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Abstract

Traditional object detectors employ the dense paradigm
of scanning over locations and scales in an image. The
recent query-based object detectors break this convention
by decoding image features with a set of learnable queries.
However, this paradigm still suffers from slow convergence,
limited performance, and design complexity of extra net-
works between backbone and decoder. In this paper, we
find that the key to these issues is the adaptability of de-
coders for casting queries to varying objects. Accordingly,
we propose a fast-converging query-based detector, named
AdaMixer, by improving the adaptability of query-based de-
coding processes in two aspects. First, each query adap-
tively samples features over space and scales based on es-
timated offsets, which allows AdaMixer to efficiently attend
to the coherent regions of objects. Then, we dynamically
decode these sampled features with an adaptive MLP-Mixer
under the guidance of each query. Thanks to these two criti-
cal designs, AdaMixer enjoys architectural simplicity with-
out requiring dense attentional encoders or explicit pyra-
mid networks. On the challenging MS COCO benchmark,
AdaMixer with ResNet-50 as the backbone, with 12 train-
ing epochs, reaches up to 45.0 AP on the validation set
along with 27.9 APs in detecting small objects. With the
longer training scheme, AdaMixer with ResNeXt-101-DCN
and Swin-S reaches 49.5 and 51.3 AP. Our work sheds light
on a simple, accurate, and fast converging architecture for
query-based object detectors. The code is made available
at https://github.com/MCG-NJU/AdaMixer.

1. Introduction

Object detection has been a fundamental task in the com-
puter vision area for decades, as it aims to locate varying
objects in a single image and categorize them. For a long
time, researchers have used spatial dense prior on grids in
an image to cover potential objects with great variations.
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Figure 1. Convergence curves of our AdaMixer, DETR, De-
formable DETR and Sparse R-CNN with ResNet-50 as the back-
bone on MS COCO minival set.

This dense paradigm dates back from sliding window meth-
ods [11, 36, 41] and still remains prevalent in anchor-based
or point-based detectors [15, 23, 26, 32, 34, 38, 50] at the
age of convolutional neural networks. Although dense pri-
ors has been a dominant role in object detection for its re-
markable performance to cover potential objects, they are
criticized for several shortcomings in various aspects, in-
cluding anchor designs [33, 42, 45], training sample selec-
tion [13,14,48,49], and post-processing operators on poten-
tial redundant detections [2, 18].

Though sorts of remedies on these issues are proposed
every year, the underlying detection scheme with dense
grid-like prior had remained almost untouched for a long
time. Recently, query-based object detectors [4, 37, 53]
bring a new perspective on object detection, that is, to
use learnable embeddings, also termed queries, to directly
represent potential objects by using attention-like opera-
tors [40]. This scheme, on the other hand, requires a strong
representation power of the network to cast limited queries
to potential objects to cope with great variations of objects
across images. However, the adaptability of currently em-
ployed query decoders to the image content is limited on
both how to spatially sample features and how to process
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sampled features. For instance, attention-based decoder in
DETR-like detectors [4, 53] are adaptive on which feature
to sample but remain static on how to decode it, whereas
dynamic interaction head in Sparse R-CNN [37] goes vice
versa. The insufficiency in the adaptability to different
images leaves the current decoder in a dilemma between
limited query representation power and great variations of
objects. Also, as compensation for this, query-based ob-
ject detectors usually bring extra attentional encoders or
explicit pyramid necks after the backbone and before the
query decoder, in order to involve more semantic or multi-
scale modeling, such as TransformerEncoder [40], Multi-
ScaleDeformableTransformerEncoder [53] and FPN [22].
These extra components result in the higher complexity of
built detection pipelines in both design and computational
aspects. In addition, detectors with them are hungry for
more training time and rich data augmentation due to the
introduced modules.

In this paper, we present a fast-converging and accurate
query-based object detector with a simplified architecture,
named AdaMixer, to mitigate issues above. Specifically, to
effectively use queries to represent objects, AdaMixer in-
troduces the adaptive 3D feature sampler and the adaptive
mixing of channel semantics and spatial structures holisti-
cally. First, by regarding multi-scale feature maps from the
backbone as a 3D feature space, our proposed decoder can
flexibly sample features over space and scales to adaptively
handle both of location and scale variations of objects based
on queries. Then, the adaptive mixing applies the channel
and spatial mixing to the sampled features with dynamic
kernels under the guidance of queries. The adaptive location
sampling and holistic content decoding notably enhances
the adaptability of queries to varying images in detecting
varying objects. As a result, AdaMixer is simply made up
of a backbone network and our proposed decoder without
extra attentional encoders or explicit pyramid networks.

Experimental results show that in a standard 12 epochs
training (1× training scheme) with the random flipping as
the only augmentation, our AdaMixer with ResNet-50 [17]
as the backbone achieves 42.7, 44.1, and 45.0 AP on MS
COCO validation set under the settings of 100, 300, and
500 queries, with 24.7, 27.0, and 27.9 APs in small object
detection. With longer 3× training time and stronger data
augmentation aligned to other query-based detectors, our
AdaMixer with ResNet-101, ResNeXt-101-DCN [44, 52],
and Swin-S [27] achieves 48.0, 49.5, and 51.3 AP with the
single scale and single model testing, significantly outper-
forming the previous state-of-the-art query-based detectors.
We hope AdaMixer, as a simply-designed, fast-converging,
relatively efficient, and more accurate object detector, will
serve as a strong baseline in the future research for the
query-based object detection.

2. Related Work
Dense object detectors. The dense paradigm of object de-
tectors dates back to sliding window-based approaches [10,
11, 41], which involve exhaustive classification over space
and scales due to the assumption of potential objects emerg-
ing uniformly and densely w.r.t. spatial locations in an
image. This assumption about natural images remains ef-
fective in the deep learning era for its power to cover po-
tential objects [36]. Prevalent object detectors in the past
few years, e.g., one-stage detectors [26, 32, 33, 38, 47, 50],
multiple-stage detectors [3, 5, 16, 30, 34] or point-based
methods [9, 20, 50, 51], are also rooted in this dense as-
sumption in either region proposal networks or entire object
detector architectures. They apply dense priors, such as an-
chors or anchor points, upon the feature map to exhaustively
find foreground objects or directly classify them.
Query-based object detectors. Recently transformer-
based detector, DETR [4], formulates object detection as
a direct set prediction task and achieves promising perfor-
mance. DETR predicts a set of objects by attending queries
to the feature map with the transformer decoder. The orig-
inal architecture of DETR is simply based on the Trans-
former [40], which contains the multi-layer attentional en-
coder and decoder. The training for set prediction in DETR
is based on the bipartite matching between the predictions
and ground-truth objects. While DETR outperforms com-
petitive Faster R-CNN baselines, it still suffers from limited
spatial resolution, poor small object detection performance,
and slow training convergence. There have been several
work to tackle these issues. Deformable DETR [53] consid-
ers the shift-equivalence in natural images and introduces
the multi-scale deformable family of attention operators in
both encoders and decoders of DETR. SMCA [12], Condi-
tional DETR [29], and Anchor DETR [43] explicitly model
the positional attention for foreground objects to fasten the
convergence. Efficient DETR [46] bridges the dense prior
to queries in DETR to improve the performance. Sparse
R-CNN [37] brings the query-based paradigm of DETR to
Cascade R-CNN [3] and introduces the dynamic instance
interaction head and its query-adaptive point-wise convolu-
tion, to effectively cast queries to potential objects.

Our AdaMixer generally follows this research line of us-
ing queries to attend features for object detection. How-
ever, we improve the query-based object detection paradigm
from a new perspective: the adaptability of decoding
queries across images. Specifically, we focus on how to
make decoding scheme on queries more adaptive to the
content of images from both semantic and spatial aspects.
We present adaptive 3D feature sampling and adaptive con-
tent decoding to improve its flexibility to relate queries with
each image. This makes AdaMixer a fast-converging query-
based object detector without the introduction of extra fea-
ture encoders or explicit pyramid networks.
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adaptive to decode locations? adaptive to decode content? extra networks before the query decoder1?
DETR [4] yes, multi-head attention aggregation no, linear projection TransformerEncoder
Deformable DETR [53] yes, multi-scale multi-head adaptive sampling no, linear projection2 Multi-scale DeformTransEncoder
Sparse R-CNN [37] restricted, RoIAlign [16] partially yes, adaptive point-wise conv. FPN
AdaMixer (ours) yes, adaptive 3D sampling yes, adaptive channel and spatial mixing linear projection to form 3D feature space

Table 1. Comparisons of the adaptability of decoders across different query-based object detectors. 1We specify trainable networks
introduced after pre-trained backbones before the query decoder. 2We regard the softmax aggregation in deformable attention as one step
in decoding locations as the softmax weights normalize to one.

3. Approach
In this paper, we focus on the query decoder in query-

based object detectors since the decoder design is essential
to casting learned queries to potential objects in each im-
age. We first revisit decoders in popular query-based object
detectors from the perspective of semantic and positional
adaptability, and then elaborate on our proposed adaptive
query decoder.

3.1. Object Query Decoder Revisited

Plain attention decoders. DETR [4] applies plain multi-
head cross attention between queries and features to cast
object queries to potential objects. As depicted in Table 1,
the cross attention decoder is adaptive to decode sampling
locations in the sense that it exploits the relation of object
queries and features to aggregate features. However, the
linear transformation of features after aggregation fails to
adaptively decode them based on the query.
Deformable multi-scale attention decoders. Deformable
DETR [53] improves the ability of decoding sampling lo-
cations in plain cross attention in terms of shift equiva-
lence and scale invariance by introducing explicit reference
points and multi-scale features. But like DETR, the con-
tent decoding of sampled features still remains static by
the linear transformation. Overall, decoders in DETR and
Deformable DETR lack the reasoning of aggregated fea-
tures conditionally on the query and thus limit the semantic
adaptability of queries to features. As a result, both of them
require stacks of extra attentional encoders to enrich feature
semantics.
RoIAlign and dynamic interactive head as decoders.
Sparse R-CNN [37], as the intersection between region-
based and query-based detectors, uses the RoIAlign oper-
ator and dynamic interactive head as the query decoder.
The dynamic interactive head uses point-wise convolutions,
whose kernel is adaptive based on the query, to process RoI
features. This enables the adaptability of queries to RoI fea-
tures but only partially, in the sense that the adaptive point-
wise convolution can not infer adaptive spatial structures
from those features to build queries. Moreover, the sam-
pling locations by RoIAlign operator [16] are restricted in-
side of the box indicated by a query and a specific level in
FPN [22], which limits positional adaptability and requires
explicit pyramid networks for multi-scale modeling.

Summary. Given a limited number of queries and vary-
ing potential objects across images, an ideal decoder should
consider both the semantic and positional adaptability of
such queries to the content of images, that is, how to adap-
tively decode sampling locations and sampled content. This
naturally motivates our design of AdaMixer.

3.2. Our Object Query Definition

Starting from the object query definition, we associate
two vectors with a query following our semantic and po-
sitional view of decoders: one is the content vector q and
the other is the positional vector (x, y, z, r). This is also
in line with [37, 43, 53] to disentangle the location or the
represented bounding box of a query from its content. The
content vector q is a vector in Rdq and dq is the channel
dimension. The vector (x, y, z, r) describes scaled geomet-
ric properties of the bounding box indicated by a query, that
is, the x- and y-axis coordinates of its center point and the
logarithm of its scale and aspect ratio. The x, y, z compo-
nents also directly represent coordinates of a query in the
3D feature space, which will be introduced below.
Decoding the bounding box from a query. We can simply
decode the bounding box from the positional vector. The
center (xB , yB) and the width and height wB and hB of the
indicated bounding box can be decoded:

xB = sbase · x, yB = sbase · y, (1)

wB = sbase · 2z−r, hB = sbase · 2z+r, (2)

where sbase is the base downsampling stride offset and we
set sbase = 4 according to the stride of the largest feature
map we use in the experiments.

3.3. Adaptive Location Sampling

As discussed in Section 3.1, the decoder should adap-
tively decide which feature to sample regarding the query.
That is, the decoder should decode sampling locations with
the consideration of both the positional vector (x, y, z, r)
and content vector q. Also, we argue that the decoder must
be adaptive not only over (x, y) space but also be flexible in
scales of potential objects. Specifically, we can accomplish
these goals by regarding multi-scale features as a 3D feature
space and adaptively sampling features from it.
Multi-scale features as the 3D feature space. Given a
feature map, indexed j, with the downsampling stride sfeatj
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Figure 2. 3D feature sampling process. A
query first obtains sampling points in the 3D
feature space and then perform 3D interpola-
tion on these sampling points.
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Figure 3. Adaptive mixing procedure between an object query and sampled features.
The object query first generates adaptive mixing weights and then apply these weights
to mix sampled features in the channel and spatial dimension. Note that for clarity, we
demonstrate adaptive mixing for one sampling group.

from the backbone, we first transform them by a linear layer
to the same channel dfeat and compute its z-axis coordinate:

zfeatj = log2(s
feat
j /sbase). (3)

Then we virtually rescale the height and width of feature
maps of different strides to the same ones H/sbase and
W/sbase, where H and W is the height and width of the
input image, and put them aligned on x- and y-axis in the
3D space as depicted in Figure 2. These feature maps are
supporting planes for the 3D feature space, whose interpo-
lation is described below.
Adaptive 3D feature sampling process. A query
first generate Pin sets of offset vectors to Pin points,
{(∆xi,∆yi,∆zi)}Pin

, where each offset vector is indexed
by i, and depends on its content vector q by a linear layer:

{(∆xi,∆yi,∆zi)}Pin
= Linear(q). (4)

Then, these offsets are transformed to sampling locations
according to the positional vector of the query for every i:


x̃i = x+∆xi · 2z−r,

ỹi = y +∆yi · 2z+r,

z̃i = z +∆zi,

(5)

It is worth noting that the area {∆xi,∆yi ∈ [−0.5, 0.5]}
describes the bounding box decoded from the query. Our
offsets are not restricted to this range, meaning that a query
can sample features “out of the box”. Having obtained
{(x̃i, ỹi, z̃i)}Pin

, our sampler samples values given these
points in the 3D space. In the current implementation, the
interpolation over the 3D space is in the compositional man-
ner: it first samples values given points by bilinear interpo-
lation in the (x, y) space and then interpolates over the z-
axis by gaussian weighting given a sampling z̃, where the
weight for the j-th feature map is:

w̃j =
exp(−(z̃ − zfeatj )2/τz)∑
j exp(−(z̃ − zfeatj )2/τz)

, (6)

where τz is the softing coefficient for interpolating values
over the z-axis and we keep τz = 2 in this work. With
the feature map of the channel dfeat, the shape of sampled
feature matrix x is RPin×dfeat . The adaptive 3D feature
sampling process eases the decoder learning by sampling
features with explicit, adaptive and coherent locations and
scales regarding a query.
Group sampling. To sample as many points as possible,
we introduce the group sampling mechanism, analogous to
multiple heads in attentional operators [40] or groups in
group convolution [44]. The group sampling first splits the
channel dfeat of the 3D feature space into g groups, each
with the channel dfeat/g, and performs 3D sampling indi-
vidually for each group. With the group sampling mecha-
nism, the decoder can generate g · Pin offset vectors for a
query to enrich the diversity of sampling points and exploit
richer spatial structure of these points. Sampled feature ma-
trix x now are of the shape Rg×Pin×(dfeat/g). The grouping
mechanism is also applied to the adaptive mixing for effi-
ciency as described below, and we term the group sampling
and mixing unified as the grouping mechanism.

3.4. Adaptive Content Decoding

With features sampled, how to adaptively decode them
is another key design in our AdaMixer decoder. To cap-
ture correlation in spatial and channel dimension of x, we
propose to efficiently decode the content in each dimension
separately. Specifically, we design a simplified and adap-
tive variant of MLP-mixer [39], termed as adaptive mixing,
with dynamic mixing weights similar to dynamic filters in
convolutions [19]. As shown in Figure 3, the procedure con-
tains sequentially the adaptive channel mixing and adaptive
spatial mixing to involve both adaptive channel semantics
and spatial structures under the guidance of a query.
Adaptive channel mixing. Given sampled feature matrix
x ∈ RPin×C for a query in a group, where C = dfeat/g,
the adaptive channel mixing (ACM) is to use the dynamic
weight based on q to transform features x on the channel
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Figure 4. Our decoder structure of the AdaMixer. There are two operator streams on a query: one on its content vector q (the solid
horizontal line) and one on its positional vector (x, y, z, r) (the dashed horizontal line). Each operator on the content vector in the decoder
is followed by a residual addition and LayerNorm.

dimension to adaptively enhance channel semantics:

Mc = Linear(q) ∈ RC×C (7)
ACM(x) = ReLU(LayerNorm(xMc)), (8)

where ACM(x) ∈ RPin×C is the channel mixed feature
output and the linear layer is individual for each group. The
layer normalization [1] is applied to both dimensions of the
mixed output. Note that in this step, the dynamic weight is
shared across different sampling points in 3D space, analo-
gous to adaptive 1× 1 convolution in [37] on RoI features.
Adaptive spatial mixing. To enable the adaptability of a
query to spatial structures of sampled features, we introduce
the adaptive spatial mixing (ASM) process. As depicted in
Figure 3, ASM can be described as firstly transposing chan-
nel mixed feature matrix and applying the dynamic kernel
to the spatial dimension of it:

Ms = Linear(q) ∈ RPin×Pout (9)

ASM(x) = ReLU(LayerNorm(xTMs)), (10)

where ASM(x) ∈ RC×Pout is the spatial mixed output and
Pout is the number of spatial mixing out patterns. Note that
the dynamic weight is shared across different channels. As
sampling points may be from different feature scales, ASM
naturally involves multi-scale interaction modeling, which
is necessary for high performance object detection.

The adaptive mixing procedure overall is depicted in Fig-
ure 3, where the adaptive spatial mixing follows the adap-
tive channel mixing, both applied in a sampling group. The
final output of the shape Rg×C×Pout across group is flat-
tened and transformed to the dq dimension by a linear layer
to add back to the content vector.

3.5. Overall AdaMixer Detector
Like the decoder architecture in [4, 53], we place the

self-attention between queries, our proposed adaptive mix-
ing, and feedforward-feed network (FFN) sequentially in a

stage of the decoder regarding the query content vector q, as
shown in Figure 4. The query positional vector is updated
by another FFN at the end of each stage:

x′ = x+∆x · 2z, y′ = y +∆y · 2z, (11)

z′ = z +∆z, r′ = r +∆r, (12)

where (∆x,∆y,∆z,∆r) is produced by the lower small
FFN block in Figure 4.
Position-aware multi-head self-attentions. Since we dis-
entangle the content and position for a query, the naive
multi-head self-attention between the content vectors of
queries is not aware of what geometric relation between
a query and another query is, which is proven beneficial
to suppress redundant detections [4]. To achieve this, we
embed positional information into the self-attention. Our
positional embedding for the content vector in the sinu-
soidal form and every component of (x, y, z, r) takes up a
quarter of channels. We also embed the intersection over
foreground (IoF) as a bias to the attention weight between
queries to explicitly incorporate the relation of being con-
tained between queries. The attention for each head is

Attn(Q,K, V ) = Softmax
(
QKT /

√
dq + αB

)
V, (13)

where Bij = log (|boxi ∩ boxj |/|boxi|+ ϵ), ϵ = 10−7,
Q,K, V ∈ RN×dq , standing for the query, key and value
matrix in the self-attention procedure, and α is a learnable
scalar for each head. The Bij = 0 stands for the box i being
totally contained in the box j and Bij = log ϵ ≪ 0 indicates
that there is no overlapping between i and j.
Overall AdaMixer detector. The detection pipeline of
AdaMixer is only composed of a backbone and a AdaMixer
decoder. It avoids adding explicit feature pyramid networks
or attentional encoders between backbone and decoder. The
AdaMixer directly gathers predictions of decoded queries as
final object detection results.
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4. Experiments
In this section, we first elaborate on the implementation

and training details. Then we compare our models with
other competitive detectors with limited training epochs.
Next, we perform ablation studies on the design of our de-
tector. We also align the training recipe to other query-based
detectors and compare our AdaMixer to them fairly.

4.1. Implementation Details

Dataset. We conduct extensive experiments on MS COCO
2017 dataset [24] in mmdetection codebase [6]. Follow-
ing the common practice, we use trainval35k subset
consisting up of 118K images to train our models and use
minival subset of 5K images as the validation set.

query dim
dq

feat. maps
used

feat. dim
dfeat

#stages in
decoder

#groups
g

C Pin Pout

256 C2 ∼ C5 256 6 4 64 32 128

Table 2. Default configuration of our AdaMixer detector.

Configurations. The default hyper-parameters in our
AdaMixer detector is elaborated in Table 2. We config-
ure the dimension of the query content vector dq to 256
following previous query-based work [4, 37, 53]. We use
feature maps C2 ∼ C5 from the backbone network. Multi-
scale features are processed by the linear transformation to
the channel dfeat = 256 as supporting planes for the 3D
feature space. The number of decoder stages is set to 6
also following the common practice of query-based detec-
tors. The mixer grouping number is set to 4 as default.
Accordingly, the channel of sampled features per group is
C = dfeat/g = 64. Also, the number of sampling points
Pin and mixing out patterns Pout per group is set to 32 and
128. The hidden dimension of FFN on the content vector in
the decoder is set to 2048. The FFN dimension for classifi-
cation and updating positional vectors is set to 256.
Initializations. For training stability in early iterations,
we initialize the parameters of linear layers to produce dy-
namic parameters or sampling offsets as follows: zeroing
weights of these layers and initializing biases as expected.
This helps stable training by enforcing models to learn the
adaptability from zeros. The biases for the linear layer pro-
ducing sampling offest vectors is initialized in the way that
∆xi,∆yi are uniformly drawn in [−0.5, 0.5] and ∆zi = −1
for all i to align with the RoIAlign [16] level strategy. The
bias in the linear layer to produce mixing weights follows
the default initialization in the PyTorch. We also initialize
all the query positional vectors into decoders such that the
their boxes and sampling points cover the whole image in
the initial decoder stage like [37]. Backbones are initialized
from pre-trained models on the ImageNet 1K dataset [8].
Losses and optimizers. Following [37, 53], the training
loss is the matching loss consisting of the focal loss [23]
with coefficient λcls = 2, L1 bounding box loss with

detector epochs AP AP50 AP75 APs APm APl

FCOS [38] 12 38.7 57.4 41.8 22.9 42.5 50.1
Cascade R-CNN [3] 12 40.4 58.9 44.1 22.8 43.7 54.0
GFocalV2 [21] 12 41.1 58.8 44.9 23.5 44.9 53.3
BorderDet [31] 12 41.4 59.4 44.5 23.6 45.1 54.6
Dynamic Head [7] 12 42.6 60.1 46.4 26.1 46.8 56.0
DETR [4] 12 20.0 36.2 19.3 6.0 20.5 32.2
Deformable DETR [53] 12 35.1 53.6 37.7 18.2 38.5 48.7
Sparse R-CNN [37] 12 37.9 56.0 40.5 20.7 40.0 53.5
AdaMixer (N=100) 12 42.7 61.5 45.9 24.7 45.4 59.2
AdaMixer (N=300) 12 44.1 63.4 47.4 27.0 46.9 59.5
AdaMixer (N=500) 12 45.0 64.2 48.6 27.9 47.8 61.1

Table 3. 1× training scheme performance on COCO minival
set with different detectors and ResNet-50 as backbone.

λL1
= 5 and GIoU loss [35] with λgiou = 2. We use

AdamW [28] as our optimizer with weight decay 0.0001.
The initial learning rate is 2.5× 10−5.
Training recipes. We adopt two versions of training recipes
for a fair comparison with different detectors. The first one
adopts the classic 1× training scheme, which includes a
budget of 12 training epochs with training images of shorter
side resized to 800. This recipe includes the random hori-
zontal flipping as only the standard data augmentation and
allocates 100 learnable object queries to our AdaMixer de-
tector, to compare with popular and competitive detectors
like FCOS [38] and Cascade R-CNN [3] fairly. The sec-
ond training recipe is to align with other query-based de-
tectors, which leverages more training epochs and performs
crop and multi-scale augmentation in [4,37,53]. Our second
training recipe adopts the same data augmentation and has a
budget of 36 training epochs, namely 3× training scheme.
It uses 300 object queries to compare fairly with [37, 53].
The learning rate is divided by a factor of 10 at epoch 8
and 11 in 1× training scheme or at epoch 24 and 33 in 3×
training scheme, scaled proportionally.

The 1× and 3× training scheme for AdaMixer with
ResNet-50 typically take about 9 and 29 hours on 8 V100
cards. During the inference stage, we input images of the
shorter size resized to 800 without data augmentation. We
leave more details about model training and inference and
visualizations in the supplementary material.

4.2. Fast Convergence with Limited Budgets

We first investigate our proposed AdaMixer with lim-
ited training epochs and limited data augmentation, namely
1× training scheme. For a fair comparison, we disable
the commonly-used crop and multi-scale data augmenta-
tion in query-based detectors and allocate only 100 queries
or learnable proposals for these detectors. Experimental re-
sults are shown in Table 3. AdaMixer with N = 100 queries
achieves 42.7 AP, outperforming state-of-the-art traditional
and query-based detectors with a limited training budget.
Moreover, if we increase the number of queries N to 300
and 500, the performance of the AdaMixer detector reaches
44.1 and 45.0 AP, especially with 27.0 and 27.9 APs in de-
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adaptive
AP AP50AP75 APs APm APlloc. cont.
35.7 55.2 37.8 20.1 38.1 48.8

✓ 37.3 55.8 39.7 20.7 40.1 50.9
✓ 40.4 60.5 43.4 23.0 42.5 56.7

✓ ✓ 42.7 61.5 45.9 24.7 45.4 59.2
(a) Adaptability of decoding sampling lo-
cations and sampled content.

mixing AP AP50AP75 APs APm APl

ACMACM 41.5 60.5 44.3 23.5 44.1 57.4
ASMASM 39.8 58.8 42.6 22.8 42.4 56.1
ACMASM 42.7 61.5 45.9 24.7 45.4 59.2
ASMACM 41.5 60.4 44.5 23.9 44.4 57.1

(b) Design in our adaptive mixing proce-
dure.

pyramid AP AP50AP75 APs APm APl

FPN [22] 42.1 61.0 45.0 24.1 44.8 58.7
PAFPN [25] 41.7 60.5 44.7 23.5 44.6 58.7

- 42.7 61.5 45.9 24.7 45.4 59.2

(c) Extra pyramid networks after the
backbone?

Pin AP AP50AP75 APs APm APl

8 41.2 60.3 44.1 24.0 43.9 57.2
16 41.8 60.9 44.5 24.5 44.6 58.4
32 42.7 61.5 45.9 24.7 45.4 59.2
64 42.7 61.5 46.1 24.9 45.5 59.3
(d) Sampling points Pin per group.

Pout AP AP50AP75 APs APm APl

32 41.1 60.0 44.0 24.5 43.6 57.2
64 42.1 61.2 45.0 24.0 44.8 57.8
128 42.7 61.5 45.9 24.7 45.4 59.2
256 42.4 61.4 45.5 24.4 45.0 58.7

(e) Spatial mixing out patterns Pout per
group.

pos. inf.
AP AP50AP75 APs APm APlsinus. IoF

41.2 59.6 44.2 23.6 43.5 57.9
✓ 41.5 59.9 44.3 23.6 44.0 57.8

✓ 42.2 61.2 45.0 24.8 45.1 58.8
✓ ✓ 42.7 61.5 45.9 24.7 45.4 59.2

(f) Position information in self-attention
between queries.

Table 4. AdaMixer ablation experiments with ResNet-50 on MS COCO minival set. Default choice for our model is colored gray

tecting small objects. It is worth noting that these results are
achieved with random flipping as the only data augmenta-
tion and within 12 training epochs, showing that AdaMixer
can be supervised efficiently with training samples.

4.3. Ablation Studies

Due to the limited computational resource, we use
ResNet-50 as the backbone network and 1× training
scheme to perform ablation studies.
Decoding adaptability. We begin our ablations with the
key component, the adaptability design, in our AdaMixer
detector. The adaptability in AdaMixer is in two aspects:
adaptive sampling for decoding locations and adaptive mix-
ing for decoding content. Table 4a investigates the perfor-
mance under the condition of whether or not we enable the
adaptability in decoding sampling locations and decoding
content. The cancellation for adaptability on locations or
content stands for enforcing weights of linear layers produc-
ing sampling offsets or mixing weights all to zeros during
the training and inference. Only biases of these layers can
be learned during the training procedure, which are even-
tually not adaptive based on the query content q. In other
words, all sampling offsets or mixing weights are the same
across different queries and different images with the can-
cellation. As shown in Table 4a, the adaptability in both de-
coding sampling locations and sampled content is essential
to a good query-based object detector, which outperforms a
non-adaptive counterpart by 7.0 AP.
Adaptive mixing design. Moving forward, we compare
different designs of our adaptive mixing in Table 4b. As
shown in Figure 3, our default design for adaptive mixing
is to mix features first on the channel dimension and then
on the spatial dimension. We perform ablations by placing
only channel mixing, only spatial mixing, and the reversed
order of our design as three variants. The first adaptive

channel mixing and then spatial one lead to the best per-
formance. This indicates that channel semantics and spatial
structures are both important to the mixing design. For the
reversed mixing variant, we suspect that the inferior result is
due to the insufficient channel semantics into spatial mixing
as features are directly from the backbone.
Extra pyramid networks. AdaMixer enjoys the simplic-
ity for circumventing extra attentional encoders or explicit
pyramid networks. Instead, AdaMixer improves the seman-
tic and multi-scale modeling in the decoder. The adaptive
3D sampling and following spatial mixing naturally enable
multi-scale feature modeling and enable queries to handle
scale variations of objects. In Table 4c, we investigate the
performance of the AdaMixer detector with introduction
of extra pyramid networks. Models with these extra net-
works might require a longer training time and more train-
ing samples to perform well. These results are in favor of
our AdaMixer design as a simplified query-based detector.
Sampling points and spatial mixing out patterns. Ta-
ble 4d and 4e shows the ablation on the sampling points Pin

and spatial mixing out patterns Pout per group. The perfor-
mance is generally related to the number of sampling points
Pin and spatial mixing out patterns Pout. A good balance
between the complexity and performance is Pin = 32 and
Pout = 128, where the performance saturates for Pin and
decreases for Pout beyond this point.
Positional information in attention between queries. In
Section 3.5, we propose to embed the positional informa-
tion into the self-attention between the content vectors of
queries. In addition to the regular sinusoidal positional em-
bedding, we also hardwire the intersection over foreground
(IoF) into the attention weight between boxes indicated by
queries. We investigate these two ingredients in Table 4f.
Results show that combining these two ingredients notably
increases the performance. The individual effect of the IoF
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detector backbone encoder/pyramid net #epochs GFLOPs AP AP50 AP75 APs APm APl

DETR [4] ResNet-50-DC5 TransformerEnc 500 187 43.3 63.1 45.9 22.5 47.3 61.1
SMCA [12] ResNet-50 TransformerEnc 50 152 43.7 63.6 47.2 24.2 47.0 60.4
Deformable DETR [53] ResNet-50 DeformTransEnc 50 173 43.8 62.6 47.7 26.4 47.1 58.0
Sparse R-CNN [37] ResNet-50 FPN 36 174 45.0 63.4 48.2 26.9 47.2 59.5
Efficient DETR [46] ResNet-50 DeformTransEnc 36 210 45.1 63.1 49.1 28.3 48.4 59.0
Conditional DETR [29] ResNet-50-DC5 TransformerEnc 108 195 45.1 65.4 48.5 25.3 49.0 62.2
Anchor DETR [43] ResNet-50-DC5 DecoupTransEnc 50 151 44.2 64.7 47.5 24.7 48.2 60.6
AdaMixer (ours) ResNet-50 - 12 132 44.1 63.1 47.8 29.5 47.0 58.8
AdaMixer (ours) ResNet-50 - 24 132 46.7 65.9 50.5 29.7 49.7 61.5
AdaMixer (ours) ResNet-50 - 36 132 47.0 66.0 51.1 30.1 50.2 61.8
DETR [4] ResNet-101-DC5 TransformerEnc 500 253 44.9 64.7 47.7 23.7 49.5 62.3
SMCA [12] ResNet-101 TransformerEnc 50 218 44.4 65.2 48.0 24.3 48.5 61.0
Sparse R-CNN [37] ResNet-101 FPN 36 250 46.4 64.6 49.5 28.3 48.3 61.6
Efficient DETR [46] ResNet-101 DeformTransEnc 36 289 45.7 64.1 49.5 28.2 49.1 60.2
Conditional DETR [29] ResNet-101-DC5 TransformerEnc 108 262 45.9 66.8 49.5 27.2 50.3 63.3
AdaMixer (ours) ResNet-101 - 36 208 48.0 67.0 52.4 30.0 51.2 63.7
AdaMixer (ours) ResNeXt-101-DCN - 36 214 49.5 68.9 53.9 31.3 52.3 66.3
AdaMixer (ours) Swin-S - 36 234 51.3 71.2 55.7 34.2 54.6 67.3
Table 5. Different query-based detector performance on COCO minival set with longer training scheme and single scale testing.

is also compelling. We argue that the IoF between boxes,
which describes the geometric relation of being contained
directly for corresponding queries, is important for the self-
attention to imitate the NMS procedure [4].

g 1 2 4 8
AP 42.5 42.8 42.7 41.9

FLOPs 111G 106G 104G 106G
Params 191M 148M 135M 149M

Table 6. Grouping sampling and mixing with g groups.

Mixer group number. The mixer grouping encourages the
decoder sampler to sample more diverse points. This also
reduces total parameters and computational costs by mixing
divided groups of features. We here evaluate the effect of
the grouping mechanism with various g in Table 6. The
model reaches the least FLOPs and number of parameters
with 4 mixer groups with promising performance.

4.4. Comparison with Other Query-based Detectors

We present the final results of our AdaMixer and perform
the comparison between our AdaMixer and other state-of-
the-art query-based detectors in Table 5. We use the 3×
training scheme to train our AdaMixer, which allocates
300 queries and includes the stronger data augmentation to
align with the common practice of other query-based meth-
ods. Specifically, we train our AdaMixer with ResNet-50,
ResNet-101, ResNeXt-101 [44] with deformable convolu-
tion layers [52] and Swin-S [27] backbones. We also pro-
portionally stretch the training schedule for AdaMixer with
ResNet-50 to investigate the faster convergence speed, as
depicted in Figure 1. AdaMixer with assorted backbones
significantly outperforms competitive query-based object
detectors with less computational cost. With bounding
boxes as only supervising signals, AdaMixer with Swin-S

reaches 51.3 AP and 34.2 APs with the single scale test-
ing. Moreover, among these query-based detectors, only
AdaMixer does not require the extra attentional encoders
and explicit pyramid networks. These results demonstrate
our AdaMixer is a simply-architected, effective, and fast-
converging query-based object detector.

5. Conclusion and Limitation
In this paper, we have presented a fast-converging query-

based object detection architecture, termed AdaMixer, to ef-
ficiently and effectively decode objects from images. Our
proposed AdaMixer improves the decoder of query-based
detectors with adaptive 3D sampling and adaptive chan-
nel and spatial mixing. By improving query decoders,
AdaMixer circumvents the requirement of extra network
modeling between backbone and decoder. Our AdaMixer
achieves superior performance, especially on small object
detection, with less computational cost compared to other
query-based detectors. Moreover, it enables the fast con-
vergence speed with limited training budgets. We hope that
AdaMixer can serve as a strong baseline for future research.

The limitation in our AdaMixer is that though we have
applied the grouping mechanism, the total parameter num-
ber remains a little bit large. This is mainly due to a large
number of parameters in the linear layer to produce dynamic
mixing weights. We leave the question of how to further re-
duce the number of parameters to the future work.
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