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Abstract

Object discovery, which refers to the task of localizing ob-
Jjects without human annotations, has gained significant at-
tention in 2D image analysis. However, despite this growing
interest, it remains under-explored in 3D data, where ap-
proaches rely exclusively on 3D motion, despite its several
challenges. In this paper, we present a novel framework that
leverages advances in 2D object discovery which are based
on 2D motion to exploit the advantages of such motion cues
being more flexible and generalizable and to bridge the gap
between 2D and 3D modalities. Our primary contributions
are twofold: (i) we introduce DIOD-3D, the first baseline
for multi-object discovery in 3D data using 2D motion, in-
corporating scene completion as an auxiliary task to en-
able dense object localization from sparse input data; (ii)
we develop xMOD, a cross-modal training framework that
integrates 2D and 3D data while always using 2D motion
cues. xMOD employs a teacher-student training paradigm
across the two modalities to mitigate confirmation bias by
leveraging the domain gap. During inference, the model
supports both RGB-only and point cloud-only inputs. Ad-
ditionally, we propose a late-fusion technique tailored to
our pipeline that further enhances performance when both
modalities are available at inference. We evaluate our ap-
proach extensively on synthetic (TRIP-PD) and challenging
real-world datasets (KITTI and Waymo). Notably, our ap-
proach yields a substantial performance improvement com-
pared with the 2D object discovery state-of-the-art on all
datasets with gains ranging from +8.7 to +15.1 in F1Q50

score .

1. Introduction

Object detection has been extensively explored, leading to
fast, high-performance approaches [4, 26, 27]. However,
these methods adopt a fully supervised setting that suffers
from high annotation costs and makes them impractical for
scaling with the increasing data needed for better general-

!Code available upon acceptance

ization. Additionally, this setting is limited to detecting spe-
cific semantic categories, which poses challenges in identi-
fying out-of-distribution instances and rare categories. Ob-
ject discovery has thus emerged as an unsupervised alterna-
tive to the localization component of object detection. It fo-
cuses on localizing objects within images or videos without
explicit prior knowledge provided by human annotations.
Interest in this task continues to grow in the 2D modality
[2, 15, 28, 30] driven by the presence of object patterns for
free within low-level and automatically acquired modalities
(motion [1, 17], depth [10], etc), resulting in interesting per-
formances. Moreover, the class-agnostic nature of object
discovery and its reliance on low-level signals allow for a
broader application, built around general definitions of ob-
jects, such as salient objects [31, 38] and objects that can
move [1]. These properties address the limitations of the
fully supervised setting. In contrast, these advances are not
mirrored enough in the 3D modality where only 3D motion
cues are explored despite being sparse and demanding ex-
tensive fine-tuning with changing domains.

In this work, we show that 3D object discovery (3DOD)
can largely benefit from advancements achieved in the 2D
modality. Specifically, we adapt the recent motion-guided
2D object discovery (2DOD) approach in [15] to accom-
modate 3D data, using the same 2D motion masks. Object
discovery being unsupervised, it typically includes a recon-
struction pretext task as a powerful regularization method.
In the real-world scenario, we discovered that the inherent
sparsity in LiDAR data (i.e. missing data points and poor
spatial resolution) makes 3DOD challenging, leading to in-
complete object segments. We thus propose scene comple-
tion as a more suitable pretext task for 3DOD. Specifically,
we encourage the prediction of a denser point cloud, which
helps avoid propagating the input sparsity to the predicted
object masks.

Subsequently, we aim to ensure that the transition to 3D
is not disconnected from the 2D data, which is rich in com-
plementary information such as colors and textures. To this
end, we propose bridging the two modalities by jointly op-
timizing the tasks of 2D and 3D object discovery, while al-
ways using the same 2D motion cues. The effectiveness of
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distillation for object discovery has been demonstrated in an
intra-modal setting [15], where it progressively reintegrates
discovered objects into the supervision set and eliminates
noisy pseudo-labels, enhancing robustness. In our work, we
explore distillation in a cross-modal setting. To achieve this,
we design two teacher-student systems, one for each modal-
ity, and establish interactions between the four models us-
ing objective functions that enable the student model of one
domain to be supervised by the teacher model of the alter-
nate domain. Advantageously, our approach increases the
robustness of the system when a modality becomes inop-
erative due to a difficult environment, such as night scenes
for a camera (2D-blind) or the absence of reflections for a
3D sensor (3D-blind). This process also leverages the do-
main gap between the student and teacher models, as each
receives inputs from a distinct modality, reducing the risk
of confirmation bias.

During inference, our method can accommodate 2D
only, 3D only and multi-modal inputs, depending on the
application and available sensors. In the multi-modal set-
ting, we explore the consistency between both modalities as
a source of reliability in multi-sensor applications, consid-
ering consistent predictions between the two modalities as
the most reliable object candidates.

In summary, (i) we propose a first baseline to solve mul-
tiple object discovery from point clouds using 2D motion
cues, with scene completion as a suitable pretext task for
3DOD; (ii) we design a cross-modal training framework,
based on 2D motion information, that integrates 2D and 3D
data to enable interaction between the two modalities, ad-
dressing modality-related difficult cases. Experiments con-
ducted on three datasets demonstrate that each modality
benefits significantly from cross-modal learning with the
alternate modality, validating the effectiveness of the pro-
posed approach.

2. Related Work
2.1. Object discovery in RGB images (2DOD)

Object discovery in 2D images/videos addresses the chal-
lenge of localizing instances of objects when human anno-
tations are unavailable. In RGB images, this task has sig-
nificantly benefited from advances in self-supervised learn-
ing [5, 25], which have led to the emergence of segmenta-
tion properties in learned representations [32]. Notably, DI-
NOSAUR [30] demonstrated that reconstructing those pre-
learned features enables self-supervised scene decomposi-
tion into objects.

Recently, 2DOD has achieved greater success in video
data, driven by the availability of motion information that
serves as a cue for object localization. Motion information
has been primarily incorporated into slot-attention-based
approaches, with slot-attention being the mechanism that

facilitates scene decomposition into objects within the la-
tent space of an auto-encoder architecture [21]. Motion is
integrated in various ways across different methods: SAVI
[17] learns to predict optical flow, focusing particularly on
the localization of moving objects. On the other hand,
VideoSAUR [44], a video version of [30], exploits semantic
similarity between image patches to predict their temporal
displacement, thus incorporating motion implicitly into the
learned representation. More explicitly, another research di-
rection [1, 2, 14, 15] leverages motion-derived segments,
highlighting moving objects, to guide slots’ learning; some
approaches also address noise in image backgrounds [14]
and the generalization from moving to static objects [15].

Although these methods demonstrated interesting results
for 2DOD, these advances along with the use of 2D motion
cues have not been exploited yet for both 3DOD and corss-
modal object discovery.

2.2. Object Discovery in 3D data (3DOD)

Compared to 2DOD, 3DOD is less explored [22, 24]. In
single images, it is typically limited to single-object local-
ization [39], while in sequential data, the primary approach
leverages 3D motion cues to identify only moving objects
[9, 24]. However, in LiDAR-based applications like road
scenes, ignoring stationary objects, such as stopped vehi-
cles, raises safety concerns. In an other category, Open-set
detection [6] generalizes to unknown objects but primar-
ily relies on highly-supervised closed-set detectors, while
vision-language methods [1 1] assume known or describable
classes of objects, which is more restrictive than general ob-
ject discovery. Other approaches [22, 37, 43, 45], while un-
supervised, mostly cluster 3D point clouds [22, 43] or scene
flow cues [37], requiring intensive tuning and heuristic-
based filtering of non-object regions [43]. Clustering in 3D
data is further challenged by LiDAR’s low resolution and
sparse points on distant objects.

In this work, we aim to extend advancements from
2DOD (Section 2.1) to the 3D domain. Similar to how 2D
object-centric learning offers a deep learning-based alterna-
tive to 2D clustering, this extension seeks to replace clus-
tering methods for 3D point clouds, which are sensitive to
parameters like object count and intra-object point density.
Our hypothesis is also that 3D data can, in turn, enhance
object discovery in 2D, thus the proposed cross-modal dis-
tillation framework.

2.3. Motion Cues for Object Localization

An important part of understanding a scene is modelling its
dynamics. This has motivated many works on motion es-
timation both in RGB images through optical flow estima-
tion (i.e. the pixel displacement between successive frames)
[33, 35, 40] and in 3D by estimating 3D displacements of
each point, known as scene flow [18, 20, 23]. Motion in-
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formation has notably served as a cue for the presence of
objects of interest: moving objects [8], objects capable of
moving [ 1], etc. For instance, in [29] which addresses semi-
supervised segmentation of moving objects in point clouds,
scene flow is employed to localize mobile objects. Con-
versely, 2D methods utilize optical flow for scene analysis
[41, 42].

In this work, the choice of using 2D-derived motion cues,
instead of 3D scene flow offers several advantages: (i) It
avoids the need for pre-processing steps like ground re-
moval in point clouds, a common requirement in clustering-
based methods [3] that entails additional hyper-parameter
tuning. Recent advances in video object discovery (2.1)
handle this automatically, even filtering out other perma-
nently static regions such as buildings. (ii) Using the 2D
domain as the source for pseudo-labels, rather than point
clouds, helps reduce errors associated with the low reso-
lution of LiDAR data, particularly on distant objects. (iii)
Finally, leveraging 2D-derived supervision to solve 3DOD
opens the perspective of using the vast resource of founda-
tion models emerging rapidly in the 2D domain [7, 19], and
transferring this knowledge into the 3D space.

3. Method

Our method consists of two main components (Figure 1).
First, we introduce an approach for multi-object discovery
from 3D data based on 2D motion, which we call DIOD-
3D. Next, we design a cross-modal distillation framework
(xXMOD) that enables interaction between two branches,
xMOD (2D) and xMOD (3D), which process 2D and 3D
data, respectively, and generate pseudo-labels for the alter-
nate modality. In the following sections, we first outline the
2DOD method that forms the foundation of our approach,
before describing the two distinct aspects of our work.

3.1. Context: distilled motion-guided slot attention
for 2D object discovery

The objective is to utilize automatically acquired motion in-
formation to localize mobile objects; and to generalize to
other static objects within the same semantic category [1].
A recent approach specifically addresses the challenge of
generalization by proposing a method that first uses as tar-
gets pseudo-labels for mobile objects, generated from op-
tical flow. Leveraging these pseudo-labels, a distillation
framework is employed to gradually expand the pseudo-
labels set to include static objects identified by the model,
thus covering all instances within the semantic category of
interest [15]. Specifically, during an initial burn-in phase,
the model processes a sequence of T frames to generate a
video representation H® € hxwx D ateach timestep ¢. The
features H are distributed across K slots (queries) through
an attention module in two main steps: i) Attention weights
W are computed between H* and the set of slots from the

previous timestep as W' = %k(Ht) -q(St1) € RVXK,

i) Slots S! are updated as WtTv(Ht), where v, k, and ¢
are three learnable projections and N = h X w [36]. To en-
able objects activation within the attention maps, these are
supervised using a set Mop = {m; € {0,1}"*% : [ €
{1,...,L}} of pseudo-labels extracted from optical flow
[1], with L being the number of pseudo labels available for
a given image. These masks are aligned with the model-
generated attention maps through Hungarian matching. The
background class is isolated within a specific attention map
Wiy using a negative log-likelihood loss function, as de-
scribed in [14]. Following the burn-in, the model enters
a distillation phase where it is duplicated into teacher and
student models. The student model learns to discover ob-
jects through gradient back-propagation, while the teacher
model is updated as an exponential moving average (EMA)
of the student, ensuring gradual refinement of model ca-
pabilities. Notably, during the burn-in phase, the teacher
model learns to generalize from moving objects to static ob-
jects within the same category through semantics. Distilla-
tion then allows both moving and static objects extracted
from the teacher model to be presented as targets to the
student model. Specifically, any connected region in one
teacher’s attention map W is identified as a candidate ob-
ject and, if it passes a confidence test, is added to the tar-
gets for supervising the student model. For supervision, a
weighted Binary Cross-Entropy (BCE) loss function is em-
ployed, where weighting is based on the confidence asso-
ciated with each object segment. Alongside the teacher’s
predictions, the motion pseudo-labels continue to be used
during the distillation phase and act as a regularization.

3.2. 3D Object Discovery

The inherent sparsity in 3D data is a challenge for tasks like
object detection, in particular in the unsupervised setting of
object discovery, where detailed and complete input infor-
mation is crucial. Additionally, directly processing raw 3D
data requires more complex and computationally intensive
algorithms. To address this, 2D projections of point clouds
are used to transfer data into a denser grid-structured space,
manageable by efficient 2D models.

3.2.1. DIOD-3D: our approach for 3D Object Discovery

For each scene, the corresponding LiDAR-generated point
cloud (i.e. a set of 3D points) is projected into 2D
using a front-view projection, as shown in Figure 1.
Let I, € RH'*W'*4 be the projected 2D image ma-
trix for a given scene. Each pixel in Iy contains
four channels: va(i,j) = (Xij;YijaZijadij) fori €
{1,...,H'}andj € {1,...,W'}, with d being the dis-
tance of the projected points from the RGB camera origin.
The pixel (7, ) is assigned a fill-value vector (f, f, f, f),
where f is set to 0 in this work to indicate the absence of
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DIOD-3D
Strong
3D Aug 3 3D student
encoder
EMAE
Weak v
SRR 3 e
Strong S . Sk motion |
EMA 1 Wl WK
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Weak v El " gK Strong
Front-view projection DA, 32;2:3:: § md- B - DA
W] WK
Figure 1. Overview of the proposed approach. i) DIOD-3D. At each iteration, a sequence front-view projections of point clouds is
passed to the 3D teacher and student models. Attention maps from the teacher model are presented as targets to the student model through
L%t .. An MSE objective is employed to predict the original scene from input with missing data, enabling 3D scene completion as
an auxiliary task for 3DOD. ii) Cross-modal distillation (xMOD). Alongside the 3D branch, sequences of RGB images are forwarded
to the 2D teacher and student models. L3, ., means pseudo-labels from the 2D teacher model are aligned with the 3D student input
and used for its supervision; L$15¢, . works similarly for 3D to 2D pseudo-labeling. Motion pseudo-labels Mzp and M3 p are used for
regularization, with M3p being the 2D motion segments with corresponding 3D points. We omit representing 2D reconstruction and 3D
completion task for simplification.
281 an associated 3D point. This can occur either due to the Li- Iy, that matches the attention map W (Hungarian match- 298
282 DAR'’s lower resolution compared to the camera or because ing) learned by the student model. Motion supervision is 299
283 the camera’s vertical field of view (FOV) is wider than that applied via the following BCE loss: 300
284 of the LiDAR.
285 Due to the inherent differences in the vertical FOV be-
286 tween the LiIDAR and RGB camera, the motion pseudo-
287 labels extracted from the optical flow (in the 2D domain) N
288 can occupy regions without any corresponding 3D informa- LS (mgp, W) = _1 Z [(1 + Smgp )msp(3) log (W (i)
289 tion, particularly at the top of the projected image. This N =
290 has been observed to cause model hallucinations in those + (1 = msp(i)) log (1 — W(3))]
291 regions, in the form of high-confidence noise segments. To 2 301
292 addre.ss this, motion mas.ks without corresponding 3D data where the confidence score s, is computed as the aver- 302
293 are discarded in the motion guidance. We denote the new . o 3D
. age activation within the learned foreground map Wy, at 303
294 set of motion pseudo-labels as Mg3p. For each scene Iy, the object’s location in map. 304
295 Msp is a subset of the 2D pseudo-labels Mo defined as:
Similar to the 2D approach in [15], L55%°" is employed 305
Map = {mz € Map 3(4, j) such that my (4, j) = 1 } as the sole supervisory signal during the burn-in phase. Dur- 306
and (Xij5,Yi5, Zij, dij) # (fy £ fs f) ing the distillation phase, each highly confident teacher- 307
296 (1) generated pseudo-label c is incorporated as a target using 308
297 Let map € Msp be a motion pseudo-label for the scene Lgist . (e, W) (same definition as L§5tom). 309
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3.2.2. Scene Completion as a Pretext Task for 3DOD

Scene reconstruction has proven to be an effective pretext
task in RGB images [2]. However, this conclusion does not
hold for the task of 3DOD. Trying to reproduce the high and
variable sparsity of LIDAR data makes scene understanding
challenging, and results in sparse and less accurate predic-
tions. Refer to the ablation study in subsection 4.6 for a
quantitative evaluation of these limitations.

For this reason, we propose to rely on scene completion
as a pretext task for 3DOD. Let P be the set of coordinates
corresponding to valid projections of 3D points. We ran-
domly remove a subset Py, C P from these coordinates.
The objective is then to reconstruct the pixels at positions in
P using the information from pixels at positions in P\ Parop
(see Figure 1). The reconstruction is guided by a mean
squared error loss, optimized only for valid projections of
3D points to avoid reproducing the input sparsity; and is
defined as:

1 fo. c 02
Luse = g 3 (1) ~Tn(id)) O

(i,5)eP

where I and I;, are the reconstructed and original frontal
projections. The previous objective enables scene comple-
tion behavior, which enhances scene understanding and seg-
mentation.

3.3. Cross-Modal Distillation for Unsupervised
2D/3D Object Discovery

In the previous sections, we proposed a first method for real-
world object discovery using LiDAR data. Our approach
is based on intra-modal distillation, where both the student
and teacher models receive the same 3D data. Even when
these data are augmented differently, the gap between the
two inputs remains limited, suggesting that the teacher’s
contribution to the student might be reduced in this set-
ting. This assumption is confirmed in the ablation study
presented in subsection 4.6.

In this section, we propose a cross-modal distillation
framework that places the teacher and student models in two
different domains: 2D and 3D modalities. Specifically, we
jointly optimize two teacher-student systems, one in each
modality, and enable pseudo-labeling from the teacher in
one modality to the student in the alternate modality, as
shown in Figure 1. Thus, the 3D teacher provides a guid-
ance signal from the 3D domain, addressing the limita-
tions of the 2D student in 2D-blind scenarios (such as night
scenes or fog). The 2D teacher, in turn, enhances the robust-
ness of the 3D student in 3D-blind scenarios such as objects
with low reflectivity or highly cluttered environments.

Concretely, at each iteration, a video sequence of length
T is passed through the four models (2D teacher, 2D stu-
dent, 3D teacher, and 3D student), with strong modality-
specific augmentations applied to the inputs of the student

models. Attention maps are produced by the slot-attention
module within each model and are involved in the cross-
model supervision. The attention maps from the teacher
models are binarized to generate object candidates as de-
scribed in [15]. For simplicity, we will consider the case
where T' = 1 frame. Let D; and D5 be the source and tar-
get domains, respectively, during the exchange of pseudo-
labels. We denote cp, an object candidate proposed by the
teacher model of domain D7, which matches the attention
map Wp, of the student model from domain D5. The inter-
modal distillation objective function for the previous pair is
defined as follows:

N
1S 1 . .
Lleng (CDl ) WD2) = _N Z [(1 + SC)CDl (Z) lOg (WD2 (Z))
=1

+ (1 = cp, (i) log (1 — Wp,(i))]

“

Dy and D5 can be either 2D or 3D modalities, based on the
direction of the pseudo-label exchange. Specifically:

o Ldist . (c, W) when the object candidate c is derived
from the 2D teacher and W is a learned 3D student’s at-
tention map.

o List.,(c, W) when the object candidate c is derived
from the 3D teacher and W is a learned 2D student’s at-
tention map.

The case where D1 = D2 € {2D,3D} corresponds to
intra-modal distillation, which is not utilized as an objec-
tive in our proposed training approach. The ablation study
in section 4.6 demonstrates the ineffectiveness of this distil-
lation compared to inter-modal pseudo-labelling.

Given the findings presented in section 3.2.2, we employ
scene completion as a pretext task for the 3D branch, while
the 2D branch continues to pursue a 2D scene reconstruc-
tion objective. Additionally, the motion masks Msp and
Msp are still used as targets for the 2D and 3D branches,
respectively, for regularization. Corresponding objective
functions are denoted as L7357 and Ly5%on.

3.4. Late fusion of modalities

The 2D student and 3D student models, trained through
cross-modal distillation, can be independently applied to
a single sensor—either an RGB camera or LiDAR—
depending on the specific application. To further enhance
performance, we propose merging the predictions from both
models for multi-sensor applications. The underlying as-
sumption in our fusion method is that the pseudo-label ex-
change during cross-modal training should lead to consis-
tent object regions between the two modalities. In contrast,
inconsistent predictions are likely due to domain-specific
noise. We therefore suggest using inter-domain consistency
as a measure of confidence in the predictions. During infer-
ence, we propose a simple late fusion strategy by retaining
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the union of predictions from both models that overlap by
at least a threshold value 7, while discarding predictions
unique to only one modality.

4. Experiments

4.1. Datasets

We evaluate the proposed approach on TRI-PD [1], KITTI
[12] and WOD [34] datasets. TRI-PD is a benchmark for
2DOD, comprising an extensive collection of highly realis-
tic synthetic videos of driving environments. The bench-
mark’s test set contains solely RGB images. To accom-
modate evaluations involving a 3D model, we introduce a
new test set composed of 17 scenes with 3 camera views
each, randomly extracted from the former TRI-PD train-
ing set. Point clouds for each image are computed using
the GT dense depth and camera poses. In all our experi-
ments, this test set is excluded from the training sequences.
The list of KITTI frames used in 3D evaluation, as well
as the list of scenes of the new TRI-PD test set, are pro-
vided in the appendix. KITTI is a set of benchmarks de-
signed for computer vision tasks in road scene applications.
The instance segmentation subset has been adopted in pre-
vious works as a benchmark for 2DOD. This subset in-
cludes 200 frames, of which only 142 have associated 3D
information (LiDAR points). We use this new subset for
evaluation in the multi-modal setting. During training, all
raw-data are used without labels. Waymo Open Dataset
(WOD) [34] is a large-scale dataset for autonomous driv-
ing, which includes 3D point clouds and 2D RGB images.
Although WOD has not been traditionally used for 2DOD
benchmarks, its complex, real-world scenarios are valuable
for testing our unsupervised method. For our experiments,
we use point clouds from the top-mounted 64-channel Li-
DAR, along with video frames from the front-facing cam-
era. The training set includes approximately 800 sequences
of 200 frames each, while the validation set contains 200
sequences of 200 frames each.

4.2. Metrics

Consistent with previous work on object discovery [15],
we validate our approach using three metrics: foreground
Adjusted Rand Index (fg-ARI), all-ARI, and F1@50. The
fg-ARI measures the similarity between two clusterings by
considering all pairs of points within the foreground area,
counting pairs that are either assigned to the same cluster or
different clusters in both the predicted and true clustering.
Both metrics aim to evaluate the quality of the instance seg-
mentation, considering only the foreground regions without
relying on class labels. The all-ARI is a variation of ARI
that accounts for the accurate segmentation of the image
background. Both of these metrics are pixel-wise measures
and do not normalize for the size of the objects, which tend

TRI-PD KITTI WOD
Modality Method gllk_ I - /illk_l Fl /TER_I Fl
DIOD 66.1 306 628 187 594 275
p XxMOD (2D) 647 355 697 223 661 351
DIOD-3D 651 396 51.6 155 553 256
P XxMOD (3D) 650 375 588 189 623 310
Multi  xMOD (2D+3D) 648 425 758 274 723 426

Table 1. Multi-modal Object Discovery. The models resulting
from our proposed approach are presented in blue. Parentheses
indicate the modality used during inference. A comparison with
ClusterNet [37] is provided in the supplementary materials.

to be biased toward correctly segmenting larger objects.
[15] has addressed this bias by calculating an instance-wise
metric, known in object detection as F1@50.

4.3. Implementation details

Synthetic photo-realistic dataset (TRI-PD). Given the
availability of dense depth maps, we used the camera poses
to generate XYZd-formatted input and omitted the scene
completion task. Both the RGB images and front-view pro-
jections were resized to (480 x 968). Images were aug-
mented similarly to [15], while depth maps were trans-
formed using data jittering, data drop, horizontal-flip and
crop-resize, all with a probability 0.4. The model was
trained for 300 epochs.

Real-world setting (KITTI and WOD). We forwarded
RGB images to the 2D branch and front-projected 3D point
clouds to the 3D branch, both using a ResNet18 [13] back-
bone without pre-training. The training was conducted for
100 epochs following a burn-in period, using batches of 8
input sequences of length ' = 5. For each modality, the
teacher parameters were computed as the EMA of the stu-
dent with a keeping-rate 0.996. For KITTI, the motion seg-
ments used for guiding the slots’ learning were extracted
from RAFT optical flow [35], using the approach in [8]. For
WOD, pseudo-motion segments are generated using xMOD
trained on KITTI. Specific details for each branch are pro-
vided in the appendix.

4.4. Multi-modal Object Discovery

In Table 1, we present the quantitative results on the three
datasets for the 2D and 3D object discovery tasks. On the
TRI-PD dataset the point cloud data is very dense and con-
tains less texture compared to RGB input, simplifying the
task of object discovery. Consequently, the 3DOD baseline
approach (DIOD-3D) achieves significantly higher perfor-
mance than the 2DOD baseline (DIOD), with a 9-point in-
crease in F1 score. Cross-modal training further enhances
the 2D model’s performance by 4.9 point, attributed to the
3D model, which experiences a 2.1-point decrease mainly
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due to lower precision. Detailed precision and recall re-
sults are provided in the appendix. Ultimately, late fusion
of modalities yields the highest performance on this dataset,
achieving an F1 score of 42.5. The sparsity of point cloud
data in the KITTI and WOD datasets presents added chal-
lenges for the DIOD-3D baseline relative to the 2D base-
line. Cross-modal training helps mitigate these challenges,
boosting the F'1@50 score of the 2D model by 3.6 and 7.6
points and the 3D model by 3.4 and 4.6 points on KITTI
and WOD, respectively. In this context, late fusion proves
highly beneficial, increasing performance by 5.1 points on
KITTI and 7.5 points on WOD compared to the next best
model, our xMOD (2D) branch. The discrepancy between
all-ARI and F1 scores across datasets arises from the dif-
fering nature of these metrics: all-ARI is pixel-wise, while
F1 score is instance-wise. This means that if the model de-
tects a large, noisy segment, it minimally impacts the F1
score (counting as a single false positive) but lowers the all-
ARI score due to many misclassified pixels. As a result,
the model may perform better on TRIP-PD and Waymo in
terms of F1 score, but achieve higher all-ARI on KITTI,
where the effects of pixel-wise noise differ.

4.5. 2D Object Discovery

Guidance signal Method TRI-PD  KITTI
DINOSAUR [30] - 70.3
optical flow PPMP [16] - 51.9
flow + depth SAVI++ [2, 10] - 23.9
Baoetal. [1] 50.9 47.1
MoTok [2] 55.1 64.4
BMOD [14] 53.9 54.7
. DIOD [15] 66.1 73.5
2D ks - —
motionmasks Mo (2D) 68.0 75.5
BMOD* [14] 58.5 60.8
DIOD* [15] 69.7 72.3
xMOD* (2D) 67.1 76.9

Table 2. Evaluation of 2D object discovery in foreground regions
using fg-ARI metric on the TRI-PD and KITTI test sets. Methods
using an encoder pre-trained with DINOv2 [25] are marked with *.

In previous experiments, we introduced a baseline in
3DOD, which was enhanced through cross-modal training
and late fusion during inference. We emphasize that these
results were achieved on the new KITTI and TRI-PD test
sets, with available 3D data (see section 4.1). In this sec-
tion, for an objective comparison with previous methods in
2DOD, we evaluate the 2D branch of our model (xMOD
(2D)) on the conventional test sets of the studied bench-
marks. We use the most widely employed metric in 2DOD,
ie. fg-ARI, for evaluation. The results in Table 2 show that

xMOD (2D) branch also benefits from cross-modal training,
exploiting readily available 3D data.

4.6. Ablation studies

Early fusion vs. late fusion. We explored two fusion
strategies for integrating RGB images and front-projected
point clouds. Early fusion combines the modalities at the in-
put level with concatenation across the channel axis, while
late fusion, as explained in subsection 3.4, refines segmen-
tation by cross-examining predictions from the two modal-
ities. With an overlap threshold of 7 = 0.3, late fusion
significantly outperformed early fusion by 8 F1 points after
cross-modal training such as shown in Table 3.

Method F1@50
2DOD 9.3
end of burn-in 3DOD 8.6

Early fusion 12.8

Early fusion 19.4
Late fusion 274

final setting

Table 3. Early vs. late fusion.

Impact of scene completion. We evaluated using the pre-
text task of scene completion, where the model estimates
point positions based on neighbors. As shown in Table 4,
this task helped our method discover objects, resulting in a
7.7-point increase in F1 score.

Scene completion all-ARI  F1@50
X 63.7 19.7
v 75.8 274

Table 4. Ablation study on the scene completion pretext task on
KITTI dataset, using the late fusion strategy.

Impact of intra-modal distillation. Unlike prior work,
we focused solely on cross-modality distillation losses,
without applying intra-modality losses between the teacher
and student of the same modality. Experiments showed (Ta-
ble 5) that adding intra-modality losses decreased perfor-
mance slightly by 0.6 F1 points. This suggests the intra-
modality loss may act as a redundant constraint, hindering
the model’s ability to learn valuable features from the other
modality through cross-modal losses.

Limitations on nearby and distant objects. From the
qualitative analysis in Figure 2 and Figure 3, we observe
that segmentation quality depends on the object’s distance
from the camera, affecting its size in the 2D image. Based
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Figure 2. Qualitative comparison of our method with state-of-the-art approach DIOD [15], the cross-modal branches xMOD (2D), xMOD
(3D) separately and the final result after fusion xMOD (2D+3D) in real-world scenes (KITTI [12]). Parentheses indicate the modality
used during inference. Each colored mask represents the content of one slot. The segmentations are displayed above the RGB image for
visualisation purposes only. Improvements in xXMOD are especially evident in pedestrian detection and background noise suppression.

Losses
Cross-modal  Intra-modal F1@30
v v 26.8
v 274

Table 5. Analysis of the impact of intra-modal losses (L4t ,
and L33, . ) on object discovery in real-world (KITTI).

on this, we split the test set into three distance-based sub-
sets and measure the F1 score for each in Table 6. For ob-
jects within 10 meters, which are usually cropped in images
and front view projections (see the example of the red car
at the top right of Figure 3), the F1 score decreases. Mid-
distance objects (10-30 meters), which are clearly visible
and densely represented in the point cloud, achieve a higher
F1 score. Beyond 30 meters, objects are small and LiDAR
data is sparse, dropping the F1 score to 7.2 due to low recall.
A potential solution is re-injecting object instances from the
high-confidence range into the two other ranges to enhance
model sensitivity in these areas.

Distance (m) AvgPts/Obj F1@50 Precision Recall
0-10 2640 21.7 68.2 12.9
10-30 941 46.4 85.7 31.8
30-70 134 72 29.5 4.1
0-70 1105 274 56.9 18.0

Table 6. Object discovery performance on KITTI on 3 subsets of
objects defined by their distance to the camera. AvgPts/Obj is the
average number of points per object in the subset.

5. Conclusion

In this work, we first presented a method for discovering
multiple objects in 3D data. Our approach builds on the lat-
est advancements in motion-guided object discovery in im-

Figure 3. 3D visualization of predictions produced by xMOD
(2D+3D). The background is displayed in gray and each colored
mask represents the content of a distinct slot.

ages and introduces necessary adjustments to handle sparse
3D point cloud data from LiDAR sensors. In particular, we
found that scene completion is a well-suited pretext task
for 3DOD, as scene understanding is critical in this unsu-
pervised setting. We also proposed a cross-modal distilla-
tion training method, where two branches, each processing
a distinct modality—2D or 3D—exchange pseudo-labels
during training. The experiments showed advantages for
both modalities, which can be attributed to the limitations
of each sensor when used independently. To further inves-
tigate the multi-modal setting, we proposed a late fusion
strategy during inference, using multi-modal consistency as
a confidence criterion. The high precision of this approach
at medium distances opens perspective for instance injec-
tion methods to improve the model reliability in more chal-
lenging conditions. Future work could also explore the use
of multi-scale supervision—beyond the latent space—to ad-
dress the reduced sensitivity observed for small objects.
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