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Abstract

Camera-based 3D semantic scene completion (SSC) provides
dense geometric and semantic perception for autonomous
driving. However, images provide limited information mak-
ing the model susceptible to geometric ambiguity caused by
occlusion and perspective distortion. Existing methods of-
ten lack explicit semantic modeling between objects, lim-
iting their perception of 3D semantic context. To address
these challenges, we propose a novel method VLScene:
Vision-Language Guidance Distillation for Camera-based
3D Semantic Scene Completion. The key insight is to use
the vision-language model to introduce high-level seman-
tic priors to provide the object spatial context required for
3D scene understanding. Specifically, we design a vision-
language guidance distillation process to enhance image fea-
tures, which can effectively capture semantic knowledge from
the surrounding environment and improve spatial context
reasoning. In addition, we introduce a geometric-semantic
sparse awareness mechanism to propagate geometric struc-
tures in the neighborhood and enhance semantic information
through contextual sparse interactions. Experimental results
demonstrate that VLScene achieves rank-1st performance on
challenging benchmarks—SemanticKITTI and SSCBench-
KITTI-360, yielding remarkably mIoU scores of 17.52 and
19.10, respectively.

Code — https://github.com/willemeng/VLScene

Introduction
The field of 3D perception faces new challenges with the
emergence of autonomous driving. Autonomous vehicles
need to predict the surrounding environment accurately to
ensure safe navigation and obstacle avoidance. The Seman-
tic Scene Completion (SSC) (Song et al. 2017; Roldao,
de Charette, and Verroust-Blondet 2020; Yan et al. 2021)
task aims to forecast the semantic occupancy of every voxel
in the entire 3D scene based on limited observations.

Most existing SSC (Rist et al. 2021; Zhang et al. 2018;
Guo and Tong 2018; Li et al. 2020; Roldao, de Charette,
and Verroust-Blondet 2020; Yan et al. 2021) solutions rely
on input RGB images and corresponding 3D data to pre-
dict volume occupancy and semantic labels. However, the
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Figure 1: Our method uses vision-language model guidance
distillation versus the previous image-based method.

reliance on 3D data often necessitates the use of specialized
and expensive depth sensors, which limits the broader appli-
cation of SSC algorithms. Recently, many researchers (Cao
and de Charette 2022; Li et al. 2023c,a; Jiang et al. 2024;
Wang and Tong 2024; Xue et al. 2024) have explored the
use of camera-based approaches to recover dense 3D geo-
metric structures and semantic information.

In Figure 1, existing methods commonly depend on 2D-
3D view transformations to construct 3D representations
from image features, and utilise complex 3D models for
geometric and semantic inference. Nevertheless, the lim-
ited information available from images renders these models
susceptible to geometric ambiguities caused by occlusions
and perspective distortions. Inferring geometry without suf-
ficient visual input requires leveraging semantic knowledge
of the surrounding environment and reasoning about the spa-
tial context. Given these limitations, we consider the ques-
tion: How can high-level semantic priors be utilized to im-
prove semantic representation and spatial context?

In this paper, we propose a novel camera-based SSC
method: VLScene, Vision-Language Guidance Distilla-
tion for Camera-based 3D Semantic Scene Completion.
VLScene leverages a vision-language model to extract high-
level semantic priors, enhancing semantic representation
and spatial context through distillation. As shown in the yel-
low box in Figure 2(a), semantic and spatial structure pri-
ors are obtained through vision-language models. The po-
sition and category of the person behind the car are ac-
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curately inferred, and even densely packed cars in the im-
age are effectively distinguished in the corresponding scene.
Specifically, we introduce vision-language guidance distil-
lation to improve image features, which effectively captures
the semantic knowledge of the surrounding environment
and enhances reasoning about the spatial context. We fur-
ther design a geometric-semantic sparse awareness mech-
anism, consisting of two modules: neighborhood geometry
propagation (NGP) and sparse semantic interaction (SSI),
to sparsely perceive voxel information from both geometric
and semantic perspectives. The NGP module alternates be-
tween large and small kernel convolutions to ensure compre-
hensive capture of objects of varying sizes in the adapted 3D
scene. Meanwhile, SSI employs sparse convolutions to ef-
fectively utilize the geometric information in voxel features
and enhances semantic information through contextual inter-
actions. To evaluate the performance of VLScene, we con-
duct thorough experiments on SemanticKITTI (Behley et al.
2019) and SSCBench-KITTI360 (Liao, Xie, and Geiger
2022; Li et al. 2023b). As shown in Figure 2(b), our
method achieves state-of-the-art performance with a mIoU
of 17.52%, using only 47.4M parameters.

• We propose a novel method, VLScene, leveraging vision-
language models to extract high-level semantic priors,
thereby enhancing semantic representation and spatial
context through a distillation process.

• We design vision-language guidance distillation that ef-
fectively captures semantic knowledge of the surround-
ing environment and improves spatial context reasoning.

• We introduce geometric-semantic sparse awareness to
propagate geometric structure in the neighborhood and
enhance semantic information through contextual sparse
interactions.

• The proposed VLScene model achieves SOTA results on
SemanticKITTI and SSCBench-KITTI-360 benchmarks,
surpassing the latest methods.

Related Work
3D Semantic Scene Completion
The SSC task was designed to address the challenges of
scene completion and semantic segmentation by predicting
the occupancy and semantic categories of each voxel in a
3D scene. SSCNet (Song et al. 2017) was the first to de-
fine the semantic scene completion task, wherein both ge-
ometry and semantics were jointly inferred from incomplete
visual observations. Subsequent research recognized the in-
herently 3D nature of this task, leading to numerous studies
that directly employed 3D inputs (Rist et al. 2021; Zhang
et al. 2018; Xia et al. 2023), such as depth information,
occupancy meshes, and point clouds, to leverage their rich
geometric cues. To incorporate additional texture informa-
tion, many works (Cai et al. 2021; Li et al. 2019) explored
the use of multi-modal inputs, combining RGB images with
diverse geometric cues. As purely visual autonomous driv-
ing solutions became more cost-effective, MonoScene (Cao
and de Charette 2022) was the first to infer dense geometry

(a)

(b)

Figure 2: (a) VLScene uses 2D high-level semantic priors
improve 3D scene. (b) Comparison of Params and mIoU.

and semantics from a single monocular RGB image. TPV-
Former (Huang et al. 2023) proposed a three-perspective
view representation, which, along with BEV, introduced two
additional vertical planes. OccFormer (Zhang, Zhu, and Du
2023) employed a dual-path transformer framework to en-
code 3D voxel features. VoxFormer (Li et al. 2023c) adopted
a novel two-stage framework to elevate images into fully
3D voxelized semantic scenes. NDCScene (Yao et al. 2023)
extended the 2D feature map to a normalized device coor-
dinate space instead of the world space. MonoOcc (Zheng
et al. 2024) further enhanced the 3D volume with an image-
conditioned cross-attention module. H2GFormer (Wang and
Tong 2024) effectively utilized 2D features through a pro-
gressive feature reconstruction process across various direc-
tions. Symphonize (Jiang et al. 2024) extracted high-level
instance features from the image feature map, serving as the
key and value for cross-attention. HASSC (Wang et al. 2024)
introduced a self-distillation training strategy to improve the
performance of VoxFormer. Finally, BRGScene (Li et al.
2023a) utilized binocular image inputs to implicitly gener-
ate stereo depth information and employed stereo matching
to resolve geometric ambiguities.

Large Vision-Language Model
Large vision-language models, such as Contrastive Vision-
Language Pre-training (CLIP) (Radford et al. 2021),
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Figure 3: The VLScene framework is proposed for camera-based 3D semantic scene completion.

achieved significant advancements in open-set and zero-
shot image classification tasks due to their strong align-
ment between visual and text embeddings. LSeg (Li et al.
2022) focused on aligning pixel-level image features with
class embeddings generated by the CLIP text encoder.
MaskCLIP (Dong et al. 2023) explored dense predic-
tion problems using CLIP by making minor adjustments
to the network structure. However, practical applications
like autonomous driving and indoor navigation required
a deeper understanding of 3D scenes. Consequently, re-
cent research investigated the application of 2D vision-
language pre-training for 3D perception tasks. For instance,
CLIP2Scene (Chen et al. 2023) introduced a semantically
driven cross-modal contrastive learning framework. Open-
Scene (Peng et al. 2023) used a pre-trained VL model (Ghi-
asi et al. 2022; Kuo et al. 2023) to extract per-pixel CLIP
features and projected 3D points onto the image plane to de-
rive dense 3D features. RegionPLC (Yang et al. 2023) lever-
aged regional visual cues to generate dense captions and per-
formed point-discriminative contrastive learning.

Cross-modal Knowledge Distillation
The primary objective of cross-modal knowledge distilla-
tion was to transfer knowledge between different modalities.
Knowledge distillation (Hinton, Vinyals, and Dean 2015;
Wang et al. 2022; Mirzadeh et al. 2020) was initially intro-
duced for model compression, focusing on transferring the
learned knowledge from a teacher network to a student net-
work. With advancements in multi-sensor technologies, 2D-
to-3D distillation methods were developed to enable mod-
els to utilize data from various modalities, thereby enhanc-
ing their performance in 3D tasks. For example, PPKT (Liu
et al. 2021) employed InfoNCE loss to assist 3D networks
in extracting valuable knowledge from 2D image backbones.
2DPass (Yan et al. 2022) proposed an innovative approach to
improve semantic information extraction from multimodal
data by integrating auxiliary modality fusion and multi-scale
fusion into a single distillation framework. CMKD (Hong,

Dai, and Ding 2022) effectively transferred point cloud fea-
tures and responses to images, significantly boosting perfor-
mance. BEVDistill (Chen et al. 2022) unified the two modal-
ities into BEV space for distillation, achieving more accu-
rate object detection by using a grouping network to form a
global descriptor. UniDistill (Zhou et al. 2023) focused on
BEV object detection and leveraged knowledge distillation
in features, relations, and responses.

Methodology
Problem setup. Given a set of stereo RGB images
Istereo = {Il, Ir}. The goal is to infer the geometry and
semantics of the 3D scene jointly. The scene is represented
as a voxel grid Y ∈ RX×Y×Z×(M+1), where X, Y, Z rep-
resent height, width and depth in 3D space. For each voxel,
it will be assigned to a unique semantic label belonging to
C ∈ {C0, C1, ..., CM} that either occupies the empty space
C0 or falls in a specific semantic class {C1, ..., CM}. Here
M represents the total number of semantic classes. We want
to learn a transformation Y = θ(Istereo) as close to the
ground truth Ŷ as possible.

Overview. We illustrate our approach in Figure 3. We first
use the lightweight image encoder RepViT (Wang et al.
2023) and FPN (Lin et al. 2017) to extract image features
Fimage, and use the vision-language model LSeg (Li et al.
2022) to extract visual features Fvision and text features
Ftext. Fimage passes through the deep network and the con-
text network to obtain discrete depth values D and semantic
features Fsem. Subsequently, we use the VLGD module to
improve the semantic features with the high-level seman-
tic information captured by the VL model, and then obtain
the voxel features V through the LSS view transformation.
Then, V enters the GSSA module to sparsely perceive the
voxel information from the geometric and semantic perspec-
tives, and obtains the refined voxel features Vfine. Finally,
Vfine outputs dense semantic voxels Y through upsampling
and linear projection.
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Figure 4: Illustration of the enhanced semantic feature dis-
tillation.

Vision-Language Guidance Distillation
Existing camera-based SSC methods often lack explicit
semantic modeling and are susceptible to geometric am-
biguities caused by occlusion and perspective distortion.
To enrich semantic representations, we introduce a vision-
language guidance distillation module in 2D space. This
module leverages the VL model to extract high-level seman-
tic priors, enhancing both semantic representations and spa-
tial context through distillation. Details are shown in Fig-
ure 3.

Feature Distillation. Given an input image Il, we extract
image features Fimage using a lightweight image encoder
and visual features Fvision using a VL image encoder. Si-
multaneously, we input the category name as a prompt into
the VL text encoder to obtain text features Ftext ∈ RQ×C ,
where Q represents the number of categories and C denotes
the feature channels. We then compute the cosine similarity
between the VL image and text features to generate a 2D
semantic map:

Flogits = softmax
q∈{1,...,Q}

Fvision ⊗ F⊤
text

∥Fvision∥ ∥Ftext∥
, (1)

where ⊗ denotes matrix multiplication, and Flogits denotes
the segmentation map by maximizing the similarity scores
between VL image and text features along the category di-
mension.

To effectively select rich semantic cues from the VL
model, we adaptively fuse the semantic information from
both the image encoder and the VL model to obtain en-
hanced fused semantic features, which are then subjected to
feature distillation. Figure 4 illustrates the detailed process
of this enhanced semantic feature distillation. First, we con-
catenate the three features Fsem, Fvision, and Flogits and
perform an initial fusion using two convolutional layers to
obtain the feature F̂vision. Next, we calculate the channel
attention for F̂vision and Fsem to adaptively weight the fea-
ture channels,

F̂weight
vision = σ[GAP(MLP(F̂vision))],

Fweight
sem = σ[GAP(MLP(Fsem))],

(2)

where σ denotes the sigmoid function, GAP represents the
global average pooling operation. The weighted features are

Figure 5: Illustration of the geometric-semantic sparse
awareness.

then summed to obtain the fused feature Ffuse,

Ffuse = F̂weight
vision ∗ MLP(F̂vision)

+Fweight
sem ∗ MLP(Fsem).

(3)

For each pixel feature, we calculate the difference between
its features on Fsem and Ffuse the feature distillation loss
Lkd feat:

Lkd feat = ∥Fsem − Ffuse∥1. (4)

Logits Distillation. We also perform explicit logits distil-
lation on the semantic features. Specifically, we pass Fsem

through the image semantic head composed of residual
blocks to obtain the image segmentation result Fpred of cat-
egory Q. Then calculate the loss with the image semantic
pseudo label Flogits obtained by the vision-language model.
The specific operation is as follows:

Lkd logits = CrossEntropyLoss(Fpred, Flogits), (5)

After our designed vision-language guidance distillation, we
will get the enhanced semantic feature F̂sem. Then, we fol-
low the view transformation module of BRGScene (Li et al.
2023a) and construct the voxel feature V using F̂sem.

Geometric-Semantic Sparse Awareness
It is observed that even after projecting the enhanced se-
mantic features into voxel space, approximately half of the
voxels remain empty (especially out-of-field, obstructed and
distant areas). To fully utilize the available voxel features,
we introduce the geometric-semantic sparse awareness mod-
ule, which can perceive voxel information both geometri-
cally and semantically. The detailed process of geometric-
semantic sparse awareness is illustrated in Figure 5.
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Figure 6: Qualitative results on the SemanticKITTI validation set.

Neighborhood Geometry Propagation. Geometric in-
formation is typically extracted only from existing non-
empty voxels, leading to a lack of features in empty vox-
els. To address this, we design the Neighborhood Geometry
Propagation (NGP) module, which diffuses voxel features
into adjacent empty regions. The detailed process is shown
in Figure 5(a).

Specifically, NGP consists of alternating 7 × 7 × 7 large
kernel convolution layers and 3 × 3 × 3 small kernel con-
volution layers. The large kernel convolutions handle large
objects (such as cars and trucks) and view boundaries,
propagating features from non-empty voxels to surround-
ing empty ones, thereby capturing the complete geometric
structure of larger objects. Conversely, small kernel convo-
lutions target smaller objects, such as poles and pedestrians,
providing finer granularity in feature propagation to accu-
rately capture the complex details of these smaller objects.
Additionally, inspired by SCPNet (Xia et al. 2023), we re-
move the convolution bias and batch normalization layers
to reduce computational costs and maintain the efficiency
of subsequent sparse convolutions. The specific calculation
process is as follows:

Vcom = V + δ (Conv3×3×3 (δ (Conv7×7×7(V )))) , (6)

where δ denotes the ReLU activation function. Through the
above operation, we obtain the completion voxel feature.

Sparse Semantic Interaction. To enrich the semantic in-
formation of the scene, we introduce a Sparse Semantic In-
teraction (SSI) module. This module effectively leverages
the geometric information within voxel features and en-
hances semantic content through contextual interactions.

Initially, the completion feature Vcom is converted into
a sparse representation by isolating non-empty voxels. The
sparse tensor is stored in a commonly used coordinate for-
mat:

Vcom = {P = [x, y, z], F ∈ RN×C}, (7)
where N represents the number of non-empty voxels, and P
and F denote the coordinates and features of the voxels.

Subsequently, inspired by the observations and conclu-
sions in Cylinder3D (Zhu et al. 2021), we decompose the
traditional sparse convolution kernel into two orthogonal
kernels oriented in vertical and horizontal directions. This
decomposition aligns with the voxel distribution of objects
in the driving scene, enabling the orthogonal kernels to cap-
ture specific semantic information along both directions.
By configuring two parallel and asymmetric convolution
kernels, we further enhance the semantic richness of the
scene. Finally, following Cylinder3D, we apply three Rank-
1 sparse kernels to extract low-rank features, which are then
aggregated to produce refined voxel features, Vfine.

Training Loss
In the VLScene framework, we adopt the scene-class affin-
ity loss from MonoScene (Cao and de Charette 2022) to op-
timize precision, recall, and specificity concurrently. The se-
mantic scene completion loss is shown as follows:

Lssc = Lsem
scal + Lgeo

scal + Lce + Ldepth, (8)
The knowledge distillation loss is expressed as:

Lkd = Lkd feat + Lkd logits, (9)
The overall training loss function is formulated as follows:

L = λsscLssc + λkdLkd, (10)
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mIoU

MonoScene 34.16 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 11.08
TPVFormer 34.25 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 11.26
OccFormer 34.53 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 12.32
VoxFormer 43.21 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 13.41
MonoOcc - 55.2 27.8 25.1 9.7 21.4 23.2 5.2 2.2 1.5 5.4 24.0 8.7 23.0 1.7 2.0 0.2 13.4 5.8 6.4 13.80
H2GFormer 44.20 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 13.72
HASSC 43.40 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 13.34
Symphonize 42.19 58.4 29.3 26.9 11.7 24.7 23.6 3.2 3.6 2.6 5.6 24.2 10.0 23.1 3.2 1.9 2.0 16.1 7.7 8.0 15.04
BRGScene 43.34 61.9 31.2 30.7 10.7 24.2 22.8 2.8 3.4 2.4 6.1 23.8 8.4 27.0 2.9 2.2 0.5 16.5 7.0 7.2 15.36
Ours 45.14 64.7 34.7 32.4 13.1 27.3 26.1 6.5 4.2 3.8 8.3 26.4 10.0 29.4 2.8 5.1 0.9 20.0 8.9 8.4 17.52

Table 1: Quantitative results on the SemanticKITTI hidden test set. Bold denotes the best performance.
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mIoU

MonoScene 37.87 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 12.31
VoxFormer 38.76 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 11.91
TPVFormer 40.22 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 13.64
OccFormer 40.27 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 13.81
Symphonies 44.12 30.0 1.9 5.9 25.1 12.1 8.2 54.9 13.8 32.8 6.9 35.1 8.6 38.3 11.5 14.0 9.6 14.4 11.3 18.58
Ours 46.08 29.0 4.7 7.7 18.3 7.6 7.4 60.1 17.4 39.0 6.0 42.1 9.6 36.5 24.8 17.0 18.8 10.5 6.5 19.10

Table 2: Quantitative results on the SSCBench-KITTI360 test set. Blod denotes the best performance.

where several λ are balancing coefficients.

Experiments
To assess the effectiveness of our VLScene, we conducted
thorough experiments using the large outdoor datasets Se-
manticKITTI (Behley et al. 2019) and SSCBench-KITTI-
360 (Li et al. 2023b).

Qualitative Results
To intuitively demonstrate VLScene performance, Figure 6
presents the qualitative results of VoxFormer, BRGScene,
and our method on the SemanticKITTI validation set. The
enlarged area in the first column shows the semantic prior
of the scene object structure. Compared to VoxFormer and
BRGScene, our method more completely and accurately re-
constructs distant objects, such as the car in the blue box in
the first row. Additionally, our VLScene effectively captures
the position and details of small objects, like the person in
the blue box in the second row. It demonstrates significant
advantages in delineating the complete outlines and bound-
aries of large objects, such as the car and truck in the third
row.

Quantitative Results
Table 1 presents a comparison of our VLScene with other
state-of-the-art camera-based SSC methods on the Se-

manticKITTI test sets. Our VLScene outperforms exist-
ing methods, achieving state-of-the-art results. Compared
to BRGScene, VLScene demonstrates an improvement of
2.16% in mIoU and 1.8% in IoU, with significant gains
across all semantic categories. Additionally, compared to
Symphonize, which extracts and fuses high-level instance
features, VLScene achieves a lead of 2.95% in IoU and
2.48% in mIoU. These results validate the effectiveness of
our approach in both geometric and semantic aspects, and
VLScene achieves the highest mIoU in nearly all categories.

As shown in Table 2, VLScene also exhibits a signif-
icant advantage in semantic and geometric analysis over
current camera-based approaches on the rich data samples
SSCBench-KITTI-360 benchmark, surpassing all published
methods in both IoU and mIoU metrics.

Furthermore, Table 3 shows that we provide different
ranges of results on the SemanticKITTI validation set. It can
be seen that our method significantly surpasses the existing
methods at all three distances.

In addition, as shown in Table 4, we compare the in-
ference time and number of parameters with other SOTA
methods on the SemanticKITTI validation set. Our method
achieves SOTA performance with 17.83% mIoU using only
47.4M parameters. VLScene also demonstrates superior in-
ference time while being more lightweight.
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Methods Venues mIoU
12.8m 25.6m 51.2m

SSCNet CVPR’17 16.32 14.55 10.27
LMSCNet 3DV’20 15.69 14.13 9.94
MonoScene CVPR’22 12.25 12.22 11.30
VoxFormer CVPR’23 17.66 16.48 12.35
OccFormer ICCV’23 20.91 17.90 13.46
HASSC CVPR’24 18.98 17.95 13.48
H2GFormer AAAI’24 20.49 18.39 13.73
BRGScene IJCAI’24 23.27 21.15 15.24
Ours 26.51 24.37 17.83

Table 3: Comparison of different ranges on SemanticKITTI
val set.

Method mIoU (%)↑ Times (s)↓ Params (M)↓
MonoScene 11.08 0.274 132.4
OccFormer 13.46 0.338 203.4
VoxFormer 13.35 0.256 57.9
Symphonize 14.89 0.319 59.3
BRGScene 15.43 0.285 161.4
Ours 17.83 0.233 47.4

Table 4: Comparison of inference time and number of pa-
rameters.

Ablation Studies
Ablation on the Architectural Components. The Ta-
ble 5 shows a breakdown analysis of various architec-
tural components in the VLScene, including the lightweight
image encoder RepViT, vision-language guidance distilla-
tion (VLGD), neighborhood geometric propagation (NGP),
and sparse semantic interaction (SSI). We will analyze the
contents of the Table 5 line by line. First, we adopted
BRGScene (Li et al. 2023a) as our baseline. (1) When
we replaced the baseline image encoder with RepViT, the
model parameters were reduced by 41.4M. (2) Signifi-
cantly improved mIoU by 0.99% when equipped with our
VLGD, proving that VLGD injects rich semantic informa-
tion through knowledge distillation. (3) The introduction of
NGP can effectively improve its geometric completion per-
formance, and the IoU has achieved a 0.56% improvement,
while only 35.6M parameters are required. (4) The SSI mod-
ule enhanced semantic information through contextual inter-
action, and the mIoU increased by 0.63%. (5) The combina-
tion of NGP and SSI improves both geometric and seman-
tic performance. (6) The final full model uses only 47.4M
parameters, achieving 1.15% IoU and 2.4% mIoU improve-
ments over baseline, proving that all of these components
contribute to the best results.

Ablation Study for VLGD. To further explore the role
of VLGD, we examine the individual effects of feature dis-
tillation and logical distillation, as shown in Table 6. Our
findings indicate that visual language knowledge distillation
significantly enhances the model’s semantic representation
learning. Both distillation methods result in improvements
in IoU and mIoU, with VLGD contributing to a 1.15% in-

Method RepViT VLGD NGP SSI IoU mIoU Params

Baseline 43.54 15.43 161.4M
1 ✓ 43.13 15.59 120.0M
2 ✓ ✓ 44.02 16.58 120.0M
3 ✓ ✓ ✓ 44.58 16.43 35.6M
4 ✓ ✓ ✓ 44.03 17.21 45.9M
5 ✓ ✓ ✓ 44.15 16.66 47.4M
6 ✓ ✓ ✓ ✓ 44.69 17.83 47.4M

Table 5: Ablation study for Architecture.

Setting IoU mIoU

Baseline 43.54 15.43
Logits Distillation 43.75 16.32
Feature Distillation 43.88 16.54
VLGD (Ours) 44.69 17.83

Table 6: Ablation study for Vision-Language Guidance Dis-
tillation.

Setting IoU mIoU Params

3D Swin 44.18 15.87 82.3M
3D ResNet 44.03 15.66 37.4M
GSSA (Ours) 44.69 17.83 13.3M

Table 7: Ablation study for Geometric-Semantic Sparse
Aware.

crease in IoU and a 2.4% rise in mIoU compared to the base-
line (Li et al. 2023a). Notably, our method introduces no ad-
ditional time or computational overhead during inference.

Ablation Study for GSSA. As shown in Table 7, We com-
pare GSSA with other baseline methods. The fixed size of
the convolutional kernel in 3D ResNet (He et al. 2016) limits
its ability to capture information over a broader region. Sim-
ilarly, the restricted range of local windows in 3D Swin (Liu
et al. 2022) challenges its capacity to effectively capture
telematics through self-attention, with sliding window op-
erations only impacting a small neighborhood around each
window. Moreover, these methods require more parameters
and computational resources. Our GSSA achieves signifi-
cant improvements while utilizing only 13.3M parameters.

Conclusion
In this paper, we propose a novel method, VLScene: Vision-
Language Guidance Distillation for Camera-based 3D Se-
mantic Scene Completion. Specifically, we design a vision-
language guidance distillation process that effectively cap-
tures semantic knowledge from the surrounding environ-
ment and improves spatial context reasoning. In addition,
we introduce a geometric-semantic sparse awareness mech-
anism to propagate geometric structures in the neighbor-
hood and enhance semantic information through contex-
tual sparse interactions. Experimental results demonstrate
that VLScene achieves SOTA performance on the Se-
manticKITTI and SSCBench-KITTI-360 datasets.
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