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Abstract— Event cameras are gaining popularity due to their
unique properties, such as their low latency and high dynamic
range. One task where these benefits can be crucial is real-
time object detection. However, RGB detectors still outperform
event-based detectors due to the sparsity of the event data
and missing visual details. In this paper, we propose a cross-
modality feature distillation method that can focus on regions
where the knowledge distillation works best to shrink the
detection performance gap between these two modalities. We
achieve this by using an object-centric slot attention mechanism
that can iteratively decouple feature maps into object-centric
features and corresponding pixel-features used for distillation.
We evaluate our novel distillation approach on a synthetic
and a real event dataset with aligned grayscale images as a
teacher modality. We show that object-centric distillation allows
to significantly improve the performance of the event-based
student object detector, nearly halving the performance gap
with respect to the teacher.

I. INTRODUCTION

Event cameras asynchronously measure brightness
changes at independent pixel [12], which stands in contrast
to standard cameras that measure the brightness within
a fixed time interval. These two measurement principles
result in two sensors with different characteristics and
advantages. Event cameras due to their asynchronous nature
have sub-millisecond latency, no motion blur, and a high
dynamic range (up to 140dB) [12]. In contrast, regular
cameras can measure the absolute intensity information,
resulting in richer more detailed images. Given how close
the two modalities are in their representation, both are
based on pixels, the question naturally arises, how can we
leverage one modality to improve the other?

In this paper, we study the task of object detection with
event cameras [36]. This is a task where the low latency
of event cameras can help with fast moving objects, which
helps to drastically improve reaction times in safety critical
tasks such as autonomous driving. However, object detection
with event cameras also has disadvantages, first, datasets for
event camera based detection [36] are not as mature as those
for frame based cameras [2], [17], [31], [42]. Second, the
missing global illumination information results in inferior
appearance features. Given these two disadvantages, frame
based detectors generally perform better than event based
detectors. To reduce this performance gap and maintain
the property of event cameras, we investigate how cross-
modal knowledge distillation during training can help to
improve event-based detectors. We will show that this results
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Fig. 1: Visualization of the spatial heat maps of the largest
scale FPN feature in the YOLOX detector [13] using
grayscale image and event frame as inputs. With our dis-
tillation model, foreground features are enhanced and back-
ground noise (lane markings) is weakened.

in increased performance without the need for frame-based
information at inference time.

Knowledge distillation [21] is one of the most common
tools to transfer knowledge between models. However, this
is often done from a heavy to a lighter model [10], [19],
[21], [25], [35], [47], [48]. We are interested in transferring
knowledge between input modalities, which comes with its
own set of challenges [7], [9], [22]. For cross modality
knowledge distillation from event to frame cameras the main
issue is that the event data is much sparser, thus it does not
help to distill the information of the whole image but we
propose to rather focus on the foreground objects that should
be detected. The reason to focus on foreground objects can
be directly understood when investigating the differences
between the features generated from a detector using either
events or image frames, shown as a heatmap in Fig. 1. It is
clearly visible that event frames and grayscale images exhibit
different pixel-level reactions. In event frames, objects appear
as boundaries which is harder to distinguish from the back-
ground, while in RGB/grayscale images, they are displayed
as shapes and textures. Thus, to distillate features between
event frames and images, it is important to avoid to imitating
the whole teacher’s features directly at the pixel level. An
additional problem is that due to the ego-motion, background
areas can trigger a large number of events, additionally
complicating the distillation of background regions.

Thus, to get the best features to distill, we propose a
novel distillation approach that uses slot attention [32] to
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iteratively decouple feature maps into object-centric features
and corresponding pixel features that allows to best distill
the knowledge from the frame based teacher to the event
based student. Our algorithm aligns the Feature Pyramid
Network [30] (FPN) output features between the student
and the teacher and is thus applicable to a large number
of modern detection algorithms. We show that our algorithm
helps both one-stage (YOLOX [13]) and two-stage detectors
(Faster R-CNN [40]).

In summary, our contributions are threefold. First, we
propose a novel slot attention based feature distillation
algorithm that can iteratively decouple feature maps into
object-centric features and corresponding pixel features for
distillation. Second, we show that the attention matrices
from the slot attention mechanism can be used as learning
based mask for attention aided feature alignment and that
considering the relation information between object-centric
features can be exploited during distillation. Third, we show
that the proposed distillation algorithm allows for improving
the performance of event based detection algorithms, halving
the performance gap to grayscale detectors.

II. RELATED WORK
A. Object Detection

The addition of deep neural networks has significantly
improved object detection over the last decade. Modern
detectors are broadly classified into one-stage and two-stage
detectors. One-stage detectors [13], [26], [37]-[39], [52] gen-
erate predictions directly on the feature map and generally
come with the advantage of faster run times. In contrast, two-
stage detectors [3], [40] typically employ a region proposal
network to generate coarse object bounding boxes, which are
then refined in a second stage. Recently, major advances in
object detection have focused on anchor-free detectors [13],
[26], [52], label assignment strategies [50] and end-to-end
detectors [4].

In the sub-field of real-time detection, the engineering-
heavy YOLO family [1], [13], [27], [39] integrates recent
advancements in detection technologies, always seeking the
best speed and accuracy trade-offs for real-time applications.
Due to the low latency of event cameras, these types of
detectors are of special interest, as they allow to generate
very high rate predictions if combined with asynchronous
event cameras. In this paper, we utilize YOLOX [13], which
uses an anchor-free detection head and a sophisticated label
assignment strategy.

By using a standard detector based on a Convolutional
Neural Network (CNN), we follow the most common ap-
proach for event based object detection [6], [16], [24], [36].
Identical to ours, the idea is to first represent the event stream
as a dense “frame”, which then can be processed by a CNN.
These methods are often coupled with recurrent network
architectures [16], [28], [36] to deal with the sparse event
data. An alternative approach to dense CNNG, is to process
the events asynchronously using Graph Neural Networks
(GNN) to achieve incremental detection [14], [29], [41],
which is more aligned with the characteristics of event

cameras. However, comes with limitations and normally
requires a heavy downsampling of the event stream, thereby
losing crucial information.

B. Knowledge Distillation for Object Detection

In recent years, knowledge distillation has been shown to
be an effective approach for reducing the complexity of ob-
ject detection models while maintaining high accuracy. It is
usually classified into three types, response distillation [21],
feature distillation [10], [19], [25], [47], [48], and label
assignment distillation [35]. Response distillation [21], [51]
uses the final response distribution of the teacher model as
soft labels for the student. Label assignment distillation [35]
leverages the teacher model to generate label assignments for
the student. Most distillation methods perform feature distil-
lation, which works directly on feature maps. Defeat [19]
highlights the importance of region selection for distillation.
ICD [25] proposes a learnable conditional decoding module
that uses each object instance as a query to distill the
feature map with dot-product attention FGD [47] focuses on
balancing foreground and background objects in spatial and
channel-wise feature spaces. MGD [48] utilizes a masked
auto-encoder to align the feature space between the student
and teacher.

Different from classical knowledge distillation for object
detection, there exists a significant domain gap between
grayscale images and event frames, making it challenging
to directly distill information between these two modalities.
Intuitively, high-level knowledge, such as object information,
has the potential to alleviate the modality gap between
grayscale images and event frames. To bridge the modal-
ity gap, recent studies have explored single-image-to-event
translation techniques for feature representation [33], [45],
segmentation [43], and pre-training [46]. These studies have
shown that task performance on events can be significantly
improved by leveraging information from grayscale images.
However, the use of direct image-to-event translation for
object detection tasks has not been extensively investigated.
In contrast, cross-modality knowledge distillation has been
utilized in other modalities to transfer knowledge, such as
between RGB images and pseudo depth maps [9], and
between RGB images and point clouds [7], [22]. Note that
these methods have similar data requirements to ours as they
need aligned cross-modal data during training but only use
the student modality at inference.

III. METHOD
A. Overview

Our cross-modality feature distillation pipeline consists of
two main blocks, pixel-feature distillation, and object-feature
distillation, which are illustrated in Fig. 2. Specifically,
our approach distills knowledge from the Feature Pyramid
Network [30] (FPN) output features, which enables us to
apply the approach to both one-stage and two-stage detectors.
Our method generates teacher features by passing grayscale
images through a fully trained and frozen detection network.
Meanwhile, our student model takes event voxel girds [12]
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Fig. 2: Framework overview. Our distillation model comprises two components: pixel-feature distillation and object feature
distillation. The auxiliary task module is not drawn in the pixel-feature distillation.

as input but otherwise uses an identical neural network. In
the following sections, we will discuss each module in more
detail and conclude with the combined loss function.
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Fig. 3: An illustration of the slot attention module in the t-th
iteration.

B. Input Representations

Given the asynchronous event stream e; =
{(zi,yi, pi, t:)}Y_,, which consists of the z and y
pixel locations, {—1,1} polarity and time step respectively.
Our method takes a time window of duration At and
represents the event stream into a voxel grid representation
following the approach in [54]. The resulting voxel grid
has a size of B x H x W, where B is the number of
temporal bins, and H and W are the height and width of
the event frame, respectively. We also normalize the voxel
grid values to the range [0, 1] after clipping the pixel values
to a fixed range to ensure a consistent input representation.
The advantage of this event representation is that it can be
efficiently implemented with a rolling buffer for real-time
applications. As for the teacher network input, we use
grayscale images to avoid introducing further differences
between the two modalities since events are also grayscale.

C. Object-centric Feature Extraction

To learn well-suited object-centric features, we use slot
attention [32]. The slot attention allows us to formulate an

object-centric approach, with one slot feature per object. This
idea is closely related to our task, where we try to find
features of object instances (distinct entities) that align well
across modalities. Besides, this module tolerates minor align-
ment discrepancies between modalities, enhancing method
robustness.

As illustrated in Fig. 3, the input to the slot attention
module is the FPN feature F', which is augmented with a
positional embedding and then flattened into vectors. The
resulting feature vector is denoted as F, with shape of
HW x D. The second set of inputs consists of the initial
query vectors, (g, derived from the features at L object
center locations to enhance the efficiency of iterative updates.
Each query vector is D-dimensional, resulting in Q¢ €
RLXD_

At the t-th step, the query ¢—; € RIXP key K €
RAWXD “and value V € RTWXD are generated via three
distinct linear transformations,

Qtfletfl'WQ7 K:FWK, V:F'WV, (1)

where W&, WK, WV ¢ RP*P_ Given the key, query,
and value, we compute the output of the module using an
attention update. Slot attention coefficients are normalized
across the slot dimension [32]. This fosters competition
among object slots for explaining different input segments,
and also allows the computation of the attention matrix,

eMi-y K- QtT—l
e VD
where attn € R¥W XL The input values and corresponding
query vectors are aggregated based on their co-attention
weights, calculated as a weighted mean,

U=A"-V, with A,;=

with M = 2)

attn; g =

attni, j
> attnl, j’

where U € RIL*P. In the final step 7, the query slots
;1 are updated with a Gated Recurrent Unit [8] (GRU)
to generate the input slot query for the next step @Q; =
GRU(Q;-1, ).

3)
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D. Pixel Feature Distillation

Coarse-level Feature Alignment. To alleviate the modality
gap between grayscale images and event frames, we first
introduce a shallow network G. that maps student features
FS to an intermediate latent space F'°. Mapping the student
feature to the latent space forces the student model to adapt to
the coarse feature distribution of the teacher. All distillations
are performed between the newly mapped student feature F'°
and the teacher feature F7 .

A"S

|

FS—> ®—> Fine-level Alignment AT

|

FT ————— Element Square Error _’®_’Lattn

Fig. 4: An illustration of the attention-aided fine-level feature
alignment module.

Attention-aided Fine-level Feature Alignment. During the
slot attention module, the attention maps of the teacher and
the student attn” and attnS, learned to focus on the important
region of the corresponding objects by interacting with the
slot features. Thus, they contain crucial spatial information
about the importance of the feature map for all objects.
Technically, our attention-aided fine feature alignment mod-
ule takes the latest attention maps and reshapes them into
attention matrices for each object, .AZ-T and .A5 , wWhere the
subscript ¢ refers to the ith object. These attention matrices
are then used to mask the FPN feature maps F° and F7.

As illustrated in Fig. 4, we first mask the student’s feature
map using the student attention map,
S— AF O FS. 4)

Where © is the Hadamard product, and the output is a
masked feature map per object. “hat” denotes the gradient
detach. Given the masked student feature, we pass them
through a fine-level feature alignment module Gy, which is
similar to [48]. Given this refined masked student feature, we
compute the feature alignment loss with the teacher feature
map using element squared error /... Thus, we can compute
the attention-aided fine feature alignment loss as,

Lun = ZLj (tese (91(F5), FT) @ AT /iAZ O

where the element wise square error is masked with the
teacher’s attention map.

E. Object Feature Distillation

Direct Object-centric Feature Distillation. The slot atten-
tion module generates a slot feature for each ground truth
object for the teacher Q;: , and the student Qq‘sﬂ’i, where the
subscript ¢ refers to the ¢th object. To explicitly encourage
the student model to mimic the teacher at a high level, we
formulate an ¢; loss between the student and teacher slot
feature. Thus, the feature distillation loss can be written as

L
L = 734 (@5.,QF,). ©)

where L is the number of ground truth objects and slot
features, and the “hat” () indicates that the gradient is
stopped, ensuring the student model has cleaner gradients.

Object-centric Relation Distillation. Given that student
features can never be perfectly aligned with teacher features,
exploiting the inter-object relations can further facilitate the
distillation process. Inspired by [23], we construct an affinity
matrix, denoted as M, to represent the relationships be-
tween object-centric features. This affinity matrix quantifies
the similarity between each pair of object-centric features.
Specifically, the entry of the affinity matrix is calculated as
follows

Qm' - Qn
1Qmlly - 1Qnlly

where m, n denote the m-th and n-th object-centric features,
respectively. To encourage the student model to learn the
teacher’s inter-object relationships, we apply a Mean Square
Error (MSE) loss between the student’s affinity matrix, MS,
and the teacher’s affinity matrix, M7,

Lt = e (M5, M) . ®)

M(m,n) = (7

Auxiliary Task. The slot attention module allows us to
generate both informative slot features and attention maps
that are the core building blocks of our distillation approach.
However, the distillation module risks converging to trivial
solutions due to the under-constrained teacher’s slot feature.
To avoid this issue, we introduce two auxiliary tasks to
keep the teacher’s slot feature informative [25]. We use
a classification task that is supervised using Binary Cross
Entropy (BCE) and a bounding box size regression task that
is supervised by an L1 loss, resulting in the following cost
function,

Zzbc& cl. o)+ Zel B].B"), (9

aux =
where C9 and B9 denotes ground-truth classification and

bounding box center location. C/ and B] are the outputs
of the auxiliary MLP, gaux(QT).

F. Overall Loss
The total loss of the student model can be written as

Ltotal = Ldet + A1Lfealt + >\2Latm + A3-[/aff + )\4Laux ) (10)

where Lge is the original detection loss of the student and
{A1, A2, A3, A4} are hyperparameters to balance the losses.

IV. EXPERIMENTS
A. Dataset Setting

We evaluate our method on two datasets. The first is a
synthetic dataset generated with the CARLA Simulator [11],
recorded across seven CARLA towns under good weather
conditions, with one town designated for the validation
sequence. This CARLA dataset comprises 29,600 labeled
frames, and contains three classes: vehicle, pedestrian, and
two-wheeler. The second dataset is the real-world event
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dataset DSEC [15]. We generate bounding boxes by anno-
tating the RGB images using Cascade-Faster R-CNN [3],
trained on BDD100k [49]. The RGB detection results are
then projected to the event camera using a mean depth
assumption, which works well due to the small baseline
between the cameras. Similarly, to align images between the
two modalities, we warp the RGB images to the event camera
given a mean depth. Note that we label the DSEC training
split, which consists of 53 driving sequences, and use a
subset of 5 sequences as a validation set. The resulting DSEC
dataset has 52,645 labeled frames and contains seven classes:
pedestrian, rider, car, truck, bus, bicycle, and motorcycle.

Note that for other real-world datasets, a similar approach
can be used to align the RGB and event data, as long as
the event and RGB cameras are mounted close to each
other. This dataset requirement is fulfilled for a large number
of existing event datasets [5], [15], [34], [44], [53], which
contain both RGB and event data.

B. Implementation Details

We use a normalized voxel gird as our input representa-
tion, in the case of CARLA we use a time window of At =
50ms with B = 5 temporal bins. For DSEC we use a larger
temporal window of At = 100ms with B = 10 temporal
bins, thus in both cases each temporal bin contains 10ms of
event data. In our distillation module, G, consists of two 3 x 3
convolutional layers with ReLU activation, G; comprises
three 3 x 3 convolutional layers with ReLU activation, and
Gaux includes four-layered MLPs. The positional embedding
in the slot attention module is learned through two-layer
MLPs with FPN features F' as inputs. We set T = 3 iterations
for the slot attention module.

For our baseline detector, we use YOLOX [13], a fast one-
stage anchor-free detector, since it well represents modern
real-time detectors [1], [13], [27], [39]. Furthermore, to show
that our distillation approach generalizes to other detector
architectures, we use Faster R-CNN [18] which is an anchor-
based two-stage detector. For YOLOX, we use the “small”
version, which uses 9M parameters and achieves run times
of below 10ms in PyTorch eager mode and less than 2ms
using TensorRT on an Nvidia 3090. This allows for real-time
inference using a rolling buffer in our event representation
with time bins of 10ms. For Faster R-CNN we use a ResNet-
50 [20] as backbone.

The set of A in Eq. 10 is set to {0.1,1.0,0.002,1.0}
for YOLOX and {0.01,0.1,0.0002,0.1} for Faster R-CNN.
All detectors are trained using SGD for 60 epochs, with
a momentum of 0.937 and a weight decay of 0.0005, and
initialized with COCO pre-trained model weights. A cosine
learning rate schedule with a 5-epoch warm-up period is
utilized, and a learning rate of 0.000075 per sample in the
batch is applied. The batch size is set to 32 for YOLOX and
16 for Faster R-CNN. Our data augmentation strategy, which
includes random horizontal flips, and contrast and brightness
changes, is consistently applied to both images and event
frames. All experiments are performed on a single Nvidia
RTX 3090 GPU.

TABLE I: Comparison with SOTA methods on the CARLA
val set. T denotes without response distillation.

Method mAP APs5q APr5
YOLOX-S (Teacher-GS) 59.6 81.1 70.8
YOLOX-S (Student-Event) 53.8 72.6 58.4
+ ICD [25] 53.1 (-0.7) 73.7 60.5
+ FGD [47] 53.8 (+0.0) 759 61.2
+ MGD [438] 54.7 (+0.9) 732 60.8
+ MonoDistillt 1001[9] 54.1 (+0.3) 725 61.7
+ Ours 56.4 (+2.6) 764 63.2
Faster R-CNN (Teacher-GS) 49.6 71.6 57.5
Faster R-CNN (Student-Event) | 41.8 63.4 45.7
+ ICD [25] 41.6 (-0.2) 62.0 46.5
+ FGD [47] 427 (+0.9) 64.0 46.4
+ MGD [48] 40.1 (-1.7) 60.7 443
+ MonoDistillf 1001[9] 38.6 (-3.2) 58.8 43.2
+ Ours 44.0 (+2.2) 634 49.5

C. Main Results

We compare our novel cross-modality distillation method
with four state-of-the-art distillation methods for object de-
tection, including three single modality distillation methods,
ICD [25], FGD [47], MGD [48], and one cross-modality
distillation method, MonoDistill [9]. For all methods, we
perform feature distillation on the multi-scale FPN features.
The results of our comparison experiment on the CARLA
dataset are presented in Table I. The majority of the state-
of-the-art methods result in a decrease in the performance
of the student network. However, our distillation method
significantly outperforms the other four methods. The student
detector with our distillation module demonstrates significant
mAP improvement. Our method results in 2.6 mAP and
2.2 mAP improvements on YOLOX and Faster R-CNN,
respectively. When comparing this to the grayscale teacher
model, our distillation method is able to nearly half the
performance gap to the teacher model.

TABLE II: Comparison with SOTA methods on the DSEC
val dataset. All student models are updated by Exponential
Moving Average.

Method mAP APs50 APr75
YOLOX-S (Teacher-GS) 47.5 65.7 53.3
YOLOX-S (Student-Event) 27.4 42.9 29.0
+ ICD [25] 28.1 (+0.7) 44.6 29.9
+ FGD [47] 29.8 (+2.4) 46.5 31.9
+ MGD [48] 28.8 (+1.4) 459 30.8
+ MonoDistill{ 1001[9] 29.4 (+2.0) 46.3 30.7
+ Ours 30.8 (+3.4) 493 324

In Table II we compare our distillation method on the
DSEC dataset. In the case of DSEC, the grayscale teacher
model is clearly better than the event based detector. We
attribute this to the auto-labeling, which potentially misses
objects that are hard to detect in the RGB images, giving
frame based detectors an advantage. When investigating
state-of-art-methods, we can see that distillation is definitely
beneficial for event based detectors, with all methods improv-
ing the detection performance. However, our method results
clearly the largest improvement with an increase of 3.4 mAP.

D. Ablation Studies and Analysis

To evaluate the individual components of our proposed
method, we conduct a series of ablation experiments using
the YOLOX detector on the CARLA dataset.
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TABLE III: Ablation on feature distillation components.

Coarse  Fine+Direct Relation  Auxiliary | mAP  APso  APrs
X X X X 538 726 584
v v X v 553 771  63.0
X v X v 520 731 619
X v X X 379 647 397
4 v v 4 564 764 632

Module Component. To gain a better understanding of our
model component, we conduct ablation studies on the various
components. Starting with a baseline mAP of 53.8 without
distillation, we add a base module comprising of coarse-level
feature alignment, attention-aided fine-level feature align-
ment, direct object-centric feature distillation, and auxiliary
task, resulting in a 1.5 mAP improvement. Removing the
coarse-level feature alignment module from the basic module
causes a significant 3.3 mAP drop in performance, demon-
strating the crucial role of this module in aligning event and
grayscale features. Furthermore, removing the auxiliary task
causes the model’s performance to drop drastically to 37.9
mAP, indicating that without the auxiliary task, our object-
centric feature extraction module learns a shortcut resulting
in a trivial problem. Finally, adding object-centric relation
distillation to our basic module improves performance by
1.1 mAP, showing that incorporating relational information
between instance features can help bridge the modality gap
and enhance performance.

TABLE IV: Ablation on attention types.
Attention Type | mAP AP59  APrs

53.8 72.6 58.4

54.8 (+1.0) 765 62.0

Full Region

FG Region 550 (+1.2) 77.0 60.6
FGD Full 53.8 (+0.0) 759 61.2
FGD FG 54.6 (+0.8) 72.8 60.8

Ours 553 (+1.5) 77.1 63.0

Attention Type. To investigate the different attention types,
we test several alternatives to our method that use the atten-
tion matrix of the slot attention module, see Table IV. “Full
Region” is the simplest approach, which distills the entire
feature map only using a coarse alignment network. “FG
Region” improves the previous approach by only distilling
the Foreground (FG) regions using the ground truth bounding
boxes as masks. We also employ an advanced distillation
method based on FGD [47]. Similar to the two previous
methods, we use original FGD over the full feature maps
“FGF Full” and over the foreground regions “FGD FG”. Ours
is the one without object-centric relation distillation.

We can see that focusing on the foreground regions gen-
erally performs better independent of the method, validating
our argument that foreground features align better between
the two modalities. We argue that this is the case because
foreground objects contain more salient and discriminating
features compared to background regions, and hence, fore-
ground regions should be given more attention during feature
distillation. Conversely, background regions may introduce
noise and affect the distillation performance adversely.

Object-centric Relation Distillation. To better understand
our object-centric relation distillation, we visualize the affin-

Teacher Student

W/0 Lqgg
[ |

W Loss
| |

Fig. 5: Visualization of the affinity matrix without and
with object-centric relation loss. Affinity values are cosine
similarity scores between object-centric features.

ity matrix between slot features. In Fig. 5, we see that the
affinity matrix generated by the teacher model exhibits high
discrimination, while the affinity matrix from the student
model appears to be sparse and noisy. With. relation distilla-
tion module, the student model produces a more structured
affinity matrix that closely corresponds to the teacher. This
indicates that our affinity distillation module enables a better
transfer of structural knowledge from teacher to student.

Teacher Modality. To validate our decision to use grayscale
images as the teacher modality, we also perform an ablation
using RGB images. Using RGB images improves the teacher
to 62.7 mAP on CARLA compared to 59.6. However, the
distillation does not work well and the performance is even
false below not using distillation to 51.1 mAP.

TABLE V: Model compression task on the DSEC dataset.

Method YOLOX mAP AP35 APr75
Teacher(GS) S 47.5 65.7 53.3
Student(GS) Tiny 43.5 61.0 50.1
+ ICD [25] Tiny 457 (+#2.2)  65.7 51.3
+ FGD [47] Tiny 45.8 (+2.3) 64.7 53.3
+ MGD [48] Tiny 454 (+1.9) 645 50.8
+ MonoDistillt 1001[9] | Tiny 459 (+2.4) 65.1 51.6
+ Ours Tiny 46.0 (+2.5) 644 51.8

E. Model Compression

Although our method is not designed for model compres-
sion, it is still interesting to investigate the detection per-
formance within a single modality. Surprisingly, as demon-
strated in Table V, our method performs competitively, with
the best mAP improvement, showing that the method has
also the potential for model compression.

V. CONCLUSION

In this paper, we introduced a novel knowledge distillation
approach that leverages slot attention to reduce the detection
performance gap between events and images. Our method
distills object-centric slot features with corresponding atten-
tion maps from grayscale images to events, rather than di-
rectly mimicking image features. We conducted extensive ex-
periments on both synthetic and real event datasets, demon-
strating that our approach significantly enhances event-based
detection performance. Moreover, we show that our proposed
method boosts the single-modality model compression task.
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