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Abstract— Predicting per-voxel occupancy status and corre-
sponding semantic labels in 3D scenes is pivotal to 3D intelligent
perception in autonomous driving. In this paper, we propose
a novel semantic scene completion framework that can gen-
erate complete 3D volumetric semantics from a single image
at a low cost. To the best of our knowledge, this is the first
endeavor specifically aimed at mitigating the negative impacts
of incorrect voxel query proposals caused by erroneous depth
estimates and enhancing interactions for positive ones in camera-
based semantic scene completion tasks. Specifically, we present
a straightforward yet effective Semantic-aware Guided (SAG)
module, which seamlessly integrates with task-related semantic
priors to facilitate effective interactions between image fea-
tures and voxel query proposals in a plug-and-play manner.
Furthermore, we introduce a set of learnable object queries
to better perceive objects within the scene. Building on this,
we propose an Interactive Refinement Transformer (IRT) block,
which iteratively updates voxel query proposals to enhance the
perception of semantics and objects within the scene by lever-
aging the interaction between object queries and voxel queries
through query-to-query cross-attention. Extensive experiments
demonstrate that our method outperforms existing state-of-the-
art approaches, achieving overall improvements of 0.30 and
2.74 in mIoU metric on the SemanticKITTI and SSCBench-
KITTI-360 validation datasets, respectively, while also showing
superior performance in the aspect of small object generation.

Index Terms— 3D vision, semantic scene completion, interac-
tive refinement transformer.

I. INTRODUCTION

S EMANTIC Scene Completion (SSC) is a fundamental and
emerging task in autonomous driving, aiming to predict
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Fig. 1. a) VoxFormer uses a single 2D image to predict complete 3D
geometry and semantics. It primarily involves voxel query proposal generation
based on depth, with information interactions and enhancements facilitated by
deformable cross-attention and self-attention mechanisms, respectively (mask
parts are omitted for conciseness). b) Our method introduces a Seman-
tic-aware Guided (SAG) module that weakens the interaction of geometrically
relevant but semantically irrelevant image features associated with negative
query proposals (purple voxel) while simultaneously enhancing the interaction
between positive query proposals and areas of interest. We also introduce a
set of learnable object queries and further propose the query-to-query cross
attention to enhance the perception of semantics and objects within the scene.

per-voxel occupancy and corresponding semantic labels from
partial point clouds or image inputs. Recent vision-centric SSC
schemes represent a promising path toward more systematic
generalization by precisely perceiving and reconstructing a
fine-grained 3D world with consumer-grade RGB cameras,
thereby revolutionizing the landscape of 3D intelligent per-
ception [1], [2], [3].

Early works on SSC primarily focus on indoor scenarios,
using depth maps [4], additional RGB images [5], or TSDF [6]
as inputs. With the availability of outdoor scene datasets, such
as SemanticKITTI [7], an increasing number of researchers
from both academia and industry are now shifting their focus
to more challenging outdoor scenarios. Despite substantial
progress, they rely heavily on point clouds obtained from
expensive LiDAR as input, which limits their widespread
applicability. Furthermore, the sparsity of scanned points,
especially for long-range objects, still lacks an effective feature
extraction solution. Inspired by the success of BEVFormer [8]
in 3D object detection, researchers have rethought the purely
vision-based SSC task, leading to new efforts based on sur-
rounding view-based [9], [10], [11], [12], [13], [14], [15], [16],
(171, [18], [19], [20], [21], [22], [23], [24], [25], [26], [27],
[28] and monocular camera-based [29], [30], [31], [32], [33]
methods.
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As a pioneering work, MonoScene [29] introduces a Fea-
tures Line of Sight Projection (FLoSP) module, which projects
2D features into 3D space in a depth-agnostic manner.
Undoubtedly, due to the lack of effective geometric guidance,
this projection inevitably maps 2D features into incorrect
spatial areas, such as empty or overlapping semantic regions.
To address this issue, recent efforts have sought to employ
more view information, including stereo [34] and surrounding
views [9], along with novel structural representations, such
as the Tri-Perspective View (TPV) [18] and additional geo-
metric priors, like depth maps [30], to enhance geometric
perception capabilities. Subsequently, they utilize the cross-
attention to aggregate information across different perspectives
or the deformable cross-attention [35] to enable cross-modal
interactions between geometric proposals and image features.
In essence, the deformable cross-attention mechanism avoids
considering the spatial positions of entire image pixels and
focuses only on the most relevant positional information near
the geometry. This not only boosts computational efficiency,
but also makes the generation of complex 3D scenes feasible,
serving as a stepping stone to a generic backbone for SSC.

Although surrounding views can implicitly construct geo-
metric relationships, they significantly increase the computa-
tional burden. The TPV representation extends beyond the
limitations of the single-plane Bird’s Eye View (BEV) [8]
representation, yet it still leads to a certain loss of geometric
details. Consequently, we follow the promising avenue of
incorporating additional depth priors to enhance the geometric
perception capabilities of SSC. However, certain limitations
impede the potential of the deformable cross-attention mech-
anism in achieving precise 3D semantic scene completion. 1)
Negative voxel query proposal generation. The accuracy
of voxel query proposals heavily depends on the accuracy
of depth estimators. Due to scale ambiguity and occlusions,
current depth estimators generally produce inaccurate depth
estimations, especially for some uninterested regions, resulting
in negative voxel query proposals that greatly impact final
SSC performance. 2) Category-agnostic feature extraction.
Existing image feature extractors for the SSC task primarily
utilize pre-trained models, such as ResNet-50 [36], which
are designed for general-purpose tasks and do not provide
the specific category-aware features needed for particular
segmentation tasks. This limitation hinders the performance of
deformable cross-attention mechanisms. 3) Inadequate object
perception capability. Despite progress in geometric integrity,
issues such as long traces of objects in scenes and object loss
still persist.

In this work, we propose an effective method for achieving
precise semantic scene completion using only a single RGB
image, which not only reduces the computational burden
but also enhances its application potential in specific scenar-
i0s. To address the issue of negative voxel query proposal
generation, we consider weakening the interaction of geo-
metrically relevant but semantically irrelevant image features
(e.g., sky) associated with negative query proposals, while
simultaneously enhancing the information interaction between
positive query proposals and areas of interest. But how do
we achieve this? Inspired by the Contrastive Language-Image
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Pre-Training (CLIP) [37] model, we employ additional textual
priors to optimize the distribution of image features. This not
only enhances the focus on semantic features relevant to the
task but also weakens the influence of those unrelated to it.
In addition, it also addresses the problem of category-agnostic
feature extraction, thereby serving dual purposes. To address
the issue of inadequate object perception capability, we draw
inspiration from UniVS [38] to introduce a set of learnable
object queries for better perceiving objects within the scene.
Building on this, we iteratively update query proposals to
enhance the perception of semantics and objects by using the
query-to-query cross-attention, which aggregates information
flow from object-to-scene and scene-to-object. Compared to
previous methods, a detailed comparison is shown in Table L.

In summary, our contributions of this work are as follows.

« We introduce a straightforward yet effective Semantic-
aware Guided (SAG) module, which can be seamlessly
integrated with task-related semantic priors to enhance
the effective interaction between image features and voxel
query proposals in a plug-and-play manner.

« We propose an Interactive Refinement Transformer (IRT)
block, which iteratively updates voxel query proposals to
enhance the perception of semantics and objects within
the scene by using the query-to-query cross-attention,
which aggregates information flow from object-to-scene
and scene-to-object.

« Extensive experiments demonstrate that our approach
outperforms state-of-the-art monocular methods on
the SemanticKITTI and SSCBench-KITTI-360 datasets.
Additionally, our method also shows superior perfor-
mance in the generation of small objects.

II. RELATED WORK

In this section, we review the literature concerning the SSC
task. We begin with a concise summary of indoor SSC efforts
that leverage depth maps or additional RGB images as input.
Subsequently, we move on to more complex and challenging
outdoor scenes.

A. Semantic Scene Completion for Indoor Scenes

1) Depth-Based Semantic Scene Completion: Semantic
scene completion aims to reconstruct the complete 3D struc-
ture from limited observations while simultaneously assigning
semantic labels to each voxel. As a pioneering work, Song
et al. [42] proposed the SSCNet, which processes a single
depth image to simultaneously predict voxel occupancy and
semantic labels by using an expanded context convolutional
module. Moreover, they also employ the proposed flipped
Truncated Signed Distance Function (f-TSDF) for encoding,
which facilitates strong gradient guidance near the surfaces of
objects.

After SSCNet, a wave of research [43], [44], [45], [46],
[47], [48] has sprung up, focusing on advancements such as
feature extraction [43], [44], network architecture design [45],
[46] and the optimization of computational efficiency [47],
[48]. For example, Guo and Tong [43] proposed the VV-Net,
which utilizes a 2D-CNN to extract geometric features from
depth images and then maps them onto the 3D voxel grids for
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TABLE I

COMPARISON AMONG SOME REPRESENTATIVE METHODS. “TASK-RE. SEM.-AWARE” DENOTES THE TASK-RELATED SEMANTICS. “NVQ” DENOTES
THE NEGATIVE VOXEL QUERY. “IMAGE BACKB.” REPRESENTS THE IMAGE BACKBONE. “TPV” REFERS TO THE TRI-PERSPECTIVE VIEW.
“BEV” REPRESENTS THE BIRD’S EYE VIEW. RESNET-50-MD INDICATES RESNET50 WITH WEIGHTS INITIALIZED BY MASKDINO.
EFFICIENTNETB7-FPN INDICATES THAT EFFICIENTNETB7 IS AUGMENTED WITH FPN

Method ‘ prior-assisted  task-re. sem.-aware ~ NVQ mitigation  object-aware image backb. 2D-3D transform 3D representation
MonoScene (cvero2) [29] EfficientNetB7 FLoSP-based Voxel
TPVFormer (cvrro3) [18] EfficientNetB7 View-TPV TPV
VoxFormer (cvero3 [30] Depth ResNet-50 3D-2D projection Voxel
OccFormer [iccvas) [32] EfficientNetB7 Lift-splat-based Voxel
StereoScene cans [39] EfficientNetB7 View-BEV& stereo Voxel
Symphonies (cvero4) [31] Depth 4 ResNet-50-MD 3D-2D projection Voxel
SparseOcc (cver24) [40] v EfficientNetB7-FPN Lift-splat-based Voxel
HASSC (cveroa [41] Depth ResNet-50 3D-2D projection Voxel
Ours | Depth/Text v v v ResNet-50-MD 3D-2D projection Voxel

computation. Zhang et al. [45] introduce the CCPNet, which
enhances label consistency in pyramid contexts and employs
a guided residual refinement module for progressive indoor
scene reconstruction. Wang et al. [46] proposed the ForkNet,
which utilizes a multi-branch architecture. Specifically, they
use a unified encoder for feature extraction and three inde-
pendent decoders dedicated to predicting incomplete and
complete geometric structures alongside semantic volumes.
Furthermore, Zhang et al. [47] proposed the spatial group con-
volution network, which accelerates dense reconstruction tasks
by grouping along spatial dimensions. Despite the significant
advancements achieved by these methods, current research
has not yet fully leveraged the color and texture information
present in RGB images.

2) Integrating Depth Map and RGB Image for Semantic
Scene Completion: Considering the rich color information
contained in RGB images, recent works [49], [50], [51], [52],
[53], [54], [55], [56] leverage RGB images as a complement
to depth maps so as to enhance the performance of the
SSC task. These efforts primarily focus on multimodal data
fusion [49], network optimization [50], [51], [52], and depth
data transformation [53], [54].

Garbade et al. [49] proposed TS3D, a dual-stream con-
volutional network for semantic scene completion. This
approach first performs semantic segmentation on RGB
images using pre-trained ResNet [36] model, then maps the
segmentation results to the 3D space and finally employs
3DCNN for context-aware inference of complete seman-
tic scene information. Li et al. [50] proposed DDRNet,
a lightweight dimension-decomposition residual network.
By incorporating dimension-decomposition residual modules,
the network reduces its parameters. Moreover, they use a
multi-scale fusion strategy to adapt to objects of varying sizes.
Immediately, they proposed AICNet [51], which achieves
anisotropic three-dimensional receptive fields by decompos-
ing three-dimensional convolutions into three consecutive
one-dimensional convolutions, each with an adaptively sized
convolution kernel. Liu et al. [52] presented GRFNet, the first
semantic scene completion network utilizing gated recurrent
units. Notably, some researchers [54], [55], [56] also attempt
to improve depth maps by converting them into a three-channel
HHA image (including disparity, height above ground, and
the angle between the pixel’s local surface normal and the
direction of gravity) for feature extraction. Although these

methods further enhance the performance of SSC by utilizing
additional RGB images, they are predominantly applied to
smaller indoor scene datasets.

B. Semantic Scene Completion for Outdoor Scenes

Semantic scene completion methods for outdoor scenes can
be classified into three categories according to the form of
input: LiDAR-based [57], [58], [60], [61], [62], [63], [64],
surrounding view-based [9], [10], [11], [12], [13], [14], [15],
(161, [17], [18], [19], [20], [21], [22], [23], [24], [25], [26],
[27], [28] and monocular camera-based [29], [30], [31], [32],
[33] methods.

1) LiDAR-Based Semantic Scene Completion: Chen et al.
[57] proposed S3CNet, a network designed for semantic
scene completion using point clouds. Due to the sparsity of
LiDAR point clouds, especially in distant areas, direct feature
extraction is rather challenging. To address this, they adopt
multi-view fusion and semantic post-processing strategies to
effectively perceive small-scale objects in distant or occluded
regions. Subsequent studies further enhance SSC performance
by incorporating point-voxel interaction modules [58], [59],
local implicit functions [60] and additional RGB images [61].
Notably, SCPNet [62] leverages a knowledge distillation
model to enhance the representational learning capability of
the network. Additionally, to address the dynamic trajectory
issue arising from the direct fusion of multi-frame point
clouds, they use panoramic segmentation labels to correct
inaccurate dynamic object labels, thereby improving model
accuracy. Zuo et al. proposed PointOcc [63], which transforms
point clouds into projected views using the cylindrical Tri-
perspective view (TPV) strategy and then extracts features
using a pre-trained 2D backbone network. Recently, Cao et al.
[64] proposed the panoramic scene completion framework
PaSCo that integrates per-voxel and per-instance uncertainties
to pave the way for applications in robotics and autonomous
driving.

Although these works have advanced the field of semantic
scene completion, they depend on costly Lidar sensors. Moti-
vated by the remarkable success of Tesla’s Transformer-based
purely visual input in autonomous driving, recent research has
shifted towards exploring camera-only approaches to broaden
the scope of investigation in this domain.

2) Surrounding View-Based Semantic Occupancy Predic-
tion: Driven by the rapid advancement of BEV perception [8],
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[65], [66], researchers proposed the task of semantic occu-
pancy prediction. Unlike the traditional definition of SSC,
which aims to recover the geometry and semantic information
of a complete scene from limited observations, semantic occu-
pancy prediction focuses on representing and understanding
3D space through occupancy grids. Compared to 3D detection
tasks that concentrate on coarse-grained object representa-
tion, 3D occupancy provides a fine-grained description of
the physical world. In the past couple of years, research
on surrounding view-based semantic occupancy prediction
has flourished [9], [10], [11], [12], [13], [14], [15], [16],
(171, [18], [19], [20], [21], [22], [23], [24], [25], [26],
[27], [28], with works primarily falling into the follow-
ing categories: 1) image-voxel projection methods [9], [10],
[11], [12], [13], [14], [15], [16], [17], 2) Tri-Perspective
View methods [18], [19], [20], [21], and 3) nerf-based self-
supervised methods [22], [23], [24], [25], [26], [27], [28].
Wei et al. [12] proposed the innovative work SurroundOcc,
in which they use multiple images as input, extract multi-
scale features and then elevate these features to 3D space
using spatial 2D-3D attention mechanisms. Moreover, they
employ 3D convolutions to progressively obtain upsampled
features. OctOcc [17] uses a hierarchical octree and a filter
mask prediction network to minimize redundancy in voxel
queries and image features, respectively. However, it relies on
additional projected LiDAR depth information for supervision.
Huang et al. [18] proposed the renowned TPVFormer, which,
unlike voxel and BEV representations, models each point in
three-dimensional space by summing up its projection fea-
tures on three planes and employs a Transformer-based TPV
encoder to acquire TPV features. Recently, Zhang et al. [23]
proposed the self-supervised semantic occupancy prediction
framework OccNerf. Unlike previous works that rely on dense
3D annotations, this approach only uses 2D segmentation and
depth images obtained from existing pre-trained models for
supervision, significantly reducing the burden of extensive
annotation efforts.

3) Monocular Camera-Based Semantic Scene Completion:
Different from the surrounding view-based semantic occu-
pancy prediction, monocular camera-based semantic scene
completion works [29], [30], [31], [32], [33] primarily predict
the voxel-wise occupancy state and corresponding semantic
labels of 3D scenes from a single image. Cao and Charette [29]
proposed Monoscene, the first monocular semantic scene com-
pletion framework, which employs a FLoSP module to map
2D features into 3D space and then employs a 3D contextual
relationship prior module to enhance the extraction of long-
range context information. Considering the depth ambiguity
inherent in mapping 2D features into 3D space, some studies
attempt to assist SSC tasks with offline depth maps [30],
[31], [32], [33] and multimodal information [33]. Notably,
VoxFormer [30] utilizes depth maps generated by a pre-
trained model to guide its voxel occupancy in 3D space and
then adopts the deformable cross-attention mechanism [35] to
facilitate interaction between 3D query proposals and image
features. Recently, Jiang et al. [31] proposed Symphonies,
which enhances SSC performance from the perspectives of
instance-awareness and holistic context understanding through
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stacked cross-attention modules. Although the aforementioned
works use only a single image as input, thereby reducing the
computational requirements for processing surrounding views,
they neglect the difference between task-relevant seman-
tic information and general feature information, leading to
sub-optimal results. Specifically, these studies mostly utilize
pre-trained image feature extraction models, such as ResNet-
50 [36], EfficientNetB7 [67] and Transformer [68], for feature
extraction. However, these general models are not specifically
designed for the semantic scene completion task, leading to the
neglect of specific semantic category information or the extrac-
tion of unnecessary semantic category information. To address
this, we introduce a straightforward yet effective Semantic-
aware Guided (SAG) module that seamlessly integrates with
task-related semantic priors in order to facilitate effective
interactions between image features and voxel query proposals
in a plug-and-play manner.

III. METHOD

In this work, we propose a monocular semantic scene
completion method that employs the Semantic-aware Guided
(SAG) module and Interactive Refinement Transformer (IRT)
block to estimate the geometric occupancy and per-voxel
semantic labels of 3D scenes from a single RGB image. The
overall architecture of our method is illustrated in Fig. 2, which
can be divided into five steps:

« Utilize existing fundamental models to extract multi-scale
features, depth maps, textual tags and captions from RGB
images.

o Back-project the depth map into a point cloud, then
voxelize it to obtain the voxel query proposals.

« Integrate task-related semantic priors into the image fea-
tures to facilitate effective interactions between image
features and voxel query proposals.

« Employ the IRT block to iteratively update voxel queries,
which enhance the perception of semantics and objects
within the scene by using the query-to-query cross-
attention.

o Predict the dense semantic map using the predefined
segmentation head.

A. Semantic-Aware Guided Module

We first revisit the general workflow of existing methods for
the information aggregation between voxel query proposals
0, € RNpxd and image features Fi,g € Rbxhxw  Thep,
we analyze the inherent issues in this process and introduce
this proposed plug-and-play semantic-aware guided module.

1) Feature Extraction: Leverage common image feature
extractors such as ResNet-50 [36] or EfficientNetB7 [67] to
extract features from a single image, yielding image features
F; mg € behxw_

2) Predefine Voxel Queries: Predefine the range of voxel
queries Q € RM*4 (N, = h x w x z), which comprises a set
of learnable parameters in a 3D grid shape.

3) Binary Voxel Query Proposals: Convert depth maps
1;, generated by off-the-shelf depth estimators such as
Mobilestereonet [69] or DiffusionDepth [33], into point
clouds, which are then voxelized. Subsequently, each voxel is
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Fig. 2.
a depth map, tags and captions. Then, we apply a filtering operation to extract ta:

Overall framework of our method. Given a single image, we first utilize existing foundational models to obtain corresponding multi-scale features,

sk-related tags and integrate them with captions into the image features, resulting

in semantic-aware features via the proposed plug-and-play Semantic-aware Guided (SAG) module. Subsequently, we introduce a set of learnable object queries
and further propose an Interactive Refinement Transformer (IRT) block to iteratively update query proposals by using the query-to-query cross-attention. Here,

this query-to-query cross-attention integrates object-scene and scene-object ag,
the scene. Other details in the IRT block, such as feed-forward networks and

set to 1 if it is occupied. This process yields binary occupancy
query proposals Q, € RNpxd (Np < h x w x z) derived
from Q.

4) Deformable Feature Aggregation: Utilize the deformable
cross-attention mechanism [35] to dynamically determine the
key regions on the image plane Fj,, for each voxel query
feature, thereby optimizing Q ,. Specifically, we first compute
reference points R; on the image plane for each voxel query
feature center q; = (x, y, z) via the camera projection matrix

Tcam-world-

R, =[R,C]- T

cam-world * ¢i»

(D

where R and C represent the rotation matrix and the calibra-
tion matrix, respectively. [-] denotes the combination function.
Then, the deformable cross-attention feature aggregation can
be calculated as follows.

DeformCrossAtten (q,-, R;, F,-mg)
S K

= Zws Z Asqk (i) WgFimg (Ri + Aquk)
k=1

2)

s=1

Herein, S denotes the number of split attention heads. W
and W) represent learnable weights. Asyx denotes the MLP
for aggregating attention scores. The variable K indicates the
number of sampling positions, while AR represents the
sampling offset.

Although the aforementioned information aggregation pro-
cess avoids considering the spatial positions of entire image
pixels and focuses only on the most relevant positional infor-
mation near the geometry, we realize that there are still
two key issues: 1) Common image feature extractors are
primarily designed for conventional tasks. However, for the
specific semantic segmentation task, they fail to accurately
perceive the regions of interest for specific categories, thereby
limiting the performance of deformable cross-attention. 2) The
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gregation flows, thus enhancing the perception of semantics and objects within
normalization layers, are omitted for a neat presentation.

quality of voxel query proposals is highly dependent on the
accuracy of depth estimators. However, the scale ambiguity
and occlusion may lead to inaccuracies in depth estimation,
thereby affecting the accuracy of voxel query proposals and
hindering effective 3D-2D correspondence and information
aggregation.

To address the aforementioned issues, we introduce a
straightforward yet effective semantic-aware guided (SAG)
module, which seamlessly integrates with task-related seman-
tic priors to facilitate effective interactions between image
features and voxel query proposals in a plug-and-play man-
ner. Unlike OctOcc [17], which relies on projected LiDAR
depth information processed through binarization and dila-
tion operations to generate dilated depth masks that filter
out irrelevant image regions, our approach utilizes additional
textual priors extracted from pre-trained models to optimize
the distribution of image features. This not only enhances
the focus on semantic features relevant to the task but also
weakens the influence of those unrelated to it. Importantly, our
method does not rely on additional LiDAR depth information
for supervision during training. To put it succinctly, SAG
is designed to enhance the perception of specific semantic
regions and weaken the interaction with geometrically relevant
but semantically irrelevant features associated with negative
query proposals.

We first utilize existing foundational models to extract
multi-scale features, textual tags and image captions. Specifi-
cally, we employ ResNet-50 [36] as the backbone and leverage
the pre-trained weights from the MaskDINO [70] model to
extract multi-scale features {F}'_, € RC*M>®s from a
single RGB image [;;;, where s denotes the scale of the s-th
downsampled feature map. Next, we utilize the pre-trained
Tag2Text model [71], which is based on BLIP [72], to generate
tags along with corresponding image captions. Notably, we use
the pre-trained clip text model [37] to filter out tags that are not

loaded on February 17,2026 at 02:25:22 UTC from IEEE Xplore. Restrictions apply.



XIAO et al.: SEMANTIC SCENE COMPLETION VIA SEMANTIC-AWARE GUIDANCE AND IRT

present in the target datasets by setting a similarity threshold.
This ensures that we focus only on the semantic categories
pertinent to our task.

Next, we construct textual prompts from semantic categories
as “A photo of [semantic class]”, where [semantic class]
denotes the category name. The reason for this design is to
align closely with the text input format used during the original
training of the CLIP model. Following the method [38],
we input each textual prompt into a tokenizer to generate
string tokens, which are subsequently fed into the text encoder
of CLIP. By performing an averaging operation, we obtain
a comprehensive feature representation f; that encompasses
specific semantic categories. Similarly, we input the generated
image captions into the CLIP text encoder to obtain caption
features. Compared to tags that only include categories, cap-
tions also incorporate spatial relationships, such as expressions
like “with” and “on both sides of”. Here, we denote the
caption features as f,.

Then, we introduce two consecutive cross-attention layers
to enable interactions between semantic category embed-
dings and flattened multi-scale image embeddings, as well
as between image captions and image embeddings. We first
present the interaction between semantic category embeddings
and flattened multi-scale image embeddings. We use Multi-
Layer Perceptrons (MLPs) to perform dimensional projection
on both semantic category embeddings and flattened image
embedding features, yielding projected features f;; and Fy.
Herein, the query is the projected semantic category features,
while the keys and values are the projected multi-scale image
embedding features. The cross-attention interaction process
can be succinctly defined as follows.

F} = TI-CrossAtten (fu, Fr1). 3)

Different from the original cross-attention mechanism,
we incorporate a temperature adaptive coefficient into the soft-
max function to further adjust the smoothness of the softmax
output. Consequently, the temperature adaptive softmax (Ta-
softmax) function in TI-CrossAtten is defined as follows.

S
1 3(C—1)+1
€ log( =3 )

where € and § represent pre-set parameters, which are set to
0.1 and 0.5, respectively. C represents the number of features.
S represents the attention score matrix. Similarly, we imple-
ment the interaction between the caption embeddings and
image embeddings to further perceive the spatial distribution.
We define this interaction as follows. For simplify, we omit
dimension transformation operations here.

a; = Ta-softmax

) 4)

F } = CI-CrossAtten ( fet, F }k) ) 35

Finally, we obtain image features enhanced by semantic-
aware guidance via an element-wise addition operation.

Fy=AFf + (1 —/\)F}, (6)

where A represents a hyper-parameter, which is set to 0.15.
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Fig. 3. Illustration of the Semantic-aware Guided (SAG) module, which can
be directly integrated into existing frameworks to facilitate effective interaction
between voxel query proposals and image features.

B. Interactive Refinement Transformer Block

Following VoxFormer [30], we convert estimated depth
maps into point clouds, which are then voxelized and sub-
jected to binary occupancy processing to generate voxel query
proposals Q, from predefined voxel queries Q. Unlike Vox-
Former, we remove the U-Net network previously used for
depth correction. This modification is made because the SAG
module weakens the interaction with geometrically relevant
but semantically irrelevant features associated with negative
query proposals. Next, we detail our proposed Interactive
Refinement Transformer (IRT) block, which iteratively updates
query proposals to enhance the perception of semantics and
objects within scenes by integrating the object-scene aggre-
gation flow and scene-object aggregation flow. Due to the
detailed exposition of the deformable feature aggregation
process and formulas in the previous section, we omit the
details in the following formulas to avoid redundancy.

To better perceive objects within scenes, inspired by [40],
[73], and [74], we define a set of learnable object queries
Qio € RNo*% and iteratively update them in the subsequent
process, where N, represents the number of queries and d,
denotes their dimensions. Therefore, we define the information
aggregation between the object queries Q;, and image features
F; as follows.

Q7, = ObjectAware-DeformCrossAttn (Qio, Rio, F5), (7)

where R;, represents the learnable 2D reference points.

Next, we introduce the information aggregation flow from
object to scene. In this process, image features are first defined
as keys and values, and Qp serves as queries. By employing
the deformable cross-attention, we efficiently map image fea-
tures onto relevant voxel query positions, obtaining updated
voxel queries Qp*. Subsequently, we utilize a cross-attention
to effectively integrate object queries Q7 into scene queries
Q7, and obtain object-aware scene queries Q. To better per-
ceive the entire scene’s information, we employ a deformable
self-attention to aggregate contextual information, resulting in
updated scene queries Q,.

Q% = DeformCrossAttn (Q, Ry, Fy) , (®)
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Qy = CrossAttn (Q;‘,, o5, Qf-‘o) , )
0, = DeformSelfAttn (Qy, Q) , (10)

where R, represents the reference points on the image plane
for the query proposal @, through coordinate projection
transformation.

Then, we introduce the information aggregation flow from
scene to object. In this process, we use deformable cross-
attention to update object queries QF with updated voxel
query proposals Q,, achieving scene-aware object queries
Omo- Subsequently, by incorporating a multi-head self-
attention, we dynamically adjust the focus and attention range
of the objects, resulting in updated object queries denoted as

QL[O'

Omo = DeformCrossAttn (QF,, R, - Tap—3p, Qo) ,
Quo = MultiHead-SelfAttn (Q o, Omo) »

Y
12)

where Ri*o represents the 2D reference points and Top_3p
denotes the 2D-3D projection transformation.

Finally, inspired by [29], our segmentation head, which
consists of a series of 3D convolutions and ASPP con-
volutions [75], outputs semantic scene completion results.
We employ the scene-class affinity loss Ly [29] for model
training, which simultaneously considers both geometric and
semantic supervision. Additionally, following [30], we incor-
porate a class-frequency weighted cross-entropy loss L., to
enhance model performance.

L =L+ L% + Lee.

scal

13)

Here, L% and L™ represent the optimization of geometric
and semantic aspects, respectively. Furthermore, following
the DETR series [35], we also apply auxiliary loss [31] for
enhanced supervision after each IRT block layer, which is
scaled by a factor of 0.5. We denote the semantic scene

completion results as S,.

IV. EXPERIMENTS

In this section, we first introduce the datasets used in
our experiments, followed by the implementation details and
evaluation metrics. We then compare the performance of our
proposed method with other competitive algorithms on widely
used datasets. Finally, we conduct a series of ablation studies
to validate the effectiveness of our method’s module designs,
accompanied by comparative statistical analyses on model
parameters.

A. Datasets

1) The SemanticKITTI Dataset: The SemanticKITTI
dataset, designed for semantic scene understanding, was intro-
duced at the International Conference on Computer Vision
(ICCV) in 2019 [7]. As the first benchmark dataset for outdoor
semantic scene completion, it includes LIDAR and RGB
image data from 22 sequences. In the evaluation setup of
semantic scene completion tasks, this dataset merges multiple
LIDAR point cloud frames as ground truth based on the
semantic labels of point clouds. Specifically, it constructs a
voxel grid of size 256 x 256x32 with a voxel resolution of
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0.2m, which is annotated with 19 semantic category labels
and one empty label. Following the data partitioning strategy
of prior studies [29], [30], sequences 0-7 and 9-10 serve as the
training set, sequence 08 as the validation set and sequences
11-22 as the test set. In accordance with [30], RGB images
captured by the left camera are used as monocular input.

2) The SSCBench-KITTI-360 Dataset: The SSCBench-
KITTI-360 dataset, introduced in 2023 [76], aims to address
the issues of long traces and limited geographical coverage
presented in the SemanticKITTI dataset. SSCBench-KITTI-
360 employs 3D bounding boxes to effectively address
traces of dynamic objects when aggregating multi-frame point
clouds. It includes 9 sequences, with sequences 00, 02-05,
07 and 10 designated as the training set, sequence 06 as
the validation set and sequence 09 as the test set. Accord-
ing to the [7] configuration, the voxel grid dimensions are
256 x 256x32 with a resolution of 0.2m, extending 51.2m
forward, 25.6m to each side and 6.4m in height. This dataset
provides a more comprehensive benchmark for the semantic
scene perception analysis of complex dynamic environments.

B. Implementation Details

We implement our proposed method using the PyTorch
framework. The image encoder utilizes ResNet-50 [36] as
the backbone, initialized with pre-trained MaskDINO [70]
weights. For depth map extraction, we employ the off-the-
shelf pre-trained Mobilestereonet [69] model. Additionally,
we follow the Bridge3D [77] method to extract tags and
captions using the pre-trained Tag2Text [64] model. In our
experiments, we set the initial number of object queries to
100. We adhere to the same evaluation settings as in [29]
and [76] to ensure fair comparisons on the SemanticKITTI
and SSCBench-KITTI-360 datasets. For training, we use four
NVIDIA 3090 GPUs with a batch size of 4. We use the
AdamW optimizer with a learning rate of 2 x 107 and a
weight decay of 1x 10~*. Our model are trained for 26 epochs.

C. Evaluation Metrics

Following previous methods [29], [30], in our experiments,
we evaluate both class-agnostic geometric completion and
semantically aware scene completion. For geometric com-
pletion, we use the Intersection over Union (IoU) as the
evaluation metric. For semantically aware scene completion,
we employ the mean Intersection over Union (mloU) to
assess the performance. These metrics allow us to thoroughly
evaluate and compare the effectiveness of different approaches
at both the geometric and semantic levels of scene completion.

D. Semantic Scene Completion Results

1) Results on SemanticKITTI Validation Set: We compare
our proposed method with ten classical approaches, including
three recent papers [31], [40], [41] published at Conference
on Computer Vision and Pattern Recognition (CVPR) 2024,
on the SemanticKITTI validation set. Table II demonstrates
that our method achieves comparable performance to these
newly presented methods, with notably superior semantic
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TABLE I

QUANTITATIVE RESULTS OF DIFFERENT METHODS ON THE OUTDOOR SCENES FROM THE SEMANTICKITTI VALIDATION SET, IN TERMS OF IoU AND
MIOU METRICS. ¥ REPRESENTS THE RESULT OBTAINED USING ONLY A SINGLE IMAGE. * REPRESENTS THE RESULT REPORTED FROM OCCGEN
[80]. THE BEST METRIC WITHIN EACH COLUMN IS SHOWN IN BOLD
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§ - S 2 E S § . S g

_ = S = . § S 2 2 ~ S g & 7 = S

el -~ L —_— e - (5] ha 1] - Q [*)

i $ § £ % 5 B 2 EE ? E 5 & fE 5 i
Method SSC Input | IoU | u u | | | I | | | HE E E = B | mloU
LMSCNet [3pv20] [78] Pay 28.61[40.68 18.22 4.38 0.00 10.31 18.33 0.00 0.00 0.00 0.00 13.66 0.02 20.54 0.00 0.00 0.00 1.21 0.00 0.00| 6.70
3DSketch [cvrr20) [79] X0 FTSDF 1333014132 21.63 0.00 0.00 14.81 18.59 0.00 0.00 0.00 0.00 19.09 0.00 26.40 0.00 0.00 0.00 0.73 0.00 0.00| 7.50
AICNet [cvrrool [51] x'eb gdepth 199 .59143.55 20.55 11.97 0.07 12.94 1471 4.53 0.00 0.00 0.00 15.37 2.90 28.71 0.00 0.00 0.00 2.52 0.06 0.00| 8.32
MonoScene [cvrr22] [29] x'gb 37.12(57.47 27.05 1572 0.87 14.24 23.55 7.83 0.20 0.77 3.59 18.12 2.57 30.76 1.79 1.03 0.00 6.39 4.11 2.48|11.50
TPVFormer [cvrr23) [18] x'eb 35.61[56.50 25.87 20.60 0.65 13.88 23.81 8.08 0.36 0.05 4.35 16.92 2.26 30.38 0.51 0.89 0.00 594 3.14 1.52|11.35
VoxFormer-St [cvrr23] [30] x'eb 44.02154.76 26.35 15.50 0.70 17.65 25.79 5.63 0.59 0.51 3.77 24.39 5.08 29.96 1.78 3.32 0.00 7.64 7.11 4.18|12.35
OccFormer [1ccvas) [32] x'gb 36.50 | 58.85 26.88 19.61 0.31 14.40 25.09 25.53 0.81 1.19 8.52 19.63 3.93 32.62 2.78 2.82 0.00 5.61 4.26 2.85|13.46
Symphonies# [cvPr24] [31] x'eb 41.44155.78 26.77 14.57 0.19 18.76 27.23 1599 1.44 228 9.52 24.50 4.32 28.49 3.19 8.09 0.00 6.18 8.99 5.39|13.44
SparseOcc [cvrr24] [40] x'eb 36.48 [59.59 29.68 20.44 0.47 15.41 24.03 18.07 0.78 0.89 8.94 18.89 3.46 31.06 3.68 0.62 0.00 6.73 3.89 2.60| 13.12
HASSC-S¥ [cvrro4) [41] x'gb 44.82 | 57.05 28.25 1590 1.04 19.05 27.23 991 092 0.86 5.61 25.48 6.15 32.94 2.80 4.71 0.00 6.58 7.68 4.05|13.48
Ours \ x'eb \40.52\59.34 27.87 16.21 1.10 15.85 27.69 16.07 1.50 2.32 9.61 21.01 6.58 28.65 3.72 8.64 0.00 7.78 5.13 2.79\ 13.78
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Fig. 4. Visual comparison of our method with state-of-the-art methods on the SemanticKITTI validation set. Compared to other competitive methods, our
method generates more rational semantic spatial layouts, fewer semantic confusion overlap points and clearer object boundaries. Best viewed in colors.

mloU scores. These results are derived from their original
papers, with the Symphonies results sourced from the recent
OccGen [80]. Compared to the latest method, HASSC-S, our
approach shows an improvement of 0.30 in mloU. Although
our method does not excel in categories like road, sidewalk
and parking, it outperforms previous methods in categories
such as car, bicycle, motorcycle, truck and bicyclist. Compared
to classical methods OccFormer and Symphonies, our method
achieves overall improvements of 0.34 and 0.32, respectively.
In the categories of car, bicycle, motorcycle, and person, our
method shows improvements of 2.6, 0.69, 1.13, and 0.94 over
OccFormer, and 0.46, 0.06, 0.04, and 0.53 over Symphonies,
respectively. Although these categories account for a low
proportion in the dataset (for example, persons represent only

0.07%), their improvements in mloU are crucial for safe
autonomous driving. Additionally, we observe that almost all
methods struggle in the motorcyclist category, which further
motivates us to enhance our method’s perception capabilities
under conditions of limited training samples and the rapid
movement of small objects.

We also perform a qualitative comparison of our proposed
method with Monoscene, VoxFormer, OccFormer and Sym-
phonies, as shown in Fig. 4. It is important to note that
the results for VoxFormer are obtained using only a single
RGB image as input. Intuitively, we observe that both our
method and Symphonies exhibit no significant long traces
in the car category perception and perform better than other
methods (highlighted with red dashed lines). We argue that
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TABLE III

QUANTITATIVE RESULTS OF DIFFERENT METHODS ON THE OUTDOOR SCENES FROM THE SEMANTICKITTI TEST SET, IN TERMS OF IoU AND MIOU
METRICS. ¥ REPRESENTS THE RESULT OBTAINED USING ONLY A SINGLE IMAGE. * REPRESENTS THE RESULT REPORTED FROM [36].THE BEST
METRIC WITHIN EACH COLUMN IS SHOWN IN BOLD
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LMSCNet (3pv20] [78] % 31.38(46.70 19.50 13.50 3.10 10.30 14.30 0.30 0.00 0.00 0.00 10.80 0.00 10.40 0.00 0.00 0.00 540 0.00 0.00| 7.70
3DSketch [cvPR20] [79] X' £TSDF 1968513770 19.80 0.00 0.00 12.10 17.10 0.00 0.00 0.00 0.00 12.10 0.00 16.10 0.00 0.00 0.00 3.40 0.00 0.00| 6.23
AICNet [cvproo] [51] X0 gdepth 12393 139,30 18.30 19.80 1.60 9.60 15.30 0.70 0.00 0.00 0.00 9.60 1.90 13.50 0.00 0.00 0.00 5.00 0.10 0.00| 7.09
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TPVFormer [cver23] [18] X 13425(55.10 27.20 27.40 6.50 14.80 19.20 3.70 1.00 0.50 3.50 13.90 2.60 20.40 1.10 2.40 0.30 11.00 2.90 1.50|11.26
VoxFormer-St (cveros) [30]|  x®  [42.95(53.90 25.30 21.10 5.60 19.80 20.80 3.50 1.00 0.70 3.70 22.40 7.50 2130 1.40 2.60 0.20 11.10 5.10 4.90 | 12.20
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HASSCY-S [cverod) [41] X |43.40(54.60 27.70 23.80 6.20 21.10 22.80 4.70 1.60 1.00 3.90 23.80 8.50 23.30 1.60 4.00 0.30 13.10 5.80 5.50|13.34
Ours | b 38445620 30.20 28.40 6.80 18.50 22.90 4.70 1.70 1.90 5.90 20.10 8.60 19.10 2.20 4.10 0.50 13.30 4.20 5.80|13.42

this primarily results from two factors: 1) the labels pro-
vided by the SemanticKITTI dataset are somewhat inaccurate,
as evidenced by the car traces issue (indicated by yellow
dashed lines), 2) both our method and Symphonies incorpo-
rate learnable object queries to more accurately detect and
perceive object instances. However, Symphonies occasionally
misclassifies cars as vegetation (as shown in the third row
with blue dashed lines). We argue that for a complete scene
representation, accurately identifying the number of objects
and reconstructing reasonable geometric shapes is crucial.
This not only aids in more precise future planning but also
significantly enhances the perception of the entire scene.
Additionally, we note that both VoxFormer and Symphonies
exhibit semantic confusion in processing vegetation, building
and road categories. In contrast, our method effectively avoids
the aforementioned issues. Last, but equally important, our
approach can perceive the presence of bicyclists, as shown in
the first row with purple dashed lines, which is crucial for the
safety of autonomous driving.

2) Results on SemanticKITTI Test Set: We compare our
method against nine other methods on the SemanticKITTI test
set. It is important to note that the test set does not provide
ground-truth labels for the corresponding scenes. Additionally,
these results are cited from their original articles and a recent
paper [36]. According to data presented in Table III, our
method achieves a mean Intersection over Union (mloU)
improvement of 0.08 compared to the latest method HASSC-
S [41]. Although the overall increase in performance is
modest, we observe significant improvements in the categories
of cars, motorcycles and persons, with mloU increases of 0.10,
0.90 and 0.60, respectively. This highlights the superiority of
our method in perceiving small objects within complex scenes.
We also conduct detailed quantitative comparisons of our
method with OccFormer and Symphonies in the categories of
car, motorcycle, and bicycle. As demonstrated in Table III, our
method exhibits performance enhancements over OccFormer
with improvements of 1.3, 0.20, and 3.0, in the categories of
cars, bicycles, and motorcycles, respectively. Similarly, when

compared to Symphonies, our method achieves performance
gains of 0.8, 0.60, and 2.80 in these respective categories.
We observe that these improvements align with the expectation
that our method continues to exhibit significant advantages on
the test set, which features a more diverse range of scenes,
compared to Symphonies. We attribute this primarily to the
effectiveness of the SAG module, which enables our method
to maintain superior generalizability on the test set.

We also conduct a qualitative comparison of our method
with Monoscene, VoxFormer, OccFormer and Symphonies on
the test set. Specifically, we visualize partial results from
sequences 12, 16 and 18. From the first row of Fig. 5
(highlighted with red dashed boxes), it is evident that Vox-
Former and Symphonies erroneously generate car objects and
incorrect semantic objects, respectively, in scenes lacking
the car category. Then, as indicated in the second row of
Fig. 5 (highlighted with red dashed boxes), Voxformer, Occ-
former and Symphonies fail to perceive distant car objects.
Additionally, we further observe that our method possesses
significant advantages in generating the three-dimensional
spatial structure of buildings. For example, Symphonies incor-
rectly generates buildings as vegetation, as shown in the third
row of Fig. 5 (highlighted with red dashed boxes). We attribute
this to the effectiveness of our proposed semantic-aware
guided module in conveying aggregated semantic information
from the image level to 3D space. Lastly, it is noteworthy
that our method accurately generates distant buildings in the
images, a task failed by other methods as depicted in the
fourth row of Fig. 5 (highlighted with red dashed boxes).
Encouragingly, our method accurately perceives the spatial
relationship between vegetation and buildings in the images,
which are not directly adjacent in spatial layout, as presented
by the yellow dashed boxes in the fourth row of Fig. 5,
highlighting the superiority of our method in spatial layout
perception.

3) Results on SSCBench-KITTI-360 Dataset Across Dif-
ferent Scales: We compare our proposed method with
state-of-the-art approaches, including Monoscene, VoxFormer,
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Visual comparison of our method with state-of-the-art methods on the SemanticKITTI test set. Compared to other competitive methods, our method
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Symphonies(24cvpr)

OccFormer(23iccv)
terrain [l traffic-sign pole

bicycle [ll motorcycle [ll other-vehicle

TABLE IV

QUANTITATIVE RESULTS OF DIFFERENT METHODS ON THE OUTDOOR SCENES FROM THE SSCBENCH-KITTI-360 VALIDATION SET AT DIFFERENT
SCALES, IN TERMS OF IoU AND MIOU METRICS. ¥ REPRESENTS THE RESULT OBTAINED USING ONLY A SINGLE IMAGE. THE BEST METRIC
WITHIN EACH COLUMN IS SHOWN IN BOLD
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5.62
5.45
3.55

OccFormer [ICCV23] [32]

14.25
12.37
8.51

13.81
11.04
6.95

8.96
6.71
4.60

34.63
24.99
19.51

4.54
3.79
2.77

10.64 12.93
7.85 10.25
4.80 7.77

22.40
15.21
9.89

1.94
1.04
0.66

1.03
0.43
0.26

8.48
5.21
3.82

12.8
25.6
51.2

50.32
44.25
35.89

32.83
23.42
15.49

5.84
5.17
4.04

55.49
48.95
41.52

Ours

9.05
6.64
4.13

36.12
27.86
20.96

5.24 11.71 13.83
8.40 12.08

6.39 9.63

16.75
15.14
10.01

14.59 10.04
13.27 8.11
8.64 5.19

23.36
18.69
11.74

4.26
341
2.32

6.73
4.07

2.47 3.44

TPVFormer and OccFormer, on the SSCBench-KITTI-360
validation set. Following VoxFormer’s configuration [30],
we evaluate across three different ranges in front of the car:
12.8mx 12.8mx 6.4m, 25.6m x 25.6m x 6.4m and 51.2m x
51.2m x 6.4m. Table IV shows that our method achieves
competitive IoU and mloU at all three scales. Specifically,
compared to OccFormer, our method registers mloU improve-
ments of 2.85, 3.28, and 2.74, and IoU improvements of 1.59,
4.15, and 2.97, respectively. Compared to the SemanticKITTI
dataset, our method exhibits a notably superior performance

improvement on the SSCBench-KITTI-360 dataset compared
to OccFormer. This advancement is primarily attributed to
the more accurate labels provided by SSCBench-KITTI-360,
which bolster the effectiveness of the proposed approach. Fur-
thermore, we observe consistent improvements in categories
such as car, bicycle and person, which further substantiates
the efficacy of our approach. Specifically, compared to the
competitive method OccFormer, our method achieves perfor-
mance improvements of 1.17, 2.32, and 0.70 in the categories
of car, bicycle, and person, respectively, at a scale of 12.8.
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TABLE V
ABLATION STUDY ON THE EFFECTIVENESS OF THE SAG MODULE
method | ToU  mloU
w.0. SAG 3943 1321
SAG (w.o. cap.embedding) | 40.37  13.66
SAG (w. cap.embedding) 40.52 13.78

Comparative results under different settings
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Fig. 6.  Analysis of model training curves under different configuration

settings. Best viewed in colors.

At scales of 25.6 and 51.2, the improvements are 2.10, 2.37,
0.34 and 2.00, 1.66, 0.67, respectively. These enhancements
further highlight the advantages of incorporating object queries
into our method and demonstrate the IRT block’s ability to
perceive crucial objects at various scales.

E. Ablation Studies

1) Effectiveness of the Semantic-Aware Guided Module:
In this section, we assess the effectiveness of the Semantic-
Aware Guidance (SAG) module. Given its plug-and-play
nature, we demonstrate its impact by comparing network
performance both with and without this module. According
to the experimental data in Table V, integrating the SAG
module significantly enhances performance, resulting in an
increase of 1.09 in IoU and 0.57 in mIoU. We also present the
variation in IoU and mIoU metrics on the validation set during
training with and without the integration of the SAG module.
Fig. 6 shows that incorporating the SAG module not only
smoothens the curves but also yields a numerical improvement.
Additionally, we explore the necessity of incorporating caption
embeddings within the SAG module. The results indicate
that including caption embeddings effectively improves the
model’s perception of various semantic concepts within the
scene, leading to increases of 0.15 in IoU and 0.12 in mloU.

2) Effectiveness of the Interactive Refinement Transformer
Block: 1In this section, we evaluate the effectiveness of
the Interactive Refinement Transformer (IRT) block. First,
we outline the Object-Scene (OS) information aggregation
flow with three different configurations: 1) Eq. (8) serves as a
baseline, depicting the interaction between features extracted
from images and voxel query proposals; 2) Eq. (7) and (9)
are employed to aggregate learnable object queries, further
capturing object information within the scene; 3) Eq. (10)
leverages self-attention mechanisms to focus on contextual
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TABLE VI
ABLATION STUDY ON THE IRT BLOCK

O-S aggregation S-O aggregation

ToU mloU
® MO a0 | an (12)
v 3991 1328
v v 4029 1343
v v v 4031 1346
v v v v 4044 1372
v v v | v v 4052 13.78

(7),(8),(9)

(7),(8),(9),(10),(11) Ground truth

(7),(8),(9),(10),(11)(12)

Fig. 7. Ablation study on the effectiveness of the formula settings in the
IRT block. Best viewed in colors.

information, thereby comprehensively perceiving the scene’s
geometric integrity. Subsequently, we introduce the Scene-
Object (S-O) information aggregation flow, set up in two
forms: 1) Eq. (11) aims to transfer the voxel queries to image-
level object queries; 2) Eq. (12) updates object queries through
self-attention mechanisms to focus on contextual information.
According to the data in Table VI, our method achieves
optimal results when integrating the bidirectional information
flow, showing an improvement of 0.61 in IoU and 0.50 in
mloU compared to the baseline established by Eq. (8).

Furthermore, we also perform a visual analysis of the
model’s performance across various formula configurations.
All experiments are conducted under the SAG configuration,
with adjustments made only to the formula settings within
the IRT block. Fig. 7 shows that by integrating all formulas,
the model can precisely reconstruct the spatial layout of real
scenes, effectively complete missing cars (indicated by yellow
dashed boxes), reduce semantic confusion (depicted by purple
dashed boxes) and accurately build the local semantic details
(highlighted by pink dashed boxes).

3) Effectiveness of the Model Parameter Setting: In this
section, we study the impact of model parameter selection on
method performance. And we show that optimal results are
achieved when parameters € and § are set to 0.1 and 0.5,
respectively, as shown in Table VII. This setting is used by
default in our experiments. We also conduct ablation studies
on parameter A. As indicated in Table VII, we test different
values of A at 0.05, 0.10, 0.15, and 0.20. The best results are
obtained when A is set to 0.15; further increasing A leads to
a slight decline in performance.

4) Effectiveness of the Backbone Architecture: In this
section, we study the impact of different backbone
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TABLE VII

ABLATION STUDY ON THE MODEL PARAMETER SETTING. THE BEST
RESULTS ARE IN BOLD

Ablation on parameters € and & \ Ablation on the parameter A

€and § ToU mloU | 4 ToU mloU

£=0.1, 6=0.3 40.49 13.75 0.05 40.44 13.70

e=0.1, 6=0.5 40.52 13.78 0.10 40.48 13.74

e=0.1, 6=0.7 40.50 13.76 0.15 40.52 13.78

e=0.1, 6=0.9 40.48 13.75 0.20 40.50 13.77
TABLE VIII

ABLATION STUDY ON THE IMPACT OF DIFFERENT BACKBONE ARCHITEC-
TURES ON RESULTS. THE BEST RESULTS ARE IN BOLD

method | ResNet-101-DCN | ResNet-50-MD | SwinL-DINO | SwinL-MD

ToU 39.79 40.52 41.51 41.83
mloU 13.72 13.78 13.76 13.91
TABLE IX

COMPLEXITY ANALYSIS ON THE SEMANTICKITTI VALIDATION SET.
WE REPORT THE PARAMS, FLOPS, LATENCY, IoU AND MIOU. THE
BEST METRIC WITHIN EACH COLUMN IS SHOWN IN BOLD

Method | Params  FLOPS Latency | IoU  mloU

OccFormer [74] | 1325M 8258 G  0.348s | 3650 13.46

Symphonies [63] | 5931 M 6119 G 0314s | 4144 1344

Ours | 7371 M 6468G 0324 | 4052 1378
architectures on our method. The evaluated backbones
include ResNet-101-DCN  [81], initialized from the
FCOS3D [82] checkpoint; ResNet-50 [36], initialized

from the MaskDINO [70] checkpoint; SwinL-DINO, with
SwinLL [68] as the backbone and initialized from the
DINO [83] checkpoint; and SwinL-MD, with SwinL [68]
as the backbone and initialized from the MaskDINO [70]
checkpoint. As shown in Table VIII, using SwinL as the
backbone further improves our method, achieving gains of
1.31 in IoU and 0.13 in mloU compared to ResNet-50.
In future work, we aim to incorporate more efficient and
lightweight backbones to improve both efficiency and overall
performance.

5) Complexity Analysis: In this section, we compare the
performance of our method with OccFormer and Symphonies
in terms of the accuracy metrics IoU and mloU, and ana-
lyze the parameters (Params), theoretical computational costs
(FLOPs) and latency. According to the data in Table IX,
our method demonstrates competitive IoU and mloU while
maintaining relatively acceptable levels of model parameters,
computational costs and latency. Inference latency is measured
with a batch size of 1 on an RTX 3090 GPU. We attribute the
increase in model parameters primarily to the object-to-scene
information aggregation process. With further optimization,
our method has the potential for real-time processing of
outdoor scenes.

V. CONCLUSION AND FUTURE WORK

In this work, we present a novel monocular semantic scene
completion framework that leverages a single RGB image to
predict per-voxel occupancy status and corresponding semantic
labels. We introduce a plug-and-play semantic-aware guided
module that integrates task-aware semantic priors into image
features, aiming to weaken the interaction with geometrically
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relevant image features associated with negative query pro-
posals, while simultaneously enhancing the interaction with
positive query proposals and areas of interest. Additionally,
we propose an interactive refinement transformer block to
iteratively updates query proposals by integrating the object-
scene aggregation flow and scene-object aggregation flow.
As evidenced by our experiments, our approach sets a new
standard on two challenging datasets, while effectively ensur-
ing the object generation in 3D scenes. We also conduct a
series of ablation studies to validate the effectiveness of our
module designs.

Future Works: Despite achieving promising results, we see
opportunities for future enhancements by considering the fol-
lowing aspects. 1) We define a set of learnable object queries
and then iteratively optimize them using the IRT block. How-
ever, due to the lack of instance-level annotations, omissions
of objects in scenes still occur. Moreover, considering the
imbalance in the number of objects in different images, setting
a fixed number of object queries is not optimal. Therefore,
we focus on further enhancements in the dynamic setting
of object queries. 2) The pre-trained depth estimator often
yields unreliable values. Thus, mitigating or circumventing
this issue remains a significant challenge that merits further
investigation. Additionally, when projecting voxel queries onto
a 2D plane, depth ambiguity issues result in entangled feature
aggregation. Therefore, inspired by DFA3D [84], we propose
to utilize depth-aware 3D deformable attention to further
enhance our method.
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