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Abstract. Event vision exploration holds signi cant achievements in
various vision tasks, such as object recognition, action recognition, etc.
However, improving the model's robustness against over tting remains
a critical challenge. To address this, we propose augmenting event data
from the noise rather than applying xed data transformations. Speci -
cally, we rst decouple the quadruplet event data across spatial, tempo-
ral, and polarity dimensions to construct a representation, breaking ex-
isting frame-tied manners. Then, an event di usion decoder is integrated
with a condition extractor to gradually optimize the noise to the event
data (N2E). The condition extractor aims to yield guidance vectors from
the original data, which are fed into each optimization step of the dif-
fusion process. During data augmentation, we can directly generate new
event streams by adjusting the noise, di usion parameters (e.g., hum-
ber of steps or noise intensity), or conditioning vectors, thereby boosting
the performance of downstream event vision models. Extensive experi-
ments on two downstream tasks among ve event vision models demon-
strate that N2E achieves greater improvements than existing augmenta-
tion baselines. Code is available at https://github.com/rfww/n2e.

Keywords: Event data augmentation « Event data generation  Denois-
ing di usion

1 Introduction

Event cameras are bio-inspired vision sensors that capture a scene by only detect-
ing changes in light intensity |5]. Such a special mechanism leads to event data’s
sparse nature, showing great advantages in various vision tasks [13,29|34,53,55].
Despite the great achievements in these elds, studying event-based data aug-
mentation methods [12] 38} 43] to address the potential over tting is underex-
plored compared to frame-based methods.
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Fig. 1. Visual examples and comparisons when augmenting a 1K-resolution event
data [24]. Our N2E generates controllable motion blur and background noise of
varying intensity. In contrast, existing methods either provide only limited diversity
(DataAug [9]: coordinate translation), destroy temporal continuity (EventDrop [12]:
random drop by area or time bins), introduce unbalanced label assignment (Event-
Mix [38]: mixing random events), or add unrealistic artifacts (ShapeAug [4]: simulated
event injection). Blue and red denote positive and negative event, respectively.

Inspired by image augmentation techniques|[49, 50], several studies have in-
troduced event-based version [6,12, 38, 43] to tackle this challenge. For example,
EventDrop [12] randomly discards a portion of events to enhance noise robust-
ness. EventMix [38] blends two event streams with a mask in spatiotemporal
space to render new data. However, these methods show sub-optimal perfor-
mance due to the corrupted temporal continuity (EventDrop [12]) and ambigu-
ous label assignment (EventMix [38]), as shown in Fig[]l. These issues stem
from the fundamentally di erent data structure of event data compared with
standard images.

As shown in Fig.@, an event is depicted as a quadruplet (x;y;t; p), where
(x;y) denote the spatial coordinates, t indicates the time stamp, and p represents
the polarity. The polarity p shows a binary nature ( 1), which indicates whether
the brightness increases or decreases. Due to this unique data structure, directly
masking a spatial region for augmentation inevitably a ects other dimensions,
thereby easily breaking temporal continuity, which is of great signi cance for
some event representation approaches |[9, 25]. Mixing-based solutions address
it by employing a 3D mask to guide the merging of two events in both the
spatial and temporal dimensions. However, setting the new label with the mask
size and event count leads to imbalanced distributions for the data with slow
motions (fewer events).

Therefore, a more feasible way is to generate new event data by consid-
ering its four dimensions simultaneously, thereby maintaining spatiotemporal
continuity. Importantly, the injected noise should remain label-independent to
prevent potentially unreasonable label assignments. To achieve this, we propose
a generation strategy to diversify the event data volume by leveraging the condi-
tional Denoising Di usion Implicit Model (DDIM) [42]. 'Such a model employs a
bidirectional noise optimization process to synthesize the target data, naturally
aligning with the concept of data augmentation [40]. Users can easily control
parameters of the di usion model to generate di erent data, thus e ectively en-
riching the event dataset. In this process, two key factors should be considered:
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1) The augmentation should be applied directly to the raw event data instead
of intermediate representations, ensuring exibility in adopting various event
representation methods for downstream tasks. 2) The generated data should
follow the same distribution as the original samples to prevent the introduction
of negative examples that could impair downstream models.

In this paper, we propose a new event data augmentation method that con-
verts noise to event data, named N2E. Firstly, we partition the event stream into
slices containing , consecutive events and represent a slice as a 4-channel 3D
tensor. This representation preserves all event dimensions concurrently, thereby
maintaining the temporal continuity. Subsequently, a condition extractor is em-
ployed to extract key messages from original events to guide a conditional DDIM
to denoise. Owing to the intrinsic randomness among events, directly using ran-
dom noise sampled from the Gaussian distribution to synthesize data during
the inference phase is challenging. Therefore, we learn from| [35] to reuse the
di usion model to estimate a random noise from the original event data as the
input to generate new samples. As for event data augmentation, we can eas-
ily regulate the data diversity by tuning parameters of the N2E, such as the
number of di usion steps, noise scalability, or conditional messages. N2E allows
targeted augmentation of those over tting-prone samples, thereby improving the
augmentation e ciency. Our main contributions are as follows:

We introduce N2E, a novel event data augmentation framework that aug-
ments event data from the noise, e ectively increasing data volume.

We present a new event representation approach, preserving all four dimen-
sions simultaneously without potential event loss.

Extensive experiments show that our N2E achieves competitive performance
in event-based object classi cation and action recognition.

2 Related work

2.1 Event vision

Event vision has emerged as a promising paradigm in computer vision, leveraging
neuromorphic sensors that asynchronously capture pixel-level brightness changes
rather than conventional frame-based imaging. This event-driven approach o ers
several distinctive advantages, including exceptional temporal resolution, high
dynamic range, minimal latency, and reduced power consumption| [37, 47, 57].
The growing availability of diverse event-based datasets [1, 10, 21, 26, 34,45] has
catalyzed research across multiple vision tasks. To bridge the gap between asyn-
chronous event streams and existing deep learning architectures, various repre-
sentation methods [9, 16, 45] have been developed to convert sparse event data
into dense formats compatible with standard neural networks. Recent work has
demonstrated the superiority of event cameras in challenging scenarios where
traditional RGB sensors struggle, particularly in low-light conditions and high-
speed motion capture |[33]. Building upon these foundations, the eld has wit-
nessed substantial progress across diverse applications, including semantic seg-
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mentation [44], pose estimation ([18], image restoration tasks such as deblur-
ring [19,23/52] and denoising [8], optical ow estimation |[30, 39, 56], and object
recognition |22|57]. Yet, realizing the full potential of event-based vision models
hinges on mitigating over tting arising from data scarcity, underscoring the need
for e ective event data augmentation.

2.2 Event data augmentation

The augmentation of event data presents unique challenges due to its asyn-
chronous, sparse nature and inherent spatiotemporal structure. Early e orts like
EventDrop [12] introduced stochastic event removal to enhance model gener-
alization, while NDA [28] systematically investigated the applicability of con-
ventional image augmentation techniques to event streams. More recent works
have explored region-based strategies, including EventMix [38] which performs
Gaussian-sampled region replacement between samples, and EventRFG [43] which
leverages class activation mapping and saliency detection to guide region crop-
ping. Other notable approaches include ShapeAug| [4], which augments data
by translating geometric primitives across the sensor plane, EventAugment [11],
which automatically searches for optimal augmentation combinations, and Event-
Zoom |€], which introduces temporal progressive scaling and shifting to preserve
spatiotemporal coherence. Despite these advances, existing methods predomi-
nantly operate on individual event attributes in isolation, manipulating spatial
coordinates, time stamps, or polarities independently. This overlooks the fun-
damental interdependence among these dimensions and potentially disrupts the
intrinsic spatiotemporal continuity that characterizes event data. Thus, we pro-
pose a dimension-decoupled representation that preserves such an interdepen-
dence and is coupled with a generation model for event augmentation.

2.3 Diusion models

Di usion models [15,42] have demonstrated outstanding performance in various
elds. Such models sample stochastic noise from a Gaussian distribution and
recover the target data by a series of iterative denoising steps. In detail, the
di usion process (forward) gradually adds noise to data, while eliminating the
noise by a sequence of transitional steps during the reverse process. The entire
process in transitional steps ( 2 [0; N]) can be formulated as:

. p—
ax jx 1 )=Nx ;1 xgq1; )
PO 1 ix )=NX 1; (x;) 2
denotes the variance schedule, a positive constant that governs the noise mag-
nitude in the di usion process. The reverse (denoising) process aims to predict
the posterior mean (x ; ) by a learned neural network. Generally, 2 is a

time-dependent constant. In Denoising Di usion Implicit Model (DDIM) [42],
the denoised datax ; can be computed from the noisy datax with:

p
_P

@)

X1 = 1 X—pli7+pl 1 2+ ; (2)
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where is a forward pass of the di usion model, which takesx and the cur-
rent timestep as input, and xo =f( (x ; ); ) is an estimation of the fully
denoised data which is computed from the output of the di usion model and the
current timestep. These generative capabilities have been successfully applied to
image synthesis|[Z, 3, 36], video generation [L7], 3D content creation [54], image
restoration [27,48], and image editing [[20]. However, absorbing insights from
such probabilistic models to generate asynchronous event data is challenging.

3 Methodology

3.1 Preliminary

Event cameras asynchronously detect per-pixel logarithmic brightness changes
with microsecond-level resolution to produce sparse event data, which is formally
de ned as:

E=fe kghty = f(X ki Ykt POy €)

where (Xx;Yx) are pixel coordinates, i is the time stamp, and p 2 f+1; 1g is
the polarity (ON/OFF). An event e ¢ res when:

log L(Xk;Yk;tk) logL(X «;Yk;tk t) > 4)

with px = +1 if the change is positive, else 1.  denotes a temporal bin.
The raw event data is stored as a highly sparse quadruplet with: coordinates
(x;y), time stamp (t), and polarity (p). This unique characteristic leads to key
bene ts include ultra-low time latency and high e ciency. To be compatible with
standard deep vision models, the quadruplet is transformed into dense frame-
like representations, such as Event Frame| [31], Time Surface [25], Event Spike
Tensor [9], etc. The representation can be formulated as:

N
R(x;y;c) = - s(X X Yy Y iltte) f(pw); (5)
where R2 R"WC  denote the output representation, s()and () represent
the spatial and temporal kernel functions respectively, f() indicates the polarity
mapping function. H and W are the height and width of the representation.
c2fl; ;Cgis the index of the output channel. This representation is a lossy
transformation, where events sharing the same coordinates will be merged or
discarded. Such a compromise may not impair downstream tasks like object
recognition. However, in event data augmentation, it degrades dense temporal
details, thereby widening the domain gap between original and generated data.
Therefore, employing existing representations for event generation is infeasible.

3.2 Event generation from noise

Overview. The overall pipeline of our N2E is shown in Fig. 2] The frame-
work takes the original event stream as input and outputs a new generated one.
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Fig. 2: Overview of N2E. (a) During training phase: Original event data undergoes
event slicing, reshaping, and normalization to produce condition c. Then, such a con-
dition is to guide the denoising process for learning a event-to-event di usion model.
(b) During inference: We sample Gaussian noise E using the di usion model’s reverse
process and combine it with the condition c to generate augmented event data. Various
event data can be generated with di erent di usion parameters and condition vectors.

Speci cally, we implement a conditional DDIM event decoder p(E; | E ;c¢)
that learns the reverse di usion process over the event tensor. In practice, this
means the decoder progressively denoises the intermediate event variable
produce E; at each step, guided by the condition c. Here ¢ denotes the con-
dition information extracted from the input event stream Eg. This conditional
input is designed to capture the key context of the original event sequence and
use it to steer the noise estimation. Such conditioning not only helps the decoder
generate event streams that are consistent with the input's semantics, but also
provides a direct handle for data augmentation: by modifying the condition c,
we can produce diverse, yet contextually valid, variations of the event stream.
To generate new event data, rst, we convert the asynchronous event data into
an event stack; second, we feed this stack into the DDIM decoder to estimate the
noise & ; third, integrating such stochastic noise with the condition ¢ renders
new event data with di erent number of di usion steps, conditions, etc.

Event representation. To enable the event data be compatible with di usion
models, we present a dimension-decoupling transformation strategy. We rst
perform slicing along the four dimensions using a prede ned event length |
to extract the sub-event. The resulting 4D sub-event is partitioned according to
each dimension and then reshaped into a compact 2D tensor with the shape of
h w in each dimension as:

E=R(E; ) (6)

where E 2 R*4hw in subjectto n =bN= ,c. R() denotes the representation
function with channel normalization. This transformation e ectively represents a
series of quadruplets into an image-like representation that retains both sparsity
and precise temporal dynamics. Meanwhile, the transformation only mentions
event slicing, reshaping, and normalization, thereby ensuring e ciency. After
representing the event into a regular pattern, we employ a probabilistic model
to optimize the inherent noise contained in the event data.
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Event decoder is a conditional DDIM that models the reverse-di usion step
as a Gaussian whose mean is predicted by a neural network conditioned on c.
Concretely, for each timestep we de ne:

P(E1 JE;C)=NE 1; (E;c ) I 7
where =1 is the variance at step , and the mearb is given by the
usual DDIM reparameterization. In particular, letting = "o i, We set

1
(E;c; )= p=— E pl—(E;c;): (8)

The (E;c; ) denotes the noise predicted by the neural network (a UNet),
which is explicitly conditioned on c. To extract condition ¢, a deep condition
extractor (f ¢()) is implemented with residual convolution blocks and attention
modules, where ¢ = f;(E). The condition c is designed to steer the event decoder
to denoise, thereby providing a key for data personalization.

For training our event decoder and condition extractor, the loss function is:

X h [
L= BEg; ai O izt 2 O ins )

=1
where ; 2 R4hw N@©;I),E = pro + P 1 , T denotes the number
of di usion steps, and indicates the balanced parameter.
Event data augmentation. Generally, the trained DDIM has great generation
ability to render diverse patterns from random Gaussian noise. However, for
event data, it shows a very random characteristic. Thus, the trained decoder is
hard to directly generate a satisfactory event stream from the random Gaussian
noise. To this end, we learn from|[35] that employs the DDIM to transfer an
event data into a stochastic noise E via the backward process:

Eu =Pt Eic)* "1 EiG) (10)
where f is the denoising function: f (E ;c; ) = l:pf(E pli (E ;c; ).
Based on this process, we can generate a sample-speci ¢ random noise and then
incorporate with the condition ¢ to decode new event data with Eq.[7, as shown
in Fig. E](b). For event data generation, i.e., event data augmentation, we can
slightly perturb the stochastic noise or modify the decoder’s parameters to di-
versify the outputs (E) as:

8
2 Generate( + s;c;T ! 0); # stochastic noise
E = _ Generate(; c;T 10); # di usion step (12)
" Generate(E;c+ ;T !0); # condition noise
where Generate() denotes the generative process of our event decodef, in-

dicates the modi ed number of di usion steps, s and . represent the random
noise corresponding to the sampled noisetEand our condition c, respectively.
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Fig. 3: Original and N2E-augmented event data. N2E generates new event data from
noise through three operations: adjusting denoising steps (N2Esep ), perturbing the
sampled Gaussian noise (N2E:noise ), add adding condition noise (N2E cnoise ). Blue
and red points denote the positive and negative events, respectively.

Based on Eq[T], we can minimize the di usion steps to generate event samples
with more background noise; perturb the condition ¢ to populate event details;
or add noise to the & to blur the object edges, etc.

Visualization illustration of Eq. {I]is shown in Fig. B] Compared to the orig-
inal event data, the augmented samples demonstrate substantial diversity while
preserving the integrity of the main targets. N2Ege, renders the new event
data by varying the number of denoising steps in the event decoder. N2&,gise
produces samples by perturbing the sampled stochastic noise through random
erasure or addition of additional noise components. N2Enqse Creates the aug-
mented data by polluting the extracted condition messages. These three opera-
tions enable N2E to synthesize diverse event data from noise, thereby e ectively
alleviating the over tting issue.

3.3 Implementation details

For N2E, we set the number of diusion iteration (T) as 1000 and train the
di usion model with 1000 epochs. Adam optimizer is employed with the learning
rate of 1e* . |, is set to 4096 for event slicing. The batch size is set to 64.
For event data augmentation, we set the T 2 [50;200] since the larger T, the
less noise. The scaling factorsg and . are 0:1. 30% of the training data are
randomly sampled to generate the augmented version. For downstream event
vision models, we train each model with the same learning rate and optimizer
employed in N2E. The batch size and epoch number of these models are set to
16 and 30, respectively. Note that the parameters of each event representation
are directly copied from their o cial implementations. All models are trained
and evaluated on a single NVIDIA A100 GPU.

4 Experiment

4.1 Setup

Dataset. We evaluate our method on two widely used event-based datasets
across di erent tasks. For object classi cation, we employ N-Caltech101 ([34],
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Fig. 4: Qualitative results on N-Caltech101 dataset [34]. N2E step , N2Esnoise , and
N2Ecnoise denote the augmented samples by modifying diusion steps, perturbing
stochastic noise, and adding condition noise, respectively.

which contains 8,246 samples across 101 object categories. For action recognition,
we use DVS-Gesture|[1], such a dataset comprising 1,342 instances across 11
hand-gesture classes performed by 29 subjects under various lighting conditions.

Table 1: Classi cation accuracy on N-Caltech101 [34] dataset. Best results on each
representation are bolded. All results are reported in percentage (%).

\ Event Frame [31] \ Time Surface [25] \ Voxel Grid [56] | Event Spike Tensor [9)
|[RN18 RN50 VGG VIiT Swin |[RN18 RN50 VGG ViT Swin |RN18 RN50 VGG ViT Swin [RN18 RN50 VGG ViT Swin

Original 73.7 79.1 64.4 46.2 88.1754 818 66.0 38.8 88.779.7 858 812 42.0 91.381.5 854 72.7 46.7 875
DataAug 824 83.6 71.1 553 88.384.3 84.1 744 474 89.585.6 884 816 61.7 91.486.8 86.4 814 59.4 889
EventDrop | 79.3 81.6 629 48.3 86.482.6 83.9 74.1 429 89.786.6 87.2 81.1 465 919852 86.8 78.8 54.9 90.5
EventMix 53.0 76.7 72.8 37.3 86.580.2 789 74.6 43.9 91.383.2 855 812 46.4 92.082.8 83.8 79.8 54.8 74.0
ShapeAug | 79.1 80.6 64.8 44.6 86.180.5 81.2 36.3 38.1 85.384.0 87.0 76.3 36.9 88.781.5 85.6 69.9 48.3 89.2
N2E (Ours) | 83.1 90.6 74.9 56.1 90.1 |88.0 87.7 78.5 50.294.3 |87.8 90.5 85.2 50.0 94.9 |86.5 87.8 82.2 63.0 91.2

Baseline. We compare against four representative augmentation methods: 1)
DataAug [9], which applies conventional data augmentation techniques (e.g., ro-
tation, ipping) to event data; 2) EventDrop [12], which stochastically removes
events in spatial or temporal dimensions to improve robustness; 3) EventMix [38],
which mixes di erent event streams via a spatiotemporal mask to generate new
samples; and 4) ShapeAug |4], which augments event data by translating geo-
metric shapes across the spatial domain.

Metrics. We evaluate all methods using top-1 accuracy on both datasets. To en-
sure comprehensive evaluation, we conduct experiments with ve popular deep
learning architectures (ResNet18 (RN18) [14], ResNet50 (RN50) [14], VGG16
(VGG) [41), VIT [7], Swin [32]) combined with four widely-adopted event repre-
sentations (Event Frame [31], Time Surface [25], Voxel Grid|[56], and Event Spike
Tensor [€]). The mean accuracy across all network-representation con gurations
is reported for each augmentation method.
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Fig.5: Qualitative comparisons of dierent methods on DVS-Gesture dataset [1].
N2Estep , N2Es:noise , and N2Ecnoise denote the augmented samples by modifying dif-
fusion steps, adding stochastic noise, and adding condition noise, respectively. - and
+ denote the smaller and larger di usion step numbers, respectively.

4.2 Object classi cation

Qualitative comparison. Fig. 4 pfésents a qualitative comparison among rep-
resentative event data augmentation methods, highlighting the signi cant di er-
ences in diversity of generated event streams. DataAug [9] mainly employ the
traditional data translation (e.g., translations, rotations) to diversify the spa-
tial dimensions. As shown in the 2nd column of Fig[4#, the generated samples
of DataAug [9] remain nearly identical to the original ones, leading to limited
diversity. EventDrop [12] randomly removes a subset of events, partially simu-
lates missing-event scenarios. However, this operation destroys temporal conti-
nuity, resulting in corrupted representations that can impair the convergence of
downstream models. EventMix [38] combines two event streams by a 3D mask,
thereby increasing variation in spatiotemporal patterns. While this strategy en-
hances diversity, the visualizations reveal excessive overlap, yielding unrealistic
and ambiguous patterns that deviate from physical capture, as shown in the
4th column. ShapeAug [[4] introduces simulated event data at the object level to
augment the event data, showing limited diversity.

By modeling the distribution of event data, N2E generates coherent event
streams with diverse background noise and blurry objects. The examples shown
in the last three columns of Fig.[4 are generated with di erent di usion con gu-
rations, such as various di usion steps, perturbed stochastic noise and condition
noise. These examples indicate that di usion-based augmentation o ers a more
principled mechanism for generating diverse yet physically valid event data. Un-
like transformation- or rule-based methods that perturb existing samples, N2E
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Table 2: Action recognition performance on DVS-Gesture [1] dataset. Best results on
each representation are bolded. All results are reported in percentage (%).

\ Event Frame [31] \ Time Surface [25] \ Voxel Grid [56] |  Event Spike Tensor [9]

‘RNlS RN50 VGG VIiT Swin ‘RNlB RN50 VGG VIiT Swin ‘RNlB RN50 VGG VIiT Swin ‘RNlB RN50 VGG VIiT Swin
Original 778 84.0 77.4 625 583743 69.8 69.8 47.6 64.687.5 89.9 81.6 63.9 74.386.1 885 826 77.4 785
DataAug 854 85.8 86.8 73.3 62.9 80.6 83.3 79.9 53.1 69.893.8 94.4 84.4 82.3 87.589.6 90.3 81.6 84.0 78.8
EventDrop | 83.7 84.0 81.9 70.1 72. 92.0 92.7 89.2 80.2 16.787.2 69.1 83.0 80.9 82.3

EventMix 840 816 851 653 50.771.2 674 77.4 37.5 61.187.9 90.3 87.9 81.6 79.286.5 875 851 77.1 83.3

ShapeAug | 77.8 83.3 785 63.5 61.872.2 733 757 44.4 66.789.9 920 854 594 71.987.5 88.9 77.1 69.4 78.1

N2E (Ours) | 85.1 88.5 88.2 77.8 73.3 |82.6 86.1 80.6 55.9 70.1 |97.6 96.2 91.7 83.7 93.4 | 89.2 91.0 85.8 89.6 84.7
indicates training failed to converge with NaN loss.

learns to reconstruct plausible event distributions directly from data. This en-
ables it to improve both the delity and variability of augmented events.

Quantitative comparison. Table 1 pfgsents the classi cation accuracy of ve

deep models among four event representations on the N-Caltech101 [34] dataset.
Four event data augmentation baselines are employed. Our N2E achieves a com-
petitive performance across di erent network architectures. Compared to origi-
nal results (without augmentation), N2E brings substantial improvements, with
gains ranging from 2% to over 11%. DataAug|[9] raises the accuracy by about
5 7%. EventDrop [12] o ers moderate gains on ResNets [14] but degrades ViT [7]
and VGG [41] results. EventMix [38] shows inconsistent improvements due to the
ambiguous label assignment, such as improving the accuracy of VGG [41] net-
work from 64.4% to 72.8% while dropping the accuracy of the ResNet18 [14] from
73.7% to 53.0% among the Event Frame [31]. ShapeAug|[4] performs compara-
bly to the baseline, delivering minimal gains except on select models. Notably,
the Swin Transformer [32] with N2E reaches 94.9% using the Voxel Grid| [56]
and 94.3% with the Time Surface |[25], both the highest accuracies among all
combinations. Overall, N2E demonstrates the high e ectiveness across diverse
architectures and event representations on the classi cation task.

4.3 Action recognition

Qualitative comparison. The visualization results in Fig. 5 grbvide a com-
prehensive qualitative comparison of various event data augmentation methods
on the DVS-Gesture [1] dataset. The DataAug [9] and EventDrop [12] methods
exhibit moderate visual quality but also expose key limitations inherent to tradi-
tional augmentation schemes. EventDrop|[12] su ers from excessive sparsity due
to random event removal, leading to incomplete gesture representations. These
issues suggest that such methods can introduce unrealistic variations that may
harm downstream network generalization when overapplied. EventMix|[38] and
ShapeAug ([4] attempt to synthesize new samples through introducing new event
streams. EventMix [38] yields plausible structures but sometimes generates un-
natural overlaps. By contrast, the proposed N2E generates new event data with
noticeable blurry and background noise. The generated samples mainly repro-
duce the spatial distribution and temporal dynamics of real events, maintaining
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Fig. 6: Denoising ability of N2E with di erent di usion steps.

coherent gesture outlines and realistic event densities. By doing so, users can
generate various gesture event data with blurry and background noise.

Quantitative comparison. In Table 2, & evaluate action recognition accu-

racy of ve deep models on the DVS-Gesture| [1] dataset with and without event
augmentation baselines. Among four comparison methods, our N2E achieves
the highest top-1 accuracy on almost all cases. DataAug [9] shows relatively
stable improvement for di erent downstream models among four event repre-
sentations. For example, the accuracies of ResNetl18 under the event frame and
event spike tensor are improved from 77.8% to 85.4%, and 86.1% to 89.6%,
respectively. EventDrop [12] randomly drops events to augment new data but
shows failures on Time Surface [25], resulting in poor model convergence (NaN
loss). EventMix [38], mixing event streams with interpolated labels, o ers mod-
est improvements for voxel grid and spike tensor representations. ShapeAug|[4],
introducing synthetic occlusions, achieves minor gains than original training.
Only a 0.4% improvement is achieved for ResNet50 when employing ShapeAug
under the event spike tensor representation. Totally, N2E outperforms four com-
parison baselines on almost all cases, delivering the largest gains. The accuracies
of VIT and Swin under the voxel grid are improved from 63.9% and 74.3% to
83.7% and 93.4%, respectively. Our N2E demonstrates superior adaptability to
di erent downstream models and various event representations.

4.4 Discussion

Denoising ability of N2E. Fig. 6 il[Ustrates the progressive denoising per-
formance of N2E as the number of di usion steps increases from 1 to 200. At
step = 1, the generated frame is nearly blank, indicating that the model starts
from a noise-dominant distribution without meaningful structure. At step =

2 s 5, random sparse activations begin to appear, but the event pattern remains
highly stochastic and lacks coherent object contours. By step = 10, the under-
lying geometric structure of the target object begins to emerge, suggesting that
the di usion model has begun to recover salient spatial correlations from the
noise. At step = 20, the object edges become markedly clearer, and the event
polarity (indicated by red and blue points) aligns with the object’s actual spa-
tiotemporal gradient, re ecting e ective denoising. With further increments to
step = 50; 100; 200, ne-grained structural details continue to re ne, while back-
ground noise is substantially reduced. The event patterns become dense and
consistent with a plausible event frame, implying convergence of the generative
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Fig. 7: Visual comparison of di erent event data augmentation methods on MVSEC
dataset [55]. For event frame, Blue and red points denote the positive and negative
event data, respectively. Notably, our N2E shows high ow consistency with the original
data that e ectively demonstrates reconstruction ability, leading a solid foundation for
following in-distribution data generation.

process. From this observation, we can draw the conclusion that N2E gradually
reconstructs meaningful event distributions as the di usion process proceeds.
The network learns how to reverse the noise corruption and recover the event
data. Consequently, tuning the number of di usion steps provides a controllable
trade-o : fewer steps generate more stochastic and noisy data for augmentation,
while more steps yield high- delity reconstructions.

Fidelity of N2E. To generate in-distribution event data, we must ensure that
N2E accurately captures spatial, temporal, and polarity characteristics of our
target data. Evaluating the optical ow amps of generated data provides an
e ective validation approach, which is because the ow information indicates
the speci c motion process between two consecutive events. Thus, we illustrate
event frames, warped events, and optical ow maps in Fig[}.

The event frames are shown in the 1st row of Fig[]7, which visualize spatial-
temporal event distributions with polarity information (blue and red points).
N2E generates event frames nearly indistinguishable from ground truth, main-
taining natural event density and polarity distribution. In contrast, EventDrop
exhibits visible sparsity due to intentionally dropping events by random time
stamps. EventMix randomly mix two events with a mask that displays prob-
lematic artifacts. ShapeAug introduces simulated events to diversify the original
event data, which may not re ect natural scene dynamics.

Optical Flow maps are depicted in the last row of Fig.[7, where color in-
dicates direction and intensity represents magnitude. N2E generates ow elds
that closely match ground truth in terms of color distribution and magnitude
patterns. DataAug [9] shows dierent ow patterns while adopting the simple
coordinate translation. EventDrop [12] maintains ow structure despite reduced
density, EventMix [38] produces severe ow artifacts with color inconsistencies,
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Table 3: Quantitative evaluation of di erent event augmentation methods on MVSEC
dataset [55]. N2E with T = 200 achieves superior data quality compared to existing
baselines, demonstrating its strong capability in modeling the original data distribution.

\DataAug EventDrop EventMix ShapeAug N2E

ePSNR"| 2.1627 2.1587 1.2190 2.1356 11.9747
RMSE# | 0.3694 0.3700 0.5704 0.3740 0.0040
LPIPS# | 0.6342 0.6156 0.6839 0.6355 0.1910

spatial discontinuities that break motion coherence. Although ShapeAud 4 in-
jects simulated event data that doesn’t a ect the original optical ows, the sim-
ulated object shows false ows due to the confused time stamps.

Overall, N2E demonstrates clear superiority through its physical consistency
across spatial, temporal, and polarity dimensions that can generate in-distribution
data indistinguishable from real events. The warped events (2nd row in Fig[]?)
also show that N2E achieves excellent motion compensation with clean warped
events comparable to ground truth. This validates the physical plausibility of
the generated data. And the quantitative results in Table [ demonstrate the
accurate generation ability of the N2E. To evaluate the di erence between the
original and augmented event data, we test the PSNR and root mean square
error at the event-level [51], denoted as ePSNR and RMSE, respectively. The
LPIPS is calculated on the event frame-level [[3[1]. In Table] B, N2E achieves
the best ePSNR (11.9747), RMSE (0.004), and LPIPS (0.191), which e ectively
demonstrates its ability in in-distribution data generation. Please refer to the
Supplementary Material for more details and ablation studies.

5 Conclusion

In this work, we present N2E, a di usion based event data augmentation frame-
work that generates diverse event data from the sampled noise. N2E integrates
an event decoder and a condition extractor to render the input event data with
various blurry and background noise. A dimension-decoupled event representa-
tion method is speci cally designed for N2E to model the event data distribution.
Extensive experiments on two downstream tasks among ve event vision models
demonstrate that N2E mitigates the over tting issue more e ectively than exist-
ing baselines. These results highlight the potential of generation-based strategies
for event data augmentation from the noise.

Limitation. N2E utilizes a di usion-based generative process to synthesize
event data via progressive denoising. As a result, its e ciency is lower than
that of mask- or mixing- based baselines because of the iterative denoising pro-
cedure. Re-running the reverse process of the event decoder to sample Gaussian
noise is another factor that degrades the e ciency. Therefore, we plan to improve
the e ciency through presenting the accelerated denoising procedure and a sim-
pli ed noise sampling strategy in the future, thereby enhancing the applicability
of N2E across various event-based vision tasks.
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In this supplementary material, we present a detailed discussion of N2E and
additional experiments. These experiments include qualitative evaluations of
three augmentation operations, analysis of cross-sample generation capabilities,
generalization performance on event object detection and large-scale datasets,
computational e ciency benchmarks, and comparisons with additional baselines.

1 About N2E

Currently, N2E synthesizes new event data by perturbing the sampled noise
and condition vectors, or modifying denoising steps. N2E fails to directly gen-
erate event data from the random Gaussian noise due to two factors. First,
the inherent sparsity and asynchronous nature of event data fundamentally dif-
fer from dense pixel-based RGB frames (see Fig[] 1), making it signi cantly
harder for diusion models to learn a robust data distribution from random
noise. Second, the scalability of the event datasets remains limited. The datasets
employed in the current event dataset contain only a few thousand samples,
which is much smaller than the datasets used to train state-of-the-art image
di usion models. This scarcity restricts the model’'s ability to fully capture the
rich, high-dimensional distribution of event data, leading to poor generalization
performance when generating events from pure noise. Thus, the hybrid dataset
training (i.e., enlarging the scalability of the event dataset) and novel event
representation strategies (i.e., minimizing the di erence between the event data
and RGB images) require deeper exploration in the future.

2 Additional experiments

2.1 Importance of augmentation operations

To generate new event data, we present employing three operations during the
inference stage, as described in Eg. 11. We evaluate the impact of each oper-
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mation Processing and National Engineering Research Center of Visual Technology,
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Fig. 1: Event frame and 4-channel representation of the event data. x, y, t, and p are
normalized to [0; 1], respectively.

ation on both event quality and downstream performance Table[]. ePSNR de-
notes the event—levelrpeak signal-to-noise ratio, which is calculated as: ePSNR =
10 log 10(max(E1))= (E: E »)2. E indicates the event data. RMSE is the root
mean square error between the original and generated event data. LPIPS and
ACC denote the learned perceptual image patch similarity and accuracy, respec-
tively. In Table E] varying the number of di usion steps (E1) introduces less
noise compared to the other two operations. Perturbing the sampled noise{E
(E2) results in lower event quality than adding noise to the condition ¢ (E3). Re-
garding downstream performance, modifying the number of di usion steps and
injecting condition noise yield better improvements than perturbing Er. This
is because [ releases more in uence for the content of the nal di used event
data. Randomly applying all three operations (E4) achieves the highest accuracy
of 0.9058, representing an improvement of 0.1146 over the baseline (EO).

Table 1: Ablation study about each operation on the downstream task: object classi-
cation. ResNet50 [6] is evaluated on the N-Caltech101 dataset [10] with the represen-
tation approach: Event Frame [9].

TE C‘ePSNR RMSE LPIPS ACC

EO 11.9747 0.0040 0.0190 0.7912
E13 9.4352 0.0130 0.2944 0.9031
E2 3 2.1217 0.3764 0.3717 0.8470
E3 3]2.2932 0.3478 0.2566 0.8962

E43 3 3 |5.9346 0.1851 0.2883 0.9058

2.2 E ectiveness on cross-sample generation

To generate new event data, we implement three operations, including adjust-
ing di usion steps, perturbing the sampled stochastic noise, and polluting the
condition vectors. For the latter two operations, we can draw noise from other
event sequences to explore cross-sample e ectiveness. Alternative solutions for
the last two operations are sampling noise from other event data. Fig[ ]2 illus-
trates the visualization examples under di erent pairings of the condition vector
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Fig. 2: Visualization of augmented event data. (a) and (b) show cleanly generated event
data for Sun ower and Joshua Tree, respectively. (c) is conditioned on Joshua Tree with
random noise sampled from Sun ower; (d) shows the converse. (e) is conditioned on
Sun ower with random noise generated from both Sun ower and Joshua tree (mixing
parameter: 1 and 0.05); (f) represents the converse.

and the sampled noise. Case (a) and (b) depict the event data generated by N2E
with condition vectors and sampled noise from Sun ower and Joshua tree itself,
respectively. Cross-pairing the Joshua Tree condition with the sampled noise of
Sun ower (c) produces an event that resembles the Sun ower pattern but with
blurred details; the reverse pairing (d) yields a Joshua Tree like structure with
reduced sharpness. When we blend the noise sampled from both sequences (with
mixing parameters) while keeping the original condition vectors (e, f), the gener-
ated data retain the expected global pattern while exhibiting richer background
events. Consequently, we can augment new event data by sourcing condition
vectors and stochastic noise from other samples rather than sampling them ran-
domly. Future work will explore additional augmentation strategies in N2E to
further diversify and enrich event datasets.

2.3 Generalizability on event-based object detection

We conduct an experiment on DSEC-Det |[3] with Yolov5 [11] to evaluate our
e ectiveness of our N2E. The popular object detection metrics: Precision (P),
Recall (R), and mAP, are employed. As shown in Table[]z, NZ2E e ectively im-
proves the P and mAP of the original detector (w/o N2E) from 0.68 and 0.30 to
0.85 and 0.33, respectively. Such a comparison demonstrates that N2E not only
bene ts the classi cation and recognition tasks, but also shows high generaliz-
ability for other event-based domains.

Table 2: N2E on DSEC-Det. Table 3: N2E on N-Imagenet.
| P R MAP5.05 |Accuracy

w/o N2E |0.68 0.48 0.30 w/o N2E| 47.0%

w/ N2E (0.850.43 0.33 w/ N2E | 48.0%

2.4 Inuence of dimension-decoupled event representation

Current representation methods mainly compress dense timestamps into xed
intervals. Thus, reconstructing raw data from such representations is challenging.
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Fig. 3: Visualization comparison of our dimension-decoupled representation and Event
Spike Tensor [2]. When our representation method is used during training, the aug-
mented data remains visually consistent with the original data even using other repre-
sentations (e.g., EST [2], EF [9]. In contrast, when EST [2] is employed during training,
the data represented through EF [9] exhibits substantial discrepancies from the original
data.

In contrast, our dimension-decoupled approach divides an event stream into mul-
tiple segments and then directly reshapes them into a 4-channel map according to
coordinate, time stamp and polarity, without information loss. Such a dimension-
decoupled representation method is speci cally designed for N2E to ensure the
temporal delity of augmented samples. We position this representation as an
enabling component of N2E for augmentation rather than a general event rep-
resentation for other tasks. Existing representation strategies (e.g., Event Spike
Tensor 2], Event Frame [9]) often compress dense timestamps, which hinders the
direct augmentation of raw data. To solve this, we propose a new representation
that directly introduces blurriness into the data while performing consistently for
various representations, as shown in FigﬂS. Training with EST (Rest ) produces
data that performs well in EST (left) but poorly in EF (right). Our method,
however, achieves high quality in both EST and EF representations.

2.5 E ciency evaluation

The runtime of each augmentor is shown in Tablg . DataAug|[2] shows the best
e ciency due to its simple operation (e.g., ipping). Among other comparison
baselines, EventMix [12] takes much time due to the 3D mask initialization and
label allocation. N2E takes almost 7.6s to augment an event data, which is mainly
caused by the highly computational step-by-step denoising process.

Table 4: Runtime evaluation.

\DataAug EventDrop EventMix ShapeAug N2E
Runtime\ 1.0 ms 3.6 ms 116ms 59ms 7.6s

2.6 E ectivenss on N-Imagenet

We evaluate our N2E on N-Imagenet and show results in Tabl¢]3. We sample
ten classes for this evaluation due to the training burden. As shown in Tablé¢ 3,
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Fig. 4: Visualization results of N2E on N-imagenet dataset [7].|(a) N2E produces high-
quality event data that aligns well with the original when the proportion of activated

background events is low. (b) Conversely, when background noise events constitute the
majority of the data, N2E cannot properly capture the target objects (i.e., hen).

Table 5: Results on N-Caltech101 under representations of Event Spike Tensor (EST)
[2] and Voxel Grid (VG) [14]

EventRPG NDA EventAugment N2E
EST VG |EST VG |EST VG EST VG

Acc |85.41 85.2183.56 83.5287.61  /  |87.83 90.52

our N2E can improve the original accuracy (Org.) from 47% to 48% (Aug.).
The improvement is limited because the original data in N-Imagenet contains
considerable noise, which hampers N2E to generate high-quality target objects,
as shown in Fig.[4. When background noise events are minimal, N2E generates
high-quality event data that closely matches the original (case (a)). However,
in case (b), when background noise dominates the data, N2E fails to accurately
model the target objects (i.e., hen).

2.7 Additional comparison baselines

In our main experiments, we employ DataAug (2], EventDrop [5], EventMix [12],
and ShapeAug ([1] as comparison baselines to demonstrate the e ectiveness of
our N2E. Apart from these four most popular augmentation methods, Even-
tRPG [13], NDA [8], and EventAugment [4] are tested in this section. Similar to
EventMix [12], EventRPG [L3] augments event data via the data mixture accord-
ing to a salience map. NDA [8] employs the geometric augmentations (i.e., xed
data transformation) from image elds to augment event data. EventAugment [4]

is an improved version of EventDrop [5], which employs an optimization method
to select detailed operations of EventDrop |[5] to augment event data. Quanti-
tative results of EventRPG [13], NDA [8], and EventAugment [4] are shown in
Table E The results for EventAugment [4] are taken directly from their paper, as
the code has not been released. Compared to EventRPG [13], N2E achieves im-
provements by 2:42% and 5:31% under representations of EST|[2] and VG [14],
respectively. Overall, our N2E achieves the best accuracy across both EST|[2]
and Voxel Grid (VG) [14], demonstrating its e ectiveness.
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