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Abstract

High-quality 3D annotations for LiDAR point clouds are
expensive to obtain, while domain shift between source and
target domains limits the direct use of pretrained 3D de-
tectors. Auto-labeling offers a scalable alternative, but
the quality of current pipelines remains largely bounded by
LiDAR-based pseudo-label generation. A key observation is
that LiDAR auto-labeling pipelines can achieve high recall
but produce many false positives, whereas image segmenta-
tion foundation models offer high-precision 2D detections
with strong zero-shot generalisation, suggesting that the
two modalities have complementary error profiles. Building
on this complementarity, we propose three modules that in-
Jject image segmentation priors into a LIDAR auto-labeling
pipeline: rule-based confidence refinement, a weakly super-
vised learned refinement module, and mask-based 3D pro-
posal generation. On the View of Delft dataset, the learned
module achieves the best pseudo-label quality among all
configurations. Notably, geometric and confidence cues
alone account for the majority of this improvement, with
image features providing a consistent but modest additional
gain, which indicates that the learned decision boundary,
not the raw image signal, is the key enabler.

1. Introduction

Autonomous vehicles must reliably detect other road
users to make safe decisions in diverse and unpredictable
traffic environments. This requires accurate 3D perception
from LiDAR point clouds, yet high-quality 3D annotations
remain expensive and slow to obtain at scale. Labeling Li-
DAR point clouds with tight 3D bounding boxes requires
expert annotators, careful handling of sparsity and occlu-
sions, and labeling across long sequences [1,4,12,21]. A
further obstacle is domain shift: a 3D detector trained on
one dataset (source domain) can suffer a dramatic perfor-
mance drop when deployed in a new environment (target
domain), because differences in sensor type, sensor place-

Figure 1. A View of Delft frame overlaid with high-recall Li-
DAR 3D pseudo-labels and high-precision image segmentation
masks, coloured per class: Vehicle, Pedestrian, Cyclist. Cross-
modal agreement between the two sources provides evidence for
validating, rejecting, or supplementing pseudo-labels.

ment and road infrastructure alter the point-cloud distri-
bution [28]. Collecting new annotations for every target
domain is extremely expensive, motivating auto-labeling
pipelines that generate pseudo-labels from raw sensor data
[20,31]. However, the utility of such pipelines is limited by
pseudo-label quality, since false positives and missed detec-
tions directly hurt downstream training.

An effective paradigm for LiDAR auto-labeling is to en-
semble multiple source-domain detectors and apply tempo-
ral refinement, achieving high recall by fusing diverse pre-
dictions and tracking objects over time [25]. However, these
pipelines remain purely LiDAR-driven and produce a sub-
stantial number of false positives, particularly in sparse or
occluded regions. Meanwhile, modern vision foundation
models for segmentation offer a complementary strength:
high-precision 2D instance masks with strong zero-shot
generalisation [2, 8]. As Figure 1 shows, LiDAR auto-
labeling pipelines tend to achieve high recall but moderate
precision, while image segmentation models exhibit the op-
posite profile: higher precision but lower recall. Further-



more, these segmentation models are limited to 2D, while
LiDAR-based models give us 3D data. This complemen-
tarity motivates our central hypothesis: combining a high-
recall LiDAR detector with a high-precision image segmen-
tor should yield pseudo-labels that are more accurate than
either modality alone.

Realising this hypothesis raises three practical chal-
lenges: Robust fusion under asymmetric errors, since the
LiDAR detector over-detects (many false positives) while
the image segmentor under-detects (missed objects), and
rigid rule-based thresholds make it difficult to distinguish
true detections that lack image support from genuine false
positives. Operating with no or few labels, since fully
unsupervised merging limits what can be learned, while
full 3D annotation is prohibitively expensive; ideally only
cheap binary keep/discard decisions on existing pseudo-
labels should suffice. Bridging the 2D-3D gap, because
lifting 2D masks into 3D bounding boxes requires geomet-
ric reasoning and is inherently imprecise when LiDAR only
observes the near surface of objects.

We address these challenges by extending a strong Li-
DAR auto-labeling pipeline with segmentation-model pri-
ors and evaluating three ways of incorporating this ev-
idence. Our central finding is that the most effective
strategy is not direct multi-modal proposal generation, but
lightweight learned pseudo-label refinement: a small MLP
trained on cheap binary keep/discard labels substantially
improves pseudo-label quality, while segmentation derived
features provide a smaller but consistent additional gain.
This shows that segmentation priors are most useful as aux-
iliary evidence inside a learned refinement stage, rather than
as a stand-alone source of 3D proposals. Our contributions
are the following:

¢ Label-efficient learned pseudo-label refinement.
We propose a lightweight MLP that reweights Li-
DAR pseudo-label confidence using cheap binary
keep/discard annotations. This module delivers the
largest improvement in pseudo-label quality and sub-
stantially outperforms training a 3D detector from
scratch under the same annotation budget.

* Segmentation priors as auxiliary cross-modal evi-
dence. We study how SAM3-derived agreement and
mask features can support pseudo-label refinement.
We show that these features provide a consistent but
modest gain on top of strong geometric and detector-
confidence cues.

* Analysis of integration strategies for segmentation
priors. We evaluate rule-based refinement, learned re-
finement, and mask-based 3D proposal generation in-
side MS3D++, and show that lightweight learned fu-
sion is effective while direct 2D-to-3D lifting remains
limited by box-fitting accuracy.

2. Related Work

Unsupervised domain adaptation. Unsupervised domain
adaptation (UDA) aims to transfer 3D detectors from la-
belled source domains to unlabelled target domains, of-
ten relying on pseudo-labels as intermediate supervision
[28, 31]. Self-training and consistency-based approaches
mitigate domain shift by iteratively filtering or re-weighting
pseudo-labels to stabilise training under noisy supervision
[6,9,22,36]. Representative 3D pipelines include ST3D
[31], SE-SSD [35], SSDA3D [29], and CL3D [18]. MS3D
and MS3D++ further improve pseudo-label quality by en-
sembling multiple pretrained detectors and fusing their out-
puts before temporal refinement [24,25]. These works un-
derscore that pseudo-label selection and refinement are crit-
ical, as errors propagate when pseudo-labels serve as train-
ing supervision [27]. However, most existing refinement
strategies rely on hand-crafted score thresholds or self-
training heuristics; our MLP-based approach instead learns
a confidence re-weighting function from a small set of bi-
nary annotations, combining geometric and cross-modal
features.

Multi-modal cues and foundation-model priors. Camera
data provides dense semantic cues that complement LiDAR
geometry, motivating multi-modal 3D detection and anno-
tation pipelines. Frustum-based methods project 2D de-
tections into 3D and aggregate the enclosed LiDAR points
to produce 3D box proposals [15, 19]; our SAM3-driven
proposal module follows a similar frustum strategy but re-
places a trained 2D detector with foundation-model masks.
Sensor-fusion approaches such as PointPainting [26] and
BEVFusion [10] jointly process image and LiDAR fea-
tures for 3D detection, while recent offline multi-modal
auto-labeling systems combine both modalities to produce
more reliable pseudo-labels [ 1, 33]. In parallel, vision
foundation models have emerged as strong zero-shot pri-
ors for diverse visual tasks. Segment Anything (SAM)
[8] introduced class-agnostic mask proposals with strong
cross-domain generalisation, and its successor SAM3 ex-
tends this to open-vocabulary, concept-level segmentation
that outputs per-mask class labels and confidence scores
[2]. Because these models generalise across domains with-
out fine-tuning, they are particularly attractive for cross-
domain auto-labeling where target-domain training data is
scarce. Foundation-model priors have also been explored in
broader open-world labeling settings for autonomous driv-
ing [23]. In this work, we leverage SAM3’s class-aware
masks as cross-modal evidence to validate, suppress, or ex-
tend LiDAR-based pseudo-labels.

3D auto-labeling via temporal aggregation. A common
strategy to improve pseudo-label quality in autonomous
driving is to exploit the temporal redundancy in sequen-
tial point-cloud sweeps. Offline and 4D auto-labeling
pipelines associate per-frame detections across time using
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Figure 2. Detailed flowcharts of the three proposed modules. Modules are colour-coded as follows: green for rule-based refinement, blue
for learned MLP refinement, and red for the mask-based 3D detector. Dashed arrows denote 2D data and solid arrows denote 3D data. .S
denotes a standard scaler applied to normalise features to zero mean and unit variance before MLP inference.

multi-object tracking, then aggregate the resulting track-
lets to reduce jitter, recover missed detections, and im-
prove box localisation under LiDAR sparsity and occlu-
sions [3, 13, 20, 30]. Tracking-based temporal refinement
is particularly effective because a detection that is weak or
missing in a single frame can be recovered from neighbour-
ing frames where the same object produces a stronger sig-
nal [14, 17]. Recent work further studies robustness and
scalability of such 4D auto-labeling across datasets and
domains [32]. Our baseline, MS3D++, relies heavily on
tracking and temporal refinement to produce high-quality
pseudo-labels [25]; the extensions we propose in this work
are complementary, operating either on the temporally re-
fined outputs or injecting proposals before tracking, rather
than modifying the temporal pipeline itself.

While prior work has combined temporal refinement
with cross-domain LiDAR pseudo-labeling, and separate
lines of work have shown the value of multi-modal auto-
labeling and foundation-model priors, it remains unclear
how camera-based segmentation-model evidence should be
integrated into a strong domain-adaptation pipeline for 3D
pseudo-label generation.

3. Method

As established in the introduction, a high-recall LIDAR
auto-labeling pipeline and a high-precision image segmen-
tation model exhibit complementary error profiles: the for-
mer over-detects, producing many false positives, while the
latter provides reliable per-instance evidence but operates
only in 2D and can miss objects. Our goal is to improve
3D pseudo-label quality in a strong LiDAR auto-labeling
pipeline under limited target-domain annotation. We inves-

tigate whether segmentation-model priors can help achieve
this, either by directly refining pseudo-labels or by generat-
ing additional proposals. We instantiate this idea by extend-
ing MS3D++ [25] with image priors from SAM3 [2].

3.1. Problem Setup

For each frame ¢, we assume synchronized LiDAR and
camera observations. Let X; denote LiDAR pointclouds
and I, the synchronized camera images. A LiDAR auto-
labeling pipeline produces 3D pseudo-labels

Bt = {(b’iaci7s’i) 7{\217 (1)

where b; is a 3D bounding box, c¢; a semantic class label,
and s; € [0, 1] a confidence score.

In parallel, a 2D segmentation model generates mask
proposals in the image domain:

M ={(mj,é5,45)}72,

where m; is a 2D instance mask, ¢; is the predicted class
label, and g; € [0, 1] is its confidence. In our instantiation,
pseudo-labels come from MS3D++ [25] and masks from
SAM3 [2]. We use M, to introduce image evidence that
can support, suppress, or add 3D pseudo-labels.

3.2. Cross-Modal Pseudo-Label Refinement

We propose three complementary modules to integrate
image segmentation evidence into a LiDAR auto-labeling
pipeline, each addressing a different aspect of the problem.

The first two modules address the primary weakness of
a high-recall LiDAR detector: its tendency to produce false
positives. We begin with a simple rule-based approach that
uses fixed thresholds on cross-modal agreement to penalise

2)



Lidar X;

: Temporal
Tracking Refinement

Initial Detections B{Mt

MLP Rule-Based

S

[ Mask-Based)
3D Detector

Refinement

. Camera k -Masks M;

Pseudo Labels B;
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unsupported pseudo-labels. Since rigid rules make it diffi-
cult to adapt to the diversity of failure cases, we next pro-
pose a learned refinement stage that trains a lightweight
MLP on a small set of binary keep/discard labels to distin-
guish these cases. Finally, having addressed precision, we
observe that some objects are missed entirely by the LIDAR
pipeline. Our third module, a mask-based 3D detector, lifts
2D mask proposals into 3D to recover these missed detec-
tions and improve recall. A detailed overview of how these
methods work is shown in Figure 2. Figure 3 shows how
these methods are integrated in the MS3D++ pipeline [25]

3.2.1 Rule-based Refinement

The simplest way to exploit 2D segmentation evidence is
to check whether each 3D pseudo-label is supported by
a corresponding 2D mask: pseudo-labels without support
are likely false positives. We implement this as a post-
processing step on the LIDAR pseudo-labels.

For a pseudo box b, we project it into the image and ob-
tain a 2D rectangle r(b). For each segmentation mask m,
we compute its 2D rectangle r(m) and the geometric over-
lap
_ () nr(m)

[r(b) Ur(m)|
We combine this geometric overlap with the confidence
scores from both sources into a weighted agreement score:

IOUQD (b, m) (3)

a(b,m) =IoUsp(b,m) - ¢ - P, %)

where o and  control how strongly the segmentation con-
fidence ¢ and the pseudo-label confidence s influence the
agreement decision.

Each pseudo box is matched to the best-overlapping
mask with the same predicted class. Based on the weighted

agreement score a, we classify each pseudo box into one
of three levels: high agreement (a > Thign With matching
class), partial agreement (overlap exists but @ < Tpigh Or
class mismatch), and no overlap (no mask exceeds a min-
imum score Tyin). The pseudo-label confidence is then
adjusted adaptively: high agreement increases s;, partial
agreement leaves it unchanged, and no overlap applies a
large penalty. Boxes whose updated confidence falls below
a minimum threshold are discarded. This module requires
no target-domain labels and provides a quick precision im-
provement.

3.2.2 Learned MLP Refinement

The rule-based approach demonstrates that cross-modal
agreement contains useful signal for identifying false pos-
itives, but fixed thresholds are too coarse: the causes of
missing segmentation overlap are diverse (segmentor fail-
ures on small or distant objects, occlusion, class confusion)
and cannot be captured by hand-crafted rules. This moti-
vates a learned approach that can weigh these factors jointly.

We train a lightweight MLP to predict the probability
that a pseudo-label is a false positive, combining geometric
features of the 3D box with cross-modal agreement features
and segmentation features from the segmentation model.
Critically, the training labels needed are cheap: because
the high-recall LiDAR pipeline already produces candidate
boxes for most objects in the scene, a human annotator only
needs to verify each existing pseudo box as a true or false
positive. This is a binary keep/discard decision on boxes
that already exist, which is significantly cheaper than creat-
ing full 3D bounding-box annotations from scratch. There-
fore the MLP learned refinement is a weakly supervised set-
ting.



For each pseudo box, we compute a 19-dimensional fea-
ture vector ¢(b) comprising three groups (see Appendix A
for full definitions):

* Geometry features (13): box centre (z,y,z), dimen-
sions (dz, dy,dz), orientation (sin @, cos ), distance to
ego, volume, aspect ratio dz/dy, the MS3D++ detector
confidence score, and predicted class label.

* Cross-modal features (3): 2D IoU between the projected
3D box and the best-matching SAM3 mask, a binary flag
indicating whether the SAM3 and MS3D++ class labels
agree, and the number of SAM3 masks overlapping the
projected box.

¢ Segmentation features (3): the SAM3 mask confidence
score, SAM3-predicted class label, and SAM3 mask
bounding-box area.

The MLP has two hidden layers (64-32 units, ReL.U acti-
vations) and is trained with Adam using L, regularisation
(a=1073) and early stopping. Features are standardised
to zero mean and unit variance. At inference, the MLP
outputs P(FP | (b)), the estimated probability that a
pseudo-label is a false positive. We apply it in a conserva-
tive soft mode by downweighting the original confidence:
s =s;- (1 — P(FP | ¢(b))). This soft re-weighting pre-
serves all pseudo-labels (maintaining recall) while pushing
likely false positives to low confidence, letting the down-
stream training pipeline filter them via its own score thresh-
old.

3.2.3 Mask-Based 3D Detector

The previous two modules refine existing pseudo-labels but
cannot recover objects that the LiDAR pipeline missed en-
tirely. To improve recall, we generate additional 3D pro-
posals by lifting 2D segmentation masks into 3D using the
available LiDAR points.

For each segmentation mask, we project LIDAR points
into the image and retain those falling inside the mask. We
isolate the foreground object via depth-gap clustering, then
fit an oriented 3D bounding box to the remaining points.
Because LiDAR only observes the near surface, the point
spread alone underestimates dimensions. We address this
by blending the observed point spread with class-specific
size priors. The orientation is computed using PCA on the
filtered points, determining which side of the object is visi-
ble. The box centre is offset away from the sensor using the
class size priors and the estimated orientation. Each pro-
posal inherits the segmentation mask class ¢; and derives
its confidence from ¢;. To avoid redundancy, we reject pro-
posals that overlap existing LiDAR pseudo-labels in BEV,
and inject the remaining proposals into Bi"i* before tracking
and temporal refinement.
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Figure 4. Precision—recall curves for the vehicle class. MS3D++
achieves high recall but moderate precision, while SAM3 achieves
higher precision. Combining both modalities through learned re-
finement yields the best performance.

4. Experiments

We evaluate our three cross-modal extensions on the
View of Delft dataset [16] and compare them against the
MS3D++ baseline. We first describe the experimental setup
(Section 4.1), then present the main results (Section 4.2) and
ablation studies on training set size and feature importance
(Section 4.3).

4.1. Experimental Setup

Dataset and split. We evaluate on View of Delft
(VoD) [16], recorded in Delft, the Netherlands, with a 64-
beam LiDAR and a front-facing camera. VoD provides 3D
bounding-box annotations for 13 road-user classes within
the front-camera field of view (FOV), including Car, Truck,
Pedestrian, and Cyclist among others [16]. In this work,
we map these annotations to three evaluation classes: Ve-
hicle (grouping Car and Truck), Pedestrian, and Cyclist.
We use 8 sequences totaling 2,400 LiDAR frames, split into
1,700 frames for development (MLP training and ablation)
and 700 held-out test frames for evaluation. All metrics are
computed on the same 700 test frames.

MS3D++ baseline instantiation. We use MS3D++ [25]
as our baseline in this research. Concretely, we employ
the MS3D++ ensemble with 20 detectors from four archi-
tectures (VoxelRCNN and PV-RCNN++, each with an an-
chor head and a center head) pretrained on nuScenes [ 1] and
Lyft [7]. This detection set is the baseline and kept the same
for each method. The MS3D++ temporal and tracking re-
finement stages are applied only to Vehicle and Pedestrian;
the Cyclist class is excluded from these refinement steps due
to inconsistent class definitions across the source-domain
detectors.



Table 1. Main results on View of Delft (700 test frames). AP is computed using BEV IoU with class-specific thresholds (Veh.=0.50,
Pedestrian/Cyclist=0.25). P@R.6 denotes precision at recall = 0.6, measuring how many predictions are correct when 60% of ground-truth
objects are recovered. Best is in bold. M2 and M2 + M3 use 1 700 labelled training frames; MS3D++, M1, and M3 use no target-domain

labels.
AP P@R.

Method mAP?{ T @R.61 Labels

Veh. Ped. Cyc. Veh. Ped. Cyec.
nuSc. VoxelRCNN 30.5 46.3 36.5 8.7 - - - 0
MS3D++ baseline 59.4 66.4 62.8 49.1 0.816 0.729 0.396 0
M1: Rule-based 61.6 68.6 66.2 49.9 0.888 0.825 0.425 0
M2: MLP refinement 66.3 71.7 69.1 58.2 0.972 0.909 0.707 1700
M3: Mask-based 3D det. 59.3 66.0 62.9 49.0 0.804 0.729 0.379 0
M2 + M3 66.4 71.4 69.0 58.8 0.968 0.904 0.724 1700

SAM3 masks. We compute 2D instance masks with
SAM3 [2] using text prompts for a fixed set of cat-
egories (car, truck, bus, bike and cyclist,
pedestrian). We retain masks above a fixed confidence
threshold and reuse the same masks for all variants.
Calibration and projection. All cross-modal operations
use calibrated LiDAR—camera geometry to project 3D
boxes and LiDAR points into the image plane [5]. This
is used both for matching MS3D++ boxes to SAM3 masks
and for selecting mask-filtered LiDAR points for proposal
generation.

Front-FOV protocol. Since VoD annotations are limited
to the labeled front-camera FOV, we apply the same restric-
tion in evaluation: predictions and ground truth are filtered
to the front-FOV before matching, so detections outside the
labeled region do not contribute false positives or false neg-
atives.

Evaluation metrics. We report per-class Average Precision
(AP) using 11-point interpolation and BEV IoU matching.
We use class-specific IoU thresholds: 0.50 for Vehicle and
0.25 for Pedestrian and Cyclist. To quantify precision im-
provements at a comparable recall operating point, we ad-
ditionally report Precision at Recall =0.6 (P@R.6): the pre-
cision when 60% of ground-truth objects are recovered.

4.2. Main Results

Table 1 summarises pseudo-label quality on the test set.
The main result of Table 1 is that learned pseudo-label re-
finement (M2) accounts for nearly all of the overall im-
provement. We compare: (i) a single source-domain detec-
tor, (ii) the full MS3D++ baseline, and (iii) our three cross-
modal extensions (M1-M3) plus the combined pipeline
(M2 +M3).

Recall across methods. Before discussing individual meth-
ods, we note that maximum recall is similar across all vari-
ants: approximately 0.75 for Vehicle, 0.77-0.79 for Pedes-
trian, and 0.69 for Cyclist. The LiDAR ensemble already

detects the large majority of objects; the main bottleneck is
precision, which is separating true positives from the many
false positives produced by the high-recall pipeline. We
therefore focus the discussion on precision improvements,
quantified by P@R.6.

Source detector & MS3D++. A single nuScenes-
pretrained VoxelRCNN with centerhead achieves only
30.5% mAP when applied to VoD without any adapta-
tion, illustrating the magnitude of the domain shift ex-
plained in Section 1. This detector does not reach 0.6 re-
call for any class, so P@R.6 is undefined. MS3D++ raises
mAP to 59.4%, nearly doubling it. This large leap estab-
lishes MS3D++ as a strong baseline and sets the ceiling
that pure LiDAR-based autolabeling can already reach sig-
nificant performance without camera evidence. Note that
MS3D++’s tracking and temporal refinement stages are ap-
plied only to Vehicle and Pedestrian; Cyclist pseudo-labels
rely solely on the initial ensemble detections. This is re-
flected in the Cyclist mAP (49.1%)

M1: Rule-based refinement. Rule-based filtering yields
+2.2 mAP over the baseline (61.6%). Boxes without suf-
ficient SAM3 overlap receive a score penalty and are re-
moved if the resulting score falls below a minimum thresh-
old. This directly improves precision: Vehicle P@R.6 rises
from 0.816 to 0.888 and Pedestrian P@R.6 from 0.729 to
0.825. However, hard thresholding also discards some true
positives whose SAM3 masks were absent or below the
confidence cutoff, which slightly reduces recall. The M1
thresholds were selected via an ablation study over 176 con-
figurations on the development set (Appendix B).

M2: MLP refinement. The learned MLP achieves 66.3%
mAP (+6.9 over baseline), trained on all 1700 development
frames. The precision improvement is substantial: Vehi-
cle P@R.6 reaches 0.972 (+0.156 over baseline), Pedes-
trian 0.909 (+0.180), and Cyclist 0.707 (+0.311). Because
M2 applies soft score re-weighting rather than hard box re-
moval, it preserves recall while pushing false positives to



low confidence. The PR curves (Figure 4) confirm that
M2 maintains precision above 0.9 across most of the recall
range, effectively separating true and false positives in score
space. The largest per-class AP gain is for Cyclist (+9.1),
consistent with the large Cyclist P@R.6 improvement. This
indicates that despite the low mAP for the cyclist class at
the baseline (49.1%), MLP refinement is able to dramati-
caly improve mAP with the use of learned decisions (even
for classes that were not refined during the temporal and
tracking refinement stages of MS3D++)

M3: Mask-based 3D detector. The mask-based 3D de-
tector adds new detections from SAM3 masks but does not
improve recall, and slightly decreases mAP relative to the
baseline (—0.1 pp, 59.3%). Although M3 is designed to re-
cover objects missed by LiDAR, the 3D bounding boxes fit-
ted from mask-filtered LiDAR points are not precise enough
to match ground truth at the required IoU thresholds, so the
added detections do not translate into additional true posi-
tives. Moreover, precision also degrades slightly, as the im-
precise proposals introduce additional false positives. Fit-
ting tight 3D boxes from partial LIDAR observations with-
out a learned 3D detector is inherently difficult, and an ora-
cle study replacing the 3D fitting with GT box lookup con-
firms that 3D lifting is the bottleneck (Appendix C).

M2 + M3: Combined pipeline. Combining learned refine-
ment (M2) with the mask-based 3D detector (M3) yields the
highest overall mAP at 66.4% (+7.0 over baseline). M3 first
injects additional proposals, and M2 then re-weights the en-
riched pseudo-label set, suppressing the imprecise M3 pro-
posals while retaining the few that are correct. This is the
best method however, the +0.1 mAP gain over M2 alone is
marginal, indicating that M2 accounts for nearly all of the
improvement. We therefore consider M2 the primary result
in the remainder of the paper.

4.3. Ablation Studies

We conduct ablation studies on M2, the core learned
component driving the largest gains. Although M1 and M3
have no trainable parameters, they depend on threshold and
heuristic choices; we ablate these in Appendix B and Ap-
pendix C, respectively. M2 offers two natural axes for abla-
tion: (i) how many labelled training frames are needed, and
(ii) which features drive the MLP’s decisions.

4.3.1 Effect of Training Set Size

A key practical question is how much labelled data M2
requires to be effective. We train the MLP on subsets
of increasing size N € {25, 50,100, 200, 400, 800, 1600}
frames drawn from the 1700-frame development set, and
evaluate each model on the fixed 700 test frames. To reduce
variance from random subset selection, we average over 20
random seeds per data point.
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Figure 5. mAP and per-class AP vs. number of labelled train-
ing frames for M2 (MLP refinement), averaged over 20 random
seeds. Dashed horizontal lines mark the MS3D++ baseline per
class. Shaded regions indicate 1 standard deviation. The star
marker shows CenterPoint trained on 400 fully annotated frames
(44.8% mAP). Performance saturates around 400 frames.

Table 2. Comparison of M2 (pseudo-label refinement) vs. Cen-
terPoint (trained from scratch), both using 400 frames. M2 labels
require only binary verification; CenterPoint requires full 3D box
annotations.

Method mAP Veh. Ped. Cyc. Annotation

MS3D++ baseline  59.4 66.4 62.8 49.1 none
CenterPoint (400) 44.8 71.1 437 19.7 3D boxes
M2 (400 frames)  65.0 71.3 68.3 55.3 binary verify

Figure 5 shows mAP as a function of N. The MLP al-
ready surpasses the MS3D++ baseline with as few as 25 la-
belled frames (61.7% vs. 59.4%), demonstrating that even
a small amount of labels is sufficient to improve pseudo-
label quality. Performance increases steeply up to approx-
imately 400 frames, where the mAP reaches 65.0%, cap-
turing over 80% of the full-data gain. Beyond 400 frames,
returns diminish: the curve plateaus, with the 1 600-frame
model (66.5%) only marginally outperforming the 400-
frame model (65.0%). This saturation suggests that the
MLP quickly learns which feature patterns distinguish true
positives from false positives, and that the dominant signal
comes from a relatively small number of diverse examples
rather than sheer volume.

To contextualise annotation efficiency, we compare M2
trained on 400 frames against a CenterPoint [34] detector



Table 3. Effect of SAM3 features on M2 performance (averaged
over 20 seeds). “All features” uses all 19 MLP inputs; “No SAM3”
removes the 6 SAM3-derived features and retrains. A shows the
SAM3 feature contribution.

Feature set mAP Veh. Ped. Cyec.
MS3D++ baseline (no MLP) 594 664 62.8 49.1
M2 — no SAM3 features (13 feat.) 65.2 71.2 67.7 56.6
M2 — all features (19 feat.) 663 71.7 69.1 58.2
A (SAM3 contribution) +1.1 +04 +1.5 +1.6

trained from scratch on the same 400 frames with full 3D
bounding-box annotations. Table 2 shows that M2 achieves
65.0% mAP while CenterPoint reaches only 44.8%: a gap
of +20.2 mAP. The difference is largest for Pedestrian (68.3
vs. 43.7) and Cyclist (55.3 vs. 19.7).

4.3.2 Feature Importance

To understand which information sources drive the MLP’s
decisions, we measure permutation importance: for each
feature, we randomly shuffle its values across the test set
and measure the drop in MLP accuracy relative to the un-
perturbed baseline (92.3% accuracy). Figure 6 shows the
ten most important features.

The three most important features are box_dy (3D

box width, Aacc=0.170), aspect_ratio_xy (0.132),
and ms3d_score (the baseline pseudo-label confidence,
0.106). This indicates that LiDAR box geometry and
the original detector confidence are the dominant cues.
Among the SAM3-derived features, sam3_class_match
(whether the SAM3 and MS3D++ classes agree) ranks 4th
(0.082) and sam3_iou-2d (geometric overlap with SAM3
masks) ranks 7th (0.040), showing that camera evidence
contributes but remains secondary to geometric confidence
features.
SAM3 features vs. geometry only. To isolate the contribu-
tion of SAM3 features, we compare the full 19-feature MLP
against a variant trained on only the 13 MS3D++ features,
with all six SAM3 features removed. Results are averaged
over 20 random seeds to reduce variance. Table 3 shows the
result: removing SAM3 features drops mAP from 66.3%
to 65.2% (—1.1 pp). Notably, the geometry-only MLP al-
ready achieves 65.2% mAP, which is an improvement of
+5.8 mAP over the MS3D++ baseline (59.4%), demonstrat-
ing that learned score re-weighting from box dimensions,
distance, and detector confidence accounts for the major
gain of M2. SAM3 features provide a consistent improve-
ment, but their relative contribution is considerably smaller
than the geometric cues. This suggests that much of the
information captured by SAM3 agreement may already be
implicitly encoded in the geometric features of MS3D++.

Ay (box width) |G 170
Aspect ratio (xy) NG 0.132
MS3D++ score [N 0.106
SAMS3 class match [N 0.082
z position [N 0.059
MS3D++ class [N 0.058
SAM3 IoU 2D [ 0.040
Distance to ego [ 0.040
y position [ 0.027
SAM3 confidence [l 0.027

mmm SAM3 feature
mmm LiDAR / baseline

0.00 0.04 0.08 0.12 0.16 0.20
Drop in accuracy (permutation importance)

Figure 6. Permutation feature importance (top 10 of 19 features)
for the M2 MLP. Bars show the drop in MLP accuracy when each
feature’s values is randomly permuted across test samples. Blue
bars indicate SAM3-derived features; grey bars are LIDAR geom-
etry and baseline features. Three of the top ten features are SAM3-
derived.

4.3.3 Qualitative result of MLP Refinement

To illustrate how M2 improves pseudo-label quality, Fig-
ure 7 shows BEV visualisations of a test frame. This fig-
ure shows that the MLP effectively removes most of the
false positives and keeps the true positives. Furthermore, we
show in Appendix D that the VOD-trained MLP can be ap-
plied without re-training to an independent real-road dataset
collected with a different sensor platform, where it produces
sensible refinements for close-to-mid-range objects despite
the domain shift.

5. Discussion

The main finding of this paper is not simply that com-
bining LiDAR and image evidence improves pseudo-label
quality, but that the effectiveness of this combination de-
pends strongly on how the two modalities are integrated.
Learned MLP refinement yields the largest improvement
over the LiDAR-only baseline across all three classes (Ta-
ble 1), showing that lightweight learned refinement is the
most effective use of cross-modal information in our set-
ting. Rule-based merging improves precision by penalising
detections without SAM3 support, but its fixed thresholds
cannot adapt to the diverse causes of missing overlap and
therefore suppress true positives together with false ones. In
contrast, the MLP can jointly weigh box geometry, detector
confidence, and cross-modal agreement, which allows it to
reject false positives while preserving recall. At the same
time, the feature analysis shows that most of the gain comes
from geometry and confidence cues, while SAM3-derived
features provide a smaller additional benefit. This suggests



(a) MS3D++ baseline

st o

(b) After MLP refinement

Figure 7. BEV visualisation of MLP refinement (M2) on a test frame. Dashed blue outlines = ground truth; green filled = true positives; red
filled =false positives. The baseline (a) contains many false positives; after refinement (b) most false positives are removed while all true

positives are preserved.

that segmentation priors are most useful as auxiliary evi-
dence within a learned refinement stage rather than as the
primary source of improvement. On the completeness side,
generating new 3D proposals from 2D masks can recover
missed objects, but the benefit is limited by inaccurate 3D
box fitting. Finally, M2 is also attractive in practice: with
as few as 25 binary-labelled frames it already surpasses the
unsupervised baseline, and with a modest labelling budget
it clearly outperforms training a detector from scratch on
the same number of fully annotated frames (Table 2).

Limitations. Several limitations should be noted. First,
our evaluation is conducted on a single dataset (View of
Delft) with a single front-facing camera. VoD’s relatively
high LiDAR density (64-beam) and limited field of view
may amplify the benefit of camera evidence compared to
settings with wider FOV or sparser LIDAR. Generalisation
to other sensor configurations and domains therefore re-
mains to be validated. Second, all methods rely on cali-
brated LiDAR—camera projection. Calibration errors would
affect the 2D-3D matching on which M1, M2, and M3
all depend. While VoD provides reliable calibration, real-
world deployments may experience drift, which would de-
grade cross-modal agreement features. Third, the useful-
ness of SAM3-derived features appears to be class depen-
dent, with smaller gains for cyclists than for vehicles and
pedestrians. M1 and M3 depend directly on mask quality,
while M2 is more robust because the geometry-only vari-
ant already captures most of the improvement. Finally, M2
requires a small labelled set, breaking the fully unsuper-
vised setting of MS3D++. While the annotation cost is low,

because it only requires binary labels on existing pseudo-
labels, it remains an additional requirement that M1 and M3
avoid.

6. Conclusion

We studied how segmentation-model priors can be in-
tegrated into a strong LiDAR autolabeling pipeline to im-
prove 3D pseudo-label quality. Building on MS3D++, we
introduced three complementary extensions: rule-based re-
finement, learned MLP refinement, and mask-based 3D de-
tection. On the View of Delft dataset, learned MLP refine-
ment is the main contributor, improving mAP by +6.9 points
over the baseline while requiring only cheap binary anno-
tations on a small set of existing pseudo-labels, making it
substantially more cost-effective than training a 3D detec-
tor from scratch. Our analysis shows that geometric and
confidence cues account for most of this gain, while seg-
mentation features provide a consistent but comparatively
small additional benefit. Future work could evaluate the
proposed methods across different sensor configurations,
LiDAR densities, and geographic domains to assess gener-
alisability. It would also be valuable to investigate whether
the approach transfers to other segmentation models and
high-recall LiDAR detectors. Finally, improving the 3D
fitting quality of the mask-based detector remains an open
challenge; a more accurate lifting stage could increase recall
and, when combined with MLP refinement, further improve
overall pseudo-label quality. Overall, our results show that
lightweight learned refinement can substantially reduce re-
liance on expensive 3D annotations in new domains, sup-
porting scalable autolabeling for autonomous driving.
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Supplementary Material

This supplement provides additional details that support
the main paper. Appendix A lists all 19 MLP input fea-
tures. Appendix B and C present ablation studies for the
rule-based refinement and mask-based 3D detector, respec-
tively. Appendix D shows a qualitative cross-domain eval-
uation of the MLP refinement module on an independent
real-road dataset.

A. MLP Feature Descriptions

Table 4 provides a detailed description of the 19 fea-
tures used by the MLP refinement module (Section 3.2.2).
Features are grouped into three categories: geometry fea-
tures describing 3D bounding-box properties and MS3D++
detector outputs, cross-modal features that relate the 3D
pseudo-label to the 2D segmentation masks, and segmenta-
tion features derived purely from the matched SAM3 mask.

B. Ablation Study: Rule-Based Refinement

Rule-Based Refinement depends on six tuneable thresh-
olds grouped into two stages: agreement (how pseudo-
labels are categorised based on SAM3 overlap) and refine-
ment (how confidence scores are adjusted per category). We
ablate both stages independently on the 1,700-frame devel-
opment set and evaluate the final result once on the 700-
frame test set.

Agreement parameters (Phase A). We sweep the agree-
ment threshold iz, € {0.15,0.25,0.35,0.45}, the min-
imum overlap threshold 7,;, € {0.05,0.10,0.15}, and
the confidence exponents « € {0,0.25,0.5,1.0} and 8 €
{0,0.25,0.5,1.0} over 176 valid configurations, keeping
refinement parameters at their defaults. Table 5 reports the
average mAP for each parameter value, marginalised over
all others.

The minimum overlap threshold 7,3, is the most sen-
sitive parameter (3.4 pp spread), followed by « (2.6 pp).
Lower thresholds consistently outperform higher ones, in-
dicating that permissive matching preserves more true pos-
itives. The best configuration is then used once on the test
set, giving 61.6 mAP (Table 1).

Refinement parameters (Phase B). Using the best
Phase A configuration, we independently sweep each
of the six refinement parameters (delta_high,
delta_partial, delta_no_overlap,
drop-no_overlap-below, drop.-partial_below,
min_score_after_adjust). Performance is remark-
ably stable, which confirms that the agreement-level
thresholds (Phase A) dominate M1 performance, while the
refinement score adjustments have negligible impact.
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C. Oracle Method: Mask-Based 3D Detector

The main bottleneck of M3 is 3D bounding-box fitting:
given only mask-filtered LiDAR points, estimating a tight
3D box is inherently noisy. To quantify this, we construct
an oracle variant that replaces the geometric 3D fitting with
a ground-truth lookup: for each SAM3 2D mask, we project
all GT box centres onto the image and select the closest
class-matching GT box whose centre falls inside the mask.
This isolates the quality of the 2D proposals from the 3D
lifting step.

We test two SAM3 operating points: the default masks
(same as the main experiments) and high-recall masks ob-
tained by lowering the SAM3 confidence threshold, which
increases the number of detected objects at the cost of more
false positives. Table 6 reports the results.

With the default SAM3 masks, geometric lifting yields
—0.2 mAP relative to the baseline, while the oracle yields
+1.9 mAP. The gain is concentrated in Vehicle (+5.2 AP),
where the oracle provides perfectly sized boxes, confirming
that 3D fitting quality is the primary bottleneck. Pedestrian
and Cyclist AP are largely unchanged.

With high-recall masks and geometric lifting, mAP re-
mains at 59.3%, which is virtually identical to the default-
threshold lifted variant (59.3%) and marginally below the
baseline (59.5%). This is a striking result: lowering the
SAM3 confidence threshold adds many more 2D proposals
and would be expected to add many more false positives;
however, the AP remains the same. The explanation for this
is that the temporal and tracking refinement of MS3D++
already refines those false positives. Additionally, the low-
confidence masks tend to cover objects with fewer LIDAR
points or less distinct geometry, making the resulting 3D
proposals even noisier than those from the default masks.
These imprecise boxes become false positives that exactly
offset any recall gain, leaving AP unchanged.

The oracle variant confirms this interpretation. With the
same high-recall masks, replacing geometric lifting with
GT box lookup raises mAP to 71.4%, with large gains
across all classes. This represents an upper bound: every
GT object that SAM3 detects in 2D is recovered with a per-
fect 3D box. The 12.1 pp gap between the high-recall lifted
and oracle variants quantifies the headroom lost to impre-
cise 3D fitting and underscores that improving the 3D lifting
step is the key to unlocking M3’s potential.

D. Cross-Domain Qualitative Evaluation

To assess whether the MLP refinement module gen-
eralises beyond its training domain, we apply the VOD-
trained model without any re-training or fine-tuning to an
independent real-road dataset collected with a different sen-
sor platform.



Table 4. The 19 MLP input features grouped by category. Geometry features describe the 3D pseudo-label box itself and the MS3D++
detector output; cross-modal features relate the 3D box to the 2D segmentation masks; segmentation features are derived purely from the

matched SAM3 mask.

Group # Feature Description

1  boxx x-coordinate of the box centre in the LiDAR frame (metres).

2  box.y y-coordinate of the box centre in the LIDAR frame (metres).

3 box.z z-coordinate of the box centre in the LiDAR frame (metres).

4 box.dx Bounding-box length along the heading axis (metres).
@ 5 Dbox.dy Bounding-box width perpendicular to the heading axis (metres).
g 6 Dbox.dz Bounding-box height (metres).
?’: 7 Dbox._sin_yaw Sine of the heading (yaw) angle.
g 8 Dbox_cos.yaw Cosine of the heading (yaw) angle; with sin 6 avoids wrap-around discon-
é tinuities.

9 ms3d_score MS3D++ pseudo-label confidence s € [0, 1] from the multi-teacher en-

semble.

10 ms3d-class MS3D++ predicted class label (1 =Car, 2 = Pedestrian, 3 = Cyclist).

11 distance_to_ego Euclidean distance \/z2 + y2 + 22 from the ego vehicle (metres).

12 box_volume Box volume dz - dy - dz (m®); correlates with object class.

13 aspect.ratio_xy Length-to-width ratio dz /dy; distinguishes elongated vs. compact boxes.

a 14 sam3_iou-2d 2D IoU between the projected 3D box and the best-matching SAM3 mask
o= bounding box; 0 if no overlap.
3 15 sam3_classmatch  Binary flag: 1 if the SAM3 and MS3D++ class labels agree, O otherwise.
e E 16 sam3_num_overlaps Number of SAM3 masks that overlap the projected 3D box above a mini-
mum 2D IoU threshold.

17 sam3_confidence SAM3 confidence score of the best-matching mask g € [0, 1].
g 18 sam3_class SAM3-predicted class label of the matched mask (1/2/3 or O if no match).
pe 19 sam3.bbox_area Pixel area of the matched SAM3 mask’s bounding box (px2); reflects ap-
@ parent object size.

D.1. Domain Shift

The MLP is trained on View of Delft (VOD) [16], which
uses a 64-beam LiDAR, a 1936 x 1216 camera, and KITTI-
format calibration. The target dataset is collected with
a Toyota Prius equipped with a 128-beam LiDAR and a
1440 x 928 front-facing camera at a different location in
Delft. The camera intrinsics, extrinsics, and mounting posi-
tion all differ from VOD, requiring nuScenes-format quater-
nion calibration instead of the KITTI projection matrices
used during training. Despite these differences, the 19-
dimensional MLP feature vector (Table 4) is constructed
identically: geometry, cross-modal, and segmentation fea-
tures are sensor-agnostic by design, making the model ap-
plicable across platforms without architectural changes.

D.2. Qualitative Results

We run the full MS3D++ pipeline on 82 unlabeled real-
road frames to generate baseline pseudo-labels, then apply
the VOD-trained MLP in fov_soft mode (Section 3.2.2)
to produce refined labels. Since no ground truth is available,
we evaluate by visual inspection of the camera image along-
side BEV point-cloud plots. Two representative frames are
shown in Figures 8 and 9.

Frame 1 (Figure 8) contains one car, three cyclists,
and one motorcycle in the camera field of view. The
MLP correctly retains all five objects while suppressing

13

two spurious pedestrian detections, demonstrating that the
learned Keep/Discard patterns transfer well for nearby,
well-resolved objects.

Frame 2 (Figure 9) is a scene with five parked cars and
multiple pedestrians. All five parked cars are correctly pre-
served. However, some pedestrian detections are discarded:
of the visible pedestrians, only two are retained. The dis-
carded pedestrians are distant or not clearly visible in the
image due to the low quality of these images, where the
128-beam LiDAR still provides sparse point evidence and
the SAM3 masks offer weaker cross-modal support.
Discussion. Overall, the MLP produces sensible refine-
ments despite the domain shift: nearby, well-supported ob-
jects are retained and isolated false positives are removed.
Performance degrades at longer range, where fewer Li-
DAR points per object and smaller projected image re-
gions reduce the discriminative power of both the geometry
and cross-modal features. This is consistent with the fea-
ture importance analysis (Section 4.3.2), which shows that
distance-correlated features such as sam3_bbox_area
and distance_to_ego are among the most influential.
The results suggest that the MLP’s learned decision bound-
ary is largely sensor-agnostic for close-to-mid-range ob-
jects, but dedicated fine-tuning on in-domain data would
likely improve performance at longer ranges.



(a) Camera view (b) MS3D++ baseline (c) After MLP refinement

Figure 8. Cross-domain MLP refinement on the real-road dataset (Frame 1). The MLP correctly retains one car, three cyclists, and
one motorcycle while suppressing two false pedestrian detections. Boxes are coloured by class: blue = Vehicle, orange = Pedestrian, vio-
let=Cyclist.

a
7 SR SR 7 5o
(a) Camera view (b) MS3D++ baseline (c) After MLP refinement

Figure 9. Cross-domain MLP refinement on the real-road dataset (Frame 2). All five cars are correctly retained. Some distant or partially
occluded pedestrians are incorrectly discarded, illustrating the range-dependent degradation under domain shift.

Table 5. M1 agreement-parameter sensitivity: average mAP (%) Table 6. M3 oracle ablation. “Lifted” uses geometric 3D fitting; “Or-
for each value, marginalised over all other parameters. Best value acle” replaces it with GT box lookup. “High-recall” uses a lower

per parameter in bold. SAM3 confidence threshold.

Param. Values Spread SAM3  3Dsrc. mAP Veh. Ped. Cyc. MaxR
Thigh 0.15: 60.5 0.25: 59.5 0.35:59.2 0.45:59.0 1.5 v. P C
Tmin - 0.05:60.9 0.10:59.5 0.15: 57.5 — 3% MS3D++baseline 595 66.6 62.8 49.1 757 774 688
o 0.0: 60.5 0.25:59.9 0.5:59.5 1.0:58.0 2.6

8 0.0: 60.0 0.25:598 05596 1.0:585 1.5 Default Lifted 593 66.0 629 49.0 .755 .787 .696

Default Oracle 614 71.8 63.4 49.1 .807 .795 .697

High-rec. Lifted 59.3 659 629 49.0 .759 .787 .696
High-rec. Oracle 714 77.1 78.4 58.8 .814 810 .724
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