Supplementary Material
ControlEvents: Controllable Synthesis of Event Camera Data
with Foundational Prior from Image Diffusion Models

Abstract

In this supplementary document, we provide further details
about the training details, inference details, and promised
results in the main paper. Please also refer to our supple-
mentary video for more results animation.

1. Dataset

1.1. Dataset Description

Classification In this paper, we utilize N-ImageNet [7]
and N-Caltech101 [8] as the event data classification
datasets. Both datasets are event-based conversions of Ima-
geNet [7] and Caltech101 [5], created by capturing original
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 [7] or by moving the
monitor [8]. Details of the event acquisition system used in
N-ImageNet [7] are illustrated in Fig. 1.

Original RGB Images
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Figure 1. Conversion hardware system in N-ImageNet [7]. The event
camera is vibrated vertically and horizontally on a plane parallel to the
LCD monitor screen to capture events of displayed images.

1.2. Processing Datasets

As described in Section 3.1 of the main paper, we con-
vert asynchronous events into RGB images to leverage the
priors from pre-trained foundation models. We visualize
the processed datasets in Fig. 2, including N-ImageNet [7],
N-Caltech101 [8], DHP-19 [4], CDEHP [10], and Event-
HPE [11]. The processing procedure is described as:

* 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.

e 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 [4], 7,500 events
are accumulated to construct each event image. We fol-
low the original paper and discard polarities. DHP-19 in-
cludes 2D skeleton annotations as ground truth but does
not include intensity frames.

* CDEHP: Following the original paper [10], events are ac-
cumulated over 8.333 ms to construct each event image.
We follow the CDEHP includes both 2D skeleton annota-
tions and intensity frames.

* Event-HPE: Following the original paper [11], 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.

2. Method

2.1. 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 accumu-
lation over 32 steps, resulting in an effective batch size of
512. The training process takes approximately 5 days.
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Figure 2. Visualization of processed datasets. N-ImageNet [7] and N-Caltech101 [8] provide polarities of events. CDEHP [10] and Event-HPE [11]

provide intensity frames.

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.

ControlEvents>™*"  We train our SMPL-based event gen-
erative model by adopting the ControlNet normal v1.0
checkpoint [2] and fine-tuning it on our collected event data,
using normal maps rendered from SMPL annotations as in-
put. 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.

2.2. Inference details

At inference time, we use DDPM [6] as scheduler and
set reverse sampling steps to 1000. The whole inference
time on NVIDIA A40 (48GB) for ControlEvents®™" takes
12 seconds, for ControlEvents™®" takes 17s, and for
ControlEvents"™P" takes 17s.

3. Experiments

3.1. 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. 3. Please refer to our
supplementary video for more visualization results.

3.2. Zero-Shot Text-based Generation

As introduced in section 4.1, our ControlEvents®™ can

generate event images from text labels that were unseen
during training on the N-ImageNet [7] dataset. Here, we

present additional qualitative zero-shot binary classification
results (see Fig. 4) for 10 unseen classes from the N-
Caltech101 [8] dataset. In Fig. 4 we show the closest seen
text label from N-ImageNet [7] and their cosine similarity
in the CLIP [9] 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. Quantitative results
demonstrate that our zero-shot generated large-scale dataset
outperforms the few-shot classification baseline trained on
limited data.

3.3. Generation from Skeleton & SMPL

We visualize more skeleton-conditioned event images gen-
eration results in Fig. 5 and SMPL-conditioned generation
results in Fig. 6. 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 [8]

Class Baseline Acc. T Our Acc. 1
“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 1. Zero-shot binary classification on unseen classes from
N-Caltech101 [8].
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Figure 3. Generation of event images from text class labels in N-ImageNet [7].
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Figure 4. Zero-shot generation of unseen text label from N-Caltech101 [8] dataset. We determine the closest seen text label during training based on the
CLIP cosine similarity.
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Figure 5. Generation of event images from 2D skeleton. Please refer to supplementary video for animation results.
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Figure 6. Generation of event images from 3D SMPL normal maps. Please refer to supplementary video for animation results.
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