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Abstract: End-to-end object detection methods have attracted extensive interest recently since they alleviate the
need for complicated human-designed components and simplify the detection pipeline. However, these methods
suffer from slower training convergence and inferior detection performance compared to conventional detectors, as
their feature fusion and selection processes are constrained by insufficient positive supervision. To address this
issue, we introduce a novel query-selection encoder (QSE) designed for end-to-end object detectors to improve the
training convergence speed and detection accuracy. QSE is composed of multiple encoder layers stacked on top
of the backbone. A lightweight head network is added after each encoder layer to continuously optimize features
in a cascading manner, providing more positive supervision for efficient training. Additionally, a hierarchical
feature-aware attention (HFA) mechanism is incorporated in each encoder layer, including in- and cross-level feature
attention, to enhance the interaction between features from different levels. HFA can effectively suppress similar
feature representations and highlight discriminative ones, thereby accelerating the feature selection process. Our
method is highly versatile in accommodating both CNN- and Transformer-based detectors. Extensive experiments
were conducted on the popular benchmark datasets MS COCO, CrowdHuman, and PASCAL VOC to demonstrate
the effectiveness of our method. The results showed that CNN- and Transformer-based detectors using QSE can
achieve better end-to-end performance within fewer training epochs.
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1 Introduction TY et al., 2017) or grid points in the two-dimensional
(2D) image plane (Tian et al., 2019; Zhou et al.,
2019). One-to-many label assignments are the core
scheme of these methods, in which each ground-
truth box is assigned to multiple predictions of de-
tectors as the supervised target. Despite their ex-
cellent performance, these detectors rely heavily on

Object detection is a crucial task in computer
vision, aiming to find targets of interest in images
by circling bounding boxes and predicting categories
(Pu et al., 2021; Qin et al., 2023; Wang CY et al.,
2023). Traditional object detectors built by convo-
lutional neural networks (CNNs) adopt a dense pre-
diction paradigm, which perform classification and
localization tasks based on pre-defined densely tiled
bounding boxes (Girshick, 2015; Ren et al., 2015; Lin

hand-designed components, i.e., non-maximum sup-
pression (NMS), to remove duplicated predictions
during inference, which introduces additional hyper-
parameters to tune and thus causes sub-optimal
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DEtection TRansformer (DETR) (Carion et al.,
2020) was proposed, viewing object detection as
a set prediction problem and introducing a Trans-
former encoder—decoder architecture. Adopting a
sparse prediction paradigm, DETR reasons about
the global image context and outputs the final pre-
dictions by using a small set of learnable object
queries. The one-to-one label assignment plays a cru-
cial role in DETR for conducting end-to-end detec-
tion, where each ground-truth box is assigned only
one prediction. Hence, DETR outputs only a single
prediction for each object during inference and NMS
is no longer necessary. This approach has encouraged
many subsequent improvements (Yao et al., 2021;
Wang YN et al., 2022; Li F et al., 2023). In addition,
POTO (Wang JF et al., 2021) and OneNet (Sun PZ
et al., 2021b) attempt to adopt one-to-one label as-
signment in CNN-based detectors to realize end-to-
end detection. However, these methods suffer from
extremely slow training convergence and relatively
low performance on small objects.
son for this problem is a conflict between one-to-one
label assignment and sufficient positive supervision
(Jia et al., 2023; Hou et al., 2024). During the train-
ing process, the one-to-one matching scheme assigns
a single positive prediction to each ground-truth box,
which leads to negative predictions dominating most
of the loss function, causing insufficient positive su-

The core rea-

Therefore, more training iterations are
required for convergence. To alleviate this issue,
previous studies introduced additional training-only
architectures, such as query denoising (Li F et al.,
2022), multiple groups of queries (Chen Q et al.,
2023), and auxiliary queries (Jia et al., 2023) to pro-
vide more supervision. Despite these improvements,
there is still a gap in training efficiency between end-
to-end detectors and traditional methods using one-
to-many label assignments.

pervision.

In this study, we aim to eliminate this gap while
maintaining the merit of end-to-end detectors. To
address this challenge, we conduct a comparative
analysis by visualizing the multi-scale classification
feature maps (P3, P4, P5, and P6) generated by
two CNN-based detectors, a conventional detector
FCOS (Tian et al., 2019) and an end-to-end de-
tector POTO (Wang JF et al., 2021). As shown
in Fig. 1, the activated feature of POTO is con-
centrated mainly within a more delimited area at
a certain level (P5 and P6 feature maps), while
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Fig. 1 Visualizations of classification feature maps
produced by FCOS (Tian et al., 2019) and POTO
(Wang JF et al., 2021). P3, P4, P5, and P6 represent
different levels of feature maps generated by a feature
pyramid network (FPN). The features of FCOS are
activated on multiple levels (output high values). In
contrast, the activated features of POTO are concen-
trated mainly within a more delimited area at certain
levels. These results indicate that sparsely activated
feature maps are required for end-to-end detection

FCOS enables a wider activation area on the fea-
ture maps at multiple levels. Fig. 1 illustrates that
these sparsely activated features are required for end-
to-end detection, and are more beneficial for detec-
tors to output the only prediction for each object.
Therefore, end-to-end detectors need to filter fea-
tures, suppressing similar representations and high-
lighting the most discriminative ones. Additionally,
for multiple levels of features with different scales,
only a single level of features is activated for each
object. However, in end-to-end detection, this fea-
ture filtering process is guided by sparse positive su-
pervision, thus leading to more training iterations.
Motivated by this observation, we propose a novel
query-selection encoder (QSE) to improve the fea-
ture filtering process for end-to-end detection, which
consists of multiple encoder layers, stacked on top
of a backbone. QSE takes multi-level features with
different scales as the input, continuously selecting
and filtering them in a cascading manner to en-
hance feature representation. In each encoder layer,
we incorporate a hierarchical feature-aware atten-
tion (HFA) mechanism, including in-level feature
attention (ILFA) and cross-level feature attention
(CLFA), to help feature filtering and selection within
a single level and across multiple levels. In addi-
tion, QSE can be flexibly applied to Transformer-
and CNN-based detectors, enabling them to achieve
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comparable or better end-to-end detection perfor-
mance within fewer training iterations. Specifi-
cally, the traditional CNN-based detectors achieve
competitive end-to-end performance by using QSE
within fewer training epochs, which is superior to
previous end-to-end methods.
detectors with QSE can also boost performance in
the same training setting.

Transformer-based

In summary, the main contributions of this pa-
per are as follows:

1. We introduce a query-selection encoder to
improve the training efficiency for end-to-end detec-
tors, which can help filter and select multi-level fea-
tures to accelerate training convergence. QSE can
be applied to both Transformer- and CNN-based de-
tectors to help them achieve comparable or better
performance in fewer training iterations.

2. In each QSE layer, hierarchical feature-aware
attention is incorporated, comprising in- and cross-
level feature attention, to enhance the interaction be-
tween features within a single level and across multi-
ple levels, helping suppress similar feature represen-
tations and highlight discriminative ones for end-to-
end detection.

3. We have conducted comprehensive exper-
iments on MS COCO, PASCAL VOC, and Crowd-
Human datasets, which consistently demonstrate the
superiority and generalization ability of our pro-
posed QSE. In particular, our QSE-ATSS method
outperforms previous end-to-end CNN-based meth-
ods. The Transformer-based detectors incorporating
QSE also achieves performance improvements.

2 Related studies
2.1 CNN-based object detection

Object detection aims to find all the objects
of interest in an image by predicting their location
and categories. Early detectors are based on CNNs
and can be divided into anchor-based and anchor-
free methods. Anchor-based detectors (Ren et al.,
2015; Redmon et al., 2016; Lin TY et al., 2017) were
proposed first which use predefined anchor boxes as
references to locate and classify objects. The size and
scale of these anchor boxes are fixed in advance and
subsequently adjusted to determine the actual object
bounding boxes. As a milestone in object detection,
Faster R-CNN (Ren et al., 2015) uses a region pro-

posal network to generate candidate regions and per-
forms classification and localization on these regions
through a detection network. SSD (Liu W et al.,
2016) generates anchor boxes at multiple feature
maps with different resolutions, thereby achieving
multi-scale detection. Despite the good performance
of anchor-based methods, the hyper-parameters of
anchor shapes and sizes have to be carefully tuned
across different datasets. To overcome this issue,
anchor-free detectors (Law and Deng, 2018; Tian
et al., 2019; Zhou et al., 2019) have been proposed
to simplify the detection pipeline. These detectors
classify the objects directly and regress the location
from images by detecting key points or center points.
For example, FCOS (Tian et al., 2019) defines anchor
points in feature maps and directly regresses the dis-
tance from these points to the border of bounding
boxes. CornerNet (Law and Deng, 2018) first pre-
dicts the top-left and bottom-right points of bound-
ing boxes and then combines them to obtain the pre-
dicted boxes.

Although CNN-based detectors achieve good
performance in different applications, these meth-
ods require a post-processing step, such as non-
maximum suppression (NMS), to remove duplicate
predictions during inference. The post-processing
step introduces additional hyper-parameters and
may result in sub-optimal performance in dense
scenes. Recently, Sun PZ et al. (2021b) and Wang
JF et al. (2021) introduced one-to-one label assign-
ments into CNN-based detectors and conducted end-
to-end detection without NMS. However, owing to
the lack of sufficient positive supervision, these de-
tectors need more training iterations and may suffer
from a performance drop. To address this issue, we
propose a novel query-selection encoder to improve
the training efficiency for end-to-end detection. Our
method can be adopted in CNN-based detectors to
help them achieve performance comparable to that
of traditional methods in fewer training iterations.

2.2 Transformer-based object detection

Transformer-based detectors have been de-
signed to realize end-to-end detection and have
achieved satisfactory performance. DETR (Car-
ion et al., 2020) introduces a Transformer encoder—
decoder architecture in object detection and out-
puts a unique prediction for each object via one-
to-one bipartite matching. DETR uses the encoder
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to obtain global image context on the features from
Then a sparse set of learnable object
queries is used as the training candidates and inter-
acts with the image features through the decoder.
However, DETR suffers from slow convergence and
inferior performance on small objects. Owing to
its novel paradigm for end-to-end detection, many
subsequent studies attempted to improve it by de-
signing new attention mechanisms (Dai et al., 2021;
Zhu et al., 2021; Ye et al., 2023), customized ob-
ject queries (Li F et al., 2022; Liu SL et al., 2022;
Wang YN et al., 2022), or additional network archi-
tectures (Chen Q et al., 2023; Jia et al., 2023; Zong
et al., 2023). For example, Deformable DETR (Zhu
et al., 2021) uses a deformable attention module to
speed up training, using a small set of sampling lo-
cations as a pre-filter for prominent key elements
DAB-DETR (Liu SL
et al., 2022) uses box coordinates directly as queries

a backbone.

out of all the feature maps.

in Transformer decoders and dynamically updates
them layer by layer for better performance. Group
DETR (Chen Q et al., 2023) uses multiple groups
of object queries and conducts one-to-one assign-
ments within each group to introduce more super-
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vision, thereby improving DETR training. Despite
the progress made, there is still a gap in training
efficiency between Transformer-based detectors and
traditional methods. In this study, we bridge this
gap from the perspective of feature filtering for end-
to-end detection and devise a novel query-selection
encoder, which can also be adopted in Transformer-
based detectors to obtain better performance.

3 Proposed method
3.1 Architecture overview

The CNN- and
Transformer-based detectors can be divided
roughly into three parts: feature extraction, feature
fusion, and prediction output (Fig. 2). Specifically,
CNN-based methods consist of a backbone, a neck
network, and a detection head. For Transformer-
based detectors, there are also three components:
The
neck network and the encoder are responsible for
further fusing features obtained from the backbone
network. Sparsely activated features are needed
for end-to-end detection (Fig. 1).

network structures of

a backbone, an encoder, and a decoder.

However, this is
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Fig. 2 The overall architecture of the proposed method: (a) overview of existing methods; (b) overview of
our method; (c) structure of the QSE module. In (a), the structures of both CNN- and Transformer-based
detectors can be divided roughly into three parts: feature extraction, feature fusion, and prediction output.
Due to insufficient positive supervision by one-to-one label assignment, these end-to-end detectors suffer from

slow training convergence and limited performance. In (b), the proposed QSE module can work in the feature
fusion part to replace the neck network and the encoder for efficient training and better performance. In (c),
QSE takes multi-level features as input and consists of several encoder layers used to filter and select features

in a sequential manner. HFA helps multi-level feature fusion for more expressive features, and a lightweight
head network is added after each encoder layer to predict objects, which can provide more positive supervision
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challenging owing to insufficient positive supervi-
sion by one-to-one label assignments, resulting in
more training iterations and limited performance
for end-to-end detection. To address this issue,
we propose a query-selection encoder (QSE) to
accelerate the process of feature fusion in end-to-end
detectors. QSE can replace the neck network and
the encoder for efficient training and better perfor-
mance. Specifically, for CNN-based detectors, QSE
can continuously select and filter the features in a
cascading manner through multiple encoder layers.
A lightweight head network is added after each
encoder layer to provide more positive supervision.
In addition, we design hierarchical feature-aware
attention (HFA) within each encoder layer to handle
multi-level feature selection for more expressive
features. The details of the key components of QSE
are described below.

3.2 Query-selection encoder

The overall architecture of QSE is depicted in
Fig. 2. Similar to a vanilla encoder, QSE consists of L
sequentially connected encoder layers, where the out-
put of each layer serves as the input to the next layer.
Through this cascading manner, the features are con-
tinuously screened and optimized. To improve the
detection performance for objects of various sizes,
QSE takes multi-level feature maps with different
scales from the backbone network as input. Specif-
ically, S = {s;|s; € REXWixK j ¢ 1123 4}} rep-
resents a group of multi-level feature maps, where
H; and W; indicate the height and width of feature
maps respectively, and K is the number of channels.
Before feeding into QSE, these feature maps are first
flattened into one dimension, producing 2D feature
vectors f; € RE:WixK i c 1.2 3 4}. Then we con-
catenate these feature vectors alone with the spatial
dimension and obtain the input feature F° of QSE:

FO = Concat(.fla f27 f37.f4) € RNQXK’ (1)

where Concat(-) indicates a concatenation operation.
Ny = Z?Zl H;W; is the length of the feature vector.
As the feature maps are flattened from 3D matri-
ces to 2D vectors, their spatial information is lost.
Therefore, it is essential to introduce positional en-
coding, which is added to feature F' before being
inputted into QSE. The calculation process of QSE

can be formulated as
F/=QE;(F/"' +PE),je{1,2,...L}. (2

Here, QE; represents the calculation process of the
j* QSE layer and PE is position encoding. L is
the number of QSE layers.
(Carion et al., 2020) also uses a layer-stacked struc-
ture to extract the global relation of input features
through the self-attention mechanism, which is in-
directly trained by calculating the loss through the
output of the decoder. This training scheme of the

The original encoder

encoder is implicit and inefficient. In contrast, we
introduce HFA to help fuse and select input features
in each QSE layer. To train QSE efficiently and
obtain sparsely activated features for end-to-end de-
tection, we design a lightweight head network com-
posed of several linear layers. The feature vector
Fi(j€{1,2,..,L}) from each QSE layer is fed into
this head network to predict categories and bound-
ing boxes. The classification scores p; € RNaxC
are output through one linear layer (Fig. 2). The
bounding boxes b; € RMa** are predicted by two
linear layers and a ReLU function. C' is the number
of object categories. The one-to-one label assign-
ment is used to calculate classification and localiza-
tion losses based on these predictions. This structure
can provide more positive supervision for efficient
training. Besides, compared with a vanilla encoder,
QSE adopts a more direct training scheme, which
can ensure that the feature fusion of each QSE layer
is conducive to end-to-end object detection. Note
that these head networks are used only in training
and incur no computational cost during inference.

3.3 Hierarchical feature-aware attention

The traditional encoder layer in Transformer-
based detectors has a standard architecture includ-
ing a multi-head self-attention (MHSA) module and
a fully connected feed-forward network (FFN). The
encoder layer models the global context relationships
of the input feature vector and extracts significant
information through MHSA. The attention mecha-
nism is the core operation in the encoder layer. In
particular, given three input vectors—a query, a key,
and a value—the similarity between the query and
the key vectors is calculated as a weight assigned to
the value vector. This calculation can be formulated
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as

T

Att(Q, K, V) = softmax(?/I:l;k ) -V, (3)

where /dj, is a temperature parameter to avoid gra-
dient disappearance in the softmax function. Specif-
ically, Q, K, and V are the same feature vector for
self-attention and are different for cross-attention.
Multi-head attention (MHA) is an extension of the
attention mechanism, which enables the model to fo-
cus on different aspects of information by using mul-
tiple groups of learnable weights. The calculation of
multi-head attention can be formulated as

MHA(Q, K,V)=Concat(H,, Hs,. .., H,, WO,

H;=Att( QWKWK VWY), ie{1,2,...,n4},
(4)
where ny, is the number of heads. WO, VVZ.Q, Wk,
and W,V are learnable weights to project the out-
put, the query, the key, and the value to different
dimensions, respectively. The features processed by
the attention mechanism are integrated in the form
of a residual, defined as

MHA,(Q, K, V) = LN(Q + MHA(Q, K, V)). (5)

Here, LN denotes the layer normalization operation.
Finally, an FFN module, comprising two linear layers
and a ReLU activation function, is used to enhance
feature representations. The overall calculation pro-
cess of a traditional encoder layer EC can be sum-
marized as follows:

EC=LN(MHA,(Q,K,V)+FFN(MHA,(Q,K,V))).

(6)
Since the encoder adopts self-attention, Q, K, and
V in Eq. (6) are all input features.

A traditional encoder layer processes the input
feature vector as a whole, extracting relationships
within the feature sequence. However, in QSE, the
input features are obtained by flattening and con-
According to
the analysis in Fig. 1, sparsely activated feature maps
are more conducive to end-to-end detection, which
can help the model output a unique prediction for
each object. Therefore, in addition to extracting
global context relationships, QSE should filter and
select features, suppressing similar feature represen-
tations and highlighting significant ones. We argue

catenating multi-level feature maps.
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that the features from different levels should be pro-
cessed separately, as each level of feature maps con-
tains information about the entire image, and the
feature maps at different levels reflect information
on distinct scales and depths of the image. Hence,
first, the features of the same level interact with each
other to fuse and filter similar representations. Then
the features of different levels interact to retain the
most significant representations. We use hierarchi-
cal HFA to implement the above operation, which
consists of ILFA and CLFA mechanisms. The im-
plementation of the QSE layer is shown in Fig. 3.
Specifically, the input feature vector F7~1 of the ;"
QSE layer, where j € {1,2,..., L}, contains the fea-
tures from four levels:

Fj—1:C0ncat( ]J_‘717 5717 3{71, Zil)‘ (7)

Here, ff;l, 571, 33;17 and f4{71 indicate the vec-
tors from feature maps of the four levels. ILFA per-
forms multi-head self-attention calculation on the
features of each level and outputs a new feature
vector Fi{fl, which can be formulated as

(P) Position encoding |

[ @naddton
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Fig. 3 Detailed illustration of the query-selection
encoder layer. S1, S2, S3, and S4 are the features
from different levels. HFA enhances the interaction
between different levels of features to stress the dis-
criminative representations for end-to-end detection.
The interaction is implemented in a single level of
features by ILFA and across multiple levels of fea-
tures by CLFA. Finally, the feature vector is out-
putted through a feed-forward network
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Fj_l:Concat(flm7 Lo,

2,in > J3,in » J 4,in

L =MHAL(Q! ™, QI Q) 1) ief{1,2,3,4},

7,in
Q' =T+ PEic{1,23,4}.

(8)
ILFA captures the feature relationships within
the same level and fuses similar feature representa-
tions. Then, the output feature vector F/" is pro-
cessed through CLFA, which uses features at differ-
ent levels as query vectors and performs interactive

calculations with multi-level features.
tion of CLFA can be defined as

The calcula-

Fit = Concat(f{ o, f3or s floe s Flar )

Flo =MHAL(QIL, VIR Vi) ie{1,2,3,4},
QL =L +PE,i€ {1,2,3,4},
Viul=F., ' +PEi€{1,23,4}.

(9)
Fi~1 is the output feature vector of CLFA. CLFA
captures the feature relationships across different
levels to highlight the most discriminative feature
representations and effectively filter out similar fea-
tures at other levels. Subsequently, a multi-head
self-attention module and an FFN module are used
in the QSE layer to further enhance the feature rep-
resentations, which can be denoted as

Fi — LN(Fi + FEN(F ),

Fi'=MHA(QL QL1 QL ), (10)

QL' =Fi ' +PE,
where FJ ¢ RNaxK
the j* QSE layer comprising features from four lev-
els, which is also the input feature vector of the next
layer. Deformable attention (Zhu et al., 2021) is used
in the multi-head attention module in QSE to re-
duce computational complexity. Accordingly, QSE

is the output feature vector of

refines the features gradually via multiple encoder
layers. Within each layer, HFA, including ILFA and
CLFA, makes the features interact with each other at
the same level and between different levels, thereby
enhancing core feature representations and filtering
out irrelevant ones. Such a design explicitly makes
the model learn powerful representations of each
object and promotes exploration for sparsely acti-
vated features for end-to-end detection. In addition,

QSE is highly versatile in accommodating CNN- and

Wang et al. / Front Inform Technol Electron Eng 2025 26(8):1324-1340

Transformer-based detectors. In particular, the out-
put feature vector F' can be used as the key and
value vectors in the Transformer decoder, which can
also be restored to multi-level feature maps for de-
tection head networks in CNN-based detectors.

3.4 Optimization

We apply a multi-stage enhancement strategy
to train the proposed QSE. L query-selection en-
coder layers are cascaded and trained in an end-to-
end manner. A lightweight head network is used to
process the feature vector F7 (5 € {1,2,..., L}) after
the j*® QSE layer and predict classification scores
p; and bounding boxes b;.
dictions, one-to-one label assignment is used to cal-

For each group of pre-

culate the losses. Therefore, given the ground-truth
bounding boxes bg; and their corresponding labels
Ygt, the loss function Lqgk can be described as

L

LQSE = Z Lcls(ygtvpj) + Lloc(bg‘m bj)a
j=1

(11)

where L is focal loss classification (Lin TY et al.,
2017) and Ly is generalized intersection over union
(GIoU) loss localization (Rezatofighi et al., 2019).
This training scheme can provide more positive su-
pervision to improve training efficiency. Besides,
Lqsk can explicitly ensure that the optimization of
each QSE layer facilitates end-to-end object detec-
tion, enabling the detector to learn robust feature
QSE can be applied to CNN- and
Transformer-based methods, and the detectors are

representations.

trained in an end-to-end approach using one-to-one
label assignments. The overall loss function is for-

mulated as follows:

L. = Laet + ALqsE, (12)
where A is a weighting coefficient. L4et is the original
loss function in the detector. For CNN-based meth-
ods, Lqet consists of classification and localization
losses, and may also include IoU loss (Kim and Lee,
2020) or centerness loss (Tian et al., 2019) for cer-
tain detectors. For Transformer-based methods, Lget
comprises the classification and localization losses
from the decoders, and may also include auxiliary
losses for some detectors (Li F et al., 2022; Zhang H
et al., 2023).
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4 Experiments

In this section, we first introduce the datasets
and the experimental settings. Then, we present the
results of our proposed method applied to multiple
benchmarks, with comparisons with other end-to-
end algorithms. Finally, we describe ablation studies
conducted to show the contribution of each compo-
nent and the detailed designs.

4.1 Datasets

To verify the effectiveness of our method, we
conducted comprehensive experiments on three pub-
lic benchmark datasets: MS COCO 2017 (Lin TY
et al., 2014), PASCAL VOC (Everingham et al.,
2010), and CrowdHuman (Shao et al., 2018). MS
COCO, encompassing 80 classes, contains 1.18 x 10°
images for training and 5000 images for validation.
The standard COCO metric, average precision (AP),
was used as the evaluation metric. PASCAL VOC
consists of 20 classes, including 5000 images from
VOC 2007 and 1.1 x 10* images from VOC 2012 for
training. Moreover, it has another 5000 images from
VOC 2007 for testing. The mean AP (mAP) was
used as the evaluation metric.
widely used dataset for human detection in crowded
scenes, and has 1.5 x 10* images for training and
4000 images for validation. As suggested by the of-
ficial paper (Shao et al., 2018), the average log miss
rate over false positives per image (mMR) was used
as the main metric. In addition, AP and recall re-

CrowdHuman is a

sults are reported for reference.

Notably, the selection of these three datasets
followed previous work (Sun PZ et al., 2021b; Wang
JF et al., 2021; Chen YQ et al., 2022; Zhang SL
et al., 2023) and facilitated comparison with other
methods.  Since MS COCO 2017 and PASCAL
VOC cover a wide range of categories and have suf-
ficient training data in various scenes, the experi-
ments on these two datasets can illustrate the ef-
fectiveness and generalizability of our method. In
addition, to verify the effectiveness of QSE in dense
and challenging scenes, we conducted experiments
on the CrowdHuman dataset, which is a high-quality
dataset for pedestrian detection and crowd detection.
It is designed specially for crowded scenes and con-
tains a large number of pedestrian annotations use-
ful in improving the performance of object detection

in crowded environments. Hence, experiments on

CrowdHuman can demonstrate QSE’s performance
in dense scenes.

4.2 Implementation details

Our model was implemented using the open-
source toolbox MMDetection (Chen K et al., 2019),
and ResNet-50 (He et al., 2016) pre-trained on Ima-
geNet (Deng et al., 2009) was used as the backbone
network. The loss coefficient A was set to 1 and
the number of QSE layers L was set to 6. To illus-
trate the robustness of our method, we conducted
experiments on both CNN- and Transformer-based
detectors, including FCOS (Tian et al., 2019), ATSS
(Zhang SF et al., 2020), Deformable DETR (Zhu
et al., 2021), and DINO (Zhang H et al., 2023). The
standard Adam was used as the optimizer, with a
learning rate of 0.0002 and a weight decay of 0.0001.
Most experiments had a 1x training schedule (Chen
K et al., 2019), in which there were 12 epochs and the
learning rate was often reduced by a factor of 10 after
11 epochs. For a fair comparison, we also conducted
experiments with 36 epochs and the learning rate
was reduced by a factor of 10 after 30 epochs. All
the experiments were implemented on a server with
two Intel® Xeon® E5-2670 V3 CPUs, 128 GB RAM,
and 8 NVIDIA GeForce RTX 3090 GPUs. The batch
size was set to 16 images for all experiments (two im-

ages per GPU).
4.3 Comparison with state-of-the-art systems

In this subsection, we compare the performance
of QSE on three widely used benchmarks with those
of state-of-the-art end-to-end detectors, including
CNN- and Transformer-based methods. FCOS (Tian
et al., 2019) and ATSS (Zhang SF et al., 2020) were
selected as the baselines for CNN-based detectors,
and Deformable DETR (Zhu et al., 2021) and DINO
(Zhang H et al., 2023) for Transformer-based meth-
ods. The results showed that our QSE performed
better and improved the training efficiency on these
datasets.

4.3.1 MS COCO dataset

To demonstrate the effectiveness of our ap-
proach, we applied QSE to CNN- and Transformer-
based detectors and compared them with various
end-to-end methods on the MS COCO dataset. The

results are presented in Table 1. For CNN-based
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Table 1 Comparison of performance of QSE with that of mainstream end-to-end methods on the MS COCO

dataset (all without NMS)

Wang et al. / Front Inform Technol Electron Eng 2025 26(8):1324-1340

No. Method Epoch number  Query Label assignment AP (%) APso (%) APz (%) APs (%) APy (%) APy, (%)
1 FCOS* (Tian et al., 2019) 12 - One-to-one 27.3 42.9 29.6 16.2 30.7 35.5
2 ATSS* (Zhang SF et al., 2020) 12 - One-to-one 29.2 43.7 31.3 17.6 32.8 374
3 POTO (Wang JF et al., 2021) 12 - One-to-one 37.8 55.6 41.8 22.1 41.3 48.7
4 OneNet (Sun PZ et al., 2021b) 12 One-to-one 35.7 54.3 38.4 17.9 39.3 48.6
5 DATE (Chen YQ et al., 2022) 12 One-to-one 37.3 55.3 40.7 21.2 40.3 48.8
6 02f (Li S et al., 2023) 12 One-to-few 38.9 56.7 42.3 23.4 41.7 49.3
7 YOLOv10-m (Wang A et al., 2024) 20 - One-to-one 35.1 49.1 38.4 19.0 39.3 46.3
8 QSE-FCOS (ours) 12 - One-to-one 38.9 57.3 42.1 23.2 42.0 50.1
9 QSE-ATSS (ours) 12 - One-to-one 39.5 56.0 43.1 25.7 43.4 52.6
10 POTO (Wang JF et al., 2021) 36 One-to-one 41.4 59.5 45.6 26.1 44.9 52.0
11 OneNet (Sun PZ et al., 2021b) 36 One-to-one 38.9 57.3 42.3 23.9 41.9 49.5
12 DATE (Chen YQ et al., 2022) 36 One-to-one 40.6 58.9 44.4 25.6 44.1 50.9
13 02f (Li S et al., 2023) 36 - One-to-few 42.2 60.2 46.4 26.9 45.7 53.0
14 QSE-FCOS (ours) 36 - One-to-one 424 60.3 46.8 27.2 45.8 53.2
15 QSE-ATSS (ours) 36 - One-to-one 42.8 61.0 47.1 27.3 46.2 53.7
16 DETR (Carion et al., 2020) 500 100 One-to-one 42.0 62.4 44.2 20.5 45.8 61.1
17 DAB-DETR (Liu SL et al., 2022) 50 300 One-to-one 42.6 63.2 45.6 21.8 46.2 61.1
18 DN-DETR (Li F et al., 2022) 50 300 One-to-one 44.1 64.4 46.7 22.9 48.0 63.4
19 Deformable DETR* (Zhu et al., 2021) 12 300 One-to-one 43.3 62.2 46.7 27.1 46.5 57.2
20 DINO* (Zhang H et al., 2023) 12 300 One-to-one 47.9 65.6 52.0 30.5 50.7 63.0
21 QSE-Deformable DETR (ours) 12 300 One-to-one 44.5 63.3 48.3 27.7 47.7 59.4
22 QSE-DINO (ours) 12 300 One-to-one 48.6 65.7 52.9 30.8 52.3 63.3

* Bascline method. The best results are in bold. The first 15 methods are CNN-based ones, and the others are Transformer-based ones. APsg and AP75 denote the APs at IoU
thresholds of 0.50 and 0.75, respectively. APs, APy, and APy, represent APs for small (area < 322 pixels), medium (32% pixels < area < 967 pixels), and large (area > 96 pixels)

objects, respectively

detectors, FCOS and ATSS trained with one-to-
one label assignment were used as the baselines.
The detectors using QSE achieved the best results.
Compared with CNN-based end-to-end detectors,
both QSE-FCOS and QSE-ATSS obtained better
performance after training for 12 epochs and 36
epochs. In particular, QSE-ATSS achieved an AP
of 39.5% and 42.8% after 12 and 36 epochs respec-
tively, which were the best results for CNN-based
end-to-end methods. Since FCOS and ATSS are
NMS-based methods, they performed poorly when
adopting one-to-one label assignment directly with-
out NMS as a post-processing step (as shown in the
first two rows in Table 1). In comparison, QSE-
FCOS and QSE-ATSS surpassed the baseline by 11.6
percentage points (PPs) and 10.3 PPs, respectively,
demonstrating that our QSE can improve training
efficiency and help traditional detectors implement
end-to-end detection. Notably, as a representative
model for object detection, YOLO series detectors
achieve cutting-edge performance in terms of accu-
racy and speed for efficient real-time object detec-
tion. There are several custom designs in YOLO-
based detectors to balance computational cost and
detection performance, including efficient architec-
tures, strong data augmentation strategies, and more
training iterations. In this experiment, YOLOv10-m
was trained for 20 epochs. Despite the more train-
ing iterations than other methods, its end-to-end

performance did not show a significant advantage
over other detectors. Hence, YOLO detectors need
a longer training time to show their advantages in
real-time end-to-end object detection. Besides, the
results of Transformer-based detectors showed that
QSE-Deformable DETR and QSE-DINO achieved
superior performance to others. Compared with
DETR, DAB-DETR, and DN-DETR, our methods
performed better with fewer training epochs. Com-
pared with the baseline models, QSE-Deformable
DETR and QSE-DINO also showed improvements.

4.3.2 CrowdHuman dataset

We performed experiments to compare our
methods with mainstream end-to-end detectors on
the CrowdHuman dataset. The results are re-
ported in Table 2. We applied QSE to FCOS and
ATSS to evaluate our method. The baseline models
were trained with one-to-one label assignment and
tested without NMS. As can be seen, QSE-FCOS
and QSE-ATSS performed better than the competi-
tors. The results of FCOS and ATSS without NMS
were extremely poor, due to directly using one-to-
one label assignment, especially for the large num-
ber of crowded scenes in the CrowdHuman dataset.
In detail, QSE-FCOS attained an mMR of 45.8%,
outperforming FCOS (Tian et al., 2019) by 18.2 PPs,
and QSE-ATSS obtained an mMR of 44.9%, surpass-
ing the baseline by 15.7 PPs. Compared with end-to-
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Table 2 Comparison of performance of QSE and end-to-end methods on the CrowdHuman dataset

Method Epoch number NMS  Label assignment mMR (%) AP (%) Recall (%)

FCOS* (Tian et al., 2019) 50 X One-to-one 64.0 82.9 89.8
ATSS* (Zhang SF et al., 2020) 50 X One-to-one 60.6 85.6 90.1
DETR (Carion et al., 2020) 300 X One-to-one 80.6 66.1 -

Deformable DETR (Zhu et al., 2021) 50 X One-to-one 50.0 89.1 95.3
POTO (Wang JF et al., 2021) 50 X One-to-one 52.0 88.7 96.6
OneNet (Sun PZ et al., 2021b) - X One-to-one 50.0 90.1 97.9
DATE (Chen YQ et al., 2022) - X One-to-one 49.0 90.5 97.9
O2f (Li S et al., 2023) 50 X One-to-few 45.2 90.9 97.9
QSE-FCOS (ours) 50 X One-to-one 45.8 91.3 96.3
QSE-ATSS (ours) 50 X One-to-one 44.9 91.4 96.5

* Baseline method. The best results are in bold. OneNet and
et al. (2022)

end detectors, our methods showed superior results
in terms of mMR, AP, and Recall. In particular,
QSE-FCOS and QSE-ATSS performed better than
CNN-based end-to-end detectors, including POTO,
OneNet, and O2f. Our methods were superior to
Transformer-based Deformable DETR by about 5
PPs in terms of the mMR metric. Note that the re-
sults of Deformable DETR were slightly lower than
those of CNN-based methods; the reason may be
that there are more dense scenes in the CrowdHuman
dataset and these scenes are not conducive to detec-
tion paradigms using sparse queries. In summary,
these results on the CrowdHuman dataset demon-
strated the leading performance of our method.

4.3.3 PASCAL VOC dataset

To make the experiments more comprehensive,
we tested our method on the PASCAL VOC dataset.
All the detectors were trained under the same set-
ting: 12 epochs and an input size of 1000 x 600.
We compared QSE-FCOS and QSE-ATSS with
other end-to-end detectors to evaluate our proposed
method. FCOS and ATSS trained with one-to-one
label assignment were used as the baselines. The re-
sults are reported in Table 3. Our approach achieved
excellent results compared with the other detec-
tors. Specifically, QSE-ATSS obtained an mAP of
78.0%, the best performance among the results of
all the end-to-end methods. Compared with the
Transformer-based Deformable DETR, QSE-ATSS
showed an improvement of 1.6 PPs. Although QSE-
FCOS did not perform better than others, it sur-
passed the baseline by 12.1 PPs, which indicates the
effectiveness of QSE. The performances of POTO
(Wang JF et al., 2021) and OneNet (Sun PZ et al.,
2021b) were poor, since they were trained on 12

DATE were trained for 3 x 10? iterations as reported in Chen YQ

Table 3  Comparison of performance of QSE and
end-to-end methods on the PASCAL VOC dataset
(all without NMS using one-to-one assignment)

Method mAP (%)
FCOS* (Tian et al., 2019) 60.1
ATSS* (Zhang SF et al., 2020) 63.9
Deformable DETR (Zhu et al., 2021) 76.4
Sparse R-CNN (Sun PZ et al., 2021a) 73.0
POTO (Wang JF et al., 2021) 41.2
OneNet (Sun PZ et al., 2021b) 37.3
DATE (Chen YQ et al., 2022) 68.4
O2f (Li S et al., 2023) 75.8
QSE-FCOS (ours) 72.2
QSE-ATSS (ours) 78.0

* Baseline method. The best result is in bold. Deformable
DETR and Sparse R-CNN were trained on PASCAL VOC
with 100 queries

epochs with input images of a single size for fair com-
parison with the competitors, which differs from the
36 epochs with multi-scale input sizes stated in their
official paper. In contrast, our method performed
better within 12 epochs, illustrating that QSE can
improve training efficiency effectively for end-to-end
detection.

4.4 Ablation studies

We conducted ablation studies on the MS
COCO dataset to further verify the effectiveness of
QSE and to investigate the contribution of its core
components: in-level feature attention (ILFA), cross-
level feature attention (CLFA), and the lightweight
head (LH) network.

4.4.1 Effect of QSE

We proposed to use QSE to alleviate the slow
training convergence of end-to-end detectors caused

by one-to-one label assignment. To illustrate the
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effectiveness of QSE, we conducted experiments on
the MS COCO benchmark using FCOS, ATSS,
YOLOv8-m, and Deformable DETR as the base-
line models. The results are shown in Table 4.
FCOS, ATSS, and YOLOv8-m, as conventional
CNN-based detectors, achieved excellent perfor-
mance when adopting one-to-many label assign-
ments and NMS. Their performance dropped sig-
nificantly when the models were trained with one-
to-many label assignments evaluated without NMS,
indicating that the post-processing step of NMS is es-
sential for these traditional methods. When FCOS,
ATSS, and YOLOv8-m were trained for the same
number of epochs using one-to-one label assignments
directly, performance also decreased substantially.
Notably, the results were improved by around 0.7
PPs if the models were tested with NMS (as shown in
the third and fourth rows of the results for FCOS and
ATSS), demonstrating that there are still redundant
predictions and that the models need further training
to converge. In comparison, QSE-FCOS and QSE-
ATSS achieved end-to-end detection results of 38.9%
and 39.5%, respectively, which were better than the
original results of FCOS and ATSS. In particular,
there was no remarkable performance improvement
when QSE-FCOS and QSE-ATSS used NMS dur-
ing inference, which illustrates the absence of dupli-
cate predictions and successful convergence of model
training. In addition, the results of QSE-YOLOv8-m
were similar to those of QSE-FCOS and QSE-ATSS,
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which further proved the effectiveness of our method.
Furthermore, we applied QSE in Transformer-based
Deformable DETR, and our method achieved an AP
of 44.5%, with an improvement of 1.2 PPs. These
results showed that QSE can help improve training
efficiency and performance for end-to-end detection,
and that it can be flexibly applied to CNN- and
Transformer-based detectors.

Note that focal loss (Lin TY et al., 2017) was
devised to alleviate the imbalance of positive and
However, the imbalance ad-
dressed by focal loss differs from the challenges en-

negative supervision.

countered in end-to-end detection. Focal loss miti-
gates the issue where negative supervision dominates
despite sufficient positive supervision, due mainly to
the large number of negative samples. The imbalance
issue in end-to-end detection that our method at-
tempts to address arises from insufficient positive su-
pervision due to one-to-one label assignment, which
assigns only a single positive sample for each object.
Consequently, focal loss may not be effective in this
context. During the experiments, focal loss was used
in FCOS, ATSS, and YOLOv8-m, but their end-to-
end performance remained suboptimal, further sup-
porting this point.

4.4.2 Effect of core components in QSE

Unlike in vanilla encoders, we devised a

lightweight head network after each QSE layer to

Table 4 Ablation results of QSE on the MS COCO dataset

Method Bpoch g Label AP (%) APso (%) APrs (%) APg (%) APy (%) APL (%)
number assignment

v One-to-many 38.7 57.4 41.8 22.9 42.5 50.1

FCOS (Tian et al., 2019) 12 X One-to-many 17.8 23.9 19.8 13.9 22.8 24.1
v One-to-one 28.0 44.2 30.2 16.2 30.9 36.7

X One-to-one 27.3 42.9 29.6 16.2 30.7 35.5

QSE-FCOS 12 v One-to-one 39.0 57.6 42.1 23.1 41.9 50.1
QSE-FCOS 12 X One-to-one 38.9 57.3 42.1 23.2 42.0 50.1
v One-to-many 39.4 57.0 42.8 23.6 42.9 50.3

ATSS (Zhang SF et al., 2020) 12 )‘/( One-to-many 19.6 25.8 ‘21.7 14.7 24.0 ?5.7
One-to-one 29.9 45.9 31.7 17.7 32.9 38.7

X One-to-one 29.2 43.7 31.3 17.6 32.8 37.4

QSE-ATSS 12 v One-to-one 39.6 57.0 42.9 25.6 43.3 52.6
QSE-ATSS 12 X One-to-one 39.5 56.6 43.1 25.7 43.4 52.6
v One-to-many 33.9 48.2 36.8 16.4 37.2 48.1

YOLOvS-m (Jocher et al., 2023) 20 f/( One-to-many 9.9 12.6 10.7 11.3 16.6 }4.7
One-to-one 28.9 43.5 30.7 15.0 30.4 36.0

X One-to-one 28.4 42.0 30.9 15.0 30.9 35.6

QSE-YOLOv8-m 20 v One-to-one 34.2 48.5 37.3 16.5 37.3 48.3
QSE-YOLOvV8-m 20 X One-to-one 34.0 48.3 37.1 16.4 37.4 48.0
Deformable DETR (Zhu et al., 2021) 12 X One-to-one 43.3 62.2 46.7 27.1 46.5 57.2
QSE-Deformable DETR 12 X One-to-one 44.5 63.3 48.3 27.7 47.7 59.4

Better results are in bold
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output predictions separately, which can provide
more positive supervision for training. In addition,
hierarchical feature-aware attention, including ILFA
and CLFA, was designed in QSE to enhance the in-
teraction within a single level of features and across
multiple levels of features, effectively improving end-
to-end detection by suppressing similar feature rep-
resentations and highlighting discriminative ones.
To further analyze the effectiveness of these core
components in QSE, we conducted ablation exper-
iments on the MS COCO dataset. All the models
were trained for 12 epochs using one-to-one label as-
signment and tested without NMS. The results are
reported in Table 5. The baseline version of QSE-
ATSS without any special components achieved an
AP of 37.7%, 8.5 PPs higher than that of ATSS,
which indicated that the standard encoder facilitates
end-to-end detection. However, this result was in-
ferior to those of traditional detectors. When the
lightweight head network was added to QSE, QSE-
ATSS achieved an AP of 38.6%, implying that LH
helps improve performance by providing more pos-
itive supervision. Further, when ILFA and CLFA
were used in the model, QSE-ATSS obtained im-
provements of 0.8 and 0.7 PPs, respectively. Finally,
QSE-ATSS achieved the best result of 39.5% when
all components were integrated, showing that HFL
contributes to effective feature selection and fusion,
thereby further enhancing end-to-end detection per-
formance. In addition, when ILFA and CLFA were
applied at the same time, the performance improve-
ment was limited compared to applying only one of
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them. We infer that parts of their roles in feature
selection and fusion are overlapping. Overall, these

results showed the contributions of each component
in QSE.

4.4.3 Effect of head networks in QSE

In this subsection, we further explore the effect
of lightweight head networks on performance. In our
method, a lightweight head network was used after
each QSE layer to output predictions and calculate
losses, which can provide more positive supervision
for training. To investigate the effects of adopt-
ing different label assignments in head networks,
ablation experiments were conducted on the MS
COCO dataset using QSE-FCOS and QSE-ATSS.
The results are shown in Table 6. QSE-ATSS and
QSE-FCOS achieved satisfactory performance when
one-to-one label assignment was used in head net-
works. However, when one-to-many label assign-
ment was adopted, performance dropped substan-
tially. The reason may be the conflict between one-
to-many label assignments and the final objective for
end-to-end detection. Specifically, although one-to-
many strategies can assign more positive samples for
each object, thereby providing additional supervi-
sion, they failed to assist QSE in effectively fusing
and selecting discriminative features. Therefore,
one-to-many label assignments will lead to redun-
dant predictions, hindering performance improve-
ments in end-to-end object detection. In contrast,
multiple QSE layers can fuse and filter key features

Table 5 Ablation results of core components in QSE on the MS COCO dataset

Method ILFA CLFA LH AP (%) APso (%) AP75 (%) APs (%) APum (%) APL (%)

ATSS - - - 29.2 43.7 31.3 17.6 32.8 37.4
X X X 37.7 53.6 41.2 25.9 41.9 49.9
X X v 38.6 55.3 41.8 25.2 42.2 50.9

QSE-ATSS v X v 39.4 55.8 43.0 25.7 43.3 52.3
X v v 39.3 55.6 42.8 26.0 43.2 51.4
v v v 39.5 56.0 43.1 25.7 43.4 52.6

LH represents the lightweight head network after each QSE layer. The best results are in bold

Table 6 Ablation results of different label assignments in the head networks on the MS COCO dataset

Method Number of epochs  Label assignment AP (%) APso (%) AP75 (%) APg (%) APum (%) APL (%)
-to- 1.1 45. 2 18. . 41.
QSE-FCOS 12 One-to-many 3 5.9 33 8.7 33.7 3
One-to-one 38.9 57.3 42.1 23.2 42.0 50.1
-to- 2. 46.4 4.4 19. 2 43.1
QSE-ATSS 12 One-to-many 32.0 6 3 9.5 33 3
One-to-one 39.5 56.0 43.1 25.7 43.4 52.6

Better results are in bold
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for end-to-end detection in a cascade manner when
one-to-one label assignment was used. The features
obtained after each QSE layer were refined and more
conducive to end-to-end prediction than those of the
previous layers. In addition, we evaluated the per-
formance of each head network after the QSE layers.
The results are shown in Table 7. The index of head
network i represents the lightweight head network
located after the i*" QSE layer, and NMS was not
used during the test. As presented in Table 7, the
end-to-end performance of the corresponding head
network increased gradually with an increase in the
number of QSE layers, which further demonstrated
that each QSE layer plays a role in fusing and filter-
ing discriminative features, which are progressively
refined. Besides, we observed that the performance
of the last head network was close to the final re-
sult of the detector. A potential direction for future
research is to explore the feasibility of eliminating
the final detection head and achieving end-to-end
detection solely through QSE and a simplified head
network.

4.5 Visual analysis

In this subsection, we report the use of a vari-
ety of visualization results to verify the effectiveness
of QSE, including visual analysis of the heatmap,

Input image

ATSS

QSE-ATSS

training process, and detection examples.
4.5.1 Visual analysis of heatmaps

To verify that our method can effectively sup-
press similar features and obtain discriminative ones,
we compared QSE-ATSS and the baseline. The clas-
sification features of the last output layer were used
for visualization. Specifically, given the detector’s
classification output feature Fy; € RC*HXW
obtain the classification heatmaps Fi,

, We can
c RlXHXW
by outputting the maximum value along the feature
channel. Here, C, H, and W are the channel num-
ber, height, and width of the feature, respectively.
The classification heatmaps of these two methods
are shown in Fig. 4. Objects can be better de-

Table 7 Performance of the head networks in QSE on
the MS COCO dataset using the QSE-ATSS method

Index of head network AP (%) APso (%) AP75 (%)
1 19.2 31.4 20.5
2 22.1 35.4 21.8
3 25.1 38.7 27.1
4 28.1 42.4 30.9
5 32.1 50.5 35.3
6 36.3 54.5 40.3

* The index of head network i represents the lightweight
head network located after the i*" QSE layer. The best

results are in bold

Fig. 4 Visualization of the heatmap. The activated areas of ATSS are regions of objects, illustrating that
ATSS focuses on similar features of objects and that there is a high possibility of redundant predictions. In
contrast, the activated areas of QSE-ATSS are several points of objects, demonstrating that our method can
focus on the discriminative features of the objects and is conducive to achieving end-to-end detection
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tected when the values in the corresponding area
were higher. It can be seen that our method can
focus on the effective features of the object in images
compared to the ATSS method. Since the feature
Fis was used to output the final classification scores,
the activated areas of our method narrowly focused
on several key points to eliminate redundant predic-
tions. As a result, our method achieved superior
performance in end-to-end detection. In contrast,
the activated heatmap areas of ATSS were regions,
indicating that there will be redundant predictions;
hence, NMS is needed as a post-processing step. For
the dense and small object scenes (the cars and the
cattle in the images), QSE-ATSS could still focus
on the discriminative features of the objects. This
illustrates that our method pays more attention to
the discriminative features of the object and achieves

end-to-end detection.
4.5.2 Visual analysis of the training process

To illustrate the effect of our method on the
training process, we show the convergence curves of
different detectors on the MS COCO dataset. Fig. 5a
presents the results for CNN-based detectors. It
is clear that the curve of QSE-ATSS was signifi-
cantly higher than that of the baseline (ATSS with-
out NMS), indicating that QSE effectively enhanced
the training efficiency of these CNN-based methods
for end-to-end detection. Fig. 5b displays the re-
sults of Transformer-based methods. QSE-DINO
and QSE-Deformable DETR converged faster and
achieved better performance after 12 epochs than
DAB-DETR (Liu SL et al., 2022) and Anchor-DETR
(Wang YN et al., 2022), which needed 50 training
epochs. In addition, our method can further improve
the performance of the baselines, DINO and De-
formable DETR, within the same number of training
epochs. Compared with other detectors, our method
can also ensure a faster convergence and ultimately
achieved better performance. Since the learning rate
of QSE-ATSS dropped only once during training (af-
ter the 11" epoch for training 12 epochs and the 30"
epoch for training 36 epochs), whereas the learning
rate for other methods dropped twice (after the 8t
and 11*" epochs for the 12-epoch training and the
24" and 33" epochs for the 36-epoch training), the
convergence curve for our method may be lower than
those of others for several epochs. However, this did
not impact the final performance of QSE-ATSS.
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Fig. 5 The convergence curves of different detec-
tors on the MS COCO dataset: (a) results of CNN-
based detectors; (b) results of Transformer-based de-
tectors. In (a), the performance of QSE-ATSS was
always ahead of that of the baseline (ATSS without
NMS). Compared with other end-to-end detectors,
our method ensured faster convergence and achieved
In (b), QSE-DINO and QSE-
Deformable DETR converged faster and achieved bet-
ter performance after 12 epochs than other DETR-
based methods and the baselines, DINO and De-
formable DETR. References to color refer to the on-
line version of this figure

better performance.

4.5.3 Visual analysis of detection results

To validate the effectiveness of QSE, we showed
several detection examples of the MS COCO dataset
using FCOS (Tian et al., 2019), O2f (Li S et al.,
2023), and our QSE-FCOS. As shown in Fig. 6,
although O2f also achieved end-to-end detection, it
outputted redundant bounding boxes when detect-
ing some larger objects, such as the person in the
first column of images, the traffic lights in the sec-
ond column, and the trains in the third column. In
comparison, QSE-FCOS performed better in these
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Fig. 6 Comparison of qualitative examples between FCOS, one-to-few, and our method. Yellow arrows denote
the redundant bounding boxes or the missed objects. One-to-few outputs redundant bounding boxes when
detecting some larger objects, such as the person, traffic lights, and train in the first three columns of images.
In scenes with dense and small objects, FCOS and one-to-few may miss targets, such as the person in the
fourth column and the skateboard and the backpack in the fifth column. In comparison, QSE-FCOS performed
better in these situations. References to color refer to the online version of this figure

situations, since QSE can enhance the interaction
between the features of different levels and reduce re-
dundant feature representations. Besides, in scenes
with dense and small objects, FCOS and O2f may
miss objects that can still be detected by QSE-FCOS,
such as the person in the fourth column of images and
the skateboard and the backpack in the fifth column.
These detection examples further illustrated the ef-
fectiveness of our method in challenging situations.

5 Conclusions

In this paper, we propose a novel query-selection
encoder specially designed for end-to-end object de-
tection, which incorporates a hierarchical feature
attention mechanism to mitigate the slow train-
ing convergence and inferior performance problem
in current end-to-end approaches. QSE can effec-
tively enhance the interaction between different lev-
els of features, suppressing similar feature represen-
tations and highlighting discriminative ones. With
the help of QSE, end-to-end detectors can improve
training efficiency by accelerating the feature selec-
tion process and obtain better performance. We
conducted extensive experiments on three popular
benchmarks. Results showed that QSE could be
applied to both CNN- and Transformer-based de-
tectors, outperforming previous end-to-end CNN-
based methods and boosting the performance of

Transformer-based detectors. We hope this work
can motivate researchers to design more effective al-
gorithms to further improve the performance of end-
to-end object detection.
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