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1) Global Optimality of datag pp =
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2) Convergence of Algorithm

Proposition 2. If G and D have enough capacity, and at each step of Algorithm 1, the discriminator is allowed to reach its optimum given G, and     
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2) Convergence of Algorithm

Proof.

The subderivatives of a supremum of convex functions include the derivative of the function at the point where the maximum is attained.
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Written in : Python
Interface : PythonNov. 2010

Written in : C++
Interface : Python, MATLAB, C++Dec. 2013

Written in : C, Lua
Interface : C, LuaJul. 2014

Written in : Python
Interface : Python, RMar. 2015

Written in : C++, Python, CUDA
Interface : Python, C/C++, Java, Go, R, JuliaNov. 2015

Written in : 
Interface : Python, C++Apr. 2017

Written in : Python, C, CUDA
Interface : PythonOct. 2016

**

DL4J(Java)
Chainer(Python)
MXNet(C++, Python, Julia, MATLAB, JavaScript, Go, R, Scala, Perl)
CNTK(Python, C++), 
TF Learn(Python)
TF-Slim(Python)
Etc.

Recommend to choose these framework
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: Cell based execution

: Intellisense

: Intellisense
: Management of python env.
: GitHub
: AI tool package

: Startup file

: Intellisense
: Cell based execution
: Management of python env.

: Extension program

: Insane extension program

: Intellisense
: Environment setting
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GitHub

Everywhere

Collaborate on code

Version management

Markdown(.md)

Integration with development tools.

★★★

★★★☆

★★★★

Very personal opinion
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<- Revision history

VS 2017 ->
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Import

Parameter

Data load

Range

Discriminator

Generator

GPU

Optimizer

Train the D

Train the G

(https://github.com/rivergang/PyTorch_GAN)

https://github.com/rivergang/PyTorch_GAN
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• Generative Adversarial Network is composed the generator model and the discriminator.

• When training the discriminator, the parameters of the generator should be fixed and vice versa.

• The global minimum of the training criterion is achieved if and only if               .

• The generative distribution converges to the data distribution.

datag pp = Global optimality

Convergence of algorithm
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• DCGAN (based Conv. layer, optimal training network)
• AE, VAE (encoder & decoder)
• InfoGAN (meaning of latent vector)
• Unrolled GAN (problem of instability)
• LSGAN (Loss)
• Wasserstein GAN (Wasserstein distance)
• BEGAN (equilibrium concept)
• Pix2Pix (mapping)
• Disco GAN (cross domain relation)
• Cycle GAN (cross domain relation)

• f-GAN
• Energy based GAN
• U-Net
• ResNet
• …
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(http://devdoggo.netlify.com/post/python/python_techniques/)

http://devdoggo.netlify.com/post/python/python_techniques/
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