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Abstract— Accurately perceiving and tracking instances over
time is essential for the decision-making processes of au-
tonomous agents interacting safely in dynamic environments.
With this intention, we propose Mask4Former for the chal-
lenging task of 4D panoptic segmentation of LiDAR point
clouds. Mask4Former is the first transformer-based approach
unifying semantic instance segmentation and tracking of sparse
and irregular sequences of 3D point clouds into a single joint
model. Our model directly predicts semantic instances and
their temporal associations without relying on hand-crafted
non-learned association strategies such as probabilistic cluster-
ing or voting-based center prediction. Instead, Mask4Former
introduces spatio-temporal instance queries that encode the
semantic and geometric properties of each semantic tracklet
in the sequence. In an in-depth study, we find that promoting
spatially compact instance predictions is critical as spatio-
temporal instance queries tend to merge multiple semantically
similar instances, even if they are spatially distant. To this
end, we regress 6-DOF bounding box parameters from spatio-
temporal instance queries, which are used as an auxiliary task
to foster spatially compact predictions. Mask4Former achieves
a new state-of-the-art on the SemanticKITTI test set with a
score of 68.4 LSTQ.

I. INTRODUCTION

LiDAR is a popular sensor modality in the robotics
community due to its ability to provide accurate 3D spatial
information. It allows precise scene understanding of the
3D environment over time, which is essential for agents to
safely navigate in dynamic environments by predicting traffic
movements and identifying potential hazards. To achieve the
full potential of LiDAR data, in this work, we address the
task of 4D panoptic segmentation. That is, given a sequence
of LiDAR scans, the goal is to predict the semantic class
of each point while consistently tracking object instances.
The research community has made remarkable progress in
advancing 3D vision tasks, fueled by the rapid advancement
of deep learning methods [27, 34, 42] and the availability of
large-scale benchmark datasets [5, 14, 15, 39]. Powerful fea-
ture extractors [11, 41, 42, 51] that exploit the rich informa-
tion offered by LiDAR sensors have been proposed, leading
to remarkable improvements in object detection [23, 36, 46],
segmentation [29, 42, 51], and tracking [45, 48].

To accomplish holistic 3D scene understanding, 4D
panoptic segmentation [2] has recently attracted attention.
Traditionally, approaches follow the tracking-by-detection
paradigm [32] which decouples 4D panoptic segmentation
in the subtasks of semantic segmentation [29, 42], object
detection [23] and tracking [31, 45]. While this separation of
segmentation, detection, and tracking allows for independent
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Fig. 1: Spatially non-compact instances. Naively adapted
for 4D panoptic segmentation, mask transformer approaches
reveal a crucial shortcoming: instance predictions tend to
be spatially non-compact. As a result, the baseline model
predicts two cars as a single object (left). To overcome this
limitation, we introduce Mask4Former, which additionally
regresses 6-DOF bounding box parameters for the instance
trajectory. We find that optimizing these bounding box
parameters provides a valuable loss signal that promotes
spatially compact instances (right).

improvements in each component, it tends to neglect joint
learning of temporal relationships with semantic information.
Significant advances in 4D panoptic segmentation methods
address this problem by introducing model architectures that
approach the task as a whole and predict semantic class
labels for each point and temporally consistent instances [1].
Recent methods generate instance predictions by grouping
proposals in the 4D spatio-temporal volume [2, 17, 21] or
learned embedding space [28]. However, all previous 4D
panoptic segmentation methods fundamentally rely on non-
learned clustering methods to aggregate tracklets.

At the same time, we observe a noticeable shift towards
unifying tasks [20, 43, 47] and model architectures [7, 10]
for holistic scene understanding. Central to this trend are
mask transformers [8, 9, 34] that directly predict foreground
masks and their associated semantic labels, eliminating the
need for non-learned clustering strategies. Typically, these
models consist of two main components: a convolutional fea-
ture extractor and a transformer decoder. The convolutional
feature extractor processes the point cloud and generates
multi-scale features. The transformer decoder leverages these
extracted features and iteratively refines queries each of
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which encodes the spatial and semantic features for an
instance. Throughout multiple transformer decoder layers,
the queries are refined sequentially. Ultimately, these re-
fined queries directly predict the final semantic class and
mask predictions, allowing mask transformers to avoid hand-
crafted grouping. Despite the remarkable performance of
mask transformer architectures across diverse tasks, such
as image segmentation [9, 10], video segmentation [8], and
3D scene segmentation [27, 34, 38], it remains open whether
such a paradigm generalizes to the unique challenges of 4D
panoptic segmentation of sparse point cloud sequences.

To answer this question, our goal in this paper is to
extend mask transformers to 4D panoptic segmentation of
point clouds. Unlike prevailing top-performing approaches
for 4D panoptic segmentation [2, 21, 28, 50], we directly pre-
dict foreground masks for thing instances and stuff regions
and their associated semantic labels, bypassing the need for
post-processing clustering which requires hand-engineered
methods and fine-tuned hyperparameters. Therefore, in an
initial study, we adapt Mask3D [34] for 4D panoptic seg-
mentation. We follow recent approaches [2, 18, 21] by su-
perimposing consecutive LiDAR scans into spatio-temporal
point clouds that are processed by a sparse convolutional
feature backbone [11]. Furthermore, we introduce point-
wise spatio-temporal positional encoding in the transformer
decoder [8]. Our findings indicate that these modifications
are already competitive with specialized 4D panoptic seg-
mentation methods [21]. Yet, a deeper examination reveals a
significant flaw in mask transformer approaches for 3D point
clouds: instances are not always spatially compact [34, 35].
Specifically, an instance query may connect multiple in-
stances in the spatio-temporal point cloud, even if they are
spatially distant but share semantic similarities (Fig. 1, left).

Based on these findings, we introduce our novel approach
called Mask4Former, which is tailored to ensure spatially
compact instances, thus unleashing the full potential of mask
transformer architectures for 4D panoptic segmentation. We
achieve this by regressing 6-DOF bounding box parameters
from the spatio-temporal queries, providing a loss signal to
foster spatially compact instance predictions (Fig. 1, right).
We evaluate our Mask4Former model on the challenging
SemanticKITTI 4D panoptic segmentation benchmark and
achieve state-of-the-art performance on the test set.

In summary, our contributions are fourfold: (1) We
extend the state-of-the-art instance segmentation method
Mask3D [34] to the 4D panoptic segmentation task. (2)
In experiments, we discover a crucial shortcoming of this
straightforward adaptation, namely, the tendency for spatio-
temporal instance predictions to lack spatial compactness. (3)
We propose Mask4Former which effectively addresses the
aforementioned limitation by introducing a box regression
branch that promotes spatially compact instance predictions
in an end-to-end trainable fashion, rather than relying on
a geometric grouping mechanism with hand-tuned hyper-
parameters. (4) Mask4Former achieves state-of-the-art per-
formance on the SemanticKITTI 4D panoptic segmentation
benchmark.

II. RELATED WORK

Mask Transformers. MaskFormer [10] proposes mask clas-
sification as a novel segmentation technique, showcasing its
advantages over conventional pixel-based methods. Inspired
by DETR [7], it combines CNNs and transformer networks
in a universal segmentation architecture, eliminating the need
for task-specific architectures, and streamlining develop-
ment processes. Subsequently, Mask2Former [9] introduces
masked attention in the transformer decoder, directing the
attention only to relevant parts of the image, and incor-
porates high-resolution multi-scale features for segmenting
smaller objects. This improves convergence and perfor-
mance, achieving state-of-the-art results in 2D segmentation
tasks [20, 24, 49]. The paradigm extends to the video in-
stance segmentation [8] task, where Mask2Former effectively
addresses temporal consistency, showcasing its universal
applicability. Inspired by its success in 2D, Mask3D [34]
applies the mask transformer architecture to the 3D do-
main by leveraging a sparse convolutional backbone [11],
and eliminates the need for the predominantly used center-
voting and clustering algorithms [13, 19, 44]. For LiDAR
panoptic segmentation, MaskPLS [27] compares mask trans-
former architectures with adapted semantic segmentation ap-
proaches [6, 11, 12, 17, 41, 51], demonstrating the superiority
of the mask transformer architecture.
4D panoptic segmentation. 4D-PLS [2] introduces the 4D
panoptic segmentation task, associated evaluation metrics,
and their method for solving the task. It superimposes con-
secutive LiDAR scans to form a spatio-temporal point cloud,
performs semantic segmentation, and follows a probabilistic
approach for clustering instances based on their predicted
centers. Along the same lines, 4D-DS-Net [18] and 4D-
StOP [21] propose to cluster instances based on spatio-
temporal proximity. 4D-DS-Net [18] extends DS-Net [17]
to the 4D domain by applying a dynamic shifting module to
spatio-temporal point clouds which iteratively refines the es-
timated instance centers and clusters the points in the spatio-
temporal volume. 4D-StOP [21], on the other hand, replaces
the probabilistic clustering with an instance-centric voting
approach. Here, initial instance proposals are generated using
center votes and then aggregated using learned geometric
features. Building on the success of 4D-StOP, the concurrent
work Eq-4D-StOP [50] predicts equivariant fields and incor-
porates the necessary layers into the models. This reinforce-
ment of rotation equivariance ensures that the models account
for rotational symmetries in the data, resulting in a more
robust feature learning. Contrastingly, CA-Net [28] clusters
instances in the feature space. It leverages an off-the-shelf 3D
panoptic segmentation network [17] and uses extracted point
features in a contrastive learning framework [16] to generate
instance-wise consistent features, resulting in robust instance
associations over time. Bypassing the need for non-learned
clustering approaches, the concurrent work Mask4D [26]
adopts the mask transformer-based paradigm but opts for
queries that encode single frame instances, and re-uses these
queries in subsequent frames to facilitate tracking. Unlike
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Fig. 2: Illustration of the Mask4Former model. We superimpose a sequence of T point clouds into a spatio-temporal
representation which is subsequently processed by a sparse convolutional feature backbone . Given a multi-scale feature
representation extracted from the feature backbone, the transformer decoder iteratively refines spatio-temporal (ST) instance
queries. A mask module consumes ST queries and point features at various scales and predicts semantic class probabilities,
instance heatmaps, and a 6-DOF bounding box for each ST query.

previous approaches, Mask4Former unifies segmentation and
tracking by directly predicting the spatio-temporal instance
masks and their corresponding semantic labels.

III. METHOD

Inspired by the success of mask transformer approaches
for 3D instance segmentation [27, 34, 38] and 2D video in-
stance segmentation [8], we propose Mask4Former – the first
mask transformer-based approach for 4D panoptic segmenta-
tion. Building on Mask3D [34] for 3D instance segmentation,
we introduce technical components that are key to enabling
4D panoptic segmentation of point clouds, i.e., predicting
the semantic class of each point and consistently tracking
instances over time.

Overview. (Fig. 2) As the input to our model, we use a single
voxelized point cloud consisting of superimposed consecu-
tive LiDAR scans. We process the point cloud with a sparse
convolutional feature extractor (Fig.2, ), which generates
a multi-resolution voxel representation for the transformer
decoder . At the core of the model are spatio-temporal (ST)
queries that encode geometric and semantic attributes of all
instances in a sequence. To learn ST query features, we use
a transformer decoder that encompasses consecutive query
refinement and mask modules. A mask module takes the
ST queries and predicts instance heatmaps, semantic class
probabilities, and also regresses a bounding box for each
instance trajectory. A query refinement module updates the
ST queries by cross-attending to multi-scale voxel represen-
tations. In the following, we provide a detailed description
of each component involved.

Input Spatio-Temporal Point Cloud. We represent a tem-
poral sequence of point clouds as a single superimposed and
voxelized point cloud. Similar to other approaches [2, 21],
we use pose estimates of the ego vehicle [3, 4] to create a
single scene containing points from multiple LiDAR scans in
a global coordinate frame. Subsequently, this superimposed
point cloud represents a spatio-temporal volume, denoted
as P ∈ RM×3, which captures the temporal evolution of
the scene. We partition this point cloud into equally sized
cubic voxels, thus yielding the representation V ∈ ZK0×3.
This voxelization process not only keeps memory constraints
in bounds but also allows for efficient processing of the
resulting point cloud by sparse convolutional extractors [11].

Feature Backbone. (Fig. 2, ) The sparse convolutional fea-
ture extractor processes the voxelized point cloud V ∈ ZK0×3

and extracts multi-scale features Fr ∈ RKr×Dr at various
resolutions r. This design allows the network to capture
both local geometry and global context while ensuring the
preservation of fine-grained spatial details.

Mask Module. (Fig. 2, ) Each of the Nq ST queries
X ∈ RNq×D represents a distinct instance over a time
period. The mask module predicts the foreground mask of an
instance throughout the sequence and the semantic class of
the mask, as well as estimating the 6-DOF bounding box pa-
rameters of its trajectory. To generate this binary foreground
mask, ST queries are processed by an MLP, and aligned
with the feature space of the backbone’s output. To obtain
spatio-temporal masks at the finest resolution, we compute
the dot product with the finest backbone features F0, which
– after sigmoid activation and thresholding – yields the final
binary ST mask. In addition to these masks, we predict
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semantic class probabilities for each ST query via a linear
projection layer to C+1 dimensions, followed by a softmax
normalization. A critical element for consistent tracking of
instances over time is the bounding box regression branch.
We feed the ST queries to an MLP followed by sigmoid
activation to map the features to a 6-dimensional bounding
box parameter space that encodes the normalized bounding
box center coordinates (x, y, z) as well as the box dimensions
(w, h, d).
Query Refinement Module. (Fig. 2, ) Following Cheng
et al. [9], the query refinement blocks refine the ST queries
X by using the voxel features Fr at various resolutions r.
First, a masked cross-attention layer [9] transforms voxel
features Fr into keys K and values V , while ST queries are
mapped to queries Q. Here, ST queries attend only to the
foreground voxels predicted by the previous mask module.
We then apply self-attention between queries to ensure that
multiple queries do not converge on a single instance.

We use spatio-temporal Fourier positional encodings [40]
to incorporate both spatial and temporal information into our
transformer blocks. To do this, we sum spatial positional en-
codings based on the voxel positions and temporal positional
encodings based on the LiDAR scan time frame [8].
Hungarian Matching. (Fig. 2, ) In a single forward
pass, Mask4Former determines Nq foreground masks along
with their associated semantic class labels. Since both these
predictions and the ground truth targets are not in any
particular order, it is necessary to establish optimal one-to-
one correspondences between them for model optimization.
Typically, Mask transformer methods [7, 9, 10] rely on the
Hungarian Algorithm [22] for this purpose. The assignment
cost for a predicted semantic mask, i.e., thing instances and
stuff regions, and a target mask is defined as follows:

C = Lmask + Lsem (1)

where Lmask=λdiceLdice+λBCELBCE is a weighted combina-
tion of the binary cross-entropy loss and the dice loss [30] for
supervising foreground mask predictions and Lsem=λCELCE
is the multi-class cross-entropy loss LCE for supervising
mask semantics. The Hungarian algorithm is applied to solve
the assignment problem and to find the globally optimal
matches that minimize the total cost while ensuring that each
target mask is assigned only once. The unmatched predicted
masks are assigned to a ”no-object” mask.
Training the model. After establishing one-to-one corre-
spondences, we can directly optimize each predicted mask.
Our resulting loss consists of three loss functions: We keep
the same binary mask loss Lmask and the multi-class cross-
entropy loss Lsem from the Hungarian matching as referenced
in Eq. 1. Observing that the Lmask loss does not consider
the distance of incorrectly added points to the mask, we
introduce a new auxiliary bounding box regression loss Lbox
which promotes spatially compact instances. We implement
the bounding box loss as an L1 loss on the normalized axis-
aligned box parameters. By optimizing the bounding box
parameters from ST queries, the spatial location of their

corresponding masks is supervised. Consequently, this helps
to distinguish similar instances of the same class that are
spatially separated. The overall loss is:

L = Lmask + Lsem + Lbox (2)

Extracting 4D panoptic segmentations. Mask4Former pre-
dicts Nq instance tracks as semantic heatmaps which are
not necessarily non-overlapping. To assign a single semantic
class label and instance ID to every point within the spatio-
temporal point cloud, we proceed in the following manner:
First, for each spatio-temporal query, we obtain semantic
confidence by selecting the semantic class with the maximum
probability. Second, this semantic confidence is multiplied
with the corresponding instance heatmap, resulting in an
overall confidence heatmap. We then assign each point to
the query with the maximum confidence.
Tracking over long sequences. To track instances across
long LiDAR sequences that exceed memory limits, it is crit-
ical to associate instances across successive spatio-temporal
point clouds. Therefore, we follow Aygün et al. [2] and
construct long sequences from short sequences in a way
that ensures seamless associations. We establish a one-to-
one match between predicted instances in the last and first
frames between short sequences.

IV. EXPERIMENTS

A. Comparing with State-of-the-Art Methods.

Dataset. We evaluate Mask4Former on the well-established
SemanticKITTI dataset [3], which is derived from the KITTI
odometry dataset [15]. The dataset is split into training,
validation, and test sets, and consists of over 43, 000 LiDAR
scans recorded with a Velodyne-64 laser scanner capturing
various urban driving scenarios. Each point in the LiDAR
point clouds is densely annotated with one of C=19 semantic
labels, e.g., car, road, cyclist, as well as a unique instance ID
that is consistent over time. For every time step, the dataset
includes precise pose estimates of the ego vehicle, which is
critical for the 4D panoptic segmentation task.
Metric. The LiDAR Segmentation and Tracking Quality
Metric (LSTQ) [2] is designed to evaluate the performance
of 4D panoptic segmentation algorithms. It consists of two
main components: classification and association scores. The
classification score Scls evaluates how well the algorithm
performs in assigning correct semantic labels to the LiDAR
points. It is calculated as the instance-agnostic mean inter-
section over union (mIoU) over all classes. The association
score Sassoc evaluates the quality of point-to-instance asso-
ciations considering the entire LiDAR sequence. It measures
how well the algorithm tracks object instances over time
without considering the semantic predictions. The overall
LSTQ metric is computed as the geometric mean of the
classification score and the association score: LSTQ =√
Scls × Sassoc. The geometric mean ensures that a high

score can only be obtained if the approach performs well
in both the classification and the association task.
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TABLE I: Scores on SemanticKITTI validation. Se-
manticKITTI 4D panoptic segmentation validation set re-
sults. Abbreviations: PP: PointPillars [23], MOT: Multi-
Object Tracking [45], SFP: Scene flow based propagation
[31]. ∗ denote concurrent work.

Method LSTQ Sassoc Scls IoUSt IoUTh

KPConv [42]+PP+MOT 46.3 37.6 57.0 64.2 54.1
RangeNet++ [29]+PP+SFP 43.4 35.7 52.8 60.5 42.2
KPConv [42]+PP+SFP 46.0 37.1 57.0 64.2 54.1
4D-PLS [2] 62.7 65.1 60.5 65.4 61.3
4D-StOP [21] 67.0 74.4 60.3 65.3 60.9
4D-DS-Net [18] 68.0 71.3 64.8 64.5 65.3
Eq-4D-StOP∗ [50] 70.1 77.6 63.4 66.4 67.1
Mask4D∗ [26] 71.4 75.4 67.5 65.8 69.9

Mask4Former (Ours) 70.5 74.3 66.9 67.1 66.6

TABLE II: Scores on SemanticKITTI test. ∗ denote con-
current work.

Method LSTQ Sassoc Scls IoUSt IoUTh

KPConv [42]+PP+MOT 38.0 25.9 55.9 66.9 47.7
RangeNet++ [29]+PP+SFP 34.9 23.3 52.4 64.5 35.8
KPConv [42]+PP+SFP 38.5 26.6 55.9 66.9 47.7
4D-PLS [2] 56.9 56.4 57.4 66.9 51.6
4D-DS-Net [18] 62.3 65.8 58.9 65.6 49.8
CIA [28] 63.1 65.7 60.6 66.9 52.0
4D-StOP [21] 63.9 69.5 58.8 67.7 53.8
Eq-4D-StOP∗ [50] 67.8 72.3 63.5 70.4 61.9
Mask4D∗ [26] 64.3 66.4 62.2 69.9 52.2

Mask4Former (Ours) 68.4 67.3 69.6 72.7 65.3

Implementation Details. In all experiments, we use
Nq=100 ST queries which are initialized with Farthest
Point Sampled (FPS) point positions [33, 34]. Each spatio-
temporal point cloud is formed by superimposing 2 con-
secutive LiDAR scans which are voxelized with a voxel
size of 5 cm. The sparse feature backbone is a Minkowski
Res16UNet34C [11]. We train the model for 30 epochs with
a batch size of 4 using the AdamW optimizer [25] and
the one-cycle learning rate scheduler [37] with a maximum
learning rate of 2 · 10−4. We perform standard data aug-
mentation techniques including random rotation, translation,
scaling, and instance population [46]. For the test set sub-
mission, we employ random rotation and translation as test
time augmentations to enhance the semantic predictions.
Results. In Tables I and II, we report the scores on the
SemanticKITTI 4D panoptic segmentation validation and
test set, respectively. Mask4Former outperforms previous
approaches by at least +2.5 LSTQ on the validation set and
+4.5 LSTQ on the test set. Notably, Mask4Former demon-
strates strong semantic understanding by achieving at least
+9.0 Scls improvement over previous methods on the test set.

B. Analysis Experiments.

Spatio-Temporal Formation. We achieve a globally con-
sistent sequence of LiDAR scans by leveraging the precise
pose estimates from the LiDAR sensor [4]. Considering that
the sparse convolutional feature backbone (Fig. 2, ) can
process 3- and 4-dimensional inputs [11], we investigate

TABLE III: Spatio-Temporal Formation. We compare 3
different strategies for representing LiDAR point cloud se-
quences. We observe that it is key to enable the feature
backbone to incorporate temporal information in the feature
representation by creating a 4D spatio-temporal represen-
tation or superimposing 3D scans, leading to association
improvements of up to +7.8Sassoc.

Feature Extraction LSTQ Sassoc Scls IoUSt IoUTh

1⃝ Sequential 3D 64.3 65.8 62.8 64.0 61.2
2⃝ Spatio-temporal 4D 68.8 72.6 65.2 66.0 64.1

3⃝ Superimposed 3D 70.2 73.6 66.9 67.2 66.5

TABLE IV: Ablation study on bounding box regression.
We observe that optimizing Mask4Former using the re-
gressed bounding box parameters leads to substantially better
association scores compared to the baseline (+3.5Sassoc).

Lbox DBS LSTQ Scls Sassoc

1⃝ ✗ ✗ 68.6 67.3 70.1
2⃝ ✗ ✓ 70.1 67.3 72.8
3⃝ ✓ ✗ 70.2 66.9 73.6

4⃝ ✓ ✓ 70.5 66.9 74.3

+2.7

+3.5

+4.2

which representation is best for extracting meaningful spatio-
temporal features from a sequence. In Table III, we explore
3 different strategies for representing spatio-temporal feature
volumes. Similar to Cheng et al. [8], in the first option 1⃝, we
process each LiDAR frame individually and then concatenate
them along the spatial dimension before passing them to the
Transformer decoder. In the second option 2⃝, we represent
a LiDAR sequence as a 4D feature volume, which is fed
into a 4D sparse convolutional feature backbone [11], facili-
tating the learning of both spatial and temporal relationships
directly within the backbone. Incorporating temporal data
early in the backbone shows significant improvements in
association quality, yielding an increase of +6.8Sassoc. Given
the inherent sparsity of point clouds, the third approach 3⃝
superimposes, i.e. concatenates, several point clouds into a
single 3D volume [2, 21]. We suspect that superimposing
LiDAR scans leads to a denser representation, that is less
susceptible to noise, yielding the best performance (Tab. III).

Spatially non-compact instance predictions. Achieving
consistent tracking of multiple instances over time in LiDAR
sequences is particularly challenging. This is due to the
sparsity of the point clouds, as well as the occlusions and
deformations that instances undergo over time, requiring ro-
bust temporal feature learning. In an initial study, we analyze
our baseline method without the bounding box regression
branch in the mask module (Fig. 2, and Tab. IV, 1⃝), which
reveals a crucial shortcoming of applying mask-transformer
approaches directly to the task of 4D panoptic segmentation:
Instance predictions tend to lack spatial compactness, i.e., the
spatio-temporal queries group multiple instances with similar
semantics together, even if they are spatially distant (Fig. 1,
left). To validate this observation, we apply the density-
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✗

(a) Mask4Former without box loss

✓

(b) Mask4Former (Ours)

Fig. 3: Visualization of learned point representations.
We use PCA to project the learned point representation of
instances into RGB space. Our model trained without bound-
ing box supervision, exhibits reduced variance in its feature
representation for instances. In contrast, Mask4Former effec-
tively separates distinct instances in the feature space.

based clustering method, DBSCAN [6], to each foreground
mask prediction. This separates the instance mask predictions
into spatially compact instances. The impact was noticeable:
applying DBSCAN 2⃝ to the instance predictions results
in a significant improvement of +2.7 Sassoc, confirming our
initial findings and supporting our hypothesis. Anticipating
further improvements by replacing DBSCAN with a learned
component, we introduce a specialized box regression branch
3⃝ which promotes spatial awareness to better separate

instances. This approach outperforms the baseline, both with
and without DBSCAN, by a margin of up to +3.5Sassoc.
Combining the box regression branch with DBSCAN yields
our proposed method Mask4Former 4⃝, which not only en-
sures a strong association between instances (+4.2Sassoc) but
also achieves strong semantic scene understanding, scoring
66.9Scls on the SemanticKITTI validation.
Visualization of point features learned by Mask4Former.
In Fig. 3, we show examples of PCA projected features F0

extracted from the finest resolution of Mask4Former’s feature
backbone (Fig. 2, ). When trained without our suggested
box loss, Mask4Former shows less distinct separation of
instance point features within the feature space (Fig. 3a).
Conversely, the model optimized with the auxiliary task of
6-DOF bounding box regression for each instance trajectory
shows a distinct separation of instance point features in
the feature space (Fig. 3b). This indicates that Mask4Former
learns a more semantically meaningful feature space for the
task of 4D panoptic segmentation leading to its superior
association score Sassoc, as highlighted in Tab. IV.
Qualitative results. In Fig. 4a, we show qualitative results.
We observe that Mask4Former not only produces sharp
instance masks but also reliably tracks the moving bicyclist
throughout the entire sequence. We also demonstrate a failure
case of our tracking approach. As we process long sequences
by stitching short sequences with overlaps, we incorrectly
split tracks when an instance is not present in the overlapping
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Fig. 4: Qualitative Results. We show color-coded instance
tracks over 8 superimposed frames in a spatio-temporal point
cloud and a failure where a pedestrian track is split due to
an observation being outside of the LiDAR’s field of view.

LiDAR scan. For example, in Fig. 4b, a pedestrian near
the ego vehicle falls below the LiDAR’s field of view. As
a result, when the pedestrian becomes visible again, our
tracking approach fails and predicts it as a new instance.

V. CONCLUSION

Inspired by the success of recent mask transformer-based
approaches, we have extended Mask3D to the task of 4D
panoptic segmentation and have achieved promising results.
In an in-depth analysis, we have found that Mask3D for
4D panoptic segmentation tends to produce spatially non-
compact instances, resulting in poor association quality. To
overcome this limitation, we have introduced Mask4Former,
the first transformer-based approach, that unifies segmen-
tation and tracking of 3D point cloud sequences and is
tailored to ensure spatially compact instances. To this end,
Mask4Former regresses 6-DOF bounding box parameters
that are optimized to provide a loss signal to encourage
spatially compact instance predictions. Through extensive
experimental evaluations, we have demonstrated the effec-
tiveness of Mask4Former, achieving state-of-the-art perfor-
mance on the SemanticKITTI 4D panoptic segmentation
benchmark. We anticipate follow-up work along the lines
of direct prediction of instance and semantic labels.
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