router. To compensate for the limitations
of high-level semantic tokens in gating, we add a visual-
frequency path that separates the executor’s generation to-
kens into low/high-frequency components using a depth-
wise FIR low-pass filter [12, 53]. Let hgen ∈ RB×L×D

denote the per-block input. For an odd kernel size K
and a symmetric, normalized 1D Gaussian g ∈ RK with∑
k gk = 1, we define a depthwise 1D convolution along

the token axis as hlow = Lg(hgen) and hhigh = hgen − hlow.
Next, to allocate the proportion of energy between

the low- and high-frequency generation tokens, we com-
pute their relative energy and derive the high–low gating
weights. Specifically, for each token we set elow = ∥hlow∥22
and ehigh = ∥hhigh∥22, then plow = elow

elow+ehigh
and phigh =

1 − plow; a temperature-scaled softmax over [plow, phigh]
yields the high–low gating weights wvisual.
Softmax-gated Merged Weights. Subsequently, we fuse
the textual and spectral gating weights with non-negative,
learnable scalars λs: α̃ = λs wtext + (1− λs)wvisual. Fi-
nally, we apply top-1 routing to obtain the final frequency-
band selection, i.e., α = Top1(α̃), where α is a one-hot
vector indicating the chosen band.

With per-expert coefficients αi produced by the fused
and sparsified router, the FLUX projection is updated as:
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W ′ = W +

N∑
i=1

αiAiBi, (1)

where (Ai, Bi) is a rank-ri LoRA adapter for the i-th fre-
quency expert and the backbone W is frozen.

3.3. Adversarial Training
To improve efficiency at both training and inference, our
FAPE-IR replaces the flow-matching fine-tuning objec-
tive [45] commonly used in unified models with adver-
sarial training. In Theorem 6 (Appendix), we show that,
compared with auto-regression [74, 77, 89] and flow-
matching [9, 17, 40, 95] losses, adversarial training at-
tains fewer artifacts. Next, we detail FAPE-IR’s training
paradigm in Figure 2.
Discriminator. Given a ground truth image x (restored im-
age x̂), the frozen SigLIP-v2 discriminator Fsig yields (i) a
sequence of hidden states from which we take L token maps
at increasing depths and reshape them into spatial feature
maps {f (l) ∈ RCl×Hl×Wl}Ll=1, and (ii) a pooled representa-
tion p ∈ RD from the final layer. To more comprehensively
judge the input, we attach a multi-level discriminator head
that mines spatial evidence across scales.
Multi–level Discriminator Head. The discriminator head
Hψ processes each spatial map with a shallow, spectrally
normalized convolutional path that includes anti-aliasing
BlurPool downsampling, and processes the pooled token:

s(l) = H(l)
ψ

(
f (l)

)
∈ RH

′
l×W

′
l , spool = Hpool

ψ (p). (2)

Each spatial score map s(l) is spatially averaged to a scalar
s̄(l) = 1

H′
lW

′
l

∑
i,j s

(l)
ij ; we then aggregate levelwise with

uniform weights: D(x) = 1
L+1

(∑L
l=1 s̄

(l) + spool
)
.

This design encourages consistency between local struc-
tures (via multi-scale spatial paths) and global semantics
(via the pooled path), while remaining lightweight.
Discriminator Loss. Following the adversarial training, we
optimize the critic with the standard discriminator loss:

LD
adv = −Ex[logD(x)]− Ex̂[log(1−D(x̂))]. (3)

Generator Loss. To minimize over-generation and distor-
tion, we do not concatenate additional noise channels into
the inputs of the FLUX transformer. Finally, we train Gθ
under a composite adversarial training loss.

Ladv = α∥x̂− x∥22︸ ︷︷ ︸
LMSE

+β∥ϕ(x̂)− ϕ(x)∥22︸ ︷︷ ︸
LLPIPS

−λE[D(x̂)]︸ ︷︷ ︸
LG

adv

. (4)

While Ladv promotes pixel fidelity, perceptual similarity,
and adversarial realism, it remains agnostic to how spec-
tral content is allocated across experts. To align training

with the frequency-aware routing in Subsection 3.1–3.2, we
add a single frequency regularizer on adapter outputs that
penalizes out-of-band synthesis. This preserves objective
parsimony, only one additional scalar term, while explicitly
enforcing low/high-band specialization.
Frequency Regularizer. To make the two LoRA–MoE
experts specialize in complementary bands, we penalize
out-of-band energy on their adapter outputs. Let Lg be
a depthwise FIR low-pass along the token axis, and de-
fine its complementary high-pass Hg ≜ I − Lg . For the
low/high-frequency experts’ outputs ylow and yhigh, we min-
imize Lfreq = mean

[
∥Hg(ylow)∥22+∥Lg(yhigh)∥22

]
. In prac-

tice, g is a fixed Gaussian kernel stored as a buffer (non-
trainable), and the loss is summed across layers.

At this point, the overall FAPE-IR objective is:

LTotal = Ladv + γ Lfreq. (5)

In general, by marrying a frequency-aware planner with
band-specialized LoRA–MoE and an adversarial training
objective augmented by a single frequency regularizer, our
FAPE-IR reconciles interpretability with fidelity.

4. Experiments
4.1. Experimental Setup
Training Data. We construct a training corpus cover-
ing seven restoration tasks, including deblurring, dehazing,
low-light enhancement, deraining, desnowing, denoising,
and super-resolution. Weather-related degradations (derain-
ing, desnowing, dehazing) are sourced from Snow100K-
Train [47], Rain100-L/H-Train [104], and the NTIRE 2025
Challenge dataset [37]. For dehazing, we use a curated
10K subset of OTS/ITS-Train [33] combined with URHI-
Train [18]. Deblurring utilizes RealBlur-Train (R/J) [64],
GoPro-Train, and its gamma-corrected variant [56]. Low-
light enhancement is trained on LOL-v2-Train [105]. For
denoising, BSD400 [54] and WaterlooED [52] are cor-
rupted with Gaussian noise at σ ∈ {15, 25, 50}. For super-
resolution, we follow prior work [92, 97, 98] and adopt LS-
DIR [38] plus a 10K-image FFHQ subset [27], with degra-
dations synthesized via Real-ESRGAN [88].
Testing Data. We evaluate our method on a comprehensive
collection of benchmarks that span both synthetic and real-
world degradations across deblurring, dehazing, low-light
enhancement, deraining, desnowing, denoising, and super-
resolution. For deblurring, we adopt the official test splits of
RealBlur-J/R [64], GoPro, and GoPro_gamma [56]. Dehaz-
ing evaluation is conducted using the ITS validation set and
the URHI test split [33]. Low-light enhancement is assessed
on the test sets of LOL-v1 [91] and LOL-v2 [105]. Derain-
ing is benchmarked on Rain100-L/H [104], OutDoor [35],
and RainDrop [60]. For desnowing, we use the Snow100K-
L and Snow100K-S test subsets [47] for large-scale quali-
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Table 1. Unified comparison across six AIO-IR task series. Each series shows five metrics (PSNR↑, SSIM↑, LPIPS↓, FID↓, DISTS↓).
The best results are highlighted in red, and the second-best results are shown in blue.

Method Deraining Denoising Deblurring

PSNR↑ SSIM↑ LPIPS↓ FID↓ DISTS↓ PSNR↑ SSIM↑ LPIPS↓ FID↓ DISTS↓ PSNR↑ SSIM↑ LPIPS↓ FID↓ DISTS↓
PromptIR [58] 21.94 0.73 0.30 100.17 0.21 31.27 0.84 0.16 57.82 0.14 – – – – –
FoundIR [34] 19.68 0.68 0.37 118.29 0.24 30.85 0.80 0.21 67.08 0.22 28.35 0.85 0.21 42.03 0.16
DFPIR [78] 19.27 0.68 0.37 104.13 0.27 31.31 0.83 0.17 61.80 0.15 30.82 0.90 0.15 28.23 0.12

MoCE-IR [109] 21.42 0.71 0.32 101.21 0.23 31.63 0.84 0.16 56.74 0.14 21.67 0.74 0.28 48.85 0.19
AdaIR [15] 21.64 0.71 0.32 100.07 0.23 31.45 0.84 0.17 58.05 0.14 22.23 0.75 0.28 49.64 0.19

FAPE-IR (Ours) 28.30 0.84 0.09 21.55 0.07 30.34 0.87 0.10 30.33 0.09 30.91 0.88 0.10 16.53 0.07

Method Desnowing Dehazing Low-light enhancement

PSNR↑ SSIM↑ LPIPS↓ FID↓ DISTS↓ PSNR↑ SSIM↑ LPIPS↓ FID↓ DISTS↓ PSNR↑ SSIM↑ LPIPS↓ FID↓ DISTS↓
PromptIR [58] – – – – – 21.94 0.90 0.14 24.26 0.11 – – – – –
FoundIR [34] 23.79 0.78 0.28 29.31 0.17 13.65 0.75 0.31 34.41 0.21 14.44 0.67 0.32 86.46 0.22
DFPIR [78] 20.78 0.74 0.30 34.86 0.18 13.54 0.73 0.30 29.43 0.21 25.92 0.90 0.16 52.15 0.13

MoCE-IR [109] 23.82 0.76 0.28 30.47 0.16 15.54 0.80 0.22 27.98 0.15 23.36 0.89 0.16 44.61 0.12
AdaIR [15] 24.19 0.77 0.27 26.82 0.16 19.89 0.88 0.16 25.71 0.12 24.51 0.86 0.17 50.78 0.13

FAPE-IR (Ours) 30.29 0.88 0.08 1.49 0.06 33.85 0.97 0.04 7.21 0.04 25.34 0.90 0.11 40.30 0.09

Table 2. Unified comparison across SR task series. Each series
shows five metrics. The best results are marked in red, and the
second-best results are shown in blue.

Method SR

PSNR↑ SSIM↑ LPIPS↓ FID↓ DISTS↓
StableSR [83] 25.10 0.73 0.29 110.18 0.22
DiffBIR [41] 25.65 0.65 0.39 124.53 0.25
SeeSR [98] 26.60 0.74 0.31 122.10 0.23
PASD [103] 26.87 0.75 0.29 120.46 0.21

OSEDiff [97] 26.49 0.76 0.28 117.55 0.21
PURE [92] 24.47 0.64 0.38 121.07 0.24

FAPE-IR (Ours) 28.53 0.85 0.19 85.82 0.15

tative comparison. Denoising performance is measured on
BSD68 [54] and Urban100 [22], each corrupted with addi-
tive Gaussian noise at σ ∈ {15, 25, 50}. Super-resolution is
evaluated on RealSR [26] and DRealSR [93] at ×2 and ×4
scales. We follow standard evaluation protocols: RealSR
is tested using the center-crop strategy [92], while images
from other benchmarks are resized to 512× 512.
Optimization. We train our FAPE-IR framework us-
ing the Prodigy optimizer [55] for the main model and
AdamW [48] for the discriminator head. The base learning
rate for AdamW is initialized at 1e−4 and cosine-annealed
during training. All models are trained for 200K steps with
a batch size of 1 on 512 × 512 inputs across all datasets.
Training is conducted on 8× NVIDIA H200 GPUs. In the
one-step setting, we use α = 50.0, β = 5.0, λ = 0.5,
γ = 1× 10−3, and a diffusion timestep t = 300.

4.2. Quantitative Results
We conduct a quantitative comparison between FAPE-IR
and recent AIO-IR methods, including PromptIR [58]
(NeurIPS’23), FoundIR [34] (ICCV’25), AdaIR [15]
(ICLR’25), DFPIR [78] (CVPR’25), and MoCE-IR [109]
(CVPR’25), as well as some SR methods: StableSR [83]
(IJCV’24), DiffBIR [41] (ECCV’24), SeeSR [98]

Table 3. Complexity comparison. All methods are evaluated on
512 × 512 inputs, and inference is measured on an H200 GPU.
Param (G) denotes the inference memory footprint.

Metric
Methods

FoundIR [34] DFPIR [78] MoCE-IR [109] AdaIR [15] PURE [92] Ours

Time (s) 0.18 0.08 0.10 0.10 201.67 1.57
Param (G) 3.36 3.92 2.11 3.49 26.22 38.92

(CVPR’24), PASD [103] (ECCV’24), OSEDiff [97]
(NeurIPS’24), and PURE [92] (ICCV’25). We evaluate all
tasks on a single trained model rather than training for
each task and testing them individually.

As summarized in Table 1 and Table 2 (with per-
benchmark scores and perceptual metrics detailed in Table 5
and Table 6 in the Appendix), FAPE-IR consistently secures
either the best or second-best results across all six AIO-
IR task series. On weather-related benchmarks (deraining,
desnowing, dehazing), FAPE-IR brings substantial gains
over the strongest baselines, typically improving PSNR by
about 6–8 dB and reducing perceptual distances (LPIPS,
FID, DISTS) by several times (e.g., deraining improves
PSNR from 21.94 dB to 28.30 dB and FID from around
100.07 to 21.55). These improvements are most evident on
degradations with rich semantic layouts and complex fre-
quency patterns, where the frequency-aware planner guides
the LoRA-MoE executor to apply band-specialized experts,
yielding cleaner structures and fewer artifacts. For denois-
ing and low-light enhancement, FAPE-IR attains slightly
lower PSNR than the best methods but achieves the best
SSIM and consistently lower LPIPS/FID/DISTS, suggest-
ing that the combination of frequency-aware planning and
adversarial training favors perceptually faithful details. On
SR benchmarks, FAPE-IR again outperforms all competi-
tors on all five metrics, for instance increasing PSNR from
26.87 dB to 28.53 dB and SSIM from 0.76 to 0.85 while no-
tably reducing FID and DISTS, indicating that our FAPE-
IR performs well on mixed degradations. Overall, these re-
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Figure 4. Comparison among unified models, including BAGEL [17], Nexus-Gen [111], Uniworld-V1 [40], and Emu3.5 [16].

Figure 5. High-frequency–dominant tasks (derain/desnow/de-
blur/denoise): FAPE-IR preserves fine structures and textures with
less ringing/oversharpening. Please zoom in for details.

sults show that explicitly modeling both semantic structure
and frequency content allows FAPE-IR to strike a strong
balance between distortion and perceptual quality across a
broad range of degradations.

To meet real-world latency requirements, Table 3 further
shows that, despite its larger number of parameters, FAPE-
IR maintains reasonable inference time and runs notably
faster than the unified counterpart PURE [92], suggesting
that the framework is feasible for interactive applications.

4.3. Visual Comparison with Unified Models
As shown in Figure 4, we benchmark FAPE-IR against
recent unified models on low-level restoration. On Rain-
Drop, most unified models lack explicit low-level model-
ing and thus fail to complete restoration, either removing
only a subset of droplets or causing noticeable color shifts.
Emu 3.5 [16] shows a marked jump over earlier Emu vari-
ants [73, 74, 89] and contemporaries like BAGEL [17],
Uniworld-V1 [40], and Nexus-Gen [111], likely due to its
large corpus and 34.1B parameters. However, its multi-
modal autoregression design still introduces fine-detail ar-
tifacts. By contrast, FAPE-IR reliably restores structures
without color drift, underscoring the benefits of frequency-
aware planning and band-specialized execution, and point-
ing toward a path to transfer it to future unified models.

4.4. Visual Comparison with AIO-IR Models
As shown in Figure 5 and Figure 6, we provide visual
comparisons between FAPE-IR and prior AIO-IR methods.
Relative to contemporaries, FAPE-IR exhibits stronger vi-

Figure 6. Low-frequency & SR: FAPE-IR cleans haze and bal-
ances illumination, preserving color; for SR it yields higher fi-
delity and fewer artifacts. Please zoom in for details.

sual robustness. In high-frequency tasks, on the large-scale
Snow100K-L/S benchmarks, competing methods often fail
to recover fine structures, whereas FAPE-IR reconstructs
them faithfully. On Urban-50, although a few methods
achieve slightly higher scores, FAPE-IR produces visibly
less noise and cleaner edges. In low-frequency cases, such
as URHI, most baselines restore only portions of the scene,
while FAPE-IR more completely removes the haze veil and
corrects illumination. For super-resolution, FAPE-IR main-
tains the highest fidelity to GT with fewer artifacts, preserv-
ing textures and text without over-sharpening. These ob-
servations are consistent with the quantitative trends. Over-
all, FAPE-IR suppresses artifacts robustly, maintains strong
pixel anchoring, and improves the realism of fine details.

4.5. Ablation Study
Under a controlled setting where we fix all hyper-
parameters and train for only 10K steps, we perform a min-
imal ablation of the frequency-aware pipeline. As shown
in Table 4, on URHI (low-frequency / haze-dominant), the
baseline without Qwen, Freq-U, or Freq-G reaches only
25.03 dB / 0.92 SSIM. Simply adding Qwen2.5-VL with-
out any routing control improves performance to 27.95 dB
/ 0.94 SSIM, indicating that semantic planning is beneficial
but insufficient to yield effective compute allocation. Cou-
pling planner outputs to the MoE gate (Freq-U) further sta-
bilizes performance at around 28.9 dB / 0.94–0.95 SSIM,
showing that the model can already autonomously perceive
and select frequency bands. Injecting token-derived spectral
priors into the gate (Freq-G) yields the best result of 29.71
dB / 0.95 SSIM, corresponding to a +4.68 dB PSNR gain
over the no-planner baseline and noticeably more consistent
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Table 4. Ablation on URHI benchmark. Qwen: remove Qwen2.5-
VL; Freq-U: remove frequency-aware text router; Freq-G: remove
FIR spectral router; r: LoRA rank in expert combos.

Qwen Freq-U Freq-G r=4 r=8 r=16 PSNR↑ SSIM↑

✗ ✗ ✗ ✓ 25.03 0.92
✓ ✗ ✗ ✓ 27.95 0.94

+ Freq-U enabled
✓ ✓ ✗ ✓ 28.92 0.94
✓ ✓ ✗ ✓✓ 28.89 0.95
✓ ✓ ✗ ✓ ✓ 24.75 0.91
✓ ✓ ✗ ✓ ✓ 24.77 0.92

+ Freq-G enabled
✓ ✓ ✓ ✓✓ 29.71 0.95
✓ ✓ ✓ ✓ ✓ 25.93 0.93
✓ ✓ ✓ ✓ ✓ 29.60 0.95

Figure 7. Low-level task planning. (a) The frequency-aware
planner yields separable, spectrum-aligned manifolds in feature
space using only its own hidden states. (b) Text-based task classi-
fication accuracy of Qwen2.5-VL on the corresponding tasks.

behavior across configurations.
We also study the impact of LoRA–MoE capacity (r) and

expert allocation. With no frequency priors, a balanced ca-
pacity (8/8) is the most stable. Under the Freq-G constraint,
a mildly asymmetric allocation (8/16), aligned with the
planner-indicated dominant band, maintains near-optimal
performance (29.60 dB). In contrast, extremely skewed set-
tings (4/16) degrade performance both with and without
priors (down to 25.93 / 24.75 dB), suggesting that simply
reshaping the LoRA structure is insufficient to disentangle
frequency bands. Instead, the coupling of frequency priors
with semantic planning is key to achieving stable routing
and overall performance gains.

4.6. Low-Level Task Planning

We assess whether the planner’s decisions form a task-
and frequency-aware representation that is both separa-
ble and useful. Specifically, we freeze the Qwen2.5-
VL planner, extract the decision token sequence FP for
each input (BSD68-50, URHI, GoPro, LOL-v2, RainDrop,
Snow100K-S, RealSR×2), and mean-pool their final-layer
states. The resulting t-SNE embedding (Figure 7) exhibits
clean, task-dependent manifolds. Nevertheless, the text-
based task readout achieves 79.4% accuracy overall (all im-
ages in BSD68-50 are grayscale, which can spuriously trig-
ger low-light flags). Moreover, the exemplars (Figure 8)
show that the planner’s outputs not only describe but also
instantiate a causal frequency control path for restoration.

Figure 8. Frequency-aware planner outputs. We visualize re-
sults on representative corrupted inputs covering four tasks.

Figure 9. Compound degradations (haze+rain/snow; low-light
mixtures): FAPE-IR removes low-frequency artifacts, preserves
details, and reduces cross-artifacts. Please zoom in for details.

Collectively, these analyses demonstrate that the planner
provides interpretable, frequency-aligned, and causally ef-
fective signals that steer band-specialized restoration, ex-
plaining the sharper, artifact-averse behavior.

4.7. Generalization to Multi-Degradation Tasks

To assess generalization beyond single degradations, we
evaluate FAPE-IR on the recent CDD-11 benchmark [21],
which contains real-world images with multi-degradation
tasks. As shown in Figure 9, although FAPE-IR is trained
exclusively on single-degradation data, it exhibits strong
out-of-distribution performance on these compound mix-
tures, indicating a non-trivial level of degradation-agnostic
generalization. We attribute this to the frequency-aware
LoRA-MoE module, which in a single forward pass dis-
patches complementary experts, allocating low-frequency
capacity to illumination correction and veil removal while
activating high-frequency capacity around edges and fine
textures, consistent with the layered nature of degradations.
Overall, the results substantiate FAPE-IR’s robustness and
its ability to generalize to unseen composite degradations.

5. Conclusion

We introduce FAPE-IR, a unified AIO-IR framework that
couples an interpretable, frequency-aware planner with
a diffusion-based executor equipped with the frequency-
aware LoRA-MoE module, trained under the adversar-
ial training objective with a single frequency regularizer.
By making the semantics–spectrum link explicit, FAPE-
IR improves cross-task disentanglement and sharing, stabi-
lizes optimization, and improves open-world robustness. It
achieves state-of-the-art or competitive performance across
seven AIO-IR tasks and shows strong zero-shot generaliza-
tion on unseen composite degradations.
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