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Abstract— The complementarity between camera and LiDAR
data makes fusion methods a promising approach to improve
3D semantic segmentation performance. Recent transformer-
based methods have also demonstrated superiority in segmenta-
tion. However, multimodal solutions incorporating transformers
are underexplored and face two key inherent difficulties: over-
attention and noise from different modal data. To overcome
these challenges, we propose a Deformable Multimodal Rep-
resentation Fusion (DefFusion) framework consisting mainly
of a Deformable Representation Fusion Transformer and Dy-
namic Representation Augmentation Modules. The Deformable
Representation Fusion Transformer introduces the deformable
mechanism in multimodal fusion, avoiding over-attention and
improving efficiency by adaptively modeling a 2D key/value
set for a given 3D query, thus enabling multimodal fusion
with higher flexibility. To enhance the 2D representation and
3D representation, the Dynamic Representation Enhancement
Module is proposed to dynamically remove noise in the input
representation via Dynamic Grouped Representation Genera-
tion and Dynamic Mask Generation. Extensive experiments val-
idate that our model achieves the best 3D semantic segmentation
performance on SemanticKITTI and NuScenes benchmarks.

I. INTRODUCTION

Semantic segmentation is vital for scene understanding
and has broad applications in areas such as autonomous
driving and robotics [1], [2], [3], [4]. While single modality
methods for 3D semantic segmentation that using camera
images [5] or LiDAR point clouds [6] as input are rapidly
developing, they face unavoidable limitations due to the
inherent constraints of single-modal data in complex scenes.
For example, cameras can capture a wealth of color and
texture details that reveal object appearance, but they are
vulnerable to variations in illumination and object sizes.
Moreover, depth perception from camera images can often
be ambiguous, while LiDAR point clouds provide precise
depth information, but the laser spots produced are too sparse
to capture object details. Due to the complementary nature
of cameras and LiDAR, a multimodal fusion approach that
combines both is a promising method for improving the
performance of 3D semantic segmentation [7], [8].

Recently, many 3D semantic segmentation methods have
adopted the use of transformers to model global feature
relationships [9]. Transformers are adept at modeling long-
distance dependencies [10]. However, the use of transformers
in multimodal segmentation methods has not been fully ex-
plored. Previous methods often carry out fusion by projecting
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point clouds onto image planes and then fusing correspond-
ing image features with point features based on point-to-
pixel mapping [7], [11]. Alternatively, some methods use
knowledge distillation [12] to transfer useful information be-
tween different modalities [8], [13]. However, these methods
do not make full use of the transformer’s ability to handle
multimodal data. Directly applying transformers to multi-
modal fusion semantic segmentation will bring the following
unavoidable limitations: 1) The challenge of over-attention
brought by transformers. Fusion-based methods simultane-
ously processing images and point clouds consume more
computing resources, which together with over-attention can
bring a huge burden to the application. 2) Noise brought
by different modality data during fusion. Since the camera
and LiDAR are affected by the environment, deviations and
errors may occur in the multimodal data.

To address the aforementioned challenges, we propose a
Deformable Multimodal Representation Fusion (DefFusion)
framework from the perspective of deformable representation
fusion and multimodal representation enhancement. Our Def-
Fusion framework is comprised of two main components: the
Deformable Representation Fusion Transformer and the Dy-
namic Representation Enhancement Module. To accurately
model and capture the relationships between multi-modal
tokens while simultaneously preventing over-attention, we
design the Deformable Representation Fusion Transformer
to transfer keys and values to specific key regions within
2D representations. To achieve this, we leveraged 3D
representation-guided offsets through the implementation of
several sets of learnable deformable mechanisms, allowing
for the generation of reference points on 2D representations
with respect to 3D queries. Ultimately, this process generates
corresponding learnable offsets for all reference points within
the query, resulting in a flexible 2D candidate key/value
set. This mechanism provides the required flexibility and
efficiency needed to effectively perform multimodal fusion.

To avoid the noise of multimodal data during fusion, we
provide the Dynamic Representation Enhancement Module
to dynamically remove the noise in the input representation
via Dynamic Grouped Representation Generation and Dy-
namic Mask Generation. Specifically, we cluster the channels
of obtained representations into /N region-aware feature
maps (grouped representations). To further remove the noise
of grouped representations, we learn the dynamic masks
corresponding to each region via Dynamic Mask Generation.

In total, our main contributions are summarized as follows:

« We propose the Deformable Multimodal Representation
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Fusion (DefFusion) framework for 3D semantic seg-
mentation, which demonstrates state-of-the-art perfor-
mance.

e We design the Deformable Representation Fusion
Transformer, which addresses over-attention with de-
formable representation generation, endowing multi-
modal fusion with higher flexibility and efficiency.

e We provide the Dynamic Representation Enhancement
Module, which effectively denoises and enhances image
or point cloud representation.

II. RELATED WORK

A. Single-Sensor 3D Semantic Segmentation

Camera-based Methods. With the development of deep
learning [14], [15], [16], [17], [18], [19], many camera-based
semantic segmentation methods [20] are proposed to improve
FCNs [21], such as PSPNet [22] and DeeplabV3 [5] that
adopt a pyramid structure. However, camera-based methods
are not robust in low-light conditions compared to LiDAR-
based methods.

LiDAR-based Methods. LiDAR-only 3D semantic seg-
mentation methods typically employ the U-Net [23] archi-
tecture. There are three prevalent approaches: i) Point. Point
methods derived from PointNet++ [24] become computa-
tionally expensive for processing large-scale LiDAR point
clouds. ii) Projection. PolarNet [25], Deep LiDAR [26], and
RangeNet++ [27] adopt this strategy. However, projecting 3D
data to 2D results in information loss and performance degra-
dation. iii) 3D Voxel. SparseConv [1] stores only non-empty
voxels in a hash table, which improves efficiency. Recently,
fusion methods [28], [6] that utilize multiple representations
(points, projection, and voxels) have emerged. However,
these methods only take radar point clouds as input, lacking
appearance and texture information from camera images.

B. Multi-modal 3D Semantic Segmentation

Multimodal 3D semantic segmentation aims to leverage
the complementary information from cameras and LiDAR.
Existing methods for fusing multimodal representations in-
clude RGBAL [11], which transforms RGB images into polar
grid map representations, and PMF [7], which projects point
clouds onto the camera image plane for fusion. However,
these methods have limitations in enhancing the point cloud
due to the image format, which may hinder generalization
in practical applications. Recently, new methods such as
2DPASS [8] have utilized multi-scale fusion-to-single knowl-
edge distillation to transfer 2D semantic information into
3D networks, and Hou et al. [13] propose point-to-voxel
knowledge distillation (PVD) to transfer hidden knowledge.
In contrast, our approach performs both image representation
augmentation and point cloud representation augmentation in
the segmentation network, and achieves efficient and flexi-
ble fusion of multimodal representations using Deformable
Representation Fusion Transformer.

C. Deformable mechanism

Deformable convolution [29] has been widely applied
in computer vision. Deformable DETR [30] employs de-
formable attention to select a small number of keys for each
query on top of a CNN backbone, while DPT [31] and
PS-ViT [32] refine visual tokens with deformable modules.
However, none of these works integrate deformable mecha-
nisms into multimodal fusion. Our approach uses a powerful
yet simple design to learn 3D-guided offsets and transfer
keys and values to important regions in 2D representations
for efficient fusion. Our method can also be viewed as an
adaptive fusion mechanism.

III. METHOD
A. Framework Overview

As illustrated in Figure 1, our DefFusion comprises the
Deformable Representation Fusion Transformer (DRFT), the
Dynamic Representation Enhancement Module (DREM), a
2D backbone, and a 3D backbone. The DRFT utilizes
deformable mechanisms to efficiently fuse multimodal repre-
sentations. The DREM dynamically removes noise in 2D/3D
representation to enhance feature representation. Specifically,
the DREM-2D enhances 2D image representation, while the
DREM-3D enhances 3D point cloud representation.

Let X, € RNcamera xH*XW X3 ropresent the RGB image,
and P;, € RNreintXD represent the LiDAR point cloud.
We feed P;, and the sampled X;, into the 2D and 3D
backbones, respectively. The backbone networks extract two
sets of multi-scale feature maps to obtain 2D and 3D rep-
resentations, denoted by {FIQD}ZLZ1 and {FI3D}IL:1, where
L denotes the number of stages, which is set to 4 in our
framework.

To extract 2D features, we employ the HRNet-w48 [33]
encoder. The last two stages of the encoder are enhanced with
DREM-2D to improve the quality of the 2D representations
{F3P, F{P}. At each stage, we use the DRFT to efficiently
fuse 2D and 3D representations, which are concatenated to
produce multi-scale fusion representations. Finally, we use
the FCN [34] decoder to upsample the multi-scale fusion
representations.

For the 3D backbone, we employ a modified SPVCNN [6]
to build the 3D encoder. Similar to the 2D branch, we
also apply the DREM-3D to enhance the last two stages of
the 3D encoder, resulting in improved 3D representations
{F$P,F}P}. The 3D representations of different scales

{FpP }lel are then upsampled to the original size and
concatenated with the multi-scale fusion representations. The
resulting feature maps are fed into a decoder that comprises
several fully connected layers. The 2D backbone and 3D
backbone can be flexibly selected from various mature net-
works, which is verified in Section IV-C.

B. Deformable Representation Fusion Transformer

Multimodal semantic segmentation methods combined
with transformers often face over-attention challenges due
to input data of different modalities as query, key, and value,
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Fig. 1: Overview of our DefFusion. Images and LiDAR point clouds are respectively fed into 2D and 3D encoders to generate
multi-scale features. Then, Deformable Representation Fusion Transform is applied for each scale to effectively model the
relationship between multimodal tokens, thereby overcoming over-attention. DREM-2D and DREM-3D are applied in the
last two stages of the 2D encoder and 3D encoder respectively to remove noise and enhance feature representation.

or directly feeding fused representations into the transformer.
This exacerbates the noise that naturally arises from different
modalities and can harm performance. The DCN [35] gives
deformable mechanisms that using data-dependent sparse
attention to solve over-attention, but previous methods have
not fully utilized deformable mechanisms for multimodal
representation fusion. Additionally, directly implementing
deformable mechanisms in transformers poses a challenge
due to the sharp rise in space complexity when learning
offsets for each feature map element. In contrast, we pro-
pose a flexible approach that leverages 3D representations
to guide the effective fusion of important regions in 2D
representations, enabling efficient and adaptive fusion and
generating semantically rich fused representations that boost
segmentation performance.

Specifically, to flexibly fuse multimodal representations
and effectively model the relationship between tokens, we
design the Deformable Representation Fusion Transformer
(Figure 2). The key idea is to use an adaptive set of
deformable points to determine the important regions in the
2D representation . These points are learned by the offset
network from queries Q obtained from 3D representations.
To obtain deformed key K and deformed value V, we
perform key projection and value projection on the sampled
2D representations using the grid sample operation. Finally,
we feed Q, K, and V into Multi-head Attention with Bias
to obtain the fusion representation.

Deformable Representation Generation. To improve
computational efficiency, we adopt the Point-to-Pixel Corre-
spondence method proposed in [8] to generate paired features
for both 2D and 3D multi-scale representations. These paired
features are then used as the input representations { X* }le

and {X l‘?’D}lL:l for the Deformable Representation Fusion
Transformer in the ¢-th stage of the encoder.

For generating a deformable representation from a 2D
input representation XZQD € RVxCi we first initialize a

set of reference points p and downsample the grid size by
a factor r from the input representation size, resulting in
N} = N;/r points. The reference points are assigned values
of linearly spaced coordinates ranging from 0 to N — 1.
To obtain the offset of each reference point, we linearly
project the 3D representation X2 € RV*% (o the query
Q. We then apply a lightweight offset network 6, rset(-)
to the query to obtain the offsets Ap. The deformable
representation generation process can be expressed as:

Q = 0 (X§P), K = (X?P),V = ¢, (X*P) (D)

Ap == eoffset(Q)a XZD = S(XlzD; P + Ap) (2)

where K and V denote the deformable key embedding and
deformable value embedding guided by the 3D representa-
tion, respectively. s(-) represents the grid sampling function,
which is set to a bilinear interpolation. To learn reasonable
offsets, we implement the offset network 6, rset(-) as two
linear layers with nonlinear activation, where we employ the
ReLU activation function.

Multi-head Attention with Bias. To efficiently compute
self-attention, we employ multi-head attention on Q, K, and
V. We also adopt a relative position bias B € RN *N/
when computing attention. The relative positional bias B
is equivalent to the position embedding used in [10] and
supplements spatial information by encoding the relative
position between each pair of query and key. As a result,
the output of one head is expressed as:

F&' = Softmaz(wm)Vm 3)

W = 7(Qm, Kn)/Vd+ B 4)

where the attention weight w,, is scalars computed from the
scaled dot-product ~(-). d is the dimension of each head. The
attention features £2/*" obtained by multi-head attention are
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Fig. 2: The illustration of our Deformable Representation Fusion Transformer. A set of reference points are uniformly placed
on the 2D representation, and the offsets are learned from the 3D query through an offset network. Then, the deformable
keys and values are projected from the deformable representation based on the deformable points. The relative positional
deviation is also calculated by the deformable points, which enhances the multi-head attention.
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Fig. 3: The illustration of our Dynamic Representation Enhancement Module. (a) DREM-2D: For the input representation,
DREM-2D generates grouped representations and dynamic masks, and multiplies them element by element to obtain an
enhanced representation. (b) DREM-3D: The operation of DREM-3D is parallel to DREM-2D.

linearly projected via ¢, to get the final output ffusion:

Ffusion — 0o(Concat (R ... Fotiny) (5)

In practice, our multi-head attention adopts the window-
based attention in [10], [36] for computational efficiency.

C. Dynamic Representation Enhancement Module

To enhance the original representation of the 2D backbone
and 3D backbone and dynamically remove the noise in the
original representation, we provide the Dynamic Represen-
tation Enhancement Module as shown in Figure 3.

1) 2D Dynamic Representation Enhancement Module:
Dynamic Grouped Representation Generation. We aug-
ment the original 2D representation with a set of dilated
convolutions, denoted as F2P ¢ RF*WxC More specif-
ically, we apply dilated convolutions with dilation rates
of 3, 6, and 12, respectively. The resulting outputs are
concatenated together to obtain F2P. However, the number
of channels in F?? is typically quite large, which may lead to
excessive computational costs. For computational efficiency,
we follow [37] to aggregate channels of the representation
F2?P using K-means, and employ the clustering results as
the representation of key regions. Specifically, we cluster the
channels of F2P into G groups, representing G' key regions.
The clustering result is expressed as a matrix ¢l € R“*C,
where cl; ; ranges from O to I, indicating the probability
that the j-th channel belongs to the i-th group (i.e. the i-th
region). We employ two fully connected layers and a sigmoid

activation function to approximate the clustering process,
called the grouping layer (GL). We use F2P as the input
of GL to obtain the clustering result cl:

cl = GL(F*P) = Sigmoid(FC(F?P)) (6)

Then We utilize ¢! to calculate the dynamic grouped
representation F2P € R¥*WxG of each key region. For
the ¢-th region, the calculatlon formula of its corresponding
representation F’ g2iD € REXW 4

F2P = e Z clic x F2P
where c¢l;. is an estlmated Value indicating whether the
c-th channel belongs to the i-th region, and F2P is the
feature of the c-th channel of F2P. We obtain the dynamic
grouped representation FgQD by concatenating features from
all regions.

Dynamic mask generation. Representative representa-
tions after grouping inevitably contain noise. To further
enhance the feature representation, we apply a denoising
process to the Fg2D by generating dynamic masks. Specifi-
cally, for the i-th group (i.e. the i-th region), we use a 2D
convolution and a sigmoid activation function to learn the
corresponding mask M;, and make m; range from O-1. The
mask M; represents the importance of each pixel in the space
of the FZP.

)

M; = Sigmoid(Conv(F?P)) 8)
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TABLE I: Performance comparison on the SemanticKITTI test benchmark. The best results are marked with bold.

2 = %

2l 2 £ 35 Z . T & g 5 & % gz & g = £
Methods E R g 2 2 3 - £ 2 2 E s 2 B £ 3 g £
SqueezeSegV2;cparie [38] | 397 | 886 676 458 177 737 818 134 185 179 140 718 358 602 20.1 251 39 411 202 263
RandLA-Netoy prrog [391 559 | 90.5 740 61.8 245 897 942 439 298 322 39.1 838 63.6 686 484 474 9.4 604 510 50.7
PolarNetoy pgrog [251 543 | 90.8 744 617 21.7 900 938 229 403 30.1 285 840 655 67.8 432 402 5.6 613 518 575
JS3C-Netg 4 47721 [40] 66.0 | 889 72.1 619 319 925 958 543 593 529 460 845 698 679 695 654 399 708 60.7 68.7
Cylinder3D 4, x 1720 [41] 689 | 922 77.0 650 323 90.7 97.1 50.8 67.6 63.8 585 856 725 698 737 692 480 665 624 662
RPVNet;coyrop (28] 703 | 934 80.7 703 333 935 976 442 684 687 6l.1 86.5 75.1 717 759 744 434 721 648 614
(AF)2-S3Netcy prro1 [42] 70.8 | 920 762 66.8 458 925 943 402 63.0 814 400 786 68.0 63.1 764 817 717 69.6 640 733
PVKDey prras [13] 712 | 91.8 77,5 709 41.0 924 970 535 679 693 602 865 738 719 751 73,5 505 694 649 658
2DPASS pocyras [8] 729 | 89.7 747 674 400 935 97.0 61.1 636 634 615 862 739 710 779 813 741 729 650 704
Baseline 68.0 | 90.1 739 627 346 914 952 553 525 568 531 859 726 714 763 795 387 688 645 692
DefFusion (Ours) 746 | 93.5 768 683 427 942 978 624 650 671 629 873 754 722 786 821 778 735 674 719

2DPASS

other vehicle

DefFusion (Ours) Ground Truth

motorcyclist

etation trunk terrain pole

Fig. 4: Visual comparison of various methods on the SemanticKITTI validation set. It can be observed that our method
performs the best, especially on challenging objects such as persons, cars, and other vehicles.

Finally, we element-wise multiply M with F2° to obtain
a denoised representative representation.

2) 3D Dynamic Representation Enhancement Module:
We can easily extend the DREM-2D to the DREM-3D by
replacing 2D convolution and 2D dilated convolution with
1D convolution and 1D dilated convolution, respectively.
DREM-3D, like DREM-2D, can be divided into Dynamic
Grouped Representation Generation and Dynamic mask gen-
eration. Specifically, to calculate the grouped representation
Fg3iD , we use 1D dilated convolution and a grouping layer
(GL) to obtain clustering results. To denoise Fg’iD , we learn
a dynamic mask M/ for the i-th region via a 1D convolution
and sigmoid activation function.

IV. EXPERIMENT
A. Experimental Setup

Dataset. We use SemanticKITTI Dataset and NuScenes
Dataset. The SemanticKITTI Dataset provides dense seman-
tic annotations for scans of sequence 00-10 in the KITTI
dataset [44]. The NuScenes dataset comprises 1000 scenes
that encompass diverse traffic and weather conditions.

Evaluation Metric We evaluate methods using
Intersection-over-Union (mloU), which is defined as
%, where TP, FP, FN are the number of true
positive, false positive, and false negative predictions. In
addition, we also used overall accuracy (Acc) for evaluation.

Settings. We adopt the semantic segmentation loss func-
tions of cross-entropy and Lovasz loss following [8] for
training our DefFusion end-to-end using the SGD optimizer.
We set the number of groups G to 4 for both DREM-2D and
DREM-3D. To augment the 2D input, we apply the standard

techniques of horizontal flipping and color jitter. Similarly,
for the 3D input, we utilize global rotation at random angles
and global scaling with a random scale factor.

B. Comparison with State-of-the-art Methods

SemanticKITTI Results. We give a comprehensive eval-
vation of our method and other approaches on the Se-
manticKITTI dataset in Table I. Our DefFusion method
achieves the highest mloU compared to all other state-of-
the-art methods, including single sensor-based segmentation
methods and multimodal fusion-based segmentation meth-
ods. Our method significantly improves the mloU by 9.7%
compared to the baseline, which validates the effectiveness
of our DRFT and DREM. In addition, when DefFusion uses
the same 2D and 3D backbone as 2DPASS, it achieves a
mloU of 74.0% on SemanticKITTI.

NuScenes Results. Table II reports the semantic segmen-
tation results of our DefFusion and other state-of-the-art
methods on the NuScenes dataset. Our method not only
outperforms all single sensor-based methods but also sur-
passes other multimodal fusion-based methods. our DefFu-
sion achieves the best mIoU, improving it by 5.1% compared
to the baseline, and achieving state-of-the-art performance
with 81.8% mloU.

Comparison of Qualitative Results. In Figure 4, we give
the qualitative results of our method and other multimodal
fusion-based methods on SemanticKITTI validation set.

C. Ablation Study

Effectiveness of Various Components in DefFusion.
We first removed key components in DefFusion to verify
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TABLE II: Performance comparison on the NuScenes test benchmark. L means use LiDAR only. L + C' stands for using

LiDAR and cameras.

g o
£ % 5 5 sz o 3 £
o 5 2 = oy E o . k| = E] = g g
Methods Input = 3 i3 3 B 3 = & 5 £ = 3 3 i I3 = g
PolarNetgy prao 1251 | L | 694 | 722 168 770 865 511 697 648 541 697 635 966 67.1 777 721 871 845
JS3C-Netyqar721 [40] | L | 73.6 | 80.1 262 87.8 845 552 726 713 663 768 712 968 645 769 741 875 86.1
PMF;ccyrar (7] L+C | 770 | 820 400 810 880 640 790 800 760 810 67.0 970 680 780 740 900 880
2D3DNetspyrop [43] | L+4C | 80.0 | 83.0 594 880 851 637 844 820 760 848 719 969 674 798 760 921 892
_2DPASSgooyrge [8] | L+C | 808 | 817 553 920 918 733 865 785 725 847 755 976 691 799 755 902 880
Baseline L+C [ 7787|805 384 917 908 663 792 709 ~ 713 830 756 964 693 ~ 79.1° 755 89.7 8§72
DefFusion (Ours) L+C | 81.8 | 832 579 921 922 746 874 807 733 853 765 97.0 696 809 768 916 89.3
TABLE III: Ablation studies of our DefFusion on Se- TABLE V: Robustness analysis on DefFusion on the
manticKITTT validation set. NuScenes validation set by removing some cameras as
malfunctions. Camera: the number of available cameras.
Methods DRFT DREM-2D DREM-3D  SemanticKITTI
Baseline 65.8 Camera ‘ LiDAR-only 0 1 2 3 4 5 6
******** YV T T T T T T T T T T T T T T T3y T T mloU (%) | 717 746 755 761 770 778 790 804
DefFusion v v 69.4
v v 4 70.8 TABLE VI: Generality analysis by varying the backbone

TABLE IV: Ablation studies of our DRFT on Se-
manticKITTI validation set. Def.Gen. denotes using De-
formable Representation Generation to generate deformable
keys and deformable values. Pos.Bias denotes using Atten-
tion with Position Bias. S represents multi-head attention.
V' represents vector attention in [9], W represents window-
based attention in [10], [36].

Def. Gen.  Pos. Bias  Attn. SemanticKITTI
W 66.4
v W 69.0
v v S 69.2
v v \% 69.3
v v W 70.8

the validity of these designs. Table III reports the ablation
studies of DefFusion on the SemanticKITTI validation set.
Compared with the baseline, our DRFT further significantly
improves the mloU by 3.8%, demonstrating the importance
of efficiently fusing multimodal representations with de-
formable mechanisms. Moreover, applying DREM-2D and
DREM-3D enables the framework to achieve 69.4% and
70.8% mloU, respectively.

Exploring of Deformable Representation Fusion Trans-
former. We show the performance of deleting key compo-
nents in the DRFT in Table IV. Using Deformable Represen-
tation Generation (Def.Gen.) or using Attention with Rela-
tive Position Bias (Pos.Btas) in feature sampling provides
a significant improvement. In addition, we explore various
types of attention heads [9], [10], [36]. Among these, we
adopt the best-performing window-based attention as our
attention head.

Robustness Against Camera Malfunction. We evaluate
the robustness of our DefFusion by examining its perfor-
mance under adverse conditions, such as camera failures,
as shown in Table V. Remarkably, our DefFusion technique
still delivers impressive results even when all cameras are
removed, surpassing the LiDAR-only baseline.

settings on the SemanticKITTI validation set.

Backbone | DRFT DREM | SemanticKITTI  gain
63.8
MinkUNet [6] v 67.3 +3.5
v v 69.3 +5.5
64.7
SegFormer-B5 [45] v 67.7 +3.0
v 4 70.0 +5.3

Generality Analysis. Table VI illustrates that our Def-
Fusion method can enhance segmentation performance
through a “backbone-independent” training approach. We
conduct experiments on two additional baseline models, the
MinkUNet [6] replacing the 3D backbone (SPVCNN), and
the SegFormer-B5 [45] replacing the 2D backbone (HRNet-
w48). All other settings remained constant except for the
backbone-related components. As shown in Table VI, our
DRFT and DREM achieved significant improvements in
segmentation performance on different backbones, indicating
the efficacy and versatility of our DefFusion technique.

V. CONCLUSION

In this paper, we propose a Deformable Multimodal Rep-
resentation Fusion (DefFusion) framework for 3D semantic
segmentation to address the challenges of over-attention
brought by transformers and noise brought by different
modal data. The DefFusion employ our designed Deformable
Representation Fusion Transformer to adaptively model the
relationship between multi-modal tokens and avoid over-
attention. Furthermore, we provide Dynamic Representation
Enhancement Module to dynamically removes noise in the
input representation via Dynamic Grouped Representation
Generation and Dynamic Mask Generation, which is suitable
for both 2D and 3D representation enhancement. Even-
tually, our method achieves state-of-the-art on two large-
scale recognized benchmarks, namely SemanticKITTI and
NuSchenes.
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