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Abstract— Semantic segmentation, a fundamental visual task
ubiquitously employed in sectors ranging from transportation
and robotics to healthcare, has always captivated the research
community. In the wake of rapid advancements in large model
research, the foundation model for semantic segmentation
tasks, termed the Segment Anything Model (SAM), has been
introduced. This model substantially addresses the dilemma
of poor generalizability of previous segmentation models and
the disadvantage in requiring to retrain the whole model on
variant datasets. Nonetheless, segmentation models developed
on SAM remain constrained by the inherent limitations of RGB
sensors, particularly in scenarios characterized by complex
lighting conditions and high-speed motion. Motivated by these
observations, a natural recourse is to adapt SAM to additional
visual modalities without compromising its robust general-
izability. To achieve this, we introduce a lightweight SAM-
Event-Adapter (SE-Adapter) module, which incorporates event
camera data into a cross-modal learning architecture based
on SAM, with only limited tunable parameters incremental.
Capitalizing on the high dynamic range and temporal resolution
afforded by event cameras, our proposed multi-modal Event-
RGB learning architecture effectively augments the perfor-
mance of semantic segmentation tasks. In addition, we propose
a novel paradigm for representing event data in a patch format
compatible with transformer-based models, employing multi-
spatiotemporal scale encoding to efficiently extract motion and
semantic correlations from event representations. Exhaustive
empirical evaluations conducted on the DSEC-Semantic and
DDD17 datasets provide validation of the effectiveness and
rationality of our proposed approach.

I. INTRODUCTION

Semantic segmentation, as a fundamental computer vision
task, has significant practical applications in areas such as
autonomous driving [1], robot control [2], medical image
analysis [3], etc. Starting from [4], most semantic segmen-
tation works are based on traditional RGB sensors [5],
[6]. However, constrained by the limitations of traditional
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Fig. 1. Top: Segmentation accuracy vs mIoU on the DSEC-Semantic
dataset. The circle areas are proportional to tunable parameters of each
model. Bottom: Visual comparison of the SAM that only contains RGB
modal and includes Event-RGB modalities powered by our design.

RGB cameras, these works exhibit limited robustness [7]–
[9] under extreme conditions such as high contrast (i.e., over-
or under-exposure) and rapid motion as shown in Fig. 1. To
address these issues, approaches of fusing other modalities to
enhance the segmentation performance has begun to receive
widespread attention.

The Dynamic Vision Sensor (DVS) [10], also known as
the event camera, is a novel sensor that captures scenes
by detecting pixel-level changes in brightness and only
generates events when there is a change in the pixels.
Their advantages in high dynamic range, high temporal
resolution, and accurate motion encoding make them the
ideal complementary modality to RGB images for semantic
segmentation. As a result, recent research tends to fuse these
two vision modalities.

Initially, researches in [11]–[13] simply fuse the event and
RGB features by addition or concatenation for sub-stream
tasks. Methods proposed in [14]–[16] try to fuse cross-
modal features via attention operations for better exploit-
ing their complementary. However, these studies commonly
neglect two key problems that exist in Event-RGB fusion.
(1) Training the entire model repeatedly for each dataset
introduce a tremendous waste of computing resources. (2)
Due to the lack of the Event-RGB datasets, performing
whole-model fine-tuning often leads to undermining of the
high generalization advantage of pre-trained model weights,
resulting in performance drops.

Actually, the recently proposed foundation modal SAM
(Segment Anything Model) [17] has provided answers to
these questions. Benefiting from its pre-trained highly gen-
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eralizable weights, many works [18], [19] achieve leading
performance in specific tasks by adapting [20]–[22] the
foundation model SAM with frozen weights. However, rare
methods discuss how to adapt the frozen SAM for multi-
modal learning, which is more common in real world. SAD
[23] has achieved notable performance in open vocabulary
segmentation using RGBD information. However, it places
more emphasis on static geometric information. Its per-
formance in scenarios requiring motion information, such
as autonomous driving, still needs further consideration. In
this work, we introduce a lightweight SAM-Event-Adapter
(SE-Adapter), successfully adapting the frozen SAM to our
Event-RGB multi-modal segmentation task. SE-Adapter is
capable of enhancing the segmentation performance of SAM
by complementing the shortage of RGB information utilizing
Event data as additional features. In each SE-Adapter (Fig.
2), we perform a image-guided feature projection by treating
image features from the SAM as queries, treating event
features as keys and values, then processing them with
attentive operations. This way, we aim to let event features
learn adaptively according to their corresponding image
features for achieving better fusion effects. Then, a gate
block is employed to re-weight projected event features for
balancing the impacts from event and image features in the
SAM learning process. Finally, we feed the weighted event
features back to the SAM for further consideration. Thanks to
the proposed lightweight SE-Adapter (only 0.8M parameters
for each), we achieve state-of-the-art segmentation results by
adapting the foundation model with frozen weights.

Furthermore, considering the transformer-based architec-
ture of the SAM model, the efficient encoding of event
representations into patch form represents another pivotal
challenge. To address this issue, existing works [24]–[30]
typically first convert event signals into a voxel-grid rep-
resentation [31], wherein each channel in the voxel-grid
encapsulates event features from distinct temporal ranges.
Following the processing conventions in [32], information
from multiple channels within the same spatial region is
integrated into a single patch to serve as the model input.
This method undoubtedly hinders the precision of motion
scene encoding. To alleviate this, we propose a novel
paradigm termed Multi-Spatiotemporal-Scale Spiking Patch
Embedding (MSP), which provides a more efficacious mech-
anism for embedding events into patches compatible with
transformer-based models. Specifically, we aggregate events
across various temporal scales into a series of voxel-grids and
process them utilizing spiking-convolution blocks to achieve
spatiotemporal encoding with different receptive fields. By
learning event features with varying receptive fields across
the spatial and temporal dimensions, the MSP enables the
resultant event patches to encapsulate comprehensive spa-
tiotemporal messages, thereby furnishing subsequent learn-
ing models with highly efficient initial event features.

To summarize, our main contributions are as followed:
• To the best of our knowledge, we are the first to

adapt the foundation model SAM to Event-RGB multi-
modal segmentation task. With the help of the pro-

posed lightweight SAM-Event-Adapter (SE-Adapter),
our approach achieves leading performance with limited
tunable parameters.

• We provide a new paradigm, named Multi-
Spatiotemporal-Scale Spiking Patch Embedding
(MSP), to effectively embed event data into event
patches that are compatible with transformer-based
models through multi-scale spatiotemporal encoding.

• Comprehensive empirical analyses performed on both
the DSEC-Semantic [33] and DDD17 [34] datasets
demonstrate the effectiveness of our proposed method.

II. RELATED WORKS

A. Semantic Segmentation with Event Cameras

Compared to frame-based RGB sensors, event cameras
offer higher temporal resolution, dynamic range, and lower
power consumption, which make them suitable for deploy-
ment on platforms such as vehicles and drones. Event-
based semantic segmentation is an emerging field, and it is
experiencing rapid growth in interest. EV-SegNet [35] is the
first event-based semantic segmentation work, where they
follow the approaches used in RGB segmentation fields for
event representation learning. Work in [36] provides several
Spiking Neural Network structures to further explore the
abundant temporal information behind event data. Methods
mentioned in [37]–[40] improve performance significantly in
this task with the help of the effectiveness of the attention
module for semantic encoding. However, these studies are all
based on learning architectures that are based on event data
individually, which are inevitably constrained by the limita-
tions of event cameras in capturing color and low-contrast
scenes, resulting in unsatisfactory segmentation performance.

Observing the aforementioned issues, recent researchers
focus on the fusion of event and RGB modalities for seg-
mentation tasks. For instance, ESS [41] fuses knowledge
from both modalities through the reconstruction process
from event data to RGB images. Inspired by ESS, Zhang
et al. [12], [13] introduce the sparse-to-dense and dense-
to-sparse translations to fuse the image and event flow.
Methods mentioned in [15], [16] provide RGB-X semantic
segmentation models based on transformer-based networks,
with their feature fusion component suitable for multiple
modalities including event data. While these Event-RGB
fusion studies have made progress in performance gain,
they are hampered by the lack of available datasets, making
it challenging to attain weights with high generalizabil-
ity. This necessitates the repetitive training of the entire
model w.r.t various datasets, thereby leading to considerable
computational overhead. Inspired by advancements in large
model research, our work adapts the SAM for multi-modal
segmentation based on Event-RGB data by leveraging the
proposed lightweight SE-Adapter module. This adaptation
enables the effective utilization of SAM’s intrinsically high
generalizability, obviating the need for redundant retraining.

B. Adaptation in Segment Anything Model

Recently, pre-trained large models [42]–[45] show signif-
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Fig. 2. (a) The overall architecture of our model. During training, we
freeze the weights of the SAM backbone (blue blocks) and optimize adapter
structures (SE-Adapter), the event-based patch embedding module (MSP),
and the segmentation head using task-specific guidance. (b) The design of
our SE-Adapter, which is composed of a cross-modal attention mechanism
and a gate block. Best viewed in color.

icant potential in the areas of natural language processing
and computer vision. However, despite the fact that their
generalizable weights allow them to extract excellent se-
mantic information from inputs, fine-tuning these models for
downstream tasks can incur significant training costs due to
their large parameter count. Adaptation methods have proven
effective in addressing this issue.

The adaptation method is first applied in natural language
processing [46]. In the field of computer vision, Adaptformer
[47] adds a bottleneck connection in the MLP layer of Vit to
adapt to different downstream tasks. Vit-adapter [20] applies
cross-attention to inject information into the VIT backbone.
With the advent of SAM, its outstanding performance has
garnered increasing attention. As a result, adaptation methods
based on SAM have started to show up. SAM-Adapter [18]
is the first application to introduce adapters in SAM and
achieves promising results on several tasks. Medical SAM
Adapter [19] extends SAM’s application to medical image
segmentation tasks. However, due to the complexity of dense
prediction downstream tasks and the differences between
modalities, there is currently no SAM adaptation method
specifically designed for Event-RGB semantic segmentation
tasks. Existing methods are difficult to apply directly on it
due to the lack of modality-specific design, and we bridge
this gap in this paper.

III. PRELIMINARY

A. Event Representation

The i-th event ei in an event stream can be represented as
(xi, yi, pi, ti), where xi and yi denote the spatial coordinates,
pi denotes the polarity of the event, and ti denotes the times-
tamp of the event. Due to the sparse, noisy, and unstructured
nature of the input event stream, the common way [31] to
represent event data is to discretize the time dimension into
B consecutive temporal bins and then integrate events into
a 3D spatiotemporal voxel-grid (E ∈ RB×H×W , {H,W}
represent the resolution of the input) linearly. The integration

of a specific temporal bin can be formulated as Eq. (1).

E(m) =
∑

i pi max
(
0, 1−

∣∣∣m− ti−t0
tNe−t0

(B − 1)
∣∣∣) , (1)

where t0 and tNe
respectively denote the start and end time

of the integrated event stream, and Ne represents the number
of event data. The range of m is in [0, B − 1].

In our approach, we first obtain a series of voxel-grids
{E1, E2, . . . , Ek} that are integrated from multi-scale tem-
poral ranges, all ended at the timestamp where we perform
segmentation and starting from defined timestamps. Then
converting Ek ∈ RB×H×W into MSP-compatible format
Ek ∈ RT×1×H×W , where T represents the dimension of
the time step and is equal to B in our case.

B. Spiking Neuron Network

Spiking Neuron Networks (SNNs) can handle event rep-
resentations recurrently according to the trigger sequence of
event data while maintaining energy-efficient computation,
resulting in the preservation of motion cues of event data in
both accurate and efficient considerations. Inspired by [48],
we adopt a type of SNN structure, Leaky Integrate-and-Fire
(LIF) [49], as basic units in the MSP module. The principle
of the LIF can be formulated as:

H(t) = V (t− 1) +
1

τ
(X(t)− (V (t− 1)− Vreset), (2)

S(t) = Heaviside(H(t)− Vth), (3)

V (t) = H(t)(1− S(t)) + VresetS(t), (4)

where X(t) is the input at time step t, H(t) and V (t)
represent the membrane potential after leak and charge, re-
spectively. Vth denote the fire threshold, Heaviside() is the
Heaviside step function, Vreset denotes the reset potential, τ
is the membrane time constant. As the name suggests, LIF
accumulates membrane potential when receiving spikes, and
the membrane potential decays when there are no pulses.
When the membrane potential exceeds a certain threshold, it
will fire a spike. Such a learning unit helps extract temporal
information from event representations and filters out noise.

C. Problem Formulation

We take images I ∈ R3×H×W and event representations
Ek ∈ RT×1×H×W as inputs for the SAM and the proposed
MSP respectively. We obtain the event patches from the MSP
module and input them along with the image features from
the SAM into the introduced SE-Adapter for cross-modal
adaptation. Subsequently, interactions take place within the
adapter and SAM, and the segmentation results are finally
generated through the segmentation head.

IV. METHOD

A. Overall Architecture

As shown in Fig. 2, our network is composed of: (i)
A frozen SAM [45] backbone used for extracting highly
generalized features from multi-modal input; (ii) A Multi-
Spatiotemporal-Scale Spiking Patch Embedding module
(MSP) for obtaining event-based patches with comprehensive
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motion and semantic cues; (iii) SAM-Event-Adapters (SE-
Adapter) for adapting the SAM in multi-modal segmentation
by introducing event features; and (iv) a SegFormer decoder
[50] used for outputting segmentation results. In the follow-
ing, we will detail the design of core components of our
method such as the SE-Adapter and MSP module.

B. SAM-Event-Adapter (SE-Adapter)

The detailed architecture of the proposed SE-Adapter is
illustrated in Fig. 2.(b). As shown in the figure, we divide
SAM into four stages, where each stage contains eight
transformer blocks, and employ the SE-Adapter before each
stage in order to achieve targets of both the cross-modality
fusion and the sub-stream task adaptation.

Unlike previous adaptation methods designed for SAM,
our work includes an additional visual modality, i.e., event
data. This means that besides adapting the SAM to specific
downstream tasks, our model needs to leverage the com-
plementary between event and image data, and contribute
these two modalities to the segmentation task collaboratively
through the frozen SAM. To accomplish this, we introduce an
image-guided attention mechanism, as illustrated in Fig. 2(b),
to construct the SE-Adapter. Specifically, we treat image
features from the SAM as queries (QI ∈ RNI×Cp ) and
event features from the MSP as keys (KE ∈ RNE×Cp ) and
values (VE ∈ RNE×Cp ), where N I and NE are numbers
of patches determined by input resolution. Our motivation
is to use the highly generalizable features learned from the
SAM to guide the event feature encoding procedure. We aim
to let the network know which event-based information can
be exploited as supplementary cues for enhancing segmen-
tation performance. In this way, high-quality weights of the
SAM that are pre-trained using RGB images can be fully
utilized. Consequently, we treat image features as queries
to determine the way that event features should be extracted
and added back to the SAM backbone. The attention process
can be formulated as:

V ∗
E = MVE = Softmax(

QI ×KT
E√

Cp

)VE . (5)

Noticeably, projection layers are employed before the atten-
tion operation for cross-modal feature dimension unification.
V ∗
E ∈ RNI×Cp is the extracted event features corresponding

to image patches.
Moreover, we propose an adaptive gate block, which is

composed of a re-weighting matrix and a projection layer,
to control the impact of messages from different modalities.

Γ = Sigmoid(ReLU(norm(linear(M)))), (6)

where Γ ∈ RNI×Cp represents the re-weighting matrix,
Sigmoid is used to normalize the Γ to the range of 0 to
1. We then element-wise multiply Γ with the obtained V ∗

E .
Afterward, we pass it through a projection layer and add it
back to the SAM.

TABLE I
RESULTS ON THE DSEC-SEMANTIC. †: E AND I REPRESENT EVENT

DATA AND RGB IMAGES RESPECTIVELY.

Methods
Inference

Accuracy [%] mIoU [%]
Tunable

Modality† Params(M)
E2ViD [51] E 76.67 40.70 10.71

EV-SegNet [35] E 88.61 51.76 29.09
ESS [41] E 89.37 53.29 12.91

EDCNet-S2D [13] E & I 92.39 55.75 61.99
CMX [15] E & I 92.61 65.29 66.5

CMNeXt [16] E & I 93.13 67.2 58.69
Ours E & I 93.58 69.77 8.2

C. Muti-spatiotemporal-scale Spiking Patch Embedding

In this section, we propose a new paradigm for processing
event data. Previous works mostly treat the time steps of
event data as individual channels. Some approaches embed
multiple temporal channels into a single patch, akin to
frame-based methods, which leads to a loss of the inherent
temporal relationships of event data. Other methods generate
a patch for each temporal channel, but this introduces a high
computational burden due to the large number of patches.
As we mentioned in Sec. III-B, SNN can accumulate event
signals in the time domain while maintaining lightweight
model size. This design allows SNN to effectively preserve
the temporal information of event data without compressing
channels or introducing a significant computational burden.
Based on these reasons, we design the Multi-Scale Spiking
Patch Embed Block (MSP) developed from LIF neurons
and multi-scale embedding strategy, as shown in Fig. 3.
We utilize the method mentioned in Sec. III-A to aggregate
event data into voxel-grids with various temporal scales
({E1...Ek} ∈ RT×1×H×W , where T is the fixed time
step), obtaining coarse features at multiple temporal scales.
Subsequently, we feed Ek into ConvLIF blocks for spatiotem-
poral feature learning. Each ConvLIF module consists of
multiple convolutions, batch normalization, and LIF neurons.
Particularly, ConvLIF4× also includes a max-pooling layer.
Specifically, the event representation with the maximum time
range E1 pass through only one ConvLIF4× module, while
the voxel-grid with the minimum time range Ek pass through
one Conv-LIF4× module and k−1 ConvLIF2× modules. This
processing approach retains the temporal information of the
events and connects the temporal and spatial aspects of event
information effectively.

After being processed by ConvLIF blocks, the event
representations have a shape of RT×kC×H×W , where C
is defined intermediate feature dimension. We calculate the
average along the temporal dimension and flatten them along
the spatial dimension. Next, we convert the obtained features
into patches with Avgpooling operation on T dimension
and follow it with a linear layer to project the feature
dimension from Cp. Finally, we concatenate patches derived
from different integration spans and attain the output of the
MSP with the shape of RNE×Cp .

V. EXPERIMENTS
In this section, we compare our method with state-of-

the-art (SOTA) semantic segmentation approaches in two
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Fig. 3. The structure of the MSP. Ek represents different temporal
ranges of event representations. The ConvLIF4× and ConvLIF2× represent
convolution-LIF blocks with 4× and 2× downsampling separately.

TABLE II
RESULTS ON THE DDD17.

Methods
Inference

Accuracy [%] mIoU [%]
Tunable

Modality Params(M)
E2ViD [51] E 83.24 44.77 10.71
ViD2E [52] E 90.19 56.01 29.09

EV-SegNet [35] E 89.76 54.81 29.09
ESS [41] E 90.37 60.43 12.91

EDCNet-S2D [13] E & I 93.71 60.23 61.99
CMX [15] E & I 94.20 67.47 66.5

CMNeXt [16] E & I 93.82 66.99 58.69
Ours E & I 95.32 69.06 8.2

categories. (1) Event-based segmentation, e.g., EV-SegNet
[35], ESS [41], E2ViD [51] etc. (2) Event-RGB segmenta-
tion, e.g., EDCNet-S2D [13], CMX [15] and CMNeXt [16].
For approaches that have not been evaluated on our adopted
datasets, we re-train them with the identical training settings
as ours.

A. Experiment on DSEC-Semantic

1) Dataset: The DSEC-Semantic dataset [41] contains
53 driving sequences with 8082 training samples and 2809
testing samples from DSEC [33], which data was collected
in various urban and rural environments, using automotive-
grade standard cameras and high-resolution event cameras.
DSEC-Semantic includes RGB and event data, with semantic
segmentation labels provided by a model introduced in [53].

2) Training Settings: We construct four E as inputs of
the MSP (k = 4) and set the integrating span of these
four voxel-grids as {30ms, 50ms, 70ms, 90ms}. For each
E ∈ RT×1×H×W , we define their time step T as 20. We
set the feature dimension Cp of each patch derived from
the MSP as 256, and we set C in MSP as 32. For data
augmentation, we crop the input frames and their paired
event representations to a size of 256 × 256 and apply
rotation and flipping randomly. The initial learning rate was
set to (2 × 10−4), with a minimum learning rate of 10−7,
adjusted by Cosine Annealing over 20 epochs. To facilitate
fair comparisons, we employed identical hyper-parameters
as our model for the corresponding models. Specifically,
we set the integrating span of the voxel-grid used by the

corresponding model to 90ms, as they only support event
inputs in a single temporal scale.

3) Quantitative Results: We use accuracy and mean inter-
section over union (mIoU) to evaluate the effectiveness of our
model. As shown in Tab. I, when compared to event-based
segmentation methods like E2ViD [51], EV-SegNet [35], and
ESS [41], our model achieves significantly higher results (at
least 16.48% higher) with fewer tunable parameters (at least
2.51M lower). In comparison to the SOTA Event-RGB seg-
mentation models such as CMX [54] and CMNeXt [55], our
method still holds leading performance with lower tunable
parameters. We attribute the observed phenomena to two
factors: (1) Constrained by the limited scale of Event-RGB
segmentation datasets, prior models in the domain of Event-
RGB segmentation fail to achieve sufficient optimization,
thereby lacking robust predictive capabilities across diverse
scenarios. In contrast, our methodology, anchored by the high
generalizability of frozen SAM, yields high-quality, transfer-
able features across the Event-RGB modalities, consequently
manifesting superior performance during the testing phase.
(2) Our proposed Multi-Spatiotemporal-Scale Spiking Patch
Embedding (MSP) module is adept at efficiently encoding
semantic information and motion cues within event data,
thereby furnishing subsequent neural network training with
a well-initialized features.

4) Qualitative Results: As shown in Fig. 4, compared to
prior Event-RGB segmentation models, our method obtains
more detailed segmentation results, as highlighted in red
boxes. Since the images in DSEC-Semantic are captured by a
moving vehicle, small-scale objects such as streetlights and
traffic signs are highly susceptible to motion blur, making
them challenging to segment. The compared Event-RGB
models might not handle this situation well due to their
frame-like method on embedding event data. Instead, the
powerful spatiotemporal information encoding capability of
the MSP enables our model to handle the motion cues
efficiently, resulting in more accurate prediction.

B. Experiment on DDD17

1) Dataset: Similar to DSEC-Semantic, DDD17 [34] in-
cludes 40 different driving sequences along with synchro-
nized grayscale images and event streams. The grayscale
images in DDD17 suffer from issues of low quality and
low resolution. Moreover, there are artifacts present in the
semantic segmentation labels. As a result, this dataset poses a
greater challenge to assess the SE-Adapter’s ability to handle
the event modality and optimize image features within the
SAM backbone.

2) Training Settings: The Training settings on DDD17
share many similarities with those on DSEC-Semantic. The
difference is that we construct four E as inputs of the MSP
(k = 3) and set the integrating duration of these four
voxel-grids as {10ms, 50ms, 250ms}. The settings of the
corrsponding models are samilar with the settings in DSEC-
Semantic.

3) Results: The performance of our model on DDD17
is shown in Tab. II. Similar to DSEC-Semantic, we com-

9097



Events Images GT CMX [15] CMNeXt [16] Ours

Fig. 4. Visual comparison results on DSEC-Semantic of different methods. The highlighted regions for comparison are within bounding boxes.

TABLE III
THE ABLATION STUDY FOR THE SE-ADAPTER. ♮: FINE-TUNING

SEGMENTATION HEAD SOLELY. §: FINE-TUNING THE WHOLE MODEL

INCLUDING THE SAM.
Variants Methods Modalities Accuracy [%] mIoU [%]

A SAM♮ I 91.21 59.7
B SAM w/ SE-Adapter§ E & I 87.98 47.3
C SAM w/ SE-Adapter (ours) E & I 93.58 69.77

TABLE IV
THE ABLATION STUDY FOR THE MSP.

Variants ConvLIF Muti-scale Embedding mIoU [%]
A 63.27
B ✓ 67.66
C ✓ 67.64
D ✓ ✓ 69.77

pared our approach with state-of-the-art (SOTA) methods
and found that the performance of our method is still out-
performs, maintaining consistency across different datasets.
This indicates that even on dataset like DDD17 with low
image quality, which may limit the effectiveness of the
SAM backbone, our model remains effective, demonstrating
the generalizability of our model and the efficacy of our
proposed SE-Adapter in RGB feature enhancement.

C. Ablation studies

In order to validate the effectiveness of the model de-
sign and optimizing strategy, we conduct several ablation
experiments on DSEC-Semantic, and the results in Tab. III
& Tab. IV confirm that each of our designs is rational and
indispensable.

1) Efficacy of the SE-Adapter: Although fine-tuning
SAM consumes substantial computational resources, it seems
justified to allocate additional resources when computational
capacity is abundant, in pursuit of higher accuracy. However,
the results (B & C) in Tab. III refute this conjecture and
demonstrate the necessity of the adapter structure. By com-
paring the outcomes of the models mentioned in the table,
it is evident that fine-tuning the entire model (including the
SAM) actually reduces model accuracy; this is because the
limited scale of Event-RGB segmentation datasets makes it
challenging for the parameters of the large model SAM to be
well optimized. Instead, only fine-tuning the lightweight SE-
Adapter and segmentation head eases the training pressure
largely and thereby results in better prediction. Also, the Tab.
III (A & C) shows the proposed SE-Adapter enhances the

Image GT (a)

(b) (c) (d)

Fig. 5. Visual comparison on different designs, where (a), (b), (c), (d)
represent the segmenting results of variants A, B, C, D in the table.

final performance effectively through fusing additional event-
based modal.

2) Designs in the MSP: To determine whether MSP can
indeed be a new paradigm for processing event data, we
evaluate each part of the MSP separately and place the results
in Tab. IV. In the setting A, we replace the LIF neurons
in ConvLIF with ReLU activation functions and alter the
multi-scale representations to a single voxel-grid with an
integrating span of 90ms. Then, we add the LIF neuron and
the multi-scale design to the model individually to achieve
settings B and C. Finally, we place the performance of the
full-power MSP module as variant D. From the table, it can
be observed that each part of the MSP contributes positively
to the model, and the complete MSP achieves the highest
mIoU. The visualization in Fig. 5 corresponding to settings
A, B, C, D also validates the efficacy of each component in
the MSP.

VI. CONCLUSIONS

In this work, we introduce the SAM-Event-Adapter (SE-
Adapter) and Multi-Spatiotemporal-Scale Spiking Patch Em-
bedding (MSP) modules, addressing critical challenges in
model adaptability concerning multi-modal fusion and spa-
tiotemporal encoding of event data. Extensive experiments
show the effectiveness of our design, and validate the success
of our model in adapting the SAM with frozen weights to
our Event-RGB multi-modal segmentation tasks. We believe
that the SE-Adapter will not only offer novel avenues for
research in the Event-RGB domain but also find applicability
in a broader field of cross-modal fusion. Concurrently, our
MSP module can be seamlessly integrated as a foundational
component into any research endeavors that leverage event-
based data.
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