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Abstract 

Nowadays Artificial intelligence is a fast and large growing field. When one is reading a book or any 

description, he/she imagines the situation written in the text in mind. This is possible using a visualization 

system of the human. In this era of artificial intelligence, it is possible to make an artificial visualization system 

using machine learning algorithms. Machine learning is can be defined as a backbone of Artificial intelligence. 

This proposed system basically uses text to image generation technique for visualization. This system generates 

an image using a text description which is given in input of the system using Generative Adversarial Network.  

In this system first, the text is encoded using text embedding technique such as Skip-Thought Vectors and CNN-

RNN Text Embedding. Then that encoded text is converted to a pre-image matrix using model parameters. 

Finally, That pre-image matrix is converted into an image and displayed. This system generates a 256 X 265 

resolution image of animals. 

Keywords—Artificial Intelligence, Generative Adversarial Network, Image Generation, `High-

Quality Image, Skip-Thought Vectors. 

1. Introduction 

A human can imagine scenes in the brain as reading in any books or description this is known as a visualization 

system of a human. The human will consider each word in a sentence and generate a combined image in the 

brain to represent that text description. Nowadays, it is possible to make an artificial visualization system which 

is being trained in such a way that it can predict some specific result by taking the text description as input 

which works like the human visual system.   
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Fig. 1. praposed system 

This system first process on text, the text is encoded in a matrix to represent each word in the text. Skip-thought 

vector(STV) is an improved version of the skip-gram mode, which is one sentence level encoding and decoding 

can be done using prediction of the nearest neighbor of a sentence. If in a sentence two words have similar 

meaning then embedding is the same.  A sentence is encoded in a matrix form for further process[15]. STV 

uses RNN(recurrent neural network) encoder and decoder such as uni-skip, bi-skip, and combined-skip, where 

uni-skip is for the forward direction sentence reading and bi-skip, is for forward and backward both. Here, 

encoding and decoding are done using pretrained models such as uni-skip_thoughts and bi-skip_thoughts 

models.[15] Skip-Thought vectors and CNN-RNN encoding is used for text embedding[15]. Then this data is 

given to GAN.  

 

Generative Adversarial Networks (GANs) is a class of artificial intelligence algorithm which use unsupervised 

machine learning technique. GANs were proposed by Goodfellow[1]. GAN mainly contains two models named 

Generator(G) and Discriminator(D). The generator is trained to generate samples according to the input data. 

The discriminator is trained to distinguish between the real sample and the generated samples. Generator tries 

to fool discriminator by generating samples the same as the real image. The main task of the generator to 

maximize the probability that discriminator make a mistake. And the main task of discriminator to minimize the 

probability that a sample comes from data distribution rather than a generator. So by that D and G plays the 

min-max game on V(D, G): 

          ZGDXDGDV
D
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G

Min
PEPE ZXdataX

 1log~log~,  

where x is a real image from the true distribution, and z is a noise vector sampled from pz, which might be a 

Gaussian or uniform distribution. Fig. 2 shows a Block diagram of a simple GAN   
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Fig. 2. staked generative adversarial network 

In these phenomena, SGAN (Staked Generative Adversarial Network) is used as a model with two stages of 

GAN as shown in the fig. 2.  Stage-I generates a low-resolution image and stage-II generate a high-resolution 

image. Stage-I generates samples using text descriptions, this samples given to stage-II which generate High-

resolution image using input image and the text description. Stage-I roughly generates images using the text 

data and then stage-II use that roughly generated images to generate high-resolution images[14]. 

This paper aims to generate images using the given text description. Here images are generated by the 

StackGAN model. This model is mainly proposed to generate high-resolution images of animals. The proposed 

output of this system is an image which contains animals like cats, dogs, horses etc. The text description is 

encoded using the skip-thoughts phenomena.  

2. LITERATURE REVIEW 

Different ways are established for image generation from the text which introduces unique results with their 

performance rate for a different database. Generative image modeling is a very difficult problem in computer 

vision. There is a remarkable process in this direction. Autoregressive model (e.g. PixelRNN)[6] as generative 

models for regeneration of half image using pixel space, GAN for generating a sharper image of low resolution. 

Goodfellow has shown GAN better over basic CNN or RNN networks for image generation [1]. 

The generative model also includes conditional image generation model (CGAN)[7], which generates image 

depending on its attribute.  Reed[8], successfully generated 64 X 64 resolution images of birds and flowers 

using conditional GAN module. Then after they were able to generate 128 X 128 image by utilizing addition 

description about object‟s part location[9]. Denton[2] have built a Laplacian pyramid framework (LAPGANs) 

using a series of GANs. Mieiam[10] have generated 64 X 64 image of birds and flowers using the 
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DCGAN(Deep Convolutional Generative Adversarial Networks) with the consideration of adversarial noise 

phenomena.  

Hao[11] has proposed a method to the generation of image using images(I2T2I). They are converting the image 

into captions and then it is again converted into images of 128 X 128 resolution using PixelCNN. Kenki[12] 

has generated images using the text description and along with one reference image, which is used to generate 

some specific images. First, input text description is used for one simple image generation. Then the reference 

image and the generated simple image is processed to generate another image. Han[13] have successfully 

generated high-resolution images of birds and flowers with Photorealistic images and shown an effective 

method to train GAN with stability. They have used the Stacked structure of GAN to generate better high-

Resolution images. This Stacked GAN have Two stages to generate the final output. 

3. EXPERIMENTS 

3.1. Dataset processing 

3.1.1. Dataset: 

MS COCO[16] dataset used in this system for training and validation of the system which is given by Microsoft 

has the number of categories with 330k images and are collected by different sources. the dataset contains 

animals such as cat, dog, horse, etc with various challenging levels complex background and multiobject in all 

these images for 20K image. This dataset contains images along with text descriptions. Every image has 5 

associated sentences.  

 

Fig. 3 Example of dataset images 

There are approximately 9 categories as shown in the above figure. Each image contains up to 2k images, Each 

has a text description along with them. 

3.1.2. Data process: 
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Fig. 4 Data processing 

The dataset contains images of the particular labels along with its description. Size of all images is different so 

that for training first convert all images into the same sizes[13]. Images which are used for training are 

converted into two different shapes as 304 as high resolution and 76 for low resolution. Pickel formate is used 

for data serializing or deserializing because it is an encoded datatype of Linux. After the conversion of an 

image into the same shapes it is encoded into a matrix format using „unit8‟ encoding technique and dumbed 

into a pickle format as shown in fig. 4. 

3.2. Text embedding 

All the text descriptions are encoded using skip-thoughts vector system, using uni-skip and bi-skip pretrained 

models. Each file is represented using a matrix containing one original sentence and along with its 

neighbor[15].  

 

Fig. 5 Text embedding 

Each element of that matrix represents the uniqueness of words. Block diagram of the text embedding system is 

as shown in bellow diagram. Encoded matrixes are dumped into a pickle file. 
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3.3. Image generation 

Text to image generation task is more difficult for high-resolution photo-realistic image generation.  While 

training is done of this system it is trained in two different stages. Stage I is trained using the real image and 

real text data and perform mapping of text to the image. The generator I generates an image according to text 

and then discriminator distinguish between real image and generating an image, if it is identified that this image 

is generator then vales of generator I is updated and G again generates the image. This task is repeated until 

discriminator is fooled. In stage-I training is done by 600 epochs.Stage II is trained using a pre-trained model of 

stage I and raw input data text descriptions. Generator II takes predefined values of stage I and generate an 

image according to the text description than that generated image and the real image is distinguished by 

discriminator but this time threshold of that is higher so that it is not easy for the generator to fool 

discriminator. Stage II is trained using max 1200 epoch. Block diagram of the complete structure is as shown in 

fig.6. 

 

Fig. 6 Image generation 

4. CONCLUSION 

Here, StackGAN model is proposed to generate realistic high-resolution images using MSCOCO dataset. The 

StackGAN with Skip thought embedding is proposed for text-to-image generation through the sketch-

refinement process. This model is able to generate images which have a complex background and multiple 

elements in one image using text descriptions with photo-realistic details. 
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