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Abstract

Image instance segmentation is a fundamental research topic
in autonomous driving, which is crucial for scene understand-
ing and road safety. Advanced learning-based approaches of-
ten rely on the costly 2D mask annotations for training. In
this paper, we present a more artful framework, LiDAR-
guided Weakly Supervised Instance Segmentation (LWSIS),
which leverages the off-the-shelf 3D data, i.e., Point Cloud,
together with the 3D boxes, as natural weak supervisions for
training the 2D image instance segmentation models. Our
LWSIS not only exploits the complementary information in
multimodal data during training, but also significantly re-
duces the annotation cost of the dense 2D masks. In de-
tail, LWSIS consists of two crucial modules, Point Label As-
signment (PLA) and Graph-based Consistency Regulariza-
tion (GCR). The former module aims to automatically as-
sign the 3D point cloud as 2D point-wise labels, while the
latter further refines the predictions by enforcing geometry
and appearance consistency of the multimodal data. More-
over, we conduct a secondary instance segmentation annota-
tion on the nuScenes, named nuInsSeg, to encourage further
research on multimodal perception tasks. Extensive experi-
ments on the nuInsSeg, as well as the large-scale Waymo,
show that LWSIS can substantially improve existing weakly
supervised segmentation models by only involving 3D data
during training. Additionally, LWSIS can also be incorporated
into 3D object detectors like PointPainting to boost the 3D de-
tection performance for free. The code and dataset are avail-
able at https://github.com/Serenos/LWSIS.

Introduction
Instance Segmentation (He et al. 2017; Chen et al. 2019;
Tian, Shen, and Chen 2020; Kirillov et al. 2020; Chen et al.
2020; Zhang et al. 2021) aim to recognize distinct instances
of objects in an image by predicting pixel-level category and
instance identity, which has benefited a wide range of appli-
cations such as robotics and autonomous driving. Popular
image segmentation models (He et al. 2017; Tian, Shen, and
Chen 2020; Chen et al. 2017) are often trained by pixel-level
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Figure 1: The basic idea of our LWSIS on nuInsSeg dataset.
The first row shows the raw point clouds, the second row
illustrates the assigned point label via the PLA module,
and the third row demonstrates the segmentation results.
Our LWSIS is trained without any mask annotations.

mask label. However, obtaining such fine-grained annota-
tions can be very expensive and time-consuming, especially
for self-driving vehicles, which typically require millions
of training samples. In contrast, weakly supervised instance
segmentation (Tian et al. 2021; Lan et al. 2021; Cheng,
Parkhi, and Kirillov 2022; Lee et al. 2021; Wang et al. 2021),
which tends to leverage cheaper and readily available anno-
tations, has attracted increasing attention.

Several efforts have been made on the weakly supervised
instance segmentation by utilizing box-level (Song et al.
2019; Tian et al. 2021) and point-level (Bearman et al. 2016;
Cheng, Parkhi, and Kirillov 2022) annotations. However, all
these works focus on the single-modal weak supervision. In
fact, advanced self-driving vehicles are often equipped with
both LiDAR and camera sensors to accurately capture the
3D and 2D scenes. Therefore, a smart way is to inherit the
fruit of off-the-shelf LiDAR data and box annotations that
are available on most autonomous driving datasets (Geiger,
Lenz, and Urtasun 2012; Caesar et al. 2020; Sun et al. 2020),
as well as to explore the multimodal weak supervision. This
can largely save the annotation cost, eliminating the require-
ment of additional 2D mask-level annotations. Besides, by
mining the geometrical information in 3D point cloud, the
image segmentation results can be further improved. Our ba-
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sic idea is illustrated in Fig. 1.
The main challenge in learning multimodal model is that

the point clouds are relatively sparse and noisy, and the inac-
curate calibration between LiDAR and camera sensors will
corrupt the model performance. To address this, we propose
a novel method that artfully mines the clues in LiDAR point
cloud to guide the learning of Weakly Supervised Instance
Segmentation (LWSIS) in images. Our LWSIS relies on two
key ingredients: Point-wise Label Assignment (PLA) mod-
ule and Graph-based Consistency Regularization (GCR)
module, where the former module is used to assign LiDAR
point cloud as point-wise pseudo annotations for the images
and the latter module aims to further penalize incorrect seg-
mentation predictions. More specifically, PLA contains four
necessary steps to convert the LiDAR point cloud to point-
wise pseudo labels, which are point cloud projection, depth-
guided point refinement, label assignment and label propa-
gation. To mitigate the confirmation bias of PLA, our GCR
further enforces consistency regularization on the undirected
graph built up on point cloud similarity. Our core idea is that
3D points with similar geometric and appearance features
should have the same labels. Consequently, the instance seg-
mentation model can be jointly optimized by the point-wise
pseudo-labels generated by PLA and the graph-based regu-
larization term given by GCR.

Moreover, our LWSIS is also a plug-and-play module that
can be readily incorporated into existing weakly supervised
instance segmentation models (Tian et al. 2021; Cheng,
Parkhi, and Kirillov 2022) as an auxiliary training task to
improve the model’s capability, requiring no extra network
parameters and computation during inference. Since few
self-driving datasets have provided accurate pixel-level in-
stance segmentation labels that are synchronized with the
3D annotation due to the heavy annotation burden, we fur-
ther contribute a secondary annotation for image instance
segmentation based on nuScenes (Caesar et al. 2020), and
name it as nuInsSeg. We adopt an efficient semi-automatic
labeling method with human refinement to keep the seg-
mentation at a high quality. nuInsSeg extends the nuScenes
dataset with a large amount of 2D segmentation labels for
947K object instances. This also ensures an accurate and fair
evaluation of our method with existing 2D instance segmen-
tation models.

To summarize, we present a novel learning paradigm, LW-
SIS, that inherits the fruits of off-the-shelf 3D point cloud to
guide the training of 2D instance segmentation models. This
removes the dependency on mask-level image annotations.
To our best knowledge, this is the first work that explores the
multimodal weakly supervised instance segmentation. To re-
alize this, the Point Label Assignment (PLA) module and
the Graph-based Consistency Regularization (GCR) mod-
ule are presented. Furthermore, We advocate a new dataset
nuInsSeg based on nuScenes to extend existing 3D LiDAR
annotations with 2D image segmentation annotations. The
broad effectiveness of our LWSIS is demonstrated on the
nuInsSeg and Waymo datasets. It shows our model is su-
perior to other weakly supervised approaches and even sur-
passes the fully supervised models. The proposed LWSIS can
also be readily applied to current 3D object detectors like

PointPainting (Vora et al. 2020) to further improve the 3D
detection performance for free. We hope our LWSIS and
nuInsSeg could help researchers to conduct better studies on
multimodal perception in autonomous driving scenarios.

Related Works
Weakly supervised instance segmentation aims to extract ob-
jects with simple and cheap annotations such as image-level
tags (Ahn, Cho, and Kwak 2019; Cholakkal et al. 2019; Ge
et al. 2019), points (Cheng, Parkhi, and Kirillov 2022; Lee,
Kim, and Sull 2021), scribble (Tang et al. 2018) and bound-
ing box (Tian et al. 2021; Arun, Jawahar, and Kumar 2020;
Khoreva et al. 2017; Hsu et al. 2019; Lee et al. 2021) instead
of expensive pixel-level annotations.

For methods using point annotations, PointSup (Cheng,
Parkhi, and Kirillov 2022) proposes to use bounding box
and random sampled points as segmentation annotations.
It achieves performance close to 95% of fully supervised
methods on large-scale COCO dataset. For methods su-
pervised by bounding box annotations, BBTP (Hsu et al.
2019) proposed the first end-to-end trainable method with
box supervision. They propose multiple instance learning
(MIL) formulation to leverage tightness property of bound-
ing box which assumes that a crossing line within a box will
cover at least one pixel of the object. BBAM (Lee et al.
2021) used the attribution map from trained object detec-
tor which highlights the object regions. BoxInst(Tian et al.
2021) is a state-of-the-art box-supervised instance segmen-
tation method which supervises the mask branch by a projec-
tion loss and a pair-wise similarity loss. Further, some meth-
ods introduce auxiliary tasks (Wang et al. 2021; Lan et al.
2021) to improve performance. BoxCaseg (Xu et al. 2021)
takes both salient images and box annotations as supervision
to perceive accurate boundary information. DiscoBox (Lan
et al. 2021) is a multi-task method to solve instance segmen-
tation and semantic correspondence simultaneously through
weakly supervised joint training.

Basically, all above approaches are single-modal weakly
supervised models. In this work, we make the first effort
for multimodal weakly supervised instance segmentation
model. It can bring further improvement to many existing
weakly supervised models, and even surpass some fully su-
pervised models like CondInst.

The Proposed LWSIS Method
There are several advantages of exploring the multimodal
weakly supervised segmentation model. First, the LiDAR
point cloud has perceived the geometric shapes of inter-
ested objects and the projection of these points can serve
as a natural supervision signal for training the image seg-
mentation models. This also removes the need for additional
2D mask annotations. Second, the 2D image segmentation
models could exploit the 3D geometrical features provided
by the point cloud, to further improve the segmentation per-
formance. Third, the obtained weakly supervised segmen-
tation model can in turn promote 3D perception tasks like
LiDAR-based object detection (Yin, Zhou, and Krahenbuhl
2021; Shi et al. 2020; Yin et al. 2021, 2022a,b; Meng et al.
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Figure 2: The overall architecture of our approach. The top image branch is an off-the-shelf weakly supervised instance seg-
mentation model. The bottom branch is LWSIS which converts LiDAR point cloud into supervision for the image segmentation.

2020; Wang et al. 2023), through multimodal fusion. As for
the 3D annotations, we just consider the ones that are al-
ready available in most datasets such as KITTI, nuScenes
and Waymo, rather than annotating 3D data specifically for
this 2D segmentation task. From a 3D perspective, the re-
sulting 2D segmentation models can be seen as a free gift.
All these merits motivate us to devise LWSIS.

The overview of our LWSIS is illustrated in Fig. 2, which
consists of an image instance segmentation branch (top) and
a point cloud weak supervision branch (bottom). Since our
method can be readily integrated into off-the-shelf weakly
supervised models, we choose BoxInst (Tian et al. 2021)
and PointSup (Cheng, Parkhi, and Kirillov 2022) as exam-
ples in the top branch, which can produce initial instance
segmentation predictions. Then, in the bottom branch, we
convert LiDAR point cloud into weak supervision for opti-
mizing the image instance segmentation predictions. To this
end, we design the Point-wise Label Assignment Module
(PLA) module and Graph-based Consistency Regularization
(GCR) module. The PLA module takes LiDAR point cloud
and 3D bounding boxes as the input and outputs the point
pseudo labels for images. The GCR module exploits the sim-
ilarity between neighboring points by a graph and regular-
izes the mask predictions with a consistency loss. Next, we
detail the design recipes of these modules.

Point-Wise Label Assignment Module
In order to take full advantage of the LiDAR point cloud, we
design the PLA module to automatically assign each point
a pseudo annotation to train the image segmentation model.
To achieve this, the first step is to project the point cloud to
the image plane. However, we find the parallax of the Li-
DAR sensor and the camera sensor will cause misalignment
during the projection. Thus, a depth-guided refinement mod-

Figure 3: The overview of the PLA module. It takes as in-
put (a) the point cloud and 3D box, and then projects them
to (b) the camera coordinates, where the point color in (b)
and (c) indicates the depth. The orange box in (b) shows the
‘noisy’ points caused by the inconsistent heights of LiDAR
and camera, e.g., the occluded points appear on the car. In
(c), a depth-guided refinement method is designed to filter
out these ‘noisy’ points. Finally, we assign (d) the rectified
points as foreground (red) and background (yellow) labels.

ule is introduced to filter these noisy points. Then, we use a
heuristic rule to assign the each refined point a binary label
that represents the foreground or background. Finally, we
further propagate these point-wise labels to neighbor pix-
els with similar features to provide dense supervision. The
overview of the PLA is shown in Fig. 3.

Point Cloud Projection. The point cloud with N points
in 3D space can be represented in homogeneous coordi-
nate system as P3d ∈ RN×4. The transformation matrix
T(c←l) ∈ R4×4 is used to project the point cloud from the
LiDAR system to the camera system. Then we introduce the
camera matrix M ∈ R3×4 to conduct the transformation
from the camera to the image plane. Finally, the transforma-
tion from point cloud to image can be formulated as:

PT
2d = MT(c←l)P

T
3d (1)
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where PT
2d ∈ RN×3 is the projected point cloud in homoge-

neous coordinates.

Depth-Guided Point Refinement. In practical applica-
tion of advanced self-driving vehicles, the LiDAR sensor is
often installed at a higher position than the camera, which
will lead to the parallax of the two sensors. As shown in
Fig. 3(b), some projected points (e.g., the orange point) are
actually from the objects behind the car but are still visible
on the car in the image space. This will cause noisy supervi-
sion signals in the label assignment process. To tackle this,
we design the depth-guided point refinement method to re-
move these noisy points according to the assumption that the
depth variation of an object should be smooth without a gra-
dient cliff, i.e., a point with larger depth will be viewed as a
noisy point if its neighbor points all have smaller depth.

To be specific, given the projected 2D points P2d on the
image space, we first record the depth value of at each pro-
jected pixel to get a sparse depth map D ∈ RH×W , where H
and W is the size of the image. The pixel positions without
projected points will be set to 0. Then, a 2D sliding win-
dow with a certain step size is utilized to process the depth
map and remove the noisy points in each window. Specif-
ically, the points inside each window are divided into two
sets Pnear,Pfar, according to the relative depth:

Pnear = {p(x, y)|d(x, y)− dmin

dmin
< τdepth

d(x, y) ̸= 0, ∀(x, y) ∈ W ∈ R2 }
(2)

where p(x, y) indicates the projected point at the pixel posi-
tion (x, y) that falls within the local window W , and τdepth
is the pre-defined depth threshold that will remove points
with relatively large depth. d(x, y) denotes the depth value
at pixel position (x, y), and dmin, dmax are the minimum
and maximum depth value within the window W . Similarly,
we can get Pfar if the relative depth exceeds τdepth. How-
ever, not all the distant points are necessary noise points.
Thus we further calculate a minimum enclosing box formed
by Pnear. The intuition is a valid point should have similar
depth with its neighbor points. This can be denoted as:

Pnoise = {p(x, y)|x ∈ [xmin, xmax],

y ∈ [ymin, ymax], ∀p(x, y) ∈ Pfar}
(3)

where xmin, xmax, ymin, ymax are the maximum and mini-
mum values of points of the x and y axes in Pnear. Finally,
the 2D points after refinement can be formulated as:

Prefine = Pnear ∪ Pfar \ Pnoise (4)

Label Assignment. Here we introduce how to generate
positive and negative point-wise labels. In particular, accord-
ing to the positional relationship between the point cloud and
the 3D detection bounding boxes, the Prefine is further di-
vided into two sets Pin and Pout. Since Pin contains points
inside a 3D box, a nature idea is to define Pin as positive
samples that represents foreground objects. Regarding Pout,
since its point number is extremely large, we only retain
a subset of Pout as negative samples, e.g., we reserve the
points around Pin as hard examples. This also essentially
ensures the balance of positive and negative samples.

More specifically, we first project the 8 vertexes of the 3D
box to the image coordinates and then calculate the mini-
mum enclosing rectangle b ∈ R4×2, which can be regarded
as a relaxed 2D bounding box. Then, we only keep the points
inside b from Pout and denote the resultant points set as
P ′

out. The point-wise pseudo label is then given by:

l(pi) =


1 , if pi ∈ Pin

0 , if pi ∈ P ′

out
−1 , otherwise

∀pi ∈ Prefine (5)

where the binary label l(pi) determines the point pi to be
a positive or negative sample. To further facilitate the batch-
level learning during training, a fixed number of s points will
be sampled from Pin and P ′

out respectively with a certain
positive and negative sample ratio. If s < |Pin ∪ P ′

out|, we
will pad it by randomly sampling other point cloud through
a Gaussian distribution. In this way, we obtain s points as
the pseudo segmentation labels.

Label Propagation. Since the sampled points are in-
evitably sparse due to the nature of point cloud, we further
propagate these pseudo labels to neighbor pixels with simi-
lar feature to provide dense supervision:

l(pi) =

{
l(pc) , if exp(−f(pi)f(pc)) > τd
−1 , otherwise

(6)

where l(pi) is the assigned pseudo label for pi ∈ Npc , the
neighbor pixels of candidate point pc. f(p) ∈ RC means the
image feature at position p that is extracted from the back-
bone. τd is the similarity threshold, i.e., we propagate the
label of pc to its neighbors only when the image feature sim-
ilarity exceeds τd. This leads to an enlarged set of pseudo
point labels of number S.

Point-Wise LiDAR Loss. Instance segmentation models
output mask-level predictions on regular grids, which can be
represented as M ∈ Rh×w, where h,w is the prediction res-
olution. In our framework, we aim to optimize this mask pre-
diction on S pixel positions {p1, ..., pS}, which are obtained
by downsampling the S pseudo point labels to the prediction
resolution. The prediction m̃(ps) ∈ M on each sampled po-
sition ps is approximated via bilinear interpolation. Finally,
the point-wise binary cross-entropy loss for each instance is
formulated as:

Lp = −
S∑
s

ls log m̃(ps) + (1− ls) log(1− m̃(ps)) (7)

where ls is the assigned pseudo label at ps.
Compared with other weakly supervised solutions like

BoxInst and PointSup, where the supervision is either rough
box or randomly sampled points, our PLA module bene-
fits from the geometry information of point cloud, e.g., the
points are naturally distributed over the surface of an ob-
ject instance. As the supervision signal is applied over these
points, their receptive fields are more likely to cover the
whole object, thus gaining better segmentation results.

1436



Graph-Based Consistency Regularization
Although the PLA can produce refined pseudo labels, in-
correct labels may still exist due to two reasons. 1) System
error caused by calibration noise. For example, we observe
that 3D points on the edge of a target may be projected to
the background area in the image plane. 2) On target sur-
faces with low reflectivity such as the car windshield, the
lasers are more likely to penetrate the surface and hit the
background area. As a result, the PLA module will assign
inaccurate pseudo labels to these areas. To reduce the impact
of these incorrect pseudo labels, we design GCR to further
regularize the predictions of instance segmentation.

Graph Construction. Given the point set Prefine gener-
ated by the PLA module, we first construct a graph G =<
V,E >, where the vertex set V is Prefine and the edges E
is weighted by the sum of image and geometry similarity as
follows:

Wij = w1Simg(i, j) + w2Sgeo(i, j) (8)

where w1 and w2 are the weighting coefficient. Simg(i, j)
and Sgeo(i, j) are the similarities between pi and pj in
2D image semantic space and 3D geometry space, respec-
tively. For the image feature, we adopt the feature map
F ∈ RH×W×C extracted from the CNN backbone pre-
trained on the ImageNet (Deng et al. 2009). Then, the point-
wise feature is obtained by performing bilinear interpolation
on F , which can be denoted as f(p) ∈ RC . Then, the point-
wise image feature similarity between pi and pj can be mea-
sured as follows:

Simg(i, j) = f(pi)
T · f(pj) (9)

Since we have the correspondence between the 3D points
and the projected pixels. Thus, given the 2D points set
Prefine ⊂ R2, we can obtain their 3D point coordinates
P3d ⊂ R3 . Then, we use normalized Euclidean distance to
calculate the similarity between points:

Sgeo(i, j) = exp(−
∥pi3d − pj3d∥2

m
+ 1) (10)

where m is the normalization constant and the ∥ · ∥2 is the
l2-norm. Then, we use a weighted sum to calculate the final
similarity as in Eq. 8. Appearance feature is easily affected
by occlusion and light various while geometry feature may
fail due to long distance and calibration noise. Leveraging
the complementary perspectives in multimodal data effec-
tively enhances the model and gives more robust predictions.

Consistency Regularization. Previous studies in semi-
supervised learning indicates that points on the same struc-
ture (e.g., typically referred to as a cluster or manifold) are
more likely to have the same label (Zhou et al. 2003). To this
end, we regularize the points with high similarity measured
by Eq. 8 to share the same label.

Specifically, we first define a threshold τ , where the edges
with similarity above τ will be set to 1 and otherwise 0:

eij =

{
1 , if Wij > τ
0 , otherwise

(11)

where eij ∈ E. In this way, the edge of graph G repre-
sents the label consistency between two nodes. Then, we at-
tempt to enforce the network to yield consistent predictions
according to graph G.

Let m̃(p) ∈ (0, 1) denote the prediction value at the posi-
tion p, the graph-based regularization means that if the edge
eij is 1, the prediction between m̃(pi) and m̃(pj) should be
as close as possible. Then, the consistency loss can be in-
stantiated a cross-entropy loss:

Lg = − 1

N

N∑
i=0

N∑
j=0

eij logP (m̃(pi) = m̃(pj)) (12)

where N = |V | and P (·) is the probability. P (m̃(pi) =
m̃(pj)) is given by m̃(pi) ·m̃(pj)+(1−m̃(pi)) ·(1−m̃(pj)
to describe the consistency. We find that the consistency loss
can enforce semantically similar points to have the same pre-
dictions, leading to smoother segmentation results.

The final loss is then formulated as the combination of the
two losses, i.e., L = Lp + Lg , where Lg is the consistency
regularization loss and Lp indicates the point-wise LiDAR
loss in the PLA module.

Experiments
The nuInsSeg Dataset
To ensure an accurate and fair evaluation for our LWSIS and
existing instance segmentation models under autonomous
driving scenarios, 2D instance segmentation annotations are
required and they should be consistent with the 3D bound-
ing box annotations. To this end, we build the instance seg-
mentation annotation for the nuScenes (Caesar et al. 2020)
dataset and named it nuInsSeg. To our best knowledge,
nuInsSeg is the first dataset that jointly contains LiDAR
point cloud, RGB images, 3D bounding box, 2D bounding
box and manually annotated instance mask that is consis-
tent with the 2D and 3D box annotations. The comparison
analysis with existing datasets is shown in Table 2.

Next, we show the properties of nuInsSeg dataset. The
training set contains 789, 193 instance mask annotations
aligned to 3D bounding box annotations over 168,780 im-
ages and the validation set has 157, 879 mask annotations
over 36,114 images. The annotations cover 10 classes, which
is the same as nuScenes (Caesar et al. 2020) 3D detection
dataset. The number of instances and annotated piexls are
shown in Fig 4. By contrast, nuInsSeg has more instance
categories than Waymo (Sun et al. 2020) dataset and has
a quantitative advantage over nuimage (Caesar et al. 2020)
dataset.

Implementation Details
We conduct our experiment on the nuInsSeg and Waymo
datasets. We adopt a standard evaluation metric (He et al.
2017) of instance segmentation. It includes AP, AP50,
AP75 and APs, APm, APl (AP at different scale). In our ex-
periment, Mask R-CNN (He et al. 2017) and CondInst (Tian,
Shen, and Chen 2020) are implemented using the official
codebase without modification. We train the model for 90K
iterations with batch size 16 on 4 NVIDIA Tesla V100 GPUs
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Supervision Model Backbone AP AP50 AP75 APs APm APl

Fully Sup.
Mask R-CNN(He et al. 2017) ResNet50 47.55 68.24 51.98 18.14 45.35 64.88

ResNet101 49.14 69.99 53.92 18.83 46.80 66.91

CondInst(Tian, Shen, and Chen 2020) ResNet50 44.88 67.17 47.53 14.01 42.85 62.26
ResNet101 46.88 68.23 50.36 14.49 45.47 67.44

Weakly Sup.

PointSup(Cheng, Parkhi, and Kirillov 2022) ResNet50 43.80 66.05 46.62 16.74 41.62 59.57
LWSIS+PointSup 45.46(+1.7) 66.74 49.01 18.10 43.76 60.70

PointSup(Cheng, Parkhi, and Kirillov 2022) ResNet101 44.72 66.15 48.17 16.72 42.69 60.73
LWSIS+PointSup 46.17(+1.4) 67.75 49.92 18.96 44.27 61.36

BoxInst(Tian et al. 2021) ResNet50 33.40 62.61 32.03 11.08 31.98 50.21
LWSIS+BoxInst 35.65(+2.3) 64.24 35.64 11.41 33.75 53.75

BoxInst(Tian et al. 2021) ResNet101 34.18 63.87 32.55 11.43 32.69 49.98
LWSIS+BoxInst 36.22(+2.0) 65.22 36.27 11.49 34.05 54.64

Table 1: Compared with state-of-the-art methods on nuInsSeg val dataset. Fully Sup. means methods with fully mask supervi-
sion while Weakly Sup. means using weakly supervision. The PointSup (Cheng, Parkhi, and Kirillov 2022) uses 10 annotated
points and bounding box for each instance as supervision while BoxInst (Tian et al. 2021) only use bounding box.

Dataset Inst. Annotation Coh.2D Box 3D Box Mask
KITTI 80K ✓ ✓ - -

ApolloScape - - ✓ ✓ -
A2D2 43K ✓ ✓ - -
DVPS - - - * ✓

KITTI-360 68K ✓ ✓ * ✓
Waymo 12M ✓ ✓ ✓ -
ONCE 417K - ✓ - -

nuInsSeg 947K ✓ ✓ ✓ ✓

Table 2: Comparison with other autonomous driving
datasets. ’*’ means these instance masks are not manually
annotated. ’Coh.’ means if the 3D annotations are consistent
with the 2D ones for each instance.

Supervision Model Backbone AP

Fully Sup. Mask R-CNN ResNet50 43.78
CondInst 43.07

Weakly Sup. BoxInst ResNet50 34.53
LWSIS+BoxInst 37.77(+3.2)

Table 3: Performance of LWSIS on Waymo val dataset.

for both datasets. We adopt ResNet-50 and ResNet-101 pre-
trained on ImageNet (Deng et al. 2009) as backbones.

Experimental Results
Main Results Our method is compared with competitive
fully and weakly supervised instance segmentation meth-
ods on nuInsSeg and Waymo (Sun et al. 2020) dataset. As
shown in Table 1, with the same ResNet-50-FPN backbone,
our LWSIS applied to BoxInst can improve the baseline by
2.2% mask AP and 3.5%APl. With ResNet-FPN-101 back-
bone, LWSIS can improve the baseline by 2.0% and 4.6%
APl. Also, with stronger backbone, the performance of LW-
SIS can be further improved. When we adapt to the setting
of PointSup, which utilizes several points as the supervision,
our LWSIS can also achieve much better performance. It is
well worthy mentioning that our weakly supervised model
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Figure 4: (a) Number of annotated instances for different
datasets. (b) Number of finely annotated pixels.

based on PointSup even outperforms the fully supervised ap-
proach CondInst by 0.6% AP (45.46 vs 44.88 mAP). We also
achieve about 96% of a superior fully supervised method
MaskRCNN (45.46 vs 47.55 mAP).

To demonstrate the generalizability of our method, we
also conduct experiment on Waymo open dataset (Sun et al.
2020). More recently, Waymo has released 2D instance
segmentation labels for 692 sequences containing 61,475
images with segmentation labels. Since it has no corre-
spondence between 2D and 3D instance labels, an IoU-
based matching strategy is performed to match our setting.
As shown in Table 3, our method still improves the Box-
Inst (Tian et al. 2021) by 3.2% mAP on Waymo dataset.

Scale-Up for Weakly Supervised Training. Our method
can leverage more training data to improve the performance
of 2D instance segmentation at a low annotation cost, and
even outperforming the fully supervised models. For sim-
plicity, we use a certain proportion of the data with mask an-
notations from the nuInsSeg training set. The ‘Costs’ is mea-
sured by annotation time according to (Cheng, Parkhi, and
Kirillov 2022) which estimates the average manually anno-
tating time. They found that it takes 0.9, 7, 79.2 seconds to
label point, bounding box and polygon-based instance mask
respectively.

The blue line in Fig. 5 shows the mAP of Mask R-
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Methods mAP Car Truck Bus Trailer Ctr. Ped. Motor. Bicycle Tr.Cone Barrier
CenterPoint 56.7 85.1 54.0 65.8 35.6 14.3 84.3 55.1 39.0 67.9 66.3

Improved CenterPoint 62.2 86.3 58.5 65.6 38.4 19.1 86.7 66.8 55.7 76.3 68.7
Delta +5.5 1.2 4.5 -0.2 2.8 4.8 2.4 11.7 6.7 8.4 2.4

Table 4: 3D detection performance on nuScenes val dataset. Abbreviations: construction vehicle(Ctr.), pedestrian(Ped.) and
traffic cone(Tr.Cone). We improve CenterPoint with the 2D segmentation results predicted by our method.

GCRModel PLA Image Geometry AP AP50 AP75 APs APm APl

BoxInst - - - 33.40 62.61 32.03 11.08 31.98 50.21

Ours

✓ - - 34.77 63.85 33.90 10.28 31.53 55.43(+5.2)
- ✓ - 34.32 63.72 32.95 11.58 32.55 50.67
- - ✓ 34.15 63.30 32.85 11.93(+0.9) 32.67 49.97
✓ ✓ - 35.27 63.98 35.03 11.40 33.08 53.19
✓ ✓ ✓ 35.65(+2.3) 64.24(+1.6) 35.64(+3.6) 11.41 33.75(+1.8) 53.75

Table 5: Ablation studies of LWSIS by verifying each module on nuInsSeg val dataset.

CNN (He et al. 2017) vs. annotation costs of different pro-
portion of training data of nuInsSeg. Under the same anno-
tation costs, LWSIS based on PointSup method can achieve
10.8% mAP improvement over the fully supervised MASK
R-CNN. This indicates that our method will reduce the an-
notation costs by 60% to achieve same mAP (e.g., Mask R-
CNN needs 2.5 times the annotation cost of our model to
achieve 45.4 mAP).

Improving Downstream Tasks In Table 4, we show an
example that our LWSIS improves the performance of 3D
object detector. The experiment basically follows the imple-
mentation of PointPainting (Vora et al. 2020), which requires
a 2D segmentation network and a 3D object detector. In par-
ticualr, CenterPoint (Yin, Zhou, and Krahenbuhl 2021) with
VoxelNet (Yan, Mao, and Li 2018) backbone are adopted as
the baseline 3D detector, while LWSIS based on BoxInst are
used as the 2D segmentation network. First, the images are
passed through LWSIS to obtain pixel-wise category label.
Then, the LiDAR points are projected onto the images to
get the pixel-wise category results. Finally, the point cloud
with category label are fed to 3D detector to obtain improved
3D detections. This shows that with only LiDAR point cloud
and 3D box annotations, our method can further improve the
performance of 3D object detectors.

Ablation Study
Table 5 demonstrates the performance improvement of the
PLA module and the GCR module, where we choose Box-
Inst as our baseline. With the PLA module alone, the per-
formance is improved by 1.4% AP and by near 5.2% APl,
which shows that the supervision information produced by
the PLA module is especially effective for objects of large
scale. The two components of GCR module are better for
small and medium objects which proves that GCR module
can provide more accurate supervision with consistency reg-
ularization when the point cloud is sparse for distant object.
Also, mask AP can be further improved by 2.3% when PLA
and GCR are applied together which indicate that they can
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Figure 5: The mAP vs data labeling costs for different meth-
ods on nuInsSeg val dataset. The x-axis is the annotation
time for 10% ∼ 100% of the nuInsSeg train dataset.

provide complementary supervision information. The PLA
module takes advantage of pseudo point annotations from
LiDAR, while GCR explores the similarity between points
to correct some inaccurate point labels.

Conclusions
This paper proposed a new multimodal weakly supervised
instance segmentation framework, named LWSIS, which
tactfully exploits the 3D LiDAR point cloud as supervision
of 2D images. The core idea is to fully utilize the geometry
information of the point cloud to guide the training of 2D in-
stance segmentation models. The obtained 2D segmentation
models can also in turn help the learning of 3D perception
tasks by multimodal fusion. Our LWSIS is composed of two
crucial modules: PLA module and GCR module, which ex-
plicitly assign the point-level annotations and implicitly reg-
ularize the inaccurate predictions, respectively. Furthermore,
our nuInsSeg contributed instance segmentation annotations
based on nuScenes to the community. We expect our work
could encourage further research on multimodal perception
in the context of autonomous driving.
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