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Abstract Feature misalignment in BEV perception
is a critical yet often overlooked challenge in au-
tonomous driving, especially under calibration uncer-
tainties between LiDAR and camera sensors. To ad-
dress this issue, we propose a robust multi-modal fu-
sion framework, GraphBEV++, which systemati-
cally mitigates projection-induced misalignment. The
framework consists of two key modules: LocalAlign-
v2 and GlobalAlign-v2. LocalAlign-v2 introduces
neighborhood-aware depth features via graph match-
ing to correct local misalignment. It supports both
LSS-based and query-based BEV representations, mak-
ing it compatible with BEVFusion and BEVFormer
architectures for consistent cross-paradigm alignment.
GlobalAlign-v2 encompasses two variants: Deformable
and Diffusion. The Deformable variant addresses global
misalignment in LSS-based multi-modal BEV by explic-
itly learning cross-modal feature offsets. In contrast,
the Diffusion variant targets implicit misalignment in
query-based BEV by injecting noise to simulate mis-
alignment and employing a denoising process to re-
cover aligned features. Experimental results show that
GraphBEV++ achieves state-of-the-art performance
under misalignment noise on nuScenes and Waymo
subset, improves long-range detection on Argoverse2,
and generalizes effectively to the 3D occupancy predic-
tion task, consistently improving occupancy estimation
accuracy and robustness under both clean and noisy
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settings. Furthermore, GraphBEV++ effectively alle-
viates misalignment issues in end-to-end autonomous
driving. Compared with five baselines (UniAD, VAD,
FusionAD, MomAD, and WoTE), it demonstrates su-
perior performance in both open-loop (nuScenes) and
closed-loop (Bench2Drive and NAVSIM) evaluations
across perception, prediction, and planning tasks.

Keywords Autonomous Driving - Multi-Modal
Fusion - Feature Alignment - Bird’s-Eye View.

1 Introduction

In autonomous driving systems, multi-modal fusion
plays a critical role. Different sensors provide comple-
mentary perceptual capabilities: cameras offer rich se-
mantic and texture information that is valuable for rec-
ognizing fine-grained features such as traffic signs, lane
markings, and pedestrians, while LIDAR provides accu-
rate 3D geometric information that enables reliable esti-
mation of object distances and spatial structures. Rely-
ing on a single modality often leads to perception blind
spots or degraded performance—for example, cameras
may fail under low-light or adverse weather conditions,
whereas LiDAR suffers from sparsity and lacks seman-
tic richness. Therefore, effectively fusing multi-modal
data to leverage the strengths of each modality is essen-
tial for enhancing the robustness, accuracy, and safety
of perception systems, and serves as a foundational
technology for achieving high-level autonomous driv-
ing [151].
Multi-modal fusion has evolved from early point-
level [129,147,50,106,148,177] and feature-level [139,
,2,18,135,131] methods to the currently prevalent
methods of Bird’s-Eye View (BEV) fusion like BEV-
Fusion [94,108]. Although current BEV methods are
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Fig. 1 (a) Feature misalignment often arises from pro-
jection matrix errors between LiDAR and camera, leading
to inaccurate depth and distorted spatial relationships when
projecting LiDAR points onto the image. (b) LocalAlign-
v2 addresses local feature misalignment by encoding the pro-
jected neighborhood depth features through learnable rep-
resentations. (c) GlobalAlign-v2 mitigates global BEV mis-
alignment via learned offsets (Deformable) or diffusion-based
feature alignment.(d) The GraphBEV++ framework for 3D
object detection effectively resolves BEV feature misalign-
ment in both types of BEV representations: LSS-based (as
in BEVFusion) and Query-based (as in BEVFormer). (e)
GraphBEV-++ systematically investigates the impact of fea-
ture misalignment on end-to-end autonomous driving and
effectively mitigates it through principled BEV alignment
mechanisms. (f) Empirical results demonstrate that Graph-
BEV++ effectively mitigates the impact of feature misalign-
ment in both 3D object detection and end-to-end autonomous
driving tasks.

effective on clean datasets like nuScenes [6], their per-
formance deteriorate on misaligned data. This perfor-
mance decline is primarily due to calibration errors be-
tween LiDAR and camera, exacerbated by factors like
road vibrations [179]. Feature misalignment presents
a major challenge in practical multi-modal fusion

Table 1 Correspondence Between LocalAlign-v2 /
GlobalAlign-v2, Tasks, and Module Variants.

Version ‘ Tasks ‘ Modules

LocalAlign-v2 (LSS)
GlobalAlign-v2 (Deformable)

LocalAlign-v2 (Query)
GlobalAlign-v2 (Diffusion)

3D Object Detection

GraphBEV++ (LSS) ‘BEV Segmentation

3D Object Detection

GraphBEV++ (Query) End-to-End Autonomous Driving

tasks, especially when integrating LiDAR and camera
data [179,28], as illustrated in Figure 1. Such misalign-
ment [179,28,133,35,34,127,3,30,119,37] arises from a
range of factors, including: (1) inaccuracies in the ex-
trinsic calibration matrix between LiDAR and camera
sensors; (2) temporal desynchronization between asyn-
chronous sensing modalities, such as spinning LiDAR
and event-based cameras; (3) calibration noise induced
by mechanical vibrations or sensor mounting instabil-
ity; (4) discrepancies in the fields of view across dif-
ferent sensors; and (5) modality-specific sensitivity to
external factors such as lighting and adverse weather
conditions. These challenges collectively hinder reliable
feature fusion and substantially degrade downstream
perception performance. For instance, adverse weather
such as rain or snow can lead to signal scattering and
reflection in LiDAR, resulting in sparse or noisy point
clouds. This, in turn, increases the depth estimation er-
ror—especially for distant or boundary objects—which
severely affects the LiDAR-to-Camera projection qual-
ity.

Most feature-level multi-modal methods [36,19,1,
171,189] employ the Cross Attention operation to query
features of a specific modality, circumventing the need
for projection matrices. A few feature-level multi-modal
methods [178,135,131,18,81,183,80,71] have sought
to mitigate these errors through the use of projec-
tion offsets or neighboring projections. A few BEV-
based methods, such as ObjectFusion [3], eliminate
the camera-to-BEV transformation during fusion to
align object-centric features across different modalities.
MetaBEV [39] utilizes the Cross Deformable Attention
for feature misalignment, but overlooks depth estima-
tion errors in view transformation and aligns features
only during LiDAR and camera BEV fusion.

Currently, mainstream BEV representations can be
broadly categorized into two types: Lift-Splat-Shoot
(LSS)-based methods and Query-based methods [133].
BEVFusion [108,94] and BEVFormer [91] respectively
exemplify these two prominent paradigms. Both ap-
proaches face distinct forms of feature misalignment
issues when fusing camera and LiDAR data into the
BEV space to enhance detection performance. BEV-
Fusion [108,94] unites camera and LiIDAR data in BEV
space to enhance detection, but overlooks feature mis-
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alignment in real-world applications. It is primar-
ily evident in two aspects. 1) BEVFusion [108] trans-
forms multi-image features into a unified BEV repre-
sentation using BEVDepth’s [84] explicit depth super-
vision from LiDAR-to-camera. Although this LiDAR-
to-camera strategy offers more reliable depth than
LSS [120], it overlooks the misalignment between Li-
DAR and camera in real-world scenarios, leading to lo-
cal misalignment. 2) In the LiDAR-camera BEV fu-
sion, the misalignment of BEV features due to depth
inaccuracies is overlooked by directly concatenating
representations and applying basic convolution, as de-
scribed in BEVFusion [108], resulting in global mis-
alignment. Moreover, query-based BEV representa-
tion methods such as BEVFormer [91] also suffer from
feature misalignment issues. When projecting 3D query
points onto the image plane, these methods are highly
sensitive to extrinsic calibration errors and depth esti-
mation inaccuracies. Such projection deviations result
in discrepancies between the sampled image features
and the actual object locations, leading to local mis-
alignment and degraded BEV feature representations.

It is important to note that the local and global
misalignment discussed in this paper correspond to two
different but complementary error granularities in BEV
perception. Specifically, local misalignment refers
to feature-level correspondence errors caused by inac-
curate geometric projection, including depth estima-
tion errors, LIDAR-camera calibration noise, and query
projection deviations. These errors mainly affect local
neighborhood consistency during image-to-BEV trans-
formation and feature sampling. In contrast, global
misalignment refers to representation-level inconsis-
tencies after BEV construction, where camera and Li-
DAR BEYV features exhibit spatial shifts, structural dis-
tortions, or semantic discrepancies due to the accumu-
lation of local projection errors. In practice, both types
of misalignment often coexist and form a hierarchical
error propagation process: local projection errors intro-
duced during BEV construction may gradually accu-
mulate and eventually lead to global inconsistencies in
fused BEV representations. Therefore, the two align-
ment modules in GraphBEV++ are designed to oper-
ate at different stages and address different error gran-
ularities. LocalAlign-v2 focuses on improving local geo-
metric correspondence during BEV feature generation,
while GlobalAlign-v2 further aligns heterogeneous BEV
representations at the fusion stage. As a result, the
two modules are complementary rather than conflict-
ing, jointly providing robust feature alignment under
real-world misalignment scenarios.

To address the aforementioned feature misalign-
ment challenges, we propose a robust fusion frame-

work, GraphBEV++, which enables reliable 3D ob-
ject detection and end-to-end autonomous driving, es-
pecially under misalignment scenarios. Specifically, to
handle local misalignment in the camera-to-BEV trans-
formation, we introduce LocalAlign-v2 module with
two variants: LocalAlign-v2 (LSS) and LocalAlign-v2
(Query). LocalAlign-v2 (LSS) operates within the view
transformation step of the BEVFusion camera branch,
where it leverages LiDAR-to-camera explicit depth su-
pervision and utilizes a graph neural network to ex-
tract neighborhood-aware depth features. In contrast,
LocalAlign-v2 (Query) is built upon BEVFormer [91]
and addresses projection errors of reference points onto
the image plane by aligning 2D-3D correspondences
during feature sampling. To further address global
misalignment during BEV-level fusion of LiDAR and
camera features, we introduce GlobalAlign-v2 module.
This module encodes both the projected LiDAR-to-
camera depth and the neighborhood depth through
dual-stream encoding to generate a reliable depth rep-
resentation. It then dynamically estimates spatial off-
sets to align heterogeneous BEV features from the two
modalities. Overall, the corresponding baselines, tasks,
and datasets for LocalAlign-v2 and GlobalAlign-v2 are
summarized in Table 1.

We evaluate GraphBEV++ on the nuScenes [0],
Waymo subset [141], and Argoverse 2 [159] bench-
mark for 3D object detection. Experimental results
show that GraphBEV++ achieves state-of-the-art per-
formance in clean settings and improves mAP by 8.3%
over BEVFusion under the misaligned noise setting
proposed by Dong et al. [28]. In addition to percep-
tion tasks, we also investigate feature misalignment in
end-to-end autonomous driving, where projection er-
rors not only compromise perception quality but also
jeopardize the stability and safety of the entire driv-
ing system. We conduct comprehensive evaluations on
the nuScenes dataset under extrinsic perturbation set-
tings, using UniAD [19], FusionAD [175], VAD [62], Mo-
mAD [130], and WoTE [85] as baselines. Furthermore,
we perform closed-loop evaluations on Bench2Drive [60]
and NAVSIM [25], demonstrating the effectiveness and
generalizability of our multi-modal fusion strategy in
both perception and planning pipelines. We believe that
addressing misalignment issues is crucial for mitigating
the detrimental impact on multi-modal end-to-end au-
tonomous driving systems.

In summary, the main contributions of this study
are as follows.

1. We propose a robust multi-modal fusion framework,
named GraphBEV++4, to address feature mis-
alignment arising from projection errors between
different sensors. Our framework extends beyond 3D
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object detection—its original focus—towards more
comprehensive autonomous driving tasks, including
end-to-end prediction and planning.

2. By thoroughly analyzing the root causes of feature
misalignment, we design LocalAlign-v2 to miti-
gate local misalignment caused by imprecise depth
estimation, and GlobalAlign-v2 to correct global
misalignment between different BEV features.

3. Extensive experiments validate the effectiveness of
GraphBEV 4+, demonstrating competitive per-
formance on nuScenes, Waymo subset and Argo-
verse2 dataset, and at the close-loop settings for
the datasets Bench2Drive and NAVSIM. Notably,
GraphBEV++ effectively mitigates feature mis-
alignment on the nuScenes dataset for both 3D ob-
ject detection and end-to-end autonomous driving
tasks, improving long-range detection performance
on Argoverse2.

This work’s preliminary version of GraphBEV [137]
was presented at ECCV 2024. Compared to our previ-
ous conference version [137], this paper introduces the
following substantial improvements in both methodol-
ogy and task scope.

1. Module-wise Upgrades. We extend the origi-
nal GraphBEV by proposing four alignment vari-
ants: LocalAlign-v2 (LSS), LocalAlign-v2 (Query),
GlobalAlign-v2 (Deformable), and GlobalAlign-
v2 (Diffusion). Specifically, LocalAlign-v2 gen-
eralizes the neighbor-based alignment strategy
to support both LSS- and query-based BEV
paradigms, thereby addressing query-feature mis-
alignment and enabling flexible neighbor retrieval
across architectures like BEVDepth and BEV-
Former. GlobalAlign-v2 incorporates deformable at-
tention and a diffusion-based denoising mechanism,
which simulates BEV noise and refines feature align-
ment through reverse diffusion, demonstrating im-
proved robustness.

2. Task-wise Extension. Beyond 3D object detec-
tion and segmentation, GraphBEV++ is extended
to support a full-stack end-to-end autonomous driv-
ing pipeline, covering perception, mapping, predic-
tion, and planning. We introduce modality-specific
alignment strategies for LiDAR-camera and radar-
camera pairs, accounting for their inherent dispar-
ities in resolution, semantics, and spatial coverage.
This design emphasizes the critical role of alignment
in downstream driving decisions.

3. Comprehensive Evaluation. Compared with the
six tasks reported in the original GraphBEV,
GraphBEV++ includes 19 benchmarks across di-
verse tasks: 3D object detection, multi-object track-

ing, online mapping, occupancy prediction, motion
forecasting, and planning trajectory prediction. We
introduce radar-camera fusion, expand evaluations
to Waymo and Argoverse datasets, and investigate
misalignment effects in BEVFormer. For end-to-
end driving, both open-loop (nuScenes) and closed-
loop scenarios (NAVSIM, Bench2Drive) are covered.
These extensive evaluations validate the robustness
and generalizability of GraphBEV++, while offer-
ing valuable resources to the research community for
benchmarking multi-modal alignment and planning
systems.

2 Related Work
2.1 LiDAR-based 3D Object Detection

LiDAR-based 3D object detection methods can be
categorized into three primary types based on point
cloud representation: Point-based, Voxel-based, and
PV-based (Point-Voxel). Point-based methods [90, 121,
,123,1206] extend PointNet’s [122,123] principle, di-
rectly processing raw point clouds with stacked Multi-
Layer Perceptrons (MLPs) to extract point features.
VoxelNet [194] is innovated by partitioning raw point
clouds into uniform voxel grids. Voxel-based meth-
ods [194,26,167,16,150] typically convert point clouds
into voxels and apply 3D sparse convolutions for voxel
feature extraction. In addition, PointPillars [74] con-
verts irregular raw point clouds into pillars and encodes
them on a 2D backbone, achieving a very high FPS.
Some Voxel-based methods [12,112,31] further exploit
Transformers [146] post-voxelization to capture long-
range voxel relationships. PV-based methods [136,109,
,125,174] combine voxel and point-based strategies
and extract features from point clouds’ diverse repre-
sentations using both approaches, achieving higher ac-
curacy albeit with increased computational demand.

2.2 Camera-based 3D Object Detection

Camera-based 3D object detection methods have
gained increasing attention in academia and indus-
try, mainly due to the significantly lower cost of cam-
era sensors compared to LiDAR [133]. Early meth-
ods [5,164,128] have focused on augmenting 2D ob-
ject detectors with additional 3D bounding box re-
gression heads. Current camera-based methods have
rapidly evolved since LSS [120] introduced the con-
cept of unifying multi-view information onto a BEV
through “Lift and splat”. LSS-based methods [120,84,
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82,117,170,169] like BEVDepth [31] extract 2D fea-
tures from multi-view images and provide effective
depth supervision via LiDAR-to-camera projections be-
fore unifying multi-view features onto the BEV. Sub-
sequent works [82,117] have introduced multi-view
stereo techniques to improve depth estimation accu-
racy and achieve SOTA (state-of-the-art) performance.
Additionally, inspired by the success of transformer-
based architectures such as DETR [10] and Deformable
DETR [196] in 2D detection, transformer-based detec-
tors have emerged for 3D object detection. Following
DETR3D [155], some methods design a set of object
queries [64,103,104] or BEV grid queries [91, 168], then
perform view transformation through cross-attention
between queries and image features.

2.3 Multi-modal 3D Object Detection

Multi-modal 3D object detection refers to using data
features from different sensors and integrating these
features to achieve complementarity, thus enabling
the detection of 3D objects. Previous multi-modal
methods can be coarsely classified into three types,
i.e., point-level, feature-level, and BEV-based meth-
ods. Point-level methods [129,147,50,106,148,177] and
feature-level methods [139,19,2,18,135,131,187] typi-
cally leverage image features to augment LiDAR points
or 3D object proposals. BEV-based methods [108,94,
39,8,132] efficiently unify the representations of LIDAR
and camera into BEV space. Although BEVFusion [108,
94] achieve high performance, they are typically tested
on clean datasets like nuScenes [0], overlooking real-
world complexities, especially feature misalignment,
which hampers their applications.

2.4 3D Occupancy Prediction

3D occupancy prediction has emerged as a promis-
ing paradigm for holistic scene understanding in au-
tonomous driving, as it provides a unified representa-
tion of geometry and semantics in 3D space [9,191,
52,190]. Existing methods have explored diverse scene
representations for occupancy estimation, ranging from
dense voxel grids [9,87,190] to more efficient struc-
tures such as Tri-Perspective View (TPV) [52], 3D
Gaussians [53], point-based representations [199], and
fully sparse occupancy frameworks [100]. In parallel,
large-scale benchmarks and comprehensive occupancy
frameworks have been developed to advance occupancy
perception in real-world autonomous driving scenar-
ios [145,154,38]. Gan et al.[38] present a comprehen-
siwe framework for 3D occupancy estimation, which re-

veals several key components for 3D occupancy estima-
tion, such as network design, optimization, and eval-
wation. SparseOcc [100] introduces a fully sparse oc-
cupancy framework for efficient 3D scene understand-
ing. These advances have significantly improved the ac-
curacy and efficiency of 3D scene representation and
understanding. Despite these successes, feature mis-
alignment remains an underexplored challenge in occu-
pancy prediction. Since occupancy estimation relies on
multi-view feature projection and aggregation, inaccu-
rate geometric alignment may directly affect occupancy
quality. Although GraphBEV++ is designed for multi-
modal 3D object detection, the proposed LocalAlign-v2
and GlobalAlign-v2 modules provide a general align-
ment mechanism that could potentially benefit occu-
pancy prediction tasks. Exploring robust feature align-
ment for occupancy estimation is an interesting direc-
tion for future research.

2.5 End-to-end Autonomous Driving

Recent works in autonomous driving have shifted to-
wards exploring end-to-end tasks [12]. These works [49,
175,142,62,14,58,173] are now designed to execute in-
tegrated tasks encompassing perception, prediction,
and planning, spanning the entire process from scene
perception to ego-planning. The advantage of end-to-
end autonomous driving lies in its ability to provide
interpretable intermediate results and avoids local op-
tima by considering the system holistically, leading to
significant breakthroughs in planning tasks [12]. How-
ever, most studies rely on a single modality (especially
cameras) and ignore the impact of extrinsic calibration
changes causing feature misalignment, which can dis-
rupt end-to-end tasks. To address this, we propose the
multi-modal end-to-end framework GraphBEV++ that
improves feature alignment through graph matching,
enhancing its robustness in real-world scenarios and of-
fering significant potential for the future deployment of
end-to-end autonomous driving systems.

3 Method

To address the challenge of feature misalignment in au-
tonomous driving tasks [108,94,19], we propose a ro-
bust multi-modal fusion framework, GraphBEV++, de-
signed for both 3D object detection and end-to-end
autonomous driving. GraphBEV-++ is highly exten-
sible and supports both Lift-Splat-Shoot (LSS)-based
and query-based BEV representations, effectively mit-
igating feature misalignment across modalities. The
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overall architecture for end-to-end autonomous driv-
ing is illustrated in Figure 2. GraphBEV++ takes in-
puts from multiple sensors, including LiDAR and cam-
eras, and extracts modality-specific features using ded-
icated encoders. We design the LocalAlign-v2 module
to transform image features into the BEV space, al-
leviating local misalignment caused by projection er-
rors between LiDAR and camera in conventional BEV
fusion frameworks [108,94]. Additionally, we introduce
the GlobalAlign-v2 module to further correct global
misalignment between LiDAR and camera BEV fea-
tures during the fusion process.

3.1 LocalAlign-v2

LocalAlign-v2 is designed to address local misalignment
caused by projection discrepancies between heteroge-
neous sensors. It is compatible with various BEV repre-
sentations, including both LSS-based and query-based
paradigms. In the following, we present the details of
LocalAlign-v2 (LSS) and LocalAlign-v2 (Query),
as shown in Figure 3 and Figure 4, respectively.

3.1.1 LocalAlign-v2 (LSS)

To facilitate the transformation of camera features into
BEV features, the LSS-based methods like BEVFu-
sion [108,94] leverage LiDAR-to-camera to provide pro-
jected depth, thereby enabling the fusion of depth and
image features. In the process of camera-to-BEV, the
methods like BEVFusion [108,94] operate under the
assumption that the depth information provided by
LiDAR-to-camera projection is accurate and reliable.
However, they overlook the complexities inherent in
real-world scenarios, where most of projection matri-
ces between LiDAR and cameras are calibrated manu-
ally. Such calibration inevitably introduces projection
errors, leading to depth misalignment—where the
depths of surrounding neighbors are projected as the
pixel’s depth. This depth misalignment results in inac-
curacies within the depth features, causing local mis-
alignment during multi-view transformation into BEV
representations. It underscores the challenges of ensur-
ing precise depth estimation within BEVFusion [108]
and highlights the importance of robust methods to ad-
dress projection errors.

Therefore, we propose a LocalAlign-v2 (LSS)
module to address local misalignment, with its
pipeline depicted in Figure 3. Specifically, LiDAR-to-
camera provides projected depth, defined as Dg €
RBsXNexXIXHXW " where Bg represents the batch size,
N¢ denotes the number of multi-views (six in the case of
nuScenes), and H and W are the height and the width

Algorithm 1: Graph for Finding Neighbors

Input:
The indices of the projected pixels
MCoords € RNPXQ-
Hyper-parameter: Number of neighbors Kgraph = 8.
Output: Neighbors Mg, ., € RNPXKarapnX2,
1 while LocalAlign-v2 do
Function KD-Tree (Mcoords, Mcoordsis Kgraph)
Compute the Euclidean distance between
MCoordsi and MCoords
Indices = argsort(distances)
return Mcoords[l : Kgraph]
fori:=1...Np do
Neighbors = KD-Tree(Mcoords, McCoordsis
Kgraph)
Mcooras; = Neighbors
9 end
10 end

w N

N 0 oo

w

of images, respectively. The projection from LiDAR-
to-camera maps 3D point clouds onto an image plane,
from which we can obtain the indices of the projected
pixels, defined as Mcooras € RVP*2, where Np refers to
the number of points projected onto pixels, and 2 rep-
resents the pixel coordinates (u, v) as illustrated below.

P,
Y P,

Ze | v :hIC[RT} Py , (1)
1 12

where P, P,, P, denote the LiDAR point’s 3D loca-
tion, (u,v) denotes the corresponding 2D location, and
z. represents the depth of its projection on the image
plane, I denotes the camera intrinsic parameter, R and
T denote the rotation and the translation of the LiDAR
with respect to the camera reference system, and h de-
notes the scale factor due to down-sampling.

We employ the KD-Tree algorithm to obtain the
indices of the projected pixels’ neighbors, defined as
Mk qporae € RNPXKeranX2where Kgpapn denotes the
number of neighbors for each projected pixel. The pro-
cess is outlined in Algorithm (1). It is worth noting
that we simplify the process of the KD-Tree algo-
rithm, and the code can be referred to scipy'. Then,
we obtain the surrounding neighbor depth Dy €
RBsXNoXKgrapn X HXW Yyy ipndexing Dg with Mcoords-
Then, Dg and Dpg simultaneously enter the Dual
Transform module for deep feature encoding. The
shapes of Dg and Dg are respectively modified to
[BS X Nc, 1, H, W] and [BS X Nc, Kgrapha H, W] before
being fed into the Dual Transform module. This module
comprises straightforward components, including con-

! https://github.com/minrk/scipy-1/blob/master/
scipy/spatial/ckdtree.c
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tures obtained via KD-Tree—based nearest-neighbor search to
refine LiDAR-to-camera projections.

volutional layers, Batch Normalization, and ReLU ac-
tivations, as illustrated in Figure 3. The outcome of
this process is the Dual Depth feature, denoted as Dgx,
and its shape is [Bs x N¢, Csk, & T8 W1, The camera En-
coder outputs multi-scale image features from the FPN,
including Foam. € R(BsxNo)xCoam X5 X% for richer se-
mantic information and another at a reduced resolution

BEV Queries

Dual Transfnrrln

.
BEV Queries
K-1
K
BEV Queries

BEV Queries

Fig. 4 Overview of the LocalAlign-v2 (Query) pipeline.
The LocalAlign-v2 (Query) module addresses projection-
induced local misalignment in query-based BEV representa-
tions. It refines the image-to-BEV transformation by leverag-
ing adjacent BEV query features, with neighborhood relations
established via KD-Tree.

of 5 % We opt to utilize the feature with the reso-
lutlo 3 % due to its more comprehensive semantic
content.

We then design DepthNet model as illustrated in
the right upper corner of Figure 3, where Fgan,. and
Dgk are fed into DepthNet to fuse depth features with
multi-view camera features. Initially, Fam,. and Dgk
are concatenated, followed by processing through three
sets of CBR-module (see Figure 3) compromising a
2D convolution layer with Batch Normalization and
ReLU activations. This results in the generation of a
new depth-aware camera feature, denoted as Fpc €
R(BsxNe)xCpex g x5 Subsequently, Fpg is split along



Ziying Song! et al.

the Cpc dimension into two new features: a mnovel
depth feature, define as Fp € RBsxNe)xCoxgxig
and a novel image context feature, define as Fo €
R(BsxNo)xCox x5 Tpg important to note that Cpc
= Cb +C b, indicating the division of the combined fea-
ture space into distinct depth and image feature compo-
nents. Subsequently, Fp issub jected to a softmax oper-
ation and then multiplied with FAC7 resulting in a novel
image feature with depth information, represented as
Fpo € RBsxNe)xCoxCpxgxig Finally, adopting op-
erations consistent with LSS [120] and BEVDepth [34],
we utilize pre-generated 3D spatial coordinates and
Fpe with BEV Pooling to output the camera BEV fea-
ture, thereby completing the camera-to-BEV transfor-
mation, and finally outputs the camera BEV feature,
define as F§ € RBsxCoxHpxWp,

3.1.2 LocalAlign-v2 (Query)

Following our discussion of how LocalAlign-v2 (LSS)
addresses feature misalignment in LSS-based BEV rep-
resentations such as BEVDepth and BEVFusion, we
now turn to LocalAlign-v2 (Query), which focuses
on aligning BEV features in query-based architec-
tures like BEVFormer. Although the underlying mech-
anisms for BEV generation differ between these two
paradigms, the core idea of mitigating feature misalign-
ment through neighborhood-aware alignment remains
consistent.

As illustrated in Figure 4, BEVFormer first sam-
ples 3D query points P95 € RBs*NrX3 and initializes
them as BEV queries Qppy € RPs*XNrXC These query
points are projected onto the corresponding images to
obtain their 2D coordinates P35 € RBs*Nrx2 which
are then used in deformable attention to extract im-
age features for BEV construction. However, due to in-
evitable projection matrix errors in real-world settings,
these 2D coordinates are often inaccurate, leading to
misalignment between the sampled image features and
their true semantic counterparts.

To address this issue, LocalAlign-v2 (Query) in-
troduces a neighborhood-based correction mechanism.
For each BEV query, it identifies K neighboring BEV
queries Qg%g‘f bor ¢ RBsxKxNpxC haged on proximity
in the image plane. These neighbors, along with the
original BEV query, are fed into a dual-transform mod-
ule that leverages a self-attention mechanism to adap-
tively fuse information from the local neighborhood.
This process enhances the robustness and alignment of
BEV features by compensating for projection-induced
errors.

The significance of LocalAlign-v2 (Query) lies in its
ability to generalize feature alignment to the query-

based BEV paradigm, which is inherently more sen-
sitive to calibration errors due to its reliance on ref-
erence point projections. By introducing a principled
and learnable neighborhood-based correction mecha-
nism, GraphBEV++ (Query) effectively extends our
framework’s applicability from dense BEV fusion meth-
ods to sparse, query-driven architectures. This ensures
that GraphBEV++ not only maintains compatibility
with a broader class of BEV-based perception systems
but also enhances their resilience to real-world mis-
alignment, thereby improving downstream tasks such
as detection, prediction, and planning in end-to-end au-
tonomous driving.

3.1.8 Adaptive KNN for Efficient LocalAlign-v2

Feature misalignment across modalities varies with the
spatial scale and location of objects. We observe that
large, nearby objects are generally more robust to lo-
cal misalignment, whereas small or distant objects are
more sensitive to projection-induced noise. The original
GraphBEV adopts a fixed number of neighbors K in
the LocalAlign module, which fails to account for such
discrepancies. Applying a uniform K across all points
leads to redundant computation for well-aligned regions
and may result in overfitting uninformative areas.

To address this limitation, we introduce an Adap-
tive KNNN mechanism that dynamically determines
the number of neighbors K; for each projected point.
This allows LocalAlign-v2 to focus more effectively on
regions prone to misalignment while improving compu-
tational efficiency.

During training, where ground-truth 3D bounding
boxes are available, we use object size as a proxy for
alignment difficulty. For each projected point i, we com-
pute its associated object’s scale size; as the average
of the bounding box’s length, width, and height. The
number of neighbors K; is then determined by:

. Y
Ki =cl . Kmin7 Km X 2
, 01p<sizei+6 ) @)

where 7 is a scaling factor, € prevents division by zero,
and clip(-) constrains K; to a reasonable range (e.g.,
[4,16]). This rule ensures smaller or thinner objects re-
ceive more neighbors for better alignment, while large,
well-perceived objects require fewer.

During inference, ground-truth labels are unavail-
able. Instead, we use the depth value z.; of each pro-
jected point, obtained via LiDAR-to-camera projection,
as an indirect indicator of alignment difficulty. The
neighbor count is then computed as:

Ki = Chp (Kmin + a - lOg(l =+ Zcﬂ'), Kmin7 Kmax) (3)
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Grid Sample]—'[ Deform Weightl

Fig. 5 The overview of GlobalAlign-v2 (Deformable)
pipeline. The GlobalAlign-v2 (Deformable) module addresses
the issue of LSS-based multi-modal BEV feature misalign-
ment. During training, we add offset noise to simulate the
global misalignment problem in camera and LiDAR BEV fea-
tures. It is supervised through a simple CBR-module to learn
the offsets of camera BEV features. We do not introduce noise
during testing and employ learnable offsets for forward infer-
ence.

Here, a controls the sensitivity of K; to depth. This
depth-aware adaptation increases the receptive field
for distant or uncertain points, improving robustness
without incurring significant overhead.

Overall, the Adaptive KNN strategy offers three key
benefits. First, it improves efficiency by avoiding un-
necessary computation for well-aligned regions. Second,
it enhances robustness by allocating more context to
points prone to misalignment. Third, it introduces no
additional network parameters and can be seamlessly
integrated into standard KNN-based neighbor search
pipelines. This approach is also backbone-agnostic,
making it compatible with both LSS-based and query-
based BEV representations within the LocalAlign-v2
framework.

3.2 GlobalAlign-v2

GlobalAlign-v2 addresses the problem of global feature
misalignment in multi-modal BEV fusion. It comprises
two main variants: GlobalAlign-v2 (Deformable),
as illustrated in Figure 5, and GlobalAlign-v2 (Dif-
fusion), as shown in Figure 6. The Deformable vari-
ant is designed for explicit multi-modal BEV represen-
tations (e.g., BEVFusion), utilizing deformable convo-
lutions for feature alignment. In contrast, the Diffu-
sion variant targets implicit BEV representations (e.g.,
BEVFormer), and employs a multi-step diffusion-based
denoising process to achieve more robust global align-
ment.

3.2.1 GlobalAlign-v2 (Deformable)

In the real world, feature misalignment is inevitable
due to calibration matrix discrepancies between LiDAR
and camera sensors. Although LocalAlign-v2 module

Forward Diffusion Process

MM BEV Gussian Noisy
@] < features + noise MM Fvm Fnm,r
F, eo~ N(0,0%) F Fr, Fr
= +Ja MM =
Fyug=va - Fg¥ +vV1-a;-€, e~N(0,I)

Reverse Denoising Process

¥ Learned denoised Noisy
NM, T MM feature MM Fvm

Fr ﬁ'o F; 1 KFt Fy

FUM — Dy(F yprs,t)

Fig. 6 The overview of GlobalAlign-v2 (Diffusion)
pipeline. The GlobalAlign-v2 (Diffusion) module tackles the
challenge of global misalignment in query-based multi-modal
BEV representations. By treating global misalignment as a
form of diffusion noise, the model progressively denoises noisy
BEV features to recover robust and well-aligned representa-
tions.

Fym-r

mitigates the local misalignment issue in the camera-
to-BEV process, deviations may still exist in camera-
BEV features. During LiDAR-camera BEV fusion, de-
spite being in the same spatial domain, inaccuracies
in depth lead to global misalignment from the view
transformer and overlooking of global offsets between
LiDAR and camera BEV features. To tackle the global
misalignment issue described above, we introduce the
GlobalAlign-v2 (Deformable) module, employing learn-
able offsets to achieve the alignment of global multi-
modal BEV features. As shown in Figure 5, we use
clean datasets such as nuScenes [6] for training, which
exhibit minimal deviations that can be considered neg-
ligible. The supervised information is derived from the
features obtained after the fusion and convolution of
LiDAR and camera BEV features. During training, we
introduce global offset noise and employ learnable off-
sets. In the LiDAR branch, the LiDAR feature is flat-
tened along the Z-axis to form the LIDAR BEV feature,
defined as Fy € RBsxCxHexWs Titially, we concate-
nate F'L and F§ to obtain a fused BEV feature, denoted
as FMM ¢ RB*(Co+CL)xHpxWs  Guhsequently, FMM
undergoes a convolution operation, resulting in a new
fused feature, denoted as Fg € RBsXCrxHsxWs  No-
tably, Fp will be utilized as a supervision signal during
the training process.

As shown in Figure 5, we introduce random offset
noise to the camera dimension of FA to obtain a new
noisy feature F¥M e RBsx(Co+CL)xHaxWs gimylat-
ing the global misalignment issue originating from cam-
era BEV features. Notably, the LIDAR BEV feature is
directly flattened, thus more accurate. Then, FA/M is
input into the MM-Align module for global offset learn-
ing. FMM is processed through the CBR-module with
basic convolution operations to learn offsets, defined as
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FO ¢ RBs*2xHpxWb here 2 corresponds to the offset
coordinates (u,v). Subsequently, LIDAR BEV features
Fk and F© undergo grid sampling to generate new de-
form weights, defined as Fi € RBsxCLxHpxWs  The
purpose of grid sampling is to utilize offsets for spatial
transformation of LIDAR BEV feature F%, with learn-
able shifts dynamically adjusting to capture spatial de-
pendencies more flexibly than standard convolution op-
erations. Afterward, F§ is multiplied by LIDAR BEV
features F5 to dynamically adjust features, followed
by standard convolution operations through the CBR-
module, culminating in the output Deform BEV defined
as FE € RBsxCrxHsxWs  Finally, during training, we
supervise F£ using Fg previously mentioned, and em-
ploy the Lajign for supervision as follows.

LA
Latign = > (F; — FR,)?, (4)
=1

where Ngp = Bgx Hp xWp represents the total number
of elements, and Fp; and Fp ;, denote the value of the
ith element in Fg and F "D respectively. This formula
calculates the mean of the squared differences between
corresponding positions in the two feature maps, serv-
ing as the loss.

3.2.2 GlobalAlign-v2 (Diffusion)

Query-based multi-modal BEV representations are
inherently implicit, rendering it infeasible to apply
GlobalAlign-v2 (Deformable), as depicted in Figure 6,
for explicit global misalignment correction. To over-
come this limitation, we introduce GlobalAlign-v2 (Dif-
fusion), a diffusion-based framework specifically de-
signed to address global misalignment in query-based
BEV representations. Unlike traditional offset learn-
ing approaches with fixed noise injection, the proposed
method leverages a progressive and learnable denoising
process, enabling more effective modeling of the com-
plex spatial misalignment patterns inherent to multi-
modal fusion. Unlike conventional image-generation
diffusion models, GlobalAlign-v2 (Diffusion) performs
lightweight feature-level alignment on compact BEV
representations. We adopt 7' = 4 throughout all ex-
periments to achieve a favorable trade-off between ro-
bustness and efficiency.

It is worth noting that GlobalAlign-v2 (Diffusion)
shares the same alignment objective as GlobalAlign-v2
(Deformable): both aim to estimate and compensate
for global feature misalignment through spatial cor-
rection. The key difference lies in how the correction
is performed. GlobalAlign-v2 (Deformable) adopts a

one-shot alignment strategy that directly predicts spa-
tial offsets from the current BEV representation, which
is effective when misalignment can be explicitly ob-
served in dense BEV features. However, query-based
BEV representations encode spatial information im-
plicitly within latent query embeddings, making global
misalignment difficult to directly model using explicit
offset prediction. Simply stacking multiple deformable
alignment layers only increases network depth while
still relying on deterministic offset estimation. In con-
trast, GlobalAlign-v2 (Diffusion) reformulates global
alignment as a progressive denoising process. By grad-
ually injecting and removing misalignment noise, the
model performs multi-step offset refinement rather than
a single offset prediction. Therefore, the proposed diffu-
sion framework can be viewed as a generalized iterative
alignment mechanism that extends deformable align-
ment to implicit query-based BEV representations.

As shown in Figure 6, we inject random offset noise
into the camera BEV features to simulate global mis-
alignment, denoted as:
FJJ\\,{S/I:FJJBMM—FEO, €0 ~ N(0,03), (5)
where FA™ is the clean fused BEV feature, and ¢
represents initial Gaussian noise with variance o3.

We then apply a forward diffusion process over T
discrete time steps, gradually adding noise according
to a predefined schedule {3;}_;, producing a series of
noisy features { F/} }/_ . This process models the pro-
gressive corruption of BEV features by global misalign-
ment noise.

The core of our strategy lies in training a neural
network Dy to learn the reverse denoising process:

which estimates the clean fused BEV feature EFA/M
from a noisy input FAM at any diffusion step t. Here,
Dy adopts a similar architecture to the original MM-
Align module of GlobalAlign-v2 (Deformable) but is
enhanced to condition on the diffusion timestep and
progressively remove noise.

At each reverse step, the denoised feature ]3'}3‘4 M g
used to predict spatial offsets F©, which in turn guide
the grid sampling operation applied on LiDAR BEV
features F'5 to obtain deformable aligned features:

Y, = GridSample(F§, FP), FE,=Fp, 0 Fg, (7)
where ® denotes element-wise multiplication. This iter-

ative correction allows the model to refine global align-
ment in a noise-adaptive manner.



GraphBEV++: Multi-Modal Feature Alignment for Autonomous Driving 11

We optimize the diffusion model parameters 6 by
minimizing a combination of reconstruction loss and
denoising score matching loss across all diffusion steps:

Laig = By pponr , [ F5™ _D9(FJJ\\7{5\4J>H2' (8)

By integrating diffusion-based denoising into the
global alignment module, our approach models com-
plex and varying global misalignments in a progressive
manner, leading to more accurate multi-modal fusion.

Conceptually, the proposed diffusion framework dif-
fers from a deeper or recurrent alignment network in
that the denoising trajectory explicitly models the dis-
tribution of global misalignment noise. Rather than re-
peatedly applying the same alignment operator, the
model learns to recover clean BEV representations
from progressively corrupted states, enabling adaptive
correction under different levels of global misalign-
ment. Consequently, diffusion-based alignment provides
a more robust solution for query-based BEV represen-
tations, where misalignment is implicitly encoded and
difficult to correct using conventional deformable align-
ment alone.

3.3 3D Object Detection (3DOD)

To comprehensively validate the effectiveness of our
method in addressing feature misalignment in 3D ob-
ject detection, we design and evaluate our approach
across multiple multi-modal fusion scenarios, including
both LIDAR-Camera and Radar-Camera combina-
tions.

LiDAR-Camera Fusion. We consider two main-
stream BEV construction paradigms:

— LSS-based: We integrate our alignment mod-
ules into two representative LSS-based frameworks:
UniTR [119] and BEVFusion [108].

— Query-based: We apply our method to
BEVFormer-M [92], which adopts implicit BEV
queries for BEV feature construction.

Radar-Camera Fusion. We further validate the gen-
erality of our approach by incorporating it into radar-
camera fusion. Specifically, we adopt the LSS-based
framework HVDetFusion [75] as the baseline for evalu-
ation.Unlike LiDAR, Radar measurements are sparse
and contain limited elevation information. Neverthe-
less, LocalAlign-v2 relies on local geometric neighbor-
hood consistency rather than dense depth estimation.
Therefore, the same KD-Tree-based neighborhood con-
struction can be directly applied to projected Radar
observations, enabling robust alignment under Radar-
Camera fusion.

3.4 3D Occupancy Prediction (3DOP)

To further investigate the applicability of feature align-
ment beyond 3D object detection, we extend Graph-
BEV++ to the 3D occupancy estimation task,
where feature misalignment remains a critical challenge
due to the reliance on multi-view geometric projection
and feature aggregation.

We conduct experiments based on GaussianFormer-
T [53], a representative query-based occupancy frame-
work. Since GaussianFormer adopts a BEVFormer-style
query paradigm for occupancy prediction, we integrate
our GraphBEV++ (Query) variant into the frame-
work. This setting enables us to evaluate whether the
proposed LocalAlign-v2 and GlobalAlign-v2 modules
can effectively improve feature alignment quality and
enhance occupancy perception under complex driving
scenarios.

3.5 End-to-End Autonomous Driving (E2E-AD)

Feature misalignment permeates the entirety of au-
tonomous driving tasks, adversely affecting not only
perception performance but also influencing down-
stream components such as motion prediction and plan-
ning. We are the first article dedicated to resolving mis-
alignment issues within the end-to-end framework. To
further demonstrate the scalability and generalizability
of our approach, we extend GraphBEV++—originally
designed for 3D object detection—into a unified end-
to-end autonomous driving framework. This extension
simultaneously enhances the performance of scene per-
ception, motion forecasting, and ego-planning modules.

Our method is applicable to a wide range of
BEV-based end-to-end driving systems, including
UniAD [19], FusionAD [175], VAD [62], MomAD [130],
and WoTE [35]. Specifically, for vision-only BEV
frameworks such as UniAD [19], VAD [62], and Mo-
mAD [130], we adopt the LocalAlign-v2 (Query) mod-
ule to mitigate local misalignment. For multi-modal
BEV systems like FusionAD [175] and WoTE [85], we
employ both LocalAlign-v2 (Query) and the proposed
GlobalAlign-v2 (Diffusion) to address both local and
global misalignments across modalities.

In summary, the alignment strategy introduced in
GraphBEV++ exhibits strong extensibility and robust-
ness, making it well-suited for a diverse set of percep-
tion and planning tasks within modern end-to-end au-
tonomous driving pipelines.
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4 Experiments
4.1 Datasets

Bench2Drive (E2E-AD). We conduct training and
evaluation of GraphBEV++ on Bench2Drive [60], a
closed-loop evaluation protocol based on the CARLA
Leaderboard 2.0 [29] for E2E-AD. It provides a base
training set of 1000 clips, with 950 used for training
and 50 for open-loop validation. Each clip captures ap-
proximately 150 meters of continuous driving in a spe-
cific traffic scenario. For closed-loop evaluation, we use
the official 220 routes, covering 44 interactive scenarios
with 5 routes each.

NAVSIM (E2E-AD). We conduct training and eval-
uation of GraphBEV++ on NAVSIM [25] dataset.
NAVSIM is a real-world, planning-oriented dataset that
builds upon OpenScene [23], a compact redistribution
of nuPlan [7], the largest publicly available annotated
driving dataset. It leverages eight cameras to achieve
a full 360° field of view, along with a merged LiDAR
point cloud derived from five sensors. Annotations are
provided at 2 Hz and include both HD maps and object
bounding boxes. The dataset is specifically designed
to emphasize challenging driving scenarios involving
dynamic changes in driving intentions, while deliber-
ately excluding trivial cases such as stationary scenes
or constant-speed cruising.

NuScenes (E2E-AD&3DOD&3DOP). We con-
duct extensive open-loop experiments on the nuScenes
dataset [6], which consists of 1000 driving scenes (700
for training, 150 for validation and 150 for test). Each
scene lasts 20 seconds and includes around 40 key-
frames annotated at 2 Hz. Each sample contains six im-
ages from surround-view cameras (covering 360° FOV),
and point clouds from both LiDAR and radar sensors.
NuScenes-C (E2E-AD&3DOD). NuScenes-C [28]
is a corrupted benchmark derived from the nuScenes
validation set, introducing various types of noise to as-
sess the robustness of planning models. It includes 27
corruption types applied at 5 severity levels. To eval-
uate robustness under adverse weather conditions, we
select three representative weather corruptions — Rain,
Snow, and Fog — as our test scenarios. In addition, to
validate the robustness of feature alignment, we have
followed Ref. [28] to simulate misalignment caused by
LiDAR and camera projection errors. It is worth noting
that Ref. [28] only adds noise to the validation dataset,
rather than the train and test datasets. For the 3D de-
tection task, we use noise severity levels from 1 to 5 and
report the mean values. In the end-to-end autonomous
driving tasks, we use noise severity levels from 1 to 10,
with mean values reported.

Argoverse 2 (3DOD). We further conduct long-
range experiments on the recently released Argoverse
2 (AV2) dataset [159] to demonstrate the superiority of
our GraphBEV++ in long-range detection. AV2 has a
large-scale data, and it contains 1000 sequences in total,
700 for training, 150 for validation, and 150 for testing.
In addition to average precision (AP), AV2 adopts a
composite score as an evaluation metric, which takes
both AP and localization errors into account. The per-
ception range in AV2 is 200 meters (cover area of 400m
x 400m). We test on the AV2 dataset due to its exten-
sive range of long-distance scenarios, where the issue
of feature misalignment intensifies with increasing dis-
tance.

Waymo and Waymo-C (3DOD). Waymo Open
dataset (WOD) [141] is a well-known benchmark for
large-scale outdoor 3D perception, comprising 1150
scenes which are divided into 798 scenes for training,
202 scenes for validation, and 150 scenes for testing.
Each scene includes about 200 frames, covering a per-
ception range of 150m x 150m. Similar to nuScenes-C,
Waymo-C [28] is constructed by applying all 27 corrup-
tions to the Waymo validation set with 5 severities.

4.2 Evaluation Metrics

Bench2Drive (E2E-AD). The Bench2Drive [60]
includes five metrics for closed-loop evaluation: Driving
Score (DS), Success Rate (SR), Efficiency, Comfortness,
and Multi-Ability. The Success Rate quantifies the pro-
portion of routes successfully completed within the al-
lotted time. The Driving Score follows CARLA [11], in-
corporating both route completion status and violation
penalties, where infractions reduce the score via dis-
count factors. Efficiency and Comfortness are used to
measure the speed performance and comfort of the au-
tonomous driving system during the driving process, re-
spectively. Multi-Ability measures 5 advanced skills, in-
cluding ‘Merging, Overtaking, Emergency Brake, Give
Way, and Traffic Sign’, independently for urban driving.
NAVSIM (E2E-AD). NAVSIM [25] benchmarks
planning performance using nonreactive simulations
and closed-loop metrics for comprehensive evaluation.
In this study, we employ the proposed PDM score
(PDMS) [25], which is a weighted combination of sev-
eral sub-scores: no at-fault collisions (NC), drivable
area compliance (DAC), time-to-collision (TTC), com-
fort (Comf.), and ego progress (EP).

NuScenes and NuScenes-C (3DOD). For object
detection on the nuScenes [6] and NuScenes-C [28]
dataset, evaluation metrics include mAP and the
nuScenes detection score (NDS). mAP is calculated by
averaging over the distance thresholds of 0.5m, 1m, 2m,
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and 4m across all categories. NDS is a weighted aver-
age of mAP and five other true positive metrics that
measure translation, scaling, orientation, velocity, and
attribute errors.

NuScenes and NuScenes-C (E2E-AD). For the
metrics of perception tasks, we use mAP and NDS
to evaluate the detection tasks, adopt Average Multi-
object Tracking Accuracy (AMOTA) and Average
Multi-object Tracking Precision (AMOTP) to evalu-
ate the tracking tasks, use intersection-over-union (IoU)
to evaluate the mapping tasks. To evaluate the predic-
tion and planning tasks, we adopt conventional metrics,
including End-to-end Prediction Accuracy (EPA), Av-
erage Displacement Error (ADE), Final Displacement
Error (FDE), and Miss Rate (MR) to evaluate the per-
formance of motion prediction. For future occupancy
prediction, we use the metrics Future Video Panoptic
Quality (VPQ) and IoU for near (30 x 30m) and far
(100 x 100m) range, following FIERY [15]. For plan-
ning evaluation, we adopt the commonly used L2 dis-
placement error (L2) and collision rate as the primary
metrics.

Argoverse 2 (3DOD). For object detection on the
Argoverse2 [159] dataset, mAP is adopted as the eval-
uation metric. We test on the AV2 dataset due to its
extensive range of long-distance scenarios, where the is-
sue of feature misalignment intensifies with increasing
distance.

Waymo and Waymo-C (3DOD). For evaluation
metrics, WOD [1411] employs 3D mean Average Pre-
cision (mAP) and mAP weighted by heading accuracy
(mAPH). Each object is divided into two difficulty lev-
els: L1 is for objects detected with more than five points
and L2 is for those at least one point. For Waymo-C,
the official evaluation metrics are mAP and mAPH by
taking the heading accuracy into consideration. We sim-
ilarly calculate the corruption robustness and relative
corruption error on Waymo-C.

NuScenes (3D Occupancy Prediction). For 3D se-
mantic occupancy prediction, we use the intersection-
over-union (IoU) of occupied voxels, regardless of their
semantic categories, as the evaluation metric for the
scene completion (SC) task. For the semantic scene
completion (SSC) task, we adopt the mean IoU (mIoU)
over all semantic classes:

TP

IoU =
U= TP FPT N

C
1 TP,
IoU = —
o C;ﬁﬂ+Fa+Fm’

(10)

where TP, FP, and FN denote the numbers of true
positives, false positives, and false negatives, respec-
tively, and C' is the total number of semantic classes.

4.3 Implementation Details

We implement GraphBEV++ within the Py-
Torch [118], built upon the open-source BEVFu-
sion [108] and OpenPCDet [144]. For the LiDAR
branch, feature encoding is performed using SEC-
OND [167] to obtain LiDAR BEV features, with voxel
dimensions set to [0.075m, 0.075m, 0.2m] and point
cloud ranges specified as [-54m, -54m, -5bm, 54m, 54m,
3m]| across the X, Y, and Z axes, respectively. The
camera branch employs a Swin Transformer [107] as
the backbone, integrating Heads of numbers 3, 6, 12,
24, and utilizing FPN [43] to fuse multi-scale feature
maps. The resolution of input images is adjusted and
cropped to 256 x 704. In the LSS [120] configuration,
frustum ranges are set with X coordinates [-54m, 54m,
0.3m], Y coordinates [-54m, 54m, 0.3m], Z coordinates
[-10m, 10m, 20m]|, and depth range [1m, 60m, 0.5m].

For occupancy prediction, the spatial range is set to
[-50 m, 50 m] along the X- and Y-axes and [—5m, 3 m]
along the Z-axis. The final occupancy volume has a res-
olution of 200 x 200 x 16 with a voxel size of 0.5m.
The input image resolution is 1600 x 900. The network
adopts a hierarchical architecture with M = 4 levels,
where skip connections are not applied at Level 0. For
the nuScenes dataset, we employ ResNet101-DCN [44,

] initialized with FCOS3D [153] pretrained weights
as the image backbone. The features from Stages 1-3
are processed by an FPN [97] to generate multi-scale
image features. The numbers of 2D-3D spatial atten-
tion layers are set to 1, 3, and 6 for the three levels,
respectively.

During training, we employ data augmentation for
ten epochs, including random flips, rotations (within
the range [—%, 7]), translations (with std=0.5), and
scaling in [0.9, 1.1] for LiDAR data enhancement. We
use CBGS [195] to resample the training data. Addi-
tionally, we use random rotation in [—5.4°, 5.4°] and
random resizing in [0.38, 0.55] to augment the images.
The Adam optimizer [73] is used with a one-cycle learn-
ing rate policy, setting the maximum learning rate to
0.001 and weight decay to 0.01. The batch size is 24,
and our training is conducted on 8 NVIDIA GeForce
RTX 3090 24G GPUs. During inference, we remove
Test Time Augmentation (TTA) data augmentation,
and the batch size is set to 1 on an A100 GPU. All la-
tency measurements are taken on the same workstation
with an A100 GPU.
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4.4 Comparisons with State-of-the-Art Methods
4.4.1 8D Object Detection

NuScenes (val). We first compare GraphBEV++
with recent SOTA methods on the nuScenes validation
set for 3D object detection, as shown in Table 2. Graph-
BEV++ achieves competitive performance under both
LSS-based and query-based BEV paradigms. Specifi-
cally, GraphBEV++ (LSS) obtains 70.7

Among the multi-modal methods, point-level ap-
proaches such as PointPainting [147], PointAugment-
ing [148], and MVP [177] directly augment LiDAR
points with image features, but they cannot explic-
itly handle feature misalignment in the BEV space.
Feature-level methods, including GraphAlign [135],
AutoAlignV2 [18], TransFusion [1], and DeeplInterac-
tion [171], alleviate cross-modal misalignment before
BEV construction, but they do not directly address the
misalignment introduced during the camera-to-BEV
transformation. In contrast, GraphBEV++ explicitly
models both local projection-induced misalignment and
global BEV-level misalignment, leading to more robust
multi-modal fusion.

It is also noteworthy that GraphBEV++ shows

clear advantages on several challenging object cate-
gories. For example, GraphBEV++ (Query) achieves
the best performance on Car, Truck, Barrier, Motor.,
and Ped., while GraphBEV++ (LSS) achieves the best
result on T.C. These improvements indicate that fea-
ture alignment is particularly beneficial for categories
that are sensitive to geometric projection errors and lo-
cal feature inconsistency. Furthermore, compared with
BEVFormer-M, GraphBEV++ (Query) improves mAP
from 71.2% to 71.4% and NDS from 73.2% to 73.4%,
confirming the compatibility of the proposed method
with query-based BEV architectures.
NuScenes (test). As shown in Table 2, GraphBEV++
(LSS) also achieves strong performance on the nuScenes
test set. Compared with BEVFusion-MIT [108], Graph-
BEV-++ improves mAP from 70.2% to 72.0% and NDS
from 72.9% to 74.0%, yielding gains of +1.8% mAP
and +1.1% NDS. Compared with the conference version
GraphBEV, GraphBEV++ improves mAP by +0.3%
and NDS by +0.4%, demonstrating that the upgraded
LocalAlign-v2 and GlobalAlign-v2 modules further en-
hance the detection capability.

Although the nuScenes test set contains relatively
clean sensor calibration, feature misalignment can still
occur due to projection noise, calibration deviation,
and depth estimation errors, as illustrated in Fig. 1(a).
By incorporating neighborhood-aware depth features
through KD-Tree search, GraphBEV++ effectively im-

proves the robustness of camera-to-BEV transforma-
tion. In particular, GraphBEV++ achieves the best re-
sults on Car, C.V., Ped., and T.C., and obtains second-
best performance on Bus and Trailer. These gains are
especially meaningful for small or structurally complex
objects, whose projected image features are more sen-
sitive to slight LiDAR-camera misalignment. Overall,
the test-set results verify that GraphBEV++ provides
a robust and generalizable feature alignment solution
for BEV-based multi-modal 3D object detection.

NuScenes-C. As shown in Table 3, we conduct com-
parative experiments under the nuScenes-C misalign-
ment noise setting, including SparseFusion, BEVFu-
sion, BEVFormer, and GraphBEV. BEVFusion suffers
a performance drop of 11.2% in mAP and 8.2% in NDS
when transitioning from the clean to the noisy set-
ting. Similarly, BEVFormer exhibits a drop of 10.8%
in mAP and 9.2% in NDS, highlighting the challenge of
feature misalignment. Moreover, GraphBEV++ (LSS)
and GraphBEV++ (Query) further reduce the perfor-
mance degradation to 2.0% and 3.2% mAP, respec-
tively. These results verify that GraphBEV++ not only
achieves better performance under clean conditions, but
also maintains high robustness in noisy, real-world sce-
narios. Although GraphBEV++ (LSS) shows a slightly
larger relative mAP drop than GraphBEV, it consis-
tently achieves higher performance under noisy con-
ditions, improving mAP from 69.1 to 69.3 and NDS
from 72.0 to 72.3. These results indicate that Graph-
BEV++ enhances the performance ceiling while pre-
serving strong robustness against feature misalignment.

As shown in Figure 7, we introduce varying levels of
misalignment noise into the BEV perception module to
evaluate its impact on end-to-end autonomous driving
performance. Both FusionAD and UniAD are tested un-
der two training settings: using clean data and employ-
ing misalignment-based data augmentation (RoarNet).
While the augmented models show improved robust-
ness under severe noise conditions, their performance
on clean test data noticeably degrades. This reveals
a trade-off: random data augmentation helps models
generalize under noise but lacks the capacity to accu-
rately simulate diverse real-world misalignment scenar-
ios. In contrast, our GraphBEV++ addresses the mis-
alignment problem at the algorithmic level, leading to
a more principled and effective solution.

NuScenes (Radar and Camera). As shown in Ta-
ble 4, we compare GraphBEV++ with existing radar-
camera fusion methods under both clean and noisy
settings. Compared with HVDetFusion [75], Graph-
BEV++ improves mAP from 45.1% to 45.9% under
clean settings and from 40.1% to 45.0% under noisy
settings. Notably, the improvement under noisy condi-
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Table 2 Comparison with the SOTA methods on the nuScenes validation and test set. ‘C.V.’, ‘Motor.’, ‘Ped.” and ‘T.C.’
are short for construction vehicles, motorcycles, pedestrians, and traffic cones. The Modality column: ‘L’ denotes LiDAR-only
input, while ‘L.C’ indicates the use of both LiDAR and camera data. T means using TTA (test-time augmentation). * denotes
the re-implementation. The best results are highlighted in bold, and the second-best results are indicated with underlining.

Method ‘ Venue ‘ Modality ‘ mAP NDS Car Truck C.V. Bus Trailer ~ Barrier  Motor.  Bike  Ped. T.C.
Performances on validation set

SparseBEV[15] TPAMI’26 C 43.2 54.5

Refine3D[76] AAAT26 C 53.9 62.4

DGFSD[186] MM’25 L 66.8 71.3 87.9 63.4 26.4 779 47.2 69.8 75.8 56.1 88.1 75.7
TransFusion-L [1] CVPR’22 L 65.1 70.1 86.5 59.6 25.4 74.4 42.2 74.1 72.1 56.0 86.6 74.1
FSDv2[32] TPAMI'24 L 64.7 70.4

DepthFusion[55] TMM’26 LC 71.2  74.0

HD-Fusion[(5] TII'26 LC 70.5 72.9 88.8 60.5 35.4 80.7 48.1 68.1 79.8 69.7 90.3 83.3
ObjectFusion [5] ICCV’23 LC 69.8 72.3 89.7 65.6 31.8 T 42.8 75.2 79.4 65.0 89.3 81.1
GraphBEV [137] ECCV’24 LC 70.1 72.9 89.9 64.7 31.1 76.0 43.8 76.0 80.1 67.5 89.2 82.2
BEVFormer-M [92] TPAMI’25 LC 7.2 73.2

BEVFormer-M* [92] TPAMI’25 LC 70.9 73.0 90.4 65.7 32.1 7.1 45.0 77.5 81.2 68.0 89.7 82.2
GraphBEV++4 (LSS) - LC 70.7 73.2 90.5 65.3 31.8 76.4 44.4 76.6 80.8 68.1 89.7 83.4
GraphBEV++ (Query) ‘ - ‘ LC ‘ 71.4 734 91.6 66.2 32.3 774 45.5 77.8 81.9 68.4 90.4 82.5

Performances on test set

OcRFDet[5] ICCV’25 C 57.2  64.8

PointPillars [71] CVPR’19 L 40.1 55.0 76.0 31.0 11.3 32.1 36.6 56.4 34.2 14.0 64.0 45.6
FSDv2[32] TPAMI'24 L 66.2 1.7 83.7 51.6 66.4 59.1 32.5 87.1 71.4 51.7 80.3 78.7
CenterPoint | ]f CVPR’21 L 60.3 67.3 85.2 53.5 20.0 63.6 56.0 71.1 59.5 30.7 84.6 78.4
PointPainting [147] CVPR’20 LC 46.4 58.1 77.9 35.8 15.8 36.2 37.3 60.2 41.5 24.1 73.3 62.4
PointAugmenting [ ]T CVPR21 LC 66.8 71.0 87.5 57.3 28.0 65.2 60.7 72.6 74.3 50.9 87.9 83.6
MVP [177] NeurIPS’21 LC 66.4 70.5 86.8 58.5 26.1 67.4 57.3 74.8 70.0 49.3 89.1 85.0
GraphAlign [135] 1CCVv’23 LC 66.5 70.6 87.6 57.7 26.1 66.2 57.8 74.1 72.5 49.0 87.2 86.3
AutoAlignV2 [15] ECCV’22 LC 68.4 72.4 87.0 59.0 33.1 69.3 59.3 - 72.9 52.1 87.6 -
TransFusion [1] CVPR’22 LC 68.9 7.7 87.1 60.0 33.1 68.3 60.8 78.1 73.6 52.9 88.4 86.7
DeeplInteraction [171] NeurIPS’22 LC 70.8 73.4 87.9 60.2 37.5 70.8 63.8 80.4 75.4 54.5 90.3 87.0
BEVFusion-PKU [94] NeurIPS’22 LC 69.2 71.8 88.1 60.9 34.4 69.3 62.1 78.2 72.2 52.2 89.2 85.2
ObjectFusion [8] 1CCv23 LC 71.0 73.3 89.4 59.0 40.5 71.8 63.1 76.6 78.1 53.2 90.7 87.7
MV2DFusion[156] TPAMI’25 LC 74.5 76.7

MSMDFusion [65] CVPR’23 LC 71.5 74.0 88.4 61.0 35.2 71.4 64.2 80.7 76.9 58.3 90.6 88.1
SparseFusion [163] ICCV’23 LC 72.0 73.8 88.0 60.2 38.7 72.0 64.9 79.2 78.5 59.8 90.9 87.9
CMT [166] ICCV’23 LC 72.0 73.8 88.0 63.3 37.3 75.4 65.4 78.2 79.1 60.6 87.9 84.7
BEVFusion-MIT [108] ICRA’23 LC 70.2 72.9 88.6 60.1 39.3 69.8 63.8 80.0 74.1 51.0 89.2 86.5
DepthFusion[55] TMM’26 LC 709 742

GraphBEV [137] ECCV’24 LC 1.7 73.6 89.2 60.0 40.8 64.5 80.1 76.8 53.3 90.9 88.9
GraphBEV++ (LSS) | - | LC | 720 740 | 89.5 605 413 724 649 80.3 77.1 536 91.1 89.3

Table 38 Comparison with SOTAs on the nuScenes Table 4 Comparison with SOTA methods on the

(Clean) and nuScenes-C (Noisy) dataset. Green denotes
the relative performance drop from the clean to the noisy set-
tings. All latency measurements are conducted on the same
workstation with an A100 GPU.

nuScenes [0] validation set under clean and noise mis-
alignment settings. ‘RC’ indicates the use of both Radar and

camera data.

Methods | Venue | Modality | mAP (clean) mAP (noise)
Method ‘ Setting ‘ mAP NDS StreamPETR[152] 1CcCv23 C 45.0 40.8
RayFormer([22] MM’24 C 45.9 41.4
g Fusi Clean 70.4 72.8 RCBEVDet[99] CVPR24 RC 45.3 41.2
parseFusion [163] Noisy | 64.7.81%  67.1.7.6% CRN[72] 1CCV’23 RC 9.0 438
HyDRa[160] ICRA’25 RC 49.4 44.1
Sparselnteracti MM24 RC 45.8 -
BEVFusion-MIT [105] L — e erneonll —
oisy O-11.2% (-8.2% HVDetFusion [75] ArXiv'23 ‘ RC ‘ 45.1 40.1
GraphBEV. LSS = 45.¢ 45.044.9
Clean 70.9 73.0 rap ++ (LSS) RC 5.9+0.5 5.0+4.9
BEVFormer-M [92] Noisy 63.2.108%  66.3.9.2% RaCFormer [21] CVPR’25 RC 54.1 50.6
it il GraphBEV++ (LSS) - RC 54.8+0.7 54.2+3.6
Clean 70.1 72.9
GraphBEV [157] ‘ Noisy ‘ 69.1-14%  72.0-1.2%
Clean 70.7 73.2
GraphBEV-++ (LSS) [10%] ‘ Noisy ‘ 69.32.0%  T2.3.1.2%
Clean 71.4 73.4 i -
GraphBEV++ (Query) [108] ‘ g ‘ oA camera fusion methods, such as CRN [72] and Hy

tions (+4.9%) is significantly larger than that under
clean conditions (4+0.8%), demonstrating the robust-
ness of the proposed alignment strategy against sensor
misalignment. Furthermore, GraphBEV++ achieves
competitive performance compared with recent radar-

DRa |
RaCFormer |

]. When integrated into the state-of-the-art
|, GraphBEV++ further improves mAP

from 54.1% to 54.8% under clean settings and from
50.6% to 54.2% under noisy settings. These results in-
dicate that the proposed LocalAlign-v2 generalizes well
to sparse radar features and can consistently improve
the robustness of different radar-camera fusion archi-

tectures.
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Table 5 Comparison with UniTR (LSS) [
settings (10% Waymo Training Data).

| on vehicle results under Waymo (clean) and Waymo-C (noise misalignment)

mAP/mAPH (clean)

) . mAP/mAPH (noise)
Methods ‘ Modality ‘ L1 L2 ‘ 1 L2
UniTR (LSS) [149] LC 44.86/40.41 37.58/33.69 38.88/34.24 32.44/29.95
GraphBEV++ (LSS) LC 45.73/41.17 38.51/35.14 43.50/38.97 36.48/33.08

+0.87/+0.76 +0.93/+1.45 +4.62/+4.78 +4.04/+8.18

Table 6 Comparison with prior methods on Argoverse2 validation set. Metrics: mAP (%)1 for the overall results, AP (%)1

for each category. * denotes result from paper [17]. T denotes result re-implentment.

Method ‘ Venue ‘mAP‘Veh. Bus Ped. Stop. Box. Boll. C-B. M.-list MPC. M.-cycle Bicycle A-B. School. Truck. C-C. V-T. Sign Large. Str. Bic.-list
PETR[103] ECCV'22|17.6

Sparse4Dv2[98] Aexiv’23 | 18.9

StreamPETR[152] ICCV’23 |20.3

Far3D[63] AAA24 |24.4

CenterPoint* [ ] CVPR’21(22.0|67.6 38.9 46.5 16.9 37.4 40.1 32.2 28.6 27.4 334 245 87 258 226 295224 6.3 39 0.5 20.1
FSD* [33] NeurPS’22(28.2(68.1 40.9 59.0 29.0 38.5 41.8 42.6 39.7 26.2 49.0 38.6 20.4 30.5 14.8 41.226.911.9 59 13.8 334
FSDv2 [33] ‘TPAMI’'24|37.6 |77.0 47.6 70.5 43.6 41.5 53.9 58.5 56.8 39.0 60.7 49.4 28.4 419 30.2 44.9 33.416.6 7.3 32.5 459
VoxelNeXt* [17] CVPR’23(30.0|71.7 39.2 63.1 39.2 40.0 52.5 63.7 42.2 34.9 42.7 40.1 20.1 25.2 16.9 45.7 22.315.8 59 9.8 33.5
HEDNet[135] NeurP$S’23|37.1(78.2 47.7 67.6 46.4 45.9 56.9 67.0 48.7 46.5 58.2 47.5 23.3 40.9 21.6 46.8 27.920.6 6.9 27.2 38.7
SAFDNet[184] CVPR’24|39.7|78.5 49.4 70.7 51.5 44.7 65.7 72.3 54.3 49.7 60.8 50.0 31.3 44.9 24.7 55.431.422.1 7.1 31.1 42.7
LION-Mamba[105] NeurPS’24|41.5(75.1 43.6 73.9 53.9 45.1 66.4 74.7 61.3 48.7 65.1 56.2 21.7 42.7 25.3 584 28.923.6 8.3 49.5 47.3
UniMamba[66] CVPR’25(42.0(78.9 47.9 74.3 51.8 46.8 67.8 76.9 55.8 51.7 62.8 52.4 30.2 44.6 24.6 59.4 32.223.2 6.7 41.5 48.5
GeoFormer[(7] ICCV’25 |41.7(77.4 50.7 73.7

FSHNet| ] CVPR’25(40.2|75.1 47.1 50.3 76.2 54.9 46.0 62.1 28.5 45.8 29.1 25.4 64.8 64.1 48.9 44.561.3 26.0 44.1 23.6 32.5
M3Net| ] Arxiv’23 [40.9(74.9 47.8 57.4 77.1 55.3 48.5 63.9 29.9 47.5 28.2 25.4 67.0 64.2 46.8 43.8 59.524.0 41.5 21.8 30.5
PGDC[79] CVPR’26 |41.7|76.2 49.0 58.5 78.1 56.8 49.8 65.1 31.2 48.5 31.0 26.9 68.1 65.8 50.3 46.0 62.5 27.5 45.8 25.0 33.8
BEVFusion® [ ICRA’23 |43.1|83.1 48.1 64.2 48.2 54.5 58.1 65.3 45.1 39.8 49.3 48.1 33.1 38.1 28.5 54.1 37.434.6 31.2 344 38.1
GraphBEV [ ECCV’24|46.1(85.2 51.3 67.3 52.5 58.7 60.9 67.4 49.9 40.1 52.9 52.4 35.8 42,9 31.5 57.8 41.5 36.7 35.9 37.6 42.6
GraphBEV++ (LSS) - 46.7/85.951.767.8 53.059.161.367.8 50.3 40.6 53.3 52.8 36.3 43.4 32.0 58.241.937.2 36.4 38.1 43.0

Table 7 Comparisons with the SOTA methods on BEV map segmentation on nuScenes validation set. The Modality column:
‘L’ denotes LiDAR-only input, while ‘LC’ indicates the use of both LiDAR and camera data.

Method ‘ Venue ‘ Drivable Ped. Cross. Walkway Stop Line Carpark Divider Mean
LSS[120] ECCV’20 75.4 38.8 46.3 30.3 39.1 36.5 44.4
CVT[193] CVPR’22 74.3 36.8 39.9 25.8 35.0 29.4 40.2
M2BEV[162] ArXiv’22 77.2 - - - - 40.5 -

MapPrior[197] ICCV’23 81.7 54.6 58.3 46.7 53.3 45.1 56.7
X-Align[4] WACV’23 82.4 55.6 59.3 49.6 53.8 47.4 58.0
MetaBEV[39)] ICCV’23 83.3 56.7 61.4 50.8 55.5 48.0 59.3
DDP[56] ICCV’23 83.6 58.3 61.6 52.4 51.4 49.2 59.4
RGCJ13] WACV’24 81.7 57.1 60.5 51.7 53.8 53.5 59.7
BridgeTA[70] ArXiv’25 83.3 58.6 62.9 53.6 56.6 50.1 60.8
PointPillars [74] CVPR’19 72.0 43.1 53.1 29.7 27.7 37.5 43.8
CenterPoint [170] CVPR’21 75.6 48.4 57.5 36.5 31.7 41.9 48.6
PointPainting [147] CVPR’20 75.9 48.5 57.1 36.9 34.5 41.9 49.1
MVP [177] NeurIPS’21 76.1 48.7 57.0 36.9 33.0 42.2 49.0
MapFusion[41] IF’25 88.9 69.6 74.0 63.0 56.5 61.5 68.9
NRSeg[78] TIP’26 59.1 16.9 21.9 12.1 16.8 21.0 24.6
BEVFusion [108] ICRA’23 85.5 60.5 67.6 52.0 57.0 53.7 62.7
GraphBEV [ ECCV’24 86.3 60.9 69.1 53.1 57.5 53.1 63.3
GraphBEV++4 (LSS) - 86.8 61.5 69.7 53.6 58.1 53.1 63.8

‘Waymo and Waymo-C. As shown in Table 5, Graph-
BEV++ consistently surpasses UniTR [119] across all
evaluation metrics under both clean and noisy settings
on the Waymo-C benchmark (10% training data). In
the noisy scenario, it achieves substantial improvements
in L2 mAP and mAPH (+4.69%/+4.73%), demonstrat-
ing superior robustness to sensor misalignment noise.

Argoverse 2. As shown in Table 6, GraphBEV++
achieves the best overall performance with 46.7%
mAP, outperforming the previous GraphBEV by
+0.6% mAP and surpassing all existing LiDAR-only
and multi-modal methods. These results demonstrate

the effectiveness of the proposed LocalAlign-v2 and
GlobalAlign-v2 modules in improving feature alignment
and object localization. Furthermore, GraphBEV++
consistently improves performance across almost all
categories. In particular, noticeable gains are observed
on small, sparse, and long-tail categories, such as Bicy-
clist (43.0%), Motorcycle (53.3%), School Bus (52.8%),
Vehicle Trailer (37.2%), and Large Vehicle (36.4%).
Since these categories are more sensitive to feature mis-
alignment and localization errors, the improvements
indicate that GraphBEV++ can better preserve fine-
grained geometric details during multi-modal fusion.
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Table 8 3D semantic occupancy prediction results on nuScenes validation set. Since GaussianFormer follows a BEVFormer-
style query-based architecture, we adopt GraphBEV++ (Query) in the comparison.

. o o
T % E 3 ERRC g £
. ) > ° £ s = - = I g g 3
g 3 i 8 5 £ & 2 ¢ g & § & £
5 & & 5 £ % % § F 2 £ = =2 §F & @
S &5 B 8 3 = &2 B B B < s & & g >
Method Venue IoU mlIoU u u u | ] ] | ]
MonoScene [9] CVPR’22 |23.96 7.31 |4.03 0.35 8.00 8.04 2.90 0.28 1.16 0.67 4.01 4.35 27.72 5.20 15.13 11.29 9.03 14.86
Atlas [114] ECCV’20 |28.66 15.00|10.64 5.68 19.66 24.94 8.90 8.84 6.47 3.28 10.42 16.21 34.86 15.46 21.89 20.95 11.21 20.54
BEVFormer [91] ECCV’22 |30.50 16.75|14.22 6.58 23.46 28.28 8.66 10.77 6.64 4.05 11.20 17.78 37.28 18.00 22.88 22.17 13.80 22.21
TPVFormer [52] CVPR’23 |11.51 11.66|16.14 7.17 22.63 17.13 8.83 11.39 10.46 8.23 9.43 17.02 8.07 13.64 13.85 10.34 4.90 7.37
OccFormer [190] ICCV’23 |31.39 19.03|18.65 10.41 23.92 30.29 10.31 14.19 13.59 10.13 12.49 20.77 38.78 19.79 24.19 22.21 13.48 21.35
GaussianFormer [53] | ECCV’24 (29.83 19.10{19.52 11.26 26.11 29.78 10.47 13.83 12.58 8.67 12.74 21.57 39.63 23.28 24.46 22.99 9.59 19.12
SurroundOcc [157] CVPR’23 |31.49 20.30|20.59 11.68 28.06 30.86 10.70 15.14 14.09 12.06 14.38 22.26 37.29 23.70 24.49 22.77 14.89 21.86
QuadricFormer[198] |NeurIPS’26|31.22 20.12(19.58 13.11 27.27 29.64 11.25 16.26 12.65 9.15 12.51 21.24 40.20 24.34 25.69 24.24 12.95 21.86
GaussianFormer-2[51] | CVPR’25 (31.74 20.82(21.39 13.44 28.49 30.82 10.92 15.84 13.55 10.53 14.04 22.92 40.61 24.36 26.08 24.27 13.83 21.98
Gau-Occ[110] CVPR’26 [44.30 32.70(33.10 16.50 41.10 43.90 21.90 26.60 31.10 23.10 24.50 34.00 49.00 26.30 32.90 33.40 39.30 45.70
GaussianWorld[200)] CVPR’25 |33.40 22.13|21.38 14.12 27.71 31.84 13.66 17.43 13.66 11.46 15.09 23.94 42.98 24.86 28.84 26.74 15.69 24.74
GaussianFormer-T[53]| ECCV’24 (31.34 20.42(20.82 12.07 26.89 30.94 10.52 16.48 13.15 10.46 12.90 21.79 41.13 24.22 26.29 24.89 12.80 21.45
GraphBEV 4+ - 32.47 21.90(21.66 12.83 27.70 31.75 11.39 17.15 13.89 11.16 13.80 22.74 41.90 24.98 27.12 25.84 13.48 22.23
Performances on Noisy setting
GaussianFormer-T[53]| ECCV’24 |27.86 17.63|17.42 8.38 22.91 27.48 7.56 12.03 9.81 6.87 8.72 18.02 37.18 20.44 22.67 21.18 9.22 17.74
GraphBEV++ - 29.41 19.37(18.74 10.43 24.62 28.39 8.71 13.92 11.28 8.74 10.61 19.58 38.71 21.56 24.03 22.77 10.92 19.31
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Fig. 7 End-to-end model performance with respect to the severity of misalignment noise in autonomous driving tasks. In
autonomous driving tasks, we followed the alignment noise augmentation method by Dong et al. [28], introducing noise of
varying severities to the projection matrices used in both the multi-modal approach, FusionAD [175], and the vision-based
approach, UniAD [49]. The severity scale ranges from 0, indicating no noise (Clean), to 1 for slight noise, with increasing
levels up to 10 for severe noise. As the noise level increased, we observed a significant misalignment impact on UniAD [49)],
followed by FusionAD [175]. Our proposed multi-modal end-to-end autonomous driving framework, GraphBEV++ (LSS) and
GraphBEV++ (Query), leverages the advantage of neighbor alignment and performs better under misaligned conditions. Note
that ‘FusionAD-R’ and ‘UniAD-R’ denote the variants of FusionAD and UniAD, respectively, trained with the RoarNet-based
data augmentation strategy [127].

Table 9 The results of multi-object tracking in end- Table 10 The results of online mapping in end-to-end

to-end autonomous driving (E2E-AD) tasks on nuScenes|(] autonomous driving tasks on nuScenes[0] dataset.
dataset.
Method | Venue | IoU-Lanes (%) T ToU-Drivable (%) T

Method | Venue | AMOTA (%) 1 AMOTP (m) | VPN [115] RAL’20 18.0 76.0

- ‘ ; LSS [120] ECCV’20 18.3 73.9
ViP3D [10] CVPR'23 2 1.625 BEVFormer [91] ECCV'22 23.9 77.5
QD3DT [10] TPAMI'22 24.2 1.518 FusionAD [175] Arxiv'23 36.7 73.1
MUTR3D [155] CVPR'22 29.4 1.498 UniAD [19] CVPR23 31.3 69.1
DEFT [11] Arxivi21 20.1 - ParaDrivel[155] CVPR24 71.0 33.0
DQTrack [35] . ICCY 23 36.7 1.351 DriveTransformer[1] ICLR25 77.0 39.0
STAR-Track [27] RAI'23 37.9 1.358 GraphBEV 4+ (LSS) . SaTil 7aTo)
CC-3DT [30] Arxiv’22 42.9 1.257 GraphBEV++ (Query) - 37.1 73.4
PF-Track [116] CVPR'23 40.8 1.343
SparseDrive [143] ICRA’25 38.6 1.254
BridgeAD [152] CVPR25 39.8 1.232
MomAD[130] CVPR25 39.1 1.243
UC-Track [161] TITS'26 43.8 1.290
UniAD [19] CVPR’23 35.9 1.320 The strong performance on the Argoverse2 benchmark
FusionAD [175] Arxiv'23 50.1 1.065 i o o
GraphBEV++ (LSS) = 49.8 1.082 further validates the generalization ability of Graph-
GraphBEV++ (Query) - 51.1 1.022

BEV++ under large-scale and long-tail autonomous
driving scenarios.
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Table 11 The results of motion forecasting in end-to-end
autonomous driving tasks.

Table 14 Comparison on planning-oriented NAVSIM [25]
navtest split with Closed-Loop metrics.

Method | Venue |minADE (m) | minFDE (m) | MR (%) | EPA (%) 1 Method ‘ Venue ‘Input ‘ NCt DACt TTCt Comf.t EP1 PDMS?T
UniAD [19] CVPR23 0.71 1.02 15.1 45.6 UniAD [49] CVPR23| C [97.8 919 929 100 788 834
yab [0 foov 2 oo 088 83 o LTF [20] TPAMI'22| C |97.4 928 924 100 79.0 83.8
sionAD [175] E : : : : PARA-Drive [15] CVPR24| C [979 924 93.0 998 79.3 84.0
SparseDr IVU[ ] ICRA’25 0.62 0.99 13.6 48.2 VADv2 ICLR'26 LC |o72 891 91.6 100 76.0 20.9
SparseWorld Arxiv'26 0.78 1.03 11.3 61.9 v2 1] . - . X :
MomAD[130] CVPR25 0.61 0.98 13.7 49.9 Hydra-MDP [39] Arxiv’24 | LC |98.3 96.0 94.6 100 78.7 86.5
CoT-Drive[J6] TAT'25 1.56 3.49 52.0 DiffusionDrive [05] CVPR'25 | LC |982 96.2 947 100 822 88.1
GraphBEV++4 (LSS) = 0.40 0.59 8.5 64.7 - -
GraphBEV++ (Query) . 0.38 0.52 7.7 64.5 WoTE [57] ICCV™25

Table 12 The results of planning in end-to-end au-
tonomous driving tasks on nuScenes [0] dataset. As Ref. [93]
states, we deactivate the ego status information for a fair
comparison.

L2 (m)] Col. Rate (%)]
Method ‘ Venue ‘ 1s 2s ( 3)5 Avg.‘ 1s  2s Ss( z'kvg,
NMP [151] CVPR’19 - - 231 - - - 192 -
SA-NMP [131] CVPR’19 - - 205 - - - 159 -
FF [17] CVPR’21 |0.55 1.20 2.54 1.43|0.66 0.17 1.07 0.43
EO [69] ECCV’22 |0.67 1.36 2.78 1.60 [0.04 0.09 0.88 0.33
ST-P3 [18] ECCV’22 |[1.33 2.11 2.90 2.11{0.23 0.62 1.27 0.71
GPT-Driver [111] ArXiv’'23 |0.27 0.74 1.52 0.84|0.07 0.15 1.10 0.44

UniAD [19] CVPR’23 |0.48 0.96 1.65 1.03 |0.05 0.17 0.71 0.31

FusionAD [175] ArXiv'23  [0.02 0.08 0.27 0.81[0.05 0.17 0.71 0.12
VAD [62] ICCV’23  [0.41 0.70 1.05 0.72|0.11 0.24 0.42 0.26
DiffusionDrive [97] CVPR’25 |0.29 0.58 0.96 0.61 |0.02 0.05 0.22 0.09
DIVER [131] Arxivi26 | - - - - |00l 0.05 0.15 0.07
FocalAD [140] Aut. Inno.’26 10.27 0.57 0.96 0.60|0.00 0.04 0.24 0.09
GuideFlow [101] CVPR26 | - - - - |0.000.02 0.18 0.07
SparseDrive [112] ICRA’25 [0.30 0.58 0.96 0.61|0.01 0.05 0.23 0.10
LAW [33] ICLR’25 [0.26 0.57 1.01 0.61|0.14 0.21 0.54 0.30
CenAD [192] ECCV'24 [0.28 0.49 0.78 0.52 |0.08 0.14 0.34 0.19
Drive-OccWorld [191] ECCV'24 [0.25 0.44 0.72 0.47 |0.03 0.08 0.22 0.11
SSR [77] ICLR’25 [0.19 0.36 0.62 0.39|0.10 0.10 0.24 0.15
MomAD [130] CVPR’25 |0.31 0.57 0.91 0.60 |0.01 0.05 0.22 0.09
DriveWorld-VLA [57] ICML’26 |0.28 0.58 0.99 0.61 |0.00 0.10 0.38 0.16
GraphBEV++ (LSS) = 0.33 0.66 1.02 0.67 |0.06 0.21 0.36 0.21
GraphBEV++ (Query) = 0.40 0.67 1.04 0.70 |0.03 0.07 0.29 0.13
Table 13 Open-loop and Closed-loop results on

Bench2Drive [60] (V0.0.3) under base training set.
* denotes expert feature distillation. { denotes the re-
implementation. ‘mmt’ refers to the multi-mode trajectory
variant.

‘Open-loop Metric‘ Closed-loop Metric

Method ‘ Venue

| | Avg. L2| |DSTSR (%) 1 Effi t Comf
ThinkTwice* [59] CVPR23 0.95 62.44 31.23 69.33 16.22
DriveAdapter* [55] ICCV’23 1.01 64.22 33.08 70.22 16.01
VAD [62] ICCV’23 0.91 42.35 15.00 157.94 46.01
DriveDPO [124] NeurIPS’25 - 62.02  30.62 - -
Raw2Drive [172] NeurIPS’25 - 71.36  50.24 - -
DriveTrans* [61] ICLR’25 0.62 63.46 35.01 100.64 20.78
MomAD [130] CVPR25 0.85 45.35 17.44 162.09 49.34
WoTE* [55] ICCV’25 - 61.71 31.36 - -
Think Twicemms* [59] CVPR’23 0.93 63.34 33.23 71.56 18.32
GraphBEV++ (Query)| - 0.82 45.71 17.92 162.82 50.14

4.4.2 BEV Map Segmentation

To evaluate 3D object detection, we also assess the gen-
eralization capability in the BEV Map Segmentation
(semantic segmentation) tasks on the nuScenes vali-
dation set, as shown in Table 7. Following the same
training strategy as the baseline BEVFusion, we have
conducted evaluations within the [-50m, 50m]x[-50m,
50m] region around an ego car for each frame. We then
report Intersection-over-Union (IoU) scores for drivable
area, pedestrian crossing, walkway, stop line, car park,
and divider. Significant improvements are observed for

LC ‘5)8,5 96.8 819 949 99.9 883

GraphBEV++ (Query) - LC |98.7 97.1 820 951 99.9 88.7

Table 15 Efficiency comparison with SOTA multi-modal 3D
detection methods. FPS is reported or estimated on an A100
GPU.

Method ‘ Modality ‘ Model Size FLOPs FPS
RoboFusion-L [138] LC 97.54M 1.23T 3.1
DeeplInteraction [171] LC 57.82M 775.2G 4.9
TransFusion [1] LC 36.96M 612.6G 6.0
BEVFusion [108] LC 40.81M 506.4G 7.5
GraphBEV [137] LC 47.80M 535.7G 7.2
BEVFormer-S-C [92] LC 68.70M 1303.5.7G 5.3
GraphBEV 4+ (LSS) LC 48.12M 457.6G 7.1
GraphBEV++ (Query) LC 69.76 M 1357.6G 4.9

Table 16 Roles of different modules in GraphBEV++ (LSS)
for feature alignment on nuScenes (clean) and nuScenes-C
(noisy) dataset. Green denotes the relative performance drop
from the clean to the noisy settings. ‘+L (LSS)’ indicates
the addition of only the LocalAlign-v2 (LSS) module, and
‘+G (Deformable)’ indicates only the GlobalAlign-v2 (De-
formable) module. GraphBEV++ (LSS) denotes the addi-
tion of both LocalAlign-v2 (LSS) and GlobalAlign-v2 (De-
formable) modules. All latency measurements are conducted
on the same workstation with an A100 GPU.

| Method | mAP NDS Latency(ms)
| TransFusion [1] | 673 71.2 164.6
| Baseline [108] | 685 71.4 133.2
g +L (LSS) ‘ 69.8 72.6 135.1
8 +1.8 +1.2 +2.9
®] 5 E
‘ +G (Deformable) ‘ 68.9 71.7 138.1
+0.4 +0.3 +4.9
GraphBEV++ (LSS) | 70.7 73.2 140.9
+1.6 +1.5 +7.7
| TransFusion [1] | 66.4-1.5% 70.6-0.5% 164.6
| Baseline [105] | 60.8-11.2% 65.7-8.2% 132.9
N +L (LSS) ‘ 67.4-‘:;.4% 70.4-3.0% 135.8
> +6.6 +4.7 +2.9
C 0.6%
Z +G (Deformable) ‘ 63.1-0.6% 67.2-6.5% 137.9
+2.83 +1.5 +5.0
GraphBEV++ (LSS) | 69.3-20% 72.3-1.2% 141.2
+8.5 +6.6 +8.3

drivable area, pedestrian crossing, walkway, stop line,
and car park, with only a minor decrease for divider.
Overall, our GraphBEV++ demonstrates not only sig-
nificant performance in 3D object detection but also
strong generalization capability in BEV Map Segmen-
tation.



GraphBEV++: Multi-Modal Feature Alignment for Autonomous Driving 19

Table 17 Roles of different modules in GraphBEV++
(Query) for feature alignment on nuScenes-C (noisy) dataset.
‘+L (Query)’ indicates the addition of only the LocalAlign-
v2 (Query) module, and ‘+G (Diffusion)’ indicates only the
GlobalAlign-v2 (Diffusion) module. GraphBEV++ (Query)
denotes the addition of both LocalAlign-v2 (LSS) and
GlobalAlign-v2 (Diffusion) modules. All latency measure-
ments are conducted on the same workstation with an A100

GPU.

Method mAP NDS
BEVFormer-M [92] 63.2 66.3
66.3 69.0
+L (Query) +8.1 +2.7
+G (Diffusion) 66.2 68.1
+8.0 +1.8
GraphBEV++ (Query) 69.1 71.2
+5.9 +4.9

Table 18 Effect of diffusion steps T on accuracy and infer-
ence speed under the nuScenes-C noisy setting.

T | mAP NDS FPS
1 67.8 69.6 5.21
2 68.5 70.3 5.06
4 69.1 71.2 4.90
8 69.2 71.3 4.57

Table 19 Evaluation of depth prediction on the nuScenes
validation set. Following BEVDepth [34], ‘soft’ and ‘hard’ re-
fer to Gaussian and one-hot depth randomization, respec-
tively. ‘learned’ denotes GraphBEV++ (LSS).

ppred | mAP?T mATE] NDST
random soft 46.1 68.3 48.9
random hard 41.3 74.6 43.2
learned 70.7 27.6 73.2

4.4.8 3D Occupancy Prediction

To further validate the generality of GraphBEV-++4-, we
extend our feature alignment framework to the 3D se-
mantic occupancy prediction task by integrating the
GraphBEV++ (Query) variant into GaussianFormer-
T. As shown in Table 8, GraphBEV++ consis-
tently outperforms the baseline under both clean and
noisy settings. Specifically, GraphBEV++ improves
IoU/mloU from 31.34/20.42 to 32.47/21.90 under the
clean setting and from 27.86/17.63 to 29.41/19.37 un-
der the noisy setting. Moreover, the performance degra-
dation from clean to noisy conditions is reduced from
3.48 to 3.06 IoU and from 2.79 to 2.53 mloU. These re-
sults demonstrate that the proposed LocalAlign-v2 and
GlobalAlign-v2 modules effectively improve multi-view
feature alignment and can generalize beyond 3D object
detection to robust 3D occupancy prediction.

4.4.4 End-to-End Autonomous Driving

To evaluate end-to-end autonomous driving, we fol-
low UniAD [49], reporting the performance of each
task (perception, prediction, and planning) sequen-
tially. We compare the performance of our Graph-
BEV++ (Query) and GraphBEV++ (LSS) with SOTA
methods on the nuScenes validation set.

Perception Results. For multi-object tracking in Ta-
ble 9, our GraphBEV++ (Query) achieves SOTA per-
formance compared to end-to-end autonomous driv-
ing methods like UniAD [19], SparseDrive [1412], and
FusionAD [175]. As a multi-modal end-to-end ap-
proach, our GraphBEV++ (Query) achieves 51.1%
AMOTA(%)7T and 1.022m AMOTP(m)], significantly
surpassing the baseline UniAD (35.9 % AMOTA
and 1.320m AMOTP) as well as SparseDrive (38.6%
AMOTA and 1.254m AMOTP) and FusionAD (50.1%
AMOTA and 1.065m AMOTP). For online mapping
in Table 10, our GraphBEV++ (Query) performs well
on segmenting lanes (+5.8 IoU(%) compared to
UniAD [49]), which is crucial for downstream agentroad
interaction in the motion module. It is noteworthy that
another version of our method, GraphBEV++ (LSS),
performs similarly to GraphBEV-++ (Query) on the
aforementioned tasks. We have shown significant per-
formance improvements in the perception module, at-
tributed to our effective utilization of LIDAR, which of-
fers new prospects for multi-modal end-to-end systems.
Prediction Results. As shown in Table 11, Graph-
BEV++ achieves the best overall motion forecast-
ing performance. GraphBEV++ (Query) obtains the
lowest minADE (0.38,m), minFDE (0.52,m), and
MR (7.7%), outperforming recent methods such as
SparseDrive and MomAD. In addition, GraphBEV+-+
achieves the highest EPA score of 64.7%, indicating
superior trajectory quality and prediction reliability.
Compared with GraphBEV++ (LSS), the query-based
variant further improves forecasting accuracy, demon-
strating the effectiveness of the proposed alignment
strategy for query-based BEV representations. These
results verify that accurate multi-modal feature align-
ment benefits not only perception but also downstream
motion forecasting.

Planning Results (nuScenes). In the planning re-
sults shown in Table 12, our GraphBEV++ (Query)
and GraphBEV++ (LSS) achieve superior performance
compared to end-to-end autonomous driving methods
such as ST-P3 [18], GPT-Driver [111], VAD [62], and
UniAD [49]. GraphBEV++ (Query) reaches SOTA
results in collision rate, while GraphBEV++ (LSS)
achieves SOTA results in L2 error. By leveraging multi-
modal information from LiDAR and camera data, our
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Table 20 The performance of end-to-end methods (UniAD |

], FusionAD [175], GraphBEV++ ) under nuScene (clean)

and nuScenes-C (misalignment) conditions. “1” indicates better performance with higher metrics, while “]” indicates better

performance with lower metrics.

Method Settin Tracking Mapping Motion Forecasting Occupancy Planning
8|AMOTA 1+ AMOTP [|loU-Lanes 1 IoU-Drivable TiminADE | minFDE | MR ||IoU-n. 1 IoU-f. 1 VPQ-n. T VPQ-f. t|avg.L2] avg.Col|

FusionAD [177] Clean | 50.2 1.059 36.8 73.2 0.38 0.61 84| 705 510 649 503 | 070 0.11
* Noisy | 38.8 1.245 33.0 68.3 0.46 072 95 | 655 426 602 417 | 077 012
UniAD [19] Clean |  35.6 1.343 313 69.1 0.70 101 149| 552 342 638 405 | 1.04 029
Noisy | 21.5 1.566 25.1 61.6 0.84 132 261| 492 264 381 215 | 1.23 048
Clean | 49.8 1.082 34.1 73.9 0.40 059 85| 726 524 665 514 | 067 021
GraphBEV++ (LSS) ‘ Noisy | 445 1.102 ‘ 31.4 69.1 ‘ 0.44 063 88 ‘ 669 481 625 48.2 ‘ 0.73  0.22
Clean | 51.1 1.022 37.1 734 0.38 052 7.7 | 723 522 661 515 | 070 013
GraphBEV 4+ (Q“e‘"Y)‘ Noisy | 47.0 1124 ‘ 34.6 69.6 ‘ 0.45 057 84 ‘ 665 478 632 479 ‘ 076  0.14

Table 21 Effect of the hyperparameters Kgrapn for feature misalignment. We analyze the effect of hyperparameter Kgrapn
in LocalAlign-v2 module for feature alignment under noisy misalignment settings on the nuScenes validation set. ‘LT (ms)’
represents latency. All latency measurements are conducted on the same workstation with an A100 GPU.

Baseline [108] Kgraph =5 Kgraph = 8 Kgraph = 12 Kgrapnh = 16 Kgrapn = 25
mAP NDS LT mAP NDS LT |mAP NDS LT |mAP NDS LT |mAP NDS LT |mAP NDS LT
60.8 65.7 132.9 ‘ 67.1 709 138.2 ‘ 70.1 72.9 1409 ‘ 69.8 722 1434 ‘ 68.8 70.5 145.3 ‘ 67.1 69.9 150.0

Table 22 Unified ablation study of LocalAlign-v2 (Query) and GlobalAlign-v2 (Diffusion) on UniAD |

| across multiple

autonomous driving tasks, including tracking, mapping, motion forecasting, occupancy prediction, and planning. “1” indicates
better performance with higher metrics, while “|” indicates better performance with lower metrics.

o . . PP Tracking Mapping Motion Forecasting Occupancy Planning
LocalAlign-v2 (Query) GlobalAlign-v2 (Diffusion) |\ \ i1y "+ ANIOTP |/loU-Lanes 1 loU-Drivable 1{minADE | minFDE | MR |loU-n. 1 IoU-f. 1 VPQon. 1 VPQ-f. 1 avg.L2] avg.Col|
21.5 1.566 25.1 61.6 0.84 132 261 492 264 381 215 | 1.23 048
v 103 1.208 31.4 69.1 0.56 081 117 614 415  63.1 443 | 087 026
v 31.9 1.337 28.7 65.9 0.63 093 154 581 376  54.9 37.2 | 095 033
v v 445 1.102 31.4 69.1 0.44 063 88| 669 481 625 482 | 073 022

GraphBEV++ (Query) reduces the planning L2 error
and collision rate by 32.0% and 58.1%, respectively,
compared to UniAD [49], based on average values for
the planning horizon.

Planning Results (Bench2Drive). As shown in Ta-
ble 13, we conduct experiments on the Bench2Drive
closed-loop benchmark, using the MomAD (VAD ver-
sion) as the baseline. Our GraphBEV++ achieves con-
sistent improvements on this benchmark, demonstrat-
ing its potential for deployment in closed-loop au-
tonomous driving systems. It is worth noting that the
feature alignment in this closed-loop setting is ideal;
this experiment primarily serves to validate the practi-
cal applicability of our method.

Planning Results (NAVSIM). As shown in Ta-
ble 14, we conduct end-to-end evaluations on the closed-
loop NAVSIM benchmark, using WoTE [85] as the base-
line. Compared methods include UniAD, LTF, PARA-
Drive, VADv2, Hydra-MDP, and DiffusionDrive. No-
tably, WoTE achieves a PDMS score of 88.3, while our
GraphBEV++ (Query) reaches 88.7, indicating that
our method also brings performance gains on NAVSIM.
This demonstrates the effectiveness and generalizabil-
ity of GraphBEV++ in closed-loop end-to-end driving
scenarios.

4.5 Ablation Study
4.5.1 Efficiency Analysis of GraphBEV++

Table 15 compares the efficiency of GraphBEV++
with representative multi-modal perception methods.
GraphBEV++ (LSS) achieves a favorable accuracy—
efficiency trade-off, reducing FLOPs from 535.7G to
457.6G compared with GraphBEV while maintaining
a similar inference speed (7.2 FPS vs. 7.1 FPS). More-
over, it is substantially more efficient than RoboFusion-
L and Deeplnteraction. These results demonstrate that
the proposed alignment modules improve robustness
and feature alignment quality with only marginal com-
putational overhead.

4.5.2 Roles of Different Modules in GraphBEV++

To analyze the impact of misalignment, we conduct
comparative experiments between our GraphBEV++
(LSS) and BEVFusion [108]. It is noteworthy that in
Table 16, we introduce misalignment into the nuScenes
validation set, rather than in the training and test-
ing sets, following Ref. [28]. We train on the clean
nuScenes [0] training dataset and evaluate performance
under both clean and noisy misalignment conditions.
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Table 23 Robustness to weather conditions, different ego distances, different sizes on nuScenes [6] clean validation set. It is

important to note that the evaluation metric is mAP (%).

Method ‘ Different Weather Conditions

Different Ego Distances ‘ Different Object Sizes

Sunny Rainy Day Night Near Middle Far Small Moderate Large

Baseline [108] 68.2 69.9 68.5 42.8 79.4 64.9 40.0 50.3 58.7 64.0
GraphBEV++ (LSS) 70.7 70.4 69.8 45.2 79.9 65.6 42.2 55.5 59.5 64.6
+2.5 +0.5 +1.3 +2.4 +0.5 +0.7 +2.2 +5.2 +0.8 +0.6

In the clean setting, GraphBEV++ (LSS) outperforms
BEVFusion [108] significantly, while in the noisy set-
ting, the performance improvement is substantial. Fur-
thermore, it is evident that BEVFusion [108] exhibits
a significant decrease in metrics such as mAP and
NDS when transitioning from clean to noisy conditions,
whereas GraphBEV++ (LSS) demonstrates a small
decrease in performance metrics. Notably, adding the
LocalAlign-v2 (LSS) or GlobalAlign-v2 (Deformable)
module to BEVFusion [108] has minimal impact on
latency compared to BEVFusion [108] alone, and the
latency is lower than that of TransFusion [l]. When
only the LocalAlign-v2 (LSS) module is added to
BEVFusion [108] and the KD-Tree algorithm is used
to build proximity relationships, significant enhance-
ments are observed in both clean and noisy misalign-
ment settings by fusing projected depth with neighbor
depth to prevent feature misalignment. Adding only
the GlobalAlign-v2 (Deformable) module to BEVFu-
sion [108] also leads to noticeable improvements. Partic-
ularly, the simultaneous addition of the LocalAlign-v2
(LSS) and GlobalAlign-v2 (Deformable) modules ex-
hibits strong performance in both clean and noisy set-
tings.

We  further evaluate the effectiveness of
LocalAlign-v2 (Query) and GlobalAlign-v2
(Diffusion) on the BEVFormer-M baseline. As shown
in Table 17, the baseline achieves 63.2 mAP and 66.3
NDS on the nuScenes-C benchmark. Incorporating
LocalAlign-v2 (Query) improves performance by 3.1%
mAP and 2.7% NDS, while GlobalAlign-v2 (Diffusion)
leads to a gain of 3.0% mAP and 1.8% NDS. The full
GraphBEV++ (Query) model achieves 69.1 mAP and
71.2 NDS, outperforming the baseline by 5.9% and
4.9% respectively. These results validate the effective-
ness of our method in addressing feature misalignment
in query-based BEV frameworks.

Table 18 presents the trade-off between diffusion
steps, detection performance, and inference speed. In-
creasing T consistently improves alignment quality,
with mAP rising from 67.8 to 69.1 and NDS from 69.6
to 71.2 when T increases from 1 to 4. Nevertheless, the
performance gain becomes saturated beyond T = 4,
while the inference speed decreases from 4.90 FPS to
4.57 FPS. Therefore, a lightweight diffusion configu-

ration with 7" = 4 is adopted throughout the paper,
providing an effective balance between alignment per-
formance and runtime efficiency.

4.5.8 Effect of Depth Noise on GraphBEV++

As shown in Table 19, we follow the noise injection
protocol of BEVDepth [84], applying both Gaussian
noise and one-hot random noise (which directly re-
places depth values) to simulate degraded depth inputs.
These perturbations significantly impact our method,
as GraphBEV++- relies heavily on accurate depth infor-
mation. Our approach is specifically designed to address
the misalignment issues caused by inaccurate point
cloud projection in BEVDepth. The variant labeled
as learned refers to our GraphBEV++ framework, in
which depth information is not only derived from pro-
jected LIDAR points but also encoded through a learn-
able depth feature representation. Overall, our method
demonstrates strong robustness against depth noise.

4.5.4 Effect of GraphBEV++ in End-to-End
Autonomous Driving for Feature Misalignment

As shown in Table 20, we analyze the robust-
ness of GraphBEV++ (LSS), GraphBEV++ (Query),
UniAD [19], and FusionAD [175] in end-to-end tasks
under varying severity levels of misalignment condi-
tions. The misalignment issue directly impacts the per-
formance of models in various end-to-end autonomous
driving tasks (Tracking, Mapping, Motion Forecasting,
Occupancy and Planning), which highlights the impor-
tance of addressing misalignment to maintain perfor-
mance in end-to-end autonomous driving tasks. Mean-
while, compared to mono modal method UniAD [49],
multi-modal methods FusionAD and GraphBEV++
(Query) are more robust when facing the issues of mis-
alignment. This is due to the effective utilization of the
complementary information from different modalities in
multi-modal methods. However, although multimodal
methods are robust to misalignment issues, they are
still affected by modal misalignment. Notably, by utiliz-
ing neighborhood information as guidance and correc-
tion for feature alignment, GraphBEV++ (Query) and
GraphBEV++ (LSS) effectively achieve modal align-
ment from both local and global perspectives. This
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enables GraphBEV++ to significantly outperform ex-
isting methods like UniAD [19] and FusionAD [175]
under feature misalignment conditions. Noteworthy,
by utilizing neighborhood information as a bridge for
alignment between different modalities and achieving
modality alignment from a global perspective, Graph-
BEV-++ significantly outperforms the SOTA meth-
ods UniAD [49] and FusionAD [175] under varying
levels of misalignment severity. Overall, our Graph-
BEV++ (LSS) and GraphBEV++ (Query) improve
performance in misalignment scenarios through accu-
rate feature alignment.

4.5.5 Effect of the Hyperparameters K grqpp, for Feature
Misalignment

As shown in Table 21, to analyze the impact of the hy-
perparameter Kgppn in the LocalAlign-v2 module on
feature misalignment, we have studied its effects under
noisy misalignment settings on the nuScenes validation
set. Kgraph, which is the number of nearest depths for
LiDAR-to-camera projected depth in the Local Align-v2
module, influences the expressive capability of neigh-
boring depth features. It is observed that our Graph-
BEV++ achieves optimal overall performance when
Kgraph is set to 8. Therefore, selecting an appropriate
value for Kgpapn is crucial and may vary across different
datasets. Furthermore, despite significant fluctuations
in mAP resulting from changes in Kgapn, the overall
performance still surpasses that of BEVFusion.

4.5.6 Effect of LocalAlign-v2 and GlobalAlign-v2
Across Multiple Autonomous Driving Tasks

As shown in Table 22, we conduct a unified abla-
tion study on UniAD to investigate the contributions
of LocalAlign-v2 (Query) and GlobalAlign-v2 (Diffu-
sion) across multiple autonomous driving tasks, in-
cluding tracking, mapping, motion forecasting, occu-
pancy prediction, and planning. It can be observed
that both alignment modules consistently improve per-
formance over the UniAD baseline. Specifically, in-
troducing only LocalAlign-v2 yields substantial gains
across all tasks, improving AMOTA from 21.5 to 40.3,
IoU-Lanes from 25.1 to 31.4, and reducing the plan-
ning error (avg.L2) from 1.23 to 0.87. In compari-
son, GlobalAlign-v2 alone also provides consistent im-
provements, increasing AMOTA to 31.9 and reducing
avg.L2 to 0.95. These results demonstrate that both
local and global alignment errors negatively affect the
entire autonomous driving pipeline. Furthermore, com-
bining LocalAlign-v2 and GlobalAlign-v2 achieves the

best overall performance on nearly all metrics. Com-
pared with the UniAD baseline, the complete Graph-
BEV++ improves AMOTA by +23.0, IoU-f by +21.7,
and VPQ-f by 4+26.7, while reducing minADE from 0.84
to 0.44, minFDE from 1.32 to 0.63, and avg.Col from
0.48 to 0.22. These results indicate that the two mod-
ules are highly complementary, where LocalAlign-v2
primarily addresses local feature correspondence while
GlobalAlign-v2 further mitigates global feature mis-
alignment. Their combination provides the most ef-
fective alignment solution and consistently benefits all
downstream autonomous driving tasks.

4.6 Robustness Study
4.6.1 Robustness to Weather Conditions

Adverse weather amplifies sensor degradation and
calibration uncertainty, thereby intensifying feature
misalignment between LiDAR and camera modali-
ties. Therefore, evaluating performance under different
weather conditions serves as an indirect yet effective
way to assess the model’s ability to address feature
misalignment. As shown in Table 23, we present a ro-
bustness analysis of our GraphBEV++ with respect
to different weather conditions. Various weather condi-
tions influence 3D object detection tasks. Following the
approach of BEVFusion [108], we partition the scenes
in the validation set into sunny, rainy, day, and night
conditions. We outperform BEVFusion [108] under dif-
ferent weather conditions, especially in night scenes.
Overall, our GraphBEV++ improves performance in
sunny weather through accurate feature alignment and
enhances performance in adverse weather conditions.

4.6.2 Robustness to Ego Distances and Object Sizes

As shown in Table 23, we analyze the impact of dif-
ferent ego distances and object sizes on the perfor-
mance of GraphBEV++4-. We categorize annotation and
prediction ego distances into three groups: Near (0-
20m), Middle (20-30m), and Far (;30m), and sum-
marize the size distributions for each category, defin-
ing three equal-proportion size levels: Small, Moderate,
and Large. It is evident that GraphBEV++4 demon-
strates significant performance improvements for dis-
tant and small objects. Compared to BEVFusion [108],
our GraphBEV++ consistently enhances performance
across all ego distances and object sizes, further narrow-
ing the performance gaps. Overall, our GraphBEV++
exhibits great robustness to changes in ego distances
and object sizes.
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5 Conclusion

In this work, we propose GraphBEV++, a robust fusion
framework designed to address the feature misalign-
ment problem in autonomous driving. Our framework is
applicable to both 3D object detection and end-to-end
autonomous driving tasks. To tackle local feature mis-
alignment caused by inaccurately projected depth from
LiDAR, we introduce the LocalAlign-v2 module, which
comes in two variants: LSS-based and Query-based.
This design not only mitigates the misalignment issues
inherent in LSS-dependent methods such as BEVFusion
but also addresses the projection inaccuracies of 3D ref-
erence points in methods like BEVFormer, by incorpo-
rating neighbor-aware depth features via graph match-
ing. To further handle global-level misalignment be-
tween LiDAR and camera BEV features during fusion,
we propose the GlobalAlign-v2 module, featuring two
variants: Deformable-based and Diffusion-based. These
variants resolve global misalignment through learned
spatial offsets and diffusion-based feature alignment,
respectively. Overall, GraphBEV++ provides a uni-
fied and principled solution to both local and global
misalignment, significantly enhancing the robustness of
multi-modal BEV perception under real-world deploy-
ment scenarios.
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