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Figure 1. Qualitative comparison with recent Real-ISR methods on real-world images. Our FRAMER models produce sharper edges
and richer details, leading to more visually natural and faithful restoration results. More qualitative results are provided in Supplementary.

Abstract

Real-image super-resolution (Real-ISR) seeks to recover
HR images from LR inputs with mixed, unknown degrada-
tions. While diffusion models surpass GANs in perceptual
quality, they under-reconstruct high-frequency (HF) details
due to a low-frequency (LF) bias and a depth-wise “low-
first, high-later” hierarchy. We introduce FRAMER, a
plug-and-play training scheme that exploits diffusion priors
without changing the backbone or inference. At each de-
noising step, the final-layer feature map teaches all interme-
diate layers. Teacher and student feature maps are decom-
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posed into LF/HF bands via FFT masks to align supervision
with the model’s internal frequency hierarchy. For LF, an
Intra Contrastive Loss (IntraCL) stabilizes globally shared
structure. For HF, an Inter Contrastive Loss (InterCL)
sharpens instance-specific details using random-layer and
in-batch negatives. Two adaptive modulators, Frequency-
based Adaptive Weight (FAW) and Frequency-based Align-
ment Modulation (FAM), reweight per-layer LF/HF signals
and gate distillation by current similarity. Across U-Net
and DiT backbones (e.g., Stable Diffusion 2, 3), FRAMER
consistently improves PSNR/SSIM and perceptual metrics
(LPIPS, NIQE, MANIQA, MUSIQ). Ablations validate the
final-layer teacher and random-layer negatives.

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.
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1. Introduction
Real Image Super-Resolution (Real-ISR) [43] aims to re-
cover a high-resolution (HR) image from a low-resolution
(LR) counterpart suffering from mixed, unknown degrada-
tions (e.g., blur, noise) [43]. Unlike traditional SR [9], Real-
ISR must simultaneously remove complex degradations and
generate realistic details, demanding stronger model capac-
ity and robustness [26, 48].

While SR methods evolved from early CNNs to
GANs [13], GANs often suffer from training instability un-
der the complex degradations of Real-ISR [22, 38]. Diffu-
sion models have surpassed them by offering stable train-
ing and superior perceptual quality [8, 36]. Leveraging
large-scale pre-trained text-to-image (T2I) models (e.g.,
Stable Diffusion with U-Net [35] or DiT [31] backbones)
is a promising direction due to their rich, real-world pri-
ors [31, 32, 52]. However, these priors are optimized for
creative generation, not the high-fidelity, task-constrained
demands of Real-ISR [42, 48]. The key challenge is adapt-
ing these priors for our task.

Despite their success, diffusion models still struggle to
reconstruct fine high-frequency (HF) details, often yield-
ing over-smoothed results [29]. We trace this to a funda-
mental low-frequency (LF) bias stemming from two prop-
erties. First, natural image frequency distributions are in-
herently LF-dominant, an imbalance that is severely ex-
acerbated in the LR inputs (Fig. 2). The standard noise-
prediction loss [16] thus favors these dominant LF com-
ponents to reduce overall loss, inevitably undertraining HF
signals [7, 12]. Second, we identify a depth-wise “low-
first, high-later” hierarchy. While not a strict universal rule,
this is a broadly observed empirical trend in diffusion-based
restoration models: an analysis of layer-wise feature maps
(Fig. 3) shows that LF features stabilize early in the net-
work, while HF features converge only near the final layers.
A conventional, frequency-agnostic loss is fundamentally
misaligned with this hierarchy. It supplies redundant LF-
biased gradients to early layers (where LF has already sta-
bilized) while starving the later, HF-refining layers of the
necessary optimization signals.

A simple approach, adding explicit frequency-domain
losses, fails due to a domain mismatch between high-
dimensional features and pixel-space targets [40, 53]. Self-
distillation (SD) [15], however, offers a well-aligned alter-
native [5, 17]. We treat the final-layer feature map as the
teacher and intermediate layers as students. This avoids
domain mismatch, as both operate within the same feature
space, providing a consistent and domain-compatible distil-
lation signal [51].

However, standard SD is frequency-agnostic. To cor-
rect the identified spectral bias and layer-wise misalign-
ment, we propose Frequency-Aligned Self-Distillation with
Adaptive Modulation Leveraging Diffusion Priors, namely
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Figure 2. Band-wise magnitude densities with shared bins. For
each feature map, we compute the 2D FFT and collect magnitudes
|F | within LF and HF rings. We plot mean ± σ densities over
samples for log(1+ |F |) using common bin edges (HF: red or yel-
low, LF: blues). LF magnitudes span a broader and heavier range,
whereas HF magnitudes concentrate narrowly near small values,
indicating LF dominance that biases unified training toward LF
and undertrains HF details. All statistics are computed on the 100-
image DIV2K [1] test set. Densities integrate to 1; any right-edge
spike is due to percentile clipping used only for visualization.
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Figure 3. Layer-wise cosine similarity of LF and HF fea-
ture maps in U-Net [35] (dotted line) and DiT [31] (solid
line). (a) low-noise timestep (t=300), (b) high-noise timestep
(t=700).Using the final-layer feature map as reference, LF simi-
larity converges faster in earlier layers, whereas HF similarity rises
abruptly in later layers. This reveals a “low-first, high-later” depth-
wise hierarchy (i.e., an LF bias), motivating our layer-adaptive,
frequency-aware training strategy. (For comparability, layer depth
is normalized to [0, 1].)

FRAMER, a layer-adaptive SD framework with four
frequency-aware components. First, Intra Contrastive
Loss (IntraCL) (Sec. 3.2) focuses on LF stability. Second,
Inter Contrastive Loss (InterCL) (Sec. 3.3) targets HF de-
tail sharpness. Third, Frequency-based Adaptive Weight
(FAW) (Sec. 3.4) adaptively modulates distillation strength
across layers and frequencies. Finally, Frequency-based
Alignment Modulation (FAM) (Sec. 3.5) controls strength
based on student-teacher similarity to prevent collapse and
stabilize training.

In summary, our main contributions are:
• We propose FRAMER, a self-distillation framework that

introduces frequency-aligned contrastive losses, IntraCL
for LF stability and InterCL for HF details, to counteract
the LF bias in SR training tendency of the standard noise-
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prediction loss [16].
• We further introduce adaptive distillation mechanisms,

FAW and FAM, based on the internal frequency hierarchy.
Together they suppress unstable gradients, prevent early-
layer collapse and overfitting, accelerate convergence, re-
sulting in improving SR quality in terms of diverse met-
rics with better training stability.

• FRAMER is a plug-and-play training technique, effec-
tively leveraging the rich priors of pre-trained text-to-
image models, such as Stable Diffusion 2 [32] (U-Net)
and Stable Diffusion 3 [11] (DiT), without altering their
architecture or inference.

2. Related Work
Image Super-Resolution. Early SR followed supervised
regression under synthetic bicubic downsampling, then
moved to blind SR for unknown degradations, and pro-
gressed to Real-ISR emphasizing realistic evaluation [43].
CNN-based methods improved distortion but were of-
ten oversmoothed; GANs increased realism but suffered
from stability issues. Diffusion models advanced SR with
stronger perceptual quality [8, 36]. Research then adopted
pre-trained models like Stable Diffusion to leverage real-
world priors [6, 10, 39]. However, these pipelines super-
vise all layers and frequencies with a single, standard noise-
prediction loss, and thus do not exploit the early LF and late
HF behavior along timesteps and depth. FRAMER resolves
this gap with a novel self-distillation framework that is both
frequency-aligned and layer-adaptive.
Frequency-Aware Learning in Diffusion Models. Sev-
eral works shape the diffusion process to be frequency-
aware. Approaches include manipulating forward nois-
ing in the frequency domain [19], designing frequency-
guided multi-scale diffusion with wavelets [44], introduc-
ing HF-preserving objectives to align features [37], or us-
ing training-free inference-time modulation [23]. These
methods increase frequency awareness but generally rely on
fixed schedules or auxiliary modules. Critically, they do not
adapt supervision to what each layer actually changes at a
given timestep. FRAMER addresses this specific gap with
its FAW, which modulates supervision based on the actual
layer-wise change rate, and FAM, which gates distillation
based on student-teacher alignment, rather than relying on
a pre-defined, fixed schedule.
Self-Distillation in Diffusion Models. Self-distillation
(SD) has been applied to improve generative fidelity be-
yond sampling acceleration. Methods include unified SD
losses [47], step-level fusion aggregating predictions across
timesteps [28], and representation alignment enforcing fea-
ture consistency [3, 18]. These techniques are pow-
erful for aligning representations but remain fundamen-
tally frequency-agnostic; they align the entire feature map,
thus implicitly inheriting the LF-bias of standard losses.

FRAMER complements this line by explicitly introducing
frequency-awareness to the SD framework. By using a ded-
icated IntraCL for LF stability and an InterCL for HF de-
tail, it separates the distillation objectives based on spectral
roles, directly counteracting the LF-bias instead of inherit-
ing it.

3. Proposed Method
Training diffusion models for Real-ISR faces two key chal-
lenges [7, 12]: (1) the noise-prediction loss is biased toward
LF components, and (2) this loss is misaligned with the net-
work’s “low-first, high-later” processing, leaving HF layers
under-optimized (Fig. 3).

Simple auxiliary frequency-based losses for intermedi-
ate layers fail, introducing a cross-domain objective mis-
match [40, 53] that forces high-level features to regress to
different-domain targets, destabilizing training [34].

To avoid this mismatch, we leverage priors from pre-
trained diffusion backbones (e.g., SD2, SD3) [11, 32],
which encode rich natural-image statistics. We realign these
priors for Real-ISR via frequency-aware, layer-adaptive
supervision without changing inference. We use self-
distillation (SD) [5, 15, 17]: intermediate layers (students)
are supervised by the final-layer feature map (teacher) [16,
31, 32]. This provides a domain-compatible signal, avoid-
ing the cross-domain mismatch.

3.1. Observations
(1) LF-dominant training statistics in Real-ISR. In Real-
ISR, HR/LR images have unbalanced band-wise magni-
tudes: LF is broad and heavy, while HF is narrow and small.
Thus, the noise-prediction objective is LF-biased and under-
trains HF [7, 12] (cf. Fig. 2).
(2) Shared LF vs. instance-specific HF. Per Fig. 5, LF fea-
tures show high cross-sample similarity (shared structures),
while HF features show low similarity (instance-specific de-
tails). This implies in-batch negatives are false negatives for
LF but informative for HF.
(3) Depth-wise “low-first, high-later” hierarchy. Con-
sistent with Fig. 3, diffusion backbones show a “low-first,
high-later” frequency-progressive hierarchy: LF stabilizes
in early layers, while HF similarity rises in later layers.
(4) Degrees of alignment increase along layer depth. Per
Fig. 3, student–teacher feature alignment is low in early lay-
ers and increases with depth.
Overview. Building on Sec. 3.1, we propose FRAMER
(Frequency-Aligned Self-Distillation with Adaptive
Modulation Leveraging Diffusion Priors) (Fig. 4). During
training, we create LR inputs ILR from HR images R via
random degradation [43] and get captions via LLaVA [27].
The model is conditioned on (ILR, ZT , caption).

During training, the final-layer feature map (teacher)
supervises intermediate layers (students). We decompose
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Figure 4. FRAMER: Frequency-Aligned Self-Distillation with Adaptive Modulation Leveraging Diffusion Priors (inspired by
Sec. 3.1). (a) Framework Overview. During training, from an High-Resolution image R, we create ILR by random degradation [43],
downsampling, and resizing back to the size of R. We use LLaVA [27] to generate a caption. The diffusion backbone (U-Net [35]/DiT [31])
takes ILR, noise ZT , and the caption as inputs; FRAMER is applied only during training and jointly uses IntraCL (Sec. 3.2) and InterCL
(Sec. 3.3), modulated by FAW (Sec. 3.4) and FAM (Sec. 3.5). FRAMER is a training framework that adds auxiliary loss components only
during training. At inference, it uses the original backbone without any modification, making it fully plug-and-play. (b) Intra Contrastive
Loss. Within a single image, pull F (i)

LF toward F
(n)
LF and push it away from a randomly sampled same-image layer F

(j)
LF (no in-batch

negatives). (c) Inter Contrastive Loss. Attract F (i)
HF to F

(n)
HF and repel a random-layer negative F

(j)
HF (same image) and in-batch negatives

x− (other images).

teacher/student features into LF/HF bands (see Sec. 5.1,
Sec. 5.2 for justification). We then: (i) apply IntraCL
(Sec. 3.2) to the LF band to stabilize shared structure;
(ii) apply InterCL (Sec. 3.3) to the HF band to sharpen
instance-details; (iii) compute FAW (Sec. 3.4) to adaptively
weight distillation based on student–teacher discrepancy;
and (iv) apply FAM (Sec. 3.5) to gate the distillation by
student–teacher alignment. These terms are added to the
noise-prediction loss. The full algorithm is provided in Sup-
plementary Sec. A.1.

In essence, FRAMER can be viewed as a synergistic
combination of (i) frequency-targeted contrastive distilla-
tion (via IntraCL and InterCL) for balanced spectral opti-
mization, and (ii) a unified adaptive stabilization mecha-
nism (via FAW and FAM) that modulates the supervision
strength according to the model’s internal hierarchical pro-
gression. As a strictly training-only strategy, FRAMER
introduces no inference overhead and incurs minimal
training cost (Suppl., Sec. A.3), making it a practical plug-
and-play framework for various diffusion backbones.

3.2. Intra Contrastive Loss (IntraCL) for LF

As observed in Sec. 3.1 (1, 2) and visualized in Fig. 5, LF
feature maps are highly shared across training samples,
whereas HF feature maps are instance-specific. Conse-
quently, inter-image negatives for LF are unreliable and us-
ing in-batch negatives for LF easily introduces false nega-
tives because many images share similar coarse structures.
We therefore introduce an LF-oriented IntraCL that com-
pares a student only against its teacher and a randomly sam-
pled layer within the same network. This stabilizes globally
shared structures and promotes layer-wise refinement of LF
representations.

Concretely, let F(i) denote the feature map from an
intermediate layer i of the diffusion backbone (U-Net or
DiT). We obtain the LF representation F

(i)
LF by frequency-

decomposing F(i) via 2D FFT and applying a predefined
LF mask to its magnitude spectrum. Let F(n)

LF denote the LF
representation of the final-layer feature map (the teacher),
and let F(j)

LF be the LF representation of a randomly sam-
pled student layer j.

23454



(a) Low-frequency similarity (b) High-frequency similarity

Figure 5. Visualization of feature maps similarity ma-
trices across training samples in different frequencies
(brighter/redder indicates higher similarity). (a) LF exhibits strong
cross sample similarity, reflecting shared structural information
and motivating the use of IntraCL (Sec. 3.2) for stabilizing global
structure learning. (b) HF shows weak cross sample similarity
and strong sample specific variation, justifying the use of In-
terCL (Sec. 3.3) to promote fine grained, instance level discrimi-
nation without over sharpening. Detailed descriptions of the train-
ing samples are in Sec. 4.1

We define the similarity function sim(·, ·) as the co-
sine similarity. This is computed as the dot product be-
tween L2-normalized feature maps F̂ = F/∥F∥2. The
similarity scores are s

(i)
+,LF = sim(F̂

(i)
LF , F̂

(n)
LF ) ; s

(i)
−,LF =

sim(F̂
(i)
LF , F̂

(j)
LF ), where j is sampled uniformly at each step

from Ji = {1, . . . , n} \ {i, n}, j ∼ Unif(Ji).
The IntraCL is formulated as a log-softmax over these

scores:

L(i)
IntraCL = − log

exp
(
s
(i)
+,LF

)
exp

(
s
(i)
+,LF

)
+ exp

(
s
(i)
−,LF

) . (1)

This self-distillation objective pulls the student toward the
teacher’s LF representation. Because the teacher and stu-
dents operate within the same high-dimensional feature
space, this approach avoids the domain mismatch prob-
lem and provides a consistent and domain-compatible dis-
tillation signal to stabilize the network’s understanding of
global structures.

3.3. Inter Contrastive Loss (InterCL) for HF
As observed in Sec. 3.1 (1, 2) and confirmed by the cross-
sample statistics in Fig. 5, HF components encode fine-
grained, sample-specific details and show low cross-sample
similarity, which makes in-batch negatives informative and
valid. Accordingly, we introduce an HF-oriented InterCL
that attracts a student’s HF feature map to the teacher’s
HF feature map while repelling it from two types of neg-
atives: (i) a random-layer HF feature map within the same
image (to enforce layer-wise progression) and (ii) in-batch
HF feature maps from other images (to encourage instance
discrimination). This objective directly counteracts the LF
bias and delivers targeted optimization signals to the slowly
converging HF components, sharpening image-specific de-
tails.

Analogous to the LF branch, we obtain the HF rep-
resentation F

(i)
HF by applying the predefined HF mask to

the 2D FFT magnitude spectrum of the intermediate-layer
feature map F(i). Using the L2-normalized feature maps
F̂HF, we define the positive and random-layer negative
similarity scores: s

(i)
+,HF = sim(F̂

(i)
HF, F̂

(n)
HF ) ; s

(i)
−,HF =

sim(F̂
(i)
HF, F̂

(j)
HF ), where j is sampled uniformly from Ji =

{1, . . . , n} \ {i, n}.
Let x− denote the L2-normalized HF feature maps

from other training samples in the current batch.
We aggregate these in-batch negatives as: S

(i)
neg =∑

x− exp
(
sim(F̂

(i)
HF, x

−)
)
.

The InterCL loss is then formulated as a log-softmax
over the positive, the random-layer negative, and the in-
batch negatives. The HF branch and its InterCL objective
are depicted in Fig. 4(c).

L(i)
InterCL = − log

exp
(
s
(i)
+,HF

)
exp

(
s
(i)
+,HF

)
+ exp

(
s
(i)
−,HF

)
+ S

(i)
neg

. (2)

Here, the random-layer negative j enforces layer-
wise progression, while the in-batch term S

(i)
neg encour-

ages instance-aware discrimination. This objective directly
counteracts the LF bias and provides targeted optimization
signals to the slowly converging HF components, as shown
in Fig. 3, helping the model reconstruct fine, HF details.

3.4. Frequency-based Adaptive Weight (FAW)
As observed in Sec. 3.1 (3) and Fig. 3, diffusion backbones
follow a depth-wise “low-first, high-later” frequency hi-
erarchy: early layers prioritize stabilizing LF representa-
tions, whereas HF similarity emerges chiefly in later layers.
To align the self-distillation losses (IntraCL, InterCL) with
this hierarchy, we introduce Frequency-based Adaptive
Weight (FAW), which decomposes self-distillation across
layer depth and frequency bands and, at each layer, sets
the loss weight for each band according to its relative dif-
ference to the final layer. This yields normalized per-layer
LF/HF weights that directly scale the corresponding distil-
lation losses. The effectiveness of this FAW mechanism is
empirically validated in Sec. 5.4

We use the same predefined binary masks MLF and MHF
from Sections 3.2 and 3.3. Let

∣∣F(i)
∣∣ be the FFT magnitude

at layer i. The per-frequency average magnitudes are:

E
(i)
LF =

∑(∣∣F(i)
∣∣⊙MLF

)
∑

MLF+ε , E
(i)
HF =

∑(∣∣F(i)
∣∣⊙MHF

)
∑

MHF+ε . (3)

Here, n denotes the index of the final (teacher) layer and
ε a small constant (e.g., 10−9) for numerical stability; we
then calculate the relative difference to the final layer n:

∆
(i)
LF =

∣∣E(n)
LF −E

(i)
LF

∣∣
E

(i)
LF +ε

, ∆
(i)
HF =

∣∣E(n)
HF −E

(i)
HF

∣∣
E

(i)
HF +ε

. (4)
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Finally, the weights w(i) are computed using an inverse
discrepancy formulation, mitigating scale-induced spectral
bias.

w
(i)
LF = 1

1+∆
(i)
LF

, w
(i)
HF = 1

1+∆
(i)
HF

, (5)

Given the normalized, per-layer weights w(i) in Eq. 5,
we combine the LF/HF contrastive objectives into a single
FAW-only self-distillation term by linearly weighting the
branches as follows:

L(i)
FRAMER = w

(i)
LF L(i)

IntraCL + w
(i)
HF L

(i)
InterCL. (6)

3.5. Frequency-based Alignment Modulation
(FAM)

As observed in Sec. 3.1 (4) and Fig. 3, the student–teacher
alignment increases along layer depth: in early layers, stu-
dent features are far from the final-layer teacher, so self-
distillation from earlier layers can destabilize optimization,
whereas those from later layers are more helpful. We
therefore propose Frequency-based Alignment Modulation
(FAM), which gates the self-distillation strength by the
current LF/HF alignment, suppressing it when alignment
strength is low and adaptively increasing as a degree of
alignment improves. The effectiveness of this FAM mecha-
nism is empirically validated in Sec. 5.4.

We first define the alignment scores a(i) as the cosine
similarity between the L2-normalized student and teacher
feature maps (using F̂ defined in Sec. 3.2), passed through
a ReLU to ensure non-negativity:

a
(i)
LF = ReLU

(
sim(F̂

(i)
LF , F̂

(n)
LF )

)
, a

(i)
HF = ReLU

(
sim(F̂

(i)
HF, F̂

(n)
HF )

)
. (7)

We then use these alignment scores, with detached gradi-
ents, to gate the FAW weights:

w̃
(i)
LF = w

(i)
LF · stopgrad

(
a
(i)
LF

)
, w̃

(i)
HF = w

(i)
HF · stopgrad

(
a
(i)
HF

)
. (8)

The final, layer-wise distillation loss for our FRAMER
framework is the weighted sum of the two contrastive
losses:

L(i)
FRAMER = w̃

(i)
LF L(i)

IntraCL + w̃
(i)
HF L(i)

InterCL. (9)

Total objective. The final training objective combines the
standard noise-prediction loss (Lnoise) with the sum of our
layer-wise, frequency-gated distillation terms:

Ltotal = Lnoise +

N∑
i=1

L(i)
FRAMER. (10)

This full objective aligns self-distillation with the in-
ternal frequency hierarchy, delivering targeted frequency-
aware signals that counteract LF bias [7, 12] and, via FAW

and FAM, stabilize optimization by gating distillation to
layer-wise discrepancy and alignment so that early layers
are stabilized and HF details in later layers are sharpened
while balancing globally coherent structure with instance-
specific detail. All auxiliary heads and losses are strictly
training-only and removed at test time with no architectural
or inference changes, making FRAMER a plug-and-play
training method that leverages the strong priors of large pre-
trained T2I diffusion backbones such as Stable Diffusion
2 [32] (U-Net [35]) and SD3 [11] (DiT [31]) to improve
perceptual realism and high-frequency fidelity.

4. Experiments

4.1. Experimental Settings
Datasets. To ensure fair comparisons, we follow the same
experimental setup as SeeSR [48] and DiT4SR [10]. Our
training set is composed of a mixture of images from
DIV2K [1], DIV8K [14], Flickr2K [41], and the initial 10K
face images from FFHQ [20]. The Real-ESRGAN [43]
degradation pipeline for SR training is adopted to generate
LR–HR training pairs using the same parameter configura-
tion as SeeSR. The input LR and HR resolutions are set to
128× 128 and 512× 512, respectively. For evaluation, we
employ four real-world datasets: DrealSR [46], RealSR [4],
RealLR200 [48], and RealLQ250 [2]. All experiments are
conducted with an upscaling factor of ×4.
Metrics. To ensure comparability with prior works, we re-
port both full-reference and no-reference metrics. Specif-
ically, we include PSNR and SSIM [45] as full-reference
measures for distortion/error, while acknowledging their
limited alignment with human perception in restora-
tion tasks; for perceptual fidelity we adopt LPIPS [52].
For no-reference quality assessment, we use NIQE [30]
as an opinion-unaware metric, and MANIQA [49] and
MUSIQ [21] as recent learning-based NR-IQA measures.
Implementation Details. All implementation details, in-
cluding loss functions, frequency decomposition, training
iterations, etc., are provided in the Suppl. for reproducibil-
ity.

4.2. Comparison with Other Methods
We compare our method with state-of-the-art Real-ISR
methods, including Swin Transformer-based methods, U-
Net-based methods, and DiT-based methods. Among these,
our FRAMER is instantiated on the U-Net-based PiSA-SR
and the DiT-based DiT4SR to validate its architectural flex-
ibility. FRAMER is trained in a fully plug-and-play man-
ner under exactly the same settings as each corresponding
baseline, without any architecture-specific tuning. Unlike
DiT, whose feature resolutions remain identical across lay-
ers, U-Net changes the feature resolution between stages;
therefore, we insert a 1×1 convolution and a resize oper-
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Table 1. Quantitative comparison of real-world image super-resolution methods. We evaluate both fidelity metrics (PSNR↑, SSIM↑,
LPIPS↓) and perceptual quality metrics (NIQE↓, MANIQA↑, MUSIQ↑). Methods are grouped by architecture type (Swin-based, U-Net-
based, DiT-based). Best and Second best results are highlighted. The green percentages for our FRAMER models indicate the relative
improvement over their respective baselines, PiSA-SR (for FRAMERU) and DiT4SR (for FRAMERD).

Swin-based U-Net-based DiT-based

Datasets Metrics SwinIR [24]
(ICCV’21)

ResShift [50]
(NeurIPS’23)

SeeSR [48]
(CVPR’24)

PiSA-SR [39]
(CVPR’25)

FRAMERU

(Ours)
DreamClear [2]
(NeurIPS’24)

DiT4SR [10]
(ICCV’25)

FRAMERD

(Ours)

DrealSR PSNR ↑ 25.51 25.97 25.92 26.18 26.96 (+3.0%) 23.41 23.64 24.73 (+4.6%)
SSIM ↑ 0.742 0.704 0.734 0.752 0.786 (+4.5%) 0.652 0.640 0.687 (+7.3%)
LPIPS ↓ 0.366 0.520 0.395 0.368 0.333 (+9.5%) 0.493 0.442 0.412 (+6.8%)
NIQE ↓ 6.555 8.763 6.452 6.136 5.386 (+12.2%) 6.481 6.780 5.959 (+12.1%)
MANIQA ↑ 0.330 0.341 0.507 0.490 0.595 (+21.4%) 0.418 0.441 0.514 (+16.6%)
MUSIQ ↑ 55.26 56.17 64.99 66.15 74.53 (+12.7%) 57.68 64.93 68.47 (+5.5%)

RealSR PSNR ↑ 23.56 23.51 23.69 24.02 24.81 (+3.3%) 21.67 21.94 23.23 (+5.9%)
SSIM ↑ 0.719 0.697 0.700 0.719 0.746 (+3.8%) 0.698 0.640 0.679 (+6.1%)
LPIPS ↓ 0.378 0.497 0.386 0.355 0.328 (+7.6%) 0.489 0.414 0.371 (+10.4%)
NIQE ↓ 5.605 7.174 5.337 5.902 5.513 (+6.6%) 6.691 6.262 5.083 (+18.8%)
MANIQA ↑ 0.359 0.338 0.542 0.412 0.484 (+17.5%) 0.436 0.459 0.564 (+22.9%)
MUSIQ ↑ 61.47 60.67 69.80 68.20 70.03 (+2.7%) 64.89 67.67 72.24 (+6.8%)

RealLR200 NIQE ↓ 3.693 5.305 3.919 4.410 4.381 (+0.7%) 3.229 4.342 4.038 (+7.0%)
MANIQA ↑ 0.343 0.361 0.472 0.499 0.525 (+5.2%) 0.475 0.514 0.552 (+7.4%)
MUSIQ ↑ 64.59 61.24 71.63 71.95 73.38 (+2.0%) 67.63 72.29 74.30 (+2.8%)

RealLQ250 NIQE ↓ 3.660 5.274 3.896 4.138 4.083 (+1.3%) 3.503 4.199 3.907 (+7.0%)
MANIQA ↑ 0.357 0.394 0.490 0.471 0.516 (+9.6%) 0.427 0.507 0.546 (+7.7%)
MUSIQ ↑ 65.09 62.87 72.19 71.19 73.12 (+2.7%) 68.40 72.19 73.91 (+2.4%)

ation to align dimensions when integrating FRAMER into
the U-Net, as consistent feature shapes are required for self-
distillation.
Quantitative Comparisons. We conduct quantitative eval-
uations of our proposed FRAMER framework against re-
cent state-of-the-art Real-ISR methods across four real-
world benchmarks, as shown in Table 1. On the DrealSR
and RealSR datasets, FRAMER achieves performance on
par with or superior to advanced approaches such as SeeSR
and DiffBIR, demonstrating strong fidelity and perceptual
quality. On the more challenging RealLR200 and Re-
alLQ250 datasets, our method exhibits clear superiority,
ranking first across all perceptual quality metrics. These
results collectively highlight the effectiveness of FRAMER
in producing high-quality and visually realistic restorations,
benefiting from its robust generative prior and architecture-
agnostic design.
Qualitative Comparisons. The qualitative results com-
pared with recent Real-ISR methods are illustrated in Fig. 1.
As shown, our method produces clearer textures and more
faithful structures than existing approaches, particularly un-
der severe degradations. Both FRAMERU and FRAMERD

effectively recover fine details while preserving natural ap-
pearance, highlighting the strong restoration capability of
our framework. More comprehensive qualitative compar-
isons can be found in the Supplementary Material.

5. Ablation Study
To validate the effectiveness of our proposed FRAMER, we
conduct comprehensive ablations on its key components:
(1) the frequency-specific contrastive distillation objective,
(2) the design of IntraCL and InterCL, and (3) the adaptive
mechanisms FAW and FAM. Unless otherwise noted, all ex-
periments share the same setting: training is performed un-

der the same conditions as Sec. 4.1, and evaluation is con-
ducted on the RealSR dataset.

5.1. Effectiveness of the Distillation Objective

Table 2. Ablation on the distillation objective. Metrics are on
RealSR. The best per column is in bold.

Method Distillation Setup Quality Metrics Perceptual Metrics

Freq. Decomp. Loss Type PSNR↑ LPIPS↓ MUSIQ↑ MANIQA↑
Baseline × × 21.94 0.41 67.67 0.459
+MSE Distill. × MSE 22.36 0.41 68.11 0.467
+MSE-Freq Distill. ✓ MSE 22.59 0.39 65.74 0.417
+CL-Freq Distill. ✓ CL 23.04 0.38 69.01 0.533

As shown in Table 2, we first test the hypothesis that
a frequency-specific contrastive objective is preferable to
L2-based self-distillation for Real-ISR. Adding frequency-
agnostic L2 between the teacher and students (“+MSE
Distill.”) yields modest gains over “Baseline”
but does not correct the LF bias of the standard noise-
prediction loss [16]. Introducing frequency decomposi-
tion with L2 (“+MSE-Freq Distill.”) improves dis-
tortion metrics yet harms perceptual metrics, consistent
with domain mismatch when regressing high-dimensional
features to pixel/Fourier targets [40, 53]. In contrast,
our frequency-specific contrastive variant (“+CL-Freq
Distill.”) achieves the best results across all metrics by
providing a domain-compatible signal in the same feature
space [5, 17, 51] as the backbone’s representations, while
explicitly counteracting the LF dominance with frequency-
aware distillation from the final-layer teacher.

5.2. Analysis of Contrastive Learning Components
The detailed results for this analysis are available in Ta-
ble 3. Teacher selection. When fixed to “Negative:
Random Layer”, using a “Random Layer” as the
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teacher underperforms, indicating that arbitrary references
do not consistently reflect the target representation to be
learned. Moving the teacher to “Final Layer -1” or
“Final Layer -2” further weakens either distortion or
perceptual quality, aligning with the layer-depth-wise fre-
quency progression: early layers stabilize LF, while the
true “Final Layer” best captures converged HF de-
tails. Thus, the “Final Layer” teacher provides the
most informative target for both IntraCL and InterCL. Neg-
ative selection. Fixing “Teacher: Final Layer”,
drawing the negative from the “Previous Layer” leads
to weaker signals due to high correlation with the stu-
dent. Sampling a “Random Layer” negative enforces
comparisons across layer-depth, strengthens the margin,
and—combined with the in-batch negatives in InterCL
yields a more diverse and informative set of contrasts. The
combination of “Final Layer” teacher and “Random
Layer” negative achieves the strongest overall perfor-
mance.

Table 3. Ablation on contrastive components.

Method Quality Metrics Perceptual Metrics

PSNR↑ LPIPS↓ MUSIQ↑ MANIQA↑
Part 1: Teacher Selection (Negative=Random Layer)
Random Layer 22.63 0.39 67.23 0.469
Final Layer -1 22.15 0.40 67.45 0.476
Final Layer -2 22.62 0.39 65.82 0.438

Part 2: Negative Selection (Teacher=Final Layer)
Previous Layer 22.23 0.39 66.44 0.445

Ours: Final Teacher + Random Neg. 23.04 0.38 69.01 0.533

5.3. Impact of Frequency-Specific Design
Table 4 compares the performance of different loss combi-
nations for the LF and HF bands. Individual frequency
branches. Applying only IntraCL on LF (“A”) stabilizes
globally shared structure but yields suboptimal improve-
ment in HF details, giving limited perceptual gains. Ap-
plying only InterCL on HF (“D”) sharpens instance-specific
details and improves perceptual metrics, but the lack of LF
stabilization can slightly hurt overall fidelity. Symmetri-
cally, placing a single loss on the wrong band (“B” or “C”)
underutilizes the frequency-progressive hierarchy. LF/HF
combinations: Pairing IntraCL for LF with InterCL for HF
(“H”) aligns distillation strength with the low-first, high-
later hierarchy and yields the best distortion–perception
trade-off. Reversing the assignment (“E”) or using the same
contrast on both bands (“F”, “G”) degrades either perceptual
realism or fidelity, confirming that LF benefits from pair-
wise stabilization while HF benefits from instance discrim-
ination with in-batch negatives.

5.4. Effectiveness of Adaptive Mechanisms
We validate the effectiveness of FAW and FAM in Table 5.
Adaptive weighting with FAW: “FAW” computes nor-

Table 4. Ablation on the combination of contrastive losses for
LF/HF bands.

Variant Loss Options Quality Metrics Perceptual Metrics

Low Freq. High Freq. PSNR↑ LPIPS↓ MUSIQ↑ MANIQA↑
Baseline × × 21.94 0.41 67.67 0.459

A IntraCL × 22.86 0.38 65.92 0.466
B InterCL × 22.62 0.41 66.22 0.479
C × IntraCL 22.27 0.39 67.98 0.509
D × InterCL 22.47 0.39 68.70 0.513
E InterCL IntraCL 22.21 0.41 67.56 0.484
F InterCL InterCL 21.90 0.41 67.21 0.465
G IntraCL IntraCL 22.85 0.39 65.25 0.435

H (Ours) IntraCL InterCL 23.04 0.38 69.01 0.533

malized per-layer weights from student–teacher frequency
discrepancies, aligning loss strength with the frequency-
progressive hierarchy. Even without “FAM”, “FAW” im-
proves perceptual quality while maintaining distortion met-
rics. Alignment gating with FAM: “FAM” gates losses
by the current LF/HF alignment degree to the final-layer
teacher, reducing distillation strength when alignment is
low (early layers) and increasing it as alignment improves
(later layers). This stabilizes optimization and slightly im-
proves both distortion and perception. Combined effect:
Using both “FAW” and “FAM” yields the strongest overall
performance, indicating that discrepancy-aware weighting
and alignment-aware gating are complementary: “FAW” al-
locates distillation strength across frequencies and layer-
depth, while “FAM” schedules its intensity according to
layer-wise alignment. Together they best counter the LF
bias and sharpen HF details without destabilizing early lay-
ers.

Table 5. Ablation study on the effectiveness of FAW and FAM.

Variant Adaptive Distillation Quality Metrics Perceptual Metrics

FAW FAM PSNR↑ LPIPS↓ MUSIQ↑ MANIQA↑
Baseline × × 21.94 0.41 67.67 0.459
CL only × × 23.04 0.38 69.01 0.533
FAW only ✓ × 22.93 0.38 70.50 0.552
FAM only × ✓ 23.06 0.37 69.43 0.540
FAW + FAM ✓ ✓ 23.23 0.37 72.24 0.564

6. Conclusion
FRAMER is a frequency-aware, layer-adaptive self-
distillation framework for Real-ISR. It decomposes fea-
tures with simple FFT masks and couples IntraCL and In-
terCL with FAW and FAM to deliver targeted optimiza-
tion, prevent early-layer collapse, speed convergence, and
enhance perceptual quality, without altering the backbone
or inference. Across U-Net and DiT backbones and stan-
dard real-world benchmarks, FRAMER achieves consistent
gains on both distortion and no-reference metrics, with ab-
lations supporting the use of the final-layer feature map as
teacher and random-layer plus in-batch negatives for HF.
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