
MI-DETR: An Object Detection Model with Multi-time Inquiries Mechanism

Zhixiong Nan1, Xianghong Li1, Jifeng Dai2, Tao Xiang1*

1 College of Computer Science, Chongqing University, Chongqing, China
2 Department of Electronic Engineering, Tsinghua University, Beijing, China

nanzx@cqu.edu.cn, 202314021077t@stu.cqu.edu.cn,
daijifeng@tsinghua.edu.cn, txiang@cqu.edu.cn

Abstract

Based on analyzing the character of cascaded decoder ar-
chitecture commonly adopted in existing DETR-like mod-
els, this paper proposes a new decoder architecture. The
cascaded decoder architecture constrains object queries
to update in the cascaded direction, only enabling object
queries to learn relatively-limited information from image
features. However, the challenges for object detection in
natural scenes (e.g., extremely-small, heavily-occluded, and
confusingly mixed with the background) require an object
detection model to fully utilize image features, which mo-
tivates us to propose a new decoder architecture with the
parallel Multi-time Inquiries (MI) mechanism. MI mech-
anism is very simple, enabling object queries to parallelly
perform multi-time inquiries to learn more comprehensive
information from image features. Our MI based model,
MI-DETR, outperforms all existing DETR-like models on
COCO benchmark under different backbones and train-
ing epochs, achieving +2.3 AP and +0.6 AP improvements
compared to the most representative model DINO and SOTA
model Relation-DETR under ResNet-50 backbone.

1. Introduction
The first widely-acknowledged object detection model, Vi-
ola Jones detector [38], is proposed in 2001. Fueled by
the remarkable R-CNN [9] and DETR [3], CNN based
works [1, 5, 19, 22, 30, 31, 37] have significantly pushed
forward the object detection technique since 2014, and
transformer based DETR-like models [2, 6, 11–13, 15, 16,
20, 21, 23, 26, 40–42, 44, 45, 47, 49] further bring the tech-
nique to a new landscape since 2020. A DETR-like model
consists of a backbone, a transformer encoder, a transformer
decoder, and a prediction head. From the perspective of
function, the backbone and encoder are responsible for im-
age features extraction, the decoder utilizes image features
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to adapt to the object detection task (i.e., “feature utiliza-
tion”), and the prediction head predicts locations and cate-
gories of objects.

This paper attempts to explore a new decoder archi-
tecture to optimize feature utilization. Each transformer
decoder layer contains a self-attention (SA), a cross-
attention (CA), and a feed-forward network (FFN), wh-
liu2023detectionere object queries are optimized by inter-
acting with image features. Analogously speaking, it is
like that a student (object queries act like a student who
“knows” nothing or a little about the image at the begin-
ning decoder layer) asks a question to a teacher (image fea-
tures could be analogous to a teacher since he “knows”
all information in the image) and obtains the image in-
formation based on the teacher’s answer. Therefore, the
“SA+CA+FFN” architecture in each decoder layer is anal-
ogously termed as “inquiry head” in this paper. The trans-
former decoder of existing DETR-like models adopts the
“cascaded inquiries” architecture. Object queries continu-
ously inquire the image features layer by layer to learn the
gradually-refined information in the cascaded direction.

The robustness of this decoder architecture has been
fully validated in previous DETR-like models. However,
from the perspective of feature utilization, this architecture
presents a worth-noting character. The representations of
object queries in the next decoder layer are directly decided
by that in the current decoder layer [4], thus the update of
query representations is constrained in the cascaded direc-
tion, which indicates that the cascaded inquiries architecture
tends to learn the relatively limited information. In addition,
excessively refined information learnt in deep decoder lay-
ers of the same cascaded direction might be redundant or
even negative. More analysis could be found in experiment
and discussion sections.

Due to the diversity and complexity of natural scenes,
objects might be extremely-small, heavily-occluded, or
confusingly mixed with the background. To adapt to di-
verse scenes, it is required to fully utilize image features
to learn comprehensive information. However, based on
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Figure 1. (a) We propose the parallel multi-time inquiries mecha-
nism with parameters-dependent inquiry heads and fusion opera-
tion in a decoder layer; (b) In recent proposed DETR-like models,
primary and auxiliary queries are concatenated and inputted to the
same inquiry head in a decoder layer, thus this kind of parallel ar-
chitecture is parameters-sharing parallel.

the above analysis, the cascaded multi-time inquiries archi-
tecture adopted in existing models tends to learn the rela-
tively limited information. This motivates us to explore a
new decoder architecture to optimize feature utilization. In-
spired by the development of traditional CNN-based meth-
ods, we have noticed that many methods [17, 34–36, 43]
enhance feature utilization through reasonable parallel ar-
chitectures. Therefore, we propose a new decoder archi-
tecture with the parallel Multi-time Inquiries (MI) mecha-
nism. As shown in Fig. 1a, the architecture is simple, ob-
ject queries parallelly perform multi-time inquiries through
multiple parameters-independent inquiry heads, and the up-
dated object queries are then fused. The parallel MI mech-
anism conducts feature utilization in separate branches, al-
lowing to learn gradually-refined multi-pattern information,
and these information can be fused to be comprehensive.
Apart from MI mechanism, we also design a U-like Fea-
ture Interaction (UFI) module to further improve feature
utilization, which allows image features at each layer of the
transformer encoder to serve as Key&Value for the corre-
sponding decoder layer.

It is noted that the proposed decoder architecture
is distinct from the parameters-sharing parallel decoder
adopted in recent proposed DETR-like models, such as H-
DETR [15] and Group-DETR [6], whose decoder architec-
ture is illustrated in Fig. 1b. The differences are mainly
reflected on two aspects. First, from the perspective of mo-
tivation, the architecture in Fig. 1b is designed to solve the
issue of insufficient positive object queries (i.e. the object
queries that are supervised by Ground Truths), thus auxil-
iary object queries and one-to-many supervision are intro-
duced. Differently, our method is proposed to optimize fea-
ture utilization by digging multi-pattern information. Sec-
ond, from the perspective of architecture, primary and aux-
iliary object queries in Fig. 1b are concatenated together and

then inputted into the same inquiry head, thus the parame-
ters are sharing and simultaneously-updating. In our opin-
ion, this type of parameters-sharing parallel architecture,
from the perspective of feature utilization, is the pseudo par-
allel architecture, since sharing parameters make two kinds
of queries learn the same pattern of information. In contrast,
our parameters-independent parallel architecture allows ob-
ject queries to learn multi-pattern information to improve
feature utilization. More analysis could be found in the dis-
cussion section.

The proposed decoder architecture with the parallel MI
mechanism is simple and friendly, and it can be easily
plugged into existing DETR-like models. In the exper-
iments, by plugging into the most representative model
DINO [44] and SOTA Relation-DETR [12], impressive per-
formance improvements are obtained, achieving +2.3 AP
and +0.6 AP improvements, respectively, under ResNet-50
backbone and the condition achieving convergence. To the
best of our knowledge, these are the best results among ex-
isting DETR-like models.

The contributions are as follows: i) This paper proposes
a new decoder architecture to optimize feature utilization
by digging multi-pattern information, and our MI-DETR
(i.e., Multi-time Inquiries DETR) achieves the best per-
formance among existing DETR-like models; ii) The pro-
posed decoder architecture is simple and friendly to plug
into existing DETR-like models.

2. Related Work
Original DETR [3] suffers from slow convergence, requir-
ing 500 epochs to achieve 43.3 AP. In recent years, a large
amount of works have focused on improving detection per-
formance and accelerating training convergence of DETR,
bringing the significant performance breakthrough to 51.7
AP within 12 epochs.

In the early stage, most methods focus on optimizing the
representations of object queries. Object queries are learn-
able vectors that are used to capture information about ob-
jects in the image. Some works [11, 41, 44, 48, 49] have
noticed that the design of the initial object queries will sig-
nificantly impact the convergence speed and propose two-
stage initialization to select top K encoder features from the
last encoder layer to enhance the initial object queries. Fur-
thermore, many studies [14, 20, 23, 26, 46] consider intro-
ducing prior knowledge into object queries. In addition, the
attention mechanism is also a key area of interest in early re-
searches. Cross-attention performs the interaction between
object queries and image features, which enables the ob-
ject queries to concentrate on related regions of the image.
Several methods [7, 8, 40, 42, 49] have optimized the cross-
attention in decoder to improve the ability of object queries
to quickly locate relevant regions.

In the past two years, many researchers have paid atten-
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Figure 2. The overview of MI-DETR. The main novelty is that MI-DETR uses Multi-time Inquiries (MI) decoder layers to replace the
traditional decoder layers adopted in previous DETR-like models. Backbone and L-layer transformer encoder extract the image features
E = {E0, . . . ,EL}. For i-th MI decoder layer, the input is object queries Qi−1 and the output is Qi. For inquiry heads in i-th MI
decoder layer, object queries learn multi-pattern information by interacting with Ej , where j = L − i + 1, and Ej is the corresponding
image features after the processing of U-like Feature Interaction. The output of the last MI decoder layer (i.e. QL) is used to predict the
locations and categories of objects.

tion to the limitations of one-to-one supervision on con-
vergence speed and performance. A few recent stud-
ies [6, 15, 28, 39, 47] have proposed some effective one-
to-many matching strategies, allowing a GT to match with
multiple object queries to accelerate training speed.

3. Method
3.1. Preliminaries
The framework of DETR-like models. DETR-like mod-
els usually present the similar framework with the original
DETR [3]. First, an image is inputted to the backbone to
obtain multi-scale image features, which are flattened into
feature tokens, and then concatenated to serve as the input
of transformer encoder to refine image features. Second,
a group of learnable object queries (object candidates are
represented in the form of object queries [47]) interact with
image features in transformer decoder to obtain the refined
object queries. Third, the refined object queries are used to
predict bounding boxes and categories of objects.

3.2. U-like Feature Interaction
In existing DETR-like models, although the backbone and
transformer encoder have effectively extracted image fea-

tures, these features have not been sufficiently utilized.
Specifically, only the feature at the last layer of the trans-
former encoder is leveraged as Key&Value for transformer
decoder. Actually, the features from each layer of trans-
former encoder contain valuable information at different
levels. Inspired by the classical U-Net [32], we propose U-
like Feature Interaction (UFI) to fully make use of features
at different transformer encoder layers.

DETR is a typical encoder-decoder architecture. Over-
all, the learning of DETR is a process of encoding low-level
detailed features to high-level abstract features, and then
decoding them back into detailed representations. The en-
coder extracts image features layer by layer. With the num-
ber of encoder layers increasing, the extracted features be-
come more global and abstract. The decoder continuously
refines the object queries to gradually learn the local and de-
tailed information. Therefore, the interaction between the
corresponding layers of the encoder and decoder facilitates
to utilize both low-level and high-level information.

The image features at encoder layers are defined as E =
{Ej , j = 1, 2, . . . , L}, where L denotes the number of en-
coder layers. UFI uses the features at the j-th layer of the
transformer encoder (i.e., Ej) as Key&Value for the i-th de-
coder layer, where j = L− i+ 1. In detail, UFI first fuses
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the features at the last layer of the transformer encoder (EL)
with the features at other layers {E1,E2, ...,EL−1},

Ej =

{
linear(concat(Ej ,EL)) j=1, 2, . . . , L− 1

EL j=L
, (1)

and then uses these fused features as the Key&Value of the
corresponding decoder layers. The i-th decoder layer could
be formulated as follows:

Qi=Di(Qi−1,Ej), j=L− i+ 1, (2)

where Di represents i-th decoder layer.

3.3. Multi-time Inquiries Mechanism
The key idea of parallel Multi-time Inquiries (MI) mecha-
nism is to make object queries perform multiple interactions
with image features to improve feature utilization. Specif-
ically, we apply MI mechanism to original transformer de-
coder layers, yielding MI Decoder. Each layer can be di-
vided two parts: multi-time inquiries and query fusion.

Multi-time inquiries. As shown in Fig. 2, the inputs
of the i-th MI decoder layer are the object queries Qi−1

(i.e., the output of (i-1)-th MI decoder layer) and the corre-
sponding image features Ej defined in Eq. (1). We process
the object queries Qi−1 with M different inquiry heads.
Same with the network architecture of traditional trans-
former decoder layer, each inquiry head is composed of a
self-attention layer, a cross-attention layer, and a FFN layer,
which is formalized as follows:

Qk
i =FFNk

i (CrossAtt
k
i (SelfAtt

k
i (Qi−1),Ej)),

i=1, 2, . . . , L; k=1, 2, . . . ,M,
(3)

where Qk
i denotes the object queries outputted from k-th

inquiry head at i-th MI decoder layer. SelfAttki , CrossAttki ,
and FFNk

i represent the self-attention layer, cross-attention
layer, and FFN layer in k-th inquiry head of i-th MI decoder
layer. L is the number of decoder layers.

Query fusion. Based on Eq. (3), M groups of ob-
ject queries {Q1

i ,Q
2
i , . . . ,Q

M
i } are computed. Different

groups of object queries convey different patterns of infor-
mation. Therefore, it is necessary to conduct fusion to make
them to be mutually cooperative and beneficial. We adopt
the classic concatenation fusion, which first concatenates
multiple groups of object queries along the feature dimen-
sion and then projects the concatenated feature to the origi-
nal dimensions.

Qi=Linear(Concat(Q1
i ,Q

2
i , . . . ,Q

M
i )), (4)

where Concat denotes concatenation operation and Linear
represents a linear layer.

3.4. Lite Multi-time Inquiries
Lite Multi-time Inquiries (Lite-MI) is the lightweight ver-
sion of MI. As shown in Fig. 3, the parameters of self-
attention layers in different inquiry heads are shared, which

i-th Lite-MI Decoder Layer

query fusion

��−1

��

� = �− � + 1

Self-Attention

FFN

Cross-Attention��

FFN

Cross-Attention��
...

Figure 3. The architecture of Lite-MI.

is formulated as follows:

Qk
i =FFNk

i (CrossAtt
k
i (SelfAtti(Qi−1),Ej)), (5)

where SelfAtti represents the shared self-attention layer.
The motivations of Lite-MI are two fold. First, as studied

in [13], the main function of self-attention is to eliminate
duplicate candidates. In addition, image features Ej are not
involved in the self-attention layer. Therefore, configuring
separate self-attention layers in all inquiry heads might be
redundant. Second, it is able to reduce parameters.

4. Experiments
4.1. Settings
We conduct experiments on COCO [18] dataset. Follow-
ing the common practice, COCO train2017 split (118k im-
ages) is for training and COCO val2017 split (5k images)
is for validation. AdamW [25] is used for optimization,
with the learning rate of 1 × 10−4 and weight decay of
1 × 10−4. We report the experimental results under the
1x (12 epochs) and 2x (24 epochs) training schedules with
two commonly-used backbones, including ResNet-50 [10]
pretrained on ImageNet-1k [33] and Swin-L [24] pretrained
on ImageNet-22k. The metric is the standard mean Aver-
age Precision (AP) under different IoU thresholds and ob-
ject scales. RTX3090 GPUs are used when the backbone is
ResNet-50 and A100 GPUs are used when the backbone is
Swin-L. The number of inquiry heads is 4.

4.2. Comparison Experiments
For comprehensive comparison, our model is compared
with a series of DETR variants [2, 4, 6, 12, 13, 15, 21, 29,
44, 45, 47] that are proposed since 2023, under different
training schedules and backbones. The comparison results
are summarized in Tab. 1.

Comparison under ResNet-50. With the rapid develop-
ment of DETR variants, the convergence speed has signifi-
cantly accelerated. Most methods can achieve convergence
within 24 epochs, and a few methods (e.g., DINO [44],
Rank-DETR [29], H-DETR [15], and Group-DETR [6]) re-
quire 36 epochs to reach convergence. Therefore, we report
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Method Pub.Year Backbone Epochs AP AP50 AP75 APS APM APL

DINO [44] ICLR.2023 ResNet-50 12 49.0 66.6 53.5 32.0 52.3 63.0
Stable-DINO [21] ICCV.2023 ResNet-50 12 50.4 67.4 55.0 32.9 54.0 65.5
Rank-DETR [29] NIPS.2023 ResNet-50 12 50.4 67.9 55.2 33.6 53.8 64.2
Align-DETR [2] BMVC.2024 ResNet-50 12 50.2 67.8 54.4 32.9 53.3 65.0
DDQ-DETR [45] CVPR.2023 ResNet-50 12 51.3 68.6 56.4 33.5 54.9 65.9
DAC-DETR [13] NIPS.2023 ResNet-50 12 50.0 67.6 54.7 32.9 53.1 64.2
H-DETR [15] CVPR.2023 ResNet-50 12 48.7 66.4 52.9 31.2 51.5 63.5
Group-DETR [6] ICCV.2023 ResNet-50 12 49.8 - - 32.4 53.0 64.2
MS-DETR [47] CVPR.2024 ResNet-50 12 50.3 67.4 55.1 32.7 54.0 64.6
Relation-DETR [12] ECCV.2024 ResNet-50 12 51.7 69.1 56.3 36.1 55.6 66.1
Ours - ResNet-50 12 52.4 69.8 57.0 35.6 56.1 67.2

DINO [44] ICLR.2023 ResNet-50 36 50.9 69.0 55.3 34.6 54.1 64.6
Stable-DINO [21] ICCV.2023 ResNet-50 24 51.5 68.5 56.3 35.2 54.7 66.5
Rank-DETR [29] NIPS.2023 ResNet-50 36 51.2 68.9 56.2 34.5 54.9 64.9
SQR-DETR [4] CVPR.2023 ResNet-50 36 48.9 67.5 53.2 32.0 51.8 63.7
H-DETR [15] CVPR.2023 ResNet-50 36 50.0 68.3 54.4 32.9 52.7 65.0
Group-DETR [6] ICCV.2023 ResNet-50 36 51.3 - - 34.7 54.5 65.3
Align-DETR [2] BMVC.2024 ResNet-50 24 51.3 68.2 56.1 35.5 55.1 65.6
DDQ-DETR [45] CVPR.2023 ResNet-50 24 52.0 69.5 56.2 35.2 54.9 65.9
DAC-DETR [13] NIPS.2023 ResNet-50 24 51.2 68.9 56.0 34.0 54.6 65.4
MS-DETR [47] CVPR.2024 ResNet-50 24 51.7 68.7 56.5 34.0 55.4 65.5
Relation-DETR [12] ECCV.2024 ResNet-50 24 52.1 69.7 56.6 36.1 56.0 66.5
Ours - ResNet-50 24 52.7 70.4 57.2 36.7 56.7 66.7

DINO [44] ICLR.2023 Swin-L 12 56.8 75.6 62.0 40.0 60.5 73.2
DAC-DETR [13] CVPR.2023 Swin-L 12 57.3 75.7 62.7 40.1 61.5 74.4
Rank-DETR [29] NIPS.2023 Swin-L 12 57.6 76.0 63.4 41.6 61.4 73.8
H-DETR [15] CVPR.2023 Swin-L 12 56.1 75.2 61.3 39.3 60.4 72.4
Stable-DINO [21] ICCV.2023 Swin-L 12 57.7 75.7 63.4 39.8 62.0 74.7
Relation-DETR [12] ECCV.2024 Swin-L 12 57.8 76.1 62.9 41.2 62.1 74.4
Ours - Swin-L 12 58.2 76.5 63.4 42.5 62.8 74.6

Table 1. Comparison experiments under different backbones and training epochs.

experimental results under 12 training epochs (commonly
adopted in existing methods) and the condition achieving
convergence (i.e., 24 or 36 epochs, depending on the model
itself). As shown in Tab. 1, our method demonstrates the
advantage under different training conditions. Compared
to the second-best method (i.e., Relation-DETR [12]), our
method achieves the improvements of +0.7 AP and +0.6 AP
with 12 and 24 training epochs, respectively. Without bells
and whistles, our method establishes the best result to date,
achieving 52.7 AP without employing extra tricks.

Comparison under Swin-L. As a stronger backbone,
Swin-L backbone has demonstrated its excellent perfor-
mance. However, few methods report the results under
Swin-L backbone. To further verify the effectiveness and
robustness of our method, the experiments are conducted
using Swin-L backbone under the training schedule of 12
epochs, and the results are reported in Tab. 1, from which
we can observe that our method still achieves the best re-
sults, obtaining +0.4 AP compared with the existing best-
performing model Relation-DETR.

4.3. Diagnostic Experiments
4.3.1. The ablation testing on main components
We conduct a series of diagnostic experiments on main
components, including MI, Lite-MI, and UFI. The results

ID MI Lite-MI UFI AP AP50 AP75

#1 - - - 49.0 66.6 53.5

#2 ! 49.8 67.5 54.3
#3 ! 49.6 67.2 54.1
#4 ! 49.5 67.3 54.0
#5 ! ! 50.1 67.9 54.7
#6 ! ! 50.2 68.1 54.8

Table 2. Diagnostic experiments on MI (Multi-time Inquiries),
Lite-MI (Lite Multi-time Inquiries), and UFI (U-like Feature In-
teraction). The experiments are conducted based on DINO base-
line (#1), and we adopt ResNet-50 backbone and 1x (12 epochs)
training schedule. The results in Tab. 4, Tab. 5, and Tab. 6 are also
obtained under the same experiment settings.

are summarized in Tab. 2, from which we can observe that
all components exhibit improvements over baseline (+0.8
AP, +0.6 AP, and +0.5 AP, respectively), demonstrating
that each component is effective (comparing #2, #3, and
#4 with #1). The combinations “MI+UFI” (#5) and “Lite-
MI+UFI” (#6) represent two kinds of structures of our
model. “MI+UFI” presents the best result, indicating the
effectiveness of our architecture. Lite-MI reduces the model
complexity by sharing the self-attention layer. Compared to
“MI+UFI”, “Lite-MI+UFI” asks for less parameters at the
cost of slight performance degradation.
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Method Backbone Epochs AP AP50 AP75 APS APM APL

DINO [44] ResNet-50 12 49.0 66.6 53.5 32.0 52.3 63.0
ours ResNet-50 12 50.2(+1.2) 68.1(+1.5) 54.8(+1.3) 33.4(+1.4) 53.6(+1.3) 64.5(+1.5)
DINO [44] ResNet-50 24 50.4 68.3 54.8 33.3 53.7 64.8
ours ResNet-50 24 51.2(+0.8) 69.2(+0.9) 55.8(+1.0) 34.6(+1.3) 54.4(+0.7) 65.5(+0.7)
DINO [44] Swin-L 12 56.8 75.6 62.0 40.0 60.5 73.2
ours Swin-L 12 57.5(+0.7) 76.3(+0.7) 63.1(+1.1) 41.1(+1.1) 61.5(+1.0) 73.9(+0.7)

Relation-DETR [12] ResNet-50 12 51.7 69.1 56.3 36.1 55.6 66.1
ours ResNet-50 12 52.4(+0.7) 69.8(+0.7) 57.0(+0.7) 35.6 56.1(+0.5) 67.2(+1.1)
Relation-DETR [12] ResNet-50 24 52.1 69.7 56.6 36.1 56.0 66.5
ours ResNet-50 24 52.7(+0.6) 70.4(+0.7) 57.2(+0.6) 36.7(+0.6) 56.7(+0.7) 66.7(+0.2)
Relation-DETR [12] Swin-L 12 57.8 76.1 62.9 41.2 62.1 74.4
ours Swin-L 12 58.2(+0.4) 76.5(+0.4) 63.4(+0.5) 42.5(+1.3) 62.8(+0.7) 74.6(+0.2)

Table 3. Diagnostic experiments of MI on representative models.

4.3.2. The effects of MI on other models
MI is the core mechanism of our model. Thanks to its
simplification, MI could be friendly plugged into existing
DETR-like models. To verify the effectiveness, we exam-
ine the performance improvements after plugging MI into
DINO [44] and Relation-DETR [12]. DINO is the most rep-
resentative model that is widely known in the object detec-
tion domain, and Relation-DETR is the newest model pre-
senting SOTA performance. Therefore, we select them as
baselines. To avoid the randomness of experiment results,
we conduct the experiments under different backbones and
training schedules, and the results are presented in Tab. 3.

We can observe from Tab. 3 that: 1) Our method achieves
consistent improvements over baselines. Especially, based
on the strongest baseline Relation-DETR leveraging one-to-
many matching in the decoder, our method can still obtain
the performance improvement, surpassing Relation-DETR
by +0.7 AP (12 epochs) and +0.6 AP (24 epochs). This
demonstrates MI can effectively strengthen the representa-
tions of object queries, even though the object queries have
been strengthened by the one-to-many matching mech-
anism; 2) Plugging MI into Relation-DETR under the
training schedule of 12 epochs obtains better performance
than that of Relation-DETR trained with 24 epochs (52.4
AP v.s. 52.1 AP), demonstrating our method can accelerate
the training convergence.

4.3.3. Inquiry head number of MI
We are interested in how will the number of inquiry heads in
MI decoder layers affect the final performance. Intuitively,
the performance will boost with the increasing of inquiry
heads, since multi-time inquiries enable the object queries
to learn multi-pattern information. With the further increas-
ing of inquiry heads, the performance should drop, since too
many patterns of information might be disturbing or even
antagonistic. Therefore, we conduct the experiments to ex-
amine the effectiveness of inquiry head number on model
performance, and the results are available in Tab. 4. When
inquiry head number increases from 1 to 4, the performance

improves by +0.7 AP, validating the effectiveness of multi-
ple inquiry heads. However, the performance drops when
IHN=5, potentially proving our guess that too many patterns
of information might be disturbing or even antagonistic.

IHN 1 2 3 4 5
AP 49.5 49.6 49.9 50.2 49.9

Table 4. Diagnostic experiments on the number of inquiry heads.
“IHN” is short for “Inquiry Head Number”.

Method IHN Heads AP AP50 AP75

DINO - - 49.0 66.6 53.5

Ours

1
head 1 41.0 56.7 44.8
head 2 42.2 58.1 45.9
head 3 41.8 57.8 45.6
head 4 40.4 54.9 44.0

2 head 1&2 43.8 60.4 47.7
head 2&4 48.0 65.2 52.5

3 head 1&2&3 49.7 67.5 54.4
head 2&3&4 49.4 67.2 54.0

4 head 1&2&3&4 50.2 68.1 54.8

Table 5. Diagnostic experiments on inquiry head combinations.

4.3.4. Inquiry head combinations of MI

The above experiments have validated the effectiveness of
MI and examined the influence of inquiry head number of
MI. To explain why MI is effective, we further conduct
the experiments under different inquiry head combinations.
Based on the trained model #6 in Tab. 2, we test the perfor-
mance when enabling each inquiry head or multiple inquiry
heads, and the results are reported in Tab. 5. Specifically,
when enabling a certain inquiry head, the object queries
from k-th (k=1,2,3, or 4) inquiry head are used to predict
final results. When enabling multiple inquiry heads (e.g.,
head 1&2), the object queries from these inquiry heads are
fused to predict final results. When inquiry head number is
2 or 3, there are many inquiry head combinations, thus we
present the results of two arbitrary combinations.
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Overall, the performance of model configured with one
inquiry head lags behind by significant margins, and fusing
information in all inquiry heads achieves the best perfor-
mance. Specifically, with the increasing of inquiry heads,
the performance are gradually boosting. The reason is
straightforward that one-time inquiry only enables object
queries to learn the relatively limited information, which
is similar to that each convolution kernel in CNNs only
extracts the certain channel of feature. Multi-time in-
quiries allow the model to fuse multi-pattern information
learnt from different inquiry heads, though these informa-
tion might be highly-collaborate (e.g., head 2 and 4) or
weakly-collaborate (e.g., head 1 and 2).

image head 1 head 2 head 3 head 4

Figure 4. The visualization of object queries in different inquiry
heads by T-SNE data visualization tool. More results of Fig. 4,
Fig. 5, and Fig. 6 can be found in supplementary material.

4.3.5. Visualization analysis
The experiments in Tab. 4 and Tab. 5 have indicated that dif-
ferent inquiry heads are able to learn mutually collaborate
information to improve object detection performance when
setting reasonable inquiry head number. For deeper analy-
sis, some visualization experiments are also conducted. Ex-
periment 1 - object queries visualization: Object detec-
tion is performed on object queries at the last decoder layer,
thus visualizing object queries at the last decoder layer as-
sists to distinguish what kind of information is finally learnt
in individual inquiry head. Therefore, we make use of the
T-SNE tool to visualize the distributions of object queries
at the last decoder layer. Here, we would like to explain an

object query, unlike CNN feature map, is a vector whose
elements do not have the corresponding relations to image
pixels, thus T-SNE visualization is adopted. Considering
the majority of object queries represent the background and
93.51% of images in COCO contain less than 20 objects,
top-20 object queries are visualized in Fig. 4. Experiment
2 - object detection results visualization: If object detec-
tion results based on individual inquiry head could be visu-
alized, the mutually collaborate mechanism of MI could be
straightly observed. Therefore, we visualize the object de-
tection results using the single inquiry head and all inquiry
heads as shown in Fig. 5.

We can observe from Fig. 4 that object queries in dif-
ferent inquiry heads generally present distinct distributions,
some are gathering and others are dispersing. Reflecting on
detection results, different inquiry heads tend to focus on
different kinds of information. For example, as shown in
Fig. 5, the head 2 seems to focus on big objects and head 4
intends to pay attention on small objects. At the same time,
some inquiry heads might focus on the similar pattern of in-
formation, since sharing the information in the certain ex-
tent is the basis of collaboration. For example, on the first
example in Fig. 5, both head 1 and head 3 seem to strug-
gle detecting objects in all regions of the image. This might
partly explain the results in Tab. 4 that continuously increas-
ing inquiry heads will not constantly improve performance.
However, we note that, due to the diversity of images and
“black box” characteristic of neural networks, it is chal-
lenging to clarify what specific patterns of information are
learned through different inquiry heads, and it is also chal-
lenging to reflect the patterns constantly on diverse images.

We can also observe from Fig. 5 that inquiry heads are
mutually collaborate. For example, on the first example, the
“clock” is not detected in head 2, 3, and 4, and the “cup” in
the hand of the leftest person is not detected in head 1, 2, 3,
and 4, but these two objects are detected in head 1-4 and the
confidences are improved. Thanks to the collaboration of
multiple inquiry heads, our model exhibits stronger ability
in detecting challenging objects. For example, as shown in
Fig. 6a, the occluded “teddy bear” is successfully detected,

head1 head 2 head 3 head 4 head 1-4 GT

Figure 5. Object detection results based on the single inquiry head and multiple inquiry heads.
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Figure 6. Qualitative comparison between DINO and our method.
The red/yellow dashed circle indicates missing/false detection.

while the baseline fails. Some false detections could also be
avoided, an example is illustrated in Fig. 6b.

4.4. The Analysis of Complexity
The proposed MI is implemented by parallelly adding de-
coder layers, which easily induce the misunderstanding that
the performance improvement might result from increasing
the parameters complexity. Therefore, to eliminate the mis-
understanding, the models with different numbers of de-
coder layer and inquiry heads are tested, and the results
are summarized in Tab. 6. Note that we do not add UFI
(with 1M parameters) in the experiments to guarantee the
fair comparison with the baseline and eliminate its distur-
bance on the testing.

As shown in Tab. 6, we can observe that increasing the
number of layers does not yield a performance improve-
ment. Instead, a large amount parameters and computa-
tion are generated, even leading to performance degrada-
tion. The potential reason is as follows. Due to the cascaded
architecture of decoder layers, the representations update
of object queries are constrained in the cascaded direction.
When decoder layers are further increasing, the representa-
tions might be redundant or even negative, leading to per-
formance degradation.

Compared to DINO with 12/24 decoder layers, our
method with 6 decoder layers and 2/4 inquiry heads asks
for less parameters and computation, and achieves better
performance (49.5 v.s. 49.0 / 49.8 v.s. 47.3), which demon-
strates our proposed MI (rather than increasing computation
complexity) contributes to the performance improvement.

5. Discussions

Cascade Multi-time Inquiries v.s. Parallel Multi-time
Inquiries. The decoder layers of existing DETR-like mod-
els are actually performing cascaded multi-time inquiries.
In contrast, our proposed MI decoder layers adopt parallel
multi-time inquiries. We would like to discuss the differ-
ences between them.

Method LN IHN AP GFLOPS Params

DINO 6 1 49.0 245 47M

DINO 12 1 49.0 265 58M
Ours 6 2 49.5 263 57M

DINO 24 1 47.3 301 78M
Ours 6 4 49.8 299 75M

Table 6. Comparison on performance and complexity with the
baseline. “LN” and “IHN” are short for “Layer Number” and “In-
quiry Head Number”, respectively.

The essence of an inquiry head is object queries update
their representations by interacting with image features. As
discussed in the introduction (Sec. 1), one-time inquiry is
like that the student asks a question to the teacher, and ob-
tains information about the image based on the teacher’s
answer. For cascade multi-time inquiries, the student asks
an initial question in the first inquiry head, and only asks
the questions that are related with the initial question in
the following inquiry heads. Differently, parallel multi-time
inquiries allow the student to simultaneously ask multiple
questions from different views in the first decoder layer and
constantly receive the gradually fine-grained answers for
these questions in the following decoder layers.

Real Parallel v.s. Pseudo Parallel. The number of ob-
ject queries is tremendously larger than that of object GTs in
an image. Therefore, the matching between GTs and object
queries is an important issue that existing works are strug-
gling to solve. The mainstream idea is setting up object
queries for one-to-many matching [6, 15, 47]. However,
to avoid NMS [27] post-processing operation, the object
queries for one-to-one matching are also needed. As a re-
sult, the object queries for one-to-one matching and the ob-
ject queries for one-to-many matching are parallelly exist-
ing. However, as explained in the introduction (Sec. 1), this
parameters-sharing parallel architecture is a type of pseudo
parallel. In contrast, our proposed parameters-dependent
parallel architecture is real parallel, enabling to learn multi-
pattern information. In addition, the query fusion mecha-
nism makes multi-pattern information to be mutually col-
laborate and complementary.

6. Conclusion

This paper introduces an innovative decoder architecture,
the core of which is the parallel Multi-time Inquiries (MI)
mechanism. This mechanism presents the following ad-
vantages: 1) The mechanism improves feature utilization
since it enables object queries to learn multi-pattern infor-
mation from image features; 2) The mechanism is simple
and friendly to plug into existing DETR-like models; 3) The
information learnt in different inquiry heads are mutually
collaborate and complementary.
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