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Abstract

Ultra-low-light image restoration remains challenging in part be-
cause static optimization objectives are often brittle across the di-
verse degradation patterns induced by extreme darkness. Existing
joint enhancement and super-resolution paradigms predominantly
rely on manually specified objective trade-offs, leading to scene-
dependent failures such as color bias, exposure inconsistency, and
artifact propagation. To address this, we present SNOC (Subtle
Nested Objective Configuration), a unified framework that inte-
grates a subtle rectification architecture with adaptive objective-
portfolio configuration. Architecturally, SNOC employs three re-
finement middlewares, i.e., Semantic Illumination Cross Calibration
(SICC), Exposure-aware Rectification Unit (EaRU), and Grid-aware
Dynamic Up-sampler (GaDU), to coordinate illumination-aware,
exposure-aware, and detail-oriented representations for faithful
recovery. Beyond architectural design, SNOC introduces a compact
nested objective configuration mechanism that adaptively updates
learnable coefficients over a comprehensive objective portfolio,
thereby aligning module-specific restoration targets with global
image quality and avoiding labor-intensive manual objective tuning.
Extensive experiments on real-world benchmarks and our newly
synthesized LLLR-NLHR dataset verify that SNOC consistently
achieves superior perceptual quality and reconstruction fidelity.
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Figure 1: Comparison of joint ultra-low-light enhancement
and super-resolution (x2). SCI [41] and LLFormer [55] denote
LLE methods; HAT [5] and PFT-SR [39] denote NSR methods.

ACM Reference Format:

Jiaxin Gao, Yaohua Liu, Danchen Cui, and Zhihui Zhao. 2026. SNOC: Subtle
Nested Objective Configuration for Joint Ultra-Low-Light Enhancement
and Super-Resolution. In International Conference on Multimedia Retrieval
(ICMR °26), June 16—19, 2026, Amsterdam, Netherlands. ACM, New York, NY,
USA, 10 pages. https://doi.org/10.1145/3805622.3810773

1 Introduction

Ultra-low-light image restoration remains challenging because ex-
treme darkness severely degrades illumination, color fidelity, and
structural details, while effective recovery is highly sensitive to
objective coordination during training [7, 45, 77]. In real-world
ultra-low-light scenes, non-uniform exposure, low signal-to-noise
ratios, sensor noise, and detail attenuation vary substantially across
images, making static objective designs difficult to generalize. Such
scenarios frequently arise in practical applications such as night-
time surveillance [29, 56], autonomous driving in dark environ-
ments [50, 53], and detection and segmentation tasks [11, 25, 51].
Beyond visibility degradation, ultra-low-light images also suffer
from significant resolution loss, making it more difficult to jointly
recover natural brightness and high-frequency details [18, 24, 70].
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Most existing super-resolution (SR) methods assume well-lit in-
puts, while LLE methods mainly improve visibility without explic-
itly addressing resolution recovery [20, 21]. Consequently, directly
applying normal-light SR (NSR) to ultra-low-light images often am-
plifies noise and artifacts, whereas cascaded LLE=>NSR pipelines
tend to cause color inconsistency, texture degradation, and pseudo-
artifacts. Under ultra-low-light conditions, the challenge of joint
enhancement and super-resolution lies in both how restoration fea-
tures are coordinated and how restoration objectives are configured.
Mlumination-aware cues, exposure-sensitive responses, and high-
frequency detail reconstruction interact strongly during ultra-low-
light restoration, calling for dedicated architectural mechanisms for
cross-representation guidance, exposure-aware modulation, and
content-adaptive upsampling. Meanwhile, the relative importance
of brightness enhancement, exposure consistency, detail preser-
vation, and artifact suppression varies substantially across scenes,
rendering fixed objective aggregation inadequate. This motivates a
unified framework that jointly addresses subtle restoration archi-
tecture and adaptive objective-portfolio configuration.

Here we present SNOC (Subtle Nested Objective Configuration),
a unified framework for joint ultra-low-light enhancement and
super-resolution. As illustrated in Fig. 1, both standalone SR models
and cascaded pipelines often struggle under extreme conditions
where illumination correction and detail magnification interfere.
SNOC addresses this through two complementary aspects. First,
we employ a subtle rectification architecture featuring three
refinement middlewares, i.e., Semantic Illumination Cross Cal-
ibration (SICC), Exposure-aware Rectification Unit (EaRU),
and Grid-aware Dynamic Up-sampler (GaDU). These modules
provide fine-grained solutions to physical degradations, specifi-
cally rectifying color distortions via cross-covariance, alleviating
regional exposure non-uniformity via piecewise-affine transfor-
mations, and suppressing upsampling artifacts through learned
coordinate-shifting. Second, SNOC introduces a nested objective
configuration strategy that adaptively navigates a comprehensive
objective portfolio. This formulation turns objective coordination
into a learnable component and reduces manual tuning efforts. The
main contributions are summarized as follows:

e We present SNOC, a unified paradigm establishing adap-
tive objective configuration via compact nested objective
learning, which navigates an objective portfolio to align
restoration targets with quality and overcome.

o Our subtle architecture integrates SICC, EaRU, and GaDU to
respectively resolve color distortions, regional exposure non-
uniformity, and upsampling artifacts via cross-covariance,
piecewise-affine, and coordinate-shifting modulations.

e Real-world evaluations and our LLLR-NLHR dataset (simu-
lating RAW noise) verify SNOC’s superior perceptual quality
and reconstruction fidelity over state-of-the-arts.

2 Related Work

Ultra-Low-Light Image Restoration. Traditional research pri-
marily addresses isolated degradations. Low-light image enhance-
ment (LLE) focuses on visibility and plausible illumination via pixel-
wise curve mappings or transformer-based modeling [23, 30, 37,
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55, 69, 76]. Conversely, normal-light SR targets high-frequency de-
tail recovery through residual learning, feedback networks, and
advanced transformer interactions [4, 5, 8, 9, 64, 66, 72, 78]. Recent
SR advances have expanded receptive fields [6, 39, 75] or utilized
diffusion-based generative priors [12, 48, 57] to restore sophisti-
cated textures. However, these methods frequently struggle with
ultra-low-light joint restoration (LLISR) tasks due to the inherent
interference between illumination correction and magnification-
induced artifacts. Recent unified frameworks have addressed this
through end-to-end mapping [52, 62, 65, 77], joint scaling strate-
gies [1, 68], and conditional flows [71]. These approaches have
demonstrated efficacy even in specialized domains such as image
restoration [21, 49, 60, 61, 63], yet they do not explicitly address
localized exposure variation and content-adaptive upsampling in a
unified manner [19]. Such paradigms often lack the requisite sensi-
tivity to rectify localized physical degradations, notably regional
exposure non-uniformity and grid-based pseudo-artifacts. In con-
trast, SNOC introduces a subtle rectification scheme, instantiated by
SICC, EaRU, and GaDU, to support cross-representation guidance,
exposure-sensitive modulation, and content-adaptive upsampling
in a unified framework.

Nested Optimization and Hierarchical Training Paradigms.
The efficacy of joint restoration is heavily dictated by the balance of
optimization objectives. Bi-level optimization has been extensively
utilized to automate hyper-parameter tuning, meta-learning, and
adversarial attack [15, 16, 33, 36, 38, 42, 46, 67]. Recent studies have
also begun to revisit the interaction between architecture design
and optimization strategy under broader nested learning perspec-
tives [2]. Building on these foundations, hierarchical models have
demonstrated remarkable potential in modeling complex multi-task
synergies. In the context of image restoration and medical analysis,
multi-level structures have been developed to synchronize illumina-
tion correction [17, 44], deformable registration [13, 35], and joint
medical segmentation [14]. While these hierarchical approaches
automate task-level coordination, they mainly emphasize variable-
level or globally coupled optimization, with less focus on compact
module-specific objective-portfolio adaptation for restoration. Our
work advances this paradigm by introducing a compact nested ob-
Jjective learning mechanism. Instead of purely synergizing variables,
SNOC focuses on the adaptive configuration of a comprehen-
sive objective portfolio, ensuring that module-specific restoration
targets are dynamically aligned with global image quality.

3 Subtle Rectification Architecture
3.1 Restoration Workflow

Given an ultra-low-light input x/, SNOC aims to reconstruct a
high-resolution image y™* with natural illumination and faithful
details, approximating the normal-light ground truth y”h. This task
is formulated as a coupled restoration problem: exposure and color
corrections are inherently amplified during upsampling, while noise
suppression often erases high-frequency textures. SNOC departs
from cascaded stages by learning an end-to-end mapping through
a unified, rectification-oriented architecture.

As illustrated in Fig. 2(a), the framework facilitates the inter-
action between illumination-aware and structural-contextual rep-
resentations. SNOC utilizes three subtle rectification middlewares
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Figure 2: SNOC workflow: (a) subtle rectification scheme via SICC, EaRU, and GaDU; (b) nested objective-portfolio configuration.

to synchronize visibility recovery with resolution magnification.
Crucially, we introduce a nested objective configuration mecha-
nism to handle the intertwined optimization. Within this nested
logic, an objective evaluator adaptively configures the weights of
a comprehensive objective portfolio, while the network parame-
ters are optimized under these scene-responsive constraints. This
configuration-driven approach stabilizes the joint restoration trajec-
tory and eliminates the reliance on trial-and-error objective tuning.

3.2 Subtle Rectification Architecture

As illustrated in Fig. 3, SNOC is built upon a suite of rectification
middlewares designed to synchronize illumination recovery and
resolution magnification within a unified mapping. Rather than
treating these as independent processes, our design utilizes these
components as neural mediators to resolve the physical interfer-
ences inherent in coupled restoration tasks.

Incipient Illumination Anchoring. To establish a physically
consistent baseline [28], we utilize an anchoring component M,
based on [17] to capture scene-dependent illumination characteris-
tics. It generates a dynamic-range-constrained illumination map
ult through a learned mapping yg:

W=yexl+(1-y) el 1)

where y denotes the learned interpolation factors. The resulting
reflectance representation, vl =xl gl provides a normalized
feature space that suppresses the interference of extreme darkness
and facilitates subsequent fine-grained rectification.

Semantic Illumination Cross Calibration. To calibrate illumination-
aware representations, SNOC combines multi-scale illumination
features from the decoder of My, [ﬁ}, sl i[}], with semantic fea-
tures extracted from the reflectance representation v"*! by a frozen
semantic extractor Mgg with parameters @ [59]:

Msel V1™ (0%p) = [8-- 8051 @)

where "V] T extracts the j-th semantic feature and aligns it with ﬂ;..

Inspired by recent self-attention architectures [31, 72], we then
introduce Semantic Illumination Cross Calibration (SICC), a channel-
wise attention module that calibrates reflectance features through
cross-covariance interactions between illumination and semantic
cues. At each scale j, the resulting channel responses are aggre-
which modulates reflectance

gated into a unified attention map w; s
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features to produce the refined representation &:

f
W = M)} © W), 3= FFN(Convixa (¢r(e}) ® ) @ o)),
®G)

where SM denotes the softmax function and ¢g(-) is the reshape
operator. SICC thereby enables context-aware calibration for sub-
sequent high-fidelity reconstruction.

Context-sensitive Exposure Estimator. Due to uneven exposure
in imaging equipment, overexposed or underexposed areas often
occur in captured low-light images, meaning that some regions
may be too bright while others are too dark [40]. To rectify the
underexposed blocks hidden in the low-light image, we introduce
the exposure-consistency prior loss as supervision!, to generate
the exposure guidance, i.e., a context-sensitive exposure mapping
denoted as %5 € ROHXW with C set to 64. This exposure-aware
mapping is then input into the Coding Generator (CG) to produce
a one-dimensional exposure code V¢ € RC:

% = Mpp(x'1©gE), V¢ = g (3°), )

where MEgg is a U-Net network mirroring the structure of My,
with parameters Ogg. ¢cg, as shown in Fig. 3, comprisesa 1 X 1
convolution followed by global average pooling.

Exposure-aware Rectification Unit. EARU replaces handcrafted
curves with a learnable piecewise-affine rectification: from an expo-
sure code (see Fig. 4(a)), four small FC heads predict (fi1, fiz, L %).
Given features &’

f

, we apply a self-correcting intensity mapping

N [ (B
s -spocienes mep- (i B0 o

where © denotes element-wise multiplication. This compact pa-
rameterization effectively emulates non-linear exposure curves,

enabling adaptive, region-wise rectification.

Grid-aware Dynamic Up-sampler. To suppress magnification-
induced artifacts and preserve high-frequency structural integrity,
we introduce GaDU as the terminal rectification middleware. Rather
than utilizing static interpolation, GaDU implements a ‘coordinate-
aware warping mechanism’ that adaptively refines the sampling
process. As illustrated in Fig. 4(b), for an input feature map Vj}"‘ €
REXHXW [4 linear rectification layer estimates the sampling offsets
O € R¥"XHXW which capture localized geometric deformations.
These offsets are integrated with the original sampling grid CG

to produce the rectified coordinates Cs = CG + O. By applying a

1Please refer to the exposure-consistency loss in Eq. (8).
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Figure 3: SNOC architecture: subtle rectification middlewares with adaptive nested objective-portfolio learning.

grid-sampling operation, GaDU generates the final normal-light,
super-resolution output:

y™ = GridSample(V}",Cs), (6)

where y € R3>SHXSW This learned coordinate-shifting ensures
that pixel-wise intensities are sampled from the most informa-
tive regions, effectively rectifying grid-based pseudo-artifacts and
achieving faithful structural recovery in a single feed-forward pass.

4 Nested Objective Configuration Strategy

This section introduces the objective portfolio of SNOC and describes
how adaptive objective configuration is instantiated during training.
Rather than relying on fixed objective aggregation, SNOC treats
restoration targets as a configurable portfolio whose coefficients
are updated jointly with network optimization.

4.1 Objective Portfolio Construction

As depicted in Fig. 3, SNOC constructs an objective portfolio con-
taining six candidate objectives that cover color fidelity, expo-
sure consistency, perceptual realism, structural preservation, and
smoothness regularization. This portfolio acts as a dynamic con-
straint set for the rectification middlewares of SNOC, allowing
different restoration aspects to be emphasized adaptively under
diverse ultra-low-light conditions.

Self-regularized color loss. To ensure that the colors of generated
reflection images and natural images exhibit statistically consistent
distributions, we use Lo, by constraining the means and variances
of both distributions:

Leor (an) = e

Here, (uc, oc) denote the predefined channel-wise statistics of nat-
ural images estimated from ImageNet [10, 17], and \7?1

“He=0oel _q c € {R G,B)}. (7)

represents
the channel-wise mean of v

Exposure consistency loss. We use Lexp with the L, metric to
measure the prediction error between the generated X and the
exposure prior map x°*P:

Lexp(X°) = |IX°° —x**P|3, m € {R,G, B},
®

where x*P = | max(x!) — max(z)|/max(z).
tem tem ten

Here, z denotes a clear image of the same size as x!!.
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Algorithm 1 Configuration-Driven Training for SNOC

Require: Initial configuration coefficients n°, restoration parameters 6°,
learning rates oy, a;, finite-difference coefficient f, split ratio s, total
iterations K.

Ensure: Configured coefficients n and optimized parameters 6.

1: Define objective subsets:
2: T ={Lcors Lexp’ Leon}
Tu =TV {Lper, Lssim, LTv}

Partition the training set into D¢y and Dop; with ratio 1: s

fork=0to K - 1do

// Step 1: restoration response under current configuration

6 — 6% — a1V ¥op (65 0%, Dopr)

// Step 2: estimate configuration sensitivity via finite difference
0 — ek + ﬁve\yopt(é; ’lk’ Dopt)

100 07« 0% = fVo%opt(8: 11", Dopr)

1 Ge = 25 [Va¥opt (0%:15, Dopr) = ViWopt (075 0F, Dopr) ]

12:  // Step 3: update configuration and restoration parameters

13 pgFtl gk - auV,,‘I/Cfg(nk, o; Derg) + 1 Ge

14: ok+1 — gk alVg\I’opt(ek; I]k+1, Dopt)

15: end for

Content reconstruction loss. We adopt the widely used L; recon-
struction objective:
h 1 h
Leon(y™s,y™) = e Z kY e =Y gkl ()]

where h, w, and ¢ denote height, width, and the number of channels,
respectively.

Perceptual, structural, and smoothness objectives. We use per-
ceptual loss [26] to preserve semantic consistency, denoted by
Lper (y™, y™). We further employ the SSIM loss Lssr to main-
tain structural similarity between y"* and y™®. To suppress noise
and encourage local smoothness, we adopt the standard total varia-
tion objective [47]:

Lrv(y"™) = ) ren (1YL +|Voy2o D), (10)

where 7 = {R, G, B}, and V}, and V,, are the horizontal and vertical
gradient operators, respectively.

4.2 Configuration-Driven Training

To overcome the brittleness of manual objective tuning, SNOC
adopts a configuration-driven training paradigm that couples adap-
tive objective configuration with restoration optimization. Instead
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Figure 4: (a) EaRU, (b) GaDU, and (c) SNOC with training flow.

of prescribing fixed objective trade-offs, SNOC treats the coefficient
vector 7 as a configurable controller over the objective portfolio,
while the network parameters 8 evolve as the restoration response
under the configured objectives.

Formally, let 87 (1) denote the parameter response induced by
configuration i on the optimization set Dy

0" (n) = arg min Yopt (6; 7, Dope). (11)

The configuration itself is then optimized on a held-out set D, 7,
by evaluating the restoration quality achieved under 67 (r):

m’;n Yoy (1. 07 (1): De ). (12)

In this way, n acts as a dynamic regulator over the objective port-
folio, while 07 (n) feeds back the restoration response to guide
configuration. We instantiate the configuration and optimization
objectives from the portfolio 7~ as

N
Weig = ) M Loy (0,07 (1) Degg), L, € Tas (13)
u=1
M
‘Ilopt = Z n LT[ (7]’ 0; Dupt)a LTI €T, (14)
=1

where n := {'lu}uN=1 € RN denotes learnable configuration co-
efficients, and we set N = 6, M = 3. Here, 7, and 7] denote the
candidate objective subsets for configuration and optimization, re-
spectively. During training, the dataset is partitioned into D, ¢, and
Dopr with an allocation ratio of 1 : s. This split allows the configu-
ration stage to update coefficients using held-out feedback, thereby
reducing the risk of overfitting to the optimization trajectory.

To improve generalization, we incorporate a Self-placed regular-
izer (SpR), R(7,) = In(1 + n2), into the configuration objective:

N
W= ) (77 La (08 0 Dep) RO 19

u=1 u
This regularization discourages degenerate coefficient configura-
tions and stabilizes objective allocation across scenes. To capture
how the restoration response changes with objective configura-

tion, we further estimate a configuration sensitivity term: G¢ =

\IIC . . .
aaefg V,,OT(II). In practice, G ¢ is approximated by a first-order

finite-difference scheme [32, 34], where f is a constant coefficient
and 0% are the perturbed parameters used in the approximation.
The configuration-driven procedure is summarized in Alg. 1.
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5 Experimental Results and Analysis

5.1 Data Preparation

Real-world Datasets. We evaluate SNOC on both real-world and
synthesized ultra-low-light datasets. For real-world evaluation, we
use RELLISUR? and DarkFace®. Following the standard protocol,
we use the 3,610 paired samples in RELLISUR for training and 425
paired samples for testing under both X2 and x4 scaling tasks. To
further assess generalization to real nighttime scenes, we addition-
ally select 100 images from DarkFace for testing.

Synthesized LLLR-NLHR Dataset. To complement real-world
evaluation, we further construct a synthesized LLLR-NLHR dataset
from high-quality normal-light images in DIV2K* and Flickr2K>.
Specifically, we first generate low-light images through randomized
brightness attenuation [40]: x5, = (a1-x{, )% a3, ¢ € {R G, B},
where a1 ~ U(0.7,1) and a3 ~ U(0.5,1) control linear transfor-
mations, and ap ~ U(1.5,4.5) is the gamma coefficient. We then
simulate realistic low-light imaging by transforming RGB images
into the RAW domain, injecting mixed shot/read noise, and con-
verting them back to RGB:

Xraw = 13, - (gt - (- (71 - (xim)))),
Xnoise = Nt * (hc : (hg (T - (%E(Xraw))))),

where iz, R, hg, and 74, denote tone mapping, color correction,
gamma processing, and white balance functions, respectively, to-
gether with their inverse operations, and R s denotes the realistic
mixed-noise transformation [22, 73]. This process yields 7,100 syn-
thesized pairs in total, evenly split into 3,550 pairs for X2 and 3,550
pairs for x4 scaling, of which 3,350 pairs are used for training and
the remaining 200 for testing.

5.2 Experimental Settings

We follow the Alg. 1 for training. Specifically, we initialize model
parameters 6 randomly and set configuration coefficients 7 as unit
vectors. We set the total number of training iterations (i.e., K) to
150,000 and employ an Adam-type optimizer with betas values set to
[0.9,0.999]. The initial learning rates for &, and a; are set to 1e~*
and 2e™4, respectively. We partition the dataset D into D.fq and
Dopt using an allocation ratio of 1 : s = 1: 7, identified as the opti-
mal choice. The experiments were conducted using PyTorch version
2.0.1 with CUDA 11.7 support, utilizing a single NVIDIA RTX A6000
GPU and 48GB RAM. For the evaluation, we employ six widely-used
full-reference metrics, i.e., PSNR [3], SSIM [58], LPIPS [74], Root
Mean Square Error (RMSE), Signal to Reconstruction Error ratio
(SRE) [27] and MSE. We also introduce two no-reference metrics
(i-e., NIQE [43] and LOE [54]) for unpaired evaluation.
Comparisons with State-of-the-Arts. We selected six state-of-
the-art super-resolution methods: Restormer [72], SRFormer [78],
HAT [5], RGT [6], PFT-SR [39] and HiT-SR [75]. To validate that
straightforward cascaded LLE and normal-light SR methods are
not efficient for addressing this joint task, we meticulously selected
three different LLE methods, including RUAS [37] and SCI [41], and
the supervised LLFormer [55].

https://vap.aau.dk/rellisur/
Shttps://flyywh.github.io/ CVPRW2019LowLight/
“https://data.vision.ee.ethz.ch/cvl/DIV2K/
Shttps://www.kaggle.com/datasets/hliang001/flickr2k
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Table 1: Quantitative comparison on RELLISUR dataset for @x2 and @x4 tasks. Pink , -, and yellow denote the top

three results. ' signifies training using the 1x dataset for LLE. ¥ indicates training using the 2x or 4x dataset for normal-light SR.

RELLISUR @ x2

RELLISUR @ x4

Method OPSNRT OSSIMT OLPIPS| ORSME| OSRET @MSE| OPSNRT OSSIMT OLPIPS| @RSME| OSRE] ©OMSE]|
SwinIR (ICCV’21) 18.383 0.640 0.577 0.125 55.647 96.993 17.531 0.663 0.688 0.139 58.432 98.923

Restormer (CVPR’22)  21.217 0.095 57.091 0.106

SRFormer (CVPR’23) 19.554 0.704 0.469 0.110 56.239 91.461 18.792 0.705 0.613 0.121 59.029 93.448

HAT (CVPR’23) 20.213 0.719 0.454 0.103 56.588 88.687 19.751 0.715 0.561 0.110 59.573  90.574
RGT (ICLR’24) 18.599 0.670 0.547 0.124 55.775 95.923 19.153 0.716 0.538 0.083 59.237 93.349

HiT-SR (ECCV’24) 16.291 0.624 0.589 0.159 54.638  105.534 17.647 0.683 0.643 0.136 58.539 99.430

PFT-SR (CVPR’25) 17.901 0.649 0.547 0.133 56.613 99.193 18.533 0.713 0.550 0.125 58.941 95.321

FRUAS—TSwinIR 17.154 0.617 0.558 0.148 55.102 95.223 17.077 0.662 0.656 0.146 58.242 99.819

#SwinIR—>TRUAS 18.660 0.690 0.462 0.121 55.838 98.558 17.609 0.683 0.625 0.137 58.546 99.125

TSCI>*HAT 14.963 0.439 0.591 0.200 59.375 104.586 14.776 0.439 0.591 0.200 57.100  104.057
#LLFormer—>"HAT 0.720 0.455 57.114 87.645 20.135 0.718 0.575 0.105 59.765 91.918

SNOC (-) 22.426 0.742 0.310 0.081 77.247 20.906 0.724 0.407 _ 60.134 86.954

Table 2: Quantitative comparison on the Synthesized LLLR-NLHR dataset for @Xx2 and @x4 tasks. Pink , -, and yellow
denote the top three results. All methods are retrained on the synthesized dataset.

Synthesized LLLR-NLHR @ X2

Synthesized LLLR-NLHR @ x4

Method OPSNRT OSSIM] OLPIPS| @RMSE] OSRE] @MSE] OPSNR] OSSIM] OLPIPS| @®RMSE| OSRE[ @MSE]
SwinR (ICCV°21) 20440 0745 0.326 0099  59.084 93.045 19.636  0.638 0.508 0108 58652 93.610

Restormer (CVPR’22) [H212A70000/75000031300  0.094  59.329

SRFormer (CVPR'23) 20767  0.749  0.319 0.095  59.243 92095  20.104  0.646  0.492 0.103 58886  91.639

HAT (CVPR’23) 21012 0.744 0329 91.168  20.266  0.640 0.510 0.101 58986 91.291

HiT-SR (ECCV’24) 20009 0733 0347 0.105 58873 95176  19.399  0.634 0.488 0112 58549  95.164

PFT-SR (CVPR’25) 19816 0723 0.363 0108 58770 97.637  20.130  0.660  0.454 0103 58898 92406

SNOC () 21738 0753 0.271 0.087 59.754 89.458 20.941 0704  0.426 0.088  59.108 88.261
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Figure 5: Qualitative assessments conducted on ultra-low-light RELLISUR samples, with a scale factor of x4.
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Figure 6: Qualitative evaluations of simultaneous brightening and zooming in low-light images on RELLISUR with X2 scaling.

5.3 Quantitative and Qualitative Evaluation

5.3.1 Quantitative Evaluation. Tab. 1 presents the quantitative
results of the joint task of simultaneous brightness enhancement
and magnification on the real RELLISUR dataset. Of particular sig-
nificance, the RMSE metric is highly sensitive to outliers; however,
our method outperforms the second-place by 12.9% in RMSE score,
highlighting the robustness of our approach across different lighting
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conditions. In Fig. 12, the violin plot provides a more comprehen-
sive representation of the distribution of four indicators on the
RELLISUR dataset. Tab. 2 reports the quantitative comparison on
the synthesized LLLR-NLHR dataset, indicating that the proposed
framework is effective not only on real ultra-low-light scenes but
also under controlled synthetic degradations.
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Figure 8: Error visualization for X2 scaling. The transition from blue to purple indicates increasing pixel intensity error.
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Figure 9: Qualitative evaluations captured under five distinct ultra-low-light conditions. Note that the images are arranged from
left to right, becoming progressively darker with different darkness levels €. The last three columns display the probability
density curves for the Red, Green, and Blue color channels concerning various darkness levels.
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Figure 10: Qualitative assessments for real-world nighttime images, on DarkFace samples for X2 scaling.
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Figure 11: Configuration dynamics of SNOC (starting from unit initialization), including the evolution of configuration-values,
objective energies, and PSNR over 150,000 training iterations.

5.3.2 Qualitative Evaluation. Fig. 6 displays the simultaneous method achieves a more blue-shifted error map, indicating greater
brightness adjustment and magnification results for the 2x task on pixel-by-pixel consistency with the reference image. Fig. 5 presents
RELLISUR. Fig. 8 displays the error visualization of a 2x scaling. Our the enhancement results for the X4 task. Our approach generates
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Figure 12: Quantitative assessment with the violin plot dis-
playing the distribution of four indicators.

Table 3: Computational efficiency on images of size 128 x 128.

Metric SwinlR Restormer SRFormer HAT RGT HiT-SR Ours
Params (MB)] 11.683 26.126 10.162 9.473 10.051 0.772
FLOPs (G)| 453.12 35.375 81.797  58.990 77.919 18.290
Inference Time (s)|  3.879 0.033 0.218 0.184 0.615 0.044

Parameters of the pre-trained segmentation network are not included in our method.

images with pleasant brightness and preserved texture details, pre-
senting a sense of realism. Fig. 7 shows that SNOC reconstructs
cleaner structures and sharper local details on the synthesized
LLLR-NLHR dataset than competing methods.

5.3.3 Evaluation on Real Nighttime Scenarios. Fig. 10 show-
cases the enhancement results of images on a real nighttime image
dataset-DarkFace. Observing the highlighted regions in the pink
boxes, it can be seen that our approach excels in maintaining the
natural authenticity of nighttime scenes, reducing color deviations.

5.3.4 Robustness across Diverse Darkness Levels. Fig. 9 com-
pares restoration performance under different input exposure levels.
The right three columns show the RGB probability distributions
under five representative darkness factors. SNOC maintains robust
restoration quality across different degradation levels, and the cor-
responding curves indicate that the proposed configuration-driven
strategy does not overfit to a single exposure regime but remains
effective under varying low-light severities.

5.3.5 Analysis of Configuration Dynamics. Following Alg. 1,
we analyze the evolution of configuration coefficients and objective
values during training. As shown in Fig. 11, the final coefficient vec-
tor converges to [0.426, 2.253, 0.125, 0.061, 0.916, 0.216], indicating
that the configured objective portfolio is not uniformly weighted.
In particular, perceptual consistency receives the largest coefficient
(ie., p2 = 2.253), followed by the content objective (i.e., 75 = 0.916),
which suggests that perceptual realism and content fidelity are the
most influential factors in driving performance improvements.

5.3.6 Analysis of Model Efficiency. We provid the Parameters,
FLOPs and Inferences for several recent methods in Tab. 3. These
metrics were evaluated on the RELLISUR dataset using images with
dimensions of 128 X 128 on a single NVIDIA 2080Ti GPU. It is
worth noting that our proposed method achieves a favorable trade-
off between performance and computational efficiency.

5.4 Ablation Study

5.4.1 Effectiveness of IIA and SICC. As indicated in Tab. 4,
deactivating both ITA and SICC modules led to performance degra-
dation. Comparison of experiments No. 3 or 4 with No. 6 reveals that
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Figure 13: Ablation of feature visualization for SICC, on five
different scale decoding layers, displayed at an equal size.
Table 4: Ablation studies of the ITA and SICC modules.

No. A SICC | PSNR] SSIMT LPIPS|
1 X X 21.423 0.719 0.403
2 v X | 2199870575 072119002 03580045
3 v Only $ | 22155073 0.72470.005 0331j0.072
4 v Only '}} 22.16179.735  0.73079. 011 0.334 ¢ 069
5  w/o supervision v 22.12010.697  0.72510.006  0-347 0,056

6 v v 22.42611 003  0.74270.023 0.3109 993

Table 5: Ablation studies of CsEE, EaRU and GaDU modules.

No. CsEE EaRU | GabU PSNRT SSIMT
1 X X 4 22.047 0.729
2 v Concatenation v 2212570078 0.73170.002
3 w/o supervision v v 22.21070.163  0.73770.008
4 v v Bilinear  22.1487¢ 191 0.73570.006
5 4 v v 22.42610.379 0.74270.013

removing any branch from SICC (or segregating the semantic or
illumination flow) leads to a decline in performance. Furthermore,
the removal of color constraints in the initial stage of Rily is critical
for enhancing final performance, as demonstrated by comparing
No. 5 with No. 6. Fig. 13 visualizes the feature maps at different
decoding scales, showing that SICC produces more discriminative
and consistent rectified representations.

5.4.2 Effectiveness of CsEE, EaRU, and GaDU. We further an-
alyze the effectiveness of the exposure-aware branch and dynamic
upsampling modules in Tab. 5. Removing the entire exposure-aware
branch, including CsEE and EaRU, causes a clear PSNR drop of 0.379
dB (No. 1), which verifies that exposure-guided priors are critical
for handling regional non-uniformity. Replacing EaRU with sim-
ple concatenation (No. 2) also degrades performance. Substituting
GaDU with bilinear upsampling (No. 4) leads to inferior results,
confirming the importance of grid-aware sampling for suppressing
magnification-induced artifacts.

6 Conclusion

We presented SNOC (Subtle Nested Objective Configuration), a
unified framework for joint ultra-low-light enhancement and super-
resolution. By coupling a subtle rectification architecture with
nested objective configuration over a module-specific objective
portfolio, SNOC enables adaptive restoration target allocation and
achieves strong perceptual quality and reconstruction fidelity under
severe ultra-low-light conditions. Future work will focus on more
efficient configuration mechanisms and lightweight rectification
architectures for practical edge-device applications.
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