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Tail Classes (Most of the categories)

Long-Tailed Distribution



Causal Graph

X Y

感染新冠 死亡

• 节点代表变量，边代表变量之间的因果关系。

因 果



Causal Graph

• 这种因果图被命名为“fork”（叉子），特点是有两条边从一个变量中分岔。

• 节点代表变量，边代表变量之间的因果关系。
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Causal Graph

• 这种因果图被命名为“fork”（叉子），特点是有两条边从一个变量中分岔。

• 共因
• 混杂因素: confounder

• 节点代表变量，边代表变量之间的因果关系。

X Y

年龄

感染新冠 死亡
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confounder

X Y

年龄

感染新冠 死亡

性别 ……

• 混杂因素可以有很多：年龄、性别等等,

这些混杂因素导致对“感染新冠”和“死亡”的直接观测是有偏的。

有偏
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性别 ……

• 混杂因素可以有很多：年龄、性别等等,

这些混杂因素导致对“感染新冠”和“死亡”的直接观测是有偏的。

有偏

无偏？



Causal Graph

X Y

年龄

感染新冠 死亡

性别 ……

• 想要对X和Y的直接观测是无偏的，即X对Y的直接影响，
只需删掉进入“X”的箭头。

confounder

×
×



Causal Graph

X Y

年龄

感染新冠 死亡

性别 ……

• 感染新冠、年龄、性别……之间相互独立，即
对“感染新冠”和“死亡”的直接观测就是无偏的。

confounder



Causal Graph

X Y

年龄

感染新冠 死亡

性别 ……confounder

• 随机对照试验(RCT)

• do 算子
Method：



Causal Graph

X Y

年龄

感染新冠 死亡

性别 ……confounder

• 随机对照试验(RCT)：
随机的从人群中选取样本，人为切断“confounder”到“感染新冠”之间的连接。



Causal Graph

X Y

年龄

感染新冠 死亡

性别 ……confounder

• do算子：简单来说就是“分情况讨论”，被称为后门调整(backdoor adjustment)

例如：对年龄进行分层，在每个年龄段中分别统计“感染新冠”和“死亡率”的关系。

De-confounder !



Causal Graph

X Y

年龄

感染新冠 死亡

Z
• 保留混杂因子影响：

𝑃(𝑌|𝑋) =෍

𝑖=1

𝑛

𝑃(𝑌|𝑋, 𝑍𝑖)𝑃(𝑍𝑖|𝑋) 条件全概率

全概率𝑄(𝑌) =෍

𝑖=1

𝑛

𝑄(𝑌|𝑍𝑖)𝑄(𝑍𝑖)



Causal Graph

X Y

年龄

感染新冠 死亡

Z
• 保留混杂因子影响：

• 去除混杂因子影响：

𝑃(𝑌|𝑋) =෍

𝑖=1

𝑛

𝑃(𝑌|𝑋, 𝑍𝑖)𝑃(𝑍𝑖|𝑋) 条件全概率

全概率𝑄(𝑌) =෍

𝑖=1

𝑛

𝑄(𝑌|𝑍𝑖)𝑄(𝑍𝑖) 全概率𝑄(𝑌) =෍

𝑖=1

𝑛

𝑄(𝑌|𝑍𝑖)𝑄(𝑍𝑖)

𝑃(𝑌|𝑋) =෍

𝑖=1

𝑛

𝑃(𝑌|𝑋, 𝑍𝑖)𝑃(𝑍𝑖)



Causal Graph

X Y

年龄

感染新冠 死亡

Z

𝑃(𝑌|𝑋) = ෍

𝑖=1

𝑛

𝑃(𝑌|𝑋, 𝑍𝑖)𝑃(𝑍𝑖)

用do算子完成了一次后门调整
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The Proposed Causal Graph
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X

D
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X :  Feature

Y :  Prediction

M:  Momentum

D :  Projection on Head



The Proposed Causal Graph

M

X

D

Y

X :  Feature

Y :  Prediction

M:  Momentum

D :  Projection on Head

• M → X

• (M, X) → D

• X → D → Y & X → Y

• Backbone parameters used to generate feature vectors X, 

are trained under the effect of M.

• The momentum M also causes feature vector X deviates to the 

head direction D, which is also determined by M.

• The effect of X can be disentangled into an indirect

(mediation) and a direct effect.
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The Proposed Causal Graph

M

X

D

Y

X :  Feature

Y :  Prediction

M:  Momentum

D :  Projection on Head

• (M, X) → D

• X → D → Y & X → Y

• M → X
• Backbone parameters used to generate feature vectors X, 

are trained under the effect of M.

• The momentum M also causes feature vector X deviates to the 

head direction D, which is also determined by M.

• The effect of X can be disentangled into an indirect

(mediation) and a direct effect.



Accumulative Momentum Effect

• Global Optima for All Categories

• Local Optima for Head Categories 

• Momentum Direction in Balanced Data

• Momentum Direction in Long-Tailed Data

SGD Momentum in 

Balanced Dataset 

SGD Momentum in 

Long-Tailed Dataset 

Pytorch implementation：



SGD Momentum in 

Long-Tailed Dataset 

• Global Optima for All Categories

• Local Optima for Head Categories 

• Momentum Direction in Balanced Data

• Momentum Direction in Long-Tailed Data

Pytorch implementation：

A(1, 1)B(-1, 1)
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Accumulative Momentum Effect
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Pytorch implementation：

Accumulative Momentum Effect

M

X

D

Y

A(1, 1)B(-1, 1)

𝑥

𝑦

o

unfair deviation 

towards the head

fairly discriminate 

two classes

• (M, X) → D

• The momentum M also causes feature vector X deviates to the 

head direction D, which is also determined by M.



Pytorch implementation：

Accumulative Momentum Effect

M

X

D

Y

• (M, X) → D

Assumption 1: The head direction መ𝑑 is the 

unit vector of the exponential moving average 

features with decay rate µ:

• The momentum M also causes feature vector X deviates to the 

head direction D, which is also determined by M.

• መ𝑑 is determined by the sample 

moving average in the dataset, which 

does not need the accessibility of the 

class statistics at all.



Pytorch implementation：

Assumption 1: The head direction መ𝑑 is the 

unit vector of the exponential moving average 

features with decay rate µ:

direct effect indirect effect

X

D

Y

Accumulative Momentum Effect

X → D → Y & X → Y



Two Undesired Causal  Effects of  Momentum

M

X

D

Y

Two Undesired Causal Effects of Momentum：

1. Backdoor shortcut

confounder



Two Undesired Causal  Effects of  Momentum

Two Undesired Causal Effects of Momentum：

1. Backdoor shortcut

2. Indirect Mediator Effect

M

X

D

Y

mediator:中介
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De-confound TDE Classifier

The definition of Total Direct Effect (TDE):

𝑎𝑟𝑔𝑚𝑎𝑥𝑖∈𝐶 𝑇𝐷𝐸 𝑌𝑖 = 𝑌𝑑 = 𝑖 𝑑𝑜 𝑋 = 𝑥 − 𝑌𝑑 = 𝑖 𝑑𝑜 𝑋 = 𝑥0

The proposed de-confound TDE:

𝑇𝐷𝐸 𝑌𝑖 =
𝜏

𝐾
σ𝑘=1
𝐾 (

𝑤𝑖
𝑘

𝑇
𝑥𝑘

𝑤𝑖
𝑘 +𝛾 𝑥𝑘

− 𝛼 ⋅
cos 𝑥𝑘, ෠𝑑𝑘 ⋅ 𝑤𝑖

𝑘
𝑇
෠𝑑𝑘

( 𝑤𝑖
𝑘 +𝛾)

)

• Subscript d denotes that the mediator D always takes the value d，x0=0



De-confound Training

infinite number of M = m

Inverse Probability Weighting

no matter how many m there are, we can only observe one (i, x) given one m.

K times more fine-grained sampling

energy-based model



Total Direct Effect Inference

The definition of Total Direct Effect (TDE):

𝑎𝑟𝑔𝑚𝑎𝑥𝑖∈𝐶 𝑇𝐷𝐸 𝑌𝑖 = 𝑌𝑑 = 𝑖 𝑑𝑜 𝑋 = 𝑥 − 𝑌𝑑 = 𝑖 𝑑𝑜 𝑋 = 𝑥0

The proposed de-confound TDE:

𝑇𝐷𝐸 𝑌𝑖 =
𝜏

𝐾
σ𝑘=1
𝐾 (

𝑤𝑖
𝑘

𝑇
𝑥𝑘

𝑤𝑖
𝑘 +𝛾 𝑥𝑘

− 𝛼 ⋅
cos 𝑥𝑘, ෠𝑑𝑘 ⋅ 𝑤𝑖

𝑘
𝑇
෠𝑑𝑘

( 𝑤𝑖
𝑘 +𝛾)

)

𝒙𝟎 = 𝟎
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How momentum M affects X and Y？

(b) The mean magnitudes of feature vectors for each class i after training with momentum µ = 0.9, where i is ranking from 

head to tail. 

(c) The relative change of the performance on the basis of µ = 0.98 shows that the few-shot tail is more vulnerable to the 

momentum.



Ablation of α
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