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A. More details of our RLE Dataset
We will release all datasets to support the development of
the event-based vision community.

A.1. Our RLE Dataset

We collect 7,888 event-image pairs with a resolution of
1024 × 768, a wide illumination range from 0.1 to 1000
lux (as shown in Fig. 2) in both indoor and outdoor con-
ditions, along with low-light event streams captured during
the exposure time of the RGB camera. This wide illumina-
tion range ensures our dataset’s diversity, providing strong
data support for enhancing a model’s ability to handle vari-
ous real-world inputs. Our dataset includes various scenes,
such as libraries, buildings, and streets.

A.2. Samples

We provide sampled data from our RLE dataset as shown in
Fig. 4.

A.3. Comparative Analysis of Real-World Datasets

As shown in ??, our RLE dataset represents a significant ad-
vancement by balancing multiple competing factors. Unlike
SDE [11], we provide high-resolution data and near-perfect
temporal alignment. Unlike other datasets, we provide a
quantified spatial error, enabling robust validation.

(i) Field of View vs. Alignment Precision. Our dual-
beam splitter optical design enables the simultaneous cap-
ture of spatially aligned low-light images, event streams,
and normal-light references. A key characteristic of this
high-precision setup is the extended optical path length
required to accommodate the beam splitters [8, 9]. To
ensure optimal image quality and avoid peripheral occlu-
sion (vignetting) from the optical assembly, we employ
telephoto lenses rather than short-focal-length wide-angle
lenses. While this design choice focuses our dataset on
object-centric and medium-field scenes rather than ultra-
wide-angle surveillance views, it guarantees artifact-free,
center-aligned data essential for rigorous restoration bench-
marking.

(ii) Data Volume and Scale. Unlike previous datasets
[11] that rely on lower-resolution event sensors (e.g.,
346×260), our RLE dataset captures high-resolution
(1024×768) event streams with high temporal fidelity. This
results in a significantly larger data footprint per sequence.
Consequently, we prioritized scene diversity and signal
quality over the sheer quantity of raw sequences. While the
total number of samples is constrained compared to low-
resolution alternatives, this trade-off ensures that each se-
quence in our dataset provides superior spatial detail for
precise restoration tasks.
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Figure 1. Real-world deployment of our imaging system, demonstrating the physical layout of the sensors and the optical pathway.
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Figure 2. Illumination distribution in the filming environment.

Figure 3. Samples of normal-light images from the SDE dataset that exhibit color distortion and low resolution.
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Figure 4. Samples from our RLE dataset.
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B. More experimental results.
B.1. Ablation Studies on the Number of Blocks per

Layer

We conduct an ablation study to evaluate how the number
of blocks in each layer affects model performance. Specif-
ically, we vary the block numbers in different layers while
keeping other hyperparameters fixed.

In Tab. 1, our method with the {1,2,2} block con-
figuration achieves a good balance between performance
and model complexity. Compared to smaller architectures
({1,1,1}) and larger ones ({3,3,3}, {6,6,6}), it achieves su-
perior PSNR while maintaining competitive SSIM. Notably,
our model only requires 2.13M parameters, significantly
fewer than deeper or wider variants. This parameter ef-
ficiency is mainly attributed to the event-illumination col-
laborative interaction, which enables more effective fea-
ture learning with minimal architectural overhead. Increas-
ing model capacity beyond this point yields diminishing re-
turns, indicating that our design fully exploits the informa-
tion from the event and illumination.

{N1, N2, ..., Nn} PSNR SSIM Parm.(M)
{1, 1, 1} 20.11 0.7189 1.57
{1, 2, 2}(Ours) 23.63 0.7670 2.13
{3, 3, 3} 23.35 0.7681 3.01
{6, 6, 6} 23.71 0.7598 7.23
{1, 2, 2, 4} 23.69 0.7699 12.72
{2, 2, 4, 6} 22.88 0.7431 20.30

Table 1. Ablation Study on the Number of Blocks per Layer.

B.2. Ablation Studies on the EICI Module

To validate the architectural design of our Event-
Illumination Collaborative Interaction (EICI) module, par-
ticularly the ”Backward Injection” (BI) mechanism, we
compare it against several baselines on the RLE dataset.
• Case 6 (Ours w/o BI): This removes the Backward Injec-

tion, creating a standard unidirectional (one-way) cross-
attention fusion.

• Case 6-large: We scale up Case 6 to have a comparable
parameter count to the SOTA method, EvLight, to show
that the performance gap is not due to parameter count.

• Retinexformer-event: We adapt a strong image-based
backbone (Retinexformer) to accept event data via a stan-
dard cross-attention module.
As shown in Tab. 2, simply removing Backward In-

jection (Case 6) causes a >3.3dB PSNR drop, proving
that a standard unidirectional fusion fails. Naively adding
event fusion to a strong backbone (Retinexformer-event)

Method PSNR SSIM Params(M)

Case 6 (Ours w/o BI) 20.24 0.6920 1.94
Retinexformer 20.33 0.6858 1.61
Retinexformer-event 20.57 0.6935 2.21
Case 6-large 22.04 0.7356 21.77
EvLight [11] 22.68 0.7201 22.73
Ours (EIC-LIE) 23.63 0.7670 2.13

Table 2. Ablation study on the EICI module. The catastrophic
drop in performance for Case 6 (Ours w/o BI) demonstrates that
a standard unidirectional cross-attention is insufficient. Our Back-
ward Injection is critical for effective feature decomposition and
refinement, and its design, not parameter count, is the key to our
performance.

Case (Event Filter) PSNR SSIM

Case 1: No Filter 20.92 0.7064

Simpler Filters
Case 2: w. Median Filter (pre) 20.43 0.6982
Case 3: w. Gaussian Filter (pre) 21.37 0.6988
Case 4: w. Illumination Adaptive Gating 21.55 0.7122
Case 5: w. IAEF (Fixed Function) 22.12 0.7309

Stronger Baselines
Case 6: w. EDFormer [6] (pre) 21.33 0.7390
Case 7: w. ADFN [13] 22.28 0.7351

Case 8: Ours (w. IAEF) 23.63 0.7670

Table 3. Ablation study on the IAEF module. Our IAEF signifi-
cantly outperforms all alternatives, including simple filters, adap-
tive gating, and strong SOTA filtering networks like ADFN and
EDFormer. This proves the value of our specialized, illumination-
guided dynamic filtering design.

also yields poor results. This confirms that our bidirec-
tional, collaborative design is not a redundant complica-
tion but a necessary and highly effective architecture for this
task.

B.3. Ablation Studies on the IAEF Module

We conducted a comprehensive ablation to validate our
Illumination-Aware Event Filter (IAEF), comparing it
against simpler traditional filters, adaptive gating mecha-
nisms, and stronger, more established filtering baselines.
• Simpler Filters: We use Gaussian and Median filters as

pre-processing steps.
• Illum. Gating: A simple module that uses illumination to

create a gating (attention) map, as suggested by reviewers.
• Fixed Function: Replaces the learned kernel genera-

tion in IAEF with a fixed exponential function based on
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Method Task PSNR SSIM Params(M) FLOPs(G) Runtime(ms)

Uformer [17] General 20.58 0.704 50.88 178.9 487
X-Restormer [2] General 20.89 0.713 25.98 328.6 812
SFHFormer-L [7] General 20.17 0.695 57.61 101.4 377

Ours Task-Specific 23.63 0.767 2.13 70.9 298

Table 4. Comparison with general-purpose restoration Transformers on the RLE dataset. Unified backbones perform significantly worse
(>2.74dB drop) and are far more complex and slower.

brightness.
• Strong Baselines: We replace IAEF with ADFN [13] (a

strong adaptive filtering network) and EDFormer [6] (a
SOTA event denoising Transformer).
The results in Tab. 3 are clear. Simple filters (Cases 2-4)

are insufficient. Even strong, established filtering networks
(Cases 6, 7) perform significantly worse than our IAEF.
This is because our IAEF is specifically architected to lever-
age the stable, global illumination statistics from the image
to guide the dynamic filtering of event features within the
network, a design that is more effective than generic pre-
processing or adaptive filtering.

B.4. Comparison with Unified Transformer Back-
bones

We adapted several SOTA general-purpose image restora-
tion Transformers to our task. We modified them to accept
both the low-light image and event data as inputs.

As shown in Tab. 4, the unified restoration models fail on
this task, performing significantly worse than our method
while being orders of magnitude larger, more computation-
ally expensive, and slower. This result strongly validates
our approach, demonstrating that a general Transformer
cannot effectively leverage the unique properties of event
and illumination data. Our specialized, lightweight archi-
tecture is a highly efficient and necessary design.
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C. More details of our EIC-LIE.
In this section, we detail some modules in our EIC-LIE
framework.

C.1. Illumination Prior

The illumination prior Lp is derived by applying a pixel-
wise maximum operation across all three channels of the
input image I ∈ RH×W×3, formulated as:

Lp = max(I), (1)

where the max(·) function computes the maximum value at
each spatial location across the color channels, resulting in
a single-channel intensity map Lp ∈ RH×W .

C.2. Illumination Estimator

Specifically, we first perform Illumination Estimator to esti-
mate coarse lit-up image features Fi and initial illumination
features Fl as:

(Fi,Fl) = C(I,Lp), (2)

where C denotes the illumination estimator consists of
point-wise and depth-wise convolution layers.

C.3. Event-Illumination Collaborative Interaction

Note that we simplify the multi-head split in the main text
for clarity. This section provides a comprehensive descrip-
tion of the complete multi-head collaborative bidirectional
interaction mechanism.

Forward Gathering. The detail information flow of for-
ward gathering (T′,A) = G(X,T).

Firstly, the input tokens X ∈ RN×C and T ∈ RN×C are
split into k heads:

X = [X1, X2, · · · , Xk], T = [T1, T2, · · · , Tk], (3)

where Xi ∈ RN×dk ,Ti ∈ RN×dk , dk = C
k , and i =

1, 2, · · · , k . For each headi, three fully connected (fc)
layers without bias are used to linearly project Ti into
query elements Qi ∈ RN×dk ; and Xi into key elements
Ki ∈ RN×dk and value elements Vi ∈ RN×dk as

Qi = TiW
T
Qi

, Ki = XiW
T
Ki

, Vi = XiW
T
Vi

, (4)

where WQi , WKi , and WVi ∈ Rdk×dk represent the
learnable parameters of the fc layers and T denotes the ma-
trix transpose. Then, we calculate the attention matrix Ai

and final output T′ as:

Ai = Softmax(
KT

iQi

αi
), Oi = ViAi, (5)

T′ = Concat(Oi)W
T
O +P+T, (6)

where αi ∈ R1 is a learnable parameter that adaptively
scales the matrix multiplication, Concat denotes the con-
catenation operation. To be specific, k heads are concate-
nated to pass through an fc layer WO and then add a posi-
tional encoding P ∈ RN×C (learnable parameters) to pro-
duce the output tokens T′ ∈ RN×C .

Backward Injection. The detail information flow of
backward injection X′ = I(T′,A) +X.

Firstly, the input tokens T′ ∈ RN×C is split into k heads:

T′ = [T′
1, T

′
2, · · · , T′

k], (7)

where T′
i ∈ RN×dk , dk = C

k , and i = 1, 2, · · · , k . For
each headi, one fully connected (fc) layers without bias
are used to linearly project T′

i into value elements V′
i ∈

RN×dk as
V′

i = T′
iW

T
V′

i
, (8)

where WV′
i
∈ Rdk×dk represents the learnable parameters

of the fc layer. Then, we calculate the final output X′
i as:

X′
i = AT

i V
′
i, X′ = Concat(X′

i) +X, (9)

where X′ ∈ RN×C denotes the output tokens.
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D. More details of the physical invariants
In this paper, the physical invariants W and C are applied
to assist in the qualitative analysis of enhancement results
across various methods. According to previous studies [3,
10, 15], the property C may be interpreted as describing
object color regardless of intensity, while the property
W functions as an edge detector specific to changes in
spectral distribution. These invariants are derived from
the Kubelka-Munk light transport theorem [4] and are based
on the color invariance analysis by Geusebroek et al. [3].

Different from [4, 10], Wang et al. [15] propose a
learning-based prior estimation module to predict the ob-
served energy E, then compute H , C, and W from the input
image. They utilize physical invariants prior to guiding the
diffusion process. In our work, we apply the pretrained
prior estimation module [15] and compute H , C, and W
from the input image.

D.1. The derivation of the physical invariants

Following the Wang et al. [15], given wavelength λ, the en-
ergy of the incoming spectrum at spatial location x on the
image plane is modeled as

E(λ,x) = e(λ,x)
(
(1− i(x))2R∞(λ,x) + i(x)

)
, (10)

where e(λ,x) denotes the spectrum of the light source, i(x)
the specular reflection, and R∞(λ,x) the material reflec-
tivity. Note that when the object is matte, i.e. i(x) ≈ 0,
Eq. (10) can be reduced to

E(λ,x) = e(λ,x)R∞(λ,x), (11)

which is the same as the Retinex model. It means that the
Retinex theory is a special case of Eq. (10).

First of all, we denote some variables for simplicity

Eλ =
∂E(λ,x)

∂λ
, Rλ

∞ =
∂R∞(λ,x)

∂λ
, (12)

Eλλ =
∂2E(λ,x)

∂λ2
, Rλλ

∞ =
∂2R∞(λ,x)

∂λ2
. (13)

Intuitively, E represents spectral intensity, Eλ signifies
spectral slope, and Eλλ denotes spectral curvature.

Through simplifying assumptions, we can obtain a series
of invariants from Eq. (10). The primary idea is to eliminate
i and e, retaining solely R∞. As R∞ is about material prop-
erty and is independent of illumination, the derived variable
will exhibit illumination invariance.
• Assuming equal energy illumination, i.e., e(λ,x) is re-

duced to λ-independent ẽ(x), and Eq. (10) is reduced to

E(λ,x) = ẽ(x)
(
(1− i(x))2R∞(λ,x) + i(x)

)
, (14)

substituting Eq. (14) into Eλ/Eλλ gives

Eλ

Eλλ
=

ẽ(x)(1− i(x))2Rλ
∞

ẽ(x)(1− i(x))2Rλλ
∞

=
Rλ

∞
Rλλ

∞
, (15)

where illumination properties i and e are eliminated. As
the material property R∞ is independent of illumination,
it establishes the illumination-invariance of Eλ/Eλλ.
Now, derive the illumination invariant H ,

H = arctan
(
Eλ/Eλλ

)
. (16)

• Further assuming that the surface is matte, i.e. i(x) ≈ 0,
then Eq. (10) is reduced to

E(λ,x) = ẽ(x)R∞(λ,x), (17)

similarly, derive another illumination invariant C,

C = log

(
(Eλ)2 + (Eλλ)2

E(λ,x)2

)
= log

(
(Rλ

∞)2 + (Rλλ
∞ )2

R∞(λ,x)2

)
. (18)

• Further assuming uniform illumination, i.e., ẽ(x) is re-
duced to a parameter ē, and Eq. (10) is reduced to

E(λ,x) = ēR∞(λ,x), (19)

Similarly, derive the illumination invariant W ,

W = tan

(∣∣∣∣∂E(λ,x)

∂x

1

E(λ,x)

∣∣∣∣)
= tan

(∣∣∣∣∂R∞(λ,x)

∂x

1

R∞(λ,x)

∣∣∣∣) . (20)

Learning-based Prior Estimation Module. Wang et al.
[15] follow Gaussian color models [4] and CIConv [10] to
obtain priors from RGB images. First, Wang et al. [15]
estimate the observed energy Ê along with its derivatives
Êλ and Êλλ via linear mapping: Ê(x, y)

Êλ(x, y)

Êλλ(x, y)

=W

R(x, y)
G(x, y)
B(x, y)

 , (21)

where x and y denote positions in the image, and W is a
3 × 3 matrix. In [4, 10], W is manually defined. Wang
et al. [15] instead learn it from the distribution of natural
images through a prior-to-image framework.

The spatial derivative ∂E/∂x in Eq. (20) is computed in
both the x- and y-direction, denoted as ∂E/∂x = (Ex, Ey),

with its magnitude given by |∂E/∂x| =
√
E2

x + E2
y . Fi-

nally, E, Ex, and Ey are estimated by convolving Ê with
Gaussian color smoothing and derivative filters of scale σ.
σ is predicted from the input image. Similarly, Eλ is ob-
tained from Êλ, and Eλλ is obtained from Êλλ. Now we
can compute H , C, and W from the input image.
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E. More details of implementations
E.1. Implementation Details

We implement our framework via the PyTorch 1.8 platform
on a NVIDIA RTX 4090 GPU. We adopt AdamW [12] op-
timizer with parameters β1 = 0.9 and β2 = 0.99 to op-
timize our network. We train our network with patch size
128 × 128 and batch size 24. The initial learning rate is
2× 10−4, which changes to 5× 10−4, and finally decreases
to 1×10−6, following Cosine Annealing scheme. Note that
we set the bin size B of event voxels as 6. The training ob-
jective is to minimize the Charbonnier loss [1] between the
ground truth and the enhanced image.

E.2. Datasets

We use five datasets, including SDE-indoor, SDE-outdoor,
SDSD-indoor, SDSD-outdoor, and RLE, to validate the ef-
fectiveness of our proposed method, and for a fair com-
parison, we retrained the previous six methods on the RLE
dataset.

SDE: The SDE dataset [11] utilizes a robotic alignment
system equipped with a DAVIS346 event camera to cap-
ture spatially paired low-light and normal-light sequences.
Through a matching alignment strategy, it achieves high-
precision temporal alignment across 91 sequences. The res-
olution of both image and event data is 346×260. Following
the original setup, 76 sequences are allocated to the training
set, while the remaining 15 sequences are designated for the
testing set.

SDSD: The SDSD dataset [14] employs a camera
mounted on an electromechanical rail system to capture 150
paired normal-light and low-light video sequences, with an
original resolution of 1920×1080. We utilize the Liang
et al. [11] released version, which includes synthetic event
data and has a resolution of 346×260. Following the same
dataset partitioning strategy, 125 sequences are used for
training, and 25 sequences are reserved for testing.

RLE: The RLE dataset (Ours) utilizes an optical system
comprising two RGB cameras and one event camera to cap-
ture 7,888 pairs of low-light and normal-light images with
a resolution of 1024×768, along with event data during the
exposure time. The dataset encompasses complex motions
across various scenarios. We allocate 4,877 pairs for train-
ing and 3,011 pairs for testing.

E.3. Loss Function

We use the Charbonnier loss [1] to train our network in an
end-to-end fashion:

Lchar =

√∥∥∥Î−G
∥∥∥2 + ϵ2 (22)

where Î is the predicted image, and G is the ground truth.
The constant ϵ is empirically set to 10−3 for all the experi-

ments as in [18].

E.4. Metrics

We utilize the widely recognized Peak Signal-to-Noise Ra-
tio (PSNR) [5] and Structural Similarity Index (SSIM) [16]
as our primary metrics for evaluating image enhancement.
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