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Abstract

Joint low-light enhancement and deblurring require local corrections that restore visibility and detail
together. We propose response-decomposed residual filtering at LEDNet’s native dynamic-kernel
interfaces. The original generator is retained, while an added route combines a signed kernel-sum
increment with four learned zero-sum shape bases. Encoding features predict the sum increment; the
same features, augmented by the degraded red–green–blue (RGB) image, predict the shape coefficients.
The route operates at three scales and starts from zero output before joint training. Paired fixed-budget
comparisons examine the complete model, conditioning source, kernel-sum branch and carrier choice.
A prespecified model trained for 60,000 updates is evaluated on 1,800 official-test pairs from 30 videos.
Relative to paired LEDNet, the structural similarity index (SSIM) increases by 0.004656 and learned
perceptual image patch similarity (LPIPS) decreases by 0.011445, with improvements in 26/30 and
30/30 videos. The peak signal-to-noise ratio (PSNR) difference is −0.045441 dB; PSNR improvement
is not established. The route adds 226,880 parameters and approximately 17.7% measured forward
latency. These results establish a within-LEDNet SSIM/LPIPS benefit with additional cost; public
DarkIR-m remains a stronger system reference under a different training protocol.

Keywords: Low-light restoration, Joint enhancement and deblurring, Dynamic filtering, Response
decomposition, Paired evaluation

1 Introduction

Low-light blurred images require visibility and spa-
tial detail to be recovered together. Increasing
intensity reveals scene content but does not recon-
struct displaced edges; detail recovery must also
accommodate the information available in a dark

input. LEDNet addresses this joint task with an
enhancement encoder, a deblurring decoder and
spatially adaptive feature filtering [1]. Because it
already predicts local kernels, the question here
is how to organize a supplementary correction
while preserving the original generator’s learned
aggregation capability.
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Low-light restoration systems differ in how they
combine enhancement and detail recovery. DMPH-
Net organizes enhancement and noise reduction
through decomposition, multiscale restoration and
illumination adjustment [2], whereas joint-task sys-
tems use efficient convolutional blocks (DarkIR) [3],
multi-state modeling (URWKV) [4], or Fourier-
domain decoupling (FDN) [5]. NAFNet provides
a general convolutional restoration backbone [6].
LEDNet’s native dynamic-filtering interfaces offer
a specific setting for studying how a supplementary
correction should be represented and conditioned.
We therefore distinguish paired design compar-
isons within LEDNet from comparisons between
complete restoration systems.

Dynamic Filter Networks and Kernel Predic-
tion Networks learn input-dependent filtering [7, 8].
BPN predicts burst-dependent spatiotemporal
bases to filter input frames [9]; KBNet mixes
shared learned bases for local feature aggrega-
tion [10]; AHFNet weights prescribed high-pass
bases for video deblurring [11]. Our model, denoted
LEDNet-P3 (P3), instead adds a signed sum coor-
dinate and a learned centered shape expansion to
an existing, unrestricted kernel. The distinction is
its native residual placement, sum/shape represen-
tation and conditional routing; the backbone and
added route are jointly trained.

An unconstrained tap increment leaves its
responses to neighborhood means and local vari-
ation implicit. We make the added constant-
neighborhood response explicit through one signed
kernel-sum coordinate and restrict the remaining
correction to four learned zero-sum bases. The
restriction applies to the increment, while the
original generator remains trainable. Encoding fea-
tures predict the sum; a degraded red–green–blue
(RGB) projection supplements those features only
for shape coefficients. This routing supplies direct
image information for spatial modulation while
retaining a feature-only sum path.

We introduce a structured residual correction
at LEDNet’s native dynamic-filtering interfaces.
The design combines an explicit kernel-sum coor-
dinate, a restricted zero-sum shape expansion and
feature/RGB conditioning while retaining the orig-
inal generator. Function-preserving initialization
makes the added route compatible with the unmod-
ified backbone at the start of training. Paired
comparisons examine the complete design and its

conditioning, branch and carrier choices. A prespec-
ified official-test evaluation quantifies the resulting
SSIM/LPIPS gains and computational cost; the
scope of these findings is discussed alongside the
results.

2 Response-decomposed

residual restoration model

P3 combines a single-scale kernel correction with
multiscale integration and joint training.

2.1 Overall architecture and native

filtering interfaces

Figure 1 distinguishes feature propagation, kernel
prediction and RGB conditioning. The enhance-
ment encoder, pyramid pooling modules (PPM),
curve nonlinear units (CurveNLU), bottleneck,
decoder and side outputs are retained. The encoder
widths are [32, 64, 128, 128]. Corrections operate
at the three native filtering resolutions: 1/8, 1/4
and 1/2, with 128, 128 and 64 channels, respec-
tively. The decoder connects these resolutions and
produces the restored RGB image; the complete
configuration is given in Online Resource 1, Section
S8.1.

At scale s, the enhanced encoder feature fs pre-
dicts the original kernel k0

s
= G0

s
(fs). The decoder

provides the feature map us to which that ker-
nel is applied. For channel c and location p, let
us,c,p ∈ R

25 denote the corresponding 5 × 5 neigh-
borhood. The proposed route changes the kernel
argument of the existing operator:

ks,c,p = k0
s,c,p

+ ∆ks,c,p. (1)

The original generator is neither frozen nor
replaced. At each scale, G0

s
uses three 3 × 3

Conv–ReLU pairs and a final 1 × 1 convolution
producing 25Cs kernel coefficients per location.
The native aggregation and downstream decoder
remain in place. The native feature-filtering oper-
ator (denoted FAC in the figures) retains replicate
padding and LeakyReLU with slope 0.2. Thus
the modification is a feature-kernel increment,
not an image-domain post-processing CNN or an
additional output skip connection.
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Fig. 1 Multiscale LEDNet-P3 architecture and native encoder/decoder operations. PPM and CurveNLU are retained. At
each scale, the P3 kernel unit preserves the original generator and adds the correction detailed in Fig. 2; its output enters
native FAC, rather than an encoder–decoder feature addition. Dashed paths carry RGB conditioning. Sampling arrows
denote the residual sampling within the corresponding blocks. The bottom panels expand the native residual units and FAC;
the auxiliary RGB branch is used for training only.
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Fig. 2 Response-decomposed correction at one native filtering scale. (a,b) The input and retained encoder supply the RGB
condition and feature. (c,d) Four position-varying coefficient maps weight four shared, tap-centered 2D bases per channel.
The shape term and feature-only sum contribution form the increment, which is added to the original kernel. (e) Native FAC
filters the decoder feature with one inherited activation; subsequent decoding produces (f). Internal map/basis volumes are
schematic. Input/output images are saved final-evaluation predictions for case 0164/0039.

2.2 Response-decomposed kernel

correction

Figure 2 expands the complete added route at one
scale. Let Cs be the channel count and hs ×ws the
feature resolution. The operators Ds, Ps and Hs

denote the sum head, RGB projection and coeffi-
cient head, respectively. For brevity, scalar/vector
equations suppress scale, channel and position
indices where unambiguous.

Feature-conditioned kernel-sum response.

A 1 × 1 convolution maps Cs input channels to
Cs outputs, providing one signed increment per

channel and location:

ds = Ds(fs), ∆ksum =
d

25
1. (2)

No positivity activation or unit-sum normalization
is imposed. With ū = 1

⊤u/25, this compo-
nent adds dū to the local pre-activation filtering
response. Its role is a constant-neighborhood
response coordinate, not a directly measured
illumination variable.

RGB-assisted shape coefficients. The
degraded RGB image is resized bilinearly to the
feature resolution, with align_corners=false, to
form zs. A 3×3 projection maps its three channels
to Cs. Element-wise addition, not concatenation,
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combines this projection with the full encoding
feature:

as = Hs(fs + Ps(zs)) . (3)

The 1×1 coefficient head maps Cs channels to 4Cs,
interpreted as four coefficients for each channel and
position. RGB is supplied directly to this coefficient
route only; the sum head in Eq. 2 reads fs.

Centered bases and spatial mixing. For
each scale and channel, four learned 5 × 5 tap
vectors are shared over spatial positions. They are
centered across the 25 taps before being mixed:

b̃s,c,r = bs,c,r −
1

⊤bs,c,r

25
1,

vs,c,p =
4∑

r=1

as,c,r,pb̃s,c,r.

(4)

Each position-wise coefficient weights a complete
basis vector before the four vectors are summed.
Consequently 1

⊤v = 0. Four centered bases span
at most four dimensions in the 24-dimensional zero-
sum tap space; linear independence is not imposed.
These are logical dimensions, not a required kernel
materialization.

Kernel synthesis and native application.

The two components are added to the original
kernel, rather than applied sequentially:

∆k =
d

25
1 + v, 1

⊤∆k = d,

∆k⊤u = dū + v⊤(u − ū1).
(5)

For a constant neighborhood u = α1, the centered
component vanishes and the added response is dα;
otherwise, the second term responds to local varia-
tion. These identities describe the increment before
the single inherited activation, leaving the original
kernel unrestricted. Online Resource 1 (Section
S1, Fig. S1) illustrates the basis expansion and
equivalent local application.

2.3 Multiscale integration and joint

training

Each filtering scale has its own sum head, RGB
projection, coefficient head and bases. The three
interfaces therefore use

(s, Cs) ∈ {(1/8, 128), (1/4, 128), (1/2, 64)}.

At each interface, the projection output and fs

have the same channel count and spatial dimen-
sions. The basis layout is logically Cs × 4 × 25;
the coefficient field has four values per channel
at each spatial position. The same construction
is repeated at all three scales without sharing its
learned parameters across scales. Together these
additions contain 226,880 parameters.

Function-preserving initialization. The
weights and biases of Ds and Hs are initialized
to zero, while basis entries have nonzero random
initialization with standard deviation 0.02. Thus
ds = as = 0 and ∆ks = 0 initially, preserving the
unmodified backbone’s function at the same ini-
tialization. The backbone, heads, projection and
bases are then trained jointly from scratch.

Inherited training objective. The correc-
tion introduces no new target or loss. Using Î for
the final restored image and I⋆ for its paired target,
the existing objective is

Ltrain = L1(Î , I⋆) + 0.01LVGG19(Î , I⋆)

+ 0.8Lside.
(6)

The inherited 3×3 RGB side head produces Îa from
the enhanced 1/8 encoding feature. Its target Ta

is I⋆ bicubically resized to the side-output dimen-
sions, with align_corners=false. The side term
is Lside = L1(Îa, Ta)+0.01LVGG19(Îa, Ta); the fac-
tor 0.8 therefore weights both auxiliary losses. This
prediction is not an input to either P3 head. All
variants retain the same objective and optimization
settings (Section 3.1); the perceptual-loss settings
are detailed in Online Resource 1, Section S8.1.

3 Experimental results and

analysis

3.1 Dataset and training

configuration

Data roles. LOL-Blur provides paired low-light
blurred inputs and sharp normally exposed tar-
gets [1]. Its 170-video training portion (10,200
pairs) is split by source into 153 fitting videos
(9,180 pairs) and 17 development videos (1,020
pairs). The development set has been used for
exploration; the same split is retained across train-
ing runs. The official test comprises 1,800 pairs
from 30 source-disjoint videos, with 60 frames per
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video. The inherited loss in Eq. 6 is evaluated on
training pairs only.

Paired fixed-budget training. Structural
variants train from scratch for 60,000 updates
using 256 × 256 patches, batch one and Adam
with initial learning rate 10−4, betas (0.9, 0.99)
and cosine decay to 10−7. Shared initial param-
eters and actual sample, crop and augmentation
streams are paired within each comparison; added
parameters are initialized identically in the feature-
conditioned control and LEDNet-P3. All endpoints
are fixed before training, without development-
score selection. The primary run supplies the final
paired models. An independently initialized repeat
run and the branch and carrier studies each retain
their own paired controls. Further training details
appear in Online Resource 1, Section S8.1.

Final model selection and public-system

references. The final paired LEDNet and
LEDNet-P3 models were fixed at 60,000 updates
before official-test access; neither the repeat run
nor later design comparisons replaced them. These
two models and the public DarkIR-m checkpoint
formed the prespecified PSNR/SSIM/LPIPS eval-
uation, with one complete evaluation per model.
The released paper LEDNet was evaluated later
as an additional public-system reference and did
not influence model selection. Public DarkIR-m
and LEDNet use the standard 170-video training
portion, with training histories distinct from the
paired models. DarkIR-m also differs in crop, batch
and optimization recipe; checkpoint-specific pre-
training and full training-compute records remain
unavailable (Online Resource 1, Sections S8.1 and
S8.3).

Quality measurements. Original 640 × 1120
inputs use whole-image FP32 inference without
tiling, test-time augmentation or exposure correc-
tion. Each model retains its native normalization,
padding and crop-back. Outputs are clipped,
mapped and rounded to RGB8 before common
RGB PSNR, RGB SSIM and LPIPS-VGG eval-
uation [12]. LPIPS uses package 0.1.4, model
version 0.1, CPU execution and inputs mapped to
[−1, 1]. Video means are averaged equally, with 60
frames per video. The primary official contrast is
LEDNet-P3–LEDNet; public-system contrasts are
interpreted separately. Online Resource 1, Sections
S2 and S8, specifies the summaries and evaluation
definitions. The numerical records are retained by
the authors.

Post-hoc natural image quality evaluator
(NIQE) [13] and lightness-order error (LOE) [14]
descriptors use separate fixed-checkpoint replays
on the same pairs. LOElow references the degraded
input and LOEhigh the sharp target. Their defini-
tions and scope are given in Online Resource 1,
Section S4.

3.2 Analysis of results

Official-test quality is followed by separate devel-
opment comparisons, fixed visual examples and
measured cost.

3.2.1 Official-test comparison on

LOL-Blur

Under the common evaluator (Table 1), LEDNet-
P3 increases SSIM by +0.004656 and reduces
LPIPS by 0.011445 relative to paired LEDNet.
The changes are favorable in 26/30 videos for
SSIM and 30/30 for LPIPS. These results sup-
port an improvement in structural similarity and
learned perceptual distance for the prespecified
model under the paired training protocol. Public
LEDNet and DarkIR-m are separate system refer-
ences with different training histories. The released
paper LEDNet uses native RGB range [0, 1]; its
post-hoc result does not replace the paired base-
line. Starred rows report published context rather
than a common-protocol ranking.

The mean PSNR difference is −0.045441 dB,
so a PSNR improvement is not established. PSNR
changes are favorable in 16 videos and unfavorable
in 14; these counts describe direction rather than
magnitude. The saved video differences range from
−2.150967 to +2.420956 dB (Online Resource 1,
Fig. S2). Thus the near-zero overall difference does
not imply negligible changes in every video or
equivalence between the models.

DarkIR-m achieves better means on all
three primary metrics: LEDNet-P3–DarkIR-m
is −2.923944 dB PSNR, −0.095290 SSIM and
+0.106041 LPIPS. Different training histories limit
architecture-only attribution. DarkIR-m’s pub-
lished LPIPS (0.162) differs from our 0.202576.
The protocol comparison in Online Resource 1,
Section S8.3, identifies range, quantization and
device-path differences but does not quantify
their effects or fully explain the discrepancy; the
common-evaluator result is retained.
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Table 1 Quantitative
comparison on
LOL-Blur. Published
reports and our
fixed-model
evaluation.

Method PSNR↑ SSIM↑ LPIPS↓ NIQE↓ LOElow ↓ LOEhigh ↓

KinD++* [15] 21.2600 0.7530 0.3590 / / /

DRBN* [16] 21.7800 0.7680 0.3250 / / /

DeblurGAN-v2* [17] 22.3000 0.7450 0.3560 / / /

MIMO-UNet* [18] 22.4100 0.8350 0.2620 / / /

NAFNet* [6] 25.3600 0.8820 0.1580 / / /

RetinexFormer* [19] 26.0200 0.8870 0.1810 / / /

LEDNet (paired) 24.1204 0.7823 0.3201 7.3130 280.62 209.02

LEDNet (public) [1] 26.0592 0.8476 0.2172 5.5721 238.23 112.60

DarkIR-m [3] 26.9989 0.8822 0.2026 5.5371 239.01 86.10

LEDNet-P3 (ours) 24.0750 0.7869 0.3086 7.3687 279.43 210.40

* Published scores: DarkIR (2025), Table 1, including earlier LOL-Blur retraining reports; trailing zeros
align display precision. A slash (/) denotes an unreported metric; no NIQE/LOE comparison is made for
these literature rows. The exact NAFNet variant/checkpoint remains unconfirmed. Unstarred rows: our
1,800-pair evaluations. Paired-model/DarkIR NIQE/LOE use post-hoc replays; public LEDNet uses one

saved-output set for all six metrics. PSNR is in dB. Bold compares paired LEDNet/LEDNet-P3 only.
Protocols differ, particularly LPIPS; no cross-source superiority is claimed.

The post-hoc descriptors are mixed for
LEDNet-P3 relative to LEDNet: LOElow decreases,
whereas NIQE and LOEhigh increase. These results
do not establish a broader restoration advantage.

3.2.2 Controlled model and design

comparisons

Table 2 places configurations and metrics in three
separate training blocks. The condition-source con-
trol replaces RGB by means of three nearly equal
feature-channel partitions, preserving the full fea-
ture path and parameter count. The branch control
and carrier control each use a newly trained full-
response model, distinct from the primary training
run; these panels are not a factorial experiment.

Complete model and conditioning source.

Table 2(a) compares LEDNet-P3 with LEDNet
and the feature-summary control; Table 3 reports
the two fixed-endpoint training runs separately.
LEDNet-P3 improves SSIM and LPIPS over both
references in each run, whereas PSNR differences
are unfavorable in the primary run and favorable
in the repeat run. The feature-conditioned con-
trol also improves SSIM/LPIPS over LEDNet in
both runs. Thus the results support RGB assis-
tance relative to this feature-summary alternative
for SSIM and LPIPS, without attributing the
complete benefit to RGB alone.

Neither run meets the original PSNR screen-
ing references of +0.15 dB against LEDNet and
+0.10 dB against the feature-conditioned control;

later favorable metrics do not replace those crite-
ria. Complete means and all within-run contrasts
remain in Online Resource 1, Table S3.

Kernel-sum branch. Table 2(b) compares a
newly trained full-response model with Shape-only,
which sets d = 0 throughout training and evalu-
ation. The full model is better by +0.142813 dB
PSNR, +0.002436 SSIM and −0.001636 LPIPS.
This supports retaining the sum branch in the
tested design. Active added parameters differ
(226,880 versus 189,696), so the intervention
includes the branch’s capacity and is not a capacity-
matched mechanism test.

Carrier choice. Table 2(c) replaces d1/25 by
de0, with e0 the center-tap unit vector, using a
separate paired uniform control. All three metrics
worsen. The outcome supports retaining the uni-
form carrier under this protocol. Both carriers sum
to d, but the change adds d(e0−1/25), a fixed zero-
sum direction: it changes the spatial response as
well as its parameterization. It does not establish
a universal carrier rule. Complete design compar-
isons and earlier 20k component observations are
reported in Online Resource 1, Tables S4 and S5.

3.2.3 Visual comparison of restored

images

Figure 3 shows the three official-test cases selected
before inference by a fixed identity-based rule. The
input, three restored outputs and target share
the same display geometry and fixed crop. Case
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Table 2 Configuration and saved development quality in three separate paired studies, trained for 60,000
updates, 1,020 pairs per model. Controls are trained within panels; full-response rows are different checkpoints, not a pooled
factorial ablation.

Variant
Kernel

sum
Zero-sum

shape
Auxiliary
condition Carrier PSNR (dB)↑ SSIM↑ LPIPS↓

(a) Primary run: original model and conditioning source

LEDNet × × — — 22.49 0.7837 0.3036

Feature-cond. ✓ ✓ Feature summary Uniform 22.44 0.7845 0.2999

LEDNet-P3 ✓ ✓ RGB Uniform 22.42 0.7878 0.2935

(b) Branch control: full response vs Shape-only

Full (branch control) ✓ ✓ RGB Uniform 22.45 0.7879 0.2950

Shape-only (d = 0) × ✓ RGB n/a 22.31 0.7854 0.2967

(c) Carrier control: Uniform vs Center

Uniform (carrier control) ✓ ✓ RGB Uniform 22.51 0.7885 0.2940

Center ✓ ✓ RGB Center 22.31 0.7869 0.2964

✓/× mark added branches; all rows retain the native generator. The auxiliary condition feeds the shape-coefficient
route. Shape-only has 189,696 active added parameters versus 226,880 for full variants; its carrier is inactive at

d = 0. Function capacity is not matched, and gains are interpreted within panels only.

identities and display conventions are detailed in
Online Resource 1, Sections S2–S3.

The shop sign, awning and vehicle/window
boundaries in Fig. 3(a) show similar overall visi-
bility in LEDNet and LEDNet-P3, with remaining
edge softness. In Fig. 3(b), sign and doorway
structures remain blurred in both models, while
DarkIR-m separates more boundaries. The bright
lights, signage and dark surfaces in Fig. 3(c) like-
wise show small within-LEDNet differences and
residual blur relative to the target. These fixed
examples contextualize the complete-set results
without establishing human preference or branch-
specific mechanisms. Online Resource 1 (Section
S3, Fig. S3) examines the same crops using signed
local RGB error differences.

Table 3 Paired development differences at

fixed-60k: LEDNet-P3 minus the indicated reference, on
the same 1,020 pairs per round. Training runs are reported
separately. Complete three-model means and the other
saved contrasts appear in Online Resource 1.

Run Reference
∆PSNR

(dB) ∆SSIM ∆LPIPS

Primary
LEDNet −.073826 +.004190 −.010120

Feature-cond. −.017445 +.003305 −.006420

Repeat
LEDNet +.053448 +.005049 −.006485

Feature-cond. +.043488 +.001605 −.001311

3.2.4 Computational cost and scope of

the improvement

LEDNet-P3/LEDNet have 7.636/7.409 M param-
eters and synchronized forward means of
352.98/299.88 ms/image, respectively (+17.7% for
P3); DarkIR-m has 3.322 M parameters and 167.00
ms/image (Table 4). The observed SSIM/LPIPS
benefit therefore comes with additional parame-
ters and latency. The design provides a specific
native-interface correction: it exposes the incre-
ment’s kernel sum, restricts its shape component
and preserves the original generator’s aggregation
capability.

The eight-channel LEDNet operator uses syn-
chronous CPU intermediate storage, whose inter-
nal transfers are included in synchronized forward
time. Input transfer, output conversion and CPU
metrics are excluded. DarkIR-m uses its native
path. Hardware policies, latency distributions
and training-cost measurements are detailed in
Online Resource 1, Section S7. These measure-
ments characterize the evaluated implementations.
The 60,000-update, batch-one, 153-video contract
defines a controlled paired study, rather than the
performance ceiling of sufficiently trained LEDNet
or a general deployment advantage.

Attribution and applicability. The pri-
mary comparison quantifies observed differences
between two prespecified paired models under the
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Input LEDNet LEDNet-P3 DarkIR-m GT

(a) 0164/0039  |  Full view and fixed 256 x 256 crop

Input LEDNet LEDNet-P3 DarkIR-m GT

(b) 0142/0039  |  Full view and fixed 256 x 256 crop

Input LEDNet LEDNet-P3 DarkIR-m GT

(c) 0215/0039  |  Full view and fixed 256 x 256 crop

Fig. 3 Prespecified official-test predictions for (a) 0164/0039, (b) 0142/0039 and (c) 0215/0039. Each case shows the full
image and the common crop at [432, 192, 688, 448] in the original 640 × 1120 image. Red boxes are display-only overlays
marking the crop; the underlying saved images are unchanged. All columns use the same display geometry.

stated protocol. It supports the complete LED-
Net intervention but does not isolate response
decomposition from a parameter-comparable ordi-
nary dynamic-kernel residual at the same interface.
Branch removal also changes active capacity; con-
ditioning and carrier comparisons address their
respective choices. The zero-sum constraint does

not alone define a strict high-pass response, and
the response algebra does not identify physi-
cal illumination and blur components. Fixed-
model video differences do not establish stability
across independent training runs or a necessary
perception–distortion tradeoff.
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Table 4 Measured inference cost on RTX 5060, 640 × 1120, batch 1, FP32. Synchronized forward means exclude the
first five calls. Memory is PyTorch allocated/reserved peak MiB, not total GPU occupancy. M denotes 106 parameters.
Hardware, timing scope and latency distributions are detailed in Online Resource 1, Section S7.

Model Params (M) Forward mean (ms/img)

GPU peak (MiB)

allocated / reserved

LEDNet 7.409 299.88 6512.65 / 6518

LEDNet-P3 7.636 352.98 6513.52 / 6520

DarkIR-m 3.322 167.00 1085.44 / 1182

In the separate DarkIR adaptation, response-
decomposed filtering shows no established advan-
tage over ordinary-residual filtering; its SSIM and
LPIPS results are unfavorable relative to native
DarkIR (Online Resource 1, Tables S6–S7). This
feature-residual interface differs from LEDNet’s
native kernel interface and neither supplies the
missing direct control nor establishes universal
failure. CNN post-training also shows no estab-
lished additional multiscale-fusion benefit (Online
Resource 1, Table S8). Both explorations retain
separate identities, leave the final paired models
unchanged and do not use the exposed official test
for design selection.

4 Conclusions

We presented response-decomposed residual fil-
tering at LEDNet’s native dynamic-kernel inter-
faces. An explicit signed kernel-sum coordinate,
a restricted zero-sum shape expansion and fea-
ture/RGB routing organize the added correction
while retaining the original generator and decoder.
Zero-output initialization preserves the backbone
function at the start of joint training. Under the
fixed training protocol, the prespecified model
improves SSIM and LPIPS over paired LED-
Net, and separate paired comparisons support
the retained design choices. This benefit does not
extend to an established PSNR improvement and
comes with added parameters and latency; public
DarkIR-m remains stronger. The findings support
a bounded within-LEDNet contribution.
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