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Introduction

The AI Revolution

Deep Learning

AI beats human on Image Recognition (2015)

AlphaGo beats human champion (2017)

AI beats radiologists on interpreting X-ray images (2019)

AlphaFold solves Protein Folding (2020)

. . .
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Introduction

Three Pillars of Deep Learning

Algorithm

ComputeData

SGD/Adam

Federated 
Learning (FL)

Big Data
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Introduction

Challenges for Accelerating AI Democratization

Face Recognition
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Introduction

Challenges for Accelerating AI Democratization

(Buolamwini & Gebru, 2018. Gender Shades)
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Introduction

AI for Medical Image Classification

Dermatologist-level classification of skin cancer

Esteva et al. (Nature, 2017), reported AUC>0.91
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Introduction

AI for Medical Image Classification

Radiologist-level Interpretation of X-ray images

Irvin, et al. (AAAI, 2019), reported AUC>0.90
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Introduction

AI for Medical Image Classification

Radiologist-level Screening of Breast Cancer

Wu, et al. (IEEE T. Medical Imaging, 2020), reported AUC=0.895

Yang (CS@Uiowa) Deep AUC Maximization 9 / 41



Introduction

Keys to “Success” for Medical AI

Large-scale Datasets (100,000+ ∼ 1,000,000 images)

Domain-specific techniques (e.g., network structures)

But Performance for Under-represented Classes could be Much Worse
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Introduction

Data Imbalance

is very common in real world

Rare Disease Identification (e.g,
Takotsubo)

Terrorist Identification

Credit Card Fraud Detection

...

would cause

dramatic performance drop

unfairness, ethical issues

picture courtesy: Jamal et al. 2020.

DL with Imbalanced Data Faces New Challenges
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Introduction

Performance Metrics of Imbalanced Data

Accuracy
• not suitable for imbalanced data

Area under the Curve (AUC)
• area under ROC curve (AUROC)
• area under Precision-Recall curve (AUPRC)
• widely used for evaluating the performance

How to Optimize AUC for Deep Learning?
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Deep AUC Maximization

AUROC

Area under ROC Curve
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Deep AUC Maximization

AUC Max. is more Difficult Accuracy Max.

Example 1 Example 2 Example 3
Prediction Ground Truth Prediction Ground Truth Prediction Ground Truth

0.9 1 0.9 1 0.9 1
0.8 1 0.41(↓) 1 0.41(↓) 1
0.7 1 0.7 1 0.40(↓) 1
0.6 0 0.6 0 0.49(↓) 0
0.6 0 0.49(↓) 0 0.48(↓) 0

0.47 0 0.47 0 0.47 0
0.47 0 0.47 0 0.47 0

...
...

...
...

...
...

0.1 0 0.1 0 0.1 0
Acc=0.92
AUC=1.00

Acc=0.92 (—)
AUC=0.89 (↓)

Acc=0.92 (—)
AUC=0.78 (↓)
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Deep AUC Maximization

AUC Surrogate Loss

True-AUC(h) = Pr(h(x) ≥ h(x′)|y = 1, y ′ = −1)

h: prediction model (e.g., deep neural network)

x, x′ random data

True-AUC(h) = E[I(h(x)− h(x′) ≥ 0)|y = 1, y ′ = −1]

min
h

AUC-Surrogate(h) =
1

n+

1

n−

∑
xi∈D+

∑
xj∈D−

`(h(xi )− h(xj))
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Deep AUC Maximization

Challenges of Optimizing AUROC

Scalability: scale up > 106 examples

Robustness: robust to noise in the data

Theoretical Guarantee: Yes, we are doing Science!
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Deep AUC Maximization

We Proposed a More Robust Approach
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Deep AUC Maximization

AUC Maximization: Zero-Sum Game Problem

Consider
min
w

max
α

f (w, α) = Ez[f (w, α, z)]

Stochastic Gradient Descent Ascent (SGDA)

wt+1 = wt − ηt∇w f (wt , αt , zt), αt+1 = αt + ηt∇αf (wt , αt , zt)

Our Contributions

First Proof of Convergence for Deep Learning

Optimal Complexity Results
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Deep AUC Maximization

Summary of Our Theoretical Results

Table: Blue are our results. Red indicate optimal results. SC: strongly concave,
PL: Polyak- Lojasiewicz condition. OGDA: optimistic gradient descent ascent.

Work Conditions Batch Size A Sample Complexity

Rafique et al.’18 Concave O(1) SGDA O( 1
ε6

)
Rafique et al.’18 SC O(1) SGDA O( 1

ε4
+ n

ε2
)

Yan et al.’20 SC O(1) SGDA O( 1
ε4

)

Liu et al.’20 SC, PL O(1)
SGDA

AdaGrad
O( 1

µ2ε
)

Guo et al.’20 SC, PL O(1)
OGDA

STORM
O( 1

µε)

Lin et al.’19 Concave O(1) SGDA O(1/ε8)
Lin et al.’19 SC O(1/ε2) SGDA O(1/ε4)

where ε is the accuracy level
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Deep AUC Maximization

AUPRC Maximization

Maximizing AUROC does not maximize AUPRC

(picture courtesy: Davis&Goadrich, ICML’04)

Highly Imbalanced Data
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Deep AUC Maximization

AUROC vs AUPRC

Kaggle Melanoma Classification:

Our AUROC Maximization: 0.9438 (33/3314), But AUPRC is 0.19
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Deep AUC Maximization

AUPRC Maximization is even more Challenging

Mathematically Complex

AUPRC =

∫ ∞
−∞

Pr(Y = 1|f (X ) ≥ c)d Pr(f (X ) ≤ c |Y = 1),
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Deep AUC Maximization

Challenges of Optimizing AUPRC

Much more Complex mathematical form

Scalability: scale up > 106 examples.

Theoretical Guarantee: Yes, we are doing Science!
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Deep AUC Maximization

Our Method: SOAP

max
h

1

n+

∑
xi∈D+

rank(xi ,D+; h)

rank(xi ,D; h)
,

h(x): prediction network

D = {(xi , yi ), i = 1, . . . , n}, D+ is the positive set

Our Contributions: First Practical and Provable Algorithm
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Use Cases in the Competitions

CheXpert Competition: Classifying X-ray Images

The 1st Place

Stanford ML Group (Andrew Ng)
150+ teams worldwide
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Use Cases in the Competitions

CheXpert Competition: Classifying X-ray Images

Atelectasis Cardiomegaly Consolidation Edema Pleural Effusion 
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Use Cases in the Competitions

CheXpert Competition: Classifying X-ray Images

Data Set

224,316 chest X-rays images of 65,240 patients

Only 5 selected diseases for evaluation: Atelectasis, Cardiomegaly,
Consolidation, Edema, Pleural Effusion

optimize CNNs

Results:

Model AUROC NRBC Rank
Stanford Baseline (Irvin et al, AAAI’19) 0.9065 1.8 85
Hierarchical Learning (Pham et al. 2020) 0.9299 2.6 2
Ours (Yuan et al, 2020) 0.9305 2.8 1

�� ��2%+ AUC improvement of DAM over standard DL
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Use Cases in the Competitions

Kaggle Melanoma Classification Competition

Kaggle Competition

May 27, 2020 - August 10, 2020

33,126 training images, with only 584 malignant melanoma samples�� ��>2% AUC improvement of DAM over standard DL
Results in AUROC:

Top 1% rank (ranked 33 out of 3314 teams)

Ensemble: our (0.9438, 10 models) vs winner (0.9490, 18 models)

Single Model: our (0.9423) vs winner (0.9167)

Post-competition: DAM + standard DL gives 0.9503.
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Use Cases in the Competitions

Molecules Property Prediction for Drug Discovery

Drug Discovery by predicting Antibacterial properties of molecules
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Use Cases in the Competitions

Molecules Property Prediction for Drug Discovery

Traditional Approach for Drug Discovery

Expensive + Long Cycle

Machine Learning Approach for Drug Discovery

Data-based for Molecules Properties Prediction

Efficient & Fast (millions of molecules)

Stokes et al. 2020. Cell.
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Use Cases in the Competitions

MIT AICures Challenge: 1st Place

Fighting Secondary Effects of Covid by predicting antibacterial properties�� ��With DAM, > 5% AUPRC improvement and >2% AUROC improvement

Collaboration with TAMU

Optimize GNN

The Original Result (without using DAM): AUPRC: 0.677

Yang (CS@Uiowa) Deep AUC Maximization 33 / 41



Use Cases in the Competitions

MIT AICures Challenge: 1st Place

Fighting Secondary Effects of Covid by predicting antibacterial properties�� ��With DAM, > 5% AUPRC improvement and >2% AUROC improvement

Collaboration with TAMU

Optimize GNN

The Original Result (without using DAM): AUPRC: 0.677

Yang (CS@Uiowa) Deep AUC Maximization 33 / 41



Conclusions

Outline

1 Introduction

2 Deep AUC Maximization

3 Use Cases in the Competitions

4 Conclusions

Yang (CS@Uiowa) Deep AUC Maximization 34 / 41



Conclusions

Conclusions

Our Achivements

A new learning paradigm for DL with imbalanced data

Provable and Practical Stochastic Algorithms

For AUROC and AUPRC Maximization

The 1st Place at Stanford CheXpert Competition

The 1st Place at MIT AICures Challenge
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Conclusions

LibAUC: www.libauc.org
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Conclusions
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Conclusions

Thank You!

Questions?
Collaborations are more than Welcome!
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