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The attention does not
capture the more accurate
regions of targets than the
baseline.

The attention mechanism more

easily attends to the wrong
context regions when the

training samples are insufficient.
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table without fork)

X : Image (fork)
Y : Prediction (fork)
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Y : Prediction (fork)
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v right causality
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* Random sampling
« Multi-head

divide the channel into N groups
and take each group as a sample

o Channel-shuffle

Input Output

|| [ |

Reshape Transpose

10 Flatten

<

11

\OOQ‘\-IG\U! AW || =

BN LV | S T
0|2 ||
< |w

12

3 x4 4 %3

—
—

10

oo |

11

12

[
b2

» Scaled Dot-Product Attention (DPA)
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* Average
assign P(e}’) as 1/N

« learnable re-weight parameters
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Experiments &I HAKY
. All Top3 , : :
Methods Resolutions | mAP |- P o The first block shows that our light model has an obvious
ResNeL101 (He etal 2016) | 4487448 | 815 | 763 800 | 135 760  advantage over other methods with comparable
ML-GCN (Chenetal 2019¢) | 448+448 | 830 | 780 80.3 | 742 763 computation.
MS-CMA (Youetal..2020) | 448+448 | 838 | 784 81.0 749 77.1 . :
CSRA (Zinu & W, 2021) s +aas | 835 | 779 803 744 765  FOr heavyweight models, other models universally adopt
IDA-RT01(L) 4487448 | 843 | 785 8LI1 | 736 773 3 or more layers of transformer or GNN, while ours only
SSGRLH()?hRm[HfD = ij,'i i;f Z‘:: ;’2; f,gj ;23 ZZ;‘ has two layers but outperforms all of them, confirming
enetal. 2 ) 576 * & 3 ] . i : . ;
C-Trans (Lanchantin et al.| 2021) | 576 576 | 85.1 | 79.9 81.7 | 76.0 77.6 the trade-off between computation and performance in
ADD-GCN (Ye et al., 2020) 576 %576 | 852 | 80.1 82.0 | 75.8 779 our method (s more efficient.
CCD (Liu et al., 2022} 576*576 | 85.3 | 80.2 82.1 | 760 77.9
TDRG (Zhao et al.| 2021) 576 %576 | 86.0 | 80.4 82.4 | 762 78.1
IDA-RI01(T) 576 %576 | 85.5 | 79.8 823 | 752 8.1
IDA-R101(H) 576576 | 86.3 | 80.4 82.5 | 764 782
Swin-Base (Liu etal.]2021) | 384 %384 | 834 | 822 84.0 | 77.2 79.9
Swin-Large (Liuetal, 2021) | 384#384 | 893 | 83.6 85.6 | 78.1 80.8
IDA-SwinB(H) 3847384 | 89.3 | 83.7 85.1 | 780 804
IDA-SwinL(H) 384384 | 90.3 | 847 85.9 | 79.0 S8LI1
, MS-COCO VOC07
Mt et mMAP@.5 mAP@.75  bbox-mAP | mAP@.5
Baseline | Faster-RCNN-ROIAlign-R50 58.1 40.5 374 80.5
IDA (L) | Faster-RCNN-ROIAlign-R50 59.3 42.0 38.7 83.8
Baseline RetinaNet-R50 32.5 36.6 34.3 s
IDA (L) RetinaNet-R50 55.8 38.6 36.4 80.5
Baseline DeTR-DC3-R101 647 7.7 49 =
IDA (L) DeTR-DC5-R101 65.7 49.2 46.1 -




I Experiments

Compornents mAP
SCA Multi-Sampling DPA Trans 448%448 576%576

814 82.7

v 81.9 83.0

v 82.1 83.0

"4 " 83.6 84.8

v v 82.2 83.1

b b & 84.3 85.5

v v v v 84.8 86.3

P(Y =k|do(X =z)) = i\[: Sigmoid(wge}) P(en)
I R B

Sampling P(e}) mAP
baseline SCA - 81.9
Random Sampling Average 82.9
Multi-Head (2) Average 82.8
Multi-Head (4) Average 83.7
Multi-Head (8) Average 83.4
Channel-shuffle Average 83.6
Channel-shuffle Average 83.6
Channel-shuftie Parameter 83.9
Channel-shuffle DPA 84.3
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we sample and build a contextual biased subset from
COCO. We sample half of the training set on
MSCOCO in this way to form an OOD test set, and
train on the rest training set.
1. select six classes of worst performance (e.g.,
toothbrush) on the original test set.

rank the tops co-exist classes with these target
classes (e.g., toilet for toothbrush).

2.

3.

choose target classes arising in no frequently co-
exist classes as positive samples, and the familiar
context without target classes as negative samples.

Method OOD MS-COCO Original MS-COCO
Baseline 50.0 81.4
CaaM 53.7 81.0
IDA-L 58.6 84.3
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Experiments G ALY
. R , Head4 Average
Methods | Param. | FLOPs(448) | mAP(448) | mAP(576) .- 18 . el -z
ResNethl 44.7M 314 81.5 82.7 _' : e N |
CSRA (Zhu & Wul |2021 45.5M 31.7 83.5 - | " : -
C-Trans (]Lam,hantm et al. H"»' 21p 45.0M 43.3 . 85.1 I
ADDGCN QYe et al.|[2020) 48.2M 32.6 - 85.2 | ™ eight: 0.65 prrm—— weight: 0.15
CCD (Liuetal.[[2022) 48.3M 32.0 84.0 85.3 I
TDRG (Zhao et al.[ 2021) 68.3M T35 84.6 86.0 !
IDA(L) 45.6M 31.7 84.3 85.5 B
IDA(H) 55.1M 33.8 84.8 86.3 )
_ | weight: 0.8 weight: 0.1 weight: 0.02 j weight: 0.08
Methods | mAP mAP*
ResNet101 92.9 -

MLGCN(Chen et al.[2019c¢ 94.0 .
ASL chrmmmTWT)J_ 94.6 95.8
CSRA(Zhu & Wu/[2021) 94.7 96.0

ADDGCN(Ye etal..2020) 93.6 96.0

I .

welght 0.36 weight: 0.57

TDRG(Zhao et al.] 2021} 95.0 -
IDA-RI101(L) 94.5 96.1
IDA-R101(H) 95.0 96.4
weight: 0.12 eight: 0.03 weight: 0.55 weight: 0.3
Methods | mAP  mAP* :_ r »
ResNet101 92.5 . |
HCP(Wei et al.|[2015) 90.5 -
RCP(Wang et al.. 2016 92.2 - |
SSGRL(Chen et al‘,JZU]Fb} 93.9 94.8 | weight: 0.02 weight: 0.2 weight: 0.69 weight: 0.09
CSRA(Zhu & Wu/2021 94.1 95.2 L
ADDG ‘thYe et al.}TZUZD} - 93.5
IDA-R101(L) 94.6 95.9
IDA-R101(H) 95.0 96.3

weight: 0.39 weight: 0.11 weight: 0.42 weight: 0.08
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