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Figure 1. Illustration of object segmentation with different Segment Anything Models (SAMs)-based methods, where (a) RGB images, (b)
event data (polarity map for visualization), (c) segmentation results by the original SAM w/ RGB images, (d) the original SAM w/ event
data, and (e) our fine-tuned SAM w/ event data. Please refer to the supplementary for more demos and applications.

Abstract

In this paper, we delve into the nuanced challenge of tai-
loring the Segment Anything Models (SAMs) for integration
with event data, with the overarching objective of attaining
robust and universal object segmentation within the event-
centric domain. One pivotal issue at the heart of this en-
deavor is the precise alignment and calibration of embed-
dings derived from event-centric data such that they har-
moniously coincide with those originating from RGB im-
agery. Capitalizing on the vast repositories of datasets with
paired events and RGB images, our proposition is to har-
ness and extrapolate the profound knowledge encapsulated
within the pre-trained SAM framework. As a cornerstone
to achieving this, we introduce a multi-scale feature distil-
lation methodology. This methodology rigorously optimizes
the alignment of token embeddings originating from event
data with their RGB image counterparts, thereby preserving
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and enhancing the robustness of the overall architecture.
Considering the distinct significance that token embeddings
from intermediate layers hold for higher-level embeddings,
our strategy is centered on accurately calibrating the piv-
otal token embeddings. This targeted calibration is aimed at
effectively managing the discrepancies in high-level embed-
dings originating from both the event and image domains.
Extensive experiments on different datasets demonstrate the
effectiveness of the proposed distillation method. Code in
https://github.com/happychenpipi/EventSAM.

1. Introduction

As the vanguard of sensor technology, event cameras offer a
suite of compelling advantages that compensate traditional
image sensors. These advantages include, but are not lim-
ited to, unparalleled temporal resolution [48, 52], expansive
dynamic range [18, 40, 53], markedly reduced latency [13],
and commendable energy efficiency [47]. Current research
in event cameras has showcased their vast potential through
a multitude of applications, including object classification
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[11], precise detection [1, 35, 65], tracking [41, 73], and
segmentation [2, 60]. Despite these advances, event-based
research always faces with the challenge of the limited scale
of annotated datasets, which are often constrained in both
scale and diversity. This bottleneck severely hinders the
ability of algorithms to generalize beyond controlled en-
vironments and to process the variable and unpredictable
nature of real-world scenes effectively.

In the contemporary landscape of visual perception,
there has been a gradual shift, primarily fueled by the
advanced capabilities of deep learning architecture tech-
niques, such as transformers. These innovations have
yielded a new era of performance in image-based tasks,
achieving unprecedented success in object recognition [57],
detection [22], and segmentation [60]. Yet, this progress
has predominantly occurred under nearly ideal conditions,
which include well-controlled lighting and minimal ob-
ject movement, creating an observable disconnect from the
complex and often less-than-ideal conditions of real-world
applications. Traditional image processing techniques fre-
quently decline when faced with challenging environments,
such as poorly illuminated areas [74] or scenes containing
high-speed objects [5]. To bridge this divide, there is a
pressing need to combine the unique sensing characteris-
tics of event-based cameras with the extensive repositories
of knowledge embedded within large-scale image datasets
and the advanced learning capabilities of pre-trained mod-
els. Doing so could catalyze the development of more ro-
bust and universal visual perception systems that can con-
fidently navigate and interpret complex, dynamic environ-
ments, shown as Fig. 1.

Due to the huge distribution gap between the image and
event domains, it’s not easy for us to directly adapt pre-
trained models onto the event data. Fortunately, a consid-
erable number of datasets with paired image and event data
have been proposed recently [62, 73, 86]. To take advantage
of such abundant cross-modal pairs, we propose to transfer
the rich knowledge of pre-trained SAM to event domain.
Given that the dominant information and weights are in en-
coder part of SAM, i.e., the ViT backbone [80], we enforce
a calibration of high-level token embeddings from event do-
main to the image embeddings. Specifically, to avoid the
loss of knowledge and well adapt the distribution of im-
age and event data, we mix event and a minimal subset of
image tokens together into student-ViT backbone and min-
imize the gap between the hierarchical embeddings from
event and image domains. However, owing to the inher-
ent distinction between the event and image domains, fully
eliminating the discrepancies between different modalities
is not only intractable but also deemed impossible. Con-
sequently, we put forth a proposition to prioritize network
optimization on the intermediate pivotal token embeddings,
thereby effectively alleviating the gap that exists within the

deeper layers.

The contributions of the proposed method mainly lie in

following three-fold:

* we make the first attempt to adapt the SAMs for event
data, which results in event-based universal object seg-
mentation models;

* we propose to weight the regularization of the inter-
mediate token embeddings by a approximated signif-
icance, thereby facilitating the refinement of the em-
beddings in the terminal layer; and

* we carry extensive experiments to evaluate the effec-
tiveness of the proposed method.

2. Related Work

2.1. Cross-modal Knowledge Distillation and
Transfer

Knowledge distillation and transfer of classical neural
networks. Knowledge distillation or transfer is a com-
mon tool for researchers to achieve efficient visual recog-
nition and adaptation of different domains or modalities
[23, 24, 36]. Thoker et al. [63] utilized the mutual learn-
ing techniques with multiple students to distill knowledge
from an image pre-trained recognition network onto human
skeleton data for action recognition. Hu et al. [29] pro-
posed an unsupervised knowledge distillation framework to
calibrate the embedding distribution from achieving cross-
modal hashing. Gupta et al. [25] made use of the knowl-
edge from the teacher model to train the student model on
a new unlabeled input modality, e.g., the paired depth im-
age and optical flow. Garcia et al. [19] achieved cross-
modality distillation with an additional modality of depth
image to reconstruct a hallucination stream. Tian et al.
[64] applied a contrastive loss to distillate pair-wise rela-
tionships across different modalities. Roheda et al. [49] pro-
posed to compensate for the missing modalities and achieve
knowledge distillation on available modalities using GANS.
Do et al. [14] utilized a cross-modal knowledge distillation
method for a visual question answering method.

Knowledge distillation of large pre-trained models. Re-
cently, with the emergence of large pre-trained models, e.g.,
GPTs [8], llamas [66], SAMs [33] and stable diffusion mod-
els [50], many works attempt to adapt the pre-trained mod-
els with specific tasks on other modalities to make use of
their capacities. Fathullah et al. [16] proposed to adapt
LLMs to speech recognition. Mohit et al. [55] introduced
a large pre-trained model for robotic manipulation. Chu et
al. [10] introduced pre-trained LLMs for recommender sys-
tems. [61] adapted language models onto aerial robots.
He et al. [27] proposed an adapter-based tuning method for
the adaptation of large pre-trained LLMs on specific tasks.
Mondal et al. [43] proposed to adapt pre-trained SAMs with
different input transformations for robust object recogni-
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tion.

In summary, many delicate and impressive methods have
been proposed for knowledge distillation. However, most
of them are built on human priors/thoughs, e.g., naturally
matching the feature maps from different views or modali-
ties, but with less consideration of the inherent characteris-
tics of neural networks. At the age of Transformer, the net-
work is quite easy to interpret by its inherent attention ma-
trix pattern. Thus, we would further improve those methods
via analysis of the inherent demands of neural networks.

2.2. Event-based Vision

Owing to its innate characteristics of high temporal reso-
Iution and dynamic range, event-based vision has been a
progressively prevalent subject for research in recent years,
e.g., frame reconstruction [37, 46, 75, 78, 84], interpola-
tion [31, 59, 67, 68], flow estimation [17, 18, 56, 69, 70, 86],
object detection [22, 35, 41, 51] and tracking [62, 73, 81,
82, 88, 89]. Among them, object segmentation using event
data is also one of the most popular research topics for
robust object recognition [58, 60]. Specifically, Stoffre-
gen et al. [58] proposed to utilize the motion information
exhibited in event data to achieve motion segmentation.
Mitrokhin [42] proposed to utilize event surfaces to achieve
visual motion segmentation. Alonso et al. [2] utilized a
gray-scale Cityscapes dataset to train a network to label
event dataset for training an event-based semantic segmen-
tation network. Zhou et al. [85] proposed a graph-cut based
approach to achieve object motion segmentation on an event
dataset. Sun et al. [60] introduced a pre-trained E2VID en-
coder for acquiring rich frame prior for object segmentation.
Yang et al. [77] proposed an event-based instance segmen-
tation benchmark. Wang et al. [71, 72] proposed to apply
knowledge distillation from image semantic segmentation
and E2VID processes for semantic segmentation.

In summary, although different methods have been pro-
posed to explore and utilize the characteristics of event data,
most current research of event cameras is limited to a spe-
cific field or dataset, which is quite contradictory with cur-
rent trends in a universal and unified paradigm for visual
recognition with large pre-trained models. However, it’s
quite effort-consuming to construct large-scale annotated
dataset and train the event-based visual perception model
from scratch. Thus, utilizing the pre-trained model the im-
age domain to boost performance with event-based vision is
a promising approach for building a universal event-based
visual perceptual model.

2.3. Object Segmentation & SAMs

In the realm of computer vision, object segmentation is
one of cornerstone tasks, focusing on generating pixel-level
masks that precisely delineate targeted objects within im-
ages [3, 20, 21]. This intricate process is traditionally seg-

mented into several sub-disciplines based on the nature of
mask annotations. Semantic segmentation, as outlined in
foundational works [39, 44, 79], concentrates on classifying
each pixel into a fixed set of categories without differenti-
ating between individual object instances. Conversely, in-
stance segmentation [0, 34, 38], not only categorizes pixels
but also separates different instances of the same category.
Panoptic segmentation, a term coined and explored in stud-
ies [9, 32, 76], amalgamates the principles of semantic and
instance segmentation to provide a holistic view of scene
parsing, distinguishing countable objects.

Recently, a breakthrough in this domain is the devel-
opment of SAMs [33]. SAMs stand out for their univer-
sal object segmentation capability, which is underpinned by
a formidable zero-shot generalization ability. This means
SAMs can effectively segment objects in images they have
never encountered during training. Moreover, SAMs are
designed to adapt at interpreting a variety of input prompts,
including points, bounding boxes, or free-form texts.

3. Proposed Method

The cornerstone of leveraging the capabilities of pre-trained
expansive vision models, e.g., SAMs, lies in the effec-
tive transfer and distillation of knowledge through align-
ing high-level embeddings across both event and RGB do-
mains. This endeavor initiates an in-depth analysis of the
underlying neural network architecture, which is fundamen-
tal to the process of object segmentation. SAMs comprise
several components: a feature embedding network, or en-
coder, designed to extract and process complex visual in-
formation, coupled with a streamlined object information
regression network, or decoder, aimed at precise pixel-level
object classification. To delve into the intricacies of this
challenge, it is imperative first to establish a formulation for
the feature embedding process as

F(Wq, X" = X9 ()

where d € {M, E} indicates the modality of image (M)
or event data (E), F(Wjy,-) (resp, F(Wg,-)) indicates
the network with the weights Wy, (resp, Wy,) for fea-
ture embedding on RGB images (resp, events), X! =
{X((fl), e ,X((f”)} represents a set of multi-layer token
embeddings. Thus, this knowledge distillation task is to
minimize the distribution gap between X94%' and X9
Moreover, due to the fact that the embedding backbone, i.e.,
VIiT, is a plain architecture and only the last layer feature
map is fed for object segmentation, the similarity between
embedding Xg\sf) and X(ES) is most pivotal issue.

To adapt the embedding in the event domain and mini-
mize the discrepancy between the RGB and event, we pro-
pose the following two regularization strategies.

1) We first feed mixed tokens from both modalities to fa-
cilitate network training and then extract multi-layer feature
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Figure 2. Training workflow for knowledge distillation from pre-trained SAMs to the event domain. We employ the original SAMs as a
teacher network to derive meaningful semantic features from RGB tokens. Subsequently, we align multi-layer event token embeddings
with image embeddings to enable knowledge distillation. Here, we adopt the 3-channel time-voxel image as input, the polarity image only
for visualization. The training is facilitated by simultaneously inputting mixed event and RGB tokens into the student-SAMs (Only event
data in the testing phase). To preserve knowledge integrity, we frozen the most of original neural network weights, focusing fine-tuning
efforts on the final MLPs in each block. Lastly, we introduce a novel attention-aware embedding weighting strategy to efficiently regularize
intermediate-layer token embeddings and significantly improve distillation effectiveness.

maps to fine-tune the model to compensate for the large dis-
tribution gaps between the RGB and event images.

2) Due to the distinctive sensing patterns of event and RGB
cameras, there are inherent differences in the information
captured by image and event data. While we aim to min-
imize the distribution gaps between these modalities, it
is important to acknowledge that completely eliminating
such discrepancies is fundamentally impossible. There-
fore, it is paramount to ascertain the relative importance
of individual token embeddings and apply regularizations
based on their significance. Previous methods [54, 83] have
demonstrated that network gradients can serve as indicators
of the network’s focus. However, calculating the gradient
on teacher network would bring an inevitable huge com-
putational burden. Considering the large size of model, it
would make the situation even worse. Fortunately, given
the inherent self-attention mechanism of transformers, the
focus of network is explicitly encoded as the magnitude of
attention values. Thus, we further quantify such a corre-
lation as the self-attention matrix. Then, a weighted dis-
tillation algorithm is proposed to focus the training on the
pivotal token embeddings.

3.1. Cross-modal Distillation with Mixed Inputs

As shown in Fig. 2, during training, we adopt following two
simple yet effective ways to minimize the distribution gap
between X34 and X% and facilitate network training.

Modification of Inputs. Inspired by current success of

mask modeling [4, 26], we randomly replace a small num-

ber of event embeddings with images. We expect that it
would help retain the original knowledge and facilitate net-
work training.

Trainable Weights. Moreover, motivated by the fact that
the strong generalization and zero-shot ability of SAMs
may stem from their large-scale training dataset (which con-
tains 11 M images and 1 billion masks), we do not change
the model structure to reuse the pre-trained model. Further-
more, instead of retraining the whole model, we only fine-
tune the several MLPs in network to avoid over-fitting and
preserve the intrinsically learned patterns.

Based on the aforementioned techniques, a naive imple-
mentation of event-centric SAM could be trained. In the
next section, we will discuss a precise embedding regular-
ization via weighting by intermediate correlations.

3.2. Correlation-aware Weighted Token Distillation

Initiating from an elemental Vision Transformer (ViT)
layer, we quantify the salience of each embedding by treat-
ing it as the fundamental unit of message propagation and
focusing on the most important inter-embedding informa-
tion flow. As depicted in the referenced Fig. 3, we detailedly
illustrate the self-attention operation and residuals aggrega-
tion in a ViT layer, which facilitate information transition at
the inter-embedding level.

We denote P(*) € RFi*kit1 g5 a transition matrix, aver-
aging of multi-head attention on the head dimension, from
the i*" layer embeddings X (") € R¥:*¢ to its subsequent
layer embeddings X(“+1) ¢ RFi+1%¢ alongside an iden-
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Figure 3. The flow of information from specific layer token em-
beddings X to higher level token embeddings XD n self-
attention layers, with gray shades of attention P representing
higher values and more intensified information transfer. The illus-
tration reveals that across multiple self-attention layers, informa-
tion originating from a minimal yet crucial set of token embed-
dings (indicated by the two gray ones on the left inputs X)) can
significantly influence the embeddings in deeper layers X (1),
Consequently, by regulating the features in the initial layers, our
approach aims to direct the network’s focus towards reducing the
disparity between these pivotal embeddings to narrow the gap of
embeddings from different modalities.

tity matrix I € RF**i+1 representing residual aggrega-
tion (k; = k;41 for a plain ViT). The multi-layer inter-

embedding transition is then mathematically formulated as
n

H®) = H[aiP(i) + (1=, )
i=5

where H(®) € RFs*kn+1 symbolizes a comprehensive in-
formation transition matrix from a specific s*" layer to the
terminal nt" layer. Moreover, the scalar «; signifies the
scaling influence of the normalization layers and MLPs.
This results in an alteration of the information ratio com-
ing from the attention mechanism and the residual con-
nections. Due to the fact that it’s quite time-consuming
and even intractable to properly estimate all the «;, we
propose to simplify it by the assumption that the embed-
dings transition process of multi-layer self-attention mech-
anism is actually a Markov Chain with a stationary distri-
bution [45]. Thus, we could approximate H(®) ~ H®) =
BT, P® + (1 — B)I (Please refer to the supplementary
for more analysis). The token-specific transformer’s inter-
ests/attention from the st” layer, denoted as H®) ¢ Rk,
is further gauged by multiplying the transition matrix H(*)
with the significance of the final layer’s output e”, formu-
lated as

H® = H® x €T, 3)

where we empirically set e as a vector of ones, underpin-
ning the premise that the embeddings in the last layer uni-

formly contribute towards the regression of pixel-level ob-
ject categories. We calculate the H'®) by the attention ma-
trices from the teacher. Please refer to the 2™ ablation
study in Sec. 4.2 and Table 4.

Statement of novelty. Note that some significant advance-
ments have been made in the field of event-based segmen-
tation [60, 71, 72]. They usually take advantage of image
knowledge from an E2VID encoder for object segmenta-
tion. In the era of large-scale models, leveraging the original
architecture and weights is optimal to maintain the robust
zero-shot generalization capabilities inherent in pre-trained
backbones [28]. Affinity graph distillation [72] presents a
compelling approach to guide student networks in acquiring
structurally analogous knowledge from their teacher coun-
terparts. The proposed approach, however, emphasizes in-
tensifying the regulation of pivotal proceeding tokens to
minimize the distribution gap of feature maps at the ter-
minal layers, implying that the network might permit and
manage minor discrepancies in feature maps in less critical
regions. Moreover, we avoid the back-propagation of gradi-
ents in teacher network by utilizing the off-the-shelf atten-
tion matrix in the forward process to approximate the cross-
layer embedding correlations, thereby streamlining the pro-
cess without sacrificing learning efficacy.

3.3. Training Objectives

Combining the aforementioned multi-layer training strategy
with the correlation-aware weighting scheme of pivotal to-
ken embeddings, we train the network with the following
objective function as

L= L, Lo =[HD X -XEN)1, @

s; €S

where 7; denotes a specific weight scalar for st layer em-
beddings, we broadcast HG) to fit the channel dimen-
sion of embeddings. Empirically, we regularize four lay-
ers of embeddings with a corresponding depth of {s;} =
{0,3,6,9,12}, where 0 corresponds to the resulting to-
ken embeddings of the patch embedding layer. We do not
weight the regularization on the patch embedding layer to
learn a robust embedding process. In our experiment, we
empirically set 5 as 0.5 and ~; as {0.1,0.4,0.7,1.0} for
these four layers. Note that the segment results of SAM may
be dependent upon the distinct prompts employed within
the decoder module. Thus, inspired by [80], we only close
the discrepancies between the embeddings to enable an ef-
ficient adaptation process and preserve the inherent gener-
alization ability of the decoder.

4. Experiment

Datasets. We collected a large-scale RGB-Event dataset,
from current available pixel-level aligned datasets, i.e., Vi-
sEvent [73] and COESOT [62]. Both of them were cap-
tured by the DAVIS346 camera [7]. The DAVIS346 equips
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Figure 4. Visual comparison of different methods on RGBE-SEG (the first two rows), MVSEC (the third row) and the degradation scene
(the last row) . (a) RGB image, (b) SAM with image, (c) Event data, (d) E2VID [48] with event data, (¢) NGA [30] with event data, (f)
DTL [71] with event data, (g) ESS [60] with event data, and (h) Our method with event data.

Table 1. Comparison of the segmentation performance between our method and other representative approaches based on RGBE-SEG
dataset. For all metrics, the higher, the better. The best and second-best results under each metric are highlighted in bold and underlined,
respectively. Note that the mIOU is the most essential metric and mP (mR) cannot comprehensively evaluate the performance.

Method Easy Medium Hard All
mP mR mloU aloU| mP mR mloU aloU| mP mR mloU aloU| mP mR mloU aloU
SAM [33] 0.52 0.75 039 058038 071 025 041]026 074 0.15 0.29 1039 0.73 026 043
E2VID [48] |0.62 0.60 0.38 0.54 |0.55 0.58 0.32 044|046 064 026 0.36|0.54 0.61 032 045
ETNet [75] |0.68 0.56 0.40 0.51 [0.64 0.52 0.35 042 (060 052 0.31 035|063 053 035 042
NGA [30] 0.56 0.72 040 0.58 044 070 029 0451]034 073 021 035|045 071 030 045
LFI[12] 0.56 0.71 038 0.56|042 071 026 044 031 0.76 0.18 033|042 072 027 044
DTL [71] 0.57 0.71 040 0.59 045 070 0.28 046 (032 0.75 0.20 0.35 044 0.71 029 046
EVDistill [72] | 0.72 046 032 040 | 0.64 046 0.27 034|053 051 023 0.30(0.63 047 027 034
ESS [60] 0.55 0.73 040 0.57 (041 073 027 045029 077 0.18 032|042 0.74 028 045
Ours 0.66 0.73 049 0.65|0.61 069 040 054|050 0.72 034 047|059 071 041 0.55

a 346x260 pixels active sensor and a dynamic vision sen-
sor, which can acquire aligned images and events. These
samples consisted of diverse indoor and outdoor scenarios.
For effective knowledge transfer, we only collected image-
event pairs without degradation (e.g., no low dynamic range
and motion blur) and removed the duplicate samples. After
integrating and cleaning, we extended the two datasets to
a segmentation dataset, RGBE-SEG. The RGBE-SEG in-
cluded 65,957 image-event pairs, 64,957 for training and
1,000 for testing. The test set contained 38,760 masks,
and we artificially divided it into easy, medium, and hard
subsets based on the complexity of scenarios. All ground
truth masks were generated by images and the well-trained
SAM [33]. To further explore the zero-shot performance of
our method, we showed more evaluation results on MVSEC
dataset (500 image-event pairs each in “indoor flying1” and
“outdoor day2” sequences) [87], containing 54,600 masks.

Evaluation Metrics. For each instance-level ground truth
mask, we define the predicted mask with the maximum in-
tersection over union as its matched mask. This matching
splits the pair masks into three sets: true positives (TP),
false positives (FP), and false negatives (FN), represent-
ing matched segments, unmatched predicted segments, and
unmatched ground truth segments, respectively. Based on
the split segments, we calculate the precision (P), recall (R)
and intersection over union (IoU) to evaluate the segmenta-
tion quality. We calculate these metrics for each instance
independently and average over instances, obtaining mP,
mR, and mloU. In addition, we introduce the area-weighted
intersection-over-union (aloU). mIoU focuses on the details
of scenarios and gives equal treatment to each instance. In-
stead, aloU cares about the overall mask quality. These four
metrics collaborate to describe the segmentation quality.

Implementation details. We set the input image and event
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Table 2. Comparison of the segmentation performance between
our method and other representative approaches based on MVSEC
dataset.

Indoor Outdoor
mP mR mloU aloU| mP mR mloU aloU
SAM [33] 0.38 0.66 024 041041 071 0.28 0.51
E2VID [48] | 048 0.68 0.32 046 |0.64 0.59 0.38 0.52
ETNet [75] [0.54 0.60 0.36 0.43 |0.71 0.52 0.38 0.46
NGA [30] 046 0.72 032 049 (041 0.73 031 0.50
LFI[12] 044 0.74 031 049 (048 0.70 0.32 0.54
DTL [71] 044 0.74 032 049 (052 0.68 0.34 0.55
EVDistill [72] | 0.61 0.47 0.29 0.34 | 0.64 047 029 0.38
ESS [60] 042 076 031 049 (046 0.72 0.32 0.53
Ours 0.53 070 038 049 | 0.64 0.67 042 0.55

Method

frame sizes to 512x512. We directly adopted the base vi-
sion transformer (ViT-B) [15] with pre-trained weights as
our dual-modal encoders. During training, we used the
Adam optimizer to train the event encoder for 5 epochs,
13,500 iterations, with a batch size of 24. We set the ini-
tial learning rate as 2e-4. The learning rate is adjusted by
a decay scheduler, which is scaled by 0.9 on the 4*" epoch.
All networks are implemented in PyTorch and run on a com-
puter equipped with 4 GPUs (GeForce RTX 3090).
Comparing methods. To fully investigate the capacity of
the proposed method, we investigate the performance of dif-
ferent SOTA event-based segmentation methods. Note that
the SAM could predict much more precise masks than other
segmentation models. Thus, it’s unfair to directly adopt
those pre-trained models for comparison. Instead, we re-
train different distillation and adaptation methods to adapt
SAMs. Generally, they could be divided into three cate-
gories. The first directly applied frame reconstruction al-
gorithm, e.g., E2VID [48] and ETNet [75], on event data
to get a pseudo-frame, then directly fed such a frame into
SAM without pre-training. The second utilized pre-trained
E2VID as encoder to close the gap between event and RGB
domain and then feed those features into the segmentation
network, e.g., EVDistill [72], DTL [71] and ESS [60]. Fi-
nally, there are knowledge distillation-based methods which
do not explicitly utilize the pre-trained decoder by trying to
transfer knowledge from image backbone onto event data,
e.g., NGA [30], LFI [12].

4.1. Experimental Results

RGBE-SEG. In the comparative analysis presented in Ta-
ble 1, our method demonstrates a notable enhancement in
performance, yielding a 9% improvement in both mIOU
and aloU over existing methodologies. While certain ap-
proaches like EvDistill exhibit higher mP, they fall short
in terms of mR compared to our method. Intriguingly, the
original SAM, without any fine-tuning, attains remarkably
competitive results, particularly in simpler scenarios. This
observation underscores the potential detriment to perfor-
mance when large pre-trained models are not appropriately

Table 3. Ablation study results of the fine-tuning layers based on
RGBE-SEG dataset. All models are evaluated with event frame
input. “w/o Fine-tuning” indicates the original SAM without any
retraining, “Embed” denotes the embedding layers, “Four MLPs”
represents the last MLPs from {3, 6,9, 12} blocks , “Four Blocks”
also indicates those blocks, “All MLPs” represents the last MLPs
from all the transformer layers, “All Blocks” denotes all the blocks
contained in ViT layers. Underline for the adopt strategy (our
baseline). Note that all methods are w/o weighted regularization.

Fine-tuning Layers ‘ Trainable #Param ‘ mP mR mloU aloU
w/o Fine-tuning - 0.39 0.73 026 043
Embed 0.6M (0.7%) [0.46 0.73 032 047
Embed + Four MLPs | 19.5M (22.3%) |0.52 0.73 0.37 0.53
Embed + Four Blocks | 29.0M (33.2%) | 0.51 0.68 0.32 047
Embed + AIMLPs | 57.3M (65.7%) | 0.48 0.69 030 045
Embed + All Blocks | 87.3M (100%) |0.51 0.63 029 0.41

adapted. Among the various methods evaluated, E2VID
emerges as the most effective, underscoring the efficacy of
transitioning from event to video data in enhancing event-
based object segmentation. Contrarily, methods employing
the E2VID encoder experience a significant performance
decline, likely due to modifications in the original SAM ar-
chitecture which adversely affect model generalization. A
visual comparison of these methods, illustrated in the first
row of Fig. 4, further validates our findings. Our method
distinctly differentiates between sky and cloud, and offers
clearer segmentation of ground and vehicles compared to
others. Notably, it even seems to surpass the SAM with im-
age data in certain aspects, reinforcing the viability of using
event data for object segmentation.

MVSEC. The segmentation results of MVSEC are pre-
sented in Table 2. Our method continues to outperform
competing techniques, evidencing robust zero-shot capa-
bilities. It is observed that other event-based segmenta-
tion methods, particularly those employing frame recon-
struction, exhibited quite improvements. This enhancement
may be attributed to the high similarity of the scenes in the
dataset, which simplifies the reconstruction process. Fur-
thermore, as depicted in the third row of Fig. 4, the pro-
posed method effectively distinguishes the lane line and car
from background. This is further validated by the consistent
results obtained when SAM is applied to the image data,
thereby demonstrating the successful adaptation of SAM on
the event-based object segmentation task.

4.2. Ablation Study

Multi-layer Regularization. As aforementioned, to man-
age the strong zero-shot ability of SAM in such a cross-
modal distillation task, maintaining the original architecture
and weights is one of the keys. To verify this point, we con-
duct ablation studies, showing network performance with
re-training different numbers of parameters. As shown in
Table 3, we gradually increase the number of fine-tuning
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Table 4. Ablation study results of the mixing tokens and weighted
adaptation schemes based on RGBE-SEG dataset, where the first
row is a baseline finetuned with only multi-layer feature alignment
as 3" row of Table 3, “Token Mixing” means to mix RGB image
tokens with event tokens for facilitating adaptation, “ﬁs)” indi-
cates to calculate embedding weights via aggregating event (stu-
dent) attention matrices, “ITIE\Z)” indicates to calculate embedding
weights via aggregating image (teacher) attention matrices, “sin-
gle fIE\Z)” represents to only utilize one layer attention matrix to
calculate regularization weights.

No.‘Token Mixing ITIS) ITISQ) single ﬁgj} mP  mR mloU aloU
X X X 052 0.73 0.37 0.53
0.53 0.74 038 0.54
0.58 0.70 0.40 0.55
0.41 0.77 030 049
052 0.74 037 054
059 0.71 0.41 0.55

e a0 TR
NN A X A X
X X N X X
A X X N X
X N X X X

layers in SAM. We could observe a incremental perfor-
mance improvement at the beginning stage, which indicates
that fine-tuning some layers could indeed improve the do-
main adaptation ability. However, with the retraining pa-
rameters continuing to increase, the generalization ability
of adapted SAM tends to gradually decline.

Attention-aware Weighted Adaptation Scheme. We ap-
proximate the significance of each intermediate embedding
by aggregating the attention matrix. To evaluate the effec-
tiveness of such a regularization scheme, we further conduct
extensive experiments, as shown in Table 4. Through com-
paring a. and ¢. (or b. and f. ), we could figure out that
applying weighted distillation could significantly improve
the mIOU with more than 3% and mP of 6%, indicating the
effectiveness of the proposed regularization term. The vi-
sual comparison of Fig. 5 further underscores the effective-
ness of the proposed strategy. However, such improvement

only appears when regularization is derived from the at-

()
M-

Conversely, weighted regularization stemming from ITIS)
may lead to a deterioration in network performance, evi-
dent in d) and b) 7% of mIOU, resulting in a 7% reduction
in mIOU. It indicates that weighted cross-modal distillation
could indeed play a significant role in the model training.
Furthermore, our observations indicate that attention from
the student network inadequately captures token embedding
significance, thereby resulting in suboptimal performance
within this modality.

Token Mixing. As shown in Table 4 a. and b. (c. and f.),
through mixing image and event tokens, proposed method
achieves a moderate improvement of 1% consistently on
different metrics. Although such improvement is not signif-
icant compared with the main contribution of the weighted
adaptation scheme, it’s still important to help the proposed
method manage a leading performance in some datasets,
e.g., Table 2 MVSEC Indoor.

tention matrix of the teacher-transformer, denoted as H

Figure 5. Visual ablation comparison of our designs odawdsda-
dataset. Each row represents that (a) Event data, (b) Original
SAM, (c) Our baseline, and (d) Our method with token mixing
and weighted adaptation scheme.

5. Conclusions and Discussions

In this paper, we have presented a cross-modal adaptation
method of SAM for event-centric vision, characterized by
an innovative weighted distillation approach. This method-
ology is inspired by the inherent self-attention mechanism,
strategically formulated to reduce discrepancies among key
token embeddings, thereby enhancing the adaptation of em-
beddings from higher-level. Extensive experimental results
qualitatively and quantitatively validate the effectiveness of
the proposed method. Notwithstanding these significant
strides, the study identifies critical areas for future enhance-
ment. To further advance segmentation accuracy, we may
need a more voluminous and diverse dataset to refine the
adaptation process of the event-based SAM. In addition,
exploring the synergy of this specialized SAM with Large
Language Models (LLMs) could pioneer new frontiers in
achieving seamless integration of vision and language in the
context of event-based vision systems. Moreover, the poten-
tial application of this adapted SAM extends to other com-
plex tasks such as object tracking and detection. It is im-
perative to acknowledge that the substantial size of SAMs
presents a challenge, highlighting the need for optimization
and streamlining of these networks to ensure more efficient
adaptation and deployment in diverse scenarios.

Limitations. Due to the sensing characteristics of event
camera, failure cases may occur in the texture-less region,
e.g., the sky. Meanwhile, according to sensor development,
there are some limitations, e.g., auto-focus, resolution, and
noise of the sensor.
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