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Text prompt: The scene features a field with two ostriches walking around. One ostrich is positioned towards the left side of the field, while the other is located more 
towards the center The ostriches are walking in opposite directions, with one moving towards the right and the other moving towards the left. The field appears 

to be a mix of grass and dirt, providing a natural habitat for these birds.

Text prompt: The scene features a large shark swimming underwater in the ocean. The shark's mouth is open, and it appears to be looking up at the camera. The 
shark is  surrounded by a beautiful blue ocean, with a few fish visible in the water. The scene captures the majestic presence of the shark as it swims through the vast ocean.

Text prompt: The scene features a group of three fish swimming together in a net. The fish are positioned close to each other, with one fish on the left side, another 
in the middle, and the third on the right side of the net. The net is filled with water, providing a suitable environment for the fish to swim and interact with each other.

Figure 1. From left to right, the real image-event pair taken from the collected NT-ImageNet dataset, followed by the sequential event
streams and a single frame produced by Texvent (https://github.com/rfww/texvent). Texvent can generate asynchronous, sparse, and high-
resolution events with smooth transitions and rich backgrounds. Blue and red denote the positive and negative events, respectively.

Abstract

Current event simulation methods focus on employing
videos to synthesize new event data, suffering from costly
video capture and limited scalability across viewpoints, mo-
tions, and lighting. To this end, we propose a Text-to-event
simulation framework (Texvent) that can directly generate
asynchronous event data from simple text prompts. Texvent
first renders prompt-driven videos via multimodal large lan-
guage models and subsequently applies a new physical sim-
ulator to generate event streams. Specifically, an adaptive
brightness-aware frame interpolation approach is proposed
to enhance the temporal resolution of the rendered videos.
A balanced logarithmic intensity comparison strategy and
a cache–based voltage refreshment mechanism are intro-
duced into the simulator to generate event data. To narrow
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the sim-to-real gap, we also introduce background activity
noise injection and dense time stamp reconstruction oper-
ations. Extensive experiments demonstrate Texvent’s supe-
rior computational efficiency and its generation ability.

1. Introduction
Event camera, a bio-inspired vision sensor, shows great ad-
vantages in terms of time latency, power consumption, and
dynamic range compared with conventional cameras [9].
These advantages have established event-based learning as
a prominent approach across diverse vision tasks [6, 21, 41,
46, 50, 53, 56]. However, the difficulties in large event
dataset collection limit the event-based exploration, thereby
inspiring an urgent need for event simulation [5].

Event simulation is the technique to generate synthetic
event data, eliminating the need for a physical event cam-
era [38]. Such a technique is capable of repurposing a non-
event dataset for event-based downstream exploration [11].
Currently, most approaches [11, 19, 38] focus on video-to-
event simulation since the continuous video frames can help
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to formulate the pixel brightness change, a prerequisite for
event activation [4]. However, these approaches are con-
strained by the costly video capture and limited scalability
across viewpoints, motions, and lighting. To this end, text-
to-event (T2E) is proposed [37], where the event data can
be generated under the guidance of simple text prompts.
A pioneering approach integrates a text encoder [34], a
diffusion model [40], and an autoencoder to achieve the
gesture-specific T2E simulation [37]. However, training
such specialized models still requires a large corpus of text-
event pairs, which limits its feasibility. A training-free T2E
method with general simulation ability is highly desirable,
as it can reduce expensive data collection and facilitate rapid
adaptation to diverse event domains.

A naive solution is to cascade an existing video-to-event
simulator [11, 19, 38] after the video generator to synthesize
event data. However, such a pipeline is prone to: 1) low ef-
ficiency, due to the redundant bidirectional optical flow esti-
mation during the frame interpolation, making it difficult to
support applications that require large amounts of training
data or real-time generation; and 2) low fidelity, stemming
from incomplete modeling of the discrepancies between the
real event data capture and event data simulation, limiting
the generalization ability and reliability of models trained
on them. Thus, the ideal T2E method should be designed
based on these two concerns.

In this paper, we present a training-free text-to-event
simulation method (Texvent) that facilitates general event
data simulation with only text prompts. The proposed archi-
tecture primarily consists of the high-frame-rate video gen-
eration and the efficient event data simulation. For the high
frame-rate video generation, we adopt a brightness-aware
interpolation approach that minimizes the redundant frame
interpolation, thereby ensuring efficiency. To improve the
fidelity, we present a new event simulator equipped with
a balanced logarithmic intensity comparison strategy and a
cache–based voltage refreshment mechanism. These units
aim to tackle unfair event activation sensitivity under low-
and high-light conditions and reduce event loss caused by
frequent reference brightness updates, respectively. With
these enhancements, Texvent enables high-fidelity simula-
tion of event data, effectively supporting event-based down-
stream tasks, such as object recognition, event-to-image re-
construction, etc. Our main contributions are as follows:
• We propose a novel T2E framework (Texvent) that over-

comes the challenges of event dataset collection, enabling
effective support for event-based downstream tasks.

• We present the balanced logarithmic intensity comparison
strategy and the cache–based voltage refreshment mech-
anism to avoid potential event data corruption.

• We introduce NT-ImageNet, a new text-event pair dataset
comprising 5000 pairs, specifically curated for evaluating
text-to-event simulation.

2. Related work

2.1. Video generation

Recently, Multimodal Large Language Models (MLLMs)
have achieved great success in video generation, such as
Sora [1], Cosmos [2], Wan [45], VideoPoet [25], video
diffusion models [17], etc. These models enable realistic
video generation with only text prompts, named text-to-
video (T2V) generation. VDM [17] is the first T2V model
that extends image diffusion models to video generation via
employing a U-Net to model temporal details. Make-A-
Video [44] decomposes video generation into text-image
modeling and motion perception, where a cascade of dif-
fusion models is used to render final high-quality videos.
Ge et al. [10] propose a video noise prior that is tailored
for finetuning a pretrained image diffusion model to in-
crease temporal consistency. [3, 18, 51] insert various tem-
poral layers into the text-to-image model to generate videos.
VideodirectorGPT [28] leverages the large language model
to generate structured plans, which subsequently guide the
T2V model in the production of long video sequences.
Apart from T2V models, some explorations focus on em-
ploying other modalities such as images [2, 52], videos [49],
and control maps [23] to generate videos. Training all these
models shows a high computational cost [28, 32]. There-
fore, it is imperative to maximize the utility of such mod-
els by expanding their application across diverse domains,
thereby fully unleashing their capabilities.

2.2. Event simulation

Event simulation is proposed to generate events from exist-
ing image and video datasets, effectively reducing the cost
and labor of data collection [15, 22, 31, 57]. There are two
main categories: image-to-event simulation and video-to-
event simulation. For image-to-event, users take an event
camera to shoot the images with a light movement during
event capturing, where the image annotation is shared be-
tween two modalities. There are extensive image-to-event
datasets, such as N-Caltech101 [36], CIFAR10-DVS [26],
N-ImageNet [24]. This method still needs an event camera
to record the activated event, thereby showing high hard-
ware requirements. For video-to-event, it directly converts
a video stream into event data [11, 19, 29, 38, 54], elim-
inating the necessity of event cameras. ESIM [38] is the
first event camera simulator, which employs an adaptive
sampling strategy to interpolate frames and then calculate
the intensity difference between adjacent pixels to gener-
ate events. VID2E [11] employs the event simulator intro-
duced in ESIM [38] to generate events, however, adopting
the optical flow between pairs of video frames to interpo-
late intermediate samples. V2E [19] generates events from
videos by considering the temporal noise, leak events, and
pixel threshold mismatch, enhancing the realness of simu-
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Figure 2. Framework of Texvent, including the high frame-rate video generation (Eq. 3, Eq. 4) and event simulation. During computing
the event frame (E. F.), we present the brightness cache to store the brightness values at coordinates where no event data has been activated.
These values still serve as the reference brightness values in the subsequent event frame generation (Eq. 5). Such a cache is periodically
reset as null to avoid acting fake events in long-term event simulation. After injecting the background noise (Eq. 6), we calculate the
brightness variation rate (V. R.) at each coordinate to reconstruct the dense time stamps (Eq. 7).

lated events. V2CE [54] proposes a local dynamic-aware
timestamp inference strategy to recover event timestamps
that enables the event to be distributed normally. By mod-
eling the voltage variation as a Brownian motion with drift,
DVS-Voltmeter [29] simulates event data from videos under
a stochastic process that enhances the realness.

Although these conversion toolboxes can easily convert
a video into event data, personalizing or generating the spe-
cific event streams is still challenging. Therefore, text-to-
event is proposed to enable different users to generate their
event data with a text prompt. Ott et al. [37] employ the
diffusion model to embed the text prompts and train an au-
toencoder to reconstruct the event frames from the latent
representations. It requires not only labeling the text prompt
for each event sample but also converting the event stream
into event frames to train the autoencoder. This limitation
restricts users from personalizing their event data. Here, we
propose harnessing the power of MLLMs to simulate event
data, enabling open-world event simulation.

3. Methodology
3.1. Problem formulation
Event camera captures the visual content via the brightness
variation, asynchronously generating the event data [47].
Specifically, an event ei = (xi, ti, pi) is activated when the
log brightness change at pixel xi = (xi, yi) has exceeded
the contrast threshold δ, formulated as:

|L(xi, ti)− L(xi, ti −∆t)| ≥ δ. (1)

In Eq. 1, ti denotes the time stamp. ∆t is a time interval, in-
dicating the minimum temporal resolution of an event sen-

sor. pi ∈ {−1,+1} is the sign of the brightness change,
called polarity. p = +1 denotes the positive event where
the change of the logarithmic brightness is higher than +δ.
Conversely, p = −1 represents the negative event.

The objective of event simulation is to generate event
data from existing digital contents (e.g., images, videos,
etc.) instead of physical capturing, effectively reducing
the cost of data collection [38]. Recently, with the in-
creasing popularity of text-to-X generation, generating
event data from text has become attractive, aka text-to-
event (T2E) [37]. T2E generation can be formulated as:

E = F(T), (2)

where E = {ei}ni=1 denotes the generated event data, n
is number of the generated events, F(·) indicates the T2E
generation function, and T is the text prompt that depicts
the desired visual contents. In developing event simulation
methodologies, two critical requirements warrant careful
consideration. 1) Efficiency: The simulation method must
execute with sufficient speed to simulate event data without
introducing perceptible latency for end users. 2) Fidelity:
The simulated events must maintain statistical consistency
with real data to ensure the reliability of downstream tasks.
These dual requirements fundamentally inform the design
principles of our simulation framework.

3.2. Texvent
3.2.1. High frame-rate video generation
Prompt-driven video generation. As shown in Fig. 2,
we synthesize the event data via a text-to-video genera-
tion model. Such a model first encodes the text prompt T



as tokens and then decodes them as the image sequence:
It{1:N} ∈ RN×H×W×3, which can be formulated as:

It{1:N} = D(E(T; θe); θd), (3)

where N , H , and W denote the number, height, and width
of video frames. D(·; θd) and E(·; θe) are the image de-
coder and text prompt encoder, respectively. Typically,
videos generated by D(·; θd) show a lower temporal res-
olution compared to the event camera data. Therefore, we
need to interpolate these videos to achieve higher frame-
rates, thereby reducing the potential event loss during the
following event simulation process.

Brightness-aware frame interpolation. For frame inter-
polation, a critical issue is to determine the number of inter-
mediate samples [11], as this impacts both the simulation
efficiency and the time stamp of the final generated event
data. In [11, 19, 38], this number is set based on bidi-
rectional optical flows, where the relative displacement be-
tween intermediate frames is at most 1 pixel. Obviously,
this adaptive manner leads to low efficiency once the video
contains chaotic lighting variations. To address it, we pro-
pose an adaptive brightness-aware interpolation strategy to
value the number via the brightness variation between two
consecutive frames. Specifically, the number of intermedi-
ate frames (Ki) between Iti and Iti+1

is denoted as:

Ki = max(|L(Iti)− L(Iti+1
)|) mod δ. (4)

If there is an obvious brightness variation, Ki equally
spaced intermediate frames are interpolated by RIFE [20],
achieving a high temporal resolution. Conversely, if the
brightness variation between (Iti , Iti+1

) is lower than the
contrast threshold δ, it indicates that no events are acti-
vated. Therefore, we don’t need to interpolate these two
video frames, thereby increasing the efficiency. After this
adaptive interpolation, we have achieved a high frame-rate
video ready for event data simulation.

3.2.2. Event data simulation
Event frame generation. The event camera circuit gen-
erates events by measuring the voltage variations between
the reference voltage and current caused by the light sig-
nal hitting the pixel on the photoreceptor [19]. To simulate
events, we compute the intensity signal variations at each
pixel sampled from the video sequence with a high frame
rate. The events are generated when the intensity variation
exceeds the contrast threshold δ. The detailed event simu-
lation formulation is as follows:∏
i∈{0:N−1}

∏
j∈{1:Ki}

∣∣L(α+Ij(ti,ti+1)
)−L(α+κ⋄Ij−1

(ti,ti+1)
)
∣∣ > δ,

(5)
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Figure 3. Blue: The original logarithmic function shows high sen-
sitivity for low light variations. For the same contrast thresholds
(δ1 = δ3), an event is triggered in low-light conditions with only
a minimal brightness variation; while in high-light conditions, a
variation of nearly four times is necessary to activate the event.
Orange: Adding a balancing parameter (α) can alleviate this un-
fair event activation between the low- and high-light conditions.
For the same contrast thresholds (δ2 = δ4), almost twice the
brightness variation of low-light conditions can activate an event
in high-light environments.

where α and κ denote a balancing parameter and brightness
cache, respectively. ⋄ indicates the brightness updating op-
eration. L(·) is the logarithmic function that simulates hu-
man retinas to calculate the intensity variation.

Such a mechanism leads to the event sensor showing
higher sensitivity for low light variations than high light
conditions. However, conventional videos are typically cap-
tured using low dynamic range vision sensors, which strug-
gle to accurately capture details in high-light areas. Thus,
it’s hard to simulate the event data from the highlighted ob-
jects in the video. As shown in Fig. 3, the brightness vari-
ation in high light conditions is almost three times that of
low light, which can successfully generate an event (Blue).
To balance this activation sensitivity, we add a balancing
parameter α during computing the pixel brightness varia-
tion. This strategy can effectively alleviate the imbalance
in different light conditions while retaining the property of
biological retinas, as shown in Fig. 3 (Orange).

Instead of directly calculating the brightness variation
from two consecutive frames, we compare the current frame
with a calibrated frame to generate events. This approach
can effectively prevent the loss of potential event data
caused by frequent brightness updating. Specifically, a
brightness cache κ is presented to store the past bright-
ness for generating the calibrated frame. We sample the
brightness value at x without activating events yet from κ to
update the brightness at the same coordinates of Ij−1

(ti,ti+1)
.

This operation denotes that we only modify the reference
brightness at a pixel where an event is activated, consistent
with the voltage updating of the event camera circuit [27].
Based on thresholding the intensity signal variations, we
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Figure 4. Comparison between the real data (1st row) and our simulated data (2nd row). The event-video collection system consists of a
DAVIS346 sensor and an RGB camera (480p, 30fps) followed by [7]. Blue and red denote the positive and negative events, respectively.

can obtain a series of event frames that contain information
about coordinates, polarities, and compressed time stamps.
However, these event frames only contain actual positive
and negative events, showing a noticeable difference from
the real event data. We need to add noise to this clean sim-
ulated data to reduce the sim-to-real gap.

Noise addition. For an event camera, the pixel photore-
ceptor and change detector circuits are easily affected by
the temperature [35], resulting in Background Activity (BA)
noise [14]. To narrow the gap between the simulated and
real event data, VID2E [11] randomly samples contrast
thresholds for positive and negative events to introduce BA
noise. However, setting the dynamic contrast thresholds
may lead to disregarding real events. Therefore, we pro-
pose to add additional Poisson noise to enhance the prac-
ticality under two considerations. 1) For noise intensity,
we generate the Poisson noise based on the fill factor of
the event sensor, ensuring that different event sensors pro-
duce varying levels of noise. 2) For injection position, we
suggest an adaptive injection strategy that prioritizes adding
noise to the low-light background regions, as lower bright-
ness makes noise activation easier. The detailed perturba-
tion process is denoted as:

E = E · (1− M) + M · Poisson(λ1λ2), (6)

where M = (Iti+1
< σ) · (∆L < δ) denotes the mask that

locates the low-light (Iti+1
< σ) and background (∆L < δ)

region of the simulated event dat E . Parameter σ is intro-
duced to divide the high- and low-light areas from the cur-
rent frame Iti+1

. ∆L = |L(α + Iti+1
) − L(α + κ ⋄ Iti)|

is the absolute brightness difference between two consec-
utive frames. ⊚ denotes adding background noise into the
background region of the event data to avoid corrupting the
real event data. Poisson(·) indicates the noise generation
function, where λ1 denotes the probability of noise event
activation at a pixel and λ2 is a scaling parameter for fitting
other sensor parameters.

Time stamp reconstruction. After noise addition, we re-
construct the dense time stamps for each event contained
in the event frame. The time stamp denotes the time of
an event when it is activated, which is mainly decided by
the rate of brightness variation. Therefore, a reasonable as-
sumption is that the larger the brightness change in a fixed
time bin, the earlier the event data is activated. We focus on
employing the brightness variation calculated by Eq. 5 for
time stamp reconstruction. Specifically, the time stamp of
each simulated event data is denoted as:

txi = γ×(ti+1−ti)(1−
∆xi

L −min(∆L)

max(∆L)−min(∆L)
)+ti, (7)

where ∆L denotes the absolute brightness difference and
γ indicates the scaling parameter to ensure each event is
activated at the microsecond level. ti and ti+1 denote the
time stamp of two consecutive frames, respectively. xi =
(xi, yi) is the coordinate. The polarity p is +1 when the
logarithmic brightness change is higher than +δ, while p =
−1 once the change is lower than −δ. Finally, a new data
e = {xi, ti, pi} can be obtained by incorporating these three
components. By assembling a sequence of such events, we
achieve the event simulation from a text prompt.

3.3. Implementation details

We implement our training-free text-to-event simula-
tion framework (Texvent) using Cosmos-1.0-Diffusion-7B-
Text2World [2], having also experimented with Wan [45],
CogVideoX [51], and Open-Sora [55]. A single NVIDIA
H100 GPU is employed to render the event data. We set
the accumulation time to 1/FPS to aggregate individual
events into an event stream. It’s fixed across all experi-
ments. The FPS of Cosmos, Wan, CogVideoX, and Open-
Sora are 24, 16, 16, and 24, respectively. For the depth map
and warped event, E2Depth [16] and Contrast Maximiza-
tion Framework [43] are employed, respectively.
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Figure 5. Visualization results of the event frame and its corresponding reconstructed (Recon.) image. E2VID [39] is employed to convert
the event data into images. Blue and red denote the positive and negative events, respectively.

Table 1. Quantitative evaluation of event frames (E. F.) / reconstructed images (R. I.) in terms of mean squared error (MSE), structural
similarity (SSIM), and the calibrated perceptual loss (LPIPS). The best and second-best scores are highlighted in bold and underlined.

VID2E [11] V2E [19] V2CE [54] DVS-Voltmeter [29] SENPI [13] Texvent
E. F. / R. I. E. F. / R. I. E. F. / R. I. E. F. / R. I. E. F. / R. I. E. F. / R. I.

MSE↓ 0.116 / 0.188 0.142 / 0.099 0.082 / 0.151 0.276 / 0.096 0.186 / 0.104 0.045 / 0.116
SSIM↑ 0.430 / 0.387 0.299 / 0.420 0.552 / 0.392 0.085 / 0.149 0.095 / 0.251 0.488 / 0.472
LPIPS↓ 0.406 / 0.381 0.603 / 0.422 0.383 / 0.451 0.972 / 0.354 0.820 / 0.561 0.339 / 0.296

4. Experiment

4.1. Experimental setup

Dataset. To evaluate various event simulators, the video-
to-event datasets: Event Camera Dataset (ECD) [33] and
DSEC [12], are employed in our experiments. Addition-
ally, we collect a text-event pair dataset: NT-ImageNet to
test the performance of our method on text-to-event simu-
lation. Specifically, the event streams are directly sampled
from the validation part of N-ImageNet [24]. Then, we sam-
ple corresponding images from the ImageNet dataset [42]
and employ the LLaVA-v1.5-13B [30] with the text prompt:
“Caption the image in detail.” to generate the text prompt.
Baselines. We adopt current video-to-event methods:
VID2E [11], V2E [19], V2CE [54], DVS-Voltmeter [29],
and SENPI [13], in our experiments. The method [37] is
not included due to a lack of official implementations. For
video generators, we test various multimodal large language
models, including Cosmos [2], Wan [45], Open-Sora [55],
and CogVideoX [51]. Image reconstruction methods in-
clude E2VID [39], HyperE2VID [8], and ETNet [48].

Evaluation. We present three evaluation strategies to eval-
uate our method. For frame-level, we test the image met-
rics [47] of the event-to-video reconstruction results to as-
sess the temporal consistency and visual quality of our sim-
ulated event data. The image metrics are PSNR, SSIM,
LPIPS, and MSE, respectively. For point-level, we test
the Event Quality Score (EQS) [5] on our collected NT-
ImageNet dataset to quantitatively measure the fidelity and
statistical characteristics between the simulated and real
event data. For application-level, we test our simulated
event data on downstream tasks (e.g., objection recognition,
image reconstruction, depth estimation, etc.) to validate its
practical utility across various event-based models.

4.2. Comparison on video-to-event

Real-world evaluation. To validate our event simulator in
real-world scenarios, we constructed a dual-camera system
(DAVIS346 sensor + RGB camera) followed by [7]. The
RGB camera footage is directly input into our simulator,
generating synthetic events. This experimental setup al-
lowed us to directly evaluate the fidelity of our simulated
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Figure 6. Warped event and depth map of simulated event data. Discrepancies between groundtruth and simulated event data arise from
the misalignment between raw event data and corresponding video sequences in the DSEC dataset [12].

events against real event data under practical conditions.
As shown in Fig. 4, we observed that our simulated events
closely matched the temporal dynamics and spatial distri-
bution characteristics of the real event data. This real-world
validation demonstrates the practical applicability and reli-
ability of our simulation approach.

Qualitative evaluation. To evaluate our simulator for
video-to-event generation, we compare it to VID2E
[11], V2E [19], V2CE [54], DVS-Voltmeter [29], and
SENPI [13] on ECD [33] and DSEC [12] datasets. The
simulated event and the corresponding reconstructed image
of each simulator are shown in Fig. 5. VID2E [11] and
V2E [19] generate relatively sparse events with noticeable
gaps in the event distribution. V2CE [54] produces events
in a low temporal resolution that leads to some events being
lost in the motion parts, neither for the SENPI [13]. DVS-
Voltmeter [29] shows scattered noise-like patterns that cor-
rupt natural event distributions. In comparison, our simula-
tor produces event patterns that more closely resemble the
ground truth, with balanced density and clear object bound-
aries. As for the fidelity of simulated data from the recon-
struction level, our method still performs better than other
comparison baselines. V2E [19] shows some blurring and
loss of details in the reconstructed image.

Quantitative evaluation. Table 1 quantitatively evalu-
ates the event frames and reconstructed images of differ-
ent simulators in terms of MSE, SSIM, and LPIPS. For
event frames, our method achieves the best MSE (0.045)
and competitive SSIM (0.488), while maintaining the low-
est LPIPS score by 0.339, indicating high-quality event sim-
ulation. For reconstructed images, our approach shows bal-
anced performance with the highest SSIM (0.472) and the
best LPIPS (0.296). DVS-Voltmeter [29] achieves the low-
est MSE by 0.096, which is slightly better than our simula-
tor by 0.02. These results validate that our method not only
generates accurate event data but also ensures high-fidelity
image reconstruction, outperforming existing methods.

Table 2. Event Quality Score (EQS) [5] and runtime of different
simulators. The best and second-best scores are highlighted in
bold and underlined. DVS. denotes the DVS-Voltmeter.

VID2E [11] V2E [19] V2CE [54] DVS. [29] SENPI [13] Texvent

EQS↑ 0.8597 0.8138 0.8642 0.8573 0.8824 0.8851
Time (s) 2.1228 2.1652 0.0950 0.6919 0.0573 0.0653

Table 3. Comparison to various image reconstruction methods
without (✗) and with (✓) our augmented event data on Event Cam-
era dataset [33]. Only 5% event data are generated by Texvent in
this experiment. Best results are bolded.

Method ✗ / ✓ PSNR↑ SSIM↑ LPIPS↓ MSE↓

E2VID [39] ✗ 22.1127 0.5897 0.3104 0.0070
✓ 22.8475 0.6320 0.2791 0.0063

HyperE2VID [8] ✗ 21.9488 0.5973 0.2421 0.0077
✓ 23.3000 0.6624 0.1656 0.0061

ETNet [48] ✗ 21.1987 0.5629 0.2013 0.0087
✓ 21.3771 0.5630 0.2112 0.0084

4.3. Comparison on text-to-event
Fig. 1 presents a comparative analysis between real event
data captured by SAMSUNG Gen3 [24] (first column) and
our simulated results (subsequent columns). The qualita-
tive results demonstrate that our simulator generates event
data with high fidelity across diverse scenarios, includ-
ing dynamic scenes such as ostriches traversing grassland,
sharks moving through oceanic environments, etc. Table 2
shows quantitative results of our method and five baselines
in terms of event quality score (EQS) [5] and efficiency. Our
method achieves the highest EQS by 0.8851 on the NT-
ImageNet dataset, which is better than the SENPI [13] by
2.7%. Among these six simulators, SENPI [13] is the fastest
method to simulate the event data from a video sequence,
taking 0.0573 seconds to process each frame pair. Our
method is the second fastest, which only spends 0.0653 sec-
onds generating an event stream. VID2E [11] and V2E [19]
show low efficiency due to repetitive optical flow estimation
during frame interpolation.



Generated video frame Texvent (EQS=0.8474) Brightness cache (EQS=0.8073)Balancing parameter (EQS=0.8309)

Text prompt: The video features a small bird perched on a tree branch, surrounded by snow. The bird is positioned towards the center of the scene, with its head turned to the side. 
The branch is covered in snow, creating a serene winter atmosphere. The bird appears to be looking at something in the distance, possibly observing its surroundings or searching for food.

Figure 7. Ablation study about the balancing parameter and brightness cache. Quantitative results are shown in the Supplementary Material.
Blue and red denote the positive and negative events, respectively.

4.4. Comparison on downstream task
Image reconstruction. As shown in Table 3, the qual-
ity of reconstructed images has been successfully improved
with only augmenting 5% new cases. Among the meth-
ods, HyperE2VID [8] outperforms the others, achieving the
highest PSNR and SSIM, and the lowest LPIPS and MSE.
The improvement percentages are 6.16%, 10.9%, 31.6%
and 20.9%, respectively. E2VID [39] and ETNet show
moderate performance, but almost all metrics are refined
by employing our augmented event data. Only the LPIPS
of ETNet [48] is reduced by 0.0099, likely due to limited
training on perceptual details. Totally, Table 3 suggests that
even a small increase in training data can lead to substantial
improvements in image reconstruction quality, underscor-
ing the value of Texvent in this context.

Depth map estimation. Here, we evaluate the quality of
various simulated event data from views of depth map esti-
mation, as shown in Fig. 6. Totally, Texvent performs bet-
ter than other baselines. The warped events are the clean-
est and most sharply aligned, with minimal ghosting. And
the depth map is smooth yet preserves scene structure with
clear near–far separation. V2CE [54] follows, showing rea-
sonably sharp warped events and a coherent depth map, but
with more sparsity and small artifacts at edges. This likely
stems from its lower resolution. VID2E [11] and V2E [19]
exhibit noticeable misalignment in the warped events (dou-
ble edges, missing details), streaks, and holes in the depth
maps. DVS-Voltmeter [29] achieves the noisy warped event
and a coarse depth map. SENPI [13] lands in the mid-
dle, recovering some structure but with residual ghosting
in warped events and blocky artifacts in the depth.

5. Discussion

The event camera employs the logarithmic function to
model the sensitivity difference for low- and high-light con-
ditions. However, for event simulation, the video is cap-
tured by a conventional camera that shows fewer high-light
information due to its low dynamic range. As a result,
the noticeable edge changes cannot be captured by directly

using the unbalanced logarithmic function (green box in
Fig. 7). The EQS [5] is decreased from 0.8474 to 0.8309.
In the event camera circuit, the reference voltage is updated
only when an event is activated [19]. To prevent the poten-
tial event loss caused by the frame-by-frame intensity calcu-
lation, the brightness cache is proposed. As depicted in the
orange box of Fig. 7, some events are not activated when re-
moving such a cache, resulting in a substantial EQS drop of
4.01%, showcasing the importance of our brightness cache.

6. Conclusion
In this paper, we introduce a new text-to-event simulation
framework, Texvent, utilizing multimodal large language
models. Our approach requires no training and demon-
strates high efficiency and accuracy in video-to-event sim-
ulations. Moreover, the proposed event simulator is devel-
oped as a plug-and-play module that can be easily compat-
ible with different video generation models and real stan-
dard cameras. A new text-event pair dataset is collected for
evaluating the text-to-event simulators. Comprehensive ex-
periments on various datasets and real-world scenarios ef-
fectively showcase the advantages of our method.
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8. Event camera circuit
Fig. 8 shows a simplified schematic of the event camera cir-
cuit. As shown in sub-figure (a), the voltage Vp is gener-
ated when the light hits the photoreceptor, logarithmically
increasing with the light intensity. Then, an inverting am-
plifier (-A) is employed to amplify the change in log in-
tensity from the value memorized after the last event was
activated. Finally, two voltage comparators detect the in-
crease or decrease in log intensity that exceeds the thresh-
old (δ = {δon, δoff}). The principle of operation is illus-
trated in (c). Once the voltage change reaches the ON or
OFF threshold, the event camera activates an ON or OFF
event and resets the capacitor C.

The digital circuit of reset and refractory period is de-
picted in Fig. 8 (b). A reset pulse is generated when the
pixel receives row and column acknowledge signals: RA
and CA. The charge on the capacitor C is released quickly.
C ′ in the circuit is the capacitive element of the reset cir-
cuit, which forms a time length with the bias current Irefr,
thereby controlling the refractory period. By adjusting the
Irefr, the charging rate of C ′ can be changed, thereby
changing the refractory period, which is used to balance
continuous event triggering. Based on this mechanism, we
propose the concept of brightness cache in event simulation,
effectively improving the simulation fidelity.
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Figure 8. (a) Circuit of the event camera. (b) Reset and refractory
period. (c) The principle of operation. Figure adapted from [8, 11].

9. Additional experiments
9.1. Ablation study
In Table 4, we conduct the quantitative evaluation to mea-
sure the effect of the balancing parameter, brightness cache,
and frame interpolation. For the balancing parameter, the
default α is set to 30 in Texvent. In Table 4, we set it to
0 (E1), 0.5× (E2), 2× (E3) respectively to test the EQS [2]
of the corresponding generated event data. Setting α with
2× leads to lower EQS since the larger the balancing param-
eter, the smoother the brightness change scale, as shown in
Fig. 9. In the sub-figure E3, the brightness change shows
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Figure 9. Visualization of equation β = log(α+ρ1)−log(α+ρ2)
with different balancing parameters (α). ρ1 and ρ2 denote the pixel
value, subject to (0 ∼ 255). This equation is derived from Eq. (1)
in the main paper. E1: α = 0. E2: α = 0.5×. E3: α = 2×.
Texvent: α = 30.

similar scales in low light and high light conditions, which
conflicts with the basic mechanism of event cameras.

For the brightness cache, we conduct tests by disabling
the cache and implementing a global cache in experiments
E4 and E5 of Table 4, respectively. The adoption of a global
cache results in the simulation of false events, which con-
sequently diminishes the EQS. The global cache means that
a brightness cache works for all video frames. Compared
with Texvent, removing the brightness cache leads to poten-
tial event missing, reducing the EQS from 0.9086 to 0.8597.

For frame interpolation, we respectively remove interpo-
lation (E6), interpolate it with a fixed number (10) (E7), and
adopt the interpolator used in existing event simulators (Su-
per Slomo [9]) (E8) to evaluate the importance of our in-
terpolation strategy. Using the Super Slomo would interpo-
late redundant frames, which not only reduces the efficiency
but also corrupts the event simulation fidelity. Thus, it’s
greatly important to propose an adaptive interpolation strat-
egy based on brightness change for simulating event data.

To evaluate the effectiveness of our noise addition, we
compare our Texvent with three settings: without adding
noise (E9), adding Gaussian noise (E10), and randomly
adding noise into the whole region of the simulated event
data (E11). As shown in Table 5, the EQS of the simulated
data is reduced by a large value when removing our noise
addition strategy. This experiment effectively demonstrates
the importance of the proposed noise addition strategy in
our methodology section.

To demonstrate the importance of our time stamp recon-
struction, we employ a random initialization method to as-
sign the time stamp, denoted as E12 in Table 5. The EQS of
the simulated event data is decreased from 0.9086 to 0.9065
when altering the time stamp initialization in a random way.
This situation effectively demonstrates the effectiveness of
our time stamp reconstruction strategy.



Text prompt:    /   A drafted image of magpie. A drafted video of magpie.

Text prompt: This video shows a black and white magpie soaring gracefully against the backdrop of a clear blue sky. 
The bird's wings are outstretched, displaying a beautiful pattern of black and  .... bird's elegance in motion. 

(b) c)( (e)(d) (f)(a)

(h) (i) (j) (k) (l)(g)

Figure 10. (a)-(b): Ground-truth image-event pair. (c): Event frame of Event decoder [14] + EventBind [21] using blue prompt. (d)-(f):
Event frame of Texvent using green text prompt. (g)-(l): Event frame of Texvent using orange text prompt. The orange text prompt is
generated by LLaVA-v1.5-13B [13].

Table 4. Ablation studies about the balancing parameter α (E1-E3), brightness cache κ (E4-E5), and frame interpolation strategy K (E6-
E8). Local cache (L. C.) denotes a cache only used for an image pair (before interpolation), while global cache (G. C.) is used for all
video sequences. B. A. denotes our proposed brightness-aware interpolation strategy. “Fixed” denotes interpolating a fixed number (10) of
intermediate frames into each image pair. S. L. indicates the Super Slomo [9], which is used in VID2E [3]. “—” denotes the result tested
by removing the corresponding operations. The best and second-best scores are highlighted in bold and underlined.

E1 E2 E3 E4 E5 E6 E7 E8 Texvent

α 0 15 60 30 30 30 30 30 30
κ L. C. L. C. L. C. L. C. G. C. L. C. L. C. L. C. L. C.
K B. A. B. A. B. A. B. A. B. A. B. A. Fixed S. L. B. A.

EQS↑ 0.8639 0.8637 0.8531 0.8597 0.8508 0.8435 0.8638 0.8314 0.9086

Table 5. Ablation studies about the proposed noise addition (E9-
E11) and time time stamp reconstruction (E12). For noise addi-
tion, we implement E9-E11 by ‘without noise’, ‘Gaussian noise’,
and ‘random noise’, respectively. E12 denotes initializing time
stamps of simulated event data randomly.

E9 E10 E11 E12 Texvent

EQS↑ 0.8400 0.8142 0.8402 0.9065 0.9086

9.2. Baseline comparison
To the best of our knowledge, only a limited number of
text-to-event baselines have been proposed [14] (without
open-sourcing). We reproduce [14] via combining an event
decoder [14] with EventBind [21] for T2E. Specifically,
we pre-train an event encoder-decoder net [14] on the N-
ImageNet dataset [10], then use its decoder to generate
event data from the text embeddings extracted by Event-
Bind [21]. However, as shown in Fig. 10 (c), this base-
line fails to generate reliable event data. This is mainly
because the limited text-event pairs lead to a sub-optimal
text embedding module, thereby affecting the following
event decoding. In contrast, our Texvent discards the text-
event pairs while also generating high-quality event data, as
shown in the case (e-f) of Fig. 10. Even with a very sim-

ple text prompt (green), Texvent still produces simulated
event data that closely matches the real data (b). Providing
a more detailed prompt (orange) will add richer motion de-
tails. These results show that Texvent’s performance does
not rely heavily on the prompt quality or complexity.

9.3. Effectiveness on object recognition
We evaluate the usefulness of our Texvent on the object
recognition task. We sample the first 10 classes from the
N-ImageNet dataset and augment 20% new samples to train
four different models. As shown in Table 6, our simulated
data can improve the accuracy of different classifiers effec-
tively. Compared with VID2E [3], our Texvent achieves
better performance, particularly improving the accuracy of
ResNet34 from 0.514 to 0.6320. For fair comparison, we
train these models with 30 epochs. This evaluation demon-
strates the usefulness of our method on mainstream tasks.

9.4. Noise influence in image reconstruction
In our main experiment, we employ an image reconstruction
method to evaluate the fidelity of the simulated event data.
To evaluate the noise sensitivity of the employed image re-
construction method (i.e., E2VID), we randomly perturb ρ
percent of events to test the MSE, SSIM, and LPIPS. As
shown in Table 7, the larger the perturbation rate, the higher



Text prompt: This scene depicts an experimenter preparing ethyl acetate in the laboratory. He first adds 10ml of acetic acid and 12.0ml of anhydrous ethanol to a 
test tube. Then, he slowly drips 2.5ml of concentrated sulfuric acid along the side of the tube as a catalyst and heats the mixture with an alcohol burner.

Text prompt: This scene depicts an experimenter preparing ethyl acetate in the laboratory. He first adds 10ml of acetic acid and 12.0ml of anhydrous ethanol to a 
test tube. Then, he slowly drips 2.5ml of concentrated sulfuric acid along the side of the tube as a catalyst and heats the mixture with an alcohol burner.

Text prompt: During a colonoscopy, the doctor discovered a polyp in the patient's rectum. The polyp was connected to the intestinal wall by a thin pedicle and 
displayed a smooth surface with a predominantly pink coloration.

Figure 11. Failure cases of Texvent. Cosmos-1.0-Diffusion-7B-Text2World is employed as the video generator. Texvent struggles to
simulate accurate event data in certain rare scenarios due to the limitations of current large video generators in specialized applications.
This challenge can be effectively overcome by utilizing task-specific large video generators.

Table 6. Effectiveness evaluation of our Texvent in the objection
recognition task. The video-to-event simulation method, VID2E,
is employed as a comparison baseline.

ResNet34 ResNet152 ViTB SqueezeNet

Original 0.4980 0.4680 0.3840 0.3860
with VID2E 0.5140 0.4820 0.3820 0.3920
with Texvent 0.6320 0.5060 0.3940 0.4000

Table 7. Noise sensitivity evaluation of E2VID.

ρ = 1% ρ = 5% ρ = 10% ρ = 20% ρ = 30%

MSE↓ 0.0035 0.0057 0.0080 0.0083 0.0168
SSIM↑ 0.8958 0.7657 0.6811 0.5397 0.3652
LPIPS↓ 0.0598 0.1512 0.2156 0.3426 0.5353

Table 8. Fidelity evaluation of simulated event data with a different
image reconstruction method, ETNet [17].

VID2E V2E V2CE DVS. SENPI Texvent

MSE↓ 0.2745 0.1354 0.2614 0.0836 0.0675 0.0799
SSIM↑ 0.5521 0.6187 0.4545 0.6602 0.1976 0.6893
LPIPS↓ 0.3555 0.3154 0.4731 0.2172 0.4989 0.2074

the MSE loss and the lower the SSIM and LPIPS. Thus, the
E2VID is sensitive to the random noise, showing that differ-
ent reconstruction methods will achieve different evaluation
results. Apart from E2VID, we have employed ETNet [17]
to reconstruct images from simulated event data, and the re-
sults are shown in Table 8. Our method still shows higher
fidelity than other baselines.

9.5. Downstream evaluation
To evaluate the fidelity of the simulated event data, we di-
rectly test each simulator with a pretrained event-based clas-
sification model [10] on the N-ImageNet dataset. We em-
ploy the binary event image as the representation method
and then test the top-1 and top-5 accuracy, respectively.
As shown in Table 9, the pretrained classifier (Original)

achieves the Acc@1 and Acc@5 by 0.6920 and 0.9156,
respectively. The classifier achieves reduced performance
on the simulated event data, denoting the domain gap be-
tween the realistic and simulated data. Texvent achieves
the Acc@1 by 0.3067 and the highest Acc@5 by 0.5458.
VID2E [3] achieves the highest Acc@1 by 0.3587, higher
than ours by 4.18%. Other simulators all achieve the
Acc@1 under 20%. This experiment demonstrates that
exploration about ensuring the fidelity of simulated event
data is needed. We will continuously focus on narrowing
this gap and evaluating the promotion achieved by Texvent
through real data evaluation.

9.6. Failure cases
Texvent employs the general multimodal LLM to simulate
event data, which may fail in some specific scenarios, such
as shown in Fig. 11. When we ask Texvent to simulate
event data for a chemistry experiment, this highly profes-
sional experimental step and strict operation requirements
limit the video generator from generating accurate video
frames. Therefore, the simulated event data shows low fi-
delity according to the provided text prompt. For example,
we show that there is an alcohol burner positioned beneath
the test tube; however, the rendered frames depict the burner
next to the tube, failing to heat the mixture. Also, the de-
tailed liquor volume and strict experimental operation are
not highlighted. In the second row, the text prompt focuses
on the colonoscopy, while the simulated event data only in-
clude a polyp without modeling the real scene of the in-
testinal wall. These cases occur when users simulate event
data for some rare application-specific scenarios. This is
an out-of-distribution challenge that is present in current
video generation models. It’s infeasible to train a single
world model that can accurately generate anything. To mit-
igate this problem, we can collect some task-specific data
to fine-tune the Texvent or introduce a detection strategy
to filter out failure cases, thereby preventing downstream
training utility. In Texvent, the video generator is open-
sourced, which can be easily updated and altered to enable



Groundtruth VID2E V2E V2CE DVS-Voltmeter SENPI Texvent

Figure 12. Estimated optical flow maps of the ground truth and various simulated event data. The color wheel is shown in the bottom-left
corner of the ground truth. Texvent demonstrates better flow consistency with the ground truth compared to other baselines. The spatial
misalignment between the ground truth map and the simulated event data arises from the misalignment between the event sensor and the
RGB camera in the DSEC dataset [5].

Table 9. Classification accuracy of different simulators. We employ the official models released in the N-ImageNet project [10] with the
representation of “Binary Event Image”. Acc@1 and Acc@5 denote the top-1 and top-5 accuracy, respectively. The best and second-best
scores are highlighted in bold and underlined.

Original VID2E [3] V2E [8] V2CE [19] DVS-Voltmeter [19] SENPI [6] Texvent

Acc@1 0.6920 0.3585 0.3251 0.1611 0.1817 0.1686 0.3067
Acc@5 0.9156 0.4760 0.4873 0.3500 0.4589 0.4175 0.5458

task-specific applications.

9.7. Details of the NT-ImageNet dataset
Table 10 provides detailed statistics of our NT-ImageNet’s
characteristics. The NT-ImageNet dataset has 5000 text-
event pairs distributed in 100 classes with different event
densities and diverse motion types. Detailed collection
steps are shown in the experimental details of the main pa-
per to enhance the reproducibility.

10. Various visualizations
In this section, we show extensive results about our
method under different multimodal large language mod-
els, including Cosmos [1], Wan [16], Open-Sora [20], and
CogVideoX [18]. In Fig. 13, we evaluate our simulator
among five kinds of generators in the autonomous driving
scenario. From the first row to the last row, we display the
first video frame, simulated event frames, and the last video
frame, respectively. 7B and 14 B denote the parameter size
of the employed large models. Our Textvent can accurately
simulate event data for moving cars, which may promote the
exploration of event-based autonomous driving. In addition,
we test Texvent in a more challenging scenario: a construc-
tion site, as shown in Fig. 14. Although the scene is greatly
complex, Texvent can still simulate event data from these
frames to represent motion information. Extensive exper-
iments demonstrate that our Texvent can simulate various
event streams based on the text prompts.

11. Broader impact
The proposed event simulation method, Texvent, has the po-
tential to create significant broader impacts in various do-
mains. For instance, Texvent can accelerate the research

and development in event-based vision. Event cameras are
relatively expensive, and real-world event data collection
can be challenging due to hardware limitations and the need
for specific conditions (e.g., high-speed motion or dynamic
lighting). Our Texvent can provide researchers with a cost-
effective and scalable way to generate synthetic event data,
facilitating the training and development of event-based al-
gorithms. Apart from positive impacts, over-reliance on the
proposed method may have some negative impacts. The
simulated event data may be unrealistic if the generated
videos do not accurately mimic real-world dynamics. This
could lead to overfitting of models to synthetic data, re-
ducing their performance in real-world scenarios. Indeed,
Texvent has the potential to promote event-based vision re-
search and applications by making data more accessible and
scalable. However, careful consideration of its limitations is
essential to ensure responsible and effective usage.

12. Limitations and future work

Texvent is the first training-free text-to-event simulation
framework that can synthesize various event data via simple
text prompts. We mainly focus on studying the fidelity of
simulated data while causing some limitations in overall ef-
ficiency, generalization ability, and evaluation metrics. We
will explore the following directions in the future:
• Our Texvent employs a multimodal large language model

to narrow the gap between the text description and event
data, thereby the overall efficiency of the pipeline is lim-
ited by the selected model. To address this, we propose
implementing event data simulation directly from the la-
tent tokenizers generated by large models. This approach
could significantly reduce the computational overhead as-
sociated with rendering video frames, allowing for more



Table 10. Details of the collected NT-ImageNet dataset.

Characteristic Range / Coverage in NT-ImageNet

Class Number 100 classes, covering a broad spectrum of object categories.
Number/Class 50 text-event pairs per class (total: 5000 pairs).
Event Density Sparse to dense; average events per stream: [3k, 170k].
Motion Types Dynamic scenes, single/multiple object motion, complex, and naturalistic movement.
Illumination Wide range: daylight, low-light, indoor/outdoor, underwater, varying shadows, highlights, etc.
Text length Automatically generated text captions: (min: 39, max: 124).
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Cosmos (7B) Cosmos (14B) Wan-2.1(14B) Open-SoraCogVideoXWan-2.2(5B) Wan-2.2(14B)

Text prompt: The camera follows behind a white SUV with a black roof rack as it speeds up a steep dirt road surrounded 
by pine trees on a steep mountain slope, dust kicks up from it’s tires, the sunlight shines on the SUV as it speeds along the 

dirt road. The dirt road curves gently into the distance, with no other cars or vehicles in sight.

Figure 13. Comparison across different video generators, including Cosmos [1], Wan [16], CogVideoX [18], and Open-Sora [20]. From
top to down, we show the text prompt, the first video frame, simulated event frames, and the last video frame, respectively.

efficient conversion of event data. Additionally, by fo-
cusing on high-level representations of text prompts, we
can streamline prompt handling and improve the model’s
responsiveness to frequent requests. Ultimately, this im-
provement could lead to a faster simulation process and
enhanced user experience across various applications.

• Current event simulators employ various strategies [12,
15, 19] to reconstruct the dense time stamps. However,

the estimated time stamps still diverge from the original
values, even when evaluated using the brightness varia-
tion rate (our solution), as shown in Fig. 12. The op-
tical flow indicates both the direction and magnitude of
motion between two consecutive events, which is closely
linked to the fidelity of the reconstructed time stamps.
The chaotic optical flows show that more effective time
stamp reconstruction methods should be proposed. This



Cosmos (7B) Cosmos (14B) Wan-2.1(14B) Open-SoraCogVideoX
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Text prompt: Tiltshift of a construction site filled with workers, equipment, and heavy machinery.

Wan-2.2(5B) Wan-2.2(14B)

Figure 14. Comparison across different video generators, including Cosmos [1], Wan [16], CogVideoX [18], and Open-Sora [20]. From
top to bottom, we show the text prompt, the first video frame, simulated event frames, and the last video frame, respectively.

advancement not only improves the fidelity of the sim-
ulated event data but also broadens current simulation
methods in event regression tasks.

• In our experimental section, we have conducted exten-
sive experiments on image reconstruction, object recog-
nition, depth and optical flow estimation, etc. The lim-
ited augmented data may not adequately demonstrate the
generalizability of our method in visual odometry, high-
speed counting (e.g., cytometry), and other application-
specific scenarios. In the future, we will propose a com-
prehensive plan that includes diversifying tasks to encom-
pass scene understanding, conducting cross-domain eval-
uations in areas like autonomous driving, and benchmark-
ing our method in specific scenes where it is difficult to
record actual data. We believe that the expanded evalua-
tion will help assess the versatility of our method across
various applications.

• To directly evaluate the quality of the simulated event
data, the EQS [2], a newly proposed event metric, is em-
ployed in our experiments. However, it has two limi-

tations: 1) High model dependence. EQS employs an
object detection model [4] to extract event features for
calculating the cosine similarity. This means the EQS
is dependent on the selected event-based model, leading
to different scores when employing different models. 2)
High computational cost. Compared with image metrics,
EQS shows a higher computational cost since it extracts
deep features. Therefore, a novel metric designed for the
event simulation task is needed. We aim to propose a
spatial-temporal pooling operation (like SPP [7]) that can
map irregular event data into a regular representation for
similarity calculation, showing less sensitivity to specific
model architectures and reducing computational cost.
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