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Abstract

As a retina-inspired sensor with ultra-high temporal resolu-
tion, spike camera can continuously capture dynamic scenes
with high-speed motion. It is a key task to restore clear im-
ages from spike streams. The quantization effects in spike
readout bring degradation to the visual quality of restored
images. To tackle the degradation without introducing mo-
tion blur, existing methods often employ a short-term tem-
poral window to infer the light intensity at a certain time
point. However, these methods only focus on the spike signals
within the current window, which limits their performance.
Motivated by the human-like memory mechanism for visual
signals from the retina, we explore Spike Stream Memory
Transfer (SSMT) to restore the dynamic scenes, considering
spike signals beyond the window. Specifically, we design a
framework that leverages temporal memory by transferring
previously inferred light intensity and motion to enhance cur-
rent reconstruction. The framework enables a long-term tem-
poral perception of spike streams to handle the spike quan-
tization effects. Besides, we utilize the estimated motion to
suppress the potential blur from inter-stream clips, consider-
ing the underlying motion of spike streams. We also develop
a spike interval-guided alignment module to tackle the blur
from intra-stream clips. Experimental results on both syn-
thetic and real-captured data demonstrate that our method can
restore high-quality images from spike streams.

Code — https://github.com/csycdong/SSMT

Introduction
With the prevalence of high-speed vision applications, such
as robotics, autonomous driving and industrial inspection,
the demand for cameras that can capture high-speed motion
and respond quickly is increasing. Due to exposure time lim-
itations, conventional digital cameras often produce motion
blur when capturing dynamic scenes, making them unsuit-
able for many high-speed vision applications.

Spike camera (Zhu et al. 2019; Zhao et al. 2021c; Zhu
et al. 2025b,a) shows great potential in high-speed imag-
ing, which is a neuromorphic sensor with ultra-high fre-
quency (e.g, 40,000Hz). Mimicking the human retina, spike
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Figure 1: Dynamic scene reconstruction for spike cameras.
Most existing methods focus on a short window of spike
frames to restore images. We propose to transfer the spike
stream memory (SSM) for long-term temporal perception.

camera records dynamic scenes by continuously accumulat-
ing incoming photons and generating a binary spike signal
stream. In particular, a spike will be fired whenever the ac-
cumulated photons reach a predetermined threshold. Differ-
ent from another neuromorphic sensor called event camera,
spike camera captures absolute light intensity rather than in-
tensity changes. Recently, many studies of spike cameras
have been performed, such as image reconstruction (Zhao
et al. 2021b; Dong et al. 2022b; Hu et al. 2024a; Zhao et al.
2024b), and motion estimation (Zhao et al. 2022; Hu et al.
2022; Zhao et al. 2024a; Xia et al. 2024).

Image reconstruction is a key task for spike cameras,
which aims to restore clear images from the output spike
streams. The restored high-frame-rate images of dynamic
scenes can be used for many downstream tasks. In real spike
camera sensors, the readout of spike signals is not at any
time but is controlled by a discrete clock signal. Thus, there
are quantization effects in spike streams. The quantization
effects bring randomness to the spike signals, resulting in
visual quality degradation of restored images.

To handle the degradation by quantization effects, exist-
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ing reconstruction methods (Zhao, Xiong, and Huang 2020;
Zhao et al. 2021c,b; Zheng et al. 2021; Chen et al. 2022;
Zhang et al. 2023) often employ a temporal window of
neighboring spike signals. Considering the underlying mo-
tion of spike streams, the window tends to be short to avoid
introducing potential motion blur. However, most of these
methods only focus on the spike signals within the short-
term temporal window, as shown in Fig. 1. The lack of ex-
ploitation of long-term temporal perception, which means
utilizing spike signals from non-local time points, may limit
the visual performance of their restored texture details, es-
pecially for areas of sparse spikes.

The human retina continuously encodes incoming light
into neural signals, which are transmitted to the brain to per-
ceive light intensity and motion of the dynamic scene. The
memory mechanism of the brain allows it to interpret the
current scene with the aid of previous observations. Moti-
vated by the mechanism, we explore a Spike Stream Mem-
ory Transfer (SSMT) strategy for spike camera image recon-
struction, which enables long-term temporal perception.

In our paper, we design a framework that transfers the
spike stream memory of previously inferred light intensity
and motion for dynamic scene reconstruction of spike cam-
eras. As neighboring stream clips share similar texture de-
tails, the memory of intensity can enhance the current re-
construction. Considering the motion continuity, the motion
memory can also aid motion estimation. By utilizing the es-
timated optical flows, we suppress potential blur from inter-
stream clips during the intensity transfer. In most cases, the
restored previous intensity is imperfect, resulting in an in-
accurate warped result. Therefore, we employ a learnable
flow head (LFH) to make the flow adaptive for reconstruc-
tion. Besides, spike intervals can better reflect the intensity
structure in the spatiotemporal domain for feature matching.
Thus, we input spike intervals for motion estimation. We
also design a spike interval-guided alignment (SIA) module
to handle potential blur from intra-stream clips.

Experiments demonstrate that our SSMT-based method
achieves state-of-the-art (SOTA) performance on both syn-
thetic and real-captured spike streams. Our main contribu-
tions can be summarized as follows:
• We explore the spike stream memory transfer method

and propose a framework that utilizes previously in-
ferred light intensity and motion to enhance reconstruc-
tion, achieving long-term temporal perception.

• We present an SSMT-based motion estimation strategy
for spike cameras. By motion estimation and our spike
interval-guided alignment module, we tackle potential
blurs from inter- and intra-stream clips when aggregat-
ing long-term spike signals, respectively.

• Experiments on both synthetic and real-captured spike
streams demonstrate that our method achieves the SOTA
reconstruction performance of spike cameras.

Related Work
Dynamic Scene Reconstruction of Spike Camera
Non-Learning-based Methods. As the first attempt, TFI
and TFP (Zhu et al. 2019) employ spike intervals and spike

counts within a temporal window to infer the light inten-
sity from spike streams, respectively. Zhao, Xiong, and
Huang (2020) develop a motion-aligned filter (MAF) for
spike streams to suppress the motion blur. Inspired by the
short-term plasticity (STP) mechanism, TFSTP (Zheng et al.
2021) can restore high-quality images with low computa-
tional complexity. Besides, Zhao et al. (2021a) leverage rel-
ative motion and derive the relationship between intensity
and each spike to restore high-resolution images. Designed
for color spike cameras (Dong et al. 2024c,b,a, 2025b,c,a),
3DRI (Dong et al. 2022a) is proposed to restore color images
from the Bayer-pattern spike stream. These methods usually
explicitly exploit temporal properties of spike streams.
Learning-based Methods. With a progressive structure,
Spk2ImgNet (Zhao et al. 2021b) is the first reconstruc-
tion network for spike cameras. Zhang et al. (2023) utilize
temporal-robust features in the time-frequency domain with
wavelet transforms, resulting in another network WGSE.
Based on the spike neural network, SSIR (Zhao et al. 2023b)
achieves low energy consumption. Fan et al. (2024) design
the spatiotemporal interactive network STIR to jointly per-
form feature alignment and filtering, achieving the SOTA
performance. In addition, Xiang et al. (2021) and Zhao et al.
(2023a) explore end-to-end networks to reconstruct high-
resolution images from low-resolution spike streams. Be-
sides, Chen et al. (2022) propose SSML to enable training
reconstruction models without ground truth images.

Dynamic Scene Reconstruction of Other Sensors
Event Camera. As another type of neuromorphic sensor,
event cameras (Kai, Zhang, and Sun 2023; Kai et al. 2024,
2025; Xiao et al. 2024; Ding et al. 2022) capture inten-
sity changes of dynamic scenes. To restore images, Kim
et al. (2008) introduce an Extended Kalman Filter, leverag-
ing photometric constancy. Rebecq et al. (2019) propose the
classic E2VID model and achieve promoting visual qual-
ity. Hyper-E2VID (Ercan et al. 2024) employs hypernet-
works for adaptive filters on a per-pixel basis. Besides,
Weng, Zhang, and Xiong (2021) present a hybrid CNN-
Transformer network for event-based image reconstruction.
Quanta Image Sensor (QIS). Unlike spike cameras and
event cameras, QIS (Dutton et al. 2015, 2014) is designed for
low-light applications. In particular, the high-frequency sen-
sor can detect individual photons through spatial and tem-
poral oversampling. Choi, Elgendy, and Chan (2018) pro-
pose the first reconstruction network to restore images with
a QIS. To address the challenges of dynamic scenes under
low-light conditions, Chi et al. (2020) introduce a training
strategy where a student network learns by distilling knowl-
edge from motion and denoising teachers.

Preliminary of Spike Camera
The spike camera contains an array of pixels that work inde-
pendently. As shown in Fig. 2, the spike camera mimics the
human retina structure and mechanism. Specifically, each
pixel includes a receptor, an integrator and a comparator. To
capture dynamic scenes, the pixels continuously accumulate
incoming photons and fire spikes. Specifically, the pixel re-
ceives photons through the receptor and converts them into
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Figure 2: Spike camera mechanism, where (x1, y1) and
(x2, y2) denote pixels with dense and sparse spikes, respec-
tively. The firing time gaps lead to quantization effects.

electric charges for the integrator. When the accumulated
charges reach a threshold θ according to the comparator, the
pixel triggers a spike-firing flag. Subsequently, the integra-
tor is reset, initiating a new “integrate-and-fire” cycle. The
accumulation can be written as (see (Zhao et al. 2021c))

A(x, y, t) =

∫ t

0

η · P(I(x, y, τ ))dτ mod θ, (1)

where (x, y) denotes the spatial coordinate of the pixel, t
denotes its time point, η denotes the photoelectric conver-
sion rate, P(·) denotes Poisson process of photon arrival,
and I(x, y, τ) denotes the light intensity.

In theory, the firing flags should be checked immediately.
However, the flag status is read out as a discrete-time signal
under the control of a clock in real implementation, as shown
in Fig. 2. The time gaps result in the quantization effects
of spike signals. At the n-th checking time point, we have
the spike signal Sn(x, y) = 1 if the firing flag is presented;
otherwise, the signal is read out as 0. As a result, the spike
camera generates a spike stream {Si}Ni=1 with a shape of
N ×H ×W , where N denotes the number of spike frames
in the stream, and H ×W denotes the spatial resolution.

Method
Motivation of Spike Stream Memory Transfer
The human visual system continuously receives incoming
photons through the retina. Then the visual signals are en-
coded into neural signals and transmitted to the brain for
imaging. Beyond current visual perception, the brain can re-
tain the memory of recent observations, involving previous
light intensity and motion of the dynamic scene. The mem-
ory can aid in understanding the current scene.

The spike camera mimics the structure and mechanism
of the retina. The incoming photons are encoded into con-
tinuous spike signals by the spike camera. Existing methods
have shown the effectiveness of neural networks for imaging
from spike signals. Inspired by the memory mechanism of
the brain, we explore introducing the spike stream memory
(SSM) to networks to assist image reconstruction. As spike
streams also contain the underlying intensity and motion, we
can transfer SSM based on previous stream clips.

As shown in Fig. 3, most existing methods only consider
spike signals within the current temporal window, limiting
their temporal perception ranges. Due to the quantization ef-
fects and sensor noise, we need to perceive sufficient spike

Clip 1 Result 1Net

Clip 2 Result 2Net

Clip 3 Result 3Net

Clip n Result nNet

Clip 1 Result 1Net

Clip 2 Result 2Net

Clip 3 Result 3Net

Clip n Result nNet

(a) (b)

1 00 0 0 0 01 1 1 1 1

Figure 3: (a) Inference from current spike stream clip. (b)
Inference with SSMT from previous clips. The colors of a
certain result indicate the perceived clips for inference.

signals in the temporal domain for high-quality imaging.
In contrast, the SSMT-based strategy can achieve long-term
temporal perception. For example, the memory of the first
clip can be transferred to the last inference stage.

Overall Architecture
Inspired by the analysis above, we propose a Spike Stream
Memory Transfer (SSMT)-based method to restore images
from the spike stream. The overall architecture is presented
in Fig. 4, which involves an initial reconstruction network
and our SSMT-based reconstruction and motion estimation
networks. In our method, we perform pre-training for the ini-
tial reconstruction and SSMT-based motion estimation net-
works. With the pre-trained models with frozen parameters,
we train the SSMT-based reconstruction model.

As shown in Fig. 4, we employ a sliding spike frame win-
dow with the aid of previously inferred light intensity and
motion to restore the image of each time point. For the first
clip, we restore the image by the pre-trained model of an ex-
isting reconstruction method (e.g., STIR (Fan et al. 2024)).
For the following clips, we propose the SSMT-based recon-
struction network to restore images. As neighboring stream
clips share similar texture details, we transfer the previous
light intensity to the current stage for better visual quality.
Since spike intervals can better reflect the intensity struc-
ture for feature matching, we develop a spike interval-guided
alignment (SIA) module in our reconstruction network to
tackle the potential motion blur from intra-clips. To suppress
the potential blur from inter-clips during the transfer, we es-
timate the optical flow between the two clips to warp the pre-
vious intensity before encoding, which also employs spike
intervals. Considering the motion continuity between neigh-
boring time points, we transfer previously inferred optical
flows to aid current motion estimation.

SSMT-based Reconstruction
We propose to exploit the spike stream memory of light in-
tensity to handle the quantization effects of spike signals and
restore high-quality images with fine texture details.

Due to the underlying motion of the spike stream, there
is potential blur when directly restoring an image from the
whole input stream clip. Therefore, we first split the clip
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Figure 4: The overall architecture of our method, the structure of the SSMT-based reconstruction network, and its SIA module.

into three subclips and pass them to an encoder to extract
features, respectively. The features are denoted as FA

tj , j ∈
{1, 2, 3}, where tj is the middle time point of a certain sub-
clip. By our spike interval-guided alignment (SIA) module,
we align the other features to the features of the middle time
point to handle the feature offsets by intra-clip motion.

The spike interval (Zhu et al. 2019) is a basic spike stream
representation, which can be formulated as

Ωn(x, y) = Rn(x, y)− Ln(x, y), (2)

Rn(x, y) = argmin
i

{Si(x, y) = 1, i ≥ n} , (3)

Ln(x, y) = argmax
i

{Si(x, y) = 1, i < n} , (4)

where Ωn(x, y) denotes the spike interval for a certain pixel
(x, y) of the n-th read-out time point, and Rn(x, y) and
Ln(x, y) denote the time points of the left and right bound-
aries of the spike interval, respectively. Compared to binary
spike signals, spike intervals have more gradation levels and
can better reflect the intensity structure in the spatiotempo-
ral domain. As a result, spike intervals are more efficient for
feature matching. Thus, we guide the motion alignment by
spike intervals in the SIA module, which is based on de-
formable convolution (Dai et al. 2017). As shown in Fig.
4, we concentrate the features and interval frames of t2 and
another time point ta, which can be written as follows:

F̃A
ta = Concat

(
FA

ta ,F
A
t2 ,Ωta ,Ωt2

)
, a ∈ {1, 3}, (5)

where Ωta denotes the interval frame of the time point
ta, and Concat(·) denotes the channel-wise concatenation.
Guided by the intervals, we estimate the mask and offset for
deformable convolution and align the features as

F̂A
ta = DCN

(
FA

ta ,O
(
F̃A

ta

)
,M

(
F̃A

ta

))
, a ∈ {1, 3},

(6)
where DCN(·) denotes the deformable convolution layer,
and O(·) and M(·) denote the layers (see Fig. 4) for off-
set and mask estimation, respectively. Then we concentrate

the middle time point features FA
t2 and the aligned features

{F̂A
t1 , F̂

A
t3}, and pass them to the decoder. After that, we re-

store the preliminary image Ĩi from the i-th stream clip. The
process can be formulated as

Ĩi = FR
(
{Sj ,Ωj}iNs

j=(i−1)Ns+1

)
, (7)

where FR(·) denotes the main part of the reconstruction net-
work, and Ns denotes the spike frame count of each input
clip. The preliminary image is restored just from the cur-
rent clip. To restore finer texture details, we perceive more
spike signals by transferring the previous intensity Ii−1 to
the current stage. Due to the inter-clip motion, it is likely
to introduce blur during the intensity transfer. Therefore, we
warp Ii−1 by our estimated optical flow before employing
an encoder to extract the temporal information. Finally, we
obtain the restored image of the current stage by

Ii = Ĩi + Ew (W (Ii−1,wi−1,Nr
)) , (8)

where Ew(·) denotes the encoder for the warped image,
W(·) denotes the warping operation, and wi−1,Nr

denotes
the optical flow from the i-th clip to the (i− 1)-th clip.

As we focus more on an extensive SSMT-based frame-
work, the encoders/decoders are just implemented by several
(4/8) residual blocks (He et al. 2016). They can be replaced
by some more effective modules for better performance.

SSMT-based Motion Estimation
We also explore SSMT for more accurate motion estimation,
which is applied to the above intensity transfer. In particular,
we propose the SSMT-based motion estimation network for
spike cameras, built on the classic image motion estimation
network, RAFT (Teed and Deng 2020).

The key problem of motion estimation is pixel-level fea-
ture matching between two time points. As discussed above,
spike intervals can better reflect the intensity structure and
present advantages for feature matching. As a result, we es-
timate optical flow from the middle time point of the i-th clip
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Figure 5: The structure of the SSMT-based motion estima-
tion network. The symbol Nr = 8 denotes the number of
iterations of the recurrent decoder.

to that of the (i + 1)-th clip also by spike intervals, which
can be formulated as follows:

wi,Nr
= FM

(
{Ωj}2iNs

j=(i−1)Ns+1,wi−1,Nr

)
, (9)

where FM (·) denotes our SSMT-based motion estimation
network, wi−1,Nr

denotes the optical flow of the previous
stage, and Nr denotes the iteration count of the recurrent
decoder. As shown in Fig. 5, we keep most modules and the
main structure of RAFT. We adapt it to spike camera mo-
tion estimation with SSMT. We first extract features from
intervals of the two clips by two encoders and calculate the
all-pairs correlation. Guided by context features from the in-
tervals of the i-th clip, we estimate the optical flow wi,Nr

from the all-pairs correlation by the decoder.
Considering the motion continuity between neighboring

clips, we can estimate more accurate optical flow with the
aid of the previous optical flow. Thus, we propose to em-
ploy the downsampled previous optical flow w̃i−1,Nr

as
the initial low-resolution optical flow of the decoder, i.e.,
w̃i,0 = w̃i−1,Nr . Then the local correlation is looked up
from the all-pairs correlation. We calculate the motion fea-
tures FM

i,k−1 from the local correlation and the current flow.
With the context features FC

i , we update the hidden states of
the k-th iteration by ConvGRUs (Cho et al. 2014) as

hi,k = ConvGRU
(
hi,k−1,Concat

(
FM
i,k−1,FC

i

))
. (10)

After that, we can obtain the residual between w̃i,k and
w̃i,k−1 by the flow head. With the residual, we can calcu-
late the optical flow of the k-th iteration as follows:

w̃i,k = w̃i,k−1 + FlowHead (hi,k) . (11)

By upsampling the optical flow of the last iteration, i.e.,
w̃i,Ns

, we can obtain the estimated optical flow wi,Ns
to

warp the previously inferred image for light intensity trans-
fer. However, the image is not entirely accurate in most

cases, leading to an inaccurate warped result by the esti-
mated optical flow. To make the flow adaptive for recon-
struction, we employ a flow head with learnable parameters
during the end-to-end training of the reconstruction model.

Experiments

Experimental Settings

Training Details. For model training, we employ ℓ1 loss
function, Adam optimizer, and learning rate 10−4, which de-
cays to 0.9 times every 25 epochs. The batch size and patch
size are 8 and 96×96, respectively. According to previous
work (Zhao et al. 2021b; Chen et al. 2022; Zhang et al. 2023)
and discussion in (Zhao et al. 2023b), the spike frame num-
ber Ns of each input clip is 41. The stride s for each stream
clip in our approach is 20. The clip number of each training
sample Nc is 10. The pre-training of the initial reconstruc-
tion models employs the same settings. The pre-training of
our motion estimation models follows Spike2Flow (Zhao
et al. 2022). Besides, we use the PyTorch framework and
train the models via an NVIDIA RTX 3090 GPU.
Datasets. Since it is hard to collect lots of spike streams
with high-quality ground truth, we develop a spike cam-
era simulator to generate the datasets. Previous learning-
based methods (Zhao et al. 2021b; Chen et al. 2022; Zhang
et al. 2023; Hu et al. 2024b; Fan et al. 2024) have verified
the effectiveness of simulators. To be specific, we employ
the training set (240 scenes) and evaluation set (30 scenes)
of REDS-120FPS (Nah et al. 2019) to obtain our training
and evaluation sets. For each scene in the training set of
REDS-120FPS, we synthesize 15 spike stream samples from
different spatial areas (256×256). Each sample consists of
Ns + s(Nc − 1) = 221 spike frames. To verify the model’s
generalization ability on other datasets, we generate another
two evaluation sets with different motion and brightness dis-
tributions based on DAVIS (Pont-Tuset et al. 2017) and Go-
Pro (Nah, Hyun Kim, and Mu Lee 2017). The three synthetic
evaluation sets are denoted as REDS-SPK, DAVIS-SPK and
GoPro-SPK. To further verify the generalization, we exper-
imented with a set of widely used real-captured samples
(book, car, train, fan, and so on), denoted as Real-SPK.
Compared Methods. The compared methods consist of
three types. (A) non-learning-based methods: TFI (Zhu et al.
2019), TFP (Zhu et al. 2019), TFSTP (Zheng et al. 2021) and
MAF (Zhao, Xiong, and Huang 2020). (B) learning-based
methods (event cameras): ETNet (Weng, Zhang, and Xiong
2021) and Hyper-E2VID (Ercan et al. 2024). (C) learning-
based methods: SSML (Chen et al. 2022), WGSE (Zhang
et al. 2023), Spk2ImgNet (Zhao et al. 2021b) and STIR (Fan
et al. 2024). In particular, WGSE, Spk2ImgNet and STIR
serve as the SOTA image reconstruction methods for spike
cameras. As shown in Table 1, we employ the three SOTA
networks as our initial reconstruction methods for the first
spike stream clip, respectively. The input of the event-based
methods is also binary frames. We split the Ns binary frames
into 5 overlapped parts to adapt to their recurrent input.
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Method REDS-SPK DAVIS-SPK GoPro-SPK Real-SPK Running
TimePSNR ↑ SSIM ↑ LPIPS ↓ PSNR ↑ SSIM ↑ LPIPS ↓ PSNR ↑ SSIM ↑ LPIPS ↓ NIQE ↓ BRISQUE ↓

TFI 23.93dB 0.5994 0.4013 22.65dB 0.4685 0.6077 23.86dB 0.5545 0.5093 10.680 39.273 0.0131s
TFP 28.35dB 0.7046 0.3012 24.83dB 0.6448 0.4490 30.76dB 0.7649 0.2954 12.700 41.801 0.0003s
TFSTP 22.87dB 0.5272 0.4072 21.86dB 0.4340 0.6038 22.97dB 0.5089 0.5052 14.955 42.633 16.026s
MAF 34.31dB 0.9104 0.0835 28.47dB 0.8378 0.2167 36.79dB 0.9281 0.0691 5.6037 34.381 1.0193s
ETNet 37.67dB 0.9562 0.0379 34.52dB 0.9140 0.0965 41.38dB 0.9816 0.0152 4.8723 38.785 7.8268s
Hyper-E2VID 38.16dB 0.9600 0.0363 34.94dB 0.9174 0.0955 41.83dB 0.9833 0.0154 4.9671 40.253 0.4184s
SSML 37.13dB 0.9528 0.0518 33.50dB 0.9030 0.1328 40.86dB 0.9794 0.0204 5.6987 37.128 3.0927s
WGSE 39.43dB 0.9667 0.0305 35.58dB 0.9209 0.0867 42.54dB 0.9847 0.0131 4.8783 38.165 0.8819s
Ours + WGSE 40.28dB 0.9728 0.0255 36.46dB 0.9308 0.0783 43.09dB 0.9868 0.0126 4.4911 32.126 0.3906s
Spk2ImgNet 40.13dB 0.9719 0.0259 36.28dB 0.9319 0.0786 42.92dB 0.9862 0.0133 5.5243 40.253 1.3363s
Ours + Spk2ImgNet 40.37dB 0.9737 0.0238 36.53dB 0.9324 0.0771 43.12dB 0.9870 0.0122 4.4535 34.166 0.4342s
STIR 39.78dB 0.9706 0.0241 35.33dB 0.9233 0.0917 42.75dB 0.9857 0.0128 4.8051 40.464 0.1225s
Ours + STIR 40.35dB 0.9738 0.0230 36.45dB 0.9320 0.0787 43.11dB 0.9869 0.0119 4.4959 35.531 0.3126s

Table 1: Quantitative comparison of reconstruction performance and running time on the synthetic and real-captured evaluation
datasets. Red and blue indicate the best and the second-best performance, respectively.

Comparison with Existing Methods

Quantitative Results. Table 1 shows the quantitative com-
parison of reconstruction performance and running time.
The values come from the average across all the clips (Nc=
10) of each sample. According to the table, our methods
achieve the best PSNR/SSIM/LPIPS results on the three
synthetic evaluation sets with different motion distributions,
which verifies the performance advantages and the gener-
alization ability. Compared with the corresponding SOTA
methods, ours + WGSE, ours + Spk2ImgNet and ours +
STIR bring performance gains on all the datasets, respec-
tively. The performance gaps among our three methods with
different initial reconstruction methods are small, which
shows the stability of our methods. Among the non-learning-
based methods, MAF presents the best performance.

We implement experiments on Real-SPK to evaluate the
performance on real-captured spike streams without ground
truth. As shown in Table 1, ours + Spk2ImgNet and ours
+ WGSE achieve the best NIQE and BRISQUE results,
respectively. The phenomenon shows the generalization of
our models trained on the synthetic dataset. Our methods
also obtain performance gains over the three initial methods
on the real-captured data, respectively. As a non-learning-
based method, MAF achieves comparable NIQE/BRISQUE
results to the learning-based methods.

According to the running time comparison, our methods
achieve faster inference speeds than most of the learning-
based methods. TFP and TFSTP are the fastest and slowest
methods among all the methods. With better performance,
ours + Spk2ImgNet/WGSE achieves more than twice the in-
ference speed of Spk2ImgNet/WGSE.
Visual Results. Fig. 6 shows the visual comparison on real-
captured samples. The samples involve bright (dense spikes)
and dark (sparse spikes) scenes with high-speed motion, re-
spectively. In the figure, our methods achieve the best texture
details. Since TFP does not consider the underlying motion,
its visual results present significant blur.

Case Split Align SIA LIM PSNR(dB) of Ours +
WGSE S2INet STIR Avg.

(1) 39.59 39.64 39.56 39.60
(2) ✓ 39.89 39.95 39.88 39.90
(3) ✓ ✓ 39.95 40.06 39.99 40.00
(4) ✓ ✓ 40.05 40.14 40.07 40.09
(5) ✓ ✓ ✓ 40.28 40.37 40.35 40.34

Table 2: Ablation study for reconstruction, where SIA means
the spike interval-guided alignment module, S2INet means
Spk2ImgNet, and LIM means the light intensity memory.

Ablation Study

We implement ablation studies to verify the effectiveness
of the proposed strategies and modules. Table 2 presents
the studies for reconstruction. Case (1) is a baseline ver-
sion without spike clip splitting and light intensity memory
(LIM) transfer. Compared with Case (1), we split the input
spike clip in Case (2) to explore the impact. To verify the
effectiveness of alignment, we introduce a DCN-based mod-
ule to Case (2) to align features from the split parts, resulting
in Case (3). In Case (4), we replace the module in Case (3)
with the SIA module to show the impact of the alignment
guidance of spike intervals. Compared with the final version
Case (5), Case (4) only removes the LIM transfer.

Table 3 shows the studies for motion estimation. In Case
(A), we remove the motion memory (MM) transfer and use
the flow head of frozen parameters, which can be regarded as
RAFT with spike interval input. Case (B) only employs the
frozen flow head to explore the impact of the motion mem-
ory transfer by comparing it with Case (A). In Case (C), we
replace the input of the final version from spike intervals to
spike frames for motion estimation. In Case (D), we employ
a commonly used RAFT-style spike camera motion estima-
tion network with more parameters, Spike2Flow (Zhao et al.
2022). Case (E) is our final version. By comparing Case (B)
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WGSEETNet Hyper-E2VID SSML Spk2ImgNet STIR

TFI TFP Ours+WGSE Ours+STIROurs+Spk2ImgNetTFSTP MAF

Spike Frame

Figure 6: Visual comparison on the real-captured spike streams from Real-SPK. The first sample (bright scene) records a fast-
driving train (350KM/h). The second one (dark scene) records a fast-rotating fan. Please zoom in for better visual comparison.

Case MM Inter. LFH S2F PSNR(dB) of Ours +
WGSE S2INet STIR Avg.

(A) ✓ 40.14 40.23 40.11 40.16
(B) ✓ ✓ 40.19 40.32 40.25 40.26
(C) ✓ ✓ 40.24 40.26 40.29 40.27
(D) ✓ 40.23 40.32 40.24 40.27
(E) ✓ ✓ ✓ 40.28 40.37 40.35 40.34

Table 3: Ablation study for motion estimation, where MM
means the motion memory, LFH means the learnable flow
head, and S2F means motion estimation by Spike2Flow.

and Case (E), we can find the performance gains by LFH,
without additional parameters. By comparing Case (D) and
Case (E), we can verify the effectiveness of our SSMT-based
motion estimation method. We also present optical flow vi-
sualization of different cases in Fig. 7.

Conclusions
Motivated by the human-like memory mechanism, we ex-
plore a framework of spike stream memory transfer to

Spike2Flow  w/o MM+Inter.  w/o MM Ours

Figure 7: Visualization of ablation study for our motion es-
timation networks on two real-captured spike streams.

enhance image reconstruction of the retina-inspired spike
cameras. By transferring previously inferred light intensity
and motion, we mitigate the spike quantization effects and
achieve more efficient motion estimation. Besides, we sup-
press the potential blur from inter- and intra-stream clips
by the inferred motion and our spike interval-guided align-
ment module when aggregating long-term spike signals, re-
spectively. Experiments on both synthetic and real-captured
spike streams demonstrate our superior performance.
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