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Abstract

Open-vocabulary 3D object detection for autonomous driv-
ing aims to detect novel objects beyond the predefined train-
ing label sets in point cloud scenes. Existing approaches
achieve this by connecting traditional 3D object detectors
with vision-language models (VLMs) to regress 3D bound-
ing boxes for novel objects and perform open-vocabulary
classification through cross-modal alignment between 3D
and 2D features. However, achieving robust cross-modal
alignment remains a challenge due to semantic inconsis-
tencies when generating corresponding 3D and 2D feature
pairs. To overcome this challenge, we present OV-SCAN,
an Open-Vocabulary 3D framework that enforces Semanti-
cally Consistent Alignment for Novel object discovery. OV-
SCAN employs two core strategies: discovering precise
3D annotations and filtering out low-quality or corrupted
alignment pairs (arising from 3D annotation, occlusion-
induced, or resolution-induced noise). Extensive experi-
ments on the nuScenes dataset demonstrate that OV-SCAN
achieves state-of-the-art performance. Our code is avail-
able at https://github.com/ahtchow/OV-SCAN.

1. Introduction

Recent advances in autonomous driving have intensified re-
search in 3D object detection, with most methods operat-
ing in a closed-set setting, classifying objects into a small
set of predefined categories (e.g. vehicle, cyclist, pedes-
trian). However, such high-level object identification is in-
adequate for navigating complex real-world environments.
Autonomous systems need to recognize objects at a deeper
semantic level. For instance, distinguishing between a fire
truck and a school bus, rather than simply labeling them
as trucks or buses, is critical for safe and context-aware
decision-making.

To address the need for deeper semantic understanding
in 3D vision systems, open-vocabulary (OV)-3D object de-
tection has emerged. In OV-2D object detection, OV ca-
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Figure 1. Cross-modal Alignment Performance. The red CDF
shows the distance distribution between 3D embeddings from
a baseline OV-3D detector and 2D CLIP embeddings on the
nuScenes validation set. The green CDF, using OV-SCAN in-
stead of the baseline, shifts left, indicating improved 3D-2D align-
ment enabled by our higher-quality proposal pairings and align-

ment head.

pabilities rely on large-scale datasets of image-text pairs,
which are often unavailable for 3D data [8, 20, 21, 28, 43].
Without similar large-scale 3D-text datasets, methods must
find alternative ways to provide accurate 3D annotations for
novel objects and achieve alignment between 3D and text.
OV-3D object detection faces two main challenges: (1)
novel object discovery (NOD), which involves generating
3D labels for novel objects in order to train an off-the-shelf
LiDAR-based detector, and (2) semantic alignment between
3D features and textual embeddings. Existing NOD ap-
proaches generally fall into two categories: online and of-
fline methods. The former starts with a set of base objects
and progressively expands the training labels to include
novel objects during training [4, 5]. The latter generates
pseudo-labels for novel objects ahead of time [10, 25, 49].
Online methods often struggle to balance training with dis-
covery, leading to biases in object shape and scale that result
in overfitting to base categories. Due to the aforementioned
challenges with online methods, recent work has increas-
ingly shifted toward offline approaches. In these offline
pipelines, OV-2D detectors such as Grounding DINO [21]
and OWL-VIT [27] first generate 2D proposals from multi-
view images, which are typically paired with a point cloud.


https://github.com/ahtchow/OV-SCAN

These 2D proposals are then projected into 3D space and
reformulated as 3D pseudo-labels for training. However,
because LiDAR point clouds are inherently sparse, naive
projection methods such as simple clustering struggle to ac-
curately fit boxes to objects that are only partially observ-
able and not visibly dense. Most recently, Find n” Propa-
gate [10] employs an exhaustive greedy search to optimally
choose 3D bounding box parameters for each 2D proposal,
yet this approach still suffers from several 3D annotation
errors shown in Fig. 2. Such noise hinders the 3D object
detector’s ability to extract discriminative 3D features.

To achieve semantic alignment between 3D data and
text, existing methods use the 2D image space as an implicit
intermediary [4, 25, 48, 49]. Each 3D bounding box label
is associated with a corresponding 2D image region from
which a visual embedding is extracted using a VLM such
as CLIP [33]. During training, a base 3D object detector
is supervised using the 3D annotations for box regression,
while simultaneously aligning 3D object features with tar-
get 2D image embeddings. During test time, novel objects
are classified via prompt-based classification, assigning la-
bels based on the highest similarity between 3D features and
text embeddings. Achieving strong alignment requires both
semantically distinct 3D and 2D features. However, exist-
ing methods often overlook common autonomous driving
scenarios where objects are partially occluded (Fig. 3a) or
appear small at longer distances (Fig. 3b). In such cases, the
2D features become ambiguous or lack sufficient represen-
tation, leading to confusion during cross-modal alignment.

In this work, we introduce OV-SCAN, an OV-3D ob-
ject detector which targets strong OV detection performance
from enhanced semantic alignment between 3D objects
and 2D image features. More specifically, we introduce
the Semantically-Consistent Novel-Object Discovery (SC-
NOD) module to handle the inherent challenges of noisy
cross-modal alignment. To address 3D annotation noise,
SC-NOD reformulates 3D box search as a non-linear op-
timization problem and employs an adaptive search strat-
egy to efficiently optimize 3D bounding box parameters
from 2D proposals. To mitigate occlusion-induced noise
and resolution-induced noise, SC-NOD enables a selective
alignment mechanism by identifying the alignment pairs
that are semantically consistent. During training, all 3D an-
notations contribute to box-related losses in order to main-
tain high recall, while only semantically consistent align-
ment pairs guide the cross-modal alignment. We further
propose the Hierarchical Two-Stage Alignment (H2SA)
head to enhance cross-modal alignment. Novel classes are
organized hierarchically by first grouping them into broad,
high-level categories (e.g., car) and then subdividing these
categories into more detailed subclasses (e.g., SUV, sedan).
This hierarchical structure allows H2SA to initially per-
form coarse-grained classification, before carefully aligning
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Figure 2. 3D Annotation Errors. Common 3D annotation errors
during box parametrization, including but not limited to, poor L-
shape fitting, misinterpreted surfaces, and misaligned surfaces.
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Figure 3. Sources of Semantic Discrepancies. (a) CLIP sim-
ilarity scores for a truck reveal that occlusion cases result in an
ambiguous 2D image feature. (b) CLIP similarity scores for a dis-
tant pedestrian demonstrate that insufficient resolution leads to de-
graded 2D image features.

class-informed object features for fine-grained discrimina-
tion among closely related subclasses. We summarize our
main contributions as follows:

We present OV-SCAN, an OV-3D object detector benefit-
ing from improved cross-modal alignment, see Fig. 1.
We propose the SC-NOD module, which extends existing
3D box search methods and introduces selective cross-
modal alignment during training. In addition, the pro-
posed H2SA head effectively aligns 3D-to-2D alignment
pairs by introducing a two-stage alignment process.

We validate OV-SCAN on the nuScenes [2] and
KITTI [12] datasets, demonstrating that OV-SCAN
achieves state-of-the-art performance in an OV-3D setting
without supervising with any human-annotated data.

L]

2. Related Work
2.1. Traditional 3D Object Detection

Traditional 3D object detection methods focus primarily on
closed-set scenarios, training models on a limited number
of common classes. LiDAR-based approaches are catego-



rized into single-representation, hybrid-representation, and
transformer-based methods. Single-representation meth-
ods such as VoxelNet [50] utilize voxel grids processed
by 3D CNNs but are computationally intensive. Improve-
ments include sparse convolutions [7, 41], pillars [18], and
BEV representations [45] for efficiency. Point-based meth-
ods like PointNet [32] and PointRCNN [34] directly pro-
cess raw point clouds, achieving detailed geometry at the
cost of speed. Hybrid models like PV-RCNN [35, 36]
integrate voxel and point features for improved accuracy.
Transformer-based architectures [24, 26, 29, 31, 37] deploy
self-attention to capture global context. LIDAR-camera fu-
sion approaches [ 1, 23, 44] combine LiDAR’s spatial preci-
sion with RGB images to enhance semantic understanding.

2.2. Open-Vocabulary 2D Object Detection

The emergence of large-scale pretrained models with strong
text-vision alignment and impressive zero-shot transfer ca-
pabilities has driven significant interest in tackling the OV
problem in 2D object detection. Approaches like OVR-
CNN [47], VILD [13], OWL-ViT [27], and OV-DETR [46]
address this challenge through knowledge distillation, us-
ing pretrained VLMs such as CLIP [33]. These methods
integrate semantic knowledge into traditional detectors by
contrastively aligning region features or object embeddings.
Subsequently, GLIP [20] reformulates object detection as
phrase grounding, exploiting large-scale image-text pair
pretraining to unify localization and classification while en-
abling generalization to unseen categories through seman-
tic understanding. Grounding DINO [21] advances this
idea further by applying tightly coupled fusion strategies on
top of DINO [6], ensuring effective integration of language
and vision. Extending OV-2D object detection to real-time
applications, YOLO-World [8] uses vision-language mod-
elling within the efficient YOLO architecture [15].

2.3. Open-Vocabulary 3D Object Detection

Building on the success of OV-2D object detectors, recent
efforts have aimed to extend these capabilities to 3D. A key
challenge in this adaptation is the scarcity of diverse labeled
data required for large-scale 3D training. OV-3Det [25] in-
troduced the 2D-to-3D paradigm in an indoor setting, where
VLMs generate annotations for a diverse set of objects,
which are then lifted to 3D using simple point cloud clus-
tering. CoDA [4] pretrains a base detector with a small set
of human-annotated labels and introduces a framework to
incorporate novel labels during training. FM-OV3D [48]
further improves detection performance by exploiting the
strengths of multiple foundational models. OpenSight [49]
extends open-vocabulary detection into the outdoor domain,
incorporating temporal and spatial awareness in box anno-
tations. In addition, their method introduces 2D-to-3D ge-
ometric priors to guide annotation under sparse point cloud
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conditions. Find n’ Propagate [10] addresses the issue of
insufficient recall of novel objects and propagates detection
capabilities to more distant areas. ImOV3D [42] demon-
strates an effective method to train an OV-3D object detec-
tor without any 3D point clouds, instead using a pseudo-
multimodal representation. Despite advancements, exist-
ing methods often neglect the impact of noise sources that
weaken cross-modal alignment.

3. Method

In this section, we present the details of OV-SCAN. An
overview is provided in Fig. 4. SC-NOD (Sec. 3.2) gener-
ates 3D annotations from 2D proposals to form cross-modal
alignment pairs. SC-NOD then determines the subset of se-
mantically consistent pairs to guide cross-modal alignment.
OV-SCAN comprises an off-the-shelf 3D object detector
with a specialized alignment head (Sec. 3.3), trained using
novel objects detected by SC-NOD (Sec. 3.4).

3.1. Notation and Preliminaries

3D Object Detection. In traditional LiDAR-based 3D ob-
ject detection, the objective is to train a detector using input-
target pairs D = {P, Q}. Given a point cloud P = {p;} M,
with M points, where each point p; = (x;,y;, 2;) repre-
sents spatial coordinates, the detector predicts targets ) =
{(B;,¢;)}Y, for N objects. Each target consists of a 3D
bounding box B; = (x4, ¥i, 2, li, W, R4, (ry):) With center
(@i, ¥i, 2i), dimensions (I;, w;, h;), orientation (r);, and a
class label ¢;. We assume that each LiDAR frame is ac-
companied by a set of K images from different perspectives
(multi-view), represented as Z = {I;}/<,. LiDAR points
can be mapped to image space by using the extrinsic and
intrinsic calibrations 7, and T}y.

Open-Vocabulary 3D Object Detection. In an OV set-
ting, 3D object detectors do not have access to any target
labels €2 and instead rely on VLMs to generate annota-
tions for novel objects, creating a novel object bank. Our
method extends the traditional target pair of 3D bound-
ing box and class label, into a triplet target denoted by
Q = {(Bi,ci, Ap.i)}Y,. A € R represents a 2D
alignment embedding that captures the semantic correspon-
dence between the 3D object and its 2D image projection.
Traditional LiDAR-based 3D object detection methods are
designed to regress 3D object features O3p € R given
the input point-cloud P. Our method aims to learn a func-
tion f that maps a set of 3D object features Osp to both
the set of predicted 3D bounding boxes B and predicted
alignment vectors A;p, thereby bridging the 3D and 2D
domains in OV object detection. These alignment features
are then used for prompt-based classification by comparing
them with text embeddings generated from class prompts,
enabling fine-grained recognition of novel objects.



Semantically Consistent Novel Object Discovery (SC-NOD) Module
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Figure 4. Overall Framework for OV-SCAN. During novel object discovery, SC-NOD associates novel object proposals with cor-
responding object clusters, creating cross-modal proposals. SC-NOD performs an adaptive search to fit 3D annotations and extracts 2D
image features to prepare cross-modal targets for supervision. SC-NOD identifies which samples are fit for alignment based on cross-modal
semantic consistency. During training, all 3D annotations are used, while only consistent novel objects guide cross-modal alignment.

3.2. Semantically Consistent NOD (SC-NOD)

Novel Object Proposals. A key component of open-
vocabulary detection is identifying novel objects from an
arbitrary set of classes. Following prior approaches [10,
48, 49], we employ Grounding DINO [21] to detect pro-
posals from a given list of novel classes. For each Li-
DAR frame, novel object proposals P,p are generated on
K multi-view images, capturing objects from multiple per-
spectives. These proposals, defined as 2D bounding boxes,
are represented for each image I, as Popp = {by; }évz’“l,
where by, ; specifies position and size. The complete set for
a given frame is Ppp = UkK:1 Pyp ;. SAM [17] then pairs
instance masks M = {mkj},[f:]f %=1 Wwith each proposal,
where my, ; € {0, 1}7>W denotes a binary mask for each
bi,j, with my, ;(x,y) = 1 indicating instance pixels.

Cross-Modal Association. During cross-modal associa-
tion, novel object proposals are paired with object clusters
to form cross-modal proposals. To generate object clusters,
we first deploy Patchwork++ [19] to segment and remove
ground points. HDBScan [3] then clusters the remaining
points into object clusters. To associate 2D bounding boxes
with these 3D clusters, each 2D proposal is back-projected
into a corresponding 3D frustum. Using the center frustum
ray, 2D proposals are paired with object clusters exhibiting
strong spatial correspondence. The pairs form the set of
cross-modal proposals. Additional details are available in
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Sec. 6.2 of the supplementary.
Adaptive 3D Box Search. For each cross-modal proposal,
an amodal 3D bounding box is generated to accurately cap-
ture the object’s position, dimensions, and orientation in
3D. To mitigate the impact of 3D annotation noise, it is
crucial to explore the parameter space effectively and iden-
tify the optimal configuration for novel objects. Find n’
Propagate [10] employs an exhaustive greedy search over
a frustum-defined area to estimate box parameters for novel
object proposals. However, this approach inefficiently dis-
tributes a large number of search candidates to suboptimal
configurations due to its expansive search space and lim-
ited precision. Our method addresses this inefficiency by
reformulating the task as a continuous nonlinear optimiza-
tion problem within a localized search area. Additionally,
while their cost function considers only point density and
multi-view alignment, our method extends it to incorporate
surface alignment, further mitigating annotation errors.
Given a cross-modal proposal, comprising a 2D bound-
ing box bimg and a set of object points Py, the objec-
tive is to determine the 3D bounding box parameters § =
(x,y,2,1,w, h,ry) that best represent the object. Follow-
ing similar works [10, 14, 49], the search is guided by con-
straining the bounding box dimensions to a predefined set
of box anchors A = {(A!. Al )}¢ , corresponding to
each novel class. Our method relies on CLIP to classify the
object into its corresponding novel class c. To reduce ambi-



guity in orientation, the yaw angle r, is constrained to the
range [0, ). The continuous nonlinear optimization prob-
lem is then formulated in standard form:

mein J(G» Pobj7 €, bimg) = \7?)])(97 Pobj» e) + \.72D(97 bimg)

subject to Apin < (I, w, h) < Apax

0<ry <m, (D

where J3p and Jop are the cost functions detailed below,
bimg is the 2D bounding box coordinates, Py represents
object points in 3D space, and e is the ego’s position in 3D
space.

To evaluate the fit of the box with respect to the object
points, J3p is defined as:

T3 (0, Pobjs €) = M Tdensity (0, Pob;)
+>\2\7€—shape(97 Pobj)

+)\3L7surface(97 e) . (2)

The point density term Jyensity quantifies the proportion
of the object’s points that are enclosed within the 3D box.
This encourages the parameters to adjust so that all points
are captured by the box. Jensity is defined as:

~ Ginside (6, Pobj)

) 3)
| Pob|

jdensily(ea Pobj) =

where

Ginside (0, Pobj) = Z 1(p; € Bap(0)).

Pi € Pobj

“4)

The (-shape fitting term Jp.gnape measures how well
points within the 3D bounding box align with two anchoring
2D edges, E; and Es. Of the eight corners defining the box,
the top four corners form edges, and the two closest to the
ego reference point are selected. Minimizing the distance of
object points p; to the closest edge F € {E;, Ey} ensures
the bounding box aligns with the most relevant structural
edges. In this case, d(p;, F) is the euclidean distance from
Di 10 E. Joshape 1s defined as:

\ﬁ—shape(ea Pobj) =
min

Z E€{E,E>}

Pi € Pob;

d(pi, E) - 1(p; € Bsp(0))
Ginside (6, Pobj)

®)

The surface fitting term Jytace aSsigns object points to
the box faces nearest to the ego, aligning surfaces closer
to the ego reference point e. This is achieved by introduc-
ing a bias that pushes the bounding box away from the ego,
clipped by a constant Cyypace in the cost function. JFgyface 1S
defined as:

u7surface(9» e) = —min (” (91’7 ey) - (e:m ey) H27 Csurface)~ (6)
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Finally, consistency within the image space is measured
by applying calibration transformations 7y and Tj,,. These
transformations project the 3D bounding box 6 into its 2D
counterpart in the image space using Psp_,sp. The resulting
projection is evaluated against the original 2D bounding box
using the IoU metric:

T (0, bimg) = 7 - ToUap (Pa3p—2p(0), bimg)- @)

The optimization is governed by a cost function that bal-
ances multiple objectives. The objectives are weighted by
control constants (A1, Az, Az, 7).

Our method employs an evolutionary algorithm to itera-
tively refine the parameter space with increasing granular-
ity. Box candidates are initialized within localized regions
around object clusters to enhance exploration efficiency.
Each scene frame is annotated, and results are compiled
into a novel object bank. Duplicate 3D bounding boxes,
arising from multi-view overlaps or multiple clusters for
the same object, are resolved using non-maximum suppres-
sion (NMS). Additionally, ImmortalTracker [39] performs
multi-object tracking to filter noisy annotations and esti-
mate novel object velocities.

Selective Alignment. Our method motivates the idea of
having only high-quality alignment pairs contribute to the
alignment loss during training, while all 3D annotations re-
main included in the box-related losses. Prior works [4, 10]
restrict alignment filtering to multi-view alignment meth-
ods, as formulated in Eq. (7). However, as illustrated in
Fig. 3a, such filtering is insufficient in cases of partial occlu-
sion or low resolution, where multi-view alignment appears
nearly perfect. To address this, SC-NOD deploys additional
filters to detect and exclude unreliable alignments, ensuring
they do not contribute to the alignment loss during training.

To mitigate occlusion-induced corruption, the instance
mask m of each novel object proposal is used to filter out
pairs with inadequate object representation. Specifically,
the proportion of pixels occupied by the object within the
2D crop is thresholded by 7oc:

W, H,
e S i) _ N
= Toce-
Hcrochrop

This process identifies and excludes occluded objects from
cross-modal alignment. Different values of 7. are selected
depending on the novel class, outlined in Sec. 6.4.

Next, SC-NOD filters out samples associated with image
crops having an insufficient number of pixels, as these are
prone to resolution-induced noise. Samples with a resolu-
tion below the threshold 7,5 are marked as having insuffi-

cient semantic resolution for discriminative 2D features:
Hcrochrop < Tres- )

These strategies lead to more robust and accurate cross-
modal alignment.
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Figure 5. Illustration of the Hierarchical Two-Stage Alignment
(H2SA) Head. H2SA first predicts the high-level novel classes,
then derives class-based text prompts. H2SA then uses text proto-
types to incrementally map 3D features to their 2D counterparts.

3.3. Model Architecture

Overview. The architecture of OV-SCAN comprises the
off-the-shelf TransFusion-L [1] 3D detector and our Hier-
archal Two-Stage Alignment (H2SA) head. TransFusion-
L processes a LiDAR point cloud to generate 3D object
embeddings for novel objects and decodes their bounding
boxes via its regression head. Meanwhile, H2SA transforms
the 3D object embeddings into predicted alignment features
for prompt-based classification.

Hierarchical Two-Stage Alignment (H2SA) Head. To
enable strong semantic alignment, H2SA employs a hier-
archical two-stage alignment process. Transfusion-L first
predicts the high-level novel class c as an auxiliary task. A
high-level text prompt Awex € RP derived from the pre-
dicted c is then used to guide the alignment between 3D
object embeddings O3p € R and target 2D image em-
beddings A>p € RP. The target embeddings are gen-
erated using the CLIP ViT-H/14 model, trained on DFN-
5B [11], which has strong zero-shot performance on Ima-
geNet [9] even at low resolutions. Since CLIP’s image and
text encoders produce high-dimensional embeddings with
8H = D, H2SA upscales the 3D object embeddings to
match this dimension by employing three embedding scales
s € {H,2H,4H}, as illustrated in Fig. 5. Each scale
transcribes the object’s semantics into a scale-specific text
prototype, progressively incorporating details for enhanced
fine-grained alignment. Lastly, we note that our lightweight
alignment head seamlessly integrates with TransFusion-L
without compromising its deployability or real-time infer-
ence performance.

Multi-Sensor Fusion. To show that OV-SCAN is also ef-

7995

fective in the multi-sensor setting, we introduce OV-SCAN-
Fusion, which integrates an image backbone following
BEVFusion [23]. We adopt pretrained Internlmage-T [40]
to prevent distribution bias, since BEVFusion’s SWIN-
T [22] backbone is pretrained on Nulmages [2].

3.4. Training

To train OV-SCAN, our method employs the TransFusion-
L loss [1]. We incorporate an additional cross-modal align-
ment loss term into the overall loss function, where S, is
cosine similarity.

5N (1 — S (stwgg, Afjx)t),Ag’f)))) Latign.i

galign =

Nopos
21

1align,i
(10)

All Npos positively matched prediction-target pairs con-
tribute to each loss term, except for the alignment loss. Only
pairs with targets selected by the selective alignment filter,
Lajign,s» contribute to the alignment loss. We adopt the same
class-based data augmentation strategies as prior LiDAR-
only works [51] by using novel class c. Specifically, we bal-
ance each training sample by keeping a database of object
point clouds and ensuring class distribution balance through
the targeted injection of objects during training.

3.5. Prompt-based Classification

To classify objects, OV-SCAN employs a prompt-based
classification strategy by computing similarities between
predicted alignment embeddings and text embeddings of
fine-grained subclasses. Using this approach, high-level
novel classes can be inferred by reverse mappings from fine-
grained subclasses (e.g., a “minivan” is mapped to “car”).
The fine-grained sub-class to high-novel class mappings are
outlined in Sec. 6.6 from the supplementary material.

4. Experiments

4.1. Experimental Setup

Datasets. Our OV-3D object detection experiments are con-
ducted on the nuScenes [2] and KITTI [12] datasets. We
consider all classes as novel and utilize human-annotated
labels solely for evaluation.

Novel Object Discovery Setup. In our experiments, novel
classes (open-set classes) are based on the nuScenes and
KITTI class labels. We use particle swarm optimiza-
tion [16] for SC-NOD’s adaptive 3D box search, balancing
the cost function with (A1, A2, A3,7) = (5.0, 1.0, 1.0, 3.0)
and performing 150,000 iterations per cross-modal pro-
posal. For more details on the implementation, please refer
to Sec. 6.3 in the supplementary material.

Training Setup. OV-SCAN is trained on 8 NVIDIA V100
GPUs with a batch size of four for 20 epochs. OV-SCAN



Table 1. Results on nuScenes. We report the overall mAP, NDS, and individual class APs. All classes are novel (i.e., no human annotations
are used to train except in CoDA). CoDA uses “car” as a base class. Best in bold and “*” denotes omitted methods for fair comparison.

Method \ mAP NDS \ Car Ped. Truck Motorcyc. Bicyc. T.Cone Bus Barrier Con.V. Trailer
OV-3DET [25] 5.7 120 | 16.1 21.1 2.9 2.0 1.8 11.0 1.3 0.3 0.3 0.0
CoDA [4] 103 163 | 855 35 1.9 2.0 5.9 39 0.0 0.0 0.0 0.0
UP-VL [30] 11.3 172 | 194 30.8 7.9 16.8 14.1 15.6 3.1 0.5 4.3 0.4
Find n’ Prop. [10] 16.7 224 | 243 228 8.6 35.8 34.7 21.3 11.1 4.4 4.1 0.1
OpenSight [49] 229 233 | 253 525 11.6 30.4 26.1 25.6 5.1 42.2 8.7 0.8
OV-SCAN 311 328 | 61.6 60.1 303 39.8 31.0 39.6 22.0 18.8 6.8 0.6
OV-SCAN-Fusion* 338 344 | 620 576 342 44.7 40.2 44.6 24.4 18.9 10.8 0.8
Supervised w/ Boxes* | 49.8 60.8 | 81.4 754 347 55.1 39.4 62.5 52.7 70.8 13.6 124

Table 2. Results on KITTI. We report the overall AP3paso for
each class at medium difficulty. All classes are novel.

Method Car  Ped. Cydlist | mAPspaso
OV-3DET [25] 42.65 15.71 18.20 25.52
ImOV3D [42] 45.51 19.53 28.00 31.01
OV-SCAN 45.10 27.61 29.81 ‘ 34.17

Table 3. Ablations on Adaptive 3D Box Search. We evaluate
performance on nuScenes using different box search methods and
varying numbers of search iterations per proposal.

Method ~ Iter. | mAP | mAP, mAP,, mAP;
Greedy 150,000 | 254 | 383 292 224
Adaptive 37,500 | 289 | 478 338 = 254
Adaptive 75,000 | 29.2 | 475 343 258
Adaptive 150,000 | 31.1 | 48.1 35.6 27.7

Table 4. Ablation Studies. Selected settings are marked in gray .

(a) 3D Box Search Cost Weights (b) Resolution Filter
(A1, A2, Az, ) mAP Filter mAP
(5.0,0.0,0.0,3.0) 26.1 w/o 30.4
(1.0,1.0,1.0,1.0) 27.4 Tres = 1000 30.8
(5.0,2.5,2.5,3.0) 27.8 Tres = 4000 31.1
(5.0,1.0,1.0,3.0) 31.1 Tres = 10000 30.6
(c) Occlusion Filter (d) H2SA Head
Filter mAP Alignment Head mAP
w/o 29.4 One-Stage + FEN  25.2
fixed (Tocc = 0.35) 30.7 Two-Stage + FFN 294
class-based Tocc 31.1 H2SA 31.1

adopts the AdamW optimizer with a learning rate of 0.001
and a weight decay of 0.01. The CLIP image and text en-
coders are kept frozen. For OV-SCAN-Fusion, we add an
image backbone on top of pretrained OV-SCAN and fine-
tune. OV-SCAN-Fusion is trained for five additional epochs
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using a cosine annealing schedule initialized at a learning
rate of 0.0001. This work is built on OpenPCDet [38], an
open-source PyTorch-based 3D object detection toolbox.
Evaluation Metrics. For nuScenes, we evaluate perfor-
mance using mAP and NDS, and 10 class APs. For KITTI,
we compute APs for three classes using a stricter 3D IoU
at a 0.5 matching threshold. Following OpenSight [49], our
ablation studies also report mAP,, /.., /  at three ranges: near
(0-18m), mid (0-34m), and far (0-54m), respectively.

4.2. Main Results

NuScenes. The OV-3D object detection results for top-
performing methods on the nuScenes dataset can be seen in
Tab. 1. For a fair comparison to the other methods, which
are all LiDAR-based, we only consider OV-SCAN and not
OV-SCAN-Fusion. Our LiDAR-based method surpasses
previous benchmarks by achieving the best mAP and NDS,
thus surpassing OpenSight by 8.2 mAP and 9.5 NDS. With-
out being given 3D human-annotations, OV-SCAN achieves
an AP score above 60 for both car and pedestrian categories.
We also note that our method exceeds previous benchmarks
by more than 5 AP for 6 out of the 10 classes. Furthermore,
we show that simply adding camera as an additional input
modality to OV-SCAN and then fine-tuning can improve the
overall performance. Finally, as an upper bound, we report
the performance of our method using ground truth boxes.
CLIP is still used to derive high-level class labels and align.
KITTIL. In Tab. 2, we present our results on KITTI,
demonstrating the applicability of our method across mul-
tiple datasets. OV-SCAN outperforms OV-3DET [25] and
ImOV3D [42] in the overall metric, achieving comparable
results to ImOV3D [42] in the car category while surpassing
both in the other two classes.

Novel Object Discovery. SC-NOD generates 319,028 3D
annotations for training, a fraction of the 797,179 available
in the nuScenes dataset. While all annotations contribute
to the box loss, only 171,532 (54%) of those generated are
utilized for cross-modal alignment. The remainder of gen-
erated annotations are excluded as a result of filtering due to
significant occlusion (39%) or insufficient resolution (7%).
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Figure 6. Visualization results using Open-Vocabulary. OV-SCAN performs inference on a set of urban scenes identifying a diverse set
of objects. To demonstrate OV capabilities, objects are classified into more fine-grained classes as opposed to traditional closed-set classes.

As shown in Fig. 7b, the relative annotation count of SC-
NOD labels exhibits a comparable distribution.

4.3. Ablation Studies

Adaptive 3D Box Search. To assess the effectiveness of
our adaptive 3D box search in SC-NOD, we evaluate its
performance on the nuScenes dataset, comparing it to the
greedy search approach used in Find N’ Propagate [10].
Tab. 3 shows that our method consistently outperforms
the greedy search even with fewer iterations per novel ob-
ject. We further ablate various parameterizations of the cost
function during the adaptive 3D box search, as seen in Tab.
4a , highlighting the importance of balancing the heuristic
cost terms for effective 3D box search.

Selective Alignment. Tab. 4b and Tab. 4c demonstrates
the effectiveness of filtering techniques used in selective
cross-modal alignment. A simple occlusion filter with
a fixed threshold 7,.. yields a notable performance gain,
while class-based thresholds achieve the highest improve-
ment (+1.7 mAP). For the resolution filter, optimizing the
threshold to balance resolution quality and the number of
filtered samples proves most effective (+0.7 mAP).
Alignment Head. To assess the impact of the H2SA head,
we introduce a one-step baseline in Tab. 4d for comparison.
This variant removes the classification loss term, merges
TransFusion-L’s class heatmaps into a single class-agnostic
heatmap, and replaces the text-guided alignment network
with a simple feed-forward network. This simplification re-
sults in a performance drop (-5.9 mAP). Furthermore, in-
corporating class-based text prompts to guide cross-modal
alignment further enhances performance (+1.7 mAP).

4.4. Limitations

The primary limitation of SC-NOD is its limited annota-
tion recovery (Fig. 7a), due to reliance on 2D proposals.
Objects clearly visible in the point cloud may remain un-
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Figure 7. Distribution of training labels.

labeled if absent in multi-view images, resulting in unla-
beled objects. Additionally, labeling sparse objects at long
distances remains challenging, significantly reducing per-
formance at greater ranges (Tab. 3). Furthermore, for 3D
box search, SC-NOD adopts class-based anchors follow-
ing prior works. While suitable for novel classes with low
dimensional variance, this method struggles with highly
shape-variable objects such as trailers, buses, and construc-
tion vehicles. These insights motivate future work explor-
ing alternative methods less dependent on 2D proposals and
anchor-free box-parameterization strategies.

5. Conclusion

We introduce OV-SCAN, an OV-3D detector that achieve
detection through enhanced cross-modal alignment. With-
out human-provided 3D annotations, SC-NOD accurately
generates 3D boxes and also carefully guides cross-modal
alignment. By adapting H2SA, we further strengthen align-
ment and enable robust open-set classification. Experiments
on nuScenes demonstrate state-of-the-art OV-3D detection.
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