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Abstract. Face images captured in real-world low light suffer multiple
degradations—low illumination, blur, noise, and low visibility, etc. Exist-
ing cascaded solutions often suffer from severe error accumulation, while
generic joint models lack explicit facial priors and struggle to resolve clear
face structures. In this paper, we propose PASDiff, a Physics-Aware Se-
mantic Diffusion in a training-free manner. To achieve a plausible illumi-
nation and color distribution, we leverage inverse intensity weighting and
Retinex theory to introduce photometric constraints, thereby reliably
recovering visibility and natural chromaticity. To faithfully reconstruct
facial details, our Style-Agnostic Structural Injection (SASI) extracts
structures from an off-the-shelf facial prior while filtering out its intrinsic
photometric biases, seamlessly harmonizing identity features with phys-
ical constraints. Furthermore, we construct WildDark-Face, a real-world
benchmark of 700 low-light facial images with complex degradations. Ex-
tensive experiments demonstrate that PASDIff significantly outperforms
existing methods, achieving a superior balance among natural illumina-
tion, color recovery, and identity consistency. Code and dataset will be
available at https://github.com/IVIPLab/PASDiff.

Keywords: Low-Light Enhancement - Real-world Face Restoration -
Diffusion Models - Training-Free Manner

1 Introduction

Capturing high-quality facial images in real-world low-light scenarios, such as
surveillance and handheld photography, remains a formidable challenge. To com-
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Fig. 1: Visual comparisons on degraded synthetic and real-world data. (a) Input. Cas-
caded paradigms (b) L-Diff [20]—DiffBIR [35] and (c) DiffBIR [35]|—L-Diff [20] suffer
from severe noise amplification and structural collapse, respectively. Generic joint mod-
els like (d) DarkIR [12] and (e) FDN [40] struggle with complex degradations, leading
to residual blur and detail loss. (f) Our PASDIff achieves superior perceptual quality
with crisp facial details and natural illumination, effectively suppressing artifacts. (g)
Ground Truth. (The real-world dataset lacks GT references.)

pensate for insufficient illumination, imaging systems are forced to utilize high
ISO and prolonged exposure. This physical trade-off inevitably leads to a com-
pound degradation, where low visibility, severe noise, and blur coexist. Such
coupled impairments not only deteriorate visual quality but also severely hin-
der downstream applications like face recognition, which demand the recovery
of faithful facial identities and expressions.

Previous strategies typically decompose this task into two processing tasks,
i.e., Low-Light Image Enhancement (LLIE) [1,2,47,50] and Blind Face Restora-
tion (BFR) [28,35,41,43]. However, these methods rely on independent assump-
tions tailored to their specific sub-problems. Consequently, a naive cascading
of these independent modules cannot solve the joint degradation. Specifically,
as shown in Fig. 1(b) and (c), enhancing visibility first blindly amplifies la-
tent noise, which downstream BFR models misinterpret as facial textures, lead-
ing to unnatural hallucinations. Conversely, restoring before low-light enhanc-
ing deprives BFR models of essential structural cues hidden in the darkness,
resulting in irreversible over-smoothing. Alternatively, existing end-to-end ap-
proaches [12,37,40,49,58,59] attempt to address joint degradation holistically.
While achieving promising results on synthetic datasets constructed with simple
noise models and uniform blur kernels, they struggle to generalize to real-world
nighttime scenes. The non-linear response of sensors in extreme darkness, cou-
pled with the intricate geometry of human faces, renders real-world degradation
patterns far more complex than synthetic simulations. As observed in Fig. 1(d)
and (e), when applied to real-world captures, these generic models often fail to
recover fine-grained facial components or suffer from residual blur, highlighting
the urgent need for a robust, face-specific solution.

To effectively contend with complex real-world degradations and circumvent
the inherent domain gap of synthetic data-driven methods, Diffusion Proba-



PASDIff: Physics-Aware Semantic Diffusion 3

; B W e e m
" Ldentity Consistency (Deg.) | Global Luminance Global Chrominance

LQ Guidance Learning Ours Identity Illumination Recovery and Color Restoration
-base -based Preservation

Fig. 2: From the phase reconstructions and statistical metrics, it can be seen that
end-to-end learning strategies [35] inherently adhere to the degraded intensity distri-
bution, suffering from compromised facial identities and severe color shifts. Existing
guidance approaches [36] correct global illumination and chromaticity, but lack seman-
tic guidance for fine geometries. In contrast, PASDiff elegantly integrates physical and
structural guidance to restore crisp textures, natural illumination, and a color distribu-
tion better aligned with the high-quality reference, effectively preserving facial identity.

bilistic Models (DPMs) offer a promising avenue. Their robust generative priors
provide the possibility of restoring high-fidelity details from severely degraded
inputs. A straightforward solution for Joint Low-light Enhancement and Blind
Face Restoration (Joint LL-BFR) is to directly fine-tune an existing face restora-
tion diffusion [35] on paired data. However, our empirical pilot study reveals a
fundamental bottleneck in this end-to-end paradigm. Under extreme low-light
conditions, the network is overwhelmed by the “dual burden” of simultaneously
rectifying drastic photometric shifts and hallucinating missing facial geometries.
As shown in Fig. 2, the model inherently adheres to the degraded intensity
distribution, either failing to reconstruct fine-grained facial structures or suffer-
ing from uncontrollable color shifts and catastrophic identity loss. In contrast,
existing guidance approaches [36], which rely primarily on global physical con-
straints to steer the sampling, suffer from limited generative capability. Despite
leveraging explicit physical priors, they lack the semantic guidance required to
synthesize intricate facial geometries from noise, often producing structurally
ambiguous outputs that successfully recover the low-frequency information of
the image but fail to resolve fine-grained high-frequency features.

Motivated by these observations, we propose PASDIff, a training-free Physics-
Aware Semantic Diffusion (PASDIiff) that reformulates the joint task as a physi-
cally and structurally constrained generative process. We design a Multi-Objective
Energy-Based Guidance strategy to explicitly steer the diffusion sampling tra-
jectory. Specifically, our core idea is to decompose the complex degradation into
distinct physical and structural components, orchestrating a synergy between
the pre-trained diffusion and domain-specific priors. On the physical dimen-
sion, we incorporate spatially varying exposure constraints and Retinex-based
reflectance priors, which regulate the optimization path, ensuring that both the
recovered illumination and chromaticity align with natural scene statistics. On
the structural dimension, to address the ill-posed nature of blind face restora-
tion, we devise a Style-Agnostic Structural Injection (SASI) mechanism. We
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leverage an off-the-shelf restore to provide structural cues, but we identify that
these priors carry incorrect illumination and color estimates, which can intro-
duce incorrect global style biases into the generative process. To solve this, we
propose a Statistic-Aligned Guidance Loss. By dynamically aligning the first
and second-order statistics (mean and variance) of the guidance signal with the
current diffusion state, this mechanism strictly distills high-frequency structural
gradients from the prior while statistically filtering out its low-frequency biases
in both luminance and chromaticity. This facilitates an effective decoupling of
texture recovery from illumination and color enhancement, enabling our model
to synthesize plausible details that are both structurally faithful and visually
harmonious. Through our design, as shown in Fig. 2, restoration results exhibit
faithful identity preservation and natural illumination distribution.
In summary, our main contributions are as follows:

e We propose PASDIff, a training-free framework for joint low-light enhance-
ment and face restoration. By reformulating the task as a dually constrained
generation, we harness priors of diffusion without training and paired data.

e We devise a SASI strategy via a Statistic-Aligned Guidance Loss, which
elegantly decouples texture recovery from global photometry, enabling the
precise distillation of structural semantics from off-the-shelf priors while ex-
plicitly filtering out their intrinsic lighting and color biases.

e We construct WildDark-Face, a real-world benchmark comprising 700 fa-
cial images with complex compound degradations. Extensive experiments
demonstrate that PASDIff surpasses existing solutions, delivering superior
perceptual quality, natural illumination, and identity preservation.

2 Related Work

2.1 Joint Restoration of Compound Degradation

Restoring images captured in unconstrained environments is highly challeng-
ing. We briefly review methods addressing individual degradations and recent
attempts toward joint restoration.

Low-Light Image Enhancement. Early approaches relied on Histogram Equal-
ization or Retinex theory [16] to decompose reflectance and illumination. Deep
learning methods [47,48] integrated these physical models into neural networks,
while unsupervised approaches like Zero-DCE [15] eliminated the need for paired
data. Recently, generative methods such as LLFlow [46] and GDP [11] have
employed normalizing flows and diffusion priors to model complex light distri-
butions. Furthermore, DLFN [56] integrated diffusion models with Laplacian
decomposition to balance noise suppression and detail preservation. To improve
efficiency, RetinexMamba [1] leveraged State Space Models for long-range de-
pendency modeling, and HVI [50] introduced a hue-value-insensitive color space
to reduce distortion. However, these methods operate on global statistics and
lack specific awareness of facial semantics, often leading to over-smoothing or
color artifacts on human faces.
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Blind Face Restoration. Blind Face Restoration (BFR) [30] focuses on re-
covering facial details from degraded inputs. While early works used geometric
priors [3], GAN-based methods like GFPGAN [43] and CodeFormer [57] have
become mainstream by leveraging pre-trained StyleGAN latent spaces or VQ-
codebooks. More recently, diffusion-based models such as DiffBIR [35] have es-
tablished strong baselines by decoupling degradation removal and generation.
To accelerate inference, OSDFace [41] utilized a vector-quantized dictionary to
achieve one-step restoration. Nevertheless, these models assume "normal" light-
ing; severe noise and uneven illumination in low-light conditions disrupt their
feature extraction, causing structural deformation.

Restoration of Coupled Degradations. Addressing multiple degradations
simultaneously is critical but difficult. Simple cascaded strategies often lead to
error accumulation. Pioneering this direction, LEDNet [58] proposed a specific
encoder-decoder architecture with a re-weighting mechanism to jointly handle
low-light and blur. Unified networks like AirNet [26] and PromptIR [38] further
attempted to handle various degradations within a single framework. Most re-
cently, InstructIR [6] introduced instruction tuning to guide the model in remov-
ing specific degradation types. Despite these efforts, methods like DarkIR [12]
and FDN [40], which utilized spatial-frequency attention or Fourier decoupling,
usually operate discriminatively. They struggle to hallucinate high-frequency
details needed for face restoration and often rely on specific blur assumptions,
lacking the generalization ability of generative priors.

2.2 Diffusion Models for Inverse Problems

Leveraging pre-trained diffusion priors for inverse problems has gained significant
traction in low-level vision tasks. One type of work, like DPS [5], DDRM [21],
and MCS [32], approximated the posterior distribution using measurement er-
rors or singular value decomposition, while DDNM [45] introduced null-space
decomposition for linear consistency. For unknown degradations, BlindDPS [4]
jointly modeled the image and degradation operator. FreeDoM [53] employed
multiple energy functions to guide sampling without retraining, DDPG [14] pro-
posed an iteratively preconditioned strategy to robustly solve non-linear inverse
problems, and SSDiff [31] constructed pseudo-labels to assist the guidance. Re-
cent advancements like DAPS [54] and FlowDPS [23] further improved sampling
stability and generative quality.

In the realm of illumination and visibility enhancement, methods adapt these
priors using unpaired data [24] or by learning specific degradation representa-
tions [42]. Notably, Reti-Diff [17] integrated Retinex theory with latent diffusion
to explicitly tackle illumination degradation. Crucially, however, these guidance
strategies primarily focus on handling single degradation types independently.
They lack the mechanism to seamlessly incorporate the composite physical con-
straints required for handling complex coupled degradations (e.g., simultaneous
low-light enhancement and identity-preserving face restoration). In this work,
we bridge this gap by designing a multi-objective energy function to guide the
diffusion trajectory toward a high-fidelity, well-lit facial manifold.
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3 Methodology

3.1 Preliminaries

Denoising Diffusion Probabilistic Models (DDPM). DDPM [19] defines
a forward diffusion process that gradually adds Gaussian noise to a data sample
xo ~ q(xg) over T steps. The forward transition g(x:|z;—1) is parameterized as
a Markov chain:

Q(xt‘xtfl) = N(ft; Vv1-— ﬂﬂt—l,ﬁtl), (1)

where §; is a pre-defined variance schedule. Let ay =1 — 3; and a; = H§:1 ;.
A remarkable property of this process is that we can sample x; at any arbitrary
timestep t directly from xg:

e = Vo + V1 —age, e~ N(0,1). (2)

The reverse process learns to denoise x; to recover xg. It is modeled by a
neural network eg(x¢,t) which predicts the noise component added in the for-
ward process. The reverse transition py(x;—i|x:) is defined as pg(zi—1|ze) =
N(mi_1; (e, t), Xo(xs,t)), where the mean pg(xy,t) is derived as:

1(96 __ P
NCTANRV

In practice, we can directly estimate x( from the predicted noise eg(xy,t) via:

{)A;' - Ty — ]. — dte&(xt,t)
o Vai '

Classifier Guidance. To introduce semantic control into the generation pro-
cess, Dhariwal et al. [8] proposed classifier guidance. Instead of training a con-
ditional diffusion model from scratch, this approach modifies the sampling tra-
jectory of a pre-trained unconditional model using gradients from an auxiliary
classifier ¢4 (y|z). The perturbed reverse transition probability can be approxi-
mated as a Gaussian distribution with a shifted mean:

po(xe,t) = €0 (71, t)) : (3)

(4)

D0,6(Te—1|Te,y) = N (213 po(ze,t) + Zo(x4,1)Vy, log ey (ylae), Xo(xe, 1)), (5)

where s is the guidance scale. The gradient term g = V,, log cy(y|z:) acts as a
guidance signal that biases the sampling distribution toward the target semantics
defined by v, effectively steering the generative process without altering the pre-
trained weights.

3.2 Physics-Aware Semantic Guidance Framework

As analyzed in Sec. 1, existing solutions for complex degraded low-light face
images face a fundamental conflict between structural fidelity and photometric
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Fig. 3: Overall framework of the proposed training-free PASDiff. Our method
reformulates joint restoration via dual-dimensional diffusion guidance. Physically,
Retinex-based photometric constraints steer the sampling trajectory to recover natu-
ral illumination and chromaticity. Structurally, our Style-Agnostic Structural Injection
(SASI) and Statistic-Aligned Guidance Loss extract high-frequency facial semantics
from priors while explicitly filtering out their intrinsic lighting biases. This synergy
seamlessly harmonizes texture realism with physical reliability.

restoration. To address this conflict, we propose PASDIfI, a train-free framework
that decouples this task into two orthogonal objectives: photometric correction
and structural refinement, unifying them within the latent trajectory of an un-
conditional DDPM. As illustrated in Fig. 3 and Algorithm 1, given a degraded
input o, our goal is to sample z( from a posterior distribution p(zg | yo). Since
the exact posterior is intractable, we approximate it by steering the reverse
process of an unconditional DDPM using a composite energy function Eiptar-
Specifically, at each timestep ¢, we estimate the clean image Z¢ from the current
noisy state x;. Then, we apply physical constraints to correct the illumination
and color of %, while leveraging a Style-Agnostic Structural Injection (SASI)
to extract high-frequency facial semantics without introducing incorrect global
style biases. The aggregated gradient V,Eotar ultimately guides the trajectory
toward a high-fidelity manifold. In the following, we elaborate on its two key
components: Physics-Aware Photometric Constraints and Style-Agnostic Struc-
tural Injection.

Physics-Aware Photometric Constraints. While generative models provide
powerful priors, they lack explicit knowledge of the scene’s physical lighting
conditions. In low-light scenarios, unconstrained generation often leads to incon-
sistent chromatic shifts, as the model attempts to synthesize chromatic features
from noise without a reliable reference. To ground the generative process in phys-



8 Yilin Ni et al.

Algorithm 1 Inference via Physics-Aware Semantic Guidance

Require: Pre-trained diffusion model (po(x¢,t), Xo(x¢,t)), Restoration Model P,
Retinex Net R, guidance scale s, gradient steps N.

1: Input: A low-light face image yo with complex degradation.

2: Output: High-quality normal-light face image Zo.

3: Meap < GetExposure(yo); Rrep < R(yo)

4: xp + Jaryo ++/1—are, e~ N(0,I)

5 fort=7T to 1 do

6: e, Xt < po(xe,t), Xo(xe,t)

7 To \/%xt — VE‘Eg(xt,t)

8: repeat

9: Ephy = AempHMeanc(io)_Mexp‘|2+)\'refHR(-%O)_RrefHQ; Lstru = )\struniO_
AdaIN(&(i0), &0)]?

10: g < V@«O (ﬁphy + £st'ru)

11: xp ~ N (e — sXeg, 2t)

12: To \/%—ffl‘t — \1/%15% Eg(mt,t)

13: until N — 1 times

14: xo1 ~ N(pe — s30g, X4)
15: end for

16: return o

ical reality, we leverage Retinex theory [25] as the theoretical foundation for our
dual constraints. Retinex theory decomposes an image [ into an illumination
component L (governing visibility) and a reflectance component R (governing
intrinsic color), modeled as I = R o L. Based on this physical decoupling, we
guide the diffusion trajectory via two complementary terms: one regulating the
illumination L to ensure adequate visibility, and the other constraining the re-
flectance R to promote natural chromaticity.

(a) Spatially-Varying Ezposure Guidance. A critical challenge in low-light en-
hancement is the extreme dynamic range: blindly boosting global brightness
often renders dark regions visible at the cost of blowing out originally bright
areas (e.g., street lamps or reflections). Uniform exposure adjustments fail to
balance these conflicting demands. To address this, we formulate a target expo-
sure map Me,, based on an inverse intensity weighting strategy [27]. Specifically,
to decouple lightness from chromaticity, we transform the input yq into the HSI
color space and extract the Intensity component I;;, (calculated as the pixel-wise
average of RGB channels). To construct a spatially adaptive guide, we compute
the deviation of local intensity from the global average intensity I;,. The target
exposure map M.y, (Fig. 4 Left) is then synthesized as:

Meyp = o+ 8- Norm(L;y, — Iiy), (6)

where Norm(:) denotes min-max normalization. Based on statistical observa-
tions of low-light distributions, the hyperparameters o (base exposure) and 3
(adjustment amplitude) are empirically set to 0.46 and 0.25, respectively. This
map acts as a pixel-wise attention mechanism: assigning higher target exposures
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to underexposed regions while restricting gains in brighter areas. Consequently,
the exposure loss is defined as:

Lezp = [Mean, (o) — Mexp”%v (7)

where Mean,(-) computes the average along the channel dimension. By mini-
mizing L.y, we enforce a physically balanced global illumination distribution
on the estimated Zg.

(b) Retinex-based Reflectance Prior. Recovering precise chromaticity from ex-
treme darkness is an intrinsically ill-posed problem. The lack of sufficient pho-
ton counts inevitably leads to color undersaturation and unpredictable chromatic
shifts. To constrain the solution space within a plausible color manifold, we ex-
ploit the illumination-invariant property of reflectance. According to the Retinex
theory, the reflectance component represents the intrinsic chromatic properties
of objects, and this chromatic consistency provides robust cues even under ex-
tremely low-light conditions. Therefore, we utilize the reflectance map (Fig. 4
Left) extracted from the input yo as a robust "chromatic anchor" to constrain
the solution space of the restoration process. We employ a pre-trained Retinex
decomposition network [13], denoted as R(-), to extract the reference reflectance
R,cr = R(yo). We premise that a valid high-quality restoration &, should main-
tain chromatic consistency with the intrinsic reflectance of the input. Thus, we
formulate the reflectance loss L,y as:

Lres = IR(%0) = Rregll3. (8)

By minimizing this term, we effectively restrict the generative diversity toward
a visually plausible color manifold. This ensures that the diffusion model [29]
focuses its capacity on synthesizing high-frequency textures while aligning closely
with the scene’s available chromatic cues. The total physical guidance energy
Lphy is then formulated as a weighted sum:

Ephy = Aezpﬁe:tp + )\refﬁre]“ (9)

Style-Agnostic Structural Injection. While the aforementioned constraints
ensure photometric plausibility, they operate primarily in the low-frequency do-
main. Recovering intricate high-frequency facial details (e.g., pores and eye-
lashes) from severe degradations remains a formidable challenge that physics
alone cannot solve. To bridge this gap, we introduce a semantic prior from a
potent blind face restoration network [41], denoted as the external restoration
prior @. However, integrating this prior into our framework introduces a criti-
cal domain conflict: predictions from off-the-shelf models (Zprior = (o)) are
typically biased toward canonical laboratory lighting and synthetic color distri-
butions. Directly minimizing ||29 — Zprior||3 would force the generative process
to mimic these synthetic styles, which contradicts our physically grounded con-
straints and degrades visual naturalness. To resolve this dilemma, we propose a
Style-Agnostic Structural Injection strategy. Our core insight is that the iden-
tity and structure of a face reside in high-frequency spatial variations, while the
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Table 1: Face recognition accu- ( R

racy comparisons. ‘
Method ‘Accuracy T . .
L-Diff [20] — TSD-SR [10]| 60.06% ’

Input

L-Diff [20] — DiffBIR [35] | 63.96%
TSD-SR [10] — L-Diff [20]| 60.71%
DiffBIR [35] — L-Diff [20] | 49.68%

o0

Reflectance Map Exposure Map
[ ; )

DarkIR [12] 58.44% E Y

LIEDNet [37] 57.14% ¥

LEDNet [58] 57.14% _ J

VQCNIR [59] 49.68% /

URWKV [49)] 51.95%

FDN [40] 61.04% Fig. 4: Left: Visualization of physical priors (Ex-
PASDIff (Ours) | 71.43% posure and Reflectance maps). Right: Subjective

preferences from the user study.

photometric style is dominated by low-frequency global statistics. Therefore,
our goal is to extract the structural gradients strictly from @ while statistically
stripping away its photometric biases. We achieve this by aligning the feature
statistics (mean p and standard deviation o) of the prior prediction with the cur-
rent intermediate state & via Adaptive Instance Normalization (AdaIN). The
aligned structural target £,;i4n is formulated as:

i — ol (PR PG
Lalign = ( 0)( ((P( 0)) >+ﬂ( 0)7 (10)

where € is a small constant for numerical stability. This transformation effectively
normalizes the prior’s output to a zero-mean, unit-variance space, stripping away
its original illumination and color biases, and then re-projects it onto the inten-
sity distribution of £y. Consequently, Z4;g, inherits the high-fidelity structural
details from @ but strictly adheres to the illumination and color atmosphere of
#o (which is governed by our physical constraints). Finally, we define the struc-
tural guidance loss Ly, as the distance between the current estimate and this
aligned target:

Lstru = ||§70 - i‘align”g- (11)

By combining this with the physical gradients, the total guidance gradient g;y¢q;
is derived by aggregating the weighted physical and structural objectives:

GJtotal = vio (Ephy + »Cstru) = vig ()\emp»cemp + A7“(3f»cref + )\stru»cstru)a (12)

where, to handle the varying magnitudes of the loss terms, the balancing weights
are empirically set to Aezp = 1200, Arey = 0.03, and Mg, = 10000. This ag-
gregated gradient steers the diffusion process toward a manifold that is both
photometrically natural and structurally faithful.
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Table 2: Quantitative comparisons with existing methods on the synthetic FFHQ
dataset and the real-world WildDark-Face benchmark. ’C’ and ’J’ denote Cascaded and
Joint general restoration approaches, respectively. The best and second-best results are
highlighted in red and blue, respectively.

FFHQ | WildDark-Face

Method Tpr\PSNRT LPIPS] DISTS] Deg.l LMD}|MUSIQT MANIQAT HyperIQAT FIDJ

LightenDiffusion [20] — TSD-SR [10]| C | 17.85 0.4126 0.2745 9.0737 2.6448| 42.5937  0.2644 0.5817  191.74
LightenDiffusion [20] — DiffBIR [35] | C | 18.20 0.3063 0.2284 7.2990 2.1906| 49.4678  0.3302 0.6335  121.47
TSD-SR [10] — LightenDiffusion [20]| C | 17.52 0.3850 0.2931 9.0773 3.0751| 24.3632  0.1855 0.2680  157.44
DiffBIR [35] — LightenDiffusion [20] | C | 16.62 0.4591 0.3024 8.9765 2.8251| 49.1503  0.2879 0.5748  177.81
DarkIR [12] J 15.74  0.4487 0.3090 9.1225 2.6302| 18.5099  0.1665 0.2131  186.82
LIEDNet [37] J 15.50 0.4397 0.3084 9.1932 2.6580| 18.6445  0.1645 0.2116  183.96
LEDNet [58] J 16.49 0.4135 0.2956 8.9023 2.8506| 21.1880  0.1830 0.2277  173.70
VQCNIR [59] J 14.35 0.4618 0.3164 9.3756 2.7004| 18.8857  0.1870 0.2264 177.35
URWKYV [49] J 13.59 0.4747 0.3321 9.5086 2.7045| 18.5134  0.1671 0.2052  176.95
FDN [40] J 18.56  0.4428 0.3031 9.4073 2.3465| 16.2443  0.1451 0.2036  161.70
J

PASDIff (Ours) 22.59 0.2559 0.2274 6.8031 1.6213| 53.1825  0.3658 0.7057  127.04

4 Experiments

4.1 Experimental Settings

Implementation Details. Following previous methods [5,23,45], our method
is built upon a pre-trained unconditional diffusion model (256 x 256 resolution)
trained on ImageNet [8]. To formulate the multi-objective guidance, we adopt
a pre-trained Retinex decomposition network [13] to provide photometric con-
straints and leverage an off-the-shelf blind face restoration network [41] to extract
structural semantics. For inference, the standard diffusion process in our method
consists of T' = 10 timesteps to execute noise injection and attribute guidance.
All experiments are conducted on a single NVIDIA RTX 3090 GPU.

Datasets and Metrics. For synthetic test datasets, we utilize 1,000 high-
quality images from FFHQ, uniformly resized to 256 x 256. We then apply a
physically grounded two-stage degradation pipeline to approximate real-world
low-light conditions. Following the protocol in [33,34], the first stage simulates
general face degradation: the ground truth y is sequentially degraded by Gaus-
sian blur (o € [0.1,5]), downsampling (r € [1,4]), additive white Gaussian noise
(6 € [0,15]), and JPEG compression (¢ € [60,100]). The second stage simulates
low-light physics in the linear domain: we apply an exposure adjustment factor
a = 0.25 and a hue-preserving Gamma correction sampled from v € [1.7,1.9)].
Formally, the overall degradation process is formulated as:

© = Gammas (a - JPEG, ((y ® ko) r +15) ), (13)

where = denotes the synthesized low-light facial image, « is the exposure adjust-
ment factor, k., is the Gaussian blur kernel, |, is the downsampling operation,
and ng represents the additive white Gaussian noise.

To further assess real-world scenes, we construct WildDark-Face, a real-world
benchmark comprising 700 in-the-wild low-light facial images. Specifically, we de-
rive this dataset from the widely recognized DarkFace benchmark [52] by crop-
ping individual faces using the provided bounding box annotations. To ensure
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Fig. 5: Visual comparisons on the synthetic FFHQ dataset.

evaluation reliability, we filter out instances with extremely low spatial resolu-
tions and meticulously curate a representative subset. These real-world captures
encapsulate a wide spectrum of authentic, unconstrained degradations, encom-
passing extreme photon starvation, severe sensor noise, unpredictable motion
blur, and diverse head poses. For quantitative evaluation on synthetic data, we
employ PSNR and LPIPS [55] for signal and perceptual fidelity, and DISTS [9]
for texture similarity. For real-world assessment, we utilize no-reference metrics
including MUSIQ [22], MANIQA [51], HyperIQA [39], and FID [18]. Further-
more, we report Deg. (degree of identity preservation) [7] and LMD (Landmark
Distance) [44] to explicitly measure semantic and geometric identity alignment.
More details about the WildDark-Face dataset are provided in the Supplements.

4.2 Comparisons with Existing Methods

Since existing methods typically treat low-light enhancement and face restora-
tion in isolation, there is currently no end-to-end solution specifically tailored
for this joint task. To provide an evaluation, we compare PASDIff against two
categories. First, we examine Cascaded Approaches by combining low-light en-
hancers with blind face restorers. Specifically, we employ LightenDiffusion [20]
as the enhancer, and select TSD-SR [10] and DiffBIR [35] as restorers, evaluating
both Enhancement — Restoration and Restoration — Enhancement cascades.
Second, we compare against Joint General Restoration Approaches designed for
low-light enhancement and restoration in generic scenes, including DarkIR [12],
LIEDNet [37], LEDNet [58], VQCNIR [59], URWKYV [49], and FDN [40].

Quantitative Evaluation. Table 2 summarizes quantitative results on both
synthetic and real test sets. While the cascaded combination of LightenDiffu-
sion [20] and DiffBIR [35] achieves competitive perceptual scores, it suffers from
inherent errors accumulation typical of multi-stage pipelines. Similarly, although
generic restoration models such as FDN achieve decent PSNR scores, they fail
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LQ L-Diff— DiffBIR DarkIR LEDNet FDN Ours
DiffBIR — L-Diff

Fig. 6: Visual comparisons on the real-world WildDark-Face dataset.

to capture high-frequency facial semantics, resulting in poor performance on
identity-aware metrics (Deg. and LMD). In contrast, PASDiff achieves the best
performance across almost all evaluation metrics.

Furthermore, we conduct a face recognition accuracy test using the pre-
trained InsightFace (buffalo_1) model [7]. Specifically, we extract normalized
facial embeddings from both restored and ground-truth faces to compute cosine
similarity, defining a successful identity match with a threshold of 0.42. As re-
ported in Table 1, our method achieves over 8% higher face recognition accuracy
than the second-best method.

Qualitative Evaluation. Visual comparisons on the synthetic FFHQ and real-
world WildDark-Face datasets are presented in Fig. 5 and Fig. 6, respectively.
As observed, cascaded methods exhibit specific limitations depending on their
execution order. In the L-Diff [20]—DiffBIR [35] sequence, the restoration model
tends to hallucinate unnatural textures based on noise amplified by the preceding
enhancer, resulting in blotchy color artifacts and structural fractures on faces.
Conversely, the reverse order (Diff BIR [35]—L-Diff [20]) often suffers from grid-
like artifacts and severe detail degradation. Meanwhile, representative joint gen-
eral methods (e.g., LEDNet, FDN, and DarkIR) struggle with such complex com-
posite degradations; they fail to effectively lift the illumination and frequently
produce excessively blurry and under-enhanced results. In contrast, PASDiff
generates photometrically natural and identity-consistent facial features. More
visual results of other baseline methods are provided in the Supplements.

User Study. To capture human visual preference, we conducted a subjective
user study using 10 synthetic and 10 real-world images. Evaluators assessed our
method against the top three baselines by ranking the results across three dimen-
sions: natural lighting, chromatic realism, and structural clarity. As illustrated
in Fig. 4 (Right), PASDIff consistently receives the highest preference rankings,
validating its superiority in generating visually pleasing results.
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Table 3: Ablation on physical
constraints.

Method PSNR#} LPIPS| LMD/

W/0 Lezp 2154 0.2463 1.6295
w/o Loy 1115 0.6680 13.3718

Ours 22.59 0.2559 1.6213 Fig. 7: Visual ablation on physical constraints.

Table 4: Ablation on structural

injection.

Method PSNR1T LPIPS| LMD|

w/0 Lotra 23.57 0.4501 2.1251 LQ

Ours 22.59 0.2559 1.6213

LQ w/o Lezp w/o Loy Ours

w/o Lstru Ours

Fig. 8: Visual ablation on structural injection.

4.3 Ablation Study

To further validate the effectiveness of each component, we report ablation re-
sults on our synthetic dataset concerning the physical constraints, structural
injection, and style-agnostic design.

Impact of Physical Constraints. The physical constraints, comprising the
exposure loss L.z, and the reflectance loss L,.¢, form the foundation of our
restoration. As shown in Table 3 and Fig. 7, when removing L¢.;, although
the basic content remains visible due to the reflectance constraint, the restored
images appear overall darker, failing to meet the visibility standards of normal-
light scenes. Conversely, removing L.y deprives the model of a reliable chromatic
anchor. The results suffer from a profound loss of chromatic information, failing
to recover their intrinsic colors. This confirms that both terms are essential for
establishing a physically plausible foundation.

Impact of Structural Injection. Removing the structural guidance loss Ly,
forces the model to rely solely on physical constraints. As illustrated in Ta-
ble 4 and Fig. 8, the resulting images suffer from residual blur, losing critical
high-frequency identity characteristics. Although this low-frequency-biased opti-
mization trivially yields a higher PSNR, it severely degrades perceptual fidelity
(LPIPS) and structural alignment (LMD), which demonstrates that physics-
based guidance alone is insufficient for realistic blind face restoration.
Effectiveness of Style-Agnostic Design. We evaluate the necessity of our
SASI by replacing it with an MSE loss between estimated images and the prior’s
output. Results in Table 5 and Fig. 9 reveal a critical gradient conflict: the
naive approach forces diffusion models to mimic the prior’s synthetic lighting
style, directly contradicting our physically grounded exposure and reflectance
constraints. Consequently, this mismatch leads to distinct color shifts and dis-
cordant global tones. In contrast, our AdalN-based SASI successfully distills
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Table 5: Ablation on style-
agnostic design.

Method PSNR{ LPIPS) LMD,
MSE 21.86  0.2571 1.6518 LQ MSE
Ours  22.59 0.2559 1.6213

Fig. 9: Visual ablation on style-agnostic design.

structural semantics while statistically filtering out mismatched styles, effectively
harmonizing high-fidelity details with the correct physical atmosphere.

5 Limitations and Future Work

Despite achieving SOTA quality, PASDiff presents two main limitations. First,
relying on iterative diffusion sampling incurs a slower inference speed compared
to end-to-end feed-forward networks. Second, recovering precise chromaticity
from extremely low-light inputs remains intrinsically ill-posed. Although our
physical constraints significantly shift the overall color distribution toward high-
quality references, the model can still exhibit a certain degree of under-saturation
in near-pitch-black regions where the original color information is irreversibly
destroyed. In future work, we intend to integrate advanced diffusion acceleration
techniques to streamline inference and explore explicit generative color priors to
further close the chromaticity gap in extreme real degradations.

6 Conclusion

We propose PASDiff, a training-free framework tailored for joint low-light en-
hancement and blind face restoration. To achieve physically plausible illumina-
tion and color distributions, we introduce photometric constraints leveraging in-
verse intensity weighting and Retinex theory. To faithfully recover high-frequency
facial details, we devise a SASI strategy, which distills structural semantics from
an off-the-shelf facial prior while explicitly filtering out its intrinsic photometric
biases. By seamlessly harmonizing physical and semantic constraints, PASDiff
effectively resolves the error accumulation and structural infidelity issues preva-
lent in existing cascaded and joint paradigms. Extensive evaluations on both syn-
thetic and real-world benchmarks demonstrate the superiority of our approach in
yielding naturally illuminated, chromatically plausible, and identity-consistent.
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