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Abstract

Object detection in event streams has emerged as a cutting-
edge research area, demonstrating superior performance in
low-light conditions, scenarios with motion blur, and rapid
movements. Current detectors leverage spiking neural net-
works, Transformers, or convolutional neural networks as
their core architectures, each with its own set of limitations
including restricted performance, high computational over-
head, or limited local receptive fields. This paper intro-
duces a novel MoE (Mixture of Experts) heat conduction-
based object detection algorithm that strikingly balances
accuracy and computational efficiency. Initially, we em-
ploy a stem network for event data embedding, followed
by processing through our innovative MoE-HCO blocks.
Each block integrates various expert modules to mimic heat
conduction within event streams. Subsequently, an loU-
based query selection module is utilized for efficient token
extraction, which is then channeled into a detection head
for the final object detection process. Furthermore, we
are pleased to introduce EvDET200K, a novel benchmark
dataset for event-based object detection. Captured with
a high-definition Prophesee EVK4-HD event camera, this
dataset encompasses 10 distinct categories, 200,000 bound-
ing boxes, and 10,054 samples, each spanning 2 to 5 sec-
onds. We also provide comprehensive results from over 15
state-of-the-art detectors, offering a solid foundation for fu-
ture research and comparison. The source code has been
released on: https://github.com/Event-AHU/OpenEvDET

* Corresponding Author: Bo Jiang

1. Introduction

Object detection aims to identify predefined target ob-
jects by delineating them with bounding boxes and as-
signing category labels. It stands as a cornerstone prob-
lem in computer vision and finds extensive application
across fields such as intelligent video surveillance, au-
tonomous vehicles, and industrial automation. With the
advent of deep learning, a plethora of cutting-edge deep
object detectors have emerged, demonstrating remarkable
performance with RGB cameras. Notable examples in-
clude the RCNN variants [11, 12, 31], YOLO-based mod-
els [1, 16, 24, 33, 35, 41], and DETR-inspired detec-
tors [3, 21, 46, 48, 52, 53]. Nonetheless, frame-based object
detectors continue to struggle in demanding conditions such
as low light, complex backgrounds, and rapid motion. The
constraints in image quality inherent in traditional frame
cameras, which capture images at a fixed frame rate (e.g.,
30 FPS) and employ a uniform exposure setting, are largely
to blame for the prevalence of missed and erroneous detec-
tions across various detection algorithms.

To overcome the limitations of traditional sensors, re-
searchers have turned to innovative technologies for ob-
ject detection. Among these, bio-inspired event cameras,
also known as Dynamic Vision Sensors (DVS), have gar-
nered significant interest within the computer vision sphere.
Event cameras outshine conventional RGB frame-based
cameras in several aspects: high dynamic range, high tem-
poral resolution, low energy consumption, and nearly no
motion blur. These sensors have been applied to a range
of tasks, from high-level applications such as event-based
tracking [38], recognition [39], and captioning [37, 47]; to
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Figure 1. (a). Comparison of existing datasets and our proposed EVDET200K dataset for event stream based detection, the bubble size
represents the scale of the dataset; (b). Comparison of our proposed MvHeat-DET and existing SOTA detectors on the EVDET200K

dataset, the bubble size represents parameters.

low-level operations including image enhancement and re-
construction [51]. In the realm of event-based object de-
tection, DAGr [9], introduced by Daniel et al., integrates
RGB frames with event streams to strike an optimal bal-
ance between latency and bandwidth, all while maintaining
detection precision. SpikeYOLO [24] has made strides by
incorporating the I-LIF spiking neuron, along with integer
training and spike-driven inference, to minimize quantiza-
tion errors in Spiking Neural Networks (SNNs).

Despite the notable advancements made, current event-
based object detectors still face the following issues: 1).
Most event-based detectors rely on CNNs (Convolutional
Neural Networks) or Transformers as their backbone archi-
tectures. However, CNNs are constrained by their local re-
ceptive fields, which hinders their ability to capture long-
range and intricate dependencies. In contrast, Transformer-
based vision models, such as ViT [6], grapple with high
computational complexity, scaling as O(N?), and lack in-
terpretability. 2). Some researchers resort to bio-inspired
SNNs (Spiking Neural Networks) [24, 33] for encoding
event streams, reaping benefits in terms of energy efficiency.
Nonetheless, their overall performance lags significantly
behind that of ANN (Artificial Neural Network)-based de-
tectors. Consequently, the quest for an effective, efficient,
and interpretable event-based object detection algorithm re-
mains a formidable challenge.

Recently, Wang et al. proposed a physics-inspired vi-
sion backbone model, vHeat [42], which is grounded in
the principles of heat conduction. The core module of this
model is the Heat Conduction Operator (HCO), which envi-
sions image patches as heat sources and conceptualizes the
determination of their correlations as the process of ther-

mal energy diffusion. By employing 2D Discrete Cosine
Transform (DCT) and Inverse Discrete Cosine Transform
(IDCT) operations to approximate the HCO, they achieve
a lower computational complexity of O(N!-5). When ap-
plied to object detection, the HCO outperforms both the
Swin-Transformer [22] and ConvNeXt [23]. However, we
argue that the 2D DCT and IDCT operators may not be the
most suitable for simulating heat conduction in the context
of vision models. As these operators are designed for gen-
eral signal processing, they may not fully capture the spa-
tial and temporal dynamics inherent in visual data, which
are critical for accurate object detection. This motivates us
to explore alternative approaches that can more accurately
and efficiently model the heat conduction process for event-
based detection.

In this paper, we propose a novel backbone network
for event-based detection that consists of Mixture-of-Expert
(MoE) based heat conduction operators, termed MvHeat-
DET. We split the input event streams into multiple clips
and get their feature embeddings using a stem network.
Then, we pass the event embeddings into an MHCO layer,
as shown in Fig. 2, which first selects a transform branch us-
ing the policy network. Then, randomly initialized features
FEs are fed into a linear layer to predict the thermal dif-
fusivity and multiplied by the transformed representations.
After that, an inverse operator is adopted for complete sig-
nal transformation. The obtained tokens will be fed into an
IoU-based query selection module and detection head for
object localization and recognition by following [48].

Although several event stream object detection datasets
have been proposed, e.g., Genl [5] and 1Mpx [29], they are
still relatively scarce compared to RGB frame based detec-
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tion datasets. Therefore, this paper introduces a new bench-
mark dataset to fill this gap, named EvDET200K. It involves
ten categories of target objects, including people, cars, bi-
cycles, electric bicycles, basketball, ping pong, goose, cats,
birds, and UAVs. The dataset was captured using the Proph-
esee EVK4-HD event camera and comprises 10,054 sam-
ples, each ranging from 2 to 5 seconds in duration. An ex-
tensive annotation effort has yielded 200,000 high-quality
bounding boxes, and we provide over 15 state-of-the-art de-
tectors for future research to benchmark against. We are
confident that the introduction of EvDET200K, along with
the associated benchmark algorithms, will mark a signifi-
cant stride forward in the realm of event camera-based ob-
ject detection.

To sum up, we draw the contributions of this paper as the
following three aspects:

1). We introduce a novel Mixture-of-Experts (MoE)-
based heat conduction framework, named MvHeat-DET,
designed for event stream object detection. This frame-
work strikingly balances performance, efficiency, and inter-
pretability, offering an improved trade-off in these critical
areas.

2). We present EVDET200K, a new high-definition
benchmark dataset for event stream object detection. Com-
prising 10,054 samples captured with the Prophesee EVK4-
HD camera, each sample spans 2 to 5 seconds and includes
200,000 bounding boxes spanning 10 distinct object cate-
gories.

3). We have re-trained and evaluated over 15 state-of-
the-art (SOTA) object detectors, including models from the
YOLO, RCNN, and DETR families, on the newly intro-
duced EvVDET200K dataset. This provides a comprehensive
baseline for future research to compare and build upon.

2. Related Works

o RGB Frame based Detection. Object detection using
RGB images has progressed significantly in recent years,
primarily due to advancements in deep learning [20, 44, 49].
These detectors can be divided into three main streams,
i.e., RCNN-based detectors [11, 12, 15, 31], YOLO se-
ries, and DETR-based detection algorithms. The DETR [3]
model simplifies the object detection process, effectively
eliminating the need for many manually designed compo-
nents, such as non-maximum suppression (NMS) or an-
chor generation. Based on DETR, methods like Deformable
DETR [52], Adaptive Clustering Transformer [50], PnP-
DETR [36], and Sparse DETR [32] reduce computational
resource consumption by applying sparse processing to the
transformer’s attention mechanism, achieving a favorable
balance between efficiency and accuracy. Furthermore,
models like Conditional DETR [25], Anchor DETR [40],
Efficient DETR [45], and Dynamic DETR [4] leverage spa-
tial prior knowledge to better focus on regions of interest

(ROIs), significantly reducing learning difficulty. Notably,
[34] proposes integrating R-CNN with Transformer to pro-
mote DETR convergence and yield better results. Differ-
ent from these Transformer-based detectors, in this paper,
we propose a novel MoE Heat Conduction based backbone
network for event stream based detection algorithm.

e Event Stream based Detection. Event-based object de-
tection has recently gained traction, particularly with the
development of neuromorphic sensors that operate in an
asynchronous, event-driven manner. Due to the specific
features of event streams, current researchers usually adopt
SNN (Spiking Neural Networks), Graph Neural Networks
(GNN), LSTM (Long-short Term Memory) for event-based
object detection. To be specific, in methods based on
SNNs, SpikingYOLO [13], SpikeYOLO [24], and EMS-
YOLO [33] combine YOLO with SNNs. SpikingYOLO is
the first object detection model implemented in deep SNNs.
SpikeYOLO introduces the I-LIF spiking neuron to reduce
quantization errors in SNNs. SFOD [7] achieves multi-scale
feature map fusion in SNNs for the first time, improving the
model’s ability to detect objects of various sizes. DAG-r [8]
employs an efficient asynchronous graph neural network to
handle event data, achieving a trade-off between bandwidth
and latency. Additionally, AED [19] is a lightweight de-
tector with fast detection speed, better suited to the high
temporal resolution of event cameras. GET [27] introduces
the EDSA block, which effectively extracts features and en-
ables feature communication in the spatial and time-polarity
domains. S5-ViT [54] performs temporal aggregation us-
ing a state-space model (SSM), addressing the challenge
of RNNs’ limited generalization when handling inputs with
varying frequencies.

3. MvHeat-DET

3.1. Preliminaries: Physical Heat Conduction

In an ideal scenario, the temperature at a point with coordi-
nates (x,y) in a two-dimensional object at time ¢, marked
u(zx,y,t), is governed by the following heat conduction
equation in an isotropic medium:

ou(@,y,t) _, (0*u(@,y.t) N Pu(z,y,t)
ot a ox? oy?

) = k(uzztuyy)

(L
where k£ is the thermal diffusivity, which measures the ef-
ficiency of heat diffusion within the material. To find the
general solution of Eq. 1, we apply the Fourier transform to
both sides of the equation, rewriting it as:

Ou(z,y,t)

d ot

= kF (Uzz + Uyy) 2)
where F is the Fourier transform function. Let @(v,, vy, t)
denotes the Fourier transform of u(x,y,t), and v, and v,
are the frequency variables in Fourier space. This transfor-
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mation converts the partial differential equation into an al-
gebraic equation, which is simpler to solve. Therefore, we
can rewrite the Eq. 2 as:

0t (v, vy, t)

R R A L B

where t = 0 represent the initial state of the object, i.e.,
u(x,y,t) |i=0. For short, we use f(x,y) instead, and

f(vz,vy) denotes the FT-transformed f(z,y). By setting
the initial state in Eq. 3, we can get the following solution:

N ~ k(2402
W(vg, vy, t) = f(g,v,)e FETV)E 4)

To obtain a general solution of the heat equation in the
spatial domain, we apply the inverse Fourier transform (de-
noted as 7 1) to Eq. 4 and get the following expression:

w(@,y,t) = F 1 (f(vg, vy)e F@HwH - (5)

Inspired by the aforementioned process, Wang et al. pro-
pose a new vision backbone vHeat [42] which is built based
on Heat Conduction Operator (HCO). They adopt the 2D
discrete cosine transformation DCT5p and the 2D inverse
discrete cosine transformation IDCTsp to simulate the
HCO process in the visual domain. Despite good results
that can be obtained, we think it can be further extended as
the DCT-IDCT transformation may not be optimal for such
a simulation. In the following subsections, we will intro-
duce our MoE heat conduction based backbone network for
event-based object detection.

3.2. Overview

As shown in Fig. 2, given the event streams, we first stack
into event frames and get the event embeddings using a
stem network. Then, we feed the event embeddings into
the MoE-HCO blocks which provides multiple transform
candidates. In this work, we consider DFT-IDFT, DCT-
IDCT, and HT-IHT as three experts for the validation. A
policy network with Gumbel Softmax is utilized for expert
selection. In addition, the Frequency Embeddings (FEs) are
used to predict the thermal diffusivity and multiplied by the
transformed frequency representations. More importantly,
we adopt an [oU-based query selection module [48] to find
the key tokens for final detection.

3.3. MvHeat Backbone Network

Drawing inspiration from the physical concept of thermal
conduction, we investigate the spread of image features
across spatial domains through the lens of heat diffusion,
culminating in the development of the MvHeat backbone
network. This network harnesses the MoE (Mixture of Ex-
perts) Heat Conduction Operation, a novel framework that
adapts thermal conduction principles for the processing of

discrete visual data features. The MvHeat backbone is en-
gineered to deliver specialized processing for unique image
features, thereby enhancing their integration and analysis.
e MoE-HCO Block. The MvHeat Encoder is struc-
tured into four stages, each comprising L;,7 = {1, 2, 3,4}
MHCO (MoE Heat Conduction Operation) Layers. As the
data progresses through each stage, the spatial resolution is
reduced by half via downsampling, followed by processing
through multiple MHCO layers. The MHCO architecture is
closely similar to Vision Transformer (ViT), with a pivotal
distinction: it substitutes ViT’s attention blocks with our in-
novative method while retaining the rest of the architectural
framework. The efficacy of this structure has been validated
by prior Transformer-based research, ensuring both scala-
bility and a reduction in the computational burden associ-
ated with traditional attention mechanisms. In the MHCO
module, input data is initially funneled through a selection
mechanism to identify the optimal expert branch for the cur-
rent feature set. Subsequently, the thermal diffusivity k is
learned through Feature Embeddings (FEs) and multiplied
by a coefficient matrix e R o generate an interme-
diate output. This intermediate result is then multiplied by
the input data transformed into the frequency domain before
being reconverted to the temporal domain.

¢ MHCO: MoE Heat Conduction Operator. As de-
scribed in the section on Physical Heat Conduction, we de-
sign the MoE Heat Conduction Operator (MHCO) module
to extract visual features by fully simulating thermal diffu-
sion. This module enables effective visual feature extraction
and facilitates the exchange of visual information between
different image patches. Specifically, we first use deep con-
volution to extend the temperature distribution in the two-
dimensional space along the channel dimension, with the
resulting multi-channel features denoted as Uy. Then, to
obtain the output U, after thermal diffusion, we apply Eq 5:

U = F~H(F(Up)eHtwlt) (©)

Following a logical reasoning process, we utilize the Dis-
crete Fourier Transform (DFT) to transform discrete image
patch features into the frequency domain and then apply the
inverse Fourier Transform (IDFT) to revert them back to the
spatial domain. In the physical sciences, when considering
that a medium does not occupy the entire space, a unique
solution to the equation requires specifying boundary con-
ditions for u as indicated in Eq. 5. Additionally, each im-
age patch can be viewed as a diffusion of features within
a bounded space. Given that visual data is spatially con-
strained and semantic information does not propagate be-
yond the boundaries, a natural boundary condition arises.
Here, we introduce a common Neumann boundary condi-
tion D:

ou(x,y,t)

n =0,Y(z,y) € D,t >0 @)
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Figure 2. An overview of our proposed event-based object detection framework, termed MvHeat-DET.

where n denotes the normal to the image boundary D. Ad-
ditionally, because visual data is typically rectangular, this
boundary condition enables us to perform reasonable trans-
formations using the 2D Discrete Cosine Transform (DCT),
2D inverse Discrete Cosine Transform (IDCT), and Haar
Transform (HT), inverse Haar Transform (IHT). Thus, Eq. 6
can be also rewritten as:

Uy = C7H(C(Up)e Htvetonty ®)

Uy = H™ (H(Up)e MOt ©)

where C denotes DCT, C~! denotes IDCT and H denotes
HT, H~! denotes IHT. We attempt to construct an expert
network utilizing three methods simultaneously. This ap-
proach is motivated by the characteristics of transforma-
tions: Specifically, the DCT demonstrates superior perfor-
mance in detecting small targets, while HT proves more ef-
fective in complex scenarios. The DFT, on the other hand,
offers more generalized applicability. Consequently, the
strategic integration of these transformations can lead to en-
hanced flexibility and superior overall performance in event
detection applications.

In physical heat conduction, the thermal diffusivity k in-
dicates how quickly heat spreads within a material. In visual
heat conduction, we assume that the most noteworthy con-
tent in the image carries more “heat”, and thus, visual heat
should flow toward these regions. Naturally, the thermal
diffusivity parameter &k should be learnable and adapt to the
image content, enhancing the adaptability of heat diffusion
to the learning of visual representations. After applying the
DCT, DFT or HT transformation, the input data z is con-

verted into the frequency domain (denoted as & ). There-
fore, the learnable thermal diffusivity k also needs to be
derived from the frequency domain information. Inspired
by the positional embeddings in ViT, we randomly initial-
ize a Frequency Embeddings (FEs) with the same shape as
Z, which is then fed into a linear layer to predict the thermal
diffusivity k. Specifically, we set a fixed value for ¢, and the
FEs is utilized across each stage of the MvHeat network to
enhance convergence throughout the training process.

3.4.1QS: IoU-based Query Selection

In the DETR model, object queries are a set of learn-
able embeddings. To reduce the difficulty of optimizing
object queries, some studies have proposed query selec-
tion schemes, which typically leverage classification scores
to select the top K features from the encoder. However,
due to discrepancies between the distributions of classifi-
cation scores and localization confidence, some predicted
boxes with high classification scores may not be close to
the ground truth. This results in a bias toward selecting
boxes with high classification scores but low IoU scores,
while overlooking boxes with lower classification scores
but higher IoU scores. Such selection biases undermine the
overall performance of the detector. During training, the
IoU score is incorporated into the objective function of the
classification branch, encouraging the model to associate
high classification scores with ground-truth boxes that have
high IoU scores. Thus, we can still select the top K based on
classification scores to obtain higher-quality queries. The
overall loss can be expressed as follows:

Ly, ) = Lopor (b, ) + Las(ToU,c,é)  (10)
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where y = {b, ¢} denotes the ground truth boxes and cat-
egories, and § = {b, ¢} represents the predicted boxes and
categories.

4. EVDET200K Benchmark Dataset
4.1. Protocols

We aim to provide a good platform for the training and eval-
uation of event-based object detection. When constructing
the EVDET200K benchmark dataset, we follow the follow-
ing protocols: 1). Large-scale: With the deep integration of
information technology, human production and life, large-
scale datasets show an increasingly important position. In
our work, we collect more than 10k event sequences, to-
taling about 200k objects from 10 classes. 2). Diversity:
During the shooting process, we anticipated potential chal-
lenges and configured certain factors in advance. These fac-
tors may affect the performance of the data captured by the
sensor in object detection tasks. More in detail, Multi-view,
Multi-illumination, Multi-motion, Dynamic Background,
Non-detection Interference are all considered when record-
ing these event streams. 3). Small Object: We focus on
enhancing the detection capability for small objects. Since
small objects are often overlooked in detection tasks, we
specifically plan to capture data from multiple perspectives
to ensure diversity across different scenarios. Finally, the
dataset contains 51% small objects, providing a sufficient
number of samples for training.

4.2. Statistical Analysis

The EvDET200K dataset comprises 10,054 video streams,
annotated with 10 common object categories, totally
202,260 annotations. As shown in the upper left image of
Fig. 3, the most annotated class is “people”, with a total
of 105,265 annotations. This is followed by “goose” and
“car”, which have 30,960 and 25,850 annotations, respec-
tively. Among them, 2,949 videos are taken from dense
scenes. Each video has a duration ranging from 2 to 5 sec-
onds. The dataset is randomly divided into training, valida-
tion, and test subsets using the ratio 6:1:3, which contains
6,031, 1,002, and 3,021 video streams, respectively.

4.3. Benchmark Baselines

To establish a comprehensive benchmark dataset for event-
based object detection, we have selected more than 15
SOTA or representative detectors for evaluation on our
proposed dataset, including: 1). CNN-based Detectors:
DetectoRS [30], RED [29], Mask R-CNN [12], Reti-
naNet [18], and Faster R-CNN [31], all using ResNet-50 as
the backbone, as well as YOLO-style detectors like YOLO
v10 [35], YOLO v6 [16]. 2). Transformer-based Detec-
tors: S5-VIT [54], SAST [28], RVT [10], Swin-T [22],
DETR [3], and vHeat [42]. 3). SNN-based Detectors:
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Figure 3. Visualization of All Annotation Information in the
Dataset. Top Left (Instance Count per Class) shows the number
of instances for each class in the whole dataset; Top Right (Bound-
ing Box Size Distribution) illustrates the distribution of bounding
box sizes across the dataset; Bottom Left (Object Center Distribu-
tion) shows the relative position (x, y coordinates) of object cen-
ters within the images. Bottom Right (Aspect Ratio Distribution)
displays the distribution of width-to-height ratios of objects in the
dataset.

Table 1. Experimental results on the N-Caltech101 dataset.

Methods Format mAP
NvS [17] Event Points 34.6
YOLE [2] Event Frames | 39.8

Jeziorek et al. [14] | Event Frames | 53.4
EAS-SNN [43] Event Points 53.8
Ours Event Frames | 55.7

Spiking neural network (SNN) detectors, such as spikeY-
OLO [24] and EMS-YOLO [33], are also included for their
event-based data processing capability.

5. Experiments

5.1. Dataset and Evaluation Metric

In addition to the newly proposed EvVDET200K dataset, we
also conducted a comparison with several state-of-the-art
detectors on the N-Caltech101 [26] dataset to validate the
generalization capability of our method. The N-Caltech
dataset contains 101 object categories and approximately
9,000 event streams, which are split into training and test
sets in an 8:2 ratio. This dataset features complex and vari-
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Table 2. Experimental results on the newly proposed EVDET200K benchmark dataset. vHeat" means using vHeat as the encoder and

Transformer as the decoder.

Index | Algorithm Publish Backbone mAP@50:95 | mAP@50 | mAP@75 | P R | Params | FLOPs | FPS | Code
01 Faster R-CNN [31] | TPAMI 2016 | ResNet50 46.0 73.3 48.6 763 | 883 | 409M | 71.2G 23 | URL
02 S5-VIiT [54] CVPR 2024 Former+SSM 42.9 76.3 44.1 69.7 | 66.9 | 182M 5.6G 84 | URL
03 SAST [28] CVPR 2024 Transformer 27.4 53.6 25.3 30.1 | 29.6 | 18.5M 15.9G 51 URL
04 SpikeYOLO [24] ECCV 2024 SNN 41.2 74.8 39.8 81.6 | 685 | 68.8M | 78.1G | 77 | URL

YOLOVI10-N [35] 42.7 75.1 42.1 75.3 | 68.9 2.3M 8.2G 116

YOLOV10-S [35] . 43.5 76.2 43.0 754 | 71.2 7.3M 21.6G 83
95 | yoLoviom [35) | #Xiv2024 | CNN 44.0 77.5 28 |766|717 | 154M | 591G | 32 | URE

YOLOV10-B [35] 44.1 779 431 76.0 | 73.2 | 19.IM | 92.0G 30
06 RVT [10] CVPR 2023 Transformer 40.7 73.1 423 703 | 659 | 9.9M 8.4G 88 | URL
07 EMS-YOLO [33] ICCV 2023 SNN 32.1 66.6 274 775 | 625 | 14.40M 3.3M 119 | URL
08 YOLOV6 [16] arXiv 2022 RepVGG 41.3 75.7 38.9 504 | 53.8 | 172M | 442M | 70 | URL
09 Swin-T [22] ICCV 2021 Transformer 49.0 78.4 52.7 79.4 | 88.8 160M 1043G 26 URL
10 DetectoRS [30] CVPR 2021 ResNet50 49.1 78.8 535 78.8 | 85.8 | 123.2M | 117.2G | 32 | URL
11 RED [29] NeurIPS 2020 | ResNet50 354 68.3 35.2 69.0 | 66.1 | 24.1IM | 46.3G 34 | URL
12 DETR [3] ECCV 2020 Transformer 40.9 74.5 39.5 74.5 | 90.9 41M 86G 29 URL
13 Mask R-CNN [12] | ICCV 2017 ResNet50 48.8 77.6 52.0 778 | 87.1 | 43.8M | 142.7G | 28 | URL
14 RetinaNet [18] ICCV 2017 ResNet50 48.6 77.0 50.8 77.8 | 93.7 | 36.2M 81.4G 76 URL
15 vHeat' [42] arXiv 2024 vHeat 50.3 72.2 54.2 56.9 | 694 | 563M | 74.5G 50 | URL
16 Ours - MvHeat 529 80.4 55.9 58.9 | 70.0 | 47.5M 56.4G 58 -

able backgrounds, which present significant challenges for
detection algorithms. For evaluation metrics, we used the
mean Average Precision (mAP) at different IoU thresholds,
the most commonly used metric in object detection. We
also report Precision and Recall to assess the accuracy of
predictions and the ability to detect positive instances. Ad-
ditionally, we measured the number of parameters, FLOPs,
and FPS for each detector, providing a more comprehensive
and accurate understanding of the models’ performance.

5.2. Compare With other Detectors

Results on EvDET200K Dataset. As shown in
Tab. 2, our baseline vHeat" achieves 50.3/72.2/54.2 on
mAP/mAP@50/mAP@75, meanwhile, our model MvHeat-
DET achieves 52.9/80.4/55.9, which is significantly bet-
ter than baseline. Obviously, our detector is also bet-
ter than other SOTA detectors including R-CNN based
methods, YOLO-based detectors, SNN-based detectors and
Transformer-based methods. This result strongly demon-
strates the effectiveness of our method.

Results on N-Caltech Dataset. Tab. | presents experimen-
tal results on the N-Caltech101 dataset, comparing meth-
ods in terms of mean Average Precision (mAP). Among
the methods listed, NvS and EAS-SNN (using event points)
achieve 34.6/53.8, while YOLE and Jeziorek et al. (both
using event frames) achieve mAPs of 39.8 and 53.4, respec-
tively. Our model MvHeat-DET outperforms all others with
amAP of 55.7.

5.3. Component Analysis

We use DETR as the base model for component analysis.
IQS denotes adding an IoU-based query selection strategy
to the base model, vEnc. indicates replacing the transformer

Table 3. Component Analysis on Our Proposed EvDET200K
dataset. 1QS means adding an IoU-based Query selection strat-
egy, vEnc. means replace the encoder with vHeat Encoder, MoE
means add MoE strategy to encoder.

Index | Baseline IQS vEnc. MoE | mAP
1 v 40.9
2 v v 41.6
3 v v v 50.3
4 v v v v 52.9

encoder with vHeat, and MoE represents using a multi-
expert strategy. Tab. 3 shows that the base model achieves
40.9 mAP on the EvDET200K dataset. Adding IQS to op-
timize query selection raises the detection result to 41.6.
Next, replacing DETR’s encoder with vHeat significantly
improves accuracy, reaching 50.3. Finally, the introduction
of a multi-expert mechanism further boosts the model to
52.9. With each additional component, the mAP steadily
increases, indicating that each component contributes to
the model’s performance. The notable improvements from
IQS and vHeat suggest that these components significantly
enhance feature extraction and information processing ca-
pabilities. The addition of MoE also further refines the
model’s performance.

5.4. Ablation Study

Analysis on Number of MHCO in Each Stage. Tab. 4
shows the effect of varying the number of MHCO modules
on model performance, computational complexity, and pa-
rameter count. We set the input event stream resolution
to 640x640px and varied the number of MHCO modules
in the third stage. Specifically, increasing the number of
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Table 4. Ablation studies on Number of MHCO in Each Stage.

Number of MHCO | (2,2,6,2) (2,2,12,2) (2,2,18,2) (2,2,24,2)
mAP 52.6 529 529 534
FLOPs 39.3G 56.4G 73.4G 90.5G
Param 36.2M 47.5M 65.1M 70.1IMG

Table 5. Ablation studies on the number of experts.

Number of Expert mAP
1 (DCT) 50.3
2 (DCT+DFT) 52.7
3 (DCT+DFT+HT) 529

MHCO modules had a positive impact on the experimen-
tal results (6 layers: 52.6, 12 layers: 52.9, 18 layers: 52.9,
24 layers: 53.4). While increasing the number of MHCO
modules can improve model accuracy, both FLOPs and the
number of parameters grow significantly, leading to a sub-
stantial rise in computational and storage demands. We
choose the (2, 2, 12, 2) configuration for building the ex-
perimental model to achieve a balance between model accu-
racy and computational efficiency while managing resource
consumption.

Analysis on Number of Expert. In this section, we inves-
tigate the impact of varying the number of experts on the
experimental results. As shown in Tab. 5, we select three
transformations (DCT, DFT, and HT) as the experts. As the
number of experts increases, the mAP gradually improves,
rising from 50.3 with one expert (DCT) to 52.7 with two ex-
perts (DCT + DFT), and further to 52.9 with three experts
(DCT + DFT + HT). This indicates that increasing the num-
ber of experts helps enhance model performance, primarily
because different types of experts provide diverse feature
extraction capabilities. It also demonstrates the effective-
ness of the proposed MHCO module.

Analysis on Different Experts Combinations. Tab. 6
presents an ablation study on the performance of different
frequency transformation combinations. When used indi-
vidually, DFT, DCT, and HT achieve mAP scores of 48.8,
50.3 and 50.6 respectively. Notably, combining two trans-
formations yields consistent improvements, reaching up to
52.7 mAP. The full combination of three experts achieves
optimal performance with 52.9 mAP, 80.4 mAP@50, and
55.9 mAP@75, demonstrating the complementary nature of
these experts.

Analysis on thermal diffusivity k. The Tab. 7 presents
experimental results on different settings for the thermal
diffusivity k, evaluating its impact on model performance
(mAP). The experiment is conducted using a model with
layer configurations of (2, 2, 12, 2). When £ is fixed, the
model achieves the mAP of 48.2. When £ is treated as a
learnable parameter, the mAP increases to 49.1, indicat-
ing that allowing the model to automatically learn k im-

Table 6. Ablation studies on different expert combinations.

NO. | DFT DCT HT | mAP mAP@50 mAP@75
1 v 48.8 71.5 47.6
2 v 50.3 71.9 48.8
3 v | 50.6 78.8 52.8
4 v v 52.7 80.1 55.8
5 v v | 524 80.0 55.1
6 v v | 519 79.6 54.9
7 v v v | 529 80.4 55.9

Table 7. Ablation studies on thermal diffusivity k.

Settings mAP
Fixed k=5 48.2
k as learnable parameter  49.1
Predicting k using FEs 49.7

proves performance to some extent. When k is predicted
using FEs, the mAP further increases to 49.7, achieving the
best performance. Dynamic learning and prediction of ther-
mal diffusivity k, particularly through frequency embed-
ding, significantly improve the model’s accuracy and allow
it to better adapt to frequency feature variations in the input
data.

[Note] More experimental results and visualizations can
be found in our Supplementary Materials due to the lim-
ited space in this paper.

6. Conclusion

In this paper, we introduce a novel approach to event
stream-based object detection, termed MvHeat-DET, which
leverages a MoE-based heat conduction framework for ef-
ficient and interpretable feature extraction. This method
balances performance, efficiency, and interoperability, of-
fering a promising solution to the challenges faced by ex-
isting event-based detectors. Additionally, we propose a
new high-definition dataset, EVDET200K, designed to ad-
vance research in this field by providing a comprehensive
benchmark with diverse object categories and samples. We
conclude by re-training more than 15 state-of-the-art object
detectors on this dataset, paving the way for future advance-
ments in event-based object detection.
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