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In the supplementary material, we provide details of
our hardware platform in Sec. 5.1, details of our simulator
in Sec. 5.2, additional implementation details in Sec. 5.3,
and additional qualitative results in Sec. 5.4.

5.1. Details of hardware platform
In this approach, we utilize the “Spike M1K40-H2-Gen3”
spike camera, which supports a sampling rate of 20,000 Hz.
The high-speed motor, “SOYG 3420 24V”, drives the fil-
ter rotation at 1800 RPM. The SpokeND filter is custom-
fabricated with a 10 mm diameter, constructed by attaching
multiple optical films with varying attenuation levels onto a
transparent optical resin.

5.2. Details of simulator
Existing spike simulators [1, 2, 12, 13] are not designed
to support multi-attenuated spike generation. To accom-
modate our experimental setup, we develop the multi-
attenuated spike simulator tailored to our spoke-pattern at-
tenuation model. This simulator takes video datasets as in-
put and applies tone mapping to simulate realistic illumi-
nation in HDR scenes. To introduce multiple attenuation
levels, we firstly generate the spoke-pattern mask according
to our custom-designed SpokeND filter. The mask is then
rotated by an angular step consistent with the actual rota-
tional speed of the SpokeND filter to reflect temporal vari-
ation. For the incident light intensity, i.e., the pixel value of
the ground truth frame, is modulated by the mask at each
pixel. For the spike generation, we set the sampling interval
parameter to determine how many spike frames each video
frame represents.

To bridge the domain gap between synthetic and real-
world data, we augment the synthetic data by applying ran-
dom Gaussian blur to each spoke-pattern mask, simulating
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the lens defocus discussed in Section 3.2. Additionally, sim-
ilar to the prior work [13], we incorporate both temporal and
spatial noise simulations to enhance the realism of the syn-
thetic spikes.

5.3. Additional implementation details

The ReGain module employs a modified U-Net [35] back-
bone enhanced with the self-attention mechanism. The en-
coder comprises a series of convolutional blocks with pro-
gressively increasing channel depth (32 → 64 → 128 →
256), where downsampling is performed via strided convo-
lutions. Each encoder layer consists of two convolutional
blocks with Leaky ReLU activation. The bottleneck inte-
grates a multi-head self-attention [38] mechanism to expand
the receptive field, followed by two additional convolutional
layers for deep feature refinement. In the decoder, skip
connections are employed to facilitate high-fidelity spatial
reconstruction. The ReFine module shares similar struc-
tures with ReGain module, The encoder consists of four
convolutional stages with increasing channel depth (4 →
8 → 16 → 32). Each encoder block stacks two convolu-
tional layers with leaky ReLU activation and batch normal-
ization [15]. The decoder mirrors the encoder in structure
and includes bilinear upsampling followed by convolution,
with skip connections from the encoder. The final output is
produced via a 1×1 convolution followed by an upsampling
layer to match the target resolution. Regarding the param-
eter settings in this approach, ∆g is set to 0.5 ms, and K is
empirically chosen as 4. ∆f can be configured to any value
greater than 0.5 ms, allowing the frame rate to reach up to
2000 FPS.

ReST-Net is implemented using PyTorch [34] and
trained on a single NVIDIA RTX 4090 GPU. We first train
the ReGain module for 50 epochs, followed by training the
ReFine module for 30 epochs. During both training stages,
we use a batch size of 8 and adopt the Adam optimizer with
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Figure 8. For Fig. 5 (a) in the main paper, we additionally simulate multi-attenuated and non-attenuated spikes to show the effectiveness
of the SpokeND filter. The images reconstructed form non-attenuated spikes suffer from over-saturation.
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Figure 9. Additional visual equality comparison of synthetic data between the proposed method and compared methods, i.e., TFI and
TFW [14].The ground truth image is tone-mapped for better visualization.

an initial learning rate of 0.0001. α1 and α2 are set to be
0.4 and 1.0. β1, β2, and β3 are set to 0.4, 1.0 and 1.0, re-
spectively.

The average inference time of ReST-Net is 21.53 ms per

frame, corresponding to an overall output rate of 46.44 FPS.
In terms of model size, the ReGain module contains 19.3
million parameters (73.74 MB), while the ReFine module
comprises 449K parameters (1.72 MB), demonstrating the
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Figure 10. Additional visual equality comparison of synthetic data
between the proposed method and compared methods, i.e., TFI,
TFW [14], and Spk2ImgNet [43].

efficiency of our two-stage architecture.

5.4. Additional qualitative results
Ablation study. To further validate the necessity of
the SpokeND filter, we simulate HDR scenes as shown
in Fig. 8. Without the SpokeND filter, the non-attenuated
spikes exhibit saturated triggering in high-intensity regions.
Under such conditions, the loss of information makes it im-
possible for all the methods to reconstruct textures in the
saturated areas. More detailed ablation studies in Table 2
demonstrate effectiveness of attention module and the se-
lect of time window. Removing the attention module leads
to noticeable performance degradation. Moreover, the input
layer is designed to process a time window of 2K +1 spike
frames, spanning 10 ms to cover a full attenuation cycle.

Table 2. More ablation studies.

Table A. Detailed ablation study
Metrics Ours(K = 9) w/o ReGain w/o ReFine w/o Attention K = 1 K = 3

PSNR↑ 34.27 21.89 31.48 32.34 28.04 30.81
SSIM ↑ 0.916 0.789 0.900 0.914 0.872 0.873

Compare with existing methods. We show more com-
parison results with existing methods on synthetic data
in Fig. 9. As shown, our method reconstructs sharp
video frames. Although TFW-200 [14] can also miti-
gate the spatial variation introduced by the rotating filter
through temporal averaging, it tends to produce notice-
ably blurred results. We further demonstrate the utility of
the SpokeND filter by employing standardized spike data
for fair comparison with one state-of-the-art reconstruction
method (e.g., Spk2ImgNet [43]). As shown in Fig. 10,
Spk2ImgNet [43] introduces motion-blur artifacts and no-
ticeable noise, whereas our method produces cleaner recon-
structions.
Motion limits. Aliasing and harmonic synchronization
pose challenges for mechanical modulation. As illustrated
in Fig. 11, we conduct experiments with a fan at 3 rotation
speeds (240, 600, and 1800 RPM) to further investigate the
motion limits: Our method is capable of handling a fan ro-
tation speed of 240 RPM, where the fan rotates 1◦ in just
0.7 ms.
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Figure 11. Test on a high-speed fan: Reconstructed results show
motion blur at ultra-high rotational speeds.
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