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Learning Adaptive Parameter Representation for
Event-Based Video Reconstruction

Daxin Gu'"”, Jia Li

Abstract—Event-based video reconstruction aims to generate
images from asynchronous event streams, which record the inten-
sity changes exceeding specific contrast thresholds. However, the
contrast thresholds are varied among pixels with manufacturing
imperfections and circumstancing interference, which causes un-
desirable events. It may cause the existing works to output blurry
frames with unpleasing artifacts. To address this, we propose a
novel two-stage framework to reconstruct images with learnable
parameter representations. The learnable representation of the
contrast threshold is extracted with a transformer network from
corresponding asynchronous events in the first stage. Then a UNet
architecture is utilized in the second stage to fuse the represen-
tations with the event encoding features to refine the decoding
features in spatiotemporal dimensions. The representation learned
from asynchronous events can adapt to the variety of contrast
thresholds when processing event data in diverse scenes, moti-
vating the proposed framework to generate high-quality frames.
Quantitative and qualitative experimental results on the four public
datasets show that our approach achieves better performance.

Index Terms—Event-based vision, video

transformer, contrast threshold.

reconstruction,

I. INTRODUCTION

VENT cameras (ECs) represent a groundbreaking ad-
E vancement in bio-inspired sensors [1], which capture vi-
sual signals by recording intensity changes over a defined con-
trast threshold (CT). In comparison to traditional frame-based
cameras, ECs produce asynchronous event streams character-
ized by extremely low temporal latency and a high dynamic
range [2]. To bridge the gap between traditional frame-based
vision and the novel event streams, it is essential to reconstruct
video from asynchronous event streams [3], [4].

Early reconstruction methods [12], [13], [14], [15] emulate
the inherent imaging principles of ECs, directly integrating event
intensity with multiple hand-crafted priors. While demonstrat-
ing the potential of video reconstruction under predetermined
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Fig. 1. The motivation of our framework. Compared to direct training with
simulated events ((a) e.g., [5], [6], [7], and [8]) and aligning training data
to a specific target domain ((b) e.g., [9], [10], and [11]), our framework
leverages learnable representations to adapt to target domain events, enabling
generalization across diverse event distributions (c).

contrast thresholds, these approaches are limited by manufac-
turing imperfections and circumstantial interference (CT may
neither temporally constant nor spatially homogeneous in real
scenes [9]). Oversimplified contrast threshold estimation strate-
gies [ 14] may introduce reconstruction errors, resulting in severe
blurriness. Recent deep learning-based reconstruction methods,
exemplified by E2VID [5], propose recurrent convolutional
models to reconstruct videos without relying on predetermined
CT assumptions. Building on this, [6], [16], [17] enhance the
architecture with various maneuvers, improving the details of
reconstructed frames. Moreover, there has been an exploration of
novel network architectures for video reconstruction tasks, such
as [8] employing vision transformers [18], [19] using spiking
neural networks, [20] using Hypernetworks, and [21] using the
CycleGAN architecture [22]. These approaches have demon-
strated impressive performance, yet may struggle to generalize
when a significant domain shift occurs between target events
and training data (see Fig. 1(a)).

To address this, recent efforts [9], [10], [11] focus on reducing
the domain gap by simulating training events with attributes
similar to the target domain. However, these methods typically
involve estimating thresholds for a specific dataset, generating
training data, and then training existing models. This process
results in models that perform optimally only when confronted
with data sharing a similar distribution of thresholds, constrain-
ing their overall generalization (see Fig. 1(b)). Moreover, utiliz-
ing the generated data to directly train existing networks fails to
fully exploit the inherent connections between parameters and
reconstruction models. Consequently, they perform well only
within a specific target domain, lacking robust generalization
capabilities.

In this letter, we introduce a two-stage framework aimed at
learning a domain-adaptive parameter representation of CTs
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Fig. 2. The pipeline of our proposed network. Stage one encodes event streams into a learnable representation of contrast thresholds using a Transformer. In
stage two, this representation is seamlessly integrated into a CNN network, enhancing event-based video reconstruction. .

and reconstructing high-quality videos with the guidance of B. Learning Domain-Adaptive Parameter Representations
parameter representation. Specifically, we utilize a Transformer-
based [23] parameter estimation model to learn the represen-
tation of CTs based on diverse simulated event data, which
exploits the asynchronous nature of event camera sufficiently.
Additionally, we design a spatiotemporal feature fusion module,
incorporating the adaptive parameter representation with the
global texture representation extracted from the corresponding
event voxel [24] in channel and spatial dimensions separately.
Our approach combines the strengths of the domain-adaptive
parameter representation and the global texture representation,
enhancing the interpretability of the reconstruction model and
adapting to various scenes.

Our main contributions are: 1) We propose a novel two-
stage framework, which learns asynchronous adaptive repre-
sentation for event-based video reconstruction. 2) We design a
transformer-based parameter estimation model, which can pro-
vide adaptive representations response to the pixel-wise contrast
thresholds. 3) We develop a spatiotemporal feature fusion mod-
ule for integrating the adaptive parameter representation into the
video reconstruction framework efficiency. 4) Our framework
exhibits robust performance across various datasets compared
to existing methods.

To establish a texture-independent mapping R” from changes
in scene brightness to the parameters of ECs (6on and 0ogr), both
LSTM and Transformer architectures can extract and aggregate
valuable information from continuous event streams. Given that
parameter estimation involves a pixel-wise task where there are
correlations between different pixels, and these correlations may
even be independent of pixel order, opting for a Transformer over
an LSTM appears more reasonable. This is due to the attention of
the Transformer, which allows for greater flexibility in handling
such correlations.

1) Event Input: As the event streams & record that each
event e occurs in position P, at time 7 > 0 and event polarity
p = %1, we define a temporal-isometric piece of event streams
&L as a temporal continuous sequence of events occurs in
position P, starts from time 7. In this way, the event stream can
be expressed as £ = {ei}é\]:fl = {Pi,n,pi}i\zl, where N¢ is
the length of the event sequence. Then, we embed this event
sequence to a one-dimensional vector by multiplying the time
of each event 7 with its corresponding polarity p and regularize
this vector to the range from —1 to 1 as the input V5 € RN¢ of
Transformer 7. Follows [23], we further introduce sinusoidal
positional encoding pp € RN¢ to map each Vj into a latent
one-dimensional embedding token zp € RN¢ | which is formu-
lated as zp = Vp + pp. After event embedding and position

II. THE APPROACH encoding, the token sequence {z{,i}?:sl can be processed by
Transformer 7 subsequently. '

2) Network Architecture: Our Transformer 7 consists of 6

The architecture of our proposed network is illustrated vanilla encoder blocks and decoder blocks, respectively. Same
in Fig. 2, which consists of two stages: as [23], each encoder block is comprised of self-attention oper-
Stage one: The event streams & are firstly processed into pixel- ~ ations and feed-forward layer, which are adopted with residual
independent temporal-isometric pieces as the lossless input of ~connection with layer normalization. Then the decoders are
the Transformer 7. After calculation, the learnable representa- —appended to output the final latent representation R € RNe de-
tions R™, including all pixels at time 7, are extracted and utilized ~pending on the key and value vectors generating from encoders
to estimate the pixel-wise CT of target domain event cameras and the input token zp of decoders. This design endows our
via an MLP structure. Transformer with the capacity of learning to extract information
Stage two: Instead of introducing the pixel-wise learnable from pixel-independent tokens and ensures the event tokens are
representations to reconstruct videos directly, we sample part processed in parallel among pixels during the training phase.
of event pieces {5{,1, By Py } at time 7 at random po-  Additionally, we introduce the Multi-Layer Perceptron (MLP,
sition P for inference efficiency. Ny is the sampling number of /M) architecture to estimate the probability distribution of CTs
event pieces. Then, R™ is fused to each feature in the feature (06 and O5gp) from the learnable representation Rp. The
pyramid extracted from event voxel grid V., with the proposed ~Proposed M consists of two linear layers followed by ReLU
Spatiotemporal Feature Fusion Block (SF Block). After that, the and Sigmoid, which produce 1024 and 2 channels, respectively.

fused feature pyramid is fed into the network F to reconstruct 10 provide a robust representation that can reflect the intrinsic
videos with the guidance of learnable parameters. attributes of ECs without the interference of abnormal cases, we

A. Overview
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randomly sample Ny events sequences and input corresponding
tokens to decoders during the inference phase. After that, the
last output representation is extracted as the R” to improve the
outputs of the network.

C. Reconstruction With the Guidance of Learnable Parameters

To incorporate the adaptive parameter representation with
the global texture representation, we develop a reconstruction
network including spatiotemporal feature fusion modules. By
combining the strengths of the domain-adaptive parameter rep-
resentation and the global texture representation, our framework
can enhance the interpretability of the reconstruction model and
adapt to various scenes.

1) Network Architecture: In a nutshell, the proposed UNet-
like architecture network [25] consists of a head layer, recurrent
convolutional blocks (RC Block), residual blocks, spatiotempo-
ral feature fusion blocks (SF Block), upsampling blocks (Up
Block), and a predict layer. The head layer contains a 3 x 3
convolutional layer and ReLU activate layer to extract feature
of input voxel grids V. preliminarily. The features then go
through three RC Blocks to halve the feature size and double
its dimensions, respectively. Each RC Block contains a 3 x 3
convolutional layer and a ConvLSTM layer [26], whose state
S7 is recorded for next loop. The outputting feature pyramid

21 (C'x H X w . eye

{FL R 272733 s also utilized to restore the deep
feature to original size of the input voxel grid V. via three Up
Blocks, each of which contains a double interpolation function
and a 3 x 3 convolutional layer with ReLLU activate function. Fi-
nally,a 1 x 1 convolutional layer with Sigmoid activate function
is utilized as the tail Predict layer to generate a single-channel
grayscale image I,. Besides, before the Up Block, the feature
{F7, }isrefined with two Residual Blocks, both of which contain
two 3 x 3 convolutional layers with a skip connection.

F[' = Reshape (Conv (F)) ,R” =LN(R"), (D
F = Sigmoid (Conv (Reshape’ (FI' x R™))).  (2)

2) Spatiotemporal Feature Fusion Module: We refine fea-
ture pyramid {F7], 3_| with learnable representation R” with
SF Blocks in skip connection. The details of SF Block are shown
in Fig. 2, which add R7 to each feature in the feature pyramid
in both channel-dimension and spatial-dimension. As described
in (1), in the spatial dimension, the input feature F] and R"™
are squeezed to the same number of channels (2 in our work)
with 1 X 1 convolutional layer and linear layer, respectively.
Reshape(+) is a function that convert the shape of vector from
2/C x £ x ¥ to £ x 2'C. Then, a 1 channel feature map
Fyq;, with the same size as F, can be get via matmul product
between F[’ and R™ as described in (2). Reshape'(-) is used
to convert the shape of vector from fK x1tolx 25 X 2&
In the channel dimension, the input feature F[ is fed into the
average pooling layer and a 1 x 1 convolutional layer to obtain a
1-dimension feature with the same size as R”. Then, the feature
is summed with R™ and is fed to a 1 x 1 convolutional layer

to extract a 1 x 1 feature map Fq] € R2'Cx1xL with same
channels as F7. This process can be formally described as

Fq]. =Sigmoid(Conv(R" +Conv(AvgPool (F])))). (3)

Finally, as shown in (4), both of feature maps Fyq;, and Feq;.
can be multiplied with the F[. from their own dimension and
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T
ry °

added to the original feature [ as the final output F
F" = Fyl, O F], + Fo © F] + FY. @)

In this way, the features that contain parameter priors of ECs
can be sufficiently integrated into the reconstruction network to
improve the final reconstruction image quality.

D. Loss Functions

The proposed network contains two stages: target domain
CTs estimation and video reconstruction. In the first stage, the
MSE loss is used to minimize the gap between the estimated
values and ground truth CTs. As for the second stage, we adopt
perceptual similarity (LPIPS) [27] to optimize the quality of a
single reconstruction frame, and temporal consistency loss [28]
to ensure the time-continuous of reconstructed frame sequences.
Here, we summarize the complete loss function as

L-1
»CTotal = Z (»C%PIPS + chﬁ;C + OJPEEIZVISE) 5 (5)
=0

where wrc and wpg are weighting hyperparameters, L is the
maximum length of video sequence. We set wrc = 2, wpg = 1,
and L = 40 in our work.

III. EXPERIMENTS

A. Experiment Settings

1) Dataset: The proposed method is trained on the synthetic
events generated by [33]. Similar as [9], we first select abundant
images from MS-COCO 2017 dataset [34] and warp several of
foreground images on background images to generate 281 high-
framerate videos. Then, we randomly product parameters of [33]
and utilize them to simulate the training events. We evaluate our
proposed methods on four public event-based datasets, including
IJRR [29], MVSEC [30], HQF [9], and EVIMO [31] datasets.

2) Benchmarks: We compare our approach with 9 kinds of
recent event-based video reconstruction methods, which can
be divided into two categories. The first kind of method fo-
cuses on enhancing performance by designing novel network
architectures and training directly on a simulated dataset (DT),
which contains E2VID [35], FireNet [5], SPADE-E2VID [6],
SSL-E2VID [7], ET-Net [8], HyperE2VID [20]. The second
kind of method aligns the training data to a specific target domain
to retrain a more effective event-to-video model (RT), which
contains EGAN [21], S2R [9], EFLOW [32].

3) Implementation Details: In our experiment, the Trans-
former 7 is trained for 40 epochs with a batch size of 256, Adam
optimization. The initial learning rate is set to le~*. Ny is 256,
N¢ is 512, and the hidden feature channel number is 512 in our
work. For our proposed video reconstruction network F, we set
C' to 32 and crop the event voxel with the corresponding image
to the size of 112 x 112 and train it for 115 epochs with a batch
size of 16 on 1x RTX 3090 GPU. Adam optimization with an
initial learning rate is 1le—°. Besides, we measure inference time
by recording the average runtime time in milliseconds on IJRR
dataset with 1x GTX 1080 GPU (8 GB)).

B. Performance Evaluation

1) Quantitative and Qualitative Experiments: We evaluate
the performance on four public event datasets, recorded with
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TABLE I
VIDEO RECONSTRUCTION RESULTS ON FOUR PUBLIC DATASETS

Method Inference URR [29] MVSEC [30] HQF [9] EVIMO [31]
Time (ms) | MSE, SSIM{ LPIPS| | MSE, SSIM{ LPIPS| | MSE| SSIMt LPIPS, | MSE, SSIM{ LPIPS|

E2VID [5] 12.22 0212 0424 0350 0342  0.173 0736  0.142 0533 0445 0036 0825  0.182
FireNet [5] 3.40 0.133 0501 0321 0310 0241 0727  0.10 0548 0507 0030 0835  0.192

5 | SPADE-E2VID [6] 30.58 0091 0517 0337 0137 0333 0585 0095 0507 0556 0020 0848  0.183
SSL-E2VID [7] 1222 0092 0500 0380  0.116 0360 0691 0110 0528 0540 0019 0852  0.150
ET-Net [8] 34.43 0047 0617 0224  0.115 0353 0499 0045 0650 0329 0012 0855  0.147
HyperE2VID [20] 21.82 0033 0650 0212 0072 0411 0485 0049 0.643 0343 0015 0836 0205
EGAN [21] 12.22 0098 0458 0325  0.I71 0251 0574 0070 0498 0433 0020 0841  0.159

£ | 2R [9] 12.22 0070 0559 0236  0.145 0324 0543 0049 0645 0323 0015 0852  0.148
EFLOW [32] 12.22 0067 0544 0295  0.32 0312 0502 0045 0640 0359 0011 0857  0.155
Ours 15.26 0.021 0.654 0259 0087 0384 048  0.041 0650 0377 0010 0859  0.166

Best two results are highlighted in bold and underline.

0.659

Samsung Gen3 DAVIS 346 DAVIS 240

‘ o
(a) E2VID (b) FireNet  (c) SPADE-E2VID  (d) SSL-E2VID

(e) ET-Net

Fig. 3.

(f) HyperE2VID

7 H .

(g) EGAN (h) S2R (i) EFLOW ] @) Ours ] (k) Reference

Video reconstruction results on event data captured using different event cameras (ECs). The sequences from rows 1 to 3 correspond to HQF, MVSEC,

and EVIMO datasets, respectively. The best three results based on the LPIPS metric are shown in red, blue, and green, respectively. Best viewed in color.

TABLE III
ABLATION STUDY ON CTS ESTIMATION ON IJRR

TABLE I
ABLATION STUDY OF SF BLOCK ON IJRR AND MVSEC

Method | ECC [39] | S2R [9] | JAER [12] | LGAN [11] | EFLOW [32] | Ours

RMSE 37.56 32.37 35.10 32.30 3234 31.21
PSNR 16.82 18.10 17.39 18.15 18.17 18.43
SSIM 0.409 0.448 0.422 0.421 0.415 0.434
Best in bold.

various ECs such as DAVIS 240 [36], DAVIS 346 [37] and Sam-
sung Gen3 [38]. The quantitative results are shown in Table I,
from which we can see that the proposed method achieves better
performance throughout whole four datasets, especially in MSE
and SSIM indexes. It proves the adaptive representation can
provide sufficient target domain information, which boosts the
superior generalization of proposed model. Confronting chal-
lenging scenarios, involving low light conditions on MVSEC
dataset, depicted in rows 2 of Fig. 3, our method is guided
by the adaptive representation significantly and achieves higher
LPIPS index. On the other three datasets, the proposed method
outperforms the transformer architecture network ET-Net and
the latest network HyperE2VID with a great trade-off between
accuracy and efficiency. Table I and Fig. 3 illustrate that our
approach excels at generating more aesthetically pleasing and
high-fidelity reconstruction images using events from different
ECs, while previous methods face challenges in handling all
datasets effectively. The qualitative experimental results show-
case clearer edges, fewer artifacts, and more details in the
reconstruction of diverse events captured with various ECs.

2) Effect of Learnable Parameter Representation: We fol-
low [39] to directly integrate estimated CTs with the correspond-
ing events to generate intensity images and evaluate the quality
of images as metrics. The quantitative experimental results on
IJRR dataset are shown in Table III. The results demonstrate

Branch IJRR [291/MVSEC [30]
Method ‘ CD SD ‘ MSE, SSIMt LPIPS)
Baseline X X 0067/0.177 054270287 0.304/0.548
Baseline+CF v X 0.040/0.152 0594 /0319 0307/ 0.546
Baseline+SF X/  0.048/0.164 0.575/0304 0.287 / 0.552
Ours v/ 0.021/0087 0.654/0.384 0.259 / 0.486
Best in bold.

that the parameter representation learned by the proposed 7 can
reflect the nature of ECs effectively.

3) Effect of SF Block: We carry out ablation studies on the
IJRR and MVSEC datasets and summarize the results in Table II.
We first present a Baseline model as a reference group, which
does not introduce learnable representation. Then as shown
in rows 2 and 3, we fuse learnable representation in channel-
dimension and spatial-dimension, respectively. By comparing
row 1 with rows 2 and 3, we can conclude that each branch is
practical and the introduction of learnable representation can
motivate the network explicitly. Finally, the proposed SF Block
is assembled in the last row. The comparison from rows 2 to
4 indicates that employing both feature fusion strategies can
enhance reconstruction tasks, leading to improved performance.

IV. CONCLUSION

In this letter, we propose a two-stage framework for event-
based video reconstruction, which achieves greater generaliza-
tion across multiple public datasets by learning the parame-
ter representations of ECs and fusing them with elaborate SF
Blocks. The inspiring experimental performance illustrates the
potential of learning ECs representation, offering benefits for
other event-based downstream tasks in future work, such as
optical-flow estimation [40] and 3D reconstruction [41].
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