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Abstract
3D object detection plays a pivotal role in autonomous driving and
robotics, demanding precise interpretation of Bird’s Eye View (BEV)
images. The dynamic nature of real-world environments necessitates
the use of dynamic query mechanisms in 3D object detection to adap-
tively capture and process the complex spatio-temporal relationships
present in these scenes. However, prior implementations of dynamic
queries have often faced difficulties in effectively leveraging these
relationships, particularly when it comes to integrating temporal
information in a computationally efficient manner. Addressing this
limitation, we introduce a framework utilizing dynamic query evo-
lution strategy, harnesses K-means clustering and Top-K attention
mechanisms for refined spatio-temporal data processing. By dy-
namically segmenting the BEV space and prioritizing key features
through Top-K attention, our model achieves a real-time, focused
analysis of pertinent scene elements. Our extensive evaluation on
the nuScenes and Waymo dataset showcases a marked improvement
in detection accuracy, setting a new benchmark in the domain of
query-based BEV object detection. Our dynamic query evolution
strategy has the potential to push the boundaries of current BEV
methods with enhanced adaptability and computational efficiency.
Project page: https://github.com/Jiawei-Yao0812/QE-BEV
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1 Introduction
3D object detection is a pivotal task in various applications [3, 4]
like autonomous driving, robotics, and surveillance [9, 13, 22].
In the field of 3D object detection, BEV (Bird’s Eye View) algo-
rithms [7, 15, 36] have gained increasing prominence due to their
ability to provide a top-down perspective, simplifying complex 3D
scenes [35] into 2D representations. This perspective aids in reducing
computational complexity and enhancing the clarity of object local-
ization. However, traditional query-based BEV methods have mainly
relied on static queries [20, 21, 32], where the query weights are
learned during the training phase and remain fixed during inference.
This static nature restricts the model’s capability to effectively lever-
age both spatial and temporal contexts and adapt to complex scenes.
While recent studies like CMT [34] and UVTR [12] have introduced
dynamic queries. The dynamic queries enable the model with the
ability to adaptively capture complex spatial-temporal relationships.
However, these methods typically employ a position-guided query
mechanism, interacting simply with features or tokens through basic
methods like adding position encoding or direct concatenation. This
limits their ability to explore unknown areas in space, particularly in
complex or dynamically changing environments. Figure 1 illustrates
the limitations of static query-based methods, such as DETR3D [32],
where queries are learnable during training but remain fixed during
inference. This inflexibility hampers the model’s responsiveness to
dynamic changes within the scene. Existing dynamic query meth-
ods, while addressing some of these issues, often rely on simple
position-guided interactions that do not fully capture the complexi-
ties of spatial and temporal variations in real-world environments.
In contrast, our method introduces a dynamic querying mechanism
that allows for queries to adapt to the input data iteratively.

In this vein, we introduce QE-BEV, a novel method that pioneers
the use of advanced dynamic queries in query-based 3D object
detection, pushing the boundaries of what can be achieved with BEV
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Figure 1: Comparison of Different Query Methods. (a) Static
query-based method: Queries are pre-defined and unchanging
during inference, linking to a consistent set of tokens. (b) Exist-
ing dynamic query-based method: Queries are adaptive, updat-
ing their association with tokens, yet within a limited, position-
guided context. (c) Our approach: Fusion of dynamic queries
with both feature aggregation and temporal fusion, enabling
queries to adapt more comprehensively by considering previous
tokens, thereby capturing intricate object dynamics and rela-
tionships over time.

(Bird’s Eye View) algorithms. QE-BEV fundamentally redefines
query dynamics through iterative adaptations, leveraging feature
clustering for adaptive scene representation and employing a Top-K
Attention mechanism that intelligently adjusts to the most relevant
top-k feature clusters. This approach enables each query to flexibly
and efficiently aggregate information across both proximal and distal
feature clusters, enhancing the system’s ability to interpret complex,
multi-dimensional scenes.

In summary, our contributions are as follows:

• We introduce an innovative dynamic querying mechanism
in QE-BEV, which utilizes Top-K Attention to dynamically
focus on the most relevant feature clusters, enhancing the
model’s accuracy and adaptability to complex scenarios.
• We incorporate a Diversity Loss within the Top-K Attention

framework to ensure that attention is not only paid to the most
dominant features but also to less prominent ones, boosting
the robustness of our model across varied environments.
• Our QE-BEV includes a Lightweight Temporal Fusion Mod-

ule (LTFM) that significantly reduces computational over-
head by reusing dynamic queries and their associated feature
clusters, thereby streamlining the incorporation of temporal
context. This model has been rigorously evaluated on the
nuScenes [1] and Waymo [25] datasets, demonstrating signif-
icant improvements over state-of-the-art methods in terms of
both accuracy and efficiency.

2 Related Work
Query-based Object Detection in 2D and 3D. Query-based ob-
ject detection has gained significant advancements thanks to the
introduction of the Transformer architecture [27]. Primary works
like DETR [2] adopted a static query-based approach where queries
are used to represent potential objects but do not adapt during the
detection process. Various works [5, 26, 38] have focused on accel-
erating the convergence or improving the efficiency of these static
query-based methods. However, these models, even when extended
to 3D space [20, 32], inherently lack the ability to adapt queries to
complex spatial and temporal relationships within the data. Our work
diverges from this static paradigm by introducing dynamic queries
that iteratively adapt during detection, effectively constituting a new
paradigm in query-based object detection.

Monocular and Multiview 3D Object Detection. Monocular 3D
object detection [24, 30, 31] and multiview approaches [9, 23] have
been widely studied for generating 3D bounding boxes from 2D
images. While effective, these methods generally operate under a
static framework where features are extracted and used without fur-
ther adaptation. Our work, QE-BEV, enhances this by dynamically
adapting the queries in BEV space to capture both local and distant
relationships, thus presenting a novel approach in the realm of 3D
object detection.

Static vs. Dynamic Paradigms in BEV Object Detection. BEV-
based object detection has progressed significantly, with methods
typically employing a static approach where queries or feature rep-
resentations remain constant during the detection process, as seen in
DETR3D [32] and PETR series [20, 21]. These approaches, however,
do not fully account for the spatial-temporal dynamics of real-world
scenes. Recent works have introduced dynamic queries to address
this limitation, such as MV2D [33], SimMOD [37], CMT [34], and
UVTR [12], which allow for updates in response to input data. Our
work extends these concepts by incorporating a dynamic paradigm
where queries adapt iteratively, enhancing the model’s ability to
capture complex and changing spatial-temporal relationships in 3D
object detection.

Temporal Information in Object Detection. Incorporating tem-
poral information has been explored in various works [15, 19, 22].
However, these methods often introduce significant computational
complexity and are constrained by the static nature of their query or
feature representations. Our Lightweight Temporal Fusion Module
(LTFM) not only efficiently integrates temporal context but does
so in a dynamic manner, further emphasizing the shift towards a
dynamic paradigm in 3D object detection.

3 Method
In this section, we introduce QE-BEV, a novel method designed
for effective and efficient 3D object detection. Traditional static
query-based methods lack the dynamism required to capture the
diverse nature of 3D spaces. In contrast, QE-BEV harnesses dy-
namic queries that undergo iterative updates, and thereby achieves
unparalleled adaptability in discerning diverse object attributes. The
key components of QE-BEV are shown in Figure 2.

QE-BEV is composed of multiple integral components that syner-
gize to facilitate robust and precise 3D object detection. The frame-
work includes a backbone network responsible for initial feature
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Figure 2: The architecture of QE-BEV. Beginning with feature extraction from surrounding images using a backbone network and
FPN, the architecture leverages previous pillars and features for temporal context. These are processed through the Dynamic Query
Evolution Module (DQEM) for adaptive query refinement using K-means clustering and Top-K Attention. The Lightweight Temporal
Fusion Module (LTFM) then integrates temporal information before the final query update, which combines dynamic temporal
aggregation with the initial temporal query initialization. Finally, the updated queries are used for 3D object prediction.

extraction. With the extracted feature, a Dynamic Query Evolution
Module (DQEM) comes into play. First, DQEM exploits K-means
clustering to groups features around each query, which brings adap-
tive structure representation for complex 3D scenarios. Afterwards, a
Top-K Attention module is employed by DQEM to iteratively refine
queries with their associated feature clusters. Finally, a Lightweight
Temporal Fusion Module (LTFM) is incorporated to efficiently cap-
ture temporal context for each query.

3.1 Dynamic Query Evolution Module (DQEM)

Initialization of Queries (Pillars). In the context of 3D object
detection, the initialization of queries plays a pivotal role in the
subsequent detection performance. In the BEV space, these queries,
often referred to as "pillars", serve as reference points or anchors
that guide the detection process. The query set 𝑄 can be represented
as:

𝑄 = {(𝑥𝑖 , 𝑦𝑖 , 𝑧𝑖 ,𝑤𝑖 , 𝑙𝑖 , ℎ𝑖 , 𝜃𝑖 , 𝑣𝑥𝑖 , 𝑣𝑦𝑖 )} (1)

where (𝑥𝑖 , 𝑦𝑖 , 𝑧𝑖 ) is the spatial coordinates of the 𝑖-th pillar, indi-
cating its position in the BEV space.𝑤𝑖 , 𝑙𝑖 , ℎ𝑖 are width, length and
height of the pillar, respectively, providing the shape attributes. 𝜃𝑖 is
the orientation angle of the pillar, offering insights into its alignment
in the BEV space. 𝑣𝑥𝑖 and 𝑣𝑦𝑖 are velocity components of the pillar,
capturing its motion dynamics.

In traditional methods like SparseBEV [19], these queries and
their associate features are initialized based on pre-defined grid struc-
tures and remain static throughout the detection process. Such static
nature are designed to capture general object patterns but is not adept
at handling diverse scenarios with complex intricate object details.

On the contrary, in QE-BEV, the associated feature are grouped
into a clustered structure, which well adapts to the complex 3D
scene, and each pillar iteratively adjusts its attributes (like position,
dimensions, or orientation) based on the associated feature clusters.
Such dynamism renders the pillars better adaptability to the object
attributes in the 3D scenes, leading to a more accurate and robust
detection.

K-means Clustering. In QE-BEV, K-means clustering is first em-
ployed to divide the surrounding features 𝐹 of each query into 𝐾
clusters 𝐶1, . . . ,𝐶𝐾 . The surrounding features refer to the features
within a predefined spatial neighborhood of each query point, deter-
mined by a fixed radius 𝑟 . These features include information such
as geometry, texture, and color, and are extracted from multi-view
data at the same time step.

The rationale behind employing K-means clustering lies in its
ability to partition the feature space into clusters within which the
feature variance is minimized. This enable each query to focus on
groups of coherent features rather than unorganized points, which is
a more adaptive and structured representation, thereby enhancing the
model’s ability to discern the objects in 3D scenes. After K-means
clustering, each query 𝑞 will have an associated set of feature clusters
𝐶𝑘 , formally:

𝐶𝑘 = {𝑓𝑖 | 𝑐𝑖 = 𝑘}, (2)

and the cluster center:

𝜇𝑘 =
1
|𝐶𝑘 |

∑︁
𝑓𝑖 ∈𝐶𝑘

𝑓𝑖 . (3)
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These clusters encapsulate the local patterns around each query,
and provide the model with a more adaptive structured representa-
tion of the dynamic 3D scenes, serving as the foundation for the
subsequent Top-K Attention steps.

Top-K Attention Aggregation. To allow each query to aggregate
features in a dynamic way, we introduce a Top-K Attention mecha-
nism. For each query 𝑞, we compute the attention weights over its
associated feature clusters 𝐶𝑘 obtained from K-means clustering.

Compute Attention Scores. For each query feature 𝑞 and each
cluster 𝐶𝑘 , compute an attention score.

𝐴𝑘 = (𝑊𝑞𝑞)𝑇 ·𝑊𝑘𝜇𝑘 (4)

Here, 𝑊𝑞 represents the weight vector for the query and 𝑊𝑘
represents the weight vector for the cluster. The dot product measures
the relevance between the query and each cluster.

This step allows the model to measure the importance of each
feature cluster with respect to the query, enabling more informed
aggregations.

Select Top-K Clusters. Sort the attention scores 𝐴𝑘 in descending
order and select the top-K clusters.

Top-K clusters = argmax𝑘 (𝐴𝑘 ), 𝑘 = 1, . . . , 𝐾 (5)

This selective attention mechanism enables each query to focus
on the most relevant clusters, which may even be farther away, thus
enriching the aggregated feature.

Weighted Feature Aggregation. Aggregate the selected clusters
using their attention weights to form the aggregated feature 𝑞′ to
update each query 𝑞.

𝑞′ =
∑︁

𝑘∈Top-K

Softmax(𝐴)𝑘 · 𝜇𝑘 (6)

The weighted sum allows for a rich combination of features,
enabling each query to adaptively focus on different aspects of the
surrounding features.

The aggregated feature 𝑞′ serves as the foundation for 3D object
prediction. By allowing each query to aggregate information even
from distant clusters, the model’s capacity to capture long-range
dependencies is significantly enhanced. Such capacity is particularly
crucial in 3D object detection, where objects might have parts that
are spatially separated but are contextually related.

Diversity Loss for Balanced Feature Aggregation. The proposed
Top-K Attention mechanisms has the risk of focusing excessively
on the most relevant features corresponding to each query. While
this approach is effective in capturing dominant patterns, it often
neglects the long-tail or less prominent features that could be critical
for certain edge cases or specific scenarios. For example, in a 3D
object detection task involving vehicles and pedestrians, focusing
solely on the most relevant features might capture the overall shape
of a vehicle but miss out on smaller but important details like side
mirrors or indicators, which are essential for precise localization and
classification.

To address this limitation, we introduce a Diversity Loss 𝐿div.
This loss function aims to balance the attention mechanism by en-
suring that not only the most relevant but also the less prominent

Figure 3: Dynamic Query Evolution Module (DQEM). The se-
quence begins with the initialization of query pillars, which are
then spatially coordinated in the BEV space based on extracted
features. Subsequent K-means clustering organizes these fea-
tures into distinct clusters. The process continues with Top-K At-
tention Aggregation, dynamically refining each query based on
the most informative feature clusters. This results in an evolved
query set adept at capturing the complex, multi-dimensional
relationships.

features are considered. Unlike conventional entropy-based losses,
which are agnostic to the task at hand, our Diversity Loss is meticu-
lously crafted for 3D object detection, ensuring a balanced attention
distribution across different feature clusters, formally:

𝐿div = −
𝐾∑︁
𝑘=1

𝑝𝑘 log 𝑝𝑘 , (7)

where the following function serves as a critical component for
stabilizing the gradient flow during the back-propagation process,
especially when dealing with clusters of varying relevance:

𝑝 (𝑘) = exp(𝐴𝑘 )∑𝐾
𝑗=1 exp(𝐴 𝑗 )

. (8)

This Diversity Loss brings several advantages. Firstly, it promotes
a balanced feature representation by encouraging the model to pay
attention to a variety of features, not just the most prominent ones.
This is particularly useful for capturing less obvious but potentially
crucial features. Secondly, the approach enhances the model’s ro-
bustness, allowing it to adapt better to different scenarios and noise
levels. Lastly, it fosters a more comprehensive understanding of the
data, thereby improving the model’s generalization capabilities.

Dynamic Adaptation of Queries. After initializing the queries as
pillars and performing K-means clustering to obtain feature clusters
𝐶𝑘 , the next crucial step is dynamically adapting these queries based
on the Top-K Attention mechanism. This dynamic adaptation is the
key difference from SparseBEV, where the queries are static. In
QE-BEV, each query not only captures local information but also
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dynamically updates itself to aggregate relevant features from a large
scope of feature clusters.

Initial Feature Aggregation. For each query 𝑞, aggregate the initial
set of features using a simple average or any other aggregation
method.

𝑞 ← 1
|𝐹 |

∑︁
𝑓 ∈𝐹

𝑓 (9)

This initial aggregation serves as a baseline, capturing the immediate
vicinity of the query. It acts as an anchor, grounding the subsequent
dynamic adaptations.

Top-K Attention Update. Apply the previously described Top-K
Attention mechanism to adaptively update each query 𝑞 using its
associated feature clusters 𝐶𝑘 .

𝑞 ← 𝑞′ + 𝛽 · 𝑞 (10)

Here, 𝑞′ is the aggregated feature obtained from Top-K Attention,
and 𝛽 is a hyper-parameter that controls the blending of initial and
dynamically aggregated features.

This step allows each query to adaptively refine its feature repre-
sentation based on both local and long-range information, enhancing
its ability to capture complex patterns and relationships.

Iterative Update. Repeat the K-means clustering and Top-K Atten-
tion steps, using the newly updated queries 𝑞 as the new pillars for
the next iteration. Such iterative update ensures the queries continu-
ously adapting to the varying feature landscape, thereby increasing
the model’s robustness and adaptability.

By iteratively updating queries through a combination of K-means
clustering and Top-K Attention, QE-BEV ensures each query is
both locally and globally informed, thereby capturing richer and
more balanced feature representations. This dynamic adaptation is
a significant advancement over SparseBEV, where pillars remain
static and cannot adapt to capture long-range dependencies.

3.2 Lightweight Temporal Fusion Module
In QE-BEV, the key advantage of our Lightweight Temporal Fu-
sion Module (LTFM) lies in its computational efficiency. Unlike
traditional temporal fusion methods that rely on resource-intensive
recurrent or convolutional layers, LTFM leverages the already com-
puted dynamic queries 𝑄 and their corresponding feature clusters
𝐶𝑘 , thereby avoiding additional heavy computations.

Temporal Query Initialization. The temporal queries 𝑞 are initial-
ized using a weighted combination of current and previous dynamic
queries , thus reusing existing computations.

𝑞 ← 𝛼 · 𝑞 + (1 − 𝛼) · 𝑞previous (11)

By reusing the dynamic queries, we eliminate the need for separate
temporal query extraction, thereby reducing computational overhead.

Dynamic Temporal Aggregation. The Top-K Attention mechanism
is applied directly to 𝑞, reusing the previously computed feature
clusters 𝐶𝑘 for both current and previous time steps.

𝑞′ = Top-K Attention(𝑞, 𝐹current, 𝐹previous) (12)

This obviates the need for separate temporal feature extraction, fur-
ther reducing computational cost.

Table 1: The FPS of QE-BEV and the baseline methods are
measured with NVIDIA RTX 3090 GPU. All the methods use
ResNet 50 as the backbone, with the same input resolution 704
× 256 and query number 900.

Method Backbone Input Size FPS
SparseBEV [19] ResNet50 704×256 15.4
StreamPETR [28] ResNet50 704×256 25.9
QE-BEV ResNet50 704×256 35.6

Query Update. The temporal queries 𝑞 are updated using the aggre-
gated temporal features 𝑞′, similar to the dynamic query update in
the previous sections.

𝑞 ← 𝑞′ + 𝛽 · 𝑞 (13)

The update operation is computationally light, as it only involves ba-
sic arithmetic operations, thus bringing the computational efficiency.

LTFM provides an efficient way to incorporate temporal context
without introducing a significant computational burden. By reusing
existing computations to avoid additional complex operations, LTFM
offers a lightweight yet effective solution for temporal fusion.

3.3 Computational Complexity
The computational efficiency of QE-BEV is one of its key advan-
tages. Below, we quantify this in terms of time complexity: The
overall time complexity is approximately 𝑂 (𝑛𝐾𝐼𝑑 + 𝑛 log𝑛 + 𝑛),
where 𝑛 is the number of data points, 𝐾 is the number of cluster cen-
ters, 𝐼 is the number of iterations in K-means, 𝑑 is the dimensionality
of each data point. This is relatively low compared to methods that
require more complex temporal fusion techniques such as RNNs or
CNNs. As shown in Table 1, QE-BEV achieves considerable higher
efficiency than two common baselines.

4 Experiment
4.1 Implementation Details
We adopt ResNet [6] as the backbone, the temporal module in our
model is designed to be lightweight and we use a total of 𝑇 = 8
frames by default, with an interval of approximately 0.5s between
adjacent frames. For label assignment between ground-truth objects
and predictions, we use the Hungarian algorithm [10]. The loss
functions employed are focal loss [16] for classification and L1 loss
for 3D bounding box regression, augmented by our custom Diversity
Loss 𝐿div with a weight factor of 𝜆 = 0.1. The initial learning rate
is 2 × 10−4, and it is decayed using a cosine annealing policy. In
line with recent advancements, we adjust the loss weight of 𝑥 and
𝑦 in the regression loss to 2.0, leaving the others at 1.0, to better
capture spatial intricacies. We also incorporate Query Denoising to
stabilize training and speed up convergence, as suggested by the
recent work StreamPETR [28]. For our K-means clustering, 𝐾 is
set to 6. The number of Top-K clusters for attention is set to 4. The
hyperparameter 𝛽 used for blending in query update is set to 0.6, and
𝛼 for temporal fusion in the Lightweight Temporal Fusion Module
(LTFM) is set to 0.4.
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Table 2: Performance comparison on nuScenes val split. † benefits from perspective pretraining.

Method Backbone Input Size Epochs NDS mAP mATE mASE mAOE mAVE mAAE

PETRv2 [21] ResNet50 704 × 256 60 45.6 34.9 0.700 0.275 0.580 0.437 0.187
CMT [34] ResNet50 704 × 256 60 46.0 40.6 − − − − −
UVTR [12] ResNet50 704 × 256 60 47.2 36.2 0.756 0.276 0.399 0.467 0.189
BEVStereo [11] ResNet50 704 × 256 90 50.0 37.2 0.598 0.270 0.438 0.367 0.190
BEVPoolv2 [8] ResNet50 704 × 256 90 52.6 40.6 0.572 0.275 0.463 0.275 0.188
SOLOFusion [22] ResNet50 704 × 256 90 53.4 42.7 0.567 0.274 0.511 0.252 0.181
Sparse4Dv2 [18] ResNet50 704 × 256 100 53.9 43.9 0.598 0.270 0.475 0.282 0.179
StreamPETR † [28] ResNet50 704 × 256 60 55.0 45.0 0.613 0.267 0.413 0.265 0.196
SparseBEV [19] ResNet50 704 × 256 36 54.5 43.2 0.619 0.283 0.396 0.264 0.194
SparseBEV †[19] ResNet50 704 × 256 36 55.8 44.8 0.595 0.275 0.385 0.253 0.187
QE-BEV ResNet50 704 × 256 60 56.1 45.4 0.601 0.272 0.381 0.235 0.168
QE-BEV † ResNet50 704 × 256 60 57.8 46.9 0.577 0.264 0.353 0.235 0.187

DETR3D † [32] ResNet101 1600 × 900 24 43.4 34.9 0.716 0.268 0.379 0.842 0.200
UVTR [12] ResNet101 1600 × 900 24 48.3 37.9 0.731 0.267 0.350 0.510 0.200
BEVFormer † [15] ResNet101 1600 × 900 24 51.7 41.6 0.673 0.274 0.372 0.394 0.198
BEVDepth [13] ResNet101 1408 × 512 90 53.5 41.2 0.565 0.266 0.358 0.331 0.190
Sparse4D † [17] ResNet101 1600 × 900 48 55.0 44.4 0.603 0.276 0.360 0.309 0.178
SOLOFusion [22] ResNet101 1408 × 512 90 58.2 48.3 0.503 0.264 0.381 0.246 0.207
SparseBEV † [19] ResNet101 1408 × 512 24 59.2 50.1 0.562 0.265 0.321 0.243 0.195
QE-BEV † ResNet101 1408 × 512 24 61.1 51.7 0.568 0.248 0.344 0.229 0.193

4.2 Datasets and Evaluation Criteria
Our experiments utilize the nuScenes dataset [1], a rich source
of multi-modal sensor information encompassing 1000 driving se-
quences, each lasting around 20s. Annotations are available at a rate
of 2 Hz for key frames. Each frame in the dataset offers a compre-
hensive 360-degree field of view through six camera sensors. For the
task of 3D object detection, the dataset incorporates approximately
1.4 million 3D bounding boxes across 10 categories of objects.

We adopt a similar task setting as in previous works [19] for Birds-
Eye View (BEV) segmentation. The official evaluation metrics of
nuScenes are comprehensive; they not only include mean Average
Precision (mAP), which is calculated based on the center distance in
the ground plane instead of 3D IoU, but also feature five additional
True Positive (TP) error metrics: ATE, ASE, AOE, AVE, and AAE,
to measure the errors in translation, scale, orientation, velocity, and
attributes respectively. To provide a unified score that captures mul-
tiple facets of detection performance, the nuScenes Detection Score
(NDS) is used, defined as:

𝑁𝐷𝑆 =
1
10

[
5 ×mAP +

∑︁
𝑚𝑇𝑃∈TP

(1 −min(1,𝑚𝑇𝑃))
]

(14)

In addition, we verify the advantage of QE-BEV on the Waymo
dataset [25], with the same experiment settings exploited in [28].

4.3 Comparison with the State-of-the-art Methods
Table 2 presents the performance of our QE-BEV on the nuScenes
validation dataset, compared with other state-of-the-art methods,
which outperforms all other methods by a considerable margin.
With a ResNet50 backbone and an input size of 704 × 256, QE-
BEV achieves a nuScenes Detection Score (NDS) of 56.1, which
is higher than the 54.5 achieved by SparseBEV. More significantly,
when perspective pre-training is applied, indicated by the † symbol,

Table 3: Performance Comparison on Waymo val set.

Methods Backbone mAPL↑ mAP↑ mAPH↑
BEVFormer++ [14] ResNet101-DCN 0.361 0.522 0.481

MV-FCOS3D++ [29] ResNet101-DCN 0.379 0.522 0.484
PETR [20] ResNet101 0.358 0.502 0.462

PETRv2 [21] ResNet101 0.366 0.519 0.479
StreamPETR [28] ResNet101 0.399 0.553 0.517

QE-BEV ResNet101 0.426 0.582 0.547

the NDS score of QE-BEV rises to 57.8, outperforming the 55.8 by
SparseBEV. Moreover, the performance of QE-BEV on the nuScenes
test dataset is provided in the supplementary material, which also
reveals considerable advantages.

As shown in Table 2, in more complex configurations, such as
using a ResNet101 backbone and an input size of 1408 × 512, QE-
BEV outshines its competitors with an NDS of 61.1, exceeding
SparseBEV’s 59.2, making it the current leading approach.

QE-BEV consistently maintains high mAP scores, proving its
robust object detection capabilities. In terms of True Positive metrics
like mATE, mASE, QE-BEV holds its ground well compared to
SparseBEV and other competing methods. Moreover, the model also
performs well on fine-grained evaluation metrics such as Object Ori-
entation Error (mAOE) and Attribute Error (mAAE). The application
of perspective pre-training not only improves nearly all evaluation
metrics but also showcases the model’s adaptability and flexibility.
Table 3 compares QE-BEV with the SOTA methods on the Waymo

validation dataset. It also reveals the advantage of QE-BEV, with the
highest scores of mAPL, mAPH and mAP.

The advantages of QE-BEV primarily stem from two inherent
aspects: Firstly, the design of QE-BEV allows it to better capture
long-range dependencies. In 3D object detection, different parts of
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Figure 4: Comparative visualization of query results for object detection using different dynamic querying methods. Different instances
are distinguished by colors. The size of the points indicates depth: larger points are closer to the camera.
an object might be spatially distant but contextually related. For in-
stance, the front and rear of a car might be far apart in the BEV space,
yet they belong to the same object. SparseBEV, being a static query-
based method, might struggle in such scenarios since its query points
are fixed and cannot dynamically adapt to the changing scene. In con-
trast, QE-BEV, through its Dynamic Query Evolution Module, can
update its query points in real-time, thereby better capturing these
long-range dependencies. Secondly, QE-BEV is better equipped to
handle the dynamism of real-world scenes. Objects in real-world
scenarios might move, rotate, or change their shape. SparseBEV,
with its static query points, might falter in such dynamically chang-
ing scenes. However, QE-BEV, through its dynamic queries and
K-means clustering, can dynamically adjust its query points, thus
better adapting to the evolving scene.

4.4 Ablation Study
Dynamic Query Evolution Module (DQEM). For all ablation stud-
ies, we use ResNet-50 as the backbone and adopt the same training
and evaluation protocols. The baseline model employs the stan-
dard cross-attention mechanism. The Dynamic-K Block integrates
Dynamic Queries, K-means Clustering, and Top-K Attention as a
unified module. We compare this with the baseline model that uses
standard cross-attention.

Table 4: Ablation study on the Dynamic-K Block.

Model Configuration NDS mAP
Baseline (Cross-Attention) 51.7 40.8
Dynamic-K Block 56.1 45.4

Table 4 shows that the introduction of the Dynamic-K Block
results in an 4.2% increase in NDS and a 4.3% increase in mAP
compared to the baseline. The Dynamic-K Block’s significant per-
formance boost can be attributed to its ability to focus on key features
dynamically. Traditional methods with static query points, like the
baseline model, might not be able to adapt to the dynamic nature
of real-world scenes. In contrast, the Dynamic-K Block, with its
integration of Dynamic Queries, K-means Clustering, and Top-K
Attention, allows the model to dynamically adjust its focus based
on the scene’s context. This adaptability ensures that the model can

give precedence to critical features, especially in complex scenes
where objects might be occluded or distant from each other.

Table 5: Ablation study on the Lightweight Temporal Fusion
Module (LTFM).

Model Configuration NDS mAP
Baseline (No Temporal Fusion) 52.8 42.3
With LTFM 56.1 45.4
LSTM-based Fusion 53.5 43.2
Convolutional LSTM Fusion 53.7 43.5
Simple Averaging 52.5 42.0

Lightweight Temporal Fusion Module (LTFM). To study the
effectiveness of our Lightweight Temporal Fusion Module (LTFM),
we compare it with the baseline that doesn’t employ temporal fusion
and other prevalent temporal fusion methods in Table 5. All other
configurations remain the same for a fair comparison.

Incorporating the Lightweight Temporal Fusion Module (LTFM)
to the baseline model results in a 3.1% increase in NDS and a 2.8% in-
crease in mAP. These improvements indicate that LTFM effectively
captures the temporal dependencies without introducing significant
computational overhead, thus validating its utility in our QE-BEV
framework. The LTFM provides the model with crucial context
about these object movements. By fusing information across time,
the model gains a more comprehensive understanding of the scene,
allowing it to predict object trajectories and interactions more accu-
rately. LTFM consistently outperformed other methods like LSTM-
based fusion, Convolutional LSTM fusion, and simple averaging
across time. This can be attributed to LTFM’s lightweight design
and its adeptness at capturing crucial temporal dependencies without
significant computational overhead.

We further explored the temporal resolution at which the LTFM
operates in Table 6. Different scenarios might benefit from different
temporal granularities. When comparing the performance of LTFM
at different time intervals, such as every frame, every 2 frames,
and every 5 frames, we observed that fusing information at every
2 frames provided the optimal balance between computational effi-
ciency and detection accuracy.
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Figure 5: Visualization 3D object detection results. Detected objects are highlighted with bounding boxes in the camera views and
corresponding position markers in the LiDAR top view.

Table 6: Performance of LTFM at different temporal resolutions.

Temporal Resolution NDS mAP
Every Frame 55.5 44.8
Every 2 Frames 56.1 45.4
Every 5 Frames 55.2 44.5

Selection of 𝐾 in K-means and Top-K Attention. As illustrated
in Figure 6a, increasing the number of clusters 𝐾 initially improves
both NDS and mAP. The performance plateau observed after 𝐾 = 6
in K-means clustering suggests that there’s an optimal number of
clusters that capture the scene’s essence. Having too many clusters
might over-segment the data, leading to redundant or even conflict-
ing information. Similarly, Figure 6b shows that utilizing Top-K
Attention with 𝐾 = 6 yields the best performance, highlighting the
importance of selective attention. Including Diversity Loss improves
both NDS and mAP, as shown in the supplementary material, indi-
cating its effectiveness in balancing the attention mechanism and
capturing a variety of features.

4.5 Visualization
Comparative visualization of query results for object detection is
shown in Figure 4. Our dynamic querying scheme is more adaptive
to occlusions and rapidly moving objects, and aligns well across
different timestamps. As can be seen from Figure 5, although some
targets are difficult to distinguish or locate and are misidentified by
SparseBEV, QE-BEV is able to correctly detect the targets. This
result confirms the excellent performance of the QE-BEV detector.
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Figure 6: Performance impact of different parameter settings in
K-means and Top-K Attention.

5 Conclusion
In this paper, we presented QE-BEV, a novel approach to 3D object
detection that leverages dynamic queries in BEV space. Distinct
from conventional static query-based techniques, QE-BEV itera-
tively adapts queries to capture complex spatial and temporal re-
lationships within the data. This dynamic paradigm offers a more
flexible and adaptive mechanism for 3D object detection, effectively
constituting a new frontier in the field. Our method integrates var-
ious novel components, including K-means clustering for feature
selection, Top-K Attention for adaptive feature aggregation, and a
Lightweight Temporal Fusion Module for efficient temporal con-
text integration. These components collectively enable our model
to outperform state-of-the-art methods on various benchmarks, thus
validating the efficacy of the dynamic query-based paradigm.

As future work, we aim to explore the applicability of dynamic
queries in other vision tasks and to further optimize the compu-
tational efficiency of our model. We also plan to investigate the
potential of incorporating more advanced temporal models to cap-
ture long-term dependencies in videos or large-scale 3D scenes.



QE-BEV: Query Evolution for Bird’s Eye View Object Detection in Varied Contexts MM ’24, October 28-November 1, 2024, Melbourne, VIC, Australia

References
[1] Holger Caesar, Varun Bankiti, Alex H Lang, Sourabh Vora, Venice Erin Liong,

Qiang Xu, Anush Krishnan, Yu Pan, Giancarlo Baldan, and Oscar Beijbom. 2020.
nuscenes: A multimodal dataset for autonomous driving. In Proceedings of the
IEEE/CVF conference on computer vision and pattern recognition. 11621–11631.

[2] Nicolas Carion, Francisco Massa, Gabriel Synnaeve, Nicolas Usunier, Alexan-
der Kirillov, and Sergey Zagoruyko. 2020. End-to-end object detection with
transformers. In Proceedings of the European conference on computer vision.
213–229.

[3] Xuxin Cheng, Zhihong Zhu, Bowen Cao, Qichen Ye, and Yuexian Zou. 2023.
Mrrl: Modifying the reference via reinforcement learning for non-autoregressive
joint multiple intent detection and slot filling. In Findings of the Association for
Computational Linguistics: EMNLP 2023. 10495–10505.

[4] Xuxin Cheng, Zhihong Zhu, Wanshi Xu, Yaowei Li, Hongxiang Li, and Yuexian
Zou. 2023. Accelerating multiple intent detection and slot filling via targeted
knowledge distillation. In The 2023 Conference on Empirical Methods in Natural
Language Processing.

[5] Ziteng Gao, Limin Wang, Bing Han, and Sheng Guo. 2022. AdaMixer: A Fast-
Converging Query-Based Object Detector. In Proceedings of the IEEE/CVF Con-
ference on Computer Vision and Pattern Recognition. 5364–5373.

[6] Kaiming He, Xiangyu Zhang, Shaoqing Ren, and Jian Sun. 2016. Deep resid-
ual learning for image recognition. In Proceedings of the IEEE conference on
computer vision and pattern recognition. 770–778.

[7] Junjie Huang and Guan Huang. 2022. Bevdet4d: Exploit temporal cues in multi-
camera 3d object detection. arXiv preprint arXiv:2203.17054 (2022).

[8] Junjie Huang and Guan Huang. 2022. Bevpoolv2: A cutting-edge implementation
of bevdet toward deployment. arXiv preprint arXiv:2211.17111 (2022).

[9] Junjie Huang, Guan Huang, Zheng Zhu, and Dalong Du. 2021. Bevdet: High-
performance multi-camera 3d object detection in bird-eye-view. arXiv preprint
arXiv:2112.11790 (2021).

[10] Harold W Kuhn. 1955. The Hungarian method for the assignment problem. Naval
research logistics quarterly 2, 1-2 (1955), 83–97.

[11] Yinhao Li, Han Bao, Zheng Ge, Jinrong Yang, Jianjian Sun, and Zeming Li. 2022.
BEVStereo: Enhancing Depth Estimation in Multi-view 3D Object Detection with
Dynamic Temporal Stereo. arXiv preprint arXiv:2209.10248 (2022).

[12] Y. Li, Y. Chen, X. Qi, Z. Li, J. Sun, and J. Jia. 2022. Unifying Voxel-based
Representation with Transformer for 3D Object Detection. Advances in Neural
Information Processing Systems 35 (2022), 18442–18455.

[13] Yinhao Li, Zheng Ge, Guanyi Yu, Jinrong Yang, Zengran Wang, Yukang Shi,
Jianjian Sun, and Zeming Li. 2022. Bevdepth: Acquisition of reliable depth for
multi-view 3d object detection. arXiv preprint arXiv:2206.10092 (2022).

[14] Zhiqi Li, Hanming Deng, Tianyu Li, Yangyi Huang, Chonghao Sima, Xiangwei
Geng, Yulu Gao, Wenhai Wang, Yang Li, and Lewei Lu. 2023. BEVFormer ++ :
Improving BEVFormer for 3D Camera-only Object Detection: 1st Place Solution
for Waymo Open Dataset Challenge 2022.

[15] Zhiqi Li, Wenhai Wang, Hongyang Li, Enze Xie, Chonghao Sima, Tong Lu, Yu
Qiao, and Jifeng Dai. 2022. BEVFormer: Learning Bird’s-Eye-View Representa-
tion from Multi-camera Images via Spatiotemporal Transformers. In European
Conference on Computer Vision (ECCV). Springer, 1–18.

[16] Tsung-Yi Lin, Priya Goyal, Ross Girshick, Kaiming He, and Piotr Dollár. 2017.
Focal loss for dense object detection. In Proceedings of the IEEE international
conference on computer vision. 2980–2988.

[17] Xuewu Lin, Tianwei Lin, Zixiang Pei, Lichao Huang, and Zhizhong Su. 2022.
Sparse4d: Multi-view 3d object detection with sparse spatial-temporal fusion.
arXiv preprint arXiv:2211.10581 (2022).

[18] Xuewu Lin, Tianwei Lin, Zixiang Pei, Lichao Huang, and Zhizhong Su. 2023.
Sparse4D v2: Recurrent Temporal Fusion with Sparse Model. arXiv preprint
arXiv:2305.14018 (2023).

[19] Haisong Liu, Yao Teng, Tao Lu, Haiguang Wang, and Limin Wang. 2023. Sparse-
BEV: High-Performance Sparse 3D Object Detection from Multi-Camera Videos.
arXiv preprint arXiv:2308.09244 (2023).

[20] Yingfei Liu, Tiancai Wang, Xiangyu Zhang, and Jian Sun. 2022. PETR: Position
Embedding Transformation for Multi-view 3D Object Detection. In European
Conference on Computer Vision (ECCV). Springer, 531–548.

[21] Yingfei Liu, Junjie Yan, Fan Jia, Shuailin Li, Qi Gao, Tiancai Wang, Xiangyu
Zhang, and Jian Sun. 2022. PETRv2: A Unified Framework for 3D Perception
from Multi-Camera Images. arXiv preprint arXiv:2206.01256 (2022).

[22] Jinhyung Park, Chenfeng Xu, Shijia Yang, Kurt Keutzer, Kris Kitani, Masayoshi
Tomizuka, and Wei Zhan. 2022. Time will tell: New outlooks and a baseline
for temporal multi-view 3d object detection. arXiv preprint arXiv:2210.02443
(2022).

[23] Jonah Philion and Sanja Fidler. 2020. Lift, splat, shoot: Encoding images from
arbitrary camera rigs by implicitly unprojecting to 3d. In Computer Vision–ECCV
2020: 16th European Conference, Glasgow, UK, August 23–28, 2020, Proceedings,
Part XIV 16. Springer, 194–210.

[24] Cody Reading, Ali Harakeh, Julia Chae, and Steven L Waslander. 2021. Categori-
cal depth distribution network for monocular 3d object detection. In Proceedings
of the IEEE/CVF Conference on Computer Vision and Pattern Recognition. 8555–
8564.

[25] Pei Sun, Henrik Kretzschmar, Xerxes Dotiwalla, Aurelien Chouard, Vijaysai
Patnaik, Paul Tsui, James Guo, Yin Zhou, Yuning Chai, Benjamin Caine, et al.
2020. Scalability in perception for autonomous driving: Waymo open dataset.
In Proceedings of the IEEE/CVF conference on computer vision and pattern
recognition. 2446–2454.

[26] Peize Sun, Rufeng Zhang, Yi Jiang, Tao Kong, Chenfeng Xu, Wei Zhan, Masayoshi
Tomizuka, Lei Li, Zehuan Yuan, Changhu Wang, et al. 2021. Sparse r-cnn: End-
to-end object detection with learnable proposals. In Proceedings of the IEEE/CVF
conference on computer vision and pattern recognition. 14454–14463.

[27] Ashish Vaswani, Noam Shazeer, Niki Parmar, Jakob Uszkoreit, Llion Jones,
Aidan N Gomez, Łukasz Kaiser, and Illia Polosukhin. 2017. Attention is all you
need. Advances in neural information processing systems 30 (2017).

[28] Shihao Wang, Yingfei Liu, Tiancai Wang, Ying Li, and Xiangyu Zhang. 2023.
Exploring Object-Centric Temporal Modeling for Efficient Multi-View 3D Object
Detection. arXiv preprint arXiv:2303.11926 (2023).

[29] Tai Wang, Qing Lian, Chenming Zhu, Xinge Zhu, and Wenwei Zhang. 2022. Mv-
fcos3d++: Multi-view camera-only 4d object detection with pretrained monocular
backbones. arXiv preprint arXiv:2207.12716 (2022).

[30] Tai Wang, Xinge Zhu, Jiangmiao Pang, and Dahua Lin. 2021. Fcos3d: Fully
convolutional one-stage monocular 3d object detection. In Proceedings of the
IEEE/CVF International Conference on Computer Vision (ICCV). 913–922.

[31] Yan Wang, Wei-Lun Chao, Divyansh Garg, Bharath Hariharan, Mark Campbell,
and Kilian Q Weinberger. 2019. Pseudo-lidar from visual depth estimation:
Bridging the gap in 3d object detection for autonomous driving. In Proceedings of
the IEEE/CVF Conference on Computer Vision and Pattern Recognition. 8445–
8453.

[32] Yue Wang, Vitor Campagnolo Guizilini, Tianyuan Zhang, Yilun Wang, Hang
Zhao, and Justin Solomon. 2022. Detr3d: 3d object detection from multi-view
images via 3d-to-2d queries. In Conference on Robot Learning. PMLR, 180–191.

[33] Z. Wang, Z. Huang, J. Fu, N. Wang, and S. Liu. 2023. Object as Query: Lift-
ing Any 2D Object Detector to 3D Detection. In Proceedings of the IEEE/CVF
International Conference on Computer Vision. 3791–3800.

[34] J. Yan, Y. Liu, J. Sun, F. Jia, S. Li, T. Wang, and X. Zhang. 2023. Cross Modal
Transformer: Towards Fast and Robust 3D Object Detection. In Proceedings of
the IEEE/CVF International Conference on Computer Vision. 18268–18278.

[35] Jiawei Yao, Chuming Li, Keqiang Sun, Yingjie Cai, Hao Li, Wanli Ouyang, and
Hongsheng Li. 2023. Ndc-scene: Boost monocular 3d semantic scene comple-
tion in normalized device coordinates space. In 2023 IEEE/CVF International
Conference on Computer Vision (ICCV). IEEE Computer Society, 9421–9431.

[36] Jiawei Yao, Xiaochao Pan, Tong Wu, and Xiaofeng Zhang. 2024. Building
lane-level maps from aerial images. In ICASSP 2024-2024 IEEE International
Conference on Acoustics, Speech and Signal Processing (ICASSP). IEEE, 3890–
3894.

[37] Y. Zhang, W. Zheng, Z. Zhu, G. Huang, J. Lu, and J. Zhou. 2023. A Simple
Baseline for Multi-camera 3D Object Detection. In Proceedings of the AAAI
Conference on Artificial Intelligence, Vol. 37. 3507–3515.

[38] Xizhou Zhu, Weijie Su, Lewei Lu, Bin Li, Xiaogang Wang, and Jifeng Dai. 2020.
Deformable detr: Deformable transformers for end-to-end object detection. arXiv
preprint arXiv:2010.04159 (2020).


	Abstract
	1 Introduction
	2 Related Work
	3 Method
	3.1 Dynamic Query Evolution Module (DQEM)
	3.2 Lightweight Temporal Fusion Module
	3.3 Computational Complexity

	4 Experiment
	4.1 Implementation Details
	4.2 Datasets and Evaluation Criteria
	4.3 Comparison with the State-of-the-art Methods
	4.4 Ablation Study
	4.5 Visualization

	5 Conclusion
	References

