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Abstract

In this paper, we provide the observation that too few
queries assigned as positive samples in DETR with one-
to-one set matching leads to sparse supervision on the en-
coder’s output which considerably hurt the discriminative
feature learning of the encoder and vice visa for attention
learning in the decoder. To alleviate this, we present a novel
collaborative hybrid assignments training scheme, namely
Co-DETR, to learn more efficient and effective DETR-based
detectors from versatile label assignment manners. This
new training scheme can easily enhance the encoder’s
learning ability in end-to-end detectors by training the mul-
tiple parallel auxiliary heads supervised by one-to-many la-
bel assignments such as ATSS and Faster RCNN. In addi-
tion, we conduct extra customized positive queries by ex-
tracting the positive coordinates from these auxiliary heads
to improve the training efficiency of positive samples in the
decoder. In inference, these auxiliary heads are discarded
and thus our method introduces no additional parameters
and computational cost to the original detector while re-
quiring no hand-crafted non-maximum suppression (NMS).
We conduct extensive experiments to evaluate the effective-
ness of the proposed approach on DETR variants, including
DAB-DETR, Deformable-DETR, and DINO-Deformable-
DETR. The state-of-the-art DINO-Deformable-DETR with
Swin-L can be improved from 58.5% to 59.5% AP on COCO
val. Surprisingly, incorporated with ViT-L backbone, we
achieve 66.0% AP on COCO test-dev and 67.9% AP on
LVIS val, outperforming previous methods by clear mar-
gins with much fewer model sizes. Codes are available at
https://github.com/Sense-X/Co-DETR.

1. Introduction

Object detection is a fundamental task in computer vi-
sion, which requires us to localize the object and classify
its category. The seminal R-CNN families [11, 27, 14] and
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Figure 1: Co-DETR outperforms other methods with the
same ResNet-50 backbone by large margins on COCO val.

a series of variants [30, 43, 36] such as ATSS [40], Reti-
naNet [21], FCOS [31], and PAA [17] lead to the significant
breakthrough of object detection task. One-to-many label
assignment is the core scheme of them, where each ground-
truth box is assigned to multiple coordinates in the detec-
tor’s output as the supervised target cooperated with propos-
als [11, 27], anchors [21] or window centers [31]. Despite
their promising performance, these detectors heavily rely
on many hand-designed components like a non-maximum
suppression procedure or anchor generation [1]. To con-
duct a more flexible end-to-end detector, DEtection TRans-
former (DETR) [1] is proposed to view the object detection
as a set prediction problem and introduce the one-to-one set
matching scheme based on a transformer encoder-decoder
architecture. In this manner, each ground-truth box will
only be assigned to one specific query, and multiple hand-
designed components that encode prior knowledge are no
longer needed. This approach introduces a flexible detec-
tion pipeline and encourages many DETR variants to fur-
ther improve it. However, the performance of the vanilla
end-to-end object detector is still inferior to the traditional
detectors with one-to-many label assignments.

This ICCV paper is the Open Access version, provided by the Computer Vision Foundation.
Except for this watermark, it is identical to the accepted version;

the final published version of the proceedings is available on IEEE Xplore.

6748



0.2 0.4 0.6 0.8 1.0
IoB

0.2

0.4

0.6

0.8

1.0

Io
F

ATSS
Deformable-DETR
Group-DETR
Co-Deformable-DETR

0.0 0.2 0.4 0.6 0.8 1.0
IoB

0.2

0.4

0.6

0.8

1.0

Io
F

Deformable-DETR
Group-DETR
Co-Deformable-DETR

Figure 2: IoF-IoB curves for the feature discriminability
score in the encoder and attention discriminability score in
the decoder.

In this paper, we try to make DETR-based detectors
superior to conventional detectors while maintaining their
end-to-end merit. To address this challenge, we focus on
the intuitive drawback of one-to-one set matching that it ex-
plores less positive queries. This will lead to severe ineffi-
cient training issues. We detailedly analyze this from two
aspects, the latent representation generated by the encoder
and the attention learning in the decoder. We first compare
the discriminability score of the latent features between the
Deformable-DETR [42] and the one-to-many label assign-
ment method where we simply replace the decoder with
the ATSS head. The feature l2-norm in each spatial co-
ordinate is utilized to represent the discriminability score.
Given the encoder’s output F ∈ RC×H×W , we can obtain
the discriminability score map S ∈ R1×H×W . The object
can be better detected when the scores in the correspond-
ing area are higher. As shown in Figure 2, we demonstrate
the IoF-IoB curve (IoF: intersection over foreground, IoB:
intersection over background) by applying different thresh-
olds on the discriminability scores (details in Section 3.4).
The higher IoF-IoB curve in ATSS indicates that it’s eas-
ier to distinguish the foreground and background. We fur-
ther visualize the discriminability score map S in Figure 3.
It’s obvious that the features in some salient areas are fully
activated in the one-to-many label assignment method but
less explored in one-to-one set matching. For the explo-
ration of decoder training, we also demonstrate the IoF-IoB
curve of the cross-attention score in the decoder based on
the Deformable-DETR and the Group-DETR [5] which in-
troduces more positive queries into the decoder. The il-
lustration in Figure 2 shows that too few positive queries
also influence attention learning and increasing more posi-
tive queries in the decoder can slightly alleviate this.

This significant observation motivates us to present a
simple but effective method, a collaborative hybrid assign-
ment training scheme (Co-DETR). The key insight of Co-
DETR is to use versatile one-to-many label assignments to
improve the training efficiency and effectiveness of both the
encoder and decoder. More specifically, we integrate the
auxiliary heads with the output of the transformer encoder.
These heads can be supervised by versatile one-to-many la-
bel assignments such as ATSS [40], FCOS [31], and Faster

Input Image ATSS Co-Deformable-DETR Deformable-DETR

Figure 3: Visualizations of discriminability scores in the
encoder.

RCNN [27]. Different label assignments enrich the super-
visions on the encoder’s output which forces it to be dis-
criminative enough to support the training convergence of
these heads. To further improve the training efficiency of
the decoder, we elaborately encode the coordinates of posi-
tive samples in these auxiliary heads, including the positive
anchors and positive proposals. They are sent to the origi-
nal decoder as multiple groups of positive queries to predict
the pre-assigned categories and bounding boxes. Positive
coordinates in each auxiliary head serve as an independent
group that is isolated from the other groups. Versatile one-
to-many label assignments can introduce lavish (positive
query, ground-truth) pairs to improve the decoder’s train-
ing efficiency. Note that, only the original decoder is used
during inference, thus the proposed training scheme only
introduces extra overheads during training.

We conduct extensive experiments to evaluate the effi-
ciency and effectiveness of the proposed method. Illus-
trated in Figure 3, Co-DETR greatly alleviates the poorly
encoder’s feature learning in one-to-one set matching. As a
plug-and-play approach, we easily combine it with different
DETR variants, including DAB-DETR [23], Deformable-
DETR [42], and DINO-Deformable-DETR [38]. As shown
in Figure 1, Co-DETR achieves faster training convergence
and even higher performance. Specifically, we improve the
basic Deformable-DETR by 5.8% AP in 12-epoch train-
ing and 3.2% AP in 36-epoch training. The state-of-the-
art DINO-Deformable-DETR with Swin-L [25] can still
be improved from 58.5% to 59.5% AP on COCO val.
Surprisingly, incorporated with ViT-L [8] backbone, we
achieve 66.0% AP on COCO test-dev and 67.9% AP
on LVIS val, establishing the new state-of-the-art detector
with much fewer model sizes.

2. Related Works

One-to-many label assignment. For one-to-many label as-
signment in object detection, multiple box candidates can
be assigned to the same ground-truth box as positive sam-
ples in the training phase. In classic anchor-based detectors,
such as Faster-RCNN [27] and RetinaNet [21], the sam-
ple selection is guided by the predefined IoU threshold and
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Figure 4: Framework of our Collaborative Hybrid Assignment Training. The auxiliary branches are discarded during
evaluation.

matching IoU between anchors and annotated boxes. The
anchor-free FCOS [31] leverages the center priors and as-
signs spatial locations near the center of each bounding box
as positives. Moreover, the adaptive mechanism is incorpo-
rated into one-to-many label assignments to overcome the
limitation of fixed label assignments. ATSS [40] performs
adaptive anchor selection by the statistical dynamic IoU val-
ues of top-k closest anchors. PAA [17] adaptively separates
anchors into positive and negative samples in a probabilis-
tic manner. In this paper, we propose a collaborative hybrid
assignment scheme to improve encoder representations via
auxiliary heads with one-to-many label assignments.
One-to-one set matching. The pioneering transformer-
based detector, DETR [1], incorporates the one-to-one set
matching scheme into object detection and performs fully
end-to-end object detection. The one-to-one set matching
strategy first calculates the global matching cost via Hun-
garian matching and assigns only one positive sample with
the minimum matching cost for each ground-truth box. DN-
DETR [18] demonstrates the slow convergence results from
the instability of one-to-one set matching, thus introducing
denoising training to eliminate this issue. DINO [38] inher-
its the advanced query formulation of DAB-DETR [23] and
incorporates an improved contrastive denoising technique
to achieve state-of-the-art performance. Group-DETR [5]
constructs group-wise one-to-many label assignment to ex-
ploit multiple positive object queries, which is similar to the
hybrid matching scheme in H-DETR [16]. In contrast with
the above follow-up works, we present a new perspective of
collaborative optimization for one-to-one set matching.

3. Method
3.1. Overview

Following the standard DETR protocol, the input image
is fed into the backbone and encoder to generate latent fea-
tures. Multiple predefined object queries interact with them

in the decoder via cross-attention afterwards. We introduce
Co-DETR to improve the feature learning in the encoder
and the attention learning in the decoder via the collabora-
tive hybrid assignments training scheme and the customized
positive queries generation. We will detailedly describe
these modules and give insights why they can work well.

3.2. Collaborative Hybrid Assignments Training

To alleviate the sparse supervision on the encoder’s out-
put caused by the fewer positive queries in the decoder, we
incorporate versatile auxiliary heads with different one-to-
many label assignment paradigms, e.g., ATSS, and Faster
R-CNN. Different label assignments enrich the supervisions
on the encoder’s output which forces it to be discrimina-
tive enough to support the training convergence of these
heads. Specifically, given the encoder’s latent feature F ,
we firstly transform it to the feature pyramid {F1, · · · ,FJ}
via the multi-scale adapter where J indicates feature map
with 22+J downsampling stride. Similar to ViTDet [20],
the feature pyramid is constructed by a single feature map
in the single-scale encoder, while we use bilinear interpo-
lation and 3 × 3 convolution for upsampling. For instance,
with the single-scale feature from the encoder, we succes-
sively apply downsampling (3×3 convolution with stride 2)
or upsampling operations to produce a feature pyramid. As
for the multi-scale encoder, we only downsample the coars-
est feature in the multi-scale encoder features F to build
the feature pyramid. Defined K collaborative heads with
corresponding label assignment manners Ak, for the i-th
collaborative head, {F1, · · · ,FJ} is sent to it to obtain the
predictions P̂i. At the i-th head, Ai is used to compute the
supervised targets for the positive and negative samples in
Pi. Denoted G as the ground-truth set, this procedure can
be formulated as:

P
{pos}
i ,B

{pos}
i ,P

{neg}
i = Ai(P̂i,G), (1)
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Head i Loss Li
Assignment Ai

{pos}, {neg} Generation Pi Generation B
{pos}
i Generation

Faster-RCNN [27] cls: CE loss, {pos}: IoU(proposal, gt)>0.5 {pos}: gt labels, offset(proposal, gt) positive proposals
reg: GIoU loss {neg}: IoU(proposal, gt)<0.5 {neg}: gt labels (x1, y1, x2, y2)

ATSS [40] cls: Focal loss {pos}:IoU(anchor, gt)>(mean+std) {pos}: gt labels, offset(anchor, gt), centerness positive anchors
reg: GIoU, BCE loss {neg}: IoU(anchor, gt)<(mean+std) {neg}: gt labels (x1, y1, x2, y2)

RetinaNet [21] cls: Focal loss {pos}: IoU(anchor, gt)>0.5 {pos}: gt labels, offset(anchor, gt) positive anchors
reg: GIoU Loss {neg}: IoU(anchor, gt)<0.4 {neg}: gt labels (x1, y1, x2, y2)

FCOS [31] cls: Focal Loss {pos}: points inside gt center area {pos}: gt labels, ltrb distance, centerness FCOS point (cx, cy)
reg: GIoU, BCE loss {neg}: points outside gt center area {neg}: gt labels w = h = 8× 22+j

Table 1: Detailed information of auxiliary heads. The auxiliary heads include Faster-RCNN [27], ATSS [40], Reti-
naNet [21], and FCOS [31]. If not otherwise specified, we follow the original implementations, e.g., anchor generation.

where {pos} and {neg} indicate the pair set of (j, positive
coordinates or negative coordinates in Fj) determined by
Ai. j means the feature index in {F1, · · · ,FJ}. B{pos}

i is
the set of spatial positive coordinates. P

{pos}
i and P

{neg}
i

are the supervised targets in the corresponding coordinates,
including the categories and regressed offsets. To be spe-
cific, we describe the detailed information about each vari-
able in Table 1. The loss functions can be defined as:

Lenc
i = Li(P̂

{pos}
i ,P

{pos}
i ) + Li(P̂

{neg}
i ,P

{neg}
i ), (2)

Note that the regression loss is discarded for negative sam-
ples. The training objective of the optimization for K aux-
iliary heads is formulated as follows:

Lenc =

K∑
i=1

Lenc
i (3)

3.3. Customized Positive Queries Generation

In the one-to-one set matching paradigm, each ground-
truth box will only be assigned to one specific query as the
supervised target. Too few positive queries lead to ineffi-
cient cross-attention learning in the transformer decoder as
shown in Figure 2. To alleviate this, we elaborately generate
sufficient customized positive queries according to the label
assignment Ai in each auxiliary head. Specifically, given
the positive coordinates set B{pos}

i ∈ RMi×4 in the i-th
auxiliary head, where Mi is the number of positive sam-
ples, the extra customized positive queries Qi ∈ RMi×C

can be generated by:

Qi = Linear(PE(B
{pos}
i )) + Linear(E({F∗}, {pos})).

(4)
where PE(·) stands for positional encodings and we select
the corresponding features from E(·) according to the index
pair (j, positive coordinates or negative coordinates in Fj).

As a result, there are K + 1 groups of queries that con-
tribute to a single one-to-one set matching branch and K
branches with one-to-many label assignments during train-
ing. The auxiliary one-to-many label assignment branches
share the same parameters with L decoders layers in the

original main branch. All the queries in the auxiliary branch
are regarded as positive queries, thus the matching process
is discarded. To be specific, the loss of the l-th decoder layer
in the i-th auxiliary branch can be formulated as:

Ldec
i,l = L̃(P̃i,l,P

{pos}
i ). (5)

P̃i,l refers to the output predictions of the l-th decoder layer
in the i-th auxiliary branch. Finally, the training objective
for Co-DETR is:

Lglobal =

L∑
l=1

(L̃dec
l + λ1

K∑
i=1

Ldec
i,l + λ2Lenc), (6)

where L̃dec
l stands for the loss in the original one-to-one set

matching branch [1], λ1 and λ2 are the coefficient balancing
the losses.

3.4. Why Co-DETR works

Co-DETR leads to evident improvement to the DETR-
based detectors. In the following, we try to investigate its
effectiveness qualitatively and quantitatively. We conduct
detailed analysis based on Deformable-DETR with ResNet-
50 [15] backbone using the 36-epoch setting.

Enrich the encoder’s supervisions. Intuitively, too few
positive queries lead to sparse supervisions as only one
query is supervised by regression loss for each ground-truth.
The positive samples in one-to-many label assignment man-
ners receive more localization supervisions to help enhance
the latent feature learning. To further explore how the sparse
supervisions impede the model training, we detailedly in-
vestigate the latent features produced by the encoder. We
introduce the IoF-IoB curve to quantize the discriminabil-
ity score of the encoder’s output. Specifically, given the
latent feature F of the encoder, inspired by the feature visu-
alization in Figure 3, we compute the IoF (intersection over
foreground) and IoB (intersection over background). Given
the encoder’s feature Fj ∈ RC×Hj×Wj at level j, we first
calculate the l2-norm F̂j ∈ R1×Hj×Wj and resize it to the
image size H × W . The discriminability score D(F) is
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Figure 5: The instability (IS) [18] of Deformable-DETR
and Co-Deformable-DETR on COCO dataset.

computed by averaging the scores from all levels:

D(F) =
1

J

J∑
j=1

F̂j

max(F̂j)
, (7)

where the resize operation is omitted. We visualize the
discriminability scores of ATSS, Deformable-DETR, and
our Co-Deformable-DETR in Figure 3. Compared with
Deformable-DETR, both ATSS and Co-Deformable-DETR
own stronger ability to distinguish the areas of key objects,
while Deformable-DETR is almost disturbed by the back-
ground. Consequently, we define the indicators for fore-
ground and background as 1(D(F) > S) ∈ RH×W and
1(D(F) < S) ∈ RH×W , respectively. S is a predefined
score thresh, 1(x) is 1 if x is true and 0 otherwise. As for
the mask of foreground Mfg ∈ RH×W , the element Mfg

h,w

is 1 if the point (h,w) is inside the foreground and 0 oth-
erwise. The area of intersection over foreground (IoF) Ifg

can be computed as:

Ifg =

∑H
h=1

∑W
w=1(1(D(Fh,w) > S) · Mfg

h,w)∑H
h=1

∑W
w=1 M

fg
h,w

. (8)

Concretely, we compute the area of intersection over back-
ground areas (IoB) in a similar way and plot the curve
IoF and IoB by varying S in Figure 2. Obviously, ATSS
and Co-Deformable-DETR obtain higher IoF values than
both Deformable-DETR and Group-DETR under the same
IoB values, which demonstrates the encoder representations
benefit from the one-to-many label assignment.
Improve the cross-attention learning by reducing the in-
stability of Hungarian matching. Hungarian matching is
the core scheme in one-to-one set matching. Cross-attention
is an important operation to help the positive queries encode
abundant object information. It requires sufficient training
to achieve this. We observe that the Hungarian matching
introduces uncontrollable instability since the ground-truth

assigned to a specific positive query in the same image is
changing during the training process. Following [18], we
present the comparison of instability in Figure 5, where
we find our approach contributes to a more stable matching
process. Furthermore, in order to quantify how well cross-
attention is being optimized, we also calculate the IoF-IoB
curve for attention score. Similar to the feature discrim-
inability score computation, we set different thresholds for
attention score to get multiple IoF-IoB pairs. The compar-
isons between Deformable-DETR, Group-DETR, and Co-
Deformable-DETR can be viewed in Figure 2. We find that
the IoF-IoB curves of DETRs with more positive queries
are generally above Deformable-DETR, which is consistent
with our motivation.

3.5. Comparison with other methods

Differences between our method and other counter-
parts. Group-DETR, H-DETR, and SQR [2] perform one-
to-many assignments by one-to-one matching with dupli-
cate groups and repeated ground-truth boxes. Co-DETR ex-
plicitly assigns multiple spatial coordinates as positives for
each ground truth. Accordingly, these dense supervision
signals are directly applied to the latent feature map to en-
able it more discriminative. By contrast, Group-DETR, H-
DETR, and SQR lack this mechanism. Although more pos-
itive queries are introduced in these counterparts, the one-
to-many assignments implemented by Hungarian Matching
still suffer from the instability issues of one-to-one match-
ing. Our method benefits from the stability of off-the-
shelf one-to-many assignments and inherits their specific
matching manner between positive queries and ground-truth
boxes. Group-DETR and H-DETR fail to reveal the com-
plementarities between one-to-one matching and traditional
one-to-many assignment. To our best knowledge, we are the
first to give the quantitative and qualitative analysis on the
detectors with the traditional one-to-many assignment and
one-to-one matching. This helps us better understand their
differences and complementarities so that we can naturally
improve the DETR’s learning ability by leveraging off-the-
shelf one-to-many assignment designs without requiring ad-
ditional specialized one-to-many design experience.
No negative queries are introduced in the decoder. Du-
plicate object queries inevitably bring large amounts of neg-
ative queries for the decoder and a significant increase in
GPU memory. However, our method only processes the
positive coordinates in the decoder, thus consuming less
memory as shown in Table 7.

4. Experiments
4.1. Setup

Datasets and Evaluation Metrics. Our experiments are
conducted on the MS COCO 2017 dataset [22] and LVIS
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Method K #epochs AP

Conditional DETR-C5 [26] 0 36 39.4
Conditional DETR-C5 [26] 1 36 41.5(+2.1)
Conditional DETR-C5 [26] 2 36 41.8(+2.4)
DAB-DETR-C5 [23] 0 36 41.2
DAB-DETR-C5 [23] 1 36 43.1(+1.9)
DAB-DETR-C5 [23] 2 36 43.5(+2.3)
Deformable-DETR [42] 0 12 37.1
Deformable-DETR [42] 1 12 42.3(+5.2)
Deformable-DETR [42] 2 12 42.9(+5.8)
Deformable-DETR [42] 0 36 43.3
Deformable-DETR [42] 1 36 46.8(+3.5)
Deformable-DETR [42] 2 36 46.5(+3.2)

Table 2: Results of plain baselines on COCO val.

v1.0 dataset [12]. The COCO dataset consists of 115K
labeled images for training and 5K images for validation.
We report the detection results by default on the val sub-
set. The results of our largest model evaluated on the
test-dev (20K images) are also reported. LVIS v1.0 is
a large-scale and long-tail dataset with 1203 categories for
large vocabulary instance segmentation. To verify the scal-
ability of Co-DETR, we further apply it to a large-scale ob-
ject detection benchmark, namely Objects365 [29]. There
are 1.7M labeled images used for training and 80K images
for validation in the Objects365 dataset. All results follow
the standard mean Average Precision(AP) under IoU thresh-
olds ranging from 0.5 to 0.95 at different object scales.

Implementation Details. We incorporate our Co-DETR
into the current DETR-like pipelines and keep the train-
ing setting consistent with the baselines. We adopt ATSS
and Faster-RCNN as the auxiliary heads for K = 2 and
only keep ATSS for K = 1. More details about our aux-
iliary heads can be found in the supplementary materials.
We choose the number of learnable object queries to 300
and set {λ1, λ2} to {1.0, 2.0} by default. For Co-DINO-
Deformable-DETR++, we use large-scale jitter with copy-
paste [10].

4.2. Main Results

In this section, we empirically analyze the effectiveness
and generalization ability of Co-DETR on different DETR
variants in Table 2 and Table 3. All results are repro-
duced using mmdetection [4]. We first apply the collabo-
rative hybrid assignments training to single-scale DETRs
with C5 features. Surprisingly, both Conditional-DETR
and DAB-DETR obtain 2.4% and 2.3% AP gains over the
baselines with a long training schedule. For Deformable-
DETR with multi-scale features, the detection performance
is significantly boosted from 37.1% to 42.9% AP. The over-
all improvements (+3.2% AP) still hold when the training

Method K #epochs AP

Deformable-DETR++ [42] 0 12 47.1
Deformable-DETR++ [42] 1 12 48.7(+1.6)
Deformable-DETR++ [42] 2 12 49.5(+2.4)
DINO-Deformable-DETR† [38] 0 12 49.4
DINO-Deformable-DETR† [38] 1 12 51.0(+1.6)
DINO-Deformable-DETR† [38] 2 12 51.2(+1.8)
Deformable-DETR++‡ [42] 0 12 55.2
Deformable-DETR++‡ [42] 1 12 56.4(+1.2)
Deformable-DETR++‡ [42] 2 12 56.9(+1.7)
DINO-Deformable-DETR†‡ [38] 0 36 58.5
DINO-Deformable-DETR†‡ [38] 1 36 59.3(+0.8)
DINO-Deformable-DETR†‡ [38] 2 36 59.5(+1.0)

Table 3: Results of strong baselines on COCO val. Methods
with † use 5 feature levels. ‡ refers to Swin-L backbone.

time is increased to 36 epochs. Moreover, we conduct ex-
periments on the improved Deformable-DETR (denoted as
Deformable-DETR++) following [16], where a +2.4% AP
gain is observed. The state-of-the-art DINO-Deformable-
DETR equipped with our method can achieve 51.2% AP,
which is +1.8% AP higher than the competitive baseline.

We further scale up the backbone capacity from ResNet-
50 to Swin-L [25] based on two state-of-the-art base-
lines. As presented in Table 3, Co-DETR achieves 56.9%
AP and surpasses the Deformable-DETR++ baseline by
a large margin (+1.7% AP). The performance of DINO-
Deformable-DETR with Swin-L can still be boosted from
58.5% to 59.5% AP.

4.3. Comparisons with the state-of-the-art

We apply our method with K = 2 to Deformable-
DETR++ and DINO. Besides, the quality focal loss [19] and
NMS are adopted for our Co-DINO-Deformable-DETR.
We report the comparisons on COCO val in Table 4. Com-
pared with other competitive counterparts, our method con-
verges much faster. For example, Co-DINO-Deformable-
DETR readily achieves 52.1% AP when using only 12
epochs with ResNet-50 backbone. Our method with Swin-
L can obtain 58.9% AP for 1× scheduler, even surpass-
ing other state-of-the-art frameworks on 3× scheduler.
More importantly, our best model Co-DINO-Deformable-
DETR++ achieves 54.8% AP with ResNet-50 and 60.7%
AP with Swin-L under 36-epoch training, outperforming all
existing detectors with the same backbone by clear margins.

To further explore the scalability of our method, we ex-
tend the backbone capacity to 304 million parameters. This
large-scale backbone ViT-L [7] is pre-trained using a self-
supervised learning method (EVA-02 [8]). We first pre-train
Co-DINO-Deformable-DETR with ViT-L on Objects365
for 26 epochs, then fine-tune it on the COCO dataset for
12 epochs. In the fine-tuning stage, the input resolution
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Method Backbone Multi-scale #query #epochs AP AP50 AP75 APS APM APL

Conditional-DETR [26] R50 ✗ 300 108 43.0 64.0 45.7 22.7 46.7 61.5
Anchor-DETR [34] R50 ✗ 300 50 42.1 63.1 44.9 22.3 46.2 60.0
DAB-DETR [23] R50 ✗ 900 50 45.7 66.2 49.0 26.1 49.4 63.1
AdaMixer [9] R50 ✓ 300 36 47.0 66.0 51.1 30.1 50.2 61.8
Deformable-DETR [42] R50 ✓ 300 50 46.9 65.6 51.0 29.6 50.1 61.6
DN-Deformable-DETR [18] R50 ✓ 300 50 48.6 67.4 52.7 31.0 52.0 63.7
DINO-Deformable-DETR† [38] R50 ✓ 900 12 49.4 66.9 53.8 32.3 52.5 63.9
DINO-Deformable-DETR† [38] R50 ✓ 900 36 51.2 69.0 55.8 35.0 54.3 65.3
DINO-Deformable-DETR† [38] Swin-L (IN-22K) ✓ 900 36 58.5 77.0 64.1 41.5 62.3 74.0
Group-DINO-Deformable-DETR [5] Swin-L (IN-22K) ✓ 900 36 58.4 - - 41.0 62.5 73.9
H-Deformable-DETR [16] R50 ✓ 300 12 48.7 66.4 52.9 31.2 51.5 63.5
H-Deformable-DETR [16] Swin-L (IN-22K) ✓ 900 36 57.9 76.8 63.6 42.4 61.9 73.4
Co-Deformable-DETR R50 ✓ 300 12 49.5 67.6 54.3 32.4 52.7 63.7
Co-Deformable-DETR Swin-L (IN-22K) ✓ 900 36 58.5 77.1 64.5 42.4 62.4 74.0
Co-DINO-Deformable-DETR† R50 ✓ 900 12 52.1 69.4 57.1 35.4 55.4 65.9
Co-DINO-Deformable-DETR† Swin-L (IN-22K) ✓ 900 12 58.9 76.9 64.8 42.6 62.7 75.1
Co-DINO-Deformable-DETR† Swin-L (IN-22K) ✓ 900 24 59.8 77.7 65.5 43.6 63.5 75.5
Co-DINO-Deformable-DETR† Swin-L (IN-22K) ✓ 900 36 60.0 77.7 66.1 44.6 63.9 75.7
Co-DINO-Deformable-DETR++† R50 ✓ 900 12 52.1 69.3 57.3 35.4 55.5 67.2
Co-DINO-Deformable-DETR++† R50 ✓ 900 36 54.8 72.5 60.1 38.3 58.4 69.6
Co-DINO-Deformable-DETR++† Swin-L (IN-22K) ✓ 900 12 59.3 77.3 64.9 43.3 63.3 75.5
Co-DINO-Deformable-DETR++† Swin-L (IN-22K) ✓ 900 24 60.4 78.3 66.4 44.6 64.2 76.5
Co-DINO-Deformable-DETR++† Swin-L (IN-22K) ✓ 900 36 60.7 78.5 66.7 45.1 64.7 76.4

†: 5 feature levels.

Table 4: Comparison to the state-of-the-art DETR variants on COCO val.

Method Backbone
enc. val test-dev

#params APbox APbox

HTC++ [3] SwinV2-G [24] 3.0B 62.5 63.1

DINO [38] Swin-L [25] 218M 63.2 63.3

BEIT3 [32] ViT-g [7] 1.9B - 63.7

FD [35] SwinV2-G [24] 3.0B - 64.2

DINO [38] FocalNet-H [37] 746M 64.2 64.3

Group DETRv2 [6] ViT-H [7] 629M - 64.5

EVA-02 [8] ViT-L [7] 304M 64.1 64.5

DINO [38] InternImage-G [33] 3.0B 65.3 65.5

Co-DETR ViT-L [7] 304M 65.9 66.0

Table 5: Comparison to the state-of-the-art frameworks on
COCO.

is randomly selected between 480×2400 and 1536×2400.
The detailed settings are available in supplementary materi-
als. Our results are evaluated with test-time augmentation.
Table 5 presents the state-of-the-art comparisons on the
COCO test-dev benchmark. With much fewer model
sizes (304M parameters), Co-DETR sets a new record of
66.0% AP on COCO test-dev, outperforming the previ-
ous best model InternImage-G [33] by +0.5% AP.

We also demonstrate the best results of Co-DETR on
the long-tailed LVIS detection dataset. In particular, we
use the same Co-DINO-Deformable-DETR++ as the model
on COCO but choose FedLoss [41] as the classification
loss to remedy the impact of unbalanced data distribution.

Method Backbone
enc. val minival

#params APbox APbox

H-DETR [16] Swin-L [25] 218M 47.9 -

ViTDet [20] ViT-L [7] 307M 51.2 -

ViTDet [20] ViT-H [7] 632M 53.4 -

GLIPv2 [39] Swin-H [25] 637M - 59.8

DINO [38] InternImage-G [33] 3.0B 63.2 65.8

EVA-02 [8] ViT-L [7] 304M 65.2 -

Co-DETR Swin-L [25] 218M 56.9 62.3

Co-DETR ViT-L [7] 304M 67.9 71.9

Table 6: Comparison to the state-of-the-art frameworks on
LVIS.

Here, we only apply bounding boxes supervision and re-
port the object detection results. The comparisons are avail-
able in Table 6. Co-DETR with Swin-L yields 56.9% and
62.3% AP on LVIS val and minival, surpassing ViT-
Det with MAE-pretrained [13] ViT-H and GLIPv2 [39] by
+3.5% and +2.5% AP, respectively. We further finetune
the Objects365 pretrained Co-DETR on this dataset. With-
out elaborate test-time augmentation, our approach achieves
the best detection performance of 67.9% and 71.9% AP
on LVIS val and minival. Compared to the 3-billion
parameter InternImage-G with test-time augmentation, we
obtain +4.7% and +6.1% AP gains on LVIS val and
minival while reducing the model size to 1/10.
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Method K
Auxiliary Memory GPU

AP
head (MB) hours

Deformable-DETR++ 0 - 12808 70 47.1

H-Deformable-DETR 0 - 15307 104 48.4

Deformable-DETR++ 1 ATSS 13947 86 48.7

Deformable-DETR++ 2 ATSS + PAA 14629 124 49.0

Deformable-DETR++ 2 ATSS + Faster-RCNN 14387 120 49.5

Deformable-DETR++ 3
ATSS + Faster-RCNN

15263 150 49.5
+ PAA

Deformable-DETR++ 6
ATSS + Faster-RCNN

19385 280 48.9+ PAA + RetinaNet

+ FCOS + GFL

Table 7: Experimental results of K varying from 1 to 6.

Auxiliary head #epochs AP AP50 AP75

Baseline 36 43.3 62.3 47.1
RetinaNet [21] 36 46.1 64.2 50.1
Faster-RCNN [27] 36 46.3 64.7 50.5
Mask-RCNN [14] 36 46.5 65.0 50.6
FCOS [31] 36 46.5 64.8 50.7
PAA [17] 36 46.5 64.6 50.7
GFL [19] 36 46.5 65.0 51.0
ATSS [40] 36 46.8 65.1 51.5

Table 8: Performance of our approach with various auxiliary one-
to-many heads on COCO val.

4.4. Ablation Studies

Unless stated otherwise, all experiments for ablations are
conducted on Deformable-DETR with a ResNet-50 back-
bone. We choose the number of auxiliary heads K to 1 by
default and set the total batch size to 32. More ablations and
analyses can be found in the supplementary materials.
Criteria for choosing auxiliary heads. We further delve
into the criteria for choosing auxiliary heads in Table 7 and
8. The results in Table 8 reveal that any auxiliary head
with one-to-many label assignments consistently improves
the baseline and ATSS achieves the best performance. We
find the accuracy continues to increase as K increases when
choosing K smaller than 3. It is worth noting that perfor-
mance degradation occurs when K = 6, and we speculate
the severe conflicts among auxiliary heads cause this. If the
feature learning is inconsistent across the auxiliary heads,
the continuous improvement as K becomes larger will be
destroyed. We also analyze the optimization consistency of
multiple heads next and in the supplementary materials. In
summary, we can choose any head as the auxiliary head and
we regard ATSS and Faster-RCNN as the common practice
to achieve the best performance when K ≤ 2. We do not
use too many different heads, e.g., 6 different heads to avoid
optimization conflicts.
Conflicts analysis. The conflicts emerge when the same
spatial coordinate is assigned to different foreground boxes
or treated as background in different auxiliary heads and

ATSS Faster-RCNN PAA GFL FCOS RetinaNet
0.00

0.01

0.02

D
is
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nc
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Figure 6: The distance when varying K from 1 to 6.

can confuse the training of the detector. We first define the
distance between head Hi and head Hj , and the average
distance of Hi to measure the optimization conflicts as:

Si,j =
1

|D|
∑
I∈D

KL(C(Hi(I)), C(Hj(I)), (9)

Si =
1

2(K − 1)

K∑
j ̸=i

(Si,j + Sj,i), (10)

where KL, D, I, C refer to KL divergence, dataset, the input
image, and class activation maps (CAM) [28]. As illustrated
in Figure 6, we compute the average distances among aux-
iliary heads for K > 1 and the distance between the DETR
head and the single auxiliary head for K = 1. We find the
distance metric is insignificant for each auxiliary head when
K = 1 and this observation is consistent with our results in
Table 8: the DETR head can be collaboratively improved
with any head when K = 1. When K is increased to 2, the
distance metrics increase slightly and our method achieves
the best performance as shown in Table 7. The distance
surges when K is increased from 3 and 6, indicating severe
optimization conflicts among these auxiliary heads lead to
a decrease in performance. However, the baseline with 6
ATSS achieves 49.5% AP and can be decreased to 48.9%
AP by replacing ATSS with 6 various heads. Accordingly,
we speculate too many diverse auxiliary heads, e.g., more
than 3 different heads, exacerbate the conflicts. In summary,
optimization conflicts are influenced by the number of vari-
ous auxiliary heads and the relations among these heads.

Should the added heads be different? Collaborative train-
ing with two ATSS heads (49.2% AP) still improves the
model with one ATSS head (48.7% AP) as ATSS is comple-
mentary to the DETR head in our analysis. Besides, intro-
ducing a diverse and complementary auxiliary head rather
than the same one as the original head, e.g., Faster-RCNN,
can bring better gains (49.5% AP). Note that this is not con-
tradictory to above conclusion; instead, we can obtain the
best performance with few different heads (K ≤ 2) as the
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aux head pos queries #epochs AP AP50 AP75

✗ ✗
12 37.1 55.5 40.0
36 43.3 62.3 47.1

✓ ✗
12 41.6(+4.5) 59.8 45.6
36 46.2(+2.9) 64.7 50.9

✗ ✓
12 40.5(+3.4) 58.8 44.4
36 45.3(+2.0) 63.5 49.8

✓ ✓
12 42.3(+5.2) 60.5 46.1
36 46.8(+3.5) 65.1 51.5

Table 9: “aux head” denotes training with an auxiliary head
and “pos queries” means the customized positive queries
generation.

Method K #epochs GPU hours AP

Deformable-DETR 1 36 288 46.8
Deformable-DETR 0 50 333 44.5
Deformable-DETR 0 100 667 46.0
Deformable-DETR 0 150 1000 45.9

Table 10: Comparison to baselines with longer schedule.

conflicts are insignificant, but we are faced with severe con-
flicts when using many different heads (K > 3).

The effect of each component. We perform a component-
wise ablation to thoroughly analyze the effect of each com-
ponent in Table 9. Incorporating the auxiliary head yields
significant gains since the dense spatial supervision enables
the encoder features more discriminative. Alternatively, in-
troducing customized positive queries also contributes re-
markably to the final results, while improving the training
efficiency of the one-to-one set matching. Both techniques
can accelerate convergence and improve performance. In
summary, we observe the overall improvements stem from
more discriminative features for the encoder and more effi-
cient attention learning for the decoder.

Comparisons to the longer training schedule. As pre-
sented in Table 10, we find Deformable-DETR can not ben-
efit from longer training as the performance saturates. On
the contrary, Co-DETR greatly accelerates the convergence
as well as increasing the peak performance.

Performance of auxiliary branches. Surprisingly, we ob-
serve Co-DETR also brings consistent gains for auxiliary
heads in Table 11. This implies our training paradigm
contributes to more discriminative encoder representations,
which improves the performances of both decoder and aux-
iliary heads.

Difference in distribution of original and customized
positive queries. We visualize the positions of original pos-
itive queries and customized positive queries in Figure 7a.
We only show one object (green box) per image. Positive
queries assigned by Hungarian Matching in the decoder are
marked in red. We mark positive queries extracted from

Branch NMS K = 0 K = 1 K = 2

Deformable-DETR++ ✗ 47.1 48.7(+1.6) 49.5(+2.4)
ATSS ✓ 46.8 47.4(+0.6) 48.0(+1.2)
Faster-RCNN ✓ 45.9 - 46.7(+0.8)

Table 11: Collaborative training consistently improves per-
formances of all branches on Deformable-DETR++ with
ResNet-50.

(a) Visualizations of queries.

ATSS Faster-RCNN
0%

25%

50% Positive Negative

(b) Normalized distances.

Figure 7: Distribution of original and customized queries.

Faster-RCNN and ATSS in blue and orange, respectively.
These customized queries are distributed around the cen-
ter region of the instance and provide sufficient supervision
signals for the detector.

Does distribution difference lead to instability? We com-
pute the average distance between original and customized
queries in Figure 7b. The average distance between original
negative queries and customized positive queries is signif-
icantly larger than the distance between original and cus-
tomized positive queries. As this distribution gap between
original and customized queries is marginal, there is no in-
stability encountered during training.

5. Conclusions

In this paper, we present a novel collaborative hybrid
assignments training scheme, namely Co-DETR, to learn
more efficient and effective DETR-based detectors from
versatile label assignment manners. This new training
scheme can easily enhance the encoder’s learning ability
in end-to-end detectors by training the multiple parallel
auxiliary heads supervised by one-to-many label assign-
ments. In addition, we conduct extra customized positive
queries by extracting the positive coordinates from these
auxiliary heads to improve the training efficiency of posi-
tive samples in decoder. Extensive experiments on COCO
dataset demonstrate the efficiency and effectiveness of Co-
DETR. Surprisingly, incorporated with ViT-L backbone, we
achieve 66.0% AP on COCO test-dev and 67.9% AP
on LVIS val, establishing the new state-of-the-art detector
with much fewer model sizes.
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