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ABSTRACT

Monocular 3D object detection (M3OD) is crucial for scalable perception across
fields like autonomous driving, robotics, and surveillance. However, progress is
hindered by limited 3D annotations and the inherent ambiguity of single-image
geometry. Current methods often rely on strong geometric assumptions or care-
fully curated datasets, which limit their applicability to real-world scenarios. In
this paper, we present PLOT (Pseudo-Labeling via Object Tracking), a frame-
work that generates 3D annotations from monocular videos without auxiliary sen-
sors or model retraining. PLOT tracks object and background trajectories to es-
timate camera motion and perform object association in pose-unknown settings.
These trajectories are integrated through the shape fusion of frame-wise pseudo-
LiDARs, yielding reliable annotations under occlusion and viewpoint shifts. Rec-
ognizing temporal coherence as a fundamental requirement for reliable shape fu-
sion and video perception, we design a global object memory that preserves con-
sistent object identities across frames. PLOT achieves robust annotation qual-
ity and strong generalization on both M3OD video benchmarks and in-the-wild
videos, proving its effectiveness across diverse and unconstrained domains. The
code and weights will be publicly released upon acceptance.
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(a) Labeling results across diverse domains (b) Multi-frame aggregation and BEV comparison with ground-truth

Figure 1: PLOT (Pseudo-Labeling via Object Tracking) generates accurate 3D labels directly
from monocular videos without requiring auxiliary sensors or training, as illustrated in (a) quali-
tative results across diverse scenarios. Furthermore, (b) our object tracking and aggregation pipeline
produces shape-complete pseudo-LiDARs, yielding BEV maps comparable to ground truth—again
without any training-and can identify additional objects (marked with a red star).

1 INTRODUCTION

Monocular 3D object detection (M3OD) has emerged as a critical perception task for vision-based
autonomous systems, enabling applications across autonomous driving, robotics, surveillance, and
retail, offering a cost-effective alternative to LiDAR-based methods (Shi et al., 2019; Hu et al.,
2022; Pan et al., 2024).While recent years have witnessed significant advances in M3OD (Chen
et al., 2016; You et al., 2019; Reading et al., 2021; Zhang et al., 2023; Jiang et al., 2024b), its real-
world deployment remains limited by two key challenges: the limited availability of high-quality
3D annotations and the inherent ambiguity in lifting 2D images to 3D.
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As a result, progress in M3OD has been largely confined to curated benchmarks in sensor-rich
environments—such as autonomous driving (Geiger et al., 2012; Sun et al., 2020; Caesar et al.,
2020) or indoor scenes (Dai et al., 2017; Baruch et al., 2021). This has limited the generalization of
M3OD models beyond these curated scenarios. Although recent efforts (Brazil et al., 2023; Li et al.,
2024; Zhang et al., 2025a) have attempted cross-domain training by combining multiple datasets,
they often fail to generalize to unconstrained environments with moving cameras, unknown poses,
and diverse viewpoints, as illustrated by their poor zero-shot performance on in-the-wild data (Milan
et al., 2016; Contributors, 2025) (see Fig. 2). While weakly supervised methods have been proposed
to alleviate the need for dense 3D annotations, their dependence on sophisticated priors (Jiang et al.,
2024a) and auxiliary data (Peng et al., 2022b; Tao et al., 2023) still hinders generalization.

3D-MOOD (ICCV’25) PLOT (Ours)

Figure 2: Zero-shot estimation on MOT17 (Milan
et al., 2016) and Pexels (Contributors, 2025): Predic-
tions from (left) an open-set M3OD model (Yang et al.,
2025) and (right) our pseudo-labeling-based method.
Our method performs well on out-of-domain camera
views (zoom in for a better view).

Recently, pseudo-labeling has been explored to
generate 3D annotations without explicit 3D su-
pervision (Zhang et al., 2024b; Huang et al.,
2024b; Liu et al., 2024). However, most exist-
ing methods operate on single images, limiting
their ability to resolve occlusions and to disam-
biguate object orientation and scale. These lim-
itations result in noisy annotations that propa-
gate errors during both training and evaluation.
In addition, many of these pipelines rely on
sensor poses (Skvrna & Neumann, 2025) and
hand-crafted geometric heuristics (Huang et al.,
2024b), restricting their scalability and adapt-
ability across domains.

In this paper, we propose PLOT (Pseudo-
Labeling via Object Tracking), a framework
that generates reliable 3D annotations from any
monocular video without requiring auxiliary
sensors or model retraining. Video streams are abundant and encode rich geometric information
over time, yet using them requires solving key challenges in object association, label consistency,
and camera motion. Recent 3D reconstruction methods (Leroy et al., 2024; Wang et al., 2025a;
Zhang et al., 2025b; Wang et al., 2025b) have shown remarkable progress in recovering global scene
structure from unstructured image collections or videos. However, these approaches remain primar-
ily designed for static environments: they either ignore dynamic objects altogether (Leroy et al.,
2024; Wang et al., 2025a) or handle them only in constrained forms (Zhang et al., 2025b; Wang
et al., 2025b). As a result, they are not well suited for object-centric 3D perception, where the ob-
jective is to estimate the geometry, pose, and motion of individual objects rather than reconstruct
a single static background scene. Building on the established tracking model (Harley et al., 2025),
we focus on the downstream challenge of associating object observations over time—a critical yet
underexplored step that we explicitly formalize and address.

Specifically, PLOT builds upon off-the-shelf 2D detectors (Ren et al., 2024) and monocular depth
estimators (Piccinelli et al., 2024; Wang et al., 2025c) to obtain frame-wise observations, which are
subsequently aligned using dense point tracking (Harley et al., 2025). This enables: 1) trajectory-
guided shape fusion, producing unified pseudo-LiDAR representations, and 2) estimation of object
and camera dynamics for robust pseudo-labels. To reliably handle objects reappearance and exit
events-and to further improve annotation quality in cluttered scenes with imperfect detections-we
introduce a Global Object Memory (GOM) that enforces video-consistent label association and mit-
igates identity switches across frames. This module improves robustness under real-world occlusion,
detector noise, and dynamic backgrounds.

While our framework is instantiated for monocular 3D object detection, it addresses broader chal-
lenges in video-based 3D understanding—most notably, how to reliably associate object instances
without sensor pose or calibration data. Through dense point tracking and GOM, our method pro-
vides a practical blueprint for learning-free association in pose-unknown settings. This also expands
the applicability of M3OD to sensor-infeasible or unstructured environments, helping to democ-
ratize 3D annotation in the wild. PLOT is validated on various M3OD video benchmarks (Geiger
et al., 2012; Liao et al., 2022; Sun et al., 2020) and unconfined monocular videos (Milan et al., 2016;
Ding et al., 2023; Contributors, 2025), demonstrating strong performance in various scenarios.
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2 RELATED WORK

Supervised monocular 3D object detection (M3OD). Early supervised M3OD methods (Brazil
& Liu, 2019; Wang et al., 2021; Peng et al., 2022a; Lu et al., 2021; Jia et al., 2023) achieve progress
in curated settings but remain restricted by scarce 3D annotations. To alleviate this, several ap-
proaches use external data such as video (Brazil et al., 2020; Wang et al., 2022), LiDAR (Huang
et al., 2022), or CAD models (Liu et al., 2021; Parihar et al., 2025). More recent works move
toward open-set detection, exemplified by Cube R-CNN (Brazil et al., 2023) and successors (Yao
et al., 2024; Zhang et al., 2025a; Yang et al., 2025), which exploit large-scale benchmarks (Brazil
et al., 2023) and 2D foundation models (Ravi et al., 2024; Oquab et al., 2023). While these broaden
domain coverage, they remain tied to 3D ground-truth supervision and still struggle to generalize
consistently in unconstrained videos (see Fig. 2).

Weakly-supervised M3OD. Given the challenges of cost and scarcity of 3D annotations, sev-
eral works (Qin et al., 2020; 2021; Han et al., 2024; Jiang et al., 2024a) have pioneered weakly-
supervised M3OD. WeakM3D (Peng et al., 2022b) estimates 3D attributes given raw LiDAR points,
while WeakMono3D (Tao et al., 2023) and subsequent work (Han et al., 2024) utilize multi-view
constraints. SKD-WM3D (Jiang et al., 2024a) proposes a self-teaching pipeline to lift 2D features
into 3D space using depth completion, while VGW-3D (Huang et al., 2024a) improves performance
with perspective-invariant error prediction and decoupled visual guidance. Importantly, MonoGR-
Net (Qin et al., 2021) introduces a general-purpose M3OD model that utilizes video priors. However,
these methods require sophisticated priors, which limit their scalability. GGA (Zhang et al., 2024a)
addresses this issue by introducing a generalizable weakly-supervised M3OD framework that lever-
ages general geometric priors and 2D ground-truths. VSRD (Liu et al., 2024) proves the efficacy of
pseudo-labeling and silhouette rendering in weakly-supervised M3OD.

Tracking for 3D perception. Tracking has recently gained attention in video-based 3D perception
for its potential to model scene dynamics over time. Seurat (Cho et al., 2025) and ViPE (Huang
et al., 2025) utilize dense tracking across frames to enhance 3D perception in dynamic scenes, for
the first time. While Seurat focuses on depth map estimation, ViPE integrates tracking signals
for broader scene-level understanding. However, neither method addresses object-level geometry or
pose. Vid2CAD (Maninis et al., 2022) targets CAD model alignment using multi-frame tracking, but
focuses on aligning indoor objects to canonical CAD poses without addressing real-world clutter. In
contrast, our approach leverages off-the-shelf dense tracker (Harley et al., 2025) to associate object
observations over time and estimate relative camera motion—enabling pose-free, training-free 3D
annotation from monocular videos without bundle adjustment or calibration.

Pseudo-labeling for M3OD. To address the scarcity of 3D annotations, pseudo-labeling has
emerged as a viable alternative for enabling M3OD without explicit 3D supervision. In partic-
ular, VSRD (Liu et al., 2024) introduced a multi-view-based auto-labeling approach, showing
that reliable pseudo-labels can enhance weakly supervised training. OVM3D-Det (Huang et al.,
2024b), meanwhile, proposes a zero-shot labeling framework that utilizes open-vocabulary 2D de-
tectors (Hu et al., 2024; Ren et al., 2024) and LLM priors (Achiam et al., 2023) to estimate 3D
box attributes without training. However, it operates on single images and thus remain sensitive to
occlusions, noise, and scale ambiguities, limiting their applicability in more complex or dynamic
scenes. MonoSOWA (Skvrna & Neumann, 2025), a recent work, similarly leverages per-frame 2D
mask association for pseudo-label generation, but the reliance on known camera poses with naive
mask-based tracking limits its scalability, and does not address cluttered environments explicitly.

3 MOTIVATION

While monocular videos offer a promising avenue for scalable 3D annotation, their direct use with-
out camera poses introduces challenges underexplored in prior work. We highlight two key problems
that motivate our method, with qualitative evidence provided in the supplementary material.

What are the challenges of object association in a monocular video? Video-based object as-
sociation may seem straightforward given recent progress in 2D tracking, but maintaining identity
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Figure 3: Overall architecture of PLOT. Given monocular videos, we extract 2D detections and
depth, and track points to obtain temporally grounded correspondences. These are used to estimate
relative poses and camera motions across frames, enabling shape fusion and orientation estimation.
A global object association module refines trajectories and recovers missing instances. Finally,
completed pseudo-LiDARs are reprojected to each frame for consistent 3D attribute annotation.

consistency across frames remains fragile. In realistic driving or surveillance scenarios, clutter,
occlusion, and detection dropout frequently cause identity switches, fragmented trajectories, and
missing instances (see missing detections in Fig. 3)—severely degrading the quality of temporally
integrated labels. A concurrent work (Skvrna & Neumann, 2025) uses naive mask-based match-
ing without mechanisms for long-range identity preservation, resulting in inconsistent associations.
This underscores the need for a more structured and resilient approach to temporal association.

Why shape incompleteness matters in attribute estimation? Accurate estimation of 3D at-
tributes—such as object size, orientation, and position—is critical for downstream tasks. Yet ex-
isting methods often rely on assumptions that break under open-set detections or noisy observations.
For example, object size is typically inferred from category priors, assuming uniform dimensions
across instances (Huang et al., 2024b; Zhang et al., 2024a), and orientation from PCA over ‘partial
point clouds’ (Peng et al., 2022b; Huang et al., 2024b), assuming alignment between the principal
axis and the object heading. These heuristics are vulnerable to occlusion, truncation, and sparsity,
frequently yielding biased annotations. Rather than relying on large-scale training (Brazil et al.,
2023) or augmentation (Parihar et al., 2025; Chang et al., 2024), we advocate video-based point
aggregation as a more principled and assumption-light alternative.

4 METHOD

We propose PLOT, a training-free framework for generating 3D annotations from monocular videos
without auxiliary sensors or model retraining. As illustrated in Fig. 3, PLOT leverages off-the-shelf
detectors and depth estimators to extract 2D masks and metric depth maps, which are combined
via dense point tracking to form temporally grounded correspondences (Sec. 4.1). These are used
to estimate relative poses through point-based registration (Sec. 4.2), enabling both shape fusion
and motion analysis. To maintain identity consistency and recover missed instances, we introduce
a global object association module based on global object memory (GOM) that refines labels over
time (Sec. 4.3). Finally, pseudo-LiDARs are constructed by aggregating registered points across
frames and projecting them back to the image domain for attribute estimation (Sec. 4.4).

4.1 TEMPORAL GROUNDING THROUGH POINT TRACKING

To enable robust object association and temporally grounded geometric reasoning, we distinguish
between two types of 2D object mask instances. Predicted masks are obtained at each frame via
an open-vocabulary detector (GSAM) (Ren et al., 2024), while tracked masks are generated by
propagating previous-frame instances using a point-based 2D tracker (Harley et al., 2025). The
former reflects per-frame shape variations, whereas the latter preserves point-level correspondences
necessary for relative pose estimation and shape fusion.

Specifically, given the k-th object mask M t
k from an open-vocabulary 2D detector (Ren et al., 2024)

in each frame image It where t ∈ T (the full set of video time steps), we generate tracked masks

4
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M t́←t
k at other time steps t́ by tracking M t

k to t́ using a dense point tracker (Harley et al., 2025):

M t́←t
k = Tt́←t(M

t
k), t́ ∈ T \ {t}, k ∈ Kt. (1)

Here, Kt represents the total number of objects predicted at time t, and Tt́←t(·) denotes dense
tracking from t to t́. Note that Kt can vary between frames due to missing labels caused by distance-
or occlusion-related challenges, or simply detector errors.

Thus, the predicted and tracked masks may diverge, despite originating from the same stem. We
therefore perform explicit matching to associate them and maintain consistent identity over time.
Using frames from two distinct time steps s and t, we apply bipartite matching using the Hungarian
algorithm (Kuhn, 1955) between the set of tracked masks and the predicted masks, as follows:

σ̂ = arg max
σ∈Sn

∑
i

IoU(Ms←t
i ,Ms

σ(i)), (2)

where σ̂ represents the optimal assignment of predicted masks to tracked masks, determined by
maximizing the sum of the Intersection of Union (IoU) scores, while Sn denotes the set of all
possible permutations of assignments. Tracked masks are used to estimate rigid motion, while
matched predicted masks serve as the basis for shape fusion.

In parallel, we track background points to infer camera motion and disentangle objects from static
scene structure. Specifically, we sample background masks M t

bg from regions outside object masks
and track them over time as follows:

M t́←t
bg = Tt́←t(M

t
bg), t́ ∈ T \ {t}, M t

bg ⊂ It \M t, M t =
⋃

k∈Kt

M t
k. (3)

These object and background correspondences are used to determine the motion and dynamic states
of both the camera and observed objects, as demonstrated below.

4.2 POSE AND MOTION ESTIMATION VIA POINT TRAJECTORIES

In addition to object shape fusion, which relies on relative pose estimation across frames, it is equally
important to recover the motion states of both the camera and objects. Accurate motion estimation
enables downstream tasks such as object orientation reasoning, trajectory prediction, and relative
positioning. To achieve this, we track the trajectories of both background points and object points
across consecutive frames. Background point trajectories provide constraints for robust ego-motion
estimation, while object point trajectories capture individual object dynamics.

Camera motion estimation via background trajectories. To estimate the camera motion, we
leverage the trajectories of the background points, which are lifted to 3D using monocular depth
predictions (Piccinelli et al., 2024). This yields a set of 3D motion trajectories {pt

i|i ∈ M t
bg, t ∈ T }.

The camera motion between a reference frame r (typically the first frame) and each frame t is
parameterized by rotation Rt

c ∈ SO(3) and translation ttc ∈ R3. We recover this motion via
Procrustes alignment (Luo & Hancock, 1999):

argmin
stcR

t
c,t

t
c

∑
i∈Mt

bg

MV ||pr
i − (stcR

t
cp

r←t
i + ttc)||2, (4)

where M is a binary mask that suppresses background points with unreliable depth estimates (e.g.,
beyond 50m), and V indicates mutual visibility of point i in both frames t and r. The scale term stc
is optional: it is activated only when monocular depth predictions exhibit noticeable temporal scale
drift or flicker; otherwise, we fix stc = 1 and recover a purely rigid transformation. This flexibility
allows PLOT to remain robust across different depth estimators while avoiding unnecessary degrees
of freedom when depth is already stable. The estimated camera motion provides a temporally con-
sistent reference frame, which is later used to refine object poses by compensating for ego-motion.

Object pose and motion estimation via object trajectories. Similarly to camera motion, we es-
timate object motion by computing frame-to-frame registration using reliable point correspondences
within each object mask M t

k and its tracked counterpart Mr←t
k :

argmin
stRt,tt

∑
i∈Mt

k

V ||pr
i − (stRtpr←t

i + tt)||2, (5)

5
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where Rt, tt and st denote the object’s rotation, translation, and scale (optional). The resulting rigid
or similarity transformation is later used for temporal aggregation and shape fusion Sec. 4.4.

Given the estimated camera motion by Eq. 4, each object’s local trajectory is transformed into the
reference frame’s coordinate system to obtain a world-aligned trajectory:

p̂t
i = stcR

t
cp

t
i + ttc. (6)

The motion status of an object is then determined by its displacement between adjacent frames, i.e.,
||p̂s

i −p̂t
i||. If the displacement is negligible, the object is treated as static; otherwise, it is considered

dynamic. For dynamic objects, orientation is inferred from the direction of motion in world space.
Since driving scenes (e.g., KITTI (Geiger et al., 2012)) predominantly exhibit motion along the
ground plane, we compute the azimuth angle from trajectory changes:

θtk,dyna = arctan2

(
p̂s
i (x)− p̂t

i(z)

p̂s
i (x)− p̂t

i(x)

)
. (7)

For static objects, we estimate orientation using principal component analysis (PCA) on the fused
pseudo-LiDAR from Sec. 4.4, assuming the major axis (highest variance) aligns with the object’s
longitudinal axis. Unlike prior work (Huang et al., 2024b), our method benefits from denser pseudo-
LiDAR from multiple observations, enabling PCA to yield more precise orientation estimates. Per-
frame orientation estimates are derived by correcting its orientation based on ego-motion as follows:

θtk,static = Φ−1
(
(Rt

c)
−1Φ(θrk)

)
, (8)

where Φ denotes the mapping from a yaw angle to a rotation matrix, and Φ−1 its inverse.

4.3 GLOBAL OBJECT MEMORY
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Figure 4: Global object association pipeline. Our
memory-based object association consolidates noisy
frame-level predictions into globally consistent tracks.

Although modern 2D point trackers (Harley
et al., 2025; Karaev et al., 2025) and detec-
tors (Ren et al., 2024) perform well per frame,
occlusions and clutter still cause missed detec-
tions and visibility gaps, leading to fragmented
trajectories. These issues manifest as identity
switches and noisy pseudo-LiDARs from incor-
rect point aggregation. To address this, we an-
alyze common failure modes and introduce a
Global Object Memory (GOM) that maintains
persistent object hypotheses and enforces con-
sistent associations throughout the video.

Failure modes in video object tracking. To examine the limitations of naive tracking-based
video understanding, we analyze two dominant failure modes in real-world videos. First, detection
dropouts and label noise arise under occlusion, distance, or challenging conditions, where detec-
tors may drop masks or assign inconsistent labels to the same object over time. Second, identity
switches in cluttered scenes occur when multiple objects enter, exit, or overlap within a frame, con-
fusing local matching (Eq. 2). In addition, temporary occlusions often reduce the visibility of tracked
points below the tracker’s confidence threshold, causing the pipeline to prematurely terminate the
trajectory-even though the object remains present-resulting in fragmented tracks. Under these con-
ditions, naive mask-level associations tend to assign new identities to previously observed objects or,
conversely, merge distinct objects into a single track. Such failure cases highlight the limits of local
heuristics and motivate global, temporally structured association; qualitative examples and further
analysis are provided in the supplementary material.

Label refinement via global object memory. To overcome the limitations of local association,
we introduce a global object memory (GOM) that consolidates frame-level predictions into coherent
object tracks across the video. As illustrated in Fig. 4, GOM maintains persistent entries, each
representing a unique object observed over time. Predicted masks M t are matched to memory
entries based on spatial overlap with the tracked masks Ms←t; if no match is found, a new entry is
provisionally created only if the prediction confidence is greater than the detection threshold τ .
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Table 1: Detection results for the ‘Car’ class on the KITTI (Geiger et al., 2012) validation set.
‘Attr-Net’: an additional attribute estimation network. ‘Depth’: ground-truth depth map used in
training. ‘Depth†’: KITTI-trained depth completion model. ‘VPS’: Video, Pose and Shape prior.
Both supervised and open-set M3OD models use 3D ground-truth data of KITTI in their training.

Method Labels Extra AP3D@IoU = 0.3↑ APBEV@IoU = 0.3↑ AP3D@IoU = 0.5↑ APBEV@IoU = 0.5↑
Easy Mod. Hard Easy Mod. Hard Easy Mod. Hard Easy Mod. Hard

Su
p. DEVIANT (Kumar et al., 2022) GT-3D ✗ - - - - - - 61.00 46.00 40.18 65.28 49.63 43.50

MonoDETR (Zhang et al., 2023) GT-3D ✗ 79.72 65.87 58.83 80.30 67.16 59.54 68.05 48.42 43.48 72.34 51.97 46.94

O
pn

. OVMono3D (Yao et al., 2024) GT-3D ✗ 74.01 51.25 42.40 76.93 53.85 44.89 51.23 33.09 27.24 55.56 36.47 30.25
3D-MOOD (Yang et al., 2025) GT-3D Depth 81.97 64.16 54.36 83.04 66.69 56.79 60.74 43.81 36.95 64.93 47.22 40.00

W
ea

k

MonoGRNet (Qin et al., 2021) GT-2D Attr-Net 56.16 42.61 35.36 58.61 48.75 41.49 25.66 21.57 17.40 32.23 26.88 22.47
WeakM3D (Peng et al., 2022b) GT-2D LiDAR 78.44 56.42 45.81 81.17 59.87 48.98 50.16 29.94 23.11 58.20 38.02 30.17
WeakMono3D (Tao et al., 2023) GT-2D Stereo - - - - - - 49.37 39.01 36.34 54.32 42.83 40.07
SKD-WM3D (Jiang et al., 2024a) GT-2D Depth† - - - - - - 50.21 41.57 36.92 55.47 44.35 41.86

Ps
eu

do OVM3D-Det (Huang et al., 2024b) GSAM GPT-4 44.48 33.29 26.69 47.42 35.96 27.99 25.63 18.85 15.67 34.52 24.46 20.40
MonoSOWA (Skvrna & Neumann, 2025) MViT2 VPS 72.70 56.30 47.70 73.38 57.23 48.59 51.55 37.09 33.15 59.76 44.08 36.99
PLOT (Ours) GSAM Video 80.48 60.83 51.49 83.06 63.59 54.15 52.02 36.78 30.40 60.25 42.80 35.77

To maintain coherence, GOM updates its object entries by checking 1) whether the object persists
across frames, 2) whether the class labels and geometric attributes remain consistent, and 3) whether
multiple memory entries correspond to the same object. Based on these checks, GOM either 1) dis-
cards unstable or incoherent instances, 2) refines entries by updating their attributes with dominant
evidence, or 3) merges redundant entries. This refinement enforces long-term identity consistency
and improves the reliability of object-level 3D annotations.

In summary, GOM addresses two complementary sources of discontinuity: 1) its primary role is
to restore continuity when the detector produces missed or duplicated masks, and 2) it reconnects
trajectory segments that become separated when occlusion reduces point visibility and interrupts the
tracker’s propagation.

4.4 TRAJECTORY-GUIDED OBJECT SHAPE FUSION

Using the globally associated object tracks constructed in Sec. 4.3, we build complete pseudo-
LiDARs by aggregating object observations over time. Rather than requiring absolute camera poses,
we perform shape fusion using relative poses derived from point trajectories in Sec. 4.2.

For each object, we first identify the reference frame image Ir that minimizes the total registration
error between matched frames, using Eq. 5. We then align all matched object masks to this target
frame using their estimated relative rotation and translation:

P̂k =
⋃
t∈T

st→rRt→rPt
k + tt→r, (9)

where Pt
k denotes the 3D points extracted from the k-th object mask at time t, and t → r indi-

cates the transformation from t to the reference frame r. The resulting point cloud P̂k serves as a
completed pseudo-LiDAR representation, fusing multiple partial views into a consistent shape.

To ensure reliable 3D annotations across all frames, we further project the completed pseudo-LiDAR
P̂k back into each frame’s coordinate system using the inverse of the same relative transformation.

5 EXPERIMENTS

In this section, we evaluate PLOT on standard monocular 3D object detection (M3OD) video
benchmarks—KITTI (Geiger et al., 2012), KITTI-360 (Liao et al., 2022), and Waymo (Sun et al.,
2020)—and compare it against recent open-set detectors, weakly-supervised and pseudo-labeling
methods that rely on driving-specific priors or pose estimates. While our labeler is designed for
open-world settings, existing benchmarks with video inputs are constrained to driving scenes, limit-
ing the scope of evaluation. Thus, we provide qualitative comparisons on in-the-wild videos (Ding
et al., 2023; Milan et al., 2016; Contributors, 2025) to assess the generalization of PLOT beyond
vehicle-centric environments. Finally, we present ablations to validate each component, with further
details and results in the appendix.
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5.1 EXPERIMENTS ON DRIVING BENCHMARKS

Table 2: Detection results for the ‘Car’ class on the KITTI-
360 (Liao et al., 2022) test set.

Method Labels Extra AP3D@0.3↑ APBEV@0.3↑
Easy Hard Easy Hard

Sup. MonoDETR (CVPR’23) GT-3D ✗ 64.32 57.83 66.42 60.31

Open. OVMono3D (arXiv’24) Zero-shot ✗ 41.82 31.94 49.45 39.08
3D-MOOD (ICCV’25) Zero-shot ✗ 21.15 13.12 32.68 21.41

Weak. Autolabels (CVPR’20) GT-2D LiDAR, Shape 12.92 9.94 48.16 37.34
WeakM3D (ICLR’22) GT-2D LiDAR 21.25 15.34 29.89 24.01

Pseudo.
VSRD (CVPR’24) GT-2D Pose 50.86 43.45 58.40 50.61
MonoSOWA (ICCV’25) MViT2 VPS 42.72 46.59 50.84 49.22
PLOT (Ours) GSAM Video 54.78 48.75 60.75 54.58

In this subsection, we compare our
method with various M3OD works
(listed on the left of each ta-
ble) on multiple benchmark datasets.
The methods are grouped as Sup.
(fully-supervised), Weak. (weakly-
supervised), Open. (open-set), and
Pseudo. (pseudo-labeling). For
pseudo-labeling methods, including
ours, results are obtained by training
MonoDETR (Zhang et al., 2023) on
the generated labels with the same default configuration across all methods to ensure fairness; addi-
tional details are provided in the appendix. As most M3OD methods focus on the ‘Car’ class, our
main paper reports quantitative results primarily for this category. Additional quantitative results on
other classes (e.g., ‘Pedestrian’) and qualitative results are provided in the appendix.

Table 3: Detection results for the ‘Vehicle’ class on the Waymo (Sun et al., 2020) validation set.

Method Labels Extra AP3D@0.5↑ APBEV@0.5↑
All 0-30m 30-50m 50-∞m All 0-30m 30-50m 50-∞m

Sup.
DEVIANT (Kumar et al., 2022) GT-3D ✗ 10.29 26.75 4.95 0.16 - - - -
CaDDN (Reading et al., 2021) GT-3D LiDAR 16.51 44.87 8.99 0.58 - - - -
MonoDETR (Zhang et al., 2023) GT-3D ✗ 21.41 37.89 18.61 3.69 23.63 39.10 20.95 4.70

Open. OVMono3D (Yao et al., 2024) Zero-shot ✗ 5.46 14.68 5.61 0.65 6.11 15.24 6.54 0.99
3D-MOOD (Yang et al., 2025) Zero-shot ✗ 1.13 2.44 1.68 0.05 4.60 9.80 6.71 0.30

Weak. WeakM3D (Peng et al., 2022b) GT-2D LiDAR 4.50 12.16 3.67 0.40 8.18 20.31 7.50 0.99

Pseudo. MonoSOWA (Skvrna & Neumann, 2025) MViT2 VPS 13.46 24.65 5.87 4.55 18.98 33.51 12.02 4.55
PLOT (Ours) GSAM Video 14.04 26.97 17.71 4.87 23.32 41.74 31.39 8.22

KITTI & KITTI-360. Tab. 1 and Tab. 2 provide quantitative results on the KITTI and KITTI-360
datasets for the ‘Car’ class. For clarity, the label column lists both 2D ground-truth annotations (GT-
2D) and predictions from 2D detectors, MVit2 (Li et al., 2022) and GSAM (Ren et al., 2024), used
in place of ground truth. On KITTI, PLOT outperforms the single-image pseudo-labeling baseline
OVM3D-Det by an average of +19 AP, and also surpasses weakly-supervised methods that rely
on auxiliary sensors such as stereo (WeakMono3D) and LiDAR (WeakM3D). PLOT also achieves
results comparable to fully supervised baselines and open-set detectors. Compared to the concurrent
work MonoSOWA, which relies on IMU sensors and simplified shape assumptions, PLOT achieves
superior AP@0.3 (up to +9.68) and, as illustrated in Fig. 5, yields more accurate 3D boxes by
leveraging trajectory-guided shape fusion and global object association. On KITTI-360, PLOT also
improves over recent pseudo-labeling methods such as VSRD (Liu et al., 2024) and MonoSOWA,
achieving the best AP@0.3 in both Easy and Hard regimes.

Waymo-Open. We report results on the Waymo-Open dataset in Tab. 3. Unlike KITTI bench-
marks, Waymo features long, diverse sequences under adverse conditions such as night and rain,

MonoSOWA (ICCV’25) PLOT (Ours)

Figure 5: Qualitative comparisons on KITTI. Only
the predicted boxes are displayed for clarity.

3D-MOOD (ICCV’25) PLOT (Ours)

Figure 6: Qualitative comparison on
Waymo-Open.
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making it a strong proxy for real-world complexity. PLOT achieves the best performance in distant
regions (>30m), surpassing fully supervised baselines, and shows superior APBEV across nearly all
ranges. As shown in Fig. 6, PLOT remains effective under challenging conditions such as night
scenes, even recovering valid instances missing from the ground truth (red: predictions, green:
ground truth), underscoring the scalability and reliability of our framework in unconstrained envi-
ronments.

5.2 EXPERIMENTS ON IN-THE-WILD VIDEOS
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Figure 7: Qualitative comparisons in the wild.

To demonstrate the open-set capability of our
method, we present qualitative comparisons on
in-the-wild videos using identical text prompts
(e.g., “boat”) as inputs for PLOT, state-of-
the-art open-set method, 3D-MOOD (Yang
et al., 2025), and single-image pseudo-labeling
method OVM3D-Det (Huang et al., 2024b);
MonoSOWA (Skvrna & Neumann, 2025), which
depends on auxiliary sensors and object shape
priors, is not applicable here. As shown in Fig. 2
and Fig. 7, PLOT generalizes well under diverse
and challenging conditions (e.g., variations in
scene layouts, camera setups) while maintaining
accurate object attribute estimates. In contrast,
3D-MOOD does not detect any objects in the
‘boat’ scene (left) in Fig. 7, and OVM3D-Det of-
ten produces noisy estimates with most falls back to priors of LLM-driven fixed objects, due to sin-
gle image observations. Such in-the-wild evaluations are particularly important, as they go beyond
structured driving benchmarks and validate the scalability of our method to unconstrained real-world
settings. Additional qualitative results are provided in the appendix, with video demonstrations in
the supplementary material.

Table 4: Ablation on trajectory-guided object
shape fusion and number of adj. frames.

#Fr. AP3D@IoU = 0.3↑ APBEV@IoU = 0.3↑ Time
Easy Mod. Hard Easy Mod. Hard (10/20 obj.)

1 51.75 37.48 30.63 57.41 41.96 34.00 0.46 / 0.47
+2 62.41 48.06 40.31 67.57 51.39 43.35 0.66 / 0.70
+8 77.23 56.16 48.43 80.27 59.13 51.29 1.56 / 1.73
+20 80.48 60.83 51.49 83.06 63.59 54.15 2.45 / 2.83

Table 5: Ablation on global object memory
and PLOT as standalone detector.

Train GOM AP3D@IoU = 0.3↑ APBEV@IoU = 0.3↑
Easy Mod. Hard Easy Mod. Hard

K
IT

.

✗ ✓ 59.82 51.00 45.40 62.41 54.18 48.44
✓ ✓ 80.48 60.83 51.49 83.06 63.59 54.15

K
36

0 ✓ ✗ 48.14 - 40.28 54.86 - 46.61
✓ ✓ 54.78 - 48.75 60.75 - 54.58

5.3 ABLATION STUDIES

Efficacy of trajectory-guided shape fusion. Tab. 4 compares trajectory-guided shape fusion with
varying frame counts, reporting detection performance and labeling time per frame on KITTI. Per-
formance improves with more frames, achieving up to 1.7× higher average AP compared to single-
frame labels. The rightmost column of the table shows the computation time of the whole pipeline,
which grows proportionally with the number of objects, yet remains practical (running at 2.83s per
frame on a single CPU with a RTX 3090 GPU) with 20 objects per scene, while the KITTI dataset
on average contains about 10–12 objects per frame. Considering both accuracy and computation
time, we adopt a 20-frame window for the experiments.

PLOT as standalone 3D detector. In the top 2 rows of Tab. 5, we examine the feasibility of using
PLOT as a standalone 3D detector without training an additional M3OD model on KITTI. Remark-
ably, the raw pseudo-labels already surpass the previous pseudo-labeling method (OVM3D-Det) and
the weakly-supervised method (MonoGRNet) (see Tab. 1), suggesting the utility of PLOT in sce-
narios where training is infeasible, such as in-the-wild videos or cases with only a single sequence
available. However, the integration of uncertainty-aware depth estimation and 2D–3D geometric
consistency in MonoDETR mitigates depth errors and label inconsistencies, yielding more stable
and accurate 3D detections. Further analysis can be found in the appendix.

9



486
487
488
489
490
491
492
493
494
495
496
497
498
499
500
501
502
503
504
505
506
507
508
509
510
511
512
513
514
515
516
517
518
519
520
521
522
523
524
525
526
527
528
529
530
531
532
533
534
535
536
537
538
539

Under review as a conference paper at ICLR 2026

Table 6: Ablation on the impact of tracker and depth noises.

Alignment Range Patch Temporal Tiny Depth Pose AP3D@0.3 ↑ APBEV@0.3 ↑
Noise Noise Jitter Tracker RMSE ↓ ATE ↓ Easy Hard Easy Hard

SE(3) - - - ✗ 3.72 0.204 20.89 14.38 27.85 20.20
SE(3) - - - ✓ 3.72 0.204 20.57 (-0.32) 14.17 (-0.21) 27.71 (-0.14) 19.54 (-0.66)

SE(3)
0.04 0.3 ✗ - 3.90 (+0.18) 0.205 20.30 (-0.59) 14.00 (-0.38) 28.80 (+0.95) 19.73 (-0.47)
0.08 0.3 ✗ - 4.34 (+0.62) 0.204 19.48 (-1.41) 13.45 (-0.93) 26.63 (-1.22) 19.35 (-0.85)
0.08 0.6 ✗ - 4.38 (+0.66) 0.206 19.65 (-1.24) 13.39 (-0.99) 26.94 (-0.91) 19.39 (-0.81)

SE(3) ✗ ✗
0.02 - 3.78 (+0.06) 0.205 17.50 (-3.39) 11.96 (-2.42) 25.84 (-2.01) 17.43 (-2.77)
0.04 - 3.82 (+0.10) 0.204 14.14 (-6.75) 9.49 (-4.89) 20.29 (-7.56) 14.54 (-5.66)

Sim(3) ✗ ✗
0.02 - 3.78 (+0.06) 0.204 17.69 (-3.20) 13.39 (-0.99) 25.96 (-1.89) 19.01 (-1.19)
0.04 - 3.81 (+0.09) 0.204 14.99 (-5.90) 11.23 (-3.15) 22.55 (-5.30) 16.36 (-3.84)

Necessity of global object memory. We evaluated the impact of global object memory on KITTI-
360 (K360) in the bottom 2 rows of Tab. 5, as KITTI’s 3D detection benchmark is not suitable
for assessing GOM, whereas KITTI-360 provides continuous sequences. The capability of GOM
to reduce 2D detector-induced noise and maintain temporal consistency results in more stable and
accurate pseudo-labels. Such video-consistent label generation is directly relevant for practical an-
notation pipelines and downstream 3D perception tasks. Our video-consistent label results can also
be viewed in the Waymo video demonstration provided in the supplementary material.

Robustness to tracking quality. As part of the stage-wise analysis summarized in Tab. 6, we
evaluate how variations in tracking accuracy influence downstream labeling quality. To this end,
we replace the standard AllTracker (Harley et al., 2025) with a tiny, less accurate but faster vari-
ant and measure its effect on camera motion, fused geometry, and 3D attributes. As shown in the
first row of Tab. 6, the overall performance drops only mildly despite the reduced tracking accu-
racy, indicating that global object memory effectively compensates for fragmented trajectories and
helps preserve temporal consistency. However, adopting a more robust tracking model could further
enhance PLOT’s labeling performance.

Robustness to depth noise and temporal scale inconsistencies. Since PLOT relies on monocular
depth, one may question its stability under depth noises, such as spatial noises and temporal scale
fluctuations.To assess this, we inject controlled perturbations into the estimated depth on a sampled
Waymo-Open (Sun et al., 2020) scene and evaluate depth quality, camera motion, and labeling
accuracy. As shown in Tab. 6, camera motion estimation remains stable due to reliable background
correspondences. Depth error grows mainly under range-dependent noise, while spatial noise causes
only mild degradation in shape fusion and 3D attributes. In contrast, non-uniform temporal scale
noise leads to larger drops in box AP, reflecting a depth sensitivity shared with other monocular-
depth–based pipelines and indicating that advances in depth estimation will naturally improve PLOT.
The last two rows show results with Sim(3) alignment (introducing the optional scale term in Eq.4
and 5), which improves the box AP scores with stronger temporal noise. Furthermore, as shown
in the supplemental video and the frame-wise BEV visualization in the appendix, modern depth
estimators exhibit minimal flickering or inter-frame scale drift in large-scale scenes.

6 CONCLUSION

In this paper, we introduced PLOT, a framework for generating reliable 3D annotations from monoc-
ular videos through tracking-driven object association and label refinement. Beyond monocular 3D
detection, this video-based formulation holds potential for broader 3D tasks that suffer from missing
camera information or incomplete shapes, such as CAD model retrieval and object-level reconstruc-
tion. We hope that this paradigm provides a scalable alternative to data-intensive monocular 3D
detection pipelines and opens new directions for video-based 3D understanding without explicit
supervision.

Limitations. Like most open-set 3D perception frameworks, PLOT relies on pre-trained depth
estimators. While this is not unique to our approach, depth errors under noise or at long ranges
remain the main bottleneck. In addition, orientation for static objects remains inherently ambiguous
under single-view observations, where we adopt PCA as a practical fallback. While future advances
may mitigate these issues, we provide further analysis in the appendix, including additional failure
modes.
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REPRODUCIBILITY STATEMENT

The appendix specifies the hardware and software configurations used in all experiments, together
with implementation details and hyperparameters. Our method builds on explicit shape fusion for
pseudo-labeling, which avoids heuristic parameter tuning. We report quantitative and qualitative
results across multiple video-based M3OD benchmarks and zero-shot in-the-wild videos. For base-
lines, we use official results when available and otherwise reproduce them with publicly released
code under recommended settings. Partial code and video demonstrations are provided in the sup-
plementary material, and the full code will be released upon acceptance. The released code will
include labeling and evaluation scripts for all benchmark datasets as well as for zero-shot video
inputs. Our method, despite its strong generalizability, does not require massive computational re-
sources, further facilitating reproducibility.

ETHICS STATEMENT

This work makes use of publicly available datasets and videos, including material from Pexels under
its permissive license. While the data are licensed for public research use, some videos may contain
identifiable individuals. We acknowledge that such content raises potential privacy concerns and
encourage responsible use in line with community standards. Our method does not attempt to infer
personal identity or sensitive attributes, and the broader aim is to advance scalable video-based 3D
perception for autonomous systems and robotics. On the positive side, by lowering the cost of
large-scale 3D annotation, our approach can help democratize access to high-quality training data,
thereby broadening participation in 3D perception research. We believe this work poses minimal
risk but emphasize the importance of careful dataset curation and respect for privacy in downstream
applications.

REFERENCES

Josh Achiam, Steven Adler, Sandhini Agarwal, Lama Ahmad, Ilge Akkaya, Florencia Leoni Ale-
man, Diogo Almeida, Janko Altenschmidt, Sam Altman, Shyamal Anadkat, et al. Gpt-4 technical
report. arXiv preprint arXiv:2303.08774, 2023.

Hexin Bai, Wensheng Cheng, Peng Chu, Juehuan Liu, Kai Zhang, and Haibin Ling. Gmot-40: A
benchmark for generic multiple object tracking. In Proceedings of the IEEE/CVF Conference on
Computer Vision and Pattern Recognition, pp. 6719–6728, 2021.

Gilad Baruch, Zhuoyuan Chen, Afshin Dehghan, Tal Dimry, Yuri Feigin, Peter Fu, Thomas Gebauer,
Brandon Joffe, Daniel Kurz, Arik Schwartz, et al. Arkitscenes: A diverse real-world dataset for
3d indoor scene understanding using mobile rgb-d data. arXiv preprint arXiv:2111.08897, 2021.

Garrick Brazil and Xiaoming Liu. M3d-rpn: Monocular 3d region proposal network for object
detection. In Proceedings of the IEEE/CVF international conference on computer vision, pp.
9287–9296, 2019.

Garrick Brazil, Gerard Pons-Moll, Xiaoming Liu, and Bernt Schiele. Kinematic 3d object detection
in monocular video. In Computer Vision–ECCV 2020: 16th European Conference, Glasgow, UK,
August 23–28, 2020, Proceedings, Part XXIII 16, pp. 135–152. Springer, 2020.

Garrick Brazil, Abhinav Kumar, Julian Straub, Nikhila Ravi, Justin Johnson, and Georgia Gkioxari.
Omni3d: A large benchmark and model for 3d object detection in the wild. In Proceedings of the
IEEE/CVF conference on computer vision and pattern recognition, pp. 13154–13164, 2023.

Holger Caesar, Varun Bankiti, Alex H. Lang, Sourabh Vora, Venice Erin Liong, Qiang Xu, Anush
Krishnan, Yu Pan, Giancarlo Baldan, and Oscar Beijbom. nuscenes: A multimodal dataset for
autonomous driving. In CVPR, 2020.

Mincheol Chang, Siyeong Lee, Jinkyu Kim, and Namil Kim. Just add $100 more: Augment-
ing nerf-based pseudo-lidar point cloud for resolving class-imbalance problem. arXiv preprint
arXiv:2403.11573, 2024.

11



594
595
596
597
598
599
600
601
602
603
604
605
606
607
608
609
610
611
612
613
614
615
616
617
618
619
620
621
622
623
624
625
626
627
628
629
630
631
632
633
634
635
636
637
638
639
640
641
642
643
644
645
646
647

Under review as a conference paper at ICLR 2026

Xiaozhi Chen, Kaustav Kundu, Ziyu Zhang, Huimin Ma, Sanja Fidler, and Raquel Urtasun. Monoc-
ular 3d object detection for autonomous driving. In Proceedings of the IEEE conference on
computer vision and pattern recognition, pp. 2147–2156, 2016.

Seokju Cho, Jiahui Huang, Seungryong Kim, and Joon-Young Lee. Seurat: From moving points
to depth. In Proceedings of the IEEE Conference on Computer Vision and Pattern Recognition
(CVPR), June 2025.

Pexels Contributors. Pexels - free stock photos and videos, 2025. URL https://www.pexels.
com/. Accessed: 2025-03-04.

Angela Dai, Angel X. Chang, Manolis Savva, Maciej Halber, Thomas Funkhouser, and Matthias
Nießner. Scannet: Richly-annotated 3d reconstructions of indoor scenes. In Proc. Computer
Vision and Pattern Recognition (CVPR), IEEE, 2017.

Henghui Ding, Chang Liu, Shuting He, Xudong Jiang, Philip HS Torr, and Song Bai. Mose: A
new dataset for video object segmentation in complex scenes. In Proceedings of the IEEE/CVF
international conference on computer vision, pp. 20224–20234, 2023.

Andreas Geiger, Philip Lenz, and Raquel Urtasun. Are we ready for autonomous driving? the kitti
vision benchmark suite. In 2012 IEEE conference on computer vision and pattern recognition,
pp. 3354–3361. IEEE, 2012.

Wencheng Han, Runzhou Tao, Haibin Ling, and Jianbing Shen. Weakly supervised monocular 3d
object detection by spatial-temporal view consistency. IEEE Transactions on Pattern Analysis
and Machine Intelligence, 2024.

Shengyu Hao, Peiyuan Liu, Yibing Zhan, Kaixun Jin, Zuozhu Liu, Mingli Song, Jenq-Neng Hwang,
and Gaoang Wang. Divotrack: A novel dataset and baseline method for cross-view multi-object
tracking in diverse open scenes. International Journal of Computer Vision, 132(4):1075–1090,
2024.

Adam W. Harley, Yang You, Xinglong Sun, Yang Zheng, Nikhil Raghuraman, Yunqi Gu, Shel-
don Liang, Wen-Hsuan Chu, Achal Dave, Pavel Tokmakov, Suya You, Rares Ambrus, Katerina
Fragkiadaki, and Leonidas J. Guibas. AllTracker: Efficient dense point tracking at high resolution.
In ICCV, 2025.

Jordan S. K. Hu, Tianshu Kuai, and Steven L. Waslander. Point density-aware voxels for lidar 3d
object detection. In Proceedings of the IEEE/CVF Conference on Computer Vision and Pattern
Recognition (CVPR), pp. 8469–8478, June 2022.

Mu Hu, Wei Yin, Chi Zhang, Zhipeng Cai, Xiaoxiao Long, Hao Chen, Kaixuan Wang, Gang Yu,
Chunhua Shen, and Shaojie Shen. Metric3d v2: A versatile monocular geometric foundation
model for zero-shot metric depth and surface normal estimation. 2024.

Jiahui Huang, Qunjie Zhou, Hesam Rabeti, Aleksandr Korovko, Huan Ling, Xuanchi Ren, Tian-
chang Shen, Jun Gao, Dmitry Slepichev, Chen-Hsuan Lin, Jiawei Ren, Kevin Xie, Joydeep
Biswas, Laura Leal-Taixe, and Sanja Fidler. Vipe: Video pose engine for 3d geometric perception.
In NVIDIA Research Whitepapers, 2025.

Kuan-Chih Huang, Tsung-Han Wu, Hung-Ting Su, and Winston H Hsu. Monodtr: Monocular 3d
object detection with depth-aware transformer. In Proceedings of the IEEE/CVF conference on
computer vision and pattern recognition, pp. 4012–4021, 2022.

Kuan-Chih Huang, Yi-Hsuan Tsai, and Ming-Hsuan Yang. Weakly supervised 3d object detection
via multi-level visual guidance. In ECCV, 2024a.

Rui Huang, Henry Zheng, Yan Wang, Zhuofan Xia, Marco Pavone, and Gao Huang. Training an
open-vocabulary monocular 3d detection model without 3d data. In The Thirty-eighth Annual
Conference on Neural Information Processing Systems, 2024b.

12

https://www.pexels.com/
https://www.pexels.com/


648
649
650
651
652
653
654
655
656
657
658
659
660
661
662
663
664
665
666
667
668
669
670
671
672
673
674
675
676
677
678
679
680
681
682
683
684
685
686
687
688
689
690
691
692
693
694
695
696
697
698
699
700
701

Under review as a conference paper at ICLR 2026

Jinrang Jia, Zhenjia Li, and Yifeng Shi. Monouni: A unified vehicle and infrastructure-side monoc-
ular 3d object detection network with sufficient depth clues. In Thirty-seventh Conference on
Neural Information Processing Systems, 2023. URL https://openreview.net/forum?
id=v2oGdhbKxi.

Xueying Jiang, Sheng Jin, Lewei Lu, Xiaoqin Zhang, and Shijian Lu. Weakly supervised monocular
3d detection with a single-view image. In Proceedings of the IEEE/CVF Conference on Computer
Vision and Pattern Recognition, pp. 10508–10518, 2024a.

Xueying Jiang, Sheng Jin, Xiaoqin Zhang, Ling Shao, and Shijian Lu. Monomae: En-
hancing monocular 3d detection through depth-aware masked autoencoders. arXiv preprint
arXiv:2405.07696, 2024b.

Nikita Karaev, Ignacio Rocco, Benjamin Graham, Natalia Neverova, Andrea Vedaldi, and Christian
Rupprecht. Cotracker: It is better to track together. In European Conference on Computer Vision,
pp. 18–35. Springer, 2025.

Harold W Kuhn. The hungarian method for the assignment problem. Naval research logistics
quarterly, 2(1-2):83–97, 1955.

Abhinav Kumar, Garrick Brazil, Enrique Corona, Armin Parchami, and Xiaoming Liu. Deviant:
Depth equivariant network for monocular 3d object detection. In European Conference on Com-
puter Vision, pp. 664–683. Springer, 2022.
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APPENDIX

This appendix complements the main content of the article by improving reproducibility and provid-
ing additional evidence of efficacy. We first describe the details of the method required to reproduce
our approach (A), followed by the experimental details needed for comparisons with baselines (B).
We then provide qualitative examples that illustrate the motivation for our method (C), followed by
additional experiments that clarify the efficacy of our method and the role of each component (D).
We also present a dedicated analysis of failure cases (E), which summarizes the main limitations
and discusses remaining challenges. Finally, we show qualitative results that highlight aspects of
our approach not fully reflected by quantitative metrics (F), and describe the usage of large language
models (G).

In addition to this appendix, the supplementary file contains two components: (i) partial source
code for reproducibility, and (ii) video-consistent demos. The demos include several in-the-wild
videos, which illustrate the frame-to-frame consistency of pseudo-labeling without training, and
video demonstrations on some of the Waymo (Sun et al., 2020) scenes, which visualize predictions
from a model trained with our pseudo-labels. Both types of videos further demonstrate the stability
of our approach.

A METHOD DETAILS

Usage of foundation models. For pseudo-label generation, we leverage three foundation models:
Grounded-SAM (Ren et al., 2024) for 2D detection and segmentation, AllTracker (Harley et al.,
2025) for dense point tracking, and UniDepth (Piccinelli et al., 2024) or MoGe2 (Wang et al., 2025c)
for metric depth estimation. For 2D label generation with Grounded-SAM (Ren et al., 2024), we use
the prompts with the categories: ‘Car’/‘Vehicle’ and ‘Pedestrian’ for driving benchmarks and adapt
relevant class labels for in-the-wild videos, with a box threshold of 0.3 and a text threshold of 0.25.
To ensure fairness, we adopt the same text prompts as used in other prompt-based baselines (Yao
et al., 2024; Yang et al., 2025; Huang et al., 2024b). For depth estimation, we use ground-truth
camera intrinsics on driving benchmarks and estimated intrinsics from each depth model for in-the-
wild videos. We find UniDepth (Piccinelli et al., 2024) to be highly accurate in driving scenarios,
and therefore adopt it for experiments on driving benchmarks, while MoGe2 (Wang et al., 2025c)
is used for in-the-wild videos. This modular use of foundation models facilitates the adaptation of
PLOT across domains. Our choice of 2D detector and depth estimator follows OVM3D-Det (Huang
et al., 2024b), where as MonoSOWA (Skvrna & Neumann, 2025) uses COCO-trained MViT-v2 (Li
et al., 2022) detector and Metric3Dv2 (Hu et al., 2024) depth estimator.

Hyperparameters for pseudo-labeling. Pseudo-labels are generated on every 20-frame tracking
window (see Tab. 4, main paper), where dense tracks are computed jointly across all frames. For
longer sequences in KITTI-360 (Liao et al., 2022) and Waymo (Sun et al., 2020), videos are split
into non-overlapping windows of this length. Object visibility, which is used in our camera-motion
estimation (Sec. 4.2; Eq. (4)), is computed from point-track visibility scores with a threshold of 0.6.
Objects that remain unmatched for 4 consecutive frames are considered to have left the scene, while
tracklets shorter than 5 frames are discarded. However, these thresholds may be adjusted according
to the video frame rate. The IoU threshold between a tracklet and its corresponding detection, used
in the Hungarian Matching (Kuhn, 1955) in Eq. (2) of Sec. 4.1, is set to 0.4. During camera motion
estimation, we filter points with depth greater than 50 m, while object motion estimation uses all
available points without depth filtering. An object is considered moving if its displacement, i.e.,
||p̂s

i − p̂t
i||, exceeds the threshold of 2 m.

MonoDETR training. Using the pseudo-labels generated on the training split, we train Mon-
oDETR (Zhang et al., 2023), a single-image monocular 3D detector, in a fully supervised manner.
Its performance is then evaluated on the corresponding validation or test split, depending on the
dataset. All training hyperparameters follow the official setting without modification.

Software specification. A list of dependencies and versions of used libraries is provided in the
requirements.txt of the supplementary codes.
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B EXPERIMENTAL DETAILS

Hardware specification. Pseudo-label generation and the run-time analysis reported in Tab. 4 of
the main paper are conducted on a PC equipped with an Intel Core i9-14900KF CPU and a single
NVIDIA RTX-3090 GPU. The training of MonoDETR (Zhang et al., 2023) is performed separately
on a PC with a single NVIDIA A100 GPU.

Benchmark datasets. We evaluate PLOT on three monocular 3D object detection (M3OD) bench-
marks with video sequences: KITTI (Geiger et al., 2012), KITTI-360 (Liao et al., 2022), and Waymo
Open (Sun et al., 2020). For KITTI, we adopt the official training and validation split of the 3D ob-
ject detection benchmark, consisting of 3,712 training images and 3,769 validation images. Since
the KITTI M3OD benchmark is defined for single images, we leverage adjacent frames from the
raw video sequences for each labeled image to enable temporal reasoning, simliar to the concurrent
work (Skvrna & Neumann, 2025). For KITTI-360, we follow the protocol in VSRD (Liu et al.,
2024), which uses 6 training sequences with 44,178 frames and 1 test sequence with 2,459 frames.
For the Waymo Open dataset, we follow the official split, consisting of 798 training sequences
(158,080 frames) and 202 validation sequences (39,988 frames).

In-the-wild videos. Since all public M3OD benchmarks are limited to driving scenes, we further
evaluate generalization by applying PLOT to diverse monocular videos outside this domain. We
specifically select datasets that capture scenes rarely covered by standard 3D detection benchmarks,
including surveillance footage (MOT17 (Milan et al., 2016), DIVOTrack (Hao et al., 2024)), hand-
held recordings (MOSE (Ding et al., 2023)), and crowd-sourced videos (GMOT-40 (Bai et al., 2021),
Pexels (Contributors, 2025)). Unlike structured driving environments with forward-facing cameras
and narrow fields of view, these in-the-wild settings introduce unconstrained camera motions, varied
scene structures, and diverse object categories. Such characteristics make them particularly valuable
for assessing robustness under open-set evaluation, where models must handle novel environments
without domain-specific assumptions. To illustrate this, we compare results on representative sce-
narios, including a CCTV-like view (Fig. 2, main paper) and a ‘boat’ scene (Fig.7, main paper). In
these experiments, we use raw pseudo-labels without training and compare them with prior pseudo-
labeling methods(Huang et al., 2024b) as well as zero-shot predictions from open-set detectors(Yang
et al., 2025), using the same object categories for fairness.

Weakly-supervised M3OD models. We compare PLOT against recent weakly-supervised meth-
ods (Qin et al., 2021; Peng et al., 2022b; Tao et al., 2023; Jiang et al., 2024a). These approaches
avoid full 3D supervision but rely on additional priors, such as separately trained networks or aux-
iliary inputs (e.g., LiDAR, stereo, or depth). Specifically, MonoGRNet (Qin et al., 2021) trains a
separate attribute estimation network to circumvent direct 3D bounding-box regression, while SKD-
WM3D (Jiang et al., 2024a) leverages a depth completion network trained on the same benchmark
dataset. In addition, these methods typically exploit 2D ground-truth annotations to provide extra
cues in the absence of full 3D supervision. In contrast, PLOT eliminates the need for such priors
or auxiliary inputs, learning directly from monocular video sequences through pseudo-labeling. All
baseline results are taken from officially reported results.

Open-set M3OD models. Given the open-vocabulary nature of our approach, we also compare
with open-set monocular 3D object detectors (Yao et al., 2024; Yang et al., 2025). These models
are trained on large-scale cross-domain datasets with dense 3D ground-truth annotations, such as
Omni3D (Brazil et al., 2023), which already include subsets of driving benchmarks - KITTI (Geiger
et al., 2012) and nuScenes (Caesar et al., 2020). This overlap makes direct benchmark comparisons
less meaningful, but it underscores the practical gap between approaches that depend on curated
large-scale 3D supervision and PLOT, which learns from monocular video alone without requiring
domain-specific priors or additional annotations.

Pseudo-labelers. We primarily compare against previous pseudo-labeling approaches (Huang
et al., 2024b; Liu et al., 2024; Skvrna & Neumann, 2025). Some methods introduce generic pri-
ors, such as LLM-estimated object sizes (Huang et al., 2024b), while others rely on assumptions
tightly coupled to driving domains, such as known sensor poses (Liu et al., 2024; Skvrna & Neu-
mann, 2025) or fine-grained object template shapes (e.g., minivan, Passat, SUV, sedan) (Skvrna &

17



918
919
920
921
922
923
924
925
926
927
928
929
930
931
932
933
934
935
936
937
938
939
940
941
942
943
944
945
946
947
948
949
950
951
952
953
954
955
956
957
958
959
960
961
962
963
964
965
966
967
968
969
970
971

Under review as a conference paper at ICLR 2026

Neumann, 2025). In contrast, PLOT generates pseudo-labels directly from raw monocular videos
without requiring such additional priors.

Evaluation metrics. For the KITTI and KITTI-360 datasets, we report average precision in 3D
and bird’s eye view (AP3D/APBEV), computed at 40 recall positions and using two IoU thresholds:
0.3 and 0.5. The results are reported in three levels of difficulty: easy, moderate (KITTI only), and
hard, based on the size of the object’s bounding box. For the Waymo Open dataset, we evaluate on
Level 2 objects and use the same metrics (AP3D/APBEV) with an IoU threshold of 0.5. The results
are further broken down by distance ranges of objects: [0, 30), [30, 50), and [50,∞) meters.

C FURTHER ANALYSIS ON MOTIVATION

MonoSOWA

GT

Ours

GT

MonoSOWA (ICCV’25) PLOT (Ours)

Figure 8: Association failures with naive tracking.

This section provides qualitative examples and
additional explanations that support the motiva-
tion in Sec. 3 of the main paper.

Failures in object association. Both video-
frame tracking and 2D detection are error-prone
under occlusion, clutter, and detector noise. As
a result, naive box-level matching that relies only
on spatial proximity (Skvrna & Neumann, 2025)
inevitably produces incomplete associations, ul-
timately requiring reliance on shape priors and
creating a barrier to generalization. The quali-
tative comparisons in Fig. 8 illustrate how naive
tracking leads to association failures: the pseudo-
LiDAR of a single object becomes fragmented,
resulting in additional false positive boxes. Reli-
able object association, built on consistent object
identities and trajectories, is essential for our method, which performs trajectory-guided shape fu-
sion and relative-motion-based orientation estimation. Fig. 9 illustrates this effect by showing BEV
locations of detected boxes over time without global object memory (left) and with it (right). When
shape fusion is performed based on object associations on the left figure, severe pseudo-LiDAR
distortions arise, which in turn lead to errors in subsequent attribute estimation.

Shape incompleteness in attribute estimation Attribute estimation in M3OD often fails when
derived from incomplete pseudo-LiDARs. Existing approaches typically compute orientation via
PCA on the observed points, while dimensions and centers are similarly obtained from the same

1
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3
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3

4

5
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5

Figure 9: Effect of accurate object association on identity consistency. BEV visualizations with
and without proper association (GOM) show how ID switches are reduced when associations are
corrected. Zoom for the best view.
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Raw LiDAR Pseudo LiDAR Raw LiDAR Pseudo LiDAR

timetime * *

Figure 10: Completed pseudo-LiDAR obtained by trajectory-guided shape fusion. The middle
row shows an object’s multiple observations across time through ego-motion, which enables reliable
orientation and dimension estimation.

Table 7: Detection results for the ‘Pedestrian’ class on KITTI (Geiger et al., 2012) val set.

Method Labels Extra AP3D@IoU = 0.3↑ APBEV@IoU = 0.3↑ AP3D@IoU = 0.5↑ APBEV@IoU = 0.5↑
Easy Mod. Hard Easy Mod. Hard Easy Mod. Hard Easy Mod. Hard

Su
p.

MonoDIS (Simonelli et al., 2019) GT-3D ✗ - - - - - - 3.20 2.28 1.71 4.04 3.19 2.45
MonoXiver (Liu et al., 2023) GT-3D ✗ - - - - - - 7.95 5.49 4.62 - - -
GUP-Net (Lu et al., 2021) GT-3D ✗ - - - - - - 9.37 6.84 5.73 - - -
DEVIANT (Kumar et al., 2022) GT-3D ✗ - - - - - - 9.85 7.18 5.42 - - -

W WeakM3D Peng et al. (2022b) GT-2D LiDAR - - - 3.79 3.21 3.12 - - - - - -

Ps
d. OVM3D-Det (Huang et al., 2024b) GSAM GPT-4 10.63 8.96 7.32 11.25 9.36 7.85 8.19 6.88 5.56 9.11 7.71 6.27

PLOT (Ours) GSAM Video 16.64 14.39 12.27 17.66 15.01 12.76 13.97 11.71 9.84 14.52 12.48 10.59

shape, e.g., the center is estimated as a mean of pseudo LiDAR P , as follows:

(xc, yc, zc) = mean(P ). (10)

However, when the shape is sparse or truncated, the box center and orientation become shifted or
distorted, forcing reliance on class-level priors rather than observed evidence, as observed in the 3D
bounding box estimates of OVM3D-Det (Fig. 7, main paper) that uses single-image pseudo-LiDAR.
In contrast, as illustrated in Fig. 10, our trajectory-guided shape fusion yields more complete pseudo-
LiDARs, making orientation, dimension, and center estimation significantly more robust.

D ADDITIONAL EXPERIMENTS

All additional experiments are conducted on the KITTI (Geiger et al., 2012) dataset.

KITTI-Pedestrian. Beyond the commonly evaluated ‘Car’ class in driving benchmarks, we fur-
ther assess performance on the more challenging ‘Pedestrian’ class in the KITTI validation split.
Detecting pedestrians in monocular 3D is particularly difficult due to their small size, frequent oc-
clusions, and the severe depth ambiguity that arises when estimating 3D attributes from limited
visual evidence. As shown in Tab. 7, PLOT surpasses all prior methods, including fully supervised
approaches, by a significant margin. This result highlights the effectiveness of trajectory-guided
shape fusion in capturing fine-grained object geometry, enabling reliable orientation and localiza-
tion even for small, highly dynamic objects, such as pedestrians.

Table 8: Ablation on orientation estimation.

Cam motion AP3D@IoU = 0.3↑ APBEV@IoU = 0.3↑
Easy Mod. Hard Easy Mod. Hard

✗ 77.65 57.59 48.27 80.51 60.25 50.81
✓ 80.48 60.83 51.49 83.06 63.59 54.15

Table 9: Ablation on estimated intrinsics.

Intrinsics AP3D@IoU = 0.3↑ APBEV@IoU = 0.3↑
Easy Mod. Hard Easy Mod. Hard

UniDepth 70.44 51.90 44.12 76.17 58.66 50.49
GT 80.48 60.83 51.49 83.06 63.59 54.15
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Figure 11: Failure modes analysis on KITTI (Geiger et al., 2012).
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Figure 12: Failure cases in
Waymo-Open.

Motion-guided orientation estimation. In Tab. 8, we evaluate the role of camera motion (i.e.,
relative camera poses) in transforming local object trajectories into world-space alike trajectories.
Without explicit motion reasoning to distinguish between static and dynamic objects, orientation
estimation becomes less reliable, leading to a noticeable drop in performance.

Estimated intrinsics. In Tab. 9, we evaluate PLOT using UniDepth-estimated camera intrinsics in
place of ground-truth values. Although intrinsic calibration is typically available in driving bench-
marks, the results indicate that PLOT maintains performance comparable to estimated intrinsics,
showing only minor degradation and demonstrating its suitability for deployment in unconstrained
settings.

Label noise in KITTI. Since 3D bounding box annotations depend on the sparsity and distribution
of LiDAR points, obtaining labels as precise as their 2D counterparts is inherently challenging. As
shown in Fig. 6 in the main paper and Fig. 15, both 3D-MOOD (Yang et al., 2025) and PLOT
occasionally produce detections that better align with visual evidence than the provided ground-
truth, where some objects are missing or incompletely annotated. This not only supports our earlier
finding that PLOT can serve as a reliable substitute for manual 3D labeling, but also highlights
its potential for facilitating future dataset creation by bootstrapping new benchmarks with reduced
human annotation effort. Although KITTI remains a valuable benchmark, certain limitations in its
labels can lead to an underestimation of the method’s performance.

E FAILURE MODE ANALYSIS

While the quantitative and qualitative results in the main paper demonstrate the robustness of our
method, it does not perform flawlessly in every scenario. This section analyzes representative failure
cases, as well as situations where the proposed approach cannot theoretically provide substantial
benefits. As summarized in Fig. 11, our failure modes fall into three major categories.

Case 1: Limited relative motion. Our approach captures and fuses shape variations through rel-
ative motion between the camera and objects. However, when the relative pose remains nearly
constant-for instance, due to minimal ego-motion or objects moving steadily at a distance—the
method offers limited advantages, as shown in Fig. 11-(1). In such cases, long-range objects pro-
vide insufficient evidence for label refinement because 2D detections remain sparse across frames,
often resulting in detection failures. This behavior is evident in Fig. 12, where the top example from
Waymo shows a case in which a subsequent right turn of the camera causes the object to move out
of view, leaving the occlusion unresolved, and the bottom example depicts an object persistently
hidden by occlusion, preventing reliable observations.

Case 2: Long-range depth degradation. As with other open-set methods or monocular depth
estimators, depth noise grows with distance from the camera, leading to degraded accuracy in center
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Figure 13: BEV comparison between the detection results of raw pseudo-labels and the detec-
tor trained with it, on KITTI (Geiger et al., 2012).
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Figure 14: Qualitative comparisons with and without global object memory, on KITTI-
360 (Liao et al., 2022). Zoom for the best view.

estimation. As shown in Fig. 11-(2), even though our method generally produces accurate labels,
the estimated center gradually shifts as objects recede. While such issues may be alleviated as
monocular depth models improve, they remain a practical bottleneck in long-range scenarios.

Case 3: Edge-case association errors. Although the proposed Global Object Memory (GOM)
substantially improves object association compared to conventional approaches (see Fig. 8), it can-
not resolve all cases. Fig. 11-(3) illustrates such an edge case: objects located near the boundary of
the tracking window with minimal observations, or objects persistently embedded in clutter (similar
to Case 1), may fail to be associated correctly. This leads to inaccurate pseudo-LiDAR fusion and,
consequently, erroneous 3D bounding box estimates. These cases highlight the limits of our current
association strategy and suggest that integrating stronger priors on temporal continuity or leveraging
multi-view geometric cues could further enhance robustness.

F ADDITIONAL QUALITATIVE RESULTS

Raw pseudo-labels vs. trained labels. As a complement to the standalone detector ablation in
Tab. 5 of the main paper, Fig. 13 compares ground truth, raw pseudo-labels, and the results of Mon-
oDETR (Zhang et al., 2023) trained on them in BEV. While the raw pseudo-labels already provide
reasonable object detections, depth noise often shifts the estimated centers. Training mitigates these
errors by regularizing noisy depth estimates, leading to more accurate and stable center predictions.
Nevertheless, our estimated pseudo-labels demonstrate reasonable localization performance even
without training, highlighting their potential as a standalone detector.

Necessity of global object memory. As a complement to the global object memory ablation in
Tab. 5 of the main paper, Fig.14 illustrates per-frame results over five consecutive frames, show-
ing (top) per-frame predicted masks from GSAM (Ren et al., 2024), (middle) 3D bounding boxes
estimated without global object memory (GOM), and (bottom) 3D bounding boxes estimated with
GOM. With GOM, the predicted boxes become progressively more accurate and consistent in size
and orientation as camera motion provides additional observations. In contrast, without GOM, in-
correct associations give rise to erroneous boxes and ID switches. The importance of consistent
association for stable shape fusion is further supported by Fig.9, as discussed in Appendix C.
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Qualitative results on KITTI (Geiger et al., 2012). Fig. 15 presents qualitative comparisons on
KITTI against ground truth, a supervised open-set detector (3D-MOOD) (Yang et al., 2025), and a
pseudo-labeling method (MonoSOWA) Skvrna & Neumann (2025). Notably, PLOT produces 3D
boxes that are visually on par with 3D-MOOD, despite the latter being trained with full 3D super-
vision. In contrast, MonoSOWA frequently generates oversized boxes, reflecting the limitations of
its LLM-driven (Achiam et al., 2023) shape priors. These results show that PLOT achieves high
reliability without 3D supervision while also exposing the shortcomings of LLM-driven geometric
reasoning.

Qualitative results on Waymo-Open (Sun et al., 2020). Fig. 16 presents qualitative results across
diverse conditions: a daytime scene (left), a challenging environment with rain or light saturation
(middle), and a nighttime scene (right). Ground-truth annotations are shown in green boxes, while
our predicted results are shown in red. In both the daytime and challenging-condition scenes, our
method produces detections that closely align with the ground truth, even under heavy clutter and
adverse conditions. Remarkably, in the nighttime scene, our trajectory-guided labeling captures ad-
ditional object instances that are missing in the ground-truth labels, demonstrating the robustness of
our approach under low-visibility settings. These qualitative results highlight the practical potential
of our method for monocular 3D object detection in real-world scenarios.

In-the-wild videos (Contributors, 2025; Milan et al., 2016). In addition to the cross-domain
results shown in Fig. 1, Fig. 2, and Fig. 7 of the main paper, we compare our raw pseudo-labels
with those from the open-set single-image pseudo-labeler (OVM3D-Det) (Huang et al., 2024b) and
the open-set 3D object detector (3D-MOOD) (Yang et al., 2025), in Fig. 17. OVM3D-Det, relying
on single-image and shape priors, consistently produces inaccurate box sizes and center estimates,
while 3D-MOOD suffers from reduced recall in novel domains. In contrast, our method consistently
provides reasonable estimates across diverse conditions, including challenging cases such as phone-
captured vertical videos (last row). To further demonstrate spatial consistency in in-the-wild videos,
Fig. 18 provides both 2D projections and BEV visualizations for a scene from MOT17 (Milan et al.,
2016). From the BEV view, objects are shown to lie on a consistent ground plane with well-aligned
relative positions, offering clearer evidence of the geometric coherence provided by our pipeline,
whereas 3D-MOOD mainly struggles with relative spatial positioning across frames.

G USAGE OF LARGE LANGUAGE MODELS

Large language models (LLMs) were used only for writing assistance, such as polishing text and
grammar checking, and did not contribute to the technical contents of this work. In particular,
they were not involved in the retrieval or discovery of related literature, research ideation, analysis,
or any other part of the scientific process. Our method itself does not involve direct LLM usage.
However, for evaluating a baseline (OVM3D-Det) (Huang et al., 2024b) that leverages LLM-based
shape priors (Achiam et al., 2023) in the in-the-wild video setting, we prompted an LLM to estimate
approximate object sizes, which were then used as input priors for that baseline.
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Ground Truth 3D-MOOD (ICCV’25) MonoSOWA (ICCV’25) PLOT (Ours)

Figure 15: Qualitative comparisons on KITTI (Geiger et al., 2012). The supervised method-
3D-MOOD (Yang et al., 2025) is shown in gray.

Figure 16: Qualitative results on Waymo (Sun et al., 2020) under challenging conditions. Left:
standard driving scenes. Middle: scenes with challenging environmental conditions (e.g. raining,
light-saturation). Right: night scenes with limited illumination. Our trajectory-guided labeling
improves temporal consistency and yields reliable pseudo-labels even in such adverse scenarios.
Ground truth boxes are shown in green and predicted boxes in red.
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OVM3D-Det (NeurIPS’24) 3D-MOOD (ICCV’25) PLOT (Ours)

Figure 17: Additional qualitative results on in-the-wild videos. Prompts with same object classes
are used for all methods.
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Figure 18: Additional qualitative comparisons on MOT17 (Milan et al., 2016) sequence visu-
alized on BEV. The red dotted circles highlight regions where our method maintains temporally
consistent ground-plane geometry and stable 3D box estimates, in contrast to the spatial drift ob-
served in 3D-MOOD (Yang et al., 2025).
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