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Event cameras, or dynamic vision sensors, offer distinct advantages over frame-based

cameras, such as a high dynamic range, exceptional temporal resolution, and heightened sensitiv-

ity to motion. These characteristics make them particularly suitable for tasks like human pose

estimation and dense trajectory estimation.

However, effectively utilizing the spatiotemporal features in event stream data remains

challenging. This dissertation addresses this by tackling high-frequency 3D human pose es-

timation under dynamic lighting conditions, enabling the accumulation and flow of temporal

information across time bins. Additionally, for dense continuous-time trajectory estimation,

which requires precise pixel-level instantaneous speed understanding, a novel layered bidi-
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rectional time surface event representation is introduced. This improved event representation

preserves abundant local speed cues, significantly enhancing the feature tracking process.

Throughout the exploration of these event camera-based vision tasks, a critical challenge

emerges: the lack of sufficient data. As a novel vision modality, there are few large datasets

with high-quality labels and paired data from other modalities. To advance this field, it is crucial

to address this issue. This dissertation presents three solutions: generating event data using

3D simulation software, converting video data to event streams, and directly generating event

streams using a generative model. These methods explore promising directions for event data

generation and complement each other. In the final method, the event modality is aligned with

mainstream modalities, allowing events to be generated from other modalities’ inputs and vice

versa. These efforts help bridge the domain gap between events and other modalities.
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Introduction

When discussing vision sensors, people often think of RGB frame-based cameras, in-

frared cameras [62], depth cameras [163], and even hyperspectral cameras [80]. Each has

its unique features and serves specific purposes. The vision sensors in everyday devices like

smartphones or DSLR cameras are typically RGB frame-based, capturing red, green, and blue

channels similar to the human eye, thus accurately storing and reproducing the world as we see

it. In contrast, infrared cameras capture radiation in the infrared spectrum, hyperspectral cameras

more densely segment and store information across different spectral ranges, and depth cameras

measure the distance between the camera and object surfaces for each pixel. Each type of sensor

has its strengths and weaknesses, playing a unique role in various tasks and applications.

Beyond these common vision sensors, a novel type is gaining attention: the event cam-

era [95, 45]. Unlike other sensors, event cameras do not rely on frames or require synchronized

clocks and pixels. Each pixel operates independently and asynchronously, monitoring changes in

brightness. When a pixel detects a change in the logarithmic brightness value exceeding a preset

threshold, it generates an “event” to record this change. Each event e comprises four values:

x,y, t, p, representing the spatial coordinates on the image sensor plane, the time of occurrence,

and the polarity of the event. The polarity p, a binary value, indicates whether the brightness

increased or decreased.

This hardware design gives event cameras their distinct advantages. Without waiting

for all pixels to periodically transmit brightness values and form frames, they can deliver

significantly more events per unit time under the same bandwidth. This principle grants event

cameras their first characteristic: ultra-high temporal resolution. A typical DAVIS346 event
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camera by Inivation can theoretically handle 12 million events per second, whereas smartphones

or cameras often operate at 30 or 60 frames per second. Additionally, because event cameras

record changes in brightness rather than absolute values, they have a much higher dynamic range

than frame-based cameras. For instance, the DAVIS346 event camera achieves a dynamic range

of 120 dB, compared to 56.7 dB for its built-in RGB CMOS sensor, despite sharing the same

lens and light intake.

Moreover, event cameras are inherently active sensors; pixels trigger events only when

brightness changes meet specific criteria, rather than being clock-driven to transmit brightness

values periodically. This feature provides a third advantage: sensitivity to motion and filtering of

relatively static objects. In stable lighting conditions, a stationary object generates no events,

effectively filtering it out, while only moving objects relative to the camera produce event

streams. This characteristic is advantageous for tracking moving objects or inferring camera

motion through relative motion. Lastly, because event cameras generate few events when there

are no moving objects in the field of view, they consume low power, typically between 10 mW

and 30 mW (DAVIS346), compared to 140 mW for the built-in RGB CMOS sensor. Thus, event

cameras are well-suited for low-power applications, such as use in edge devices.

These attributes—high temporal resolution, high dynamic range, low power consumption,

and sensitivity to motion—open up diverse applications for event cameras. The high temporal

resolution makes them ideal for feature tracking [108], human pose estimation [105, 22, 187],

and video frame interpolation [151, 142, 100]. Coupled with their high dynamic range, event

cameras can be used for image deblurring [30, 166, 82] and quality enhancement [154]. Their

sensitivity to motion provides unique advantages in tasks like optical flow estimation [21, 98],

simultaneous localization and mapping (SLAM) [76, 17], and object segmentation [8].

These features ultimately enhance the performance of event cameras in motion capture

and understanding. Higher temporal resolution aids in capturing finer motion trajectories, greater

dynamic range reduces the impact of lighting conditions on capturing moving targets, and

sensitivity to moving objects is tailor-made for motion capture. My series of works first focus on
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motion capture, specifically high-frequency human pose estimation under challenging lighting

conditions. This research leverages the spatiotemporal continuity of events, using historical

and near-future information to improve the accuracy of human keypoint recognition, even in

extremely low-lighting conditions [173].

In my first project, I utilized the TORE (Time-Ordered Recent Event) representation

proposed by Baldwin et al. [12] as the input model for event representation. It effectively uses

historical events to predict human keypoints at the current time. However, this representation

struggles to predict instantaneous velocities at intermediate time points and suffers from severe

temporal occlusion issues. While effective for human pose estimation, it falls short for dense

continuous-time trajectory estimation with event streams. Therefore, I proposed a new event rep-

resentation Labits [175], constructing a bidirectional time surface at evenly-spaced intermediate

time points to more accurately capture the instantaneous velocity of objects at each pixel. Ideally,

the spatial derivative on this event representation corresponds to the inverse of instantaneous

velocity, enabling more precise pixel-level tracking.

Despite their suitability for motion-related problems, event cameras face a significant

challenge: data availability. Compared to other visual modalities, event cameras are still relatively

new, with limited high-quality labeled event data available [45, 24, 25]. There is also a lack of

datasets paired with other mainstream modalities like text, audio, infrared, and depth images. As

a result, the event modality remains relatively isolated, and many data- and label-hungry tasks

cannot rely solely on event camera, hindering large-scale applications in general computer vision

tasks.

Three of my four PhD projects aim to address this issue by facilitating event generation

and conversion between event and other modalities. In the first project [173], we used 3D

modeling software like Blender [18] to create 3D scenes and load motion scripts, rendering them

into videos with animation software. We then generated event streams using existing video-

to-event (v2e) [69] tools. This method allows for highly customized event stream generation,

offering significant flexibility. Simulated events generated this way have proven effective in
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augmenting real data, with models pre-trained on these simulations showing improved accuracy

in human keypoint recognition compared to those trained solely on real data. However, this

approach is time-consuming and labor-intensive, requiring meticulous scene modeling, including

characters, environment, lighting, camera angles, actions, and background videos.

In traditional computer vision, researchers have accumulated extensive labeled image

and video data [176, 111, 6, 96]. Reusing these resources could alleviate the data scarcity in

event-based vision domain. However, existing video-to-event conversions are rough, struggling

with overexposed and underexposed areas in videos, and suffering from temporal inaccuracies

and event count discrepancies [69, 180, 122, 47]. To address these issues, my second project

proposed V2CE [174], which combines deep learning and probabilistic local dynamic-aware

time resampling to significantly improve the accuracy of video-to-event conversion, particularly

in temporal precision and continuity. By considering recent past and future temporal information

and optimizing a task-specific loss set, I resolved the problem of sparse voxel grids in deep

learning-generated event voxel grids. This approach enables more accurate and continuous

temporal conversion when transforming event voxel grids into event streams.

While V2CE effectively addresses video-to-event conversion, it only supports this specific

transformation scheme and cannot integrate multiple modalities or allow text prompts to directly

modify generated events. Similarly, event streams are challenging to align with other modalities

for downstream tasks or be used for generating other modalities [160, 177]. In my final project, I

proposed a comprehensive solution to align event modalities with other mainstream modalities,

enabling event streams to generate content in other modalities or vice versa. This approach uses

generative models to create events under various conditions, completing my series of solutions

to the event data scarcity problem.

This thesis will unfold chronologically across several projects. The first chapter intro-

duces the application of event cameras in high-frequency, low-light human pose estimation. The

second chapter details efforts to enhance the accuracy of converting videos into time-continuous

events. In the third chapter, I present a new representation, Labits: Layered Bidirectional Time
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Surface Representation, which better captures instantaneous velocity changes over time, aiding

in dense continuous-time trajectory estimation. The fourth chapter discusses my latest work,

Larver: Learning Alignment and Representation for Versatile Event Regeneration. This work

is still under active development, so the chapter does not cover the results section. Finally, the

thesis concludes with a summary of this series of works.
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Chapter 1

Neuromorphic High-Frequency 3D Danc-
ing Pose Estimation in Dynamic Environ-
ment

1.1 Introduction

Technology-Mediated Dancing (TMD), which leverages digital systems to facilitate

remote, engaging, and health-promoting physical activities in dance form, has always been a part

of gaming. More and more so, TMD is becoming a central part of the immersive experience as

the digital experience becomes more and more blended with the physical reality. [102, 33, 107].

Ranging from remote control-based gaming console games to Virtual Reality (VR) platforms,

various TMD forms are intertwining with users’ living spaces. Human pose estimation (HPE)

serves a crucial function in TMDs, as it discerns users’ unique, intricate, and rapidly evolving

dance poses, enabling interaction with computers. To accommodate the broadest range of players,

TMD necessitates high-fidelity HPE that functions reliably in diverse, challenging, and realistic

indoor environments, such as dynamic lighting and background conditions.

Contemporary HPE systems predominantly rely on depth and RGB cameras; however,

both standard RGB camera-based and depth-based monocular HPE systems [31, 32, 59] struggle

to generate ultra-fast, high-speed human pose inferences due to their limited frame rates—a

critical requirement for numerous real-world applications (e.g., virtual reality dance games, high-
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frequency motion characterization for tremor monitoring applications). The FPS of mainstream

RGBD cameras (e.g., Microsoft Azure Kinect and Intel RealSense) is typically limited to 30 FPS

due to a combination of hardware and software constraints, such as the time overhead introduced

by IR projectors. Although some high-spec RGB cameras support relatively high FPS, they are

usually fixed and have an attainable upper limit. In contrast, neuromorphic cameras can achieve a

bandwidth of over 10 million events per second with a minimum latency of approximately 20 µs

(DAVIS 346). Provided that computational resources are available, neuromorphic cameras can

attain extremely high-frequency inference. A detailed analysis can be found in the Results section

surrounding Fig. 1.16. Moreover, while RGB-based HPE falters in low-light conditions due to

substantial motion blur-related issues, depth cameras can only operate within a limited depth

range. Furthermore, neither camera inherently distinguishes between static and moving objects,

leading to both static and dynamic objects in the background being captured alongside the target

human body. These shortcomings compromise HPE robustness in dynamic settings. Depth

cameras, which employ active infrared light, also demand considerable power consumption.

Consequently, our proposed work aims to develop a high-speed, low-latency, and low-power

3D human pose estimation framework capable of functioning in dynamic lighting and motion

environments.

Neuromorphic cameras [95], also known as Dynamic Vision Sensors (DVS) or event

cameras, have a silicon retina design based on a core mechanism of mammalian vision, rendering

them particularly sensitive to moving targets and fluctuating lighting conditions. These cameras

operate on the premise that, for mammals, moving objects often contain more valuable infor-

mation for hunting and evading predators, whereas relatively static backgrounds deserve less

attention for continuous monitoring and processing. Emulating this dynamic vision characteristic,

each neuromorphic camera pixel operates asynchronously; independently monitoring logarithmic

minute brightness changes, thereby ensuring sensitivity to motion in both high and low-light

conditions. This mechanism inherently filters out static backgrounds without necessitating the

transmission of detailed, bulky frames each time an event occurs. Instead, moving targets can
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rapidly activate numerous events with exceptional time resolution, enhancing neuromorphic

camera sensitivity to dynamic targets. The wide dynamic range renders neuromorphic cameras

resilient across various situations: from nighttime to glaring noon, from tunnels to night driving.

Beyond their advantages in low-light conditions, neuromorphic cameras also exhibit reduced

sensitivity to skin color and brightness changes [119, 45].

DVS HPE has garnered considerable interest recently due to the aforementioned advan-

tages, prompting the collection of several noteworthy datasets [22, 133]. Despite these datasets

utilizing fixed patterns for motion guidance rather than dances, they also exhibit significant

limitations concerning the development of pragmatic systems. Data acquisition in these studies

is conducted in ideal laboratory settings, devoid of any background motion to serve as inter-

ference. Lighting conditions are optimal and stable, precluding the exploration of low and/or

variable lighting scenarios. These uncertainties and noise, reflective of real-world environments,

present genuine challenges that must be addressed to render this technology more practical

and generalizable. Consequently, we introduce two novel datasets: one featuring a real-world

dynamic background under both high and low-light conditions, and the other comprising a

simulated environment with a fully controllable and customizable pipeline for generating new

data samples on demand. These datasets not only suit the needs of this research but also benefit

the broader community as they will be made publicly available. A comparison between the

existing neuromorphic camera-based HPE datasets and our assembled datasets are presented in

Table 1.1.

Not only are existing datasets overly idealistic, previous DVS HPE efforts are further

constrained by the “missing torso” problem, an intrinsic limitation stemming from the dynamic

properties of the neuromorphic camera. When certain human body parts remain stationary, neu-

romorphic cameras solely capture other moving components, disregarding these static portions.

Consequently, during such periods, the event representation contains minimal or no information

about these parts, leading to substantial estimation inaccuracies.

To construct a DVS HPE system compatible with more realistic environments, we propose
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Table 1.1. A comparison between existing 3D HPE datasets and our collected datasets. †:
“Modality” indicates the modality used in the proposed pipeline rather than all paired modalities.
‡: “tight” refers to Mocap-specific tight clothing, “casual” to everyday attire, and “arbitrary” to
any clothing type, even if it may cause significant occlusion. MMHPSD dataset is not publicly
available.

Study Human3.6M[71] MKV[186] DHP19[22] MMHPSD[187] YeLan
Modality† RGB RGBD DVS DVS DVS

Inference Rate 50 FPS 10 FPS
Arbitrary,
50 FPS verified 15FPS

Arbitrary,
150 FPS verified

Lighting Ideal Ideal Ideal Ideal Low to High
Data Type Real Real Real Real Synthetic Real
Background Static Static Static Static Dynamic Both
View Arbitrary Arbitrary Arbitrary Arbitrary Arbitrary Front
Clothing‡ Casual Casual Tight Casual Arbitrary Tight
Data Size 3600000 22406 350860 240000 3958169 446158

a two-stage system, YeLan1, which accurately estimates human poses under low-light conditions

amid noisy background elements. In the first stage, an early-exit-style mask prediction network is

implemented to eliminate moving background objects while maximizing energy efficiency. The

second stage employs a BiConvLSTM to facilitate information flow between frames, mitigating

the missing torso issue. Additionally, TORE volume is utilized to construct denser and more

informative input tensors, addressing the low event rate problem in low-light settings. We

conducted extensive experiments comparing our approach with baseline DVS HPE methods,

achieving state-of-the-art results on the two proposed new datasets.

In summary, the core contributions of this paper are as follows:

1. YeLan represents the first neuromorphic camera-based 3D human pose estimation solution

tailored for dance motion, functioning robustly in challenging conditions such as low

lighting and occlusion, and overcoming neuromorphic camera limitations while harnessing

their strengths.

2. Our end-to-end simulator enables precise, low-level control over generated events and

produces the first and largest neuromorphic camera dataset for dance HPE. This synthetic
1Derived from a character in the video game Genshin Impact, the name YeLan signifies “night orchid” and can

also be construed as the Chinese term for “night viewing.”
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dataset (Yelan-Syn-Dataset) surpasses existing resources in quantity and variability.

3. We carry out a human subject study and collect a real-world dance HPE dataset (Yelan-

Real-Dataset), taking into account low-light conditions and mobile background content.

Both datasets and code will be made publicly available following publication.

1.2 Related Work

Dance and Its Effects: Spanning various age groups, dance has a rich history and is

a beloved form of communication and physical activity with a rich history. Due to its cultural

diversity and practicality, dance has evolved into numerous variations across regions and time

periods, encompassing diverse styles, rhythms, intensities, and steps. Substantial research

evidence supports the notion that dance exerts a significant positive influence on physical and

mental health [131]. A recent study [148] revealed that dance can enhance neuroplasticity

and stimulate neural activation in multiple brain regions. Consequently, dance can serve as a

rehabilitative tool for an array of brain-related pathologies [131]. Recent literature indicates

that dance therapy can have a considerable positive impact on depression [2], schizophrenia

[33], Parkinson’s [58], fibromyalgia [102, 38], dementia [19], cognitive deterioration [107, 185],

stress [118], and chronic stroke [117].

Technology-mediated dance has gained popularity in recent years [66], rendering dance

more accessible and facilitating learning [130, 128]. Dance has been integrated into various

video games [66, 84, 130, 1], including the Just Dance Series [158], Dance Dance Revolution

[37], and Dance Central [35]. Additionally, movement-based VR rhythm games such as Beat

Saber [14], Synth Riders [143], and Dance Collider [36] have emerged.

High-fidelity 3D human pose estimation is a critical component of technology-mediated

dance, as it enables the translation of dance gestures into input or commands [3, 4] for AR/VR

or dance video games. These 3D human pose estimators facilitate performance evaluation,

personalized feedback, and choreography [66]. However, conventional RGB and depth camera-

based 3D human pose estimations often struggle to capture rapid or high-speed pose changes
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during dance performances in challenging conditions (e.g., low light, dynamic background).

In this work, we introduce a neuromorphic camera-based 3D human pose estimation system

designed to support technology-mediated dance in these dynamic and demanding settings.

Human Pose Estimation: Depending on the taxonomy, existing 3D human pose es-

timation methods can be classified by modality, the number of sensors used in tracking, and

result forms. Most approaches rely on RGB-based [172, 93, 164, 59, 32] or RGB-Depth-based

modalities [126, 140, 109, 186]. Generally, RGB image-based methods have lower equipment

requirements and are more extensively explored. However, RGB-Depth cameras benefit from

the additional depth information they provide, aiding in detection, segmentation, and parts

localization. Still, depth cameras depend heavily on IR projectors for depth map construction,

which consume significant power and are sensitive to bright environmental light. This limits the

working distance and FOV of RGBD cameras and hinders their outdoor application.

For the second classification method, the resulting two categories are: monocular [171,

32, 186] and multi-view [138, 150, 125] methods. The multi-view method requires substantially

more power and involves capturing subjects from multiple views/cameras positioned at different

angles around a capturing area [46]. Moreover, setting up a multi-view neuromorphic camera data

collection system is complex and costly, making applications outside the lab very challenging.

The monocular method estimates human pose from a single camera view.

An alternative classification approach for human pose estimation techniques involves

determining if they are model-based methods, as described by Omran et al. [115], or skeleton-

based methods, as outlined by Chen et al. [31]. While the model-based method seeks to

reconstruct the full 3D body shape of a human model [59], skeleton-based methods utilize a

bone skeleton as an intermediate representation and regress the joint locations in 3D space. In

this work, we use a monocular skeleton-based DVS HPE approach to achieve a more efficient

and practical solution for 3D HPE in real-world settings.

Dynamic Vision Sensor (DVS), or neuromorphic camera, was originally proposed by

Lichtsteiner et al. [95]. In recent years, the neuromorphic camera has increasingly garnered
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attention and has been applied to various computer vision tasks, including object recognition

[94, 81], segmentation [8], corner detection [169, 110], gesture recognition [22, 157, 53], optical

flow estimation [21, 98], depth estimation [48, 63], Simultaneous Localization And Mapping

(SLAM) [76, 17], autonomous driving [91, 29], and human pose estimation [105, 22, 187].

While RGB cameras struggle due to motion blur, neuromorphic cameras are highly sensitive to

lux variations in both extremely overexposed and underexposed scenes [16] by design.

Neuromorphic Camera-based Human Pose Estimation: While neuromorphic cameras

have been previously proposed for human pose estimation in existing literature, the focus of prior

work has mainly been on designing algorithms for relatively noise-free, background-activity-less,

and well-lit settings. For instance, the recent neuromorphic camera HPE dataset, DHP19 [22],

features event recordings of human movements, poses, and moving objects, and [187] further

collected a multi-modality HPE dataset. Additionally, some neuromorphic camera datasets have

been employed in gesture recognition [9] and action recognition [70]. However, these datasets

capture a limited number of motion trajectory types in controlled, noise-free environments, which

hampers the development of a robust neuromorphic camera-based sensing system.

The lack of a diversified dataset in realistic conditions under low and dynamic light is a

major bottleneck for creating a more robust neuromorphic camera-based sensing system. In this

work, we address this issue by demonstrating how a neuromorphic camera-based mobile sensing

platform can effectively capture high-frequency 3D human poses during a dance performance

while being highly resilient to various real-world challenging conditions. We aim to develop

a versatile and robust system for human pose estimation that can be successfully applied in a

wide range of real-world scenarios by incorporating resilience to low light; dynamic moving

backgrounds; higher sensor fields of view; longer distances between the sensor and target human;

and diverse outfits or clothing.
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1.3 Design Consideration

Challenges in Neuromorphic Camera-based Dancing HPE: In contrast to everyday

movements or gestures such as walking, jumping, and waving hands, dance encompasses a far

greater diversity of movements that are unlikely to be included in existing fixed-activities-based

HPE datasets, rendering dancing HPE a more challenging and generalized problem. Furthermore,

compared to gesture recognition-level daily actions, a dancer constantly alters their pose at

a significantly faster pace. The average joint location change rate is generally much larger,

imposing a higher demand on the temporal resolution of pose estimation. This is particularly

true for high-fidelity and professional dancing recordings employed in the gaming industry or

virtual dance video production.

Neuromorphic cameras, with their inherent high-frequency and motion-sensitive char-

acteristics, are well-suited for addressing these challenges. However, they also face unique

obstacles compared to RGB-based methods. For instance, in noisy and dynamic environments,

their extreme motion sensitivity can result in numerous events from environmental signals rather

than the actual dancer’s motion. Sometimes, these events even overwhelm those generated by

the dancer, leading to a severe event filtering problem. Moreover, low-light conditions produce

fewer events for the same movement and hence further lower the signal-to-noise ratio in the

event representation.

To address these challenges, YeLan proposes an early-exit-style event filtering mechanism

that predicts a binary mask over the target human body and rejects all events not generated due

to the user’s body movement. This helps to improve the accuracy and reliability of the human

pose estimation model in various environments.

Missing torso problem: Another unique problem for DVS HPE is the missing torso

problem. During physical activity, not all body parts move equally. For instance, the upper body

may be in motion while the lower body remains stationary. This partial immobility results in the

silence of corresponding pixels within the neuromorphic camera, leading to a higher error rate in
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predicting these missing joints. To solve this problem, we need to focus on the following points:

1. Appropriate spatiotemporal representation: An adeptly designed spatiotemporal represen-

tation can efficiently compile information derived from an extensive event stream, preserve

vital historical data, and eliminate noise events. These factors collectively enhance the

understanding of human body part locations and mitigate the missing torso issue.

2. Information flow between frames: Neighboring frames exhibit similarities in historical

information and human joint locations. By considering the feature maps of these frames

as a time series and employing a robust temporal method to facilitate information flow

between frames, it becomes possible to gather insights regarding the missing torso and

generate more persuasive joint location estimates.

Prior research on neuromorphic cameras has introduced various representations, such

as event frames [123], constant-count frames [106], time surfaces [15], and voxel grids [182].

A time surface is a 2D representation in which each pixel encodes the timestamp of the most

recent event as its pixel value. Each pixel retains the timestamp of the latest event [86] occurring

at that location. A voxel grid, meanwhile, constitutes a 3D histogram of events, where each

voxel denotes the number of events within a specified interval at a particular pixel location. By

retaining the spatiotemporal information of the entire event history, voxel grids circumvent the

loss of information associated with collapsing the history into a 2D grid representation. However,

event frames, event counts, and voxel grids do not effectively conserve distantly related historical

information, deteriorating the missing torso problem. Time surfaces, conversely, may discard

temporal information and are unable to maintain information from multiple events at identical

pixel locations. Furthermore, these existing representations are hindered by a low signal-to-noise

ratio (SNR) in poorly illuminated conditions.

In this study, we employ a modified Time Ordered Recent Event (TORE) volume repre-

sentation [12] that concurrently preserves both the most recent and relevant historical information,
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thereby helping alleviate the missing torso issue. This representation also functions as a noise

filter for noise types such as salt and pepper without impacting other significant signals.

Spatiotemporal representation: Learning a representation that preserves meaningful

spatiotemporal information properly about the human pose is a fundamental challenge. Especially

given that neuromorphic cameras can generate a massive event sequence within a short period of

time.

Prior work on neuromorphic cameras proposed different representations, including event

frame [123], constant-count frame [106], time surface [15], and voxel grid [182]. Time surface

is a 2D representation where each pixel records the most recent event’s timestamp as its pixel

value. Each pixel stores the timestamp of the last event [86] in that location. A voxel grid

is a 3D histogram of events. Each voxel represents the number of events in an interval at a

pixel location. Voxel grid prevents information loss by preserving spatial-temporal information

of the whole history instead of collapsing the history into a 2D grid representation. However,

event frame, event count, or voxel grid do not preserve relatively distant historical information,

which gives rise to the missing torso problem. Time surface, on the other hand, can discard the

temporal information and cannot keep the information from multiple events at the same pixel

location. Moreover, these existing representations suffer from a low signal-to-noise ratio (SNR)

in low-lighting conditions.

In this work, we use a modified Time Ordered Recent Event (TORE) volume represen-

tation [12] that can simultaneously preserve both the latest information and recent historical

information, which can then compensate for the missing torso problem. It also serves as a noise

filter for noises like salt and paper without affecting other informative signals.
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Figure 1.1. The schematic representation of the TORE volume. As each pixel in the neuromor-
phic camera operates asynchronously, we establish a First-In-First-Out (FIFO) queue for each
pixel corresponding to each event polarity (polarity denotes whether the event is triggered by an
increase or decrease in brightness). The queue possesses a depth of K (here K=3), and when a
queue becomes full and subsequent events arrive, the oldest event is removed from the queue.
The ith layer of TORE is produced by extracting the ith event stored in the FIFO queues of all
pixels.

1.4 Proposed System

1.4.1 Event Preprocessing and TORE Volume

TORE [12] attempts to mimic the human retina by preserving the membrane’s potential

properties. A fixed-length(e.g., K) First-In-First-Out (FIFO) queue is adopted to record the

relative timestamp of the most recent K events. When a new event enters a pixel’s queue, its

relative timestamp is inserted, and the oldest event in the queue is expelled. TORE calculates

the logarithm of these timestamps in the FIFO buffer. TORE transforms the sparse event stream

into a dense, bio-inspired representation with minimal information loss, achieving state-of-the-

art results in various DVS tasks (e.g., classification, denoising, human pose estimation). A

comprehensive comparison of different representations can be found in [12].

In contrast to the original TORE volume, we modify TORE through normalization, 0-1

flip, and range scaling. We first perform the missing normalization and then invert the normalized

maximum and minimum values. In the original paper [12], the oldest events and pixels with

no recorded events are assigned the maximum value log(τ), which is counterintuitive and may
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hinder the convergence speed. We can readily address this issue by setting the value v in TORE

to 1−v/log(τ). With this modification, older events have lower values, while newer events have

higher values, and pixels with no recorded events are set to 0. Lastly, since the logarithm is

utilized in TORE calculations, the most recent 4.63µs occupies the [0.7,1] range of the entire

[0,1], and 4.63µs is shorter than the DVS camera’s sensitivity time (150ms, as used in the

original TORE paper [12]). Consequently, a rescaling is introduced to mitigate this issue. Our

modification formula is as follows:

v′ = (1− v/log(τ))|[0,0.7]/0.7 (1.1)

where v and v′ denote the original and modified TORE values, while the notation x|[a,b] indicates

the value of x is clamped within the range [a,b].

TORE maintains a first-in-first-out queue individually for each pixel, with values in the

queue decreasing over time. TORE can preserve pixel history for up to five seconds. These

attributes render it suitable for dynamic conditions. In high-lighting conditions, TORE can

discard redundant histories for the same pixel, alleviating the model’s computational burden. In

low-lighting conditions, past event histories can compensate and aid in determining the position

of some joints that have not moved significantly during the last time window, thereby helping

address the missing torso issue. Fig. 1.1 illustrates the process of generating modified TORE

volumes.

1.4.2 Event Filtering with Human Body Mask Prediction Network

To filter out events triggered by background activities and neuromorphic camera hardware

noise (e.g., hot pixel and leak noise [69]), a mask prediction network is employed, capable of

predicting a human body mask from the TORE volume representation.

For the mask prediction network, we adopt a modified version of U-Net [129] proposed

by Olaf et al. Unlike the original version, our modified iteration can predict the mask for the

17



Figure 1.2. The pipeline of the proposed YeLan. It initially processes the event stream into
TORE volumes, which are subsequently sent to the stage one human body mask prediction
network. This network predicts a series of masks for the ensuing frames, accompanied by
quality-assessment scores to minimize computation costs. The estimated human mask undergoes
point-wise multiplication with the original TORE volume before advancing to the next stage.
Stage two encompasses the human pose estimation network, where BiConvLSTM and three
hourglass-like refinement blocks are employed to estimate the heatmap of joints’ projections on
three orthogonal planes. The precise 3D coordinates of these joints are determined through a
triangulation method based on these heatmaps.

current input frame and a series of masks following this frame. Each predicted mask is generated

in conjunction with a confidence score. The primary rationale behind predicting the human

body mask of future frames is that future motion trajectories of different human body parts are

generally predictable with information about current and previous motion trajectories. Time-

Ordered Recent Event (TORE) volume representation efficiently captures current and previous

motion history. This enables the mask prediction network to estimate human body masks of the

current and future frames and their corresponding confidence scores. The confidence scores offer

an early-exit-like mechanism, allowing the computational pipeline to bypass mask prediction

for a specific frame if the mask predicted based on a previous frame’s TORE volume achieves a

high confidence score. This mechanism significantly reduces the computational cost and energy

consumption (further results in Section 1.7.3). For the predicted mask, the U-Net generates

floating point numbers between 0 and 1, with a binarization process employing a minimal

threshold of 0.1. The small threshold ensures that the generated mask does not exclude any
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parts of the human body, as failure to encompass the entirety would result in greater error than

permitting a slight amount of noise.

Denote the input TORE representation as Xt , and the U-Net here as ϕ , with the first half

denoted as ϕdown and the latter half as ϕup. Then, we have:

ϕ (Xt) =

 M′t ,S
′
t exists & S′t ⩾ β

[Mt ,Mt+1, · · · ,Mt+L−1] ,Otherwise
(1.2)

where Mt represents the predicted human mask at timestamp t, and M′t signifies the human mask

of this timestamp previously predicted. The confidence scores of Mt and M′t are denoted as St

and S′t , respectively, where:

[St , · · · ,St+L−1] = MLP [P [Conv1 [ϕdown (Xt)]]+P [Conv2 [ϕ (Xt)]]] (1.3)

when the corresponding S′t does not exist. Here, P represents adaptive pooling layers, Conv

denotes convolutional layers, and MLP signifies a multi-layer perceptron.

A significant challenge in training the mask prediction network with an end-to-end

approach is the absence of a realistic neuromorphic camera dataset containing labeled human

body mask sequences for recorded event streams. Nevertheless, as our proposed motion-to-event

simulator (outlined in Section 1.5) can generate paired pixel-level human masks at a high frame

rate, they can be utilized to comprehensively train the mask prediction network.

1.4.3 Human Pose Estimation Network

The human pose estimation network comprises a ResNet-based feature extractor, a

Bidirectional Convolutional LSTM (BiConvLSTM) layer, an HPE backbone, and a triangulation

module. The initial portion of ResNet34 functions as the feature extractor, succeeded by a

BiConvLSTM layer incorporating a skip connection. Given that the human body undergoes

no abrupt changes within a relatively brief temporal window, adjacent frames typically exhibit
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similar ground truth labels. This continuity in human joint movements renders it advantageous

to reference neighboring frames when estimating joint positions.

BiConvLSTM represents a bidirectional variant of ConvLSTM [137], in which ConvL-

STM constitutes a form of recurrent neural network designed for spatiotemporal prediction,

incorporating convolutional structures within both input-to-state and state-to-state transitions.

Subsequently, the HPE backbone comprises three hourglass-like CNN blocks, each producing

a series of marginal heatmaps to reconstruct the coordinates of human joints in 3D space. All

intermediate outputs from these three blocks are utilized to compute the loss with the ground

truth heatmaps, while the final two blocks can be regarded as refinement networks. The feature

extractor and backbone network architecture have been developed based on a model proposed in

[133]. Denoting the feature extractor as γ1 and the generated feature map as Ft , we have:

Ft = γ1(Xt ·Mt) (1.4)

where the symbol · denotes pixel-wise multiplication. Consequently, the generated joint heatmaps

Ht can be derived as follows:

Ht = γ2 [Conv [BiConvLST M(Ft),Ft ]] (1.5)

For each joint, YeLan generates three heatmaps depicting the probability of its projected

position on the xy, xz, and yz planes (denoted as Hxy
t ,Hxz

t ,Hyz
t ). Subsequently, a soft-argmax

operator is applied to extract the normalized coordinates of the joint. Ultimately, predictions

from the xy plane serve as the final estimations for x and y coordinates, while values for z are
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computed by averaging the yz and xz predictions. The formula can be expressed as follows:

[xxy
t j ,y

xy
t j ] = soft-argmax(Hxy

t j ) (1.6)

[xxz
t j ,z

xz
t j ] = soft-argmax(Hxz

t j ) (1.7)

[yyz
t j ,z

yz
t j ] = soft-argmax(Hyz

t j ) (1.8)

pxyz
t j = [xxy

t j ,y
xy
t j ,

zyz
t j + zxz

t j

2
] (1.9)

where xxy
t denotes the estimated x at time t for a specific joint j’s predicted xy-plane heatmap,

and pxyz represents the predicted 3D coordinates for joint j at time t.

The ground truth labels employed during training and testing are normalized prior to

being input into the network. For a particular joint, we initially project it onto a plane parallel to

the camera’s image plane, maintaining the same depth as the depth reference. The head joint’s

depth value serves as this reference. Subsequently, the 3D space within the DVS camera’s view

is mapped to a cube with a range of [−1,1]. Finally, as the network does not directly predict

the 3D coordinates of a joint but instead forecasts its marginal heatmaps, we extract the joints’

projections on three orthogonal faces of the normalized space cube to generate the ground truth

for marginal heatmaps. The ultimate marginal heatmaps are computed using a Gaussian filter

applied to these projection images [133].

1.4.4 Loss

For the mask prediction network, the loss function comprises three components. The

initial component is the Binary Cross Entropy (BCE) loss, computed between the predicted mask

series M̂ and the corresponding ground truth masks M. This loss is implemented to ensure the

precision of all generated masks. Subsequently, a Mean Square Error (MSE) loss is calculated

over the predicted confidence scores S and their ground truth. The ground truth score represents

the Mean Absolute Error (MAE) between a predicted mask and its respective ground truth

mask. Finally, although the objective is to predict the mask series for the current frame and
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subsequent frames, they are not uniformly significant. It is imperative to ensure that masks for

proximate frames receive greater weighting, particularly for the current frame. Consequently, an

additional BCE loss is computed between the predicted mask for the current frame (M̂0) and its

corresponding ground truth M0. The cumulative loss is:

Lossmask =BCE(M,M̂)+BCE(M0,M̂0)+

MSE(S,MAE(M,M̂))

(1.10)

We employed the loss presented in [133] for the human pose estimation network. As

the marginal heatmaps can be interpreted as probability distributions of joint locations, Jensen-

Shannon Divergence (JSD) can be applied between the predicted heatmaps by each block (Ĥ i,

where i denotes the block index) and the ground truth heatmaps H on each projection plane

(xy,xz,zy). Additionally, a geometrical loss is computed between the reconstructed 3D joint

coordinates p̂xyz and their ground truth pxyz. The loss for this stage can be expressed as follows:

LossHPE = ∑
i
(||p̂i

xyz− pxyz||2 + JSD(Hxy, Ĥxy)+

JSD(Hxz, Ĥxz)+ JSD(Hzy, Ĥzy))

(1.11)

1.5 Synthetic Data Generation with Motion-to-Event Simu-
lator

First and foremost, while some neuromorphic camera-based HPE datasets exist [22], they

primarily focus on fixed everyday movements (e.g., walking, jumping, waving hands), causing

models trained on them to falter when faced with intricate movements. Dance performances

generally encompass swift and complex gestures, which are scarce in a typical everyday gesture

dataset such as [22]. Furthermore, these datasets have been collected under optimal lighting

conditions with blank or static backgrounds, failing to represent real-world environments. Ad-

ditionally, the extant dataset suffers from a lack of diversity in participants, motion dynamics,
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clothing styles, and types of background activities. Concerning clothing, all participants don

identical, form-fitting black attire. To address this critical gap, we propose generating synthetic

data with a comprehensive motion-to-event simulator.

Regarding simulators, though several existing neuromorphic camera simulators are

available [112, 122, 69, 78], they share a common and pivotal issue. Almost all exclusively

convert existing images or videos into event streams, rather than creating highly customized event

streams tailored to specific research problem requirements. Furthermore, for existing simulators,

if the source video lacks human joint labels, the generated event stream is also devoid of labels.

Nonetheless, in this work, the simulator we develop employs a physics-aware rendering system

and renders all relevant parameters fully controlled and customized, including lighting, motion,

human gender, body shape, skin color, clothing and accessories, background, and scenes. This

feature allows us to implement complex dance movements, and all generated data is paired with

accurate labels.

1.5.1 Advantages of Synthetic Data

Numerous advantages of employing a synthetic data generator have been emphasized in

recent work [57], with a car driving-based DVS event simulator also proposed [43]. Acquiring

real-world data is both costly and time-consuming, as high costs per participant limit sample

size, scene scale, and diversity in physical and environmental attributes. The synthetic dataset

generation process affords comprehensive control, enabling precise management of a wide array

of parameters. The resulting video file can be rendered at an exceptionally high frame rate (FPS),

mitigating blur issues stemming from under or over-exposure in dynamic lighting conditions.

Finally, the ground truth of human joints’ 3D locations can be extracted within the software for

various dances and human models.
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Figure 1.3. The pipeline for synthetic data generation utilizing the comprehensive motion-to-
event simulator comprises motion files, human models, camera views, lighting, and other settings
as input. These inputs are rendered into RGB and human mask videos in MMD, subsequently
merged with background videos. The merged videos undergo processing as event streams using
V2E, while the corresponding labels are computed in Blender.

1.5.2 Tools used in the simulator

Synthetic data generation consists of RGB dance video rendering, human joints’ position

extraction, and events generation. MikuMikuDance (MMD), Blender, and V2E are chosen for

each step, respectively.

MMD is a freeware animation program that lets users animate and creates 3D animated

movies. This software is simple but powerful, with a long history and a big open-source

community behind it. Plenty of human models, scenes, and movement data can be easily

accessed for free. In addition, it can automatically handle clothing physics and interaction with

the body in a sophisticated manner with minimal manual adjustment.
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Software Blender is adopted to generate human joints’ ground truth labels and camera

matrix. Blender is a free and open-source 3D computer graphics software for creating animated

films, motion graphics, etc. It is highly customizable, and all essential information can be

accessed during rendering, including the 6 degrees of freedom coordinates of human joints and

the camera center. The 13 key points’ ground truth coordinates are extracted at 300 frames per

second (FPS).

Lastly, Video to Event (V2E) is used for event generation. V2E is a toolset released in

2021 by Delbruck et al. [69]. It can synthesize realistic event data from any conventional frame-

based video using an accurate pixel model that mimics the neuromorphic camera’s nonidealities.

According to its author, V2E supports an extensive range of customizable parameters and is

currently the only tool to model neuromorphic cameras realistically under low illumination

conditions.

Figure 1.4. Settings of human subject data collection in an indoor laboratory setting.

1.5.3 Comprehensive Motion-to-Event Simulator

As Fig. 1.3 shows, our proposed motion-to-event generator takes 3D character models,

motion files, camera views, and lighting conditions as inputs. MMD renders RGB dance videos

and their paired human mask videos given these inputs, while Blender generates corresponding

ground truths. For each camera view, a camera intrinsic and extrinsic matrix is calculated by
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Blender as well.

Then our simulator combines these rendered dance videos with collected background

videos by referring to the paired mask videos. According to [69], if a video’s temporal resolution

is low, generated event stream will be less realistic. However, due to the software limitation and

background video quality, the synthesized videos are at 60 FPS. This gap in FPS is compensated

using SuperSlowMo[73], which can interpolate videos to a high FPS with convincing results. To

reduce the time and computation cost, we only apply SuperSlowMo to dance and background

videos before the merging. This way, we do not have to interpolate synthesized videos for each

human and background combination.

After the RGB video rendering, merged videos are sent to the V2E events stream

generator. Many parameters such as event trigger thresholds, noise level, and slow-motion

interpolation scale, can be modified in detail. These features enable us to generate many highly

customizable DVS event streams at a meager cost in a short time. To simulate situations in the

real world, we increase the noise as the brightness decreases.

For human joints’ ground truth, as mentioned above, we write our customized scripts

and inject them into Blender to collect the exact position of all joints while rendering scenes at

300 FPS. Also, scripts help extract the camera’s intrinsic and extrinsic matrix used in the label

pre-processing. Besides the advantages mentioned above, 3D human models have even more

initial flexibility. Skin color, height, body style, clothing, hair color, style, and accessories are all

easily modifiable - which is very difficult to do in real-world data collection.

1.5.4 Synthetic Dataset Description

Utilizing the comprehensive motion-to-event simulator, we have generated a vast syn-

thetic dataset Yelan-Syn-Dataset, comprising approximately 4 million data samples (specifically,

3,958,169 frames). Examples of synthetically generated RGB frames are shown in Fig. 1.5. The

total dataset size is around 2.6 terabytes. This data was synthesized from 1320 combinations

of various variables, including 10 human models, 8 one-minute dance motions, 11 background
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Figure 1.5. RGB frame samples from the synthetic data generated by the comprehensive motion-
to-event simulator.

videos, 4 camera views (i.e., front, back, left, right), and 3 different lighting conditions (i.e., high,

medium, low). This dataset contains processed TORE volume, paired labels and masks, constant-

time frames with identical time steps (20ms), and raw event stream files for generating any other

customized representations. Due to computational resource and training time constraints, only

30% of data instances from 330 selected setting combinations are employed for training and

validation. They are shuffled and partitioned with an 8:2 ratio. Subsequently, we randomly select

82 setting combinations from the remaining 990 unused combinations as the test set.

1.6 Human Subject Study with Dynamic Lighting and
Background

1.6.1 Real-World Dataset in Motion Capture Facility

In addition to the synthetic dataset Yelan-Syn-Dataset, we have conducted an Institutional

Review Board (IRB)-approved human subject study to collect a real-world human pose dataset,

Yelan-Real-Dataset, from nine participants. Seven of the participants are male and two are
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female. The participants, aged 20-31, were recruited from a university campus using a snowball

sampling technique. During this study, our participants were asked to play the Nintendo dance

game “Just Dance 2021”. Each participant selected five songs to dance to during the study after

a brief training period with the tutorial dances in the Nintendo dance game. A monitor provided

further guidance/cues for participants to follow along.

A 9-camera-based 3D motion capture system (Qualisys AB, Göteborg, Sweden) was

used to obtain ground truth 3D kinematics data of the human body, providing the 3D absolute

coordinates for all selected human joints at a frame rate of 200 frames per second (FPS). A

neuromorphic camera (DAVIS 346 [20]) and an RGB camera were simultaneously operated to

record the participants’ movements. Other essential equipment included a flicker-free LED light,

IR filter, cardboard background, monitor, and Nintendo Switch. During the dataset collection,

the lighting condition was strictly controlled to induce low-lighting and high-lighting conditions.

All the lights except a dim flicker-free lamp were turned off during the low-lighting conditions

session. The IR filter was attached in front of the neuromorphic camera’s lens to filter out the

events caused by IR light emitted by the motion capture system. Fig. 1.4 illustrates the data

collection settings, hardware, sensor arrangements, and mechanisms to generate background

noise.

In the dynamic background condition, a person behind the target participant randomly

moved with a large cardboard vehicle. On the other hand, for static background cases, no other

movable contents appear in the background during recording. On average, each participant

danced for about 20 minutes, and the time was distributed equally to the four conditions men-

tioned above. Static background cases are only included for result comparison, as mask-based

background filtering is not helpful in these cases. We divided Yelan-Real-Dataset simply by

selecting all the events generated by participants seven (male) and eight (female) as test sets. All

other data is shuffled and divided into training and validation sets with the same 8:2 ratio. We

prepared a short video to further illustrate the rich synthetic and real-world data, which can be

found at bit.ly/yelan-research.

28

bit.ly/yelan-research


Figure 1.6. RGB frame samples from the Yelan-Real-Dataset collected in motion capture
laboratory.

1.7 Results

1.7.1 Training Details

In this study, all models are trained using eight 1080ti or 2080ti graphics cards. The batch

size remains consistent throughout the training process: stage one employs a batch size of 128,

while stage two utilizes a batch size of 16. Training parameters for all stages include a learning

rate of 0.001, an Adam optimizer with a weight decay of 1e−5, and early stopping with a patience

of 10 epochs. A learning rate scheduler is implemented to reduce the learning rate by half every

N epochs, with N set to 5 in stage one and 10 in stage two to account for differences in training

patterns and convergence speeds. This project is executed using Pytorch-Lightning [44]. YeLan’s

stages one and two are trained separately. Owing to ground truth limitations, the mask prediction

network is trained exclusively on synthetic data and applied directly in both Yelan-Syn-Dataset

and Yelan-Real-Dataset. Stage two is initially pretrained on Yelan-Syn-Dataset and subsequently

fine-tuned on Yelan-Real-Dataset.
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1.7.2 Evaluation Metrics

In accordance with convention, the primary evaluation metric employed in this study is

the Mean Per-Joint Position Error (MPJPE), a widely used metric in HPE. Additionally, two

other popular metrics, PCK and AUC, are considered in the main comparison. The MPJPE is

calculated by averaging the Euclidean distance between each predicted joint and its corresponding

ground-truth joint, typically measured in millimeters. PCK represents the Percentage of Correct

Keypoints according to a commonly used threshold value of 150mm. A predicted joint is

considered correct and given a value of 1 if it is within a 150mm cube centered on the ground

truth joint; otherwise, it is deemed incorrect and assigned a value of 0. AUC refers to the Area

Under the Curve for the PCK metric at varying thresholds. Standard threshold sets, consisting

of 30 evenly spaced numbers from 0 to 500mm, are used in this study. The target AUC is

determined by first calculating the PCK at all threshold values and then computing their mean

value.

MPJPE =
1
J

J

∑
i
||pxyz− p̂xyz|| (1.12)

PCKα =
1
J

J

∑
i

sign(α−||pxyz− p̂xyz||) (1.13)

AUC =
1
N

A

∑
α=0

PCKα(pxyz, p̂xyz) (1.14)

joint positions, respectively, while J represents the number of skeleton joints. For PCK

and AUC calculations, α corresponds to the threshold and A refers to the maximum threshold. N

in AUC indicates the number of different thresholds utilized.

In the present study, we selected baseline methods introduced by Scarpellini et al. [133]

and Baldwin et al. [12], both initially published in 2021. Scarpellini et al. employed two

event-count-based representations—constant event count frames and voxel grid—that exhibit a
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variable time step, causing a loss of synchronization with our labels and TORE volumes. As a

result, we adapted the original work to accept constant time representations as input, setting the

time step for this representation at 20 ms to ensure accurate label matching.

Baldwin et al. presented the TORE volume and evaluated it using the model and dataset

proposed by Calabrese et al. [22], employing an alternative representation to demonstrate the

superior performance of their novel representation in the multi-view human pose estimation

task. With the goal of developing a monocular human pose estimation framework in this paper,

we utilized the same monocular HPE model from Scarpellini et al. [133], substituting the

representation with TORE to showcase the efficacy of Baldwin et al.’s [12] method in this new

task.

Alongside the hourglass-like HPE backbones selected for this study, we also explored

other commonly used structures, such as residual block-based and bottleneck block-based

backbones [60]. Throughout these experiments, we maintained a consistent number of blocks

for all designs and kept all other settings and conditions constant.

Figure 1.7. Sample results from Yelan-Syn-Dataset in different lighting conditions with dynamic
backgrounds. The RGB frames, corresponding event representation TORE, generated masks,
ground truth, and predicted 3D human pose are shown.
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Table 1.2. Test set results comparison on three metrics for Yelan-Syn-Dataset and Yelan-Real-
Dataset. †: P means YeLan with pre-training on Yelan-Syn-Dataset and tuned on Yelan-Real-
Dataset. HG: Hourglass-like blocks backbone. RES: Residual backbone. BTN: Bottleneck
backbone.

Yelan-Syn-Dataset Yelan-Real-Dataset
Methods Representation MPJPE↓ PCK(%)↑ AUC(%)↑ MPJPE PCK AUC
Scarpellini et al., 2021 Constant Time 91.88 83.92 80.95 111.57 78.12 77.03
Baldwin et al., 2021 TORE 59.34 93.17 86.97 101.97 82.22 78.90
YeLan - BTN TORE 126.50 84.70 81.49 137.21 69.74 72.47
YeLan - RES TORE 58.95 93.51 86.97 112.49 77.76 76.88
YeLan - HG TORE 46.57 96.34 89.37 96.61 81.88 79.78
YeLan - HG - P† TORE - - - 90.94 85.14 80.91

1.7.3 Evaluation

Table 1.2 illustrates the performance comparison between the proposed YeLan and

baseline models on both Yelan-Syn-Dataset and Yelan-Real-Dataset. The table shows that the

baseline models consistently underperform the proposed YeLan model in both conditions. In

Yelan-Syn-Dataset, the model proposed by the Scarpellini et al. [133] achieves an MPJPE

and PCK of respectively 91.88 and 83.92% while the model proposed by the Baldwin et al.

[12] with TORE representations have a slightly improved performance of respectively 59.34

MPJPE and 93.17% PCK. The proposed YeLan system outperforms the baseline models by a

significant margin and achieves the lowest MPJPE of 46.57 and the highest PCK of 96.34% on

Yelan-Syn-Dataset.

Compared to the synthetic data, the performance of all the models on the real-world data

is worse. The real-world data comes with its own challenges and unique characteristics, like

more noise and limited transmission bandwidth. Compared to the perfect ground truth labels

generated in the synthetic data, some non-negligible spatial and temporal mismatch happens in

the real-world data, especially considering the fact that the background activities often block

some IR cameras used for motion capture. There is also substantial heterogeneity in the skeletal

formations and impedance-matching states in the real-world data. Lastly, in the real-world

data, another researcher generating background activities are also in the camera’s view, who is
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sometimes recognized and masked as an additional human and confuse the models as a result.

Consequently, the performance of the real-world data will be expected to be lower than that of

the synthetic data. However, the proposed YeLan still achieves the lowest metrics compared to

the baseline models. The baseline models are designed to work in ideal environments which do

not suffer from dynamic lighting conditions and moving background content problems, which

contributes to their poor performance in more realistic environments.

1.7.4 Result Statistics and Analysis

Figure 1.8. The performance across lighting conditions, dynamic backgrounds, subjects, and
camera views in our synthetic data.

As Fig. 1.8 shows, YeLan has strong stability across the changes in lighting conditions

and camera views, while more complicated background contents cast an impact on the results.

Different human models also show an impact on performance. From the performance statistics,

we observe that the system performs less well for human models “Albedo”, “Seele”, and

“Xiangling”. By looking at the original 3D model and test data composition, the reason becomes

obvious: Albedo wears a long coat reaching his knee, while Seele wears a fluffy dress with a

complex structure. These factors make their joint position harder to estimate. As for Xiangling,

though she does not have clothing-related problems, we find some body deformation that

happened during the simulation. Also, the randomly selected test cases for Xiangling contain

more difficult backgrounds and lighting combinations, such as two busy city street environments

in low-lighting conditions, according to Fig. 1.8 (a).
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Figure 1.9. Impact of lighting condition on the performance (MPJPE) on our synthetic (left) and
real-world (right) dataset.

Moreover, Fig. 1.9 shows that our model behaves better consistently in all lighting

conditions compared to baseline models. This feature is significant in real-world applications as

the pipeline could generate convincing predictions regardless of the lighting conditions.

The mask prediction network in YeLan enables it to reach a similar level of PCK and

AUC whether the background is dynamic or static. We compared the real-world test set with

dynamic and static background cases using the model pretrained on the Yelan-Syn-Dataset and

fine-tuned it on Yelan-Real-Dataset. Fig. 1.10 depicts that YeLan get a comparable result in both

scenarios.

Figure 1.10. AUC curve with dynamic and static background on Yelan-Real-Dataset.
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1.7.5 Impact of Pretraining on Synthetic Data

Synthetic data from the physics-based simulator is a core contribution of this work which

allows us to generate event streams from diverse virtual 3D characters in different simulated

settings. They include different clothing, lighting conditions, camera viewing angles, dynamic

backgrounds, and movement sequences. The generated synthetic data is faithful to physics and

can provide essential data for pretraining YeLan since running real-world experiments with a

large number of participants is expensive and time-consuming. To this end, we hypothesize

that the pretraining on synthetic data will allow YeLan to learn better feature representation

of physical conditions in diverse simulated settings and achieve superior performance on the

Yelan-Real-Dataset.

Table 1.2 demonstrates that our proposed model achieves superior performance (com-

paring MPJPE/PCK/AUC metrics) on the Yelan-Real-Dataset if the model is pretrained on

Yelan-Syn-Dataset from the simulator. The model trained only on the Yelan-Real-Dataset

achieves 96.61 MPJPE and 81.88% PCK. On the other hand, if the model is pretrained on

Yelan-Syn-Dataset and then fine-tuned on the Yelan-Real-Dataset, it achieves 90.94 MPJPE and

85.14% PCK, which clearly shows the benefit of pretraining on synthetic data from a simulator.

1.7.6 Ablation Study

As introduced in section 1.4, there are two most essential modules in YeLan: a mask

prediction network and the BiConvLSTM. We do an ablation study by removing one module each

time and comparing their performance on Yelan-Syn-Dataset. If the mask prediction network

is removed, the resulting MPJPE is 63.99; if the BiConvLSTM is removed, the corresponding

MPJPE is 49.08. In contrast, the complete YeLan pipeline gets an MPJPE of 46.57, which proves

the effectiveness of these modules.
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1.7.7 Occlusion

In the real world, occlusion is also an inevitable problem. In Yelan-Syn-Dataset, different

types of clothes and accessories like hats, long hair, fluffy skirts, and long coats already occluded

the human body to a relatively large extent. Moreover, the camera’s side views also introduced

many self-occlusion. The excellent performance over all these scenarios shows a solid ability to

survive occlusion.

Figure 1.11. Samples of occluded inputs, predicted mask, TORE volume representation, and
inferred human poses.

To further prove the occlusion resiliency of the system, we augmented the dataset with

more block occlusions. In the eye of the neuromorphic camera, if a static object is placed in

front of a human and shadows him, the corresponding area shoots no event due to the object’s

immobility. Regarding the input TORE volume, the occluded area becomes pure black, as no
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event activity is recorded. To simulate the occlusion like this, we trained a model with the value

of random areas set to zero. These rectangular occlusion areas have random sizes and locations,

and the occlusion is also applied randomly with a probability of 80% during the training. When

testing on the test set with random occlusion enabled, the MPJPE is 96.794. During the test,

the occlusion probability is set to 100%. There is an accuracy drop, but considering that the

maximum random occlusion area is 80×80 (where the frame size is 260×346), it makes sense

as sometimes the majority of the human body could be occluded. Fig. 1.11 shows samples from

the test set.

1.7.8 Systems Benchmarking

Figure 1.12. Time-saving and performance rising percentage with regard to confidence score
threshold.

As is introduced in 1.4.2, the first stage of YeLan is an early-exit-style human mask

prediction network, where a threshold β is used to decide when to start a new inference. The

selection of β is a trade-off. If the threshold is set too high, the mask prediction process will be

executed too many times, resulting in a longer inference time. On the contrary, many defective

masks will be used if the threshold is too low, which harms the overall accuracy. In order to

select the best threshold, we ran an experiment to do human pose estimation on a continuous one-

minute event stream with a series of different thresholds. The accuracy and time consumption

are recorded and made into Fig. 1.12. From this figure, we can observe that as we increase the
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threshold, accuracy goes up and time consumption goes down, while we can achieve a balanced

accuracy and time consumption at near 0.99.

Figure 1.13. Joint-wise average MPJPE analysis on Yelan-Syn-Dataset.

Furthermore, to comprehend the error distribution among various joints, we computed

the mean MPJPE for all 13 joints. As illustrated in Fig. 1.13, the head joint exhibits the lowest

MPJPE, while the shoulder joints possess the second-lowest error. Conversely, the left and right

hands exhibit the highest MPJPE, with foot joints following closely. Our observations indicate

that this occurs because the head and shoulders maintain the most stable contours across distinct

characters and exhibit minimal overlap with other body parts. Nevertheless, as hands and feet

are situated farthest from the human center and exhibit the most movement during dancing,

they prove more challenging to estimate due to an increased range of potential movements

and patterns. Greater pattern variability contributes to increased uncertainty, which further

undermines accuracy when occlusion occurs.

The total model size of YeLan amounts to 234 MB, with the total parameter count reaching

61.2M, of which the stage one model comprises 40.8M and stage two encompasses 20.4M. The

total FLOP stands at 1482G. In terms of time consumption, we conducted a comprehensive test

on the MiDHP test set using a batch size of one, resulting in an average time expenditure of

approximately 29.1 ms per frame when executed on a 2080ti graphics card.
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1.8 Comparison between Different Modalities

1.8.1 RGB Camera

In order to show the superiority of DVS in low-lighting conditions, we also compare

our result with RGB frame-based human pose estimation algorithm. We use the DVS camera

DAVIS346, where both events and RGB frames are synchronously recorded. As the same device

records both modalities via the same lens, there is no difference in the quantity of light captured

by RGB and DVS. OpenPose [23] proposed and implemented by Cao et al. is adopted as our

RGB baseline. OpenPose is an accurate, fast, and robust 2D human pose estimation algorithm.

Although there are differences in joint number and dimension, we calculated the 2D projection

of 3D joints generated by YeLan. We picked the closest 13 joints from all 25 OpenPose output

joints to compare. The comparison is conducted on paired DVS and RGB recordings from

the dataset collected in the motion capture lab. Both high and low-lighting condition cases are

included, and qualitative comparison is shown in Fig. 1.14. Furthermore, we made a box plot

showing the 2D MPJPE of DVS and RGB in two lighting conditions in 1.15. From this figure,

it is evident that YeLan generates better and more stable predictions in all cases. Although the

RGB-based method achieves good performance (marked by the low 2D MPJPE) in high-lighting

conditions, the performance deteriorates significantly in the low lighting conditions. OpenPose

fails to detect any human from frames due to motion blur and low SNR sensor data when the

illumination is lower than a certain threshold. On the other hand, YeLan shows strong robustness

against lighting conditions changes and constantly generates high-quality predictions (marked

by the low MPJPE in both cases).

1.8.2 RGB-Depth Camera

Besides the RGB camera, the depth camera is also widely used in digital dancing games.

[170, 79] These cameras are usually paired with RGB cameras, which grant them information

from both domains. Compared to RGB cameras, these cameras have a better understanding
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Figure 1.14. HPE comparison between RGB and DVS in both high and low-lighting conditions.
RGB and DVS are synchronized.

Figure 1.15. 2D MPJPE Comparison between DVS and RGB.

of the 3D space, which results in a more accurate human segmentation and joint location

estimation. RGBD camera-based human pose estimation is a well-established problem with

many commercial products and pipelines [121, 83, 5], like the Kinect from Microsoft and the

RealSense from Intel.

However, the depth camera also has several disadvantages. Depth cameras actively emit

and recapture the reflected infrared to build the 3D point cloud. This procedure is significantly

more power-hungry (about 200 times higher power consumption than the neuromorphic camera)

and suffers from many limitations. Firstly, due to the manufacturing and power consumption

consideration, depth cameras’ field of view (FOV) is usually fixed and small. Small FOV limits

the sensing space coverage and restricts the dancer’s movement in a smaller space. Secondly, the

distance between the target and the depth camera strongly impacts the detection accuracy. If the
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Table 1.3. The comparison between RGB, RGBD, and neuromorphic cameras. For FOV, H, V,
and D stand for horizontal, vertical, and diagonal FOV.

Camera Type RGB (In DAVIS 346) RGBD (Intel RealSense 435i) DVS (DAVIS346)
Update Rate 40 Frames / sec 30 Frames / sec <12 MEvents / sec

FOV
Any large,
Dependent on lens.
Lens are replaceable.

IR Projector: Depth:
H: 90±3 H: 87
V: 63±3 V: 58
D: 99±3 D: 95
FOVs are fixed.

Any large,
Dependent on lens.
Lens are replaceable.

Dynamic Range 56.7 dB N/A 120 dB
Power
Consumption 140mW

Maximum Power: 2850mW
(Measured on Windows 10)

10-30mW
(activity dependent)

Working Distance N/A
0.2∼3m, varies with lighting
conditions. N/A

sensor is too close to the target (smaller than 0.5m), the two IR receivers have overlapped IR

patterns which saturate the IR camera and result in an estimation failure [77]. Moreover, when

the distance is far, the detection rate drops drastically after a certain point, as the IR receiver

cannot receive enough reflected IR light. The first two points together limit the functional

dancing area and cause a substantial restriction on relative distance.

Figure 1.16. Stable human pose estimation of the neuromorphic camera on different FPS settings.
The model used is only trained on the 50FPS setting. On the contrary, the depth camera has a
fixed 30FPS frame rate.

Thirdly, since the camera emits light itself, it could also be interfered with by other light

sources, which is especially true for strong light sources like stage lights and solar lights. This

characteristic restricts the application of depth cameras in outdoor and indoor spaces near the
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light source.

Fourthly, as we have previously mentioned, our system is able to work at any high FPS,

and the only procedure needed to take is to modify the time step size when generating the

TORE volumes for an event stream. Compared with the neuromorphic camera, the maximum

RGBD camera FPS is usually very low, making it hard to be applied to track fast-paced dances

or generate high-fidelity 3D digital dances. The two most commonly used RGBD cameras,

i.e., Microsoft Azure Kinect and Intel RealSense, support at most 30 FPS when capturing full

RGBD streams. On the contrary, neuromorphic cameras can easily receive ten-millions level

events per second, which gives them overwhelmingly huge advantages over RGBD cameras. We

tested our model by generating representations from 20FPS to 150FPS (due to the restriction of

ground truth label rate) on all the event streams from test subject eight. The result shows that the

estimation accuracy is pretty stable on various frame rate settings (Fig. 1.16).

Although it would be ideal to quantitatively compare RGBD and neuromorphic cameras

for human pose estimation, these two types of cameras can not work simultaneously. When the

depth camera is turned on, its built-in IR projector emits a grid of IR rays 30 times per second.

In the eye of the neuromorphic camera, the IR projection of the depth camera is visible and

everything in the surrounding is constantly flickering at a high frequency with meshed dots,

which negatively impacts the performance. Therefore, we made a qualitative comparison by

separately recording two sessions of human dance by Intel RealSense 435i and DAVIS 346.

During these two sessions, the participant moves from 2.5m to 3.5m with some dynamic dance

patterns, and the results are shown in Fig. 1.17. As the figure shows, as the distance between

the camera and the human increases, the RGB-Depth camera gradually fails to capture valid

human shapes. The human pose estimation program also stops generating valid predictions

after a certain point. For the RGB-Depth camera-based 3D human pose estimation, we chose

the Nuitrack [113], a commercial product designed specifically for RGBD camera-based HPE

problems, for comparison. Although RGB and depth channels are all used, here, for visualization

convenience, only the depth channel is shown, and the estimated human masks are shown in
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green.

Figure 1.17. Qualitative comparison between the RGB-Depth camera and YeLan in terms of
the distance between the camera and the human subject. The first row displays results from the
depth camera, while the second row presents outcomes from YeLan. The distance increases from
left to right.

1.9 Limitation and Future Works

Overall, YeLan clearly highlights the promise of the 3D human pose estimation in the

context of dancing in the presence of different confounding factors. However, the present study

exhibits several limitations that we intend to systematically address in future work. In the current

work, one assumption was that the neuromorphic camera is stationary and attached to a fixed

tripod. Consequently, YeLan is not readily transferable to scenarios where the neuromorphic

camera can move and is mounted on a car or a drone. The current version of YeLan has been

primarily tested in a single-person scenario and does not support a multiplayer dancing game. By

incorporating multi-person segmentation and masking, we plan to extend YeLan for multi-person

situations. Additionally, we aim to investigate energy-efficient implementations on neuromorphic

computing platforms such as Intel Loihi 2. [101].
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1.10 Conclusion

This work discussed existing 3D HPE techniques employed in dance games and evaluated

their strengths and limitations. We proposed an innovative neuromorphic camera-based approach

to address these shortcomings. We amassed a real-world dance dataset through human subject

studies and constructed an extensive motion-to-event simulator to generate a vast amount of

fully controllable, customizable, and labeled synthetic dance data to aid in pre-training the

model. YeLan surpasses all baseline models in various challenging scenarios on both datasets.

Furthermore, we conducted an in-depth analysis and comparison between different modalities,

which unequivocally demonstrates YeLan’s superiority in many aspects.
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Chapter 2

V2CE: Video to Continuous Events Simu-
lator

2.1 Introduction

Neuromorphic cameras, also referred to as Dynamic Vision Sensors (DVS) or event

cameras, have recently emerged as a significant area of interest in the field of robotics [132,

178, 90] and computer vision [52, 26, 10]. The exceptionally high optical event capture rate,

high dynamic range, low yet adaptive power consumption, sparse output, and a dynamic vision

scheme akin to mammalian perception contribute to their success in various computer vision

applications [49, 124, 104]. These include feature tracking [136, 41], optical flow estimation

[116, 13], as well as gesture and human pose estimation [173, 99]. Characteristically, DVS-based

approaches tend to offer superior temporal resolution and quicker inference speeds.

Nevertheless, when compared with the Active Pixel Sensor (APS, standard RGB camera),

the DVS emerges as a relatively novel vision sensor. Also, compared to APS frames, labeling

DVS data is quite challenging, as events captured are sparse, and inactivative objects trigger

few events. Consequently, there is a scarcity of large-scale annotated DVS datasets, which are

significantly harder to procure than APS data. Unlike APS data that can be readily generated

by mobile devices and obtained from the internet, DVS data collection necessitates specific

hardware such as a DVS camera and a laptop. Moreover, dataset collection typically proves

to be time-consuming and expensive, thereby posing significant challenges to the acquisition
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Figure 2.1. K-nearest neighbor graph comparison from events in (x,y, t) space. The v2e event
stream is generated with input video upsampled to 3000FPS.

of large-scale DVS datasets. Finally, it is neither practical nor cost-effective to recreate every

existing APS dataset for DVS. In this work, we present an optimized video-to-event conversion

algorithm that can effectively mimic the nonlinear characteristics of a DVS camera with high

fidelity.

There are a few existing works trying to bridge the gap between the APS frames and

events, like ESIM [122, 47], v2e [69], and EventGAN [180]. These methods can be roughly

divided into two genres: rule-based [69, 122, 47] and learning-based [180]. However, the former

abandoned recovering the lost information due to the dynamic range gap between standard APS

and DVS [75, 97], while the latter doesn’t consider the characteristics difference between these

two types of cameras. Lastly, none of these previous works have ever discussed the last mile
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problem: how to convert the generated event voxels or the events number into realistic and

accurate raw event streams. All these works directly apply either random or even sampling,

which is clearly suboptimal.

Figure 2.2. Proposed motion-aware event voxel prediction pipeline and hybrid loss structure:
Our method consists of two main stages. The Backbone 3D UNet encodes input frame pair
sequences and generates event frames. The Event Sampling Module, subdivided into chain
decoupling and distribution transformation modules, calculates event counts and in-voxel time,
then redistributes events in Type2 voxels. The loss functions for training, displayed on the right,
include STP, TP, ADV, BC, and EF Losses, which are elaborated in Section 2.2.1.

Notably, while these methodologies successfully convert videos to events, the resulting

events continue to reside in a series of discrete temporal layers. Fig. 2.1 illustrates a 3D

visualization for ground truth events and events generated by V2CE and v2e [69]. For v2e, It’s

apparent that all the generated events share a series of discrete timestamps, instead of spreading

across the time axis in a continuous fashion like real DVS recordings. This discrepancy is

often negligible when temporal accumulation-based methods are utilized in subsequent task

preprocessing, as the temporal information is collapsed anyway. However, for tasks that are

sensitive to timestamps distribution, such as Graph Neural Network (GNN) [134, 135, 141, 94]

and Spiking Neural Network (SNN) [145, 39, 34, 183], this issue could prohibit using generated

synthetic data as pretraining dataset, since these data has a significant domain shift compared to
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real events.

In this paper, we introduce a new Video-to-Continuous Events (V2CE) framework that

tackles video-to-event conversion challenges via a two-stage pipeline. Our main contributions

include:

1. We introduce a specialized suite of loss functions tailored for the video-to-event voxel task,

thereby achieving SOTA performance.

2. We develop a novel statistics-based local dynamics-aware timestamp inference algorithm

that enables the smooth transition from event voxels to event streams, outperforming

existing baseline methods.

3. We establish the first set of metrics grounded in DVS event characteristics, allowing for

robust quantitative evaluation in both the video-to-event voxel and the voxel-to-event

stream phases.

4. Through rigorous evaluation against established baselines, we demonstrate that V2CE

significantly outperforms them across all metrics, and the simulated events’ count strictly

matches the ground truth. Our comprehensive results analysis further underscores that

V2CE is not only the SOTA but also the first option for generating continuous event

streams.

2.2 Proposed System

The proposed Video to Continuous Events (V2CE) simulator pipeline (outlined in Fig.

2.2) consists of two stages: motion-aware event voxels prediction, and voxels to continuous

events sampling.

2.2.1 Stage1: Motion-Aware Event Voxel Prediction

The Motion-Aware Event Voxel prediction aims to transform the APS video into a 3D

voxel grid where the video data is temporally upsampled. The temporal resolution is increased
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by a significant margin and the event sequence is represented in a spatio-temporal xyt coordinate

system. We use a simple UNet-based architecture to design this module.

However, the main challenge of this task is to preserve the temporal continuity and the

microstructure compatibility of event voxels. High-fidelity event voxel reconstruction requires

information about nonlinear dynamics of light intensity changes and object movements (e.g.,

acceleration or higher order moment). While any linear assumption invariably leads to suboptimal

video-to-event conversion performance, all prior work in this space only used an adjacent frame

pair to infer the events between them. Since no hint is available to infer the nonlinear dynamics,

all baseline methods were essentially doing linear interpolation between the input APS frame

pair.

Therefore, we advocate using longer frame sequence instead of frame pairs to serve as

the input of the model, and help local temporal information flow properly during the inference.

Bear these considerations in mind, we modified a 3D UNet model and use a sequence of 16

frame pairs as the input to the model.

Further complicating the task, event and APS cameras differ in dynamic ranges, which

affects information compression in overexposed and underexposed areas. Additionally, both

camera types have adjustable parameters such as exposure, ISO, and aperture, which can be

dynamically tuned to adapt to varying environments. This renders the video-to-event voxel

prediction a time-varying task, making a straightforward one-to-one mapping between APS

video frames and event voxels especially challenging.

To address this complex task, a key contribution of our work is the development of a

hybrid loss function composed of five distinct losses, which we briefly describe below.

Denote the input to the model as I ∈R(B,L,2,H,W ), where the five dimensions represent

the batch size, sequence length, and spatial resolution. Then the output event voxels satisfy

V ∈R(B,L,2×C,H,W ), where C represents the timebin number between two frames, and the third

dimension has a shape of 2×C since events of different polarities are also separated. All losses

take ground truth voxels and predicted voxels as input.
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The first loss to introduce is the Spatial-Temporal-Pyramid Loss (STP Loss, LST P).

STP loss takes the entire concatenated voxel with a shape of (B,L×C,H,W ) and applies a series

of 3D Average Poolings with varying kernel sizes and strides. This produces more compact

representations of both ground truth and predicted event voxels. The STP Loss encourages the

model to extract multi-scale information from adjacent voxels, enhancing its robustness against

noise by applying coarse supra-voxel matching. Formally, the STP Loss is defined as:

LST P = ∑
k∈K ,s∈S

wk,s ·
∥∥∥P3D

k,s (VGT )−P3D
k,s (Vpred)

∥∥∥2

2
(2.1)

Where P3D
k,s (V ) denotes 3D average pooling operation applied to voxel v with a kernel size k and

stride s, K represents the set of all kernel sizes used in the pooling operations, S represents the

set of all strides used in the pooling operations, and wk,s denotes the weights for each combination

of kernel size k and stride s.

Temporal-Pyramid Loss (TP Loss, LT P) is designed to prioritize neighboring events,

which are crucial for voxel-level event reconstruction. We employ 1D average pooling along the

time axis using varying kernel sizes and strides on both ground truth and predicted event voxels,

followed by an L2 loss calculation. Formally, the TP Loss is defined similarly to STP Loss:

LST P = ∑
k,s∈K ,S

wk,s ·
∥∥PT

k,s(VGT )−PT
k,s(Vpred)

∥∥2
2 (2.2)

Where PT
k,s denotes 1D average pooling along the time axis.

Similarly, Event Frame Loss (EF Loss, LEF ) compresses the time axis by summing

timebins between adjacent frames or across the entire frame sequence along the time. This

addresses the issue of sparsity in voxels and ensures better and aligned information flow between

generated event frames and the input frame sequence. Event frames with and without polarity
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consideration are separately counted in the loss calculation.

LEF =
∥∥SC(VGT )−SC(Vpred)

∥∥2
2+∥∥SLC(VGT )−SLC(Vpred)
∥∥2

2

(2.3)

Where SC(·) and SLC(·) denotes the compression operation that sums over timebins C between

adjacent frames and the entire frame sequence LC respectively.

Adversarial Loss (ADV Loss, LADV ) aims to enhance the realness of our generated event

voxels. Utilizing both ground truth and predicted voxels as real and fake samples respectively,

the discriminator is trained for optimal distinction. To prevent LADV from becoming unbounded,

the generated event voxels strive for high similarity with real voxels to effectively deceive the

discriminator.

As previously noted, the relationship between APS frames’ pixel brightness and the event

number between frame pairs is not static, necessitating a dynamic, semantics-based modeling of

intrinsic camera parameters. This complexity arises because APS captures brightness as φ(I),

while DVS records log(φ(I)), where I is the scene’s absolute brightness and φ(I) represents the

effect of camera parameters. Given that multiple intrinsic parameters affect φ , a fixed linear

mapping is untenable. To address this, we introduce Brightness-Compensation Loss (BC Loss,

LBC), which compute the average brightness Ia of voxels exceeding a threshold β , and align this

Ia with that of the ground truth voxels. we define the average brightness Ia as:

Ia(V ) =
∑v∈V,v>β v

|{v ∈V : v > β}|
(2.4)

Where β serves as a threshold to consider voxels that exceed a certain brightness. Given this, the

BC Loss between ground truth voxels VGT and predicted voxels Vpred is:

LBC =
∥∥Ia(VGT )− Ia(Vpred)

∥∥2
2 (2.5)
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At last, all these losses are combined together with a separate weight factor α (which is learned

by grid search). The complete loss formula is:

L =αST PLST P +αT PLT P+

αEFLEF +αADV LADV +αBCLBC

(2.6)

Once trained, the motion-aware event voxel prediction generates 10 voxels per pixel between

consecutive grayscale video frames at 30 fps. This effectively maps each frame with dimensions

H×W to an event voxel grid of dimensions (2×10)×H×W . Upon evaluation with the entire

MVSEC dataset [179], we found this ten-fold upscaling to be adequate. Specifically, only

approximately 2.30% of the voxels are non-zero, and among these, a mere 6.66% exceed one.

This validates that partitioning the time range between two frames into 10 timebins is sufficient

for capturing the event stream.

Figure 2.3. Visualization for two stages in LDATI.

2.2.2 Stage2: Voxels to Continuous Events Sampling

This second task recovers precise event timestamps from Stage1’s event voxels. Previous

research used basic sampling methods, such as random or uniform sampling. We introduce

Local Dynamics-Aware Timestamp Inference (LDATI), an advanced technique considering

each voxel’s event firing trends. It achieves a significantly lower error metric, which is only 3.5%

of the best traditional method.

Event voxels aim to discretize temporally contiguous events into a dense tensor, suitable

for deep learning inference. Rather than merely counting the event numbers in each voxel (with
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the temporal resolution of δ ), the generation of event voxels also preserves the relative temporal

information of events within the timebin. Each event influences the voxel series for a short and

finite duration which can be characterized by a continuous-time unit step signal (with an on-time

duration same as δ ). The value of each voxel is determined by integrating all the step signals

for all events within a voxel’s designated time range. The sum of all voxels at the same pixel

location equals the total number of events occurring within that time frame. This allows the

voxel to summarize the total number of events and their relative times with a single number.

Considering the inverse process of event voxel generation, let v be the value of a voxel

and v′ be its value after removing the influences of events from the preceding voxel. If only one

event is fired in the current voxel, its relative occurrence time within the voxel can be determined

by e = ⌈v′⌉− v′. This event will then exert an e-unit influence on subsequent voxels. Starting

from the first voxel, where v = v′, we can iteratively deduce the event count and their relative

positions in each voxel, a process we term as Chain Decoupling (Fig. 2.3.a). This computation is

deterministic, as it merely reconstructs the inherent temporal information in the voxels.

Voxels are Type1 if v′ ≤ 1 and Type2 if v′ > 1. As per Section 2.2.1, event voxels are

sparse. Type1 voxels use Chain Decoupling; Type2 requires alternatives. Motion and changes

happen in a continuous manner and don’t change abruptly under natural condition. Thus, if the

preceding voxel has a greater value than the succeeding one, events in the intervening voxel are

more likely to be biased towards the former, and vice versa.

To accurately model this phenomenon, we assume that each voxel and its neighboring

voxels conform to a slope distribution described by the Probability Density Function (PDF)

f (t) = kpt +bp. Given that the event timestamp distribution within a voxel is primarily influ-

enced by its temporal neighbors, a simpler slope distribution suffices for both accuracy and

computational efficiency. This PDF allows us to estimate event timestamps while accounting for

local dynamics, outperforming random sampling approaches.

Let the voxel value in three adjacent voxels be denoted as N0, N1, and N2, and their sum

as M. Our objective is to derive the expression for their PDF f (t) using these known variables. If
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g(t) represents the PDF of the event timestamp distribution conditional on t being in the central

voxel v1, we have:

g(t) = fT |V (t|v) =
fT,V (t,v)
P(V = v)

=
f (t)

P(V = v)
(2.7)

In this formulation, T and V denote the exact event timestamp and its corresponding timebin,

respectively. The relationship among f (t), g(t), and P(v) is visually explained in Fig. 2.3.b. It

can be readily shown that P(v) also follows a linear formula with a slope ks = δkp = δkg. Given

ks =
N2−N0
2δM , the expression for g(t) can be derived accordingly.

g(t) = kpt +1/δ −δkp/2 (2.8)

where kp =
N2−N0
2δ 2M . While g(t)-based sampling could be applied individually on each voxel, this

would be computationally expensive due to varying distribution formulas and event numbers.

However, we can optimize this process through distribution transformation. By initially sam-

pling from a uniform distribution with PDF γ(u) = 1/δ , and then converting it to the desired

slope distribution via matrix operations, we significantly accelerate the sampling process. This

conversion can be achieved using the inverse cumulative distribution function (CDF) method as

follows:

t = (−bp +
√

b2
p +2kpu)/kp (2.9)

2.3 Experiments and Results

2.3.1 Stage1: Motion-Aware Event Voxel Prediction

Existing video to event simulation methodologies primarily rely on qualitative assess-

ments and consequently lack in standardized objective quantitative evaluation metrics. To address

these challenges, we introduce the following novel metrics tailored for this specific task:
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Figure 2.4. Event frame comparison between V2CE and baseline methods. Event frames
are clipped to the maximum value of their corresponding ground truth event frames and then
normalized.
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Table 2.1. The quantitative comparison between our method and all baseline methods on the
testing set.

Method TPF1↑ TF1 RF1 TPAcc↑ TAcc RAcc PMSE-2↓ PMSE-4
ESIM [47] 0.3293 0.2670 0.1301 0.6240 0.7200 0.8801 3.03512 1.54268
EventGAN[180] 0.2398 0.1544 0.0520 0.1773 0.1773 0.1530 0.05779 0.03030
V2E[69] 0.3656 0.3197 0.1604 0.7214 0.8207 0.9269 0.04929 0.02618
Ours 0.5323 0.5058 0.3014 0.8891 0.9266 0.9709 0.00267 0.00074

1) PMSE (Pooling MSE) aims to compare the predicted voxel cube with the ground

truth by employing a 3D average pooling (with kernel and stride of 2 or 4) and then estimating

the Mean Square Error (MSE). The 3D average pooling extracts a slightly higher-level summary

of the sparse voxel cube. 2) TAcc collapses the Time axis of the 3D voxel cube to convert to a 2D

frame for each polarity, apply a thresholding (with a value of 0.001) to convert it to two binary

2D frames for each polarity, and lastly estimate the accuracy by performing the binary matching.

3) TPAcc is similar to TAcc, except it further collapses the event Polarity by accumulating the

voxel cubes of two polarities. 4) If no temporal or polarity-wise accumulation is performed, the

metric is termed RAcc (Raw Accuracy). 5) TPF1, TF1, RF1: we follow the same procedure

as TAcc, TPAcc, or RAcc except F1 scores are calculated instead. Given that event voxels are

generally sparse, the F1 score is more representative. TAcc, TPAcc, TF1, and TPF1 aim to

evaluate high-frequency spatial patterns, while RAcc and RF1 provide a straightforward way to

check the absolute voxel occupancy condition. TPF1 and TF1 are selected as the main metrics.

Comparison with Existing Works

We assess our video-to-events model against baseline methods using metrics that encom-

pass both temporal and spatial aspects, as previously outlined. Consistent testing, training, and

validation sets are employed for all methods. For EventGAN [180], we set its timebin number to

10 as well during retraining to align with our framework, while maintaining other settings. ESIM

[47] and V2E [69], as non-model-based approaches, were executed with default configurations.

As shown in Table 2.1, our model excels across all metrics and achieve SOTA.
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Figure 2.5. Zoom-in comparison on event frame details.

Qualitative comparison can be found in Fig. 2.4, 2.5, and 2.6. Fig. 2.4 shows a 2D event

frame-level comparison between all the video-to-event voxel methods, and all event frames are

clipped to the maximum value of the ground truth event frame and then normalized. Thanks to

our specially designed losses, our predicted event frames are loyal to the actual brightness level,

which means the events’ number generated is close to the actual events’ number. However, all

the baseline methods tend to generate much more events in general, and the details don’t match

well. Due to the unstable and noise-prone nature of the underexposure part of the grayscale

images, baseline methods generally behave poorly in night scenes. For the overexposed region

of a scene, since the pixel value has saturated and the detailed information in these regions is lost.

Without a good semantic understanding, this lost information can never be recovered. Moreover,

all baseline methods behave quite aggressively when it comes to any edges, but different from a

simple edge detector, a video-to-event converter not only needs to learn when to generate events

but also when not to. A zoom-in comparison can be found in Fig. 2.5.

To better visualize the performance of different methods on the time axis, we also

generated a 3D plot in the xyt space, as shown in 2.6. If the value of a voxel is greater than 0.001,
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Figure 2.6. Voxel Cube comparison. (Notice: Voxels, not raw event stream.)

one node will be placed in the corresponding location. It’s clear that our prediction also matches

the ground truth voxels significantly better both spatially and temporally.

Ablation Study

As indicated in Table 2.2, the removal of any loss functions leads to a decline in our

primary metrics, TPF1 and TF1. Eliminating LS T P or LBC , which focuses on high-level

matching and compensation, slightly improves the voxel-wise metric RF1 but negatively impacts

Table 2.2. The ablation study results for all our proposed losses.

Ablation Item TPF1 TF1 RF1 PMSE-2 PMSE-4
STP Loss 0.5253 0.4999 0.3041 0.00279 0.00078
TP Loss 0.5170 0.4794 0.2528 0.00314 0.00084
EF Loss 0.4638 0.4461 0.2938 0.00248 0.00075
ADV Loss 0.3583 0.2817 0.1662 0.00225 0.00068
BC Loss 0.5253 0.4983 0.3070 0.00277 0.00076
w/o Ablation 0.5323 0.5058 0.3014 0.00267 0.00074
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all other metrics. Deactivating the LA DV results in a significant drop in all F1 metrics, despite

a concurrent decrease in PMSE losses. This suggests that while the absence of LA DV may

improve voxel value matching, it significantly deviates the generated voxels from real voxels’

distribution. Hence, each proposed loss function positively influences the final performance.

Training Details

We trained our neural network using the Adam optimizer, setting the learning rate to

0.001 and running the training for 100 epochs on our dataset. This project is built on top of

PyTorch Lighting. We employed the Multi Vehicle Stereo Event Camera (MVSEC) dataset

[179], which is one of the largest and most commonly used datasets for DVS-based research.

The dataset was randomly partitioned into training, validation, and testing subsets, following an

80%/10%/10% distribution. Each data entry in the dataset comprises 17 sequential grayscale

frames, along with the associated 16 event packets in between.

The size of our Stage1 model is 52.9MB, and it requires 779.17 GFlops to perform

inference on a single image pair sequence. Each sequence has a length of 16, which corresponds

to 0.53 seconds of video length when the video’s frame rate is 30Hz. When evaluated on an

A10 graphics card, the model’s average inference time for a 16-pairs sequence was 312.83

milliseconds, and the corresponding sampling time in Stage2 was 106.97ms. This allows us

to generate events from approximately 39 frames per second, meeting the criteria for real-time

performance.

2.3.2 Stage2: Voxel to Continuous Event Sampling

To evaluate event voxel-to-event stream generation, we introduce three metrics. Mean

Event Timestamp Error (METE) quantifies the average temporal discrepancy, in microseconds,

between each ground truth and the nearest predicted event at the same pixel. Ground truth events

without a nearby counterpart within 3δ on the time axis are termed “overflow events,” and their

error is capped at 3δ . Number of Overflowed Events (NOE) quantifies the number of such
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Figure 2.7. Qualitative comparison between all voxel-to-event sampling methods given a
randomly generated event stream (blue upward wedges). In this figure, “Ours-S” and “Ours-R”
represent chain decoupling with slope distribution and chain decoupling with random distribution
for Type2 events.

extreme errors. To mitigate potential bias from oversampling, we introduce Predicted/Ground

Truth Event Number Ratio (PGER), aiming for a value as close to 1 as possible. By multiplying

the PGER when it is greater than one, we can get the calibrated METE and NOE, which are

called C-METE and C-NOE.

Table 2.3. Testing set event voxel-to-event stream results comparison.

Method Type2 Events C-METE C-NOE PGER
Even Even Sampling 4003.528 2362 1.000
Random Random Sampling 3657.325 2350 1.000
LDATI Random Sampling 851.679 638 1.000
LDATI Slope Distribution 142.884 0 1.000

For baselines, we consider two standard techniques: random and even samplings. Let v

be the input voxel value. In both methods, the estimated event number ṽ in a voxel is computed

as ṽ = ⌊v⌋+Bernoulli(v−⌊v⌋). In random sampling, ṽ events are sampled randomly within

the timebin. In even sampling, we find the maximum M = max(ṽ) across all voxels, divide the

timebin into M equal sub-timebins, and sequentially place ṽ events starting from the leftmost

sub-timebin. A qualitative comparison is shown in Fig. 2.7.

To rigorously evaluate our LDATI sampling method, we conducted an experiment on
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ground truth event streams from our test set, converting them to event voxels as outlined in Section

2.2.2. We then applied various sampling techniques for event reconstruction and computed the

predefined metrics. The results, detailed in Table 2.3, confirm a PGER metric of 1 for all methods,

eliminating under- or over-sampling concerns. LDATI significantly outshines the baselines, with

a C-METE metric just 3.5% that of the even sample and a NOE of zero throughout the test set.

Substituting our slope distribution sampling with random sampling for Type2 events led to a 6×

higher C-METE error, underscoring the efficacy of slope distribution sampling.

In our study, we implemented a two-stage evaluation and refined the metrics. Although

Stage 1 introduces notable voxel-level errors, skewing the overall error relative to ground truth,

our V2CE pipeline demonstrates its efficacy as shown in Table 2.4. Unlike prior methods that

tend to oversample events substantially (up to 53.3× more), leading to significant divergence

from the true event distribution, V2CE closely matches the ground truth in event count while

simultaneously achieving optimal accuracy metrics.

Table 2.4. Testing set video-to-event stream results comparison.

Stage1 Stage2 C-METE C-NOE PGER
EventGAN[180] Random 395057.269 372383 45.280
ESIM[47] Even 876386.946 1346561 54.299
v2e[69] Even 63738.935 82238 5.145
V2CE Even 11131.586 12568 0.720
V2CE Random 11079.564 12487 0.720
V2CE LDATI 10039.262 10364 0.997

2.4 Conclusion

In this paper, we present V2CE, a novel pipeline that converts video to high-fidelity event

streams for tasks requiring precise events. We introduce quantifiable metrics that elevate this

field from qualitative to rigorous scientific analysis. V2CE excels overwhelmingly across all

metrics.
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Chapter 3

Labits: Layered Bidirectional Time Sur-
faces Representation for Event Camera-
based Continuous Dense Trajectory Esti-
mation

3.1 Introduction

As an emerging visual modality, event cameras offer unique and practical advantages.

Compared to conventional frame-based cameras, they provide higher temporal resolution, greater

dynamic range, higher efficiency, and lower latency ([45]). Furthermore, under stable lighting,

event cameras are primarily sensitive to the edges of moving objects, naturally filtering out

stationary objects while tracking moving ones. Their ultra-high temporal resolution also enables

smoother and more continuous target tracking. In recent years, numerous papers leveraging this

feature of event cameras have addressed topics such as feature tracking ([108]), optical flow

generation ([153]), and video interpolation ([61]) based on events.

From an event camera’s perspective, each moving point generates a discrete trajectory in

the xyt space, with each triggered event representing a sampled point on this trajectory, along

with its timestamp. The instantaneous velocity at any point on the trajectory can be calculated

from the relative positions and times of these events using straightforward mathematical formula

v = ∆x/∆t, aligning with intuitive understanding. While real-world factors like rotations, depth
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movements, and multiple moving objects complicate pixel-wise speed, the trajectory information

persists embedded within the event streams. Our target is to unearth these hidden treasures.

Currently, there are two main approaches to utilizing events. One is to directly construct

events into a graph in the xyt space and input it into a GNN (Graph Neural Network) ([94]) or

treat each event as a spike to be input into an SNN (Spiking Neural Network) ([85]). The other

is to first convert events into a dense representation and then input them into an Artificial Neural

Network (ANN). Although GNNs appear efficient, constructing the graph is computationally

and memory-intensive with increasing events, and GNNs suffer from over-smoothing as network

depth increases ([28]). Additionally, the graph conversion discards fine-grained spatial and

temporal information, making position-sensitive scenarios problematic. These limitations restrict

GNN applications in event-based vision, especially for low-level tasks. On the other hand, while

SNNs offer high energy efficiency, they are more difficult to train and are less robust ([89]).

Compared to deep learning, the SNN ecosystem is still in its early stages, and the maturity of

neuromorphic hardware is insufficient to support large-scale, high-precision models in practical

applications ([114]). These factors limit the widespread use of SNNs.

The mainstream approach in event-based vision remains converting the event stream into

a dense representation before inputting it into an ANN for inference ([168], wan2024event). How-

ever, existing representations have limitations that prevent event cameras from fully leveraging

their strengths for dense trajectory estimation. Common representations like event frames ([123])

and event counts ([106, 181]) entirely remove the temporal dimension by projecting all events

onto a 2D plane. Event frames sum the polarities at each pixel, while event counts simply tally

the events. Similarly, voxel grid ([182]) applies temporal quantization discards fine-grained

temporal information, projecting events onto the nearest temporal grid using a bilinear sampling

kernel. Although representations like time surfaces ([86]) and TORE volumes ([11]) preserve

some temporal information, each pixel retains only the timestamps of the most recent events,

ignoring earlier ones triggered by different objects. This leads to temporal occlusion and limits

the ability to extract continuous, dense, and temporally consistent local motion information in
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Figure 3.1. (a) Labits generation schematic: For a 1D event camera, at each pixel and probe
time pti, the algorithm searches for the most recent past event within δ t. If none is found, it
searches for the next future event within δ t. The Labits value is the normalized time difference
between probe time pti and the found event’s timestamp, or -1 if no event is found. Labits can be
converted to APLOF via a small model. (b)-(g): Single channel visualization of the following
event representations (more details can be found in related works): (b) Labits (c) Voxel Grid (d)
TORE Volume (e) Time Surface (f) Event Count (g) Event Frame (h) RGB frame of the moving
target (i) Labits layers samples. Note that the first layer of TORE is exactly the same as time
surface.

the spatio-temporal (xyt) domain.

Dense trajectory estimation requires pixel-level movement sensitivity, stable and sharp

2D visual features, and consistent information density throughout the tracking duration. The final

requirement is to ensure the representation does not excessively focus on events near the end of

the time period while neglecting earlier occurrences. To fully exploit the potential of events for

dense trajectory estimation, a representation that preserves all these characteristics is essential.

In this paper, we propose Labits: LAyered BIdirectional Time Surfaces, as a simple and elegant

solution to these challenges. The impact of an effective event representation is significant. By

simply switching to Labits, it can yield a 13% improvement on TEPE, while incorporating an

additional APLOF extractor can provide an extra 30% reduction in error for dense trajectory

estimation.

Our main contributions can be summarized as follows: 1. We proposed Labits, a novel
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Table 3.1. A comparison of event representation methods used in deep learning, where H and
W denote the height and width of the representations, respectively. This table extends the one
presented in ([12]) with newly included methods.

Event Representation Dimensions Description Characteristics

Event Frame H, W Image of event polarities Discards temporal & polarity information
Event Count 2, H, W Image of event counts (EC) Discards temporal information
Time Surface 2, H, W Image of most recent timestamp Discards all prior time stamps
Averaged Time Surfaces 2, H, W Image of average timestamp for window Discards temporal information
Inceptive Time Surfaces 3, H, W Image of filtered timestamps & EC Discards temporal information
Event Spike Tensor 2, B, H, W 4D grid of convolutions Temporally quantizes information into B bins
TORE Volumes 2, K, H, W 4D grid of last K timestamps Discards timestamps prior to last K events
Voxel Grid B, H, W Voxel grid summing event polarities Discards polarity information
Labits B, H, W Layered bidirectional time surfaces Provides multi-layer local speed hints

synchronous event representation that is aware of event camera’s asynchronous characteristic and

keeps rich local movement trend information. 2. We trained a corresponding active pixel local

optical flow estimator based on Labits layers, which utlizes intermediate motion information. 3.

We achieved the SOTA performance on event-based dense trajectory estimation task, and the

TEPE of our method decreased 49% compared to the previous SOTA.

3.2 Related Works

Event Camera: Event cameras contain a bio-inspired dynamic vision sensor, where each

pixel unit works asynchronously and triggers an event instantly when it detects a log-intensity

change over a predefined threshold. Each event e = (t,x,y, p) records the spatial coordinate

(x,y) of the corresponding pixel position on the image sensor plane, the microsecond-level

shooting timestamp t, and a binary polarity value p that indicates the direction of brightness

change ([174]). Event cameras are widely used in various computer vision and robotics tasks.

They excel in motion-centric tasks like optical flow estimation and object or human pose tracking,

as demonstrated in numerous studies ([68, 159, 27, 173]). Their high temporal resolution and

event-driven operation also enable innovative video processing techniques, including frame

interpolation ([151, 142, 100]) and motion deblurring ([30, 166, 82]). These applications

leverage the unique characteristics of event cameras for detailed, dynamic scene analysis without
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the high data demands of traditional high-speed video recording.

Event Representations: In event-based vision, mainstream methods convert the event

stream into a dense representation, then pass it to ANNs for various tasks ([13]). However,

existing representations often fail to fully leverage the unique capabilities of event cameras.

Early representations attempt to convert event streams into intensity frames, highlighting

moving edges and mimicking 2D features of traditional cameras. The event count representation

([106, 181]) sums the number of events per pixel within a time window, while the event frame

([123]) sums event polarities. Both discard temporal information, obscuring events over time.

The voxel grid representation ([182]) quantizes time and maps events to temporal grids using

bilinear sampling. While better than event count, time information retention is still limited, and

temporal obscuring persists.

Time surface-style representations form another key branch. The original time surface, or

Surface of Active Events (SAE, [15]), encodes only the most recent event’s timestamp per polarity

at each pixel, disregarding prior events, no matter the scene’s complexity. This leads to poor 2D

pattern capture and temporal occlusion, where newer events overwrite earlier ones. Variants like

the averaged time surface ([139]) reduce noise and mitigate occlusion, but reintroduce temporal

obscuring and ambiguity. TORE volume ([12]) preserves the most recent K events per pixel,

creating multi-layer time surfaces. However, redundancy arises when the same object repeatedly

triggers recent events at the same pixel, perpetuating temporal occlusion. This is partly due to

the complex textures of real-world objects, which introduce numerous small edges that trigger

events. All aforementioned representations, and others, are summarized in Table 3.1.

3.3 Labits: Layered Bidirectional Time Surface

Event cameras have distinct advantages over traditional frame-based cameras due to

their asynchronous nature. This characteristic enables event cameras to provide highly precise

timestamps at the microsecond level, making them ideal for capturing instantaneous motion
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velocity. However, existing event representations fail to fully exploit these advantages. Most

approaches convert the sparse and discrete event streams into frame-like structures that highlight

2D visual features such as moving edges and patterns, thus making the event modality compatible

with conventional computer vision models. The transformation essentially forces event cameras

to conform, fitting themselves into the framework dominated by frame-based cameras, rather

than fully leveraging their own strengths and showcasing the unique advantages that conventional

cameras cannot replicate.

Building event representations inevitably involves information loss. It’s almost a trilemma

to faithfully preserve the original fine-grained timestamp information, compile meaningful 2D

visual patterns, and maintain historical movement information at intermediate times simultane-

ously. However, all three aspects are essential for accurate, dense, continuous-time trajectory

estimation. Fine-grained event-level timestamp information is the unique strength of the event

modality in movement prediction. 2D visual patterns form the basis for correlation-based track-

ing mechanisms, while intermediate movement information ensures stable estimation accuracy

throughout the entire trajectory.

Therefore, we designed Labits: Layered Bidirectional Time Surfaces to meet these

demands. The logic behind this representation is straightforward: a time-surface-like structure is

essential for retaining the microsecond-level timestamp features. The accumulation time range

of events should be strictly controlled to avoid issues with visual feature blurriness, so splitting

the target time range into a series of smaller time bins is essential. Stopping at this stage creates

a layered time surface.

However, under this scheme, only the last events’ information is utilized within each time

bin at each pixel, which is unpreferable. Moreover, when estimating the local speed at each time

bin intersection, only past movement information is considered, so the prediction here is based

on backward difference, where the error estimation is known to be O(δ t). Further reducing this

error estimation is nothing difficult: simply consider future event if no event is observed in the

past δ t search range. This change in representation is simple yet powerful: First, pixels ahead of
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the moving edges’ direction often don’t have triggered events in the near past, by incorporating

future events, these originally empty pixels are assigned a meaningful value, thereby increasing

the information density of the resulting representation. Second, the first and last event within

each time bin at each pixel are both fully utilized. Especially when the time range is small,

this sampling strategy is highly representative. Third, considering near past and future events

simultaneously changes the basic representation unit from time bin to intermediate probe times.

Local speed estimations at these probe times use central difference, reducing the estimation error

to O(δ t2) (detailed in the Supplementary Material).

Let E = {(tn,xn,yn, pn)}N
n=1 represent the event stream, where tn denotes the timestamp,

(xn,yn) are the spatial coordinates, and pn is the polarity of the n-th event. The variables τstart and

τend refer to the first and last event timestamps, respectively, and τtotal is the total time duration

of the events. The time interval between two adjacent probe times is denoted as τrange, and τi

denotes the i-th probe timestamp. The output tensor L ∈ RB×H×W is the Labits representation,

where B is the number of probe time points, H and W is the sensor height and width. The Labits

generation algorithm is elaborated in Algorithm 1.

As shown in Algorithm 1, the backward and forward temporal search range at each probe

time point is trange, which corresponds to the time interval of each time bin. Under this scheme,

the timestamp of the earliest and latest events within each time bin are recorded by the Labits

layers at the two adjacent probe points surrounding the bin, further minimizing information loss.

Moreover, the design of Labits ensures that it maintains stability and consistency. The

values in the each layer of Labits always lie within a fixed range, making Labits inherently robust

against outliers, such as hot pixel noise, which can otherwise distort the normalization scale in

other representations.

With Labits, dense instantaneous optical flows at active pixels can be generated across

evenly-spaced probe times using straightforward neural networks, due to the clear correlation

between Labits layer values and their corresponding local speeds. The resulting layered in-

stantaneous optical flows could serve as a basis for future research into tasks requiring high
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Algorithm 1: Labits Representation Generation.
Input :E = {(tn,xn,yn, pn)}N

n=1, where tn is timestamp, (xn,yn) are spatial coordinates,
and pn is the polarity of the event. Events are ordered by tn in ascending order.

Output :L ∈ RB×H×W , a tensor representing Labits. B is the number of intermediate probe
time points, H and W are the sensor height and width.

1 Set τstart = t1 and τend = tN (first and last event timestamps);
2 Compute total duration: τtotal = τend− τstart;
3 Divide τtotal into B+1 equal intervals:

τrange← τtotal/(B+1), τi← τstart + i · τrange, i ∈ {1, . . . ,B}

Initialize L ∈ RB×H×W with −1;
4 for i = 1 to B do
5 Eprev←{en | τi− τrange ≤ tn ≤ τi}; Efuture←{en | τi < tn ≤ τi + τrange};
6 Define Tprev ∈ RH×W and Tfuture ∈ RH×W , initialized with −∞ and ∞, respectively;
7 for each en ∈ Eprev∪Efuture do
8 Compute normalized time: tnorm← (tn− τi)/τrange;
9 if en ∈ Eprev then

10 Update Tprev(yn,xn)← tnorm;

11 else
12 Update Tfuture(yn,xn)← tnorm;

13 for each (x,y) ∈ {(x,y) | x ∈ [0,W −1],y ∈ [0,H−1]} do
14 Update L[i,y,x]:

L[i,y,x]←


Tprev(y,x), if Tprev(y,x) ̸=−∞

Tfuture(y,x), if Tprev(y,x) =−∞ and Tfuture(y,x) ̸= ∞

−1, otherwise

15 return L;

temporal resolution and advanced motion understanding, such as event-based object or human

pose tracking.

Furthermore, the flexibility of Labits enables its use with varying numbers of probe time

points and time bin sizes, without the need to retrain the model used to predict instantaneous

optical flows. This adaptability stems from the fact that corresponding APLOF are generated

separately for each Labits layer, and variations in time bin duration just introduce a scaling factor
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to the perceived speed. Subsequent deep learning models can readily adjust to any scaling effects

introduced by variations in the generated local optical flows. This combination of adaptability and

precise flow prediction enhances Labits’ utility as a versatile and powerful tool for event-based

computer vision tasks.

In conclusion, Labits overcomes the limitations of existing event representations by

providing a highly accurate, temporally precise, and robust way to capture motion information

from event streams. Its ability to handle both near-past and near-future events, coupled with its

stability against time normalization, allows it to deliver superior performance in dense trajectory

estimation. By fully harnessing the hardware advantages of event cameras, Labits sets a new

benchmark for event-based continuous dense trajectory estimation.

3.4 Method

3.4.1 Labits-to-APLOF Net

Event cameras are highly sensitive to motion, particularly instantaneous or local motion.

In this context, “local” refers to both spatial and temporal locality, aspects not captured by

conventional optical flow techniques. For instance, in the MultiFlow dataset, the optical flow

ground truth at each intermediate probe time is relative to the initial reference time point,

representing cumulative motion rather than instantaneous speed. In contrast, events triggered by

the same moving object within a short time frame are closely tied to the object’s instantaneous

speed, based on the variation in their timestamps, rather than cumulative displacement. Therefore,

to fully leverage event cameras for tracking, local speed must be taken into account.

Labits retains substantial local motion information at active pixels both before and after

the probe time points. Compared to voxel grids, the information encoded in Labits enables the

main model to predict trajectories with greater accuracy. However, due to the sparsity of events,

noise, and temporal occlusion, it can be challenging for a downstream task model to effectively

decode this implicit information without any dedicated guidance.
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To fully leverage Labits, we propose a general-purpose model component named the

Labits-to-APLOF Net, where APLOF stands for “Active Pixel Local Optical Flow.” This model

component is specifically designed to utilize a single Labits layer as input for three main reasons:

First, each Labits layer, generated at an intermediate probe time point, already contains sufficient

information to infer the corresponding APLOF. Second, as we mainly focus on spatiotemporal

locality, using a single layer and a shallow network naturally preserves that while keeping the

model efficient and enhancing generality. Finally, since the number of time bins in Labits can be

freely adjusted by the user, maintaining a single-channel input increases flexibility. This design

makes the Labits-to-APLOF Net a versatile module compatible with Labits.

The Labits-to-APLOF Net is implemented based on U-Net ([129]). To improve both

stability and efficiency, we employ instance normalization within each block, rather than batch

normalization. This adaptation arises from shifting the channel dimension of Labits to the

batch dimension during inference, enabling the network to more effectively handle Labits while

keeping the single input channel. Since Labits contains rich information primarily around active

pixels, local speed estimation is most reliable in these areas. Thus, we apply an active pixel mask

(APM) to the generated APLOF features, considering only Labits pixels with absolute values

below a certain threshold β as active pixels. To ensure alignment between the low-resolution

(LR) APLOF features at the bottleneck and the pixel coordinates, we incorporate an auxiliary

output head during training. This head is trained to predict an LR version of the local speed flow

based on the bottleneck features.

Let Âh and Âl represents the estimated high-resolution (HR) and LR APLOF, while E

and Dh denote the encoder and decoder of the U-Net, respectively. Dl means the auxiliary LR

decoder, and Mh,Ml stand for HR/LR active pixel masks. The following equation formalizes the
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process:

Mh = 1|L|<β (3.1)

Ml = 1AvgPool8×8(Mh)<γ (3.2)

Âh = Dh(E(L)) ·Mh (3.3)

Âl = Dl(E(L)) ·Ml (3.4)

In these equations, the term 1|L|<β is an active pixel mask that is generated based on the condition

|L|< β , where the mask Mh takes the value 1 when the condition is satisfied and 0 otherwise.

In this way, pixels where there are events happened most recently stand out. Similarly, the low-

resolution active pixel mask is generated based on a down-sampled version of high-resolution

active pixel mask, with a threshold of γ . After fine-tuning, the thresholds β and γ are set to 0.3

and 0.125.

During training, the ground truth APLOF at τ is generated using the ground truth optical

flow at τ−,τ , and τ+, where τ−,τ+ represents the timestamp of τ±10ms. Denoting a pixel’s

coordinate at τstart as xstart, and optical flow between τstart and τ as Oτ , the ground truth HR

APLOF value is:

xτ = xstart +Oτ(x) (3.5)

Aτ(xτ) = (Oτ+(xstart)−Oτ−(xstart)) ·Mh(x) (3.6)

The training loss combines the LR and HR APLOF losses as follows:

LA = ∥Âh−Ah∥1 +∥Âl−Al∥1 (3.7)
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Figure 3.2. (a) Labits-RAFT architecture: Labits are used to generate correlation blocks, content
features, APLOF features for intermediate movement integration, and guide Active Pixel Mask
(APM) generation. APM layers are point-wise multiplied to their corresponding APLOF feature
layers. Features are used to calculate correlation matrix, eventually generate and refine a Bézier
curve B for each pixel at τstart via a ConvGRU. For brevity, we only show the pure event-based
pipeline. (b) Labits-to-APLOF Net: HR and LR APLOF are generated based on a customized
U-Net and APM.

3.4.2 Pipeline

Accurately estimating pixel trajectories over time goes beyond simply determining their

final displacements. Our proposed solution aims to predict each pixel’s shifting at various

intermediate probe times within the defined time range.The RAFT-based structure ([146]) excels

at extracting correlations between pixels across different spatiotemporal locations. Predicting the

trajectory as a Bézier curve, rather than as a series of discrete displacements, allows for a smoother

and more continuous representation. Building on top of ([51]), our pipeline consists of four

main components: feature extraction, correlation computation, Bézier parameter refinement,

and upsampling. The task is mathematically defined by the following equations:

B : T ×N0×N0→ R2 (3.8)

(τ,x,y) 7→ B(τ,x,y) (3.9)
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T = R∩ [0,1] describes the domain of the normalized time τ(t) = (t− tr)/(tt− tr), with τ = 0

and τ = 1 corresponding to the reference time tr and target time tt , respectively, indicating the

start and end of the pixel trajectory. This formulation allows the trained model to predict pixel

displacement for any initial pixel at subsequent time points.

In part one, the generated event representation and RGB frames (if available) are

encoded into feature maps. The time period corresponding to the events is evenly divided into

B segments, each lasting milliseconds. Of these, the first M− 1 segments provide additional

reference information, while the remaining B−M+1 segments constitute the target time period,

referred to as the context Labits block. If available, the RGB frame at the reference time is

concatenated to the context Labits block to enrich the feature set. Using a sliding window

approach, the total B Labits layers are grouped into J correlation Labits blocks, each containing

M layers. Each block is also referred to as a “view,” as it represents a distinct timestamp.

In part two, correlation volumes are computed between the first view and subsequent

views to facilitate the spatial-temporal correspondence search for initial pixels. Additionally, if

RGB frames are provided, a correlation volume between the reference and target frames is also

calculated. These volumes are then utilized to iteratively refine the Bézier parameters.

In part three, the goal is to find a set of Bézier control points, P , for each initial pixel at

the reference time, tr. Initially, all control points are set to zero, positioning each pixel’s default

trajectory as a straight line along the time axis. This part primarily involves a ConvGRU, which

processes the context and correlation information, along with the Bézier parameters, and outputs

the residuals of the Bézier parameters. The initial hidden states of the ConvGRU are generated

from the context volumes and APLOF features. During each subsequent iteration, the Bézier

parameters are progressively refined to achieve optimal estimation. The Bézier curve is defined

as follows:

B(τ,x,y) =
n

∑
i=0

(
n
i

)
(1− τ)n−i

τ
iPi(x,y) (3.10)

Here, P represents the set of Bézier control point parameters, with P = P1, . . . ,Pn when the
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Bézier curve has n degrees. After the iterative refinement of the low-resolution Bézier parameters,

convex upsampling is applied to upscale the Bézier parameters to the original resolution (part

four).

The model is supervised with Nk ground truth optical flows along the trajectory. Let Bi

denote the Bézier curve at iteration i, τk ∈ [0,1] represent the evaluation timestamps, and γ = 0.8.

The loss function is defined as follows, with more details provided in ([51]).

L =
1

Nk

Ni

∑
i=1

γ
Ni−i

Nk

∑
k=1
∥fgt(Tk)−Bi(Tk)∥1 (3.11)

APLOF features introduced earlier are utilized in parts one and three. In part one, APLOF features

are generated using the selected Labits layers that correspond to the intermediate trajectory

ground truth time points. These features are then merged with the associated correlation block

features based on the time range of each view. In part three, the initial hidden states of the

ConvGRU, generated from the context block, are enhanced by merging with APLOF features.

This integration provides additional local motion information, significantly improving trajectory

estimation accuracy. The results section demonstrates the exceptional effectiveness of the APLOF

features.

3.5 Results

Datasets and Evaluation Metrics. Our model is trained and evaluated on the MultiFlow

dataset ([51]), which comprises 10,100 training and 2,000 test sequences, each including

paired RGB images, events, and optical flows relative to a reference time. With optical flow

ground truths recorded every 10 ms, we can generate intermediate local optical flows for

training the Labits-to-APLOF net, and ensure accurate supervision of the intermediate Bézier

parameters. MultiFlow is currently the only available event dataset that supports dense trajectory

prediction and active pixel local optical flow estimation simultaneously. The ground truth for

pixel trajectories is provided relative to a reference time of 0.4 seconds (tre f ), with trajectories
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(b) Labits (g) Dense OF GT(f) Dense OF Pred (h) Bézier GT & Pred(c) LR APLOF Pred(a) First Frame (d) HR APLOF Pred (e) HR APLOF GT

Figure 3.3. Visualization of detailed inputs and outcomes from our model. It predicts instanta-
neous APLOF at intermediate reference times, end-point optical flow (the end-point optical flow
is computed as the displacement of each pixel along its entire trajectory), and pixel-level Bézier
trajectories, all closely aligning with the corresponding ground truth data. *OF: Optical Flow.

calculated at 10-millisecond intervals between tre f (0.4 seconds) and ttar (0.9 seconds). Events

occurring outside this range provide additional context. To evaluate the trajectory-level estimation

accuracy, beyond the standard EPE and AE metrics, we also adopt Trajectory End-Point Error

(TEPE) and Trajectory Angular Error (TAE).

Labits-to-APLOF Net Results. The Labits-to-APLOF Net is supervised by high- and

low-resolution APLOF ground truth calculated via the Equation 3.6, with a single Labits layer

as its basic input unit. This lightweight network (0.524M parameters) efficiently captures local

movement information from Labits layers, exhibiting high-quality APLOF estimation. In the

main trajectory estimation pipeline, only the encoder part is used, reducing the parameter count

to 0.293M. The Labits-to-APLOF net is trained using a StepLR scheduler for 60 epochs and

75k iterations. Training on an NVIDIA RTX 3090 GPU took 35 hours, achieving a low error

rate. The model converged with a minimal total loss (Equation 3.7) of 0.084, consisting of

LR APLOF L1 loss (0.056) and HR APLOF L1 loss (0.028). Additional qualitative results are

detailed in the Supplementary Material.

Main Pipeline Results. Figure 3.3 presents the visualization of our method’s results on

the MultiFlow dataset. As shown, both the HR and LR versions of the predicted APLOF closely

align with the corresponding ground truth in the early stages, benefiting the main model and
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offering additional guidance. For applications that require only the optical flow of active pixels,

early exiting here is feasible. Furthermore, the final pixel trajectories and the resulting dense

end-point optical flow accurately align with the ground truth, effectively handling challenging

scenarios involving small objects and sharp details. More qualitative results are shown in the

Supplementary Material.

Table 3.2. Results on MultiFlow dataset. TEPE and TAE represent trajectory-based EPE and
AE. Metrics in parentheses are from a linear motion model, indicating these methods aren’t
optimized for trajectory prediction. Methods using both events and images are highlighted in
grey. Percentage decreases are relative to DCT-RAFT, the top baseline. “w/o” means without.

Method Input Trajectory Metrics 2-View Metrics

TEPE TAE EPE AE

RAFT I (6.89) (19.31) 7.42 6.71
RAFT + GMA I (5.14) (16.35) 1.47 1.56
E-RAFT E (6.70) (18.44) 7.56 6.19
E-RAFT+Bézier E 2.62 5.92 4.54 6.06
DCT-RAFT E 1.85 4.61 3.37 4.80
DCT-RAFT E+I 1.29 3.35 2.27 3.19

Labits-RAFT (Ours) E 1.32 ↓ 29% 3.14 ↓ 32% 2.50 ↓ 26% 3.37 ↓ 30%
Labits-RAFT (Ours) E+I 0.66 ↓ 49% 1.72 ↓ 49% 1.08 ↓ 52% 1.45 ↓ 55%

Ours w/o APLOF Features E 1.53 ↓ 17% 3.69 ↓ 20% 2.83 ↓ 16% 3.89 ↓ 19%
Ours w/o APLOF Features E+I 1.01 ↓ 22% 2.63 ↓ 21% 1.64 ↓ 28% 2.25 ↓ 29%

Ours w/o APLOF & Labits E 1.83 4.57 3.29 4.74
Ours w/o APLOF & Labits E+I 1.16 3.01 1.99 2.78

To evaluate the effectiveness of our approach, we compare it with four previously

published baselines: RAFT ([146]), RAFT-GMA ([74]), E-RAFT ([50]), and DCT-RAFT ([51]).

Specifically, RAFT and RAFT-GMA are frame-based approaches utilizing the RAFT architecture,

whereas E-RAFT and DCT-RAFT are recent event-based approaches. DCT-RAFT also has a

version that takes both frames and events as input. We select these baselines for comparison

because they are all derived from the RAFT framework, providing a consistent basis for evaluating

our method’s performance.

As presented in Table 3.2, our method, Labits-RAFT, outperforms other methods across

all metrics by a remarkably large margin. Our proposed method reduces the TEPE by 49%, from
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1.29 to 0.66, compared to the previous state-of-the-art. Similarly, the Trajectory Angular Error

(TAE) is reduced by 49%, from 3.35 to 1.72. These results indicate that approaches directly

predicting pixel displacements are not suitable for accurate pixel trajectory estimation (e.g.,

RAFT, RAFT + GMA, E-RAFT). While incorporating Bézier estimation into E-RAFT improves

trajectory and two-view metrics, the estimated flow still has room for improvement. DCT-RAFT,

which integrates image frames and introduces correlation features, effectively reduces errors in

both trajectory and two-view metrics. However, DCT-RAFT’s reliance on voxel grids leads to a

significant loss of fine-grained temporal information, representing a critical limitation. Finally,

our method also achieves improvements on two-view metrics (52% on EPE and 55% on AE),

additionally demonstrating its superiority in accumulative optical flow estimation.

(c) DCT-RAFT (Voxel) (d) DCT-RAFT (Labits) (e) Ours(b) E-RAFT (Voxel)

Erroneous Prediction

(a) Images

Figure 3.4. Trajectory predictions on the MultiFlow dataset by our proposed model and baseline
methods. Ground truth Bézier trajectories are shown in red, while predictions are depicted in
blue. The background displays the ground truth optical flow to highlight moving objects. Our
model’s predicted trajectories significantly outperform those of all baseline methods.

Ablation Studies. We conduct ablation studies to assess the contributions of our main

innovations in dense continuous-time trajectory estimation: the novel Labits event representation

and the Labits-to-APLOF net. We carry out two sets of experiments: one excluding the Labits-to-

APLOF network and another further replacing Labits with voxel grids. The results, shown in the

last four rows of Table 3.2, demonstrate significant performance declines without these modules
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in both pure event and event+image scenarios, confirming the effectiveness of both Labits and

APLOF features.

Furthermore, Fig. 3.4 provides qualitative comparisons, showcasing two frames and the

pixel-wise movement trajectory between them. Our method is compared with the top baseline

methods and key ablated results. The superior curve proximity between our predicted trajectory

and the ground truth highlights the benefits of incorporating Labits’ implicit local speed cues

and APLOF features.

Implementation Details. We implemented our models in PyTorch, training them on the

MultiFlow dataset from scratch with AdamW optimizer ([103]), gradient clipping in the range of

[-1, 1], and a OneCycle learning rate scheduler. We adopted trajectory loss and two-view loss as

detailed in ([51]), supervising the training with 10 flow maps and employing a Bézier curve of

degree 10 for precise trajectory modeling. Our model configuration utilizes J = 6 correlation

Labits blocks across time intervals from 0.4 to 0.9 seconds, quantizing time into N = 41 and

M = 25 bins for context and correlation, respectively. To ensure consistency in evaluation, we

adopt the same setup as described in ([51]). Training spanned 100 epochs and 250k iterations,

requiring approximately 40 hours on four NVIDIA GeForce RTX 3090 GPUs.

Efficiency Analysis. In our systematic performance evaluation, Labits emerged as an

exceptionally efficient representation, adept at capturing dense and detailed motion information

with minimal computational delay. We assessed the processing times for various representations,

as shown in Figure 3.1, utilizing randomly sampled 500 event packets from the MultiFlow

validation set, with each packet focusing on the initial 100 milliseconds of data. Labits achieved

an average execution time of 0.220s, demonstrating comparable efficiency to the Voxel Grid

(0.225s) and surpassing the more computationally intensive TORE Volume (7.624s) and Time

Surface (0.358s). Notably, simplest Event Frame recorded the fastest execution time at 0.062s,

followed by Event Count at 0.102s. All the testing is conducted on the same device under the

same condition. Although Labits is not the quickest, it offers a superior balance of speed and

data richness compared to the others.
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3.6 Conclusion

In this work, we introduced Labits, a novel event representation that simultaneously

retains fine-grained temporal information, meaningful 2D visual patterns, and local speed cues.

Labits is the first to achieve this combination. We also developed the Labits-to-APLOF net,

which accurately converts Labits into active pixel local optical flows. Together, these innovations

significantly improve performance on event-based continuous-time dense trajectory estimation,

with a remarkable 49% reduction in trajectory end-point error compared to the top baseline

models. The results highlight that, beyond model architecture, event representations also have a

transformative impact on the final outcomes. While Labits’ strengths are most apparent in tasks

that utilize intermediate motion information, its adaptability to other event-based vision tasks

remains an open area for future research. This versatility positions Labits as a valuable asset

for advancing event-based vision, offering numerous possibilities for further exploration and

development. Detailed analysis of limitations and future research directions could be found in

the Supplementary Material.

3.7 Supplementary Material

3.7.1 Model Specifications

Table 3.3. DCT-RAFT and Labits-RAFT model size and performance metrics

Metric DCT-RAFT Labits-RAFT* Labits-RAFT

APLOF Features N/A Yes Yes
Trainable Parameters 6.8 M 6.8 M 24.8 M
Non-trainable Parameters 0 0 524 K
Total Parameters 6.8 M 6.8 M 25.3 M
Estimated Model Size 27.203 MB 27.203 MB 101.288 MB
Average GFLOPS 4316.287 4432.353 5599.052
Average Inference Time 0.133 s 0.135 s 0.192 s
TEPE 1.29 1.01 0.66
TAE 3.35 2.63 1.72
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Figure 3.5. Visual Comparison of Labits and One-way Labits: We visually compare Labits
and One-way Labits generated from the same icon sample, as presented in Figure 3.1. For the
One-way Labits, we create results using only the past or future time ranges, respectively, to
illustrate the visual difference.

Table 3.3 provides detailed performance metrics for the DCT-RAFT and Labits-RAFT

models (* means Labits-RAFT w/o APLOF features), based on 100 iterations on an NVIDIA-

A10 GPU. The DCT-RAFT model, with 6.8 million parameters, delivers fast inference times

but higher error rates, while the more complex Labits-RAFT, with 25.3 million parameters,

exhibits a slight increase in inference time but significantly reduces errors by 49%, illustrating

the trade-offs between model complexity and performance efficiency.

3.7.2 Instantaneous Speed Prediction Error Estimation Analysis

The motivation behind the development of Labits stems from the necessity of accurately

estimating continuous dense optical flow—a process that requires precise understanding of

instantaneous pixel-level movements at numerous intermediate moments within a scene. These

movements information, which we refer to as local motion anchors, play a crucial role in tasks

that demand detailed motion understanding. Based on the formula of the backward (Eq.12)

and central difference (Eq.13), combined with Taylor expansion (Eq.14, Eq.15), we know the

error estimation for backward difference is O(δ t), while the one for central difference is O(δ t2),
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meaning central difference provides higher accuracy.

f ′(xn)≈ ( f (xn)− f (xn−δ t))/δ t (3.12)

f ′(xn)≈ ( f (xn+δ t)− f (xn−δ t))/2δ t (3.13)

f (xn+δ t) = f (xn)+δ t f ′(xn)+0.5(δ t)2 f ′′(xn)+O((δ t)3) (3.14)

f (xn−δ t) = f (xn)−δ t f ′(xn)+0.5(δ t)2 f ′′(xn)−O((δ t)3) (3.15)

In each Labits layer, the values represent relative time information, enabling the scaled instanta-

neous local speed to be calculated as the inverse of the 2D Labits gradient on the image sensor

plane. To improve local speed estimation at active pixels, the central difference method, which

requires relative time values from both the past and future, is preferred. Therefore, the Labits

implementation incorporates both near-past and near-future events at each reference point. In

contrast, existing time surface-style representations, which compress information solely from the

past, are less accurate for local speed estimation and leave a significant portion of pixels in front

of moving objects empty, reducing information density, especially when the time range is short.

3.7.3 Analysis of the Bidirectional Structure in Labits

Since Bidirectional is a key feature of our event representation, this section can provide

more concrete evidence to show the effectiveness of this design scheme. We conduct additional

ablation studies on whether the representation takes in bidirectional information during the

representation generation. For the so-called “One-way Labits”, only events triggered during

the past time range is considered, following the traditional time surface generation strategy.

We retrain the entire pipeline using the “One-way Labits”, including the Labits-to-APLOF net

and the Labits-RAFT model. The results of both model is significantly worse compared to our

proposed bidirectional Labits. Details are shown in Table 3.4 and Table 3.5. Additionally, visual

comparison of Labits and One-way Labits are detailed in Figure 3.5.
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Table 3.4. Final APLOF losses comparison between Labits and one-way Labits.

Model Total Loss LR APLOF L1 Loss HR APLOF L1 Loss

Labits-to-APLOF Net 0.084 0.056 0.028
Labits-to-APLOF Net (One-way) 0.357 0.199 0.158

Table 3.5. Performance comparison of Labits and one-way Labits.

Method Input TEPE TAE EPE AE

DCT-RAFT E+I 1.29 3.35 2.27 3.19
Labits-RAFT (Ours) E+I 0.66 1.72 1.08 1.45
Labits-RAFT (One-way) E+I 0.72 1.87 1.22 1.68

3.7.4 Ablation Study on Time Bin Size

Besides, we conduct ablation studies on the number of Probe Times to facilitate compre-

hensive evaluations. Detailed ablation studies focus on different bin configurations for Labits

and Voxel Grid, specifically in the context of trajectory estimation. These studies utilize the same

pretrained Labits-to-APLOF network, which was originally trained with Labits featuring 65 bins

and a bin size of 0.0125 seconds. We design our study to cover a variety of scenarios by setting

bin time spans at 0.0125s, 0.0250s, 0.0500s, and 0.1000s, facilitating a direct comparison with

DCT-RAFT [51]. Table 3.6 provides robust results that thoroughly validate the efficacy of Labits,

confirming that the pretrained Labits-to-APLOF net can adaptively handle different time bins.

Table 3.6. Performance comparison of DCF-RAFT and Labits-RAFT using different bin setups.

Model Bin Size TEPE TAE EPE AE

DCF-RAFT (voxel) 0.1000 1.81 4.53 2.87 3.97
Labits-RAFT (Labits) 0.1000 0.88 ↓ 51% 2.35 ↓ 48% 1.43 ↓ 50% 1.97 ↓ 50%
DCF-RAFT (voxel) 0.0500 1.51 3.82 2.61 3.63
Labits-RAFT (Labits) 0.0500 0.75 ↓ 50% 1.94 ↓ 49% 1.22 ↓ 53% 1.66 ↓ 54%
DCF-RAFT (voxel) 0.0250 1.40 3.56 2.45 3.41
Labits-RAFT (Labits) 0.0250 0.72 ↓ 49% 1.86 ↓ 48% 1.17 ↓ 52% 1.58 ↓ 54%
DCF-RAFT (voxel) 0.0125 1.29 3.35 2.27 3.19
Labits-RAFT (Labits) 0.0125 0.66 ↓ 49% 1.72 ↓ 49% 1.08 ↓ 52% 1.45 ↓ 55%
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3.7.5 Additional Comparison Experiments

To further validate the performance of the Labits-RAFT model, we train a Voxel-to-

APLOF net under the same conditions as the Labits-to-APLOF net. For active pixels, we emply a

zero mask. Additionally, we implemented a complete model pipeline using voxel and the APLOF

feature generated by the pretrained Voxel-to-APLOF net. Table 3.7 provides a comparative

overview of the minimal total loss (Equation 3.7) between the Labits-to-APLOF net and the

Voxel-to-APLOF net. Furthermore, Table 3.8 details the performance metrics of the complete

model pipeline that incorporates the Voxel-to-APLOF features and voxel.

Table 3.7. Performance Comparison of Labits-to-APLOF and Voxel-to-APLOF Net.

Model Total Loss LR APLOF L1 Loss HR APLOF L1 Loss

Labits-to-APLOF Net 0.084 0.056 0.028
Voxel-to-APLOF Net 0.217 0.080 0.137

Table 3.8. Ablation study results on Labits and voxel-to-APLOF Net.

Method Input TEPE TAE EPE AE

DCT-RAFT E+I 1.29 3.35 2.27 3.19
Labits-RAFT (Ours) E+I 0.66 1.72 1.08 1.45
DCT-RAFT + Voxel-to-APLOF features E+I 0.84 2.25 1.40 1.97

Furthermore, we deploy event representations that are computationally feasible and

align well with the layered representation requirements. In this context, we implement and test

the Former-Latter Event Groups ([88]) and Gaussian Weighted Polarities ([40]), as shown in

3.9. These methods fit within our computational constraints and ensure fair comparisons across

different tasks. This comparison not only facilitates a thorough evaluation of each representation’s

efficacy under consistent conditions but also validates the effectiveness of Labits.
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Table 3.9. Comparison of more recent layered event representations applied to the RAFT
architecture ([146]) for trajectory estimation.

Method Input TEPE TAE EPE AE

Former-Latter Event Groups E+I 3.15 7.36 3.81 5.07
Gaussian Weighted Polarities E+I 3.47 8.16 4.23 5.46
DCT-RAFT E+I 1.29 3.35 2.27 3.19
Labits-RAFT (w/o APLOF) E+I 1.01 2.63 1.64 2.25
Labits-RAFT (Ours) E+I 0.66 1.72 1.08 1.45

3.7.6 Limitations and Future Directions

Limitations

The proposed solution has specific use cases. Labits demonstrates excellent perfor-

mance in dense continuous-time trajectory estimation tasks. However, this is not only due to

our novel event representation and a well-designed model pipeline, but also because the task

definition and the selected dataset inherently leverage Labits’ ability to preserve rich intermediate

temporal information. In this task, where continuous motion trajectories of each pixel over the

target time span are evaluated, and these intermediate states are included in the metrics, our

solution significantly improves results. Conversely, for tasks less sensitive to intermediate states

and focused only on final outcomes, such as object detection or optical flow estimation, Labits

may not outperform some well-established representations and solutions. In these cases, the

additional fine-grained intermediate information may even become irrelevant noise. Different

tasks require different types of information, and while our solution is not a one-size-fits-all

approach, it can exhibit substantial advantages for suitable tasks.

Labits omits event density information. Labits is designed to maximize the extraction

and retention of motion information at intermediate time points. However, this design sacrifices

event density information, which might be crucial for certain computer vision tasks. Future work

could explore combining multiple representations to create a more generalizable framework that

balances these trade-offs.
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We did not conduct extensive adaptation experiments across various event camera-

based vision tasks. This paper focuses on providing an exceptional solution for the specific task

of dense continuous-time trajectory estimation, rather than proposing a universal representation.

Applying Labits is not as simple as directly replacing previously used representations in various

tasks. Instead, it requires tailored feature fusion designs for Labits, APLOF, and the tasks

themselves. Redesigning and conducting training, testing, and ablation studies for diverse tasks

is beyond the scope of a single conference paper and was not our intention. This work remains

centered on the specific task highlighted in the title.

Future Research Directions

This paper introduces Labits along with a series of models and structures that fully

exploit its capabilities. We have demonstrated its unparalleled suitability for dense continuous-

time trajectory estimation and validated the effectiveness of Labits and its associated structures

through comprehensive ablation studies. Potential future research directions include:

Expanding Labits Applications to Diverse Tasks Adapting Labits and its associated

models to other similar tasks, such as human keypoint tracking, object trajectory tracking, or

event-based video interpolation. These adaptations would undoubtedly require redesigned model

structures tailored to each task’s specific needs.

Targeted Tracking Focused on Active Pixels Leveraging the properties of active pixels

proposed in this work to generate representations for selective regions rather than globally. This

approach could enable more efficient tracking by focusing on active pixel clusters.

Refinement of Labits Combining Labits with traditional event representations like Voxel

Grid to achieve complementary strengths. Labits captures fine-grained temporal information

for extracting local motion states at intermediate moments but lacks event density information.

Conversely, Voxel Grid provides event density information but discards the fine-grained tem-

poral precision that event cameras excel at. Combining these representations may open new

possibilities for many tasks.
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Utlizing Polarity Information Labits, for efficiency and information density considera-

tions, does not differentiate between events of different polarities. Exploring more optimized

handling of polarity-specific events may further enhance its performance in relevant computer

vision tasks.

In conclusion, the innovations proposed in this paper are versatile and can be extended or

improved upon. We hope more researchers will contribute to developing better event representa-

tions, unlocking the full potential of event cameras.
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(b) DCT-RAFT (Voxel) (c) Ours w/o APLOF (d) Ours(a) E-RAFT (Voxel)

Figure 3.6. Comparison of trajectory predictions: between baseline methods and our approach.
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(a) DCT-RAFT(Voxel) (b) Ours w/o APLOF (c) Ours (d) GT

Figure 3.7. Comparison of Optical Flow Estimations: Each method includes a second column
displaying the error map generated by comparing the predictions to the ground truth.
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Figure 3.8. Visualization of Intermediate Prediction Results: We display dense, time-continuous
prediction outcomes for each trajectory within a sample window from the MultiFlow dataset [51].
The visualization includes ten intermediate instances of optical flow (OF), HR APLOF, LR
APLOF, and the corresponding GT, presented in three paired columns. Timestamps for the
predictions correspond to those of the GT. The trajectory spans a time range of 0.5 seconds
(context). We evenly sampled 10 intermediate timestamps, and show the predicted and groud
truth OF between them and the start time. Meanwhile, APLOFs show instantaneous optical
flows.
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Time Surface
(2×H×W)

Event Frame
(1×H×W)

TORE Volume
(K×H×W)

Voxel Grid
(B×H×W)

Labits
(B×H×W)

…

…

Event Count
(2×H×W)

Figure 3.9. Comparative Visualization of Event Representations: This figure presents event
data sampled between 100 ms and 900 ms from the MultiFlow dataset, showcasing diverse
representations such as Time Surface, Event Frame, TORE Volume (K=3), Voxel Grid (B=65),
and Labits (B=65). These hyperparameters are selected following the corresponding paper’s
settings. Each method distinctively captures and structures event information. The first three
plots of TORE Volume correspond to positive events’ representation layers, while negative for
the last three. Voxel Grid and Labits visualized the first three and last three bins, respectively.
For time surface and event count, the first and second frames represent the count of negative and
positive events.
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Chapter 4

Larver: Learning Alignment and Repre-
sentation for Versatile Event Regeneration

4.1 Introduction

Event cameras, with their unique characteristics, differ significantly from conventional

RGB frames or video. Unlike traditional cameras that capture images at fixed intervals, event

cameras operate asynchronously at the pixel level, recording only changes in intensity [45, 25].

This enables them to achieve extremely high temporal resolution and dynamic range while

minimizing latency. Moreover, event cameras naturally filter out static backgrounds, capturing

only the most relevant dynamic information. Despite these advantages, event data is scarce, and

its inherently different representation compared to RGB data presents substantial challenges for

integration into most computer vision workflows.

Several works have aimed to simulate raw event streams from existing video data, such

as v2e [69] and V2CE [174]. These simulators have achieved promising results by converting

video frames into event streams, demonstrating the potential of this modality. However, they

remain dependent on large amounts of video data for training and conversion, limiting their

applicability to real-world scenarios where event data is generated directly from dynamic scenes

rather than simulated from conventional video sources.

While recent advancements in multimodal learning and generative models have garnered

attention [64, 56, 55, 120], the event modality has received comparatively little focus. There are
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several reasons for this. First, aligning event data with conventional RGB frames is non-trivial

due to the fundamentally different data representations. Second, the scarcity of large-scale,

high-quality event datasets hinders the widespread adoption of event-based learning techniques.

Finally, the development of generative models tailored specifically for event data remains in its

infancy, posing additional challenges for tasks like event-based video synthesis and cross-modal

translation. Given these difficulties, event cameras face significant challenges when integrated

into standard vision pipelines. To the best of our knowledge, there is no established or integrated

framework that aligns the event modality with other common modalities while also supporting

raw event stream generation.

In this work, we present a novel framework that leverages state-of-the-art deep learning

models to bridge the gap between event cameras and mainstream modalities. Our approach

consists of four key stages: (1) encoding event data into a structured representation, (2) utilizing

pretrained image encoders for feature extraction and alignment, (3) employing diffusion models

to generate high-quality event representations, and (4) enabling multimodal synthesis, including

event-to-image, event-to-video, and event-to-text transformations.

Our contributions can be summarized as follows:

1. FLER Representation: We introduce FLER (Frame-Like Event Representation), a novel

compressed representation for event data that facilitates knowledge transfer from conven-

tional vision models.

2. Unified Event Embedding: We integrate event data into the ImageBind framework by

fine-tuning its image encoder, enabling seamless alignment with other modalities.

3. FLER-Based Event Generation: We fine-tune Stable Diffusion XL using FLER-labeled

images, allowing controllable event synthesis from text and multimodal embeddings.

4. Event Voxel Reconstruction: We develop a pipeline to reconstruct event voxel grids from

generated FLERs, completing the event generation process.
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5. Multimodal Applications: We demonstrate event-based cross-modal synthesis, including

events-to-image, events-to-text, and event-enhanced video generation.

By leveraging pretrained vision models and generative techniques, our framework opens

new possibilities for event camera applications beyond traditional handcrafted methods. We

believe this approach will facilitate broader adoption of event-based vision and inspire future

research in event-driven deep learning.

4.2 Related Work

Event camera applications. Event cameras have been widely adopted in various com-

puter vision and robotics applications, particularly in motion-centric tasks such as optical flow

estimation, object tracking, and human pose estimation [51, 175, 173]. Their high temporal

resolution and asynchronous operation enable precise motion analysis, even in challenging

conditions. Beyond perception tasks, event-based vision has advanced video processing tech-

niques like frame interpolation, motion deblurring, and HDR reconstruction [162, 142, 188],

leveraging sparse yet information-rich event streams. These advancements continue to push

the boundaries of high-speed, low-latency vision processing beyond traditional frame-based

methods, enabling applications in autonomous systems, augmented reality, and neuromorphic

computing [42, 92, 149].

Multimodal representation learning. Multimodal learning has gained significant

traction in recent years, driven by the need to integrate heterogeneous data sources such as

images, videos, audio, and text into unified, meaningful embeddings. Foundational works such

as CLIP [120] and ALIGN [72] have demonstrated the power of contrastive learning for aligning

vision and language representations, enabling zero-shot generalization across diverse tasks.

More recently, ImageBind [55] has extended this paradigm by learning a joint embedding space

across six modalities, including images, audio, depth, thermal, IMU, and text, demonstrating

the potential for unified multimodal learning. Despite these advances, event-based vision
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remains underexplored in the context of multimodal representation learning. Existing approaches

primarily focus on a limited number of modalities, typically text and images, as seen in methods

like EventCLIP [160] and EventBind [177]. While these approaches leverage event-based data

for specific tasks, their reliance on modality-specific architectures restricts their applicability to

broader multimodal learning scenarios, preventing seamless integration with emerging unified

frameworks.

Generative models for unconventional modalities. Generative models have achieved

remarkable success in handling conventional modalities such as images, videos, and text. A

prominent example is Stable Diffusion [127], which leverages latent diffusion processes to

generate high-quality images and has become a cornerstone in generative AI. Its ability to model

complex data distributions has inspired extensions to diverse tasks, including video synthesis [65].

To adapt these powerful models to specific tasks or domains, fine-tuning techniques like LoRA

(Low-Rank Adaptation) [67] have gained popularity. LoRA enables efficient adaptation of large

pre-trained models by introducing low-rank updates, significantly reducing the computational

cost while preserving the model’s generalization capabilities. Despite these advancements,

generative models for unconventional modalities, such as event camera data, remain underex-

plored. Event cameras output sparse, asynchronous data with high temporal resolution, posing

unique challenges that differ fundamentally from conventional data types. Although task-specific

solutions, such as event-based video reconstruction or deblurring [184, 156], have been proposed,

a generalizable framework for aligning and fusing event data with mainstream modalities like

images, videos, and text is still lacking. Developing such a framework is critical to unlocking the

full potential of event-based vision and enabling broader applications in multimodal AI.
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Figure 4.1. Pipeline and the FLER definition loss set of stage 1. Losses are divided into two
parts: event voxel reconstruction losses and FLER-definition losses.

4.3 Proposed Method

4.3.1 Overview

In this work, we propose a novel pipeline that enables seamless integration of event

camera data with other mainstream modalities such as images, videos, audio, and text. Event

cameras offer unique advantages, including high temporal resolution, low latency, and a large

dynamic range, making them well-suited for tasks such as frame interpolation, tracking, and

deblurring. However, challenges remain in aligning event data with other modalities, the scarcity

of high-quality labeled datasets, and the absence of a generative model capable of synthesizing

realistic event streams. Existing multimodal approaches involving event cameras are often

application-specific, requiring custom models, data collection, and training for each scenario.

To address these challenges, we introduce a four-stage pipeline. First, we perform

representation learning to transform event voxel grids into a more compact and interpretable

representation called Frame-Like Event Representation (FLER). This representation is learned

using an autoencoder and designed to resemble RGB images while preserving essential temporal

and polarity information. Second, we integrate FLER into ImageBind, a multimodal alignment

framework, by fine-tuning the image encoder to create a dedicated FLER encoder. This enables
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FLER embeddings to align with embeddings from other modalities. Third, we leverage this

unified embedding space to facilitate event generation via diffusion models. By treating FLER

as a unique style in Stable Diffusion XL (SDXL), we fine-tune the model on annotated grayscale

images with FLER labels, enabling event generation conditioned on text, images, or other

modalities. Finally, we reconstruct event voxel grids from generated FLERs using the trained

autoencoder decoder and apply a voxel-to-event sampling method to obtain the final raw event

stream.

4.3.2 Representation Learning: FLER
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Figure 4.2. Pipeline of the stage 2 and 3, including the event representation FLER-based encoder
and diffuser fine-tuning. Both the fine-tuning for encoder and diffuser are via Lora.

Given the lack of large-scale, high-quality labeled datasets for event cameras, directly

training generative models for event streams is infeasible. However, event data shares many visual

properties with images, suggesting that transferring knowledge from the image domain could be

beneficial. To achieve this, we propose FLER—a compact, three-channel event representation

that resembles RGB images in structure while encoding essential temporal dynamics of event

streams.
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FLER is designed with three key objectives: (1) it must maintain a three-channel format

similar to RGB images to facilitate compatibility with pretrained models, (2) it should exhibit

a clear and structured visual pattern to enhance interpretability, and (3) it must allow accurate

reconstruction of the original event voxel grid with minimal information loss. Since no stan-

dard exists for defining such a representation, we employ a learning-based approach using an

autoencoder.

Our autoencoder consists of a UNet-based encoder-decoder architecture. The input

event voxel grid, structured as [2T,H,W ] (where T represents temporal bins, and 2 accounts

for polarity), is compressed into a [3,H,W ] FLER representation. The decoder reconstructs the

voxel grid from FLER, ensuring that the transformation preserves critical event information.

The three channels of FLER are explicitly designed: the first channel encodes the relative event

density at each pixel, the second channel represents the average relative event timing, and the

third channel captures the average event polarity.

To ensure a stable and meaningful FLER representation, we define a comprehensive set of

loss functions. The representation learning loss consists of five components: (1) a perceptual loss

ensuring that FLER visually resembles the grayscale frame corresponding to the event stream,

(2) an adversarial loss encouraging FLER to follow the distribution of natural images, (3) an

auxiliary task where the first channel of FLER is used to reconstruct an event frame supervised

via L1 loss, (4) a loss enforcing the second channel to predict the average event timing, and (5) a

loss guiding the third channel to predict the average event polarity. Together, these losses ensure

that FLER captures distinct and interpretable aspects of the original event voxel grid.

For voxel grid reconstruction, we adopt the loss set from V2CE, which effectively

reconstructs sparse voxel grids. This includes spatial-temporal pyramid (STP) loss, temporal

pyramid (TP) loss, event frame loss, and brightness compensation (BC) loss. These losses

address the high sparsity of voxel grids and ensure accurate reconstruction without excessive

zero predictions.

By transforming event data into FLER, we enable the use of image-based priors and
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pretrained models, facilitating knowledge transfer from the image domain to the event modality.

4.3.3 Unified Embedding for Events

To integrate event data into multimodal learning, we incorporate FLER into ImageBind,

a contrastive learning framework that aligns various modalities into a shared embedding space.

This allows event data to be directly comparable to other modalities such as images, video, audio,

and text.

We achieve this integration by fine-tuning the image encoder in ImageBind using

LoRA [67] (Low-Rank Adaptation). Since FLER has the same dimensional structure as RGB

images, we can efficiently adapt the existing image encoder to process FLER representations.

LoRA enables rapid convergence and improved performance by introducing trainable low-rank

matrices while keeping most pretrained parameters frozen.

To evaluate the effectiveness of this alignment, we conduct a retrieval task where event

stream clips are used to retrieve their corresponding RGB images. Our fine-tuned encoder

achieves a retrieval accuracy of 98.3%, demonstrating strong alignment between FLER and other

modalities. Additionally, we measure the embedding distance between FLER and corresponding

images, showing that their embeddings are closely aligned in the shared space.

4.3.4 Event Generation via Diffusion Models

Training a generative model for event data from scratch is impractical due to the lack of

large-scale labeled event-text datasets. Instead, we leverage FLER as an intermediate representa-

tion and treat it as a unique style in Stable Diffusion XL (SDXL). This enables us to generate

FLERs using text or other modality embeddings, which can then be converted back into event

streams.

To enable FLER generation, we collect grayscale images paired with event data from the

MVSEC dataset. Since these grayscale images correspond to event streams, they share the same

semantic information and can be annotated with descriptive text. We use GPT-4o to generate
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detailed scene descriptions for each grayscale image, ensuring that labels cover key objects,

lighting conditions, camera angles, and other relevant attributes. Additionally, we append a

“FLER” tag to each label to establish FLER as a distinct visual style.

Using these annotated images, we fine-tune SDXL with LoRA [67] to generate FLERs

conditioned on text embeddings. Since ImageBind’s unified embeddings are compatible with

CLIP embeddings used in SDXL, we can generate FLERs using embeddings derived from any

modality.

4.3.5 Reconstruction of Event Voxel Grids

Once FLERs are generated, we reconstruct the original event voxel grids using the trained

autoencoder decoder. This step ensures that the generated FLERs can be transformed back into

valid event representations.

Generating FLER first and then converting it to voxel grids is advantageous because

voxel grids have strict temporal dependencies that are difficult for generative models to capture

directly. By decoupling content generation from precise temporal reconstruction, we allow

FLER to serve as an intermediate representation that captures spatial-temporal information in a

structured manner.

The reconstructed voxel grid, generated by a neural network, may contain voxels with

non-zero values, even when they should ideally be zero. Consequently, these voxels can result

in the generation of spurious events near the beginning of the voxel. To enhance the quality

of the generated event stream and eliminate these false events, we implemented a temporal

pooling-based filter. This filter applies a one-dimensional average pooling layer with a kernel

size of 3 to each pixel in the voxel grid. Since each event influences both the current and the

subsequent time bin at its spatial coordinate, with a total contribution of 1, an average pooled

result of less than 1/3 indicates a likely false event. To ensure a more lenient filtering process,

we established a threshold of 0.1. This mask is then multiplied with the voxel grid to produce the

filtered voxel grid.
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To obtain the final raw event stream, we apply the voxel-to-event sampling method

proposed in V2CE. Specifically, we use the Local Dynamics-Aware Timestamp Inference

(LDATI) technique, which refines event timestamps by considering temporal relationships

between neighboring voxels. This method ensures that the generated event stream maintains

accurate and smooth temporal distributions without time-layering artifacts.

4.3.6 Summarization

Our proposed pipeline enables direct and accurate generation of raw event streams

by leveraging FLER as an intermediate representation. FLER naturally encodes temporal

information in its unique “color style,” improving temporal reliability compared to direct image-

to-event conversion. By transferring knowledge from the well-established image domain, our

approach mitigates the challenges posed by the lack of large-scale event datasets. Furthermore,

our unified embedding framework allows events to guide the generation of other modalities,

including images, videos, and text. This opens new possibilities for event-based multimodal

applications, bridging the gap between event cameras and mainstream vision models.

4.4 Conclusion & Future Work

As an emerging vision modality, events serve as a valuable complement to traditional

image modalities. This work presents a novel and versatile pipeline designed for event encoding,

alignment with other modalities, and condition-guided generation. The new event representation,

FLER, facilitates the reuse of prior knowledge transferred from pre-trained image-based models

while compressing the spatiotemporal information of an event voxel grid in a recoverable

manner. The aligned event embedding further enhances the potential for integrating events into a

multimodal pipeline as input. The final stage enables direct event generation for general purposes

using a generative model guided by any available modalities. This work transforms the event

modality from an emerging edge technology into a “truly useful modality” that can seamlessly

interact with other mainstream modalities.
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Chapter 5

Discussion and Future Work

5.1 Summary of Dissertation

This thesis presents two progressive studies on the application of event cameras in

motion-related tasks. Initially, it explores the use of event cameras in human pose estimation,

highlighting their unique advantages. It then examines their exceptional performance in dense

continuous-time trajectory estimation, further demonstrating their sensitivity to motion. These

studies emphasize the importance of event representation in extracting motion information and

the necessity of leveraging temporal data in such tasks.

To address the scarcity of datasets in the field of event cameras, this thesis also proposes

a series of solutions focused on 3D modeling-based simulations, video-to-event conversion,

and modality-aligned generative models. These approaches range from high-level to low-level,

from requiring extensive manual modeling intervention to being simple and user-friendly, and

from highly constrained generation methods to those allowing control via arbitrary modality

inputs. This progression lays a solid foundation for alleviating data scarcity and aligning event

modalities with mainstream modalities.

Chapter 1 discusses how to fully utilize the characteristics of event cameras for high-

frequency and accurate human pose estimation under extremely low-light conditions. It details

the human subject study for real-world data collection and a simulation pipeline for generating

event data with Blender. Additionally, this chapter introduces a novel model pipeline that employs
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an event representation covering long-term historical information and uses BiConvLSTM to

enhance temporal information fusion, achieving accurate and smooth 3D human pose estimation.

Chapter 2 highlights breakthroughs in the video-to-event task. In the synthetic data

generation pipeline from Chapter 1, existing v2e tools were used but revealed issues such as

excessive synthetic event counts and timestamps clustering at discrete time points, causing a

time-layering effect. This chapter addresses these problems by designing a custom loss set

to accurately convert video data into event voxel grids and developing a rapid and precise

event timestamp resampling method using probabilistic approaches, significantly improving the

timestamp accuracy of converted events.

Chapter 3 explores the application of event cameras in dense continuous-time trajectory

estimation. The abundant temporal and spatial information in events profiles the motion states

of different pixels over time, often discarded or obscured in representation generation. We

propose an event representation, Labits, that better retains and extracts local instantaneous

motion information, accelerating the calculation of instantaneous velocities at intermediate time

points for active pixels, achieving efficient and accurate trajectory estimation.

Chapter 4 presents the latest work on aligning the event modality with other mainstream

modalities, enabling event stream generation based on various modalities and generating other

modalities through events. This chapter introduces a multi-stage pipeline: first, converting events

into an intermediate representation with RGB-like appearances to minimize the domain gap.

Then, reusing the prior knowledge in the pre-trained image encoders and image diffusers. By

fine-tuning these models with LoRA to adapt to the new event representation input, the pipeline

facilitates alignment and mutual generation between the event modality and others, even with

small datasets.

In summary, this thesis addresses two core questions: how to more effectively generate

synthetic event stream data, and how to design improved event representations for downstream

tasks.
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5.2 Event-base Vision and Real-time Applications

Although event cameras offer ultra-high temporal resolution and are particularly well-

suited for tracking fast-moving objects, their speed advantage is often constrained in practical

applications due to several objective limitations. Event data is typically converted into a dense

representation before being processed by downstream deep learning models. However, this

preprocessing step can be time-consuming. Moreover, because each event representation must

aggregate events over a fixed time window, it effectively imposes a frame rate on the inherently

asynchronous event stream. Events that occur at the beginning of a time window must wait until

the full duration elapses before being forwarded for processing. Finally, inference using these

dense representations also introduces latency, making the overall delay non-negligible.

Similarly, while converting the event stream into a spatio-temporal graph and processing

it with graph neural networks (GNNs) [135, 167, 7] avoids the need for intermediate dense

representations, the construction of such graphs—particularly through k-nearest neighbors

(KNN)—can be computationally expensive, especially when the temporal window or event

density is large. One common strategy is to aggressively downsample the event stream to create

sparser graphs or to incrementally update the graph and network structure over time [135].

However, the former inevitably leads to significant information loss, while the latter increases the

complexity of graph construction and limits compatibility with more advanced GNN architectures.

Additionally, graphs built from events are generally less sensitive to precise pixel-level spatial

positioning compared to dense event representations that naturally encode 2D visual patterns.

As a result, while graph-based methods may perform well on classification tasks, they often fall

short in pixel-level regression tasks such as human keypoint detection.

To fully leverage the hardware potential of event cameras, one promising direction is the

use of spiking neural networks (SNNs) [165, 54] in combination with dedicated neuromorphic

hardware, such as Intel’s Loihi 2 [101]. Some prior work has explored hybrid architectures that

integrate convolutional neural networks (CNNs) with SNN elements—for instance, replacing
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ReLU activation layers with leaky integrate-and-fire (LIF) neurons [147] while still operating on

dense tensors. Although this approach benefits from the unique properties of LIF neurons as

alternative activation functions, it does not offer significant speed improvements over traditional

CNNs. True acceleration may only be achieved through fully event-driven SNNs that treat

each event as an individual spike occurring at a specific location, and that operate natively on

neuromorphic hardware. Only in such settings can the intrinsic “high-speed” advantage of event

cameras be fully realized.

In addition, recent studies have explored the use of Liquid State Machines [161, 155]

and Reservoir Computing [87, 144] to project raw event spike signals into high-dimensional

representations. These approaches have demonstrated promising results that are comparable to

those of more complex models, while requiring significantly fewer computational resources and

smaller network architectures. This represents another potential direction for future development

in event-based processing.

5.3 Event-based Vision and Human Computer Interaction

While most vision-based tasks can be accomplished using conventional frame-based

RGB cameras, event cameras offer potentially superior solutions in certain specialized human-

computer interaction scenarios. One such domain is autonomous driving. Autonomous vehicles

must account for numerous edge cases, and maintaining reliable performance across all of them

is critical, as any misinterpretation or misjudgment of the environment could lead to accidents or

even severe consequences.

For instance, when driving on unlit roads at night, it is essential to detect and avoid

pedestrians or animals crossing the street timely. Similarly, during transitions into and out of

tunnels, conventional cameras often require time to adapt parameters such as aperture and ISO to

changes in lighting—delays that can jeopardize safe driving. These are inherent challenges for

standard RGB cameras. Event cameras, on the other hand, feature an exceptionally high dynamic
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range, significantly reducing issues related to overexposure or underexposure and preserving

semantic information without the need for frequent parameter adjustments. This makes them a

more robust choice for tasks like autonomous driving and other safety-critical applications. In

the context of my work, the human pose estimation model presented in Chapter 1—designed to

operate under dynamic lighting conditions and strong background interference—has potential

applications in specialized scenarios such as pose estimation of coal miners in extremely low-light

underground environments, or underwater pose recognition of divers.

Additionally, event cameras are known for their low power consumption compared to

frame-based systems. This makes them particularly well-suited for energy-sensitive edge devices

such as smart glasses and XR headsets. Event cameras can efficiently capture patterns and

edge information of moving objects in the vicinity with minimal power usage. These event

streams can be converted into grayscale frames for conventional computer vision models or

processed directly by event-specific models, offering flexibility and convenience. Furthermore,

event cameras can be embedded inside VR headsets to enable low-power eye-tracking, even in

dark environments.

Event cameras can also complement traditional frame-based cameras to enhance applica-

tions such as high-precision slow-motion video generation and video stabilization. Frame-based

cameras offer high spatial resolution and accurate intensity recordings, while event cameras

capture all temporal changes between frames at microsecond precision. Their superior dynamic

range also allows for effective fusion with RGB data to generate HDR imagery. This hybrid

approach provides smartphone manufacturers with new directions for optimizing imaging quality

and user experience.

In summary, rather than serving as a direct replacement for conventional frame-based

cameras, event cameras act as a valuable complement. Their low power consumption and

adaptability to extreme lighting conditions effectively address several limitations of frame-based

systems, opening new possibilities across a wide range of interactive and embedded vision

applications.
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5.4 Generalizability in Event-based Vision

Unlike conventional frame-based cameras, event cameras produce outputs with inherently

variable shapes. Within a fixed time interval, if lighting conditions remain stable and there are no

objects moving significantly relative to the camera, the event stream may be nearly empty. In

contrast, sudden changes in illumination, complex camera motion, or the presence of numerous

moving objects can trigger millions of events. This highly dynamic and context-dependent nature

of event streams makes it particularly challenging to design a generalizable processing pipeline.

Targeted data generation or augmentation strategies can help improve the generalizability

of such pipelines. If an event data simulator can generate sufficiently diverse training samples,

models will be more robust under a wide range of real-world conditions. This diversity should

span various factors including lighting conditions, object motion, object speed, and camera

motion. Of course, having access to a high-quality and diverse real-world dataset is equally

essential. Fine-tuning models on such real-world data helps mitigate domain gaps caused by

discrepancies between synthetic and real event distributions. For handling out-of-distribution

(OOD) scenarios, generating additional targeted samples or assigning higher importance weights

to such cases during training can further enhance performance.

In Chapter 1, we utilized a synthetic data generator to produce a large-scale event dataset

featuring variations in illumination, human body models, dance motions, camera viewpoints,

and moving background objects. This strategy significantly improved the overall performance

and robustness of our model.

Another approach is to leverage models that have been pre-trained on large-scale datasets

from other modalities. Although large, high-quality datasets for event cameras remain scarce,

the traditional computer vision domain offers an abundance of well-established datasets across

a wide range of tasks. By constructing appropriate event representations, it becomes possible

to fine-tune models originally pre-trained on RGB data using event data, thereby improving

generalizability. This strategy was employed in my most recent work in Chapter 4.
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5.5 Event Representations

As a modality that encodes spatio-temporal information in a sparse form, events require

carefully designed representations that emphasize the aspects most relevant to the target vision

task. For example, in object recognition, where temporal dynamics are less critical, retaining

excessive temporal information introduces redundancy. In such cases, compact representations

like event frames or event counts—which primarily preserve 2D visual structure with minimal

channels—are more suitable. In contrast, tasks sensitive to motion, such as tracking and human

pose estimation, benefit from temporally rich representations like time surfaces or TORE volumes.

For tasks that demand a balance of spatial and temporal cues, such as dense trajectory estimation,

more comprehensive representations like event voxel grids or Labits introduced in Chapter 3

offer superior performance. When the goal is to preserve as many intrinsic characteristics of

the event stream as possible—such as density, average trigger time, and polarity—the FLER

representation introduced in Chapter 4 is the most appropriate.

Moreover, representations that integrate temporal information effectively can help address

challenges that traditional image-based approaches often struggle with. For instance, in the

presence of dynamic occlusions—caused either by moving objects or self-occlusion of body

parts—event representations provide hints about the object’s recent and upcoming motion, which

can partially mitigate occlusion issues. For more severe or persistent occlusions, temporal models

such as ConvLSTM [137], transformers [152], or spatio-temporal attention mechanisms [50, 51]

can further enhance performance by enabling information flow across time steps.

In summary, there is no one-size-fits-all event representation suitable for all tasks. The

optimal choice depends on the specific requirements of the task at hand, and selecting the most

task-aligned representation is essential for effective performance.
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5.6 Areas of Future Work

The Labits event representation proposed in Chapter 3 can be computed for smaller

spatiotemporal cubes, each containing sufficient information to estimate the instantaneous speed

of the central point. This feature can be leveraged for efficient feature or human keypoint tracking,

rather than just dense trajectory estimation.

Also, considering the system proposed in Chapter 4, developing a slow-motion video

diffuser would be highly beneficial. Currently, we rely on pre-trained video diffusers for general

purposes. However, event cameras provide rich temporal information and are already used in

slow-motion video generation. Training a diffusion model-based slow-motion video generator

could enable images and events to collaborate more effectively.

Finally, embeddings from different modalities could be divided into two components: a

unified embedding and a modality-specific information embedding. For instance, aligning the

event modality with images might lead to a loss of temporal and motion information. While the

unified embedding is sufficient for generating quality content of any modality, incorporating the

modality-specific embedding would enhance the generation of content specific to each modality.
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