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Abstract. Low-light image enhancement (LLIE) on pretrained diffu-
sion models is commonly achieved through weighted pixel-space guidance
losses, whose competing gradients often destabilize sampling and induce
color distortion. We present LUCE, a training-free framework that re-
formulates sampler-side guidance as a constrained curve-domain lumi-
nance control problem. Instead of directly optimizing pixel intensities,
LUCE projects luminance guidance into a low-dimensional monotonic
curve space and enforces a unified luminance target via a single scalar
energy defined on a piecewise-linear LUT. This constrained parameteri-
zation restricts guidance to a globally consistent exposure trajectory and
removes the need for balancing multiple heterogeneous losses. To preserve
chromatic fidelity, we introduce a hue-preserving chromatic decoupling
mechanism that realizes luminance edits through per-pixel scalar gains
while maintaining RGB direction. Implemented as a gradient-based cor-
rection within a frozen DDPM sampler, LUCE requires no retraining or
architectural modification. Experiments on paired and unpaired bench-
marks demonstrate stable exposure adjustment and improved color fi-
delity over prior training-free diffusion baselines.

Keywords: Constrained curve-domain luminance control · Hue-preserving
chromatic decoupling · Gradient-based correction
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Fig. 1: Motivation of LUCE. Given the same low-light input, Zero-DCE (curve-
based, training-based) and AGLLDiff (training-free diffusion with multiple pixel-space
attribute losses) represent two dominant LLIE paradigms. The insets visualize their
guidance formulation: AGLLDiff aggregates several heterogeneous pixel-space losses
with competing gradients at state xt, whereas LUCE replaces them with a single
curve-domain luminance energy. With chromatic decoupling, this single-energy guid-
ance produces a well-exposed result with natural colors and preserved structure.

1 Introduction

Images captured under low illumination often suffer from low visibility, noise,
and color distortion, degrading both human perception and downstream vision
performance. Low-light image enhancement (LLIE) seeks to restore visibility and
contrast while preserving natural color and structure, and has long been stud-
ied in computational photography and low-level vision [17,41]. Classical methods
based on histogram equalization or Retinex-style illumination estimation can im-
prove brightness but tend to amplify noise, create halos, and struggle in complex
real-world scenes with mixed degradations [7, 29].

Deep learning has advanced LLIE by learning data-driven illumination priors.
Supervised methods train convolutional or transformer-based networks on paired
datasets such as LOL [39, 45], achieving strong enhancement but at the cost of
labor-intensive data collection and limited generalization across cameras and
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capture conditions. Zero-reference approaches such as Zero-DCE [6] estimate
image-specific tone curves from non-reference losses, offering an interpretable
curve formulation, yet still require offline training and can fail under extremely
dark or spatially heterogeneous low light.

Flow-based models like LLFlow [37] and diffusion-based methods trained in
RAW, wavelet, or Retinex-inspired domains [9, 15, 18, 19, 30, 33] achieve strong
results but require costly retraining and task-specific architectures. In contrast,
recent training-free diffusion frameworks perform LLIE directly on top of pre-
trained diffusion backbones by adding auxiliary objectives during sampling.
Works such as AGLLDiff [24] and PGDiff [43] define exposure-, structure-, and
color-related objectives in pixel space and steer sampling via weighted com-
binations of their gradients. While effective, this paradigm suffers from three
drawbacks: (i) gradient competition, where heterogeneous objectives pull in dif-
ferent directions and require delicate weight tuning; (ii) luminance–chroma en-
tanglement, since RGB-space losses often distort hue while brightening; and (iii)
implicit brightness evolution, lacking an explicit global model of a smooth, mono-
tonic exposure trajectory. Fig. 1 illustrates these issues on a challenging scene,
and contrasts pixel-space multi-attribute losses with our single curve-domain
luminance energy.

Diffusion sampling naturally admits gradient-based guidance, where objec-
tive gradients are injected into each update step to steer the trajectory. This
motivates a constrained view of sampler-side LLIE: instead of combining several
pixel-space losses on xt, we treat exposure adjustment as constrained luminance
control, project luminance cues into a single scalar energy in a 1D curve domain,
and decouple luminance edits from chroma via a hue-preserving transform.

LUCE instantiates this principle with a monotonic curve-domain luminance
guidance that replaces multi-attribute pixel losses with one unified luminance
energy in a low-dimensional curve space. Smoothness and shape regularizers act
only on the curve parameters, so the sampler is driven by a single luminance-
side energy rather than several heterogeneous losses defined on xt. Specifically,
LUCE comprises three lightweight components: (1) a unified luminance target
that blends the luminance of the current clean prediction with an input-derived
exposure prior using a time-dependent trade-off; (2) a monotonic luminance
lookup table (LUT), regularized for smoothness and shape, that enforces the
target and yields a global, interpretable brightness trajectory; and (3) a run-
time chromatic decoupling transform using per-pixel scalar gains to realize the
luminance edit while preserving hue. Experiments on paired and unpaired bench-
marks validate these benefits.

In summary, we make three main contributions:

– We analyze limitations of existing training-free diffusion-based LLIE meth-
ods that rely on weighted pixel-space objectives, and identify gradient com-
petition and luminance–chroma entanglement as core sources of instability
and color shifts.

– We introduce LUCE, a training-free framework that constructs a unified
luminance target and enforces it via a single monotonic curve-domain en-
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ergy in a low-dimensional LUT parameterization, producing a smooth and
interpretable brightness trajectory without multi-loss balancing.

– We propose a hue-preserving chromatic decoupling mechanism implemented
as per-pixel scalar gains, improving chromatic fidelity during luminance edit-
ing.

2 Related Works

2.1 Low-Light Image Enhancement

Early low-light image enhancement (LLIE) methods rely on hand-crafted pri-
ors such as histogram equalization and Retinex-style illumination estimation.
Representative approaches including LIME [7] estimate per-pixel illumination
maps and refine them with structure priors to improve visibility. These methods
are simple and efficient, but often amplify noise or introduce halos in complex
real-world scenes.

Deep learning has substantially advanced LLIE by learning data-driven il-
lumination priors. Supervised methods train convolutional or transformer-based
networks on paired datasets such as LOL and LOLv2 [39, 45], either model-
ing illumination–reflectance decomposition [1, 25, 39, 40] or directly regressing
enhanced images from RAW or RGB inputs [37]. While they achieve strong
enhancement, they require labor-intensive data acquisition and may general-
ize poorly across cameras and capture conditions. To avoid paired data, zero-
reference approaches such as Zero-DCE and its variants [6, 21] estimate image-
specific tone curves from non-reference losses; later works refine curve design
and loss balancing [23,33]. These methods offer an interpretable curve formula-
tion but still rely on offline training and can struggle under extremely dark or
spatially heterogeneous low light. Many curve-based formulations operate with
global or low-DOF mappings, which are interpretable but may be less flexible
under strongly spatially varying illumination.

2.2 Diffusion Models for Image Enhancement and Restoration

Diffusion models have emerged as strong priors for low-level vision tasks such
as denoising, super-resolution, and image-to-image translation [31, 32, 48]. In
LLIE, several works train task-specific diffusion models to map low-light inputs
to normally exposed images. DiffLL [14] adopts a wavelet-based conditional dif-
fusion model for efficient enhancement, while LightenDiffusion [15] combines
latent-space Retinex decomposition with an unsupervised diffusion backbone.
Related frameworks incorporate Retinex priors, frequency-domain conditioning,
or RAW processing (e.g., [9,13,19,46]) to improve perceptual quality and robust-
ness. However, these approaches require training or fine-tuning diffusion models,
which is costly and often tied to specific datasets or sensor domains.

A complementary line of research performs restoration directly on top of pre-
trained diffusion backbones via training-free, gradient-based guidance at sam-
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pling time. For instance, PGDiff [43] introduces partial guidance for face restora-
tion by modeling structure and color statistics as auxiliary objectives, and AGLLD-
iff [24] extends this paradigm to real-world LLIE by designing pixel-space expo-
sure, structure, and color attributes to steer sampling without paired data. While
effective, these training-free methods typically aggregate multiple RGB-domain
objectives with heuristic weights; their gradients can conflict and entangle lumi-
nance and chroma, which may cause unstable exposure control or hue shifts. We
also note that a common practical baseline is to apply simple tone mapping (e.g.,
gamma) after denoising; our focus is on sampler-side guidance formulations that
shape the denoising trajectory.

2.3 Training-Free Guidance on Pretrained Diffusion Backbones

Pretrained diffusion models can be adapted to editing/restoration without re-
training by modifying the reverse process with auxiliary guidance, e.g., classifier
and classifier-free guidance that inject objective gradients into sampling [4,11], or
SDEdit-style stochastic denoising with noise reinitialization [28]. Along this line,
training-free methods formulate restoration by adding energies on intermediate
or output images during sampling.

For enhancement and color/tone manipulation, many works specify pixel-
domain objectives and combine them with heuristic weights. PGDiff [43] aligns
structure and color statistics, while AGLLDiff [24] steers LLIE with exposure/
structure/color attributes in RGB space. Such designs are flexible but often suffer
from weight sensitivity, luminance–chroma entanglement, and unstable exposure
on challenging scenes. Other variants explore non-RGB cues, including illumina-
tion/Retinex priors [33,46], alternative color spaces [36,42], and frequency/RAW
statistics [3,35,41], yet typically still aggregate multiple heterogeneous objectives
whose gradients may interfere.

Within this training-free paradigm, LUCE differs in that it constrains lumi-
nance guidance to a low-dimensional monotone curve space and expresses expo-
sure control as a single scalar energy in the curve domain, rather than combining
multiple pixel-space objectives. The luminance edit is realized through explicit
hue-preserving chromatic decoupling, separating luminance control from chro-
matic adjustment (details in Sec. 3).

3 Method

3.1 Preliminaries

We formulate training-free low-light enhancement as conditional sampling from a
generative model p(x0 | xin), where xin is a low-light input and x0 denotes a well-
exposed image. Our method builds on a pre-trained diffusion UNet and modifies
only its inference procedure, while keeping all network parameters frozen.
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Fig. 2: Overview of LUCE. A frozen DDPM takes a low-light input xin and pro-
duces a clean estimate x̂0(xt, t) whose luminance Yt is fused with an exposure prior
E(xin) by the unified-target module (UM*) to form Y ⋆

t . The curve mapping mod-
ule (CMM*) fits a monotonic curve Cϕt and defines a single curve-domain energy
Et(xt) = Lcurve(ϕt;Yt, Y

⋆
t ) whose gradient −λt∇xtEt(xt) guides the discrete sampler,

while the chromatic decoupling module (CDM*) realizes the edited luminance in RGB
via a hue-preserving per-pixel scalar gain to obtain a well-exposed x0.

Diffusion backbone. The UNet is trained in the standard DDPM setting. Given
a clean image x0, noisy states are generated as

xt = αtx0 + σtε, ε ∼ N (0, I), (1)

and the network εθ(xt, t) predicts the added noise. A clean estimate is recovered
by

x̂0(xt, t) =
xt − σt εθ(xt, t)

αt
. (2)

We denote its luminance channel by

Y (x̂0) = 0.299 x̂
(R)
0 + 0.587 x̂

(G)
0 + 0.114 x̂

(B)
0 . (3)

In particular, luminance is always computed in linear RGB (i.e., we inverse-
gamma convert from sRGB before computing Y (·)), and results are gamma-
encoded back to sRGB only for visualization.

Sampler-side guidance (discrete). At inference, we use a standard discrete DDPM
sampler and inject an additional gradient-based correction derived from a sin-
gle scalar energy Et(xt) (defined later). Denoting the vanilla DDPM update by
DDPMUpdateθ(·), we apply

xt−1 = DDPMUpdateθ(xt, t) − λt ∇xtEt(xt), (4)

with a time-dependent guidance strength λt ≥ 0. The backbone parameters and
the base update rule remain unchanged, and we typically apply the correction
to the last K steps (we set K=10 in all experiments; see Sec. 4.2).
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3.2 LUCE Pipeline

Fig. 2 overviews LUCE. Given a low-light input xin, we run a pre-trained diffu-
sion UNet with a standard DDPM [10] sampler. Rather than attaching multiple
pixel-space objectives to xt, we cast sampler-side guidance as constrained curve-
domain luminance control: luminance cues are consolidated into a single scalar
energy defined in a low-dimensional monotone curve space, whose gradient is
injected into the discrete sampler via Eq. (4), while keeping both the backbone
and the DDPM rule frozen.

LUCE defines its guidance objective in the luminance domain. First, it con-
structs a unified luminance target Y ⋆

t by fusing the luminance of the current
clean estimate with an exposure prior derived from xin (Sec. 3.2). Second, it fits
a monotonic luminance curve in the 1D luminance domain so that the curve out-
put follows Y ⋆

t , with simple priors to keep the curve smooth and close to identity
(Sec. 3.2). Third, a runtime chromatic decoupling module applies a per-pixel hue-
preserving color transform that realizes the desired luminance changes in RGB
space (Sec. 3.2). The unified target and curve mapping define a single curve-
domain energy, while chromatic decoupling realizes the resulting luminance edit
in RGB space.

Unified Luminance Target. Training-free LLIE methods on diffusion back-
bones typically impose several luminance-related pixel-space objectives (e.g., ex-
posure alignment, preservation of well-exposed regions, global brightness statis-
tics). Optimized in parallel, their gradients can point in conflicting directions and
require careful weight tuning. LUCE instead collapses all luminance cues into a
single unified luminance target that serves as the brightness reference along the
sampling trajectory.

Let xt be the current noisy state and x̂0(xt, t) the corresponding clean esti-
mate from the diffusion UNet. Its luminance map is

Yt = Y
(
x̂0(xt, t)

)
∈ RH×W , (5)

computed via Eq. (3). In parallel, we derive an exposure prior E(xin) ∈ RH×W

from the input. In our default instantiation, we compute input luminance Yin =
Y (xin) in linear RGB, apply a global gamma correction Ŷγ(p) = Yin(p)

γ with
γ ∈ (0, 1), and then perform a per-image affine rescaling with clipping:

E(xin)(p) = clamp[0,1]
(
a Ŷγ(p) + b

)
,

where (a, b) are chosen to match a fixed target mean luminance µtar. We use a
single configuration across datasets, with γ=0.6 and µtar=0.5; implementation
details are provided in the supplementary.

We define the unified luminance target at time t as a convex combination

Y ⋆
t = βt Yt + (1− βt)E(xin), βt ∈ [0, 1], (6)

applied element-wise. The schedule βt trades off backbone fidelity and exposure
prior: earlier guided steps use smaller βt to brighten dark regions; as t → 0,
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βt increases to preserve generative details. We use a fixed monotone schedule
where βt increases toward 1 as t → 0 (e.g., up to 0.9 in our default setting),
so the exposure prior mainly affects early steps while late steps are increasingly
anchored by the diffusion prediction.

Curve-Guided Luminance Energy. A pixel-wise penalty ∥Yt−Y ⋆
t ∥ tends to

apply independent local corrections and may distort global exposure/contrast.
LUCE instead uses a global 1D luminance mapping, represented as a monotonic
curve, so that luminance edits are coordinated by a single, interpretable function.

Monotonic luminance curve. Let y ∈ [0, 1] denote a normalized luminance value
from Yt. We define a parametric curve

Cϕ : [0, 1] → [0, 1], (7)

implemented as a piecewise-linear lookup table with uniform knots {ub}Bb=0 and
values {ϕb}Bb=0. For any y ∈ [ub, ub+1],

Cϕ(y) =
ub+1 − y

ub+1 − ub
ϕb +

y − ub

ub+1 − ub
ϕb+1. (8)

To preserve luminance ordering and avoid structure inversion, we impose the
monotonicity constraint

0 = ϕ0 ≤ ϕ1 ≤ · · · ≤ ϕB = 1, (9)

and obtain the curve-edited luminance Ỹt = Cϕ(Yt).

Energy in the curve domain. We align the curve output with the unified target
via

Lmatch(ϕ) =
1

N

N∑
p=1

∣∣Cϕ

(
Yt(p)

)
− Y ⋆

t (p)
∣∣, (10)

and stabilize the mapping with two lightweight regularizers: an ℓ1 penalty on
second-order differences for smoothness and an ℓ2 penalty toward the iden-
tity mapping y 7→ y (identity regularization). Denote them by Lsmooth(ϕ) and
Lshape(ϕ). The single curve-domain energy is

Lcurve(ϕ) = Lmatch(ϕ) + λ1 Lsmooth(ϕ) + λ2 Lshape(ϕ), (11)

where λ1, λ2 ≥ 0 are fixed. We optimize ϕ in the low-dimensional curve space
(B ≪ N) with a few projected gradient steps on ϕ (e.g., isotonic projection) that
enforce (9); this is applied only in the last K guided steps (runtime is reported
in Sec. 4.2). During sampling, ϕt is treated as fixed when differentiating w.r.t.
xt, so ∇xt

Et(xt) is driven solely by the luminance-matching term Lmatch.
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Scalar guidance from the curve. Given ϕt, we define a scalar guidance on the
current state xt as

Et(xt) = Lcurve
(
ϕt;Yt, Y

⋆
t

)
, (12)

where Yt = Y
(
x̂0(xt, t)

)
depends on xt through the clean estimate. In inference,

ϕt is treated as fixed when differentiating Et(xt) w.r.t. xt. The sampler update
then follows Eq. (4), injecting a single guidance term defined in the luminance
domain instead of a weighted sum of heterogeneous pixel-space gradients. In
other words, when taking ∇xtEt(xt) the curve regularizers no longer contribute,
and the sampler is driven by one luminance-only energy rather than multiple
objectives defined directly on xt.

Runtime Chromatic Decoupling. The curve-domain energy specifies how
luminance should evolve, but not how RGB channels should be updated to realize
this change. Naively adjusting channels independently can cause hue shifts and
over-saturation, especially in dark regions. LUCE therefore applies luminance
edits through a simple per-pixel linear transform that decouples brightness from
chroma.

Let ct(p) ∈ [0, 1]3 be the RGB vector of x̂0(xt, t) at pixel p, and

Yt(p) = w⊤ct(p), w = (0.299, 0.587, 0.114)⊤. (13)

After optimizing ϕt, the desired luminance is

Ỹt(p) = Cϕt

(
Yt(p)

)
. (14)

We realize this change with a per-pixel scalar gain:

c̃t(p) = st(p) ct(p), st(p) =
Ỹt(p)

max
(
Yt(p), ε

) , (15)

with a small ε > 0. When Yt(p) > ε and the gain is not clipped, the transform ex-
actly realizes w⊤c̃t(p) = Ỹt(p). Otherwise, it provides a bounded approximation.
Any positive scalar gain preserves the RGB direction and hence the hue before
gamut clipping. This chromatic decoupling realizes the curve-edited luminance
in RGB space while suppressing color casts and over-saturation.

Curve-Domain Luminance Guidance in the Sampler. The components
above define the complete LUCE inference pipeline on a frozen diffusion back-
bone.

At time t, the diffusion UNet produces x̂0(xt, t), and we compute Yt =
Y
(
x̂0(xt, t)

)
. The unified target Y ⋆

t follows Eq. (6); the curve parameters ϕt are
obtained by minimizing Lcurve(ϕ;Yt, Y

⋆
t ) under (9). The scalar energy Et(xt)

in Eq. (12) forms the guidance term −λt∇xtEt(xt) in Eq. (4). The chromatic
transform in Sec. 3.2 realizes the curve-edited luminance in RGB space while
preserving hue. The backbone parameters and the base DDPM update remain
unchanged.
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Conceptually, LUCE reconciles different luminance desiderata (backbone-
consistent prediction, exposure prior, and curve simplicity) before entering the
sampler by projecting them onto a unified target and a single monotonic curve.
Consequently, ∇xtEt(xt) represents a coherent, luminance-guided adjustment on
top of the pretrained diffusion prior, rather than a weighted sum of competing
pixel-space gradients, yielding stable, interpretable exposure control.

In summary, LUCE injects a luminance-driven, curve-domain single-energy
guidance into a frozen diffusion backbone via a discrete, gradient-based correc-
tion. All luminance cues are first reconciled into a unified target, realized by
a monotonic curve with lightweight regularization, and mapped back to RGB
through a hue-preserving transform. This reduces objective interference by con-
straining guidance to a low-dimensional monotone curve space while remaining
fully training-free.

4 Experiments

4.1 Datasets and Evaluation Metrics

Paired low-light datasets. We evaluate LUCE on three representative paired
LLIE benchmarks: LOL-v1 [39], LOL-v2 (Real and Synthetic) [45], and LSRW [8].
LOL-v1 contains 500 low-/normal-light pairs (485/15 for train/test). LOL-v2-
Real and LOL-v2-Synthetic provide real-captured and synthetically darkened
pairs with diverse indoor and outdoor scenes, and LSRW offers real-world pairs
with mixed degradations such as noise and color cast; for all three, we follow the
standard train/test splits used in prior work. On these paired datasets, we report
PSNR and SSIM [38] for reconstruction fidelity and LPIPS [49] for perceptual
similarity (higher PSNR/SSIM and lower LPIPS are better). For LOL-v2, we re-
port the combined Real+Synthetic score in the main paper and the two subsets
separately in the supplementary.

Unpaired low-light datasets. To assess generalization without ground-truth ref-
erences, we further evaluate on five standard unpaired benchmarks: LIME [7],
NPE [35], MEF [26], DICM [20], and VV [34], which cover diverse real-world
low-light scenes but provide only input images. Following prior work, we use
BRISQUE [29] and noise level (NL) [2] as no-reference indicators of perceptual
quality and residual noise, where lower scores indicate better performance.

4.2 Implementation Details

LUCE is built on a 256× 256 DDPM denoising UNet pretrained on ImageNet,
following the public 1000-step noise schedule. At inference, the backbone is frozen
and we only modify the last 10 reverse steps by adding our luminance energy to
the sampler’s gradient-based guidance; earlier steps follow the original sampler.
All images are resized to 256 × 256 for sampling and bicubically rescaled back
to their original resolution for evaluation.
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Table 1: Quantitative comparison on LOL-v1, LOL-v2 (Real+Synthetic combined),
and LSRW. Methods are grouped by supervision type (S: supervised, U: unsupervised).
We report PSNR/SSIM/LPIPS (P/S/L). Best and second-best results within the U
group are highlighted in boldface and with underlining, respectively.

Type Method LOL-v1 (P/S/L) LOL-v2 (R+S) (P/S/L) LSRW (P/S/L)

S

Retinex-Net [39] 17.62/0.64/0.38 16.62/0.58/0.40 15.58/0.41/0.39
KinD [51] 21.02/0.84/0.20 17.93/0.73/0.31 15.51/0.38/0.39
KinD++ [50] 17.75/0.76/0.20 18.05/0.73/0.30 16.09/0.39/0.37
URetinex-Net [40] 19.84/0.82/0.13 20.56/0.86/0.24 18.27/0.52/0.30
Retinexformer [1] 25.15/0.84/0.13 20.23/0.80/0.25 19.23/0.54/0.31
DiffLL [14] 27.93/0.88/0.11 25.47/0.89/0.11 19.27/0.55/0.30
GSAD [12] 22.02/0.85/0.14 19.31/0.89/0.13 17.41/0.51/0.29

U

EnlightenGAN [16] 17.48/0.65/0.32 15.65/0.58/0.49 17.05/0.46/0.33
Zero-DCE [6] 14.86/0.55/0.34 16.52/0.68/0.26 15.84/0.45/0.31
Zero-DCE++ [21] 15.32/0.56/0.33 17.11/0.70/0.28 15.32/0.49/0.33
ExCNet [47] 16.05/0.63/0.37 14.40/0.57/0.46 14.26/0.46/0.50
RUAS [25] 16.44/0.49/0.27 15.32/0.58/0.49 14.31/0.48/0.47
SCI [27] 14.78/0.53/0.33 13.38/0.61/0.33 15.24/0.42/0.45
NeRCo [44] 19.81/0.74/0.24 17.19/0.64/0.39 18.82/0.51/0.34
CLIP-LIT [22] 12.39/0.49/0.38 15.20/0.55/0.58 13.46/0.40/0.35
PairLIE [5] 19.46/0.74/0.25 17.75/0.75/0.31 17.59/0.49/0.33
CoLIE [3] 20.28/0.49/0.37 15.39/0.59/0.29 16.21/0.48/0.34
LightenDiffusion [15] 20.44/0.81/0.19 19.24/0.83/0.17 18.54/0.54/0.31
QuadPrior [36] 22.85/0.80/0.20 18.62/0.81/0.21 17.99/0.55/0.37
AGLLDiff [24] 21.81/0.84/0.16 19.59/0.83/0.21 16.92/0.56/0.32

LUCE (Ours) 22.81/0.85/0.15 20.21/0.84/0.19 18.80/0.56/0.32

The luminance curve is implemented as a piecewise-linear lookup table with
B=32 bins. Unless otherwise stated, we fix the curve regularization weights to
λ1=0.01 (smoothness) and λ2=0.1 (shape), use a monotonically increasing sched-
ule for βt (from 0.3 to 0.9, increasing toward 1 as t→0) and guidance strength λt

(from 0 to 1.0), and apply chromatic decoupling with ε=10−3 and per-pixel gain
st(p) clipped to [0.5, 3.0]. The same hyperparameters are used for all datasets. All
experiments are training-free and run on a single NVIDIA A100 GPU. Reported
runtimes include curve fitting and guidance computations.

4.3 Benchmarking Results

Quantitative Analysis on Low-Light Enhancement. Table 1 compares LUCE
with supervised and unsupervised LLIE methods on three paired benchmarks.
Inference times reported in Tab. 2 are measured per 256 × 256 image on a sin-
gle NVIDIA A100 GPU. Among unsupervised approaches, LUCE consistently
achieves top-tier results (best or second-best) across the three paired bench-
marks. On LOL-v1, it attains the best SSIM/LPIPS and second-best PSNR,
indicating that our monotonic curve-domain guidance improves structural and
perceptual fidelity while remaining competitive in distortion. On LOL-v2 (Real+
Synthetic combined), LUCE achieves the best PSNR/SSIM and the second-
best LPIPS, demonstrating a favorable distortion–perception trade-off relative
to AGLLDiff and LightenDiffusion; this suggests that consolidating luminance
guidance into a single curve-domain energy yields more stable exposure control
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Table 2: Efficiency-aware comparison on unpaired datasets (LIME, NPE, MEF,
DICM, VV). Efficiency metrics include model parameters (M), MACs (G), and infer-
ence time (s). BRISQUE and noise level (NL) evaluate perceptual quality and residual
noise (lower is better). Best and second-best results within the U group are highlighted
in boldface and with underlining, respectively.

Type Method Efficiency No-reference Quality

Params(M) MACs(G) Time(s) BRISQUE↓ NL↓

S

Retinex-Net [39] 0.555 87.28 0.093 27.10 3.25
KinD [51] 8.02 159.56 0.096 26.89 0.70
KinD++ [50] 8.27 258.62 0.694 26.16 0.43
URetinex-Net [40] 0.341 229.0 0.248 23.80 1.32
Retinexformer [1] 1.61 68.39 0.310 14.77 1.06
DiffLL [14] 22.08 21.88 0.340 24.13 0.68

U

EnlightenGAN [16] 8.64 65.88 0.030 20.65 0.79
Zero-DCE [6] 0.079 20.92 0.016 21.76 1.57
Zero-DCE++ [21] 0.011 0.021 0.003 19.34 1.15
ExCNet [47] 8.27 - 14.62 19.03 1.56
RUAS [25] 0.003 0.951 0.019 29.91 2.09
SCI [27] 0.00026 0.095 0.002 16.73 0.85
NeRCo [44] 23.30 822.8 0.949 22.81 0.65
CLIP-LIT [22] 0.279 73.04 0.054 23.44 1.96
PairLIE [5] 0.342 89.99 0.056 29.84 1.47
LightenDiffusion [15] 26.54 2257.42 9.539 18.53 1.11
QuadPrior [36] 1252.75 - 9.961 19.96 1.34
AGLLDiff [24] 552.81 1114.68 20.43 19.55 0.80

LUCE (Ours) 556.22 1106.35 10.53 18.03 0.76

and improved color fidelity compared with multi-objective pixel-space guidance.
On LSRW, LUCE slightly trails NeRCo in PSNR but achieves the best SSIM
(tied) and near-best LPIPS, suggesting that our more conservative luminance
editing avoids over-brightening that can inflate PSNR at the cost of perceptual
quality. Compared with AGLLDiff, LUCE improves PSNR on all three datasets
and achieves equal or better SSIM/LPIPS, with almost identical parameter and
MAC counts but roughly half the inference time. On unpaired benchmarks,
LUCE further attains the second-best BRISQUE and the second-best NL within
the unsupervised group (Tab. 2), suggesting improved perceptual quality with
controlled residual noise. While lightweight curve-based CNNs remain faster by
orders of magnitude, they exhibit noticeable performance gaps, highlighting that
our training-free diffusion framework strikes a favorable balance between quality
and computational cost.

Qualitative Comparison. As shown in Fig. 3, LUCE produces visually pleasing
results that are closer to the ground truth than both training-based curves and
existing training-free diffusion baselines. Zero-DCE and SCI brighten the scene
but either wash out details or introduce noticeable color casts, while CLIP-LIT
and CoLIE tend to generate greenish tones and uneven exposure across the im-
age. The training-free AGLLDiff yields competitive brightness, yet the red-boxed
regions reveal residual color bias and locally over-enhanced areas (e.g., around
the target board and color wheel). In contrast, LUCE simultaneously restores
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Fig. 3: Visual comparison on low-light images. Compared with representative
curve-based and training-free diffusion baselines, LUCE produces better-exposed and
less noisy results while preserving color fidelity and fine structures in challenging dark
regions.

Table 3: Ablation study of LUCE components. Paired metrics are evaluated on LOL-
v2, while no-reference metrics are averaged over unpaired datasets (LIME, NPE, MEF,
DICM, VV). ↑ / ↓ indicate higher/lower is better.

Variant Paired (LOL-v2) No-reference

PSNR↑ SSIM↑ LPIPS↓ BRISQUE↓ NL↓

w/o UM* 19.70 0.832 0.205 20.71 1.45
w/o CMM* 19.85 0.836 0.200 19.86 1.39
w/o CDM* 19.78 0.834 0.208 19.03 1.08

LUCE (full) 20.21 0.840 0.192 18.03 0.76

global brightness and maintains consistent hue: text and edges inside the red
boxes remain sharp, the background illumination is smooth, and saturated col-
ors (targets, wheel) are recovered without overshooting. These observations cor-
roborate our design: the single curve-domain luminance energy enforces a stable
monotonic exposure trajectory, and the chromatic decoupling module prevents
the hue distortions commonly seen in multi-attribute RGB-space guidance.

4.4 Ablation Studies

Core components on paired data. Table 3 compares three key variants of LUCE
on LOL-v2. Removing the unified luminance target (w/o UM*) causes the largest
PSNR and SSIM drops, showing the importance of an explicit brightness refer-
ence. Removing the curve mapping module (w/o CMM*) leads to a moderate
degradation, indicating that explicit monotonic curve fitting is important for en-
forcing globally consistent exposure transitions rather than unstable local edits.
Discarding chromatic decoupling (w/o CDM*) causes the largest LPIPS degra-
dation, confirming its importance for perceptual and chromatic fidelity. The full
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Fig. 4: Visual ablation of LUCE. For each scene, column A shows the full LUCE,
column B removes the curve mapping module (w/o CMM*, replacing curve-domain
guidance with a pixel-wise ℓ1 loss on luminance), and column C removes chromatic
decoupling (w/o CDM*, without the hue-preserving scalar-gain transform). Zoom-in
regions highlight that B produces flat, washed-out surfaces, while C introduces color
casts and amplified noise, whereas A preserves both natural brightness and clean,
faithful colors.

LUCE, which combines UM*, CMM*, and CDM*, achieves the best PSNR/SSIM
and the lowest LPIPS, validating the effectiveness of the proposed design.

Effect on unpaired benchmarks. On the unpaired datasets (LIME, NPE, MEF,
DICM and VV), Table 3 shows that the full LUCE achieves the best BRISQUE/NL
among its ablated variants, indicating better perceptual quality and fewer resid-
ual artifacts when UM*, CMM*, and CDM* are all enabled. Removing UM*
yields clearly higher BRISQUE/NL, reflecting unstable exposure and amplified
noise when the guidance lacks an explicit brightness reference. Removing CMM*
also deteriorates BRISQUE, suggesting that monotonic curve fitting helps avoid
over-stretched contrast and unnatural tone curves. Finally, omitting CDM* in-
creases NL and worsens BRISQUE, matching visual observations that removing
hue-preserving chromatic decoupling produces noisier and less color-consistent
outputs. In the method-level comparison in Table 2, LUCE achieves the second-
best BRISQUE and the second-best NL among unsupervised methods, indicating
a favorable quality–noise trade-off under a training-free setting.

Ablation visualization. Fig. 4 provides a visual ablation of the key modules.
Column A is the full LUCE, column B is w/o CMM* (replacing curve-domain
guidance with a pixel-wise ℓ1 loss on luminance), and column C is w/o CDM*
(without the hue-preserving scalar-gain transform). Compared with A, variant B
yields flatter walls and cabinet surfaces with reduced local contrast, showing that
the global monotonic curve is crucial for coordinated exposure control. Variant C
reaches similar brightness but suffers from visible color casts and strong chroma
noise in dark regions, confirming the role of CDM* in hue-preserving luminance
editing. We do not show w/o UM* here, as its main effect is a global exposure
drift that is already reflected by the quantitative gaps in Table 3.
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5 Conclusion

We presented LUCE, a training-free low-light enhancement framework that per-
forms constrained curve-domain luminance guidance with hue-preserving chro-
matic decoupling on a frozen diffusion backbone, enabling stable and controllable
exposure adjustment with improved chromatic fidelity over prior training-free
diffusion baselines. Beyond quantitative gains, LUCE provides an interpretable
luminance control interface during sampling via a low-dimensional monotone
curve, which helps stabilize exposure evolution compared with weighted multi-
objective pixel-space guidance. Despite these advantages, the current framework
still relies on hand-crafted exposure priors and fixed guidance schedules. Making
these components more adaptive and extending LUCE to higher-resolution dif-
fusion backbones, as well as RAW and video settings, are promising directions
for future work.
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