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Abstract - The term physiognomy is derived from the ancient Greek word for nature, physics. It is the pseudo-science 

associated with personal characteristics and traits, especially the facial elements of humans. In this paper we will be 
discussing about the generation of human faces based on the facial description given as an input to the system. The system 
uses deep learning technology that helps in synthesis of human face. The system relies on the Face2Text dataset. 
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I. INTRODUCTION 

 

Deep learning, also called deep structured learning is 
a part of machine learning methods. Learning can be 

supervised, semi-supervised or unsupervised[10]. 

Deep learning allows models that are composed of 

multiple processing layers to learn the data 

representations with numerous levels of abstraction. 

The various types of deep learning neural networks 

are (AE) Auto-encoder, (DBN) Deep Belief Network, 

(CNN) Convolutional Neural Networks, (RNN) 

Recurrent Neural Networks[11]. These architectures 

have been applied in the fields of computer vision, 

speech recognition, natural language processing, 
audio recognition and many other domains, where the 

results obtained are superior compared to the results 

obtained by the domain experts. The working of the 

deep learning model depends purely on the data set 

for the input or the output[12]. Deep learning 

transcend on problem domain where the input and 

even the output are analog. Meaning, they are not the 

restricted quantities in a table but instead are 

documents of text data or images of pixel data. 

 

Neural Network is comprised of a large number of 

highly interconnected processing elements called 
neurons. It works similar to the biological networks 

that are present inside human brain. Every problem 

that has been discovered has had a few steps which 

were followed to solve it and give appropriate results. 

Neural networks need to be trained on all the required 

examples based on which it can make decisions for a 

particular type of problem. It cannot be programmed 

so as to solve a problem, it can work with the help of 

algorithms which contain the steps that has to be 

followed to solve different kinds of problems. [1] 

 
Generative Adversarial Networks (GANs) are neural 

network architectures which contain two neural nets 

pitting against each other, hence the name adversarial 

networks. One of the two neural nets is called the 

generator which that gives rise to new instances and 

the other neural net is called the discriminator which 

tests the newly generated instance by comparing it 

with the given set of training instances and gives a 
result.  GANs are comprised of a set of artificial 

intelligence algorithms that help in automation of 

different kinds of processes. 

 

II. EXISTING SYSTEM 
 

Generating face from text is important in the field of 

law enforcement, catalog designing and helps in self 

automating the process of generating characters in the 

field of game development. It is also helpful for 

various face processing tasks. One of the existing 
systems used for physiognomy generation heavily 

relies on a deep learning method called Neural 

Network. Neural Network is an algorithm that is 

predominantly based on the human brain and neurons 

of the nervous system. An artificial neural network is 

mainly configured for specific and particular 

applications, such as pattern recognition and data 

classification, through a learning process. 

 

Learning in biological systems mainly focuses on 

adjusting and reestablishing the connections that exist 

between the neurons. The synaptic connections in the 
Neural Network consists of synapses and neurons. It 

is also defined as a computing system comprising of a 

number of simple and highly interconnected 

processing elements which dynamically process 

information with respect to the inputs provided. 

 

The neural network has three different layers. First is 

the input layer. The input layer communicates only 

with the external environment. The external 

environment gives the input to the input layer and 

that presents a pattern to the neural network. Next set 
of layers are called as the hidden layers. The hidden 

layer consists of collection of neurons which has 

activation function applied on them. The inputs from 

the input layer gets transferred to the hidden layers. 

Its function is to process the inputs obtained by its 
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previous layer. The final layer is known as the output 

layer, this layer of the neural network collects and 
transmits the information accordingly in way it has 

been designed to give. The artificial neural network 

(ANN) which is a multi-layer perceptron that 

supports Backpropagation, which is a supervised 

learning algorithm. So, the pattern presented by the 

output layer can be traced back to the input layer. In 

ANN we initialize weights with some random values 

or any variable for that fact. So Backpropagation 

algorithm finds the minimum value of error function 

in weight space using gradient descent. The weights 

that minimize the function is then summarized as the 

solution for the learning instance. 
 

An artificial neural network is a network of simple 

elements called artificial neurons, which receive 

input, change their internal state according to that 

input, and produce output depending on the input and 

activation. The output is then processed for future 

references from the network. An artificial neuron 

mimics the working of a biological neuron with 

inputs and outputs, but is not a biological neuron 

model. The network is formed by connecting the 

output of one neuron to the input of another neuron 
forming a directed, weighted vertex. It finally results 

in a directed weighted graph. The learning rule helps 

to modify the weights as well as the functions that 

compute the activation. 

 

The original goal of the artificial neural network 

approach was to solve problems in the same way that 

a human brain would perform. However, over time, 

attention shifted from the original goal to performing 

specific tasks, leading to many noticeable deviations 

from biology. Artificial neural networks have been 

used on a variety of tasks, including computer vision, 
speech recognition, machine translation, video games 

and medical diagnosis. 

 

Although neural network-based approach is capable 

of capturing facial generation and can be trained in a 

vigorous end-to-end fashion, it lacks explicit 

modeling of computational complexity during facial 

generation. The artificial neural network for 

generating faces using rich set of data set would add 

noise to an already noisy data set. 

 
Basically, what it points out is that neural network 

algorithms are hard to tweak, and what they learn is 

hard to understand for humans. Neural networks are 

made of number of layers, which represent everything 

learned so far, it is almost impossible to infer 

anything from those results, especially in the later 

layers. The complexity of the layers increases as the 

number of layers in the network increases. The 

artificial neural network becomes unfavorable with 

respect to computation. 

 

Adding to the unfavorable conditions, the neural 

network takes a lot of time to train and the execution 
process is very slow. In fact, the use of the term 

artificial neural networks is a misnomer because they 

are a poor representation of biological neural 

networks, missing most of the granularity of the 

operations in real neural networks. 

 

There are quite a few disadvantages of Neural 

Networks in facial generation and the probable 

disadvantage is their black box nature, sometimes 

neural networks come up with a certain output that 

are neither accurate nor precise. And it is very hard to 

understand what caused it to come up with this 
prediction. 

 

The neural network has a very high duration of 

development. Although with the help of Keras, 

development of neural network becomes much more 

fairly simple. The development of complex problems 

like text to face generation needs more control over 

the details of the algorithm and the duration to 

complete the development increases. 

 

Neural Networks usually require a rich data as in at 
least thousands if not millions of labeled samples, 

which is difficult to collect. Usually, Neural 

Networks are computationally expensive, because 

successful training of really deep Neural Network, 

can take several weeks to train completely from 

scratch. The amount of computational power needed 

for a Neural Network depends heavily on the size of 

the data set but also on how deep and complex the 

network is. Neural networks used in regard with the 

above-mentioned generation system have shown very 

poor performance and results, as they are time 

consuming. Also, they produce very low-resolution 
outputs. [2] 

 

III. PROPOSED SYSTEM 

 

Generative Adversarial Networks (GANs) are a 

subset of a group of algorithms called generative 

models. Generative models come under the domain of 

unsupervised learning, which is a sub-set of Machine 

Learning which experiments on algorithms that learn 

the structure of a given data, without the specification 

of any target value. Generative models can learn the 
function of the input data p(x) which is intrinsically 

distributed. It is also able to learn the distribution 

function of the data for multiple targets or classes 

which are present in the dataset p(x,y). This allows 

the model to generate synthetic inputs x’ and outputs 

or targets y’. [3] 

 

GANs have proven to be highly efficient and accurate 

in modelling and generating high dimensional data. 

Some of the major advantages of GANs are: 

1. Currently they are the models which 

generate the sharpest images. 
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2. Training is relatively easy due to the non-

requirement of statistical inference and only 
back-propagation is required to get 

gradients. 

Generative models are found to contain more 

information than discriminative models as they can 

be used for discriminative tasks such as regression or 

classifications with continuous target values. GANs 

can also be used to calculate the probability 

distribution function p(x | y) which is used in various 

instances, by using statistical inference on the joint 

probability distribution function p(x,y) which is 

already available in the generative model. 

 

GANs consists of two models: 

The first model is called the Generator. The main 

task of this model is to generate new data which 

resembles the expected data. This creates data that are 

the fake copies of the existing data. 

The second model is the Discriminator. The goal of 

this model is to recognize if an input which is fed to it 

is true (belongs to the original dataset) or not. The 

input is the data which is created by the generator. 

The way in which these two models communicate is 

by creating and distinguishing. The generator creates 
the fake data which resembles the original data, the 

discriminator will analyse the fake data and will 

either reject it or accept it. Once rejected, the 

generator will start the process again. This way the 

generator learns to generate fake data in such a way 

that the discriminator cannot distinguish the 

generated data from the actual data. This exchange of 

data and the competition between the models is what 

improves the knowledge of the model. After several 

cycles of training, at some point the generator and the 

discriminator will reach a point where neither of them 

can improve anymore. At this stage the generator is at 
its most precise stage where it generates realistic data 

resembling the data in the dataset and the 

discriminator is unable to differentiate between the 

real data and the generated data. 

Since the generator and the discriminator are modeled 

using neural networks, a gradient based optimization 

algorithm is used to train the GAN. A Stochastic 

Gradient Descent (SGD) can be used in this case. 

SGD is an iterative method for optimizing 

differentiable objective function. [4] 

 

 
Fig 3.1 Architecture of Physiognomy system. 

 

The figure shows the conversion to latent vector and 

the progression of the network to generate high 

resolution images. 

 

IV. METHODOLOGY 

 

Physiognomy generation uses a combination of 

StackGAN and ProGAN architectures. The 

architecture uses StackGAN for conditional 

augmentation and ProGAN for the synthesis part. The 

textual input is encoded into a summary vector using 

a LSTM (Long Short-Term Memory) network. The 

generated vector is synthesized through progressive 

GANs over increasing resolutions. [5] 

 

4.1 Conditional Augmentation: 

The first part of the system is the conditional 

augmentation where a summary vector is generated. 

The LSTM consists of an RNN (Recurrent Neural 

Network) for encoding. The encoder maps a variable-
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length source sequence to a fixed-length vector, it 

captures both semantic and syntactic structures. The 
vector outputted by this system is passed through a 

single linear layer known as a conditional 

augmentation block for reading the input sequence 

and encoding it into a fixed-length vector. This 

produces the textual part of the latent vector. The 

second part of the latent vector is random gaussian 

noise. The randomness introduced here is beneficial 

for modeling of text to image translation. The latent 

vector so produced is fed to the generator part of the 

GAN, while the embedding is fed to the final layer of 

the discriminator for conditional distribution 

matching. The used conditional augmentation 
technique yields more training pairs and hence 

improves the robustness along the conditioning 

manifold. [6] 

 

4.2 GANs: 

The Generative adversarial network comprises of a 

generator and discriminator that compete in a two-

player minimax game. The discriminator tries to 

distinguish real training data from synthetic images 

and the generator tries to fool the discriminator. The 

approach is to train a convolutional generative 
adversarial network on text features encoded by a 

character level convolutional network. Both the 

generator and discriminator networks perform a feed-

forward inference condition on the text feature. [7] 

 

Instead of directly generating high quality images, we 

have simplified the task to progressively increase the 

resolution. The process starts with the generation of 

low-resolution images that primarily focuses on 

drawing only rough shapes and identifying the correct 

colors in the object. It paints the background form the 

inputted random noise vector. As the stages process, 
the generator corrects the defects in the image 

generated in the previous stage while adding 

compelling details to it, thus yielding a more high-

resolution image at every new stage. [6] 

 

The Progressive GANs use residual networks to fade 

the higher resolution convolution layers into both 

networks by increasing the weight of existing residual 

network. The convolution layers are increased by a 

factor of 2 (i.e., 4 x 4 becomes 8 x 8). Also, the 

original images are scaled to the size generated by the 
generator and fed to the discriminator. The previous 

convolution layers of both the generator and 

discriminator are still retained and remain trainable. 

The layers are faded into generator and discriminator 

symmetrically.  This way the network learns the wide 

special features of the facial images and the local 

features in the higher resolution layers as the GANs 

grow progressively. [9] 

 

4.3 Training 

The main steps involved in training GANs are: 

 

1) Sample a noise set and an actual-data set, 

both of the size s. 
2) Train the discriminator data on both the 

sampled data. 

3) Sample a noise subset different from the 

previous noise set, also with the same size s. 

4) Train the generator on the newly sampled 

noise subset. 

5) Repeat the above steps in the same order. 

 

4.4 Progressive growth of GAN 

First the GAN is made to generate low resolution 

images and then the resolution is refined and 

increased progressively by adding layers to the 
network. This allows the network to discover large-

scale structure of the images in the training set and 

then concentrate on increasing the details and 

sharpness of the image. This eliminates the need to 

learn the image scale and increase the image details at 

the same time. 

 

The generator and the discriminator are similar and 

will grow at the same rate. All the added layers are 

trainable at any point of the training process. The 

newly added networks are smoothly faded into the 
trained layers. This helps in avoiding sudden 

disruptions to the already trained lower resolution 

layers. 

 

Due to this method of training, the generation of 

images with lower resolution is very stable due to the 

lower amount of class information. By increasing the 

resolution, a little by little the model does not have a 

complex task compared to the previous task of 

generating a high-resolution image immediately. 

Another benefit of progressive training is the reduced 

training time. Since most of the iterations of the 
progressively growing GANs happen at a lower 

resolution. The expected quality of the resulting 

image is obtained at a faster rate, depending on the 

required output resolution. 

 

 

V. CONCLUSION 

 

Deep learning has a number of application s including 

Automatic Speech Recognition, natural language 

processing, Recommendation systems, Image 
restoration, etc. Text to Image conversation has been 

in trend for a while now. The existing system works 

based on Neural Networks which gives relatively less 

sharp images and it takes a large amount of time to 

train the system with sufficient amount of samples. 

The system that we are proposing in this paper works 

based on Generative Adversarial Networks (GANs) 

which are efficient compared to Neural Networks. 

StackGANs and ProGANs are used in this model 

which leads to progressive learning of the training 

samples and gives more accurate and faster results. 
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