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• Generative Adversarial Networks (GANs) (NIPS 2014)

• Discriminator (D) learns to discriminate between real and fake data

• Generator (G) learns to generate fake data that can fool the discriminator

• The optimization of this objective is like finding a Nash equilibrium of a minimax 

game between the generator and the discriminator
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1.      Missing data problem

• Missing data imputation

• Imputing missing elements in a data level

2. Class imbalance problem

• Class-conditional generation

• Imputing the entire elements of a sample 
conditioned on a label

3. Missing label problem

• Semi-supervised learning

• Generating a pseudo-label using a classifier

→ Keyword: Imputation

Is there a method to address these three problems concurrently? Not yet!
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• HexaGAN

• We propose a generative adversarial network to solve the problems in real world 

classification simultaneously

HexaGAN



• Missing data (element-wise) imputation (to solve the missing data problem)

• Components

• 𝐸: transfers both labeled and unlabeled instances into the hidden space

• 𝐺𝑀𝐼: imputes missing data

• 𝐷𝑀𝐼 ∙ 1:𝑑: distinguishes b/w missing and non-missing elements

• A novel element-wise adversarial loss function and gradient penalty

• max
𝐺𝑀𝐼

min
𝐷𝑀𝐼

•
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• Class conditional generation (to solve the class imbalance problem)

• Components

• 𝐺𝐶𝐺: creates conditional hidden vectors  𝐡𝑐

• 𝐷𝐶𝐺 : determines whether a hidden vector is from the dataset or has been created by  𝐺𝐶𝐺

• 𝐺𝑀𝐼 generates the entire elements conditioned on the minority class

• Losses

• WGAN loss + zero-centered gradient penalty

• Add  Loss of 𝐺𝑀𝐼 calculated from   𝐱𝑐 and the cross entropy of   𝐱, 𝐲𝑐 to  𝐺𝐶𝐺
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• Semi-supervised learning (to solve the missing label problem)

• Components

• 𝐶: estimates class labels. This also works as the label generator

• 𝐷𝑀𝐼 ∙ 𝑑+1: distinguishes b/w real and pseudo (fake) labels

• We adopt the pseudo-labeling technique of  TripleGAN (NIPS 2017)

• The two components are related adversarially

•

•
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• Not three separate models, this is ONE model dubbed HexaGAN

• The six components of HexaGAN interplay to solve the problems effectively

Overview of HexaGAN (Revisited)



• Theorem 1: Global optimality of  𝑝 𝑥 𝑚𝑖 = 1 = 𝑝(𝑥|𝑚𝑖 = 0) for HexaGAN

• A generator distribution  𝑝(𝑥|𝑚𝑖 = 0) is a global optimum for the min-max game of 𝑮𝑴𝑰 and 𝑫𝑴𝑰, 

if and only if  𝒑 𝒙 𝒎𝒊 = 𝟏 = 𝒑(𝒙|𝒎𝒊 = 𝟎) for all 𝒙 ∈ ℝ𝑑, except possibly on a set of zero Lebesgue 

measure.

• Theorem 2: The adversarial loss for semi-supervised learning is the ODM cost

• Output distribution matching (ODM) cost function (ICLR workshop 2016)

• the global minimum of the supervised cost function is also a global minimum of the ODM cost 

function

• Optimizing the adversarial losses for C and 𝐷𝑀𝐼 ∙ 𝑑+1 imposes an unsupervised constraint on C. 

Then, the adversarial losses for semi-supervised learning in HexaGAN satisfy the definition of the 

ODM cost.

Theorems



Training Procedure



• Missing data imputation

• HexaGAN shows good performances on various real world datasets

• Medical, financial, vision, …

Experimental Results

Imputation performance (RMSE)

Comparison of the gradient penalty

Qualitative analysis (MNIST)



• Class conditional generation

Experimental Results  (Cont’d)

Analysis of the hidden space (tSNE)

Qualitative analysis (MNIST)

Ablation study



• Semi-supervised learning (classification)

Experimental Results (Cont’d)

⋯

Ablation study (F1-score)

Classification performance (F1-score)

Classification performance (CelebA)



e define the three problems (missing data, class imbalance, and missing label) in real-world classification 

from the perspective of imputation

Our framework is simple to use and works automatically when the absence of data and label (𝐦 and 𝑚𝑦) is 

indicated.

We loss function and gradient penalty for element-wise imputation. Our imputation performance produces 

stable, state-of-the-art results.

Our method significantly outperforms cascading combinations of the existing state-of-the-art methods.

Conclusion
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