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Figure 1. ControlEvents can synthesize realistic event camera data from diverse conditions, such as class text label, 2D human skeleton, 3D body poses.
ControlEvents can generate large-scale realistic event data with pseudo ground-truth labels, which can enhance the deep learning model performance.

Abstract

In recent years, event cameras have gained significant atten-
tion due to their bio-inspired properties, such as high tempo-
ral resolution and high dynamic range. However, obtaining
large-scale labeled ground-truth data for event-based vi-
sion tasks remains challenging and costly. In this paper, we
present ControlEvents, a diffusion-based generative model
designed to synthesize high-quality event data guided by di-
verse control signals such as class text labels, 2D skeletons,
and 3D body poses. Our key insight is to leverage the diffu-
sion prior from foundation models, such as Stable Diffusion,
enabling high-quality event data generation with minimal
fine-tuning and limited labeled data. Our method stream-

lines the data generation process and significantly reduces
the cost of producing labeled event datasets. We demonstrate
the effectiveness of our approach by synthesizing event data
for visual recognition, 2D skeleton estimation, and 3D body
pose estimation. Our experiments show that the synthesized
labeled event data enhances model performance in all tasks.
Additionally, our approach can generate events based on
unseen text labels during training, illustrating the powerful
text-based generation capabilities inherited from foundation
models. Our models and generated datasets will be publicly
available at https://yuxuan-xue.com/controlevents.
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1. Introduction

Visual recognition and body pose estimation in challenging
scenarios, such as fast-motion and low-light conditions, are
critical tasks in the field of computer vision. These appli-
cations are relevant in diverse fields, including autonomous
driving, robotics, and human-computer interaction. How-
ever, conventional frame-based cameras often struggle in
these environments due to limitations in temporal resolution
and dynamic range, resulting in motion blur and reduced
image quality which hinder performance.

In recent years, event cameras [24] have emerged as a
promising alternative to frame-based cameras. Unlike tradi-
tional cameras, event cameras capture pixel-level changes
in intensity rather than static frames, which enables them to
operate effectively in high-speed and high-dynamic-range
scenes [13]. These features make event cameras ideal for
capturing visual data in challenging conditions.

Despite the advantages of event cameras, the development
of large-scale deep learning models for event-based vision
tasks is constrained by a major limitation: the scarcity of
labeled ground-truth data. Annotating event data is both time-
intensive and costly, which hinders the progress of robust
models for event-based applications. Existing event simula-
tors attempt to address this, such as ESIM [34] for rigid body
motion, and EventHands [37] and SMPL-ESIM [44, 45] for
human body movement. However, they fall short of replicat-
ing the properties of real event cameras, such as background
noise and variable brightness thresholds. This results in a
significant domain gap between simulated and real event
streams (see fig. 2). These simulators are also limited by
slow simulation speed, high demand for 3D assets, and can-
not synthesize event data from text or class labels, restricting
their usage in generating labeled data for event-based visual
recognition tasks.
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Figure 2. Comparison with Evant-GAN [51] and SMPL-ESIM [45] on 3D
human-based events generation tasks. Our ControlEvents can effectively
synthesize both events and noise, minimizing domain gap and closely
matching the characteristics of real event data.

To address this gap, we introduce ControlEvents, a
diffusion-based framework which can synthesize high-
quality event data guided by diverse control signals. Con-
trolEvents can generate labeled event data conditioned on
various inputs, such as class text labels [21, 28], 2D skele-
tons [9, 39], and 3D body poses [53]. To address the chal-
lenge of limited labeled event data, ControlEvents lever-
ages the diffusion prior and generation capabilities of visual
foundation models, such as Stable Diffusion [36] or Con-
trolNet [48]. By fine-tuning pre-trained foundation mod-
els, our method can synthesize realistic, high-quality event
data with minimal training and limited labeled data. By
learning directly on real captured events, our model can gen-
erate realistic noisy event data, making it more applicable
for training machine learning models that generalize well
to real-world data. Compared to traditional event simula-
tors [34, 37, 44, 45], ControlEvents simplifies data gener-
ation and significantly reduces the costs of creating large-
scale, realistic, and labeled event datasets. In summary, our
contributions are as follows:

* We propose ControlEvents, a diffusion-based generative
model that synthesizes realistic event camera data guided
by diverse control signals, which can address the scarcity
of labeled data for event-based vision tasks.

* We demonstrate the effectiveness of ControlEvents by syn-
thesizing labeled event data for downstream tasks, achiev-
ing improved performance in visual recognition, 2D skele-
ton estimation, and 3D body pose estimation.

* We show ControlEvents can generate event data based
on unseen text labels during training, showcasing its text-
based generation capabilities and potential for zero-shot
visual recognition tasks.

* We make both our model and large-scale synthesized
datasets publicly available, which could foster research in
event-based vision tasks.

2. Related Works

Event-based Vision Unlike frame-based cameras, which
sample a scene at fixed intervals as a sequence of intensity
frames, event cameras operate independently at the pixel
level, detecting changes in brightness and generating event
streams rather than conventional images. Event cameras
capture asynchronous pixel-wise brightness changes, mim-
icking how the retina processes visual information [13, 24].
Due to high temporal resolution, low latency, high dynamic
range, and efficient power usage, event cameras are par-
ticularly suited to dynamic applications. However, their
distinct outputs challenge traditional computer vision algo-
rithms, which are designed for frame-based data. Recent
advancements have adapted event-based cameras to various
computer vision tasks [13]. Applications in optical flow es-
timation [4, 14, 50], SLAM [7, 20, 33, 43], and 3D body
recovery [37, 44, 45], demonstrate the potential of event



cameras.

Despite above advantages, labeling ground truth for event
data is challenging, which hinders the training of deep learn-
ing models for event-based vision tasks. To address this,
event simulators [34, 37, 44, 45] generate synthetic events
by subtracting consecutive frames from RGB renderings.
Unfortunately, these simulators often results in a signifi-
cant domain gap from real-world events. In this work, we
leverage pre-trained foundation models [36, 48] to synthe-
size realistic event data, enabling producing infinite labeled
events data from a limited real-world labeled events.

Synthetic Dataset Generation Synthetic datasets are in-
creasingly used to address tasks with limited ground-truth
data. This approach is prominent in optical flow estima-
tion [42], point tracking [49], depth estimation [35, 38], and
3D body estimation [5, 8, 42, 46]. Most synthetic datasets
are generated via computer graphics engines. For exam-
ple, Infinigen [31, 32] uses Blender to render photorealistic
scenes, and BEDLAM [5] leverages the Unreal Engine to
create human movements with realistic clothing dynamics,
providing accurate ground-truth for body pose and shape in
SMPL [25, 29] format. These works underscore the potential
of graphics engines for generating detailed synthetic data.
However, high-quality 3D assets are required, which can be
costly and time-intensive.

Recent progress in deep generative models has facilitated
image synthesis directly from control signals, bypassing the
need for extensive 3D assets. Methods using pre-trained
models like Stable Diffusion [36] have enabled the genera-
tion of controlled images with minimal fine-tuning for depth
and normal maps using ControlNet [48]. STAGE [22] syn-
thesizes human images from skeletons and depth cues, while
3D-DST [26] uses 3D CAD models for controlled generation.
These studies illustrate that generative models can produce
realistic images under explicit control, and generated data
could further enhancing the performance of machine learning
models. However, no existing work explores controllable
generation for events data, which exhibits a considerable
domain gap from RGB images.

For event data generation, simulators like ESIM [34]
generate events from rigid object motion, supporting applica-
tions in SLAM and object tracking. More recent simulators,
such as EventHands [37] and E-LnR [44, 45], focus on non-
rigid deformations like human body movement. However,
these simulators struggle to simulate the noise and artifacts
of real-world event cameras, leading to domain discrepan-
cies between synthetic and actual event data. By contrast,
our ControlEvents leverages the diffusion prior from [36, 48]
and simulates characteristics of real-world captured events.
Experiments in fig. 2 and Sec. 4 show that our generated
events outperform previous simulators and can be used as
training data to improve the visual recognition and 2D & 3D
pose estimation performance.

3. Method
3.1. Preliminaries

Event Camera model Event cameras record logarithmic
pixel-level brightness change asynchronously. An event
e; = (uy,t;,p;) is triggered at pixel u; at time ¢; when the
logarithmic brightness change AL reaches a threshold. The
polarity of event e; is

1 f i;ti - i,ti— 2 9
p(ui,ti)={+ if £ (u;,t;) — L(u 1) >C

1
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where C' is the contrastive threshold, a hardware-specific
property of event cameras [24].

To fully leverage the capabilities of pre-trained image
diffusion models [36, 48], we convert asynchronous events
into 2D histograms, which can be represented as a 3-channel
RGB image (HxWx3) with positive events shown in red and
negative events in blue. We accumulate events into frames
based on the strategy used in the adopted datasets [9, 21, 39,
53] for our downstream tasks.

In N-ImageNet [21], events are generated by using an
event camera to capture original ImageNet images displayed
on a screen. Hence, we accumulate all events for each image.
For DHP-19 [9], we accumulate a fixed number (7,500) of
events per frame. For CDEHP [39], events are accumulated
over a fixed time interval (8.333 ms) per frame. In Event-
HPE [53], events are aggregated over a fixed temporal length
(15 ms) per frame. Since DHP-19, CDEHP, and Event-
HPE do not provide polarity information, we represent event
locations in white within the 2D histogram. In the paper, we
visualize event images with a white background and blue
color for enhanced appearance and reduced printing costs.
Please refer to fig. 1 and the supplementary material for
visualizations of the event frames.

Diffusion Models under Control DDPM [18] is a gener-
ative model which learns a data distribution by iteratively
adding and removing noise. Formally, the forward process
in DDPM iteratively adds noise to a sample xy drawn from
a distribution pga, (x):

x¢ ~ N (%45 /ouxi—1, (1 — oy)T), 2

and oy schedules the amount of noise added at each step
t [18]. To sample data from the learned distribution, the
reverse process starts from Gaussian noise xr ~ N(0,1)
and iteratively denoises it until ¢ = 0:

Xt—1 N(Xt—l; ue(xht)a

where pg(x;,t) is the estimated posterior mean, predicted
by a neural network ¢y trained to minimize the difference
between true and estimated noise. One can also model con-
ditional distribution pg,r, (x|c) by adding the condition to the
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Figure 3. Overview of ControlEvents. For text-conditioned event data synthesis, we fine-tune Stable Diffusion [36]. For 2D & 3D pose-conditioned event
data synthesis, we fine-tune ControlNet [48] using skeleton map or normal map. Our ControlEvents can synthesize large-scale dataset for various tasks.

network input [11, 17]. In practice, the network ey predicts
the amount of noise to remove based on the noisy state x,
condition z, and diffusion timestep ¢, optimizing an objective
function:

T
Lobjective = Z Exo,e,t |:||6 — €9 (Xt, t, C)||2] . “4)

t=1

3.2. ControlEvents

Due to the scarcity of event data its ground-truth labels, train-
ing large-scale deep learning models for event-based tasks is
impossible. Our goal is to improve model performance by
training on synthetic event data generated by ControlEvents.
This procedure can be viewed as an analysis-by-synthesis
loop: given a small amount of labeled real-world event data,
we train a generative model to synthesize event data with
pseudo ground-truth labels. This synthetic data, paired with
pseudo labels, serves as additional training data to enhance
the model’s analytical capabilities. To achieve this align-
ment, it is essential to match the distribution of synthetic
events to the real event data. However, the limited availabil-
ity of event data presents a scientific challenge: how can a
generative model effectively learn a robust data distribution
when only a small amount of training data from the target
distribution is available?

Inspired by recent works [19, 22, 47, 48], we observe
that the diffusion prior of foundational models (e.g., Stable
Diffusion [36]) contains rich information that enhances the
generalization capabilities of downstream applications. Thus,
we design ControlEvents on top of foundational generative
models, allowing us to leverage their generative power to
synthesize realistic event data by minimal fine-tuning on
small-scale real event datasets.

We denote the available small-scale real event datasets

Drear = {(€?,¢")} Y, where €' is an event image obtained
by accumulating the event stream within a fixed temporal
window or a fixed number of events. The corresponding
ground-truth label, c?, could be a class label in natural lan-
guage [21, 28], a 2D human skeleton [9, 39], or a 3D human
body [39] represented in SMPL [25, 29], depending on the
generation task. To model the conditional data distribu-
tion pgan(€|c), we adopt the DDPM framework described
in Sec. 3.1 and formulate the objective function as

N T
LcontrotEvents = Z Z IEe,e,t |:H€ — €9 (ei, t, Ci) H2:| N G))

i=1 t=1

Here, e! is a noisy image generated from the clear event
image e’ using DDPM scheduler as outlined in eq. (2). The
term ey(-) represents the diffusion network, parametrized
by parameters 6, which predicts the noise level to subtract
during inference. At inference time, given an unseen control
signal c""°, we synthesize the corresponding event image
€™l by sampling from the learned distribution pg,.(elc).
Specifically, we perform the iterative denoising starting from
randomly sampled Gaussian noise using eq. (3) until a clear
event image is generated.

Generation from Text Label To leverage the foundational
text-to-image generative capabilities of image diffusion mod-
els [36], we fine-tune a pre-trained Stable Diffusion [36].
Originally, it models the text-conditioned image distribution
Pdata (X|C'™"). Here, we fine-tune and adapt it to the target
event distribution pgae, (€]c%).

In an event-based classsification dataset D& =
{(e?, e}V " such as N-ImageNet [21] or N-
Caltech101 [28], each event image e’ is associated with a
class label c!*%%. We enhance the class label c®'®>? by aug-

menting it with the phrase: ”A photo of {c*}”, making



it resemble a natural language description and more aligned
with the text conditioning used in Stable Diffusion [36]. The
event image e’ is a 3-channel image, with positive events
encoded in the first channel (red) and negative events in the
third channel (blue). We utilize the frozen VAE encoder [36]
to obtain the latent representation of e’ and fine-tune only
the U-Net diffusion model using the objective function de-
fined in eq. (5). We denote the fine-tuned text-based event
generator as ControlEvents®*.

After adapting the ControlEvents™ " with the event-based
classification dataset Dfég‘fs, we generate events for each class
with the adapted model conditioned on the same text prompt,
forming a synthetic dataset Df;‘lft; We show in Sec. 4.1 that
the synthetic data generated by our ControlEvents
improve the event-based visual recognition performance.

class

class can

Generation from 2D Skeleton Estimating 2D human pose
in skeleton from event data is a valuable application, as hu-
man motion is often too fast for frame-based cameras and can
cause motion blur. As a widely-used generative framework,
ControlNet [48] enables the incorporation of 2D skeleton
signals into the realistic image diffusion process of Stable
Diffusion [36]. Therefore, we use ControlNet™!®°" [48] as
our starting point, as it already models the image distribution
Paata (X |0 effectively.

Here, we use an event-based pose estimation dataset
Dekeleton - — - {(gi gskeletoni)A NV | guch as DHP-19 [9] or
CDEHP [39]. Since ControlNet also supports text descrip-
tions as additional conditioning, we apply the description
”A moving human” for all event images e’. Following the
training procedure of ControlNet [48], we fine-tune only
the trainable copy of the U-Net, keeping the original Stable
Diffusion U-Net and VAE frozen. We denote the fine-tuned
skeleton-based event generator as ControlEvents**"*", Us-
ing this model, we generate event images from unseen 2D
skeletons during training and construct a synthetic dataset
D;ly‘gllﬁm“, which we then use to train an event-based pose
estimation model. Further details about the generation pro-
cess and training of the 2D pose estimator are provided
in Sec. 4.2.

Generation from 3D Body Estimating the parameters of
a 3D body model such as SMPL [25, 29] from event data
is more challenging than estimating a 2D skeleton due to
self-occlusion and monocular ambiguity. Training large-
scale deep learning models is a common approach, which
motivates us to synthesize high-quality event data. However,
no existing image foundation models take numerical SMPL
parameters (e.g., pose and shape) as direct conditioning,
which makes our fine-tuning difficult.

To fully leverage the diffusion prior of foundation mod-
els, we propose representing the 3D SMPL model using 2D
images that can serve as conditioning inputs. Specifically,
we choose normal maps as the 2D conditioning images for

the 3D SMPL body, as they provide surface direction infor-
mation at each pixel [52]. This design choice allows us to
utilize the capabilities of pre-trained ControlNet™™! which
generates corresponding realistic images from normal map
by sampling from learned distribution pgae, (x|c"o™a).

Given a real-world dataset which contains event
data and corresponding SMPL parameters DSMPL =
{(e?, SMPLYIN | such as Event-HPE [53], we render each
SMPL parameters c>MP1+? into a 2D normal map co™al?
in Blender [10] with the camera intrinsics and extrinsics
from [53]. Similar to the 2D pose task, we apply the de-
scription “A moving human” to all event images e’ and fine-
tune only the trainable copy of the U-Net. We denote the
SMPL normal-based event generator as ControlEvents>™*".
Given such a model, we can easily generate event images
from arbitrary SMPL parameters. We demonstrate that our
ControlEvents®™*" generalizes well to diverse and challeng-
ing human poses from SMPL datasets like AMASS [27] and
AIST [41]. This capability allows us to obtain large-scale
challenging event data with pseudo ground-truth, which is
not available in existing real-world event datasets. Please
refer to Sec. 4.3 for details.

4. Experiments

In this section, we empirically demonstrate the effective-
ness of our ControlEvents and synthesized event data by
evaluating it on discriminative downstream tasks: object
recognition in Sec. 4.1, 2D skeleton estimation in Sec. 4.2,
and 3D SMPL estimation in Sec. 4.3. We further validate our
synthetic event data using standard generative model metrics,
namely Fréchet Inception Distance (FID) [16] in Tab. 4

Baselines Event simulators can be classified into two cate-
gories: learning-based approaches, such as Event-GAN [51],
which synthesize events from two consecutive intensity
frames; and graphics-based approaches, such as SMPL-
ESIM [44, 45], which simulate events from a sequence of
SMPL motions. Consequently, we compare our method
with Event-GAN in Sec. 4.2 and Sec. 4.3, and with SMPL-
ESIM Sec. 4.3, because these methods support similar con-
trol signals for those tasks. However, neither can synthesize
event data from text-based class labels, which is a unique
advantage of our proposed ControlEvents.

4.1. Event-based Object Recognition

Implementation Details We evaluate our method on the
NImageNet dataset [21], which contains 1,000 classes. For
each class in NImageNet, multiple (typically 2-5) similar
class names are available. We use only 100 event images per
class for learning pya(€|c®*). In each training iteration,
we randomly sample a class name and augment it as "A
photo of {c5}” to serve as the text description. Please
refer to supp. mat. for training details of ControlEvents*™®.



Classification with Generated Events We infer
ControlEvents™* to synthesize 650 event images for each
class. We train a classifier with a pre-trained ResNet-34 [15]
and randomly initialize MLP prediction head with different
setting, including original training data of our generative
model and our synthesized event data. It shows that by
combining our synthesized event images with original
training data, we obtain better classification accuracy than
only using the raw event data.

N-ImageNet evaluation set [9]
Data setting Acc. T Prec. T
original training data 39.33  40.02
Ours 27.00  23.32
Ours + original training data  45.33  46.52

Table 1. Object recognition with different training data. Our
synthetic event data can enhance classification performance.
Zero-Shot Generation A key insight in ControlEvents is
leveraging the powerful diffusion prior in pre-trained foun-
dation models. In our ControlEvents®®* experiments , we
utilize the robust text-based generation capabilities inherited
from Stable Diffusion [36]. Despite training on only 1,000
classes from N-ImageNet [21], our model generalizes to
unseen text labels from the N-Caltech [28] dataset and can
generate corresponding event images. We present qualitative
results of zero-shot event data generation alongside their
closest training class labels (determined by cosine similarity
in CLIP [30] feature space) in fig. 4. Please refer to the sup-
plementary material for quantitative zero-shot event-based
classification results on N-Caltech dataset.
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Figure 4. Zero-shot generation of unseen text label. We also present the
closest seen text label during training based on the CLIP cosine similarity.

4.2. Event-based 2D Skeleton Estimation

Implementation Details We evaluate our method on the
DHP-19 [9] and CDEHP [39] datasets because they pro-
vide the ground-truth 2D skeleton in the same format. We
randomly sample 10000 event images with skeleton across
different subjects and motion to train ControlEvents***"
Please refer to supp. mat. for training details.

Pose Estimation with Generated Events We adopt the
pose estimation network architecture from [9] and ran-
domly initialize the network parameters during training. For
our ControlEvents**®*" | we randomly sample 5000 unseen
skeletons from DHP-19 [9] and 5000 from CDEHP [39].

Since Event-GAN [51] requires intensity frames and DHP-
19 [9] does not provide them, we sample 10000 frames from
CDEHP [39] for generating events using Event-GAN.

We report the quantitative evaluation of 2 unseen subjects
using mean per joint position error (MPJPE) and average
precision (AP@25%, AP@50%) in Tab. 2. The results in-
dicate that our synthetic event data is more effective for
training 2D pose estimators and can further enhance per-
formance when combined with the original training data of
ControlEvents™ "

4.3. Event-based 3D Body Recovery

Implementation Details We evaluate our method and
data on the Event-HPE [53] dataset. We randomly sam-
ple 10000 event images with SMPL annotations to train
ControlEvents™F". Please refer to supp. mat. for details.

SMPL Recovery from Generated Events In this exper-
iment, we use the randomly initialized event-based SMPL
regressor from [53] as the SMPL recovery model. For
our ControlEventsSMPL, we randomly sample 10,000 unseen
SMPL annotations from the Event-HPE dataset [53]. We
compare our generated event images with those from Event-
GAN [51] and the SMPL-ESIM simulator [45]. To minimize
variations due to pose differences during generation, we use
the same sampled SMPL annotations to synthesize events
for both Event-GAN and SMPL-ESIM.

We report quantitative evaluation of 2 unseen subjects
on MPJPE, mean per vertex error (PVE), percent of cor-
rect keypoints (PCK@25mm, PCK@50mm), and area un-
der PCK curve (AUC). We compare 3D SMPL estima-
tors with different training data, from original training data
of ControlEvents™™ to synthetic event data from base-
lines [45, 51] and our generated data. Quantitative results
in Tab. 3 show that our generated data outperforms synthetic
data from Event-GAN [51] and from SMPL-ESIM [45]. It
also shows that our generated data can be combined with
original training data to further enhance the 3D SMPL esti-
mation performance.

Synthesizing Events for OOD Poses Generalizing to chal-
lenging out-of-distribution (OOD) poses remains a persistent
issue in the pose recovery field, largely due to the scarcity
of labeled training data for such complex poses, making this
task inherently difficult. As illustrated in fig. 5, we demon-
strate that our ControlEventsSMP™ generalizes effectively to
challenging poses from the AMASS dataset [27]. Moreover,
we quantitatively validate in Tab. 3 the benefits of training
a SMPL estimator with our synthesized event data using
pseudo ground-truth derived from AMASS. Training solely
with AMASS synthetic data yields slightly less accurate re-
sults, primarily due to differing pose distributions between
the challenging AMASS dataset [27] and the Event-HPE
evaluation set [53]. However, training on a combination of
real and challenging synthetic event data significantly im-



DHP-19 evaluation set [9]

CDEHP evaluation set [39]

Data Setting 2D-MPJPE| AP@251 AP@501 | 2D-MPIPE| AP@251 AP@501
original training data 7.180 99.5 98.0 12.149 98.2 95.9
Event-GAN [51] 7.986 98.4 98.0 16.264 97.5 94.1
Ours 6.223 99.7 99.1 10.936 98.8 96.5
Ours + original training data 6.006 99.7 99.4 10.792 98.9 96.7

Table 2. 2D pose estimation with different training data. Our synthetic event data outperforms [51] and enhances estimation performance.

Event-HPE evaluation set [9]

Data Setting 3D-MPJPE, |  3D-PCK@25%1 3D-PCK@501 PVE,,| AUCT
original training data 27.30 46.05 95.02 34.24 81.79
Event-GAN [51] 29.43 35.61 91.79 35.27 80.37
SMPL-ESIM [45] 53.53 5.84 42.54 55.35 36.44
Ours w/ Event-HPE pose 25.13 54.97 96.45 34.22 83.24
Ours w/ AMASS pose 28.32 45.11 92.59 34.36 81.12
Ours both + original training data 18.65 79.37 99.66 32.12 87.57

Table 3. 3D SMPL Body Recovery with different training data. Our synthetic event data outperforms both learning-based synthetic data [51]
and graphics-based synthetic data [44, 45]. Additionally, we demonstrate the capability to generate synthetic events for challenging poses

from AMASS [27], which significantly enhances SMPL estimation performance.

\
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Figure 5. SMPL-based generation on challenging unseen poses. Given
challenging AMASS [27] poses, we can generate realistic event data.
proves SMPL recovery performance with a 31.7% reduction
in 3D-MPJPE.

Text-to-Events in Motion Our ControlEvents™"" can
synthesize realistic event data from arbitrary SMPL annota-
tions, providing the potential to leverage powerful text-to-
motion models [23, 40] for generating human motion events
based on text descriptions. In contrast, other learning-based
methods, such as [51], which generate events from intensity
frames, cannot directly condition on SMPL for generation.
Please refer to the supplementary video for animations.

4.4. Event Generation Quality

We quantitatively evaluate the quality of generated event
data from our method compared to baselines under diverse
conditions, as shown in Tab. 4. As a reference, we provide
the FID [16] scores of random unseen real event data relative
to the training data distribution of generative models from
the same datasets. As shown in fig. 2 and Tab. 4, the event
data generated by ControlEvents is closest in distribution
to the training data and closely approximates real captured
event data, demonstrating the effectiveness of our method in
generating high-quality synthetic events.

4.5. Ablation Study
Diffusion Prior from Foundation Models A key insight
in ControlEvents is leveraging the powerful diffusion prior

Method FIDSMPL \L FIDskelelon \L FIDclass \L
Unseen real event data 3.64 23.22 0.36
Event-GAN [51] 196.41 165.93 —
SMPL-ESIM [45] 206.23 — -
Ours 15.55 28.97 27.43

Table 4. FID score between synthesized event and real-world
event data. We evaluate the quality of conditional distribution
modelling w.r.t. SMPL, skeleton, and class label. Our synthetic
event is more close to real event data compared to [44, 45, 51].

in pre-trained foundation models, enabling fine-tuning with
minimal data while inheriting the capabilities of the original
models. To demonstrate the effectiveness of this approach,
we present Zero-Shot Generation experiments in Sec. 4.1,
showing our model’s impressive text-to-image capabilities
by generalizing to unseen text labels. Here, we further ex-
amine the benefits of the diffusion prior by conducting an
ablation study on the diffusion prior from pre-trained foun-
dation models.

Using the same training data Df;;‘? as experiments
in Sec. 4.1, we directly train a ControlEvents®™* model with-
out a foundational diffusion prior by randomly initializing
the U-Net weights of Stable Diffusion [36]. In fig. 7, we
visualize the generation results at intermediate steps dur-
ing training. The results intuitively show that, without the
diffusion prior, the generative model struggles to learn the
distribution of the training event data. We also observe that
the model fails to generate meaningful event images for
unseen text labels, producing only noise instead.

Scaling of Synthesized Training Data An advantage of
ControlEvents its ability to synthesize realistic event data
with pseudo ground-truth labels at low cost. We conducted
an ablation study to examine the impact of scaling the
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Figure 6. Comparison synthetic data between ControlEvents and other event simulators (Event-GAN [51], SMPL-ESIM [45]) for 2D skeletal estimation and
3D body recovery. Estimators trained on ControlEvents generated data shows better performance due to high quality data, especially on unseen parts.
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Figure 7. Ablation on foundational prior from Stable Diffusion [36].
Without the prior, our method cannot generate meaningful on unseen text.

amount of synthesized event data from ControlEvents™ "

for training a 2D pose estimator by scaling the dataset size
from 0 (0.0x) to 20,000 (2.0x) samples, as illustrated in fig. 8.
The results indicate that up-scaling the synthesized data can
enhance the model performance.

5. Conclusion

We present ControlEvents, a controllable event synthesis ap-
proach that leverages the foundational priors of pre-trained
image diffusion models. We demonstrate that: 1) generat-
ing events with pseudo ground-truth labels can effectively
enhance the performance of deep learning models, and 2)
the diffusion prior from foundational models helps in gener-
alizing to unseen scenarios for events generation tasks. We
believe that our approach paves the way for new directions
in data synthesis for event-based vision tasks. We will make
our model and synthetic event dataset for all tasks available
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Figure 8. Ablation on scaling synthetic data of skeleton estimation.
Our synthesized events with pseudo ground-truth can enhance the skeleton
estimation along with original training dataset.

for future research.

Limitations and future work To best leverage the priors
from image diffusion models, we accumulate event streams
into images, which may result in the loss of rich temporal
information inherent in asynchronous streams. A promising
direction for future exploration is to utilize priors from video
diffusion models [6], which can incorporate temporal infor-
mation and potentially handle the time steps of event data
more effectively.
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Supplementary Material

A. Dataset
A.1. Dataset Description

Classification In this paper, we utilize N-ImageNet [21]
and N-Caltech101 [28] as the event data classification
datasets. Both datasets are event-based conversions of Ima-
geNet [21] and Caltech101 [12], created by capturing orig-
inal RGB images displayed on a monitor using an event
camera.

These datasets generate events from static RGB images
by introducing relative camera-to-image motion, achieved
either by moving the event cameras [21] or by moving the
monitor [28]. Details of the event acquisition system used in
N-ImageNet [21] are illustrated in fig. 9.

Original RGB Images

Figure 9. Conversion hardware system in N-ImageNet [21]. The event
camera is vibrated vertically and horizontally on a plane parallel to the LCD
monitor screen to capture events of displayed images.

A.2. Processing Datasets

As described in Section 3.1 of the main paper, we convert
asynchronous events into RGB images to leverage the pri-
ors from pre-trained foundation models. We visualize the
processed datasets in fig. 10, including N-ImageNet [21],
N-Caltech101 [28], DHP-19 [9], CDEHP [39], and Event-
HPE [53]. The processing procedure is described as:

e N-ImageNet: All events are accumulated into a single
image, capturing the original ImageNet image. Positive
events are represented in red, and negative events in blue.

* N-Caltech101: Similar to N-ImageNet, all events are ac-
cumulated into a single image. Positive events are repre-
sented in red, and negative events in blue.

* DHP-19: Following the original paper [9], 7,500 events are

accumulated to construct each event image. We follow the
original paper and discard polarities. DHP-19 includes 2D
skeleton annotations as ground truth but does not include
intensity frames.

* CDEHP: Following the original paper [39], events are
accumulated over 8.333 ms to construct each event im-
age. We follow the CDEHP includes both 2D skeleton
annotations and intensity frames.

* Event-HPE: Following the original paper [53], events are
accumulated over 15 ms to construct each event image.
We follow the original paper and discard polarities of
events. The dataset provides both 3D SMPL annotations
and intensity frames.

B. Method
B.1. Training details

ControlEvents™® We train our text-based event genera-

tive model by adopting the Stable Diffusion v1.4 text-to-
image checkpoint [1] and fine-tuning it on our collected
event data. The model is trained on 4 NVIDIA A40 GPUs
for 80 epochs, with a batch size of 4 and gradient accumula-
tion over 32 steps, resulting in an effective batch size of 512.
The training process takes approximately 5 days.

ControlEvents™*®® We train our skeleton-based event

generative model by adopting the ControlNet human skele-
ton v1.0 checkpoint [3] and fine-tuning it on our collected
event data. The model is trained on 4 NVIDIA A40 GPUs
for 600 epochs, with a batch size of 2 and gradient accumu-
lation over 64 steps, resulting in an effective batch size of
512. The training process takes approximately 3 days.

ControlEventsS™®"  We train our SMPL-based event gen-

erative model by adopting the ControlNet normal v1.0 check-
point [2] and fine-tuning it on our collected event data, using
normal maps rendered from SMPL annotations as input. The
model is trained on 4 NVIDIA A40 GPUs for 600 epochs,
with a batch size of 2 and gradient accumulation over 64
steps, resulting in an effective batch size of 512. The entire
training process takes approximately 3 days.

B.2. Inference details

At inference time, we use DDPM [18] as scheduler and
set reverse sampling steps to 1000. The whole inference
time on NVIDIA A40 (48GB) for ControlEvents®™* takes
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Figure 10. Visualization of processed datasets. N-ImageNet [21] and N-Caltech101 [28] provide polarities of events. CDEHP [39] and Event-HPE [53]

provide intensity frames.

12 seconds, for ControlEvents™ " takes 17s, and for
ControlEvents"™" takes 17s.

C. Experiments
C.1. Generation from Text

In the main paper, we only present the generated event im-
ages from text labels in fig.1. Thus, we visualize more
text-conditioned generation results in fig. 11. Please refer to
our supplementary video for more visualization results.

C.2. Zero-Shot Text-based Generation

As introduced in section 4.1, our ControlEvents™® can gen-

erate event images from text labels that were unseen dur-
ing training on the N-ImageNet [21] dataset. Here, we
present additional qualitative zero-shot binary classifica-
tion results (see fig. 12) for 10 unseen classes from the
N-Caltech101 [28] dataset. In fig. 12 we show the closest
seen text label from N-ImageNet [21] and their cosine simi-
larity in the CLIP [30] space. We use ControlEvents™™* to
generate 500 event images for each class. For comparison,
we train the baseline classification model using 50 event
images per class from the N-Caltech101 dataset. Quantita-
tive results demonstrate that our zero-shot generated large-
scale dataset outperforms the few-shot classification baseline
trained on limited data.

C.3. Generation from Skeleton & SMPL

We visualize more skeleton-conditioned event images gen-
eration results in fig. 13 and SMPL-conditioned generation
results in fig. 14. Please refer to our supplementary video
for animation results.

We also present the animation results of text-to-events
in motion, which we describe in Sec.4.3 in the main paper.
Please refer to our supplementary video for the details.

N-Caltech101 zero-shot set [28]

Class Baseline Acc. 1 Our Acc. T
“bonsai” 55.00% 76.25%
“ceiling fan” 85.06% 67.82%
»ferry” 60.22% 68.82%
”joshua tree” 61.54% 70.51%
“minaret” 54.44% 60.00 %
“pagoda” 65.15% 80.30%
”sunflower” 60.00% 74.67 %
“water lilly” 72.41% 55.17%
“windsor chair” 62.16% 58.11%
”chandelier” 58.02% 70.37 %

Table 5. Zero-shot binary classification on unseen classes from
N-Caltech101 [28].
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Figure 13. Generation of event images from 2D skeleton. Please refer to supplementary video for animation results.
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