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Abstract. The reliance on extensively annotated 3D data confines cur-
rent autonomous driving systems to a closed-set detection paradigm, lim-
iting their robustness in real-world open-world scenarios where novel ob-
jects frequently emerge. To bridge this gap, we propose BEVOpen3D,
a novel distillation framework that facilitates open-world 3D object de-
tection by effectively transferring knowledge from 2D vision-language
models into the 3D domain via the Bird’s-Eye-View (BEV) space under
a partial-label setting. Our approach first generates initial 3D proposals
for both seen and unseen categories using an open-vocabulary 2D detec-
tor combined with a greedy spatial search strategy. We then introduce
a Triple-Source Label Refinement mechanism, which fuses original, lo-
cally rectified (via a Seen-Guided Local Query), and globally re-examined
proposals to produce high-quality pseudo labels for unseen-category. Fi-
nally, we propose a Heatmap Proposal Distillation strategy, where an
image-based BEV teacher transfers its vision-grounded semantic priors
to a LiDAR-based student through aligned BEV heatmaps, enabling the
student to detect both seen and unseen objects without requiring addi-
tional 3D annotations. Extensive experiments validate the effectiveness
of BEVOpen3D in open-world 3D detection.
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1 Introduction

Recent advances in autonomous driving have necessitated perception systems
capable of operating in open-world environments. However, traditional closed-set
training paradigms rely heavily on pre-defined category lists, rendering models
ineffective when encountering object classes absent from the training set. This
limitation severely constrains generalization and safety in complex real-world
scenarios.

Concurrently, open-vocabulary recognition has achieved remarkable progress
in the 2D image domain. Leveraging large-scale image-text pairs, vision-language
pre-trained models such as CLIP [19] have demonstrated powerful zero-shot clas-
sification abilities, enabling the identification of objects never explicitly seen dur-
ing training. Nevertheless, transferring this successful framework to 3D point
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cloud detection faces substantial obstacles. The high cost of annotating 3D
bounding boxes results in limited scale and sparse category diversity in existing
open-source 3D datasets. Consequently, training a 3D-CLIP model remains a
challenging issue.

To address this problem, prior works have explored indoor scenes. These
works [16]/22] typically adopt a two-stage paradigm: first training a class-agnostic
generic object detector to capture foreground regions, and subsequently employ-
ing contrastive learning to align point cloud region features, back-projected im-
age patch features, and text prompt features. This tri-modal alignment endows
the detector with open-vocabulary classification capabilities.

However, directly transferring this indoor paradigm to outdoor autonomous
driving scenarios presents serious challenges. First, CLIP is pre-trained on dense
image-text pairs, making its feature space highly reliant on rich texture infor-
mation. In contrast, outdoor point clouds are characterized by substantial geo-
metric and textural discrepancies compared to 2D images. Enforcing end-to-end
contrastive alignment across such a vast modality gap not only complicates op-
timization but also forces the 3D detector to sacrifice geometric localization
accuracy to accommodate text semantics. Second, the paradigm of first training
a class-agnostic detector and then injecting classification capabilities via con-
trastive learning appears inefficient for outdoor settings. Most outdoor 3D de-
tectors have already acquired robust foreground capture and box regression capa-
bilities through large-scale supervised learning, with decoding processes heavily
reliant on category priors (e.g., heatmaps). Training a cross-modal projection
head to re-learn classification capabilities introduces additional computational
overhead and instability. Rather than struggling to align text semantics in noisy
3D feature spaces, a more direct approach is needed to transform the open-
vocabulary capabilities of the 2D domain into effective supervision signals for
3D detection.

Addressing these challenges, the baseline method [5] proposes an offline strat-
egy. A 2D open-vocabulary detector [12] identifies unknowns and generates 3D
pseudo labels via frustum search. These labels are merged with ground-truth
annotations for seen categories to supervise the 3D detector, employing multi-
round self-training where inference results serve as updated pseudo labels for
iterative refinement. This design indirectly transfers CLIP’s classification ability
to 3D detection. Despite demonstrating the viability of this decoupled strategy,
the baseline scheme suffers from two critical limitations:

1. Error Accumulation: During self-training, the model relies on pseudo-
labels generated by its own previous inference rounds. Although data aug-
mentation is employed, erroneous annotations from initial stages are ampli-
fied during iteration, leading to performance bottlenecks or even degradation.

2. Waste of Modal Information: To avoid the domain gap, the baseline
method completely discards the image modality. However, rich texture de-
tails in images are crucial for distinguishing objects with similar appearances
but different categories (e.g., cars vs. pickups). Existing research indicates



BEVOpen3D 3

that cross-modal fusion often yields superior detection performance; thus,
completely discarding this information represents a significant loss.

To address these problems, this paper proposes a novel framework for open-
world 3D object detection. The framework adopts a teacher-student co-evolution
architecture, where the teacher model (an image-based teacher generating 3D
proposals via open-vocabulary detection) and the student model (a 3D point
cloud detector) are trained simultaneously from scratch. This online distillation
mechanism provides the student with smoother soft-label distributions compared
to traditional hard labels, effectively mitigating overfitting risks caused by label
sharpening and enhancing generalization robustness.

Specifically, we design a Triple-Source Label Refinement module to tackle
error accumulation. This module leverages reliable predictions generated by
the teacher model in each iteration to online update and correct the student’s
pseudo-labels, effectively blocking the propagation chain of error signals. Regard-
ing the utilization of image modalities, we propose Heatmap Proposal Distillation
strategy. Instead of performing expensive cross-modal alignment in the feature
space, we employ category response heatmaps generated by the 2D teacher model
as soft supervision signals, guiding the 3D student model to learn semantic dis-
tributions in the Bird’s-Eye-View (BEV) space. This strategy avoids the inter-
modal domain gap while fully integrating the fine-grained semantic information
provided by image textures.

— We propose BEVOpen3D, a novel open-world 3D detection framework that
resolves the error accumulation problem inherent in self-training processes
and designs an efficient cross-modal information fusion strategy. It fully lever-
ages image texture and 2D open-vocabulary model priors while bypassing
the difficulties of direct domain alignment.

— We achieve significant performance improvements on outdoor dataset, where
extensive experiments on the nuScenes dataset demonstrate that our method
outperforms existing baselines under open-world settings, achieving state-
of-the-art detection accuracy. In particular, it exhibits superior recall and
classification accuracy for unseen categories, validating its potential for real-
world deployment.

2 Related Work

2.1 BEV-based 3D Object Detection

BEV representation has emerged as a unified paradigm for 3D detection, en-
abling efficient convolution and multi-modal fusion. While LiDAR-based meth-
ods such as PointPillars [11] and CenterPoint [24] naturally exploit this space
via pseudo-images, camera-based approaches address the ill-posed view trans-
formation through two distinct strategies: explicit geometric lifting and implicit
attention mechanisms. The former, pioneered by LSS [18] and advanced by
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BEVDet4D 6], relies on depth estimation to splat features into BEV. Con-
versely, transformer-based methods like DETR3D [21] and BEVFormer [13| by-
pass explicit depth estimation by learning implicit spatial-temporal correlations
via query-based attention, currently defining the state-of-the-art in end-to-end
perception. Notably, Ji et al. [8] further improve this paradigm by augmenting
queries with 2D detection-guided anchors.

2.2 Open-vocabulary 3D Object Detection

Open-vocabulary 3D object detection aims to localize and recognize objects be-
yond predefined categories, leveraging vision-language models (VLMs) such as
CLIP [19] and GLIP [12]. Early approaches primarily focus on transferring 2D
VLM knowledge to 3D domains. OV-3DET [16] pioneers this direction by distill-
ing knowledge from 2D pre-trained detectors and CLIP into point clouds without
requiring 3D annotations for unseen classes. CoDA [3] further eliminates the de-
pendency on auxiliary 2D detectors through collaborative novel box discovery
and cross-modal alignment.

Recent advances shift towards learning cross-modal representations via hi-
erarchical alignment and unified frameworks. |10,/26] capture multi-granularity
scene understanding by aligning local object features with global context from
instance to scene levels. OV-Uni3DETR [22]| proposes a unified framework via
cycle-modality propagation, which enables seamless modality switching during
inference by propagating 2D semantic knowledge to guide 3D novel class dis-
covery while leveraging 3D geometric knowledge to supervise 2D detection im-
ages. This strategy achieves modality unification, scene unification, and open-
vocabulary learning simultaneously.

To address the scarcity of 3D annotations, recent methods explore weakly su-
pervised, unsupervised, and image-only training strategies. Weakly supervised
methods [9,25] demonstrate that 2D image-level annotations are sufficient for
accurate 3D localization. Unsupervised approaches |17]| distill CLIP-based se-
mantic knowledge into point cloud clustering without any manually annotated
labels. The latest works [7,/23] push the boundary further by training open-
vocabulary 3D detectors solely from 2D images. InOV3D [23] synthesizes pseudo
point clouds from internet images through monocular depth estimation and point
cloud rendering, effectively removing the need for exhaustive 3D supervision.

3 Method

We present BEVOpen3D, a distillation-based framework for open-world 3D ob-
ject detection under the partial-label setting. As illustrated in Fig.[l] our pipeline
leverages a vision-based teacher to refine noisy pseudo labels and distill knowl-
edge into a LiDAR-only student. The core of our approach lies in three key
components: (1) Seen-Guided Local Query mechanism (Sec. that learns ge-
ometric corrections from seen-category ground truth by attending to local BEV
regions. (2) the Triple-Source Label Refinement strategy (Sec. that fuses
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Fig. 1: Overall pipeline of our proposed BEVOpen3D framework, including four main
modules: Rule-based Pseudo Label Generation is detailed in Section [3:2} Seen-Guided
Local Query is described in Section [3:3} Triple-Source Label Refinement is explained
in Section and Heatmap Proposal Distillation is introduced in Section

original, locally refined, and globally re-examined proposals via 3D-NMS to pro-
duce high-quality pseudo labels for unseen categories. (3) the Heatmap Proposal
Distillation scheme (Sec. that transfers vision-grounded semantics to the
student through heatmap-level alignment, avoiding unstable cross-modal feature
matching.

3.1 Overview

We address open-world 3D object detection problem under partial-label setting.
Training Input: The model accepts a point cloud P and synchronized RGB
images I, supervised by ground-truth boxes B&"“® for seen categories S and tex-
tual names only for unseen categories U. Inference Output: The goal is to
localize 3D boxes B with labels ¢; € S UY using only LiDAR input, despite the
absence of 3D annotations for U during training.

Label Pool & Distillation: we employ an online distillation framework with
distinct roles for the teacher and student. The teacher continuously refines rule-
based proposals into high-quality pseudo labels for unseen categories and trans-
fers semantic knowledge via heatmap-level distillation. Conversely, the lightweight
LiDAR student is optimized on an aggregated label pool that it consumes, but
never updates. This pool comprises: (1) fized ground-truth annotations B&%* for
seen categories, and (2) self-rectifying pseudo labels B™" for unseen categories,
which are dynamically generated by the teacher. By decoupling label genera-
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tion from model optimization, this strategy prevents error accumulation while
enabling robust open-world detection.

3.2 Rule-based Pseudo Label Generation

We bootstrap rule-based pseudo labels BP via a pipeline inspired by Greedy Box
Seeker [5]. Given LiDAR point clouds and synchronized multi-view images, an
open-vocabulary 2D detector first generates 2D boxes with semantic confidences.
Each 2D detection is lifted to a 3D frustum, within which a spatial search over
depth, scale, and orientation candidates yields the highest-scoring 3D proposal
via density-IoU scoring-entirely without learnable parameters.

3.3 Rectify Labels via Vision

Built upon the canonical 3DETR. architecture, the teacher network processes
BEV feature maps to simultaneously support global heatmap detection and
local instance refinement. Rather than treating rule-based proposals as fixed
targets, we explicitly model the systematic bias inherent in hand-crafted fea-
tures by leveraging the discrepancy between seen-category ground truth and
their corresponding offline pseudo labels. By learning this corrective mapping on
seen categories, the network establishes a robust association between geometric
priors and visual evidence, enabling it to progressively rectify coarse propos-
als into high-quality position and category pseudo labels. This vision-grounded
correction capability generalizes directly to unseen categories, upgrading the su-
pervision signal without requiring additional parameters or auxiliary networks.

Seen-Guided Local Query To refine rule-based pseudo labels for seen cat-
egories, we construct a localized query under the supervision of ground-truth
annotations. For each rule-based pseudo label BP:® € R®, we generate a binary
mask M, € {0,1}**Y by rasterizing the bounding box onto the BEV feature
map and collect all grid cells inside it:

8§ = {(x,y) € 2 | My [x,y] = 1}. (1)

A single local token is obtained by max-pooling over the indexed BEV fea-
tures BEV,;[S!°°]. To maintain coordinate consistency with the global decoder,
we map the 3D center (2, yn) of BP:® back to the BEV lattice (uy,, vy,) and
augment the pooled feature with the identical sinusoidal positional encoding
Pm € RY used in the transformer backbone. The resulting query is passed
through the shared decoder DEC to yield the locally refined pseudo label:

blocs = DEC¢<MaXPOOl(BEVt [S*) + pm)' 2

This output is supervised by ground-truth boxes and replaces the original
noisy proposal.
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To associate pseudo labels with ground truth, we propose a semantic—geometric
consistent matching strategy. Given a 3D ground-truth box B&"* and 2D open-
vocabulary detector D%’ from multi-view cameras, we first project the 3D box
into each camera’s image plane:

5n,k' = I} (B%t’s; Ry, tg, Kk), s.t. eg(chn + tk) >0, (3)

where ITj,(+) denotes visibility-constrained projection that yields the axis-aligned
enclosing rectangle &, only if the object lies in front of camera k. We then
perform bipartite matching between all projected boxes {&, 1} and 2D detector
Dgg using the Hungarian algorithm, resulting in the assignment set:

M = {(n,m) ‘ B&"S is matched to BP:® at time t}7 (4)
with the optimal assignment minimizing the category-aware cost:

1-IoU(& 5, DY ), ¢i=c;
min Z Am Aij{ ( i, 2D,]) i J. )
" Ggen +00, otherwise.
This matching is performed offline and solely serves to link pseudo labels with
ground truth for loss computation, restricted to seen classes to avoid leakage

from unseen categories.

Heatmap-Driven Global Query Simultaneously, the global stream imple-
ments a conventional heatmap based 3D detection baseline. Operating on the
entire BEV representation, this model generates object hypotheses for both seen
and unseen categories without region constraints.

Specifically, the final BEV representation BEV, is projected into a per-class
center heatmap H, € RX XY xNeis  Top-K peaks extracted across all Nojs chan-
nels serve as global object queries,

selb = TopK(HtT) £ {(xk, yk)}szl c 72 (6)

Their C-dimensional feature vectors are sampled from BEV; and refined by the
transformer decoder to produce globally refined pseudo labels,

b#!” = DECy(BEV, [s*"] ). (7)

Global supervision strategy The global stream is trained against a mixed
label pool comprising ground truth labels B8&"S for seen categories and rule-
based pseudo labels BP:" for unseen categories. Predictions be'® are matched to
this mixed pool via class-aware Hungarian assignment. Matched seen-category
proposals are supervised by the standard L1 regression and focal classification
losses. For matched unseen-category proposals, we attenuate supervision via ded-
icated loss weights, bounding-box regression keeps full gradients for center, size,
and orientation, but the classification loss is down-weighted by 0.45. This design
preserves high precision on seen-category proposals while providing continuous
regression gradients for unseen regions, establishing a semantically smooth foun-
dation that complements the fine-grained local refinement stream.
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Optimization Objective We now present the complete optimization frame-
work for the teacher network, which integrates both local and global streams
into a unified training objective.

Local rectification loss. With established correspondences M3, the local stream
is supervised by ground truth labels through a regression loss,

Erect = Z ['match(}slnic’s ) B%t’s) ’ (8)
(n,m)eMs

where Lyatcn combines smooth-L1 regression for box parameters and focal clas-
sification for category prediction. Minimizing this loss forces the shared decoder
weights to perform a corrective mapping that pulls coarse rule-based propos-
als toward the ground-truth. Since these proposals are obtained offline by the
Greedy Box Seeker, the residual between lf)i?f’s and Bg&"* directly encodes the
systematic bias introduced by the geometry-driven pipeline. Learning this bias
model on seen categories enables zero-shot transfer to unseen categories. Specifi-
cally, during the pseudo-label generation phase with the frozen teacher, we apply
this mechanism to unseen-class proposals. The identical local refinement proce-
dure processes coarse proposals BP" without requiring ground truth supervision.
Consequently, it produces locally refined pseudo labels f)lf,ifu These refined la-
bels inherit the corrective capability acquired from seen-class training, effectively
rectifying geometric biases for novel objects.
Joint optimization.The total teacher objective is defined as,

Lteacher = ﬁglobal(}sglb7 Bgt’s U Bp’u) + Arectﬁrect- (9)

3.4 Triple-Source Label Refinement

The Greedy Box Seeker (GBS) generates 3D pseudo labels offline without learn-
able parameters, but suffers from geometric bias that object centers are naively
snapped to rays cast from 2D detection centroids, causing boxes to hover above
the ground surface. These floating proposals are often suppressed during NMS.

We regard GBS proposals BP as noisy samples from an unknown conditional
distribution p(B&%* | BP®) encoding the offset between geometry-driven guesses
and real object surfaces. For seen categories, the teacher learns this residual
distribution through ground-truth supervision. We then freeze the teacher and
apply the same correction to unseen categories via two complementary streams,
yielding three proposal sources fused by NMS.

Local Refinement For each GBS proposal BP'" of unseen category, we crop the
corresponding BEV region, max-pool its features into a 256-dimensional token,
augment with sinusoidal positional encoding p,,, and forward through the frozen
decoder,

Blo“" = DEC,, (MaxPool (BEV, [ S°“"]) + p,,) , (10)

where S'°¢" represents BEV cells enclosed by the bird’s-eye rectangle of BP".
This process transforms geometric discrepancies into a structured output. While
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traditional 3D detection models typically maintain an end-to-end box-to-box
mapping, our approach leverages max pooling to unify multi-scale candidate re-
gions into fixed-dimensional feature tokens. These tokens serve as queries for
the decoder, which is designed to map such query embeddings directly to box
parameter residuals. Consequently, the decoder outputs an 8D correction vec-
tor that encodes the necessary adjustments (e.g., center offsets, dimension scal-
ing, and orientation corrections) to refine the initial GBS proposal, effectively
compressing the complex geometric error distribution into a concise, learnable
representation.

Global Refinement The frozen teacher re-evaluates the full BEV feature map
BEV; via 1x1 convolution producing heatmap H;'. Top-K peaks across all N
channels serve as queries,

u K

S8 = TopK(H,") £ {(zk,yk) } s> (11)
yielding decoded predictions {E%lb’“, s%lb K_|. This provides an unbiased opinion
that recovers objects missed by GBS.
Triple-Source Fusion. The three proposal sets, namely original GBS boxes
{BP"}, locally refined boxes {b!°®"}, and globally re-scored candidates {b&>1}
are concatenated and fed into class-agnostic 3D NMS (IoU threshold 0.5). Sur-
viving boxes constitute the upgraded unseen-category pseudo labels,
{Brectiﬁed,u}g;l — 3D-NMS ({Bp,u} U {lf)loc,u} U {Bglb,u}) ] (12)

n

3.5 Heatmap Proposal Distillation

Image and LiDAR BEV features exhibit structural discrepancy, dense texture-
rich grids versus sparse measurement-bound representations, making direct fea-
ture alignment suboptimal. Our method attempt to perform distillation at the
heatmap proposal level, allowing the LiDAR student to indirectly acquire vision’s
texture-aware object discovery capability without cross-modal feature emulation.

To avoid overfitting to poorly calibrated teacher outputs, we adopt online
distillation activated after a brief warm-up and at fixed intervals. The teacher
extracts top-K high-response proposals from its dense heatmap, each with BEV
center ¢}, class probability vector p}, and peak confidence w;. The student
gathers its own top-K heatmap responses. Distillation is restricted to mutually
matched locations under class-consistent local constraints. A teacher proposal is
matched to a student response only if they share the same class and lie within a
spatial radius p, using greedy nearest-neighbour assignment. Let M denote the
matched set.

The distillation loss at each matched location combines a prior term on the

full class distribution and a score term on the teacher-selected class,

1 2
Edistill - . Z W; {)\prioerz‘S - p;,‘rHQ + Ascore|p1§,ci - p;'l:ci
ZiGM Wi ieM

e
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Table 1: Performance Comparison of BEVOpen3D, OV-Uni3DETR, and
Find n’ Propagate Across Different Novel Class Settings on the Validation
Set Here, 'StuDH.’” denotes Student Dense Head, 'TeaDH.’ refers to Teacher Dense
Head, "Trans.” indicates TransFusion, and ’Focal’ represents FocalFormer3D.

(a) Four novel classes. Results with 4 novel categories (Truck, Bus, Motorcycle, Traffic Cone)

OVERALL SEEN CATEGORIES UNSEEN CATEGORIES
Method StuDH. TeaDH.| mAP NDS APs APy Car Const. Trai. Barr. Bic. Ped. |Truck Bus Motor. Cone.

Seed  Seed | 44.10 46.25 51.42 33.11 | 83.32 14.74 32.38 68.66 28.81 80.64 | 25.98 26.15 34.97 45.36

Seed Trans. | 42.87 45.38 50.32 31.70 | 81.12 14.24 33.02 67.11 27.02 79.42 | 26.32 21.79 33.56 45.13

Seed  Focal. | 40.98 41.19 50.07 27.34 | 80.91 12.10 34.12 59.66 28.02 85.64 | 24.78 24.80 34.97 24.81

Trans. Trans. | 41.80 43.88 49.38 30.44 | 79.67 15.70 30.13 61.26 30.48 79.01 | 25.34 2522 27.06 44.14

BEVOPEN3D Seed Trans. | 40.87 40.68 47.51 30.93 | 80.25 12.83 29.06 60.94 25.03 76.93 | 26.48 23.90 30.98 42.36
Focal. Trans. | 43.88 46.74 49.94 34.80 | 81.26 14.74 28.71 67.22 2844 79.24 | 27.17 27.12 36.48 48.44

Focal. Focal. | 39.94 40.17 46.86 29.56 | 74.36 10.64 25.36 61.34 28.81 80.64 | 21.96 1594 34.97 45.36

Trans. Focal. | 41.36 42.72 49.02 29.88 | 77.49 10.14 27.37 69.66 26.81 82.62 | 25.99 20.15 35.03 38.36

Seed  Focal. | 40.08 42.52 45.71 31.62 | 73.73 12.57 23.71 65.08 26.81 72.36 | 25.11 20.15 38.79 42.46

OV-Uni3DETR - - ‘44,29 30.82 61.95 l7.79‘83.42 29.25 40.99 73.16 62.48 8243 | 12.81 14.30 20.03 24.03

FIND N’ PROPAGATE - - ‘43.79 46.08 51.20 32.67‘8&30 14.86 31.99 69.12 28.48 79.43‘25.77 26.78 33.92 44.23

(b) Seven novel classes. Results with 7 novel categories (all except Car, Bicycle, Pedestrian)

OVERALL SEEN CATEGORIES UNSEEN CATEGORIES
Method StuDH. TeaDH.| mAP NDS APs APy | Car Bic. Ped. | Bus Trai. Barr. Motor. Truck Const. Cone.

Seed  Seed | 27.39 29.12 62.04 12.53 | 82.40 25.30 7843|2829 034 0.12 2257 1423 095 21.23
Seed Tranms. | 27.65 28.93 59.90 13.83 | 75.49 27.94 76.29 | 22.77 0.19 022 19.33 23.17 091 30.23
Seed  Focal. | 29.71 31.08 63.56 15.20 | 79.45 30.19 81.04 [ 29.18 0.12 0.18 26.24 21.20 0.62 28.83
Trans. Trans. | 27.23 28.14 62.82 11.98 | 77.91 31.62 78.92 | 19.14 0.22 0.19 25.37 14.06 0.66 24.23
BEVOPEN3D Seed Trans. | 28.65 29.38 61.07 14.76 | 74.30 2848 80.43 | 2877 027 0.24 2837 1589 0.71 29.07
Focal. Trans. | 26.25 28.03 60.31 11.65 | 71.11 27.41 8241 | 298 021 024 29.10 1823 0.56 30.23
Focal. Focal. | 28.42 30.64 60.15 14.82 | 82.14 26.09 72.22 | 20.51 021 0.33 26.16 24.63 0.64 31.23
Trans. Focal. | 30.10 31.26 62.40 16.26 | 76.25 28.53 82.43 | 26.93 0.22 0.28 32.55 22.73 0.84 30.23
Seed Focal. | 28.19 29.43 63.01 13.27 | 7830 26.91 83.82|19.83 024 023 26.12 18,58 0.64 27.22

OV-UniI3DETR - - ‘24.47 10.87 73.98 3.25 ‘8252 59.25 8018‘ 9.03 011 007 095 11.17 054 0.86

FIND N’ PROPAGATE - - ‘29.37 31.62  63.07 14.93‘80.30 28.48 80.43‘22.78 027 0.24 2992 2023 086 30.23

where ¢; is the teacher-assigned class for proposal i.

The student is trained on seen-category ground-truth B&%® together with
merged pseudo-labels from both offline frustum proposals and online self-training
proposals refreshed by the teacher at scheduled epochs. The total objective is

Lopudent = Laer (b5, BEYS U BP0 4 £ (14)

At inference, only the lightweight student remains, processing raw point
clouds without vision-side overhead.

4 Experiments

4.1 Experimental Setup

Dataset. We evaluate BEVOpen3D on the nuScenes dataset , a large-scale
autonomous driving benchmark containing 1,000 driving scenes. Each scene pro-
vides 20-second video sequences captured by 6 surrounding cameras and a 32-
beam LiDAR, with 3D bounding box annotations for 10 object categories. Fol-
lowing the standard open-vocabulary protocol , we partition the categories
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into seen and unseen sets. For the 4-novel-class setting, we treat Car, Construc-
tion Vehicle, Train, Barrier, Bicycle, and Pedestrian as seen categories, while
Truck, Bus, Motorcycle, and Traffic Cone serve as unseen categories. For the
more challenging 7-novel-class setting, only Car, Bicycle, and Pedestrian are
seen, with the remaining 7 categories treated as unseen classes.

Evaluation Metrics. We adopt the standard nuScenes detection metrics,
including mean Average Precision (mAP) and nuScenes Detection Score (NDS).
mAP is calculated by matching predictions to ground truth based on 2D BEV
center distance (thresholds: 0.5m, 1m, 2m, 4m) and averaging over all categories.
NDS combines mAP with additional quality measures including average trans-
lation error, scale error, orientation error, velocity error, and attribute error.
For open-world evaluation, we specifically report APg (mAP on seen categories)
and APy (mAP on unseen categories) to separately assess the model’s ability to
maintain performance on known classes while generalizing to novel ones.

Implementation Details. Our experiments are conducted within the Open-
PCDet framework [20|, a widely adopted codebase for 3D object detection. The
teacher network employs Swin-Transformer [14] as the image backbone to extract
multi-scale features from 6 surrounding-view images, which are then lifted into
BEV space via view transformation. The student network utilizes VoxelNet [27]
as the point cloud encoder, converting raw LiDAR points into voxel features for
efficient processing.

4.2 Comparison with State-of-the-Art

We compare BEVOpen3D against two recent open-world 3D detection methods,
OV-Uni3DETR [22] and Find n’ Propagate [5]. OV-Uni3DETR is a unified de-
tection framework designed for both indoor and outdoor scenarios, employing
hierarchical cross-modal alignment to enable flexible modality switching. While
primarily optimized for indoor environments, it demonstrates competitive per-
formance on outdoor benchmarks through its scene-agnostic architecture. Find
n’ leverages an offline strategy that combines greedy spatial search with multi-
round self-training to iteratively refine pseudo labels for transferring 2D vision-
language knowledge to 3D point clouds.

Additionally, to validate the generalization capability of our proposed mod-
ules, we instantiate BEVOpen3D with two different dense detection heads built
upon the TransFusion [1] baseline, Seed |15] and FocalFormer3D [4]. Both heads
inherit TransFusion’s query initialization mechanism based on BEV heatmap
peak detection, making them fully compatible with our Truth-Rectified Pseudo
Query (TR-PQuery) and Heatmap Proposal Distillation (HP-Distill) modules.
Seed introduces a self-ensembling mechanism that aggregates multi-scale features
for robust query refinement, while FocalFormer3D incorporates focal attention
to concentrate on informative regions and suppress background noise. By testing
multiple head configurations, we demonstrate that BEVOpen3D’s improvements
are orthogonal to specific detection head designs.
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4.3 Main Results

Four Novel Classes. As shown in Table [Ta] BEVOpen3D achieves a superior
balance between seen and unseen category performance. The Seed-Seed config-
uration attains 44.10% mAP and 46.25% NDS, with a notable 33.11% APy on
unseen classes. This significantly outperforms OV-Uni3DETR (17.79% APvy).
Furthermore, the Focal-Trans variant achieves the highest unseen performance
(34.80% APvy), demonstrating the robustness of our rectification mechanism
across different detection paradigms. Compared to the baseline Find n’ Propa-
gate, BEVOpen3D maintains comparable overall accuracy while offering better
generalization to novel objects.

Seven Novel Classes. In the more challenging 7-novel-class setting (Table
11b), BEVOpen3D’s advantages become more pronounced. The Trans-Focal con-
figuration yields 30.10% mAP and 16.26% APy, substantially surpassing both
OV-Uni3DETR (3.25% APy) and Find n’ Propagate (14.93% APy). Two key
trends are reported. First, the performance gap widens as the number of unseen
categories increases, validating the efficacy of our Triple-Source Label Refine-
ment in high-novelty scenarios. Second, while OV-Uni3DETR suffers a dras-
tic NDS drop (from 30.82% to 10.87%), BEVOpen3D maintains stable scores
(28-31%), indicating robust velocity and attribute prediction even when most
categories are unseen.

Analysis and Comparison. The improvements across various student-
teacher head combinations confirm that BEVOpen3D’s core modules (TR-PQuery
and HP-Distill) are architecture-agnostic. While matched head pairs (e.g., Seed-
Seed) generally excel in the 4-novel-class setting, mismatched configurations
(e.g., Trans-Focal) show superior unseen performance in the 7-novel-class set-
ting, suggesting that diverse architectural perspectives provide complementary
signals when pseudo-label quality is critical. Finally, against Find n’ Propagate,
BEVOpen3D’s progressive rectification strategy yields a clear margin (+0.73%
mAP, +1.33% APy in the 7-novel-class setting). This confirms that actively cor-
recting geometric biases via our Triple-Source Label Refinement method is more
effective than relying solely on offline heuristics, preventing error accumulation
during distillation.

5 Ablation Study and Visualisation

We conduct ablation studies under the standard partial-label protocol (6 seen, 4
unseen categories). All variants employ the Seed-Seed architecture. We evaluate
four configurations to isolate the effects of Local Query, Heatmap Proposal
Distillation, and Triple-Source Label Refinement.

1. Full BEVOpen3D. The complete framework. The teacher utilizes Local
Query and Triple-Source fusion to generate rectified pseudo labels, while
Heatmap Proposal Distillation transfers vision-grounded semantic priors to
the LiDAR student.
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Fig. 2: Visualization of a scene from the nuScenes dataset. The composite image dis-
plays (top-left) Ground Truth labels with magenta bounding boxes; (top-right) Triple-
Source Pseudo Labels (covering both known and unknown classes) with red bounding
boxes; (bottom-left) Student model inference results with red bounding boxes; and
(bottom-right) The combined visualization of inference results overlaid on Ground
Truth labels.

2. Local Query Only. Using the Seen-Guided Local Query to refine seen-class
proposals but relies on static, offline GBS pseudo labels for unseen classes
without iterative rectification or fusion.

3. Local + Triple-Source. Incorporating the teacher-student paradigm with
Triple-Source fusion to dynamically update unseen pseudo labels. However,
Heatmap Distillation is disabled, removing direct vision-to-LiDAR semantic
guidance.

4. Distillation Only. Employing only Heatmap Proposal Distillation, where
the teacher transfers semantic priors to guide the student’s self-training and
pseudo-label updates. It excludes both Local Query refinement and Triple-
Source fusion.

Results Analysis. As shown in Table [2| the Distillation Only variant (Config
4) establishes a strong foundation by leveraging vision-guided self-training, yet
it remains limited by unrefined geometric proposals. Adding Local Query (Con-
fig 2) yields marginal gains by improving alignment for seen classes. Significant
improvements arise in Config 3 (Local + Triple-Source), where the teacher’s
ability to iteratively rectify pseudo labels for unseen categories via fusion dras-
tically reduces supervision noise. Finally, the full model (Config 1) achieves the
best performance by incorporating all modules, ensuring both precise geometric
alignment and robust semantic regularization. Visualizations in Fig. [2] confirm
that our full framework effectively corrects the floating box issues prevalent in
raw GBS proposals. In Table 3], we remove Top-K filtering and test two variants:
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Table 2: Comparison of different query strategies and distillation methods on valida-
tion set.

Heatmap Proposal Triple-Source

Local query Distillation Pseudo Label mAP NDS
v v v 44.10 46.25
v X X 38.72 43.16
v X v 43.06 46.68
X v X 35.42 34.12

Table 3: Comparison of pseudo-label generation strategies on validation set.

Method | mAP | NDS
without Top-K Filtering, Teacher-generated Pseudo-Labels ‘ 41.29 ‘ 43.61

without Top-K Filtering, Student-generated Pseudo-Labels ‘ 34.20 ‘ 38.18

teacher-generated pseudo-labels with distillation, and student-generated pseudo-
labels with teacher-only distillation. The latter drops by 7.09 mAP and 5.43
NDS, showing clear degradation. This confirms that teacher-provided pseudo-
labels are essential to block error accumulation, as student-generated labels suf-
fer from confirmation bias that progressively amplifies initial prediction errors.
Moreover, the substantial gap highlights that the teacher’s role extends beyond
distillation supervision to actively providing reliable pseudo-labels that anchor
the student’s learning.

6 Conclusion

We presented BEVOpen3D, a novel framework for open-world 3D detection
under partial-label supervision. To address the limitations of noisy rule-based
pseudo labels, our method introduces a Seen-Guided Local Query mechanism
to learn geometric corrections from seen categories, which are then general-
ized to refine unseen proposals. Then we proposed a Triple-Source Label Re-
finement strategy that fuses original, locally rectified, and globally re-examined
proposals to generate high-quality supervision signals. Furthermore, we designed
a Heatmap Proposal Distillation scheme to effectively transfer vision-grounded
semantic priors from an image-based teacher to a LiDAR-based student with-
out suffering from cross-modal feature misalignment. Experiments on nuScenes
demonstrate state-of-the-art performance in detecting unseen categories. By de-
coupling heavy vision reasoning during training from efficient LiDAR inference,
BEVOpen3D offers a practical and robust solution for real-world autonomous
driving in open-world scenarios.
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