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A. More Details and Results
A.l. Datasets and Evaluation Metrics

We perform the object detection and instance segmen-
tation experiments on the COCO 2017 [15] dataset, which
contains about 118K training (train2017) images, 5K val-
idation (val2017) images, and 20K testing (test-dev) im-
ages. Following the common practice, we train our model
on COCO train2017 and report the standard mean aver-
age precision (mAP) result (box mAP for object detection
and mask mAP for instance segmentation) on the COCO
val2017 dataset under different IoU thresholds (from 0.5 to
0.95) and object scales (small, medium, and large). We also
report the result on COCO test-dev with a large foundation
model (ViT-Huge [32, 10, 5]).

We perform multi-view 3D object detection experiments
on the nuScenes [2] dataset, which contains 1000 driving
sequences. There are 700 for train set, 150 for val set and
150 for fest set. We report the standard nuScenes Detection
Score (NDS) and mean Average Precision (mAP) result on
the nuScenes val set.

A.2. Implementation Details

Our Group DETR adopts multiple groups of object
queries. Each group shares the same architectures and
numbers of object queries'. It resembles data augmenta-
tion with automatically-learned object query augmentation
and is also equivalent to simultaneously training parameter-
sharing networks of the same architecture.

In one-stage DETR frameworks, including Conditional
DETR [20], DAB-DETR [17], DN-DETR [!3], and DAB-
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"When applying Group DETR to DN-DETR [13] and DINO [35], we
add the corresponding query denoising task in each group to keep the same
architecture with the original implementation.

Deformable-DETR [17, ], we can easily implement
Group DETR by adopting multiple groups of learnable ob-
ject queries. While the situation is different in two-stage
DETR frameworks, such as DINO [35]. The initializa-
tions of object queries are dependent on the top-/V predicted
boxes of the first stage. To make the object queries in multi-
ple groups similar to each other, we construct multiple pairs
of classification and regression prediction heads in the first
stage, each pair of which provides initialization for the ob-
ject queries in the corresponding group. As for model infer-
ence, we only need one pair of these prediction heads, the
same as the original model.

A.3. More Results of DN-DETR

Results of DN-DETR with different numbers of denois-
ing queries. We conduct experiments with different num-
bers of denoising queries in DN-DETR [13]. The results in
Figure 10 suggest that increasing the number of denoising
queries can not achieve further improvements and show un-
stable performances. The effects of denoising queries differ
from the ones of Group DETR (Figure 8 in the main paper).
We choose to use 100 denoising queries in our experiments
in Table 3 and Table 4 in the main paper by following the
setting in the original paper [13]. To make direct compar-
isons with DN-DETR [13], we report the best results across
different numbers of denoising queries in Figure 10 (38.8
mAP).

A 4. Applying Group DETR to SAM-DETR series

We also apply Group DETR to another stream of work
to accelerate DETR training, SAM-DETR [33] and SAM-
DETR++ [34]. The results are given in Table 9. Improve-
ments on SAM-DETR [33] (gains: 3.1 mAP with 12e and
1.9 mAP with 50e) and SAM-DETR++ [34] (gains: 2.2
mAP with 12e and 1.3 mAP with 50e) show that Group



Table 8. Our method achieves 64.5 mAP on the COCO test-dev.

Method #Params Encoder Pretraining Data Detector Pretraining Data w/ Mask | mAP
Swin-L (HTC++) [19] 284M IN-22K (14M) n/a v 58.7
DyHead (Swin-L) [7] 213M IN-22K (14M) n/a v 60.6
Soft-Teacher (Swin-L) [30] 284M IN-22K (14M) COCO-unlabeled + 0365 v 61.3
GLIP (DyHead) [14] >284M IN-22K (14M) FourODs + GoldG + Cap24M X 61.5
Florence (CoSwin-H) [36] >637™™ FLD-900M (900M) FLD-9M X 62.4
GLIPv2 (CoSwin-H) [36] >63™ FLD-900M (900M) merged data® v 62.4
SwinV2-G (HTC++) [18] 3.0B IN-22K + ext-70M (84M) 0365 v 63.1
DINO-5scale (Swin-L) [35] 218M IN-22K (14M) 0365 X 63.3
BEIT-3 (ViTDet) [27] 1.9B merged data® 0365 v 63.7
FD-SwinV2-G (HTC++) [29] 3.0B IN-22K + IN-1K + ext-70M (85M) 0365 v 64.2
FocalNet-H (DINO-5scale) [31] 746M IN-22K (14M) 0365 X 64.3
C'o-Deformable-DETR (MixMIM-g) [ 16, 39] 1.0B IN-1K (1M) 0365 X 64.5
EVA (CMask R-CNN) [9, 3, 1] >1.0B merged-30M¢ 0365 v 64.7
InternImage-H (DINO-5scale) [28, 24, 35] 2.18B merged data 0365 X 65.4
ViT-Huge + Group DETR (DINO-4scale) 629M IN-1K (1M) 0365 X 64.5

All the results are achieved with test time augmentation. In the table, we follow the notations for various datasets used in DINO [
‘w/ Mask’ means using mask annotations when finetuning the detectors on COCO [

‘merged data®’: IN-22K + Image-Text (35M) + Text (160GB). ‘merged data®’: FourODs + INBoxes + GoldG + CC15M + SBU.
‘merged-30M¢’: IN-21K + 0365 + COCO + ADE20K + CC15M. ‘merged data®’: Laion-400M + YFCC-15M + CC12M.

] and FocalNet [31].
]. And for the baseline DINO, we adopt the 4scale version [35].

mAP
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Figure 10. Results of DN-DETR with different number of de-
noising queries. We show the detection performances (mAP) on
MS COCO [15] of adopting different number of denoising queries
in DN-DETR.
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DETR is complementary to them as well.

B. More Comparisons on COCO ftest-dev

Settings. To compare state-of-the-art results on COCO
test-dev, we follow DINO [35] to build our model with a
large foundation model, ViT-Huge. We follow its training
pipeline and settings: (i) pre-train [5] and fine-tune the ViT-
Huge on ImageNet-1K [8], (ii) pre-train the whole detec-
tor on Object365 [22] for 24 epochs with 64 A100 GPUs,
and (iii) finetune the detector on COCO [15] for 20 epochs
with 32 A100 GPUs. When pre-training the detector on Ob-
ject365, we follow DINO [35] to only leave the first 5k out
of 80k validation images as the validation set and add the
other images to the training set. We also use other schemes
when training the detector on Object365 and COCO, such
as enlarging the image size to 1.5x when finetuning and
adopting test time augmentation. In addition, we apply
the exponential moving average (EMA) technique [25], use
CDN queries [35], and adopt 11 groups with Group DETR

Table 9. Effectiveness of Group DETR on SAM-DETR and

SAM-DETR++. All experiments adopt ResNet-50 [12] and eval-
uate on COCO val2017 [15].
Model w/ Group | Epochs mAP
12 33.1
SAM-DETR
v 12 36.2 (+3.1)
50 39.8
SAM-DETR
v 50 41.7 (+1.9)
12 41.1
SAM-DETR++
v 12 43.3 (+2.2)
50 46.1
SAM-DETR++
v 50 47.4 (+1.3)

during detector pre-training and fine-tuning. When fine-
tuning the detector on COCO, we find that applying learn-
ing rate decay [0, |, 10, 5] for the components of the detec-
tor gives a ~0.9 mAP gain on COCO. During testing, we
adopt test time augmentation with various scales and their
flipped counterparts and perform fusion® on the query fea-
tures and the final predictions [35].

Results. Table 8 shows the results. Our model is the first
to achieve 64.5 mAP on COCO fest-dev. Only pre-training
the ViT-Huge on ImageNet-1K [8], our model can outper-
form other methods with larger models (e.g., BEIT-3 [27]
and SwinV2-G [18, 29]) and more pre-training data. Mod-
els such as EVA [9] and InterImage-H [28], with larger

2 According to our experiments, the fusion on the query features builds a
robust feature across different scales and gives a ~0.8 mAP improvement.



foundation models (ViT-giant [
and more data [8, 4, 23, 37, 26,

] or InterImage-H [28])
], give higher results (64.7

mAP and 65.4 mAP) than our model. We expect that our
results will be further improved with more pre-training data
and larger models.
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