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Abstract

Multi-view 3D object detection plays a vital role in au-
tonomous driving systems due to its ability to perceive com-
plex scenes accurately. However, real-world driving data of-
ten exhibits a long-tailed distribution, causing significant
drops in detection accuracy for rare categories in existing
methods. To mitigate this issue, we propose CLIPDet3D,
a novel vision-language collaborative framework for multi-
view 3D object detection. First, to tackle the difficulty of cap-
turing the semantic information of rare categories, a Vision-
Language Collaborative Learning strategy is proposed to in-
corporate class-level semantic priors from CLIP. Second, a
Depth Feature Contrastive Distillation module is designed
to overcome the large depth estimation error for rare cat-
egories by aligning depth features between a teacher and
a student network. Furthermore, to alleviate the difficulty
in focusing on regions of rare categories, a Dual-Stream
Prompt Attention mechanism is devised to inject learnable
prompts and compute attention along both horizontal and ver-
tical BEV directions. Evaluations on the nuScenes dataset
demonstrate that CLIPDet3D achieves state-of-the-art accu-
racy while maintaining efficient inference.

Code — https://github.com/Rory-Hu/CLIPDet3D

Introduction

3D object detection is crucial for understanding real-world
scenes in autonomous driving. Multi-view methods have be-
come popular due to their low cost and strong performance.
These approaches project image features from surround
view cameras into a shared bird’s eye view (BEV) space for
spatial reasoning. Recent works have shown promising re-
sults on large-scale datasets like nuScenes. However, most
existing methods suffer from the long-tailed distribution of
object categories. As shown in Fig. 1 (a), existing methods
still achieve low mAP for rare categories such as buses and
trailers, due to their underrepresentation in the training data,
leading to limited detection accuracy and increased safety
risks in critical scenarios.

*Corresponding author.
Copyright © 2026, Association for the Advancement of Artificial
Intelligence (www.aaai.org). All rights reserved.
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Figure 1: (a) shows rare categories mAP (rc-mAP) of ex-
isting methods. (b) shows the long-tailed category dis-
tribution in nuScenes. (c—e) Compare three representa-
tive approaches. GeoBEV (Zhang et al. 2025a) uses depth
prediction with bilinear sampling to build BEV features.
CLIP-BEVFormer (Pan et al. 2024) introduces contrastive
learning to align BEV features with ground-truth supervi-
sion. CLIPDet3D (ours) improves rare-region representation
by using CLIP-guided prompts, dual-stream attention, and
depth feature contrastive distillation.

Recent multi-view 3D object detection methods are gen-
erally divided into dense feature projection-based methods
and query-based sparse feature methods, depending on their
intermediate representations. Dense feature projection meth-
ods project 3D queries onto multi-view 2D image planes
to build dense BEV representations. CLIP-BEVFormer (Pan
et al. 2024) enhances BEV feature learning by introducing
contrastive supervision between image views and BEV ele-
ments, improving the alignment with ground-truth signals.
WidthFormer (Yang et al. 2024a) uses 3D positional en-
coding and vertical compression to generate BEV features
with a lightweight transformer efficiently. GeoBEV (Zhang



et al. 2025a) designs RC-Sampling to enhance the geo-
metric quality of BEV features with high resolution and
fine details. Query-based sparse feature methods interact 3D
queries with 2D image features using queries. PETR (Liu
et al. 2022) maps image features to 3D space for better query
interaction. StreamPETR (Wang et al. 2023a) introduces
temporal query propagation to support long-term modeling.
OPEN (Hou et al. 2025) enhances object center awareness
through position embedding.

Despite great progress in multi-view 3D object detection,
current methods still face challenges under long-tailed data
distributions common in real-world driving. As shown in
Fig. 1 (b), rare categories like buses and trailers appear infre-
quently, leading to low detection accuracy. Dense projection
methods rely on accurate depth estimation, but depth pre-
diction becomes unreliable for rare categories due to limited
visual cues and sparse annotations. Although sparse query-
based methods are efficient, their lack of semantic priors
makes it difficult to detect rare categories accurately. In ad-
dition, existing attention mechanisms tend to focus on fre-
quent categories, leaving regions of rare categories over-
looked. These issues limit the model’s performance on rare
categories.

To address these issues, we propose CLIPDet3D, a novel
multi-view 3D object detection framework that combines vi-
sual and language information. As shown at the bottom of
Fig. 1, CLIPDet3D introduces the pretrained CLIP model
to provide rich semantic priors. We first design a Vision-
Language Collaborative Learning strategy. It uses class-
level semantic embeddings from CLIP to help the model dis-
tinguish long-tailed categories from the background. Then,
we introduce a Depth Feature Contrastive Distillation mod-
ule. This module guides the student network to learn ac-
curate depth features from a teacher network, which im-
proves depth estimation for rare categories. In addition, we
propose a Dual-Stream Prompt Attention mechanism. It in-
jects learnable prompts along both horizontal and vertical
BEV directions. This helps the model focus on rare cate-
gories and enhance their feature representation. Experiments
on the nuScenes dataset show that CLIPDet3D significantly
improves the detection of rare categories. It outperforms pre-
vious methods by up to 1.2% NDS and 1.8% mAP. It also
improves inference speed from 3.9 to 4.5 FPS and reduces
memory usage by 0.8 GB, proving its efficiency and robust-
ness in real-world scenarios.

Overall, our significant contributions can be summarized
as follows:

* Vision-Language Collaborative Learning is proposed to
incorporate class-level semantic priors from CLIP, ad-
dressing the difficulty of capturing semantic information
for rare categories and enhancing the model’s overall se-
mantic understanding.

Depth Feature Contrastive Distillation is developed to
align depth features between a teacher and a student net-
work, overcoming the large depth estimation errors com-
monly seen in rare categories and improving spatial per-
ception in underrepresented regions.

* Dual-Stream Prompt Attention is designed to inject
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learnable prompts and compute attention along both hor-
izontal and vertical BEV directions, alleviating the diffi-
culty in focusing on regions belonging to rare categories
and strengthening the model’s attention to challenging
instances.

Extensive ablation and comparison experiments are con-
ducted on the nuScenes dataset, demonstrating that our
model outperforms state-of-the-art methods under the
same conditions.

Related Work
Multi-view 3D Object Detection

Bird’s-Eye-View (BEV) representation is widely used in
multi-view 3D detection. PETR (Liu et al. 2022) and
PETRv2 (Liu et al. 2023) introduce 3D-aware queries and
temporal modeling for end-to-end learning. BEVFormer (Li
et al. 2022) uses spatial-temporal transformers to gener-
ate unified BEV features. View Transformation Modules
(VTM) link image features to BEV using forward projection
(e.g., Lift-Splat-Shoot (Philion and Fidler 2020)) or back-
ward projection (e.g., BEVFormer (Li et al. 2022)), though
each has limitations. FB-BEV (Li et al. 2023c¢) fuses both
directions for better feature quality. GeoBEV (Zhang et al.
2025a) improves geometric accuracy through higher resolu-
tion and novel sampling.

Vision-Language Models

Vision-Language Models (Zhou et al. 2023; Gondal et al.
2024) have shown strong performance in 2D zero-shot and
few-shot tasks. Recent efforts extend CLIP to 3D scene un-
derstanding: CLIP2Scene (Chen et al. 2023a) aligns CLIP
semantics with point clouds via contrastive learning, while
other methods (Parelli et al. 2023; Zhu et al. 2023) project
image features into 3D space for distillation into point-
based networks. PointCLIP V2 (Zhu et al. 2023) enhances
3D zero-shot classification by prompting CLIP and GPT
with shape and text cues. Some works (Zhang et al. 2025b;
Chen et al. 2024) explore CLIP for pretraining and open-
vocabulary tasks to boost semantic reasoning.

Knowledge Distillation in 3D Vison

Knowledge distillation was initially introduced for model
compression by transferring knowledge from a teacher to a
student model. In 3D object detection, recent works (Wang
et al. 2023b; Chen et al. 2023b; Zhao et al. 2024) leverage
LiDAR-based detectors to guide image-based models. For
example, DistillBEV (Wang et al. 2023b) transfers multi-
scale BEV features with temporal fusion, while BEVDis-
till (Chen et al. 2023b) aligns BEV features across modal-
ities without depth supervision. In monocular depth esti-
mation, methods (He et al. 2025; Yang et al. 2024b; Shi
et al. 2023) improve depth quality by distilling pseudo-labels
from strong teacher models. Depth Anything V2 (Yang et al.
2024b) further scales this with synthetic data and large
pseudo-labeled datasets.
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Figure 2: Overall architecture of CLIPDet3D. Multi-view images are first encoded into features and depth maps. Vision-
Language Collaborative Learning injects CLIP-based priors to enhance the semantics of rare categories. Depth Feature Con-
trastive Distillation refines spatial perception. Dual-Stream Prompt Attention further focuses on informative regions for accurate

detection.

Method

The overall architecture of our proposed CLIPDet3D is
shown in Fig. 2. First, multi-view images are processed by a
shared image encoder to extract multi-scale image features.
These features are used for both depth estimation and vision-
language interaction. Then, the Vision-Language Collabora-
tive Learning module introduces semantic priors from Con-
trastive Language-Image Pre-training by aligning bird’s eye
view features with text-guided semantic representations. At
the same time, the Depth Feature Contrastive Distillation
module aligns the depth features between a student depth
network and a teacher model (Depth Anything V2 (Yang
et al. 2024b)), enhancing the spatial understanding of un-
derrepresented objects. Finally, the Dual-Stream Prompt At-
tention module guides the bird’s eye view encoder to focus
on rare categories regions from both horizontal and vertical
directions, improving detection accuracy under long-tailed
distributions.

Vision-Language Collaborative Learning

To enhance visual features with class-level semantics and
improve recognition of rare categories in long-tailed sce-
narios, we propose a Vision-Language Collaborative Learn-
ing module. It incorporates CLIP-derived textual embed-
dings as semantic priors to guide spatial visual representa-
tions through bidirectional interaction. As illustrated in the
top of Fig. 2, the module takes multi-view images and tex-
tual prompts as input, extracting textual features via a frozen
CLIP Text Encoder and image features via a trainable Image
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Encoder. The module consists of two stages: Semantic Infu-
sion and Semantic Alignment.

In Semantic Infusion, as shown in Fig. 3, the Image-Text
Decoder treats pixel-level visual features V. € RBXCxHxW
as queries and textual features T € RE*E*C a5 keys and
values. The visual update is:

AV = Softmaz ([W,®(V)|(TW,) VC ) (TW,), (1)

Vnew =V + Yo - R(AV), (2)

where ®(-) means self-attention, R(-) reshapes it back to
feature maps, and W, W, W, € RE*C are learnable
projections, 7, is a learnable scalar. The Text-Image De-
coder enhances textual features by treating them as queries
and using concatenated global-pixel visual contexts Vx €
REXA+HW)XC a4 keys and values:

W @(T)(Vex W) "
Ve
Thew =T + v - AT7

where ~; is a learnable scalar.
In Semantic Alignment, we compute a similarity map be-
tween the refined image and text embeddings:

AT = Soﬂmax< )(Vctxwv)7 3)

@

c

Z Vnew . Tnew

c=1 \/Zc’ Vr%ew \/Zc’ Trzlew
where 7 is a learnable temperature. The map is passed
through a Semantics Aggregator for semantic fidelity. We

)

1
Sehw = =
-
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Figure 3: Details of Image-Text Decoder. The computation
process of Text-Image Decoder is the same as that of Image-
Text Decoder, except that the input features are different.

supervise it using a binary cross-entropy loss:
Lsem = Z [yé,h,w log S@,h,wJF(lny,h,w) log(lfsé,h,w)] ,

£,h,w
(6)
where y 5, , 1s the sampled ground truth mask. The resulting
semantic scores are concatenated with image features and
forwarded to downstream modules.

Depth Feature Contrastive Distillation

To address the significant depth estimation errors for rare
categories, we design a Depth Feature Contrastive Distilla-
tion module. During feature generation, we use Depth Any-
thing V2 to extract multi-channel teacher features from im-
ages, and DepthNet to obtain student depth features. A Dis-
till Adapter is introduced to match the feature dimensions.
To supervise the alignment, we design a contrastive distil-
lation loss composed of three components: spatial, channel,
and feature alignment. The channel alignment loss L. is de-
fined as:

£ cZ TR

;AW
W Z Z tc 9
h=1w=1 h=1w=1

(N
where s. and t. are the channel-wise attentions of student
and teacher features. The spatial alignment loss L is com-
puted in a similar manner across spatial positions. The fea-
ture alignment loss L¢ strengthens local correspondence be-

tween features:

1 N C
=5 2| 2 (Fi -
i=1 \ j=1

where A(F) is the adapted student features, and F} is
teacher features, and M is a guidance mask derived from
teacher’s spatial (ts) and channel (¢.) attentions. The final
distillation loss is a weighted sum:

Laisin = Ls + Le + Ls.

F)2-M, M=t t, (8§

©))
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This contrastive distillation scheme enables effective
depth feature transfer from teacher to student, greatly en-
hancing the model’s ability to perceive rare categories and
improving overall depth estimation accuracy.

Dual-Stream Prompt Attention

To address the difficulty in focusing on rare category
regions, we designed a Dual-Stream Prompt Attention.
Dual-Stream Prompt Attention enhances feature represen-
tation through spatial prompts and dual orthogonal attention
streams. It learns a spatial prompt tensor P € R1XCp X HxW
initialized with constrained variance to limit early-stage per-
turbations. During processing, this tensor expands batch-
wise to P 5. Input features first undergo channel-wise layer
normalization before concatenating with P g along the chan-
nel dimension:

X = Concat(X,Pp), (10)

where X denotes input features. A 1x1 convolution then
compresses the combined channels to fuse features and
prompts.

The core Dual-Stream attention processes features along
two spatial dimensions: the horizontal stream computes row-
wise attention Ay (Qu,Ku,Vy), and the vertical stream
computes column-wise attention Aw (Qw, Kw, Viv).
Here, Qy, Ky, Vg, and Qw, Ky, Vi are the query,
key, and value matrices for horizontal and vertical streams,
respectively. Both streams share projection weights to
maintain parameter efficiency. Their outputs combine as:

Attn = (Ap(Qu, K, Vi) + Aw (Qw, Kw, Vw)) -7+,

1D
where Ay and Ay denote horizontal and vertical attention
functions, - is a learnable scaling factor, and x is the original
feature input. The result passes through a feature reconstruc-
tion block to produce improved representations.

Experiments

Dataset and Metrics. We evaluate our method on the
nuScenes (Caesar et al. 2020) benchmark, a large-scale
and widely adopted dataset for 3D object detection in au-
tonomous driving. It contains 1,000 urban scenes recorded
at 2 Hz, split into 700 training, 150 validation, and 150 test-
ing scenes. Each scene provides multimodal data from 6
cameras, 1 LiDAR, and 5 radars. In this study, we focus
on the image-only setting using the 6 cameras, which in-
troduces additional challenges due to the absence of depth
measurements. The dataset includes annotations for 10 ob-
ject categories. We follow the official evaluation protocol,
using the nuScenes Detection Score (NDS) as the primary
metric. NDS combines mAP with five true positive met-
rics: mean Average Translation Error (mATE), mean Aver-
age Scale Error (mASE), mean Average Orientation Error
(mAOE), mean Average Velocity Error (mAVE), and mean
Average Attribute Error (mAAE), to jointly assess localiza-
tion, scale, orientation, motion, and attribute accuracy. Ad-
ditionally, we report rc-mAP (rare categories mAP) to bet-
ter evaluate the detection performance of objects at different
distances, enabling a more comprehensive assessment under
complex conditions.



Method Backbone | Image Size | Frames | mAP{ NDS{ | mATE] mASE] mAOE| mAVE| mAAE]
PETRv2 (Liu et al. 2023) ResNet50 | 256x704 2 0.349 0456 | 0.700 0.275 0.580  0.437 0.187
BEVDepth (Li et al. 2023b) ResNet50 | 256x704 2 0.351 0475 | 0.639 0.267 0479  0.428 0.198
BEVStereo (Li et al. 2023a) ResNet50 | 256x704 2 0.372 0.500 | 0.598 0.270 0438  0.367 0.190
SA-BEV (Zhang et al. 2023) ResNet50 | 256x704 2 0.387 0.512 | 0.613 0266 0.352 0382  0.199
BEVFormerv2 (Yang et al. 2023) ResNet50 | 256x704 - 0423 0.529 | 0.618 0.273 0413  0.333 0.188
SOLOFusion* (Park et al. 2023) ResNet50 | 256x704 17 0427 0.534 | 0567 0274  0.511 0.252  0.181
StreamPETR* (Wang et al. 2023a) | ResNet50 | 256x704 8 0450 0.550 | 0.613 0.267 0413  0.265 0.196
BEVNeXt (Li et al. 2024) ResNet50 | 256x704 8 0437 0.548 | 0.550 0.265 0427 0260 0.208
CLIP-BEVFormer (Pan et al. 2024) | ResNet50 | 256x704 - 0421 0.534 ] 0612 0273 0348 0.341 0.192
RecurrentBEV* (Chang et al. 2024) | ResNet50 | 256x704 8 0445 0.549 | 0555 0272 0451 0.256  0.204
GeoBEV (Zhang et al. 2025a) ResNet50 | 256x704 2 0415 0.535] 0533 0.265 0419  0.298 0.214
BEVMamba* (Liu et al. 2025) ResNet50 | 256x704 10 0427 0.542 | 0562 0273 0432 0264 0.188
CLIPDet3D ResNet50 | 256x704 2 0433 0.547 | 0.532 0.259 0.385 0302 0213
CLIPDet3D* ResNet50 | 256x704 8 0462 0.566 | 0.507 0.266 0405 0252  0.206
PETRv2 (Liu et al. 2023) ResNet101 | 900x 1600 2 0421 0.524 | 0.681 0.267 0357 0377 0.186
BEVDepth (Li et al. 2023b) ResNet101 | 512x1408 2 0412 0.535] 0565 0266 0358  0.331 0.190
HoP* (Zong et al. 2023) ResNet101 | 512x 1408 8 0454 0.558 | 0.565 0.265 0329  0.337 0.194
CLIP-BEVFormer (Pan et al. 2024) | ResNet101 | 512x 1408 - 0467 0.562 | 0.605 0.253  0.331 0.336  0.187
VectorFormer (Pan et al. 2024) ResNet101 | 512x 1408 - 0437 0.540 | 0.643 0270 0363 0324  0.186
BEVHeight++ (Yang et al. 2025) ResNet101 | 512x 1408 2 0423 0.554 | 0541 0262 0307 0277 0.187
BEVMamba* (Liu et al. 2025) ResNet101 | 512x 1408 7 0.453 0.567 | 0.505 0.261 0.345 0292  0.191
CLIPDet3D ResNet101 | 512x 1408 2 0467 0.573 | 0.513 0.252 0.328 0.300 0.208

Table 1: Comparison with previous state-of-the-art multi-view 3D detectors on the nuScenes val set. The best is in bold. The
second-best model is underlined. * indicates the use of more than 2 frames.

Method Backbone | Image Size | Frames | mAP{ NDS{ | mATE] mASE] mAOE| mAVE| mAAE]
BEVDet (Huang et al. 2021) Swin-B | 900x 1600 1 0424 0488 | 0524 0.242 0.373 0950  0.148
SA-BEV (Zhang et al. 2023) ResNet50 | 256x704 2 0.393 0.515 | 0.567 0.257 0457 0402 0.130
GeoBEV (Zhang et al. 2025a) ResNet50 | 256x704 2 0434 0.552 | 0497 0.255 0403  0.358 0.133
BEVFormer* (Li et al. 2022) ResNet101 | 512x 1408 4 0.445 0.535| 0.631 0.257 0405 0.435 0.143
PETRv2 (Liu et al. 2023) ResNet101 | 640x 1600 2 0456 0.553 | 0.601 0.249  0.391 0.382  0.123
CLIP-BEVFormer (Pan et al. 2024) | ResNet101 | 512x 1408 - 0.447 0.547 | 0591 0257 0417 0371 0.128
BEVMamba* (Liu et al. 2025) ResNet101 | 900x 1600 5 0412 0.518 | 0.681 0.269  0.345 0.391 0.192
CLIPDet3D ResNet50 | 256x704 2 0.439 0.560 | 0.480 0.255 038 0339 0.131
CLIPDet3D ResNet101 | 512x1408 2 0462 0.574 | 0.495 0.247 0357 0340 0.126

Table 2: Comparison with previous state-of-the-art multi-view 3D detectors on the nuScenes test set.

Implementation Details

We conducted experiments on the nuScenes dataset us-
ing ResNet101 (He et al. 2016) and ResNet50 (He et al.
2016) as backbone networks. To ensure a fair comparison,
we did not apply any test-time augmentation or incorpo-
rate future frame information during evaluation. In training
CLIPDet3D, we avoided using pre-training from 2D object
detection or perspective-view tasks. Instead, we adopted the
same data augmentation strategies as the original method
and employed the AdamW optimizer (Loshchilov and Hut-
ter 2019). Except for regular data augmentation, we also
adopted BEV-Paste (Zhang et al. 2023) to alleviate over-
fitting during the long training process. Training was per-
formed on four NVIDIA RTX A6000 GPUs with a batch
size of 8, following the CBGS strategy (Cui et al. 2019).
For comparison with other methods on the nuScenes vali-
dation set, CLIPDet3D was trained for 20 epochs with an
initial learning rate of 1 x 10~%. In the ablation study, we
chose GeoBEV (Zhang et al. 2025a) and BEVDet (Huang
et al. 2021) as the baseline, used ResNet50 as the backbone,
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and trained for 20 epochs. All experiments were conducted
under consistent settings to ensure reproducibility and fair
evaluation.

Experimental Results

Main Results. We compare CLIPDet3D with state-of-the-
art multi-view 3D detectors on the nuScenes validation and
test sets. On the validation set (Tab. 1), CLIPDet3D achieves
56.6% NDS and 46.2% mAP with 8-frame input, surpassing
StreamPETR by 1.6% NDS and 1.2% mAP. In the 2-frame
setting, it outperforms BEVHeight++ (Yang et al. 2025) by
up to 1.9% NDS and 4.4% mAP. In the test set (Tab. 2),
CLIPDet3D reaches 57.4% NDS and 46.2% mAP, outper-
forming CLIP-BEVFormer (Pan et al. 2024) by 2.7% NDS
and 1.5% mAP. It also achieves the best mATE, mAOE,
and mAVE, validating the benefit of our depth and seman-
tic designs, with clear improvements on rare categories from
prompt-guided attention.

Model Efficiency. As shown in Tab. 6, CLIPDet3D
achieves a strong balance between accuracy and efficiency.



Method CV BUS MOT BIC TR TUK CONE BAR PED CAR |rc-mAP
Total Num 650 657 748 857 1114 4215 6591 10263 11564 27727 -

Percentage 1.0% 1.0% 12% 13% 17% 65% 102% 159% 18.0% 43.1% -

BEVFormer (Li et al. 2022) 58 233 214 203 66 192 384 3790 332 457 | 161
SA-BEV (Zhang et al. 2023) 87 413 343 327 198 316 573 605 430 570 | 280
CLIP-BEVFormer (Panetal. 2024) | 7.1 28.0 261 21.6 81 209 411 400 339 468 | 186
GeoBEV (Zhang et al. 2025a) 102 439 407 393 219 359 642 592 510 632 | 319
CLIPDet3D 151 465 480 471 175 374 669 617 566 650 | 352

Table 3: Per-class performance comparison on nuScenes validation set. rc-mAP denotes the mean Average Precision (mAP)
for rare categories (those accounting for less than 10%). CV represents Construction Vehicle, BUS represents Bus, MOT
represents Motorcycle, BIC represents Bicycle, TR represents Trailer, TUK represents Truck, CONE represents Traffic Cone,
BAR represents Barrier, PED represents Pedestrian, CAR represents Car.
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Figure 4: Comparison of mAP and rc-mAP at different dis-
tance thresholds. rc-mAP denotes the mean Average Preci-
sion (mAP) for rare categories (those accounting for less
than 10%). The values 0.5, 1.0, 2.0, 4.0 represent the match-
ing distance thresholds for mAP evaluation.

VLCL DFCD DSPA | mAPT NDST mASE] mAVE]

0415 0535 0265  0.298
v 0426 0538 0260  0.301
v v 0430 0543 0261 0304
v v v 10433 0547 0259 0302

Table 4: Performance metrics for different configurations
of Vision-Language Collaborative Learning (VLCL), Depth
Feature Contrastive Distillation (DFCD), and Dual-Stream
Prompt Attention (DSPA).

With higher BEV resolution (256 x 256), it improves over
BEVFormer (200 x 200) by 1.7% mAP, 3.0% NDS, in-
creases FPS from 3.9 to 4.5, and reduces memory usage by
0.8 GB. Compared to VectorFormer, it achieves +0.8 mAP,
+1.5 NDS, faster inference (4.5 vs. 3.4 FPS), and lower
memory (3.9 vs. 4.85 GB), demonstrating better computa-
tional efficiency with finer spatial granularity.

Visualization. Fig. 5 shows that CLIPDet3D delivers
more accurate and complete detections, especially for dis-
tant or small objects, while GeoBEV misses many targets.
These improvements result from the enhanced capacity of
CLIPDet3D to perceive and understand complex scenes.
Notably, it can detect rare category instances that are often
ignored by conventional methods, thanks to the injected se-
mantic priors and guided attention.
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Setting rc-mAPT mAPT NDST mASE]
BEVDet (Huang et al. 2021) | 0.173  0.277 0.336 0.304
+ VLCL (Without Lem) 0.151  0.270 0.346 0.291
+ VLCL (With Leem) 0.197 0.311 0.359 0.292

Table 5: Performance metrics for different configurations of
Vision-Language Collaborative Learning (VLCL).

Method Pub. |BEV Dim./ mAP{ NDSt|FPS|Mem.(GB)
BEVFormer [ECCV22[200 x 200{0.416 0.517|3.9 4.70
VectorFormer|ECCV24(200 x 200(0.425 0.532|3.4 4.85
CLIPDet3D - 256 x 256/0.433 0.547|4.5 3.90

Table 6: Effectiveness and efficiency comparisons between
BEVFormer (Li et al. 2022), VectorFormer (Pan et al. 2024)
and our proposed CLIPDet3D.

Long-tail Detection Results

To evaluate long-tail performance, we compare
CLIPDet3D with CLIP-BEVFormer (Pan et al. 2024)
and GeoBEV (Zhang et al. 2025a) on the nuScenes valida-
tion set. As shown in Tab. 3, rare categories each account for
less than 10% of the data. CLIPDet3D achieves substantial
gains over CLIP-BEVFormer by 8.0%, 18.5%, 21.9%,
25.5%, 9.4%, and 16.5%, respectively. Overall, it obtains
the highest rc-mAP of 35.2%, exceeding CLIP-BEVFormer
and GeoBEV by 16.6% and 3.3%. As shown in Fig. 4,
CLIPDet3D also consistently outperforms GeoBEV and
SA-BEV across different matching thresholds. The im-
provement is particularly evident under stricter conditions,
with +2.45% rc-mAP at 1.0m and +2.57% at 2.0 m than
GeoBEV, indicating better localization for rare categories.
These results benefit from the combined effects of CLIP-
guided prompts, depth-aware contrastive distillation, and
dual-stream attention, which together improve recognition,
geometry, and focus on rare categories regions.

Ablation Study

Effectiveness of Vision-Language Collaborative Learn-
ing. This module introduces CLIP-derived semantic pri-
ors to enhance recognition of rare categories. As shown in
Tab. 4, adding it to GeoBEV improves NDS by 0.3% and
mAP by 1.1%. Tab. 5 further shows that removing the se-
mantic constraint reduces rc-mAP and mAP by 2.2% and



CLIPDet3D

GeoBEV

Figure 5: Visualization results on BEV representation of GeoBEV and CLIPDet3D(ours). The red boxes and blue boxes rep-
resent the ground truth and the predicted boxes, respectively. The dashed red rectangles illustrate that CLIPDet3D results in

higher detection accuracy.

L. L, L:; | mAPT NDST mASE] mAVE] mAAE]
v 0429 0545 0261 0291 0212
o v 0432 0546 0258 0302  0.210
v v v 0433 0547 0259 0302 0213

Table 7: Performance metrics for different loss of Depth Fea-
ture Contrastive Distillation (DFCD).

Setting rc-mAPT mAPT NDST mASE]
BEVDet (Huang et al. 2021) | 0.173  0.277 0.336 0.304
+ DSPA (Without prompts) | 0.164  0.268 0.341  0.302
+ DSPA (With prompt) 0.178 0.280 0.349 0.293

Table 8: Performance metrics for different configurations of
Dual-Stream Prompt Attention (DSPA).

0.7%, while including it boosts rc-mAP by 2.4% and mAP
by 3.4%. These results confirm the benefit of semantic guid-
ance.

Effectiveness of Depth Feature Contrastive Distilla-
tion. Depth Feature Contrastive Distillation enhances spa-
tial perception by aligning depth features between teacher
and student networks. Adding this module yields gains of
0.5% NDS and 0.4% mAP (Tab. 4). As shown in Tab. 7, re-
moving either the channel-wise loss L. or the spatial com-
ponent reduces performance, validating the necessity of both
and confirming the effectiveness of the distillation module.
In particular, the channel-wise contrast emphasizes semantic
consistency, while the spatial component preserves geomet-
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ric structures.

Effectiveness of Dual-Stream Prompt Attention. This
module guides attention along both BEV axes using learn-
able prompts. Tab. 4 shows that it improves NDS by 0.4%
and mAP by 0.3% and achieves the best mASE. As reported
in Tab. 8, removing the prompts leads to a 0.9% drop in rc-
mAP and a slight degradation of mAP. Including prompts
improves rc-mAP, mAP, and NDS by 0.5%, 0.3%, and 1.3%,
respectively, demonstrating their contribution to rare cate-
gories detection.

Conclusion

In this paper, we propose CLIPDet3D, a novel vision-
language collaborative framework for multi-view 3D object
detection. It mitigates the long-tailed distribution problem
in autonomous driving by improving the recognition of rare
categories and depth estimation. CLIPDet3D includes three
key modules. Vision-Language Collaborative Learning uses
CLIP-based semantic priors to help identify rare categories.
Depth Feature Contrastive Distillation aligns depth features
between teacher and student networks to enhance spatial
reasoning. Dual-Stream Prompt Attention uses learnable
prompts to guide the model toward rare category regions in
the BEV space. Experiments on the nuScenes benchmark
show that CLIPDet3D achieves higher accuracy, better ef-
ficiency, and stronger performance on rare categories com-
pared to previous methods. In future work, we will integrate
LiDAR input and extend the method to multi-task settings
such as BEV segmentation and occupancy prediction.
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