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数据异质性（Data Heterogeneity）

Data Science

General Data Heterogeneity

different prediction mechanisms, 
label distributions, covariate

distributions, data types, noises

hard to 
define, 

measure, 
exploit

affects 
learning,
scientific
findings



Motivation 1: Scientific Findings

• even for carefully designed randomized trails, there are huge 
selection biases

Lipton et al. The Convenience of Large Urban School Districts: A Study of Recruitment Practices in 37 Randomized Trials.
Example borrowed from Hong’s talk at: https://drive.google.com/file/d/1ApBFWEkzOP39gIVMDBnXbdXXlARWXqDX/view



Motivation 1: Scientific Findings

Example borrowed from Hong’s talk at: https://drive.google.com/file/d/1ApBFWEkzOP39gIVMDBnXbdXXlARWXqDX/view



Motivation 2: Reliability & Fairness
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General Data Heterogeneity

different prediction mechanisms, 
label distributions, covariate 

distributions, data types, noises

hard to define, measure, exploit

Data Science Machine Learning

Predictive Heterogeneity

predictive information gain
when considering 
sub-populations 

prediction tasks

easy to define & quantify

Predictive Heterogeneity



Definition (informal)
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Jiashuo Liu, Jiayun Wu, Renjie Pi, Renzhe Xu, Xingxuan Zhang, Bo Li and Peng Cui. Measure the Predictive Heterogeneity. ICLR 2023, The 11th 
International Conference on Learning Representations.



Predictive 𝒱-Information
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when 𝒱 = 𝛺, 𝕀𝒱 𝑋 → 𝑌 = 𝕀(𝑋; 𝑌)

Yilun Xu, Shengjia Zhao, Jiaming Song, Russell Stewart, and Stefano Ermon. A theory of usable information under computational 
constraints. In 8th International Conference on Learning Representations, ICLR 2020



Definition (formal)
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Maximal additional usable information gain when dividing 
the whole data distribution into sub-populations 



Linear Example
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𝑺

𝒀 𝑽

ℰ∗

model misspecification 
strength

environment 
diversity



PAC Guarantees for Estimation

14



Algorithm to find ℰ∗
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• Objective Function:

• Penalties reflect the difficulty of each ‘sub-task’
• regression: 

• classification:



Algorithm to find ℰ∗
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• Relationship with EM algorithm:
• EM: learn latent variable to maximize likelihood
• ours: learn latent variable to maximize usable predictive 

information

• Optimization:
• bi-level optimization:



Application in Agriculture
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learned sub-populations 
correspond to different crop types



Application in Object Detection
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learned sub-populations correspond 
to different spurious correlations



Application in OOD Generalization
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Direction 1: Distributionally Robust Optimization

•The objective function of DRO:

min- sup
.∈𝒫(1!")

𝔼.[ℓ(𝑓- 𝑋 , 𝑌)]

• 𝒫(𝑃!") is the distribution set defined via some distance metric as:

𝒫 𝑃!" = {𝑄:𝐷𝑖𝑠𝑡 𝑄, 𝑃!" ≤ 𝜌}
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Optimize the worst-case sub-population
to avoid the effects of latent heterogeneity

latent



Direction 2: Heterogeneous Risk Minimization

find the explicit 
sub-populations
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learn invariant 
covariates

select variant 
covariates

Jiashuo Liu, Zheyuan Hu, Peng Cui, Bo Li, Zheyan Shen. Heterogeneous Risk Minimization. ICML 2021, In International 
Conference on Machine Learning.
Jiashuo Liu*, Zheyuan Hu*, Peng Cui, Bo Li, Zheyan Shen. Kernelized Heterogeneous Risk Minimization. NeurIPS 2021, In Neural 
Information Processing Systems.



Thanks for listening！
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