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Figure 1. Learning to Segment Anything in Lidar—4D: Prior methods (left) for zero-shot Lidar panoptic segmentation process individual
(3D) point clouds in isolation. In contrast, our data-driven approach (right) operates directly on sequences of point clouds, jointly perform-
ing object segmentation, tracking, and zero-shot recognition based on text prompts specified at test time. Our method localizes and tracks
any object and provides a temporally coherent semantic interpretation of dynamic scenes. We can correctly segment canonical objects,
such as car, and objects beyond the vocabularies of standard Lidar datasets, such as advertising stand. Best seen in color, zoomed.

Abstract

Zero-shot 4D segmentation and recognition of arbitrary ob-
jects in Lidar is crucial for embodied navigation, with ap-
plications ranging from streaming perception to semantic
mapping and localization. However, the primary challenge
in advancing research and developing generalized, versatile
methods for spatio-temporal scene understanding in Lidar
lies in the scarcity of datasets that provide the necessary
diversity and scale of annotations. To overcome these chal-
lenges, we propose SAL-4D (Segment Anything in Lidar—
4D), a method that utilizes multi-modal robotic sensor se-
tups as a bridge to distill recent developments in Video Ob-
ject Segmentation (VOS) in conjunction with off-the-shelf
Vision-Language foundation models to Lidar. We utilize
VOS models to pseudo-label tracklets in short video se-
quences, annotate these tracklets with sequence-level CLIP
tokens, and lift them to the 4D Lidar space using calibrated
multi-modal sensory setups to distill them to our SAL-4D
model. Due to temporal consistent predictions, we outper-
form prior art in 3D Zero-Shot Lidar Panoptic Segmenta-
tion (LPS) over 5 PQ, and unlock Zero-Shot 4D-LPS.

1. Introduction

We tackle segmentation, tracking, and zero-shot recogni-
tion of any object in Lidar sequences. Such open-ended 4D
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spatio-temporal scene understanding is directly relevant for
embodied navigation [91], semantic mapping [6, 7, 92], lo-
calization [33, 39] and neural rendering [63].

Status quo. In applications that demand precise spa-
tial and dynamic situational scene understanding, e.g., au-
tonomous driving [91], perception stacks rely on Lidar-
based object detection [53, 104, 113] and multi-object
tracking [20, 35, 93, 106] methods to localize objects, with
recent trends moving towards holistic scene understanding
via 4D Lidar Panoptic Segmentation (4D-LPS) [4]. The
progress in these areas has largely been fueled by data-
driven methods [16, 73, 74, 90] that rely on manually la-
beled datasets [7, 24, 86], limiting these methods to lo-
calizing instances of predefined object classes. On the
other hand, recent developments in single-scan Lidar-based
perception are moving towards utilizing vision foundation
models for pre-training [71, 72, 82] and zero-shot segmen-
tation [62, 67, 99]. However, state-of-the-art methods can
only detect [61] and segment [62, 99] objects in individual
scans. In contrast, embodied agents must continuously in-
terpret sensory data and localize objects in a 4D continuum
to understand the present and predict the future.

Towards 4D pseudo-labeling. Can we perform 4D Lidar
Panoptic Segmentation by distilling video-foundation mod-
els to Lidar? Recent advances [78] suggest that Video Ob-
ject Segmentation (VOS) [70] generalize well to arbitrary
objects. However, empirically, long-term segmentation sta-
bility remains a challenge [21, 110], while data recorded
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from moving platforms presents unique challenges, such as
rapid (ego) motion, objects commonly entering and exiting
sensing areas, and frequent occlusions.

To train our SAL-4D for Zero-Shot 4D Lidar Panoptic
Segmentation, we present a pseudo-labeling engine that is
built on the insight that we can reliably prompt state-of-the-
art VOS models over short temporal horizons in videos and
generate their corresponding sequence-level CLIP features
to facilitate zero-shot recognition. To account for inherently
noisy localization and possible tracking errors, we lift these
masklets, localized in the video, to Lidar, where we lever-
age accurate spatial Lidar localization to associate masklets
across windows and continually localize individual object
instances as they enter and leave the sensing area. There-
fore, our pseudo-labeling engine provides precisely the su-
pervisory signal for 4D Lidar segmentation models [4, 105].
Even though our pseudo-labeling approach is still prone to
noise and errors, we empirically observe that they are suf-
ficiently de-correlated, enabling us to distill a noisy super-
visory signal into a strong, end-to-end trainable Lidar seg-
mentation model that can segment, track, and recognize ob-
jects anywhere in Lidar in the absence of image features.

Key findings. Our method significantly improves the zero-
shot recognition capabilities compared to the single-scan
state-of-the-art Lidar Panoptic Segmentation [62] due to
temporal coherence, and, more importantly, SAL-4D un-
locks new capabilities in Lidar perception. For the first
time, we can segment objects beyond the predefined ob-
ject classes of typical 4D-LPS benchmarks in a temporally
coherent manner and open the door for future progress in
learning to segment anything in Lidar sequences.

Main contributions. We present the (i) first study on Zero-
Shot 4D Lidar Panoptic Segmentation, and discuss multiple
possible approaches for this task. Our analysis (ii) paves
the road for a strong baseline, SAL-4D, that utilizes vision
foundation models to construct temporal consistent anno-
tations, that, when distilled to Lidar, allow us to segment,
track, and recognize arbitrary objects. We (iii) thoroughly
ablate our design decisions and analyze the remaining gap
to supervised models on standard benchmarks.

2. Related Work

This section discusses recent developments in segmenta-
tion, tracking, and zero-shot recognition in Lidar.

Lidar panoptic segmentation. Thanks to the advent of
manually labeled Lidar-based datasets [7, 24, 44] we have
made rapid progress in single-scan semantic [1, 2, 16, 48,
57, 80, 88, 94, 95, 100, 116] and panoptic segmentation [8,
25,29, 47,79, 114] via supervised learning. In this setting,
the task is to learn to classify points into a set of pre-defined
semantic classes that follow class vocabulary defined prior
to the data annotation process.

This formulation limits types of classes that can be rec-
ognized or segmented as individual instances. As labeled
Lidar data is scarce, [67, 99] lift image features to 3D for
zero-shot semantic [67] and panoptic [99] segmentation.
Different from [61, 62], these are limited to segmenting Li-
dar points that are co-visible in cameras. [61] addresses
zero-shot object detection for traffic participants, a subset of
thing classes, and SAL [62] distills vision foundation mod-
els to Lidar to segment and recognize instances of thing and
stuff classes. However, all aforementioned can only seg-
ment individual scans, whereas temporal interpretation of
sensory data is pivotal in embodied perception.

Object tracking. Multi-object tracking (MOT) is a long-
standing problem commonly used for spatio-temporal un-
derstanding of Radar [81], image [19, 45, 109], and Li-
dar [68] data. It is commonly addressed via tracking-by-
detection, where an object detector is first trained for a pre-
defined set of object classes [43, 53, 104, 106, 113], that
localize objects in individual frames, followed by cross-
frame association. Image-based methods rely on learning
robust appearance models [19, 84], whereas Lidar-based
trackers leverage accurate 3D localization in Lidar and rely
on motion and geometry [20, 35, 93, 106]. Unlike our pur-
suit of joint zero-shot segmentation and tracking of any
object, prior Lidar-based tracking methods focus on the
cross-detection association to track instances of pre-defined
classes as bounding boxes.

Related to our work is class-agnostic multi-object track-
ing in videos [18, 49, 52, 65, 66], recently addressed in
conjunction with zero-shot recognition [17, 50]. Like ours,
these methods must track and, optionally, classify objects
as they enter and exit the sensing area. In contrast to ours,
these rely on (at least some) labeled data available in the
image domain and focus on tracking thing classes. These
are also related to methods for single object tracking based
on spatial prompts (Visual Object Tracking [32, 41, 42, 97]
and Video Object Segmentation [69, 103]), which we utilize
[78] in our pseudo-labeling pipeline (Sec. 3.2).

4D Lidar panoptic segmentation. 4D Lidar Panoptic
Segmentation [4] addresses holistic, spatio-temporal under-
standing of (4D) Lidar data. Contemporary methods ap-
proach this task by segmenting short spatio-temporal (4D)
volumes [3, 4, 13, 30, 40, 96, 105, 115], followed by
cross-volume fusion, or follow the tracking-by-detection
paradigm, established in MOT [1, 34, 54, 56]. The afore-
mentioned methods utilize manual supervision in the form
of semantic spatio-temporal instance labels and are con-
fined to pre-defined class vocabularies. Exceptions are early
efforts, such as [28, 38, 59, 60, 64, 89], that utilize heuristic
bottom-up grouping methods to segment arbitrary objects
in individual Lidar scans, followed by tracking, and, op-
tionally, semantic recognition of tracked objects (for which
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semantic annotations are available). Our approach follows
the same principle and performs class-agnostic segmenta-
tion and tracking of any object in Lidar. However, we learn
via self-supervision to track, segment, and recognize any
object that occurs in the training data.

Zero-shot learning. Zero-shot learning (ZSL) [98] meth-
ods must recognize object classes for which labeled train-
ing data may not be available. [Inductive methods as-
sume no available information about the target classes,
whereas transductive setting only restricts access to la-
bels. We address 4D Lidar segmentation in transduc-
tive setting, as usual in tasks beyond image recognition
(e.g., object detection [5, 58, 76], semantic/panoptic seg-
mentation [10, 22, 101]), where imposing restrictions on
the presence of semantic classes in images would be im-
practical. Similarly to contemporary image-based meth-
ods [26, 27, 46, 51, 77, 102, 107, 108, 111, 112], we rely
on CLIP [75] for zero-shot recognition of objects, however,
we distill CLIP features directly to point cloud sequences.
Our work is related to open-set recognition [83] and open-
world [9] learning, which recognize classes not shown as
labeled instances during the model training.

3. Zero-Shot 4D Lidar Panoptic Segmentation

In this section, we formally state the 4D Lidar Panoptic Seg-
mentation (4D-LPS) task and discuss its generalization to
zero-shot setting (Sec. 3.1) for joint segmentation, tracking
and recognition of any object in Lidar. In Sec. 3.3, we de-
scribe our concrete instantiation of this approach, SAL-4D.

3.1. Problem Statement

4D Lidar panoptic segmentation. Let P = {P;}]_, be
a sequence of T' point clouds, where each P, € RNtx% js
a point cloud observed at time ¢ containing N; points that
consist of spatial coordinates and an intensity value. For
each point p, 4D-LPS methods estimate a semantic class
¢ € {1,..., L} with L predefined classes, and an instance
id € N for thing classes, or () for stuff’ classes. To this end, a
function fy, representing the segmentation model with pa-
rameters 6, is usually trained on manually-labeled dataset
Dirain by minimizing an appropriate loss function.

Zero-shot 4D Lidar panoptic segmentation. We address
4D-LPS in a zero-shot setting, intending to localize and rec-
ognize any objects in 4D Lidar point cloud sequences. Sim-
ilarly, we assign each points p € P an instance identity
id € N; however, we do not assume predefined semantic
class vocabulary and (accordingly) labeled training set at
train time. Instead, we assume a semantic vocabulary Cy
is optionally specified at test-time as a list of free-form de-
scriptions of semantic classes. When specified, we assign
points also to semantic classes ¢ € Cycs¢. As the separation

between thing and stuff classes cannot be specified prior to
the model training, we drop this distinction.

Method overview. Our SAL-4D consists of two core
components: (i) The pseudo-label engine (Fig. 2) con-
structs a proxy dataset Dpoyy, that consists of Lidar data and
self-generated pseudo-labels that localize individual spatio-
temporal instances and their semantic features. (ii) The
model fy (Fig. 3) learns to segment individual instances in
fixed-size 4D volumes by minimizing empirical risk on our
proxy dataset Dproxy. Our model and proxy dataset are con-
structed such that our model learns to segment and recog-
nize a super-set of all objects labeled in existing datasets.

3.2. SAL-4D Pseudo-label Engine

Our pseudo-label engine (Fig. 2) operates with a multi-
modal sensory setup. We assume an input Lidar sequence
P = {P;}_, along with C unlabeled videos V = {V°}<_,,
where each video V¢ = {If}I | consists of images I{ €
RHXWX3 of gspatial dimensions H x W, captured by
camera c at time t. For each point cloud P;, we pro-
duce pseudo-labels, comprising of tuples {r; s, id;, fi } 12,
where m;,, € {0, 1}t represents the binary segmentation
mask for instance ¢ at time ¢ in the point cloud F;, and
id; € N is the unique object identifier for spatio-temporal
instance i. Finally, f; € R represents instance semantic
features aggregated over time.

3.2.1. Track-Lift-Flatten

We proceed by sliding a temporal window of size K with
a stride .S over the sequence of length 7. We first pseudo-
label each temporal window (see Figure 22), and then per-
form cross-window association (see Figure 2b) to obtain
pseudo-labels for sequences of arbitrary length. In a nut-
shell, for each temporal window, we track objects in video
(track), lift masks to 4D Lidar sequences (lift), and, finally,
“flatten” overlapping masklets in the 4D volume. Our tem-
poral windows wy, = {(P;, ;) | t € T} } consist of Lidar
point clouds and images over specific time frames. Here,
Tp = {tg,te +1,..., ¢t + K — 1} is the set of time indices
for window wy,. We drop the camera index c unless needed.

Track. For each video, we use a segmentation foun-
dation model [37] to perform grid-prompting in the first
video frame of the window I, to localize objects as masks
{mi 1, }Z]\i’f, mig, € {0, 111>W where M;, denotes the
number of discovered instances in I;,. We then propagate
masks through the entire window {I; | ¢t € T} using [78]

to obtain masklets {m; ; | ¢ € Tk}ivitf’ for all instances dis-
covered in Iy, . This results in M;, overlapping masklets in
a 3D video volume of dimensions H x W x K, representing
objects visible in I;, across the window wy,.

. M
Given masklets {m;; | t € T;},_"F and correspond-
ing images {I; | t € T}}, we compute semantic features
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Figure 2. SAL-4D pseudo-label engine. We first independently pseudo-label overlapping sliding windows (Fig. 2a). We track and segment
objects in the video using [78], generate their semantic features using CLIP, and lift labels from images to 4D Lidar space. Finally, we
“flatten” masklets to obtain a unique non-overlapping set of masklets in Lidar for each temporal window. We associate masklets across
windows via linear assignment (LA) to obtain pseudo-labels for full sequences and average their semantic features (Fig. 2b).

fi,+ for each mask m; ; using relative mask attention in the
CLIP [75] feature space and obtain masklets paired with
their CLIP features {(m;,id; x, fit) | t € Ty} for each
instance 4, where id; ; is a local instance identifier within
window wy,. For details, we refer to Appendix A.1.

Lift. We associate 3D points {P; | t € T} } with image
masks m; ; via Lidar-to-camera transformation and projec-
tion. We refine our lifted Lidar masklets to address sen-
sor misalignment errors using density-based clustering [23].
We create an ensemble of DBSCAN clusters by varying the
density parameter and replacing all lifted masks with DB-
SCAN masks with sufficient intersection-over-union (IoU)
overlap [62]. We obtained the best results by performing
this on a single-scan basis (Appendix C.1).

We obtain sets {(1,,id; ;, f{;) | t € Tk} indepen-
dently for each camera c, and fuse instances with sufficient
IoU overlap across cameras. We fuse their semantic fea-
tures f; ; via mask-area-based weighted average to obtain
a set of tuples {(m;,id; k, fir) | t € T} }, that represent
spatio-temporal instances localized in window wy.

Flatten. The resulting set contains overlapping masklets in
4D space-time volume. To ensure each point is assigned to
at most one instance, we perform spatio-temporal flattening
as follows. We compute the spatio-temporal volume V; of
each masklet M; = {mi. | t € T}} by summing the num-
ber of points across all frames: V; = 3, 1. [/ ], where
|7;,| denotes the number of points in mask m; ;. We sort
the masklets in descending order based on their volumes
Vi, and incrementally suppress masklets with intersection-
over-minimum larger than empirically determined thresh-
old. With this flattening operation, we favor larger and
temporally consistent instances (i.e., prefer larger volumes),

and ensure unique point-to-instance assignments (via loM-
based suppression) in the 4D space-time volume. However,
we obtain pseudo-labels only for objects visible in the first
video frame I;, of each window wy,.

3.2.2. Labeling Arbitrary-Length Sequences

After labeling each temporal window, we obtain pseudo-
labels for point clouds within overlapping windows of size
K, with local instance identifiers id; ;. To produce pseudo-
labels for the full sequence of length 7" and account for new
objects entering the scene, we associate instances across
windows in a near-online fashion (with stride 5), resulting
our final pseudo-labels { (/1 ¢,1d;, f;) | t € T'} (Fig. 4).

For each pair of overlapping windows (wy_1,wg), we
perform association via linear assignment. We derive asso-
ciation costs from temporal instance overlaps (measured by
3D-IoU) in the overlapping frames Tj_1 N Tj:

Cij =1- IOU3D(ﬁl¢7k_1,ﬁlj)k), (1)

where m; ;,—1 and M, are the aggregated Lidar masks of
instances ¢ and j. After association, we update the global
instance identifiers id; for matched instances and aggregate
their semantic features f;. As a final post-processing step,
we remove instances that are shorter than a threshold 7.

3.3. SAL-4D Model

Overview. We follow tracking-before-detection de-
sign [59, 65, 89] and segment and track objects in a class-
agnostic fashion. Once localized and tracked, objects can
be recognized. To operationalize this, we employ a Trans-
former decoder-based architecture [12]. In a nutshell, our
network (Fig. 3) consists of a point cloud encoder-decoder
network that encodes sequences of point clouds, followed
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Figure 3. SAL-4D model segments individual spatio-temporal in-
stances in 4D Lidar sequences and predicts per-track CLIP tokens
that foster test-time zero-shot recognition via text prompts.

by a Transformer-based object instance decoder that local-
izes objects in the 4D Lidar space (cf ., [55, 105]).

Model. Our model (Fig. 3) operates on point clouds
Psuper € RVN*4 N = Ny, + ...+ Ny.4+Kx—1, superim-
posed over fixed-size temporal windows wy. As in [62],
we encode superimposed sequences using Minkowski U-
Net [16] backbone to learn a multi-resolution representa-
tion of our input using sparse 3D convolutions. For spatio-
temporal reasoning, we augment voxel features with Fourier
positional embeddings [87, 105] that encode 3D spatial and
temporal coordinates.

Our segmentation decoder follows the design of [12,
14, 55]. Inputs to the decoder are a set of M learn-
able queries that interact with voxel features, i.e., our (4D)
spatio-temporal representation of the input sequence. For
each query, we estimate a spatio-temporal mask , an ob-
jectness score indicating how likely a query represents an
object and a d-dimensional CLIP token capturing object se-
mantics. For details, we refer to Appendix A.2.

Training. Our network predicts a set of spatio-temporal in-
stances, parametrized via segmentation masks over the su-
perimposed point cloud: ; € {0,1}", j = 1,..., M,
obtained by sigmoid activating and thresholding the spatio-
temporal mask M. To train the network, we establish cor-
respondences between predictions 1, and pseudo-labels
m; via bi-partite matching (following the standard prac-
tice [12, 55, 105]) and evaluate the following loss:

ESAL74D = ‘Cobj + Eseg + ‘Ctokena 2

with a cross-entropy loss L,; indicating whether a mask
localizes an object, a segmentation loss L., (binary cross-
entropy and a dice loss following [55]), and a CLIP token
loss (cosine distance) Lioren. As all three terms are eval-
uated on a sequence rather than individual frame level, our
network implicitly learns to segment and associate instances
over time, encouraging temporal semantic coherence.

Inference. We first decode masks by multiplying object-
ness scores with the spatio-temporal masks M € RM*N,
followed by argmax over each point (details in Appendix

A.2.) As our model directly processes superimposed point
clouds within windows of size K, we perform near-online
inference [15] by associating Lidar masklets across time
based on 3D-IoU overlap via bi-partite matching (as de-
scribed in Sec. ). For zero-shot prompting, we follow
[62] and first encode prompts specified in the semantic class
vocabulary using a CLIP language encoder. Then, we per-
form argmax over scores, computed as a dot product be-
tween encoded queries and predicted CLIP features.

4. Experimental Validation

This section first discusses datasets and evaluation protocol
and metrics (Sec. 4.1). In Sec. , we ablate our pseudo-
label engine and model and justify our design decisions. In
Sec. , we compare our SAL-4D with several zero-shot
and supervised baselines on multiple benchmarks for 3D
and 4D Lidar Panoptic Segmentation.

4.1. Experiments

Datasets. For evaluation, we utilize two datasets that pro-
vide semantic and spatio-temporal instance labels for Lidar,
SemanticKITTI [7] and Panoptic nuScenes [11, 24].

SemanticKITTI was recorded in Karlsruhe, Germany, us-
ing a 64-beam Velodyne Lidar sensor at 10 H z and provides
Lidar and front RGB camera, which we use for pseudo-
labeling (14% of all Lidar points are visible in camera). The
dataset provides instance-level spatiotemporal labels for 8
thing and 11 stuff classes.

Panoptic nuScenes was recorded in Boston and Singapore
using 32-beam Velodyne. It provides five cameras with
360° coverage (covering 48% of all points) at 2H z. Spatio-
temporal labels are available for 8 thing and 8 stuff classes.

Evaluation metrics. @ We follow prior work in 4D Li-
dar Panoptic Segmentation [4] and adopt LST(Q as the
core metric for evaluation. In a nutshell, LSTQ =
V' Sassoe X Seis 1s defined as the geometric mean of two
terms, association term Sy 55, assesses spatio-temporal seg-
mentation quality, independently of semantics, whereas
classification S assesses semantic recognition quality and
establishes whether points were correctly classified. This
separation between spatio-temporal segmentation and se-
mantic recognition makes LST( uniquely suitable for
studying ZS-4D-LPS. For per-scan evaluation, we adopt
Panoptic Quality [36], which consists of Segmentation
Score (SQ) and Recognition Score (RQ): PQ) = SQ x RQ.

Frustum and stuff evaluation. As our pseudo-labels only
cover part of the point cloud co-visible in RGB cameras
(“frustum’), we focus our ablations to camera view frus-
tums and only report benchmark results on full point clouds.
Furthermore, since our approach no longer distinguishes
thing and stuff classes but treats both in a unified manner,

24510



# frames Cross LSTQ Sassoc Scis IToUst  IoUyp,

window
8 49.2 70.0 34.6 36.0 36.9
2 v 50.6 67.4 379 37.3 43.5
4 v 514 69.5 37.9 38.1 42.4
8 v 51.1 70.3 37.2 374 41.5
16 v 50.5 69.6 36.7 38.0 39.5

Table 1. Pseudo-label ablations on temporal window size and
cross-window association: We ablate our approach on temporal
window sizes of size K = {2,4,8,16} with stride % on Se-
manticKITTI validation set. We average CLIP features for each
instance across time. We observe association score (Sgssoc) im-
prove up to 8 frames, while zero-shot recognition (S¢;s) saturates
at 4 frames. Without the cross-window association (Sec. ),
the LSTQ drops by 1.9 percentage points.

we follow [62] and utilize zero-shot classification labels for
merging instances with the same stuff classes to evaluate on
respective dataset class vocabularies.

4.2. Ablations

We ablate design decisions behind our pseudo-label engine
(Sec. ) and model (Sec. ). We focus this discus-
sion on temporal window size for tracking, point cloud su-
perposition strategies, and the impact of our cross-window
association, and report additional ablations in the appendix.

4.2.1. Pseudo-label Engine

Labeling temporal windows vs. full sequences. Our
SAL-4D model operates on superimposed point clouds,
which only require temporal consistent 4D labels within
temporal windows. This begs the question, is pseudo-
labeling only short sequences sufficient? We first gener-
ate pseudo-labels with consistent IDs only within fixed-size
temporal windows (Sec. ) and train our model by re-
moving points that are not pseudo-labeled. However, this
method does not fully leverage temporal and semantic infor-
mation across the whole sequence and account for objects
that appear after the first frame of the window. As can be
seen in Tab. 1, this version leads to 49.2 LSTQ (1st entry).
By additionally associating the fixed-size temporal window
(Sec. ), we observe an improvement of +1.9 and obtain
51.1 LSTQ (4th entry). We observe improvements in as-
sociation and, in particular, for zero-shot recognition (37.2
Seis vs. 34.6, +2.6), as averaging CLIP features over longer
temporal horizons (enabled by our cross-window associa-
tion) provides a more consistent semantic signal.

Temporal window size. As discussed in Sec. 3.2, we
first label fixed-size temporal windows, followed by cross-
window association. By labeling sequences of arbitrary
length, we obtain temporally-stable semantic features and
correctly handle outgoing/incoming objects. What is the
optimal temporal window size? Intuitively, longer temporal

SAL-4D  # frame Ego.
Comp

Labels 8 51.1 70.3 372 37.4 41.5

LSTQ Sasscc Scl.s IUUst IOUth

Ego-motion compensation

Model 8 None 43.7 61.3 31.2 443 17.1
Model 8 Rand 50.7 74.2 34.7 48.5 19.9
Model 8 Mix 53.2 71.2 36.6 479 25.6

Window size

Model 2 Mix 52.3 74.8 36.6 477 21.3
Model 4 Mix 52.7 76.2 36.4 47.8 25.3
Model 8 Mix 53.2 77.2 36.6 47.9 25.6

Table 2. SAL-4D training. Top: To distill our pseudo-labels into a
stronger model, it is important to transform point clouds to a com-
mon coordinate frame during train- and test-time. Interestingly,
our model benefits from randomly not performing motion com-
pensation during training by 10%. Bottom: Processing larger tem-
poral sequences directly benefits our model. Overall, we distill our
pseudo-labels (51.1 LST'Q) to a stronger model (53.2 LSTQ).

windows should be preferable. However, errors that arise
during video-instance propagation over larger horizons may
degrade the performance. Our analysis confirms this intu-
ition: we generate pseudo-labels with varying window sizes
(K = {2,4,8,16}) with a fixed stride of £, and report our
findings in Tab. |. Our results improve with increasing win-
dow size, but performance plateaus after K = 8. We obtain
the overall highest LSTQ with K = 4 (51.4); however, with
K = 8, we observe larger gains in terms of segmentation
and tracking (Sgssoc: 70.3 vs. 69.5). In Fig. 4, we confirm
this visually by contrasting ground-truth labels with single-
scan labels, and our labels, obtained with K = {2,8}.
Gains are most significant in terms of S50, as these re-
sults are reported after cross-window association. The ap-
pendix reports a similar analysis conducted before cross-
window association. For the remainder, we fix K = 8.

Comparison with single-scan pseudo-labels. Do our
spatio-temporal pseudo-labels improve quality on a single-
scan basis? In Tab. 3, we compare our SAL-4D pseudo-
labels with single-scan labels (SAL [62]), and report zero-
shot and class-agnostic segmentation results. As can be
seen, our temporally consistent pseudo-labels perform bet-
ter than our single-scan counterparts, especially in terms
of semantics (a relative 15% improvement w.r.t. PQ and
20% improvement w.r.t. mIoU). Our spatio-temporal la-
bels produce fewer instances per scan, which implies spatio-
temporal labels improve precision due to temporal coher-
ence. We conclude that our approach not only unlocks the
training of models for ZS-4D-LPS but also substantially im-
proves pseudo-labels for training ZS-LPS methods [62].

4.2.2. Model and Training

To train the 4D segmentation model, we superimpose
point clouds within fixed-size temporal windows and train
our model to directly segment superimposed point clouds
within these short 4D volumes. For a comparison with our
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Method PQ SQ PQn PQy« mloU

Class-agnostic (Semantic Oracle) LPS

SAL [62] labels 553 799 66.0 47.5 62.1
SAL-4D labels 554 80.0 664 474 62.0

Zero-Shot LPS

SAL [62] labels 299 748 352  26.0 31.9
SAL-4D labels 34,5 705 40.7 299 39.1

Table 3. Single-scan pseudo-label evaluation: We compare
our SAL-4D pseudo-labels to its single-scan counterpart on Se-
manticKITTI validation set. Following [62], we also report both
zero-shot and semantic-oracle Lidar Panoptic Segmentation (LPS)
results. Our SAL-4D pseudo-label engine produces a smaller set
of higher-quality labels when evaluated on a per-scan basis, with
an improvement of over 15% in recognition score (PQ) and over
20% in segmentation quality (mloU).

pseudo-labels, we ablate the model “in-frustum” and inves-
tigate two aspects of point cloud superposition.

Temporal window size: Refers to the number of scans
used to construct a superimposed point cloud. As can be
seen in Tab. 2, results are consistent with conclusions for a
pseudo-label generation. We obtain the overall best results
with a window size of 8 (53.2 LSTQ). Larger temporal win-
dow sizes are especially beneficial in terms of segmentation.

Ego-motion: In 4D space, we can utilize ego-pose to align
point clouds to a common coordinate frame. We ablate three
options: (i) no ego-motion compensation (None), (ii) se-
lect a random (Rand) scan as the reference scan, and (iii)
a mixed (Mix) version of 90% random reference scan +
10% no ego-motion compensation (% determined via line
search). Results reported in Tab. 2 suggest that ego-motion
compensation has a positive impact. We obtain 74.2 S ss0c
when aligning point clouds, compared to 61.3 S50 With-
out. Intuitively, this compensation simplifies tracking at in-
ference, but this is not necessarily desirable during the train-
ing. To ensure that our model learns associations among
non-aligned regions, we drop ego-compensation in 10% of
cases, yielding the best overall results (77.2 Syssoc). With
this approach, we distill our pseudo-labels (51.1 LSTQ) to
a stronger model (53.2 LST(Q)) that segments point clouds
in the absence of image features.

4.3. Benchmarks
4.3.1. Lidar Panoptic Segmentation

In Tab. 4, we compare our SAL-4D to several supervised
methods [29, 55, 79, 85, 114], and single-scan zero-shot
baseline, SAL [62]." We compare two variants of our
method: our top-performing model, trained on the temporal
window of size 8, and a variant of our model, trained on the
temporal window of size 2, with FrankenFrustum augmen-

IResults we report for the baseline are slightly higher than those re-
ported in [62]. We refer to the supplementary for further details.

Method frustum # inst PQ SQ  PQw PQgu

eval total / mean

2 DS-Net[29] X 577 776 618 548
% PolarSeg [114] X 59.1 783 657 543
2 GP-S3Net [79] X 633 814 702 583
&  MaskPLS [55] X 59.8 763 -

% SAL[62] v 62k /15.2 331 713 215 415
ﬁ SAL-4D v 61k /15.1 382 781 309 435
g SAL [62] X 25k /49.0 253 638 183 303
N SAL-4D X 18k / 44.0 308 769 255 34.6

Table 4. 3D-LPS evaluation. Training our SAL-4D model on the
temporal consistent 4D pseudo-labels yields superior 3D (single-
scan) performance compared to 3D baselines. We evaluate on the
SemanticKITTI validation set. SAL-4D evaluated not only in the
frustum was trained with the FrankenFrustum [62] augmentation.

s i ey
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(c) 4D Pseudo-Labels (2 frames). (d) 4D Pseudo-Labels (8 frames).

Figure 4. Qualitative results. We compare our 4D pseudo-labels
(obtained over windows of 2&8 frames) to GT labels, and single-
scan labels. By contrast to GT, our automatically-generated labels
cover both thing and stuff classes. As can be seen, the temporal
coherence of labels improves over larger window sizes.

tation [62], that helps our model, trained on pseudo-labels
generated on 14% of full point cloud, to generalize to the
full 360° point clouds. As can be seen in Tab. 4, SAL-4D
consistently outperforms SAL baseline: we obtain 38.2 PQ)
within-frustum (+5.1 w.r.t. SAL), and 30.8 P on the full
point cloud (+5.5 w.r.t. SAL), and overall reduces the gap
to supervised baselines. Improvements are especially no-
table for thing classes (18.3 vs. 25.5 PQyp). We attribute
these gains to temporal coherence imposed during pseudo-
labeling and model training.

4.3.2. 4D Lidar Panoptic Segmentation

We compare SAL-4D to several zero-shot baselines and
state-of-the-art 4D-LPS methods trained with ground-truth
labels provided on SemanticKITTI and Panoptic nuScenes
datasets. In contrast, all zero-shot approaches rely only
on single-scan 3D [62] or our 4D pseudo-labels. To com-
pare SAL-4D to baselines that operate on full (360°) point
clouds, we train our model on temporal windows of size 2,
with FrankenFrustum augmentation [62], which helps our
model to generalize beyond view frustum.

ZS-4D-LPS baselines. We construct several baselines
that associate single-scan 3D SAL [62] predictions in time
(see Appendix B for further details) and require no tempo-
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‘ Method LSTQ  Sassoc Secis IoUsy  IoUyy,
4D-PLS [4] 62.7 65.1 60.5 65.4 61.3
4D-StOP [40] 67.0 74.4 60.3 65.3 60.9
T 4D-DS-Net [30] 68.0 71.3 64.8 64.5 65.3
= § Eq-4D-PLS [115] 65.0 67.7 62.3 66.4 64.6
E| 5 Eq4DsOP[115] 701 776 634 664 67
% & Mask4Former [105] 70.5 74.3 66.9 67.1 66.6
"% Mask4D [56] 71.4 75.4 67.5 65.8 69.9
;E) SAL-4D 69.1 70.1 68.0 65.7 71.2
- s SAL+ MinVIS 24.7 22.2 275 40.9 12.5
5', SAL + MOT 30.9 344 27.7 41.0 12.9
g SAL + SW 327 38.5 27.7 41.0 12.9
N SAL-4D 42.2 51.1 349 45.1 20.8
3 i 4D-PLS [4] 56.1 514
S 5 PanopticTrackNet [34] 43.4 32.3
g “ EfficientLPS [85]+KF  62.0 58.6
; 5 SAL+SW 30.3 26.9 343 43.0 29.9
k= ’:/3 SAL + MOT 32.8 31.5 343 43.0 29.9
E g SAL + MinVIS 332 324 34.1 42.8 29.7
N SAL-4D 45.0 48.8 41.5 459 37.0

Table 5. Zero-Shot 4D Lidar Panoptic Segmentation bench-
mark: We compare SAL-4D to several supervised baselines for
4D Panoptic Lidar Segmentation and zero-shot baselines. While
there is still a gap between supervised methods and zero-shot
approaches, SAL-4D significantly narrows down this gap. On
SemanticKITTI, our model SAL-4D reaches 59% of the top-
performing supervised model, and on nuScenes, 72%, even though
it is not trained using any labeled data.

ral GT supervision. As SemanticKITTI [7] is dominated
by static objects, we propose a minimal viable Station-
ary World (SW) baseline that propagates single-scan masks
solely via ego-motion. Furthermore, we adopt a strong Li-
dar Multi-Object Tracking (MOT) approach [93], which uti-
lizes Kalman filters in conjunction with a linear assignment
association. As a data-driven and model-centric baseline,
the Video instance segmentation (VIS) baseline follows [31]
and directly associates objects by matching decoder object
queries of the 3D SAL [62] model in the embedding space.

SemanticKITTI. As can be seen in Tab. 5 (top), super-
vised models are top-performers on this challenging bench-
mark, specifically, Mask4Former [105] (70.5 LSTQ) and
Mask4D [56] (71.4 LSTQ). Our SAL-4D (42.2 LSTQ)
outperforms all zero-shot baselines and obtains 59.9% of
Mask4Former, similarly trained on temporal windows of
size 2. Interestingly, 2"% among zero-shot methods is the
SW baseline (32.7 LSTQ). We assume this baseline outper-
forms the MOT baseline as SemanticKITTI is dominantly
static. Both geometry-based baselines (SW, MOT) outper-
form the MinVIS baseline, which mainly relies on data-
driven features for the association. We note that SAL-
4D outperforms zero-shot baselines in terms of association
(Sassoe: 51.1 SAL-4D vs. 38.5 SW), as well as zero-shot
recognition (S¢s: 34.9 SAL-4D vs. 27.7 SW and MOT).
We provide qualitative results in Fig. 5 and the appendix.

Panoptic nuScenes. We report similar findings on Panop-
tic nuScenes dataset in Tab. 5. Our SAL-4D (45.0 LSTQ)
consistently outperforms baselines and reaches 72.6% of

GT Pseudo-labels

) ¥
<y TRE W

Figure 5. Qualitative results on SemanticKITTI. We show
ground-truth (GT) labels (first column), our pseudo-labels (mid-
dle column), and SAL-4D results (right column). We show se-
mantic predictions (first row) and instances (second row). As can
be seen, our pseudo-labels cover only the camera-visible portion
of the sequence (middle). By contrast to GT labels, our pseudo-
label instances are not limited to a subset of thing classes (GT, left
column). Our trained SAL-4D thus learns to densely segment all
classes in space and time (right column). Importantly, pseudo-
labels do not provide semantic labels, only CLIP tokens. For visu-
alization, we prompt individual instances with prompts that con-
form to the SemanticKITTI class vocabulary. Best seen zoomed.

EfficientLPS+KF. Due to the different ratio between static
and moving objects on nuScenes, MOT baseline (32.8
LSTQ) outperforms SW (30.3 LSTQ), as expected. Min-
VIS performs favorably compared to both and achieves 33.2
LSTQ. This is likely because this data-driven method ben-
efits from a larger Panoptic nuScenes dataset. Improve-
ments over baselines are most notable in terms of associ-
ation (Sgssoc: 48.8 SAL-4D vs. 32.4 MinVIS).

5. Conclusions

We introduced SAL-4D for zero-shot segmentation, track-
ing, and recognition of arbitrary objects in Lidar. Our
core component, the pseudo-label engine, distills recent ad-
vancements in image-based video object segmentation to
Lidar. This enables us to improve significantly over prior
single-scan methods and unlock Zero-Shot 4D Lidar Panop-
tic Segmentation. However, as evidenced in Tab. 5, a perfor-
mance gap persists compared to fully-supervised methods.

Challenges. We observe semantic recognition is the pri-
mary source of this gap, with zero-shot recognition S
(34.9) trailing supervised methods (68.0). Second, segmen-
tation consistency degrades over extended temporal hori-
zons, reflecting challenges in maintaining coherence across
superimposed point clouds. Third, segmentation quality is
notably lower for thing classes compared to stuff classes,
most likely due to the inherent imbalance, mitigated by aug-
mentation strategies in supervised methods.

Future work. To bridge these gaps, we will focus on (i)
refining the data labeling engine to enhance temporal con-
sistency, (ii) expanding the volume of pseudo-labeled data,
and (iii) curating high-quality labels for fine-tuning. These
steps aim to narrow the divide with supervised methods
while preserving SAL-4D ’s zero-shot scalability.
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