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Abstract

Low light image enhancement is a critical task in computer
vision and photography that is often entangled with noise
and blur. This renders the traditional image signal pro-
cessing ineffective compared to the advances in deep learn-
ing. However, as deep learning continues to evolve, its mi-
gration towards edge and embedded systems necessitates
the design of networks that are not only accurate but also
efficient for deployment on resource constrained devices.
To this end, this work presents novel mobile-friendly net-
works for low-light image enhancement obtained with net-
work surgery, hardware-aware search space design and a
training-free, search-strategy agnostic scheme for fast neu-
ral architecture search. The best model resulted in 3-fold
improvement in on-device latency when profiled on Galaxy
S24, with marginal drop in image quality for low-light im-
age enhancement tasks.

1. Introduction
Mobile imaging systems rely on a tightly engineered Im-
age Signal Processing (ISP) pipeline to transform raw sen-
sor measurements into visually pleasing photographs un-
der strict latency, memory, and power constraints [1, 8].
In modern smartphones, features such as night photogra-
phy [18] operate under extremely low illumination, where
photon shot noise, motion blur, and limited dynamic range
severely degrade image quality [15] at the time of cap-
ture. To compensate, the ISP performs a sequence of de-
terministic operations: multi-frame fusion, denoising, de-
mosaicing, color correction, tone mapping, and sharpening,
many of which must execute within a few hundred millisec-
onds and within a tightly bounded memory footprint [1, 9].
In this regime, even modest increases in model complexity
can translate into unacceptable delays, thermal throttling, or
battery drain.

Although deep neural networks have demonstrated
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remarkable capability for low-light image enhancement
(LLIE) in academic benchmarks, their direct integration
into commercial ISP pipelines remains non-trivial [11, 23].
The strong need for hardware-aware design, therefore,
arises from a practical gap: models optimized purely for
accuracy often fail to meet deployment requirements, while
conventional ISP blocks alone struggle to match the per-
ceptual improvements delivered by learning-based methods
[1, 10]. Bridging this gap between algorithmic sophistica-
tion and deployment feasibility is essential for translating
advances in low-light enhancement into reliable, real-time
mobile photography [8, 25].

Within this broader context, our work focuses on a
specific and practically constrained setting: a commer-
cial mobile ISP pipeline in which the overall processing
pipeline [13] is fixed, and only a single enhancement mod-
ule positioned after demosaicing and before final tone and
color refinement admits learning-based optimization. This
module operates as a proprietary enhancement block whose
objective is implicitly defined by the surrounding ISP stages
and perceptual tuning requirements [1].

In this work, we operate within a fixed commercial ISP
and do not redesign the end-to-end imaging pipeline or re-
place traditional stages with a fully neural alternative. The
enhancement module is optimized under proprietary data
constraints, without relying on publicly curated low-light
datasets. Consequently, our objective is not to report gains
on academic LLIE benchmarks under standardized proto-
cols. Rather, we address the realistic industrial problem of
improving and deploying a pre-trained enhancement net-
work within a rigid, legacy ISP framework, where task
definition, data distribution, and evaluation protocols are
governed by product constraints. Our scenario involves
a fixed deployment target and tight time-to-market con-
straints that preclude multi-month search-and-train cycles.
Consequently, there exists no established comparison proto-
col for this class of deployment-centric optimization prob-
lems. The contribution of this work is thus methodological:
we reformulate architecture adaptation as a post-training,
hardware-aware optimization problem tailored to an indus-
trial ISP, rather than as a model discovery exercise in the



Figure 1. Proposed method for optimizing the pre-trained foundation models. In this case, we optimize the NAFNet [6] for low-light
enhancement which is performed with hardware-aware search space design and training-free search strategy.

conventional academic sense. In this process,
• First, we formalize the deployment of an AI-based en-

hancement block within a commercial mobile ISP as
a constrained optimization problem, explicitly delineat-
ing the boundaries between fixed pipeline stages and the
learnable module.

• Second, we introduce a hardware-aware, post-training
network reconfiguration strategy (see Figure 1) that com-
bines sensitivity-driven network surgery, feature-wise
knowledge distillation for block-level alternatives, and
multi-objective Bayesian optimization [7] to balance im-
age quality and on-device latency.

• Third, we provide an empirical analysis of la-
tency–quality trade-offs on a commercial mobile NPU,
including block-level profiling, search space design un-
der compiler constraints, and Pareto-optimal configura-
tions validated on-device.

We emphasize that we do not claim a new state-of-the-art
LLIE algorithm, a universal NAS framework, or superiority
on public benchmarks. Instead, we present a principled and
reproducible methodology for bridging high-quality low-
light enhancement models with real-world mobile deploy-
ment constraints, an increasingly critical yet underexplored
problem at the intersection of computer vision and embed-
ded systems.

2. Related Works

Low-light image enhancement. There are many signifi-
cant works [17] that focus on resolving the noise and blur
artefacts together with LLIE using an end-to-end model.
While such an approach has the advantage of end-to-end
deep learning, it reduces the human-interpretability in the

Figure 2. Feature-wise Knowledge Distillation, where the knowl-
edge learnt by a single NAF block is distilled into its alternative
(Alt) instead of end-to-end distillation of NAFNet [6].

ISP pipeline. LLNet proposed by Lore et al (2017) is a
prominent example of this approach [20]. Other important
methods that follow the suit are attention guided enhance-
ment [21], Learning to see in the dark [3], kindling the
darkness [35], and EnglightenGAN [12]. To improve the
understanding of the end-to-end approach, networks based
on Retinex theory [16] were introduced, where the net-
works first learn to decompose the image into reflectance
and illumination and then focus on improving the illumina-
tion component. Deep Retinex Decomposition by Wei et al
(2018) [27] and Retinexformer by Cai et al (2023) [2] are
the representatives for the Retinex theory.

Deployment on mobile devices. Deploying deep learn-
ing models for low-light enhancement on smartphones in-



troduces strict latency, memory, and power constraints.
Model compression and post-training quantization are com-
monly used to enable real-time inference, but for percep-
tually sensitive tasks such as LLIE, aggressive simplifica-
tion can amplify noise, distort color, and degrade fine de-
tails. While efficient architectures and hand-tuned designs
alleviate some of these issues, their effectiveness remains
task-dependent under extremely low-light conditions. Neu-
ral Architecture Search (NAS) has been widely adopted to
design efficient models by jointly optimizing accuracy and
computational complexity. Conventional NAS frameworks
define a search space, apply a search strategy (e.g., gradient-
based, evolutionary, or Bayesian), and repeatedly train can-
didate architectures for evaluation. Although techniques
such as supernets and proxy models reduce the computa-
tional burden, most NAS approaches still require substantial
retraining and are primarily geared toward model discovery
rather than post-training deployment adaptation. In con-
trast, our setting assumes a pre-trained enhancement net-
work within a fixed ISP pipeline and focuses on hardware-
aware reconfiguration under proprietary constraints, rather
than designing a new architecture from scratch.

3. Formulation
This section formalizes the proposed deployment-centric
optimization strategy. We begin by describing the Mo-
bileISP pipeline, baseline NAFNet [6] configuration, and its
forward inference characteristics, followed by sensitivity-
driven block analysis, construction of hardware-aware sur-
rogates via feature-wise distillation, and finally the multi-
objective Bayesian optimization [7] framework used to se-
lect the optimal configuration under device constraints.

3.1. Mobile ISP and Deployment Constraints
Mobile ISP pipeline includes multi-frame acquisition,
sensor-domain corrections, demosaicing, color processing,
tone mapping, and detail refinement. These stages are
hardware-accelerated, validated across product generations,
and organized with fixed interfaces. Unlike academic pro-
totypes, this production pipeline offers limited architectural
flexibility: most stages execute on CPU/GPU/DSP units
with predefined numerical formats, while selected compo-
nents are offloaded to dedicated accelerators. This rigidity
ensures robustness and real-time guarantees, but constrains
how learning-based models can be integrated.

Low-light operation further amplifies these constraints.
Brightness amplification increases noise and accentuates
motion artifacts, while deployment must remain latency-
critical. Although physics-inspired approaches such as
Retinex-based decomposition have shown promise in
benchmarks, their iterative structure, global receptive fields,
or dynamic computation patterns are difficult to reconcile
with tile-based execution and static NPU graphs. Commer-

cial systems therefore, adopt a hybrid strategy: the classical
ISP backbone is preserved, and a single learning-based en-
hancement block is inserted at a designated stage.

In our setting, the enhancement module operates after
demosaicing and before final tone and color refinement. A
full-resolution 4K frame (3840 × 2160) is partitioned into
overlapping 384× 384 tiles to satisfy memory limits. Each
tile is processed sequentially through legacy ISP stages and
then forwarded to the NPU for enhancement. The per-
tile latency accumulates across approximately 60 tiles per
frame, making the runtime highly sensitive to the latency of
the enhancement block. For a base network with 1.7M pa-
rameters (approximately 6.8 MB in FP32), the measured la-
tency is about 150 ms per tile, which scales unfavorably for
4K inference. Even with pipeline overlap, such scaling re-
veals a fundamental bottleneck: per-tile efficiency directly
determines user-perceived responsiveness.

The enhancement backbone considered here is NAFNet
[6], selected for its convolutional structure, depth-wise op-
erations, and compiler-friendly design relative to heavier
attention-based models. Nevertheless, even this lightweight
architecture becomes computationally demanding under
tiled 4K deployment. Straightforward quantization often
introduces visible color distortions and noise amplification,
while retraining or conventional NAS approaches require
substantial compute budgets and repeated optimization cy-
cles, which is impractical under proprietary data and indus-
trial time-to-market constraints.

An additional challenge arises from the behavior of
mobile NPUs. Latency does not correlate monotonically
with parameter count or FLOPs; operator fusion, tensor
alignment, and compiler optimizations significantly influ-
ence runtime. In certain cases, modest structural changes
or channel reallocation can reduce latency despite similar
nominal complexity. Therefore, theoretical metrics alone
are insufficient, and hardware profiling must be incorpo-
rated into the optimization loop.

Finally, deployment occurs in an agile industrial environ-
ment where model refinement and inference optimization
proceed concurrently. Image-quality improvements must
respect strict latency budgets, and hardware-aware modifi-
cations must preserve perceptual fidelity across large vali-
dation sets. This co-design requirement differentiates com-
mercial ISP optimization from purely academic model de-
velopment.

In summary, integrating AI-based low-light enhance-
ment within a commercial mobile ISP entails rigid pipeline
boundaries, tile-based high-resolution inference, hardware-
specific runtime behavior, and strict time-to-market con-
straints. These factors motivate a deployment-centric,
hardware-aware reconfiguration framework tailored specif-
ically to the enhancement block, which we formalize in the
subsequent section.



3.2. Baseline Architecture and its Inference
The base enhancement model is derived from NAFNet [6],
a U-Net style encoder–decoder architecture composed of
repeated NAF blocks. Each NAF block consists of Layer
Normalization (LN), depth-wise convolution, channel at-
tention, and a lightweight gated linear unit approximation.
Let the input tile be denoted by x ∈ RH×W×3, where
H = W = 384. The network implements a mapping

ŷ = f(x; θ), (1)

where θ denotes the set of learned parameters and ŷ is the
enhanced RGB tile.

The custom configuration considered in this work fol-
lows the block distribution

[2-2-4-6]− 1− [1-1-2-2],

corresponding to four encoder stages, a single middle stage,
and four decoder stages. Specifically, encoder stages 1–4
contain 2, 2, 4, and 6 NAF blocks respectively; the bot-
tleneck contains 1 block; and decoder stages contain 1, 1,
2, and 2 blocks respectively. For deployment reconfigura-
tion, we treat each stage as a modular unit, resulting in a
9-dimensional structural decision space. Let Bi denote the
block group at stage i, with i ∈ {1, . . . , 9}.

During forward inference on device, each tile is propa-
gated through these stages sequentially. For a given stage i,
the transformation is

hi = Bi(hi−1; θi), (2)

where h0 = x and θi ⊂ θ. The cumulative latency of the
network on the NPU is not purely proportional to FLOPs
but depends on tensor shapes, operator fusion opportunities,
and memory reuse. Let Li denote the measured on-device
latency of stage i. The total tile latency is

Ltotal =

9∑
i=1

Li + Loverhead, (3)

where Loverhead accounts for memory transfers and schedul-
ing overhead.

Profiling revealed that latency contributions vary signifi-
cantly across stages due to resolution differences and chan-
nel widths. Therefore, block-level intervention is both nec-
essary and non-uniform in impact.

3.3. Sensitivity-Guided Structural Diagnosis
To identify blocks amenable to structural modification, we
perform sensitivity analysis using SNIP (Single-shot Net-
work Pruning). For each stage i, we compute the saliency
score

Si =

∥∥∥∥∂Ltask

∂θi
⊙ θi

∥∥∥∥
1

, (4)

Algorithm 1 Deployment-Aware Multi-Objective Bayesian
Optimization

Require: Pre-trained base network f(x; θ), calibration set
Dcal, search space Z , maximum iterations T

Ensure: Pareto-optimal configuration set P
1: Compute SNIP sensitivity scores {Si}9i=1

2: Profile stage-level latency {Li}9i=1 on device
3: Construct surrogate sets {B̃i,j} and distill via Eq. 5
4: Prune low-fidelity surrogates to define Z
5: Initialize dataset D0 with random configurations
6: for t = 0 to T − 1 do
7: Fit GP models for L(z) and ∆PSNR(z)
8: Select zt+1 via EHVI maximization
9: Assemble network f(x; θ(zt+1))

10: Measure latency L(zt+1) on device
11: Evaluate ∆PSNR(zt+1)
12: Update dataset Dt+1 = Dt ∪ {zt+1}
13: end for
14: Extract Pareto front P from evaluated configurations

where Ltask is the enhancement loss and ⊙ denotes element-
wise multiplication. High values indicate accuracy-critical
stages, while low values suggest structural redundancy.

In parallel, each stage is independently profiled on the
target NPU to measure its latency contribution at the spe-
cific feature resolution corresponding to that stage. The
joint consideration of sensitivity Si and latency Li allows us
to prioritize stages that are latency-dominant yet accuracy-
insensitive for structural modification.

3.4. Hardware-Compatible Surrogate Construction
via Feature Distillation

For each candidate stage i, we construct a set of hardware-
friendly surrogate blocks {B̃i,j}ni

j=1 by modifying nor-
malization, convolutional structure, or channel allocation
while preserving input–output dimensionality. For exam-
ple, Layer Normalization may be replaced by Batch Nor-
malization to enable compiler-level fusion. However, such
replacements induce distribution shifts and accuracy degra-
dation.

To mitigate this, we perform feature-wise knowledge
distillation at the block level as show in Figure 2. For a
given original block Bi and surrogate B̃i,j , we optimize

min
θ̃i,j

Ex∼Dcal

∥∥∥Bi(hi−1)− B̃i,j(hi−1)
∥∥∥2
2
, (5)

where Dcal is a small calibration subset and no ground truth
targets are required. This produces a digital twin of the
original block that approximates its feature transformation
while being hardware-efficient.

Surrogates failing to meet a predefined PSNR tolerance
relative to the base network are pruned from the search



space. The resulting candidate set defines a discrete alter-
native pool per stage.

3.5. Multi-Objective INLP Formulation
Let decision variable zi ∈ {0, 1, . . . , ni} indicate the choice
of base block (0) or one of its ni surrogates. The architec-
ture configuration is denoted by

z = (z1, z2, . . . , z9). (6)

For a given configuration z, the enhanced output is

ŷz = f(x; θ(z)), (7)

where θ(z) represents the parameter set induced by the se-
lected surrogates.

We define two objectives:

∆PSNR(z) = PSNRbase − PSNR(z), (8)

L(z) =
9∑

i=1

Li,zi . (9)

The problem becomes a multi-objective integer nonlin-
ear programming (INLP) problem:

min
z∈Z

(∆PSNR(z), L(z)) , (10)

where Z =
∏9

i=1{0, . . . , ni}.

3.6. Bayesian Optimization with EHVI
We adopt multi-objective Bayesian Optimization [7] (BO)
with Gaussian Process (GP) surrogates modeling both ob-
jectives:

L(z) ∼ GP(µL, kL), (11)
∆PSNR(z) ∼ GP(µA, kA). (12)

At iteration t, the next configuration is selected by max-
imizing the Expected Hypervolume Improvement (EHVI):

zt+1 = argmax
z∈Z

E [HVI(z | Dt)] , (13)

where Dt is the set of evaluated configurations.
The overall optimization procedure is presented in Al-

gorithm 1. This formulation transforms deployment-aware
architecture adaptation into a structured, integer multi-
objective optimization problem with hardware-in-the-loop
evaluation, eliminating the need for repeated end-to-end re-
training while preserving image enhancement fidelity.

4. Experiments and Results
We evaluate the proposed deployment-aware optimiza-
tion framework on the commercial low-light enhance-
ment pipeline described in Section 3.1, using the baseline

Table 1. Network Sensitivity analysis for LLIE’s base model.

Block Difference Latency (ms)

Enc 1 Illuminated areas are affected 68
Enc 2 Block artifacts 19
Enc 3 Textures are affected 11.7
Enc 4 Illuminated areas are affected 8.5
Mid No visible differences 2
Dec 4 No visible differences 3
Dec 3 Very close to baseline 5
Dec 2 Over exposed 19
Dec 1 Over exposed 68

NAFNet [6] configuration introduced in Section 3.2. All
latency measurements correspond to on-device profiling on
the target mobile NPU (Qualcomm’s Snapdragon sm8550),
and image quality is evaluated using PSNR relative to the
proprietary ground truth used during training of the base
model. Throughout this section, we refer to the multi-
objective formulation in Eq.9, where the two objectives are
the accuracy drop ∆PSNR(z) and the cumulative latency
L(z).

4.1. Sensitivity and Latency Profiling
We first analyze the structural importance of each stage Bi

in the 9-dimensional configuration space. Table 1 reports
the inferences drawn from SNIP-based sensitivity scores Si

alongside the measured stage-level latency Li on the tar-
get NPU. To further validate the saliency interpretation, we
replaced the learned weights of each stage independently
with random weights while keeping the remaining network
fixed, and visually inspected the resulting enhanced images.
The qualitative degradations observed (see Figure 3), rang-
ing from texture loss and over-exposure to minimal per-
ceptual change, are consistent with the quantitative SNIP
scores. Stages exhibiting low Si yet high Li were identified
as prime candidates for structural modification.

Notably, early encoder stages operating at higher spa-
tial resolutions contribute disproportionately to latency due
to larger feature maps, while certain decoder stages exhibit
low sensitivity despite measurable runtime cost. As the la-
tency of middle blocks was minimal, they were untouched
during the optimization. At the same time, the rest of the
blocks were considered in the search space as all of them
had similar sensitivity to accuracy. This joint analysis con-
firms that latency impact and accuracy importance are not
uniformly correlated, thereby justifying the block-wise re-
configuration strategy rather than global compression.

4.2. Hardware-Aware Surrogate Space
For the selected stages, we constructed hardware-
compatible surrogates B̃i,j as described in Section 3.3. Fig-



Figure 3. Qualitative degradations observed during Sensitivity analysis.

Table 2. Latency Comparison (measured on GS24) of Alternatives Across Different Encoder-Decoder Configurations.

Block Name Base Block Base Latency (ms) Alt. Alt. Latency (ms)

Encoder1-Decoder1 2 NAF 68 2xAlt1 25
3xAlt1 26
4xAlt1 45
4xAlt2 20
5xAlt2 28
6xAlt2 31
7xAlt2 42
10xAlt3 17
20xAlt3 39
1xAlt4 20
1xAlt5 8

Encoder2-Decoder2 2 NAF 19 1xNAF 10.0
2xAlt1 6.5
3xAlt1 7.5
4xAlt1 10.0
6xAlt2 11.0
10xAlt3 8.5
20xAlt3 11.3

Encoder3 4 NAF 11.7 6xAlt1 6.7
6xAlt2 6.6
15xAlt3 8.0

Encoder4 6 NAF 8.5 6xAlt1 4.4
6xAlt2 4.6
10xAlt3 4.8

ure 4 illustrates representative alternatives to the original
NAF block, including normalization substitutions and con-

volutional restructuring designed to improve compiler fu-
sion and memory access patterns. Table 2 enumerates the



Figure 4. Hardware aware alternatives considered to replace
the NAF Block. Exact alternatives considered for each en-
coder/decoder/middle block is specified in Table 2.

feasible alternatives retained after feature-wise distillation
and PSNR tolerance filtering.

The distillation process ensured that each surrogate ap-
proximates the original block’s feature transformation un-
der the calibration distribution. Surrogates that exceeded
a predefined ∆PSNR threshold when integrated into the
network were discarded. The resulting search space Z
thus contains only high-fidelity, hardware-aware candi-
dates, reducing the combinatorial complexity while pre-
serving structural diversity.

4.3. Multi-Objective Search and Pareto Analysis

Using the EHVI-based Bayesian Optimization [7] proce-
dure outlined in Section 3.6, we explored the discrete
space Z to approximate the Pareto frontier of Eq.8. Fig-
ure 5 presents the resulting Pareto front in the latency-
accuracy plane. Each point corresponds to a configura-
tion z evaluated on-device, with L(z) measured directly and
∆PSNR(z) computed relative to the base model.

The Pareto set reveals a clear trade-off: modest increases
in ∆PSNR yield substantial reductions in latency, particu-
larly when high-resolution encoder stages are replaced by
hardware-friendly surrogates. Importantly, the optimization
process required significantly fewer evaluations than ex-
haustive enumeration, demonstrating the sample efficiency.

Figure 5. Pareto front obtained upon searching. PSNR diff is mea-
sured on a calibration set and latencies are measured on GS24

Table 3. Comparison of our best models with open source models.

Methods Params (M) PSNR SSIM

SID [4] 7.76 14.35 0.436
3DLUT [34] 0.59 14.35 0.445
DeepUPE [24] 1.02 14.38 0.446
RF [14] 21.54 15.23 0.452
DeepLPF [22] 1.77 15.28 0.473
IPT [5] 115.31 16.27 0.504
UFormer [26] 5.29 16.36 0.771
RetinexNet [27] 0.84 16.77 0.56
Sparse [31] 2.33 17.2 0.64
EnGAN [12] 114.35 17.48 0.65
RUAS [19] 0.003 18.23 0.72
FIDE [28] 8.62 18.27 0.665
DRBN [30] 5.27 20.13 0.83
KinD [35] 8.02 20.86 0.79
Restormer [33] 26.13 22.43 0.823
MIRNet [32] 31.76 24.14 0.83
SNR-Net [29] 4.01 24.61 0.842
Retinexformer [2] 1.61 25.16 0.845
NAFNet (base) [6] 1.79 27.983 0.87
Iter1-best 1.72 18.161 0.613
Iter2-best 1.81 24.281 0.82
Iter3-best 1.79 14.05 0.308
Iter4-best 1.8 17.987 0.498

4.4. Comparison Across Architectures

Table 3 summarizes the quantitative comparison among (i)
the base NAFNet [6] model, (ii) selected Pareto-optimal
configurations from our search, and (iii) alternative SOTA



Table 4. Architecture details of best models obtained in each iteration along with latencies measured on GS24.

Enc 1 Enc 2 Enc 3 Enc 4 Mid Dec 4 Dec 3 Dec 2 Dec 1 Latency(ms)

Base model 2xNAF 2xNAF 4xNAF 6xNAF 1xNAF 1xNAF 1xNAF 2xNAF 2xNAF 150
Iter1-best 1xAlt1 2xNAF 4xNAF 6xNAF 1xNAF 1xNAF 1xNAF 2xNAF 2xAlt1 80
Iter2-best 2xAlt1 2xNAF 4xNAF 6xNAF 1xNAF 1xNAF 1xNAF 2xNAF 2xNAF 120
Iter3-best 1xAlt4 2xAlt1 4xNAF 6xNAF 1xNAF 1xNAF 1xNAF 10xAlt3 1xAlt4 55
Iter4-best 4xAlt1 2xNAF 1xAlt1 6xNAF 1xNAF 1xNAF 1xNAF 2xNAF 4xAlt1 100

Figure 6. Visual comparison of images generated from Base and best model obtained in each iteration.

restoration backbones integrated into the same ISP pipeline.
Beyond a single optimization run, we performed multiple it-
erative search cycles to incorporate feedback from scenario
experts. Table 4 presents the architectural designs obtained
from multiple iterations along with latencies.

The results indicate that hardware-aware reconfiguration
consistently reduces on-device latency relative to the base
model, even in cases where parameter count slightly in-
creases. This observation reinforces the hardware-driven
argument presented in Section 3.1 that parameter count and
FLOPs alone are insufficient predictors of runtime on mo-
bile NPUs. Compiler fusion opportunities and operator
alignment can yield latency reductions despite marginally
higher nominal complexity.

Compared to directly substituting the enhancement
block with other SOTA architectures, the optimized config-
urations achieve a superior latency-quality trade-off within
the fixed ISP pipeline. Architectures designed primarily for
benchmark performance exhibit unfavorable latency scal-
ing under tile-based inference, underscoring the necessity
of deployment-aware adaptation.

4.5. Visual Quality Assessment
Figure 6 presents qualitative comparisons between the base
model and representative Pareto-optimal configurations.
The visual inspection confirms that latency-reduced mod-
els preserve structural details, illumination consistency, and
color fidelity in low-light regions, with only minor degra-

dations corresponding to small ∆PSNR values. The quali-
tative consistency across diverse low-light scenes indicates
that the feature-wise distillation effectively preserves the
functional behavior of the original NAF blocks, validating
the surrogate construction strategy.

5. Conclusion

We presented a deployment-centric framework for opti-
mizing low-light enhancement models within a commer-
cial mobile ISP under strict hardware constraints. Instead
of redesigning the enhancement algorithm, we formulated
deployment as a constrained, hardware-aware reconfigura-
tion problem applied to a pre-trained backbone. By inte-
grating sensitivity-guided block analysis, feature-wise sur-
rogate distillation, and multi-objective Bayesian Optimiza-
tion with hardware-in-the-loop evaluation, the proposed ap-
proach enables efficient adaptation without repeated end-to-
end retraining.

Experimental results on a commercial mobile NPU
demonstrate that latency can be substantially reduced while
preserving perceptual quality, and that runtime behavior
is governed more by hardware characteristics than by pa-
rameter count or FLOPs alone. Although evaluated on a
specific NPU, our hardware-agnostic methodology gener-
alizes to diverse GPUs and accelerators. This work pro-
vides a practical methodology for bridging high-quality
restoration networks with real-world ISP deployment con-
straints.
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