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Abstract

We study the use of image-based Vision-Language Mod-
els (VLMs) for open-vocabulary segmentation of lidar scans
in driving settings. Classically, image semantics can be
back-projected onto 3D point clouds. Yet, resulting point
labels are noisy and sparse. We consolidate these labels
to enforce both spatio-temporal consistency and robustness
to image-level augmentations. We then train a 3D network
based on these refined labels. This simple method, called
LOSC, outperforms the SOTA of zero-shot open-vocabulary
semantic and panoptic segmentation on both nuScenes and
SemanticKITTI, with significant margins. Code is available
at https://github.com/valeoai/LOSC.

1. Introduction

Vision-Language Models (VLMs) are flourishing, offering
unprecedented capabilities [17, 30, 34, 38]: employed as
general Vision Foundation Models (VFMs), they are us-
able off-the-shelf for many open-vocabulary tasks: image
classification, visual reasoning, visual question answering,
image retrieval, image captioning, object detection, seman-
tic segmentation, panoptic segmentation, etc. However, for
a number of closed-set and domain-specific tasks, includ-
ing object detection and semantic or instance segmentation,
zero-shot performance of VLMs is not up to the level of
supervised finetuning with manual labels [10]. Several rea-
sons may explain it.

First, some VLMSs are trained with the sole supervision
of image-text pairs, that makes dense tasks as segmentation
harder to learn [23]. Second, as training a VLM requires
lots of data, some models are trained on data scrapped
from the Web, which are thus subject to a distribution bias:
they contain comparatively few samples from particular do-
mains, e.g., medical images [8, 26]. It concerns both the vi-
sual contents (images) and the associated vocabulary (text).
Third, “vision” in “VLM” generally only implies images, as
3D data (depth maps, point clouds, etc.) aligned with text is
in much shorter supply than 2D data [18].

Therefore, most existing 3D VLMs (relating 3D data and
text) actually operate via intermediate 2D data, leveraging a
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Figure 1. Performance of LOSC compared to SOTA on zero-
shot open-voc segmentation.

2D VLM already trained on a large quantity of images: the
2D VLM is used to extract 2D information (labels or fea-
tures), which is then back-projected onto 3D [18]. The 3D
labels (or features) can then be directly employed as such,
or used as pseudo-labels to train a 3D model, e.g., for the
feature-based distillation of a 2D VFM into a 3D VFM [22].

In this paper, we study the use of 2D VLMs for the zero-
shot open-vocabulary segmentation of lidar scans in driv-
ing settings, transferring 2D knowledge to 3D while spe-
cializing it for a specific purpose. Precisely, given (i) an
open-vocabulary 2D VLM, (ii) any set of classes, defined
via arbitrary textual prompts, and (iii) an unannotated 3D
dataset of lidar scans with registered images, we create a


https://github.com/valeoai/LOSC

3D model that efficiently can infer the semantic segmenta-
tion of any lidar scan for these specific classes. Although
this 3D model is closed-set, its specification, based on tex-
tual prompts, is fully open-set, and the process of creating
the 3D model is annotation-free. Besides, as we can lever-
age a state-of-the-art (SOTA) 3D segmenter, which we train
from the segments produced by the 2D VLM, we obtain an
efficient 3D model.

However, driving scenes suffers from the data shortage
mentioned above: for this specific domain, there is rel-
atively little visual content available associated with text
[8, 26], and even less involving 3D data [18]. As a result,
current VLMs still lag behind full supervision for the se-
mantic and panoptic segmentation of driving scene images,
and even more so for lidar scans [1, 10, 31]. Concretely, in
driving scenes, VLM-based image segments are often miss-
ing or wrongly labeled, while object boundaries are impre-
cise. This label inaccuracy transfers to 3D point after back-
projection. Additionally, some 3D points may get wrong
2D information due to parallax between camera and lidar
sensors, and 3D points invisible from cameras (not in their
field of view) do not get any information.

We propose three label consolidation mechanisms to ad-
dress these issues. First, we consider that semantics should
be robust to basic image augmentations and discard labels
that change according such variations. Second, we assume
that 3D labeling should be consistent over time while driv-
ing, at least regarding the static part of the scene. There-
fore, we ensure that all points falling into the same voxel
get the same label over a whole driving sequence. Third,
it is known that iterated training has a denoising effect on
pseudo-labels. Therefore, starting from a (self-supervised)
pretrained 3D model, we run several finetuning iterations,
interleaving them with spatio-temporal consolidation.

To get the best performance, we additionally (i) bench-
mark existing VLMs for semantic segmentation, (ii) exper-
iment with different prompt variants, and (iii) leverage a
pretrained 3D backbone. It allows us to improve the state
of the art (SOTA) of open-vocabulary 3D semantic segmen-
tation by a significant margin on two classic datasets (see
Fig. 1). Our contributions are as follows:

e We propose a way to combine several techniques
to improve VML-based 3D segmentation, including
augmentation- and time-based consolidations, 3D model
pretraining and iterated finetuning.

* We additionally study the specific choice of a basis VLM
for the driving setting, for both semantic and panoptic
segmentation, using different metrics and prompts.

* Despite the simplicity of our method (no complex training
or architecture, no prompt engineering or VLM tweaking,
very few and little-sensitive parameters), we largely im-
prove the SOTA of open-vocabulary semantic and panop-
tic segmentation of lidar data.

2. Related work

Open-vocabulary 2D segmentation. Models such as
CLIP [23] and ALIGN [13], which aligns global text and
image representations, demonstrate strong capabilities in
zero-shot classification. These capabilities have been ex-
tended to dense prediction tasks requiring pixel-level in-
formation, such as semantic segmentation. Some meth-
ods leverage the original CLIP model and find recipes to
extract dense pixel representations from it. For example,
MaskCLIP [37] extract patch features in the last atten-
tion layer. CLIP-DIY [32] aggregates features from sev-
eral crops. Some other methods finetune or train from
scratch a CLIP-like architecture but where text representa-
tions are aligned with pixel- or patch-level representations
[12, 15, 16, 33, 36, 40]. In this work, we evaluate the fol-
lowing models: OpenSeg [12], SEEM [40], OpenSeed [33]
and Grounded-SAM [15].

Open-vocabulary 3D segmentation. The capabilities of
open-vocabulary 2D semantic segmentation can be trans-
ferred to 3D network by distillation.

OpenScene [20] and CLIP2Scene [7] do so using point-
pixel correspondences and training a 3D network to produce
point features which align with the corresponding pixel rep-
resentations extracted from a CLIP-like model. The process
was then improved by exploiting, e.g., additional geometric
regularization [27, 28], improving text queries [14, 29], or
exploiting models such as SAM [15] for denoising [5, 39].

SAL [19] uses SAM [15] to get instance masks from im-
ages, and MaskCLIP [9] to get per-mask CLIP features. The
masks and features are lifted in 3D with point-pixel corre-
spondences, and a 3D network is trained to predict the pairs
of masks and features. SAL therefore enables zero-shot li-
dar panoptic segmentation. SAL was recently improved by
operating on sequences rather than single scans in [35]. In
this work, we train our 3D network for semantic segmenta-
tion and leverage ALPINE [25] to obtain panoptic labels.

LeAP [11], developed concurrently, is closer to our
method. LeAP leverages a VLM to generate 2D soft la-
bels, which are lifted in 3D. The 3D soft labels are refined
using a Bayesian update leveraging time consistency. To
further improve the quality of these 3D soft labels, a 3D
network is trained on the most confident soft labels and
the output of this trained 3D network is used to enrich the
3D soft labels originating for images. Unlike LeAP, we
exploit one-hot labels instead of soft-labels and a simple
majority voting when leveraging time-consistency, instead
of a Bayesian update. But more importantly, we provide
new insights by (a) comparing the performance of several
VLMs, (b) showing how to best combine image augmenta-
tions and time-consistency to improve pseudo-label quality,
and (c) demonstrating that using a pretrained 3D network
gives a significant performance boost.



3. Method

Our goal is the zero-shot open-voc labeling of lidar scans.
We assume we are given (i) a closed but unconstrained set
of classes C, (ii) a VLM providing semantic segments of
images from open-vocabulary textual prompts, (iii) an unla-
beled training dataset D of sequences of synchronized and
calibrated images and scans. The overall pipeline of our
method, illustrated on Fig. 2, is as follows:

1. Based on prompts for the target set of classes, we use the
VLM to produce a semantic segmentation of the dataset
of images. Back-projecting these 2D segments onto the
associated point clouds then provides initial, basic se-
mantic labels for 3D points.

2. These initial 3D semantic labels are first consolidated us-
ing a temporal aggregation of lidar scans in a sequence,
and voxel-level majority voting.

3. Considering a set of augmentations applied to images be-
fore they go through the VLM, we consolidate 3D point
labels by only keeping those that remain consistent.

4. Next, we combine augmentation-based consolidation
and time-based consolidation, ensuring that label classes
are represented enough to be used for training.

5. Finally, the resulting labels are used to finetune a pre-
trained 3D network. Iterating a few times temporal voxel
consolidation and finetuning further improves segmenta-
tion quality.

Each of these steps is detailed in the following subsections.

3.1. Initial Zero-shot Semantic Segmentation of Li-
DAR data with the VLM

Formally, given an image [/ and textual prompts 7¢ for
the target classes C, the VLM produces a 2D pixelwise
semantic segmentation S; = VLM(I,T¢). It is back-
projected into the 3D points of the associated lidar point
cloud P to provide a 3D pointwise semantic segmentation
Sp = II; p(Sr), where II; p denotes the back-projection.
3D points falling outside of the camera frustrum, or hidden
behind other points due to parallax configurations between
camera and lidar, get the ignore label. When a lidar scan
P is captured together with several images Z(P), the im-
ages are segmented and back-projected jointly, forming the
initial VLM-based point cloud labeling Lyjny:

Lin = Urez(py U1,p(VLM(I, T¢)) 1)

(In the following, we drop subscripts, superscripts and pa-
rameters if they are clear from the context.) These initial
labels are both noisy (incorrect VLM labeling, camera-lidar
parallax inconsistencies) and sparse (missing 2D VLM la-
beling, 3D points invisible from cameras) in the sense that
a point p € P is given a label Lym(p) € C U {ignore},
where ignore represents the lack of semantics. For a dataset
like SemanticKITTTI [2], this sparsity is particularly severe

(cf. Sec. 4), because the 360° lidar is associated to only one
camera, with a 90° field of view. In the following, we intro-
duce three refinement strategies to improve both label qual-
ity and quantity.

3.2. Label Refinement with Time-Based Consolida-
tion (TBC)

Due to resolution, faraway objects are hard to identify as
they are perceived with only few pixels and points. How-
ever, as the ego vehicle drives and comes closer to them,
their semantics becomes more apparent. To leverage se-
mantic consistency over time, we aggregate each sequence
‘P of labeled point clouds into the same coordinate system
and enforce label consistency at voxel level by majority vot-
ing. Then, for any individual scan P € P, we assign to each
point p € P the label of the voxel p falls into. It produces
scans LP = TBC(L] ) with time-consistent labels.

This process may increase label sparsity because, in our
implementation, ignore is treated as a full-fledged class la-
bel. The idea is that a majority of points in a voxel vote
for ignore, then all points falling into that voxel should be
considered as unreliable and labeled as ignore too. Besides,
even when such a configuration does not arise, the label dis-
tribution may also change, with some classes loosing point
representatives in favor of other classes.

A variant consists in weighting the label votes with the
softmax values of the label prediction. However, empiri-
cally, the gain is only marginal and it is simpler just to count
class labels in voxels.

3.3. Label Refinement with Augmentation-Based
Consolidation (ABC)

A robust network should be little sensitive to small input
variations. To filter out “brittle” labels, we probe VLM la-
beling confidence using image augmentations: a label is
considered as untrustful if it changes across a set of im-
age augmentations. This Augmentation-Based Consolida-
tion (ABC) can be seen as a form of Test-Time Augmenta-
tion (TTA) applied to VLM inference.

Formally, we consider a set of image augmentations .A.
For any augmentation A € A, we denote by L7} the initial
point cloud labels produced by the VLM from augmented
images A(Z(P)). If the label of a point p € P is the
same class ¢ whatever the augmentation A € A, then the
augmentation-based consolidated label L,ug(p) of p is this
class c; otherwise, it is the ignore label:

Lijm = |J T(VLM(A(]), Tc)) 2)
IeT

Lave(p) = ABC(Lﬁm)(p)
I K ifYAe A, L4 (p) =c
N ignore,

vim

3)

otherwise



Initial Zero-shot Semantic Segmentation of LiDAR Scans
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Figure 2. Overall pipeline of LOSC. The images are first segmented using an open-vocabulary segmentation model. The semantic 2D
labels are then backprojected on the lidar points. These 3D labels are refined using three consolidation steps: the first uses label consistency
across several image augmentation, the second uses time consistency, the last combines the best labels from the previous steps. These labels
are used to finetune a 3D network. Finally, few steps of self-training are used to improve the results.

We then enforce temporal voxel consistency and build a
consolidated labeling L,,; = TBC(Lgpc).

3.4. Label Refinement Combining Augmentation-
and Time-based Consolidation (ATC)

Even more than time-based consolidation, augmentation-
based consolidation tends to increase label quality but also
to reduce label quantity (cf. Sec. 4). To make sure points
of each class remain both numerous enough and balanced
enough, we introduce a way to combine L,ug and L.

Let N¢ = [{L(p) = c}pep| be the number of points in
a labeling L of point cloud P that have been given label c.
The set of classes in C that are robust to augmentation-based
consolidation is

Crobust—aug = {C eC | Nacug > N and szug/

Nim 27} (4)
for some minimum number of points N and minimum pro-
portion of preserved points 7. For these classes, it is safe
to use the augmentation-based labeling L,,s. Otherwise, it
is safer to stick to time-based labeling Ly,. Therefore, we

construct the following combined labeling L.ygtim:

Laug®tim (p) = Comb<Lauga Ltim) (P)

_ Laug (p),
Llim (p);

This hybrid strategy helps preserve class balance and la-
bel quality, especially for rare classes and for categories that
are hard to predict.

Laug (p) € Crobust—aug
otherwise

®)

3.5. Label Refinement with Iterative FineTuning
(FT)

Finally, we use the combined consolidated labels of
Laugeiim, obtained on the whole training set D, as pseudo-
labels to train a 3D network. While all previous labelings

(Lvims Ltim,> Laugs Lavgsiim) are partial, in the sense that some
points may be labeled as ignore, applying the trained 3D
network on any scan yields a fully-labeled point cloud (no
ignore).

To improve the performance of this 3D segmenter,
we do two things. First, we actually start from a pre-
trained model M, and finetune it (FT) on the pseudo-
labels of Laggim(D), resulting in a model M;
FTL, 0m()(Mo). Second, we iterate training, as often
done in semi-supervised settings. More precisely, given a
trained model M,,, we create new pseudo-labels M, (D)
for the training set, apply time-based consolidation, and
use these refined pseudo-labels to finetune M, resulting
a new model M, 1 = FTrpc(ar, (D))(Mn). Please note
that augmentation-based consolidation (ABC) is performed
only once and used via Layggim to finetune M. For all sub-
sequent iterations, only time-based consolidation is used, to
refine pseudo-labels of the training set before the next fine-
tuning. The resulting model, after a few iterations, is our
final model, which we refer to as LOSC.

4. Experiments

In this section, we analyze our proposed method and com-
pare it against the current SOTA.

Implementation details. On the image side, for
augmentation-based consolidation, we use the Albumen-
tations library [3], applying 10 distinct image transfor-
mations: horizontal-flip, hue-saturation, blur, color-jitter,
auto-contrast, sharpen, chromatic-aberration, emboss,
fancy-pca, clahe. The appendix details the rationale of this
choice. This set of augmentations is consistent in the sense
that although a single disagreement is enough to discard
the label of a point (cf. Eq. (3)), empirical results show the
robustness of pseudo-labeling (cf. appendix), leading to
SOTA results (cf. Tab. 6).



Method Segmentation Prompt Label mAce mloU
etho Sem. Pan. Min. Rich cov% % %
GSAM [24] v X v X 68.0 32.8 21.1
GSAM 2 [24] v X v X 75.3 46.6 24.3
v X v X 74.9 43.4 334

v X X v 74.8 42.8 33.8

OpenSeeD [33] v/ X 639 395 319
X v X v 66.9 399 32.4

v X v X 76.2 47.7 29.6

) v X X v 76.3 44.7 25.7

SEEM [40] X v v X 399 25.2 21.1
X v X v 23.3 13.1 8.3

v X v X 72.8 46.5 26.7

OpenSeg (121, x  x v 763 437 240

Table 1. Semantic segmentation benchmark of 2D open-

vocabulary VLMs on the nuScenes validation set. Performance
is evaluated using minimal or rich prompts, with semantic or
(merged) panoptic segmentation results where applicable. Label
cov. is label coverage.

Regarding 3D model pretraining, we leverage a self-
supervised backbone to benefit from class-agnostic rep-
resentations for our open-set segmentation approach. As
3D network, we thus chose WaffleIron [21] (as did LeAP
[11]), more precisely WI-48-768, for which self-supervised
pretrained weights with ScalLR [22] are publicly avail-
able. This pretrained model is currently among SOTA self-
supervised 3D backbones for lidars. When finetuning this
network, we use the protocol of [22] but reduce the number
of epochs to 10. For trainings without ScalR initialization,
we train the model from scratch as described in [21].

For spatio-temporal consolidation, we set the voxel size
to 10 cm. For the combination of consolidations, we set
N = 200k and 7 = 1/3. Last, we limit ourselves to 3
finetuning iterations, which defines our method, LOSC. We
experiment on both nuScenes [4] and SemanticKITTI [2]
with identical parameters.

Benchmarking 2D VLMs. We evaluate the quality of 3D
semantic labels Ly, obtained from several established 2D
open-vocabulary VLMs after back-projection: Grounded
SAM [24], SEEM [40], OpenSeeD [33] and OpenSeg [12].
We use two types of prompts in our experiments: mini-
mal and rich prompts (which are detailed in the Appendix).
Some VLMs can output either semantic or panoptic masks.
We tested both alternatives: panoptic masks were turned
into semantic masks by simply merging all instance-masks
from each class. The quality of L, labels is evaluated on
the validation set on nuScenes. We compute the label cov-
erage (percentage of annotated points after back-projection
of annotated pixels) as well as the mAcc and mloU, where
non-annotated points after back-projection are counted as
errors. The results are presented in Table 1.

First, we notice that about 65 to 75% of the points re-

ceive a label in most configurations, with the exception of
the panoptic variant of SEEM where less than 40% of the
points get a label. The differences in label coverage is ex-
plained by the fact that the VLMs do not provide labels
for some pixels. Second, our results show moderate perfor-
mance differences between the minimal and rich prompts,
especially for OpenSeeD, but except for SEEM. For the
Grounded SAM family of models, we report results only
with minimal prompts as the runtime increases substan-
tially with more elaborate prompts. Third, we notice that
the semantic variant of VLMs tends to provide labels of
better quality than the (merged) panoptic variant. Finally,
we notice that OpenSeeD in the best performing model re-
garding mloU. Based on these results, we generate Ly, for
the training sets of SemanticKITTI and nuScenes by back-
projecting 2D labels obtained using the semantic variant of
OpenSeeD with minimal prompts, i.e., the fastest, simplest
and nearly best discovered configuration.

3D model pretraining and label refinement. Table 2
shows the benefits of leveraging a pretrained 3D network
and of using our label refinement strategies.

First, we observe that training from ScalR pretrained
weights, compared to random weights, significantly boosts
performance by 3.1 and 16.1 mloU points on nuScenes
and SemanticKITTI, respectively, when starting from L.
Starting from pretrained weights continues to improve per-
formance even when starting from our most refined pseudo-
labels Laygwtim-

Second, applying our time-based consolidation strategy
(TBC) directly on Ly, producing Ly, further improves
performance by about 6 and 10 points on nuScenes and
SemanticKITTI, respectively.

Third, our augmentation-based consolidation (ABC), di-
rectly applied on Ly, to produce Lgy, brings little gain
on SemanticKITTI over just training from Ly, and even
slightly degrades performance on nuScenes. Besides, refin-
ing Ly, with TBC to produce Ly, leads to similar results
than with just Lgy,. But ABC is actually not meant to op-
erate on it own. The benefit of augmentation-based con-
solidation appears in fact when combining L and Ly,
where we obtain an extra boost of performance of 1.6 and
2.1 mloU points on nuScenes and SemanticKITTI, respec-
tively, compared to using Ly, alone.

Iterative finetuning. The results in Table 3 show that the
quality of labels keeps improving after each round of fine-
tuning, whether starting from Ly, labels or Lyggim. The
best results are obtained when starting from Layggtim, Which
shows that our iterative finetuning strategy is able to main-
tain the initial advantage provided by our most-refined la-
bels. While a single iteration may provide a gain up to
+2.4 mloU pts, further iterating provides diminishing re-
turns. What thus makes sense practically is to only iterate a
few times. In LOSC, we perform 3 finetuning iterations.



Time Augmentation ScaLR nuScenes  SemanticKITTI

Labeling consistency  consistency  pretraining mloU% mloU%
_ X X X 374 6.5
Lum = T(VLM(Z, Te)) X x v 40.5 22.6
Lape = ABC(Lvlm) X v v 39.2 23.0
Lawg = TBC(ABC(Lyim)) 4 v v 46.5 31.1
_ v v X 45.7 31.0
Laug@tim - Comb(Laug7 Lum) v / v/ 48.0 34.2

Table 2. Effect of our label consolidations on nuScenes and SemanticKITTI validation sets.

nuScenes (mloU%) SemanticKITTI (mloU%)

Labeling Ititer.  2Miter. 3"iter. | Iiter. 2"iter. 3" iter.
Liim = TBC(Lyim) 46.4 473 47.7 32.1 33.0 33.2
Laggtim = comb(Layg, Lim) ~ 48.0 48.9 49.3 34.2 35.0 35.2

Table 3. Effect of iterative finetuning on nuScenes and SemanticKITTI validation sets.

nuScenes SemanticKITTI
Labeling Iter. Label coverage % mloU % ‘ Label coverage % mloU %
Lum = II(VLM(Z, T¢)) 0 75.8 39.3 154 25.5
Liim = TBC(Lyim) 0 74.1 39.9 6.7 26.3
L = ABC(Lyim) 0 63.7 45.1 11.9 28.1
Lag = TBC(ABC(Lyim)) 0 61.6 46.1 4.9 294
Lawgztim = comb(Layg, Lim) 0 61.9 46.6 5.0 314
Lagotim = comb(Laug, Liim) 1 100.0 46.8 100.0 33.6
Lagwim = comb(Layg, Lim) 2 100.0 47.5 100.0 344

Table 4. Quantity and quality of training labels computed on nuScenes and SemanticKITTI training sets. Note that some lidar points
are not visible from the cameras and that the VLM does not assign labels to all pixels. Moreover, while the 6 nuScenes cameras observe
the scene at 360°, the single camera of SemanticKITTI only covers about 1/4 of the lidar field of view. This explains the label coverage.

Pseudo-label analysis. In this section, we analyze both
the quantity and quality the data annotations used for train-
ing. The results are presented in Table 4 for nuScenes and
SemanticKITTI. We observe that the VLM struggles more
(lower mIoU) on SemanticKITTI than on nuScenes. Addi-
tionally, with each level of label refinement, the number of
labeled points decreases, but the quality of the labels im-
proves. Thanks to our iterative finetuning framework, we
are able to annotate the entire datasets after the first itera-
tion while maintaining a high annotation quality.

Comparison to SOTA zero-shot semantic segmentation.
In Table 6, we compare LOSC against SOTA annotation-
free methods. For SAL [19], no code is available and the
only reported metric is the mIoU on the panoptic segmenta-
tion benchmarks, which happens to slightly differ from the
mloU on the semantic segmentation benchmark in the case
of nuScenes (because of slightly different ground truths).

We thus report both mIoUgep,, and mIoUy,,, for the nuScenes
semantic and panoptic benchmarks, respectively.

LOSC outperforms the SOTA by +3.2 mloU pts on
nuScenes. It even outperforms methods that additionally
use images at inference time by +1.4 mloU point. The gain
over the SOTA on SemanticKITTI is +6.5 mloU points (but
only a couple of other methods evaluate on this dataset).

Note that we could not compare to LeAP [11], that eval-
uates with a specific protocol that is not fully described. In
particular, the class mapping from the original and classical
19 classes of SemanticKITTI to their 11 classes is ambigu-
ous and not provided in [1 1], while the code is not available.

Compared to some other approaches, we obtain those
SOTA results without resorting to any prompt engineering,
VLM tweaking, intricate architecture, complex training, or
use of images for inference. Besides, we only have very few
and robust parameters, which are the same for all datasets.



nuScenes SemanticKITTI
Method PQ RQ SQ PQ™ PQY mloUy, | PQ RQ SQ PQ™ PQY mloU
SAL [19] | 384 478 772 475 292 33.9 248 323 668 174 302 287
SAL-4D [35] | - - - - - - 308 - 769 255 34.6 -
LOSC  (ours)| 484 58.1 71.1 467 513 49.8 324 414 518 361 297 352

Table 5. Panoptic segmentation results on nuScenes and SemanticKITTI validation sets.

Method ‘ nuScenes ‘ SemanticKITTI
Wafflelron (full sup.) — [21] | 78.7 | 63.4
CLIP2Scene [7] 20.8 -
Towards VFMs [6] 26.8 -
AutoVoc3D w. LAVE [29] 30.6 -
AdaCo [39] 31.2 25.7
SAL [19] 339f 28.7
OV3D w/ OpenScene-3D [14] 45.5 -
GGSD [28] 46.1 -
LOSC (ours) 49.3 35.2
Method additionally using images at inference time
OpenScene - OpenSeg  [20] 42.1 -
AFOV [27] 479 -

Table 6. Semantic segmentation results on nuScenes and

SemanticKITTI validation sets. { indicates the panoptic mIoU,
which, in the case of nuScenes, slightly differs (< 1 pt in general)
from the classical semantic segmentation mloU otherwise reported
here (see appendix).

For instance, we set 7 to 1/3 but any value between 1/4
and 1/2 would have given equal or similar results for both
nuScenes and SemanticKITTI. Beyond these bounds, per-
formance would start dropping a bit.

We present in Figure 3 qualitative results on the
nuScenes and SemanticKITTI validation sets.

Comparison to SOTA zero-shot panoptic segmentation.
We further evaluate our method on the panoptic segmenta-
tion task, comparing it against previous annotation-free ap-
proaches in Table 5 for both nuScenes and SemanticKITTI.

To obtain our panoptic segments, we apply ALPINE [25]
on top of our semantic segmentation predictions. Given
the semantic segmentation maps, ALPINE projects points
into the BEV space, performs clustering by building a kNN
graph and extracts connected components. The method is
learning-free. Our method achieves a significant improve-
ment on the main panoptic metric, outperforming SAL by
+10 PQ points or more on both datasets. LOSC also outper-
forms SAL-4D on SemanticKITTI by nearly 2 PQ points,
with particularly significant improvement observed in in-
stance segmentation (PQ™).

Moving objects. The spatio-temporal consolidation
(TBC) assumes that voxel semantics remains constant over
time. This is true for the static part of the scene, which

represents most of the points. However, it may not be true
for moving objects. Yet, there is no issue when an empty
area is traversed by a moving object: in corresponding
voxels, there are no points before the traversal, some
points during the traversal, and again no points afterwards.
Therefore, voxel-based voting still makes sense.

An actual issue occurs only when two different objects
traverse the same empty space, and then only in one par-
ticular case: if the objects belong to different classes (e.g.,
car and bicycle) and if the object speed and frame rate are
such that points from different objects are actually scanned
within the same voxel. Given the distribution of moving
object classes (a vast majority of cars), the low frame rate
(2Hz for nuScenes, 10 Hz for SemanticKITTI), and the
small voxel size (10 cm), this happens rarely.

In other words, while dynamic environments can in the-
ory break the voxel semantic consistency, they rarely do so
in practice. The fact is, LOSC outperforms all other meth-
ods while the evaluation datasets do include moving objects.
Moreover, if needed, time consistency for moving objects
can be improved by cutting sequences into smaller sections.

5. Conclusion

Our work shows it is possible to transfer the image segmen-
tation capability of an off-the-shelf open-vocabulary 2D-
based VLM, used in a black box manner, in order to seg-
ment 3D lidar scans and largely outperform the SOTA. Be-
sides, compared to the bells and whistles of existing ap-
proaches, our method is relatively simple and relies on very
few and little-sensitive parameters.

Our approach is not bound to 2D VLMs. It could be also
applied to any strong 2D semantic segmenter trained with
full-supervision, alleviating the need for 3D annotation.
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Figure 3. Qualitative results of semantic segmentation from the validation sets of nuScenes and SemanticKITTI. The color code used to
represent each class is provided in Supplementary Material. A typical error with LOSC on both datasets is a confusion between different
types of flat surfaces such as road/driveable surface, sidewalk and terrain. In SemanticKITTI, trunks are also systematically included in
vegetation rather than considered as a separate class. These observations are consistent with the quantitative class-wise results provided in
Supplementary Material.
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