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Abstract

In the realm of autonomous driving, accurately detecting sur-
rounding obstacles is crucial for effective decision-making.
Traditional methods primarily rely on 3D bounding boxes
to represent these obstacles, which often fail to capture the
complexity of irregularly shaped, real-world objects. To over-
come these limitations, we present GUIDE, a novel frame-
work that utilizes 3D Gaussians for instance detection and
occupancy prediction. Unlike conventional occupancy pre-
diction methods, GUIDE also offers robust tracking capabili-
ties. Our framework employs a sparse representation strategy,
using Gaussian-to-Voxel Splatting to provide fine-grained,
instance-level occupancy data without the computational de-
mands associated with dense voxel grids. Experimental val-
idation on the nuScenes dataset demonstrates GUIDE’s per-
formance, with an instance occupancy mAP of 21.61, mark-
ing a 50% improvement over existing methods, alongside
competitive tracking capabilities. GUIDE establishes a new
benchmark in autonomous perception systems, effectively
combining precision with computational efficiency to better
address the complexities of real-world driving environments.

Code — https://github.com/CN- ADLab/GUIDE

1 Introduction

Accurate detection of surrounding obstacles is fundamen-
tal to autonomous driving systems. Despite rapid advance-
ments in end-to-end driving technologies (Hu et al. 2023;
Jiang et al. 2023a; Tong et al. 2023), obstacle instance de-
tection continues to be a critical component, also serving as
an auxiliary task to expedite model convergence. Traditional
methods for obstacle detection (Huang et al. 2021; Liang
et al. 2022; Li et al. 2024) typically employ 3D bounding
boxes to denote the position and size of objects. While ef-
fective for standard obstacles, this simplistic representation
falls short in complex environments with diverse distribu-
tions. Real-world driving scenarios, featuring irregular ob-
stacles like barriers, debris, billboards, and complex situa-
tions such as pedestrians carrying objects or cars with open
doors, challenge the effectiveness of 3D bounding boxes.
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To address these issues, occupancy prediction has
emerged as a promising solution, providing a more flexible
approach for describing complex-shaped obstacles by pre-
dicting the occupancy and category of each voxel grid (Cao
and De Charette 2022; Huang et al. 2023; Tian et al. 2023).
However, traditional occupancy methods (Li et al. 2023b;
Wei et al. 2023; Li et al. 2023c; Yu et al. 2023) rely on
dense voxel features, resulting in memory usage that in-
creases cubically with higher resolutions and broader per-
ception ranges. Although some approaches (Liu et al. 2024)
attempt to mitigate these limitations by using coarse-to-fine
strategies, the substantial memory overhead continues to re-
strict the practical application of these methods. Further-
more, most traditional occupancy approaches focus solely
on the semantic category of voxel occupancy. While some
methods, like SparseOcc (Liu et al. 2024), venture into pre-
dicting instance-level occupancy masks, they are confined
to per-frame predictions, lacking the capability to estimate
instance velocity or perform temporal tracking—yvital com-
ponents for autonomous driving decision-making. Conse-
quently, real-world systems often require combining the out-
puts of 3D object detection and tracking tasks with occu-
pancy results, relying heavily on manual post-processing to
achieve final perception outputs.

In light of these challenges, we are motivated to de-
sign a unified framework that not only offers efficient
instance-level occupancy prediction but also integrates de-
tection and tracking. Such a holistic framework provides
a more comprehensive and robust perception solution for
autonomous driving systems. Recent advancements in 3D
Gaussian representations offer a promising pathway for this
unified approach. 3D Gaussians (Kerbl et al. 2023) have
gained traction in scene reconstruction due to their flexible
and sparse representation abilities. Building on this foun-
dation, the GaussianFormer series (Huang et al. 2024b,a)
employ sparse Gaussians, generating occupancy predictions
through Gaussian-to-Voxel Splatting, thereby reducing de-
pendency on dense voxel features and lowering computa-
tional demands. Despite these advances, GaussianFormer
largely supports semantic occupancy predictions without
instance-level specificity.

Inspired by these developments, we propose GUIDE, a
novel Gaussian-based Unified Instance Detection frame-
work. GUIDE uses multiple 3D Gaussians to represent each
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Figure 1: Comparison of traditional detection and tracking, traditional occupancy prediction and our proposed GUIDE.
The background points are only shown for scene comprehension and are not used in model inference. (a) Traditional detection
and tracking methods output 3D bounding boxes equipped with directional and velocity information, and each box is associated
with a unique ID for tracking purposes. (b) Traditional occupancy prediction interacts with voxel features, producing rough
occupancy predictions, yet it lacks directional and velocity information. (¢) GUIDE represents each instance using multiple
3D Gaussians enriched with directional and velocity information as well as tracking IDs, and generates high-quality instance

occupancy predictions via Gaussian-to-Voxel Splatting.

instance, employing Gaussian-to-Voxel Splatting for gener-
ating instance-level occupancy predictions. In addition, by
leveraging Gaussian features, GUIDE outputs 3D bound-
ing boxes and tracking IDs for each instance. This inher-
ently sparse framework eliminates the necessity for dense
voxel features, offering considerable memory efficiency.
The continuous nature of Gaussian representations endows
GUIDE with remarkable adaptability in modeling occu-
pancy at varying resolutions. Specifically, the voxel size for
occupancy prediction can be adjustably configured during
inference, eliminating the need for retraining and facilitating
efficient adaptation to diverse application requirements. We
also introduce a novel mAP computation method tailored
for assessing instance occupancy predictions. Experimental
evaluations on the nuScenes (Caesar et al. 2020) dataset un-
derscore our approach’s effectiveness: GUIDE achieves an
instance occupancy detection mAP of 21.61, showing a 50%
improvement over SparseOcc, while maintaining competi-
tive performance in detection and tracking tasks.
In summary, our primary contributions are as follows:

* We propose GUIDE, a Gaussian-based unified instance
detection framework that supports instance-level occu-
pancy prediction while simultaneously performing tradi-
tional 3D object detection and tracking.

* Our method employs a fully sparse representation for in-
stance occupancy, greatly enhancing memory efficiency
and allowing for flexible adjustment of inference resolu-
tion, thanks to the properties of Gaussian representation.

* GUIDE achieves an instance occupancy detection mAP
of 21.61 on the nuScenes benchmark, reflecting a 50%
improvement over SparseOcc, and delivers competitive
performance in both detection and tracking tasks.
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2 Related Work
2.1 Multi-view 3D Object Detection and Tracking

The task of vision-based multi-view 3D object detection
is crucial for autonomous driving systems that rely on vi-
sual sensors (Park et al. 2021; Wang et al. 2021, 2022).
Current methods in this field are typically categorized by
whether they require dense Bird’s Eye View (BEV) features.
Among the methods that necessitate dense BEV features (Li
et al. 2023a; Han et al. 2024), BEVDet (Huang et al. 2021)
is noteworthy, utilizing the Lift-Splat-Shoot (LSS) (Phil-
ion and Fidler 2020) technique to project image features
into BEV space using depth estimation. Another method
generates BEV queries that are mapped into image space
to sample and construct BEV features (Jiang et al. 2023b;
Yang et al. 2023; Li et al. 2024). Conversely, methods that
do not require dense BEV features follow distinct techni-
cal paths: the PETR series (Liu et al. 2022, 2023; Wang
et al. 2023) employs implicit 3D position encoding within
object queries and image features, enabling direct predic-
tion of 3D bounding boxes through global attention mecha-
nisms; the Sparse4D series (Lin et al. 2022, 2023a,b) utilizes
explicit anchors to project and sample local features effec-
tively for 3D object detection. There has been a notable evo-
lution from early CNN-based detection decoders to query-
based transformer decoders, and similarly, instance track-
ing has progressed from relying on dense features (Hu et al.
2022) to employing sparse queries (Zhang et al. 2022; Gu
et al. 2023). The inherent alignment between queries and in-
stances in transformer decoders makes them well-suited for
modular, end-to-end autonomous driving frameworks like
UniAD (Hu et al. 2023) and SparseDrive (Sun et al. 2024).
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Figure 2: Framework of our GUIDE. Instance queries and their anchors are subsequently initialized and iteratively updated
through interactions with image features using the instance decoder. The updated top-k instances are combined with those in
the historical instance bank to form a new candidate instance set. Each instance is then associated with multiple 3D Gaussians,
which serve as their representations. These Gaussians are refined iteratively through a 5-layer Gaussian Decoder. Subsequently,
instance occupancy predictions are generated via Gaussian-to-Voxel Splatting. And aggregating Gaussian features allows re-
construction of instance-level representations to predict each instance’s bounding box and category. Additionally, the top-k
instances update the instance bank, adding temporal information to aid inference for later frames. Meanwhile, we assign unique
IDs to instances whose confidence scores exceed a predefined threshold in the instance bank for instance tracking across frames.

2.2 Vision-based 3D Occupancy Prediction

Recent advances in vision-based 3D occupancy prediction
have enhanced autonomous driving perception, particularly
for long-tail corner cases involving diverse or atypical obsta-
cles (Huang et al. 2023; Tian et al. 2023). MonoScene (Cao
and De Charette 2022) pioneered end-to-end monocular 3D
semantic grid prediction using a 2D-3D UNet (Ronneberger,
Fischer, and Brox 2015). With the rise of Bird’s Eye View
(BEV) representations, subsequent methods leverage BEV
features to reconstruct dense voxel occupancies (Yu et al.
2023; Li et al. 2023c; Zhang, Zhu, and Du 2023), though
often at high computational cost. To improve efficiency,
coarse-to-fine upsampling (Wang et al. 2024) and 2D ren-
dering (Pan et al. 2024) have been proposed, yet they suffer
from information loss and rely heavily on accurate depth es-
timation. While most work focuses on semantic occupancy,
recent efforts explore panoramic occupancy prediction, ex-
panding the task’s scope (Liu et al. 2024; Moon et al. 2025).

2.3 Perception with 3D Gaussians

The use of 3D Gaussian splatting has gained attention in
scene reconstruction for its exceptional rendering quality
and speed (Kerbl et al. 2023). Recent studies highlight its
potential in autonomous driving perception (Lu, Tsai, and
Chen 2025). GaussianBEV (Chabot, Granger, and Lapouge
2025) achieves notable success in BEV segmentation by
generating 3D Gaussians from image features and splat-
ting them into BEV features. GaussianFormer (Huang et al.
2024b) pioneered Gaussian-to-Voxel Splatting, using 3D
Gaussians for 3D semantic occupancy prediction, signif-
icantly improving efficiency. GaussianFormer-v2 (Huang
et al. 2025) refines occupancy and semantic estimation
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within splatting, reducing Gaussian count. While the series
offers memory efficiency over traditional methods via sparse
representation, it only supports semantic — not instance-
level — prediction. GaussianAD (Zheng et al. 2024) demon-
strates 3D Gaussians’ versatility across tasks like real-time
mapping and scene reconstruction, further showcasing their
potential in autonomous driving.

3 Proposed Approach

In this work, we introduce GUIDE, a novel unified frame-
work designed to enhance obstacle perception in au-
tonomous driving systems. GUIDE processes surround-view
images, employing 3D Gaussian representations to effi-
ciently produce instance-level occupancy predictions for
nearby obstacles, while also offering strong detection and
tracking capabilities.

3.1 Overall Architecture

As illustrated in Fig. 2, GUIDE consists of four essential
components: an image encoder, an instance decoder, a Gaus-
sian decoder, and an instance bank.

The image encoder processes multi-view images repre-
sented as ] € RNXHxWX3 where N is the number of
surround-view cameras, and H and W are the image height
and width, respectively. Leveraging a backbone and neck
network, the image encoder extracts multi-scale features, de-
noted by F = {F }4_,, where F, € RV XH:xWexC yith 5
indicating the feature scales and C' denoting the number of
feature channels.

The instance decoder utilizes the extracted features and
initialized anchors to identify individual object instances,
while the Gaussian decoder employs multiple 3D Gaussian



representations for each instance to accurately model spa-
tial occupancy. Aggregating Gaussian features enables the
reconstruction of instance-level representations for category
and 3D bounding box prediction. To address the adverse im-
pact of partial object observation in single-frame images, we
introduce an instance bank to enhance temporal feature fu-
sion across sequences. Specifically, historical instance fea-
tures are first concatenated with the outputs of the instance
decoder, yielding a more comprehensive set of candidate
instances. Next, in the Gaussian decoder, these historical
features dynamically interact with current instance candi-
dates, providing essential contextual information that im-
proves the precision of occupancy predictions. Additionally,
the instance bank assigns unique IDs to instances with con-
fidence scores exceeding a predefined threshold (Lin et al.
2023b), facilitating instance tracking across frames.

3.2 Instance Decoder

In this module, instances are represented by a set of features
F; € RN1*C and anchors B; € RVx10. N} denotes the
number of candidate instances, and C' represents the num-
ber of channels for the instance features. Each anchor com-
prises a 10-dimensional vector encoding the position, scale,
yaw angle, and velocity. Instance features are initialized to
zeros, while anchors are initialized using k-means cluster-
ing over the ground truth data from the training set. Then
the information of each instance’s anchor is encoded into
E; € RY7XC which serves as the positional encoding for
the instance features during attention operations.

The instance decoder consists of three modules: de-
formable aggregation, a feedforward network (FFN), and
instance refinement. With deformable aggregation, each in-
stance anchor center is projected onto the multi-view image
features, generating both fixed and learnable offsets for fea-
ture sampling around the projected center. Image features
aggregated from these sampling points are used to update
the corresponding instance features. The updated features
are further processed by the FFN and then passed to the in-
stance refinement module, which predicts instance classes
and anchor offset residuals to refine the anchors.

3.3 Gaussian Decoder

The top-k instances from the instance decoder, along with
their corresponding features and anchors, are combined with
those from the historical instance bank to form a new can-
didate instance set. In the Gaussian decoder, each instance
is associated with a set of 3D Gaussians, parameterized by
learnable Gaussian features F g, € RE*C and Gaussian an-
chors G € RE*10 where K denotes the number of Gaus-
sians per instance, and C' s the feature dimension. Each
Gaussian anchor encodes the offset from the instance center
to the Gaussian mean, the scale, and the rotation quaternion.
These initialized Gaussians are combined with candidate in-
stances to produce instance-level Gaussian features F g, €
RN1xKXC and Gaussian anchors G; € RN XK x10 The in-
stance features could be obtained by averaging the Gaussian
features for each instance.

The Gaussian decoder contains five layers. To enhance
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contextual information, each layer first performs cross-
attention between instance features and those in the histori-
cal instance bank, followed by self-attention among the in-
stance features. The updated instance features are then used
to refine the corresponding Gaussian features. Each Gaus-
sian feature, treated as a separate query, is further updated by
the deformable aggregation module, which projects Gaus-
sian anchors onto the image feature maps and samples rele-
vant features. These aggregated features are combined with
the Gaussian features, which are then processed by sparse
3D convolutions for local self-encoding.

In the dual refinement module, Gaussian and instance an-
chors are jointly updated using both Gaussian and instance
features, where the instance features are computed by av-
eraging their corresponding Gaussian features. The refined
features and anchors are then passed to the next layer of the
Gaussian decoder. In the final layer, the features and anchors
of the top-k instances are used to update the historical in-
stance memory bank.

3.4 Instance Gaussian Splatting

Inspired by the GaussianFormer series (Huang et al.
2024b, 2025), our approach employs a Gaussian-to-Voxel
Splatting technique to predict 3D instance occupancy by
splatting instance-level 3D Gaussians. Unlike Gaussian-
Former (Huang et al. 2024b), our method only performs geo-
metric occupancy splatting, omitting semantic splatting. In-
stead, semantic labels for instance occupancy are directly
obtained from the instance classification results. In this pro-
cess, each 3D Gaussian represents a probabilistic spatial oc-
cupancy, where the probability at the center m is set to 1
and decreases with distance according to the 3D Gaussian
distribution.

p(a; G) = exp (—;(x —m)TE m)) (1)

Y = RSSTRT (2)

As illustrated in the equations above, p(x; G) denotes the
probability that point = is occupied as determined by 3D
Gaussian GG. Here, X is the covariance matrix, R the rotation
matrix, and S the diagonal scale matrix.

In the process of splatting all Gaussians for each instance,
the probability that a point is occupied by different Gaus-
sians is considered to be independent. By applying the mul-
tiplication rule of probabilities, the aggregated probability
that a point in space is occupied can be computed as follows.

K

p(z) =1 (1= p(z; Gy)

i=1

3)

3.5 Training Loss

During training, the supervised loss is composed of three
components: regression, classification and occupancy.

L= Ereg + £cls + ‘Cocc 4)



Methods Backbone | Input Size | mAP{ | NDST | AMOTA? | IDS| | mIOU™T | mAPS,.f mAP..1
DETR3D R101 1333x800 30.3 37.4 - - - - -
PETR R50 1056x384 31.3 38.1 - - - - -
BevFormer R101 1600x900 44.5 53.5 - - - - -
ViP3D R50 1333x800 - - 21.7 - - - -
QD-3DT R101 1600x900 - - 24.2 - - = -
MUTR3D R101 1600x900 - - 294 3822 - - -
UniAD R101 1600x900 38.0 49.8 35.9 906 - - -
SparseDrive-S R50 704x256 41.8 52.5 38.6 886 - - -
RenderOcc Swin-B 1408x512 - - - - 17.30 - -
OccFormer R50 704x256 - - - - 21.38 - -
CTF-Occ R101 960x640 - - - - 27.97 - -
GaussianFormer R101 1600x864 - - - - 29.93 - -
SparseOCC R50 704x256 - - - - 25.31 14.40 -

GUIDE R50 704x256 41.0 51.8 394 516 25.39 21.61 22.81

Table 1: Performance comparison on the nuScenes val set. The metric mIOU' represents the mean Intersection over Union

for all 10 foreground categories in the 3D semantic occupancy evaluation. The mAP

3

oo Metric indicates the average instance

occupancy mean Average Precision across thresholds {0.1,0.2,0.3} for 8 categories, excluding the general obstacle category.

Meanwhile, mAP10

occ

We adopt the Hungarian matching algorithm to associate
predicted instances with ground truth instances. Specifically,
the regression tasks, which predict instance center positions,
scales, and velocities, are supervised using the L1 loss func-
tion. For the instance classification tasks, we incorporate a
multi-class focal loss. For occupancy, we also employ focal
loss (Lin et al. 2017) to address the class imbalance between
occupied and unoccupied voxels in the ground truth.

4 Experiments
4.1 Datasets

Our experiments are conducted on the nuScenes (Caesar
et al. 2020) dataset, which contains 1000 sequences offi-
cially split into 750 for training, 150 for validation, and 150
for testing. Each sequence spans 20 seconds and provides
keyframe detections and tracking ground truth at 2 Hz, along
with six surround-view images.

To obtain occupancy ground truth, we use the annota-
tions provided by Occ3D (Tian et al. 2023), which sup-
plies occupancy labels for the nuScenes dataset in the
ego vehicle coordinate system. The annotations cover a
range of [—40m, —40m, —1m, 40m, 40m, 5.4 m] with
a voxel resolution of [0.4m, 0.4m, 0.4m]. The seman-
tic labels in Occ3D are consistent with those used in
nuScenes LiDAR segmentation tasks. To support foreground
instance detection in our study, we further utilize tools from
SparseOcc (Liu et al. 2024) to generate instance-level occu-
pancy ground truth for foreground objects with IDs.

4.2 Evaluation Metrics

To our knowledge, GUIDE is the first method to address
foreground instance occupancy prediction. For evaluation,
we adopt a metric inspired by the mean Average Precision
(mAP) commonly used in object detection. Specifically, we
use the Intersection over Union (IoU) between predicted and
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reflects the same evaluation performed across all 10 foreground categories.

ground-truth instance occupancies as the thresholding cri-
terion, enabling finer-grained measurement. To comprehen-
sively assess both the precision and recall of instance occu-
pancy predictions, we compute mAP at multiple IoU thresh-
olds {0.1, 0.2, 0.3}, and report the average as our final eval-
uation metric.

MAP,.. = Average(mAPy1,mAPy2,mAPy3) (5)

Additionally, we employ the commonly used mean Inter-
section over Union (mIoU) metric from the 3D semantic oc-
cupancy task as a supplementary evaluation measure, which
allows us to indirectly assess the semantic occupancy pre-
diction capability of our method. Furthermore, we utilize the
standard mAP and NDS metrics on the nuScenes dataset for
detection performance evaluation, as well as AMOTA and
IDS for tracking evaluation.

4.3 Main Results

In this section, we evaluate the performance of the pro-
posed GUIDE on the nuScenes validation set. To the best
of our knowledge, GUIDE is the first framework to address
instance occupancy prediction focusing exclusively on the
foreground categories in nuScenes. The most closely related
prior work is SparseOcc, which employs a mask transformer
for panoramic occupancy prediction on this dataset. How-
ever, there are key distinctions between the two approaches.
SparseOcc performs instance-level predictions only for eight
foreground categories, such as cars and pedestrians, and
provides semantic occupancy predictions for the remaining
classes. In contrast, our method extends instance occupancy
prediction to additional obstacle categories, specifically bar-
riers and traffic cones in nuScenes. This extension enables
unified instance detection for all foreground obstacles.

To evaluate the performance of the proposed GUIDE on
instance occupancy prediction, we conduct a comparative
analysis with SparseOcc using the proposed instance oc-
cupancy mAP metric. This evaluation focuses on the eight



Ground Truth
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Figure 3: Visualization results for 3D instance occupancy prediction on nuScenes. The different colors are used to represent
the occupancy predictions for various instances. The background points are included to aid scene comprehension and are not

utilized during the model inference process.

Methods | barrier traffic cone | mIOUT | mAP,..T
SparseOCC | 33.59 24.39 28.99 -
GUIDE 39.14 22.78 30.96 27.79

Table 2: Performance for general obstacles on the
nuScenes val set. The mIOU metric represents the aver-
age mean [OU for the barrier and traffic cone categories,
based on the 3D semantic occupancy evaluation. Similarly,
the mAP metric is evaluated exclusively for them.

Level., owql | Low(< 20) Medium(20-40) High(> 40)
GUIDE 32.35 28.16 31.92

Table 3: Performance of mAP,.. at IoU threshold 0.1 un-
der different Crowding Levels. The level is linked to the
instance number per scene.

foreground categories, including cars and pedestrians. As
shown in Tab. 1, GUIDE achieves an average instance oc-
cupancy mAP of 21.61 for these categories, representing a
50% improvement over SparseOcc. For all foreground cate-
gories, including general obstacles, GUIDE attains a mean
instance occupancy mAP of 22.81. These results indicate
that GUIDE demonstrates exceptional accuracy and recall
in instance occupancy prediction. We attribute this favorable
performance to the instance-centric design of our method,
which progressively refines spatial information at the in-
stance level and thus achieves higher boundary precision in
occupancy prediction.

Furthermore, to indirectly assess the semantic occupancy
prediction capability of our method, we aggregate instance

Methods | Memory | mIOU'’T mAPS 1
SparseOcc | 5424 MB 25.31 14.40
GUIDE | 3434 MB 25.39 21.61

Table 4: Comparison with SparseOcc in terms of compu-
tation and memory.

occupancy predictions according to their semantic cate-
gories. Since our method focuses on foreground categories,
we recalculate the mloU of the baselines for foreground
classes alone to ensure a fair comparison. As shown in
Tab. 1, our method achieves competitive performance even
with a smaller backbone and lower-resolution inputs. More-
over, with a conservative allocation of only 48 Gaussians
per instance, GUIDE outperforms our primary baseline,
SparseOcc, in semantic occupancy accuracy, despite both
being instance occupancy approaches.

Distinctively, GUIDE overcomes the limitations of prior
methods that are restricted solely to occupancy predic-
tion, as the intrinsic properties of 3D Gaussian representa-
tions naturally endow our framework with integrated detec-
tion and tracking capabilities. As shown in Tab. 1, GUIDE
achieves competitive detection performance even with a rel-
atively small network scale and low input resolution. No-
tably, GUIDE also exhibits improved multi-object tracking
performance, particularly in terms of IDS, which primarily
assesses the consistency of object tracking across frames.
This notable gain in tracking stability may be attributed to
the richer geometric and spatial information inherently en-
coded in the Gaussian representation, which facilitates a
more stable and robust matching process during tracking.
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Figure 4: Visualization for occupancy with different voxel sizes when processing the Gaussian-to-Voxel Splatting.

In addition, Tab. 2 showcases the performance of GUIDE
in predicting the semantic and instance-level occupancy
of general obstacles. For semantic occupancy prediction,
GUIDE achieves an mIoU of 30.96 for barriers and traf-
fic cones, representing an improvement of 6.8% over
SparseOcc. This result underscores GUIDE'’s ability to accu-
rately segment these common obstacle categories. Further-
more, for instance-level occupancy prediction of general ob-
stacles, GUIDE achieves an mAP of 27.79, highlighting its
capability to precisely identify and predict the occupancy of
such instances.

We further evaluate the instance discrimination ability of
GUIDE under varying crowding levels. As shown in Tab. 3,
performance remains stable even in dense scenarios, con-
firming its robustness to high instance density.

4.4 Visualizations

As illustrated in Fig. 3, we present the instance occu-
pancy prediction results of GUIDE across various scenes,
alongside a comparison with SparseOcc. The figure shows
that, compared to SparseOcc, GUIDE produces significantly
denser instance occupancy predictions. Moreover, GUIDE
demonstrates superior instance recall capability. Even in sce-
narios with numerous targets, GUIDE maintains high accu-
racy while achieving outstanding recall performance.

Moreover, we visualize Gaussian-to-Voxel results at dif-
ferent resolutions. Leveraging the continuous nature of the
Gaussian representation, GUIDE enables flexible adjust-
ment of the predicted instance occupancy resolution at in-
ference time without retraining. As illustrated in Fig. 4, re-
ducing the voxel size leads to enhanced detail and precision
in the occupancy prediction results. This demonstrates that
our method offers strong flexibility in resolution. In practi-
cal autonomous driving systems, the splatting resolution for
instance occupancy during inference can be dynamically ad-
justed as needed. For example, high resolution such as 0.1 m
can be used for nearby instances requiring precise localiza-
tion, while lower resolutions such as 0.4 m can be applied to
distant targets.

4.5 Memory Efficiency

We further compare the memory efficiency of GUIDE with
SparseOcc. The experiments are conducted on a single
NVIDIA 3090 GPU with a batch size of 1. As shown in
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Gaussian Number | Latency| | mIOUT mAP,..1T
16 205ms 22.79 18.94
32 291ms 23.31 20.21
48 373ms 25.39 22.81

Table 5: Ablation on the number of Gaussians for each
instance. Both the mIOU and mAP metrics reflect evalua-
tions conducted across all 10 foreground categories.

Tab. 4, GUIDE achieves a 36.7% reduction in GPU mem-
ory consumption during inference compared to SparseOcc.
This result demonstrates the advantage of our sparse Gaus-
sian representation in terms of memory efficiency.

4.6 Ablation Study

In this section, we investigate the effect of varying the num-
ber of Gaussians used to model each instance on GUIDE’s
performance. As reported in Tab. 5, increasing the number
of Gaussians per instance consistently improves instance oc-
cupancy accuracy, as it enables the model to represent more
complex spatial distributions with higher fidelity. However,
this gain comes at the cost of increased computational over-
head, and this trade-off informs subsequent design choices
by appropriately balancing higher prediction accuracy and
computational efficiency.

5 Conclusion

In this work, we propose GUIDE, a novel Gaussian-
based unified instance detection framework that employs
3D Gaussians as flexible and efficient intermediate repre-
sentations for autonomous vehicle perception. By replacing
dense voxel grids with Gaussian-to-Voxel Splatting, GUIDE
substantially reduces computational and memory demands
while enhancing the accuracy of instance occupancy predic-
tion. Furthermore, GUIDE also supports both detection and
tracking tasks, and achieves competitive performance. Com-
prehensive experiments on the nuScenes benchmark demon-
strate that GUIDE outperforms the previous instance occu-
pancy method, SparseOcc, in both memory efficiency and
occupancy detection accuracy. These findings illustrate the
promise of GUIDE as a robust and scalable solution for per-
ception in end-to-end autonomous driving systems.
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