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Abstract

Semantic Scene Completion (SSC) aims to reconstruct the 3D geometry and seman-
tics of the surrounding environment. With dense voxel labels, prior works typically
formulate SSC as a dense segmentation task, independently classifying each voxel.
However, this paradigm neglects critical instance-centric discriminability, leading
to instance-level incompleteness and adjacent ambiguities. To address this, we
highlight a “free lunch” of SSC labels: the voxel-level class label has implicitly
told the instance-level insight, which is ever-overlooked by the community. Mo-
tivated by this observation, we first introduce a training-free Voxel-to-Instance
(VoxNT) trick: a simple yet effective method that freely converts voxel-level
class labels into instance-level offset labels. Building on this, we further propose
VoxDet, an instance-centric framework that reformulates the voxel-level SSC as
dense object detection by decoupling it into two sub-tasks: offset regression and
semantic prediction. Specifically, based on the lifted 3D volume, VoxDet first uses
(a) Spatially-decoupled Voxel Encoder to generate disentangled feature volumes
for the two sub-tasks, which learn task-specific spatial deformation in the densely
projected tri-perceptive space. Then, we deploy (b) Task-decoupled Dense Pre-
dictor to address SSC via dense detection. Here, we first regress a 4D offset field
to estimate distances (6 directions) between voxels and the corresponding object
boundaries in the voxel space. The regressed offsets are then used to guide the
instance-level aggregation in the classification branch, achieving instance-aware
scene completion. VoxDet can be deployed on both camera and LiDAR input and
jointly achieves state-of-the-art results on both benchmarks, which gives 63.0 IoU
on the SemanticKITTI test set, ranking 1°! on the online leaderboard.

1 Introduction

Spatial Al [[12] is crucial for autonomous systems to perceive and interpret the physical world. As
a critical step, precise reconstruction of geometric structures and semantics lays the foundation for
scene understanding [27, 41} [31]], underpinning the downstream forecasting and planning [11 [14].
This capability is indispensable for applications such as autonomous driving and robotic navigation.

To this end, Semantic Scene Completion (SSC) has attracted significant attention by simultaneously
inferring complete 3D geometry and semantics via occupancy representation. Prior SSC works can
be broadly categorized into LiDAR-based [55} 50} 166] and camera-based approaches [83\ 34} [79] 22].
The former uses sparse 3D inputs (e.g., point clouds) for SSC to provide precise geometric information.
In contrast, camera-based methods have recently demonstrated promising potential due to their
flexibility and computational efficiency. They employ dedicated vision-centric algorithms to lift
2D imagery into 3D space, enabling SSC, including Features Line-of-Sight Projection (FLoSP) [6]],
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Figure 1: Schematic comparison of previous SSC parad@@ [/9] and the proposed VoxDeleft:
Existing works formulate SSC as 3D semantic segmentation, directly predicting voxel labels agnostic
to object instancesRight: VoxDet reformulates SSC as dense object detection to explicitly learn
with instances, which decouples it into instance-aware regression and classi cation. This is achieved
via a Voxel-to-Instance (VoxNT) trick (Fig. 4), inspired by our observed free-lunch in labels (Sec. 3).

depth-driven back projectior3f, 22, 78], and Lift-Splat-Shoot (LSSM6] based voxelsq9, 24, 2].
These methods offer unique advantages in resource-constrained settings such as robotics, owing to
their low cost, high exibility, and real-time processing capabilities.

While achieving great progress, existing methods uniformly formulate SSC as a semantic segmen-
tation task on dense voxels, which fail to understand the instance-level semantics and geometry.
This paradigm typically employs 3D encode88[79] to encode semantic patterns from the lifted
volumes (see Fig. Left), subsequently classifying each voxel independently. In SSC, due to
the absent instance labels, this voxel-centric paradigm may seem viable, but it has to face severe
instance-level incompleteness and adjacent ambiguities (see Fig. 7). Although prior works, such as
Symphonize 22, 58, 40], have noticed this issue and attempted to mitigate it with object queries
from 2D images, they still optimize the 3D space via dense segmentation on each voxel. The
gap between the image and voxel domains prevents effective instance-driven learning, making the
segmentation-based formulation fail to infer the complex environment with dynamic agents.

To address this issue, we rst highlight a “free-lunch” of SSC labéte voxel-level class label

has implicitly told the instance-level insight, which is ever-overlooked by the commurityst,

unlike in 2D images where occlusion causes overlapping objects to con ate into a single entity,
instances in 3D voxels are inherently separable. Every voxel is deterministically assigned to a single
class without occlusion-induced ambiguity, making the instance-level discovery essentially realistic.
Second, instance boundaries in 3D voxel space are naturally tractable and regressible, ensuring clear
distinctions between instances. More details can be found in Sec. 3.

Inspired by these observations, we rst develogaxel-to-Instance (VoxNT) Trick (Fig. 4) that

can freely convert the voxel-level class labels to the instance-level offset labels, fully harnessing the
free-lunch (Sec. 3). Here, the offset is de ned as the Euclidean distance between each voxel and its
associated instance borders. Then, thieseoffset labelprompt us to rethink the segmentation-based
SSC formulation. In response to this, we propusgDet to reformulatévoxel-level SSC as instance-
centric objectDetection (see Fig. Right). Unlike prior works, VoxDet decouples SSC into two
sub-tasks: offset regression and semantic prediction. We achieve this with (a) Spatially-decoupled
Voxel Encoder (SVE) and (b) Task-decoupled Dense Predictor (TDP) at the representation and
prediction levels, respectively. Speci cally, given 3D volumes lifted from 2D imadék BVE rst

learns task-speci c features by spatially deforming in the tri-perceptive space, which are sent to the
two branches of TDP, respectively. Within TDP, we regress each voxel to the associated instance
boundary by predicting a 4D offset eld, which guides an instance-level aggregation for SSC.

Hence, with our new detection-based formulation, VoxDet is the rst work to achieve true instance-
centric perception solely using voxel-level laha&igich is not only highly ef cient but also achieves
state-of-the-art performance on benchmarks, setting new records of 18.47/ 21.40 mloU and 47.27/
48.59 IoU on the SemanticKITTI and SSCBench-KITTI-360 datasets, respectively.

In summary, our contributions lie in the following aspects:

» By analyzing the difference of 2D pixels and 3D voxels (Sec. 3), we reveal the overlooked
free lunch of SSC labels for instance-level learning. With this observation, we propose a

For simplicity, in SSC, we uniformly refer to voxel recognition and completion [6] as dense classi cation.



VOXNT trick to freely convert voxel-level labels to instance-level offsets. As a byproduct,
this trick can also identify wrong labels of dynamic objects (see Appx. B and Fig. 7).

» We reformulate SSC as a dense object detection task by advancing VoxDet, decoupling SSC
into two sub-tasks: offset regression and semantic prediction, for instance-level SSC.

» We design a Spatially-decoupled Voxel Encoder (SVE) to decouple 3D volumes for our new
SSC formulation, which learns task-speci ¢ spatial deformation in the densely projected
tri-perceptive space for the two sub-tasks, avoiding the misalignment between them.

» We propose a Task-decoupled Dense Predictor (TDP) to enable instance-driven SSC. This
comprises a regression branch that predicts a 4D offset eld, delineating instance boundaries,
and a classi cation branch using learned offsets for instance-aware aggregation.

2 Related Work

3D Semantic Scene Completiof55, 7] aims to jointly reconstruct the semantics and geometry of a
surrounding environment with voxelization. Existing studies can be generally divided into LIDAR-
based and camera-based methd&ds. [The former utilizes point clouds to achieve high accuracy
with precise depth completio@(-72], which is limited by the computational cost. Camera-based
methods rely solely on 2D visual inputs to generate 3D scene understanding. With the advancement of
monocular vision like LSS46], these approaches offer great advantages in ef ciency. MonoS6égne [
pioneered the eld of camera-based SSC by connecting 2D images with the 3D voxel space via the
FLoSP. VoxFormer34] uses 3D-to-2D back-projection and disseminates the semantics of the visible
gueries across the entire 3D volume via MAB). Subsequent works have further enhanced voxel
representations using techniques such as tri-perceptive enhancé®éht diffusion models 85|,
vision-language model$8, 77], and extra modalitiesl[, 60]. However, existing methods uniformly

treat SSC as a voxel segmentation, which lacks instance-level perception. In contrast, we reformulate
SSC as a dense object detection task with explicit instance-level awareness.

Dense Object Detectionsuch as point-based FCOSH| 62], is a fully convolutional paradigm known

for its lightweight design, ef ciency, and performance, which garnered signi cant attention prior to the
DETR series$, 63, 86, 43]. The core insight is the notion offensely detecting like segmentatibn

every pixel within a bounding box regresses its distances in four directions (up, down, left, right)
while simultaneously predicting the instance-level class label, which is a dense process like the per-
pixel segmentation. The following works focus on improving this paradigm from different aspects,
including considering better label assignmeBit, [80] like ATSS [81], architecture searctbf],
spatially task decouplindLD], border enhancementT], dense feature distillatior8f, 73, 30, 29,
optimization signalsg8, 39]. Besides, dense detection has been extended to 3D vision. For instance,
FCOS-3D p2] predicts 3D targets in the 2D space by regressing 3D attributes for each pixel, and
UVTR [32] predicts a 3D position for each pixel to enhance instance-level localization. Additionally,
some instance detection works propose a 3D-inspired paradigm for geometrically reliable detection
in 2D views R6, 53]. Unlike previous works, we reverse the philosophy visagmenting like dense
detectiori framework that endows voxel-based segmentation with instance-level awareness, which
requires no additional manually annotated instance-level lafm@i$ree instance-level learning.

3 Preliminaries and Motivation

We start by analyzing the differences between 2D pixel and 3D voxel space with respect to semantic-
level classi cation and instance-level regression, from the perspective of dense percBgitiohd

then clarify our observations and insights on the ever-overlooked “free-lunch” in voxel-level SSC
labels and explain the associated motivation for the following methodology.

Semantic-based Dense Classi cationn Fig. 2 (a,c), it can be observed that occlusion in the 2D
space often leads to the merging of distinct object instances (e.g., the blue-highlighted cars) into a
single entity (Fig. 2a). Due to the perceptive projectid8] [ multiple 3D points at varying depths

in the world coordinate system converge into a single pixel of the image. In contrast, the 3D voxel
space inherently avoids most of such occlusion, as each voxel is uniquely assigned a class label,
including theemptyclass (Fig. 2c)Consequently, the occlusion-free property of 3D voxels facilitates

the natural separation of object instan¢@ithough minor ambiguities may arise in cases such as the
densely overlapping foliage of adjacent trees, which typically do not affect the scene understanding.



Figure 2 Conceptual comparison be-
tween 2D pixels and 3D voxels re-
garding semantic-level dense clas-
si cation and instance-level regres-
sion. In(a,b), 2D occlusion makes
instance perception fail with seman-
tic labels. In(c,d), the occlusion-free
nature of 3D space enables instances
separable only using semantic labels.

Instance-based Dense Regressiom Fig. 2 (b,d), each pixel and voxel aims to regress the distance

to the instance bordeb§]. In the 2D domain (Fig. 2b), such regression supports instance-level
perception via bounding box labels; however, it fails to infer instance cues with semantic labels.
Conversely, in the 3D voxel space, the natural separability of instances makes it possible to regress
instances without instance lab€lsig. 2d). For example, consider the red voxel inside the highlighted
car in the gure. As the voxel space is occlusion-free, we can regress from this voxel to its instance
boundary by identifying adjacent voxels with differing semantic labels (see Fig. 4). This property
enables us to infer instances using only semantic annotations, a valuable yet ovefleeledch

Motivation and Insight. Inspired by these observations, we aim to rethibkel-level SSC as object
Detection 6], termed VoxDet, which adopts a novel “segmenting like dense detection” philosophy.
Instead of directly recognizing each independent vo38| 79, 2, 34], VoxDet decouples SSC into
regression and classi cation sub-tasks in the 3D voxel space, where, in particular, the core innovative
regression (or offset) branch enables explicit instance-level 3D regression. The learned offsets are
subsequently used for instance-level aggregation, facilitating scene understanding. Note that this
fundamentally differs from and advances beyond the traditional segmentation paradeyplibitly

lifting voxels to instanceswith potential applicability to the broader occupancy community.

4 Methodology

Overview. Fig. 3 shows the overall work ow of our VoxDet. Given RGB input, we follow previous
works [79] to conduct(a) 2D-to-3D lifting to generate 3D feature volum¥s, which uses the
estimated deptl given by the arbitrary depth estimatd; p2]. Then, we sen® to (b) Spatially-
decoupled Voxel Encoder to generate the disentangled feature for dense classi\tati@amd
regressiorV r¢q. Here, we encourage the two tasks to learn spatially decoupled features to avoid
task-misalignmentd8], which is achieved in a densely projected tri-perceptive (TPV) space. Next, the
decoupled volumes are sent(tt) Task-decoupled Dense Predictor. In this part, we rst regress a 4D
offset eld to estimate the distance between each vigk to the instance boundary;;x 2 R®

in six directions (see Fig. 4). The learned offsets subsequently sent to the classi cation branch to
guide instance-level aggregation, thereby achieving instance-aware semantic scene completion.

4.1 2D-to-3D Lifting

We follow previous SSC works/p, 2, 34] to conduct the same 2D-to-3D lifting (Fig. 3a), outputting
the 3D feature volum®& 2 RX Y 2 € whereX, Y, Z, andC is the depth, width, height, and
channel respectively. The process is brie y described as follows. More details are in Appx. C.

Given the RGB image, we extract the 2D image featuF&® using the image encoder, and estimate
the depth ma@Z with the frozen depth estimatds,[52] following the uni ed SSC practiceq9, 34, 2.
Then, we estimate the depth probabildyusing LSS §16]. Based on these, we can establish the 3D
featureF 3P using the fused depth probabilify and pre-extracted 2D featufe® [79], which is
subsequently projected onto the voxel grid to generate the 3D voluna this procedure, each
voxel inV is able to query the information from 3D featuife®® via deformable cross-attentioh]].

4.2 Spatially-decoupled Voxel Encoder

Given the 3D volume/, we aim to extract task-speci ¢ representations for the two tasks. Prior
encoders are designed for voxel segmentation, which lacks the spatial context for regression with



Figure 3: Overview of our VoxDet. After 2D-to-3D lifting, VoxDet spatially decouples 3D volumes

V into two task-speci ¢ branches, learning different spatial deformations in the densely projected
tri-perceptive space. Then, VoxDet regresses a 4D offset etdwards instance boundaries with

V reg Serving for the instance-level aggregation Withs in the classi cation branch.

task-misalignmentd4, 28, 10]. Hence, we spatially decoupl¢ into V s for classi cation anaV reg
for regression (Fig. 3b) in a densely projected TPV space. Fig. 6 shows the decoupling effect.

Dense Projection.Given the 3D volumé/ , we use a shared encoder to extiladevel task-shared
feature volumes$V () g, . Due to the task-misaligned feature preferer&, [directly using the
shared volume for the two tasks will severely in uence the instance-level perception. To resolve this,
we spatially decouple task-speci ¢ features in a densely projected tri-perceptive (TPV) &ftace [
This can avoid the large computational cost of decoupling in 3D, effectively reducing the dimension
to 2D. To this end, a dense projecti®y( ) is proposed to generate 2D feature planes for our
detection-based formulation. Speci cally, givmﬁgo we learn per-voxel dense weight with a linear
layer = Wq(V{); 2 RX Y Z 3 which guides the adaptive pooling for the three TPV planes.
Then, we conduct pooling across each aXisY(; Z ) to generate projected 2D feature planes:

S vy X X X
Pg:Pg:Pg (V)= Sz( prnay) Vieezn Sy pes2) View Sx(png) Vie:g:

=1 y=1 x=1
()
Here,PfjA) indicates thgA)-axis projectionS ) is softmax on the(A) axis, and is Hadamard
product. Next, we deploy a 2D re nement layer to generate TPV featuX&raXZ;Y Z planes:
Vs = Conil (PE(VEN:VE = Convig (P (VED):V IS = Conid (P (VE):

)
V?(e; = Con\)r% (P (V(I)c)) V?(eé - Con\)rg; (P (V(I)c)) Vreg COH reg (Pada(v(l)c))

Here,Con\f(T;( ) is 2D convolution module for plan@) and taskT). Compared with the conven-

tional TPV pooling R1], our dense projection can adaptively discover the essential voxels during the
3D-to-2D dimensional reduction, thereby mitigating the information loss for the dense perception.

Spatial Decoupling.With projected 2D features, we spatially decouple it in each TPV plane with
different spatial offsets, encouraging two tasks to focus on task-speci c regions. Then, wEase a
layer to fuse the decoupled features with the same expanded size, which is carried out as follows:

Vf:,; = Coni® DefConY (VXY )+ DefCondZ (VX2 )+ DefConyiZ (VYZ) ;

\Tﬁé)g— ConVgs® DefConvgy (V ey ) + DefComvey (V 7o ) + DefConvig (V g

®3)

Here,DefCony ) is the 2D deformable convolution module, which spatially decouples the dense
voxel features for the two tasks. This decoupling reduces the computational burden and preserves
task-driven spatial context, effectively addressing the misaligned feature preference of the two tasks.
Finally, we send the decoupled multi-level features to the lightweight B8N\ofanches, respectively,

to improve the task-speci ¢ learning, and collect the Iast layer output with the same resolution as

for the two tasks, which is denoted asys = FPI\Kf\Tng| 1) andV g = FPI\(f\?’E(L)ggI 1)

4.3 Task-decoupled Dense Predictor

Then, the decoupled featurés,s andV ¢q are sent to the classi cation and regression branches (see
Fig. 3c). Here, we rst densely regress the instance boundary to identify 3D objects, then aggregate
instance-level semantics in the classi cation branch, achieving an instance-centric SSC prediction.
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