
Skip Mamba Diffusion for Monocular 3D Semantic Scene Completion

Li Liang 1, Naveed Akhtar 2, Jordan Vice 1, Xiangrui Kong 1, Ajmal Saeed Mian 1

1The University of Western Australia
2The University of Melbourne

li.liang@research.uwa.edu.au, naveed.akhtar1@unimelb.edu.au, jordan.vice@uwa.edu.au,
xiangrui.kong@research.uwa.edu.au, ajmal.mian@uwa.edu.au

Abstract

3D semantic scene completion is critical for multiple down-
stream tasks in autonomous systems. It estimates missing ge-
ometric and semantic information in the acquired scene data.
Due to the challenging real-world conditions, this task usu-
ally demands complex models that process multi-modal data
to achieve acceptable performance. We propose a unique neu-
ral model, leveraging advances from the state space and diffu-
sion generative modeling to achieve remarkable 3D semantic
scene completion performance with monocular image input.
Our technique processes the data in the conditioned latent
space of a variational autoencoder where diffusion model-
ing is carried out with an innovative state space technique. A
key component of our neural network is the proposed Skimba
(Skip Mamba) denoiser, which is adept at efficiently process-
ing long-sequence data. The Skimba diffusion model is in-
tegral to our 3D scene completion network, incorporating a
triple Mamba structure, dimensional decomposition residuals
and varying dilations along three directions. We also adopt
a variant of this network for the subsequent semantic seg-
mentation stage of our method. Extensive evaluation on the
standard SemanticKITTI and SSCBench-KITTI360 datasets
show that our approach not only outperforms other monocu-
lar techniques by a large margin, it also achieves competitive
performance against stereo methods.

Code — https://github.com/xrkong/skimba

Introduction
3D semantic scene completion is essential for inferring
missing geometric and semantic information in scene data
acquisition. This task finds numerous downstream applica-
tions in autonomous driving (Li et al. 2022; Hu et al. 2023),
robotic navigation (Tian et al. 2024; Jin et al. 2024), and
planning (Mei et al. 2023) etc. Recent semantic scene com-
pletion techniques use different input modalities, e.g., Li-
DAR, images, multi-modal, to pursue an acceptable level
of performance. However, the complexity of the underlying
modeling objective still makes 3D semantic scene comple-
tion an open challenge for the research community.

Several studies (Zhang et al. 2018; Roldao et al. 2020;
Yan et al. 2021; Xiong et al. 2023; Xu et al. 2023; Xia
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et al. 2023) rely on LiDAR point clouds for 3D seman-
tic scene completion. However, LiDAR data is inherently
sparse - a property conflicting with the scene completion ob-
jective. Consequently, LiDAR-based scene completion mod-
els need to make up for this disparity with additional model
complexity. For instance, Xia et al. (2023) developed SCP-
Net, which enhances single-frame models through dense-
to-sparse knowledge distillation. However, the model com-
putational demands become sizable. Image-based methods
(Cao and De Charette 2022; Zhang, Zhu, and Du 2023;
Yu et al. 2024; Zheng et al. 2024b) utilize color images
for the task, promising relatively simpler solutions. How-
ever, performance level of these techniques remains a bottle-
neck (Zhang, Zhu, and Du 2023; Yu et al. 2024). As an ex-
ample, Yu et al. (2024) introduced CGFormer, which utilizes
multiple representations to encode 3D volumes from both
local and global perspectives. Their method also includes a
depth refinement module to enhance depth estimation accu-
racy. Nevertheless, the advancement still lacks an acceptable
performance for the critical nature of the task.

Multi-modal inputs are also being considered for 3D se-
mantic scene completion (Li et al. 2019b, 2020; Cai et al.
2021; Dourado, Guth, and de Campos 2022; Wang et al.
2023; Cao and Behnke 2024). As a representative example,
FFNet (Wang, Lin, and Wan 2022) aims at addressing incon-
sistencies in RGB+D data and uncertainties in depth mea-
surements. The technique employs a frequency fusion mod-
ule and a correlation descriptor to capture the explicit corre-
lation of RGB+D features. Whereas using multiple modali-
ties helps in performance gain, it comes with a considerable
computational overhead and intricacies in modeling. More-
over, achieving accurate alignment between different modal-
ities remains a significant challenge along this direction.

In this work, we focus on monocular image data to de-
vise an effective 3D semantic scene completion method that
demonstrates a marked performance gain in this category.
Our approach leverages a unique combination of advances
in generative diffusion modeling (Rombach et al. 2022)
and state space models (Gu and Dao 2023) tailored to the
problem at hand. We propose a neural network, see Fig. 1,
that encapsulates data processing for 3D scene completion
in a conditioned latent space of a variational autoencoder
(VAE). The conditioning lifts 2D scene information to 3D
for subsequent multi-scale processing that prepares data for
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a diffusion-based denoiser. To that end, we propose a Skip
Mamba (Skimba) diffusion model that extracts direct and
indirect feature correspondences to provide sufficient con-
textual information for 3D semantic scene completion. Our
Skimba diffusion model leverages a Triple Mamba config-
uration inspired by (Yang, Xing, and Zhu 2024), where the
proposed Skip Triple Mamba computes feature dependen-
cies along three directions with varied dilations. Our net-
work pays particular attention to efficient processing by de-
ploying Skimba in a VAE latent space and further enabling
downsampling within Skimba. A variant of Skimba is de-
ployed as a 3D semantic segmentation sub-network at a later
stage in the overall model. Our technique achieves impres-
sive performance using for monocular 3D semantic scene
completion. Key contributions of the paper are as follows.
• We propose a unique neural network that combines state

space modeling with generative diffusion modeling of a
conditioned latent space of a VAE for effective monocu-
lar 3D semantic scene completion.

• We introduce a Skimba diffusion model, employing skip
triple mamba layers with varying dilations in three direc-
tions and carefully designed semantic blocks. A variant
of Skimba is also deployed for the semantic segmentation
sub-task in our network.

• With extensive experiments on SemanticKITTI and
SSCBench-KITTI datasets, we demonstrate the state-of-
the-art performance of our method.

Related Work
Our contribution is in 3D semantic scene completion. For
that, we devise a diffusion-based network that employs state
space modeling. Hence, we organize related work by dis-
cussing advances along the key topics of diffusion models,
state space models and the 3D semantic scene completion.
Diffusion Model. These models (Ho, Jain, and Abbeel
2020; Song et al. 2020; Song, Meng, and Ermon 2020) have
been widely studied recently for generative tasks such as im-
age generation (Zhou et al. 2023; Zheng et al. 2023), im-
age restoration (Zheng et al. 2024a), video generation (Ni
et al. 2023), 3D shape generation (Shim, Kang, and Joo
2023; Li et al. 2023a), and 3D occupancy prediction (Tang
et al. 2024). Diffusion models are resource-intensive and re-
quire multiple function evaluations and gradient computa-
tions, leading to high costs (Patterson et al. 2021). To miti-
gate that, Rombach et al. (2022) introduced a latent diffusion
model, which reduces computational demands by applying
the diffusion process in the latent space of an auto-encoder.
In 3D, while most research has focused on individual object
generation, Tang et al. (2024) has also tackled scene synthe-
sis by employing a 3D sparse diffuser with spatially decom-
posed sparse kernels and a re-imagined sparse transformer
head for 3D semantic occupancy prediction.
State Space Model. State space modeling was originally
developed in modern control theory (Glasser 1985) to de-
scribe dynamic systems, and has proven effective in model-
ing long-range dependencies. Recently, state space models
have emerged as an alternative to convolutional neural net-
works (CNNs) and Transformers in natural language pro-

cessing (NLP) and computer vision (Anthony et al. 2024;
Li, Hong, and Fan 2024). For example, S4 (Gu, Goel, and Ré
2021) shows impressive results in the vision domain using a
diagonal parameter structure for efficient modeling. Subse-
quent models like HTTYH (Gu et al. 2022b), DSS (Gupta,
Gu, and Berant 2022), and S4D (Gu et al. 2022a) continue
this trend with diagonal matrices, maintaining performance
with reduced costs. S5 (Smith, Warrington, and Linderman
2022) improves efficiency through parallel scanning, and
MIMO SSM (Smith, Warrington, and Linderman 2022) in-
troduces mechanisms for linear-time inference and efficient
training, further refining Mamba (Gu and Dao 2023). The
Mamba architecture has been applied to image classifica-
tion (Li, Singh, and Grover 2024; Zhu et al. 2024), image
segmentation (Anthony et al. 2024), and point clouds (Liu
et al. 2024). In particular, (Liu et al. 2024) proposed Point
Mamba, featuring an octree-based strategy for globally sort-
ing raw points while preserving spatial proximity.
3D Semantic Scene Completion. 3D semantic scene com-
pletion methods can be broadly divided into four main cate-
gories: image-based (Song et al. 2017; Yu et al. 2024), point
cloud-based (Nie et al. 2021; Xiong et al. 2023), voxel-based
(Yan et al. 2021; Xia et al. 2023), and multi-modality-based
(Cai et al. 2021; Wang, Lin, and Wan 2022). These meth-
ods commonly employ CNNs or transformers. For example,
Song et al. (2017) proposed an end-to-end 3D convolutional
network with a dilation-based context module to efficiently
learn context with a large receptive field. Xia et al. (2023)
introduced SCPNet, which enhances single-frame model
representations using dense relational semantic knowledge
distillation and a label rectification technique to eliminate
traces of dynamic objects. Although voxel-based methods
are computationally more efficient than point-based meth-
ods, they often experience information loss. CNNs have lim-
ited receptive fields, and while transformers can expand re-
ceptive fields, they demand high memory usage. Mamba
framework (Gu and Dao 2023) offers a balanced solution by
expanding the receptive field without incurring high memory
costs, which is promising for 3D semantic scene completion.

Methodology
The primary objective of monocular 3D semantic scene
completion is to infer comprehensive 3D geometric and se-
mantic information from a single image. Given an image
I ∈ RLI×W I×3, it is projected to a grid of 3D voxels
in RL×W×H . The task involves accurately completing the
scene and assigning a class label to each voxel, determin-
ing whether it is empty or contains an object from one of C
semantic categories, represented as c ∈ 0, 1, 2, . . . , C − 1.

Proposed Network
A schematic diagram of our proposed network is given in
Fig. 1. A key component of our approach is the Skip mamba
(Skimba) denoising diffusion network. This proposed net-
work forms an integral part of the overall technique such
that its architecture is also leveraged for the 3D semantic
segmentation required for the scene completion task. The
overall approach employs a variational autoencoder (VAE)
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Figure 1: Schematics of the approach. Our method comprises a 3D scene completion and a 3D semantic segmentation network.
The former is encapsulated in a VAE framework that employs two sub-networks for conditioning its latent space, a Muti-Scale
Convolutonal Block (MSCB) and a Skimba denoising network. The 3D semantic segmentation network employs a variant of
Skimba. L, W, and H denote the length, width, and height of the original scene, and D is feature map dimension.

framework with two conditioning networks. These networks
create lower-dimensional representations for the input voxel
data and images, thereby reducing the computational de-
mands without sacrificing performance. This notion is in-
spired by latent diffusion modeling (Rombach et al. 2022).
To the best of our knowledge, our approach provides the first
successful demonstration of latent space diffusion for 3D
scene completion tasks. Our network employs a Multi-Scale
Convolution Block (MSCB) to provide sufficient contextual
information from conditioning features and noise.

Below, we provide details of the constituent components
of our technique. The Skimba denoising network utilizes
downsampling, semantic block (SB), Skimba block, Con-
vResblock, and upsampling block to achieve its objective.
We discuss each of these components separately while pro-
viding relevant illustrations in Fig. 2.

Projection / Feature Extractor. The use of Projection and
Feature Extractor components is shown in Fig. 1. Their ob-
jective is to project 2D information to 3D, which is a chal-
lenging task due to the scale ambiguity present in a single
viewpoint data available for our problem (Fahim, Amin, and
Zarif 2021). The Projection component back-projects 2D
features along their optical rays to create a unique 3D rep-
resentation, enabling 2D-3D disentangled representations.
This allows the subsequent 3D network to use high-level 2D
features for detailed 3D disambiguation - a concept inspired
by the approach of Cao and De Charette (2022). The Fea-
ture Extractor first converts image data into voxel represen-
tations through a projection layer. It then combines a multi-
path block, proposed in SCPNet (Xia et al. 2023) with a Di-
mensional Decomposition Residual (DDR) block proposed
by Li et al. (2019a), stacking these blocks layer-by-layer.
This enables the extraction of sufficient local and global con-
textual features for the subsequent condition network. Vari-
ational Autoencoder (VAE)/Condition Network. As ap-
parent from Fig. 1, our MSCB and Skimba denoising net-
work operate in the latent space of a VAE that encapsulates
the 3D scene completion network. To construct the VAE,

we build on the insights of (Milletari, Navab, and Ahmadi
2016) and use an autoencoder trained with cross-entropy
loss and Lovasz-softmax loss to ensure reconstructions re-
main on the grid manifold, avoiding the blurriness common
with voxel-space losses like L2 or L1. For a given voxel
scene v ∈ L × W × H , the encoder; say E, encodes v
into a latent representation z = E(v). The decoder D re-
constructs it, yielding ṽ = D(z) = D(E(v)), such that
z ∈ Rl×w×h×c. The encoder downsamples the voxel scene
by a factor of f = L/l =W/w = H/h, where f = 4 in our
experiments. The diffusion model leverages the 3D struc-
ture of the learned latent space for efficient compression and
high-quality reconstruction. The condition networks follow
the encoder in their architecture to match their representa-
tion space with the VAE’s latent space.

Multi-Scale Convolutional Block (MSCB). Our technique
uses a Multi-Scale Convolution Block (MSCB) to efficiently
extract multi-scale features. Details of this block are illus-
trated in Fig. 2 (f). Our design is inspired by the multi-path
block in SCPNet (Xia et al. 2023) and the popular VGG ar-
chitecture (Simonyan and Zisserman 2014). The MSCB re-
places larger convolution kernels with sequential 3 × 3 × 3
convolution layers. Two iterations replicate a 5× 5× 5 con-
volution, while three iterations approximate a 7×7×7 con-
volution, significantly reducing computational costs. For ex-
ample, the computational cost for a 5× 5× 5 convolution is
reduced from 125C2 to 54C2 for C channels. For a 7×7×7
convolution this reduction is from 343C2 to 81C2. This ap-
proach effectively captures both local and global contextual
information while maintaining computational efficiency. In
Fig. 2(f), we only show the 3×3×3 iteration for the MSCB.

Skimba Denoising Network. In the 3D Scene Comple-
tion Network, our Skimba denoising sub-network processes
the MSCB output. This network is inspired by the Mamba
framework (Gu and Dao 2023). Adopting state-space mod-
eling, this framework maps a one-dimensional continuous
function or sequence x(t) ∈ R to y(t) ∈ R through a hidden
state h(t) ∈ RN . As a continuous-time framework, it re-
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Figure 2: Architectural details of the Skimba denoising network. Refer to the text for details.

quires discretizing the signal for deep learning applications
to match the sampling rate of the input data. Ultimately, the
model computes the output y through a global convolution
operation within a structured convolutional kernel. We re-
fer to (Gu and Dao 2023) for details. Here, we explain the
Skimba by discussing its constituent components.
Down-sampling / Up-sampling / ConvReblock: In the
Skimba network, the downsampling block, upsampling
block, and ConvReblock are configured as shown in
Fig. 2(a). The downsampling block comprises three sequen-
tial 3 × 3 × 3 convolution layers with instance normaliza-
tion, where the first layer is followed by a LeakyReLU ac-
tivation. A residual connection bypasses the first two layers
and merges with the output of the third layer, followed by
another LeakyReLU activation. This structure is conducive
for effective gradient flow and facilitates learning complex
representations. The ConvReblock shares this architecture
but does not include downsampling because its purpose is
to transmit residue from the encoding stage to the decod-
ing stage of the underlying denoiser. The Up-sampling block
starts with a transposed convolutional layer to increase the
spatial resolution, followed by the same structure as the
downsampling block, including a residual connection for
effective feature reconstruction. Skimba uses multiple in-
stances of all three types of blocks, as shown in Fig. 2(a).
Semantic Block: This is another type of block devised to
help process the signal under the Mamba framework. The

Mamba-based Skimba Block - discussed below - must flat-
ten 3D features into a 1D sequence. Hence, we develop the
Semantic Block (SB) to extract spatial relationships before-
hand. The SB includes Dimensional Decomposition Resid-
ual (DDR) (Li et al. 2019a) blocks shown in Fig. 2(e)
with different dilation rates to efficiently capture exten-
sive scene layout information. The DDR block decomposes
3D CNN computations, thereby reducing the computational
cost. Traditional 3D CNN blocks have a computational cost
of Cin × Cout × k3, while the DDR block reduces this
to Cin × Cout × 3k by breaking down the operations into
1×1×k, 1×k×1, and k×1×1 layers. This approach de-
creases the parameter count to one-third of what is required
by a standard 3×3×3 convolution kernel while maintaining
detailed spatial layout.
Skimba Block: A key component of our Skimba denoiser is
the Skimba block, shown in Fig. 2(b). This block follows a
Triple Mamba (TM) configuration inspired by (Yang, Xing,
and Zhu 2024) to capture both direct and indirect feature
connections, thereby enriching the contextual information
within high-dimensional features. We propose to use Skip
Triple Mamba (STM) layers with varying dilations in three
distinct directions: forward, reverse, and spatial. This is de-
picted in Fig. 2(c). Each STM layer computes feature depen-
dencies using distinct dilation rates of 0, 1, and 3 in three di-
rections, ensuring that comprehensive feature relationships
are effectively captured. Fig. 2(d) shows the structure of the

5158



feature maps caused by the different dilation rates. Let us
denote the output of the ith STM layer by ψi, given as

ψi = ψf
i (z) + ψr

i (z) + ψs
i (z), (1)

where z denotes the input features, and f , r, and s are re-
spectively the forward, reverse, and spatial directions. The
fused 3D features from different dilations are expressed as

ψall =
∑
i

ψi, i ∈ {0, 1, 3} , (2)

where ψall represents the combined features from the three
STM layers. The final output feature from the Skimba block;
say ϕall, can be expressed as follows

ϕin = ψall (LN(finitial)) + finitial, (3)
ϕall = MLP (LN (ϕin)) + ϕin, (4)

where finitial represents the input features of the Skimba
block, while MLP and LN refer to stacked Linear layers and
LayerNorm, respectively. By employing different dilations
across three directions, the Skimba block effectively cap-
tures a wide range of feature dependencies, enhancing con-
nectivity and improving performance in 3D semantic scene
completion. The main difference between Skimba block and
Mamba block (Li, Singh, and Grover 2024; Zhu et al. 2024)
is that Skimba is optimized for memory-efficient extraction
of rich direct and indirect spatial features by three STM lay-
ers, whereas Mamba captures spatial information from vari-
ous scan directions, requiring considerable memory.
Skimba Semantic Segmentation Network. The overall 3D
semantic scene completion task can be divided into two
sub-tasks: scene completion and semantic segmentation. In
our approach, the latter is handled by the Skimba seman-
tic segmentation network. The semantic segmentation net-
work also follows an encoder-decoder architecture, as de-
picted in Fig. 1. This architecture shares similarities with the
Skimba denoising diffusion network, with the primary dis-
tinction being the inclusion of a Skimba block only before
the feature is fed into the decoder, without additional Skimba
blocks after each SB. Furthermore, the skip connections are
integrated throughout the architecture, linking the encoder
and decoder stages. These connections allow the network to
reuse feature maps from earlier layers, thereby preserving
the spatial information and enhancing segmentation accu-
racy. This framework strikes an effective balance between
efficiency and performance, enabling the network to process
complex scenes with varying object scales and contexts.

Training Objective
Due to the complex underlying task, our training objec-
tive is of composite nature. The objective function for the
Skimba denoising network follows from the diffusion de-
noising framework, which minimizes the Expected squared
error in the predicted output, defined as

LDM = Ex,ϵ∼N(0,1),t

[
∥ϵ− ϵθ (xt, t)∥22

]
, (5)

where ϵθ (xt, t) denotes an equally weighted sequence of de-
noising autoencoder, where t = 1 . . . T . The model predicts

a denoised variant of the input xt, where xt itself is a noisy
version of the input x at time stamp t. For 3D the semantic
segmentation, the objective function is given as

L = LCE + βLLovasz, (6)
where β is a balancing coefficient that adjusts the contribu-
tion of each loss component, LCE is the cross-entropy loss,
and LLovasz is the Lovasz-softmax loss which optimizes
mIoU - a crucial performance metric in semantic segmen-
tation. The mathematical forms of both are as follows

LCE = −
∑
i

yi log(ŷi), (7)

LLovasz =
1

|C|

C∑
c=1

J (e(c)) , (8)

where ŷi and yi are the prediction and ground truth for the ith
element of the output. J denotes the Lovasz extension of the
IoU, a piecewise linear function that minimizes the mIoU
error, and e (c) is the error vector for each class c within
the set of classes C. The objective function of the VAE is
constructed by integrating LCE , LLovasz , and the KL diver-
gence regularization term.

Experiments
The proposed network is evaluated on two standard bench-
marks for semantic scene completion; namely, the Se-
manticKITTI dataset (Behley et al. 2019) and SSCBench-
KITTI-360 (Li et al. 2023b). We also perform ablation ex-
periments to extensively evaluate the impact of individual
components of our approach.
Datasets. The SemanticKITTI benchmark (Behley et al.
2019) provides densely annotated urban driving scenes de-
rived from the KITTI Odometry Benchmark (Geiger, Lenz,
and Urtasun 2012). The dataset contains voxelized scenes
within a 51.2m × 51.2m × 64m volume, represented as
256 × 256 × 32 grids with a 0.2m voxel size. It includes
10 training sequences, 1 validation sequence, and 11 test-
ing sequences across 20 semantic classes. Input RGB images
are cropped to a resolution of 1220 × 370. The SSCBench-
KITTI-360 dataset (Li et al. 2023b) comprises 7 training
sequences, 1 validation sequence, and 1 testing sequence,
covering 19 semantic classes. Input RGB images have a res-
olution of 1408 × 376. Results are reported using standard
metrics for scene completion and semantic segmentation.
Evaluation metrics. To assess our framework and com-
pare it with existing works, we use established evaluation
metrics for semantic scene completion as outlined by Song
et al. (Guedes, de Campos, and Hilton 2018). Our evalu-
ation focuses on two primary aspects: accurate geometric
reconstruction of the scene and precise semantic segmenta-
tion of each voxel. We use Intersection over Union (IoU)
to measure geometric completion performance, defined as
IoUi = TPi

TPi+FNi+FPi
, where TPi, FPi, and FNi repre-

sent true positives, false positives, and false negatives for the
ith class, respectively. Mean Intersection over Union (mIoU)
is used to evaluate semantic accuracy across all categories,
defined as mIoU = 1

C

∑C
c=1 IoUc, where C is the total

number of classes.

5159



Method IoU mIoU ro
ad

si
de

w
al

k

pa
rk

in
g

ot
he

r-
gr

nd
.

bu
ild

in
g

ca
r

tr
uc

k
bi

c y
cl

e

m
ot

or
cy

cl
e

ot
he

r-
v e

h.

ve
ge

ta
tio

n

tr
un

k

te
rr

ai
n

pe
rs

on

bi
c y

cl
is

t

m
ot

or
cy

cl
is

t

fe
nc

e

po
le

tr
af

.-s
ig

n

MonoScene (Cao and De Charette 2022)⋆ 34.2 11.1 54.7 27.1 24.8 5.7 14.4 18.8 3.3 0.5 0.7 4.4 14.9 2.4 19.5 1.0 1.4 0.4 11.1 3.3 2.1
TPVFormer (Huang et al. 2023)⋆ 34.3 11.3 55.1 27.2 27.4 6.5 14.8 19.2 3.7 1.0 0.5 2.3 13.9 2.6 20.4 1.1 2.4 0.3 11.0 2.9 1.5
SurroundOcc (Wei et al. 2023)⋆ 34.7 11.9 56.9 28.3 30.2 6.8 15.2 20.6 1.4 1.6 1.2 4.4 14.9 3.4 19.3 1.4 2.0 0.1 11.3 3.9 2.4
OccFormer (Zhang, Zhu, and Du 2023)⋆ 34.5 12.3 55.9 30.3 31.5 6.5 15.7 21.6 1.2 1.5 1.7 3.2 16.8 3.9 21.3 2.2 1.1 0.2 11.9 3.8 3.7
IAMSSC (Xiao et al. 2024)⋆ 43.7 12.4 54.0 25.5 24.7 6.9 19.2 21.3 3.8 1.1 0.6 3.9 22.7 5.8 19.4 1.5 2.9 0.5 11.9 5.3 4.10
VoxFormer-T (Li et al. 2023c)† 43.2 13.4 54.1 26.9 25.1 7.3 23.5 21.7 3.6 1.9 1.6 4.1 24.4 8.1 24.2 1.6 1.1 0.0 13.1 6.6 5.7
DepthSSC (Yao and Zhang 2023)† 44.6 13.1 55.6 27.3 25.7 5.8 20.5 21.9 3.7 1.4 1.0 4.2 23.4 7.6 21.6 1.3 2.8 0.3 12.9 5.9 6.2
HASSC-S (Wang et al. 2024)† 43.4 13.3 54.6 27.7 23.8 6.2 21.1 22.8 4.7 1.6 1.0 3.9 23.8 8.5 23.3 1.6 4.0 0.3 13.1 5.8 5.5
H2GFormer-S (Wang and Tong 2024)† 44.2 13.7 56.4 28.6 26.5 4.9 22.8 23.4 4.8 0.8 0.9 4.1 24.6 9.1 23.8 1.2 2.5 0.1 13.3 6.4 6.3
SkimbaDiff (ours)⋆ 47.0 13.8 55.7 30.6 20.4 5.5 25.4 26.1 2.3 2.8 0.8 3.1 28.5 10.4 23.4 1.1 0.3 0.0 17.3 5.2 3.0

Table 1: Quantitative results on the SemanticKITTI test set. The best results are highlighted in bold. ⋆ and † denote monocular
and stereo methods, respectively.
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MonoScene (Cao and De Charette 2022)⋆ 37.9 12.3 19.3 0.4 0.6 8.0 2.0 0.9 48.4 11.4 28.1 3.3 32.9 3.5 26.2 16.8 6.9 5.7 4.2 3.1
TPVFormer (Huang et al. 2023)⋆ 40.2 13.6 21.6 1.1 1.4 8.1 2.6 2.4 53.0 12.0 31.1 3.8 34.8 4.8 30.1 17.5 7.5 5.9 5.5 2.7
OccFormer (Zhang, Zhu, and Du 2023)⋆ 40.3 13.8 22.6 0.7 0.3 9.9 3.8 2.8 54.3 13.4 31.5 3.6 36.4 4.8 31.0 19.5 7.8 8.5 7.0 4.6
IAMSSC (Xiao et al. 2024)⋆ 41.8 13.0 18.5 2.5 1.8 5.1 3.9 3.1 47.6 10.6 28.4 4.1 31.5 6.3 29.2 15.2 8.3 7.0 6.4 4.2
VoxFormer (Li et al. 2023c)† 38.8 11.9 17.8 1.2 0.9 4.6 2.1 1.6 47.0 9.7 27.2 2.9 31.2 5.0 29.0 14.7 6.5 6.9 3.8 2.4
DepthSSC (Yao and Zhang 2023)† 40.9 14.3 21.9 2.4 4.3 11.5 4.6 2.9 50.9 12.9 30.3 2.5 37.3 5.2 29.6 21.6 6.0 7.7 5.2 3.5
SkimbaDiff (ours)⋆ 41.9 14.4 20.4 2.7 1.1 10.6 3.6 1.7 47.6 10.4 33.2 3.5 37.7 9.7 31.9 20.8 7.0 6.8 6.8 4.1

Table 2: Quantitative results on SSCBench-KITTI360 test set. ⋆ and † denote monocular and stereo methods, respectively.

Implementation Details
Our experiments were conducted using a single NVIDIA
GeForce 4090 GPU with 24GB RAM. The training mem-
ory required for each network is approximately 18GB. The
VAE was trained for 24 epochs using the AdamW optimizer
with an initial learning rate of 3e-4. The Skimba denoiser
network was trained for 43 epochs with AdamW at a 1e-3
learning rate and 1e-4 weight decay. The denoising step in
the Skimba network was set to 100. The Skimba 3D seman-
tic segmentation network used AdamW with a 5e-3 learning
rate and 1e-4 weight decay. A WarmupCosineLR scheduler
was applied across all training processes to gradually reduce
the learning rate for optimal performance.

Results
Our comparative analysis assesses the performance of our
proposed method against several state-of-the-art techniques
including MonoScene, TPVFormer, SurroundOcc, Occ-
Former, IAMSSC, VoxFormer, DepthSSC, HASSC-S, and
H2GFormer-S. The results (obtained from the online server)
on SemanticKITTI test data for monocular 3D semantic
scene completion are presented in Table 1. These results
highlight that our method achieves excellent performance.
Note that, whereas our method only requires Monocular in-
put, we also include results of the approaches relying on

the more informative Stereo data. It is noteworthy that our
method surpasses even some of the popular Stereo methods.
Specifically, the proposed method attains 47.0% IoU and
13.8% mIoU, outperforming the nearest competing monoc-
ular method by 3.2% in IoU and 1.4% in mIoU. This signif-
icant performance gain can be attributed to the exceptional
capability of Skimba diffusion in completing and segment-
ing larger objects, such as sidewalks, buildings, vegetation,
fences, and tree trunks. Additionally, the method demon-
strates robust performance on smaller objects, including cars
and bicycles, indicating its versatility across different object
scales. It is a common practice in the literature to report re-
sults on SemanticKITTI validation set as well. We include
those results in the supplementary material, demonstrating
equally strong performance.

In Table 2, we summarize the results on the SSCBench-
KITTI-360 test set. Again, our method outperforms recent
monocular approaches and even some stereo-based 3D se-
mantic scene completion methods. This consistent perfor-
mance across different datasets underscores the robustness
and generalizability of our approach. It is notable that this
dataset has a smaller size and relatively lower sample qual-
ity, which adds to the complexity of the dataset. The dataset
is more suited to methods that take LiDAR data as input,
which show stronger performance on this dataset in general.
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Input Ground Truth SkimbaDiff (ours) MonoScene OccFormer VoxFormer-T

Table 5: Quatitative results on SemanticKITT validation set. The best results are highlighted in bold.

■ road ■ sidewalk ■ parking ■ other-grnd. ■ building ■ car ■ truck ■ bicycle ■ motorcycle ■ other-veh.
■ vegetation ■ trunk ■ terrain ■ person ■ bicyclist ■ motorcyclist ■ fence ■ pole ■ traf.-sign
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Figure 3: Qualitative results on the SemanticKITTI validation set. Columns from the left represent, input data, ground truth,
and outputs of SkimbaDiff (our method), MonoScene, OccFormer, and VoxFormer-T (a stereo method).

Inference Time FE CN VAE SD SS FD
0.15 0.21 0.13 7.38 0.26 8.13

Table 3: Inference time (s) for each module. FE, CN, VAE,
SD, SS, and FM are feature extractors, conditioning net-
works, variational auto-encoder, the Skimba denoising net-
work, the Skimba segmentation network, and full model.

Method 3D Scene Completion 3D Semantic Segmentation
IoU IoU mIoU

w/o MSCB 34.9 36.4 10.5
w/o SB 39.9 40.2 13.3
w/o Skimba 37.6 41.5 11.8
Full Model 43.8 44.1 13.9

Table 4: Ablation study on SemanticKITTI validation set for
3D scene completion (IoU) and 3D semantic segmentation
(mIoU). w/o denotes “without”.

Nevertheless, our method maintains its performance on this
challenging dataset as well.

In Table 3, we present the inference time for each individ-
ual module within the proposed method and the inference
time for the full model. Recall that the Skimba denoiser uses
100 steps. We can see that our Skimba denoising network
takes a longer time compared to other models for this task.
This is a common trade of generative diffusion models. Nev-
ertheless, the proposed model offers much higher accuracy,
which is desirable for a range of offline scene completion
applications such as city planning, offline map completion
for autonomous navigation, etc.

We present representative visual results on the Se-
manticKITTI validation set in Fig. 3, where we used
pre-trained models and the official implementations of
MonoScene (Cao and De Charette 2022), OccFormer
(Zhang, Zhu, and Du 2023), to generate their results. The
figure also presents results of a Stereo method VoxFormer
(Li et al. 2023c) as a reference. These qualitative results
demonstrate the excellent performance of our model, par-
ticularly in accurately segmenting planar categories such
as sidewalks, buildings, vegetation, fences, and tree trunks.

This visual evidence supports our quantitative findings, un-
derscoring the effectiveness of our model in handling vari-
ous categories. We present further qualitative result exam-
ples for our method in the supplementary material.

Ablation Study

We conducted systematic experiments to evaluate the im-
pact of the various components in our framework, to quan-
tify their contributions to the overall performance. The re-
sults of these ablation studies, detailed in Table 4, provide
valuable insights into the importance of each component
within the architecture. By systematically removing specific
blocks, we were able to observe variations in the perfor-
mance. This allows us to identify the critical elements that
most significantly enhance the effectiveness of the model in
the 3D semantic scene completion task. The findings from
these experiments clearly indicate that both the MSCB and
the Skimba are essential for achieving high performance.
Their inclusion contributes to the ability of the model to ac-
curately capture and represent complex spatial and semantic
relationships. The without (w/o) Skimba refers to the triple
mamba block and does not involve the STM layer.

Conclusion

We proposed a 3D semantic scene completion network with
a Skimba denoising diffusion sub-network. Our approach
incorporates a variational autoencoder with two condition-
ing networks to produce lower-dimensional, perceptually
equivalent symbolic spaces for input data, which effectively
reduces computational demands while maintaining perfor-
mance. The Mamba-inspired Skimba network captures both
direct and indirect feature relationships within the data by
using various skip triple dilations. This functionality en-
hances the ability of the network to represent the spatial and
semantic structure of complex 3D scenes. Extensive eval-
uations on the SemanticKITTI and SSCBench-KITTI-360
datasets demonstrate that our method outperforms existing
state-of-the-art methods, highlighting its effectiveness and
potential for advancing 3D semantic scene completion.
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