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6. Working mechanism of spike camera

As introduced in Sec. 3.1, the spike camera captures the
scene in a continuous accumulation and trigger mechanism.
We also describe this working mechanism with a finite state
automaton (FSA), as shown in Figure 6. Each pixel in the
spike camera asynchronously accumulates the incoming pho-
tons and readout the triggered spikes at a high sampling rate
(e.g., 20,000 Hz). Spike pixel starts with an initial voltage
FE = 0, and accumulates the incoming photons A7 during
the last period (e.g., 1/20000 s) with a conversion ratio «. If
the accumulated voltage E¥ + o AT exceeds the pre-defined
threshold E,;, the pixel will trigger a spike (readout 1) and
reset the voltage. Otherwise, the pixel will not trigger a spike
(readout 0) and keep the accumulated voltage.

7. Additional implementation details

The results of the compared methods, except for CSp-
kNet [3], are produced using the codes and checkpoints
provided by their authors. For CSpkNet [3], since only the
code is obtained, we retrained following the original paper
with synthetic dataset. We used the same spike model as
these methods in simulation to ensure fairness. Note that TFI
and TFP are not learning-based methods. Instead of starting
from the completely random initialization Z, we utilize an
intermediate latent state to accelerate the diffusion process,
which is widely used in diffusion pipelines:

Z{;S = \/O_ZE(Y)‘F 1*0_41552, ZNN(O,I) (19)
The hyperparameter k controls the smoothness of soft quanti-
zation (higher & approaches harder quantization). We empir-
ically select k& = 50 in experiments for best reconstruction
quality, as shown in Tab. 4.
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Figure 6. Spike camera working mechanism described using finite
state automaton, where F denotes the accumulated voltage, Fyy,
denotes the voltage threshold, o denotes the conversion ratio, and
AT denotes the incoming photons during last accumulation period.

To collect the real-captured chromatic spike dataset for
qualitative evaluation, we use Spike M1K40-H2-Gen3 (chro-
matic version) from SpikeSee', which captured Bayer-
pattern spike streams at 20, 000 Hz, with a spatial resolution
of 1000 x 1000, as shown in Figure 7.

8. Additional experiments results

8.1. Additional qualitative results

Real-captured chromatic spikes. We conduct additional
experiments on real-world captured chromatic spikes to ana-
lyze the performance of our proposed method qualitatively.
As shown in Figure 8(a), we spin the umbrella with rainbow
colors in front of the light source. Our proposed SpikeDiff
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Figure 7. Spike M1K40-H2-Gen3 (chromatic version) camera. We
use this camera to capture spike streams for evaluation on real data.

recovers the accurate rainbow colors with clean and sharp
textures, leading to apparently better visual quality than
other methods. As for Figure 8(b), we capture the rotating
fan before the color checkerboard. As the time interval of
chromatic spikes is limited to 0.5 ms, all methods are free
of motion blur. But most method suffer from noise pertur-
bation or over-smoothing. In contrast, SpikeDiff recovers
clean and high-quality frames. In Figure 8(c-d), we focus on
another rotating fan with color tapes. SpikeDiff successfully
recover the color, suppress the noise, and preserve the sharp
edges in highlighted areas. In conclusion, the additional
qualitative evaluation demonstrates the superiority of our
proposed method over existing chromatic spike reconstruc-
tion methods, especially in terms of chromatic spikes from
sub-millisecond time intervals.

Simulated chromatic spikes. As described in Sec. 4, we
generate a synthetic chromatic spikes dataset from high-
frame-rate videos to evaluate the performance of our pro-
posed method quantitatively. We further visualize the re-
construction results of SpikeDiff and existing methods on
the synthetic dataset in Figure 9, together with the ground
truth frames. The results show that our proposed method can
recover video frames with the best visual quality, demon-
strating the effectiveness of our proposed method.

8.2. Analysis of the degradation operators

Visualization of degradation process. We provide de-
tailed visualization of the degradation process in the calcula-
tion of chromatic spikes’ likelihood. As shown in Figure 13,
our proposed degradation operators, including mosaicking
M, color casting C, and quantization O, gradually trans-
form the sampled video frame X, to the same distribution
as SFR frames Y . Firstly, the mosaicking operator degrades
the colored image to a Bayer-patterned mosaic image, whose
debayering result is illustrated for better visualization, pro-
ducing similar color bleeding as the SFR estimations in the
blur bounding boxes. Consequently, the color casting opera-
tor transforms the mosaic image to the color distribution of
SFR frames. Finally, a soft quantization operator is applied

Table 4. Analysis of the hyperparameter k in soft quantization.

k |PSNRT SSIMt FID| NIQE| IL-NIQE|

10| 17.088 0.589 5.115 6.787 45.029
50| 18.694 0.750 2.880 5.173 38.535
200 | 17.889 0.542 4.127 6.795 49.158

Table 5. Quantitative evaluation of our proposed method SpikeDiff,
with and without multiscale enhancement.

Method | PSNRT SSIMt FID| NIQE, IL-NIQE/|
w/ Multiscale | 18.694 0.750 2.880 5.173  38.535
wio Multiscale | 17.549  0.570 3.706 6.809  48.350

to each pixel and conducts a quantization pattern similar to
the SFR frames, as indicated by the red bounding boxes.

Handling of color casting. To further demonstrate the
superiority of our proposed method over existing chromatic
spike reconstruction methods, which do not consider color
casting in their models, we adapt these methods to convert
their final outputs to the desired color distribution with gray
world assumption (the same as ours). As shown in Figure 10,
introducing color casting to existing methods can slightly
improve their visual quality, but the noise and artifacts in the
results cannot be eliminated. And our simulated dataset is
free of color casting effects, thereby eliminate the potential
influence of color casting in quantitative evaluations.

8.3. Analysis of time intervals

SpikeDiff is the first zero-shot method that can recover high-
quality video frames from noisy real-captured chromatic
spikes, even with extremely limited time intervals, e.g., sub-
millisecond. All the existing deep learning-based methods
require much more spikes (e.g., > 2ms) to leverage richer
information and suppress the noise with motion estimation.
However, most of these methods suffer from the inaccurate
estimation of optical flow and imperfect noise modeling,
producing unsatisfactory results even with longer time in-
tervals. As shown in Tab. 6, our proposed SpikeDiff also
outperforms existing methods with longer time intervals as
their declarations among most of the metrics.

8.4. Analysis of multiscale enhancement

We conduct quantitative analysis on the effectiveness of mul-
tiscale enhancement in our proposed method. As shown
in Table 5, the multiscale enhancement improves the per-
formance of SpikeDiff, with only negligible 0.5G FLOPs
increase.

8.5. Comparison to diffusion-based methods

We compare our proposed method with other diffusion-based
methods [4, 7], by applying the pretrained image / video
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Figure 8. Additional qualitative comparison between our proposed SpikeDiff and existing reconstruction methods on real-captured chromatic
spikes. All results are recovered from sub-millisecond chromatic spikes (0.5ms). Details in red / blue bounding boxes are shown on the top.

Table 6. Quantitative comparison of the proposed SpikeDiff (with
0.5ms time intervals) with existing chromatic spike reconstruction
methods (with > 2.0ms time intervals, satisfying the original dec-
laration of each method). The best and second-best results are
highlighted in red and blue, respectively.

Method | PSNRT SSIMT  FID| NIQE| IL-NIQE|
SpikeDiff (0.5ms) | 18.694 0.750 2.880 5.173  38.535
SY24 6] (3.0ms) | 14.163  0.629 20239 10.199  80.243
SIDD [2] (2.0ms) | 11.250 0505 7.843 7.855  41.079
3DRI[1](2.0ms) | 21.618 0.625 5991 8345 41816

CSpkNet [3] (2.0ms) | 14393 0.744 3473 5982  40.066

TFP [8] (2.0ms) | 13429 0449 14986 13.089  60.693

TFI[8] (2.0ms) | 16.924 0700 3.449 11.556  49.377

restoration diffusion pipelines to the SFR frames Y. As
shown in Figure 12, the naive application of these diffu-

sion models leads to unsatisfactory results, where the recon-
structed images suffer from severe artifacts, e.g., producing
generated textures or suffering from quantization effects. In
contrast, our proposed method effectively suppresses the gen-
erative artifacts, recovers the color information, and achieves
a more visually pleasing result. This comparison demon-
strates the effectiveness of video diffusion-based posterior
estimation, which combines the existing diffusion pipeline
with the external physics-based guidance from the spikes.
Note that we integrate color casting as pre-processing for
these methods to eliminate its potential influence. Compared
to these methods, SpikeDiff leverages additional physics-
based guidance from chromatic spikes via differentiable
operators, avoiding the instability of applying techniques
like token merging to spikes, particularly regarding optical
flow dependencies. Instead, SpikeDiff achieves temporal
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Figure 9. Visualization of the chromatic spike reconstruction results on synthetic dataset. The chromatic spikes are simulated from real-world
high-frame-rate videos. All the results are reconstructed from sub-millisecond chromatic spikes (0.5ms). SpikeDiff achieves the best visual
quality and texture preserving among all the methods. Details in red / blue bounding boxes are shown on the top.

consistency by leveraging high-fidelity reconstruction from
time-continuous chromatic spikes.

9. Further discussion

9.1. Alternative SFR estimation

As we introduced in Sec. 3, our proposed method SpikeD-
iff starts from the spike firing rate (SFR) estimations Y,
which is perturbed by spike noise, integrate SFR frames
into the diffusion-based posterior sampling process via chro-
matic spikes’ likelihood estimation, and finally recover high-
quality video frames from these SFR frames. Despite the
SFR estimation method we used in Eq. 4 (TFP [8]), there is
another method (TFI [8]) which calculates the firing interval
between two adjacent spikes and then takes its reciprocal as

the estimation of firing rate:

YI(Z.? T) = 1/(Tnext - Tlast)a (20)
Toext = min{7’ > 7|S(i,7") = 1}, 21
Tast = max{7’ < 7|S(i,7") = 1}. (22)

However, as shown in Fig. 4, the noise contamination of
TFI does not follow the same pattern as TFP, which cannot
be assumed as a Gaussian distribution. In experiments, we
demonstrate that directly replacing Y with Y in SpikeD-
iff leads to significant artifacts in generated video frames,
highly related to the noisy pixels in the SFR frames, which
is consistent with our hypothesis, as shown in Figure 14.
Therefore, our proposed method is not compatible with TFI
estimations. We believe it requires additional noise model-
ing and optimization designs to integrate TFI into diffusion-
based posterior sampling, due to its out-of-distribution noise
characteristics.
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Figure 10. Qualitatively comparison between our proposed SpikeDiff and other chromatic spike reconstruction methods, with color casting
based on gray world assumption as post-processing for other methods. Compared to Fig. 4 and Figure 8, the correction of color distribution
slightly improves the visual quality of other reconstruction methods, but cannot eliminate any noise or artifacts.
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Figure 11. Qualitatively comparison between our proposed SpikeDiff (with 0.5ms time intervals) and other chromatic spike reconstruction
methods (with > 2.0ms time intervals, satisfying the original declaration of each method). With longer time intervals, existing methods
either suffer from motion blur or residuary noisy pixels. Our proposed SpikeDiff recovers the most clean and visually pleasant reconstruction

results even with sub-millisecond spikes.

DiffBIR DiffIR2VR-Zero
Figure 12. Comparison to image/video restoration diffusion models,
i.e., DiffBIR [4], DifflR2VR-Zero [7]. Although color casting
can be integrated as pre-processing, directly application of these
diffusion-based image/video restoration methods still suffers from
quantization and serious generation artifacts, while SpikeDiff can
produce high-quality results faithful to the chromatic spikes.

SpikeDiff
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Figure 13. Detailed visualization of the degradation process. The
blue bounding boxes show the effects of our mosaicking operator,
and the red bounding boxes demonstrates the effectiveness of our
soft quantization operator.
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Figure 14. TFI-based SFR estimation and the corresponding re-
sult from adapted SpikeDiff pipeline. The white noisy points in
recovered frames are caused by the out-of-distribution noise from
TFI-based SFR estimation.

9.2. Further reduced time-intervals

Our proposed method SpikeDiff already achieves high-
quality reconstruction from sub-millisecond chromatic
spikes, and outperforms existing methods with much longer
spike streams as input (e.g., 2.0 to 3.0 ms), as demonstrated
in Figure 8 and Table 6. Beyond of this, we also conduct
experiments on further reduced time intervals, e.g., 0.1 ms,
equivalent to only 2 spike frames. However, due to the miss-
ing of texture information and perturbation of noisy spikes in
extremely limited time intervals, even our proposed method
still cannot recover clean frames from such input.

9.3. Inference speed analysis

Integrating pretrained diffusion models into chromatic spike
reconstruction problem provides principled priors to elim-
inate the potential spike noise, but it also requires a large
amount of computation resources. In our experiments, we



Table 7. Offline inference speed of SpikeDiff and other methods to
recover a video frame from chromatic spikes, benchmarked with
Intel 19-12900K and NVIDIA RTX3090, averaged over 50 runs.

Method ‘YSZ4 3DRI SJDD CSpkNet SpikeDiff Baseline

Runtime (s)‘ 007 125 322 0.51 20 12.5

Table 8. FLOPs of SpikeDiff and other methods to recover a single
frame from chromatic spikes.

Method | YS24 3DRI SIDD CSpkNet SpikeDiff
TFLOPs | 0.65 1238 3030  4.53 182.72

compare the inference speed and floating point operations of
SpikeDiff with other chromatic spike reconstruction meth-
ods, as shown in Table 7 and Table 8. The inference speed
of our proposed method is slower, but we believe it is ac-
ceptable for offline processing tasks, and SpikeDiff achieves
zero-shot reconstruction with a dominant performance in
terms of extremely short time interval. Additionally, SpikeD-
iff can leverage accelerating techniques from diffusion mod-
els, e.g. DeepCache [5], which can mitigate this problem but
is beyond our scope. And diffusion techniques such as mask-
shift sampling can also be integrated to SpikeDiff, which
can improve the spatial resolution.
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