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1 Proof of theorems

Theorem 1. Optimizing the objective function J is equivalent to the problem of minimizing the following
summation of Jensen-Shannon divergences:
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Proof. For simplicity and without loss of generality we focus on a single minority class, say the ith one.
Then, we can start by finding that M∗i (x), which will maximize Ji (the component of J corresponding to
the ith class) for a given G. Therefore, we first find the partial differentiation of Ji, with respect to Mi(x),
as follows:
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Equating (1) to 0, and solving it for Mi(x) gives,
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Plugging in the value of M∗i (x) from (2) back in Ji, we get,
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From (3), ignoring the constant scalar multiplicative factor and the additive factor −cPc log 2 (also a constant
for a given problem) we can conclude that
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which completes the proof.

2 Network architecture and hyperparameter selection

2.1 SMOTE

The number of intra-class neighbours are varied between {3, 5, 7}, and finally set to 5 which is found to be
the best performer.

2.2 Common settings

For all of the networks the batch size is set to 32. For all the generators involved in different algorithms
the latent dimension is taken as 100 [6]. For GAMO using convolutional feature extraction the dimension
of the feature space is taken as 512. The momentum parameter in batch normalization is set to 0.9, while
the α in LeakyReLU is taken as 0.1 (Keras default settings). For convolutional layers the stride is 1, while
that for deconvolution layers is set to 2 (for increasing the resolution of the image). We have used Adam [5]
optimizer in all cases, for which the β2 parameter is set to 0.5. The latent dimension for GAMO2pix is also
set to 100. The maximum number of steps for different algorithms and datasets are listed in the following
Table 1.

2.3 Augmentation

Data augmentation is performed using the “preprocessing” function of the “ImageDataGenerator” class
available in “Keras” deep learning API. Table 2 lists the different parameters used for augmentation along
with their associated values.
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Table 1: List of maximum number of steps used by an algorithm on a dataset

Algorithm Dataset Maximum number of steps

Baseline CN MNIST, Fashion-MNIST, CIFAR10, SVHN 50000
Baseline CN CelebA, LSUN, SUN397 150000
SMOTE+CN MNIST Same as Baseline CN
Augment+CN Fashion-MNIST, CIFAR10, SVHN, CelebA, LSUN,

SUN397
Same as Baseline CN

cGAN+CN MNIST Same as Baseline CN
cG+CN MNIST, Fashion-MNIST Same as Baseline CN
cG+D+CN MNIST, Fashion-MNIST Same as Baseline CN
cDCGAN+CN Fashion-MNIST, CIFAR10, SVHN, CelebA, LSUN,

SUN397
Same as Baseline CN

DOS Fashion-MNIST, CIFAR10, SVHN, CelebA, LSUN,
SUN397

Same as Baseline CN

GAMO\D MNIST, Fashion-MNIST, CIFAR10, SVHN, CelebA,
LSUN, SUN397

Same as Baseline CN

GAMO MNIST, Fashion-MNIST, CIFAR10, SVHN, CelebA,
LSUN, SUN397

Same as Baseline CN

GAMO2pix Fashion-MNIST, CIFAR10 25000
GAMO2pix CelebA 50000

Table 2: List of parameters along with their corresponding values chosen for augmenting the datasets.

Fashion-MNIST CelebA
Parameters CIFAR10 LSUN

SVHN SUN50

rotation range 20 20
width shift range 0.2 0.2
height shift range 0.2 0.2

shear range 0.2 0.2
zoom range 0.2 0.2

brightness range (0.1, 1) (0.1, 1)
fill mode nearest nearest

horizontal flip False True

The name and value of the parameters follow
the convention of the standard “Keras” imple-
mentation.

2.4 GAMO network

The GAMO network architecture and hyperparameters, along with the grid search space and the final
network is listed in Table 3.

2.5 cGAN/cDCGAN network

The cGAN and cDCGAN network architecture and hyperparameters grid search space and the final network
is listed in Table 4.

2.6 Classifier network

The classifier network architecture and hyperparameters grid search space and the final network is listed in
Table 5.
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Table 3: Grid search space along with the selected network architecture and hyperparameter settings of
GAMO framework.

Dataset Parameters Grid search space Final network

MNIST

No. of layers in cTG {2, 3, 4} Dense, 256, ReLU
Dense, 64, ReLU

BN in cTG {True, False} True
No. of layers in IGUi - Dense, ni, softmax

No. of layers in D {2, 3, 4}
Dense, 256, LeakyReLU
Dense, 128, LeakyReLU

Dense, 1, sigmoid

No. of layers in CN {2, 3, 4}
Dense, 256, LeakyReLU
Dense, 128, LeakyReLU

Dense, 10, softmax

Fashion-MNIST

No. of layers in C {2, 3, 4}
5× 5 Conv., 32, LeakyReLU
5× 5 Conv., 32, LeakyReLU

Dense, 512, tanh
Average Pooling in C {True, False} True

BN in cTG {True, False} True
Other parameters - Identical to MNIST

CIFAR10

No. of layers in C - Similar to Fashion-MNIST
Average Pooling in C - True

No. of layers in cTG {2, 3} Dense, 256, ReLU
Dense, 64, ReLU

BN in cTG - True
No. of layers in IGUi - Dense, ni, softmax

No. of layers in D {3, 4}
Dense, 256, LeakyReLU
Dense, 128, LeakyReLU

Dense, 1, sigmoid

No. of layers in CN {3, 4}
Dense, 256, LeakyReLU
Dense, 128, LeakyReLU

Dense, 10, softmax

CelebA

No. of layers in C {4, 5, 6}

5× 5, Conv., 32, LeakyReLU
5× 5, Conv., 32, LeakyReLU
5× 5, Conv., 32, LeakyReLU
5× 5, Conv., 32, LeakyReLU

Dense, 512, tanh
Average Pooling in C - True

No. of layers in cTG {3, 4} Dense, 256, ReLU
Dense, 64, ReLU

BN in cTG - True
No. of layers in IGUi - Dense, ni, softmax

No. of layers in D {3, 4}
Dense, 256, LeakyReLU
Dense, 128, LeakyReLU

Dense, 1, sigmoid

No. of layers in CN {3, 4}
Dense, 256, LeakyReLU
Dense, 128, LeakyReLU

Dense, 5, softmax

Optimizer Adam (β1) {0.0002, 0.002, 0.02} 0.0002

The β2 parameter of Adam optimizer is set to 0.5 for all experiments.
If True then BN or Batch Normalization [4] is applied after every dense layer of cTG.
If True then 2× 2 AveragePooling is applied after every convolution layer.
Due to the similar nature of the two datasets, the optimum architecture and parameter settings
for CIFAR10 are also used for SVHN.
Due to the similar nature of the three datasets, the optimum architecture and parameter settings
for CelebA are also used for LSUN, and SUN397.

2.7 DOS

The DOS network for a dataset is designed similarly to the baseline classifier network. The neighborhood
size is set following the guideline of the original article [1].
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Table 4: Grid search space along with the selected network architecture and hyperparameter settings of the
cGAN/cDCGAN network.

Dataset Parameters Grid search space Final network

MNIST

No. of layers in Generator {3, 4}
Dense, 128, ReLU
Dense, 256, ReLU
Dense, 784, tanh

No. of layers in Discriminator {3, 4}
Dense, 256, LeakyReLU
Dense, 128, LeakyReLU

Dense, 1, sigmoid

Fashion-MNIST

No. of layers in Generator {4, 5, 6, 7, 8}

Dense, 6272, LeakyReLU
4× 4 Conv., 128, LeakyReLU

4× 4 Deconv., 128, LeakyReLU
4× 4 Conv., 128, LeakyReLU

4× 4 Deconv., 128, LeakyReLU
5× 5 Conv., 128, LeakyReLU

5× 5 Conv., 1, tanh
BN in Generator {True, False} True

Average Pooling in Generator {True, False} False

No. of layers in Discriminator {5, 6}

5× 5 Conv., 32, LeakyReLU
5× 5 Conv., 32, LeakyReLU

Dense, 256, LeakyReLU
Dense, 128, LeakyReLU

Dense, 1, sigmoid
Average Pooling in Discriminator {True, False} True

CIFAR10

No. of layers in Generator {4, 5, 6, 7, 8}

Dense, 512, LeakyReLU
4× 4, Deconv., 32, LeakyReLU
4× 4, Deconv., 32, LeakyReLU

5× 5, Deconv., 3, tanh
BN in Generator - True

Average Pooling in Generator - False

No. of layers in Discriminator {5, 6}

5× 5 Conv., 32, LeakyReLU
5× 5 Conv., 32, LeakyReLU

Dense, 256, LeakyReLU
Dense, 128, LeakyReLU

Dense, 1, sigmoid
Average Pooling in Discriminator - True

CelebA

No. of layers in Generator {4, 5, 6, 7, 8}

Dense, 2048, LeakyReLU
4× 4, Deconv., 64, LeakyReLU
4× 4, Deconv., 64, LeakyReLU
4× 4, Deconv., 64, LeakyReLU

4× 4, Deconv., 3, tanh
BN in Generator - True

Average Pooling in Generator - False

No. layers in Discriminator {6, 7, 8}

5× 5, Conv., 32, LeakyReLU
5× 5, Conv., 32, LeakyReLU
5× 5, Conv., 32, LeakyReLU
5× 5, Conv., 32, LeakyReLU

Dense, 256, LeakyReLU
Dense, 128, LeakyReLU

Dense, 1, sigmoid
Average Pooling in Discriminator - True

Optimizer Adam (β1) {0.0002, 0.002, 0.02} 0.0002

The β2 parameter of Adam optimizer is set to 0.5 for all experiments.
If True then BN or Batch Normalization [4] is applied after every dense layer of conditional generator.
In case of MNIST and Fashion-MNIST the generator used in cG+CN, and cG+D+CN has similar architecture
to that of cGAN.
If True then 2× 2 AveragePooling is applied after every convolution layer.
Due to the similar nature of the two datasets, the optimum architecture and parameter settings for CIFAR10
are also used for SVHN.
Due to the similar nature of the three datasets, the optimum architecture and parameter settings for CelebA
are also used for LSUN, and SUN397.
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Table 5: Grid search space along with the selected network architecture and hyperparameter settings of the
classifier network.

Dataset Parameters Grid search space Final network

MNIST No. of Dense layers {2, 3, 4}
Dense, 256, LeakyReLU
Dense, 128, LeakyReLU

Dense, 10, softmax

Fashion-MNIST
No. of Conv. layers {2, 3, 4} 5× 5 Conv., 32, LeakyReLU

5× 5 Conv., 32, LeakyReLU
Average Pooling {True, False} True

Other parameters - Identical to MNIST

CIFAR10

No. of Conv. layers {2, 3, 4} 5× 5, Conv., 32, LeakyReLU
5× 5, Conv., 32, LeakyReLU

Average Pooling {True, False} True

No. of Dense layers {2, 3, 4}
Dense, 256, LeakyReLU
Dense, 128, LeakyReLU

Dense, 10, softmax

CelebA

No. of Conv. layers {3, 4, 5}

5× 5, Conv., 32, LeakyReLU
5× 5, Conv., 32, LeakyReLU
5× 5, Conv., 32, LeakyReLU
5× 5, Conv., 32, LeakyReLU

Average Pooling - True

No. of Dense layers {2, 3, 4}
Dense, 256, LeakyReLU
Dense, 128, LeakyReLU

Dense, 5, softmax

Optimizer Adam (β1) {0.0002, 0.002, 0.02} 0.0002

The β2 parameter of Adam optimizer is set to 0.5 for all experiments.
If True then 2× 2 AveragePooling is applied after every convolution layer.
Due to the similar nature of the two datasets, the optimum architecture and parameter settings
for CIFAR10 are also used for SVHN.
Due to the similar nature of the three datasets, the optimum architecture and parameter settings
for CelebA are also used for LSUN, and SUN397.

Note

The Dense parts are kept similar throughout analogous networks as that particular architecture is found to
be performing better on average over all algorithms, after the grid search.

3 GAMO2pix

The GAMO2pix network architecture and hyperparameters of the final network is listed in Table 6.

6



Table 6: Network architecture and hyperparameter settings of the GAMO2pix network.

Dataset Parameters Final network

Fashion-MNIST

Mean layer Dense, 100
Log Variance layer Dense, 100

Decoder

Dense, 1568, LeakyReLU
4× 4, Deconv., 32, LeakyReLU
4× 4, Deconv., 32, LeakyReLU

4× 4, Conv., 1, tanh

CIFAR10 Decoder

Dense, 512, LeakyReLU
4× 4, Deconv., 32, LeakyReLU
4× 4, Deconv., 32, LeakyReLU
4× 4, Deconv., 32, LeakyReLU

4× 4, Conv., 3, tanh

CelebA Decoder

Dense, 512, LeakyReLU
4× 4, Deconv., 32, LeakyReLU
4× 4, Deconv., 32, LeakyReLU
4× 4, Deconv., 32, LeakyReLU
4× 4, Deconv., 32, LeakyReLU

4× 4, Conv., 3, tanh

Optimizer Adam (β1) 0.0002

For all the datasets, the corresponding feature extractor network trained
by GAMO is connected to the Mean and Log Variance layer. Among all
the components of GAMO2pix only the feature extractor is kept fixed
throughout the training period.
The β2 parameter of Adam optimizer is set to 0.5 for all experiments.
Due to the similar nature of the two datasets, the optimum architecture
and parameter settings for CIFAR10 are also used for SVHN.
The Mean layer and the Log Variance layer is kept similar to Fashion-
MNIST for CIFAR10, SVHN, and CelebA.
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4 Results on non-image datasets

The five non-image datasets used for additionally validating the performance of GAMO are collected from
University of California, Irvine, Machine Learning Repository [3], KEEL [7], and LibSVM [2]. The different
properties of these datasets are detailed in Table 7. The results of the comparison between GAMO, Baseline
CN, cGAN+CN, SMOTE+CN, and GAMO\D are summarized in the following Table 8. We have used a
10-fold stratified cross-validation and report the mean ACSA and GM. The best ACSA and GM among the
contenders are boldfaced for each dataset. It is evident from Table 8 that GAMO on average can retain
its commendable performance on non-image datasets as well. Interestingly, the average performance of
SMOTE+CN in terms of ACSA is close to that of GAMO, justifying the popularity of SMOTE over the
past couple of decades. However, compared to SMOTE+CN, the proposed GAMO shows a better consistency
over all the classes as indicated by the higher average GM.

Table 7: Detailed description of the datasets.

Dataset Number of Number of Number of IR
name points dimensions classes

Abalone19 4177 8 2 129.5
Chess 28056 6 18 168.6

Cover Type 581012 54 7 103.13
IJCNN1 141691 22 2 9.4
Magic 19020 10 2 1.8

Table 8: Results on non-image class imbalanced benchmark datasets.

Datasets
Baseline CN SMOTE+CN cGAN+CN GAMO\D GAMO

ACSA GM ACSA GM ACSA GM ACSA GM ACSA GM

Abalone19 0.50 0.00 0.58 0.48 0.59 0.48 0.46 0.00 0.59 0.48
Chess 0.29 0.00 0.30 0.00 0.25 0.00 0.16 0.00 0.32 0.20

Cover Type 0.51 0.43 0.70 0.64 0.57 0.47 0.46 0.31 0.66 0.64
IJCNN1 0.91 0.90 0.93 0.93 0.93 0.93 0.89 0.88 0.95 0.95
Magic 0.82 0.82 0.81 0.81 0.82 0.82 0.73 0.72 0.83 0.83

Average Performance 0.60 0.43 0.66 0.57 0.63 0.54 0.54 0.38 0.67 0.62
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Codes

The codes are implemented in Python and compatible with any version which is 2.7 and above. The
codes require support from additional libraries such as Keras deep learning API with any backend (for
example TensorFlow) of choice, numpy, scikit-learn, scipy, os, sys, opencv, pickle, and matplotlib. Here we
provide the codes of GAMO for MNIST and Fashion-MNIST, alongwith GAMO2pix for the later dataset.
We also provide a pre-processing code which given the original dataset in csv format will output a class-
imbalanced version similar to ours. Codes and datasets can also be downloaded from https://github.com/

SankhaSubhra/GAMO.

Data pre-processing for MNIST

Download the MNIST dataset from source, convert it to csv format, and then execute the following to induce
class-imbalance.

import numpy as np
import p i c k l e as pk

tra inDataOri=np . l oadtxt ( ’ mn i s t t r a i n . csv ’ , d e l im i t e r= ’ , ’ )
testDataOri=np . l oadtxt ( ’ mn i s t t e s t . csv ’ , d e l im i t e r= ’ , ’ )
t ra inSetOr i , tra inLabOri=tra inDataOri [ : , 1 : ] , t ra inDataOri [ : , 0 ]
t e s tSe tOr i , testLabOri=testDataOri [ : , 1 : ] , testDataOri [ : , 0 ]

po int s InTrClass =((4000 , 2000 , 1000 , 750 , 500 , 350 , 200 , 100 , 60 , 40))

numClass=10
po ints InTsClass=100
maxPTrClass , maxPTsClass=4000 , 800

c lassLocTr=np . i n s e r t (np . cumsum( po ints InTrClass ) , 0 , 0)
classMapTr , classMapTs , t ra inPo int s , t e s tPo in t s=l i s t ( ) , l i s t ( ) , l i s t ( ) , l i s t ( )
for i in range ( numClass ) :

classMapTr . append (np . where ( tra inLabOri==i ) [ 0 ] )
classMapTs . append (np . where ( testLabOri==i ) [ 0 ] )

t ra inS=np . z e ro s ( ( np .sum( po int s InTrClass ) , t r a inSe tOr i . shape [ 1 ] ) )
t ra inL=np . z e ro s ( ( np .sum( po int s InTrClass ) , 1 ) )

for i in range ( numClass ) :
randIdxTr=np . random . randint (0 , maxPTrClass , po int s InTrClass [ i ] )
t r a i nPo in t s . append ( classMapTr [ i ] [ randIdxTr ] )
t ra inS [ c lassLocTr [ i ] : c lassLocTr [ i +1] , : ]= t ra inSe tOr i [ t r a i nPo in t s [ i ] , : ]
t ra inL [ c lassLocTr [ i ] : c lassLocTr [ i +1] , 0]= tra inLabOri [ t r a i nPo in t s [ i ] ]

t ra inDataFina l=np . hstack ( ( tra inS , t ra inL ) )

t e s tS=np . z e ro s ( ( int ( numClass∗ po ints InTsClass ) , t e s tS e tOr i . shape [ 1 ] ) )
t e s tL=np . z e ro s ( ( int ( numClass∗ po ints InTsClass ) , 1 ) )
c lassLocTs=np . arange (0 , ( numClass+1)∗pointsInTsClass , po int s InTsClass )
for i in range ( numClass ) :

randIdxTs=np . random . randint (0 , maxPTsClass , po int s InTsClass )
t e s tPo in t s . append ( classMapTs [ i ] [ randIdxTs ] )
t e s tS [ c lassLocTs [ i ] : c lassLocTs [ i +1] , : ]= t e s tS e tOr i [ t e s tPo in t s [ i ] , : ]
t e s tL [ c lassLocTs [ i ] : c lassLocTs [ i +1] , 0]= testLabOri [ t e s tPo in t s [ i ] ]

t e s tDataFina l=np . hstack ( ( testS , t e s tL ) )

sampledPoints={ ’ Mnis t 100 tra inSamples ’ : t ra inPo int s , ’ Mnis t 100 testSamples ’ : t e s tPo in t s }
pk .dump( sampledPoints , open( ’ Mnist 100 sampledPoints . pkl ’ , ’wb ’ ) )
np . savetxt ( ’ Mnist 100 tra inData . csv ’ , t ra inDataFinal , d e l im i t e r=” , ” )
np . savetxt ( ’ Mnist 100 testData . csv ’ , testDataFinal , d e l im i t e r=” , ” )

GAMO main script for MNIST

The following is the “main” script which can be executed to classify MNIST dataset (with class-imbalance)
using GAMO. Besides standard python libraries the script imports two additional ones (described in the
following sections) namely “dense net.py”, and “dense suppli.py”, which respectively contains the functions
necessary defining the network and performing supporting tasks.

# For running in python 2.7+
from f u t u r e import p r i n t f unc t i on , u n i c o d e l i t e r a l s
from f u t u r e import abso lute import , d i v i s i o n

import os
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import numpy as np
import den s e supp l i as spp
import dense net as nt
import matp lo t l ib . pyplot as p l t
from keras . p r ep ro c e s s i ng import image
from keras . l a y e r s import Input
from keras . models import Model
from keras . op t im i z e r s import Adam
from keras . u t i l s . n p u t i l s import t o c a t e g o r i c a l

# For s e l e c t i n g a GPU
# os . environ [”CUDA DEVICE ORDER”]=”PCI BUS ID”
# os . environ [”CUDA VISIBLE DEVICES”]=”1”

# Ground works
f i leName=[ ’ Mnist 100 tra inData . csv ’ , ’ Mnist 100 testData . csv ’ ]
f i l e S t a r t=’Mnist 100 Gamo ’
f i l eEnd , savePath=’ Model . h5 ’ , f i l e S t a r t+’ / ’
adamOpt=Adam(0 .0002 , 0 . 5 )
latDim , modelSamplePd , resSamplePd=100 , 5000 , 500
p l t . ion ( )

batchSize , max step=32, 50000

tra inS , l abe lTr=spp . f i l eRead ( f i leName [ 0 ] )
testS , l abe lTs=spp . f i l eRead ( f i leName [ 1 ] )

n , m=tra inS . shape [ 0 ] , t e s tS . shape [ 0 ]
t ra inS , t e s tS=(tra inS −127 .5)/127.5 , ( testS −127.5)/127.5

labe lTr , labe lTs , c , pInClass , =spp . r e l a b e l ( labe lTr , l abe lTs )
imbalancedCls , toBalance , imbClsNum , i r=spp . i rF ind ( pInClass , c )

l abe l sCat=t o c a t e g o r i c a l ( l abe lTr )

s hu f f l e I nd ex=np . random . cho i c e (np . arange (n ) , s i z e =(n , ) , r ep l a c e=False )
t ra inS=tra inS [ s hu f f l e I nd ex ]
l abe lTr=labe lTr [ s hu f f l e I nd ex ]
l abe l sCat=labe l sCat [ s hu f f l e I nd ex ]
classMap=l i s t ( )
for i in range ( c ) :

classMap . append (np . where ( l abe lTr==i ) [ 0 ] )

# model i n i t i a l i z a t i o n
mlp=nt . denseMlpCreate ( )
mlp . compile ( l o s s=’ mean squared error ’ , opt imize r=adamOpt)
mlp . t r a i n ab l e=False

d i s=nt . denseDisCreate ( )
d i s . compile ( l o s s=’ mean squared error ’ , opt imize r=adamOpt)
d i s . t r a i n ab l e=False

gen=nt . denseGamoGenCreate ( latDim )

gen processed , genP mlp , genP dis=l i s t ( ) , l i s t ( ) , l i s t ( )
for i in range ( imbClsNum ) :

dataMinor=tra inS [ classMap [ i ] , : ]
numMinor=dataMinor . shape [ 0 ]
gen proce s s ed . append ( nt . denseGenProcessCreate (numMinor , dataMinor ) )

ip1=Input ( shape=(latDim , ) )
ip2=Input ( shape=(c , ) )
op1=gen ( [ ip1 , ip2 ] )
op2=gen proce s s ed [ i ] ( op1 )
op3=mlp ( op2 )
genP mlp . append (Model ( inputs=[ ip1 , ip2 ] , outputs=op3 ) )
genP mlp [ i ] . compile ( l o s s=’ mean squared error ’ , opt imize r=adamOpt)

ip1=Input ( shape=(latDim , ) )
ip2=Input ( shape=(c , ) )
ip3=Input ( shape=(c , ) )
op1=gen ( [ ip1 , ip2 ] )
op2=gen proce s s ed [ i ] ( op1 )
op3=d i s ( [ op2 , ip3 ] )
genP dis . append (Model ( inputs=[ ip1 , ip2 , ip3 ] , outputs=op3 ) )
genP dis [ i ] . compile ( l o s s=’ mean squared error ’ , opt imize r=adamOpt)

# for record saving
batchDiv , numBatches , bSStore=spp . batchDiv i s i on (n , batchS ize )
genClassPoints=int (np . c e i l ( batchS ize /c ) )
f i g , axs=p l t . subp lo t s ( imbClsNum , 3)
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i f not os . path . e x i s t s ( f i l e S t a r t ) :
os . makedirs ( f i l e S t a r t )

picPath=savePath+’ P i c tu r e s ’
i f not os . path . e x i s t s ( picPath ) :

os . makedirs ( picPath )

i ter=np . int (np . c e i l ( max step/resSamplePd )+1)
acsaSaveTr , gmSaveTr , accSaveTr=np . z e ro s ( ( iter , ) ) , np . z e r o s ( ( iter , ) ) , np . z e ro s ( ( iter , ) )
acsaSaveTs , gmSaveTs , accSaveTs=np . z e ro s ( ( iter , ) ) , np . z e r o s ( ( iter , ) ) , np . z e ro s ( ( iter , ) )
confMatSaveTr , confMatSaveTs=np . z e ro s ( ( iter , c , c ) ) , np . z e ro s ( ( iter , c , c ) )
tprSaveTr , tprSaveTs=np . z e ro s ( ( iter , c ) ) , np . z e ro s ( ( iter , c ) )

# tra in ing
s tep=0
while step<max step :

for j in range ( numBatches ) :
x1 , x2=batchDiv [ j , 0 ] , batchDiv [ j +1, 0 ]
val idR=np . ones ( ( bSStore [ j , 0 ] ,1))−np . random . uniform (0 , 0 . 1 , s i z e =(bSStore [ j , 0 ] , 1 ) )
mlp . t r a in on ba t ch ( t ra inS [ x1 : x2 ] , l abe l sCat [ x1 : x2 ] )
d i s . t r a i n on ba t ch ( [ t ra inS [ x1 : x2 ] , l abe l sCat [ x1 : x2 ] ] , val idR )

i n v a l i d=np . z e ro s ( ( bSStore [ j , 0 ] , 1))+np . random . uniform (0 , 0 . 1 , s i z e =(bSStore [ j , 0 ] , 1 ) )
randNoise=np . random . normal (0 , 1 , ( bSStore [ j , 0 ] , latDim ) )
fakeLabe l=spp . randomLabelGen ( toBalance , bSStore [ j , 0 ] , c )
rLPerClass=spp . r ea r range ( fakeLabel , imbClsNum)
fakePo int s=np . z e ro s ( ( bSStore [ j , 0 ] , 784))
genFinal=gen . p r ed i c t ( [ randNoise , fakeLabe l ] )
for i 1 in range ( imbClsNum ) :

i f rLPerClass [ i 1 ] . shape [ 0 ] != 0 :
temp=genFinal [ rLPerClass [ i 1 ] ]
f akePo int s [ rLPerClass [ i 1 ] ]= gen proce s s ed [ i 1 ] . p r ed i c t ( temp)

mlp . t r a in on ba t ch ( fakePoints , fakeLabe l )
d i s . t r a i n on ba t ch ( [ fakePoints , fakeLabe l ] , i n v a l i d )

for i 1 in range ( imbClsNum ) :
val idA=np . ones ( ( genClassPoints , 1 ) )
randomLabel=np . z e ro s ( ( genClassPoints , c ) )
randomLabel [ : , i 1 ]=1
randNoise=np . random . normal (0 , 1 , ( genClassPoints , latDim ) )
oppos i t eLabe l=np . ones ( ( genClassPoints , c ))− randomLabel
genP mlp [ i 1 ] . t r a in on ba t ch ( [ randNoise , randomLabel ] , oppos i t eLabe l )
genP dis [ i 1 ] . t r a in on ba t ch ( [ randNoise , randomLabel , randomLabel ] , val idA )

i f s tep%resSamplePd==0:
saveStep=int ( s tep // resSamplePd )

pLabel=np . argmax (mlp . p r ed i c t ( t ra inS ) , ax i s=1)
acsa , gm, tpr , confMat , acc=spp . i n d i c e s ( pLabel , l abe lTr )
print ( ’ Train : Step : ’ , step , ’ACSA: ’ , np . round( acsa , 4 ) , ’GM: ’ , np . round(gm, 4) )
print ( ’TPR: ’ , np . round( tpr , 2 ) )
acsaSaveTr [ saveStep ] , gmSaveTr [ saveStep ] , accSaveTr [ saveStep ]=acsa , gm, acc
confMatSaveTr [ saveStep ]=confMat
tprSaveTr [ saveStep ]= tpr

pLabel=np . argmax (mlp . p r ed i c t ( t e s tS ) , ax i s=1)
acsa , gm, tpr , confMat , acc=spp . i n d i c e s ( pLabel , l abe lTs )
print ( ’ Test : Step : ’ , step , ’ACSA: ’ , np . round( acsa , 4 ) , ’GM: ’ , np . round(gm, 4) )
print ( ’TPR: ’ , np . round( tpr , 2 ) )
acsaSaveTs [ saveStep ] , gmSaveTs [ saveStep ] , accSaveTs [ saveStep ]=acsa , gm, acc
confMatSaveTs [ saveStep ]=confMat
tprSaveTs [ saveStep ]= tpr

for i 1 in range ( imbClsNum ) :
t e s tNo i s e=np . random . normal (0 , 1 , (3 , latDim ) )
t e s tLabe l=np . z e ro s ( ( 3 , c ) )
t e s tLabe l [ : , i 1 ]=1
genFinal=gen . p r ed i c t ( [ t e s tNo i s e , t e s tLabe l ] )
genImages=gen proce s s ed [ i 1 ] . p r ed i c t ( genFinal )
genImages=np . reshape ( genImages , (3 , 28 , 28) )
for i 2 in range ( 3 ) :

img=image . a r ray to img (np . expand dims ( genImages [ i 2 ] , ax i s=−1), s c a l e=True )
axs [ i1 , i 2 ] . imshow( img , cmap=’ gray ’ )
axs [ i1 , i 2 ] . ax i s ( ’ o f f ’ )

p l t . show ( )
p l t . pause (5 )

f igFi leName=picPath+’ / ’+f i l e S t a r t+’ ’+str ( s tep )+ ’ . png ’
p l t . s a v e f i g ( f igFileName , bbox inches=’ t i gh t ’ )
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i f s tep%modelSamplePd==0 and s tep !=0:
d irecPath=savePath+’ gamo models ’+str ( s tep )
i f not os . path . e x i s t s ( d i recPath ) :

os . makedirs ( d i recPath )
gen . save ( direcPath+’ /GEN ’+str ( s tep )+ f i l eEnd )
mlp . save ( direcPath+’ /MLP ’+str ( s tep )+ f i l eEnd )
d i s . save ( direcPath+’ /DIS ’+str ( s tep )+ f i l eEnd )
for i in range ( imbClsNum ) :

gen proce s s ed [ i ] . save ( direcPath+’ /GenP ’+str ( i )+ ’ ’+str ( s tep )+ f i l eEnd )

step=step+2
i f step>=max step : break

f igFi leName=picPath+’ / ’+f i l e S t a r t+’ ’+str ( s tep )+ ’ . png ’
p l t . s a v e f i g ( f igFileName , bbox inches=’ t i gh t ’ )

pLabel=np . argmax (mlp . p r ed i c t ( t ra inS ) , ax i s=1)
acsa , gm, tpr , confMat , acc=spp . i n d i c e s ( pLabel , l abe lTr )
print ( ’ Performance on Train Set : Step : ’ , step , ’ACSA: ’ , np . round( acsa , 4 ) , ’GM: ’ , np . round(gm, 4) )
print ( ’TPR: ’ , np . round( tpr , 2 ) )
acsaSaveTr [−1] , gmSaveTr [−1] , accSaveTr [−1]=acsa , gm, acc
confMatSaveTr [−1]=confMat
tprSaveTr [−1]= tpr

pLabel=np . argmax (mlp . p r ed i c t ( t e s tS ) , ax i s=1)
acsa , gm, tpr , confMat , acc=spp . i n d i c e s ( pLabel , l abe lTs )
print ( ’ Performance on Test Set : Step : ’ , step , ’ACSA: ’ , np . round( acsa , 4 ) , ’GM: ’ , np . round(gm, 4) )
print ( ’TPR: ’ , np . round( tpr , 2 ) )
acsaSaveTs [−1] , gmSaveTs [−1] , accSaveTs [−1]=acsa , gm, acc
confMatSaveTs [−1]=confMat
tprSaveTs [−1]= tpr

direcPath=savePath+’ gamo models ’+str ( s tep )
i f not os . path . e x i s t s ( d i recPath ) :

os . makedirs ( d irecPath )
gen . save ( direcPath+’ /GEN ’+str ( s tep )+ f i l eEnd )
mlp . save ( direcPath+’ /MLP ’+str ( s tep )+ f i l eEnd )
d i s . save ( direcPath+’ /DIS ’+str ( s tep )+ f i l eEnd )
for i in range ( imbClsNum ) :

gen proce s s ed [ i ] . save ( direcPath+’ /GenP ’+str ( i )+ ’ ’+str ( s tep )+ f i l eEnd )

resSave=savePath+’ Resu l t s ’
np . savez ( resSave , acsa=acsa , gm=gm, tpr=tpr , confMat=confMat , acc=acc )
recordSave=savePath+’ Record ’
np . savez ( recordSave , acsaSaveTr=acsaSaveTr , gmSaveTr=gmSaveTr , accSaveTr=accSaveTr ,

acsaSaveTs=acsaSaveTs , gmSaveTs=gmSaveTs , accSaveTs=accSaveTs , confMatSaveTr=confMatSaveTr ,
confMatSaveTs=confMatSaveTs , tprSaveTr=tprSaveTr , tprSaveTs=tprSaveTs )

GAMO network for MNIST

Save the following functions in a single file named “dense net.py” which will be imported in the “main”.

# For running in python 2.7+
from f u t u r e import p r i n t f unc t i on , u n i c o d e l i t e r a l s
from f u t u r e import abso lute import , d i v i s i o n

from keras import backend as K
from keras . l a y e r s import Input , Dense , RepeatVector , Lambda
from keras . l a y e r s import BatchNormalization , Concatenate , Mult ip ly
from keras . l a y e r s . advanced ac t iva t i ons import LeakyReLU
from keras . models import Model

def denseGamoGenCreate ( latDim ) :
no i s e=Input ( shape=(latDim , ) )
l a b e l s=Input ( shape =(10 ,))
gamoGenInput=Concatenate ( ) ( [ no i se , l a b e l s ] )

x=Dense (256 , a c t i v a t i on=’ r e l u ’ ) ( gamoGenInput )
x=BatchNormalization (momentum=0.9)( x )

x=Dense (64 , a c t i v a t i o n=’ r e l u ’ ) ( x )
gamoGenFinal=BatchNormalization (momentum=0.9)( x )

gamoGen=Model ( [ no i se , l a b e l s ] , gamoGenFinal )
gamoGen . summary ( )
return gamoGen

def denseGenProcessCreate (numMinor , dataMinor ) :
ip1=Input ( shape =(64 ,))
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x=Dense (numMinor , a c t i v a t i o n=’ softmax ’ ) ( ip1 )
x=RepeatVector (784) ( x )
genProces sF ina l=Lambda( lambda x : K.sum( x∗K. transpose (K. constant ( dataMinor ) ) , ax i s =2))(x )

genProcess=Model ( ip1 , genProces sF ina l )
return genProcess

def denseDisCreate ( ) :
imIn=Input ( shape =(784 ,))
l a b e l s=Input ( shape =(10 ,))
d i s Input=Concatenate ( ) ( [ imIn , l a b e l s ] )

x=Dense (256 ) ( d i s Input )
x=LeakyReLU( alpha =0.1)( x )

x=Dense (128 ) ( x )
x=LeakyReLU( alpha =0.1)( x )

d i sF i na l=Dense (1 , a c t i v a t i o n=’ s igmoid ’ ) ( x )

d i s=Model ( [ imIn , l a b e l s ] , d i sF i na l )
d i s . summary ( )
return d i s

def denseMlpCreate ( ) :

imIn=Input ( shape =(784 ,))

x=Dense (256 ) ( imIn )
x=LeakyReLU( alpha =0.1)( x )

x=Dense (128 ) ( x )
x=LeakyReLU( alpha =0.1)( x )

mlpFinal=Dense (10 , a c t i v a t i on=’ softmax ’ ) ( x )

mlp=Model ( imIn , mlpFinal )
mlp . summary ( )
return mlp

GAMO supplementary functions for MNIST: dense suppli.py

Save the following functions in a single file named “dense suppli.py”, which will be imported in the ”main”.

# For running in python 2.7+
from f u t u r e import p r i n t f unc t i on , u n i c o d e l i t e r a l s
from f u t u r e import abso lute import , d i v i s i o n

import sys
import numpy as np
from sk l e a rn . metr i c s import con fus i on matr ix
from s c ipy . s p a t i a l . d i s t ance import c d i s t
from keras . u t i l s . n p u t i l s import t o c a t e g o r i c a l

def r e l a b e l ( labe lTr , l abe lTs ) :
unqLab , pInClass=np . unique ( labe lTr , r e tu rn count s=True )
sortedUnqLab=np . a r g s o r t ( pInClass , kind=’ mergesort ’ )
c=sortedUnqLab . shape [ 0 ]
labelsNewTr=np . z e ro s ( ( l abe lTr . shape [0 ] , ) ) −1
labelsNewTs=np . z e ro s ( ( l abe lTs . shape [0 ] , ) ) −1
pInClass=np . s o r t ( pInClass )
classMap=l i s t ( )
for i in range ( c ) :

labelsNewTr [ l abe lTr==unqLab [ sortedUnqLab [ i ] ] ]= i
labelsNewTs [ l abe lTs==unqLab [ sortedUnqLab [ i ] ] ]= i
classMap . append (np . where ( labelsNewTr==i ) [ 0 ] )

return labelsNewTr , labelsNewTs , c , pInClass , classMap

def i rF ind ( pInClass , c , i r I g n o r e =1):
i r=pInClass [−1]/ pInClass
imbalancedCls=np . arange ( c ) [ i r>i r I g n o r e ]
toBalance=np . subt rac t ( pInClass [−1] , pInClass [ imbalancedCls ] )
imbClsNum=toBalance . shape [ 0 ]
i f imbClsNum==0: sys . e x i t ( ’No imbalanced c l a s s e s found , e x i t i n g . . . ’ )
return imbalancedCls , toBalance , imbClsNum , i r

def f i l eRead ( f i leName ) :
dataTotal=np . l oadtxt ( fi leName , d e l im i t e r=’ , ’ )
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data=dataTotal [ : , :−1]
l a b e l s=dataTotal [ : , −1]
return data , l a b e l s

def i n d i c e s ( pLabel , tLabel ) :
confMat=con fus i on matr ix ( tLabel , pLabel )
nc=np .sum( confMat , ax i s=1)
tp=np . d iagona l ( confMat )
tpr=tp/nc
acsa=np .mean( tpr )
gm=np . prod ( tpr )∗∗(1/ confMat . shape [ 0 ] )
acc=np .sum( tp )/np .sum( nc )
return acsa , gm, tpr , confMat , acc

def randomLabelGen ( toBalance , batchSize , c ) :
cumProb=np . cumsum( toBalance /np .sum( toBalance ) )
b ins=np . i n s e r t ( cumProb , 0 , 0)
randomValue=np . random . rand ( batchSize , )
randLabel=np . d i g i t i z e ( randomValue , b ins )−1
randLabe l cat=t o c a t e g o r i c a l ( randLabel )
labe lPadding=np . z e ro s ( ( batchSize , c−randLabe l cat . shape [ 1 ] ) )
randLabe l cat=np . hstack ( ( randLabel cat , labe lPadding ) )
return randLabe l cat

def batchDiv i s i on (n , batchS ize ) :
numBatches , r e s i d u a l=int (np . c e i l (n/ batchS ize ) ) , int (n%batchS ize )
i f r e s i d u a l==0:

r e s i d u a l=batchS ize
batchDiv=np . z e ro s ( ( numBatches+1 ,1) , dtype=’ in t64 ’ )
batchS i zeSto re=np . ones ( ( numBatches , 1 ) , dtype=’ in t64 ’ )
batchS i zeSto re [0:−1 , 0]= batchS ize
batchS i zeSto re [−1 , 0]= r e s i d u a l
for i in range ( numBatches ) :

batchDiv [ i ]= i ∗batchS ize
batchDiv [ numBatches]=batchDiv [ numBatches−1]+ r e s i d u a l
return batchDiv , numBatches , batchS i zeStore

def r ea r range ( labe l sCat , numImbCls ) :
l a b e l s=np . argmax ( labe l sCat , ax i s=1)
arrangeMap=l i s t ( )
for i in range (numImbCls ) :

arrangeMap . append (np . where ( l a b e l s==i ) [ 0 ] )
return arrangeMap

Data pre-processing for Fashion-MNIST

Download the Fashion-MNIST dataset from source, convert it to csv format, and then execute the following
to induce class-imbalance.

import numpy as np
import p i c k l e as pk

tra inDataOri=np . l oadtxt ( ’ f a sh i onMn i s t t r a i n . csv ’ , d e l im i t e r= ’ , ’ )
testDataOri=np . l oadtxt ( ’ f a sh i onMn i s t t e s t . csv ’ , d e l im i t e r= ’ , ’ )
t ra inSetOr i , tra inLabOri=tra inDataOri [ : , 1 : ] , t ra inDataOri [ : , 0 ]
t e s tSe tOr i , testLabOri=testDataOri [ : , 1 : ] , testDataOri [ : , 0 ]

n , m=tra inSe tOr i . shape [ 0 ] , t e s tS e tOr i . shape [ 0 ]
for i in range (n ) :

temp=np . reshape ( t r a inSe tOr i [ i ] , (28 , 28))
t r a inSe tOr i [ i ]=np . t ranspose ( temp ) . f l a t t e n ( )

for i in range (m) :
temp=np . reshape ( t e s tS e tOr i [ i ] , (28 , 28))
t e s tS e tOr i [ i ]=np . t ranspose ( temp ) . f l a t t e n ( )

po int s InTrClass =((4000 , 2000 , 1000 , 750 , 500 , 350 , 200 , 100 , 60 , 40))

numClass=10
po ints InTsClass=100
maxPTrClass , maxPTsClass=4000 , 800

c lassLocTr=np . i n s e r t (np . cumsum( po ints InTrClass ) , 0 , 0)
classMapTr , classMapTs , t ra inPo int s , t e s tPo in t s=l i s t ( ) , l i s t ( ) , l i s t ( ) , l i s t ( )
for i in range ( numClass ) :

classMapTr . append (np . where ( tra inLabOri==i ) [ 0 ] )
classMapTs . append (np . where ( testLabOri==i ) [ 0 ] )

t ra inS=np . z e ro s ( ( np .sum( po int s InTrClass ) , t r a inSe tOr i . shape [ 1 ] ) )
t ra inL=np . z e ro s ( ( np .sum( po int s InTrClass ) , 1 ) )
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for i in range ( numClass ) :
randIdxTr=np . random . randint (0 , maxPTrClass , po int s InTrClass [ i ] )
t r a i nPo in t s . append ( classMapTr [ i ] [ randIdxTr ] )
t ra inS [ c lassLocTr [ i ] : c lassLocTr [ i +1] , : ]= t ra inSe tOr i [ t r a i nPo in t s [ i ] , : ]
t ra inL [ c lassLocTr [ i ] : c lassLocTr [ i +1] , 0]= tra inLabOri [ t r a i nPo in t s [ i ] ]

t ra inDataFina l=np . hstack ( ( tra inS , t ra inL ) )

t e s tS=np . z e ro s ( ( int ( numClass∗ po ints InTsClass ) , t e s tS e tOr i . shape [ 1 ] ) )
t e s tL=np . z e ro s ( ( int ( numClass∗ po ints InTsClass ) , 1 ) )
c lassLocTs=np . arange (0 , ( numClass+1)∗pointsInTsClass , po int s InTsClass )
for i in range ( numClass ) :

randIdxTs=np . random . randint (0 , maxPTsClass , po int s InTsClass )
t e s tPo in t s . append ( classMapTs [ i ] [ randIdxTs ] )
t e s tS [ c lassLocTs [ i ] : c lassLocTs [ i +1] , : ]= t e s tS e tOr i [ t e s tPo in t s [ i ] , : ]
t e s tL [ c lassLocTs [ i ] : c lassLocTs [ i +1] , 0]= testLabOri [ t e s tPo in t s [ i ] ]

t e s tDataFina l=np . hstack ( ( testS , t e s tL ) )

sampledPoints={ ’ fMni s t 100 t ra inSample s ’ : t ra inPo int s , ’ fMni s t 100 te s tSample s ’ : t e s tPo in t s }
pk .dump( sampledPoints , open( ’ fMnist 100 sampledPoints . pkl ’ , ’wb ’ ) )
np . savetxt ( ’ fMni s t 100 t ra inData . csv ’ , t ra inDataFinal , d e l im i t e r=” , ” )
np . savetxt ( ’ fMni s t 100 te s tData . csv ’ , testDataFina l , d e l im i t e r=” , ” )

GAMO main script for Fashion-MNIST

Similar to GAMO for MNIST, the following works as a “main” script which classifies Fashion-MNIST dataset.
The code in addition to the standard libraries requires “fashion mnist net.py” and “fashion mnist suppli.py”
(described in the subsequent sections), which respectively provides the necessary functions to design the
network and perform supporting tasks.

import os
import numpy as np
import f a s h i on mn i s t s upp l i as spp
import f a sh i on mn i s t n e t as nt
from keras . l a y e r s import Input
from keras . models import Model
from keras . op t im i z e r s import Adam
from keras . u t i l s . n p u t i l s import t o c a t e g o r i c a l

f i leName=[ ’ fMni s t 100 t ra inData . csv ’ , ’ fMni s t 100 te s tData . csv ’ ]
f i l e S t a r t=’ fMnist 100 Gamo ’
f i l eEnd , savePath=’ Model . h5 ’ , f i l e S t a r t+’ / ’
adamOpt=Adam(0 .0002 , 0 . 5 )
latDim , modelSamplePd , resSamplePd=100 , 5000 , 500

batchSize , max step=32, 50000

tra inS , l abe lTr=spp . f i l eRead ( f i leName [ 0 ] )
testS , l abe lTs=spp . f i l eRead ( f i leName [ 1 ] )

n , m=tra inS . shape [ 0 ] , t e s tS . shape [ 0 ]
t ra inS , t e s tS=(tra inS −127 .5)/127.5 , ( testS −127.5)/127.5
tra inS , t e s tS=np . reshape ( tra inS , (n , 28 , 28 , 1 ) ) , np . reshape ( testS , (m, 28 , 28 , 1 ) )

labe lTr , labe lTs , c , pInClass , =spp . r e l a b e l ( labe lTr , l abe lTs )
imbalancedCls , toBalance , imbClsNum , i r=spp . i rF ind ( pInClass , c )

l abe l sCat=t o c a t e g o r i c a l ( l abe lTr )

s hu f f l e I nd ex=np . random . cho i c e (np . arange (n ) , s i z e =(n , ) , r ep l a c e=False )
t ra inS=tra inS [ s hu f f l e I nd ex ]
l abe lTr=labe lTr [ s hu f f l e I nd ex ]
l abe l sCat=labe l sCat [ s hu f f l e I nd ex ]
classMap=l i s t ( )
for i in range ( c ) :

classMap . append (np . where ( l abe lTr==i ) [ 0 ] )

mlp=nt . fMnistGamoMlpCreate ( )
mlp . compile ( l o s s=’ mean squared error ’ , opt imize r=adamOpt)
mlp . t r a i n ab l e=False

gamoConv=nt . fMnistGamoConvCreate ( )
ip1=Input ( shape=(28 , 28 , 1 ) )
conv mlp=Model ( inputs=gamoConv . inputs , outputs=mlp (gamoConv . outputs ) )
conv mlp . compile ( l o s s=’ mean squared error ’ , opt imize r=adamOpt)

d i s=nt . fMnistGamoDisCreate ( )
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d i s . compile ( l o s s=’ mean squared error ’ , opt imize r=adamOpt)
d i s . t r a i n ab l e=False

gen=nt . fMnistGamoGenCreate ( latDim )

gen processed , genP mlp , genP dis=l i s t ( ) , l i s t ( ) , l i s t ( )
for i in range ( imbClsNum ) :

dataMinor=tra inS [ classMap [ i ] , : ]
numMinor=dataMinor . shape [ 0 ]
gen proce s s ed . append ( nt . fMnistGenProcessCreate (numMinor ) )

ip1=Input ( shape=(latDim , ) )
ip2=Input ( shape=(c , ) )
ip3=Input ( shape=(512 , numMinor ) )
op1=gen ( [ ip1 , ip2 ] )
op2=gen proce s s ed [ i ] ( [ op1 , ip3 ] )
op3=mlp ( op2 )
genP mlp . append (Model ( inputs=[ ip1 , ip2 , ip3 ] , outputs=op3 ) )
genP mlp [ i ] . compile ( l o s s=’ mean squared error ’ , opt imize r=adamOpt)

ip1=Input ( shape=(latDim , ) )
ip2=Input ( shape=(c , ) )
ip3=Input ( shape=(512 , numMinor ) )
ip4=Input ( shape=(c , ) )
op1=gen ( [ ip1 , ip2 ] )
op2=gen proce s s ed [ i ] ( [ op1 , ip3 ] )
op3=d i s ( [ op2 , ip4 ] )
genP dis . append (Model ( inputs=[ ip1 , ip2 , ip3 , ip4 ] , outputs=op3 ) )
genP dis [ i ] . compile ( l o s s=’ mean squared error ’ , opt imize r=adamOpt)

batchDiv , numBatches , bSStore=spp . batchDiv i s i on (n , batchS ize )
genClassPoints=int (np . c e i l ( batchS ize /c ) )

inC la s sPo in t s=l i s t ( )
inC la s sPo in t s =[None ]∗ imbClsNum

validA=np . ones ( ( genClassPoints , 1 ) )

i f not os . path . e x i s t s ( f i l e S t a r t ) :
os . makedirs ( f i l e S t a r t )

i ter=np . int (np . c e i l ( max step/resSamplePd )+1)
acsaSaveTr , gmSaveTr , accSaveTr=np . z e ro s ( ( iter , ) ) , np . z e r o s ( ( iter , ) ) , np . z e ro s ( ( iter , ) )
acsaSaveTs , gmSaveTs , accSaveTs=np . z e ro s ( ( iter , ) ) , np . z e r o s ( ( iter , ) ) , np . z e ro s ( ( iter , ) )
confMatSaveTr , confMatSaveTs=np . z e ro s ( ( iter , c , c ) ) , np . z e ro s ( ( iter , c , c ) )
tprSaveTr , tprSaveTs=np . z e ro s ( ( iter , c ) ) , np . z e ro s ( ( iter , c ) )

s tep=0
while step<max step :

conv mlp . f i t ( tra inS , labe l sCat , b a t ch s i z e=batchSize , verbose=0)
t ra inSFeature s=gamoConv . p r ed i c t ( tra inS , b a t ch s i z e =500)
for i 1 in range ( imbClsNum ) :

inC la s sPo in t s [ i 1 ]=np . expand dims (np . t ranspose ( t ra inSFeature s [ classMap [ i 1 ] ] ) , ax i s=0)

for j in range ( numBatches ) :
x1 , x2=batchDiv [ j , 0 ] , batchDiv [ j +1, 0 ]
val idR=np . ones ( ( bSStore [ j , 0 ] ,1))−np . random . uniform (0 , 0 . 1 , s i z e =(bSStore [ j , 0 ] , 1 ) )
mlp . t r a in on ba t ch ( t ra inSFeature s [ x1 : x2 ] , l abe l sCat [ x1 : x2 ] )
d i s . t r a i n on ba t ch ( [ t ra inSFeature s [ x1 : x2 ] , l abe l sCat [ x1 : x2 ] ] , val idR )

i n v a l i d=np . z e ro s ( ( bSStore [ j , 0 ] , 1))+np . random . uniform (0 , 0 . 1 , s i z e =(bSStore [ j , 0 ] , 1 ) )
randNoise=np . random . normal (0 , 1 , ( bSStore [ j , 0 ] , latDim ) )
fakeLabe l=spp . randomLabelGen ( toBalance , bSStore [ j , 0 ] , c )
rLPerClass=spp . r ea r range ( fakeLabel , imbClsNum)
fakePo int s=np . z e ro s ( ( bSStore [ j , 0 ] , 512))
genFinal=gen . p r ed i c t ( [ randNoise , fakeLabe l ] )
for i 1 in range ( imbClsNum ) :

i f rLPerClass [ i 1 ] . shape [ 0 ] != 0 :
temp=genFinal [ rLPerClass [ i 1 ] ]
minorPoints=np . repeat ( inC la s sPo in t s [ i 1 ] , rLPerClass [ i 1 ] . shape [ 0 ] , ax i s=0)
fakePo int s [ rLPerClass [ i 1 ] ]= gen proce s s ed [ i 1 ] . p r ed i c t ( [ temp , minorPoints ] )

mlp . t r a in on ba t ch ( fakePoints , fakeLabe l )
d i s . t r a i n on ba t ch ( [ fakePoints , fakeLabe l ] , i n v a l i d )

for i 1 in range ( imbClsNum ) :
rLabel=np . z e ro s ( ( genClassPoints , c ) )
rLabel [ : , i 1 ]=1
randNoise=np . random . normal (0 , 1 , ( genClassPoints , latDim ) )
oppos i t eLabe l=np . ones ( ( genClassPoints , c ))− rLabel
minorPoints=np . repeat ( inC la s sPo in t s [ i 1 ] , genClassPoints , ax i s=0)
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genP mlp [ i 1 ] . t r a in on ba t ch ( [ randNoise , rLabel , minorPoints ] , oppos i t eLabe l )
genP dis [ i 1 ] . t r a in on ba t ch ( [ randNoise , rLabel , minorPoints , rLabel ] , val idA )

i f s tep%resSamplePd==0:
saveStep=int ( s tep // resSamplePd )

pLabel=np . argmax ( conv mlp . p r ed i c t ( t ra inS ) , ax i s=1)
acsa , gm, tpr , confMat , acc=spp . i n d i c e s ( pLabel , l abe lTr )
print ( ’ Train : Step : ’ , step , ’ACSA: ’ , np . round( acsa , 4 ) , ’GM: ’ , np . round(gm, 4) )
print ( ’TPR: ’ , np . round( tpr , 2 ) )
acsaSaveTr [ saveStep ] , gmSaveTr [ saveStep ] , accSaveTr [ saveStep ]=acsa , gm, acc
confMatSaveTr [ saveStep ]=confMat
tprSaveTr [ saveStep ]= tpr

pLabel=np . argmax ( conv mlp . p r ed i c t ( t e s tS ) , ax i s=1)
acsa , gm, tpr , confMat , acc=spp . i n d i c e s ( pLabel , l abe lTs )
print ( ’ Test : Step : ’ , step , ’ACSA: ’ , np . round( acsa , 4 ) , ’GM: ’ , np . round(gm, 4) )
print ( ’TPR: ’ , np . round( tpr , 2 ) )
acsaSaveTs [ saveStep ] , gmSaveTs [ saveStep ] , accSaveTs [ saveStep ]=acsa , gm, acc
confMatSaveTs [ saveStep ]=confMat
tprSaveTs [ saveStep ]= tpr

i f s tep%modelSamplePd==0 and s tep !=0:
d irecPath=savePath+’ gamo models ’+str ( s tep )
i f not os . path . e x i s t s ( d i recPath ) :

os . makedirs ( d i recPath )
d i s . save ( direcPath+’ /DIS ’+str ( s tep )+ f i l eEnd )
gen . save ( direcPath+’ /GEN ’+str ( s tep )+ f i l eEnd )
mlp . save ( direcPath+’ /MLP ’+str ( s tep )+ f i l eEnd )
gamoConv . save ( direcPath+’ /Conv ’+str ( s tep )+ f i l eEnd )
for i in range ( imbClsNum ) :

gen proce s s ed [ i ] . save ( direcPath+’ /GenP ’+str ( i )+ ’ ’+str ( s tep )+ f i l eEnd )

step=step+2
i f step>=max step : break

pLabel=np . argmax ( conv mlp . p r ed i c t ( t ra inS ) , ax i s=1)
acsa , gm, tpr , confMat , acc=spp . i n d i c e s ( pLabel , l abe lTr )
print ( ’ Performance on Train Set : Step : ’ , step , ’ACSA: ’ , np . round( acsa , 4 ) , ’GM: ’ , np . round(gm, 4) )
print ( ’TPR: ’ , np . round( tpr , 2 ) )
acsaSaveTr [−1] , gmSaveTr [−1] , accSaveTr [−1]=acsa , gm, acc
confMatSaveTr [−1]=confMat
tprSaveTr [−1]= tpr

pLabel=np . argmax ( conv mlp . p r ed i c t ( t e s tS ) , ax i s=1)
acsa , gm, tpr , confMat , acc=spp . i n d i c e s ( pLabel , l abe lTs )
print ( ’ Performance on Test Set : Step : ’ , step , ’ACSA: ’ , np . round( acsa , 4 ) , ’GM: ’ , np . round(gm, 4) )
print ( ’TPR: ’ , np . round( tpr , 2 ) )
acsaSaveTs [−1] , gmSaveTs [−1] , accSaveTs [−1]=acsa , gm, acc
confMatSaveTs [−1]=confMat
tprSaveTs [−1]= tpr

direcPath=savePath+’ gamo models ’+str ( s tep )
i f not os . path . e x i s t s ( d i recPath ) :

os . makedirs ( d irecPath )
d i s . save ( direcPath+’ /DIS ’+str ( s tep )+ f i l eEnd )
gen . save ( direcPath+’ /GEN ’+str ( s tep )+ f i l eEnd )
mlp . save ( direcPath+’ /MLP ’+str ( s tep )+ f i l eEnd )
gamoConv . save ( direcPath+’ /Conv ’+str ( s tep )+ f i l eEnd )
for i in range ( imbClsNum ) :

gen proce s s ed [ i ] . save ( direcPath+’ /GenP ’+str ( i )+ ’ ’+str ( s tep )+ f i l eEnd )

resSave=savePath+’ Resu l t s ’
np . savez ( resSave , acsa=acsa , gm=gm, tpr=tpr , confMat=confMat , acc=acc )
recordSave=savePath+’ Record ’
np . savez ( recordSave , acsaSaveTr=acsaSaveTr , gmSaveTr=gmSaveTr , accSaveTr=accSaveTr ,

acsaSaveTs=acsaSaveTs , gmSaveTs=gmSaveTs , accSaveTs=accSaveTs , confMatSaveTr=confMatSaveTr ,
confMatSaveTs=confMatSaveTs , tprSaveTr=tprSaveTr , tprSaveTs=tprSaveTs )

GAMO network for Fashion-MNIST: fashion mnist net.py

Save the following functions in a single file named “fashion mnist net.py”, which will be imported in the
”main”.

# For running in python 2.7+
from f u t u r e import p r i n t f unc t i on , u n i c o d e l i t e r a l s
from f u t u r e import abso lute import , d i v i s i o n
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from keras import backend as K
from keras . l a y e r s import Input , Dense , RepeatVector , Lambda , Multiply , Conv2D , Conv2DTranspose
from keras . l a y e r s import BatchNormalization , Concatenate , AveragePooling2D , Flatten , Reshape
from keras . l a y e r s . advanced ac t iva t i ons import LeakyReLU
from keras . models import Model

def fMnistGamoGenCreate ( latDim ) :
no i s e=Input ( shape=(latDim , ) )
l a b e l s=Input ( shape =(10 ,))
gamoGenInput=Concatenate ( ) ( [ no i se , l a b e l s ] )

x=Dense (256 , a c t i v a t i on=’ r e l u ’ ) ( gamoGenInput )
x=BatchNormalization (momentum=0.9)( x )

x=Dense (64 , a c t i v a t i o n=’ r e l u ’ ) ( x )
gamoGenFinal=BatchNormalization (momentum=0.9)( x )

gamoGen=Model ( [ no i se , l a b e l s ] , gamoGenFinal )
gamoGen . summary ( )
return gamoGen

def fMnistGenProcessCreate (numMinor ) :
ip1=Input ( shape=(64 , ) )
ip2=Input ( shape=(512 , numMinor ) )

x=Dense (numMinor , a c t i v a t i o n=’ softmax ’ ) ( ip1 )
x=RepeatVector (512) ( x )

x=Mult ip ly ( ) ( [ x , ip2 ] )
genProcFinal=Lambda( lambda x : K.sum(x , ax i s =−1))(x )

genProcess=Model ( [ ip1 , ip2 ] , genProcFinal )
return genProcess

def fMnistGamoConvCreate ( ) :
ip1=Input ( shape=(28 , 28 , 1 ) )

x=Conv2D(32 , k e r n e l s i z e =5, padding=’ same ’ ) ( ip1 )
x=LeakyReLU ( 0 . 1 ) ( x )
x=AveragePooling2D ( p o o l s i z e =(2 , 2) , s t r i d e s =2, padding=’ same ’ ) ( x )

x=Conv2D(32 , k e r n e l s i z e =5, padding=’ same ’ ) ( x )
x=LeakyReLU ( 0 . 1 ) ( x )
x=AveragePooling2D ( p o o l s i z e =(2 , 2) , s t r i d e s =2, padding=’ same ’ ) ( x )

x=Flatten ( ) ( x )
gamoConvFinal=Dense (512 , a c t i v a t i o n=’ tanh ’ ) ( x )

gamoConv=Model ( ip1 , gamoConvFinal )
gamoConv . summary ( )
return gamoConv

def fMnistGamoDisCreate ( ) :
imIn=Input ( shape =(512 ,))
l a b e l s=Input ( shape =(10 ,))
d i s Input=Concatenate ( ) ( [ imIn , l a b e l s ] )

x=Dense (256 ) ( d i s Input )
x=LeakyReLU( alpha =0.1)( x )

x=Dense (128 ) ( x )
x=LeakyReLU( alpha =0.1)( x )

gamoDisFinal=Dense (1 , a c t i v a t i o n=’ s igmoid ’ ) ( x )

gamoDis=Model ( [ imIn , l a b e l s ] , gamoDisFinal )
gamoDis . summary ( )
return gamoDis

def fMnistGamoMlpCreate ( ) :
ip1=Input ( shape =(512 ,))

x=Dense (256 ) ( ip1 )
x=LeakyReLU( alpha =0.1)( x )

x=Dense (128 ) ( x )
x=LeakyReLU( alpha =0.1)( x )

gamoMlpFinal=Dense (10 , a c t i v a t i o n=’ softmax ’ ) ( x )

gamoMlp=Model ( ip1 , gamoMlpFinal )
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gamoMlp . summary ( )
return gamoMlp

GAMO supplementary functions for Fashion-MNIST: fashion mnist suppli.py

Save the following functions in a single file named “fashion mnist suppli.py”, which will be imported in the
”main”.

# For running in python 2.7+
from f u t u r e import p r i n t f unc t i on , u n i c o d e l i t e r a l s
from f u t u r e import abso lute import , d i v i s i o n

import sys
import numpy as np
from sk l e a rn . metr i c s import con fus i on matr ix
from keras . p r ep ro c e s s i ng import image
from keras . u t i l s . n p u t i l s import t o c a t e g o r i c a l

def r e l a b e l ( labe lTr , l abe lTs ) :
unqLab , pInClass=np . unique ( labe lTr , r e tu rn count s=True )
sortedUnqLab=np . a r g s o r t ( pInClass , kind=’ mergesort ’ )
c=sortedUnqLab . shape [ 0 ]
labelsNewTr=np . z e ro s ( ( l abe lTr . shape [0 ] , ) ) −1
labelsNewTs=np . z e ro s ( ( l abe lTs . shape [0 ] , ) ) −1
pInClass=np . s o r t ( pInClass )
classMap=l i s t ( )
for i in range ( c ) :

labelsNewTr [ l abe lTr==unqLab [ sortedUnqLab [ i ] ] ]= i
labelsNewTs [ l abe lTs==unqLab [ sortedUnqLab [ i ] ] ]= i
classMap . append (np . where ( labelsNewTr==i ) [ 0 ] )

return labelsNewTr , labelsNewTs , c , pInClass , classMap

def i rF ind ( pInClass , c , i r I g n o r e =1):
i r=pInClass [−1]/ pInClass
imbalancedCls=np . arange ( c ) [ i r>i r I g n o r e ]
toBalance=np . subt rac t ( pInClass [−1] , pInClass [ imbalancedCls ] )
imbClsNum=toBalance . shape [ 0 ]
i f imbClsNum==0: sys . e x i t ( ’No imbalanced c l a s s e s found , e x i t i n g . . . ’ )
return imbalancedCls , toBalance , imbClsNum , i r

def f i l eRead ( f i leName ) :
dataTotal=np . l oadtxt ( fi leName , d e l im i t e r=’ , ’ )
data=dataTotal [ : , :−1]
l a b e l s=dataTotal [ : , −1]
return data , l a b e l s

def i n d i c e s ( pLabel , tLabel ) :
confMat=con fus i on matr ix ( tLabel , pLabel )
nc=np .sum( confMat , ax i s=1)
tp=np . d iagona l ( confMat )
tpr=tp/nc
acsa=np .mean( tpr )
gm=np . prod ( tpr )∗∗(1/ confMat . shape [ 0 ] )
acc=np .sum( tp )/np .sum( nc )
return acsa , gm, tpr , confMat , acc

def randomLabelGen ( toBalance , batchSize , c ) :
cumProb=np . cumsum( toBalance /np .sum( toBalance ) )
b ins=np . i n s e r t ( cumProb , 0 , 0)
randomValue=np . random . rand ( batchSize , )
randLabel=np . d i g i t i z e ( randomValue , b ins )−1
randLabe l cat=t o c a t e g o r i c a l ( randLabel )
labe lPadding=np . z e ro s ( ( batchSize , c−randLabe l cat . shape [ 1 ] ) )
randLabe l cat=np . hstack ( ( randLabel cat , labe lPadding ) )
return randLabe l cat

def batchDiv i s i on (n , batchS ize ) :
numBatches , r e s i d u a l=int (np . c e i l (n/ batchS ize ) ) , int (n%batchS ize )
i f r e s i d u a l==0:

r e s i d u a l=batchS ize
batchDiv=np . z e ro s ( ( numBatches+1 ,1) , dtype=’ in t64 ’ )
batchS i zeSto re=np . ones ( ( numBatches , 1 ) , dtype=’ in t64 ’ )
batchS i zeSto re [0:−1 , 0]= batchS ize
batchS i zeSto re [−1 , 0]= r e s i d u a l
for i in range ( numBatches ) :

batchDiv [ i ]= i ∗batchS ize
batchDiv [ numBatches]=batchDiv [ numBatches−1]+ r e s i d u a l
return batchDiv , numBatches , batchS i zeStore
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def r ea r range ( labe l sCat , numImbCls ) :
l a b e l s=np . argmax ( labe l sCat , ax i s=1)
arrangeMap=l i s t ( )
for i in range (numImbCls ) :

arrangeMap . append (np . where ( l a b e l s==i ) [ 0 ] )
return arrangeMap

GAMO2pix main script for Fashion-MNIST

The GAMO2pix main script requires to import the custom network library called “fashion mnist gamo2pix net.py”,
which we describe in the following section. Additionally, GAMO2pix requires the custom libraries used by
GAMO for Fashion-MNIST as well as the saved networks.

# For running in python 2.7+
from f u t u r e import p r i n t f unc t i on , u n i c o d e l i t e r a l s
from f u t u r e import abso lute import , d i v i s i o n

import os
import numpy as np
import matp lo t l ib . pyplot as p l t
import f a sh ion mnis t gamo2p ix net as nt

import f a sh i on mn i s t n e t as ntv
import f a s h i on mn i s t s upp l i as spp

import keras . backend as K
from keras . l a y e r s import Input
from keras . p r ep ro c e s s i ng import image
from keras . models import Model , load model
from keras . op t im i z e r s import Adam
from keras . u t i l s . n p u t i l s import t o c a t e g o r i c a l
from keras . l o s s e s import mean squared error

def v a e l o s s ( y true , y pred ) :
mse l o s s =28∗28∗mean squared error (K. f l a t t e n ( y t rue ) , K. f l a t t e n ( y pred ) )
k l l o s s =−0.5∗K.sum(1+z sigma−K. square ( z mean)−K. exp ( z s igma ) , ax i s=−1)
return K.mean( mse l o s s+k l l o s s )

# For s e l e c t i n g a GPU
# os . environ [”CUDA DEVICE ORDER”]=”PCI BUS ID”
# os . environ [”CUDA VISIBLE DEVICES”]=”1”

f i leName=[ ’ fMni s t 100 t ra inData . csv ’ , ’ fMni s t 100 te s tData . csv ’ ]
f o l d e r S t a r t=’ fMnist 100 Gamo/gamo models 50000/ ’
imgFolderStart=’ fMnist 100 ImgGen ’

genPath=f o l d e r S t a r t+’GEN 50000 Model . h5 ’
genPPath=[ ’ GenP 0 50000 Model . h5 ’ , ’ GenP 1 50000 Model . h5 ’ , ’ GenP 2 50000 Model . h5 ’ ,

’ GenP 3 50000 Model . h5 ’ , ’ GenP 4 50000 Model . h5 ’ , ’ GenP 5 50000 Model . h5 ’ ,
’ GenP 6 50000 Model . h5 ’ , ’ GenP 7 50000 Model . h5 ’ , ’ GenP 8 50000 Model . h5 ’ ,
’ GenP 9 50000 Model . h5 ’ ]

convPath=f o l d e r S t a r t+’ Conv 50000 Model . h5 ’

f i l eEnd , savePath=’ Model . h5 ’ , imgFolderStart+’ / ’

p l t . ion ( )
adamOpt=Adam(0 .0002 , 0 . 5 )
latDim , modelSamplePd , resSamplePd=100 , 2000 , 500

batchSize , max step=32, 25000

tra inS , l abe lTr=spp . f i l eRead ( f i leName [ 0 ] )
testS , l abe lTs=spp . f i l eRead ( f i leName [ 1 ] )

n , m=tra inS . shape [ 0 ] , t e s tS . shape [ 0 ]
t ra inS , t e s tS=(tra inS −127 .5)/127.5 , ( testS −127.5)/127.5
tra inS , t e s tS=np . reshape ( tra inS , (n , 28 , 28 , 1 ) ) , np . reshape ( testS , (m, 28 , 28 , 1 ) )

labe lTr , labe lTs , c , pInClass , =spp . r e l a b e l ( labe lTr , l abe lTs )
imbalancedCls , toBalance , imbClsNum , i r=spp . i rF ind ( pInClass , c )

l abe l sCat=t o c a t e g o r i c a l ( l abe lTr )

s hu f f l e I nd ex=np . random . cho i c e (np . arange (n ) , s i z e =(n , ) , r ep l a c e=False )
t ra inS=tra inS [ s hu f f l e I nd ex ]
l abe lTr=labe lTr [ s hu f f l e I nd ex ]
l abe l sCat=labe l sCat [ s hu f f l e I nd ex ]
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classMap=l i s t ( )
for i in range ( c ) :

classMap . append (np . where ( l abe lTr==i ) [ 0 ] )

i f not os . path . e x i s t s ( imgFolderStart ) :
os . makedirs ( imgFolderStart )

for i in range ( imbClsNum ) :

encoder=nt . encoderCreate ( convPath )
encoder . t r a i n ab l e=False
vaeEncoder=nt . vaeEncoderCreate ( latDim )
decoder=nt . decoderCreate ( latDim )

ip1=Input ( shape=(28 , 28 , 1 ) )
op1=encoder ( ip1 )
[ op2 , z mean , z s igma ]=vaeEncoder ( op1 )
op3=decoder ( op2 )
autoencoder=Model ( inputs=ip1 , outputs=op3 )
autoencoder . compile ( l o s s=vae l o s s , opt imize r=adamOpt)

dataMinor=tra inS [ classMap [ i ] , : ]
dataMinorFt=encoder . p r ed i c t ( dataMinor )
numMinor=dataMinorFt . shape [ 0 ]
tempData=np . copy (np . expand dims (np . t ranspose ( dataMinorFt ) , ax i s =0))

gamoGen=load model ( genPath )
gamoGenP=ntv . fMnistGenProcessCreate (numMinor )
gamoGenP . l oad we ight s ( f o l d e r S t a r t+genPPath [ i ] )
ea=nt . gamoExtractAlphas (numMinor )
ea . s e t we i gh t s (gamoGenP . ge t we igh t s ( ) )

batchDiv , numBatches , bSStore=spp . batchDiv i s i on (numMinor , batchS ize )
f i g1 , axs1=p l t . subp lo t s (3 , 2)
f i g2 , axs2=p l t . subp lo t s (3 , 3)

picPath=savePath+’ P i c t u r e s ’+str ( i )
i f not os . path . e x i s t s ( picPath ) :

os . makedirs ( picPath )

direcPath=savePath+’ models ’+str ( i )
i f not os . path . e x i s t s ( d i recPath ) :

os . makedirs ( d irecPath )

step=0
while step<max step :

for j in range ( numBatches ) :

repData=np . repeat ( tempData , bSStore [ j , 0 ] , ax i s=0)

x1 , x2=batchDiv [ j , 0 ] , batchDiv [ j +1, 0 ]
autoencoder . t r a in on ba t ch ( dataMinor [ x1 : x2 ] , dataMinor [ x1 : x2 ] )

i f s tep%resSamplePd==0:
randInput=np . random . cho i c e (numMinor , 3 , r ep l a c e=False )
genImage=autoencoder . p r ed i c t ( dataMinor [ randInput ] )
for i 1 in range ( 3 ) :

realImageShow=image . a r ray to img ( dataMinor [ randInput [ i 1 ] ] , s c a l e=True )
genImageShow=image . a r ray to img ( genImage [ i 1 ] , s c a l e=True )
axs1 [ i1 , 0 ] . imshow( realImageShow )
axs1 [ i1 , 1 ] . imshow( genImageShow )
axs1 [ i1 , 0 ] . ax i s ( ’ o f f ’ )
axs1 [ i1 , 1 ] . ax i s ( ’ o f f ’ )

p l t . show ( )
p l t . pause (5 )

print ( ’ Tra in Clas s : ’ , i , ’ Step : ’ , step , ’ completed ’ )
f igFi leName=picPath+’ /Train ’+str ( s tep )+ ’ . png ’
f i g 1 . s a v e f i g ( f igFileName , bbox inches=’ t i gh t ’ )

t e s tNo i s e=np . random . normal (0 , 1 , (9 , latDim ) )
t e s tLabe l=np . z e ro s ( ( 9 , c ) )
t e s tLabe l [ : , i ]=1
alphas=ea . p r ed i c t (gamoGen . p r ed i c t ( [ t e s tNo i se , t e s tLabe l ] ) )
repData=np . repeat ( tempData , 9 , ax i s=0)
gamoGenPData=np .sum( a lphas ∗repData , ax i s=−1)
[ encoded , t1 , t2 ]=vaeEncoder . p r ed i c t (gamoGenPData)
genImages=decoder . p r ed i c t ( encoded )
for i 1 in range ( 3 ) :

for i 2 in range ( 3 ) :
img=image . a r ray to img ( genImages [ ( i 1 ∗3)+ i2 ] , s c a l e=True )
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axs2 [ i1 , i 2 ] . imshow ( img )
axs2 [ i1 , i 2 ] . ax i s ( ’ o f f ’ )

p l t . show ( )
p l t . pause (5 )

print ( ’ Tes t Clas s : ’ , i , ’ Step : ’ , step , ’ completed ’ )
f igFi leName=picPath+’ /Test ’+str ( s tep )+ ’ . png ’
f i g 2 . s a v e f i g ( f igFileName , bbox inches=’ t i gh t ’ )

i f s tep%modelSamplePd==0 and s tep !=0:
vaeEncoder . save ( direcPath+’ /vaeEncoder ’+str ( s tep )+ f i l eEnd )
decoder . save ( direcPath+’ /Decoder ’+str ( s tep )+ f i l eEnd )

step=step+1
i f step>=max step : break

randInput=np . random . cho i c e (numMinor , 3 , r ep l a c e=False )
genImage=autoencoder . p r ed i c t ( dataMinor [ randInput ] )
for i 1 in range ( 3 ) :

realImageShow=image . a r ray to img ( dataMinor [ randInput [ i 1 ] ] , s c a l e=True )
genImageShow=image . a r ray to img ( genImage [ i 1 ] , s c a l e=True )
axs1 [ i1 , 0 ] . imshow( realImageShow )
axs1 [ i1 , 1 ] . imshow( genImageShow )
axs1 [ i1 , 0 ] . ax i s ( ’ o f f ’ )
axs1 [ i1 , 1 ] . ax i s ( ’ o f f ’ )

p l t . show ( )
p l t . pause (5 )

print ( ’ Tra in Clas s : ’ , i , ’ Step : ’ , step , ’ completed ’ )
f igFi leName=picPath+’ /Train ’+str ( s tep )+ ’ . png ’
f i g 1 . s a v e f i g ( f igFileName , bbox inches=’ t i gh t ’ )

t e s tNo i s e=np . random . normal (0 , 1 , (9 , latDim ) )
t e s tLabe l=np . z e ro s ( ( 9 , c ) )
t e s tLabe l [ : , i ]=1
alphas=ea . p r ed i c t (gamoGen . p r ed i c t ( [ t e s tNo i se , t e s tLabe l ] ) )
repData=np . repeat ( tempData , 9 , ax i s=0)
gamoGenPData=np .sum( a lphas ∗repData , ax i s=−1)
[ encoded , t1 , t2 ]=vaeEncoder . p r ed i c t (gamoGenPData)
genImages=decoder . p r ed i c t ( encoded )
for i 1 in range ( 3 ) :

for i 2 in range ( 3 ) :
img=image . a r ray to img ( genImages [ ( i 1 ∗3)+ i2 ] , s c a l e=True )
axs2 [ i1 , i 2 ] . imshow ( img )
axs2 [ i1 , i 2 ] . ax i s ( ’ o f f ’ )

p l t . show ( )
p l t . pause (5 )

print ( ’ Tes t Clas s : ’ , i , ’ Step : ’ , step , ’ completed ’ )
f igFi leName=picPath+’ /Test ’+str ( s tep )+ ’ . png ’
f i g 2 . s a v e f i g ( f igFileName , bbox inches=’ t i gh t ’ )

vaeEncoder . save ( direcPath+’ /vaeEncoder ’+str ( s tep )+ f i l eEnd )
decoder . save ( direcPath+’ /Decoder ’+str ( s tep )+ f i l eEnd )

GAMO2pix network for Fashion-MNIST: fashion mnist gamo2pix net.py

Save the following functions in a single file named “fashion mnist gamo2pix net.py”, which will be imported
in the GAMO2pix ”main” for Fashion-MNIST.

# For running in python 2.7+
from f u t u r e import p r i n t f unc t i on , u n i c o d e l i t e r a l s
from f u t u r e import abso lute import , d i v i s i o n

from keras import backend as K
from keras . l a y e r s import Input , Dense , RepeatVector , Conv2D , Reshape , Lambda
from keras . l a y e r s import BatchNormalization , AveragePooling2D , Flatten , Conv2DTranspose
from keras . l a y e r s . advanced ac t iva t i ons import LeakyReLU
from keras . models import Model , load model
from keras import r e g u l a r i z e r s

import numpy as np
import f a sh i on mn i s t n e t as nt

def encoderCreate ( convPath ) :

convCopy=nt . fMnistGamoConvCreate ( )
convCopy . l oad we ight s ( convPath )
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convCopy . t r a i n ab l e=False

return convCopy

def sampling ( args ) :
z mean , z s igma=args
ba t ch s i z e=K. shape ( z mean ) [ 0 ]
latDim=K. in t shape ( z mean ) [ 1 ]
e p s i l o n=K. random normal ( shape=(batch s i z e , latDim ) )
return z mean+K. exp ( z s igma )∗ ep s i l o n

def vaeEncoderCreate ( latDim ) :

ip1=Input ( shape =(512 ,))

z mean=Dense ( latDim , name=’ z mean ’ ) ( ip1 )
z s igma=Dense ( latDim , name=’ z s igma ’ ) ( ip1 )
z=Lambda( sampling ) ( [ z mean , z s igma ] )

vaeEncoder=Model ( ip1 , [ z , z mean , z s igma ] )

return vaeEncoder

def decoderCreate ( latDim ) :

ip1=Input ( shape=(latDim , ) )
x=Dense (7∗7∗32)( ip1 )
x=LeakyReLU ( 0 . 1 ) ( x )
x=Reshape ( ( 7 , 7 , 32 ) ) ( x )

x=Conv2DTranspose (32 , k e r n e l s i z e =4, s t r i d e s =2, padding=’ same ’ ) ( x )
x=LeakyReLU ( 0 . 1 ) ( x )

x=Conv2DTranspose (32 , k e r n e l s i z e =4, s t r i d e s =2, padding=’ same ’ ) ( x )
x=LeakyReLU ( 0 . 1 ) ( x )

decodeOut=Conv2D(1 , k e r n e l s i z e =4, s t r i d e s =1, padding=’ same ’ , a c t i v a t i o n=’ tanh ’ ) ( x )

decoder=Model ( ip1 , decodeOut )

decoder . summary ( )

return decoder

def gamoExtractAlphas (numMinor ) :
ip1=Input ( shape=(64 , ) )

x=Dense (numMinor , a c t i v a t i o n=’ softmax ’ ) ( ip1 )
op1=RepeatVector (512 ) ( x )

extAlphas=Model ( ip1 , op1 )

return extAlphas
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