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The Ladder of Causation

Pearl J, Mackenzie D. The book of why: the new science of cause and effect, 2018.

Association: likelihood
What if I see …

Intervention：do actions
What if I do …

Counterfactuals: imagining
What if I had not done …



Causal Graph

𝒙𝒙𝟏𝟏

𝒙𝒙𝟐𝟐

𝒙𝒙𝟑𝟑

 Causal Graph is a directed acyclic graph

 Node: Variables 𝑥𝑥1, 𝑥𝑥2, 𝑥𝑥3
 Edge: The link from causal to effect 𝑥𝑥1 → 𝑥𝑥3
 Path: From one variable to another 𝑥𝑥1 → 𝑥𝑥2 → 𝑥𝑥3

𝑃𝑃 𝑥𝑥1, 𝑥𝑥2, 𝑥𝑥3 = 𝑃𝑃 𝑥𝑥1 𝑃𝑃 𝑥𝑥2 𝑥𝑥1 𝑃𝑃(𝑥𝑥3|𝑥𝑥1, 𝑥𝑥2)
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A Typical Example of the Confounder 

T Temperature

S Ice-cream sales

M murder

Ice-cream sales

murder rate

T

S M

The consumption of ice cream and the number of murders in New York are positively 
correlated. It is biased because of the confounder of confounder temperature.



Counterfactual Analysis

Causal prediction

E

𝐘𝐘𝐜𝐜X𝐜𝐜

�𝑌𝑌𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐 = �𝑌𝑌𝑥𝑥 − �𝑌𝑌𝑋𝑋𝑖𝑖=𝑥𝑥𝑥

E

Y

Factual prediction

�𝑌𝑌𝑥𝑥 = ℱ𝜃𝜃(𝑋𝑋𝑖𝑖 = 𝑥𝑥)

Counterfactual prediction

E

X=𝒙𝒙′ 𝐘𝐘(𝒙𝒙𝒙)

�𝑌𝑌𝑋𝑋𝑖𝑖=𝑥𝑥′ = ℱ𝜃𝜃(𝑑𝑑𝑑𝑑(𝑋𝑋𝑖𝑖 = 𝑥𝑥′))

= −

𝐸𝐸𝐸𝐸𝐸𝐸 = 𝐸𝐸 𝑌𝑌𝑥𝑥 − 𝑌𝑌𝑥𝑥′|𝑋𝑋 = 𝑥𝑥

X=𝒙𝒙

Effect of Treatment on the Treated

 Reducing the bias of environment 

 Enhancing the causation between outputs and main clues
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Inputs: observed 
previous positions 

Outputs: one/multiple 
reasonable future 

predictions

Autonomous vehicles Social robotics Delivery bots Intelligent surveillance

The Goal of Trajectory Prediction



Environment Bias

Statistical bias between training and 
testing environments.

E.g., number of neighbors



Environment Bias

Visualization of the obvious environment difference.

Train Test

street square

Available area



Other Evidences of Interaction Bias.

Shapley values of Trajectron++ variants and STGCNN on ETH/UCY and SDD datasets

Makansi, Osama, et al. "You Mostly Walk Alone: Analyzing Feature Attribution in Trajectory Prediction." arXiv, 2021.

Shapley values of past trajectory is far higher than the others



Causal Graph

E

X Y

E Environment interaction

X History trajectory

Y Future trajectory

Straight road

Go straight

Crossroads

Turn a corner



Causal prediction
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= −
X=𝒙𝒙

Key idea

𝑑𝑑𝑑𝑑(·)

Turn a corner Go straight



Pipeline
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Counterfactual Intervention

① Observe previous positions and physical scene
② Encode trajectories and scene
③ Encode environment interaction
④ Fuse features and noise latent variable
⑤ Predict future positions …

…
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Causal Prediction

…
…
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Quantitative Evaluation on STGAT
◼STGAT    ◼Causal-STGAT 

Average
ETH

0.16 FDE
0.07 ADE

HOTEL UNIV ZARA1 ZARA2 Average

Our causal-based methods improve performance on both 
ADE (below) & FDE (stacked on top).

0.93

0.77

0.47
0.40



Quantitative Evaluation on Social STGCNN 
◼Social-STGCNN    ◼Causal-STGCNN 

Average
ETH

0.09 FDE
0.02 ADE

HOTEL UNIV ZARA1 ZARA2 Average

Our causal-based methods improve performance on both 
ADE (below) & FDE (stacked on top).

0.75
0.66

0.45 0.43



Counterfactuals on Social GAN

z

z

z

COUNTERFACTUAL INTERVENTION

Counterfactual Feature

CAUSAL GENERATOR



Quantitative Evaluation on Social GAN
◼SGAN    ◼Causal-SGAN 

Average
ETH

0.08 FDE
0.05 ADE

HOTEL UNIV ZARA1 ZARA2 Average

Our causal-based methods improve performance on both 
ADE (below) & FDE (stacked on top).

1.04
0.96

0.53
0.48



Quantitative Evaluation on ETH/UCY
◼S-LSTM    ◼SGAN    ◼Social-BiGAT

◼STGAT    ◼Causal-STGAT 
◼CNN    ◼Social-STGCNN 

◼Causal-STGCNN

Average
RNN-based CNN-based

Our causal-based methods improve performance on both 
ADE (below) & FDE (stacked on top).

0.16 FDE
0.07 ADE 0.09 FDE

0.02 ADE

1.54

1.18

1.00
0.93

0.77

1.22

0.75
0.660.72

0.58
0.48 0.47

0.40

0.59

0.45 0.43



22.30 22.07

19.71

15.88 15.31

Quantitative Evaluation on SDD
◼CF-VAE    ◼P2TIRL    ◼SimAug

◼PECNet ◼Causal-PECNet

Average

0.57 FDE
0.77 ADE

Our causal-based methods improve performance on both 
ADE (below) & FDE (stacked on top).

12.60

9.96
9.19

12.58

10.27



Counterfactual Implementation

Zero: a zero vector
Mean: the mean of all feature vectors
Random: a random vector sampled from a uniform distribution with [-0.1, 0.1]
Generate: a vector learned by a generative model (GAN or VAE)

Method ADE FDE
STGAT(Baseline) 0.47 0.93
Causal-STGAT-Zero 0.40 0.77
Causal-STGAT-Mean 0.44 0.84
Causal-STGAT-Random 0.42 0.80
Causal-STGAT-Generate 0.40 0.76



Only interaction is biased?

X: history trajectory

Method ADE FDE
STGAT 0.47 0.93
Causal-STGAT-X 0.40 0.77
Causal-STGAT-S 0.46 0.86 S: social interaction

Interactions are 
biased

Past trajectories are 
biased too



Inference Speed and Model Size

Our counterfactual analysis method does not need any extra parameters 

The extra speed cost of our counterfactual analysis method is not heavy 

∆≈ 7% ∆≈ 2%

Method Social-STGCNN Causal-STGCNN STGAT Causal-STGAT
Parameters Count 7.6k 7.6k 56k 56k
Inference Speed 0.0116 0.0124 0.3343 0.3418

≈ ≈



Qualitative Evaluation



Qualitative Evaluation
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Attention Learning

SENet, 2017

Show, attend and tell, 2015 Spatio-temporal attention, 2017

Vision Transformer, 2020



Motivation
Attention is always learned in a weakly-supervised manner, which 

ignores the causality between the prediction and attention.

...Attention
modelCNN CNN

Whether the person is 
correctly identified.

Whether the attention is 
correctly learned.

Training set 

Both tree trunk and bird are 
discriminative regions.



Misleading and scattered attentions can still be observed from a well-trained 
attention model 

Motivation



Biases in Fine-Grained Visual Recognition

 In the task of fine-grained categorization, both intrinsic attributes and 
external environments show the dataset bias in the statistics. 

Ringed Kingfisher



Attention Models for Fine-Grained Recognition

CNN

…

M attention maps

Y

A
X



Counterfactual Attention Learning



Results on Fine-grained Image Categorization



Results on Person Re-identification



Results on Vehicle Re-identification



Qualitative Results
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Joy Buolamwini. Artificial Intelligence Has a Problem With Gender and RacialBias, 2019.

Fairness crisis 
Most of current models are unfairly biased against certain subpopulations



Some challenging examples



FairNet 

More comprehensive attributes (external and internal)
New evaluation metric to measure fairness 



FairNet 



Structural Causal Model

U

X I

A

Y

Image

Bias

LabelObject 
Category

Protected
Attributes 𝑋𝑋 → 𝐼𝐼 → 𝑌𝑌: models predict the label of the 

object with the observed image.
𝑋𝑋 → 𝐼𝐼 ←A: image is determined the object and 
its protected attributes
𝐴𝐴 ← 𝑈𝑈 → 𝑋𝑋: dataset bias causes the spurious 
correlation between attributes and objects.



Fairness metric 



Benchmark on FairNet



Benchmark on FairNet



Fairness Analysis

Race Dead
Old photo



What Can Help to Improve Fairness
Self supervised  
Data argumentation 
Adversarial training 
Larger training datasets 

Neural architecture search 
Test-time training 
Self-attention 
Big model 
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Future Work

Rely on high-level semantic representation
 Extend the causal learning into representation learning

 Learn latent causal representation

Rely on the strong human prior
 Adaptively discover the causal relations

 Jointly learn to discover, represent, and analyze

Without the commonsense knowledge
 Use the commonsense knowledge to build counterfactuals



Thanks for your listening

https://chengy12.github.io/
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