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A. Preliminaries

A.l. Diffusion Models

Diffusion probabilistic models [21, 49] define a forward
process that gradually corrupts a clean sample zg ~ Pga(2)
by adding Gaussian noise over T steps. Let {a; }_; denote
the cumulative noise schedule. The marginal distribution of
the noisy variable at timestep ¢ evaluates to

q(zt | 20) := /Q(let | 20) dz1.(¢—1)
= N(z; Vi 20, (1 — ay)T)

and samples from this marginal follow the reparameteriza-
tion z; = /a2 + /1 — oz €, where e ~ N(0,I).
Accordingly, the generative process reverses this corrup-
tion through a noise-prediction network ey(z;) trained to
predict the added noise at each timestep by minimizing
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For deterministic generation, we use DDIM sampling [50],
which replaces the stochastic noise sampling used in
DDPM [21] with a deterministic denoising at each timestep:

2zt — V1 — apep(2t)
N 3)

+ /1= 1 €9(2).

Zt—1 = \/Ot—1"

Q;& stored pattern: K ; X ViX A

(a) Sampling + SA.

inversion

) I I

Q& stored pattern: K ; X VX A

Sampling + SA

new

Qﬂz
\

Sampling

(b) Sampling
[
GT

Figure A. Row 1. Reusing inversion-time self-attention (SA) pre-
serves the correct stored patterns, ensuring that Hopfield updates
decrease energy in an input-aligned direction. Row 2. Standard
sampling generates drifted stored patterns, causing Hopfield up-
dates to decrease energy with respect to a misaligned energy land-
scape and leading to semantic drift. Row 3. From left to right: in-
put, ground truth, reconstruction with self-attention injection, and
reconstruction without self-attention injection.
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A.2. DDIM Inversion and Accumulated Error

DDIM inversion provides an image-to-noise mapping by
transforming the input 2 to a trajectory {z;}Z, such that
DDIM sampling initialized at zp yields a close reconstruc-
tion of the original zy. Each transition z;_; +> z; is approx-
imated by

S VI—ou—1ep(z-1)
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The inversion relies on the assumption that the ODE pro-
cess can be reversed in the limit of small steps. Inversion
replaces the actual noise realization eg(z;) with €p(24—1)
when computing z;, resulting in an approximate latent
whose error accumulates over steps. As a consequence, the
terminal latent zp obtained from inversion differs from the
ideal latent that would faithfully reconstruct the input im-
age. Sampling from zp therefore produces a reconstruction
that deviates from the original, as shown in Figure B.



A.3. Energy-Based Interpretation of Self-Attention

Self-attention is mathematically equivalent to the update
step of a modern Hopfield network [43]. Modern Hopfield
networks store feature patterns and update a query by mov-
ing it toward a similarity-weighted combination of these
patterns.

Given stored patterns {z;}¥.; C R? arranged in matrix
form X = [z1,..., 2] and aquery state ¢ € RY, the model
defines an energy function whose gradient indicates how a
query should be updated relative to the stored patterns:

N
B(§) = —5log (Y- exp(BaT©)) + 4P, )
=1

where 5 > 0 denotes the inverse temperature parameter that
determines how strongly the model emphasizes the most
similar pattern. Intuitively, the first term encourages the
query to align with patterns that have high similarity, while
the second term regularizes the magnitude of the query.

The update step in a modern Hopfield network updates
the query according to

41 = Xsoftmax(ﬂ XT&) ,

which produces a similarity-weighted combination of the
stored patterns. This update reduces the Hopfield energy
defined in Eq. (5), with the stored patterns determining the
energy landscape along which this descent occurs, and its
derivation from a convex—concave optimization procedure
(CCCP) [65] is presented in the next section.

Transformer self-attention follows the same mathemati-
cal form in which keys and values correspond to stored pat-
terns, the query represents the current state, and softmax
similarity scores determine how the update combines these

patterns:
KT
A= softmax(Q Nz ) V, (6)

where Q, K,V € RV*4 with N = H'W’ denoting the
number of tokens and d the token feature dimension. The
quantities H' and W’ correspond to the height and width of
the latent feature map at that attention layer. In this corre-
spondence, the Hopfield parameters (3, X, &) map directly
to the attention parameters (%, K, Q), with the retrieved
state corresponding to V':

(£’X767§DCW) — (Q?{K7 V}71/\/a7 A)' (7)

B. Attention Injection as Hopfield Constraint

The main paper analyzes MR. Illuminate through its two-
step structure: a Modulate step that adjusts global illumi-
nation and color, and a Refine step that restores local struc-
ture and color through self-attention (SA) injection. Here,

Input DDIM DDIM + SA

Figure B. DDIM reconstruction failure. Left: input image. Mid-
dle: reconstruction obtained via DDIM inversion followed by
DDIM sampling. Accumulated errors during inversion prevent
faithful reconstruction of the input image. Right: reconstruction
obtained via DDIM inversion followed by DDIM sampling with
self-attention (SA) injection, which mitigates inversion drift.

we provide a complementary theoretical interpretation of
the Refine step through the lens of modern Hopfield net-
works. The purpose of this analysis is not to introduce a
new causal mechanism, but to clarify why the Refine step
benefits from enforcing the self-attention patterns computed
during DDIM inversion.

Hopfield Perspective. From Section A.3, attention lay-
ers can be viewed as performing a Hopfield-style update:
they adjust the current representation so that it becomes
more similar to the patterns encoded in the keys and values.
Under this viewpoint, the stored patterns define an energy
landscape, and the attention update moves the representa-
tion downhill on this landscape. This perspective clarifies
why self-attention injection is essential because it restores
the appropriate stored patterns, ensuring that refinement fol-
lows an input-aligned trajectory.

Self-Attention Derived from DDIM Inversion. DDIM in-
version begins at the observed input image and proceeds
step by step toward a noisy latent. The self-attention fea-
tures computed along this trajectory encode the stored pat-
terns that consistently lead back to the input. In Hopfield
terms, these maps induce an energy landscape aligned with
the input. Reusing them during sampling ensures that the
Refine step operates within this input-aligned landscape,
helping preserve the input’s structural and appearance cues.

Self-Attention Derived from DDIM Sampling. As dis-
cussed in Section A.2, DDIM inversion is approximate. The
terminal latent produced by inversion does not lie exactly
on the ideal reconstruction trajectory. When sampling be-
gins from this latent, the attention features generated during
sampling encode drifted stored patterns. These features in-
duce a different energy landscape than the one defined dur-
ing inversion. Although each attention update continues to
decrease energy, it does so with respect to this misaligned
landscape, pulling the refinement away from the input and
producing semantic drift (Figure A).

Self-Attention Injection. To avoid descending along the
drifted landscape, we enforce the sampling process to reuse



the attention features recorded during inversion:

{Qt7 Kt7 ‘/t}samp <~ {Qt7 Kt7 ‘/t}inv-

This restores the correct stored patterns and thus the input-
aligned energy landscape during the Refine step. As a re-
sult, each Hopfield-style update moves the latent represen-
tation in a direction consistent with the input’s spatial struc-
ture and color appearance. This explains why self-attention
injection stabilizes the Refine step and helps maintain both
the form and appearance of the input.

Formal Justification of the Update Rule. The central
claims above rely on one key property: a Hopfield update
(and thus self-attention) decreases the energy defined by
the (Q, K, V) patterns used at that timestep. The propo-
sition [43] below formalizes this property. The proof is
included to clarify that attention updates are principled
energy-descent steps, not heuristic transformations. It also
establishes the foundation for understanding why sampling-
time attention—defined by a drifted trajectory—leads to
semantic drift, and why enforcing inversion-time attention
corrects this behavior.

Proposition 1. Each Hopfield update defined by
€1 = X softmax(BX &)
monotonically decreases the Hopfield energy function
E(&i41) < E(&),

with equality if & is already a stationary point.

Proof. We consider a single Hopfield update step from
& to &4+1. The energy can be decomposed into convex
and concave parts through the Concave-Convex Procedure
(CCCP) [65]:

E() = E1(§) + Ea(§),

N
.
Ey(¢) = —Flogy et
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Since Ise (log-sum-exp) is convex, Fs is concave, and its
first-order inequality gives

E3(§) < Bx(&) + (£ — &) TVE(&).

Thus, the surrogate function

Ec(&,&) = E1(€) + B2 (&) + (£ — &) T VEy (&)

satisfies

E(§) < Ec(§,&), E(&) = Ec(&,&)-
Minimizing this surrogate yields the optimality condition

VeEc (€, ft)‘gzgtﬂ = VE(§41) + VE(&) = 0.
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Figure C. PCA visualization of query (Q; &), key (K; X), value
(V; X), and the attention outputs (A; &new) from up-block self-
attention layers during DDIM inversion and sampling. Interpreted
as Hopfield updates, K and V store the patterns retrieved during
each step: inversion-time stored patterns remain aligned with the
input, whereas sampling-time stored patterns drift due to accumu-
lated errors. For the input image and its ground truth, see Figure A.

that is,
&1 = Xsoftmax(ﬁXT&).

Because E(&) < E¢(€,&;) for all £, substituting £ = &1
gives
E(&+1) < Ec(&41,&)-

Next, since &;1 minimizes the surrogate Ec (-, &), its sur-
rogate value cannot exceed the surrogate at any other point,
including &;:

Ec(&t41,&) < Ec(&, &)

Finally, by construction, the surrogate coincides with the
true energy at &,

Ec (&, &) = E(&)-

Combining these three relations yields

E(§41) < Eco(i41,6) < Ec(&,8) = E(&).



This interpretation shows that every attention opera-

tion performs an energy-decreasing update step, pulling the
state toward configurations defined by the stored keys. By
reusing inversion-time triplets (Q¢, K¢, V4 )iny during sam-
pling, we ensure that each update follows the same input-
aligned energy landscape as inversion, thus preserving se-
mantic fidelity and preventing divergence.
Summary. By reusing inversion-time attention triplets
(Qt, K+t, Vi)inv» MR. Tlluminate retrieves information from
a non-drifted, input-aligned state. This preserves the correct
spatial and chromatic relationships needed for faithful local
reconstruction. Meanwhile, the Modulate step (via AdalN)
adjusts global illumination and color. Together, these com-
ponents form a coherent mechanism in which AdalN estab-
lishes global consistency, while Hopfield-constrained self-
attention enforces locally accurate, drift-free refinement.

C. Related Works and Comparisons
C.1. Additional Related Works

Traditional Methods. Conventional image enhance-
ment methods, including histogram equalization [11, 41]
and gamma correction [42], rely on global adjustments to
enhance image contrast. Despite their computational effi-
ciency, these methods are inherently limited by their inabil-
ity to account for varying scene-specific lighting conditions.
Supervised Methods. Supervised methods, trained with
paired datasets, learn an explicit image-to-image mapping
through direct loss optimization. Among these, Convolu-
tional Neural Networks (CNNs) are adept at learning trans-
formations from under-exposed to well-lit images, effec-
tively capturing local textures and patterns [35, 59, 63, 66].
However, their limitation in capturing long-range depen-
dencies has led to alternative approaches. These include en-
semble approaches [3], transformer-based architecture [8,
31, 60, 61], synthetic data augmentation [4, 38], Mixture
of Experts-based method [32], frequency-domain meth-
ods [14, 28], and event-based illumination estimation [54].
However, performance depends on dataset diversity and
scale; limited variation in scenes, noise, and lighting re-
duces generalization.

Recently, generative methods have exhibited promis-
ing results in low-light image enhancement, with diffusion
models [12, 21, 45, 49, 51, 52] demonstrating particular ef-
ficacy because of their strong generative ability, being free
from the instability and mode-collapse that are prevalent in
previous generative models. However, standard Gaussian
noise assumptions of diffusion models do not model the
complex noise of low-light images. In response, new train-
ing strategies have been proposed for raw and RGB low-
light image enhancement [22-24, 34, 39, 58, 64]. How-
ever, these methods still remain dependent on supervised
learning, without leveraging the generative priors of the pre-

trained diffusion models and inheriting the same constraints
of paired data and limited dataset diversity.

Unsupervised Methods. Unsupervised frameworks [15,
20, 25, 27, 29, 30, 30, 36, 44, 47, 48, 56, 62, 67] re-
move the need for paired supervision and instead learn
domain-level correspondences between low- and normal-
light distributions. EnlightenGAN [25], NeRCo [62], and
FoCo [19] perform adversarial learning on unpaired data,
CLIP-LIT [30] leverages CLIP prior and learnable prompt
embeddings, PairLIE [15] learns priors from paired low-
light images, and RoSe [29] adopts a NeRF-based [37]
illuminance-transition model for enhancement. Another
category of unsupervised methods is the zero-reference
approach, wherein a dataset comprising a single class is
leveraged for training. This method capitalizes on the in-
trinsic color properties of natural images, drawing upon
established theoretical frameworks such as Retinex the-
ory [26] and the Kubelka-Munk theory [17]. However,
the aforementioned principles may not consistently align
with the real-world behavior of noise in under-exposed data.
Zero-DCE [20] and Zero-DCE++ [27] employ neural net-
works to estimate the parameters of a predefined curve
function, facilitating adaptive image enhancement. Meth-
ods such as RUAS [44], SCI [36], and ZerolG [48] em-
ploy Retinex-theory-based decomposition to enhance illu-
mination and contrast, whereas QuadPrior [56], trained on
the COCO [33] dataset, relies on the Kubelka-Munk the-
ory. Additionally, Lit-the-Darkness [47] and Semantic-
GuidedLLIE [67] incorporate an objective function de-
signed to refine color fidelity, texture details, and se-
mantic integrity, and GEFU [55] introduces an unsuper-
vised diffusion-based framework with semantically consis-
tent fine-tuning. However, because unsupervised meth-
ods learn domain-level correspondences between low- and
normal-light distributions, they are inherently weakly con-
strained, often restoring brightness while producing unnat-
ural color tones or inconsistent local illumination. To over-
come these limitations, recent zero-shot approaches extend
the unsupervised paradigm by performing instance-specific
optimization guided by self-consistency and natural-light
priors.

C.2. Further Comparisons

We provide additional quantitative and qualitative compar-
isons to complement the results presented in the main paper.
These experiments evaluate our zero-shot approach along-
side recent supervised and unsupervised methods on the
MIT-Adobe FiveK (MIT5K) [7] and SID [9] benchmarks.
Following the evaluation protocol of Retinexformer [8],
we use 500 low/normal-light image pairs from MIT-Adobe
FiveK and 598 short/long-exposure pairs from the SID
dataset.

Qualitative Results. Figures D and E illustrate (1) how
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Figure D. Additional qualitative comparisons on the SID dataset. Please zoom in without night-light mode to accurately compare colors
and observe noise reduction in each method. Green: supervised methods, Red: unsupervised methods, Blue: zero-shot methods. Each
output is labeled using the format method name—training dataset to indicate the model and its corresponding training data.
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Figure E. Additional qualitative comparisons on the MIT-Adobe FiveK dataset. Please zoom in without night-light mode to accurately
compare colors and observe noise reduction in each method. Green: supervised methods, Red: unsupervised methods, Blue: zero-shot
methods. Each output is labeled using the format method name—training dataset to indicate the model and its corresponding training data.



, MIT-Adobe FiveK SID
Method Train Data PSNRT SSIMT LPIPS| | PSNRT  SSIMT  LPIPS |
Retinexformer [3] LOLvI 138688 06922 02223 | 141451 02287  0.7970
Retinexformer [8] MIT5K 244639 08870  0.1109 | 13.2346 02162  0.6789
S CIDNet [61] LOLvI 110917 06895 02184 | 13.6785 0.1754  0.9097
CIDNet [61] MITSK 249025 09058  0.0618 | 132167 01812  0.8652
GT-mean loss [31] LOLvI 13.0742 06940 02321 | 143544 02507  0.7732
GT-mean loss [31] LOLv2-syn 12.3209 0.1520 0.8497
ZerolG [43] LOLvI 62999 04524 04912 | 13.0053 0.1968  0.8288
U ZerolG [48] LSRW 0.8991 05924 03233 | 120176 0.0863  0.9566
GEFU [55] LOLvi+ 157206 07598  0.1699 | 14.0896 02974  0.7650
" Z | MR Tluminate | nfa. | 19.0120  0.8011  0.1647 | 157761 0.4014 ~ 0.5953

Table A. Quantitative comparisons on MIT-Adobe FiveK (MIT5K) [7] and SID [9] datasets across supervised (S), unsupervised
(U), and our zero-shot (Z) methods. The best overall scores are highlighted in red bold. For supervised methods evaluated on datasets

different from their training sets, we additionally highlight the best cross-dataset performance in

to emphasize generalization.

Variant QP VAE | SAinj. | Resinj. | Inputavg. | PSNR1 | SSIM T | LPIPS |
Ours w/ SD Decoder - v - 30 19.927 0.600 0.248
Ours w/o SA v - 30 13.173 0.437 0.506
Ours w/ Res v - 30 19.363 0.748 0.240
Ours W/ SAayg—input v v input 21.238 0.822 0.187
Ours W/ SAayvg—60 v v 60 20.798 0.785 0.194
Ours (final) v v 30 21.739 0.815 0.177

Table B. Quantitative ablation study. Results are reported on the LOL dataset. Columns explicitly indicate which components are active
in each variant: QP VAE uses the QuadPrior VAE decoder (otherwise the standard Stable Diffusion decoder is used); SA inj. denotes
self-attention injection in the U-Net up-blocks; Res inj. denotes residual feature injection in the up-blocks instead of self-attention; Input
avg. denotes the target mean intensity of the input image, either using the original image or the same image rescaled to an average intensity

of 30 or 60.

models with identical architectures can produce noticeably
different outputs depending on the dataset on which they
were trained, and (2) how supervised methods often ex-
hibit limitations when applied outside their training domain.
These qualitative observations reinforce the robustness and
adaptability of our proposed zero-shot method.
Quantitative Results. Table A reinforces the two obser-
vations highlighted above. In addition, our zero-shot ap-
proach achieves stable and competitive performance across
both benchmarks without relying on paired supervision.

D. Further Ablation Study

In this section, we conduct an ablation study to analyze the
contribution of each component and justify the effectiveness
of our system design.

Quantitative Ablation Study. A quantitative ablation
study on the LOL dataset (Table B) analyzes the contri-
bution of each component in our framework, which op-
erates without text prompts. First, we examine a prepro-
cessing step that rescales very dark inputs so that the self-
attention features are extracted from the input with suffi-
cient contrast and signal information. Second, we compare
which diffusion internal feature is most effective for guiding
reconstruction by evaluating self-attention injection com-
pared with residual feature injection in the U-Net up-blocks
quantitatively. For qualitative analysis, please refer to the

ablation study presented in the main paper. Third, we assess
the influence of the VAE decoder by comparing the standard
Stable Diffusion decoder with the QuadPrior decoder.

Preprocessing. As shown in Figure G, we apply a linear
gain adjustment in pixel space when its overall intensity is
very low before an image is passed to the VAE encoder. If
the mean pixel value is below 30 (in the [0, 255] range),
the image is linearly rescaled so that its average reaches
30; otherwise, it is left unchanged. This adjustment is nec-
essary because very dark inputs contain limited contrast
and signal information, which leads to self-attention fea-
tures with weak or uninformative signals. Increasing the
target to higher values, such as 60, however, (1) amplifies
noise and (2) causes irreversible information loss, partic-
ularly through over-brightening in white or near-white re-
gions. Empirically, a target value of 30 offers an effective
balance—preserving input fidelity while providing enough
signal during the Refine step of our framework.

Adopted Configuration. Guided by the results in Table B
and the qualitative ablation in the main paper, we adopt
the QuadPrior decoder with self-attention injection com-
puted from inputs rescaled to an average intensity of 30,
as this setup offers an effective balance between restoration
(PSNR/SSIM) and perceptual quality (LPIPS).

Sensitivity of sampling styles & timesteps. Our method
requires an approximately reversible scheduler and must



Scheduler Time steps | Time | PSNR{ SSIM {1 LPIPS | Method PSNR 1 SSIM + LPIPS |
5 0.03 | 21.0578 0.7896  0.2526 Main paper 17.6634 0.5185 0.2829
DPM-Solver++ 10 0.05 | 21.6014 0.8105  0.1968 10 runs 17.404 +0.270 | 0.519 £0.006 | 0.292 %+ 0.009
(order: 2) 15 0.07 | 21.2309 0.7879  0.2063
25 0.11 | 21.6420 08009  0.1911 Table D. Determinism. 1 + o over 10 runs on LSRW using dif-
5 0.03 | 204389 07971 02327 ferent random seeds for the Gaussian style latent 27 ~ AN (0, I).
DDIM 15 0.07 | 21.5841 0.8133  0.1805
25 0.12 | 21.7393 0.8152  0.1771
150 0.64 | 21.6241 0.8114  0.1810

Table C. Ablation study on schedulers & timesteps. End-to-end
runtime and metrics are measured on the LOL test set (A10 GPU).

satisfy: (1) support both sampling and inversion, unlike
most schedulers which only support sampling; (2) ensure
trajectory consistency, i.e., 2z ~ 2™ for all ¢, because
we record self-attention features during inversion and re-
inject them at the same timesteps during sampling to re-
anchor the denoising trajectory, rather than only requiring
accurate final reconstruction 2" ~ z"™; and (3) perform
inversion using model-predicted noise (e.g., unlike DDPM),
since attention features are produced by the U-Net. Under
these 3 constraints, we evaluate valid schedulers (DDIM
and DPM-Solver++) and analyze sensitivity over sched-
uler choices and timesteps. As shown in Tab. C & Fig. F,
performance remains stable across different schedulers and
timestep configurations, with only minor metric variations
under the required reversibility and trajectory-consistency
constraints. Beyond computational efficiency, the number
of DDIM steps also affects reconstruction characteristics.
As illustrated in Fig. F, using too few steps (e.g., 5) results
in insufficient refinement, leading to detail loss, while an
excessive number of steps (e.g., 150) amplifies noise due to
repeated injection of dark and noisy input information dur-
ing denoising. In contrast, 25 steps provide the best qual-
itative balance, preserving structural details while avoiding
noise amplification. Combined with its stable quantitative
performance and lower runtime, this observation justifies
our choice of deterministic DDIM with 25 steps as the de-
fault configuration.

Determinism. As shown in Table D, using different random
seeds for z7 leads to marginal variance, indicating that our
method is robust to the sampled style. This design ensures
stable and reproducible enhancement results across runs, a
desirable property for restoration tasks where consistency is
essential.

Sensitivity to Diffusion Inversion Quality. Our approach
relies on DDIM inversion to obtain latent representations
and attention maps. To examine robustness under challeng-
ing conditions, we include extremely dark and noisy exam-
ples in Figures O and J, where substantial scene informa-
tion is degraded in the input (see the Scaled column). The
results demonstrate that the proposed method is able to re-
cover coherent structures and produce visually faithful en-

150 steps

wF

25 steps GT

Figure F. Effect of DDIM steps. With self-attention guidance, 5
steps lead to loss of details (white marks); 150 steps result in in-
creased noise levels due to repeated dark noisy input information;
25 steps achieve the best trade-off between quality and runtime.

hancements even in such demanding scenarios.

E. Limitations and Hallucination Comparisons

Figures I and J present failure cases of our method along-
side the hallucination behavior exhibited by our zero-shot
diffusion baseline. As shown in Figure I, our approach
tends to maintain chromatic brightness levels near the mid-
intensity range. While this may occasionally introduce
deviations from the ground truth, it is generally advanta-
geous—particularly for low-light images where color infor-
mation is severely degraded or when the input contains large
brightness variations. In the same figure, we observe that re-
cent SOTA supervised methods, CIDNet and GT-mean loss
trained on LOLv1 [59], produce overexposed outputs due
to their limited exposure to semi-dark inputs. In contrast,
our method exhibits strong robustness across diverse light-
ing conditions.

Furthermore, our method preserves structural and se-
mantic integrity, whereas our diffusion-based baseline
GDP [13] exhibits hallucinations on very dark or noisy in-
puts (Figure J). Our framework avoids such behavior by



Scaled (30)

T

Ours w/ SA,‘Wg:30 Ours w/ SAavg:w

Figure G. Preprocessing Step. “Scaled (60/30)” applies linear
rescaling to the target mean. “Ours w/ SA,e—+" uses attention
statistics from the corresponding scaled (or original) input. GT
denotes the ground truth.

constraining the diffusion trajectory through two comple-
mentary mechanisms. First, the Modulate step injects struc-
tural information at initialization via AdalN, aligning the
noise distribution to the input and preventing early-stage
generative drift. Second, the Refine step enforces inversion-
time self-attention through attention injection, ensuring that
sampling remains consistent with the original image. In ad-
dition, replacing the default Stable Diffusion decoder with
the fine-tuned QuadPrior decoder (Figure H) further reduces
semantic distortion by preserving fine-grained structural de-
tails during latent-to-image decoding. This is because the
fine-tuned decoder leverages intermediate features from the
encoder to reinject local structural details that may be lost
in the latent representation during encoding. Together, these
components maintain semantic fidelity and suppress hallu-
cination while enabling consistent low-light enhancement.

F. AWB Quantitative and Qualitative Analysis

Quantitative Results. As shown in Table E, without any
modifications to our LLIE framework, our method achieves
competitive performance with supervised methods [, 2, 6]

wio decoder repl. W/ decoder repl.

Figure H. Decoder replacement. Comparison of outputs using the
original Stable Diffusion decoder [53] and the fine-tuned decoder
from QuadPrior [56]. The first two rows show examples from the
LOL dataset, and the last two from the Unpaired dataset. “Scaled”
denotes images normalized to an average intensity of 120. As the
encoder remains fixed, all latent-space operations of our method
are unchanged; thus, results are nearly identical between “w/o de-
coder repl.” and “w/ decoder repl.” However, using the fine-tuned
decoder better preserves fine-scale details such as edges and text,
improving perceptual fidelity without altering global appearance.

CIDNet

GT-mean loss

Figure 1. Failure cases. Our method maintains mid-range chro-
matic brightness, which can cause slight deviations from ground
truth. However, this property becomes beneficial for inputs with
varying brightness, as illustrated on the right.

while surpassing the general image restoration methods
TAO [18] and DDNM [57] with a degradation function
aligning each channel mean. Additionally, our approach
achieves competitive results compared to supervised meth-
ods trained specifically for this task.

Qualitative Results. As illustrated in Figure L, although
our method is not explicitly trained for the AWB task, its
results closely align with the ground truth and are on par



Input Scaled GDP

MR. Illuminate GT

Figure J. Hallucination. While diffusion prior is effective for im-
age restoration, improper application can lead to unintended hal-
lucinations, where the model generates nonexistent structures or
alters scene semantics. For example, GDP [13], a robust and ver-
satile image restoration method, often hallucinates in the presence
of substantial noise and darkness in input images. As shown in row
1, a blue-colored cabinet is inaccurately reconstructed as a sky, a
pink cabinet as a building, and the entire scene resembles a battle.

User Study

FourierDiff PairLIE

QuadPrior

MR. llluminate

Figure K. User Study. In a four-alternative forced choice user
study, 30 participants compared outputs from 4 methods across 20
random images from LOL, LSRW, and Unpaired. All questions
were mandatory. While low-light image enhancement is often
judged quantitatively, we also evaluate perceptual quality through
a user study, providing a complementary perspective that standard
metrics may not capture.

with supervised methods [1, 2, 6]. In contrast, TAO [18]
introduces residual noise, DDNM [57] exhibits color shifts,
and Quasi-CC leads to over-exposure.

Method Train Data AFE | MAE| MSE |

mixedillWB [2] RenderedWB [1] 7.24  4.16° 115.25
WB_sRGB [1] |NUS [10], Gehler [16]| 7.81  4.04° 284.66
S| Quasi-CC [6] Flickr100k [40] 2426 6.24° 3185.06

Quasi-CC [6] ilsvre12 [46] 2412 6.13° 3179.82
Quasi-CC [6] Places365 [68] 2426  6.21° 3194.27
DDNM [57] n/a 45.73 18.97° 6146.39

z TAO [18] n/a 16.84 7.48° 1133.40
MR. Illuminate n/a 1341 5.75° 593.46

Table E. Quantitative comparison on the CUBE+ dataset [1, 5]
with existing methods whose code and pretrained models are both
publicly available and runnable. We use the evaluation code from
WB_sRGB [1]. Metrics include average A E (CIE76), MAE (deg),
and MSE.

G. Additional LLIE Qualitative Comparisons

In the first six figures, we present same-scene qualitative
comparisons on the LOL (paired) and the unpaired DICM,
LIME, MEF, NPE, and VV datasets, which contain multi-
ple captures of identical scenes under varying illumination.
Our method maintains color constancy across these varia-
tions, while other approaches often show inconsistencies.
Baselines use their official checkpoints (ZerolG trained on
LSRW; Retinexformer and CIDNet on MIT-Adobe FiveK
(5K)), and results are labeled as method—training dataset.

The next six figures provide additional qualitative ex-
amples from LOL (paired), LSRW (paired), and the un-
paired datasets, further demonstrating the robustness of our
method across diverse scenes, using official baseline check-
points.



Input mixedillWB (S) WB_sRGB(S)  Quasi-CC (S) TAO (Z) DDNM (Z)  MR. Illuminate (Z) GT

Figure L. Qualitative evaluation of our method against existing supervised and general image restoration methods on auto white balance
task on CUBE+ dataset [1, 5]. In this dataset, the calibration object is masked out using a black box. Please zoom in without night-light

mode to accurately compare colors and observe noise reduction in each method. The column labeled as Quasi-CC represents the Quasi-CC
method trained on the Places365 [68].
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Figure M. Same-scene qualitative comparisons on the LOL dataset. Red: unsupervised methods, Green: supervised methods, Blue:
zero-shot methods.
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Figure N. Same-scene qualitative comparisons on the LOL dataset. Red: unsupervised methods, Green: supervised methods, Blue:
zero-shot methods.
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Figure O. Same-scene qualitative comparisons on the Unpaired dataset. Red: unsupervised methods, Green: supervised methods, Blue:
zero-shot methods.
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Figure P. Same-scene qualitative comparisons on the Unpaired dataset. Red: unsupervised methods, Green: supervised methods, Blue:
zero-shot methods.
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Figure Q. Same-scene qualitative comparisons on the Unpaired dataset. Red: unsupervised methods, Green: supervised methods, Blue:
zero-shot methods.
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Figure R. Same-scene qualitative comparisons on the LOL dataset. Red: unsupervised methods, Green: supervised methods, Blue:
zero-shot methods.
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Figure S. Additional qualitative comparisons on the LOL dataset. Red: unsupervised methods, Green: supervised methods, Blue:
zero-shot methods.
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Figure T. Additional qualitative comparisons on the LOL dataset. Red: unsupervised methods, Green: supervised methods, Blue:
zero-shot methods.
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Figure U. Additional qualitative comparisons on the LSRW dataset. Red: unsupervised methods, Green: supervised methods, Blue:
zero-shot methods.
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Figure V. Additional qualitative comparisons on the LSRW dataset. Red: unsupervised methods, Green: supervised methods, Blue:
zero-shot methods.
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Figure W. Additional qualitative comparisons on the Unpaired dataset. Red: unsupervised methods, Green: supervised methods, Blue:
zero-shot methods.
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Figure X. Additional qualitative comparisons on the Unpaired dataset. Red: unsupervised methods, Green: supervised methods, Blue:
zero-shot methods.
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