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Abstract

Event cameras are novel sensors with outstanding prop-
erties such as high temporal resolution and high dynamic
range. Despite these characteristics, event-based vision has
been held back by the shortage of labeled datasets due to
the novelty of event cameras. To overcome this drawback,
we propose a task transfer method that allows models to
be trained directly with labeled images and unlabeled event
data. Compared to previous approaches, (i) our method
transfers from single images to events instead of high frame
rate videos, and (ii) does not rely on paired sensor data. To
achieve this, we leverage the generative event model to split
event features into content and motion features. This feature
split enables to efficiently match the latent space for events
and images, which is crucial for a successful task trans-
fer. Thus, our approach unlocks the vast amount of existing
image datasets for the training of event-based neural net-
works. Our task transfer method consistently outperforms
methods applicable in the Unsupervised Domain Adapta-
tion setting for object detection by 0.26 mAP (increase by
93%) and classification by 2.7% accuracy.

Multimedia Material
Additional qualitative results can be viewed in this video:

https://youtu.be/fZnBSqni6PY

1. Introduction
Humans can effortlessly identify objects depicted in

paintings even if there is a large visual gap between drawn
and real objects. This is because humans possess in-
credible transductive abilities which allow them to sepa-
rate medium-specific (painting/real world) from content-
specific attributes [3]. This transductive transfer ability
comes in quite handy as it enables us to reason about objects
in different drawing styles without much additional effort.

Achieving such abilities in machine vision has the po-
tential to enable effortless multimodal sensing. Moreover, it
promises to solve a persistent issue for novel sensor modal-

Figure 1. Our approach can teach a network to detect cars in
event frames even though it was never told how cars look in the
event domain. This unsupervised domain adaption is possible by
leveraging labeled grayscale images and unlabeled events. During
testing, our approach consists of a standard network and thus has
no computational overhead of first translating events to images.

ities: the lack of labeled datasets. Contemporary perception
systems heavily rely on high-quality, large-scale datasets
that are tedious to create. Many such image or video
datasets have been produced with frame-based cameras due
to their abundance in everyday life and availability. How-
ever, novel sensors such as event cameras cannot directly
benefit from these efforts and available event datasets re-
main scarce (Fig. 2).

Event cameras possess outstanding properties such as
high dynamic range (up to 140 dB), very high temporal,
resolution and low latency. Instead of capturing images at
a fixed rate, event cameras measure changes of intensity
asynchronously per pixel. This results in a stream of events
that encodes the time, location, and polarity of the intensity
change. For a more in-depth survey, we refer to [9].

While the working principle of event cameras is radically
different from conventional frame-based cameras, the out-
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put of event and frame-based cameras still contains a signif-
icant information overlap, as both cameras share the under-
lying principle of capturing the scene irradiance through an
optical system [33]. In this work, we show how this infor-
mation overlap can be leveraged for Unsupervised Domain
Adaptation (UDA) of event-based networks, in which la-
beled source and unlabeled target data are available to trans-
fer a task to the target domain.

The unpaired UDA setting allows our method to directly
leverage large-scale datasets containing still images. This
is in contrast to recent work that either relies on paired
sensor data [20, 51], which requires side-by-side record-
ing or video datasets [13, 51]. Furthermore, by tack-
ling the transfer in a data-driven way, we do not rely on
hand-designed generative models for video-to-events gen-
eration [4, 13, 31]. Finally, our approach has no overhead
during inference by converting events first to intensity im-
ages [33].

To bridge the gap between frames and events without
paired data, we introduce a novel single-image-to-event
translation technique based on the event generation model
combined with standard image-to-image translation tech-
niques [23, 49, 53]. Crucially, instead of learning image-to-
event translation directly, it only learns to correct an initial
guess from the generative model. However, the event con-
struction from a single image is ill-posed due to the missing
motion information. We solve this problem by explicitly
extracting motion features from events in addition to the
shared features that contain domain invariant information
about the scene. To achieve this split, we introduce a shared
embedding discriminator and enforce shared feature consis-
tency using sensor-specific knowledge.

Our experiments validate that our approach can suc-
cessfully transfer from frames to events by leveraging
large-scale datasets for object detection and classification.
We show this by achieving state-of-the-art for both ob-
ject detection and classification in the UDA setting on N-
Caltech101 [30] and MVSEC [50].

Our contributions can be summarized as follows.

1. We propose a transfer learning method that uses la-
beled frame-based datasets together with unlabeled
events recorded in a target environment to train event-
based networks. As one application, we show that net-
works trained on labeled daylight images can be trans-
ferred to challenging nighttime scenarios, where event
cameras outperform standard cameras thanks to their
higher dynamic range.

2. Our approach leverages prior sensor knowledge based
on the generative event model. Additionally, we in-
troduce a mapping of events into motion and content
embeddings. This enables us to transfer from single
images to events, which opens up all of the existing

Figure 2. Event-based datasets represent only a small fraction of
the existing frame-based datasets (source: [8, 20]).

frame-based datasets for event cameras.

3. Our task transfer method can train neural networks
that outperform state-of-the-art object detection meth-
ods applicable in the UDA setting by 0.27 mAP (an in-
crease of 93%) and achieve a 2.7% accuracy increase
in the classification task outperforming even some su-
pervised approaches.

2. Related Work
Unsupervised Domain Adaptation The general prob-

lem of transfer learning based on labeled source data and
unlabeled target data has been an active research field for
many years, which has accumulated vast literature. For a
survey, we refer the reader to [46]. Early deep-learning-
based methods use discriminators [37] or gradient rever-
sal layers [11, 12] to align the embedding space of source
and target domain samples. The resulting shared embed-
ding spaces were applied for task transfer, where dedicated
task networks were trained on features from the shared em-
bedding space together with labels from the source do-
main [5, 15], thereby enabling direct transfer to the target
domain.

Analogously, image-to-image translation methods can
be used to induce shared embedding spaces by mapping
samples from target to source domain, or vice versa. While
the former enables the reuse of pre-trained networks trained
in the source domain [49], the latter can provide a source of
labeled datasets in the target domain by converting datasets
from the source domain [24, 38].

While these methods show promising results, they are
not designed for task transfer and thus do not find optimal
mappings for source and target data for a given task. For this
reason, recent work [42, 19] proposed to jointly learn the
task and mapping from input to domain-shared and domain-
invariant features. However, they consider a smaller domain
gap since they work only with images, which means that
they can mostly work with shared network layers between
source and target domain.

One work that addresses a large domain gap in the con-
text of biomedical imaging is [47], where domain-invariant



features are constructed from source and target character-
istics. They then train a task network on the resulting fea-
tures. Similarly, our task-transfer approach addresses the
large domain gap between two complementary but differ-
ent vision sensors: standard cameras, which output dense
intensity frames at a fixed rate, and events cameras, which
only measure changes in intensity in the form of sparse and
asynchronous events. To do this, we leverage cycle con-
sistency constraints, which were introduced in image-to-
image translation literature [49, 53] and extended for trans-
fer learning for specific tasks [18, 28, 49, 2], but only use
a single source to target translation for aligning the embed-
ding space for the downstream task. This reduces the com-
putational complexity and training time significantly.

Event-based Approaches The lack of labeled datasets
is one of the main limiting factors hindering the progress
of event cameras. To address this challenge, a recent class
of methods seeks to convert events to high dynamic range
(HDR) image reconstruction through supervised [33] or ad-
versarial training [26, 27, 45]. With these images, standard
pre-trained neural networks trained on images can be used.
However, despite this advantage, these methods impose a
computational overhead by first generating image recon-
structions. Instead, [20] simply adapt the first few layers of
pre-trained frame-based networks to event data by enforc-
ing feature consistency between the two separate sensor en-
coders. While this eliminates the need for costly event pre-
processing, it requires paired images and events, i.e. events
and images recorded on the same sensor and scene to adapt
a given network. By contrast, the method in [48] is de-
signed to work with unpaired data but only converts be-
tween events in different illumination conditions. The first
works to leverage existing frame-based datasets were video-
to-event translation methods. These methods either rely on
model-based [31, 33, 13, 4] or data-driven [51] approaches
to convert video sequences into artificial events, which can
be used to directly train neural networks on event data. This
opened up the possibility of training networks for event data
on larger and more diverse datasets. However, these meth-
ods are still limited to translating video to events, thus ignor-
ing the majority of existing datasets that comprise images.
The work most similar to ours leverages affinity graphs to
perform the task transfer from frames to events [44]. In
comparison, our approach splits the embedding space into
shared and sensor-specific features and leverages the event
generation model to align both domains.

In this work, we introduce a novel method that addresses
the limitations of previous approaches by performing unsu-
pervised domain adaptation, which (i) maps unpaired im-
ages and events to a shared embedding space, (ii) leverages
single-image-to-event instead of video-to-event translation,
and (iii) performs task-transfer by jointly training a task-
specific network on the shared embedding. We introduce

a novel single-image-to-event translation module that com-
bines the event generation model [10] with standard trans-
lation methods. Moreover, our method maps event data
into separate content and sensor-specific features and only
matches content features across modalities. In doing so, we
take inspiration from style-transfer techniques [21, 23, 49].

3. Method
Our goal is to train a network on labeled images for a

specific task and transfer the network to events, such that the
network successfully performs the task in the event-domain
without requiring any labeled events nor paired images and
event data, see Fig 1. This setting of transferring a task from
a labeled source domain (image domain Yimg) to an unla-
beled target domain (event domain Yevent) is generally de-
fined as Unsupervised Domain Adaptation, short UDA. The
task transfer is possible since event and frame-based cam-
eras share the underlying principle of capturing the scene
irradiance through an optical system. Therefore, an infor-
mation overlap exists on which the task can be learned on
images and transferred to events.

In Sec. 3.1, we present the general network architec-
ture and the latent space split into shared and sensor-
specific features. The alignment of the shared latent space
is enforced through multiple losses, which are explained
in Sec. 3.2. As a common constraint in the UDA litera-
ture [2, 18, 28, 42, 47, 49], we perform domain translation
to generate pseudo pairs, which are used to align the shared
latent space on which the task is learned. However, com-
pared to those approaches, we only use a one-sided trans-
lation from images to events to achieve a better embed-
ding alignment. Sec. 3.4 introduces our novel event con-
struction from a single image based on the event generation
model [10], which is explained in Sec. 3.3. Since the event
generation model constitutes a relation between events to
the image gradient and optical flow, we can strongly con-
straint the image-to-event translation and thus significantly
improve the task transfer. It is important to state that the
image-to-event translation is only applied as an auxiliary
task to help to transfer the task from images to events. As
we use directly optimize the task transfer from images to
events, our method consistently outperforms pure transla-
tion methods [13, 32, 33, 51].

3.1. General Model Architecture

In our framework, events yevent and images yimg are pro-
cessed with separate encoders Eimg and Eevent due to the
large domain gap between Yimg and Yevent. As event cam-
eras also capture motion information because of their asyn-
chronous output signal, they measure specific features ζevent
about the scene, which standard cameras can not perceive
in a single frame. This non-overlapping information, how-
ever, hinders the image-to-event task transfer as it is im-



Figure 3. During training, our method uses single-image-to-event translation to transfer a task from the image to the event domain. As
there is a large domain gap between events and grayscale images, we use two separate encoders Eimg and Eevent to process unpaired images
and event frames. Shared features z and event-specific features ζevent are extracted from the event frame. Both features are given as input to
the event decoderDflow, which creates a pseudo flow map. This flow map is combined with the image to create clean events using the event
generation module. To model sensor noise, the refinement module takes additionally random input feature maps. The applied constraints
are visualized with red arrows.

possible to fully align the embedding space. We solve this
by separating event features into sensor specific features
ζevent, which contain motion information, and content fea-
tures zevent, which carry information shared in both domains
Yimg and Yevent.

zimg =Eimg(yimg)

zevent = Eevent(yevent) ζevent = Eevent, attr(yevent).
(1)

The resulting shared features zimg and zevent are given as in-
put to the task branch T , which computes the task-specific
output. To generate pseudo event and image pairs, shared
features from an image zimg are combined with event-
specific features ζevent from a random event sample to com-
pute a pseudo-flow field using a flow decoderDflow. The re-
sulting pseudo-flow and the input image are then converted
to events ŷevent in the refinement network Rref,

ŷevent = Rref(Dflow(zimg, ζevent)). (2)

The single-image-to-event translation is explained in more
detail in Sec. 3.4. The overall architecture is depicted in
Fig. 3.

3.2. Shared Latent Space Constraints

The unsupervised task transfer from images to events re-
quires multiple constraints as there is neither task supervi-
sion in the event domain nor paired sensor data. Therefore,
multiple losses are applied to enforce a shared latent space
of zimg and zevent, which ensures that the task branch T suc-
cessfully performs the task in both domains. As a first con-
straint, we apply adversarial training [16] with a PatchGAN
discriminator network Dislat [22] to the latent features zimg
and zevent

Llat.,disc. =Eyimg [max(0, 1−Dislat(zimg))]

+ Eyevent [max(0, 1 +Dislat(zevent))]

Llat.,gen. =Ezimg [Dislat(zimg)]− Eyevent [Dislat(zevent)].

(3)

Similar to [51], we use a hinge-loss [43] and optimize the
above loss functions in an alternating fashion. The above
objective forces the latent space to be indistinguishable to
the discriminator Dislat, and thus, the latent space becomes
aligned.

As an additional constraint, we generate pseudo sensor
pairs using a one-sided translation from single images to
events. These pseudo-pairs are used to formulate consis-
tency losses on the latent variables zimg and ζevent, as sum-
marized below:

Lcycle = |zimg − Eevent(Rref(Dflow(zimg, ζevent)))|1
+ |ζevent − Eevent, attr(Rref(Dflow(zimg, ζevent)))|1

(4)

To generate realistic events from a single image, the follow-
ing adversarial loss is applied on the reconstructed events
ŷevent using an event discriminator Disevent

Lrecons.,disc. =Eŷevent [max(0, 1−Disevent(ŷevent))]

Eyevent [max(0, 1 +Disevent(yevent))]

Lrecons.,gen. =Eŷevent [Disevent(ŷevent)]

(5)

The used constraints are visualized with red arrows in
Fig. 3. For more specific details about the loss functions and
training procedure, we refer the reader to the supplementary
A1. Overall, these general UDA methods represent a solid
basis for closing the domain gap between events and im-
ages. However, as shown in our experiments in Sec. 4, cur-
rent UDA methods fall short in transferring task knowledge



between the large gap of events and images. The next sec-
tion shows how the event generation model can be leveraged
to improve the task transfer between the sensor domains.

3.3. Event Generation Model

The underlying principle of an event and frame camera
can be exploited to guide the single-image-to-event trans-
lation. As discussed in Sec 3, event and frame cameras
are both optical sensors, which capture the scene irradiance
through lenses. Due to this shared principle of measuring
the light intensity, images can approximately be translated
to events through the theoretical concept of the event gen-
eration model [10]. This generative model describes the be-
havior of an ideal event camera under the assumption of
constant brightness and of small time differences ∆t. In
Eq. 6, Ĩ(x,y) = log(I(x,y)) expresses the measured intensity
in log space and α represents the angle between the optical
flow vector v(x,y) and image gradient∇Ĩ(x,y).

∆Ĩ(x,y) ≈ −〈∇Ĩ(x,y),v(x,y)∆t〉
= −|∇Ĩ(x,y)||v(x,y)|∆t cosα

(6)

An event is triggered if the log intensity change ∆Ĩ is
above a predefined contrast threshold C. Thus, the number
N of events at a pixel (x, y) can be approximated according
to Eq. 7.

N(x,y) ≈ b∆Ĩ(x,y)/Cc (7)

The event generation model enables the transfer from a
single image to events, if motion information in form of op-
tical flow v(x,y) and time difference ∆t is provided. By
considering only single frames, which most frame-based
datasets consist of, the event generation is an ill-posed prob-
lem due to the missing motion information. To account for
that, we split the events yevent into two domains: latent space
zevent shared with image features and an additional sensor-
specific space ζevent, in which the motion information in
the events yevent is stored. Thus, we can reconstruct arti-
ficial events from frames by combining content and sensor-
specific features.

3.4. Event Generation based on Pseudo-Flow

Following Eq. 7, we observe that the predicted events re-
late to the image gradient ∇Ĩ(x,y) via optical flow. Instead
of optical flow, we propose to directly predict pseudo-flow
vectors v̂(x,y), which implicitly contain the unknown pa-
rameters ∆t, cosα andC. Thus, we do not need to compute
these parameters explicitly.

v̂(x,y) = v(x,y)
1

C
∆t cosα

N̂(x,y) ≈ 〈∆Ĩ(x,y), v̂(x,y)〉
(8)

It can be observed in Eq. 8 that the number of predicted
events N̂(x,y) can either be changed by the pseudo-flow
magnitude or by the angle between the two vectors ∆Ĩ(x,y)
and v̂(x,y). Thus, our pseudo-flow is not equivalent to op-
tical flow as the adversarial training only enforces realistic
events by either adjusting the direction or the magnitude of
v̂(x,y).

The pseudo-flow is constructed from a combination of
sensor-specific and shared features. The resulting pseudo-
flow field adheres to the content extracted from an image
zimg but with the general motion information of the event
data, encoded in the sensor-specific feature ζevent. The event
generation based on pseudo-flow constrains the image-to-
event translation and supports the adversarial training since
it provides good event predictions early during training.

We propose a novel refinement block Rref, which com-
putes the inner product of the predicted pseudo-flow and
image gradients as in Eq. (8) to obtain an initial guess of
the translated events. In the next step, the refinement net
uses three convolutional layers to predict residual event rep-
resentations, which are added to the initial guess. These
residual events correct for overlapping polarity regions and
event noise in the initial reconstruction.

As the target domain is mostly known, we can augment
the event generation by adding an artificial flow field ac-
cording to the motion present in the target event data. This
flow augmentation is crucial to enforce the split into sensor-
shared and sensor-specific features. It is essential to include
augmentation consistent with the target event domain. Oth-
erwise, the discriminator easily distinguishes between the
translated and real events, thus degenerating the adversarial
training and the task transfer. The augmented pseudo-flow
field consists of vectors with a magnitude of the pseudo-
flow predictions and the directions of the target-specific mo-
tion distributions. Events are then generated in the refine-
ment module Rref from this augmented flow. These events
are then processed again by the event encoder Eevent to ob-
tain event-specific features zevent, which are combined with
the original shared feature to construct new events. This
event representation should be identical to the events ob-
tained by the augmented flow as only the event-specific fea-
tures zevent contain motion information. Thus, an L1 loss is
applied between those two event representation, as visual-
ized in Fig. 4.

4. Experiments

We validate our transfer learning approach on two dif-
ferent tasks: image classification (Section 4.1) and object
detection (Section 4.2). Furthermore, we justify our design
choices with ablation experiments included in the supple-
mentary A2.



Figure 4. To enforce the split into sensor shared features and event-specific features, i.e., motion features, we propose to augment the
pseudo-flow predictions. Specifically, we take a pseudo-flow prediction and augment the flow with the target domain-specific motions. In
the shown car driving case, we sample an augmentation based on random epipoles in the image. Event-specific features ζaug

event are extracted
from the events constructed based on the augmented flow. These event specific features ζaug

event are then combined with the shared features
zref

img from the reference frame yref
img to reconstruct the pseudo-flow. An L1 loss is then applied between the augmented and the reconstructed

loss. By doing so, the networks can only adapt the motion features ζaug
event as the content features are fixed.

Figure 5. Example of events generated from a single image. The
top row shows the grayscale images, from which the content fea-
tures are extracted and combined with event-specific motion fea-
tures to construct a pseudo flow map (middle row). These pseudo
flow maps are then combined with the image gradients in the re-
finement module Rref to construct the fake events. The refinement
module Rref extends the events with realistic noise based on a ran-
dom feature input.

4.1. Classification

Experimental Setup We validate our approach for
event classification on the Neuromorphic-Caltech101 (N-
Caltech101) [30] dataset, which is a common benchmark
for event-based classification. N-Caltech101 was recorded
by tilting an event camera in front of a screen, on which
image samples from Caltech101 [7] are projected. It is,
therefore, a straightforward choice to use Caltech101 as a
labeled source dataset. It is important to point out that we do
not use paired sensor data even though it is available for N-

Caltech101 and Caltech101. As our approach can leverage
unpaired single images for event-based training, we extend
the frame-based Caltech101 with a set of additional images
showing the 101 classes. These additional images were also
used in the baseline method VID2E [13] for training a clas-
sification network on events, which are generated based on
simulated motion.

Our task network for classification follows the architec-
ture of Resnet18 [17]. In particular, we use the first layers
up to the third residual block of Resnet18 without the first
max-pooling layer for both sensor encoders. The second of
these residual blocks is shared between the event and im-
age encoder. The task network consists of the remaining
Resnet18 layers. All the Resnet18 layers were initialized
with weights pre-trained on ImageNet [35]. The architec-
tures proposed in Drit++ [23] were adopted for the sensor-
specific encoder, decoder, shared latent discriminator, and
event frame discriminator. The event histogram [25] is used
as event representation to facilitate the grayscale to event
frame translation. We augment the pseudo-flow with ran-
dom translation fields (Section 3.3) as N-Caltech101 only
contains translational motions.

To find the best model during training, we deviate from
the pure UDA settings as we use a small set of labeled tar-
get data, which acts as a validation set. The labeled target
data is solely used for validation and testing purposes. This
is commonly done in the UDA literature as the validation
without labels is itself an open research question. Similar
to supervised learning, we split the target data into training,
validation, and test data. Thus, no testing sample was seen
during training/validation, neither in the image nor event
domain.

Results The current state-of-the-art methods performing
transfer learning with unpaired grayscale and event data are
VID2E [13] and E2VID [33]. In addition to those two meth-
ods applicable to the UDA setting, we also include super-



vised methods, which have access to the event labels during
training. The classification accuracies are reported in Tab. 1.

Our approach outperforms the state-the-art method
E2VID by 2.7% in terms of accuracy. Moreover, our in-
ference network is a simple Resnet18, which is computa-
tionally much more lightweight than E2VID. Compared to
the second baseline VID2E, our approach achieves a 4.1%
higher accuracy. There are two possible reasons for the
increased performance. First, our method focuses specif-
ically on task transfer and thus exploits the image and
event domain to learn task-relevant features. This multi-
modal learning helps to extract more informative features,
which was confirmed in recent work [36] as well. Second,
VID2E generates events based solely on model assump-
tions, whereas our approach uses the generative event model
combined with a data-driven network to approximate target
events. Thus, our network can adjust better to the specific
target event data, which is influenced by the event camera
model and parameter settings. As can be observed in Fig. 5,
our approach generates realistic-looking event frames based
on single grayscale images.

Our approach even outperforms the supervised methods
HATS [39] and EST [14], as can be seen in Table 1. One
advantage of our method compared to HATS and EST is
the increased size of the training dataset. As our approach
can use single images without corresponding events, we
can easily extend the training dataset with additional class
samples, as it was done for VID2E. This also explains the
higher classification accuracy of our transfer learning ap-
proach compared to the supervised setting with the same
architecture. Since EvDistill [44] was trained on a different
training split for Caltech101 in the image domain, it is hard
to compare against this approach. Nevertheless, we report
the performance of our approach trained on the complete
Caltech101 dataset and the performance reported in [44].

We additionally report the performance of a simple cy-
cle translation UDA framework without the embedding split
into shared and event-specific features. The significantly
lower performance shows that the feature space split is cru-
cial for the task transfer between images and events. In the
case of classification on N-Caltech101, the flow prediction
does not provide any improvement compared to a model,
which directly predicts an event representation. This can
be explained due to the simple planar motion distribution
present in the event samples of N-Caltech101. For a more
complex motion distribution, i.e., in driving car sequences,
the flow prediction almost doubles the object detection per-
formance, reported in Tab. 2. In the same Tab. 2, we
show that the flow augmentation, explained in Section 3.3,
improves the detection accuracy significantly. This vali-
dates that the flow augmentation helps with the split into
shared and event-specific features, increasing the task per-
formance.

Method UDA Accuracy ↑
E2VID [33] 4 0.821
VID2E [13] 4 0.807
Simple Cycle 4 0.577
Ours w/o Flow 4 0.848
Ours 4 0.848
E2VID [33] 7 0.866
VID2E [13] 7 0.906
EST [14] 7 0.817
HATS [39] 7 0.642
Ours supervised 7 0.839
EvDistill* [44] 4 0.902
Ours* 4 0.938

Table 1. Classification accuracies on the N-Caltech101 dataset.
The upper part of the table shows the methods applicable in the
UDA setting, i.e., they do not have access to the event labels dur-
ing training. We have also listed methods that use the ground truth
labels during training and are thus not applicable for UDA. To stay
consistent with the evaluation of EvDistill, we report the perfor-
mance achieved by our model trained on the whole Caltech101
dataset(*).

Method Unpaired mAP ↑
ESIM [31] 4 0.02
E2VID [33] 4 0.28
Ours w/o flow 4 0.26
Ours w/o augm 4 0.48
Ours 4 0.54
EventGAN [51] 7 0.30
YOLOv3-GN* [20] 7 0.70

Table 2. Mean average precision for the task of object detection
on the MVSEC dataset. *Different test labels and trained on the
same sequence

4.2. Object Detection

Experimental Setup In the case of object detection, we
evaluate on the Multi-Vehicle Stereo Event Camera Dataset
(MVSEC) [50]. The authors of EventGAN [51] provided
us with car bounding box labels for the outdoor day 2 se-
quence, on which they evaluated EventGAN. For training,
we use the two outdoor sequences from MVSEC and add
the DDD17 [1] dataset, which contains unlabeled event se-
quences captured with the same event camera. As a labeled
source dataset in the image domain, we use Waymo Open
Dataset [41].

Except for the task branch, we use the same network lay-
ers as for the classification task. Similar to EventGAN and
the network grafting approach YOLOv3-GN [20], the task
branch for object detection consists of YOLOv3 [34] layers.

Results We compare against the event simulator
ESIM [31] as well as E2VID on the task of object de-
tection. Additionally, YOLOv3-GN and EventGAN are
included as paired baselines, i.e., they were trained with
event sequences and the corresponding frames. For the



performance of YOLOv3-GN, we report the value pub-
lished in their paper, which was computed on the same
outdoor day 2 sequence, but with different bounding boxes
generated by a frame-based object detector applied to the
grayscale images. The object detection performances on
the outdoor day 2 sequence of MVSEC are reported in Ta-
ble 2 as mean Average Precision (mAP) [6]. When com-
paring approaches that train on unpaired data, our approach
achieves the highest performance, outperforming the next
best method, [32] by 26% in terms of mAP. We credit this
result to the fact that, while E2VID is only concerned with
event-to-image translation, our method explicitly optimizes
for the task objective, thus generating more task optimized
representations, which lead to better task performance. The
low performance of the object detector trained using ESIM
can be explained by the large domain gap between the gen-
erated and real events. As reported in [51], the synthetic
data from ESIM was generated with a uniform planar mo-
tion, which differs greatly from driving sequence motions.

We also compare our method against paired ap-
proaches [51, 20] even though the training setting is dif-
ferent. Both methods use the grayscale images and the
corresponding events of the outdoor day 2 sequence during
training. Nevertheless, our method outperforms EventGAN
by a significant margin (0.24 mAP). Compared to Event-
GAN, which generates labeled events from two frames, we
focus on the specific task transfer from images to events. By
splitting the embedding space into shared and event-specific
motion features, we can leverage the labeled images to ex-
tract task-specific knowledge in the shared space. There-
fore, the task network can focus on task-specific features.
Moreover, the significant improvement can be attributed to
the combination of our novel flow module (an improvement
from 0.26 to 0.48) and our flow augmentation approach (an
improvement from 0.48 ”Ours w/o augm” to 0.54 ”Ours”).
Without these modules, our method achieves similar per-
formance to EventGAN. As our method combines prior
sensor knowledge with adversarial training, we can gen-
erate a more realistic event distribution and thus have an
advantage at transferring the object detection task from im-
ages to events. In the case of YOLOv3GN, a pre-trained
Yolov3 network was adapted directly to frames from the
outdoor day 2 with the corresponding events to align the
embedding space with paired data. The same sequence is
then used as a test set. Thus, a fair comparison is difficult
since the reported test score is likely to overestimate the
true test score. By contrast, while our method has a 16%
lower performance, it is important to note that our method
does not have access to labels in the target domain and thus
solely relies on unpaired images and labels from a vastly
different domain. The method in [20] on the other hand, is
limited in its task transfer capability since it assumes paired
(i.e. per pixel aligned and synchronized data) to work.

Figure 6. Our task transfer framework enables to transfer from
daylight images to events recorded during the night. The images
show two scenes from the MVSEC night sequence recorded on a
motorbike. The top row shows the VI-sensor images, which are
underexposed (left) and suffer from motion blur (right). In con-
trast, the event histograms (bottom row) include much more details
than the images. The prediction of our transferred object detection
network is depicted in magenta. The red arrow on the bottom right
event histogram indicates the only three false predictions, which
lay on top of just one car.

Daylight Images to Night-Time Events With our trans-
fer framework, we can fully exploit the benefits of event
cameras as we are no longer dependent on high-quality im-
ages in the same scenario for labeling. To demonstrate this
ability, we use the relatively high-quality images from the
Waymo Open Dataset to transfer the task of car detection to
events recorded during the night, where standard cameras
are underexposed. We visualize our detector in this scenario
on MVSEC [52] (Fig. 6). Standard frames recorded with
a VI-Sensor [29] (top row) are underexposed and blurry,
while event data has a higher dynamic range and does not
suffer from motion blur. Our method detects all cars present
in the event stream (orange boxes), only making a single
mistake by misidentifying a cluster of cars (red arrow). Cru-
cially, this method was entirely trained with labeled im-
ages in daylight scenarios, without ever seeing a label in
the dark. This example highlights the enormous potential
of the method for transferring task knowledge to challeng-
ing night-time scenarios. The robustness of our approach
can also be verified in the supplementary video.

5. Conclusion
Learning for event-based vision has been held back

by the scarcity of training data. In contrast, image or
video-based methods have tremendously improved in per-
formance due to the availability of large-scale datasets.
This work proposes a framework to address this problem
by leveraging large-scale image datasets with unsupervised
domain adaptation. To achieve this, our method transfers
task-specific knowledge from frame-based datasets to the
event-based domain without the need for paired sensor data.
Therefore, this framework allows models to be trained di-
rectly with labeled images and unlabeled event data. This



unlocks the potential to use any frame-based dataset to train
an event-based network. By large-scale datasets like the
extended N-Caltech101 dataset [13] or the Waymo Open
Dataset [41], we outperform state-of-the-art method for
classification by 2.7% and object detection by 26% mAP,
in the UDA setting.
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Supplementary

A1 Losses
In the following, we give a detailed explanation of the

losses applied in our proposed framework.

A1.1 Adversarial Losses

Latent Space Loss
To ensure that the task branch T can seamlessly trans-

fer between events and frames, we enforce its input, i.e.,
both latent representation zimg and zevent, to lay on one
manifold. This is done by applying adversarial training
[16] with a discriminator network Dislat. The adversarial
training aligns the distribution of zimg = Eimg(yimg) and
zevent = Eevent(yevent). Similar to [51], a hinge adversarial
loss [43] is adopted.

Llat.,disc. =Eyimg [max(0, 1−Dislat(zimg))]

+ Eyevent [max(0, 1 +Dislat(zevent))]

Llat.,gen. =Ezimg [Dislat(zimg)]− Eyevent [Dislat(zevent)].

(9)

Image-to-event Translation Loss
As an additional constraint, we force the latent repre-

sentations ζevent, zimg to carry sufficient information, such
that they can be decoded into an artificial event-frame. To
do this, we combine the event-specific features ζevent from
a random event representation yevent and the content fea-
tures zimg from an image yimg to generate artificial events
ŷevent = Rref(Dflow(zimg, ζevent)) using a pseudo-flow de-
coder Dflow and a refinement net Rref. These events share
the image content but contain the event-specific features,
e.g., motion distribution, of the reference events yevent.
The following adversarial loss is applied on the image-to-
event reconstruction ŷevent. Similar to the embedding space
alignment, a PatchGAN [22] discriminator and the hinge
loss [43] is adopted for the sensor translation.

Lrecons.,disc. =Eŷevent [max(0, 1−Disevent(ŷevent))]

Eyevent [max(0, 1 +Disevent(yevent))]

Lrecons.,gen. =Eŷevent [Disevent(ŷevent)]

(10)

A1.2 Translation Consistency

By translating from single images to events, we can for-
mulate consistency losses on the latent variables zimg and
ζevent as summarized below:

Lcycle = |zimg − Eevent(Rref(Dflow(zimg, ζevent)))|1
+ |ζevent − Eevent, attr(Rref(Dflow(zimg, ζevent)))|1

(11)

A1.3 Flow Augmentation Loss

As shown in Figure 4 in the manuscript, we augment the
flow by combining the augmented, event-specific features
ζaug

event with the shared features zref
img from the reference frame

yref
img. The resulting event representation should be identical

to the events generated by the augmented flow. By enforc-
ing this identity, the network can only store the augmented
flow information in the event-specific features ζaug

event since
the shared features are constant.

Laugm = |Eevent, attr(y
aug
event)

− Eevent, attr(Rref(Dflow(zref
img, ζ

aug
event)))|1

(12)

A1.4 Flow Smoothness

As common in the literature, we add a smoothness loss
Lsmooth to further constrain the pseudo-flow prediction. The
smoothness loss consists of the Charbonnier loss func-
tion [40] applied to the difference of a flow vector with its
eight neighboring flow vectors (including diagonal neigh-
bors):

Lsmooth =
∑
x

∑
y∈N (x)

ρ(vx − vy) (13)

Where x = (x, y) are image pixels, N (x) denotes the 8
neighbors of x and ρ(x) = (εα + xα)

1
α . We use α = 0.45

and ε = 0.001.

A1.5 Image Gradient Loss

To prevent mode collapse of the image-to-event gener-
ation, a gradient loss Lgrad is applied on the event recon-
structions. This loss penalizes areas that have few events
and high image gradient as events are generated mainly by
image gradients. We enforce this constraint by introducing
the following loss:

Lgrad =
∑
(x,y)

max(0, 0.7−N(x,y))|∇I(x,y)| (14)



Where we sum over all pixels that have an image gradient
magnitude |∇I(x,y)| > 0.7. Here N(x,y) ∈ [0, 1] repre-
sents the normalized number of events per pixel, as pre-
dicted by the event generation module. Without this loss,
the event generation focuses too strongly on the noisy and
low-quality events present in the real event domain. This
noise prediction helps the generator fool the discriminator
since it can just predict noisy event frames that do not con-
tain any structural information. Due to these noisy event
frames, the task transfer performance degenerates. There-
fore, we mitigate this effect by introducing the proposed
image gradient loss.

A1.6 Task Loss

For the task loss Ltask, we use the standard cross-entropy
loss and the loss defined in Yolov3 [34] for classification
and object detection, respectively. As illustrated with Ltask
in Fig.3 in the manuscript, the task loss is applied twice,
once in the image domain and once in the translated event
domain.

A1.7 Training Procedure

The final loss is presented in Equation 15. As common
in adversarial training, we train the generator and discrimi-
nator in separate steps. The network parameters are updated
alternatingly by minimizing the following losses, whereby
we train the generator for one step after two discriminator
training steps.

LGen =Llat,gen. + Lrecons.,gen. + Lcycle

+ 2Laugm + Lgrad + Ltask
+ Lsmooth

LDis =Llat,disc. + Lrecons.,disc.

(15)

A2 Ablation
We ablated our proposed design choices with mul-

tiple experiments for the task of classification on N-
Caltech101 [30] as well as for the task of object detection
on MVSEC [50].

A2.1 Classification

The experiments conducted on N-Caltech101 underline
the improved performance of our proposed transfer frame-
work compared to standard Unsupervised Domain Adapta-
tion (UDA) methods, as reported in Table 3.

In a first experiment, we have adapted our network to
a simple cycle GAN framework [53], in which we predict
events and grayscale images directly from a shared feature
space (Simple cycle). The significantly lower performance
of 0.577 compared to 0.848 of our final approach verifies
the need of considering prior sensor knowledge and the fea-
ture space split into a shared embedding space and an event-
specific space for motion information.

Method UDA Accuracy ↑
Simple cycle 4 0.577
Ours transl 4 0.832
Ours w/o ref 4 0.592
Ours w/o flow 4 0.848
Ours 4 0.848
Ours supervised 7 0.839

Table 3. Ablation for the classification task on the N-Caltech101
dataset.

Method Unpaired mAP ↑
Ours w/o flow 4 0.26
Ours w/o split 4 0.41
Ours w/o augm 4 0.48
Ours 4 0.54

Table 4. Ablation for the object detecion task on the MVSEC
dataset.

In a second experiment, we use our final network to
solely translate from grayscale images to events (Ours
transl). This way, we generate a labeled event dataset on
which a task network can be trained. The performance of
0.832 verifies the accurate single image-to-event translation
of our final network. However, the lower performance com-
pared to our final task transfer network confirms that the
task network benefits from simultaneously learning on im-
ages and events to detect the most relevant task features. A
similar conclusion was also drawn in [36], where the au-
thors achieved an increased task performance by learning
with paired images and optical flow frames.

For the validation of our refinement network, we re-
port the classification accuracy achieved without adding the
residual event representation to the events constructed based
on the flow and image gradients (Ours w/o ref). As ex-
pected, the performance suffers a substantial drop compared
to the final network, which shows the importance of the re-
finement network. Due to the simple planar motion distri-
bution, the event generation based on pseudo flow achieves
the same performance as a direct prediction of the event rep-
resentation (Ours w/o flow).

The benefits of the event generation based on the gen-
erative event model for more complex motions are shown
in the experiments conducted on MVSEC. Finally, as re-
ported in the manuscript in Section M4.1, our transferred
network achieves higher performance than the same archi-
tecture trained with ground truth labels. This can be ex-
plained mainly for two reasons. First, our UDA method al-
lows us to include additional labeled image data to help train
the event classification network. Second, the simultaneous
learning in the event and image representation increases the
overall task performance.

A2.2 Object Detection

The ablation experiments for the task of objection de-
tection on MVSEC strongly confirm our proposed network



modules. The first experiment (Ours w/o flow) shows that
the image-to-event translation without the generative event
model decreases the task transfer by a large margin. The
direct event representation prediction without the pseudo-
flow estimation is not able to capture the complex motion
distribution of a driving car sequence. The second exper-
iment (Ours w/o split) verifies the benefits of splitting the
feature space into sensor shared and event-specific features.
Without the embedding space split, the performance suffers
a significant mAP drop from 0.54 to 0.41 In the third ex-
periment (Ours w/o augm), we validate the introduced flow
augmentations, which help to split the embedding space
into shared and event-specific features. The flow augmenta-
tions improve the detection score by 0.06 mAP. In conclu-
sion, each of our proposed network modules substantially
improves the object detection performance.
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