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Abstract. Event cameras offer high temporal resolution and dynamic
range with minimal motion blur, making them promising for object
detection tasks. While Spiking Neural Networks (SNNs) are a natural
match for event-based sensory data and enable ultra-energy efficient and
low latency inference on neuromorphic hardware, Artificial Neural Net-
works (ANNs) tend to display more stable training dynamics and faster
convergence resulting in greater task performance. Hybrid SNN-ANN ap-
proaches are a promising alternative, enabling to leverage the strengths
of both SNN and ANN architectures. In this work, we introduce the first
Hybrid Attention-based SNN-ANN backbone for object detection using
event cameras. We propose a novel Attention-based SNN-ANN bridge
module to capture sparse spatial and temporal relations from the SNN
layer and convert them into dense feature maps for the ANN part of the
backbone. Experimental results demonstrate that our proposed method
surpasses baseline hybrid and SNN-based approaches by significant mar-
gins, with results comparable to existing ANN-based methods. Extensive
ablation studies confirm the effectiveness of our proposed modules and
architectural choices. These results pave the way toward a hybrid SNN-
ANN architecture that achieves ANN like performance at a drastically
reduced parameter budget. We implemented the SNN blocks on digital
neuromorphic hardware to investigate latency and power consumption
and demonstrate the feasibility of our approach.

1 Introduction

Object detection is a key and challenging problem in computer vision. It aims
to recognize multiple overlapping objects and locate them in precise bounding
boxes. This task has many applications in various fields, such as autonomous
driving [2], medical imaging [27], and surveillance [L1l[45]. Over the past decade,
deep learning has made significant advances in object detection. State-of-the-art
approaches predominantly rely on frame-based cameras which capture frames at
a fixed rate. While frame cameras offer dense intensity information, they often
suffer from limited dynamic range and relatively low frame rates. Novel bio-
inspired vision sensors, such as dynamic vision sensors (DVS), also known as
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event cameras, are emerging as promising alternatives to conventional frame-
based cameras for object detection. Event sensors operate by capturing scenes
asynchronously through pixel-level illumination changes. They offer much lower
latency (10pums) and higher temporal resolution and dynamic range (139 dB
versus 60 dB) thereby drastically reducing motion blur. These properties are
ideal for real world scenarios with low-light conditions and fast-moving objects.
Despite their advantages, event-based object detection remains a relatively new
area of research. Due to the sparse nature and very high temporal resolution of
event-based data, effectively utilizing and efficiently processing the information-
rich signal remains a challenging task in object detection pipelines.

While the fine time resolution of event cameras contains information that
can be leveraged for optical flow and depth estimation, in most applications
domains, the underlying causes of event data are slow compared to the tem-
poral resolution of event sensors [43| (e.g. pedestrians on a street). Thus, we
hypothesize that many practical vision problems can be solved by representing
fast low-level spatio-temporal features in slow spatial features with no or little
temporal resolution.

In this work, we used this hypothesis to create a hybrid SNN-ANN feature
extractor-based architecture which combines the efficient event-driven processing
of spiking neural networks (SNNs) with the powerful learning and representation
capabilities of artificial neural networks (ANNs). For event-based data, many
works rely mainly on well established ANN architectures [4,/17,30,37.44]. ANN-
based processing of event-based data provides reliable performance, but does
not leverage the temporal resolution and sparsity of event-based data. SNNs, on
the other hand, are ideally suited to leverage these properties at very low power
and latency on an event-based neuromorphic hardware chip [3}[7}/36], but remain
less accurate at the task level compared to ANNs. We hypothesise that a hybrid
architecture including SNN and ANN processing would leverage the best of both
approaches. The SNN extracts high temporal resolution low-level features of the
event-based sensor into intermediate features that change on slower timescales
which are then processed by the ANN. ANN processing can occur either on the
edge or with reduced data rates in a cloud setting. By training the network
jointly, the SNN part can leverage backpropagated errors for efficient training
via the surrogate gradient approach [31].

Bridging the transition from the SNN representation to the ANN one while
maintaining the essence of the spatio-temporal features is essential. To achieve
this, we introduce an Attention-based SNN-ANN Bridge module. This module
efficiently captures spatio-temporal spike features and transforms them into a
dense feature map using two key components: Event-Rate Spatial (ERS) atten-
tion and Spatial Aware Temporal (SAT) attention. The SAT attention module
addresses the challenge of sparse event inputs by enhancing the model’s un-
derstanding of irregular structures. It also incorporates temporal attention to
discern temporal relationships within the data. On the other hand, the ERS at-
tention module focuses on highlighting spatial areas by leveraging the activity
of events.
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Related Work

Recent studies have been shedding light on the promising potential of event
cameras in object detection [4,[13}/17,23}|29L/30,34)/34},[35/37,/44]. In the earlier
stages of adopting event cameras, the focus primarily revolved around adapt-
ing existing frame-based feature extractors along with a detection head for ob-
ject detection using event data [4L[17]. In [17], researchers integrated event-based
data into off-the-shelf frame-based object detection networks. They employed an
InceptionNet-based backbone for feature extraction and a single-shot detector
(SSD) for detection [28.|41]. Similarly, [34] utilized a frame-based object detec-
tion model called RetinaNet, which incorporates a spatial pooling-based feature
extractor [25]| along with a detection head, applied to event data. Additionally,
methods such as [13]23//34] have incorporated recurrent neural networks (RNNs)
as feature extractors for event data. ANN-based methods struggle to effectively
utilize the temporal resolution and sparsity inherent in event-based data. [30] in-
troduced sparse convolution as a method for event feature extraction. To address
the challenges of efficiently extracting spatiotemporal features, [37] investigates
the usability of a graph neural network-based approach as a feature extractor.
Recently, SNN-based methods have become popular for event data processing
due to their spike-based working principle, similar to event cameras, which en-
ables efficient processing.

Research conducted by [5] and [40] showcases the effective utilization of SNNs
in object detection tasks. Specifically, [5] and [40] delve into assessing the per-
formance of converting widely-used ANN-based backbone architectures such as
SqueezeNet 18], VGG [38|, MobileNet [15], DenseNet [16], and ResNet [14] into
SNN architecture for event-based object detection. Nonetheless, optimizing in-
termediate and high-level features for detection with SNNs results in a significant
drop in accuracy.

Recognizing the distinct advantages offered by both SNNs and ANNs, re-
searchers have explored merging these networks into hybrid architectures. By
leveraging the complementary strengths of each, these hybrid networks show
promise for simpler tasks. However, the bridge between SNNs and ANNS is still
overlooked to harness the best of both worlds [20122)22//24]. Moreover, the full ex-
tent of their capabilities remains largely unexplored, especially in tackling state-
of-the-art benchmark vision tasks, such as object detection on popular datasets
like Genl Automotive Detection dataset [8] and Gend Automotive Detection
dataset [34].

In this paper, we addressed these problems by proposing an attention-based
SNN-ANN hybrid backbone model and reporting its performance on state-of-the-
art benchmark object detection datasets. Additionally, we implemented the SNN
blocks in neuromorphic hardware to demonstrate the feasibility of our approach.
The contributions of our work can be summarized as follows:

— A novel hybrid backbone-based event object detection model. To the best
of our knowledge, this is the first work to propose a hybrid object detection
approach for benchmark object detection task;
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— An Attention-based SNN-ANN Bridge module featuring novel Event-Rate
Spatial (ERS) attention and Spatial Aware Temporal (SAT) attention mech-
anisms. These mechanisms effectively bridge the SNN and ANN backbone
layers;

— Implementation of the SNN blocks on digital neuromorphic hardware to
validate its performance and efficiency;

— Evaluation using the publicly available benchmark datasets: Genl Automo-
tive Detection dataset 8] and Gend Automotive Detection dataset |34]. The
experimental results reveal that the proposed method outperforms the SNN-
based methods while showing comparable results with the ANN-based event
object detection methods.

2 Hybrid Event-based Object Detection Network

The overall hybrid network (Fig. 1)) comprises two key components: an attention-
based hybrid backbone designed to extract spatio-temporal features, and detec-
tion heads tasked with identifying objects. In the following section, we will delve
into the details of the core components of the network.
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Fig. 1: Overall architecture composed of a hybrid backbone, featuring SNN blocks,
attention based brdige module, and ANN blocks, and an object detection head.

Event Representation An event is represented as e,, = (Zn, Yn, tn, Pn), Where
(Zn,yn) is the pixel location, ¢, is the time, and p,, is polarity which indicates
the change in light intensity (i.e., positive or negative). The event data is pre-
processed to convert it into a time-space tensor format. Following [13], we start
by creating a 4D tensor E;, € RT*2XHXW where T represents number of time
discretization steps, 2 denotes polarity features which contain the count of pos-
itive and negative events in each discretized time step, and H and W signify
the height and width of the event camera, respectively. Given the event set

E = {e1,ea,...,en}, the event tensor E;, is constructed from the discretized
time variable ¢, = “Z%f“ . TJ as follows:
Ein(t,p,2,y) = Y 6 (0—pn)6 (€ = 2n,y —yn) 6 (t— 1) (1)

en€E
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Attention-based Hybrid Backbone The proposed hybrid backbone archi-
tecture, as shown in Fig.[I] consists of three fundamental components: a low-level
spatio-temporal feature extractor fg,,, an ANN-based high-level spatial feature
extractor funn, and a novel Attention-based SNN-ANN Bridge (ASAB) module
Basab-

The first module, denoted as fspn, is an event-level feature extractor oper-
ating in the spatio-temporal domain and constits of multiple SNN blocks. Each
block follows a structured sequence of operations: strided convolution, batch
normalization [19|, and Parametric Leaky Integration and Fire (PLIF) spik-
ing neuron |10]. The neural dynamics of PILF with trainable time constant
7 = sigmoid(w) ™! given input X[t] can be expressed as follows:

VI = VIt~ 1]+ (X[~ (VT ~ 1] = Vrcaer). 2)

The fsnn module receives E;;, as its input and generates events Egpike = fsnn(Ein) €
RT*COxH'xW'  Ag SNNs operate on a faster timescale and utilize sparse repre-
sentations while ANNs feature dense representations, efficiently translating the
valuable spatio-temporal binary spike information into dense representations is
essential for obtaining effective outputs from the ANN layers. To achieve this
translation, the information-rich Egy;. is subsequently fed into a proposed £,sqb
module, which plays a pivotal role for the seamless integration of SNNs with
ANNSs. The binary spike events Egp;,e are converted into dense, non-binary fea-
tures while preserving spatial and temporal information in the form of spatial
feature maps. The output of B,sqp is represented by Four = Basab(Espike), with
dimensions C' x H’ x W' which is compatible with traditional 2D convolution-
based networks, allowing for smooth processing and integration of information
across both spatial and temporal dimensions. The attention module is further
described in Sec. 211

The third component, f,,.n, extracts high-level spatial features using mul-
tiple ANN blocks with standard ANN components. Each ANN block consists
of strided convolution operations, normalization [1,[19], and ReLU activation
functions, enabling the extraction of detailed high-level spatial features from the
densely encoded F,,;. The resulting outputs from the ANN blocks are then fed
to the detection head for the final object detection output. More details about
the architecture are provided in the supplementary material.

2.1 Attention-based SNN-ANN Bridge Module

The bridge module S, comprises two attention modules: i) Spatial-aware Tem-
poral (SAT) attention and ii) Event-Rate Spatial (ERS) attention. The SAT
attention module dynamically captures local spatial-context within the irregu-
lar spatial spike-structure to uncover temporal relations. Meanwhile, the ERS
attention submodule focuses on attending to spatial areas utilizing the spatial
event activities. Below, we explain these two submodules.
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Spatial-aware Temporal (SAT) Attention The SAT attention contains
three crucial operations: i) Channel-wise Temporal Grouping to group relevant
features from different time dimensions, ii) Time-wise Separable Deformable
Convolution (TSDC) denoted as @54, for capturing channel-independent local
spatial context from sparse spike features, and iii) Temporal attention module
@,,, which uses local spatial context features to extract temporal relations in or-
der to accumulate and translate temporal information into spatial information.

Cy
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Fig. 2: Toy examples: Fig. illustrates the channel-wise temporal grouping operation.
In Fig. deformed kernels highlighted in red are compared with a regular grid marked
in green. For visualization, a 2 X 2 kernel is shown as an example.

Channel-wise Temporal Grouping: Consider a scenario where two objects are
moving in different directions within a scene. Since event cameras detect changes
in light intensity, most events captured by the event camera in this scenario will
be triggered by the edges of these objects. Additionally, due to their movements
over time, there will be spatial shifting, as illustrated in Fig. denoted as S*!
and S*2. To extract low-level features from these events, a feature extractor sim-
ilar to fsnn processes the spatio-temporal spikes Ei,,, learning various features
such as edges and structures across multiple channels. For illustration, consider
two moving features: one round and another lightning-shaped features, as shown
in the figure. We would like to group together events that are produced by one
object. This can be accomplished by transposing the C' and T dimensions, as
illustrated in Fig. 2a] We call this procedure channel-wise temporal grouping.
Note that the input and the output of the feature extractor from the input are
simplified in the figure for easier understanding.

Time-wise Separable Deformable Convolution: Prior to the attention module, we
apply channel-wise temporal grouping operation to the input data so that each
feature channel is processed separately while capturing spatial and temporal re-
lations. This operation transforms the input spike tensor Egpixe € RT*CxH xW'
into A, € ROXTXH W’
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As shown in Fig. 3] the @44, operation operates on individual channel-wise
temporal groups A;,[c;, ], denoted as A., where i represent channel index.
This operation extracts the local spatial context of the sparse, irregularly shaped
spike features. This can be achieved using a deformed kernel rather than a stan-
dard square grid kernel

One important objective here is to extract spatial properties independently
of the temporal dimensions. We maintain the operation as time-wise separable
to prevent spatial shifts in different time dimensions from obstructing the com-
prehension of specific features’ spatial context. The time-wise separated spatial
context is then passed to the &;, module for further processing to determine the
temporal relation of different time dimensions.

For the implementation of TSDC, we utilize deformable convolution tech-
niques introduced by [6] which adjust sampling points on the standard grid
by dynamically predicting kernel offsets based on input features. During train-
ing, an additional convolutional layer called "offset learning" (refer to Fig. [3]) is
trained to predict these offsets. Moreover, to independently process each tem-
poral dimension, we set the group of deformable convolution kernels equal to
the number of time steps 7. This approach enourages the network to focus on
the spatial context of the data while maintaining temporal relations intact for
further processing.
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Fig. 3: Spatial-aware Temporal Attention.

Temporal Attention: To learn relationships between different time steps, we pass
the local spatial context Ag. = Py5q.(A.) through a temporal attention module.
This module leverages the multi-head softmax self-attention mechanism intro-
duced in [42]. In our case, we apply self-attention along the temporal dimension
to extract temporal relations.

Firstly, we calculate the keys, queries, and values for temporal self-attention
by employing 1 x 1 convolutions, followed by a reshape operation, which we
denote as Ay, A,, and A,, respectively. These operations output tensors of
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shapes RE'W'XT RTXH'W' apq RTXH'W' respectively.
Ay =wi(Ase), Ay="(wy(4se)), Ay = Psi(wy(Ase)) (3)

Where ¥ denotes the reshape operation and w denotes the 1 x 1 convolution
operation. Next, the temporal attention scores denoted as A core € RT*7 are
computed by performing matrix multiplication between A, and Ay, followed by
applying a softmax operation:

A core = softmax (A Ay) . (4)

To obtain the attended temporal features, we modulate the A, by multiplying it
with Ascore, followed by a reshape operation to output Agirengeq € RT*H XW,

Aattended = LD(Alescmﬂe) (5)

Finally, a weighted-sum along the temporal dimension using a 1 x 1 convolution
produces the output A,,[c,:,:] € RE X" This operation effectively combines
the attended temporal features to produce the final output.

Aot € ROxH W'

Spatial-Aware Temporal
Attenton

Sum(dim=T) Sigmoid Hadamard

product

w! S H W few!

Espfikc c ]RTXCXH xW' Smtn c ]R('XH xW Fom c RCXH xW'

Fig. 4: Event-rate Spatial Attention.

Event-rate Spatial Attention In this attention module, we aim to extract
spatial correlation as spatial weights, utilizing dynamic event activity from in-
termediate spikes generated by the fg,, module. To identify active regions,
an Event-rate Spatial Attention mechanism takes the input Egpike, and sums
the time dimension to calculate the event rates S,,:, resulting in a shape of
ROXH'xW'. g . — Z;‘FZI Eopike(t,:,:,:). The S,qe is first normalized using a
sigmoid function to provide a spatial attention score based on the event activity.
This attention score is then utilized as a weight to adjust the output of the SAT
module through a Hadamard product, as visualized in Fig. [4}

Fou: = sigmoid(S,qte) © Aout (6)

The resulting tensor F,,; is then fed into ANN blocks, which are subsequently
utilized to predict the object detection bounding box by a detection head [12].
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3 Experiments

3.1 Setup

Datasets: To conduct the training and evaluation of our network, we utilized two
event-based object detection datasets: Genl Automotive Detection dataset [3]
and Gend Automotive Detection dataset [34]. The Genl and Gend datasets
comprise 39 and 15 hours of event camera recordings at a resolution of 304
x 240 and 720 x 1280, respectively, with bounding box annotations for car,
pedestrian and two-wheeler (Gen4 only) classes.

Implementation Details: The model is implemented in PyTorch [33] and the
SpikingJelly library [9]. The model is trained end-to-end over 50 epochs for the
Gen 1 dataset and 10 epochs for the Gen 4 dataset. The training is performed
using the ADAM optimizer |21] following a OneCycle learning rate schedule [39)
with a linear decay from a maximum learning rate. The kernel size for the @;44.
was set to 5. The training pipeline incorporates data augmentation techniques
such as random horizontal flipping, zooming in, and zooming out, as outlined
in [13]. Event representations for the SNN are constructed from 5 ms bins. During
training, object detections are predicted every 50 ms based on the SNNs output
of the last 10 time bins (50ms). During inference, object detections can be
performed at higher temporal resolution, with the timestep of the SNN setting
the lower bound. For the final detection task, the YOLOX framework [12] is
used, which incorporates the IOU loss, class loss, and regression loss. For Gen
1 dataset, the models are trained with a batch size of 24 and a learning rate
of 2-107%. This training process spans approximately 8 hours and is executed
on four 3090 GPUs. For the Gen 4 dataset, the batch size is set to 8 with a
learning rate of 3.5 - 10~4. The training duration takes around 1.5 days on four
3090 GPUs.

3.2 Comparison Results

Comparison Design To the best of our knowledge, this work presents the first
hybrid object detection model which is implemented in large-scale benchmark
datasets, rendering comparisons to other work challenging. Therefore, we design
our comparison in three setups - (i) comparison with baseline hybrid methods,
(ii) comparison with SNN-based object detection methods, and (iii) comparison
with existing ANN-based methods.

Comparison Design with Baseline Method: A baseline was constructed using
backbone networks similar to the proposed method. For the baseline, a VGG-
11-inspired architecture [38] was adopted to maintain simplicity in the network.
The proposed Attention-based SNN-ANN Bridge module was removed while
keeping the input and detection heads the same as in the proposed network.
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Comparison Design with SNN-based Methods: The proposed hybrid method was
compared against several SNN-based methods, specifically, VGG-11+SDD [5]
, MobileNet-644-SSD [5], DenseNet121-24+SSD |[5|, FP-DAGNet [46], EMS-
RES10 [40], EMS-RES18 [40], and EMS-RES34 [40].

Comparison design with ANN-based methods: The efficacy of the proposed method
was evaluated against ANN-based models, particularly, AEGNN [37], SparseC-
onv [30], Inception + SSD [17], RRC-Events [4], Events-RetinaNet [34] and
E2Vid-RetinaNet [34]. In addition, we provide comparisons with RNN-based
methods such as RED [34],ASTMNet [23],RVT-B [13|,RVT-S [13],RVT-T |13].
Although the performance of the ANN-based models generally outperforms mod-
els with spiking components, this comparison aims to investigate how the pro-
posed hybrid model is comparable to the ANN models.

FEvaluation Procedure: Following the evaluation protocol established in prior
studies [5}13}/34], bounding boxes with a side length of less than 10 pixels and
a diagonal of less than 30 pixels were excluded for the Gen 1 dataset. Addition-
ally, for the Gen 4 dataset, bounding boxes with a side length of less than 20
pixels and a diagonal of less than 60 pixels were eliminated. Furthermore, the
input resolution was reduced to nHD resolution (640x360) for the Gen 4 dataset.
The mean average precision (mAP) [26] is used as the primary evaluation met-
ric to compare the proposed methods’ effectiveness with existing approaches.
Since most methods do not offer open-source code, the reported numbers from
the corresponding papers were used. Tab. [I| presents a comparative analysis with

Table 1: The table presents a comparative analysis of various hybrid models for event-
based object detection using metrics such as mean Average Precision (mAP) at different
Intersection over Union (IoU) thresholds for two benchmark datasets.

Dataset Models Backbone Params mAP(.5) mAP(.5:.05:.95)

Gen 1 Baseline 3.3M 0.53 0.30
Proposed 3.4M 0.61 0.35
Gen 4 Baseline 3.3M 0.47 0.26
Proposed 3.4M 0.50 0.27

baseline methods in event-based object detection. Results show that the baseline
exhibits lower mAP (.5), for instance, scoring 0.53 compared to 0.61 in Genl,
and 0.47 compared to 0.50 in Gen 4. Similarly, concerning mAP (.5:.05:.95), the
baseline shows lower performance, such as 0.30 versus 0.35 in Genl and 0.26 ver-
sus 0.27 in Gen 4 when compared with the proposed methods. Furthermore, the
proposed methods leverage irregular spatial and temporal relationships, along
with event activity (i.e., rate), to discern important regions to focus on, resulting
in overall improvements. The figures Fig. [p|illustrate the visual object detection
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results for Gen 1 and Gen 4 datasets, respectively, in comparison with the base-
line method. These visualizations demonstrate that our proposed method signif-
icantly improves the detection of smaller objects and mitigates false predictions.

(a) Baseline (b) Proposed (C) GT (d) Baseline (e) Proposed (f) GT

Fig. 5: Visual comparison with the baseline hybrid event object detection method for
the Gen 1 dataset(left) and Gen 4 dataset (right). From left to right, (a,d) object
detection output of the baseline method, (b,e) object detection output of the proposed
method, and (c,f) ground-truth (GT) object boundaries.

Table 2: Comparative analysis of various SNN-based models for event-based object
detection on the Genl Automotive Detection dataset .

Models Type Params mAP(.5) mAP(.5:.05:.95)

VGG-11+SDD SNN  13M 037 0.17
MobileNet-64+SSD SNN  24M 0.35 0.15
DenseNetl21—24+SSD SNN  8M 0.38 0.19
FP-DAGNet 46 SNN 22M 048 0.22
EMS-RES10 [40] SNN 6.20M  0.55 0.27
EMS-RES18 [40] SNN 9.34M  0.57 0.29
EMS-RES34 [40] SNN 144M 0.59 0.31
Proposed Hybrid 6.6M 0.61 0.35

Tab. [2] displays the comparison results with various state-of-the-art SNN-
based object detection methods. It is evident from the table that our proposed
method surpasses existing SNN-based methods by significant margins, despite
having fewer parameters. This superiority can be attributed to our method’s in-
corporation of a hybrid feature extraction approach with both spatial and tem-
poral attention modules, which are lacking in other methods. Tab. [3| presents a
comparison of results obtained with ANN-based event object detection models.
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Table 3: Comprehensive evaluation of different ANN-based models for event-based
object detection tasks on the Genl Automotive Detection dataset [8].

Models Type Params mAP(.5:.05:.95)
RED [34] CNN + RNN 24M 0.4
ASTMNet 23] (T)CNN + RNN  100M 0.48
RVT-B [13] Transformer + RNN  19M 0.47
RVT-S [13] Transformer + RNN 10M 0.46
RVT-T |13] Transformer + RNN  4M 0.44
ABGNN [37] GNN 20M 0.16
SparseConv |30] ANN 133M 0.15
Inception + SSD [17] ANN 60M 0.3
RRC-Events [4] ANN 100M 0.31
Events-RetinaNet [34] ANN 33M 0.34
E2Vid-RetinaNet [34] ANN 44M 0.27
Proposed Hybrid 6.6M 0.35

It’s worth noting that many ANN-based approaches feature a higher number
of parameters. Despite incorporating SNN layers in a significant portion of our
backbone, our method achieves comparable results with a smaller number of
parameters. Lastly, RNN based models tend to achieve higher accuracies than
the proposed hybrid network. However, two of the works, RED [34] and ASTM-
Net |23] have substantially larger parameter counts and are therefore expected
perform better. RVT [13| demonstrates good accuracy at a parameter count com-
parable to the proposed hybrid network. It is, however, based on multiple stacked
transformer layers which render the overall architecture more computationally
intensive due to the dynamic activation based matrix multiplications that do not
contribute to the parameter count. Additionally, transformer architectures are
not as straightforward to deploy on energy efficient edge computing hardware,
especially neuromorphic hardware. Compared to the proposed hybrid network
that is trained on 50 ms blocks, RVT has access to much longer sequences (15s)
which is hard to achieve for SNN training due to the finer grained timesteps.

3.3 Ablation Study

We performed extensive ablation studies regarding various components of the
proposed ASAB module and the number of SNN and ANN blocks.

Effect of ASAB module We constructed four variants of the proposed net-
work, each with specific modifications. Variant 1, lacking the ¥y, operation, con-
sistently underperforms, indicating the importance of capturing temporal rela-
tions. In Variant 2, deformable sampling is replaced with standard grid sampling,
resulting in reduced accuracy due to the inability to deform and extract superior
spatial context. Variant 3, without the ERS module, experiences lower accuracy
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Table 4: Ablation study for ASAB module.

Models mAP(.5) mAP(.5:.05:.95)
Variant 1(w/o - $ta) 0.57 0.33
Variant 2 (w/o deform) 0.59 0.34
Variant 3 (w/o - ESA)  0.59 0.34
Variant 4 (Proposed)  0.61 0.35

due to the absence of spatial attention. Consequently, Variant 4, which incor-
porates all proposed modules, demonstrates superior performance compared to
the other variants.

Effect of number of SNN blocks Three network variants were examined
to assess the impact of different SNN and ANN layer numbers in the proposed
architecture. The feature extractor comprised eight layers. Variant 1 decreased
SNN layers and increased ANN layers in the 3 — 4 setup, resulting in a slight
performance boost with mAP(0.75) rising from 0.34 to 0.35. Variant 3, increasing
SNN layers in the 5 — 3 setup, led to reduced accuracy across all metrics due
to fewer ANN layers to extract high-level features. Variant 2, utilizing the 4 — 4
setting, balanced between the two, achieving comparable accuracy to Variant 1
with reduced computational overhead from additional ANN blocks. Hence, this
configuration was adopted for all subsequent experiments.

Table 5: Ablation study for different settings of the number of SNN and ANN blocks.
SNN - ANN represents the number of SNN and ANN blocks in the network.

Models SNN - ANN mAP(.5) mAP(.75) mAP(.5:.05:.95)
Variant 1 3-5 0.61 0.35 0.35
Variant 2(proposed) 4-4 0.61 0.34 0.35
Variant 3 5-3 0.58 0.33 0.33

3.4 Energy Efficiency and Hardware Implementation

In order to demonstrate the suitability of the chosen hybrid SNN-ANN approach
for energy-efficient inference on the edge, we implemented the SNN backbone in
hardware. In the proposed architecture the SNN block transforms sensor data
into intermediate representations and therefore underlies the strictest latency
requirements. Due to the clear separation between SNN and ANN parts in the
model’s architecture, the SNN blocks can be implemented in specialized hard-
ware. As hardware, we chose Intel’s Loihi 2 [7], a digital, programmable chip
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based on event-based communication and computation. Only minor adjustments
are necessary for execution on Loihi 2: The kernel-weights of the convolutional
layers are quantized to int8 via a per-output-channel quantization scheme show-
ing no resulting loss in accuracy (mAP(.5): 0.348 (float16) vs 0.349 (int8);
mAP(.5:.05:.95): 0.613 (float16) vs 0.612 (int8)). The batchnorm (BN) opera-
tions and quantization scaling are fused into the LIF-neuron dynamics by scaling
and shifting the inputs according to Equations [7] and [8}

(scale Vv'(aightBN (7)

T v/ Vargn + €N

shift = (biascony — meanpy)

scale =

weightpy biasgn
_|_
T v/ Vargn + €N T

where ¢gcale is the scaling factor introduced by the quantization and 7 is the
PLIF neurons time constant. Given this approach, spike times are almost ex-
actly reproduced on Loihi 2 compared to the PyTorch int8 implementation.
For benchmarking purposes, the inputs to the network are simulated with an
additional neuron population, due to the current IO limitations of the chip. This
approach reproduces spiking statistics in the input and SNN layers.

We report power and time measurement results of the 4-layer SNN block run-
ning on Loihi 2 for inputs of size (2, 256, 160). The network runs at (1.7 £0.1) W
and (1.9 & 0.8) ms per step, which is faster than real-time in the currently cho-
sen architecture (5ms per step). These results compare favorably to commer-
cially available chips for edge computing like the NVIDIA Jetson Orin Nano
(TW—15W) [32] and demonstrate the suitability of an SNN backbone for event-
based data processing.

(8)

4 Conclusion

In this work, a hybrid attention-based SNN-ANN backbone for object detection
using event cameras is introduced. A novel attention-based SNN-ANN bridge
module is proposed to capture sparse spatial and temporal relations from the
SNN layer and convert them into dense feature maps for the ANN part of the
backbone. Experimental results demonstrate that our proposed method sur-
passes baseline hybrid and SNN-based approaches by significant margins, with
results comparable to existing ANN-based methods. The efficacy of our proposed
modules and architectural choices is confirmed through extensive ablation stud-
ies. Additionally, we demonstrate the effectiveness of our architectural choice
with separate SNN and ANN blocks by implementing the SNN blocks on digital
neuromorphic hardware, Intel’s Loihi 2. The implementation achieves sub-real-
time processing and improved power consumption compared to commercially
available edge computing hardware. The achieved accuracy and hardware im-
plementation results pave the way toward a hybrid SNN-ANN architecture that
achieves ANN-like performance at a drastically reduced parameter and power
budget.
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Abstract. Event cameras offer high temporal resolution and dynamic
range with minimal motion blur, making them promising for object
detection tasks. While Spiking Neural Networks (SNNs) are a natural
match for event-based sensory data and enable ultra-energy efficient and
low latency inference on neuromorphic hardware, Artificial Neural Net-
works (ANNs) tend to display more stable training dynamics and faster
convergence resulting in greater task performance. Hybrid SNN-ANN ap-
proaches are a promising alternative, enabling to leverage the strengths
of both SNN and ANN architectures. In this work, we introduce the first
Hybrid Attention-based SNN-ANN backbone for object detection using
event cameras. We propose a novel Attention-based SNN-ANN bridge
module to capture sparse spatial and temporal relations from the SNN
layer and convert them into dense feature maps for the ANN part of the
backbone. Experimental results demonstrate that our proposed method
surpasses baseline hybrid and SNN-based approaches by significant mar-
gins, with results comparable to existing ANN-based methods. Extensive
ablation studies confirm the effectiveness of our proposed modules and
architectural choices. These results pave the way toward a hybrid SNN-
ANN architecture that achieves ANN-like performance at a drastically
reduced parameter budget. We implemented the SNN blocks on digital
neuromorphic hardware to investigate latency and power consumption
and demonstrate the feasibility of our approach.

1 Supplementary Details

The supplementary material accompanies the manuscript titled "A Hybrid SNN-
ANN Network for Event-based Object Detection with Spatial and Temporal
Attention" and includes the architecture details of the proposed hybrid backbone
network as well as hardware performance details.

1.1 Network Architecture

Tab. 1 displays the network architecture of the proposed hybrid backbone. Addi-
tionally, Fig. 1 illustrates the basic SNN and ANN blocks. For better understand-
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ing, we have also included an additional figure (Fig. 2) to clarify the channel-wise
temporal grouping operation from Spatial-aware Temporal attention, where sim-
ilar features from different time dimensions are grouped.

Parametric-
Leaky-
Integrate-and-
Fire-Spiking-
Neuron

ReLU

Conv k x k, stride s
Normalization

«
L7

= £
= =
“ It
< 3
= S
N £
= 5
5 z
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SNN Block ANN Block

Fig. 1: Basic SNN and ANN blocks.

Table 1: Hybrid backbone architecture, where the kernel XcKpZsS represents X
convolution filters of size K x K with padding Z and stride S.

Layer Kernel Output Dimensions Layer Type

Input - Tx2xHxW
1 64c3pls2 Tx64x 1H x W

256¢3pls2 256 x 1—16H X %W ANN Layers
256¢3plsl 256 x %b.H X %6W
256¢3pls2 256 X 35 H x 5z W

Detection Head YoloX (2]

2 128c3pls2 T x128x tH x W  SNN Layers
3 256c3pls2 T x 256 x s H x tW

4 256c3plsl T x 256 x tH x ¢W

5 - 256 x $H x gW Basab

6 256c3plsl 256 x s H x W

7

8

9

1.2 Hardware Implementation

This section provides more performace details on the hardware implementation
of the spiking layers of the backbone on a digital neuromorphic chip, Intel’s Loihi
2 [1]. In Tab. 3, we present the Power and time measurements of the SNN block
on Loihi 2 for various input sizes, each tested with different weight quantization
settings.
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Fig. 2: Visualization of channel-wise temporal grouping.

Table 2: This table shows the effects of accuracy due to the quantization of the weights
for the SNN blocks, aimed at making them compatible with neuromorphic hardware.

Models mAP(.5) mAP(.5:.05:.95)
Variant 1 (float16) 0.613 0.348
Variant 2 (int8)  0.612 0.349
Variant 3 (int6)  0.612 0.348
Variant 4 (int4)  0.610 0.347
Variant 5 (int2)  0.432 0.224
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Table 3: Power and time measurements of the SNN block on Loihi 2 for several input
sizes and number of weight bits. The power is measured in Watts and the execution
time per step in milliseconds. The mean and standard deviation of the measurements
averaged over 12 inputs for a total of 100k steps are reported.

Input size Weight Number Execution Time
o ) Total Power [W]

(C,W,H) qunatization of chips Per Step [ms]
int8 6 1.73 + 0.10 2.06 + 0.74
(2, 256, 160) int6 6 1.71 £ 0.11 2.06 4+ 0.74
int4 6 1.95 + 0.33 1.16 + 0.49
int8 4 1.51 £+ 0.56 0.80 £ 0.32
(2, 128, 160) int6 4 1.81 + 0.48 0.45 4+ 0.18
int4 3 1.39 + 0.44 0.49 4+ 0.18
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