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Abstract. Bird’s-eye view (BEV) perception fuses multi-camera images
into a unified top-down representation for autonomous driving. Despite
recent progress, state-of-the-art methods remain confined to closed-set
scenarios, making them vulnerable to unpredictable real-world environ-
ments. In this work, we introduce open-vocabulary BEV segmentation
(OVBS), which leverages vision-language models (VLMs) to recognize
categories beyond the training set while maintaining precise BEV percep-
tion and real-time efficiency. A key challenge in OVBS lies in the 3D geo-
metric inconsistency inherent in the ill-posed lifting of 2D VLM semantics
into BEV. To address this, we propose OVBEVSeg, a geometry-aware
OVBS framework that enhances efficient Gaussian splatting (GS)-based
unprojection by leveraging robust 3D geometric constraints across three
progressive stages: (1) 2D-to-BEV pseudo-labeling via reliable 3D pro-
jection for OV generalization; (2) joint 2D-BEV per-scene optimization
with BEV structural constraints for 3D geometric consistency; and (3)
3D geometric distillation for online efficiency. On the nuScenes dataset,
OVBEVSeg achieves state-of-the-art performance, outperforming closed-
set methods by 15.3 mIoU on unseen categories. Remarkably, even with
no novel-class ground-truth labels, it remains competitive with self- and
semi-supervised baselines trained with up to 40% of ground-truth anno-
tations. Furthermore, it achieves 2.5x faster inference with only 0.22x
the memory consumption of projection-based methods.

Keywords: Autonomous Driving - Bird’s-eye view Perception - Open
Vocabulary - 3D Gaussian Splatting

1 Introduction

Bird’s-eye view (BEV) perception has emerged as a foundational paradigm in
autonomous driving (AD), providing a unified ego-centric top-down representa-
tion for effective multi-sensor fusion. It now underpins a broad spectrum of 3D
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Fig. 1: (c,d) Ground-truth or pseudo BEV annotations. (a,e) 3D and BEV renderings
with plain 3D Gaussian splatting, showing dispersed splats beyond object regions. (b,f)
3D and BEV renderings with our BAGS, with splats concentrated along object bound-
aries. (g,h) Online BEV predictions: the baseline misses novel classes (e.g., “truck”)
and exhibits boundary distortions, which are successfully resolved by our method.

(g) BEV Prediction )\ _(b) Gaussian Field (BAGS)
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scene understanding tasks, including object detection , semantic seg-
mentation , and trajectory planning [17H19]. A central challenge
in BEV perception is how to establish spatial correspondence between 2D cam-
era features and the BEV representation. This process is fueled by advancements
in depth-based , projection-based , attention-based ,
and Gaussian-based architectures, leading to successful real-time, scalable
inference BEV perception critical for modern autonomous platforms.

Despite strict demands for efficient deployment, a crucial yet overlooked as-
sumption persists: existing BEV perception pipelines are fundamentally framed
as closed-set systems. That is, both training and inference assume the same, finite
set of semantic classes. In real-world AD, this assumption is neither realistic nor
safe. In Fig. (g) and [3} autonomous vehicles continuously encounter previously
unseen objects—e.g., “truck,” or atypical movers like “stroller” or “wheelchair.”
These novel classes, while present in sensor data, lack both human-annotated and
ground-truth labels during training and are therefore silently ignored during in-
ference, creating semantically blind regions in the BEV map. This discrepancy is
more than a technical shortcoming: it poses a direct threat to downstream tasks
such as path planning and collision avoidance . We argue that reframing
BEV perception for open-world environments is not optional but essential for
ensuring semantic completeness and safety in real-world autonomy.

To this end, we introduce open-vocabulary BEV segmentation (OVBS), a new
task that extends OV recognition from 2D vision to the BEV domain, leveraging
vision-language models (VLMs) to recognize previously unseen categories. The
objective of OVBS is to simultaneously achieve three goals: OV generalization
to novel classes, precise BEV perception, and inference-time efficiency.
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A natural extension to OVBS is to graft OV visual recognition [46}/47] onto
the core logic of unprojection-based BEV pipelines. Concretely, one could attach
a 2D OV detector [28] to each camera view, lift the predicted 2D regions into
3D space via depth estimation, and project them into BEV—often used as a
fair OV baseline. However, this seemingly straightforward “2D-OV-then-BEV”
solution remains vulnerable to a longstanding challenge in AD: it relies on direct
2D-to-3D lifting, which is fundamentally brittle in large-scale outdoor scenes
with sparse views. Small errors in 2D localization or semantic classification are
amplified by the ill-posed lifting process |241/36]—a structural flaw inherent to all
unprojection-based methods. In Fig. [I} this direct mapping fails on two fronts:
(L1) (c) compounded errors hinder the recognition of novel classes in BEV; and
(L2) (g) inherent geometric instability results in geometrically inconsistent or
distorted BEV boxes. In short, naive designs built upon 2D unprojection break
down due to the lack of consistent multi-view 3D geometry—a prerequisite for
both OV-to-BEV extensions and reliable unprojection-based BEV perception.

This inherent vulnerability persists even in Gaussian splatting (GS)-based
unprojection—arguably the most promising candidate due to its superior effi-
ciency and scalability—as it remains susceptible to the same 2D-to-3D lifting
errors (L1, L2). Specifically, it amplifies these biases by directly lifting 2D fea-
tures into 3D Gaussians for BEV splatting. To address these limitations, our key
insight is that the direction of geometric reasoning must be reversed: rather than
lifting noisy 2D predictions into 3D (unprojection), we should project reliable 3D
structure down into 2D and BEV (projection). Following this projective shift, we
propose OVBEVSeg, a novel geometry-aware OVBS framework that leverages
robust 3D geometric constraints across three progressive stages: (1) generat-
ing BEV pseudo-labels by establishing consistent 2D-BEV correspondences and
routing 2D VLM semantics via reliable 3D projection of class-agnostic 3D detec-
tions 43|, thereby bypassing erroneous 2D unprojection and resolving (L1); (2)
conducting joint 2D-BEV per-scene optimization constrained by BEV spatial
layouts as strong geometric constraints, thereby enabling robust 3D geometric
reconstruction from sparse viewpoints; and (3) distilling the recovered geometry
into a student model, mitigating (L.2) while preserving inference efficiency. Cru-
cially, these stages are not independent modules but successive instantiations of
a single principle: leveraging 3D geometric constraints to bypass the ill-posed 2D
unprojection—first for semantics, geometry, and efficient knowledge transfer.

Extensive experiments show that OVBEVSeg sets a new state of the art,
surpassing prior work [5] by 15.3 mIoU on novel classes while running 2.5x faster
with 0.22x memory usage. Without novel-class ground-truth labels, it remains
comparable to semi-/self-supervised baselines using up to 40% annotations.

2 Related Work

Bird’s-Eye View (BEV) Perception. BEV perception maps multi-sensor
data into a unified top-down space for 3D scene understanding. Existing meth-
ods fall into four paradigms: (1) depth-based methods [20}24L[36] explicitly splat
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image features with per-pixel depth distributions into a 3D grid, yielding geo-
metrically grounded BEV; (2) projection-based schemes [5,{15] query camera fea-
tures at predefined 3D points; (3) attention-based transformers [25}27.[29}|441(57]
leverage cross-attention to fuse image and BEV tokens; and (4) feed-forward
3D Gaussian splatting methods [4}32] predict 3D Gaussians to rasterize BEV
features. In particular, depth-based approaches are highly sensitive to depth es-
timation errors, which can propagate into the BEV representation. Despite their
architectural diversity, all these paradigms remain strictly constrained to closed-
set categories. In this work, we transcend these boundaries by recasting BEV
perception as an open-vocabulary task integrated with 3D geometric constraints.

3D Gaussian Splatting (3DGS). 3DGS [22] has emerged as a powerful differ-
entiable renderer for scene representation. In autonomous driving, 3DGS-based
methods bifurcate into offline per-scene optimization and online feed-forward
approaches. Within this taxonomy, offline methods [58,/59] incrementally op-
timize static Gaussian fields while compositing object-level dynamics. While
recovering high-fidelity geometry under photometric supervision, they remain
computationally prohibitive for real-time perception. Conversely, feed-forward
systems [6}8,/50] enable omnidirectional rendering by computing per-pixel ray
directions under equirectangular models. Building on this, recent BEV vari-
ants [4,32] map image features to 3D Gaussians for BEV splatting. Despite
their scalability, these methods often compromise 3D geometric precision due to
the ill-posed nature of 2D-to-3D unprojection under sparse viewpoints. Draw-
ing on hybrid 3DGS advances |12,|41], we bridge this gap by synergizing the
geometric rigor of per-scene optimization with feed-forward efficiency.

Open-Vocabulary Learning (OVL). To overcome the scalability limits of
fixed categories, OVL [46] has gained traction, leveraging large-scale vision-
language pretraining [38] for unseen category recognition. In autonomous driv-
ing, several studies have extended OVL to various 3D tasks: OV-3DETIC [33] ad-
dresses novel-class 3D detection via image-level supervision and debiased cross-
modal contrastive learning; OpenScene [35] enables OV semantic segmentation
(OVSS) by co-embedding 3D features with text and pixels; and OVTrack [23]
introduces the first OV multi-object tracking (OV-MOT) framework by distill-
ing vision-language knowledge into a tracker; and LidarCLIP [16] aligns LiDAR
features with 2D embeddings for OV recognition in point clouds. In contrast,
OV recognition within the BEV space remains underexplored, hindered by the
2D-BEV correspondence ambiguity. To our knowledge, this is the first open-
vocabulary BEV segmentation (OVBS) framework that leverages robust 3D ge-
ometric constraints to map 2D VLM semantics consistently into the BEV space.

3 Methodology

In this work, we introduce open-vocabulary BEV segmentation (OVBS), a novel
task aimed at enhancing generalization to unseen categories via vision-language
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models (VLMs) while preserving precise BEV perception and real-time efficiency.
As established in Sec. [T} the core bottleneck for OVBS can be the ill-posed 2D-
to-3D lifting shared by all unprojection-based BEV methods. Our 3D projection-
first principle addresses this by reversing the direction of geometric reasoning;:
we project reliable 3D structure down into 2D and BEV.

In Fig. 2] we propose OVBEVSeg, a geometry-aware OVBS framework that
enhances Gaussian splatting (GS)-based unprojection by incorporating robust
3D geometric constraints across three synergistic modules: (1) pseudo-BEV la-
beling (PBL) for OV generalization (Sec. 3.1]), (2) BEV-aware 3DGS (BAGS)
for geometric reconstruction (Sec. [3.2)), and (3) BEV-aware Gaussian distilla-
tion (BAGD) for efficiency (Sec. In (1), we explicitly establish 2D-BEV
correspondence by propagating semantics via the 3D projection of unsupervised
3D clusters [43]|. These 3D candidates are projected into the image space, where
instance masks are recovered using a segmentation foundation model [39]. For
every segmented 2D object, we extract CLIP-based image embeddings and ob-
tain pseudo-class labels via text prompts. These labels are then mapped back
to corresponding 3D bounding boxes, which serve as semantic carriers that link
the 2D image domain to the 3D scene layout. By projecting these annotated 3D
boxes into the BEV space, we generate consistent BEV pseudo-labels for both
base (e.g., “car”) and novel classes (e.g., “truck”); see Fig. [[[d). Building upon
these correspondences, in (2), BAGS leverages the derived BEV structural lay-
outs as strong geometric priors to enforce 3D geometric consistency from sparse
viewpoints; see Fig. (b,f). In (3), BAGD distills this high-fidelity geometric
knowledge into a student network to ensure real-time inference; see Fig. h).
These stages successively leverage 3D geometric constraints to bypass 2D un-
projection across semantics, geometry, and knowledge transfer, respectively.

3.1 Open-Vocabulary Pseudo-BEV Labeling (PBL)

In this section, we rethink standard BEV perception through the lens of OVBS,
targeting robust novel-class recognition under base-class supervision alone. Un-
like naive 2D-t0-3D lifting, our 3D projection-first principle ensures (1) consis-
tent 2D-BEV semantic propagation by leveraging unsupervised 3D detections
as geometric constraints, thereby facilitating (2) BEV pseudo-label generation
necessary for OV recognition—a linchpin of safety-critical AD.

Generating 2D-BEV Correspondences via 3D Projection. A straight-
forward route to consistent 2D-BEV object discovery is to run an off-the-shelf
OV 2D detector [28], lift the detections to 3D via depth estimation [17/32], and
then project them into BEV. This protocol is widely adopted in OV settings
for fairness, since the detector is not trained on the dataset’s novel-class ground
truth [39,48l54]. However, these pipelines typically rely on ray sampling for depth
and inevitably discard information in the 2D-to-3D transformation [24}36|. De-
spite notable progress in 2D-to-3D understanding, lifting image features into a
metrically consistent 3D space remains fundamentally ill-posed and approximate
due to occlusions, depth ambiguity, and discretization.
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Fig. 2: Our method consists of three modules: (1) PBL generates BEV pseudo-labels
by leveraging unsupervised 3D object discovery 43|, foundational 2D segmentation 39|,
and VLM grounding [38] to construct a 2D-BEV correspondence set S. (2) BAGS
performs 3D geometry reconstruction using 2D, depth, and BEV occupancy supervision
from S. (3) BAGD distills this optimized 3D geometry into a feed-forward 3DGS-
based student network in the BEV space, preserving fast inference speeds.

Instead, we avoid this unprojection ambiguity by predicting 3D object boxes
with an unsupervised 3D detector and projecting them onto the image and
BEYV planes to establish reliable 2D-BEV correspondences. Specifically, we adopt
the 3D bounding-box pseudo-annotations P from UNION [43], which deliver
competitive class-agnostic detection by leveraging multi-sensor and temporal
cues. Given these boxes, we invoke a 2D segmentation foundation model |39] to
obtain pixel-level masks for dynamic objects within the projected pseudo-boxes.
For objects seen by multiple cameras, we retain only the largest 2D instance i € T
to maximize visual representation, enforcing a one-to-one match with a single
BEV instance b € B. Finally, we define the 2D-BEV correspondence set S =
{(i,b,p) | i€ I, be B, p € P}. Asshown in Fig. it successfully encodes object-
centric correspondences (e.g., “truck”) across 2D and BEV domains. This 3D-
driven pipeline effectively circumvents the unstable depth estimation inherent in
naive 2D unprojection—a consistent cross-modal route for 2D VLM semantics.

To mitigate failure modes arising from noisy 3D detection priors, we discard
instances where the 2D mask area significantly deviates from its projected 2D
bounding box. This mismatch signals that the 3D box is inadequately sized;
specifically, an over-estimated 3D box leads to a substantial area discrepancy,
while an under-estimated box typically yields a non-object response from the
foundational grounding model. Such proactive pruning ensures that the resulting
set § remains high-fidelity, even when raw 3D predictions are suboptimal.

Generating BEV Pseudo-Labels. Regarding OV pseudo-labeling, we adopt
the standard CLIP-based paradigm, leveraging its shared embedding space to



OVBEVSeg 7

align visual and linguistic concepts. Specifically, for each 2D region proposal, the
image encoder generates a visual embedding, which is then compared against a
set of text embeddings—encompassing both base and novel classes—to com-
pute cosine similarity scores. These textual prompts can be derived from image
captions [141[53], dataset class names [55], or MLLM-driven zero-shot labels [9].

Following this paradigm, we initialize C' categories from the dataset [2] using
their text embeddings derived from standard prompt templates [14]. Using S, we
first extract 2D instance masks I to generate background-masked, object-centric
crops for the CLIP image encoder, thereby mitigating semantic ambiguity near
object boundaries. Each visual embedding is then assigned a pseudo-label [ based
on its maximum cosine similarity to the text embeddings of the C categories.
By incorporating these labels into the original set—S = {(i,b,p,1) | (i,b,p) €
S, | € L}—we associate the pseudo-labels with their respective 3D instances,
effectively lifting image-level VLM outputs into the BEV space. In Fig. 2] VLM
embeddings for novel classes (e.g., “truck”) remain spatially consistent across
both domains. As a result, PBL bridges the gap between closed-set training and
OV generalization while relying strictly on base-class supervision.

3.2 BEV-Aware 3D Gaussian Splatting (BAGS)

In this section, we directly tackle the ill-posed 2D-to-3D unprojection inherent
in GS-based approaches. Our core insight is that high-fidelity geometric cues
can serve as strong guidance to recover the degraded geometric structure dur-
ing training, thereby mitigating the 3D geometric inconsistencies as established
in Sec. [1} Inspired by recent hybrid 3DGS designs [12}/41]—combining per-scene
optimization for geometric fidelity with feed-forward mechanisms for efficiency
and scalability—we leverage per-scene optimization as the source of this precise
3D supervision. To this end, we first revisit the 3DGS optimization process.

3DGS. 3DGS represents scenes as a collection of 3D Gaussian primitives, each
defined by a mean p and covariance X governing its spatial extent: G(xz) =
exp(—3(z — p) "X (z — p)). To optimize the attributes of these primitives, it
employs tile-based rasterization to compute the rendered color C(v) at pixel v:

k—1
Clv) =Y epar [J(1 =), (1)

keN j=1

where N denotes the set of Gaussians within the tile, ¢, denotes the color of
the k-th Gaussian and oy = okGﬁD (v) represents the contribution of the k-th
Gaussian, with oy being its opacity and G2P(-) its 2D projection. The rendered
color is subsequently supervised by a photometric loss against the ground truth.

While standard 3DGS yields robust 3D reconstructions that often act as
a LiDAR surrogate [3}/7,59], the resulting explicit 3D Gaussians fundamentally
misalign with the BEV representation in real-world AD. As shown in Fig. (a,e),
vanilla 3DGS faithfully reconstructs near-field camera views (image-consistency)
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driven by the photometric loss; however, its BEV renderings often scatter splats
across irrelevant, non-object regions (BEV-inconsistency)—a critical flaw for
reliable BEV perception. This failure is particularly pronounced in driving sce-
narios characterized by sparse camera coverage and minimal multi-view overlap.

BAGS. Beyond image-level cues, we contend that BEV structural layouts—
driven by our 3D projection-first principle—can impose stringent zy-plane spa-
tial priors to mitigate the depth ambiguity inherent in sparse 2D supervision. By
providing such robust geometric constraints, this novel paradigm offers reliable
guidance for precise 3D localization where visual data alone is insufficient. To
this end, we propose BAGS, which enforces cross-modal consistency by synchro-
nizing 2D and BEV representations from the correspondence set S. As illustrated
in Fig. 2] BAGS prioritizes the learning of object-centric 3D geometry through
occupancy maps as opposed to photometric attributes, effectively leveraging the
color-agnostic nature of the BEV domain. Specifically, we optimize the accumu-
lated occupancy O(v) via a differentiable rasterization pipeline:

O(w)=1- T (1-ax). @)

keN

The resulting 2D and BEV occupancy maps, O™ and O, are aligned with
the mask priors in § via a smooth L1 loss. This joint optimization over instance
masks ¢ € I and BEV instances b € B ensures cross-modal consistency:

Eocc = HOimg(’U) - 7:(IU)HSLI + ||Obev(v) - b(v)HSLl : (3)

Moreover, motivated by depth regularization techniques for outdoor scenes |10}
59|, we optimize the per-pixel depth D(v) via the rasterization pipeline:

k—1
D(’U) = Z dkak H(l - Oéj), (4)

keN j=1

where dj, is the camera-space depth of the k-th Gaussian center. We supervise
D(v) using a dense depth prior D}, ., obtained by regularizing the predictions

of a depth estimator Fy 1] with metrically consistent and sparse LiDAR data:
‘Cdeth = ||D(U) - D:lensc(v)Hl ’ Where D:;cnsc = S* ' FQ(I) + t*a (5)

where s* and t* are optimized scale and translation parameters, and I is the
input image. Finally, the total objective for BAGS is defined as:

EBAGS - (1 - Assim)ccolor + AssimED—SSIM + )\depth‘cdepth + )\occ‘cocm (6>

where Leoor and Lp_gsiv follow the original 3DGS formulation [22]. This joint
supervision effectively constrains the 3D primitives within a well-defined spatial
volume, preventing the geometric collapse often observed in sparse-view settings.
To suppress background noise, we mask the image with the instance map I,
thereby preventing the proliferation of redundant floater Gaussians in irrelevant
regions. As shown in Fig. b,f) and BAGS yields compact and geometrically
faithful 3D Gaussians, establishing a robust source of geometric supervision.
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Fig. 3: Open-world 2D-BEV auto-labeling. Fig. 4: Language-embedded BAGS.

Language-Embedded BAGS. The rising demand for OV 3D scene under-
standing in AD underscores the extensibility of BAGS, where 3D Gaussians in-
herit VLM attributes. A key challenge in this task is reducing the memory over-
head incurred by processing high-dimensional VLM embeddings during 3DGS
optimization. As shown in Fig. [4] recent work mitigates this by establishing
a lower-dimensional latent space via an encoder-decoder pretraining; it optimizes
compact latent features as ground-truth targets. However, this innovative design
consistently fails in AD scenarios, where features of vehicle subclasses (e.g., “car”
and “truck”) become entangled during the projection into the latent space. Con-
sequently, the decoded features reveal previously unobserved disentanglement
problems among semantically similar subclasses.

To validate the extensibility of language-embedded BAGS—Lang-BAGS—
we propose a disentanglement distillation loss that aligns the categorical simi-
larity distributions of reconstructed features with those of original VLM embed-
dings over subclass embeddings W, inducing discriminative latent projections:

S+ Xori WT S XrOCWT
Cuang macs =77 KL o (T2 ) o (220

where o(-) denotes the softmax function; s and 7 are the logit scale and tem-
perature, respectively; Xqre is the original VLM embedding; and Xe is the
reconstructed feature. As shown in Figs. [3] and [6] Lang-BAGS facilitates the
extension of BAGS to OV 3D scene grounding, where its sparse-view robustness
maintains language consistency across image and BEV domains.

3.3 BEV-Aware Gaussian Distillation (BAGD)

In this section, we introduce OVBEVSeg, a hybrid 3DGS-based framework ad-
dressing three key objectives: open-world recognition through PBL, 3D geo-
metric reconstruction via BAGS, and efficient knowledge transfer using BAGD.
Following recent hybrid paradigms , we first optimize teacher Gaussians
offline with BAGS on temporally downsampled sequences to capture discrimina-
tive scene semantics. These high-fidelity primitives provide a rigorous geometric
foundation, serving as a dense supervisory signal to guide the student model.
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A fundamental challenge in this geometric distillation lies in the inherent lack
of one-to-one correspondence between student and teacher Gaussians. While the
student predicts a grid-aligned feature tensor G € RN*HrxWrxd the teacher
conversely optimizes an unstructured, dense set of primitives. To bridge this
structural gap, we leverage per-pixel opacity « to identify the most influential
teacher Gaussian for each ray—a natural choice since objects in driving scenes
are rarely stacked vertically in BEV. This allows a single dominant Gaussian
to effectively represent the local 3D geometry. Specifically, for each pixel v, we
select a representative Gaussian G*(v) := Gy« () by maximizing its rendering
contribution: k*(v) = argmaxyen(y) @k By mapping the attributes of these
selected primitives into the supervision tensor G, we ensure pixel-perfect spatial
alignment, effectively anchoring discrete grids to continuous 3D Gaussians.

On the student side, the predicted 3D Gaussians are projected onto the same
BEV plane to obtain G. We then train the student via a symmetrized distillation
objective |26] that enforces teacher—student distribution alignment:

1 A * * A
Loaco = g O [KUGW)IG (@) + KLG @IGE)], )
veY
where V denotes the set of pixel coordinates. This distillation strategy effectively
harmonizes the two 3DGS variants, synergizing their respective strengths to
satisfy stringent real-time requirements within a unified OVBS framework.

4 Experiments

Datasets and evaluation metrics. OVBEVSeg is evaluated on the official nuScenes
dataset [2], a large-scale AD benchmark with synchronized multi-sensor data
across diverse weather and times of day. It contains 1,000 scenes split into 700
training, 150 validation, and 150 test scenes. Each 20-second scene includes data
from six cameras providing a full 360-degree view around the ego vehicle. For
OVBS, we follow the category split in prior work [11], dividing vehicle categories
into five base and three novel classes. For fair comparison with prior work [32],
we apply a visibility filter that selects objects with at least 40% coverage. This
focuses the evaluation on adequately visible objects. The BEV grid has size
(200x200), covering ([-50 m, 50 m|) along both the X (forward) and Y (side-
ways) axes relative to the ego vehicle. Each cell corresponds to (0.5 mx0.5 m).

Implementation details. The online framework operates exclusively on camera
inputs with LiDAR priors confined to offline, and is optimized using a weighted
sum of a segmentation loss on cosine-similarity logits [38] and a KL divergence
loss 26|, with weights set to 1.0 and 0.01, respectively. For category prompting,
we utilize the hand-crafted templates from ViLD [14]. Using AdamW [30] with
a learning rate of 3 x 10™* and weight decay of 1 x 1077, the model is trained
for 50 epochs with a batch size of 8 on two A100 GPUs. Input images are
resized to 224 x 480 without augmentation, processing multi-scale BEV features
at resolutions of 50 x 50, 100 x 100, and 200 x 200. By default, we use an
EfficientNet-B4 backbone [42] and disable visibility filtering during inference.
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Table 1: Comparison of OVBS in the multi-class setting on the nuScenes validation
set . Note that T denotes visibility filtering. Ag and Ag denote the relative improve-
ments over the baseline and the SOTA model , respectively.

Method Memory FPS 1 Novel (IoU) t Base (IoU) t Mean
(MiB) | truck bus motorcycle car trailer construction_ vehicle pedestrian bicyclc‘IOU T
33.0 80.2 29.7 384 10.4 - - - - - -

- - 0.0 0.0 0.0 74 0.0 0.0 0.0 0.0 0.9

- - 0.0 0.0 0.0 16.6 4.9 7.1 0.0 4.4 4.1

38.6 43.8 0.0 0.0 0.0 24.7 16.6 12.3 8.2 9.4 8.9

- - 0.0 0.0 0.0 389 21.1 8.4 9.6 13.2 | 114

GaussianLSS 33.0 80.2 0.0 0.0 0.0 40.0 25.1 11.6 14.4 10.4 | 12.7
TaDe! [£ 415 514 0.0 0.0 0.0  42.8 26.3 11.4 14.0  14.2 | 13.6
OVBEVSeg (Ours)’|  32.4 79.6 19.0 20.3 6.6 41.8 26.9 13.1 15.0 12.0 | 19.3
Ap (+19.0) (+20.3)  (+6.6)  (+1.8) (+1.8) (+1.5) (+0.6)  (+1.6) | (+6.6)

As (+19.0) (+20.3)  (+6.6)  (-1.0) (+0.6) (+1.7) (+1.0) (-22) | (+5.7)

Table 2: Single-class OVBS comparison. Table 3: OVBS results with self- and

x: novel classes withheld during training. semi-supervised baselines on nuScenes.
Method Memory FPS 1 IoU 1 i GT Ratio Method truck bus motorcycle mIoU 1
(MiB) | vehicle” pedestrian’ mIoU oy 2D-OV-then-BEV 3.7 26 0.0 2.1
Fully Supervised [32] | 33.0  80.2 38.3 18.0 28.1 " OVBEVSeg (Ours) 19.0 203 6.6 15.3
OVBS RV - P
ovT 350  107.6 24.6 142 19.4 1 5% {}et_?\hﬁphm 182 57 fz ?g
FIERY static 400 273 28.0 17.2 22.6 (1,5%]  UniMatch [5 2o ’ o
SimpleBEV 3310 37.1 28.9 17.1 23.3 Semi-BEVseg 14.7 9.8 1.6 8.7
(En.ussianyl 32| 33.0  80.2 29.7 18.0 23.9 20% UniMatch 16.8 10.5 2.6 10.0
PointBeV 1260 320 303 185 244 ®  Semi-BEVscg 204 168 6.7 14.6
OVBEVSeg (Ours)| 28.7 80.2 34.7 18.4 26.6
Ap  (+5.0) (r04)  (427) 10y ~ UniMateh 18.0 17.0 5.6 13.5
As (144 01 (122 °  Semi-BEVseg 22.7 21.6 6.8 17.0

4.1 Quantitative Research

Comparison with closed-set methods. We evaluate OVBEVSeg against state-
of-the-art (SOTA) closed-set BEV segmentation models on nuScenes [2| under
OVBS settings, focusing on novel classes. In Tabs. [[]and [2] SC and MC denote
training on a single class (e.g., “vehicle”) and multiple classes jointly, respectively;
notably, the “vehicle” category in SC uses only base-class annotations. Leveraging
our BEV pseudo-labels, OVBEVSeg sets a new SOTA on novel classes, surpass-
ing previous projection-based methods by 4.4 and 15.3 mIoU in SC and
MC, while being 2.7x faster and consuming only 0.22x the memory. It also
outperforms the feed-forward 3DGS-based baseline by 2.7 and 6.6 mloU,
while maintaining competitive online efficiency. These results strongly validate
that our OVBS framework paves the way for practical deployment.

Comparison with semi- and self-supervised methods. Despite the clear necessity
of OVBS, the current scarcity of direct competitors in this emerging domain
leads us to broaden our evaluation. We include two additional baselines with ob-
jectives relevant to OVBS. First, we compare against self- and semi-supervised
methods trained with varying ground-truth (GT) ratios. In Tab.
our method—operating with 0% GT—significantly outperforms these baselines
with < 20% GT, and remains competitive with those using up to 40%. Second,
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Table 4: OVBS comparison Table 5: Per-sample submodule runtime on an
with different 3D priors and non- A100 GPU. Inference-only modules are shared
vehicle classes (4 novel classes). with the baseline. §j uses 10% of per-scene samples.

Method Novel (IoU) 1 Online Method Backbone Neck Encoder Head BAGD? (ms)
truck bus motorcycle cone Ours (BAGD") 29.3 5.6 5.7 1.38 0.37

UNION [43]| 19.0 20.3 6.6 - Offline Method 3D DET SAM CLIP BAGS" Total (min)

F&B |11 14.2 155 7.9 11.5 Qus (PBL + BAGS®) < 0.0l 023 032 154 2.1

a “2D-OV-then-BEV” pipeline—comprising a LiDAR-regularized depth estima-
tor [10] and a strong OV detector [28]—is evaluated as a naive OVBS baseline.
Our approach markedly outperforms this alternative, particularly in sparse-view
settings where 2D unprojection errors are amplified. These fairness comparisons
underscore the need for our method in the critical yet underserved OVBS task.

4.2 Ablation Study

Ablation of 3D priors and non-vehicle classes. Table [4 shows that PBL consis-
tently improves OVBS across unsupervised [43] and VLM-based OV priors |11],
while reflecting their complementary strengths, such as better recognition of
small static objects with the OV prior. This highlights the generality of PBL
beyond vehicle-centric categories and its compatibility with future 3D priors.

Submodule runtime. Table 5| details the per-scene submodule runtimes on an
A100 GPU. Our model extends the baseline with a lightweight BAGD module
completely removed during inference. The remaining components (e.g., PBL,
BAGS, and cached 3D detections) are precomputed and cached offline prior to
online training. Each submodule incurs negligible computational overhead via
asynchronous batch parallelism—SAM producing masks for batch-wise CLIP
aggregation—with BAGS leveraging our online efficient distillation scheme. The
offline preprocessing of the entire training set—roughly 30,000 samples—takes
approximately 4 days using 8 A100 GPUs, while online efficiency remains on par
with the baseline. These results highlight that OVBEVSeg significantly boosts
OVBS performance while preserving competitive computational online efficiency.

Ablation of the individual modules. Table [6] evaluates the contribution of each
component within OVBEVSeg. While Group II establishes a new SOTA for
novel classes, thereby facilitating OV generalization, the substantial performance
degradation in Group III underscores a critical limitation: integrating vanilla
3DGS supervision with BAGD propagates inaccurate 3D geometry, leaving the
2D unprojection dilemma unresolved. In contrast, Group IV demonstrates that
combining BAGS with BAGD ensures geometric consistency across camera and
BEV views, providing constructive supervision that boosts overall OVBS per-
formance by refining boundary details across all classes. These results confirm
that the synergistic integration of all proposed modules yields a robust OVBS
framework for real-world driving scenarios.
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Table 6: Component ablation. Table 7: BAGD ratio. Table 8: Map segmentation.

Group Components IoU 1 Ratio IoU 1t Method drivable crossing walkway
PBL BAGS BAGD Novel Base Mean Novel Base Mean TaDe 65.9 40.9 42.3
I 0.0 20.3 10.2 CcvVT 74.3 36.8 39.9
u v 140 205 17.3 0 140 205 178 LSS 754 388  46.3
u v v 61 98 79 0.05 148 21.5 18.9 GaussianLSS 76.3  46.3  50.2
v v v v 15.3 21.8 19.3 0.1 15.3 21.8 19.3 Ours 78.1 49.4 51.9

(a) GaussianLSS (b) Ours (c) 3DGS (d) BAGS (Ours)

Fig.5: (a—b) Our BEV predictions vs. the baseline: orange regions denote both base
and novel vehicle classes. (c—d) Our BEV renderings (BAGS) vs. vanilla 3DGS.

Distillation ratio. We evaluate various BAGD ratios to assess their efficacy in
3D geometric knowledge transfer. A typical nuScenes [2] scene consists of ap-
proximately 40 frames captured at 2 Hz. Given the high temporal redundancy
between consecutive frames [45/52], we sample frames at uniform intervals to mit-
igate 3DGS optimization overhead. This selective distillation strategy enhances
the online efficiency of BAGS by focusing on key scene-discriminative frames.
As shown in Tab. [7] OVBS performance scales near-linearly with the distilla-
tion ratio. Notably, a ratio of 0.1 (i.e., 4 frames per scene) achieves the optimal
efficiency—accuracy balance, underscoring our framework’s robust scalability.

Map segmentation. Table 8 evaluates map classes requiring precise road geome-
try. Comparing our BAGD-enhanced model against existing methods, we predict
categories such as drivable areas, pedestrian crossings, and walkways following
the same setup of prior work [32]. Our approach achieves SOTA performance
across all classes, effectively reinforcing the underlying scene structure.

4.3 Qualitative Research

Qualitative results. As illustrated in Fig. [5) the baseline [32] (a) fails to detect
novel-class objects (e.g., “truck”) and collapses geometries into unstructured,
amorphous volumes, compromising reliability in safety-critical AD. In contrast,
OVBEVSeg (b) successfully captures novel classes with sharp boundaries, under-
scoring its efficacy for OVBS. Regarding geometric fidelity under sparse ego-car
viewpoints, vanilla 3DGS (c) suffers from inaccurate geometry and misaligned
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GT Language Embeddings Rendered Language Embeddings GT BEV Rendered

Fig. 6: Language-embedded OV 3D scene understanding via the Lang-BAGS protocol.

BEV renderings, whereas BAGS (d) effectively resolves these inconsistencies,
ensuring robustly aligned 3D geometries as reliable OVBS supervision.

Open-world 2D-BEV auto-labeling. Given the increasing scale of datasets, au-
tomatic multimodal annotation is essential for real-world Al applications like
AD. In contrast to closed-set approaches, our PBL system facilitates OV auto-
labeling (e.g., “stroller” in Fig. |3| By projecting cross-modal similarity signals
into BEV space via the precomputed correspondence set, our system successfully
yields synchronized 3D, 2D, and BEV annotations. This framework establishes
a scalable pipeline for high-fidelity, multimodal OV auto-labeling in 3D.

Open-world 3D scene understanding via 3DGS. Figure 5| demonstrates that
Lang-BAGS effectively embeds CLIP features into 3D Gaussians, ensuring their
projections in both image and BEV domains consistently align with GT embed-
dings. Beyond standard 3DGS, BAGS enables language-aware 3D scene under-
standing in AD scenarios, maintaining robustness even with sparse viewpoints.

5 Conclusion

In this work, we introduced open-vocabulary BEV segmentation (OVBS) to ad-
dress the inherent safety-critical limitations of closed-set driving systems. To mit-
igate the 3D geometric inconsistencies common in 2D-to-3D semantic lifting—
identified as a primary obstacle in OVBS—we proposed OVBEVSeg, the first
OVBS framework that enhances Gaussian splatting (GS)-based unprojection by
leveraging robust 3D geometric constraints through three synergistic modules—
(1) PBL: pseudo-BEV labeling via unsupervised 3D projection for OV general-
ization; (2) BAGS: 2D-BEV-consistent 3D Gaussian splatting for 3D geometry
recovery; and (3) BAGD: efficiency-preserving geometric distillation. Extensive
evaluations validate that OVBEVSeg achieves state-of-the-art novel-class recog-
nition with a competitive memory footprint and real-time speed. By enforcing
geometric consistency across the 2D-3D-BEV continuum, this work establishes
a scalable foundation for robust open-world multimodal 3D perception.
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