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Abstract

Multi-modal sensor fusion in Bird’s Eye View (BEV) rep-
resentation has become the leading approach for 3D object
detection. However, existing methods often rely on depth
estimators or transformer encoders to transform image fea-
tures into BEV space, which reduces robustness or intro-
duces significant computational overhead. Moreover; the
insufficient geometric guidance in view transformation re-
sults in ray-directional misalignments, limiting the effec-
tiveness of BEV representations. To address these chal-
lenges, we propose Efficient View Transformation (EVT), a
novel 3D object detection framework that constructs a well-
structured BEV representation, improving both accuracy
and efficiency. Our approach focuses on two key aspects.
First, Adaptive Sampling and Adaptive Projection (ASAP),
which utilizes LiDAR guidance to generate 3D sampling
points and adaptive kernels, enables more effective trans-
formation of image features into BEV space and a refined
BEYV representation. Second, an improved query-based de-
tection framework, incorporating group-wise mixed query
selection and geometry-aware cross-attention, effectively
captures both the common properties and the geometric
structure of objects in the transformer decoder. On the
nuScenes test set, EVT achieves state-of-the-art perfor-
mance of 75.3% NDS with real-time inference speed.

1. Introduction

LiDAR-camera fusion is essential for 3D object detection,
as it leverages the complementary strengths [1, 3, 5, 6, 21,
25, 31, 39, 45, 46, 49, 53]. LiDAR provides precise ge-
ometric information for accurate object localization, while
cameras capture rich semantic details such as color and tex-
ture. However, their integration remains challenging due to
the differences in sensing modalities.

Recently, the dominant multi-modal fusion methods are
categorized as implicit or explicit fusion. Implicit fusion
employs cross-attention within transformers, where object
queries iteratively interact with independently processed
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Figure 1. Performance comparison of EVT and other methods on
the nuScenes validation set. The FPS of all methods is measured
in FP32 on a single Tesla A100 GPU using the official implemen-
tations, excluding voxelization time.

sensor features [1, 5, 46, 49, 50]. Implicit fusion offers
flexibility and simplicity by removing explicit feature align-
ment across sensor modalities but incurs high computa-
tional costs and struggles to extract complementary fea-
tures. Explicit fusion, on the other hand, directly aligns and
integrates sensor data in BEV space using view transforma-
tion (VT), which enhances complementary feature fusion
while reducing computational costs. Although its perfor-
mance heavily depends on the accuracy of VT, conventional
methods have inherent limitations. Depth-based VT meth-
ods [20, 22, 25, 31, 34, 56] lift image features into BEV
using pixel-wise depth estimation, but their sensitivity to
depth errors compromises robustness. In contrast, query-
based VT methods [1, 3, 7, 8, 12, 24] refine BEV queries via
attention mechanisms, incurring high computational costs.
Furthermore, both methods lack geometric guidance, result-
ing in ray-directional misalignment. This misalignment re-
duces spatial accuracy, leading to unintended information
capture along the ray direction, ultimately degrading BEV
representation accuracy.

To address the limitations of explicit fusion methods and
improve detection performance, we propose Efficient View
Transformation (EVT), a novel 3D object detection frame-
work aimed at enhancing both accuracy and efficiency by
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constructing a well-structured BEV representation. EVT in-
troduces two key innovations: (1) Adaptive Sampling and
Adaptive Projection (ASAP), a novel VT method which
leverages LiDAR guidance, and (2) an improved query-
based object detection framework incorporating group-wise
mixed query selection and geometry-aware cross-attention,
enabling effective multi-modal BEV feature decoding for
accurate 3D object detection.

ASAP consists of two key modules: Adaptive Sampling
(AS) and Adaptive Projection (AP). AS generates 3D sam-
pling points from LiDAR features to effectively represent
image features in BEV space while focusing more on high-
relevance areas in the image. AP refines BEV representa-
tions using adaptive kernels generated from LiDAR features
to enhance structurally meaningful 3D information. As are-
sult, ASAP improves BEV feature representation and elim-
inates ray-directional misalignment. Unlike existing meth-
ods, it does not rely on depth estimation or attention mech-
anism, ensuring both efficiency and robustness.

Additionally, we improve the query-based object detec-
tion framework by introducing group-wise mixed query se-
lection and geometry-aware cross-attention. The mixed
query selection generates object queries using group-wise
learnable parameters and heatmaps, allowing them to cap-
ture the common properties of each group and initialize
at high-confidence positions. Then, the geometry-aware
cross-attention refines object queries by integrating corner-
aware sampling for precise feature selection and position-
aware feature mixing for spatially aware feature decoding.
These enhancements improve more robust and accurate de-
tection while maintaining computational efficiency.

We evaluate EVT on the nuScenes dataset in terms of
accuracy and efficiency. As shown in Fig. 1, EVT achieves
74.1% NDS and 8.3 FPS with ResNet-50 [11], 74.6% NDS
and 4.9 FPS with V2-99 [18], and 71.7% NDS and 12.1
FPS with the LiDAR-only model EVT-L on the nuScenes
validation set, outperforming other methods in both accu-
racy and inference speed. On the nuScenes test set, EVT
achieves 75.3% NDS and 72.5% mAP using single-frame
raw data, without model ensemble or test-time augmenta-
tion, surpassing previous state-of-the-art methods.

In summary, the main contributions are as follows:

* We introduce EVT, a novel 3D object detection frame-
work that improves both accuracy and efficiency through
ASAP and an improved query-based framework.

o ASAP, our view transformation method, utilizes LiDAR
guidance to generate BEV feature maps while improving
efficiency by eliminating the need for depth estimators
and transformer encoders.

e Our improved query-based detection framework further
enhances detection accuracy and robustness.

* EVT achieves state-of-the-art performance of 75.3%
NDS and 72.6% mAP on the nuScenes test set.

2. Related Work
2.1. Query-based Object Detection Framework

DETR [9] introduces transformers into 2D object detection,
eliminating hand-designed components like non-maximum
suppression, but suffering from slow convergence. To ad-
dress this, Deformable DETR [60] proposes deformable
cross-attention to accelerate training. DAB-DETR [28] en-
hances query representation by modeling queries as anchor
boxes, while DN-DETR [19] stabilizes training with query
denoising and auxiliary supervision.

DETR-like approaches have been extended to 3D ob-
ject detection [5, 16, 21, 27, 29, 30, 33, 42, 43, 46, 49].
PETR [29] defines object query features and positions
using learnable parameters, leveraging position embed-
dings within multi-head attention for feature refinement.
DETR3D [43] and BEVFormer [24] project BEV queries
onto image planes, refining them with bilinear interpolation
or deformable cross-attention. CenterFormer [58] samples
features from high-scoring heatmap keypoints for query ini-
tialization, while TransFusion [1] enhances sampled fea-
tures with category embeddings.

While extensive research has explored query initializa-
tion, DINO [54] notes that direct feature sampling in meth-
ods [1, 44, 51, 55, 58] limits performance due to inaccu-
rate initial feature representations. Furthermore, despite ad-
vancements in attention-based query refinement, these ap-
proaches insufficiently leverage the geometric structure of
object queries, limiting 3D spatial understanding.

2.2. Implicit Multi-modal Fusion in Transformer

Implicit multi-modal fusion integrates each sensor’s data
through cross-attention with object queries in the trans-
former decoder, without relying on BEV representation for
feature alignment. FUTR3D [5] introduces a modality-
agnostic feature sampler that aggregates features from
different sensors using deformable cross-attention [60].
Deeplnteraction [49] and Deeplnteraction++ [50] preserve
modality-specific information by using a modality interac-
tion strategy. Meanwhile, TransFusion [1] updates object
queries in a sequential manner by applying cross-attention
separately to LiDAR and camera features. And CMT [46]
constructs input tokens by adding 3D position embeddings
to each sensor’s data before concatenating them.

These implicit fusion methods rely on cross-attention be-
tween object queries and sensor features within the trans-
former decoder, providing a flexible and generalizable
framework for multi-modal fusion. However, because it
depends entirely on query-driven attention mechanisms,
it struggles to effectively extract complementary features
across different sensors. Furthermore, the iterative execu-
tion of cross-attention over the entire sensor data incurs high
computational overhead and memory inefficiency.
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Figure 2. Overall architecture of EVT. Each backbone extracts either image features or LiDAR features. The proposed ASAP module
fuses these two features in BEV space. The group-wise mixed query selection stage generates queries from the fused feature map. In the
transformer decoder, corner-aware sampling leverages the geometric properties of the object queries to sample multi-modal features, and
position-aware feature mixing decodes the sampled features to update the queries. These queries then predict the 3D bounding boxes.

2.3. Explicit Multi-modal Fusion in BEV Space

Explicit multi-modal fusion focuses on view transformation
of 2D image features into BEV space [1, 3, 14, 15, 21-25,
31,34, 35, 48]. For view transformation, depth-based meth-
ods predict pixel-wise depth distributions to lift multi-view
image features into BEV space [14, 15, 21, 22, 25, 31, 34].
While these methods effectively incorporate spatial priors
through depth estimation, their heavy reliance on the depth

3. Methodology

The overall pipeline of EVT is illustrated in Fig. 2. First,
Ni-scale perspective-view image features {PV; };V:* , and
BEV LiDAR features BEV g, € RE*#*W are extracted
from separate backbone networks, where C' is the feature
dimension and H x W is the size of the BEV feature map.

To fuse 2D image and LiDAR features in BEV space,
the Adaptive Sampling and Adaptive Projection (ASAP)

estimators significantly limits their overall robustness.

In contrast, query-based view transformation methods
[3, 12, 24, 48] project predefined 3D points onto image
planes and extract features using deformable cross-attention

module transforms 2D image features into BEV space and
then fuses them with BEV 4, (Sec. 3.1). For query-based
3D detection with multi-modal BEV features, group-wise
mixed query selection initializes object queries based on
heatmap-guided locations (Sec. 3.2), and geometry-aware

[60]. This approach eliminates the need for depth estima-
tion; however, predefined positions of sampling points fail
to align accurately with regions where objects are located,
leading to suboptimal feature representation. Furthermore,
it suffers from high computational overhead due to the ex-
tensive use of multi-layer transformers and ray-directional
misalignment due to insufficient geometric guidance.

Aforementioned challenges cause the inherent difficulty
in establishing precise correspondences between 2D and 3D
spaces, which is crucial for effective BEV representation.
Existing approaches often suffer from feature misalignment
due to depth estimation errors and also struggle with main-
taining spatial consistency in transformer-based methods,
while their high computational cost significantly limits real-
time deployment. Therefore, a more efficient and geometri-
cally grounded approach is essential for achieving accurate
and robust multi-modal BEV representations.

cross-attention refines them in the transformer decoder to

predict 3D bounding boxes (Sec. 3.3).

3.1. Adaptive Sampling and Adaptive Projection

The proposed ASAP module consists of two stages: Adap-
tive Sampling (AS) and Adaptive Projection (AP). In the
first stage, AS selectively extracts and aggregates multi-
scale perspective-view image features {PV; };V:SI into an
initial BEV representation BEV . In the second stage, AP
refines BEV  to obtain the final image BEV feature map
BEV camera. The structure of this module is shown in Fig. 3.

Adaptive Sampling To transform multi-scale image fea-
tures into BEV space, the Adaptive Sampling (AS) module
predicts optimal sampling heights for each BEV grid cell
using LiDAR features, allowing effective feature extraction

from high-relevance areas in the image (see Fig. 4).
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Figure 3. Overview of AS and AP. In AS, the LiDAR BEV fea-
ture map generates 3D sampling points and their corresponding
weights. The sampling points are projected onto the image plane,
where features are sampled and combined by weighted pooling in
each BEV grid cell. In AP, the image BEV feature map produced
by AS is refined channel-wise using the adaptive kernels generated
from the LiDAR features.

First, multiple height values for each grid cell are gener-
ated from LiDAR features:

{Z}M | = Conv(BE Viigy) (u, v), (1)

where (u,v) denotes the coordinates of a grid cell in
BEV space, and [NV, denotes the number of generated
heights. Consequently, the 3D sampling points P =
{(X,Y,Z;)}, are defined based on real-world coordi-
nates (X,Y") corresponding to the grid cell at (u,v) and
the set of heights {Z; }.

Next, the generated points P are projected onto the im-
age plane. Each projected point samples the multi-scale
features {PVj}g-V:"l across N different image scales with

downsampled strides {.5; }§V;1 Consequently, Ny, X N pro-
jected points (scf , yf ) and sampled features fij are obtained
via projection:

PI'Oj (X7 Y7 Z’L)
PR S A . 2
S (2)

f =B®V;,(a],y]) € RY, )

(z],y]) =

17

where Proj(-) denotes the projection of 3D points onto the
image plane, and B(-) denotes bilinear interpolation.

To aggregate the Ny x NNV, sampled features { f; }, adap-
tive sampling weights W,, € R™M*M are derived from
BEVigs. W, determines the importance of the heights
and image feature scales for each grid cell. The multi-scale
image features in BEV space are obtained as follows:

Was = o(Conv(BEV gy ) (u, v)) )
s Nh

BEV(u,0) =Y > Wu(j,i)- f] €RY, (5)
Jj=11i=1

where o(-) denotes the softmax function applied to all N x
Ny, elements. BEV ;¢ denotes the image BEV feature map.

Adaptive Projection The Adaptive Projection (AP) mod-
ule refines the BEV feature map BEV , produced by the
AS module, by applying adaptive kernels to each grid cell.
The overall process is represented by the following equa-
tions:

Ky = Conv(BEV gy) (u, v) € RO*¢ (6)
BEV camera(,v) = BEV (u,v) x Ky € R, (7)

First, an adaptive kernel K,, € RE*C is derived from
BEV 4, for each BEV grid cell. Then, BEV  is refined
by applying a channel-wise linear projection using K, to
obtain the image BEV feature map BEV .ymera-

Unlike static transformations, our LIDAR-guided feature
refinement leverages spatial information to effectively mit-
igate ray-directional misalignment, which primarily results
from occlusions and empty 3D spaces (see Fig. 5).

Multi-modal Fusion in BEV Space The multi-modal
BEV feature map BEVy,,, € RE*H*W ig obtained by
concatenating the image and LiDAR BEV feature maps
(BEV cumera and BEVy;4,,) along the channel dimension,
followed by a convolution operation:

BEVyy = Conv(Concat(BEV camera, BEViigar)), (8)
where Concat(-) denotes channel-wise concatenation.

3.2. Group-wise Mixed Query Selection

Our proposed group-wise mixed query selection generates
object queries for transformer-based detection frameworks.
First, group-wise heatmaps are predicted from the multi-
modal BEV feature map BEVy, (from Sec. 3.1), where
each group consists of similarly sized object classes. The
predicted heatmaps have scores ranging from O to 1, rep-
resenting the likelihood that each BEV pixel corresponds
to the center of an object. The heatmap head is supervised
by 2D Gaussian distributions centered at each object’s lo-
cation. Next, the top-k keypoints are selected from each
heatmap group, and their positions are used as reference
points for queries in BEV space.

Inspired by DINO [54], we initialize query features
solely with group-wise learnable parameters, unlike query
positions. DINO defines query features as instance-wise
learnable parameters without using any categorical priors.
In contrast, our approach allows all queries within the same
group to share these parameters, effectively capturing the
common properties of their group. Experimentally, the
group-wise shared initial embeddings outperform instance-
wise embeddings for object query representation. More-
over, our approach outperforms traditional approaches that
either define both query features and positions as learnable
parameters [12, 27, 29, 30, 46] or obtain both from heatmap
keypoints [1, 44, 51, 55, 58]. Further details and analysis of
our method are provided in Sec. 4.4.
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3.3. Geometry-aware Cross-Attention

To enhance query representations in transformer decoders,
we refine deformable cross-attention [60] with corner-aware
sampling for improved feature sampling and position-aware
feature mixing for better feature aggregation.

Corner-aware Sampling The conventional deformable
cross-attention samples features around the centers of ob-
ject queries. However, this approach struggles with objects
of varying sizes and fails to capture fine-grained boundary
details and spatial extent effectively. To address this limi-
tation, corner-aware sampling explicitly incorporates object
geometry, ensuring precise spatial alignment of sampling
points with the object’s true structure.

First, the initial sampling offsets {(Ax}, Ay})} are gen-
erated from the query feature q using a linear layer:

{(Az},Ay;) | i €0,1,...,N, — 1} = Linear(q), (9)
where IV, denotes the number of sampling points.

Next, the final sampling offsets {(Axz;, Ay;)} and sam-
pling points {(x;, y;) } are determined via a geometric trans-
formation, which relocates sampling points to object cor-
ners and aligns them with the object’s heading, as follows:

Az, cosf —sinf |[L;- L+ Axj
= (10)
Ay; sinf cosf || I} -5+ Ay
[z i |=[zc ye]+[Az Ay, (11)
where (I;,17) € {(1,1),(1,-1),(=1,1),(=1,=1)}. j

denotes the index of each corner and is the remainder of
1 divided by four, the number of corners. The coordinates
(z¢,y.) denote the object’s center. [, w, and 6 denote the
length, width, and yaw of the predicted bounding box, re-
spectively, obtained from the regression head of the previ-
ous transformer layer. In the first decoder layer, we initial-
ize [, w, 0 to zero.

The features are sampled using bilinear interpolation at
each sampling point on the multi-modal BEV feature map
BE Vi, as follows:

gi = BBEVyy, (;,4:)) € R, (12)

where B(+) denotes the bilinear interpolation, and g; repre-
sents the sampled features at (z;, y;).

Position-aware Feature Mixing Given the sampled fea-
tures from different corners, the key challenge is how to
decode them while maintaining their spatial relationships.
While AdaMixer [10] is designed for feature decoding,
it struggles with the geometric transformations introduced
during corner-aware sampling, which complicate the as-
sociation between sampled features and their transformed

sampling locations (see Tab. 4 (e)). To address this, we pro-
pose position-aware feature mixing, which incorporates po-
sitional embeddings that encode the transformed sampling
offsets, allowing for more structured feature aggregation.

First, the sampling offsets are embedded as position vec-
tors using sinusoidal position encoding [38], followed by
a linear layer. Then, the position-aware sampled features
G € RM*C are obtained by element-wise addition of the
sampled feature g; and the position vector e;:

e; = Linear(®pos((2,:))) € RY (13)
G={(gi+e)|i€0,1,..,N,—1}, (14)

where <I>p05(~) denotes sinusoidal position encoding.

Subsequently, adaptive channel mixing is applied to G
using the dynamic weights W, generated from the query
feature q to obtain the channel-mixed feature G..:

W, = Linear(q) € R“*¢ (15)
G. = ReLU(LN(G x W,)). (16)

Next, adaptive spatial mixing is applied to the spatial di-
mensions of G, using dynamic weights W to obtain the
spatial-mixed feature G:

W, = Linear(q) € RM*M a7
Ges = ReLU(LN(GT x Wy)). (18)

Finally, the query feature is formulated as follows:
q' = q + Linear(Flatten(G.s)), (19)

where q' represents the refined query feature. By integrat-
ing positional embeddings at the feature level, this formula-
tion enhances spatial awareness in query representation, en-
suring more robust geometric reasoning in object queries.

4. Experiments

4.1. Implementation Details

For the image backbone, we use ResNet-50 [11] with a res-
olution of 704 x 256 or V2-99 [18] with 1600 x 640 with
FPN [26]. The LiDAR backbone is VoxelNet [57] with an
ROI of [-54.0m,54.0m] in (X,Y") and [—5.0m, 3.0m] in
Z, with a voxel size of (0.075m,0.075m,0.2m). In ASAP,
we use four sampling points for each grid cell. The multi-
modal BEV feature map size is 180 x 180. Following [52],
object groups in 3.2 are defined as: (1) car, (2) truck, con-
struction vehicle, (3) bus, trailer, (4) barrier, (5) motorcy-
cle, bicycle, (6) pedestrian, traffic cone. Each group con-
tains 150 queries, resulting in a total of 900 queries, and
the corner-aware sampling generates 16 sampling points per
query, both of which were empirically determined. The
transformer decoder has six layers, and the feature dimen-
sion is set to 256.
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Method

| Modality | NDS (val) mAP (val) | NDS (test) mAP (test)

UVTR-L [21] L 67.7 60.9 69.7 63.9
TransFusion-L [1] L 70.1 65.1 70.2 65.5
FocalFormer3D-L [6] L - - 72.6 68.7
CMT-L [46] L 68.6 62.4 70.1 65.3
EVT-L (Ours) L 71.7 66.4 72.1 67.7
MVP [53] LC 70.8 67.1 70.5 66.4
UVTR [21] LC 70.2 65.4 71.1 67.1
AutoAlignV2 [7] LC 71.2 67.1 72.4 68.4
TransFusion [1] LC 71.3 67.5 71.7 68.9
Deeplnteraction [49] LC 72.6 69.9 734 70.8
BEVFusion [31] LC 71.4 68.5 72.9 70.2
Objectfusion [4] LC 72.3 69.8 73.3 71.0
FocalFormer3D [6] LC 71.1 66.5 73.9 71.6
CMT [46] LC 72.9 70.3 74.1 72.0
BEVFusion4D-S [3] LC 72.9 70.9 73.7 71.9
SparseFusion [45] LC 72.8 70.4 73.8 72.0
MSMDFusion [17] LC - - 74.0 71.5
UniTR [40] LC 73.3 70.5 74.5 70.9
FusionFormer [12] LCT 74.1 71.4 75.1 72.6
EVT (Ours) LC 74.6 72.1 75.3 72.6

Table 1. Performance comparison on the nuScenes validation and test sets. The results are obtained without model ensemble or test-time
augmentation. ‘L’, ‘C’ and ‘T’ denote LiDAR, camera and temporal fusion, respectively.

Our model is trained on 8 RTX 3090 GPUs with a batch
size of 16. The model is trained end-to-end for 10 epochs
using CBGS [59], whereas GT sample augmentation [47]
is applied for the first 9 epochs. The query denoising strat-
egy [19] is also adopted. Gaussian Focal loss [41], Focal
loss [36] and L1 loss are used for heatmap prediction, clas-
sification and regression, respectively. The AdamW [32]
optimizer is adopted with a learning rate of 1 x 10~% and a
weight decay of 1 x 102 with a cyclical learning rate pol-
icy [37]. No model ensemble or test-time augmentation is
applied during inference.

4.2. Dataset and Metric

Consistent with previous works [3, 13, 20, 51, 55, 56], we
conduct extensive experiments on the nuScenes dataset [2],
a large-scale benchmark for evaluating 3D object detection
in autonomous driving. It consists of 1,000 scenes, each
lasting 20s, divided into training, validation, and testing sets
(700, 150, and 150 scenes, respectively). This dataset con-
tains multimodal sensor data, including point clouds from
a 32-beam LiDAR at 20 frames per second (fps), images
from six cameras with a resolution of 1600x900 pixels at
12 fps, and data from five radars, providing a 360-degree
view, with annotations are provided every 0.5s, resulting in
1.4 million annotated objects across 10 traffic categories.
Performance on this dataset is assessed using metrics like
mean Average Precision (mAP), calculated over distance
thresholds of 0.5, 1, 2, and 4m across all classes, and the

nuScenes Detection Score (NDS), which offers a holistic
evaluation by combining mAP with measures of translation,
scale, orientation, velocity, and attribute errors.

4.3. Comparison with State-of-the-art Methods

As shown in Tab. 1, we compare EVT and its LIDAR-only
model, EVT-L, with existing methods on the nuScenes val-
idation and test sets. The multi-modal EVT achieves 75.3%
NDS and 72.6% mAP, surpassing all previous approaches
on both the nuScenes validation and test sets. In partic-
ular, it surpasses recent methods, such as UniTR [40] by
0.8% NDS and 1.7% mAP, MSMDFusion [17] by 1.3%
NDS and 1.1% mAP, and SparseFusion [45] by 1.5% NDS
and 0.6% mAP. Furthermore, EVT shows a performance
improvement of 3.2% NDS and 4.9% mAP compared with
the LiDAR-only model EVT-L. In contrast, TransFusion [1]
shows only a 1.5% NDS and 3.4% mAP improvement over
its LIDAR-only model, TransFusion-L. This indicates that
EVT effectively utilizes camera data through the proposed
view transformation method.

We also compare EVT-L with the LiDAR-only ver-
sions of other multi-modal 3D object detectors. On the
nuScenes validation set, EVT-L surpasses TransFusion [1]
and CMT [46] by 1.6% and 3.1% NDS, respectively. EVT-
L also demonstrates competitive performance on the test
set. These results validate the effectiveness of the proposed
query initialization and cross-attention mechanisms in en-
hancing 3D object detection.
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Figure 4. Visualization of projected sampling points for each object. The top row shows the projections of predefined 3D points, and the
bottom row shows the projections of the points generated by the AS module. Points of each object are denoted by different colors.

(a) vanilla

(b) only AS

(d) ASAP

(c) only AP

Figure 5. Comparison of BEV feature maps from different meth-
ods: (a) Vanilla, (b) AS, (c) AP, and (d) ASAP. Vanilla shows less
informative and unaligned features. AS improves feature represen-
tation using adaptive sampling. AP corrects ray-directional mis-
alignment. ASAP integrates both AS and AP, leading to the most
refined and well-aligned feature representation.

4.4. Ablation Studies

In this section, we describe the validation of each compo-
nent of the proposed method on the nuScenes validation set.
Unless otherwise specified, all experiments are conducted
using the proposed LiDAR-only model EVT-L, trained for
10 epochs with CBGS [59] and the denoising strategy [19].

Adaptive Sampling and Adaptive Projection In Tab. 2,
the ablation results for ASAP are obtained by retraining the
entire model. In these experiments, ResNet [11] is used as

| LIDAR Camera AS AP|NDS mAP | FPS

@| v 717 66.4 | 12.1
o v v 727 69.1 | 85
©| v v 735 706 | 8.5
@ v v v v 741 71183

Table 2. Ablation study of the proposed VT method. The proposed
ASAP shows a significant performance improvement compared to
the vanilla VT method (b), which projects predefined 3D points.

Method ‘ # Decoder Layers & NDS (%)
123 ]4]|5]6

(a) Learnable Init. | 56.8 | 64.4 | 67.5 | 68.7 | 68.9 | 69.6
(b) Heatmap Init. | 70.4 | 70.5 | 70.5 | 70.3 | 70.5 | 70.7
(c) Mixed init. 69.2170.3(70.5|70.5]70.7 |71.1

+ Group-wise | 69.8 |71.1|71.3 |71.2 |71.4|71.7

Table 3. Comparison of query initialization strategies on the
nuScenes validation set. (a) Fully learnable initialization, (b) Fully
heatmap-based initialization, (c) Our mixed initialization strategy:
the first row denotes instance-wise mixed query selection and the
second row denotes group-wise mixed query selection.

the backbone network with a resolution of 704 x 256. (a)
shows the performance of EVT-L, the LiDAR-only model.
In (b), the vanilla view transformation (VT) method, with-
out LiDAR guidance, employs a 3D-to-2D projection of
predefined 3D points for feature sampling.

In (c), AS achieves improvements of 0.8% NDS and
1.5% mAP compared to the vanilla VT method. The sam-
pling points of the vanilla VT and AS are visualized in
Fig. 4. The sampling points of AS are adaptively generated
in highly object-relevant regions of the image.

In (d), the entire ASAP achieves improvements of 1.4%
NDS and 2.0% mAP compared to (b), while maintaining
high efficiency with only a 3ms latency increase. The
BEV feature maps of each component are visualized in
Fig. 5. ASAP effectively transforms image features into
BEV space and resolves ray-directional misalignment.
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‘ Attention ‘ Reference ‘ scale rotate ‘ feature mixing position-aware ‘ NDS mAP
(a) | Standard | Center | | | 69.6 653
(b) | Deformable | Center 70.0 64.8
(© v v 70.5 65.2
(d) Ours Corner v 71.3 65.7
(e) v v 712 65.6
63) v v v 71.7 66.4

Table 4. Comparison of attention methods within the transformer decoder. The proposed geometry-aware cross-attention, which includes
corner-aware sampling and position-aware feature mixing, achieves significant performance improvements.

Method \ NDS mAP
ResNet-50 baseline (24 epochs) | 47.8 37.2
+ geometry-aware cross-attention | 49.1 37.8
ResNet-50 baseline (90 epochs) 535 427
+ geometry-aware cross-attention | 54.7 43.4

Table 5. Impact of geometry-aware cross-attention on Stream-
PETR [42]. All models are trained in our experiments.

Group-wise Mixed Query Selection As shown in Tab. 3,
we conduct an ablation study on query initialization strate-
gies. (a) fully learnable initialization, where both features
and positions are learnable [12, 27, 29, 30, 46]. (b) fully
heatmap-based initialization, where positions are obtained
from high-score heatmap keypoints, and features are sam-
pled at those locations [1, 44, 51, 55, 58]. (c) our mixed
initialization strategy, which combines heatmap-derived po-
sitions with either instance-wise or group-wise embeddings.

These results highlight the importance of query ini-
tialization. Notably, fully learnable initialization without
any prior information consistently yields the lowest perfor-
mance. While (b) achieves the best performance in a single-
layer transformer decoder, (c) outperforms all other strate-
gies in multi-layer settings, improving NDS by over 1% at
the last layer. Additionally, group-wise embeddings allow
each group to learn more generalized feature representa-
tions, leading to meaningful improvements.

Geometry-aware Cross-Attention We ablate the corner-
aware sampling method, as shown in Tab. 4 (a)-(d). (a) em-
ploys multi-head attention [38], and (b)-(c) use deformable
attention [60]. Specifically, in (c), the sampling offsets are
scaled based on the bounding box size and rotated accord-
ing to the heading. (d), the proposed corner-aware sam-
pling method, samples features from bounding box corners
aligned with the heading, achieving improvements of 0.8%
NDS and 0.5% mAP compared to (c).

In (e) and (f), AdaMixer [10] fails to improve perfor-
mance, as it does not effectively preserve the structured
sampling introduced by corner-aware sampling. In contrast,
our position-aware feature mixing explicitly incorporates
positional embeddings, leading to improvements of 0.4%

Initial Query Formulation ‘ NDS mAP
Bbox from regression head 71.4 66.3
Bbox from learnable parameters | 70.9 66.0
BEV Reference Point 71.7 66.4

Table 6. Comparison of the initial query formulations for the first
layer of the transformer decoder.

NDS and 0.7% mAP compared to (d). As a result, our pro-
posed geometry-aware cross-attention achieves overall im-
provements of 1.2% NDS and 1.2% mAP.

Additionally, as shown in Tab. 5, we validate the appli-
cability of geometry-aware cross-attention by integrating it
into a camera-only 3D detector. Modifying only the cross-
attention layers in StreamPETR [42] improves performance
without further adjustments.

Initial Query Formulation for Transformer As de-
scribed in Sec. 3.3, the corner-aware sampling method is
applied starting from the second transformer layer. We ex-
plore two different approaches to extend the corner-aware
sampling to all transformer layers. The first approach in-
volves adding regression heads during query initialization
in Sec. 3.2 to predict bounding boxes, whereas the sec-
ond approach uses learnable bounding boxes. However, as
shown in Tab. 6, neither approach resulted in any notice-
able performance gains, and the experiment with learnable
bounding boxes even led to performance degradation.

5. Conclusion

We propose EVT, a novel multi-modal 3D object detec-
tor based on BEV representation, enhancing both efficiency
and accuracy. Our method introduces ASAP, an efficient
LiDAR-camera fusion method that leverages LiDAR guid-
ance for accurate view transformation. Additionally, the
proposed group-wise mixed query selection improves ini-
tial feature representation through shared embeddings. The
geometry-aware cross-attention refines queries using geo-
metric properties and can be easily extended to other mod-
els. We expect EVT to provide valuable insights into multi-
modal 3D object detection.
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