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Background

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.

Helps the model make correct 
predictions even if the stressed 
region is wrong, but it fails in 
cases where the object is absent in 
the familiar context.
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Backdoor adjustment:

�� � = �′,表示将指向节点X的有向边全部切断，并将X的值固定为常数�′



Methods
Backdoor adjustment:

Propensity Score
+

The Propensity Score in the classification 
model following Rubin’s theory:

The ultimate 
intervention:

For each specific class k, its 
representation �� is computed from 
the weighted average of the spatial 
feature in �



Methods

• Random sampling
• Multi-head

• Channel-shuffle

• Scaled Dot-Product Attention (DPA)

• Average

• learnable re-weight parameters

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

3  × 4 4  × 3

Light

Heavy



Experiments

The first block shows that our light model has an obvious 
advantage over other methods with comparable 
computation. 
For heavyweight models, other models universally adopt 
3 or more layers of transformer or GNN, while ours only 
has two layers but outperforms all of them, confirming 
the trade-off between computation and performance in 
our method is more efficient.



Experiments

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. 
2. rank the top5 co-exist classes with these target 

classes (e.g., toilet for toothbrush). 
3. choose target classes arising in no frequently co-

exist classes as positive samples, and the familiar 
context without target classes as negative samples. 
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