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Abstract

3D object detection is a fundamental task in the autonomous driving perception pipeline,
where identifying and localizing objects within the surrounding environment is critical for
safe and robust decision-making. However, traditional 3D object detectors are limited
by their reliance on a closed set of training categories, rendering them incapable of rec-
ognizing novel or out-of-distribution objects encountered in open-world driving scenarios.
To address this limitation, the field of open-vocabulary (OV)-3D object detection has
emerged, aiming to generalize beyond predefined label sets by leveraging vision-language
models (VLMs) to align 3D object proposals with semantically rich 2D language-informed
features.

Despite promising results, a major challenge in OV-3D object detection lies in achieving
robust cross-modal alignment between 3D and 2D features, which is often compromised
by noisy annotations, occlusions, and resolution inconsistencies that disrupt semantic co-
herence. In this thesis, we present OV-SCAN, a novel framework for Open-Vocabulary 3D
object detection that enforces Semantically Consistent Alignment for Novel object discov-
ery. OV-SCAN introduces a two-stage strategy: (1) discovering precise 3D annotations for
novel objects using vision-language supervision, and (2) filtering out semantically incon-
sistent or low-quality 3D–2D training pairs that arise from annotation errors and sensor
limitations.

We validate the effectiveness of OV-SCAN through comprehensive experiments on au-
tonomous driving benchmarks, where our framework consistently outperforms existing
methods in the OV-3D object detection task. Overall, OV-SCAN underscores the crit-
ical role of semantic consistency in cross-modal alignment and demonstrates its potential
as a scalable solution for discovering and localizing novel objects in real-world autonomous
driving scenarios.
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Chapter 1

Introduction

Recent advances in autonomous driving have intensified research in 3D object detection,
with most methods operating in a closed-set setting, classifying objects into a small set
of predefined categories (e.g. vehicle, cyclist, pedestrian). However, such high-level object
identification is inadequate 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, as opposed to 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 detection has emerged. In OV-2D object detection, OV ca-
pabilities rely on large-scale datasets of image-text pairs, which are often unavailable in
3D [29, 28, 39, 11, 60]. Without similar large-scale 3D-text datasets, methods must find al-
ternative 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 em-
beddings. Existing NOD approaches generally fall into two categories, online and offline
methods. The former starts with a set of base objects and progressively expand the training
labels to include novel objects during training [5, 6]. The latter generates pseudo-labels for
novel objects ahead of time [34, 15, 66]. Online methods often struggle to balance training
with discovery, 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
increasingly shifted toward offline approaches. In these offline pipelines, OV-2D detectors
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Poor L-Shape Fit Misinterpreted Surface Misaligned Surfaces

Figure 1.1: 3D Annotation Errors. Common 3D annotation errors during box
parametrization, including but not limited to, poor L-shape fitting, misinterpreted sur-
faces, and misaligned surfaces. Ground truth is in green and potential mistakes are in red.

such as Grounding DINO [29] and OWL-ViT [38] first generate 2D proposals from multi-
view images, which are typically paired with point cloud. These 2D proposals are then
projected into 3D space and reformulated as 3D pseudo-labels for training. However, be-
cause LiDAR point clouds are inherently sparse, näıve projection methods such as simple
clustering struggle to accurately fit boxes to objects that are only partially observable and
not visibly dense. Most recently, Find n’ Propagate [15] 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 Figure 1.1. 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 [66, 34, 5, 65]. Each 3D bounding box la-
bel is associated with a corresponding 2D image region from which a visual embedding
is extracted using a VLM such as CLIP [47]. During training, a base 3D object detector
is supervised using the 3D annotations for box regression, while simultaneously aligning
3D object features with target 2D image embeddings. During test time, novel objects are
classified via prompt-based classification, assigning labels based on the highest similarity
between 3D features and text embeddings. Achieving strong alignment requires both se-
mantically distinct 3D and 2D features. However, existing methods often overlook common
autonomous driving scenarios where objects are partially occluded (Figure 1.2a) or appear
small at longer distances (Figure 1.2b). In such cases, the 2D features become ambiguous

2



(a) Occlusion-Induced Noise (b) Resolution-Induced Noise

Figure 1.2: Sources of Semantic Discrepancies. (a) CLIP similarity scores for a truck
reveal that occlusion cases result in an ambiguous 2D image feature. (b) CLIP similarity
scores for a distant pedestrian demonstrate that insufficient resolution leads to degraded
2D image feature.

or lack sufficient representation, leading to confusion during cross-modal alignment.

In this work, we introduce OV-SCAN, a OV-3D object 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 inherit challenges of noisy cross-modal align-
ment. To address 3D annotation noise, SC-NOD reformulates 3D box search as a non-linear
optimization problem and employs an adaptive search strategy 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 annotations
contribute to box-related losses in order to maintain high recall, while only semantically
consistent alignment pairs guide the cross-modal alignment. We further propose the Hi-
erarchical Two-Stage Alignment (H2SA) head to enhance cross-modal alignment. Novel
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classes are organized hierarchically by first grouping them into broad, high-level cate-
gories (e.g., car) and then subdividing these categories into more detailed subclasses (e.g.,
SUV, sedan). This hierarchical structure allows H2SA to initially perform coarse-grained
classification, before carefully aligning class-informed object features for fine-grained dis-
crimination among closely related subclasses. We summarize our main contributions as
followed:

• We present OV-SCAN, an OV-3D object detector benefiting from improved cross-
modal alignment.

• We propose the SC-NOD module, extending existing 3D box search methods and in-
troducing selective cross-modal alignment during training. In addition, the proposed
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 [17] datasets, demonstrating
that OV-SCAN achieves state-of-the-art performance in an outdoor OV-3D object
detection setting without supervising with any human-annotated data.

4



Chapter 2

Background

This chapter reviews LiDAR-based 3D object detection, from traditional pipelines and
point cloud representations to object proposal mechanisms. It introduced open-vocabulary
3D detection as a means to overcome closed-set limitations, leveraging vision-language
models like CLIP [47], GLIP [28], and Grounding DINO [30] for text-driven semantic
generalization. These foundations support the development of open-world 3D perception
explored in the following chapters.

2.1 LiDAR-based 3D Object Detection

2.1.1 Traditional 3D Object Objection

The goal of LiDAR-based 3D object detection is to identify, classify, and accurately lo-
calize all relevant objects in a scene using raw point clouds captured by one or more Li-
DAR sensors. The output typically includes a set of oriented 3D bounding boxes—defined
by each object’s position, dimensions, and heading angle—along with semantic class la-
bels, confidence scores, and in some cases, estimated kinematic properties such as lateral
and longitudinal velocity. Accurate 3D object detection underpins downstream percep-
tion tasks—tracking, motion prediction, and planning—and is therefore central to safe
autonomous driving.

Given a point cloud P = {p1,p2, . . . ,pN} ⊂ RC , where each point pi ∈ RC typically
includes features such as (x, y, z, intensity) and the points are unordered, the objective of
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LiDAR-based 3D object detection is to learn a function

f : RN×C → O,

where O ∈ RM×D is a set of M detected objects, each represented as a vector of D = 10
parameters:

oj = [x, y, z, l, w, h, ry, vx, vy, s],

with (x, y, z) denoting the 3D center of the bounding box, (l, w, h) its dimensions (length,
width, height), ry the yaw angle (orientation), (vx, vy) the object’s longitudinal and lateral
velocities in the ground plane, and s ∈ [0, 1] the confidence score associated with the
detection.

A common training objective for such a function is a multi-task loss that jointly op-
timizes bounding box regression, velocity estimation, and classification, for example by
combining a smooth L1 (Huber) loss for the continuous parameters with a cross-entropy
or focal loss for the class score.

2.1.2 Point Cloud Feature Representation

Learning the detection function f , which maps a raw point cloud to a structured set of
objects, begins with extracting meaningful feature representations. Since point clouds are
sparse, unordered, and variable in size, effective feature encoding is crucial and non-trivial.
The quality of these features directly affects downstream object detection performance.

Processing point clouds poses unique challenges not present in images. Their lack of a
regular grid rules out standard convolutional architectures, prompting the development of
specialized methods. PointNet [44] and PointNet++ [45] were early approaches that apply
shared MLPs to individual points and aggregate global features via symmetric pooling.
While efficient and permutation-invariant, they fail to capture local geometric context
essential for detailed reasoning. DGCNN [56] improves on this by dynamically building
a graph of local neighborhoods using k-nearest neighbors and applying edge convolutions
to model point relationships. This captures fine-grained structure but introduces high
computational overhead. Point Transformer [67] further enhances expressiveness through
attention mechanisms that model local and global dependencies, but its self-attention scales
poorly with point count, making it impractical for real-time use.

While these methods achieve high accuracy, their computational cost limits their suit-
ability for real-time 3D detection, especially in high-resolution or large-scale environments.
In contrast, voxelization-based representations offer a practical trade-off between accuracy
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and efficiency. By discretizing 3D space into a voxel grid, point clouds are converted into
sparse tensors suitable for convolutional processing. This enables the use of efficient 3D
or sparse convolutions, as demonstrated by models like VoxelNet[69] and SECOND [58],
supporting fast inference while retaining sufficient geometric detail for reliable object de-
tection.

2.1.3 Object Feature Proposal Networks

Following the extraction of point-level features, the next stage in the 3D detection pipeline
involves aggregating these features into compact object-level representations. This is typi-
cally achieved through object feature proposal networks, which process the encoded point
cloud and generate candidate object regions—referred to as proposals—each associated
with a learned feature vector that summarizes its geometry and semantics.

Object proposal features, denoted by fobj, are regressed from the dense or sparse fea-
ture maps derived from voxelized or point-based encoders. Proposal generation mecha-
nisms vary by architecture but commonly involve either anchor-based schemes (e.g., in
SECOND [58]) or anchor-free formulations (e.g., in CenterPoint [62]). In both cases,
the network identifies candidate object centers and extracts region-specific features using
methods such as region pooling, attention, or learned sampling.

Each object proposal feature encapsulates not only the predicted 3D bounding box pa-
rameters—position (x, y, z), size (l, w, h), and orientation (ry)—but also a high-dimensional
object feature vector. This vector encodes the local geometry and contextual information
around the object and may be used for downstream tasks such as classification, velocity
estimation, or multimodal fusion. In some architectures, the object feature also includes
motion cues like lateral and longitudinal velocity components (vx, vy), and a confidence
score s indicating the likelihood that the proposal corresponds to a valid object.

2.1.4 Open-Vocabulary 3D Object Objection

In traditional 3D object detection, classification is performed under a closed-set assump-
tion, where the model is trained to recognize objects from a fixed set of predefined categories
(e.g., car, pedestrian, cyclist). Each object proposal oj, after being regressed from the point
cloud features, is passed through a classification head—typically a fully connected layer
followed by a softmax activation—which outputs a probability distribution over the known
classes:

pj = softmax(W · fobj + b),

7



where fj is the object feature embedding for the proposal, and W , b are the parameters
of the classification layer. The network is trained using a cross-entropy loss between the
predicted distribution pj and the ground-truth label. At inference time, the proposal is
assigned the class with the highest probability. While effective in constrained domains,
this approach fails to generalize to novel or unseen categories, as the model is limited to
the label space defined during training.

To address this limitation, OV-3D object detection removes the reliance on a fixed
set of categories by incorporating semantic information from pretrained language models.
Rather than classifying proposals using a static classifier, the object feature fj is projected
into a shared embedding space, where it is compared against a set of language-derived class
embeddings (e.g., CLIP [47] text embeddings). Classification becomes a similarity-based
retrieval task:

score(fobj, tk) =
ϕ(fobj) · tk

∥ϕ(fobj)∥ ∥tk∥
,

where tk is the text embedding for category k, and ϕ(·) is a learned projection function.
This formulation allows the detector to recognize and assign labels to objects described by
arbitrary text inputs—even those never seen during training.

For OV-3D object detection to be effective, object features must be semantically ex-
pressive, capturing not only geometric properties but also contextual and appearance cues
that enable alignment with diverse category descriptions. By enabling recognition be-
yond a fixed label set, OV-3D object detection offers a flexible and scalable alternative to
traditional methods.

2.2 Vision-Language Models

2.2.1 CLIP

CLIP (Contrastive Language-Image Pretraining) [47] is a foundational vision-language
model that learns to associate images and text by projecting them into a shared embedding
space through contrastive learning on large-scale internet data. Given a batch of image-
text pairs {(Ii, Ti)}Ni=1, CLIP encodes each image Ii using a vision encoder to obtain an
image embedding vi, and each text Ti using a text encoder to obtain a text embedding ti.
These embeddings are normalized and compared using cosine similarity:

sij =
vi · tj

∥vi∥∥tj∥

8



CLIP is trained using a symmetric cross-entropy loss over the similarity matrix S = [sij],
encouraging high similarity when i = j (i.e., the image and text match) and low similarity
otherwise. This contrastive objective aligns paired image and text representations while
separating unrelated ones, enabling CLIP to generalize to novel concepts without explicit
supervision. By leveraging natural image-text pairings from the web, CLIP learns broad
semantic associations and demonstrates strong zero-shot and open-vocabulary classification
capabilities. These properties have made it a key component in multimodal learning,
with recent applications extending into areas such as 3D object detection for autonomous
driving.

2.2.2 GLIP

GLIP (Grounded Language-Image Pretraining) [28] builds on CLIP [47] by extending con-
trastive image-text alignment to the level of object regions and textual spans. Instead
of learning global correspondences, GLIP aligns region proposals from a visual detector
with natural language phrases using a region-text contrastive loss. A pretrained language
encoder processes the input query, while a vision backbone extracts dense region features.
Region and phrase features interact through attention, with contrastive learning driv-
ing semantic alignment, while detection losses enforce accurate localization. Trained on
large-scale phrase grounding datasets, GLIP enables open-vocabulary object detection by
localizing free-form language descriptions, making it a key advancement in unified vision-
language modeling.

2.2.3 Grounding DINO

Grounding DINO [30] extends the capabilities of GLIP [28] by integrating open-vocabulary
grounding into a high-performance transformer-based object detector. Built upon the
DINO [8] framework, which leverages DETR-style [7] object queries and dense transformer
decoding for end-to-end detection, Grounding DINO introduces cross-modal attention be-
tween image features and language tokens to enable text-conditioned object localization.
A natural language query directly guides the object queries during decoding, allowing the
model to focus on regions relevant to the textual description. This design enables accurate
zero-shot detection and grounding of arbitrary concepts without requiring class-specific
supervision.
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Chapter 3

Related Work

3.1 Related Work

In this chapter, we survey the relevant related work spanning traditional 3D object detec-
tion, recent advances in open-vocabulary 2D object detection, and the emerging field of
open-vocabulary 3D object detection.

3.1.1 Traditional 3D Object Detection

Traditional 3D object detection methods focus primarily on closed-set scenarios, train-
ing models on a limited number of common classes. LiDAR-based approaches are cate-
gorized into single-representation, hybrid-representation, and transformer-based methods.
Single-representation methods such as VoxelNet [69] discretize point clouds into dense voxel
tensors processed with 3D CNNs, achieving fine geometric reasoning at the cost of high
memory and compute. Efficiency has since improved through sparse convolutions [58, 10],
pillar [26], and BEV representations [62] for efficiency. Point-based methods like Point-
Net [44] and PointRCNN [50] directly process raw point clouds, achieving detailed geom-
etry at the cost of speed. Hybrid models like PV-RCNN [48, 49] first build a sparse voxel
backbone for global context, then aggregate high-resolution point features for local refine-
ment, striking strong detection performance at the cost of efficiency. Transformer-based
architectures [52, 43, 41, 33, 37] replace convolutional blocks with self-attention, capturing
long-range spatial dependencies and improving detection of distant objects. LiDAR-camera
fusion approaches [1, 32, 61] combine LiDAR’s spatial precision with RGB images to en-
hance semantic understanding.
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3.1.2 Open-Vocabulary 2D Object Detection

The emergence of large-scale pretrained models with strong text-vision alignment and
impressive zero-shot transfer capabilities has driven significant interest in tackling the
OV problem in 2D object detection. Approaches like OVR-CNN [64], ViLD [19], OWL-
ViT [38], and OV-DETR [63] address this challenge through knowledge distillation, using
pretrained VLMs such as CLIP [47]. These methods integrate semantic knowledge into
traditional detectors by contrastively aligning region features or object embeddings. Subse-
quently, GLIP [28] reformulates object detection as phrase grounding, exploiting large-scale
image-text pair pretraining to unify localization and classification while enabling general-
ization to unseen categories through semantic understanding. Grounding DINO [29] ad-
vances this idea further by applying tightly coupled fusion strategies on top of DINO [9],
ensuring effective integration of language and vision. Extending OV-2D object detection
to real-time applications, YOLO-World [11] uses vision-language modelling within the ef-
ficient YOLO architecture [23].

3.1.3 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 [34] introduced 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 clustering. CoDA [5] pretrains a base detector with a
small set of human-annotated labels and introduces a framework to incorporate novel labels
during training. FM-OV3D [65] further improves detection performance by exploiting
the strengths of multiple foundational models. OpenSight [66] extends open-vocabulary
detection into the outdoor domain, incorporating temporal and spatial awareness in box
annotations. In addition, their method also introduces 2D-to-3D geometric priors to guide
annotation under sparse point cloud conditions. Find n’ Propagate [15] addresses the issue
of insufficient recall of novel objects and propagates detection capabilities to more distant
areas. ImOV3D [59] demonstrates an effective method to train a OV-3D object detector
without any 3D point clouds, instead using a pseudo-multimodal representation. Despite
advancements, existing methods often neglect the impact of existing noise sources that
weaken cross-modal alignment.
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Chapter 4

Method

In this section, we detail OV-SCAN. An overview is provided in Figure 4.1. SC-NOD
(Sec. 4.2) generates 3D annotations from 2D proposals to form cross-modal alignment pairs.
SC-NOD then determines the subset of semantically consistent pairs to guide cross-modal
alignment. OV-SCAN comprises an off-the shelf 3D object detector with a specialized
H2SA alignment head (Sec. 4.3), trained using the novel objects discovered by SC-NOD
(Sec. 4.4).

4.1 Notation and Preliminaries

4.1.1 3D Object Detection

In traditional LiDAR-based 3D object detection, the objective is to train a detector us-
ing input-target pairs D = {P ,Ω}. Given a point cloud P = {pi}Mi=1 with M points,
where each point pi = (xi, yi, zi) represents spatial coordinates, the detector predicts
targets Ω = {(Bi, ci)}Ni=1 for N objects. Each target consists of a 3D bounding box
Bi = (xi, yi, zi, li, wi, hi, (ry)i) with center (xi, yi, zi), dimensions (li, wi, hi), orientation
(ry)i, and a class label ci. We assume that each LiDAR frame is accompanied by a set
of K images from different perspectives (multi-view), represented as I = {Ij}Kj=1. LiDAR
points can be mapped to image space by using the extrinsic and intrinsic calibrations Text

and Tint.
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Figure 4.1: Overall Framework for OV-SCAN. During novel object discovery, SC-
NOD associates novel object proposals with corresponding 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 alignment.

4.1.2 Open-Vocabulary 3D Object Detection

In an OV setting, 3D object detectors do not have access any target labels Ω and instead
rely on VLMs to generate annotations for novel objects, creating a novel object bank. Our
method extends the traditional target pair of 3D bounding box and class label, into a
triplet target denoted by Ω′ = {(Bi, ci,A2D,i)}Ni=1. A2D,i ∈ RD represents a 2D alignment
embedding that captures the semantic correspondence between the 3D object and its 2D
image projection. Traditional LiDAR-based 3D object detection methods are designed
to regress 3D object features O3D ∈ RH given the input point-cloud P . Our method
aims to learn a function f that maps a set of 3D object features O3D to both the set of
predicted 3D bounding boxes B and predicted alignment vectors A2D, thereby bridging
the 3D and 2D domains in OV-3D 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.
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4.2 Semantically Consistent NOD (SC-NOD)

4.2.1 Novel Object Proposals

A key component of open-vocabulary detection is identifying novel objects from an ar-
bitrary set of classes. Following prior approaches [65, 66, 15], we employ Grounding
DINO [29] to detect proposals from a given list of novel classes. For each LiDAR frame,
novel object proposals P2D are generated on K multi-view images, capturing objects from
multiple perspectives. These proposals, defined as 2D bounding boxes, are represented
for each image Ik as P2D,k = {bk,j}Nk

j=1, where bk,j specifies position and size. The com-

plete set for a given frame is P2D =
⋃K

k=1P2D,k. SAM [25] then pairs instance masks

M = {mk,j}K,Nk

k=1,j=1 with each proposal, where mk,j ∈ {0, 1}H×W denotes a binary mask for
each bk,j, with mk,j(x, y) = 1 indicating instance pixels.

8/25/20237

Figure 4.2: Illustration of the Novel Object Proposals. Given a list of novel classes,
SC-NOD leverages Grounding DINO [30] to generate 2D bounding boxes and uses SAM [25]
to produce corresponding instance masks.

4.2.2 Cross-Modal Association

During cross-modal association, novel object proposals are paired with object clusters to
form cross-modal proposals. To generate object clusters, we first deploy Patchwork++ [27]
to segment the scene and remove ground points, isolating potential object regions. The
remaining points are then clustered using HDBScan [4], which groups spatially coherent
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regions into individual object clusters. Each 2D proposal is back-projected into a 3D
frustum defined by the camera parameters and a depth range (dmin, dmax). Within this
frustum, candidate object clusters are identified by evaluating their spatial proximity to
the center frustum ray. Following a one-to-many matching strategy, each 2D proposal
forms pairs with any cluster whose minimum point-to-ray distance falls below a matching
threshold τmatch, resulting in an initial set of cross-modal proposals.

In the one-to-many strategy, we allow a single 2D proposal to match with multiple
object clusters. This is necessary to handle ambiguities introduced by partial occlusion,
point cloud sparsity, or clustering errors—conditions that often lead to fragmented or in-
complete object clusters. While multiple object clusters may represent parts of the same
ground-truth object, it is often too ambiguous to consolidate clusters and determine which
cluster can produce the best labels downstream. Instead, we treat each cross-modal pro-
posal independently and potentially label the same object multiple times. These conflicts
can simply be solved downstream using non-maximal suppression (NMS).

Additionally, we address many-to-one scenarios where large objects—such as transit
buses or trucks—may span multiple camera views, resulting in 2D proposals from the
ground truth object being associated with the same 3D cluster. Similarly, this case can be
solved with the same approach to the one-to-many case using NMS.

4.2.3 Adaptive 3D Box Search

For each cross-modal proposal, an amodal 3D bounding box is generated to accurately
capture 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 identify
the optimal configuration for novel objects. Find n’ Propagate [15] employs an exhaustive
greedy search over a frustum-defined area to estimate box parameters for novel object
proposals. However, this approach inefficiently distributes a large number of search candi-
dates to suboptimal configurations due to its expansive search space and limited precision.
Our method addresses this inefficiency by reformulating the task as a continuous nonlin-
ear optimization 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 bounding box bimg and a set of ob-
ject points Pobj, the objective is to determine the 3D bounding box parameters θ =
(x, y, z, l, w, h, ry) that best represent the object. Following similar works [15, 66, 21],
the search is guided by constraining the bounding box dimensions to a predefined set of
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box anchors A = {(Ai
min,A

i
max)}Ci=1, corresponding to each novel class. Our method relies

on CLIP [47] to classify the object into its corresponding novel class c. To reduce ambi-
guity in orientation, the yaw angle ry is constrained to the range [0, π]. The continuous
nonlinear optimization problem is then formulated in standard form:

min
θ

J (θ,Pobj, e, bimg) = J3D(θ,Pobj, e) + J2D(θ, bimg)

subject to Amin ≤ (l, w, h) ≤ Amax

0 ≤ ry ≤ π, (4.1)

where J3D and J2D are the cost functions detailed below, bimg is the 2D bounding box
coordinates, Pobj 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, J3D is defined as:

J3D(θ,Pobj, e) =λ1Jdensity(θ,Pobj)

+λ2Jℓ-shape(θ,Pobj)

+λ3Jsurface(θ, e) . (4.2)

The point density term Jdensity 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. Jdensity is defined as:

Jdensity(θ,Pobj) = −Ginside(θ,Pobj)

|Pobj|
, (4.3)

where

Ginside(θ,Pobj) =
∑

pi∈Pobj

1
(
pi ∈ B3D(θ)

)
. (4.4)

The ℓ-shape fitting term Jℓ-shape measures how well points within the 3D bounding box
align with two anchoring 2D edges, E1 and E2. 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 pi to the closest edge E ∈ {E1, E2} ensures the
bounding box aligns with the most relevant structural edges. In this case, d(pi, E) is the
euclidean distance from pi to E. Jℓ-shape is defined as:

Jℓ-shape(θ,Pobj) =
∑

pi∈Pobj

min
E∈{E1,E2}

d(pi, E) · 1(pi ∈ B3D(θ))

Ginside(θ,Pobj)
. (4.5)
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The surface fitting term Jsurface assigns object points to the box faces nearest to the
ego, aligning surfaces closer to the ego reference point e. This is achieved by introducing
a bias that pushes the bounding box away from the ego, clipped by a constant Csurface in
the cost function. Jsurface is defined as:

Jsurface(θ, e)=−min (∥(θx, θy)−(ex, ey)∥2, Csurface). (4.6)

Finally, consistency within the image space is measured by applying calibration trans-
formations Text and Tint. These transformations project the 3D bounding box θ into its
2D counterpart in the image space using P3D→2D. The resulting projection is evaluated
against the original 2D bounding box using the IoU metric:

J2D(θ, bimg) = γ · IoU2D(P3D→2D(θ), bimg). (4.7)

The optimization is governed by a cost function that balances multiple objectives. The
objectives are weighted by control constants (λ1, λ2, λ3, γ).

Due to the non-differentiability and non-convexity of our cost function, evolutionary
algorithms that are not gradient-dependant are employed to directly search the parameter
space for optimal bounding box predictions. Specifically, our method employs the Particle
Swarm Optimization (PSO) [24] to iteratively refine the parameter space with increasing
granularity. Box candidates are initialized within localized regions around object clusters
to enhance exploration efficiency. 3D bounding boxes with insufficient IoU2D relative to
their corresponding 2D proposals are discarded. Each scene frame is annotated, and re-
sults 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 NMS. Ad-
ditionally, ImmortalTracker [54] performs multi-object tracking to filter noisy annotations
and estimate velocities for each novel object.
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2. Project a 3D frustum and extract points

3. Identify clusters within 3D frustum
and form cross-modal proposals

1. For each 2D novel object proposal 

4. Initialize random 3D bounding boxes 
for each proposal

5. Optimize 3D bounding box parameters 
for each proposal

6. Filter out invalid 3D bounding boxes 
and select box that is closest to ego

Figure 4.3: Illustration of Cross-Modal Association and Adaptive 3D Box Search.
Starting with a 2D novel object proposal (1), a 3D frustum is projected and points are
extracted (2). Object clusters within the frustum are identified and paired with the pro-
posal (3). Random 3D boxes are initialized (4), optimized (5), and filtered to retain the
box closest to the ego vehicle (6).
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4.3 Model Architecture

The architecture of OV-SCAN comprises the off-the-shelf TransFusion-L [1] 3D detector
and our Hierarchal 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.

4.3.1 Hierarchical Two-Stage Alignment (H2SA) Head

To enable strong semantic alignment between 3D objects and 2D image embeddings, H2SA
introduces a hierarchical two-stage alignment process that builds on TransFusion-L [1].
In Stage 1, H2SA employs high-level classification as an auxiliary task to generate text
prompts that guide downstream alignment. Specifically, TransFusion-L predicts a high-
level novel class c, from which a class-based text prompt embedding Âtext ∈ RD is derived.
This embedding serves as a semantic anchor for aligning 3D object features O3D ∈ RH with
2D target embeddings A2D ∈ RD, extracted using the CLIP ViT-H/14 model trained on
DFN-5B [16]. Notably, CLIP’s image and text encoders output high-dimensional represen-
tations where D = 8H, necessitating the upsampling of 3D features to facilitate alignment.

To bridge this dimensional gap, H2SA generates multi-scale text prototypes using three
embedding scales s ∈ {H, 2H, 4H}, as illustrated in Figure 4.4. The class-based prompt
Âtext is passed through a series of linear layers to yield initial prototypes {WH ,W2H ,W4H}.
These are then refined through a Cross-Modal Distillation Block (CMDB), which integrates
3D object features and progressively enhances alignment fidelity across scales. The first
CMDB step applies multi-head attention to the base prototype and 3D features:

W ′
H = LN(MHA(WH ,O3D,O3D) +WH), (4.8)

where LN denotes layer normalization and MHA denotes multi-head attention. The
refined prototype W ′

H is then fused with the original 3D embedding via channel-wise con-
catenation, followed by a feed-forward network to produce a unified representation at the
next scale:

U2H = LN(FFN(concat(W ′
H ,O3D))). (4.9)
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Figure 4.4: 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 prototypes to incrementally map 3D features to their 2D counterparts.

This iterative refinement continues across scales, enabling the model to integrate both
coarse and fine semantic cues. By aligning to CLIP-derived targets with progressively
enriched text prototypes, H2SA facilitates robust cross-modal alignment. Importantly,
the entire alignment head is lightweight and seamlessly integrates into TransFusion-L,
preserving its efficiency and real-time inference capability.

4.3.2 Multi-Sensor Fusion

To show that OV-SCAN is also effective in the multi-sensor setting, we introduce OV-
SCAN-Fusion, which integrates an image backbone following BEVFusion [32]. We adopt
pre-trained InternImage-T [55] to prevent distribution bias, since BEVFusion’s SWIN-
T [31] backbone is pre-trained on NuImages [2].
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4.4 Training

4.4.1 Training Loss

To train OV-SCAN, our method employs the TransFusion-L loss [1] with an addition
alignment loss term. We define the loss as:

ℓoverall = wheatmap · ℓheatmap + wbox · ℓbox + wclass · ℓclass + walign · ℓalign, (4.10)

where the TransFusion loss terms are defined as:

• ℓheatmap: a Gaussian focal loss that penalizes discrepancies between the predicted
objectness heatmap and Gaussian kernels centered on ground-truth object locations.

• ℓbox: a L1 regression loss applied to the 3D bounding box parameters (center, size,
orientation, and velocity).

• ℓclass: a sigmoid focal classification loss that down-weights easy negatives while fo-
cusing learning on hard positives. Guides high-level classification for class-based
heatmaps.

Each term is weighted by coefficients wheatmap, wbox, and wclass defined in the training
configuration. To enable cross-modal embedding alignment, we incorporate an additional
cross-modal alignment loss term into the overall loss function weighted by walign:

ℓalign =

∑Npos

i=1

(
1− SC

(
H2SA(O(i)

3D, Â
(i)
text),A

(i)
2D

))
· 1align,i∑Npos

i=1 1align,i

, (4.11)

where Sc is cosine similarity.

All Npos positively matched prediction-target pairs contribute to each loss term, except
for the alignment loss. Only pairs with targets selected by the selective alignment filter,
1align,i, contribute to the alignment loss. We adopt the same class-based data augmentation
strategies as prior LiDAR-only works [70] by using novel class c. Specifically, we balance
each training sample by keeping a database of object point clouds and ensuring class
distribution balance through the targeted injection of objects during training.
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4.4.2 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 remain included in the
box-related losses. Prior works [15, 5] restrict alignment filtering to multi-view alignment
methods, as formulated in Eq. (4.7). However, as illustrated in Figure 1.2a, such filtering
is insufficient in cases of partial occlusion 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 τocc:∑Wcrop

x=1

∑Hcrop

y=1 m(x, y)

HcropWcrop

≤ τocc. (4.12)

This process identifies and excludes occluded objects from cross-modal alignment. Different
values of τocc are selected depending on the novel class, oultined in Tab. 5.4.

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 reso-
lution below the threshold τres are marked as having insufficient semantic resolution for
discriminative 2D features:

HcropWcrop ≤ τres. (4.13)

4.5 Prompt-based Classification

To classify objects, OV-SCAN employs a prompt-based classification strategy that
leverages the alignment embeddings produced by H2SA. Objects are first classified into
fine-grained subclasses and then mapped to their associated high-level novel classes for
evaluation. To enable this, the frozen CLIP text encoder is used to generate subclass text
embeddings from the template prompt "a type of {SUBCLASS}.". For each detected ob-
ject, the fine-grained subclass is selected by identifying the subclass whose text embedding
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has the highest similarity to the predicted alignment embedding. Formally, the predicted
subclass label ĉfg is computed as:

ĉfg = arg max
ci∈Cfg

SC(H2SA(O3D, Âtext), tci), (4.14)

where Cfg denotes the set of fine-grained subclasses, tci is the text embedding for sub-
class ci, and SC(·) denotes the similarity function. This approach allows OV-SCAN to infer
high-level novel classes by mapping each fine-grained subclass to its corresponding broader
category (e.g., mapping “minivan” to “car”).
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Chapter 5

Experiments

In this chapter, we present the NuScenes and KITTI datasets used to evaluate the per-
formance of OV-SCAN in open-vocabulary 3D object detection. We conduct a series of
evaluations to quantify OV detection accuracy, including ablation studies on the SC-NOD
and H2SA components to assess their individual contributions. Additionally, we provide
both quantitative and qualitative comparisons with existing methods to benchmark per-
formance.

5.1 Datasets

Our OV-3D object detection experiments are conducted on the nuScenes [2] and KITTI [17]
datasets, two widely-used benchmarks in the field of autonomous driving and 3D percep-
tion. To simulate an open-vocabulary setting, we treat all object classes as novel and
rely exclusively on human-annotated labels for evaluation purposes, without using them
during training. This setup allows us to rigorously assess the generalization capability of
OV-SCAN to previously unseen object categories.

The nuScenes dataset provides a large-scale, diverse urban driving environment col-
lected in Boston and Singapore. It includes 1,000 driving scenes, each lasting 20 seconds,
with full sensor coverage including 6 cameras, 5 radars, and a LiDAR sensor. The dataset
contains a larger range of object categories annotated in 3D and offers dense annotations
across time, enabling evaluation under varied traffic scenarios and conditions. We use
nuScenes to test OV-SCAN’s performance in complex, dynamic settings with a wide range
of object types and environmental variability.
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The KITTI dataset, in contrast, offers a more constrained but well-established bench-
mark for 3D object detection. It includes data from a front-facing stereo camera and Li-
DAR sensor, captured in semi-urban and highway settings in Karlsruhe, Germany. KITTI
contains annotations for 3 classes: cars, pedestrians, and cyclists, but we reinterpret the
task by treating these as novel classes in our open-vocabulary setup. Despite its limited
class diversity, we leverage KITTI to demonstrate the generalization ability of OV-SCAN
to autonomous driving datasets outside of NuScenes.

5.2 Implementation Details

5.2.1 Novel Object Discovery

OV-SCAN relies on Grounding DINO [29] and SAM [25] to detect 2D proposals from a
given list of (user-defined) novel classes. Tab. 5.1 outlines the novel classes we used for
our experiments for both the nuScenes [2] and KITTI [17] datasets. Notably, we adhere to
each dataset’s original taxonomy, with the exception of splitting “cyclist” into “bicycle”
and “motorcycle” for KITTI.

Table 5.1: Novel classes used to identify novel object proposals for each dataset.
These classes are referred to as “novel” since their ground truth labels, although available
in the respective datasets, are not used in training OV-SCAN.

Dataset Novel Classes

nuScenes car, truck, pedestrian, bicycle, motorcycle,
bus, traffic cone, barrier block, construction
vehicle

KITTI car, van, truck, tram, bicycle, motorcycle,
pedestrian, person sitting

In post-processing, our method adopts a similar approach to UP-VL [42] for remov-
ing false positives. We treat each novel class as a positive class while including a set of
background classes. To refine the results, we cross-reference each image crop from Ground-
ing DINO with CLIP [47], filtering out background classes such as “vegetation”, “fence”,
“gate”, “curb”, “sidewalk”, “wall”, “building”, “railing”, and “rail guard.”
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5.2.2 Adaptive 3D Box Search

To localize and regress 3D bounding box parameters for novel object proposals, OV-SCAN
employs particle swarm optimization (PSO) [24] to solve the continuous nonlinear optimiza-
tion problem defined in Sec. 4.2.3. Each object proposal corresponds to a unique optimiza-
tion instance for estimating the 3D bounding box parameterized as θ = (x, y, z, l, w, h, ry).
We perform 150,000 total iterations per cross-modal proposal, distributed across a swarm
of 50 particles with 3000 iterations each. The PSO hyperparameters used are summarized
in Table 5.2, with inertia weight w annealed from 10.0 to 0.1 using a cosine schedule to
balance exploration and exploitation, and both cognitive (c1) and social (c2) coefficients
set to 1.0. Candidate positions (x, y, z) are initialized in regions with high likelihood of
corresponding to true object centers—half at the closest point to the center frustum ray,
and half at the mean of the object point cluster Pobj. To accommodate varying object sizes,
initialization noise is sampled from N

(
0, Cnoise · Amax+Amin

2

)
with Cnoise = 0.1, and added

to the positions. The remaining parameters (l, w, h, ry) are initialized uniformly. The ob-
jective function is balanced using weighting coefficients (λ1, λ2, λ3, γ) = (5.0, 1.0, 1.0, 3.0),
and the anchor priors follow Find n’ Propagate [15].

Table 5.2: PSO hyperparameters used in adaptive 3D box search.

Parameter Description Value

Nswarm Swarm size 50
Niter Iterations per particle 3000
winit Initial inertia weight 10.0
wend End inertia weight 0.1
c1 Cognitive coefficient 1.0
c2 Social coefficient 1.0

Cnoise Initialization noise 0.1

5.2.3 Training

OV-SCAN is trained on 8 NVIDIA V100 GPUs with a batch size of 4 for 20 epochs. OV-
SCAN adopts the AdamW optimizer with a learning rate 0.001 and a weight decay of
0.01. The CLIP image and text encoders are kept frozen. For OV-SCAN-Fusion, we add
an image backbone on top of pre-trained OV-SCAN and fine-tune. OV-SCAN-Fusion is
trained for 5 additional epochs using a cosine annealing schedule initialized at a learning
rate of 0.0001. We define the weights on the loss function, mentioned in Eq. (4.10), as
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(wheatmap, wbox, wclass, walign) = (1, 0.25, 0.25, 1). This work is built on OpenPCDet [53], an
open-source 3D object detection toolbox implemented using PyTorch.

5.2.4 Prompt-based Classification

As mentioned in Sec. 4.5, OV-SCAN employs a specific-to-broad strategy, relying exclu-
sively on H2SA for classification. First objects are classified into fine-grained subclasses
before being mapped to their respective novel classes for evaluation. For the nuScenes
dataset, the fine-grained subclasses used are outlined in Tab. 5.3. OV-SCAN follows the
same procedure for the KITTI dataset.

Table 5.3: Fine-grained subclasses for each high-level novel class in the nuScenes
dataset.

Novel Class Fine-grained Subclasses

car sedan, van, minivan, hatchback, suv, coupe, po-
lice car, sprinter van, taxi

truck pickup truck, tow truck, semi-truck, gasoline
truck, delivery truck, garbage truck, fire truck,
flatbed truck, ambulance, cement truck, dump
truck

bus school bus, coach bus, double-decker bus, transit
bus, shuttle bus, minibus

trailer portable message board trailer, flatbed trailer,
freight trailer, cargo trailer

construction vehicle excavator, bulldozer, forklift, construction
loader, construction lift

pedestrian adult, construction worker, police officer, child

motorcycle cruiser motorcycle, sport motorcycle, touring
motorcycle, moped

bicycle bicycle

traffic cone traffic cone, traffic drum, traffic delineator post

barrier plastic jersey barrier, concrete jersey barrier
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5.2.5 Selective Alignment

During selective alignment, OV-SCAN uses class-specific thresholds τocc for the occlusion
fileter since objects naturally occupy varying amounts of space within a 2D proposal. As
illustrated in Figure 5.1, a car generally occupies a larger area in its instance mask compared
to a pedestrian, resulting in a significantly higher proportion of pixels classified as instance
pixels. Consequently, the pixel distribution within instance masks varies considerably
across classes, making a uniform threshold for determining occlusion level inadequate.

Pixel Occupancy: 75% Pixel Occupancy: 47% Pixel Occupancy: 41%

Figure 5.1: Percentage of instance pixels across object classes. Vehicles, such as
cars, typically occupy a greater proportion of pixels within their 2D proposals compared
to objects like pedestrians and traffic cones.

As shown in Tab. 5.4, reasonable values for τocc are manually determined for each class
to address variability. The resolution threshold τres = 4000 provided the best balance
between removing overly small crops and retaining a sufficient number of training samples.

Table 5.4: Parameterization of τocc for different novel classes.

Novel Class τocc

car 0.5
truck 0.5

pedestrian 0.25
bicycle 0.4

motorcycle 0.4
bus 0.5

traffic cone 0.25
barrier block 0.35

construction vehicle 0.5
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5.3 Evaluation Metrics

To evaluate the OV-3DOD performance on the nuScenes benchmark refer to traditional 3D
object detection metrics. Mean Average Precision (mAP) is the area under the precision-
recall curve obtained by matching predicted 3D boxes to ground–truth boxes whose cen-
tres fall within radial thresholds of 0.5m, 1m, 2m, and 4m. The final mAP is the
arithmetic mean over all ten object classes and all four thresholds, capturing the over-
all precision–recall trade–off. nuScenes Detection Score (NDS) augments mAP by com-
bining it with five true–positive quality terms—translation, scale, orientation, velocity,
and attribute—thereby rewarding detectors that deliver geometrically, kinematically, and
semantically faithful boxes. Per–class AP values for ten categories are also reported to
highlight class–specific performance.

For the KITTI benchmark, AP is evaluated on the car, pedestrian, and cyclist classes
at a stricter 3D IoU threshold of 0.5, enforcing tighter spatial alignment than nuScenes.
To stress-test algorithms further, KITTI groups every ground-truth object into one of
three difficulty levels—Easy, Moderate, and Hard—based on bounding-box height, object
truncation, and occlusion. Reporting AP separately for these three settings reveals how
well a detector copes as visual conditions become harsher—smaller, partially hidden, and
truncated objects are markedly tougher to localise and classify.

Following OpenSight [66], our ablation studies further break down performance by
sensor range, reporting mAPn/m/f over the near (0–18m), mid (0–34m), and far (0–54m)
bands to evaluate how detection accuracy changes with distance.

5.4 Results

5.4.1 Performance on NuScenes

The OV-3D object detection results for top-performing methods on the nuScenes dataset
can be seen in Tab. 5.5. 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. Without 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
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Table 5.5: 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 [34] 5.7 12.0 16.1 21.1 2.9 2.0 1.8 11.0 1.3 0.3 0.3 0.0
CoDA [5] 10.3 16.3 85.5 3.5 1.9 2.0 5.9 3.9 0.0 0.0 0.0 0.0
UP-VL [42] 11.3 17.2 19.4 30.8 7.9 16.8 14.1 15.6 3.1 0.5 4.3 0.4
Find n’ Prop. [15] 16.7 22.4 24.3 22.8 8.6 35.8 34.7 21.3 11.1 4.4 4.1 0.1
OpenSight [66] 22.9 23.3 25.3 52.5 11.6 30.4 26.1 25.6 5.1 42.2 8.7 0.8

OV-SCAN 31.1 32.8 61.6 60.1 30.3 39.8 31.0 39.6 22.0 18.8 6.8 0.6
OV-SCAN-Fusion* 33.8 34.4 62.0 57.6 34.2 44.7 40.2 44.6 24.4 18.9 10.8 0.8
Supervised w/ Boxes* 49.8 60.8 81.4 75.4 34.7 55.1 39.4 62.5 52.7 70.8 13.6 12.4

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 instead
of those generated by SC-NOD. CLIP is still used to derive high-level class labels and align.

5.4.2 Performance on KITTI

In Tab. 5.6, we present our results on KITTI, where all classes—car, pedestrian, and cy-
clist—are treated as novel, meaning no class-specific supervision is used during training.
We report AP3D@50 across the standard difficulty levels, following the official KITTI evalua-
tion protocol. These levels are defined based on object characteristics such as bounding box
height, truncation percentage, and occlusion level. Specifically, Easy samples correspond
to fully visible objects with minimal truncation, while Moderate and Hard categories allow
for increasing degrees of occlusion and partial visibility. Evaluation is performed using a
3D IoU threshold of 0.5 for all classes.

Table 5.6: KITTI AP3D@50 results for OV-SCAN. All classes are treated as novel.

Class Easy Moderate Hard

Car 55.02 45.10 38.40
Pedestrian 33.01 27.61 24.03
Cyclist 44.81 29.81 28.53

In Tab. 5.7, we compare our results to other state-of-the-art OV-3DOD methods. OV-
SCAN outperforms OV-3DET [34] and ImOV3D [59] in the overall metric, achieving com-
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parable results to ImOV3D [59] in the car category while surpassing both in the other two
classes.

Table 5.7: Results on KITTI. We report the overall AP3D@50 for each class at medium
difficulty. Best in bold.

Method Car Ped. Cyclist mAP3D@50

OV-3DET [34] 42.65 15.71 18.20 25.52
ImOV3D [59] 45.51 19.53 28.00 31.01

OV-SCAN 45.10 27.61 29.81 34.17

5.4.3 Novel Object Discovery

By treating all objects as novel, OV-SCAN relies exclusively on SC-NOD to supplement
the high-quality annotations previously provided by human labelers. SC-NOD produces a
total of 319,028 annotations for training purposes. This represents a substantial subset,
yet still only a portion, of the full set of 797,179 ground-truth 3D annotations that are
available in the nuScenes dataset. In Figure 5.2, we examine the high-level class distribution
of training labels, where SC-NOD-generated annotations are categorized using CLIP. As
shown in Figure 5.2a, the absolute number of annotations in SC-NOD is consistently lower
than that of the human-labeled nuScenes dataset. Common object categories such as
car, pedestrian, and barrier dominate in both sources, while infrequent classes like bicycle,
trailer, and bus are similarly underrepresented. This similarity becomes more apparent in
the normalized comparison shown in Figure 5.2b, where annotation counts are expressed
as class-wise proportions. Despite the reduced volume, SC-NOD preserves the relative
distribution of categories, ensuring that training exposure across object types mirrors the
original nuScenes dataset.
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(a) Annotation Count (b) Relative Annotation Count

Figure 5.2: Distribution of training labels.

5.4.4 Selective Alignment

While all annotations contribute to the box loss, only 171,532 (54%) of those generated are
utilized for cross-modal alignment. The remainder of generated annotations are excluded
as a result of filtering due to significant occlusion (39%) or insufficient resolution (7%).

Traditional metrics often fall short in capturing the full capabilities of OV models. To
better quantify performance, we evaluate the semantic alignment between predictions and
ground truth using cosine distance on matched prediction-target pairs from the nuScenes
validation set. Following the approach used during alignment training, we obtain target
embeddings by projecting 3D ground truth boxes into the 2D image space and extracting
corresponding image features using CLIP. To ensure a fair comparison, we exclude targets
affected by semantic ambiguity using our selective alignment filter. During evaluation,
we form prediction-target pairs and compute the cosine distance between their respective
embeddings as a measure of semantic similarity. In Figure 5.3, we compare OV-SCAN
against a baseline similar to OpenSight [66], plotting the cumulative distribution of cosine
distances for the subset of targets that are successfully recovered by both detectors. The
cumulative distribution function (cdf) shows that OV-SCAN achieves better 3D-2D em-
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bedding alignment than the baseline, as evidenced by a leftward shift in cosine distance
distribution on the nuScenes validation set.
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Figure 5.3: Cross-modal Alignment Performance. The red CDF shows the distribu-
tion of the distance between the 3D embedding produced by a baseline OV-3D detector
and the corresponding 2D embedding from CLIP on the nuScenes validation set. The green
CDF shows this distribution using OV-SCAN instead of the baseline. The latter is shifted
to the left, showing an improved alignment between the 3D and 2D embeddings due to
supervision by our higher quality 3D-2D proposal pairings and our alignment head.

5.5 Ablation Studies

5.5.1 Adaptive 3D Box Search Ablation Study

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 [15]. In their work, the authors report using 150,000 candidate
boxes per proposal, a setting we adopt in our implementation. As shown in Tab. 5.8, our
method consistently outperforms the greedy search baseline, even when operating with
fewer iterations per novel object. To further understand the relationship between search
budget and performance, we systematically reduce the number of iterations per proposal.
This analysis highlights a practical trade-off between offline pseudo-labeling cost and overall
detection accuracy, offering users flexibility in balancing efficiency and performance.
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Table 5.8: Ablations Study 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 mAPn mAPm mAPf

Greedy 150,000 25.4 38.3 29.2 22.4
Adaptive 37,500 28.9 47.8 33.8 25.4
Adaptive 75,000 29.2 47.5 34.3 25.8

Adaptive 150,000 31.1 48.1 35.6 27.7

We further ablate various parameterizations of the cost function during the adaptive
3D box search, as seen in Tab. 5.9, highlighting the importance of balancing the heuristic
cost terms for effective 3D box search. The ablation reveals that the density term provides
a strong baseline, but significant gains arise from incorporating both ℓ-shape and surface
alignment terms at a low-cost. The best performance (31.1 mAP) is achieved when all
three terms are combined, confirming that geometric structure and egocentric cues are
crucial for high-quality box fitting.

Table 5.9: Ablation Study on 3D Box Search Cost Weights. Selected setting is
marked in gray .

(λ1, λ2, λ3, γ) mAP

(5.0, 0.0, 0.0, 3.0) 26.1
(1.0, 1.0, 1.0, 1.0) 27.4
(5.0, 2.5, 2.5, 3.0) 27.8
(5.0, 1.0, 1.0, 3.0) 31.1

5.5.2 Selective Alignment Ablation Study

Together, Tab. 5.10a and Tab. 5.10b demonstrate the effectiveness of filtering techniques
used in selective cross-modal alignment. A simple occlusion filter with a fixed threshold
τocc yields a notable performance gain, while class-based thresholds achieve the highest
improvement (+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).
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Table 5.10: Ablation Study on Selective Alignment Filters. Selected settings are
marked in gray .

(a) Resolution Filter (b) Occlusion Filter

Filter mAP Filter mAP

w/o 30.4 w/o 29.4
τres = 1000 30.8 fixed (τocc = 0.35) 30.7
τres = 4000 31.1 class-based τocc 31.1
τres = 10000 30.6

5.5.3 Alignment Head Ablation Study

To evaluate the effectiveness of the proposed H2SA head, we introduce a simplified one-
stage baseline for comparison, as shown in Tab. 5.11. In this variant, the classification
loss is removed, the class-specific heatmaps from TransFusion-L are merged into a single
class-agnostic heatmap, and the text-guided alignment module is replaced with a simple
feed-forward network (–5.9 mAP). We also examine a two-stage version that retains the
decoding structure but does not incorporate semantic alignment (+4.2 mAP). Finally,
by integrating class-based text prompts into the alignment process, our full H2SA head
achieves the best performance (+1.7 mAP).

Table 5.11: Ablation Study on Alignment Head Design. Selected settings are marked
in gray .

Alignment Head mAP

One-Stage + FFN 25.2
Two-Stage + FFN 29.4
H2SA 31.1

5.6 Qualitative Results

Figure 5.4 presents qualitative results of OV-SCAN, showing 3D point clouds with pre-
dicted bounding boxes and fine-grained open-set labels. Object points highlighted in red
are paired with images for visual comparison.
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Figure 5.4: Visualization results using open-vocabulary on a variety of traffic
conditions. 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.

In Figure 5.5, we perform a side-by-side comparison of the box regressed when fueled
by SC-NOD vs. Greedy Box Seeker from Find n’ Propagate [15]. Both methods use
Transfusion-L [1] off-the-shelf, while displaying detections with a confidence over 0.05.
However, during training, Find n’ Propagate natively follows its predefined “Setting 2”,
treating three classes (car, pedestrian, and bicycle) as base and leaving the remaining
classes as novel. In contrast, OV-SCAN treats every class as novel. OV-SCAN regresses
notably more precise bounding boxes for novel classes. Additionally, Find n’ Propagate
tends to produce more false positives due to their increased recall strategy, whereas OV-
SCAN maintains better precision and localization accuracy.
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Figure 5.5: Comparison between OV-SCAN and Find n’ Propagate [15]. OV-
SCAN regresses more precise bounding boxes than Find n’ Propagate without requiring
any human-annotated labels. We compare to Find n’ Propagate in “Setting 2” which uses
3 base classes (car, pedestrian, and bicycle) leaving the rest as novel.
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Chapter 6

Conclusion

6.1 Conclusion

We introduce OV-SCAN, an OV-3D object detector that achieves strong OV detection
performed through enhanced cross-modal alignment. Without human-provided 3D anno-
tations, SC-NOD accurately generates 3D boxes through a proposed non-linear continuous
optimization. To address noise sources like annotation errors, occlusions, and resolution
limits, we propose noise mitigation techniques enforcing semantic consistency across 3D-to-
2D pairs. By adapting H2SA, we further strengthen alignment and enable robust open-set
classification. Experiments on nuScenes and KITTI demonstrate state-of-the-art OV-3D
detection.

6.2 Limitations and Future Work

A primary limitation of SC-NOD lies in its restricted ability to recover annotations, as illus-
trated in Figure 5.2. This limitation stems from its dependence on 2D proposals. Objects
clearly visible in the point cloud may remain unlabeled if they are not captured in multi-
view images. Consequently, such objects are omitted from the training set. Additionally,
detecting and labeling sparse or distant objects remains a persistent challenge, leading to
a marked drop in performance at greater ranges, as shown in Tab. 5.8. To enhance robust-
ness, future work could explore integrating multiple sources of object proposals beyond
just those derived from 2D-OV object detectors.
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Another significant limitation is the offline annotation cost associated with labeling a
large-scale autonomous driving datasets. Each object proposal requires a rigorous opti-
mization process to accurately regress 3D bounding box parameters, which is computa-
tionally intensive. While lowering the search complexity for each proposal may reduce
the annotation time, it often comes at the expense of detection performance. In addition,
the search cost scales with the additional novel classes which could further expand the
cost. Our method addresses this by employing a multi-threaded implementation to im-
prove throughput; however, a GPU-based optimization pipeline could further reduce time
costs and improve scalability.

Lastly, in the 3D box search process, SC-NOD utilizes class-based anchors inspired
by prior works. While this approach performs well for novel classes with relatively low
intra-class variance, it becomes less effective for objects with high shape variability, such
as trailers, buses, and construction equipment. These limitations suggest an opportunity
for future research into anchor-free box parameterization strategies that can better accom-
modate complex object geometries.
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Detecting Twenty-Thousand Classes Using Image-Level Supervision. In Shai Avidan,
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Appendix A

Additional Implementation Details

A.1 Pseudocode for Cross-Modal Association

The goal of cross-modal association is to match each 2D novel object proposal from the
image domain with one or more candidate 3D object clusters obtained from LiDAR. As
shown in Algorithm 1, each 2D proposal is first projected into a 3D frustum using intrinsic
and extrinsic calibration parameters. The center ray of the frustum is computed, and
the algorithm identifies nearby 3D clusters whose points lie within a distance threshold
τmatch from this ray. All matched pairs are stored as potential cross-modal associations for
subsequent processing.

A.2 Pseudocode for Cross-Modal Target Preparation

Once candidate (2D proposal, 3D cluster) pairs are obtained, cross-modal target prepa-
ration filters associations to retain those suitable for training novel object discovery. As
shown in Algorithm 2, the algorithm fits a 3D bounding box to each cluster and applies
filters such as occlusion, resolution, and multi-view alignment. A semantic embedding from
the 2D proposal, extracted via a vision-language model (e.g., CLIP), is used to assign a
high-level class label. Each resulting target includes the 3D box, image embedding, class,
and a boolean for alignment quality. To resolve ambiguities when a 2D proposal matches
multiple clusters, the best-fitting candidate is selected. Duplicate proposals from overlap-
ping views are removed via 3D NMS. Finalized targets update the novel object memory
bank.
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Algorithm 1 Cross-Modal Association

def cross_modal_association (3 D_object_clusters ,

2D_novel_object_proposals ,

calibrations ):

"""

Input:

- 3D_object_clusters: Set of 3D object clusters

- 2D_novel_object_proposals: Set of 2D novel

object proposals

- calibrations: Intrinsic and extrinsic

calibration parameters

Output:

- cross_modal_proposals:

List of (2D proposal , 3D cluster) pairs

"""

cross_modal_proposals = []

for proposal in 2D_novel_object_proposals:

frustum = get_frustum(proposal , calibration , d_min , d_max)

frustum_center_ray = get_frustum_center_ray(frustum)

matched_clusters = get_clusters_near_ray(

3D_object_clusters ,

frustum_center_ray ,

tau_match

)

for cluster in matched_clusters:

cross_modal_proposals.append ((proposal , cluster ))

return cross_modal_proposals
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Algorithm 2 Cross-Modal Target Preparation

def cross_modal_target_preparation(cross_modal_proposals ,

novel_object_bank ,

calibrations ):

"""

Input:

- cross_modal_proposals:

List of (2D proposal , 3D cluster) pairs

- novel_object_bank:

Set of novel objects for training

- calibrations: Intrinsic and extrinsic

calibration parameters

"""

cross_modal_targets = []

box_search_costs = []

for pair in cross_modal_proposals:

2d_proposal , 3d_object_cluster = pair

3D_box_params , box_search_cost = adaptive_3D_box_search(

3d_object_cluster , 2d_proposal , PSO_params

)

instance_mask = get_instance_mask (2 d_proposal)

is_not_occluded = occlusion_filter (2d_proposal , instance_mask)

is_high_res = resolution_filter (2 d_proposal)

is_aligned_mv = multi_view_alignment_filter(

2d_proposal , 3D_box_params , calibrations

)

fit_for_alignment = is_not_occluded & is_high_res & is_aligned_mv

2D_image_embed = CLIP(2 d_proposal)

high_level_novel_class = classify(

2D_image_embed , set_of_novel_classes

)

novel_object_target = (

3D_box_params ,

2D_image_embed ,

high_level_novel_class ,

fit_for_alignment

)

cross_modal_targets.append(novel_object_target)

box_search_costs.append(box_search_cost)

cross_modal_targets = resolve_CMA_conflicts(

cross_modal_targets , box_search_costs

)

cross_modal_targets = NMS(cross_modal_targets , box_search_costs)

update(novel_object_bank , cross_modal_targets)

return
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