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Background

Credit Payment

• Promise to pay the bill before the due day

• Examples: Credit Card, Ant Credit Pay, PayPal Credit Pay

Credit Risk Assessment

• Low-risk: repay the bill in-time

• High-risk: default, fraud, …

Importance

• High-risk payments account for 0.68% of retail revenue in 

the U.S. but the fraud cost reached as high as $32 billion.1

1 Annual report by LexisNexis. From http://www.lexisnexis.com/risk/downloads/assets/true-cost-fraud-2014.pdf

http://www.lexisnexis.com/risk/downloads/assets/true-cost-fraud-2014.pdf


Motivation

Credit risk assessment is a class-

imbalanced problem.

• Majority class - Low-risk users(>99%)

• Minority class - High-risk users(<1% )

Solution:

• Data augmentation for the minority class.

Objective:

• Alike the minority class

• Unlike the majority class

Low-Risk User Space
(Majority Class)

High-Risk User Space
(Minority Class)

Low-Risk                High-Risk                Synthetic

Alike                        Unlike



Method

Adversarial Data Augmentation method with 

Auxiliary discriminatoR (ADAAR)

Alike the minority class

• D1 identifies real samples from fake samples

• Adversarial loss for D1 and G

Unlike the majority class

• D2 discriminates low or high risk users

• Cross-entropy loss for G and D2



Method

Adversarial Data Augmentation method with 

Auxiliary discriminatoR (ADAAR)

• To obtain better initialization:

• AutoEncoder with reconstruction loss

• D1 and D2 are initialized with encoder

• G is initialized with decoder



Data

User

• Time Range：

M7 (2018/07/01 ~ 2018/07/31)

M9 (2018/09/01 ~ 2018/09/30)

M11 (2018/11/01 ~ 2018/11/30)

• Train/Test：M7/M9, M9/M11

Feature

• User profile, credit information, purchasing behaviors, and asset information, etc.

• Dimension：908



Experiment

Compared with state-of-the-art BAGAN[ICML’18 Workshop]

• AUC improvement 0.4%~1.82%

• R@P0.1 improvement 1.8%~3.8%



Conclusion and Future work

Conclusion
• We design an adversarial training framework to generate synthetic samples 

alike the real high-risk samples.

• We propose an auxiliary discriminator to assess the risk to make synthetic 
samples unlike the low-risk samples. 

Future Work
• Cost-sensitive imbalanced learning methods

• Extensions to other structures like graph data
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