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Abstract

Real-World Image Super-Resolution (Real-ISR) aims to re-
cover high-quality images from low-quality inputs degraded
by unknown and complex real-world factors. Real-world
scenarios involve diverse and coupled degradations, mak-
ing it necessary to provide diffusion models with richer and
more informative guidance. However, existing methods of-
ten assume known degradation severity and rely on CLIP
text encoders that cannot capture numerical severity, limit-
ing their generalization ability. To address this, we propose
HD-CLIP (Hierarchical Degradation CLIP), which decom-
poses a low-quality image into a semantic embedding and
an ordinal degradation embedding that captures ordered
relationships and allows interpolation across unseen lev-
els. Furthermore, we integrated it into diffusion models via
classifier-free guidance (CFG) and proposed classifier-free
projection guidance (CFPG). HD-CLIP leverages seman-
tic cues to guide generative restoration while using degra-
dation cues to suppress undesired hallucinations and arti-
facts. As a plug-and-play module, HD-CLIP can be seam-
lessly integrated into various super-resolution frameworks
without training, significantly improving detail fidelity and
perceptual realism across diverse real-world datasets.

1. Introduction

Recovering high-quality images from degraded observa-
tions has long been a fundamental challenge in computer
vision. In real-world scenarios, images often suffer from
diverse degradations—such as blur, noise, and compression
artifacts—that significantly degrade visual quality. Image
Super-Resolution (ISR) aims to reconstruct high-resolution
(HR) images from low-resolution (LR) inputs, but accu-
rately modeling real-world degradations remains highly
challenging. Moreover, Real-world ISR (Real-ISR) focuses
on restoring HR images without explicit degradation pri-
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Figure 1. Quantitative visualization of descriptive degradation prompts
under varying blur levels. Each point represents PSNR (dB) of FaithD-
iff [4] with different textual descriptions (“Deblur with sigma X”), where
X is ranged from 0.1 to 4.0, for a same synthesized blur image (o = 4.0).
Ideally, using the prompt “Deblur with sigma 4.0” should yield the best
performance, since it exactly matches the degradation level of the input
image. However, as shown in the figure, its result is not significantly better
than those obtained with other sigma values. In fact, the prompt without
any detailed description (“Deblur”) performs the best overall.

ors, requiring more robust and adaptive restoration strate-
gies. GAN-based Real-ISR methods, such as SwinlR [15]
and Real-ESRGAN [34], learn complex mappings from LR
to HR domains to restore fine textures and global struc-
tures while enhancing perceptual realism through adversar-
ial learning. However, their performance heavily relies on
accurate degradation assumptions and domain consistency,
often leading to artifacts or structural distortions in real-
world scenarios. Thus, effectively understanding and mod-
eling degradations remains a core challenge in Real-ISR.

Earlier methods [2, 5, 6, 18, 42] modeled degradations
by estimating blur kernels or noise levels. However, their
reliance on predefined assumptions limits robustness to di-
verse and spatially variant real-world degradations. To en-
hance adaptivity, subsequent works [16, 30, 31] introduced
degradation-aware or multi-stage frameworks to disentan-
gle degradation cues from content features.

With the advent of diffusion models, numerous Real-ISR
frameworks have leveraged their powerful generative pri-
ors to enhance perceptual quality. Representative works
[4, 8, 17, 33, 38, 39] have demonstrated the strong po-
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tential of diffusion models in balancing realism and fi-
delity. These approaches generally fall into two paradigms:
restoration-guided methods [17, 39] incorporate degrada-
tion estimation or auxiliary restoration modules to guide the
denoising process. Another one is semantic-guided meth-
ods [38, 40] which exploits high-level features from pre-
trained vision—language models to inject contextual cues
during generation. Despite their impressive visual results,
these strategies still struggle to preserve structural fidelity
and consistency under unknown or complex degradation,
resulting in ambiguous diffusion guidance, structural distor-
tions, and mismatched textures in the reconstructed images.

To achieve strong diffusion-based restoration, degra-
dation representation must be more thoroughly explored.
These degradations exhibit continuous variations in severity
and often occur as complex and unknown mixtures, mak-
ing it extremely challenging for diffusion models to infer
restoration conditions purely from visual input. DA-CLIP
[19] models degradation as categorical conditions and in-
tegrates them into diffusion via cross-attention, achieving
promising results with IR-SDE [20]. However, this limits
its ability to represent the continuous characteristics of the
severity. SPIRE [24] further introduces descriptive degra-
dation prompts (e.g., “Deblur with sigma 4.0”) that encode
both degradation and semantic cues, yet its improvement
remains limited because CLIP’s text encoder cannot accu-
rately quantify degradation strength (e.g., “blur with sigma
2.0” should be closer to 0=3.0 than 0=10.0), resulting in
weak and inconsistent conditioning across degradation lev-
els, as illustrated in Fig. 1. To enable fine-grained and con-
tinuous understanding of real-world degradations, we need
a unified degradation representation that not only distin-
guishes between different degradation types but also cap-
tures the ordinal relationships within each type.

In our work, we revisit real-world degradation through
vision—language alignment, analyzing both degradation
types and intensities for adaptive diffusion-based restora-
tion. Moreover, to bridge the gap between our alignment
and the text embeddings used in T2I diffusion models, we
reformulate classifier-free guidance (CFG) to effectively in-
tegrate degradation-aware image features with the inherent
textual conditioning of diffusion models. Our main contri-
butions are summarized as follows:

e We propose ZePHiR, a zero-shot plug-and-play adap-
tation framework for stable diffusion-based super-
resolution, enabling robust training-free restoration under
unknown and mixed degradations.

* We introduce HD-CLIP, a hierarchical degradation-aware
representation that decouples degradation type and inten-
sity via composition ordinal text embeddings.

* We develop Classifier-free Projection Guidance (CFPG)
to refine diffusion sampling by projecting semantic and
degradation embeddings for consistent guidance.

» Extensive experiments show that ZePHiR achieves supe-
rior fidelity and realism across multiple real-world SR
datasets and diffusion backbones.

2. Related Work
2.1. Diffusion prior based Real-ISR

Recently, diffusion models have revolutionized image
generation, driving rapid progress in Real-Image Super-
Resolution (Real-ISR). Early diffusion-based SR methods
[10, 11, 28, 35] primarily learn the domain shift between
downsampled low-resolution (LR) and high-resolution
(HR) images. However, modeling only the downsampling
process fails to capture the diverse and complex degra-
dations present in real-world scenarios. Leveraging the
strong generative priors of large-scale text-to-image (T2I)
diffusion models such as Stable Diffusion, recent studies
have explored adapting them for image restoration to en-
hance perceptual realism. Some approaches [4, 17, 33,
39] use the low-quality (LQ) image as a visual prior to
guide the diffusion process. DiffBIR[17] adopts a two-
stage pipeline—first performing restoration to remove ini-
tial degradations, then employing diffusion to enhance real-
ism. PASD[39] introduces an auxiliary degradation removal
module with multi-scale supervision to extract “clean” fea-
tures from the LQ image for diffusion control. Another
promising direction integrates prior knowledge or semantic
cues into the T2I diffusion process. Prompt-based guidance
[24, 38] leverages textual descriptions of the LQ image to
provide richer contextual cues, improving detail preserva-
tion and structural consistency in Real-ISR. For instance,
SeeSR[38] employs a Degradation-Aware Prompt Extrac-
tor (DAPE) to connect HR and LR images via high-level
semantic tags, yielding more realistic and semantically con-
sistent reconstructions. However, most existing works fo-
cus primarily on the semantic representation of the LQ im-
age while overlooking the underlying degradation charac-
teristics, limiting their robustness under diverse real-world
degradations. To address this limitation, we thoroughly an-
alyzed the degradation information extracted from the LQ
input, exploring the ability to recognize the degradation by
its type and severity, and further investigated the relation-
ship between restoration efforts.

2.2. Degradation Representation of Real-ISR

Since degradation is the primary challenge in Real-ISR, re-
cent studies [19, 22, 24, 40] have explored explicit model-
ing and representation of degradation characteristics . DA-
CLIP [19] separates semantic and degradation representa-
tions by using diverse text prompts: one branch follows
CLIP for semantic alignment, while another learns degrada-
tion types (e.g., snowy, noisy, hazy, JPEG) via an additional
image encoder. MM-RealSR [22] introduces unsupervised
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Figure 2. Overview of HD-CLIP. Given a low-quality (LQ) image, a pair of semantic and degraded vision encoders extract semantic and degradation
representations, respectively. The text encoder produces the type text embedding et¥P€, while the ordinal embedding 0y05e; @nd learnable shift embedding
sfgf;:l are independently learned. These components are combined via element-wise addition to form the composition ordinal text embedding cfé’f - The

cosine similarity between the degraded vision embedding and the text embeddings identifies the corresponding degradation type and candidate levels. Top-

K similarity scores are then used for local interpolation regression to infer the final predicted degradation level Leve

degradation estimation through metric learning, categoriz-
ing degradations into noise and blur and constructing a
bounded metric space to encode high-level degradation con-
cepts for restoration. S3Diff [41] adopts degradation esti-
mation and embeds numerical degradation levels from MM-
RealSR [22] into LoRA for SR adaptation. ZFusion [9]
aligns real-world and synthetic degradation attributes using
CLIP vision embeddings to enhance degradation represen-
tation from the LQ image. Although these methods provide
new perspectives for describing degradation, they often lack
explicit definitions or measurable representations of degra-
dation severity. Measuring degradation intensity remains
challenging because it involves continuous and interdepen-
dent distortions (e.g., noise, blur, compression) that are dif-
ficult to model within a unified latent space. Therefore, we
introduce an ordinal text embedding space designed to en-
code degradation descriptions with explicit ordering. By
aligning the image’s degradation embedding with this or-
dinal textual space, we enforce ordered structural relation-
ships that enhance interpretability and support fine-grained
degradation understanding.

2.3. Numerical Representations using VLM

The CLIP text encoder has been shown to generate text em-
beddings that exhibit minimal sensitivity to numerical vari-
ations in the input prompt. This means that regardless of the
numeric value provided, the resulting text embeddings re-
main nearly identical, preventing the model from represent-
ing quantitative concepts such as degradation levels. Prior
studies [7, 13, 14, 23] have pointed out that CLIP’s pre-

ltype
pred’

training data and prompts rarely describe images in terms
of quantities, making it inherently weak at understanding
numerical relationships. To address this limitation, Count-
CLIP [23] and CrowdCLIP [14] introduce numerically de-
scriptive prompts and corresponding images to help CLIP
learn object counting. Ordinal CLIP [13] and NumCLIP [7]
further develop this idea by learning rank-aware text pro-
totypes that enable ordinal regression, allowing the model
to represent ordered attributes such as image quality, or
human age. Motivated by this limitation, we reformulate
the textual representation space to explicitly encode ordi-
nal relations among degradation levels, rather than relying
on CLIP’s inherently discrete embedding behavior. By re-
defining the text embeddings in an ordinal manner, we en-
courage the image encoder to align with graded degradation
levels and capture their continuous progression, rather than
treating them as discrete or unrelated categories.

3. Methodology

Our goal is to present a plug-and-play module that can ex-
tract both degradation and semantic information from LQ
images and inject them into a diffusion model. Specifically,
we introduce Hierarchical Degradation CLIP (HD-CLIP),
which constructs an ordinal text embedding space using po-
sitional embeddings to encode degradation attributes and
aligns degraded visual embeddings within this space (Sec-
tion 3.1). In this way, the model can learn degradation
intensity through the structure of the ordinal text embed-
ding space, as shown in Figure 2. Moreover, to evaluate
HD-CLIP, we propose Classifier-Free Projected Guidance
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Figure 3. Visualization of the HD-CLIP ordinal degradation space. By
modeling degradation types and their ordered intensities, HD-CLIP forms
a coherent ordinal continuum that anchors diverse degradations and en-
forces degradation embedding consistent ordering in the ordinal space.

(CFPG), an advanced classifier-free guidance strategy that
more effectively fuses text embeddings and degradation-
aware embeddings produced by HD-CLIP (Section 3.2). In
the following, we present the details of our method.

3.1. Hierarchical Degradation CLIP

To enable CLIP to understand and represent degradation in-
tensity in real-world images, we address a key limitation:
vanilla CLIP lacks number sense, directly fine-tuning it
with textual numeric values cannot guarantee that the vision
encoder learns an ordered embedding space that reflects
degradation severity. To address this, we introduce Hierar-
chical Degradation CLIP (HD-CLIP), which constructs an
ordinal text embedding space capable of representing degra-
dation type and intensity, upon which the image embed-
dings are aligned to learn the corresponding relationships.

Composition Ordinal Text Embedding. Inspired by [7]
and [13], which leverage ordinal text embeddings to cap-
ture relative magnitudes or numerical relationships within
visual concepts, we design an ordinal text embedding to
represent the degradation intensity of real-world images.
To endow the HD-CLIP with an understanding of degra-
dation intensity, we adopt a positional-encoding-based for-
mulation from Transformers[32], where the degradation
level is encoded as a ordinal embedding that preserves
ordered relationships across levels. Furthermore, to dif-
ferentiate degradation types, the textual tokens “Blur”,
“JPEG”, “Downsample”, and “Noisy” are encoded by
the text encoder and added with the corresponding or-
dinal embeddings, forming the initialized text represen-
tations for each degradation condition. Formally, for a
type € {Blur,JPEG,Downsample, Noisy} and level €
level e level¥Pe], we normalize level to level € [0, 1]

max

and define the ordinal embedding o, - , € R? as:

cos (Ze{)el . e‘j/d'logf) , if jmod 2 =0,
sin (lefjel . e~ J/dlog f) , if jmod 1 =0,
ey

Otevetld] =

where f controls the encoding frequency and d denotes
the embedding dimension. This positional design provides
smooth ordinal transitions between degradation levels and
remains invariant to their original numeric scale.

However, since the mapping between textual represen-
tations and degradation intensities is not explicitly defined,
we introduce a learnable shift embedding s/, € R? to im-
plicitly learn this correspondence. This shift enables each
degradation type to adaptively adjust its position within the
shared ordinal space, allowing the model to better align
text embeddings with their underlying degradation inten-
sity. The final composition ordinal text embedding c;”"*,
is formulated as:

type __ _type - type
Clevel = €t + Olevel + Slevel’ (2)

where e/Y?¢ denotes the output from the text encoder for

each degradation type. The visualization of the learned or-
dinal degradation space is shown in Figure 3.

Local Interpolation Regression. In real-world scenarios,
degradation parameters vary continuously and cannot be ex-
haustively enumerated. To allow HD-CLIP to accurately
represent such degradation intensities from limited discrete
supervision, we design a local interpolation regression strat-
egy. Instead of forcing the model to recognize only a fixed
set of discrete degradation levels, we encourage it to inter-
polate smoothly between them, achieving a continuous un-
derstanding of degradation severity.

Specifically, we define a set of discrete bin centers de-
rived from the composition ordinal embeddings in Eq.2.
These bin centers serve as discrete anchors in the degra-
dation embedding space. For each degradation type, the bin
centers are represented as

type NYPe
{cle'ueli =1 > (3)

t L.
where each ¢,’", corresponds to one of the composition
;

ordinal text embeddings defined for each degradation type.
Here, NP is determined by the range of degradation lev-
els [level’P° levelt¥?e], where we uniformly sample one
bin for every n-th interval within this range.

For an image embedding e;,,, produced from the vision
encoder, we use four linear heads—one for each degrada-
tion type. Each head projects €;,,,, into e*” ;€ R?, where
the first d dimensions correspond to the embedding space,
and the last dimension represents a confidence con f*/?°¢
{0, 1} indicating whether the degradation type is present:

ezfyf’; = Linear'?*(e;,,,) € R, 4)
The confidence component con f,,,. is optimized using an
L2 loss against the ground truth, which we refer to as the:

t t
»Cconf = Z HConfpg_Zé(; — confgzpe ) (5)

type
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Figure 4. Illustration of the ordinal text embedding space constructed
for blur degradation. Black arrows represent text embeddings at discrete
degradation levels (e.g., Blur with o = 0.0, 0.5, 1.0, 3.5). Since intermedi-
ate levels such as o = 0.7 are not explicitly available, we obtain them via
SLERP between the nearest text embeddings (o = 0.5 and o = 1.0). Red
arrow denotes the corresponding image embedding for ¢ = 0.7, which
aligns with the interpolated text embedding in the ordinal space.
Meanwhile, the embedding component (the first d dimen-
sions of hy) is compared with the ¢;*”, via cosine similarity
to determine the % nearest bin centers.

type \k

Given the top-k most similar bins {¢;/}¢; }i_; and their
corresponding similarity weights {w;*"$ }*_,. the pre-
dicted degradation level is obtained by a weighted interpo-
lation:

k
Levell = 3" wf?e, e, ©)
i=1
To further encourage accurate intensity estimation, we in-
troduce a level regression loss that directly aligns the pre-
dicted level with the ground-truth level through an L1 dis-
tance:

Licvel = Z HLeveli}jﬁZ — Level:ﬁpe (7)

type

Cross-modal Alignment via Slerp-based Contrastive
Learning. To establish an ordinally consistent alignment
between the learned image and text embeddings, we pro-
pose a Slerp Contrastive Learning Loss. Rather than di-
rectly matching each image embedding to its corresponding
text embedding as in conventional contrastive learning, our
setting defines only a few discrete bin centers representing
specific levels of degradation intensities. To achieve this,
we employ spherical linear interpolation (Slerp) to generate
the target text embedding that corresponds to the degrada-
tion intensity of each image. Given two neighboring text
embeddings p and g representing adjacent levels, the inter-
polated embedding at level € [0, 1] is computed as:

sin[(1 — level)d] - p + sin(levelf) - ¢
sin ¢
)

where § = arccos(p - q) denotes the angle between p and
q in the embedding space. This formulation enables us to
generate continuous text embeddings for any intermediate
degradation level, even when the text encoder only provides
discrete descriptions at predefined points (e.g., “Blur with o
0.0”, “Blur with ¢ 0.57), as illustrated in Figure 4.

Slerp(p, q, leﬂel) =
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Figure 5. Overview of our zero-shot adaptation pipeline (ZePHiR). We first
extract the semantic and degradation features from HD-CLIP to serve as
guidance signals. These embeddings are then fused with the positive and
negative text embeddings through geometric decomposition, which sepa-
rates the deviation between text and HD-CLIP features into parallel and
orthogonal components. Finally, these decomposed corrections are inte-
grated into the CFG sampling process, enabling adaptive restoration that
enhances fidelity while effectively suppressing degradation artifacts.

After obtaining the interpolated text embedding for each
image, our Slerp contrastive learning loss is defined as:

S S w)
L == —lo ; ; : - -
= 2T | T 5 e P )
o ©)
where f(2',w/) = eXP(M) is the temperature-

scaled cosine similarity, and z is image embedding, w is
text embedding calculate using Eq. 8, and A7 ; is an adap-
tive weight that adjusts the importance of negative samples
according to their ordinal distance:

Xi,j = Norm(d; ;), di; = Level™VP¢ — Leveltyp?|.

gt,i gt,j
(10)
This strategy enforces smooth ordinal consistency across
levels while effectively bridging the gap between discrete
textual anchors and continuous degradation intensities.
The overall objective combines three terms:

L= £conf + Elevel + ESCL- (11)

Note that our objective focuses on degradation represen-
tation learning through Leonf, Liever, and Lgcr. For se-
mantic alignment, we additionally adopt the original CLIP
loss Lonrp and GT semantic loss Lo following prior
works [19, 21], which are directly applied to preserve the
text-image semantic consistency in the diffusion process.

3.2. Classifier-free Projection Guidance

Integrating continuous HD-CLIP embeddings into the dis-
crete manifold of T2I models presents a challenge: stan-
dard classifier-free guidance (CFG) entangles the recovery
of semantic details into a purely linear scaling process, of-
ten introducing artifacts at high guidance strengths. In-



spired by [27], we propose Classifier-free Projection Guid-
ance (CFPQG), a geometric decomposition strategy that rec-
tifies noise predictions by disentangling the guidance into
fidelity (parallel) and compensation (orthogonal) compo-
nents. Thus, to demonstrate the integration of HD-CLIP
and CFPG, the overall pipeline — Zero-shot Adaptation of
Stable Diffusion via Plug-in Hierarchical Degradation Rep-
resentation for Real-ISR (ZePHiR) — is shown in Figure 5.

Geometric Decomposition. We first compute four noise
estimates:  the standard positive and negative text-
conditioned baselines i, and the HD-CLIP guided predic-
tions €sem and €4.4. We define the deviation vectors d as
the discrepancy between visual and textual cues:

dpos = €sem — Ezgm dneg = €deg — e;zt' (12)
To decouple the guidance effects, we project these devia-

tions onto their respective textual baselines. For a generic
deviation d and baseline b, the decomposition is defined as:

d-b

dl =
(b2

b, dt=d-dl. (13)

Applying this to our dual branches yields distinct functional

roles. In the positive branch (where b = e?;t), dzlg‘oS ensures
fidelity to the global semantic context, while d;;oS provides
compensation correction, injecting high-frequency details
from the LQ image absent in the text. In the negative branch
(where b = ¢;,,), dj, isolates specific degradation pat-
terns (e.g., blur, noise), allowing the model to target artifact

removal without altering the underlying image structure.

Guidance Formulation. We reconstruct the rectified

noise estimates € by re-weighting the components with con-

trollable scalars 7 for orthogonal and parallel factors:
+ Ll

Ceat + n”d‘zl)os + n dpos7

én@!] = 6t_wt + nl‘d‘vlleg + nLd#eg'

€pos

(14)

Notably, when nt = nll, the proposed decomposition col-
lapses to standard linear guidance, demonstrating that our
method generalizes the standard CFG mechanism while of-
fering disentangled controllability. Finally, the diffusion
sampling update uses these geometrically refined estimates
within the standard formulation:

€= neg + M (Epos — ncq) - (15)

This adaptive projection enables robust detail restoration
and artifact suppression across diverse degradation levels
while preventing the over-saturation typical of linear guid-
ance fusion.

4. Experimental Results

4.1. Datasets and implementation details

Training dataset. We train our HD-CLIP model us-
ing high-quality images from the DIV2K dataset [1].
While existing real-world super-resolution methods, such
as RealESRGAN [34], typically synthesize degraded im-
ages through a blind degradation process, the objective of
HD-CLIP is to learn a precise understanding of different
degradation intensities. Therefore, it requires paired data
accompanied by prompts that describe the degradation pa-
rameters of each image.

To achieve this, we modify the degradation synthesis
pipeline introduced in SPIRE [24]. Following its overall
settings, we adopt four general types of degradations in
Real-ISR: Gaussian blur, Gaussian noise, JPEG compres-
sion, and downsampling. For Gaussian blur, the standard
deviation ¢ is sampled from the range [0.1, 4.0]; for Gaus-
sian noise, the noise level varies from [1, 40]; for JPEG
compression, the quality factor is set within [30, 95]; and
for downsampling, the scale factor ranges from [1.1, 7.0].
These configurations ensure a balanced coverage from mild
to severe degradations, facilitating a comprehensive repre-
sentation of real-world image degradation scenarios.

Unlike SPIRE, we apply all four degradation types to
each of the 800 images in DIV2K-train [1], with multiple
intensity levels. This design enables HD-CLIP to learn the
distinctions among various degradation types under identi-
cal image content, thereby improving its ability to gener-
alize across different degradation conditions. een various
degradation types under the same image content.

Test datasets and Evaluation Metrics. To evaluate HD-
CLIP, we first use the DIV2K-Val [1] to assess its ability
to predict degradation levels from LQ images. We em-
ploy Type Accuracy, MAE, Spearman Rank Order Cor-
relation Coefficient (SROCC), and Pearson Correlation
Coefficient (PCC) to measure the quality of degradation
representation. When integrating HD-CLIP embeddings
into pre-trained restoration models, we further test on
three datasets—DIV2K-Val [1], DRealSR [36], and Re-
alSR [3]—where LQ images are synthesized following the
blind degradation pipeline of RealESRGAN [34]. For quan-
titative evaluation, we adopt PSNR, SSIM, LPIPS [43],
MUSIQ [12], and Q-Align [37] metrics.

Implementation details. Our framework is implemented
in two stages. In the first stage, we train the proposed HD-
CLIP model based on the CLIP backbone (ViT-B/32). The
training is conducted on five NVIDIA RTX 3090 GPUs
with a batch size of 512 per degradation type. We use the
AdamW optimizer with a learning rate of 2 x 10, and
train for 400 epochs, which takes approximately two days



Table 1. Quantitative comparison of diffusion-based SR methods integrated with HD-CLIP under the same settings (., = 5.5) and different guidance
strategies across three benchmarks: DIV2K [1], RealSR [3], and DRealSR [36]. “CFG” denotes classifier-free guidance, which adds the HD-CLIP features
directly into text features, and “CFPG” represents our proposed Classifier-free Projection Guidance. The best results of each metric are highlighted in red.

DIVZK-Val [1] RealSR [3] DRealSR [36]
Method PSNRT SSIMT LPIPS| MUSIQT Q-Alignt | PSNRf SSIM} LPIPS| MUSIQf Q-AlignT | PSNRT SSIM{ LPIPS| MUSIQT Q-Alignf
PASD [30] (SD 1.5) | 184895 04355 05991 367991 19686 | 250191 07416 02884 601739 32858 | 267911 07724 03197 500607  2.0602
w/ CFG (HD-CLIP) 19.0022 04686 0.5762 34.3265 1.8844 26.1735 0.7616  0.3030 40.0600 2.2618 28.1153  0.8120  0.3230 32.5866 2.0564
w/ CFPG (HD-CLIP) | 18.9394 04605 0.6091 28.6050  1.6049 | 26.1321 07580 03026 37.8647  2.1785 | 28.1138 08110 03256 303282 19402
SeeSR [38] (SD 2.0) | 18.2500 04371 04034 685187 39834 | 237161 0.7003 02949  68.7858  3.6592 | 259244 07417 03114 630885 34741
w/CFG (HD-CLIP) | 182256 04389 04065 69.1072 40016 | 23.5528 0.6964 02989 69.8416 37475 | 257688 07415 03172 652142  3.5989
w/ CFPG (HD-CLIP) | 18.6220 0.4558 0.4104 62.9916 3.4700 24.5341 0.7270  0.2754 63.7596 3.2773 26.8170  0.7777  0.2891 55.7778 3.0191
FaithDIff [4] (SDXL) | 17.7485 04069 04005 709052 37775 | 235679 06736 02043 69.1240 35821 | 250295 06745 03570 666092 34847
w/ CFG (HD-CLIP) | 17.8050 04119 03983 709668  3.8122 | 23.5073 0.6694 02954 68.8856  3.5645 | 24.9943 06735 03573 665542  3.4399
w/ CFPG (HD-CLIP) | 18.12908 04201 03769 69.4066  3.6750 | 242439 06057 02738 68.0055  3.5310 | 255198 0.6906 03367 65.1483  3.4367
to complete. In the second stage, the trained HD-CLIP is Table 2. Quantitative comparison of degradation representation. The best
employed as a plug-and-play module. We modify the stan- results of each metric are highlighted in red.
dard CFG into two variants by integrating our HD-CLIP Method Type Acc (%)t MAE] SROCC?t PCC?
representations into the text prompts. The first variant per- CLIP [25] 30.02 262361  -0.0443  0.0841
forms direct addition, where the semantic and degradation DA-CLIP [19, 21] 43.84 6.9968 0.8120  0.9265
HD-CLIP(Ours) 85.60 2.4026 0.9893 0.9854

embeddings are fused with the text embeddings using pre-
defined ratios. The second variant adopts the CFPG strat-
egy, which maps the HD-CLIP representations into text-
conditioned noise for adaptive guidance.

4.2. Performance comparison of Real-ISR

In this section, we evaluate the application of HD-CLIP
on three Real-ISR datasets (DIV2K-Val, DrealSR, Re-
alSR) . As shown in Table 1, our framework consis-
tently improves fidelity and maintains perceptual quality
across diffusion-based SR methods, including PASD [39]
(SD 1.5), SeeSR [38] (SD 2.0), and FaithDiff [4] (SDXL),
suggesting enhanced semantic understanding that effec-
tively suppresses hallucinations. These findings confirm
that HD-CLIP embeddings act as powerful conditional pri-
ors, guiding the diffusion process toward semantically con-
sistent and perceptually faithful restoration.

Figure 6 further illustrates enhancements in both struc-
ture and local semantics. PASD often creates overly sharp
yet incorrect details, such as feather-like artifacts on the
hoof and unrealistic grass textures, while HD-CLIP mini-
mizes these hallucinations and better aligns structures with
the actual scene. SeeSR tends to overproduce wing veins
and adds dot-like artifacts, whereas our approach results
in cleaner geometry without fabricating textures. For in-
tricate urban patterns, accurate and consistent reconstruc-
tion of fine roof tiles and wall textures is achieved only with
HD-CLIP, as FaithDiff otherwise struggles to recover these
details. Overall, HD-CLIP reduces hallucinations, avoids
over-generation, and enhances both texture accuracy and
structural fidelity in diffusion-based SR models.

4.3. Degradation intensity prediction by HD-CLIP

We evaluate our method (HD-CLIP) against CLIP [25],
and DA-CLIP [19, 21], as shown in Table 2. The origi-
nal CLIP lacks low-level perception awareness, as its text
encoder is primarily trained on semantic concepts, leading

Table 3. Effectiveness of L ¢ye; and Lscor,. Each configuration (A-D)
represents a different combination of the proposed losses.

Lrever Lscr | TypeAce(%)T MAE| SROCCT PCC1t
(A) 83.04 10.5028 0.7599 0.9030
B) v 86.93 2.6081 0.9885 0.9840
© v 85.85 2.9062 0.9860 0.9791
(D) v v 85.60 2.4026 0.9893 0.9854

to poor alignment between vision and degradation repre-
sentations. DA-CLIP introduces degradation-aware super-
vision, which improves degradation type discrimination but
treats each intensity as the same category, thereby limiting
its ability to distinguish different intensities. In contrast,
HD-CLIP explicitly encodes the ordinal nature of degra-
dation through level-wise embeddings, allowing the model
to capture monotonic transitions across intensity scales.
The learnable shift embedding further refines this structure
by accounting for non-linear perceptual variations between
degradation levels. As aresult, the embedding space of HD-
CLIP forms a coherent continuum that aligns with both type
semantics and degradation severity, enabling more consis-
tent and interpretable prediction of degradation intensity.

We further compare HD-CLIP with MM-RealSR [22],
which also predicts degradation levels. As shown in
Figure 7, MM-RealSR produces monotonically increasing
curves that reflect the general trend of degradation sever-
ity, but its predicted scores lack perceptual interpretability
since the numerical levels are not grounded in human per-
ception. In contrast, HD-CLIP learns a degradation-aware
embedding space that jointly models degradation types and
their ordinal intensities, enabling semantically consistent
and perceptually meaningful level representation. As a re-
sult, HD-CLIP not only preserves the expected monotonic
behavior but also provides predictions that are better aligned
with perceptual degradation strength.
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Figure 6. Qualitative comparison on DIV2K-Val[ 1] datasets. Applying HD-CLIP to PASD (SD 1.5), SeeSR (SD 2.0), and FaithDiff (SDXL) consistently
improves semantic alignment, reduces hallucination, and restores finer structural details in the highlighted regions. Please zoom in for a better view.
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Figure 7. Comparison of normalized degradation prediction curves across four degradation types and the degradation levels range from blur ¢ = 0.1-4.0,
JPEG quality = 30-95, noise level = 1.0-40.0, and resize scale = 1.1-7.0. Our method (HD-CLIP) is compared with MM-RealSR [22], which also
predicts degradation scores. For fair comparison, all degradation scores are normalized to the same [0, 1] scale.

5. Ablation Study

As presented in Table 3, both Ly, and Lgoy, are de-
signed to enhance the precision of degradation-level esti-
mation, primarily reflected in the reduction of MAE. While
L ever imposes a direct supervision on the numerical pre-
diction of degradation values, Lgcy introduces a spatial
constraint that encourages the embeddings to preserve or-
dinal relationships. Notably, configuration (C) with Lgcp,
alone achieves a slightly lower SROCC than configuration
(B), which only adopts Lre..;. However, further analysis
of the cosine similarity between composition-level text em-
beddings (see supplementary materials) reveals that Lscp,
helps to organize the latent space into a more structured and
discriminative geometry. This indicates that Lgscr helps
disentangle degradation levels in a semantically consistent
way rather than merely enforcing rank correlation. Con-

sequently, the joint configuration (D), which integrates both
Lever and Lscr, achieves the most balanced performance,
combining low MAE with high SROCC. This suggests that
L 1ever provides explicit numerical alignment, while Lgcp,
complements it by refining the embedding space to better
reflect perceptual and ordinal consistency.

6. Conclusion

In this work, we addressed the ambiguity of degradation
assumptions in real-world image restoration and proposed
HD-CLIP, a plug-and-play designed to explicitly repre-
sent degradation in terms of both type and intensity. By
learning degradation-aware representations through compo-
sitional ordinal text embeddings, HD-CLIP achieves strong
interpretability that aligns CLIP’s feature space with hu-
man perceptual judgment, thereby enhancing its explain-
ability. Furthermore, by integrating HD-CLIP represen-



tations into Real-ISR, we demonstrated significant fidelity
improvements over baseline models through both CFG and
CFPG strategies. These results highlight the effective-
ness of HD-CLIP in bridging semantic understanding and
perceptual restoration, providing a promising direction for
degradation-aware, interpretable, and perceptually consis-
tent image restoration under real-world conditions.
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Supplementary Material

7. Additional Implementation Details

7.1. Degradation types and intensities analysis

Degradation Formulation Degradation is one of the key
challenges in Real-ISR; yet, extracting precise degradation
representations is difficult because the concept is abstract.
In this section, we will demonstrate the effectiveness of di-
verse general degradation types and intensities, specifically
focusing on these general degradations, including noisy,
blur, downsample, and JPEG artifacts.

In general, the degradation formulation for Real-
ISR [34] can be defined as:

Ideg - D(IG'T) = [(IGT ® k) \lrr +n]JPEG . (16)

These four degradations represent the core, mathematically
distinct failure modes in the digital imaging pipeline: Blur
suppresses high-frequency content, Noise injects broadband
high-frequency variance, Downsampling introduces alias-
ing through spectral folding, and JPEG compression pro-
duces block-structured high-frequency artifacts due to DCT
quantization. As visualized in Figure 8, each degrada-
tion exhibits a unique and easily identifiable spectral sig-
nature with strong intensity: blur concentrates energy to-
ward the low-frequency center, noise amplifies peripheral
high-frequency magnitude, downsampling produces peri-
odic aliasing patterns focusing on the low-frequency cen-
ter, and JPEG compression yields grid-like discontinuities
across the spectrum. The heterogeneous spectral behaviors
demonstrate that real degradations cannot be modeled by a
single unified pattern, reaffirming the need for a disentan-
gled and structured degradation representation—one capa-
ble of capturing how different degradation factors interact
and compound in real-world scenarios.

Synthesizing degradation from real to fake By first es-
timating the underlying degradation type and level of a
real image, we can validate the reliability of our predic-
tions through an inverse experiment: synthesizing the cor-
responding degradation on a clean image. This procedure
demonstrates that HD-CLIP not only identifies complex,
unknown degradations but also converts them into quan-
tifiable, controllable guidance that is essential for effective
super-resolution. To conduct this verification, we reverse
the restoration process—rather than removing degradations,
we reapply controlled degradations inferred from HD-CLIP
onto a high-quality image. As illustrated in Figure 9, our
method successfully reproduces the degraded appearance

using the predicted factors, confirming the accuracy and in-
terpretability of the estimated degradation attributes.

7.2. Detailed exploration of Classifier-free Projec-
tion Guidance

Expressing Real-ISR degradations (e.g., noisy, blur, com-
pression, and downsample) is both necessary and inherently
difficult, as the varying intensities of such degradations are
not easily mapped into discrete linguistic descriptions via
text prompting. Recent methods [19, 21, 30, 31] address
this by training a VLM to encode degradation knowledge
and injecting its embeddings into the diffusion model. How-
ever, these embeddings inherit the geometry of their own
encoder and do not naturally align with the text-embedding
space of Stable Diffusion (e.g., CLIP [25], OpenCLIP [29],
T5 [26]), thereby requiring additional adapters such as
LoRA or cross-attention layers to bridge the mismatch.
While HD-CLIP expands the vision-language embedding
space to offer richer semantic and degradation cues, its con-
tinuous representations do not fully coincide with the inher-
ent discrete manifold of the diffusion model.

To bridge this gap without model adaptation, we pro-
pose Classifier-Free Projection Guidance (CFPG). Inspired
by the geometric decomposition in APG [27], CFPG ad-
dresses the manifold mismatch by disentangling the guid-
ance into parallel and orthogonal components. Unlike APG,
which modifies the guidance magnitude to prevent oversat-
uration, CFPG acts on the noise estimates themselves, pro-
jecting the semantic and degradation embeddings onto the
diffusion text space geometry. This projection-based rec-
tification ensures stable, aligned guidance by construction,
effectively eliminating the need for fine-tuning.

Algorithm of CFPG The pseudocode of our CFPG is for-
malized as Algorithm 1.

Generalization Analysis. The proposed CFPG formula-

tion acts as a generalized geometric framework that sub-

sumes standard guidance mechanisms as special limiting

cases. By manipulating the scalar coefficients 7 and 7,

we recover distinct behaviors:

¢ Case I: Pure Text Guidance (7, = 0,7, = 0). Set-
ting both coefficients to zero nullifies the deviation vector
(d = 0). Consequently, the rectified estimate collapses to
the stable textual baseline: € — €. In this regime, the
model strictly follows the text prompt and ignores HD-
CLIP priors.



Blur with Noisy with
sigma 0.1 sigma 1

Blur with Noisy with
sigma 4.0 sigma 40

JPEG with quality
factor 95

Downsample to
factor 1.1

JPEG with guality

Downsample to
factor 30 P

factor 7.0

Figure 8. Spectral and spatial characteristics of general Real-ISR degradations. This figure illustrates how the four general degradation types exhibit
distinct behaviors in both the spatial and frequency domains, each governed by independent degradation physics, underscoring the necessity of treating
them as distinct types. Blur produces softened edges and suppressed fine details, corresponding to attenuation of high-frequency components (a low-pass
filtering effect). Noisy appears as random grain patterns and manifests spectrally as broadband high-frequency energy distributed across the spectrum.
Downsampling introduces pixelation and jagged boundaries, leading to spectral folding (aliasing) with high-frequency suppression (energy concentrated
at the center with rectangular aliasing patterns). JPEG compression generates blocky artifacts that translate into grid-like discontinuities in the frequency
domain due to block-based DCT quantization (visible as thick cross-shaped and block-structured patterns). These heterogeneous domain-specific signatures
highlight the importance of a disentangled and hierarchical degradation representation for effective Real-ISR restoration.

Substituting this into the reconstruction yields € = €y +
~(€np-cLip —€ixt ), Which exactly recovers the standard lin-
ear interpolation used in vanilla classifier-free guidance.
Consequently, CFPG provides a superset of control, en-
abling the decoupling of semantic fidelity (7)) from texture
compensation (77 ), a degree of freedom absent in standard
linear formulations.

(a)
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Figure 9. Low-quality image synthesis guided by HD-CLIP degradation 8.1. Ablation Study of Loss Functions in ComPOSl-

prediction. (A) Low-quality input. (B) Synthetic reproduction generated tion Ordinal Text Embedding
by applying the [34] first-order degradation pipeline using the four levels

predicted by HD-CLIP. As summarized in Table 3, we compare the impact of differ-

ent loss functions on both the quantitative performance and
+ Case II: Pure HD-CLIP Guidance () = 1,7, = 1). the structural properties of the learned embeddings. Over-

Because the parallel and orthogonal components sum to all, Ly cve; imposes direct supervision on the numerical value
the original vector (d!l + d* = d), unity scaling recon- of each degradation level, while Lgcp adopts a ranking-
structs the raw visual prior: based formulation to enforce ordinal consistency. A par-
ticularly distinctive property of Lgcy is its ability to arrange

é=ex+ (1 dl +1-d") = €n+d = €emuee. (17) compositional ordinal text embeddings with controlled and

interpretable spacing, ensuring that different levels remain

This is equivalent to forcing the model to follow the HD- . } :
properly separated while preventing them from collapsing

CLIP embedding without textual regularization. nt Iy simil ati As sh in Fie 10
« Case III: Standard Linear CFG (1 — 1 — ~). When into overly similar representations. As shown in Fig. 10, we
(= 111 =) compare the effect of different loss functions related to the

structure of the composition ordinal text embedding. In the
A baseline setting (A), the model depends entirely on the in-
d=~dl +4d* = 7(dH + dL) = vd. (18) herent ordinal bias of the positional embedding, producing

the parallel and orthogonal scales are identical, the pro-
jection operation cancels out:



Algorithm 1 Classifier-Free Projection Guidance (CFPG).

Require: Noisy latent: z;, timestep ¢, guidance scale w.
Require: Conditions: ¢, Crx(, Csem, Cdeg-
Require: Projection scale: 7,7,
> Compute conditional noise predictions

1: €, « €g(zs,t, ¢t €0 < €0(2¢, 1, Co)s

2! €sem 69(Zta t, Csem); €deg 60(Zt7 t, Cdeg)

> Compute deviation vectors (visual—textual mismatch)
: dpos < €sem — 6;;; dneg < €deg — €t

> Projection-based rectification
4: for each pair (d, b) in {(dpos, €), (dneg; €x¢) } dO
s dl 5P
6: dt«d-d
7
8
9

(95}

> Orthogonal component
d > Parallel component
d 77Hd” + 77J_dJ‘

if b = €, then

: dpos < d
10: else
11: &neg — &
12: end if
13: end for

> Reconstruct rectified positive/negative predictions
14: épos — 6;‘;[ + dpos; éneg €t d“eg
15: € < eneg +w (Epos - 6rleg)
16: return €

a roughly ordered structure; however, the cosine similar-
ity among different levels remains excessively high, indi-
cating that the embeddings are clustered too closely to pro-
vide meaningful separation. Introducing Ljevwe and Lscr
significantly changes its behavior. L. encourages the
embeddings to align with their numerical degradation lev-
els, implicitly guiding them toward an ordered structure,
while Lgcr, adopts a ranking-based objective that explicitly
enforces ordinal consistency. In conditions (C) and (D),
where Lgcr is incorporated, the text embeddings exhibit
substantially improved separation across levels. This en-
hanced separation is beneficial, as expanding the pairwise
embedding distances allows the model to distinguish fine-
grained degradation intensities more effectively.

Importantly, the expansion induced by Lgcr does not
push the embeddings toward orthogonality. From the co-
sine similarity perspective, a value of zero would imply no
correlation, which is undesirable for ordinal representation
learning. Instead, Lgcr maintains a controlled degree of
similarity while still enforcing distinct, ordered spacing. As
a result, the embeddings form a stable ordinal structure that
supports both semantic coherence and meaningful level-to-
level separation, allowing the model to reliably distinguish
fine-grained degradation differences while preserving their
overall relational consistency.

8.2. Hyperparameter Analysis of Composition Or-
dinal Text Embedding

To regulate local interpolation regression, we defined it in
terms of two factors: the selection of fop-k bin centers and
the gap size between entire bin centers. The analysis of
hyperparameter settings is shown in Table 4.

Selection of top-k bin centers defines how many of the
highest-ranked bin centers are used for local interpolation
regression, with £ = 2 used as the default configuration.
Ideally, the weighting distribution collapses toward the two
most informative bin centers, making the resulting interpo-
lation both numerically stable and semantically aligned. If k
is too large, it hinders the model from developing a highly
peaked ordinal distribution, leading the weights to spread
across numerous bins and culminating in a chaotic ordinal
structure, thereby reducing the interpretability of the model.
Conversely, using & = 1 reduces the representation to a
single bin center, suppressing interpolation and producing
a discrete degradation estimate, which cannot capture con-
tinuous shifts without resorting to an unrealistically large
number of bins. While the selection of fop-k bin centers
determines how many bins participate in interpolation, the
quality of the interpolation is further shaped by the distance
between those bins, which is set by its size. A small gap
size densely populates the ordinal space, increasing compu-
tational cost but enabling finer interpolation, since the se-
lected bin centers lie closer together, resulting in smoother
and more accurate degradation mapping. In contrast, as the
gap size increases, the distance between adjacent bin cen-
ters becomes larger, which reduces computational overhead
but makes the interpolation coarser. Even if the model cor-
rectly identifies the nearest bin centers, their large separa-
tion limits the achievable accuracy, as the ordinal embed-
ding space becomes too sparsely discretized.

From the results shown in Table 4, the baseline configu-
ration with fop-2 and a gap size of 5 remains the most bal-
anced setting, achieving the highest type accuracy and the
lowest MAE, while maintaining strong rank-based correla-
tions (SPOCC and PCC). When reducing the interpolation
to a single bin center (fop-1, both MAE increases and Type
Accuracy drops significantly, confirming that discrete esti-
mation cannot capture continuous degradation variation.

Conversely, enlarging the participation to all bin centers
(setting D) results in a noticeable increase in MAE, indi-
cating that excessive spreading of weights across many bins
weakens the ordinal structure and leads to unstable interpo-
lation. The effect of gap size is also evident: both settings
with larger gaps (10 and 20) show degraded performance,
suggesting that overly sparse bin spacing limits interpola-
tion precision. Overall, the experimental results align with
the theoretical expectations, demonstrating that an interme-
diate fop-k and moderate gap size provide the best trade-off
between stability, accuracy, and ordinal smoothness.
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Figure 10. Ablation Study of loss function in Composition Ordinal Text Embedding. Configurations (A-D) correspond to the loss settings in Table 3 (A)
neither L1 eyer nor Lscr, (B) only Lreyer, (C) only Lscor, (D) both L eyer and Lsor.

Table 4. Ablation study of hyperparameter settings in Composition Ordinal
Text Embedding.

top-k  gap size | Type Acc(%)T MAE| SPOCC?T PCC7?T

Baseline 2 5 85.60 2.4026 0.9893  0.9854
(A) 1 1 84.73 3.0610  0.9850  0.9743
(B) 2 10 87.59 2.6440  0.9886  0.9836
©) 2 20 87.43 3.1452 09789  0.9785
(D) ALL 5 87.68 2.6767 0.9887  0.9829

8.3. Decoupled Effects of Orthogonal and Parallel
CFPG Components

Table 5 and Figure 11 evaluate how the orthogonal and
parallel components of CFPG influence restoration qual-
ity. Adjusting the orthogonal component yields consis-
tent improvements across fidelity-oriented metrics, indicat-
ing that the orthogonal direction effectively compensates
for semantic misalignment by injecting corrective geomet-

ric cues. For instance, increasing the orthogonal weight en-
hances the vertical texture details on the white cloth be-
neath the palm; however, an excessively large value in-
troduces hallucination, such as some nonexistent artifacts.
This behavior highlights the orthogonal component as the
primary driver of semantic stability—one that is highly ef-
fective but must be carefully tuned. For the parallel com-
ponent, it functions as a structural stabilizer, maintaining
global content coherence and preserving the intrinsic scene
layout, though its influence is less pronounced in quantita-
tive metrics. As shown in the middle row of the squirrel in
Figure 11, the metrics remain largely unchanged; however,
when the weight is too small, the squirrel’s head becomes
noticeably blurred—demonstrating that this component is
crucial for retaining high-level structural integrity even if its
impact is not strongly reflected numerically. In conclusion,



Table 5. Ablation study of CFPG geometric components. 77, and 7| de-
note the orthogonal and parallel scaling factors of CFPG, respectively. The
default configuration uses ;. = 0.6 and 7 = 1.0.

ne n | PSNRT SSIM1 LPIPS| MUSIQt Q-Alignt

0.0 0.0 | 17.8206 0.4115 0.4010 70.9121 3.7911
03 0.0 | 17.9675 0.4160 0.3904 70.1188 3.7133
0.6 0.0 | 18.1349 0.4208 0.3789 69.0454 3.6929
09 0.0 | 182290 0.4260 0.3766 68.2488 3.6252
1.0 0.0 | 18.2009 0.4235 0.3842 67.9402 3.6459
0.6 0.0 | 18.1349 0.4208 0.3789 69.0454 3.6929
0.6 03| 181236 0.4180 0.3818 69.0042 3.6782
0.6 0.6 | 18.1504 0.4221 0.3775 69.4052 3.6688
06 09| 18.1432 0.4191 0.3801 69.1418 3.6967
0.6 1.0 | 18.1298 0.4201 0.3769 69.4066 3.6750
0.0 10| 177967 0.4103 0.4024 70.8890 3.7866
03 1.0 17.9829 0.4157 0.3853 70.3775 3.7610

0.6 1.0 | 18.1288 0.4205 0.3773
09 1.0 18.1924 0.4239  0.3760
1.0 1.0 | 18.1917 0.4247 03776

69.2582 3.6988
68.2211 3.6255
67.9975 3.6326

these results show that CFPG’s decoupled geometric com-
ponents contribute in complementary ways: the orthogonal
guidance corrects fidelity-related errors, while the parallel
guidance stabilizes global structure. Together, we provide
stronger and more reliable signals that enhance our plug-
and-play ISR framework, ZePHiR. In practice, we adopt
nL = 0.6 and n = 1.0 as the default settings, achieving
high fidelity while preserving coherent semantic structure.

8.4. Analysis of Encoder Efficiency and Capacity

As shown in Table 6, we compare the encoder architectures
of CLIP, DA-CLIP, and our HD-CLIP in terms of num-
ber of parameters, model size, and inference latency. This
comparison is important because HD-CLIP is designed as
a plug-and-play component for Stable Diffusion, provid-
ing degradation-aware visual embeddings without requiring
modifications to the diffusion backbone. HD-CLIP intro-
duces only a moderate increase in parameters compared to
the original CLIP ViT-B/32 (247M vs. 151M), while main-
taining a practical inference time of 20.1 ms. In contrast,
DA-CLIP relies on a significantly larger ViT-L/14 encoder
with more than 750M parameters and more than 30 ms la-
tency. Despite being smaller and more efficient, HD-CLIP
exhibits a substantially stronger ability to interpret low-
quality (LQ) images, due to its degradation-aware design.
This demonstrates that HD-CLIP strikes a favorable bal-
ance between accuracy and efficiency, offering improved
LQ-image understanding while introducing far less compu-
tational overhead than DA-CLIP, making it well-suited for
diffusion-based restoration pipelines.

9. More Visualization Comparisons

9.1. More visualization on Real-ISR test datasets.

Additional visualization results of our ZePHiR on three test
datasets are shown in Figures 12-20.

Table 6. Comparison Between Standard CLIP Models and HD-CLIP.

Model CLIP [25] DA-CLIP[19,21] HD-CLIP(ours)
Encoder ViT-B-32 ViT-L-14 ViT-B-32

# model’s params (M) 151.28 756.77 247.29

# model’s size (MB) 577.08 2886.86 943
Context dim. 512 768 512
Inference Time (ms) 7.868 32.938 20.104

Table 7. Performance comparison on real-world benchmarks using FaithD-
iff [4] as the baseline model. For the direct addition variant CFG (HD-
CLIP), which adds HD-CLIP features directly to the text embedding, the
injection scale is set to 0.1. The best results of each metric are highlighted
in red.

Dataset | Method | NIQE| BRISQUE| MUSIQ?T Q-Align
Classic Film | Paseline 6.9532 29.2253 57.3870 3.1833
CFG (HD-CLIP) | 6.9072 27.9364 57.4160 3.1856
CFPG (HD-CLIP) | 6.9407 26.9186 55.0500 3.0556
Social Media | Paseline 7.0716 28.8060 60.1988 3.2531
CFG (HD-CLIP) | 6.8540 27.3648 60.4163 3.2487
CFPG (HD-CLIP) | 7.0238 25.2106 58.4503 3.1654
0Old Photo baseline 5.7329 25.1857 64.0502 3.1607
CFG (HD-CLIP) | 5.7201 23.4764 62.5044 3.1810
CFPG (HD-CLIP) | 5.7683 21.5172 60.2077 3.0809

9.2. Evaluating ZePhIR’s Restoration Performance
on Real-World Degradation Benchmarks

To further validate the generalization capability of ZePhIR
beyond synthetic degradation, we conducted experiments
on real-world benchmark RealDeg [4], including three sub-
sets: Classic Film, Social Media, and Old Photo. Us-
ing FaithDiff [4] as the baseline generative prior, we in-
tegrated our proposed HD-CLIP guidance via both stan-
dard Classifier-Free Guidance (CFG) and the proposed
Classifier-Free Projection Guidance (CFPG).

As shown in Table 7 and Figure 21, incorporating HD-
CLIP guidance consistently enhances performance over the
vanilla FaithDiff baseline across most metrics, offering bet-
ter fidelity and semantic structure. Specifically, the CFG
variant demonstrates superior perceptual quality, achiev-
ing the best scores in NIQE across all datasets. Mean-
while, the CFPG variant excels in reducing spatial distor-
tions, consistently achieving the lowest (best) BRISQUE
scores. This trade-off suggests that while CFG effectively
pushes the image towards high-quality semantics, CFPG
provides more stable constraints against statistical distor-
tions, making ZePhIR robust to diverse, in-the-wild degra-
dations ranging from film grain to compression artifacts.

10. Limitations and Further Improvements

Although HD-CLIP provides strong enhancement capabil-
ity across various Stable Diffusion—based models, the in-
teraction between its features and the original text embed-
dings can become misaligned under extreme CFPG config-
urations (e.g., n1 >= 0.9). As shown in Fig. 11, such ex-
treme settings lead to noticeable failure cases: for instance,
an additional squirrel head may be hallucinated on the squir-
rel’s hand, or unwanted patterns may appear on what should



be a clean white cloth. These artifacts suggest that, despite
the substantial improvements achieved, the fusion mecha-
nism between HD-CLIP features and the base text encoder
remains imperfect and warrants further refinement.

In future work, we aim to further enhance the de-
composition—composition strategy by learning semantically
aligned bases and enforcing degradation-consistent direc-
tional constraints—for example, using lightweight LoRA
to refine semantic and degradation understanding through
prompting—thereby reducing hallucinations under extreme
settings. Another plan is to introduce a more robust fusion
mechanism. One possible approach is to utilize lightweight
adapters in the cross-attention layers, enabling the model to
dynamically integrate semantic cues from both embedding
sources. These designs are expected to better harmonize the
pretrained text representations with the HD-CLIP features,
ultimately strengthening semantic consistency and improv-
ing generation quality beyond the current version.



Figure 11. Ablation study of CFPG geometric components. The orthogonal and parallel guidance directions play complementary roles: the orthogonal
branch provides fidelity correction, while the parallel branch maintains structural coherence. Please zoom in for a better view.
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Figure 12. Visualization of ZePHiR with FaithDiff [4] on DIV2K [1]. Please zoom in for a better view.
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Figure 13. Visualization of ZePHiR with FaithDiff [4] on DrealSR [36]. Please zoom in for a better view.
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Figure 14. Visualization of ZePHiR with FaithDiff [4] on RealSR [3]. Please zoom in for a better view.
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Figure 15. Visualization of ZePHiR with PASD [39] on DIV2K [1]. Please zoom in for a better view.
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Figure 16. Visualization of ZePHiR with PASD [39] on DRealSR [36]. Please
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Figure 17. Visualization of ZePHiR with PASD [39] on RealSR [3]. Please zoom in for a better view.

13



Figure 18. Visualization of ZePHiR with SeeSR [38] on DIV2K [1]. Please zoom in for a better view.
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Figure 19. Visualization of ZePHiR with SeeSR [38] on DrealSR [36]. Please zoom in for a better view.
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Figure 20. Visualization of ZePHiR with SeeSR [38] on RealSR [3]. Please zoom in for a better view.
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Figure 21. Visualization of ZePHiR with FaithDiff [4] on real-world benchmark.
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