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About the Tutorial
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• Be proactive:

• Interact and discuss

• Ask questions and time

• Build collaboration

• Check Tutorial Website for: 

• Slides, Code, Datasets

• Link to various relevant publications

• Take notes

https://www.tulip.academy/tutorials/ganblr/ICDM2022/

• Session III + Accompanied Lab Session IV 
• GANBLR


• Session II 
• Historical, recent and emerging trends in 

tabular data generation


• Session V 
• Evaluation methods on synthetic data and 

interpretation

• Applications

• Session I 
• Introduction, background, preliminaries



About this Tutorial
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• Tabular Data Generation

• Why is this important/relevant?

• What are popular techniques?

• What are the new trends?

• What are the applications?

• Accompanied iPython Notebook requires following packages:

• Code for state-of-the-art tabular data generation models

• Offers a generic framework that offers to build and evaluate your own data generation algorithm


• Plug and Play

Data Generation  
Model

ID Age Salary Location

1 23 29k VIC

2 49 102k NSW

…

1000 35 91k VIC
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Session I



Introduction
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• Tabular Data Generation 

• Structured Data vs. Tabular Data

• Generative models taxonomy

• Problem Formulation

• Generative vs. Discriminative Models

• Why study generative models?

• Motivations (with an example)1

2

3

4

5
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Motivations
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Data Generation  
ModelImage Dataset

With hats

Smile 
No Teeth

Crying



Motivations
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Data Generation  
Algorithm

Tabular Dataset

Adversarial  
Defence

Privacy  
Preserved

Un-biased

ID Age Salary Location

1 23 29k VIC
2 49 102k NSW
…

1000 35 91k VIC

ID Age Salary Location

1 23 29k VIC
2 49 102k NSW
…

1000 35 91k VIC

ID Age Salary Location

1 23 29k VIC
2 49 102k NSW
…

1000 35 91k VIC

ID Age Salary Location

1 23 29k VIC

2 49 102k NSW

…

1000 35 91k VIC



Motivations
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Data Generation  
Algorithm

Image Dataset

With hats

Smile No 
Teeth

Crying

Down-stream 
Task

Xtrain
Y

Stage 1 Stage 2

End-to-end Learning



Motivations
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Down-stream 
Task

Xtrain
Y

Data 
Generation  
AlgorithmTabular Dataset

Adversary  
Protection

Privacy  
Preserved

Un-biased

ID Age Salar
y

Locat
ion1 23 29k VIC

2 49 102k NSW
…

1000 35 91k VIC

ID Age Salar
y

Locat
ion1 23 29k VIC

2 49 102k NSW
…

1000 35 91k VIC

ID Age Salar
y

Locat
ion1 23 29k VIC

2 49 102k NSW
…

1000 35 91k VIC

ID Age Sala
ry

Loc
atio

1 23 29k VIC
2 49 102

k
NS
W…

1000 35 91k VIC

Stage 1 Stage 2

End-to-end Learning



Controlled Learning
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Down-stream 
Task

Xtrain
Y

End-to-end Learning

Constraints

Data 
Generation  
AlgorithmTabular Dataset

Adversary  
Protection

Privacy  
Preserved

Un-biased

ID Age Salar
y

Locat
ion1 23 29k VIC

2 49 102k NSW
…

1000 35 91k VIC

ID Age Salar
y

Locat
ion1 23 29k VIC

2 49 102k NSW
…

1000 35 91k VIC
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k
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W…

1000 35 91k VIC



Generative Models
• Generative and Discriminative models have a long history in Machine 

Learning [1]
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• Generative Models solves much deeper problem of learning a 
distribution

• Fundamentally, learning is not only about distinguishing between 

two classes

• But about learning distinct patterns that makes each class unique

• Much useful in cases when no class labels are present


• E.g., what about estimating only P(x)?

• Generative Models estimates: P(x,y)

• Use Bayes Rule to estimate P(y|x)

• Example model: Naive Bayes, TAN, KDB


• Whereas Discriminative Models directly estimates: P(y|x) 
• Example model: Logistic Regression, ANN

• Leads to better classification performance

Generative Classifier [2]

Discriminative Classifier [2] 



Why P(X)?
• Controlled Learning
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• Much powerful analysis

Y

X1 X2

X3

X4
X5

Credit Default

Age Salary

Education

Home-owner Gender• From P(Y, X1, X2, X3, X4, X5), we can compute:

• P(Y | X1, X2, X3, X4, X5)

• P(X1 | Y, X2, X3, X4, X5)

• P(X5 | Y, X2, X3, X4, X1)

…

Explicit

Implicit

PDF/PMF

Function

P(X1, X2)

P(X3, X4)ϕ



Problem Formulation 

15

• We assume that we have some training data D from an unknown distribution:

• We are interested in obtaining a distribution: 

<latexit sha1_base64="F8EuTNLZupQJbfakYe47k+EUz5c="></latexit>

Pdata(x)
<latexit sha1_base64="zOGpyhajQINoAEaL+UORLt5TY/g=">AAACEHicbZC7SgNBFIZnvcZ4i1raLAYxNmFXgloGbSwjmAskIcxOziZDZnaXmbOSsOwj2PgqNhaK2Fra+TZOLoIm/jDw8Z9zmHN+LxJco+N8WUvLK6tr65mN7ObW9s5ubm+/psNYMaiyUISq4VENggdQRY4CGpECKj0BdW9wPa7X70FpHgZ3OIqgLWkv4D5nFI3VyZ20EIaoZFJJO8kPy7ALIk0LLUmx7/nJMD3t5PJO0ZnIXgR3BnkyU6WT+2x1QxZLCJAJqnXTdSJsJ1QhZwLSbCvWEFE2oD1oGgyoBN1OJgel9rFxurYfKvMCtCfu74mESq1H0jOd4xX1fG1s/ldrxuhfthMeRDFCwKYf+bGwMbTH6dhdroChGBmgTHGzq836VFGGJsOsCcGdP3kRamdF97xYui3ly1ezODLkkByRAnHJBSmTG1IhVcLIA3kiL+TVerSerTfrfdq6ZM1mDsgfWR/f/FGecQ==</latexit>

Pmodel(x)

           P(Y, X1, X2, X3, X4, X5)

Explicit

PDF/PMF

P(Xi, Xj)

Parametric

<latexit sha1_base64="PB1jt4iFQ8HrpZ9F3Dc+k7ZjMnI=">AAACBnicbVDLSgNBEJz1GeMr6lGExSDES9iVoIKXoBePEcwDskuYnfQmQ2YfzPRKwpKTF3/FiwdFvPoN3vwbJ8keNLGgoajqprvLiwVXaFnfxtLyyuraem4jv7m1vbNb2NtvqCiRDOosEpFseVSB4CHUkaOAViyBBp6Apje4mfjNB5CKR+E9jmJwA9oLuc8ZRS11CkcOwhBlkNbGJSeg2Pf8dDi+crAPSE87haJVtqYwF4mdkSLJUOsUvpxuxJIAQmSCKtW2rRjdlErkTMA47yQKYsoGtAdtTUMagHLT6Rtj80QrXdOPpK4Qzan6eyKlgVKjwNOdk0vVvDcR//PaCfqXbsrDOEEI2WyRnwgTI3OSidnlEhiKkSaUSa5vNVmfSspQJ5fXIdjzLy+SxlnZPi9X7irF6nUWR44ckmNSIja5IFVyS2qkThh5JM/klbwZT8aL8W58zFqXjGzmgPyB8fkD02CZWg==</latexit>

P(x; ✓)

<latexit sha1_base64="m06oYf8TCLwIFa6HiRXcrz6rYJo="></latexit>

Pmodel(x; ✓)

Maximum Likelihood 
Estimation 

Implicit
Function

P(Xi, Xj)ϕ



Problem Formulation 
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• We assume that we have some training data D from an unknown distribution:

• We are interested in obtaining a distribution: 

<latexit sha1_base64="F8EuTNLZupQJbfakYe47k+EUz5c="></latexit>

Pdata(x)
<latexit sha1_base64="zOGpyhajQINoAEaL+UORLt5TY/g=">AAACEHicbZC7SgNBFIZnvcZ4i1raLAYxNmFXgloGbSwjmAskIcxOziZDZnaXmbOSsOwj2PgqNhaK2Fra+TZOLoIm/jDw8Z9zmHN+LxJco+N8WUvLK6tr65mN7ObW9s5ubm+/psNYMaiyUISq4VENggdQRY4CGpECKj0BdW9wPa7X70FpHgZ3OIqgLWkv4D5nFI3VyZ20EIaoZFJJO8kPy7ALIk0LLUmx7/nJMD3t5PJO0ZnIXgR3BnkyU6WT+2x1QxZLCJAJqnXTdSJsJ1QhZwLSbCvWEFE2oD1oGgyoBN1OJgel9rFxurYfKvMCtCfu74mESq1H0jOd4xX1fG1s/ldrxuhfthMeRDFCwKYf+bGwMbTH6dhdroChGBmgTHGzq836VFGGJsOsCcGdP3kRamdF97xYui3ly1ezODLkkByRAnHJBSmTG1IhVcLIA3kiL+TVerSerTfrfdq6ZM1mDsgfWR/f/FGecQ==</latexit>

Pmodel(x)

           P(Y, X1, X2, X3, X4, X5)

Explicit
P(Xi, Xj)

Parametric

Implicit
Function

P(Xi, Xj)

<latexit sha1_base64="PB1jt4iFQ8HrpZ9F3Dc+k7ZjMnI=">AAACBnicbVDLSgNBEJz1GeMr6lGExSDES9iVoIKXoBePEcwDskuYnfQmQ2YfzPRKwpKTF3/FiwdFvPoN3vwbJ8keNLGgoajqprvLiwVXaFnfxtLyyuraem4jv7m1vbNb2NtvqCiRDOosEpFseVSB4CHUkaOAViyBBp6Apje4mfjNB5CKR+E9jmJwA9oLuc8ZRS11CkcOwhBlkNbGJSeg2Pf8dDi+crAPSE87haJVtqYwF4mdkSLJUOsUvpxuxJIAQmSCKtW2rRjdlErkTMA47yQKYsoGtAdtTUMagHLT6Rtj80QrXdOPpK4Qzan6eyKlgVKjwNOdk0vVvDcR//PaCfqXbsrDOEEI2WyRnwgTI3OSidnlEhiKkSaUSa5vNVmfSspQJ5fXIdjzLy+SxlnZPi9X7irF6nUWR44ckmNSIja5IFVyS2qkThh5JM/klbwZT8aL8W58zFqXjGzmgPyB8fkD02CZWg==</latexit>

P(x; ✓)

<latexit sha1_base64="m06oYf8TCLwIFa6HiRXcrz6rYJo="></latexit>

Pmodel(x; ✓)

Adversarial,  
Multi-objective  

Loss + MLE
ϕ



Maximum Likelihood Estimation (MLE) 
• Principle of MLE states that choose a set of 

parameters —  for the model that maximises the 
likelihood of the training data

θ
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<latexit sha1_base64="PB1jt4iFQ8HrpZ9F3Dc+k7ZjMnI=">AAACBnicbVDLSgNBEJz1GeMr6lGExSDES9iVoIKXoBePEcwDskuYnfQmQ2YfzPRKwpKTF3/FiwdFvPoN3vwbJ8keNLGgoajqprvLiwVXaFnfxtLyyuraem4jv7m1vbNb2NtvqCiRDOosEpFseVSB4CHUkaOAViyBBp6Apje4mfjNB5CKR+E9jmJwA9oLuc8ZRS11CkcOwhBlkNbGJSeg2Pf8dDi+crAPSE87haJVtqYwF4mdkSLJUOsUvpxuxJIAQmSCKtW2rRjdlErkTMA47yQKYsoGtAdtTUMagHLT6Rtj80QrXdOPpK4Qzan6eyKlgVKjwNOdk0vVvDcR//PaCfqXbsrDOEEI2WyRnwgTI3OSidnlEhiKkSaUSa5vNVmfSspQJ5fXIdjzLy+SxlnZPi9X7irF6nUWR44ckmNSIja5IFVyS2qkThh5JM/klbwZT8aL8W58zFqXjGzmgPyB8fkD02CZWg==</latexit>

P(x; ✓)

<latexit sha1_base64="15V0viiMhB6DS5gnOx3N4sSBWwo="></latexit>

NY

i=1

P(x(i); ✓)

<latexit sha1_base64="9psywM3umEqzQa7SIxwxGxKS0rQ="></latexit>

NX

i=1

log P(x(i); ✓)

<latexit sha1_base64="bqRgCgE6H1aea8JGuAnO972/nYo="></latexit>

✓⇤ = argmax
✓

NX

i=1

log P(x(i); ✓)

<latexit sha1_base64="r5yEUUPdcD1uOsnJBeyhYZlrhuA="></latexit>

✓⇤ = argmax
✓

DKL(Pdata(x)||Pmodel(x; ✓))

• Minimizing the KL divergence between Pdata(x) and 
Pmodel(x) is exactly equivalent to maximizing the log-
likelihood of the training set 

• If Pdata(x) lies within the same family of distributions 
as Pmodel(x), the model would recover Pdata(x) exactly

Equivalent to



Problem Formulation 
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• We assume that we have some training data D from an unknown distribution:

• We are interested in obtaining a distribution: 

<latexit sha1_base64="F8EuTNLZupQJbfakYe47k+EUz5c="></latexit>

Pdata(x)
<latexit sha1_base64="zOGpyhajQINoAEaL+UORLt5TY/g=">AAACEHicbZC7SgNBFIZnvcZ4i1raLAYxNmFXgloGbSwjmAskIcxOziZDZnaXmbOSsOwj2PgqNhaK2Fra+TZOLoIm/jDw8Z9zmHN+LxJco+N8WUvLK6tr65mN7ObW9s5ubm+/psNYMaiyUISq4VENggdQRY4CGpECKj0BdW9wPa7X70FpHgZ3OIqgLWkv4D5nFI3VyZ20EIaoZFJJO8kPy7ALIk0LLUmx7/nJMD3t5PJO0ZnIXgR3BnkyU6WT+2x1QxZLCJAJqnXTdSJsJ1QhZwLSbCvWEFE2oD1oGgyoBN1OJgel9rFxurYfKvMCtCfu74mESq1H0jOd4xX1fG1s/ldrxuhfthMeRDFCwKYf+bGwMbTH6dhdroChGBmgTHGzq836VFGGJsOsCcGdP3kRamdF97xYui3ly1ezODLkkByRAnHJBSmTG1IhVcLIA3kiL+TVerSerTfrfdq6ZM1mDsgfWR/f/FGecQ==</latexit>

Pmodel(x)

           P(Y, X1, X2, X3, X4, X5)

Explicit
P(Xi, Xj)

Parametric

Implicit
Function

P(Xi, Xj)

Tractable
Approximate

RBM
VAE

NADE

BN

GAN

GSN
ϕ



Taxonomy
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Generative 
Models

Explicit Density Implicit Density

Tractable Density Approximate 
Density Markov Chain

Variational Markov Chain

FVBN 
NADE/MADE 

PixelCNN

VAE Boltzmann  
Machine

GSN

Direct

GAN

[1] Goodfellow, I. (2016). Nips 2016 tutorial: Generative adversarial networks. arXiv preprint arXiv:1701.00160.



Structured Data
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• Explicit interactions exist among the features

• E.g., pixels next to each other affect each 

other values

• Operations:

• Operations exists for feature engineering 

and data representation, e.g., 
convolution

• Example:

• Images, Text, Speech

• Time Series



Structured Data
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Attribute 
1

Attribute 
2

Attribute 
3 … Attribute 

l
Attribute 

l + 1
Attribute 

l + 2 … Attribute 
m

Attribute 
m + 1

Attribute 
m + 2 … Attribute 

n - 2
Attribute 

n - 1
Location 

n

Datum 1 0 0 0 … 0 0 0 … 1 1 0 … 0 0 0

Datum 2 0 0 1 … 0 0 0 … 0 0 0 … 0 0 0

Datum 3 0 0 0 … 0 0 0 … 0 0 0 … 0 0 0

Datum 4 0 0 0 … 0 0 0 … 0 0 0 … 0 0 0

… … … … … … … … … … … … … … … …

Datum N 0 0 0 … 0 0 0 … 0 0 0 … 0 0 0

Data = …

Transforming n x n 
matrix into 1 x n2 

vector

Correlated Features

Attribute 
1

Location 
1

Attribute 
2

Location 
2 … Attribute 

k
Location 

k … Attribute 
m

Location 
m

Attribute 
m+1

Location 
m+1 … Attribute 

n
Location 

n

Datum 1 0 0 0 0 … 0 0 … 1 1 0 0 … 0 0

Datum 2 0 0 1 0 … 0 0 … 0 0 0 0 … 0 0

Datum 3 0 0 0 0 … 0 0 … 0 0 0 0 … 0 0

Datum 4 0 0 0 0 … 0 0 … 0 0 0 0 … 0 0

… … … … … … … … … … … … … … … …

Datum N 0 0 0 0 … 0 0 … 0 0 0 0 … 0 0

Sentence1

SentenceN

Sentence4

Sentence3

Sentence2

Machine Learning is super cool, we all should build awesome models. 
I really appreciate your help. 

Thanks so much… hey? 
…. 

How is it going? We should have coffee sometime. 

Data =

A Abacus Costume ZyzzyvaMachine …Drastic… …

Transforming sentences 
into tabular form — 

representing as vector

Positional information



Models for Structured Data
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Convolution + MaxPooling

Encoder Decoder



Models for Structured Data
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Discriminator
Network

Actual 

Image

Fake / Not-
Fake

Encoder Decoder

Generator
Network

• Generative Adversarial Networks

• Variational AutoEncoders

• Neural Auto-Regressive Models

• Etc



Tabular Data
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• No explicit interactions exist among the 
features

• E.g., age has no present correlation with 

salary or credit-score, unless specified by 
the domain expert

• Operations:

• Unlike Convolutions, no explicit operations 

exists

• Example:

• Customer’s Data (Retail, Banking)

• Census Data

• Etc. 



Tabular Data
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Question
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• Can recent advancements (especially deep and adversarial learning) in structured data generation be used 
for tabular data generation? 

• Yes

• In fact there has already been several papers that target tabular data generation based on techniques 
that are inspired from GANs


• However, plain application of GANs to tabular datasets is challenging as operation of convolution is not 
defined for tabular data


• In the next section, we will visit various recent GAN-inspired methods
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Session II



Taxonomy
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Generative 
Models

Explicit Density Implicit Density

Tractable Density Approximate 
Density Markov Chain

Variational Markov Chain

FVBN 
NADE/MADE 

PixelCNN

VAE Boltzmann  
Machine

GSN

Direct

GAN

[1] Goodfellow, I. (2016). Nips 2016 tutorial: Generative adversarial networks. arXiv preprint arXiv:1701.00160.



Taxonomy
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Generative 
Models

Explicit Density Implicit Density

Tractable Density Approximate 
Density

Direct Indirect

FVBN 
NADE/MADE 

PixelCNN

VAE Boltzmann  
Machine

GSN

Adversarially 
Trained

Non-Adversarial  
Training

GANBLR

Tractable Density Approximate 
Density

IndirectDirect

Adversarially 
Trained

Non-Adversarial  
Training

GAN



Taxonomy
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fairGANBLR

GANBLR++

MedGAN

TableGAN

CTGAN
TensorGAN

Generative 
Models

Explicit Density Implicit Density

Tractable Density Approximate 
Density

Direct Indirect

FVBN 
NADE/MADE 

PixelCNN

VAE Boltzmann  
Machine

GSN

Adversarially 
Trained

Non-Adversarial  
Training

GANBLR

Tractable Density
Approximate 

Density

IndirectDirect

Adversarially 
Trained

Non-Adversarial  
Training

GAN

GANBLR-DP



Generative Models
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• Older Techniques


• Bayesian Networks [3]


• Restricted Boltzmann 
Machines [4]


• Variational Auto-Encoders 
[5]


• NADE [6]

• Existing Trends


• Generative Adversarial Networks 
(GAN) [7]


• MedGAN [8]

• TableGAN [9]

• CTGAN [10]

• TensorGAN [11]

• Existing Trends


• GANBLR [12]

• Related Trends


• xDeepFM [13]

• TabNet [14]




Bayesian Networks
• A BN B is characterized by the structure G (a directed acyclic graph), 

where each vertex is a variable and a set of parameters 

32

• Two step learning:


• Structure Learning 

• Probability Learning 

A

B C

D E

F

• A BN computes the joint probability distribution as: 
<latexit sha1_base64="Dw3ldnWknZFKVkH7Y4Be/7WRjRg="></latexit>

P(X1, X2, . . . , Xn) =
nY

i=1

P(Xi|⇧(Xi))

• Special consideration to the class variable (Y):
<latexit sha1_base64="83rvuxMy0bsPzkKc1q/0NTV0ME4="></latexit>

P(Y,X1, X2, . . . , Xn) = P(Y )
nY

i=1

P(Xi|Y,⇧(Xi))

<latexit sha1_base64="At+TYQeYyQEemrXQo+yWaAoWnjA="></latexit>

P(y,x) = ✓y

nY

i=1

✓xi|y,⇧(xi)

<latexit sha1_base64="GZiNhXXco/G7f0ktFXVxIXDIjYk="></latexit>

P(Y = y,X = x) = ✓y

nY

i=1

✓Xi=xi|Y=y,⇧(Xi)=⇧(xi)

How about we maximise this?



Parameter Learning [20]
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• Maximize Log-likelihood: • With constraints:

• Why maximize Log-likelihood? Why not Conditional Log-Likelihood?  

<latexit sha1_base64="gzkgXsi05d/E19eHyP1FyErWLoU="></latexit>

=
NX

j=1

 
log ✓y(j) +

nX

i=1

log ✓
x(j)
i |y(j),⇧(x(j)

i )

!
<latexit sha1_base64="pffhUvDSTRz4D1HTcyWYGnUu78U="></latexit>X

y2Y
✓y = 1 and

X

xi2Xi

✓xi|y,⇧(xi) = 1

<latexit sha1_base64="RCyVYJ4zgPGqyz3/Yzd+erO/TbY="></latexit>

LL(G,✓✓✓) =
NX

j=1

log P(y(j),x(j))

• Theorem: Log-likelihood of Equation 1 is maximized given the constraints in Equation 2, when parameters 
corresponds to empirical probabilities computed from the sample data, i.e., and   

.

<latexit sha1_base64="SnODJPPcUTn6BtcOuLwcVpTmXZs="></latexit>

✓y = Pdata(y)
<latexit sha1_base64="g60FMgoe3WTM7Ja1JLOAKfcTJMI="></latexit>

✓xi|y,⇧(xi) = Pdata(xi|y,⇧(xi))



Structure Learning
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• Restricted: Naive Bayes
TAN

KDB

AnDE

• Un-restricted:


• Hill Climbing Search (K2)

• Domain Experts
 D I

G S

L

Difficulty Intelligence

Grade

SAT

Letter



More about Bayesian Networks
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A

B C

D E

F

Bayesian Networks provides a descent framework for data generation. They are tractable, intuitive and if the 
assumptions are held, they can provide excellent results. In any study, they should be used as a baseline to 

bench-mark the performance of new models.

• Cons:

• Not all distributions can be captured by 

Bayesian Networks

• Pros:

• Structural guarantees

• Easy sampling

• Tractable



Markov Networks
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A

D B

C

• A Markov Network is an undirected graph, and factorized 
joint distribution as:

<latexit sha1_base64="p3XHjSweMkzfPoJKHLO7Siry4iA="></latexit>

P(X1, X2, . . . , Xn) =
mY

i=1

�(Di)

• Issue in Markov Networks is the tractability, as we must 
normalise to formulate a probability distribution:

• Here Di is the maximal clique in our network

<latexit sha1_base64="VYD2AiCPZBTeYjs+X8TFWvDt2UQ="></latexit>

P(X1, X2, . . . , Xn) =
1

Z

mY

i=1

�(Di)

<latexit sha1_base64="6OeciQXiWRKBoHqP4hkecaOMjIA="></latexit>

�(A,B) �(B,C) �(C,D) �(D,A)
a0 b0 30 b0 c0 100 c0 d0 1 d0 a0 1000
a0 b1 5 b0 c1 1 c0 d1 30 d0 a1 1
a1 b0 1 b1 c0 1 c1 d0 30 d1 a0 1
a1 b1 10 b1 c1 100 c1 d1 1 d1 a1 100

<latexit sha1_base64="OLA084aChdE4Fw4GNbVWqbAq2kE="></latexit>

P(A,B,C,D) = �(A,B)�(B,C)�(C,D)�(D,A)

<latexit sha1_base64="iRVRBrSGVIfirOrLO6Y+Wi7opXE="></latexit>

P(A,B,C,D) =
1

Z
�(A,B)�(B,C)�(C,D)�(D,A)



More about Markov Networks

37

Markov Networks such as Restricted Boltzmann Machines (RBM) provides a systematic way to approximate 
the distribution. RBMs can be impractical for image datasets, but still can provide some hope for tabular data 

especially in the context of Controlled Learning. 

• Cons:

• Intractable

• Pros:

• Structural guarantees

• Moderate ease of sampling

• Can represent wide range of 

distributions

A

D B

C
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• Introducing parameters in RBM to learn:

• A parameter form for clique potentials is introduced 

and the parameters are learned W1,n

W2,n

W3,n

W4,n

Wm,n

W1,1

W2,1

W3,1

W4,1

Wm,1

h1
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v1
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v4

vm

<latexit sha1_base64="4mq9TyKUeXg/N5FIg0iKwb2uv/Y="></latexit>
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1
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Y

i

Y

j

�ij(vi, vj)
Y

i

 i(vi)
Y

j

⇠j(hj)

<latexit sha1_base64="d6z/YON/CABl8UIhiossFq34so4="></latexit>

�ij(vi, hj) = eWijvihj

<latexit sha1_base64="YhgnlJ0H5+JdR2BKHtCnN45oYN4="></latexit>

 i(vi) = ebivi
<latexit sha1_base64="kcWC/6mAqtlSu2IS6rGhxN7+OVo="></latexit>

⇠j(hj) = ecjhj

<latexit sha1_base64="OmS82ynWGt1QX0x8BCC9SqDzl2A="></latexit>

P(V,H) =
1

Z

Y

i

Y

j

eWijvihj
Y

i

ebivi
Y

j

ecjhj

<latexit sha1_base64="ixR9VhkDAvu5+dzJM8ogHpyGNyQ="></latexit>

P(V,H) =
1

Z
e�E(V,H)

<latexit sha1_base64="iN93oesVdRO0kUAzcuDyyC5O6Xg="></latexit>

P(V,H) =
1

Z
e
P

i

P
j Wijvihj+

P
i bivi+

P
j cjhj

<latexit sha1_base64="uJ4hLN7VdUjPjCePf0n/0cxFKT4="></latexit>

E(V,H) = �
X

i

X

j

Wijvihj �
X

i

bivi �
X

j

cjhj
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W1,n

W2,n

W3,n

W4,n

Wm,n

W1,1

W2,1

W3,1

W4,1

Wm,1

h1

hn

v1

v2

v3

v4

vm

• What objective function should we use to optimise the 
weights?

<latexit sha1_base64="uJ4hLN7VdUjPjCePf0n/0cxFKT4="></latexit>

E(V,H) = �
X

i

X

j

Wijvihj �
X

i

bivi �
X

j

cjhj

<latexit sha1_base64="z5eq2C0oFWk9khzSazM+90lmN7Q="></latexit>

P(hl = 1|V ) = �(
mX

i=1

Wilvj + cl)

<latexit sha1_base64="h34KwLqDwFMlkiQiQVrlFATVxps="></latexit>

P(vl = 1|H) = �(
nX

j=1

Wljhj + bl)

<latexit sha1_base64="h4/jptzlSZV2DpfaJAg9Xv78K9Q="></latexit>

✓⇤ = argmax
✓

NX

i=1

log P(x(i); ✓)

<latexit sha1_base64="SpmYcl6YgCe1gYjgXs19bN/SKf8="></latexit>

= log
1

Z

X

H

e�E(V,H)

<latexit sha1_base64="kPQZBE/E+DeH8A9OUiwP1ifVVYA="></latexit>

= log
X

H

e�E(V,H) � log
X

V,H

e�E(V,H)
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• Second summation has exponential number of terms and 
hence is intractable in practice

<latexit sha1_base64="rND9+FgXoruUuTuBWzV1pyeaXYY="></latexit>

L(✓) = log
X

H

e�E(V,H) � log
X

V,H

e�E(V,H)

W1,n

W2,n

W3,n

W4,n
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W4,1
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h1
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v2

v3

v4
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<latexit sha1_base64="uJ4hLN7VdUjPjCePf0n/0cxFKT4="></latexit>

E(V,H) = �
X

i

X

j

Wijvihj �
X

i

bivi �
X

j

cjhj

<latexit sha1_base64="/5GmtcMzx8LHntOv8PKe25C3d0w="></latexit>

@L(✓)

@wij

= EP(H|V ) hivj � EP(V,H) hivj

• What should we do?

• Gibbs Sampling

• Contrastive Divergence

• Sample from another distribution Q, making sure that if 
you keep drawing from distribution Q, your samples will 
start to look as if they are drawn from P
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<latexit sha1_base64="BITdpa4/ysGtPITLFw68pATAloQ="></latexit>

⇡ 1

K

KX
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�(
mX
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Wijv
(k)
j + ci)v

(k)
jContrastive  

Divergence

Gibbs Sampling
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<latexit sha1_base64="Un5kLF6tECGSkyUF7rNEZ9uQ5yU="></latexit>

@L(✓)

@wij
= �(

mX

i=1

Wijvj + ci)vj �
X

V

P(V )�(
mX

i=1

Wijvj + ci)vj

<latexit sha1_base64="Dh5Q3ZLKJ8AyTwW/ANvKs4f1+Qs="></latexit>

⇡ �(
mX

i=1

Wijv
(k)
j + ci)v

(k)
j

Restricted Boltzmann Machines (RBM) through Gibbs Sampling provides an excellent opportunity for 
performing Controlled Learning. 



Variational Auto-Encoder [5]
• Driven from typical Auto-Encoders
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W11,1
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a11
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aO4

Encoder Decoder

X X'

x'1

x'2

x'3

x'4

x'5

WO1,2

WO1,3

WO1,4

WO2,4

WO2,5

WO1,1

WO2,1

WO2,2

WO2,3

WO1,5

Decoder 

Encoder

<latexit sha1_base64="yeNeWR77pAelRqIptBC9z+uZX/4="></latexit>

X

<latexit sha1_base64="cSo2Rh+4Jq7fePz5uY+UPwC01N4="></latexit>

X̂

<latexit sha1_base64="PwOfg4i9sC+nsTJsk4ipSBOtvoM="></latexit>z

<latexit sha1_base64="vJXVBiF9R8ZZUmpNKdFgbjxY8h8="></latexit>

P�(X|z)

<latexit sha1_base64="EGACf3Fjtd0FeFiVEMZ61h7Gsj8="></latexit>

Q✓(z|X)

<latexit sha1_base64="WiU7aJM+M3xtD2YInUSMw1Iqpi4="></latexit>

h = g(Wx+ b)

X̂ = f(W̃h+ c)

• Key idea:  make both the encoder and the decoder 
probabilistic
• That is, the latent variables z, are drawn from a 

probability distribution depending on the input, 
X, and the reconstruction is chosen 
probabilistically from z  



Variational Auto-Encoder
• Goal 1: 


• Learn a distribution over the latent variables

• Goal 2:


• Learn a distribution over the visible variables


• Use ANN as encoders and decoders 

• P(z) are assumed to come from standard normal 

distribution — zero mean, unit variance
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<latexit sha1_base64="PwOfg4i9sC+nsTJsk4ipSBOtvoM="></latexit>z

Decoder 

<latexit sha1_base64="cSo2Rh+4Jq7fePz5uY+UPwC01N4="></latexit>

X̂

<latexit sha1_base64="vJXVBiF9R8ZZUmpNKdFgbjxY8h8="></latexit>

P�(X|z)

Encoder

<latexit sha1_base64="yeNeWR77pAelRqIptBC9z+uZX/4="></latexit>

X

<latexit sha1_base64="EGACf3Fjtd0FeFiVEMZ61h7Gsj8="></latexit>

Q✓(z|X)

Sample

<latexit sha1_base64="DBMQNx1aLx5qpILGpJwbFFI3iok="></latexit>µ <latexit sha1_base64="7DZ6Avq2ezz2zGzmy2lbNKHY0hY="></latexit>

⌃• Encoder:

• Job of encoder is to learn the parameters of this 

distribution (mean, variance)
• Decoder


• P(X|z) is a Gaussian distribution with unit variance 
and the job of the decoder is to learn the 
parameters of this distribution
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Decoder Neural 
Network

μ11

𝜎11

μ1K

𝜎1K

a01

a02

a03

a0N

a04

x1

x2

x3

x4

xN

Encoder Neural 
Network

μ11

𝜎11

μ1N
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z1
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z3

zK

z4

z1
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z3

.

.

.
zN

• VAE maximizes following objective 
function:

• Since P(z) is assumed to be Gaussian, 
and we want Q(z|x) to be as close to 
P(z) as possible, we modify the loss 
function slightly as:

<latexit sha1_base64="VJ8fPOzQ+dND11Belp3QlJFT5OM="></latexit>

P(x) =

Z
P(z)P(x|z)dz

<latexit sha1_base64="4s1WMBIAP4flM0dkM8MLynt9hyA="></latexit>

= �Ez⇠Q✓(z|x)[log P�(x|z)]

<latexit sha1_base64="QSY4MQNCczv4kzYT+sMrkZdnG9g="></latexit>

L(✓,�) = �Ez⇠Q✓(z|x)[log P�(x|z)] + KL(Q✓(z|x)||P(z))

Encoder/Decoder Closed-form  
Solution

View 1



VAE — Objective Function

45

Decoder 

Encoder
<latexit sha1_base64="yeNeWR77pAelRqIptBC9z+uZX/4="></latexit>

X

<latexit sha1_base64="cSo2Rh+4Jq7fePz5uY+UPwC01N4="></latexit>

X̂

<latexit sha1_base64="PwOfg4i9sC+nsTJsk4ipSBOtvoM="></latexit>z

<latexit sha1_base64="vJXVBiF9R8ZZUmpNKdFgbjxY8h8="></latexit>

P�(X|z)

<latexit sha1_base64="EGACf3Fjtd0FeFiVEMZ61h7Gsj8="></latexit>

Q✓(z|X)

<latexit sha1_base64="9THM9cjHIPhT4Mb2/26Vuc+5waY="></latexit>

KL(Q✓(z|x)||P(z|x)) =
Z

Q✓(z|x) logQ✓(z|x)dz �
Z

Q✓(z|x) log P(z|x)dz
<latexit sha1_base64="IrK3idB/hiqUdHHRXxYk/6kYGx4="></latexit>

= EQ✓(z|x)[logQ✓(z|x)� log P(z|x)]
<latexit sha1_base64="9z0FXhWj6ywxrpq//satOfFZbIU="></latexit>

= EQ✓(z|x)[logQ✓(z|x)� log P(x|z)� log P(z) + log P(x)]

<latexit sha1_base64="FPh/vcQbLF+T0LJEbxpl87sALH4="></latexit>

= EQ✓(z|x)[logQ✓(z|x)� log P(z)]� EQ✓(z|x)[log P(x|z)] + log P(x)

<latexit sha1_base64="+/6I86M4nxjQcIXGKu0uvNQPLg4="></latexit>

= KL(Q✓(z|x)||P(z))� EQ✓(z|x)[log P(x|z)] + log P(x)

Encoder/Decoder 
Network

Nice closed form 
solution

Intractable

<latexit sha1_base64="QSY4MQNCczv4kzYT+sMrkZdnG9g="></latexit>

L(✓,�) = �Ez⇠Q✓(z|x)[log P�(x|z)] + KL(Q✓(z|x)||P(z))

<latexit sha1_base64="PDmkg9bupSWD4Y9Yu4VlDYB/Ojg="></latexit>

log P(x) = EQ✓(z|x)[log P(x|z)]�KL[Q✓(z|x)||P(z)] + KL(Q✓(z|x)||P(z|x))

View 2

View 1
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Decoder 

Encoder
<latexit sha1_base64="yeNeWR77pAelRqIptBC9z+uZX/4="></latexit>

X

<latexit sha1_base64="cSo2Rh+4Jq7fePz5uY+UPwC01N4="></latexit>

X̂

<latexit sha1_base64="PwOfg4i9sC+nsTJsk4ipSBOtvoM="></latexit>z

<latexit sha1_base64="vJXVBiF9R8ZZUmpNKdFgbjxY8h8="></latexit>

P�(X|z)

<latexit sha1_base64="EGACf3Fjtd0FeFiVEMZ61h7Gsj8="></latexit>

Q✓(z|X)
<latexit sha1_base64="QSY4MQNCczv4kzYT+sMrkZdnG9g="></latexit>

L(✓,�) = �Ez⇠Q✓(z|x)[log P�(x|z)] + KL(Q✓(z|x)||P(z))

<latexit sha1_base64="tMxCIeJzfWuz+7ahvlgA8wqvRL8="></latexit>

L(✓,�) =
�
tr(⌃z(x)) + (µz(x))

T [µz(x)� k � log det(⌃z(x))]
�
+

1

2
kx� f�(z)k2

<latexit sha1_base64="YgudiefaD2JmaoXP6v9wNpKmpi8="></latexit>

log P(x|z) = C � 1

2
kx� µx(z)k2

<latexit sha1_base64="eVCvF285IdJ2npKCcAiflS45cDk="></latexit>

log P(x|z) = C � 1

2
kx� f�(z)k2

<latexit sha1_base64="rHoZ4CQSHYS7fsAJYlXndXkX2WA="></latexit>

KL(N (µz(x),⌃z(x))||N (0, I))

<latexit sha1_base64="PKgE5ozSDvB6ht6f9We886naTV4="></latexit>

1

2

�
tr(⌃z(x)) + (µz(x))

T [µz(x)� k � log det(⌃z(x))]
�

<latexit sha1_base64="G8MiXCs6d7VlL+YjDXDgLXqxygA="></latexit>

N (µz(x),⌃z(x))
<latexit sha1_base64="iIZryJ0ndupUfkp1g/MDvaLbBqg="></latexit>

N (0, I)
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Decoder 

Encoder

<latexit sha1_base64="yeNeWR77pAelRqIptBC9z+uZX/4="></latexit>

X

<latexit sha1_base64="cSo2Rh+4Jq7fePz5uY+UPwC01N4="></latexit>

X̂

<latexit sha1_base64="PwOfg4i9sC+nsTJsk4ipSBOtvoM="></latexit>z

<latexit sha1_base64="vJXVBiF9R8ZZUmpNKdFgbjxY8h8="></latexit>

P�(X|z)

<latexit sha1_base64="EGACf3Fjtd0FeFiVEMZ61h7Gsj8="></latexit>

Q✓(z|X)

*

<latexit sha1_base64="DBMQNx1aLx5qpILGpJwbFFI3iok="></latexit>µ <latexit sha1_base64="7DZ6Avq2ezz2zGzmy2lbNKHY0hY="></latexit>

⌃

+
<latexit sha1_base64="J+r0/wnD9GxpP7vZi0aht2ADROA="></latexit>

✏ ⇠ N (0, I)

<latexit sha1_base64="QSY4MQNCczv4kzYT+sMrkZdnG9g="></latexit>

L(✓,�) = �Ez⇠Q✓(z|x)[log P�(x|z)] + KL(Q✓(z|x)||P(z))

<latexit sha1_base64="6A9uDAtTflXF9rFbV1eLd1cFR/Y="></latexit>

z = µ+ � ⇤ ✏

VAE models have sound theoretical foundations, and can 
be a potential tool for Controlled Learning.



NADE [6]
• What we want:


• We have n number of inputs

• We have n number of outputs


• As n increases, the number of parameters of our 
model should not grow exponentially
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<latexit sha1_base64="2Zwo+SL+GQAzEgN0vdRtu7NVte0="></latexit>x1
<latexit sha1_base64="3lPDSYBAq8x55BWQhqh2wLd17wc="></latexit>x2

<latexit sha1_base64="nbNE3RfcY+Q6RLvfvwgWEWFIjBc="></latexit>x3
<latexit sha1_base64="AO434je/RdwQZ7jn0bkFGvd107Q="></latexit>x4

• NADE

• Neural Autoregressive Density Estimator

• For every output unit, a hidden representation 

using only the relevant input units is used
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… …… …
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<latexit sha1_base64="pm8i8NOhnjHo+mThPxaxoVf6pYU="></latexit>
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<latexit sha1_base64="X2nd+GndNVn/mN1vOn85S9VXVI0="></latexit>

P(xk|xk�1, xk�2, . . . , x1) = �(Vkhk + ck)

<latexit sha1_base64="eX6n2jAgfvwI0giAszV4greSNFU="></latexit>

hk = �(W.,<kx<k + b)
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<latexit sha1_base64="3lPDSYBAq8x55BWQhqh2wLd17wc="></latexit>x2

<latexit sha1_base64="nbNE3RfcY+Q6RLvfvwgWEWFIjBc="></latexit>x3
<latexit sha1_base64="AO434je/RdwQZ7jn0bkFGvd107Q="></latexit>x4

… …… …

<latexit sha1_base64="nRZxAkDB1M8xGUb0EcALZG3AarE="></latexit>

h4
<latexit sha1_base64="EmN27yOJ0HdYNcI7h/AH3ARIP7U="></latexit>

h3
<latexit sha1_base64="b5DrgMpvd7kN+qLoUkylhD8eUyQ="></latexit>

h2
<latexit sha1_base64="pm8i8NOhnjHo+mThPxaxoVf6pYU="></latexit>

h1

…

NADE’s potential for tabular data generation is not fully explored, however, it provides an excellent model that 
can be used as the benchmark for other methods.

<latexit sha1_base64="LoweMjYxWBkHVeHMdze/y6levck="></latexit>

NX

i=1

log P(x)

<latexit sha1_base64="snBPNrIsp19By1RmZiwkbfDoXwI="></latexit>

NX

i=1

nX

j=1

log P(xj |x<j)
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<latexit sha1_base64="ZjoN5lJR2yQ66jLc43SLosqTylc="></latexit>

P(
x 1
)

<latexit sha1_base64="/YKvYBkX7Es+xXBeu6WJXvd81Ec="></latexit>

P(
x 2
|x 1
)

<latexit sha1_base64="yA23WGx0+YeqZAl+6sNoLtVr0zM="></latexit>

P(
x 3
|x 2
, x

1
)

<latexit sha1_base64="xJCVsxDe1htOG4lO67vCIVbyhFo="></latexit>

P(
x 4
|x 3
, x

2
, x

1
)

<latexit sha1_base64="2Zwo+SL+GQAzEgN0vdRtu7NVte0="></latexit>x1
<latexit sha1_base64="3lPDSYBAq8x55BWQhqh2wLd17wc="></latexit>x2

<latexit sha1_base64="nbNE3RfcY+Q6RLvfvwgWEWFIjBc="></latexit>x3
<latexit sha1_base64="AO434je/RdwQZ7jn0bkFGvd107Q="></latexit>x4

<latexit sha1_base64="ZjoN5lJR2yQ66jLc43SLosqTylc="></latexit>

P(
x 1
)

<latexit sha1_base64="/YKvYBkX7Es+xXBeu6WJXvd81Ec="></latexit>

P(
x 2
|x 1
)

<latexit sha1_base64="yA23WGx0+YeqZAl+6sNoLtVr0zM="></latexit>

P(
x 3
|x 2
, x

1
)

<latexit sha1_base64="xJCVsxDe1htOG4lO67vCIVbyhFo="></latexit>

P(
x 4
|x 3
, x

2
, x

1
)

Model

<latexit sha1_base64="2Zwo+SL+GQAzEgN0vdRtu7NVte0="></latexit>x1
<latexit sha1_base64="3lPDSYBAq8x55BWQhqh2wLd17wc="></latexit>x2

<latexit sha1_base64="nbNE3RfcY+Q6RLvfvwgWEWFIjBc="></latexit>x3
<latexit sha1_base64="AO434je/RdwQZ7jn0bkFGvd107Q="></latexit>x4

<latexit sha1_base64="ZjoN5lJR2yQ66jLc43SLosqTylc="></latexit>

P(
x 1
)

<latexit sha1_base64="/YKvYBkX7Es+xXBeu6WJXvd81Ec="></latexit>

P(
x 2
|x 1
)

<latexit sha1_base64="yA23WGx0+YeqZAl+6sNoLtVr0zM="></latexit>

P(
x 3
|x 2
, x

1
)

<latexit sha1_base64="xJCVsxDe1htOG4lO67vCIVbyhFo="></latexit>

P(
x 4
|x 3
, x

2
, x

1
)

<latexit sha1_base64="2Zwo+SL+GQAzEgN0vdRtu7NVte0="></latexit>x1
<latexit sha1_base64="3lPDSYBAq8x55BWQhqh2wLd17wc="></latexit>x2

<latexit sha1_base64="nbNE3RfcY+Q6RLvfvwgWEWFIjBc="></latexit>x3
<latexit sha1_base64="AO434je/RdwQZ7jn0bkFGvd107Q="></latexit>x4

… …… …

<latexit sha1_base64="nRZxAkDB1M8xGUb0EcALZG3AarE="></latexit>

h4
<latexit sha1_base64="EmN27yOJ0HdYNcI7h/AH3ARIP7U="></latexit>

h3
<latexit sha1_base64="b5DrgMpvd7kN+qLoUkylhD8eUyQ="></latexit>

h2
<latexit sha1_base64="pm8i8NOhnjHo+mThPxaxoVf6pYU="></latexit>

h1

…

Masked Auto-Encoders Density Estimators
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<latexit sha1_base64="ZjoN5lJR2yQ66jLc43SLosqTylc="></latexit>

P(
x 1
)

<latexit sha1_base64="/YKvYBkX7Es+xXBeu6WJXvd81Ec="></latexit>

P(
x 2
|x 1
)

<latexit sha1_base64="yA23WGx0+YeqZAl+6sNoLtVr0zM="></latexit>

P(
x 3
|x 2
, x

1
)

<latexit sha1_base64="xJCVsxDe1htOG4lO67vCIVbyhFo="></latexit>

P(
x 4
|x 3
, x

2
, x

1
)

<latexit sha1_base64="2Zwo+SL+GQAzEgN0vdRtu7NVte0="></latexit>x1
<latexit sha1_base64="3lPDSYBAq8x55BWQhqh2wLd17wc="></latexit>x2

<latexit sha1_base64="nbNE3RfcY+Q6RLvfvwgWEWFIjBc="></latexit>x3
<latexit sha1_base64="AO434je/RdwQZ7jn0bkFGvd107Q="></latexit>x4

<latexit sha1_base64="YyCLTNAp5O5fjMnWfaCnGA9UaG0="></latexit>

W 1

<latexit sha1_base64="WTE5aBI7sgYmsVb6Lp9aq+nmJyc="></latexit>

W 2

<latexit sha1_base64="0v3k+4WpR20sn6Xw3j3vE4C2xB4="></latexit>

V

<latexit sha1_base64="ZjoN5lJR2yQ66jLc43SLosqTylc="></latexit>

P(
x 1
)

<latexit sha1_base64="/YKvYBkX7Es+xXBeu6WJXvd81Ec="></latexit>

P(
x 2
|x 1
)

<latexit sha1_base64="yA23WGx0+YeqZAl+6sNoLtVr0zM="></latexit>

P(
x 3
|x 2
, x

1
)

<latexit sha1_base64="xJCVsxDe1htOG4lO67vCIVbyhFo="></latexit>

P(
x 4
|x 3
, x

2
, x

1
)

<latexit sha1_base64="2Zwo+SL+GQAzEgN0vdRtu7NVte0="></latexit>x1
<latexit sha1_base64="3lPDSYBAq8x55BWQhqh2wLd17wc="></latexit>x2

<latexit sha1_base64="nbNE3RfcY+Q6RLvfvwgWEWFIjBc="></latexit>x3
<latexit sha1_base64="AO434je/RdwQZ7jn0bkFGvd107Q="></latexit>x4
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1 2 3

1 2 3 4

4

<latexit sha1_base64="ZjoN5lJR2yQ66jLc43SLosqTylc="></latexit>

P(
x 1
)

<latexit sha1_base64="/YKvYBkX7Es+xXBeu6WJXvd81Ec="></latexit>

P(
x 2
|x 1
)

<latexit sha1_base64="yA23WGx0+YeqZAl+6sNoLtVr0zM="></latexit>

P(
x 3
|x 2
, x

1
)

<latexit sha1_base64="xJCVsxDe1htOG4lO67vCIVbyhFo="></latexit>

P(
x 4
|x 3
, x

2
, x

1
)

<latexit sha1_base64="2Zwo+SL+GQAzEgN0vdRtu7NVte0="></latexit>x1
<latexit sha1_base64="3lPDSYBAq8x55BWQhqh2wLd17wc="></latexit>x2

<latexit sha1_base64="nbNE3RfcY+Q6RLvfvwgWEWFIjBc="></latexit>x3
<latexit sha1_base64="AO434je/RdwQZ7jn0bkFGvd107Q="></latexit>x4

1 2 1 2 3

1 1 2 1 3

<latexit sha1_base64="YyCLTNAp5O5fjMnWfaCnGA9UaG0="></latexit>

W 1

<latexit sha1_base64="WTE5aBI7sgYmsVb6Lp9aq+nmJyc="></latexit>

W 2

<latexit sha1_base64="0v3k+4WpR20sn6Xw3j3vE4C2xB4="></latexit>

V

1 2 3

1 2 3 4

4

1 2 1 2 3

1 1 2 1 3

1 2 3

1 2 3 4

4

1 2 1 2 3

1 1 2 1 3

1 2 3

1 2 3 4

4

1 2 1 2 3

1 1 2 1 3

1 2 3

1 2 3 4

4

1 2 1 2 3

1 1 2 1 3



Training MADE
• Similar to NADE


• Sum of Cross-Entropies


• Masking can be done quite efficiently


• Similar to NADE, the model is not good for abstraction

• Excellent for generation 

55

Various other variants of NADE exists, e.g., RNADE, DocNADE, Supervised DocNade, DeepNADE, etc.



Generative Adversarial Networks [7]
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Generator

Discriminator

Real 
Data

Synthetic 
Data

<latexit sha1_base64="UTApAKiGLlTe2bNcGV1Msg3a0QY="></latexit>

z ⇠ N (0, 1)

<latexit sha1_base64="q14KmhMG0DllEIBVYfAL/qdD3QI="></latexit>

min
�

Z
p(z) log(1�D✓(G�(z)))

<latexit sha1_base64="HZD6M9+8jNX+kSiXnLiJwFwg9Bg="></latexit>

min
�

Ez⇠P(z)[log(1�D✓(G�(z)))]

<latexit sha1_base64="r57Yiq1163WiK9ecpcfFCe46Rtw="></latexit>

max
✓

Ex⇠Pdata(.)[logD✓(x)] + Ez⇠P(z)[log(1�D✓(G�(z)))]

<latexit sha1_base64="EM+zJNvBz3es/CNKazBu8d7EoqQ="></latexit>

min
�

max
✓

[Ex⇠Pdata(.) logD✓(x) + Ez⇠P(z) log(1�D✓(G�(z)))]

Fake/No-
Fake

Discriminator’s Objective Function

Generator’s Objective Function



Generative Adversarial Networks
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<latexit sha1_base64="EM+zJNvBz3es/CNKazBu8d7EoqQ="></latexit>

min
�

max
✓

[Ex⇠Pdata(.) logD✓(x) + Ez⇠P(z) log(1�D✓(G�(z)))]

Generator

Discriminator

Real Data

Synthetic 
Data

<latexit sha1_base64="UTApAKiGLlTe2bNcGV1Msg3a0QY="></latexit>

z ⇠ N (0, 1)

Fake/No-
Fake

<latexit sha1_base64="BCk9TyhUt/16fIYZIA3EgGZFWjQ="></latexit>

max
✓

[Ex⇠Pdata(.) logD✓(x) + Ez⇠P(z) log(1�D✓(G�(z)))]

<latexit sha1_base64="Yr0iCwU2zKYFXcuU7hfK8dAqguk="></latexit>

min
�

Ez⇠P(z)[log(1�D✓(G�(z)))]

Discriminator’s Objective Function

Generator’s Objective Function



Training GANs
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• Instead of minimizing the likelihood of the discriminator being correct, maximize the likelihood of the 
discriminator being wrong, of course, the objective remains the same but the gradient signal becomes better



GANs - Summary

59

GAN’s relies heavily on neural network architecture as a generator, and for tabular data will bring the same 
drawbacks. However, the idea of generator and discriminator working in tandem is great and can be 

leveraged for tabular datasets

• Amazing results on structured datasets

• Hundreds of applications

• Sound theoretical properties: 


• Minimising GAN’s objective function (with optimal 
discriminator) is equivalent to minimising the 
Jenson-Shannon Divergence (JSD) between P(X) 
and P(Z)


• Issues - Mode Collapsing

• Variants: 


• Instead of minimising JSD, minimise Wasserstein 
Distance (WD), leading to Wasserstein GANs

Generator

Discriminator

Real Data

Synthetic 
Data

<latexit sha1_base64="UTApAKiGLlTe2bNcGV1Msg3a0QY="></latexit>

z ⇠ N (0, 1)

Fake/No-
Fake



Generative Stochastic Networks [16]
• Inspired from the idea of Denoising Auto-encoders 

(DAE)

• Transforms the difficult task of modelling P(X) into a 

supervised learning problem that may be much 
easier to solve 

60

• Given X from some unknown P(X), we obtain a 
corrupted X', by sampling from a known corruption 
distribution: C(X’|X) - we then use supervised learning 
methods to train a function - P(X'|X) - to reconstruct, as 
accurately as possible, any X from the data set given 
only a noisy version X'



TensorGen: Generating HealthCare Records [11]
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• Learn a naive Bayes like model


• Generate m instances following a generative 
process, however, there is one latent state and 
that is the class

<latexit sha1_base64="eldZN4zp5xiTWbowTmwWd8jrjjk=">AAACBXicbVA9SwNBEN3zM8avU0stFoMQm3AnojaCaGMZwUQld4S9zSSu2b07dufEcKSx8a/YWChi63+w89+4iSnU+GDg7Xsz7MyLUikMet6nMzE5NT0zW5grzi8sLi27K6t1k2SaQ40nMtGXETMgRQw1FCjhMtXAVCThIuqeDPyLW9BGJPE59lIIFevEoi04Qys13Y0gUdBhzRt6SAOEO9Qqr/bLV/Z5s910S17FG4KOE39ESmSEatP9CFoJzxTEyCUzpuF7KYY50yi4hH4xyAykjHdZBxqWxkyBCfPhFX26ZZUWbSfaVox0qP6cyJkypqci26kYXpu/3kD8z2tk2D4IcxGnGULMvz9qZ5JiQgeR0JbQwFH2LGFcC7sr5ddMM442uKINwf978jip71T8vcru2W7p6HgUR4Gsk01SJj7ZJ0fklFRJjXByTx7JM3lxHpwn59V5+26dcEYza+QXnPcviZ+XUA==</latexit>

!j = P(Y = j)

<latexit sha1_base64="lLZHiC7fvcB4BSiVN+I5QqEj5Q0=">AAACMXicbVDLSgMxFM34tr6qLt0Ei6AgZUaKuhGKblxWsLbSliGT3ta0ycyQ3BHL2F9y45+IGxeKuPUnTB+gVQ8ETs45l+SeIJbCoOu+OFPTM7Nz8wuLmaXlldW17PrGlYkSzaHMIxnpasAMSBFCGQVKqMYamAokVILu2cCv3II2IgovsRdDQ7F2KFqCM7SSnz3fqUcK2szv0BNaR7hDrdJSf/faXjt7mW/FT8V+pz8ZqvqC3tNR1M/m3Lw7BP1LvDHJkTFKfvap3ox4oiBELpkxNc+NsZEyjYJL6GfqiYGY8S5rQ83SkCkwjXS4cZ/uWKVJW5G2J0Q6VH9OpEwZ01OBTSqGN+a3NxD/82oJto4bqQjjBCHko4daiaQY0UF9tCk0cJQ9SxjXwv6V8humGUdbcsaW4P1e+S+5Osh7h/nCRSFXPB3XsUC2yDbZJR45IkVyTkqkTDh5IM/klbw5j86L8+58jKJTznhmk0zA+fwCov+oBw==</latexit>

Pi,j = P(Xi|Y = j)

• Results comparable to state-of-the-art methods 
like medGAN

• Dataset used is proprietary 

• Similar to Restricted Boltzmann Machines, 
however, learning is based on Tensor 
Factorization

• Constrained to binary variables



TensorGen: Generating HealthCare Records
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• When learning the parameters of a Latent Variable 
Model (LVM) with a tensor method, we have to 
follow two steps:

• We need to manipulate the observable 

moments in order to express them in form of a 
symmetric-low rank tensors, to approximate:

• Second, we have to use a tensor 
decomposition algorithm to get (M, )ω

<latexit sha1_base64="LCyt/DrX2zP8XTQV45kCpedwxfU="></latexit>

M1 =
kX

i=1

!iµi, M2 =
kX

i=1

!iµi ⌦ µi, M3 =
kX

i=1

!iµi ⌦ µi ⇥ µi, where

M1 2 Rd,M2 2 Rd⇥d,M3 2 Rd⇥d⇥d

<latexit sha1_base64="b3SgATfDUwbDvnlSiOBKN6GaXdw="></latexit>

M̃1
(N)

=
1

N

NX

i=1

X(i)

<latexit sha1_base64="1im91uCUnAqbfHN0iYhqP5V10tE="></latexit>

M̃2
(N)

=
1

N

NX

i=1

X(i) ⌦X(i)

<latexit sha1_base64="+7HjUhDMsYVCZasMmxscofHaJeE="></latexit>

M̃3
(N)

=
1

N

NX

i=1

X(i) ⌦X(i) ⌦X(i)



Generating Airline Passenger Records [14]

63

• Make use of Wasserstein GANs (WGANs)

• For unbiased gradients and better convergence:


• Make use of Cramer distance

Generator

Discriminator

Real Data

Synthetic 
Data

<latexit sha1_base64="UTApAKiGLlTe2bNcGV1Msg3a0QY="></latexit>

z ⇠ N (0, 1)

Fake/No-
Fake• Special Handling of: 


• Numeric attributes

• Categorical attributes

• Missing values

D
is

cr
im

in
at

or
G

en
er

at
or



Deep and Cross-Net [17]

64

• Cross-Net architecture

• DCN

• Composed of deep layers

• And cross-layers:



MedGAN [8]
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Decoder 

Encoder
<latexit sha1_base64="yeNeWR77pAelRqIptBC9z+uZX/4="></latexit>

X

<latexit sha1_base64="cSo2Rh+4Jq7fePz5uY+UPwC01N4="></latexit>

X̂

<latexit sha1_base64="PwOfg4i9sC+nsTJsk4ipSBOtvoM="></latexit>z

X

Discriminator

Generator

<latexit sha1_base64="UTApAKiGLlTe2bNcGV1Msg3a0QY="></latexit>

z ⇠ N (0, 1)

Real/Fake



MedGAN
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• Pre-trained Auto-Encoder

• MSE loss for count variables

• Cross entropy for binary variables

Decoder 

Encoder
<latexit sha1_base64="yeNeWR77pAelRqIptBC9z+uZX/4="></latexit>

X

<latexit sha1_base64="cSo2Rh+4Jq7fePz5uY+UPwC01N4="></latexit>

X̂

<latexit sha1_base64="PwOfg4i9sC+nsTJsk4ipSBOtvoM="></latexit>z

X

Discriminator

Generator

<latexit sha1_base64="UTApAKiGLlTe2bNcGV1Msg3a0QY="></latexit>

z ⇠ N (0, 1)

Real/Fake

• Output of decoder is rounded to their nearest integers to 
ensure that discriminator takes as input only discrete 
values

• GAN’s generator aims to generate representation 
of patient record (that is the output of the encoder), 
rather than generating the actual record

• Addressing Mode Collapse

• Mini-batch Averaging


• Average of the mini-batch is concatenated on the 
sample and is provided to the discriminator



MedGAN
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Decoder 

Encoder
<latexit sha1_base64="yeNeWR77pAelRqIptBC9z+uZX/4="></latexit>

X

<latexit sha1_base64="cSo2Rh+4Jq7fePz5uY+UPwC01N4="></latexit>

X̂

<latexit sha1_base64="PwOfg4i9sC+nsTJsk4ipSBOtvoM="></latexit>z

X

Discriminator

Generator

<latexit sha1_base64="UTApAKiGLlTe2bNcGV1Msg3a0QY="></latexit>

z ⇠ N (0, 1)

Real/Fake

• Addressing Mode Collapse

• Mini-batch Averaging


• Average of the mini-batch is concatenated on the 
sample and is provided to the discriminator



TableGAN [9]

68

• Address privacy and security concerns:

• Re-identification attack

• Attribute disclosure

• Membership attack

• Adopts DCGAN [22] architecture and have 
Generator and Discriminator, but has an 
additional component — Classifier (C):

• C predicts synthetic record labels

• Adding C helps maintain the consistency 

of values in the generated records

• E.g., record with ‘Gender = Male’ and 

‘Disease = Uterine Cancer’, must be 
prevented



TableGAN
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<latexit sha1_base64="kVuB0Hmh8AlCSygBYwPWqsOeV4w="></latexit>

Lmean = kE[fx]x⇠Pdata � E[fG(z)]z⇠Pzk2
<latexit sha1_base64="s3Z3pvzQANwTD7hDQxLHrpC6PkY="></latexit>

Lsd = kSD[fx]x⇠Pdata � SD[fG(z)]z⇠Pzk2

<latexit sha1_base64="ust+3x1HEA9DJaR9fXyDxDf8/n0="></latexit>

LG
info = max(0,Lmean � �mean) + max(0,LSD � �SD)

<latexit sha1_base64="wmz3LixTjhxc8Rn8nxAF2u9GbNE="></latexit>

LG
class = E[l(G(z))� C(remove(G(z)))]z⇠P(z)

1

2

3

<latexit sha1_base64="EM+zJNvBz3es/CNKazBu8d7EoqQ="></latexit>

min
�

max
✓

[Ex⇠Pdata(.) logD✓(x) + Ez⇠P(z) log(1�D✓(G�(z)))]

• Three Losses

• Typical GAN Loss

• Information Loss

• Classification Loss

f stands for feature 
extracted from last layer

Controlled  
Learning

Threshold for controlling 
the level of privacy

Function l returns 
the label



TableGAN
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• Three Losses

• Typical GAN Loss

• Information Loss

• Classification Loss



CTGAN [10]
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• Mode Specific Normalisation

• Continuous Attributes:


• Use Variational GMM to estimate the 
number of modes (m), and fit a Gaussian 
mixture

<latexit sha1_base64="9UhCBHap/hPkOAnoXGUuf6/8+Q0="></latexit>

rj = ↵1,j ⌦ �1,j ⌦ . . .⌦ ↵Nc,j ⌦ �Nc,j ⌦ d1,j ⌦ . . .⌦ dNd,j

• Final Representation• Discrete Attributes

• One-hot Representation

• The method of training a generator does not account for the imbalance in the categorical columns. If the 
training data are randomly sampled during training, the rows that fall into the minor category will not be 
sufficiently represented. If the training data is re-sampled, the generator learns the resampled distribution 
which is different from the real distribution



CTGAN
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• Training-by-sampling

• Conditional Vector

• Create Nd number of masks: m1, m2, …


• Randomly select a column with equal 
probability

• Construct PMF across the range of the 

values

• log(frequency) of each value 

• Select the value based on PMF, and 

set the mask accordingly

<latexit sha1_base64="GxXI/+gkUNH3y6p7yYZVgDXGaoA="></latexit>

cond = mi ⌦ . . .⌦mNd

<latexit sha1_base64="Sr2mX0MWudiPbkbfr9XCBx54/AQ="></latexit>

D1 = {1, 2, 3}
<latexit sha1_base64="ChWLIOUOgwKum3o4jnJUQDuSOqI="></latexit>
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CTGAN
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• Generator:

• Discriminator:



VQ-VAE [18]
• Vector Quantised-Variational AutoEncoder (VQ-VAE), differs from VAEs in two key ways: 


• Encoder network outputs discrete, rather than continuous, codes; 

• Posteriors and priors in VAEs are assumed normally distributed with diagonal covariance, which 

allows for the Gaussian re-parametrisation trick to be used

• In VQ-VAE - the posterior and prior distributions are categorical, and the samples drawn from these 

distributions index an embedding table

74

• These embeddings are then used as input into the decoder network



Adversarially Regularised Auto-Encoder [15]
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Bayesian Networks - Parameter Learning
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• Maximize Log-likelihood: • With constraints:

• Why maximize Log-likelihood? Why not Conditional Log-Likelihood?  
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• How about maximizing Conditional Log-likelihood?
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• How about maximizing Conditional Log-likelihood?
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• How about maximizing Conditional Log-likelihood?
<latexit sha1_base64="/ioG6O3pTwkFrlw8FVE0P/+l00o="></latexit>

CLL(G,✓✓✓) =
NX

j=1

log P(y(j)|x(j))

<latexit sha1_base64="RPFIfgDUyYCsvHXDC3qFWNqbspY="></latexit>

=
NX

j=1

 
log ✓y(j) +

nX

i=1

log ✓
x(j)
i |y(j)

!
� log

 YX

c=1

exp

 
log ✓c +

nX

i=1

log ✓
x(j)
i |c

!!

<latexit sha1_base64="RLZNVAZctghsLLmGTtMBIYdgwOg="></latexit>

=
NX

j=1

 
�y(j) +

nX

i=1

�
x(j)
i |y(j)

!
� log

 YX

c=1

exp

 
�c +

nX

i=1

�
x(j)
i |c

!!

<latexit sha1_base64="Cz5g7sGMnfPjnlz3hgEylJG5XIg="></latexit>

=
NX

j=1

 
�y(j) log ✓y(j) +

nX

i=1

�
x(j)
i |y(j) log ✓x(j)

i |y(j)

!
� log

 YX

c=1

exp

 
�c log ✓c +

nX

i=1

�
x(j)
i |c log ✓x(j)

i |c

!!

Copied from 

Previous Slide

Copied from 

Previous Slide

Over-parameterizing



Typical Bayesian Network — Parameter Learning [23]

81

• How about maximizing Conditional Log-likelihood?
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• How about maximizing Conditional Log-likelihood?
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• How about maximizing Conditional Log-likelihood?

Constraints

No Constraints

• Iteration-based 
Optimization - SGD 
(Adam)
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Discriminator
Network

Actual 

Image

Fake / Not-
Fake

Encoder Decoder

Generator
Network



GANBLR [24]
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Discriminator
Network

Generator
Network

85

Original 
Data

N x n

Generated 
Data

Sample

(0) Fake

(1) Real

Original  
Data

• [G]enerative [A]dversarial [N]etworks Inspired 
from [N]aive [B]ayes and [L]ogistic [R]egression


• Make use of Bayesian Networks, but employs a 
game-theoretic, GAN-based approach to 
learning



GANBLR
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Discriminator
Network

Generator
Network
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Sample
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Optimize

(0) Class A

(1) Class B
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Interpretability
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Interpretability
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Overall feature impact during GANBLR training



Use of Unrestricted Bayesian Network
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Restricted Un-Restricted



Handling Numeric Values
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Pip Download
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• GANBLR is a library using python to enable the 
synthetic tabular data generation


• It is available to install via pip command and 
become the repository of python package index 
group


• The dependencies are listed as below which will 
be installed via the pip command.

• There are three major class under the GANBLR library:

• GANBLR – The main class to set up the GANBLR model.

• DMMdiscritizer – The class to convert the numerical column to discretised column via Dirichlet Mode 

Discretization

• GANBLRPP – The main class to set up the GANBLR++ model



GANBLR Class
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• There are 4 main parameters in this class:

• K – the order of the feature interaction during the generation

• Batch-size – the size of the batch for training the generator for GANBLR

• Epochs – Number of epochs, to train both generator and discriminator

• Warmup_epochs – The epochs needed from total to run the generator solely

Define Class Call fit() Sample 
Synthetic Data

Evaluate 
TSTR



GANBLRPP Class
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Define Class Call fit() Sample 
Synthetic Data

Evaluate 
TSTR



DMMDiscritizer Class
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• It is a class used inside of the GANBLR++


• The DMMdiscritizer is to discretize the 
numerical column into Dirichlet Mode 
Discretization 
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Miscellaneous Issues
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• How to evaluate data generation model?


• Machine Learning Utility

• Similarity measurement

• Interpretability

• Other measures


• Need for a Unified Framework


• Application


• I - Record generation

• II - Privacy Preserving

• III - Fairness Enforcement

• IV - Missing values Imputation

• V - Adversarial Generation


• Conclusion / Q&A



Performance Evaluation
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Performance

Similarity

Interpretability

Local Global

JSD WD

Machine 
Learning 

Utility

Likelihood 
Utility

Is new data differentially private? How much Fairness is enforced?

How much new data is robust to 
adversarial attacks?
 Can new data do a better job at 

anomaly detection? 

Can missing values be treated? Many Others



Performance
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Machine Learning Utility

GeneratorTraining 
Data

Synthetic 
Data

Test Data LR

Random Forest

MLP

Train

Train Synthetic Test Real

Accuracy/F1-
Score

Likelihood Utility

GeneratorTraining 
Data

Test Data

Parameterized 
Simulated Data 

Oracle S

Re-parameterized 
Simulated Data 

Oracle S’

Learn 
Oracle 

Parameters from 
Synthetic 

Data

Synthetic 
Data

Real Data Simulated Data
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Age Salary Location

23 29k VIC

49 102k NSW

35 91k VIC

Real Data Synthetic Data

Age Salary Location

32 31k VIC

99 63k VIC

12 91k NSW
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Interpretation
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• Local interpretability:

• Understanding of why a synthetic data 

point belongs to the generated label (at 
any time during the training)


• Or, given a generated synthetic data 
instance, the probability of each possible 
label is present

• Global interpretability:

• How different features impact the synthetic label 

generation:

• E.g., which feature has the largest impact on the 

synthetic label



The need for a Framework
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• Classification Frameworks: 


• Weka:


• buildClassifier()

• distributionForInstance()


• Scikit-Learn:


• built()

• evaluate()


• Many Others

• Data Generation Frameworks:


• Katabatic:


• buildGenerator()

• generateData()

• evaluateModel()



Application I: Record Generation
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• Record Generation:


• Medical health records


• Airline passenger records

• Reinforcement Learning

• Interactive Learning

• Why and how to use the generated records?

• Address scarcity in data sources

• Can we use it in supervised settings?

• Anomaly Detection



Application II: Privacy Preserving

107

• Differential privacy guarantees the output of the model f be insensitive to the presence or absence of any 
one individual in the dataset

• Definition: A randomised algorithm M satisfies -differential privacy, if for all neighbouring datasets  
and  and all subsets z, we have: 

ϵ Ddata
D′￼

data P(M(Ddata) ∈ z) = eϵP(M(D′￼

data) ∈ z)

•  is the privacy budget, 

• Smaller value dictates:


• A strong privacy guarantee

• However, machine learning utility 

can be low 

ϵ

• We use Ddata and D’data, to denote two neighbouring datasets which differ exactly in one instance



Application II: Privacy Preserving
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Global Sensitivity

<latexit sha1_base64="tLN2kInlJa0aanRKHrcJtpgA/dE="></latexit>

� = max
Ddata,D0

data

|f(Ddata)� f(D
0
data)|1

Laplace Mechanism

<latexit sha1_base64="Qhrse8+hK4sKiO0M5uFxFSaURwM="></latexit>

M(Ddata) = f(Ddata) + Lap(0,
�

✏
)

Gaussian Noise Mechanism

<latexit sha1_base64="rD6NEAWgekVHN3pP7XbkwSDepH8="></latexit>

M(Ddata) = f(Ddata) +N (0,��2)

For a given deterministic function f , DP is of- ten achieved by injecting random noise into f ’s output, while 
the noise magnitude is determined by f ’s sensitivity  



Privacy Preserving [33]
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• Differential Privacy SGD Algorithm

• One might attempt to protect the privacy of training 

data by working only on the final parameters that 
result from the training process, treating this 
process as a black box

• One may not have a useful, tight 

characterization of the dependence of these 
parameters on the training data; adding overly 
conservative noise to the parameters, where the 
noise is selected according to the worst-case 
analysis, would destroy the utility of the learned 
model


• One must control the influence of the training data 
during the training process, specifically during the 
SGD computation

C and  are different for various

Layers in the network

σ



DP-GAN [34]
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• Is it straightforward to use DP SGD to use with-in GAN 
framework? 

• Not Straightforward

• Solution: DP-GAN DP Enforced 
only in Discriminator

• Moment Accountant 

• Let us talk about moment accountant 



Application III: Fairness Enforcement
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• How is un-bias/reference dataset Dref is built? De-bias Sampling

• Bias - Latent/Explicit

• Latent Bias: 

• Weak Supervision — un-bias/reference dataset Dref is built, and is used in conjunction with bias dataset 
Dbias


• Explicit bias: 

• Enforce fairness constraints — e.g., , where Y is the dependent variable, and S denotes 

some sensitive feature in the data

P(Y |S = 0)
P(Y |S = 1)

• Train on a model on: 

• Dref U Dbias


• Combining Dref and Dbias is a reasonable strategy, but what is needed is a way of systematic weighting 
that selects samples from Dref U Dbias such that fairness is not compromised


• Image domain - Conditional Modelling, Importance Re-weighting



Fairness Enforcement
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Discriminator
Network

Generator
Network

Original 
Data

N x n

Generated 
Data

Sample

(0) Fake

(1) Real

Original  
Data

Sample

Ask 
Oracle
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FairGAN [25]
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Application IV: Missing Value Imputation [35]
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Application IV: Missing Value Imputation [35]

115



Missing Value Imputation
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• HI-VAIE 
• Handling Incomplete Heterogeneous Data using 

VAEs

• MIDA 
• MIDA: Multiple Imputation using Denoising 

Autoencoders



Application V: Adversarial Generation
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• Ethical Adversarial Attacks:


• FGSM (Fast Gradient Sign Method)

• BIM (Basic Iterative Method)

• PGD (Projected Gradient Descent)

• DeepFool

• LowProFool 

• Blackbox-Tabular-Data-Attack (BTDA)

• Universal Attack



FGSM [26]
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• If  be the parameters of the model, x is the input and y is its associate label, and J( , x, y) be the cost used 
to train the network 

θ θ

• Required gradient can be computed efficiently using back-propagation

• We can linearise the cost function around the current value of , obtaining an optimal max-norm constrained 
perturbation of:

θ

<latexit sha1_base64="GHlmsDL3JL9/pdmCJE80DsWZrAs="></latexit>

⌘ = ✏ sign(rx(✓✓✓,x, y))

<latexit sha1_base64="f40ak2c6Qt6TXTvFB8ixyuGzU8I="></latexit>

xadv = x+ ⌘



BIM and PGD [27,28]
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• BIM 

• Apply FGSM multiple times with small step size


•  is set to 1


• Number of iterations: min( +4, 1.25 )


• ClipX, (A) is an element-wise clipping of A, 
where each element Aij, is clipped to the 
range: 

• [Xij - , Xij + ]

α
ϵ ϵ

ϵ

ϵ ϵ

BIM

<latexit sha1_base64="2XfziTNFPXmjgz1LtB3TlCcDQNQ="></latexit>

xadv
0 = x

<latexit sha1_base64="tBsfMjgi93AsRdQU0P4GJUL4C8M="></latexit>

xadv
N+1 = ClipX,✏{xadv

N + ↵sign(rx(✓✓✓,x
adv
N , y))}

<latexit sha1_base64="xCh1BuunIaffzCkY2jzhxAEz3A8="></latexit>

xadv
0 = xRandom

<latexit sha1_base64="tBsfMjgi93AsRdQU0P4GJUL4C8M="></latexit>

xadv
N+1 = ClipX,✏{xadv

N + ↵sign(rx(✓✓✓,x
adv
N , y))}

BIM

PGD

• PGD 
• Similar to BIM but initialize randomly



DeepFool [29]
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• DeepFool for Binary Classifier: 

• Minimal perturbation r*(x) for the classifier f to 

misclassify the input x is the orthogonal 
projection to the hyperplane of the binary 
classifier

<latexit sha1_base64="COUOnSoxr2s0YuiPwQTi0RiFhrg="></latexit>

r⇤(x0) = arg minkrk2
subject to sign(f(x0 + r)) 6= sign(f(x0))

= �f(x0)
w

kwk22



DeepFool [29]
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<latexit sha1_base64="COUOnSoxr2s0YuiPwQTi0RiFhrg="></latexit>

r⇤(x0) = arg minkrk2
subject to sign(f(x0 + r)) 6= sign(f(x0))

= �f(x0)
w

kwk22

<latexit sha1_base64="Z0YrXk8p2PSULUCKLKFvaxDQO58="></latexit>

argmin
ri

krik2, subject to f(xi) +rf(xi)
T ri = 0



LowProFool [30]
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• Apply FGSM multiple times with small step size:



Blackbox Attack and Universal Attack [31,32]

123



Adversarial Attacks on Tabular Data [36]
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Conclusion & Discussion
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Summary
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• Tabular Data Generation is extremely important in the context of Controlled Learning

• Massive stride has been made with coming off GAN and related deep data generation models

• Community needs to work on the standards/evaluations

• Simple methods should be considered and evaluated 

• There is a need for unified framework

• At the end of the day, we need something other than the given data - be it an auxiliary data source, 
expert advise or else - research need to focus on integration of such sources

• Need for investigating models that has little to no reliance on the data



Future Collaboration
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• Interested in writing competitive research 
grant applications like ARC Linkage


• Building on research collaboration

• Industry willing to fund a project

• Looking for a Phd in this area

Nayyar Zaidi Gang Li

http://www.nayyarzaidi.com

Google: {Nayyar, Zaidi, Deakin}

Email: nayyar.zaidi@deakin.edu.au

http://www.nayyarzaidi.com
mailto:nayyar.zaidi@deakin.edu.au
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