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Abstract—. 

 

The popularity of crypto currencies has 

skyrocketed in 2017 due to several consecutive 

months of super exponential growth of their 

market capitalization. Today, there are more 

than 1, 500 actively traded crypto currencies 

capitalizing over $300 billions, with a peak of 

the market capitalization totaling more than 

$800 billions. Bitcoin alone is worth $157Billion. 

Machine learning and AI-assisted 

trading have attracted growing interest for the 

past few years. Currently when we analyze stock 

markets prediction, it suggests that these 

methods could be effective also in predicting 

crypto currencies prices. However, the 

application of machine learning algorithms to 

the crypto currency market has been limited so 

far to the analysis of Bitcoin prices 

Our results show that non-trivial, but 

ultimately simple, algorithmic mechanisms can 

help anticipate the short-term evolution of the 

Bitcoin market. We present and compare the 

results obtained by using the forecasting 

algorithms. 

Keywords:  RNN(Recurrent Neural Network), 

LSTM(Long Short Term Memory) 

1. INTRODUCTION 

Bitcoin is a digital currency that was started in 

2009. It is a digital representation of currency with 

no actual tangible representation. Bitcoin, 

commonly abbreviated as BTC or XBT, is 

distributed worldwide, decentralized digital money 

(also called cryptocurrency). 

It is decentralized, which means it isn't controlled 

nor backed up by any administration, nation, or an 

individual element. Unlike traditional currencies, 

such as dollars and euros, bitcoins are issued and 

managed without any regulation from any central 

government. Thus, it is more resistant to inflation 

and corruption. A Bitcoin derives its value 

basically from the demand and usage of bitcoins, 

similar to a stock. Bitcoin doesn’t derive its value 

from the government; it derives its value from the 

people. The more that use/accept it, the more of a 

demand there for it, and the more valuable it 

becomes. Bitcoin is controlled by the people; you 

are your own bank. 

Machine learning is a form of AI that enables a 

system to learn from data rather than through 

explicit programming. However, machine learning 

is not a simple process. As the algorithms ingest 

training data, it is then possible to produce more 

precise models based on that data. A machine 

learning model is the output generated when you 

train your machine learning algorithm with data. 

After training, when you provide a model with an 

input, you will be given an output. For example, a 

predictive algorithm will create a predictive model. 

Then, when you provide the predictive model with 

data, you will receive a prediction based on the 

data that trained the model. 

 

2. LITERATURE SURVEY: 

 

Title: Bitcoin: A Peer-to-Peer Electronic Cash 

System 

Author: S. Nakamoto 

Abstract: 

A purely peer-to-peer version of electronic cash 

would allow onlinepayments to be sent directly 

from one party to another without going through 

afinancial institution. Digital signatures provide 

part of the solution, but the mainbenefits are lost if 

a trusted third party is still required to prevent 
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double-spending.We propose a solution to the 

double-spending problem using a peer-to-peer 

network.The network timestamps transactions by 

hashing them into an ongoing chain ofhash-based 

proof-of-work, forming a record that cannot be 

changed without redoingthe proof-of-work. The 

longest chain not only serves as proof of the 

sequence ofevents witnessed, but proof that it came 

from the largest pool of CPU power. Aslong as a 

majority of CPU power is controlled by nodes that 

are not cooperating toattack the network, they'll 

generate the longest chain and outpace attackers. 

Thenetwork itself requires minimal structure. 

Messages are broadcast on a best effortbasis, and 

nodes can leave and rejoin the network at will, 

accepting the longest proof-of-work chain as proof 

of what happened while they were gone. 

 

Title:  Predicting the Price of Bitcoin Using 

Machine Learning 

Author: Sean McNally  

Abstract: 

The goal of this paper is to ascertain with what 

accuracy the direction of Bitcoin price in USD can 

be predicted. The price data is sourced from the 

Bitcoin Price Index. The task is achieved with 

varying degrees of success through the 

implementation of a Bayesian optimised recurrent 

neural network (RNN) and a Long Short Term 

Memory (LSTM) network. The LSTM achieves the 

highest classification accuracy of 52% and a RMSE 

of 8%. The popular ARIMA model for time series 

forecasting is implemented as a comparison to the 

deep learning models. As expected, the non-linear 

deep learning methods outperform the ARIMA 

forecast which performs poorly. Finally, both deep 

learning models are benchmarked on both a GPU 

and a CPU with the training time on the GPU 

outperforming the CPU implementation by 67.7%. 

Title:  Estimating the error rate of a prediction rule: 

improvement 

on cross-validation 

Author: B.Efron  

Abstract: 

We construct a prediction rule on the basis of 

some data, and then wish to estimate the error rate 

of this rule in classifying future observations. 

Cross-validation provides a nearly unbiased 

estimate, using only the original data. Cross-

validation turns out to be related closely to the 

bootstrap estimate of the error rate. This article has 

two purposes: to understand better the theoretical 

basis of the prediction problem, and to investigate 

some related estimators, which seem to offer 

considerably improved estimation in small 

samples. 

 

• In the existing system we analyzed stock markets 

prediction, suggests that these methods could be 

effective also in predicting crypto currencies prices. 

• Other attempts to use machine learning to predict 

the prices of cryptocurrencies other than Bitcoin 

come from non-academic sources. 

• Most of these analyses focused on a limited 

number of currencies and did not provide 

benchmark comparisons for their results. 

• So, present the results obtained with the LSTM by 

taking different crypto currencies in terms of 

Bitcoin. 

• Predict the price of the currencies at day for all 

included between a given time. 

• To discount for the effect of the overall market 

movement (i.e., market growth, for most of the 

considered period), we consider crypto currencies 

prices expressed in Bitcoin. 

 

3. SYSTEM ARCHITECTURE: 

 

 

DATA COLLECTION: 

 

Data used in this paper is a set of details from the 

Yahoo finance records. This step is concerned with 

selecting the subset of all available data that you 

will be working with. ML problems start with data 

preferably, lots of data (examples or observations) 

for which you already know the target answer. Data 

for which you already know the target answer is 

called labelled data. 

 

DATA PRE - PROCESSING: 

http://jespublication.com/
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• Organize your selected data by formatting, 

cleaning and sampling from it. 

 

FORMATTING: 

The data you have selected may not be in a format 

that is suitable for you to work with. The data may 

be in a relational database and you would like it in 

a flat file, or the data may be in a proprietary file 

format and you would like it in a relational 

database or a text file. 

 

CLEANING: 

Cleaning data is the removal or fixing of missing 

data. There may be data instances that are 

incomplete and do not carry the data you believe 

you need to address the problem. These instances 

may need to be removed. Additionally, there may 

be sensitive information in some of 

the attributes and these attributes need to be 

removed from the data entirely. 

 

SAMPLING: 

There may be far more selected data available than 

you need to work with. More data can result in 

much longer running times for algorithms and 

larger computational and memory requirements. 

You can take a smaller representative sample of 

the selected data that may be much faster for 

exploring and prototyping solutions before 

considering the whole dataset. 

 

4. ALGORITHM: 

Long Short Term Memory networks – usually 

just called “LSTMs” – are a special kind of RNN, 

capable of learning long-term dependencies. They 

work tremendously well on a large variety of 

problems, and are now widely used. 

LSTMs are explicitly designed to avoid the long-

term dependency problem. Remembering 

information for long periods of time is practically 

their default behavior, not something they struggle 

to learn! 

All recurrent neural networks have the form of a 

chain of repeating modules of neural network. In 

standard RNNs, this repeating module will have a 

very simple structure, such as a single tanh layer. 

 

The repeating module in a standard RNN contains 

a single layer. 

LSTMs also have this chain like structure, but the 

repeating module has a different structure. Instead 

of having a single neural network layer, there are 

four, interacting in a very special way. 

 

The repeating module in an LSTM contains four 

interacting layers. 

 

In the above diagram, each line carries an entire 

vector, from the output of one node to the inputs of 

others. The pink circles represent pointwise 

operations, like vector addition, while the yellow 

boxes are learned neural network layers. Lines 

merging denote concatenation, while a line forking 

denote its content being copied and the copies 

going to different locations. 

The Core Idea Behind LSTMs 

The key to LSTMs is the cell state, the horizontal 

line running through the top of the diagram. 

The cell state is kind of like a conveyor belt. It runs 

straight down the entire chain, with only some 

minor linear interactions. It’s very easy for 

information to just flow along it unchanged. 

The LSTM does have the ability to remove or add 

information to the cell state, carefully regulated by 

structures called gates. 

http://jespublication.com/
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Gates are a way to optionally let information 

through. They are composed out of a sigmoid 

neural net layer and a pointwise multiplication 

operation. 

 

The sigmoid layer outputs numbers between zero 

and one, describing how much of each component 

should be let through. A value of zero means “let 

nothing through,” while a value of one means “let 

everything through!” 

An LSTM has three of these gates, to protect and 

control the cell state. 

Step-by-Step LSTM Walk Through 

The first step in our LSTM is to decide what 

information we’re going to throw away from the 

cell state. This decision is made by a sigmoid layer 

called the “forget gate layer.” It looks at ht−1 

and xt, and outputs a number between 0 and 1 for 

each number in the cell state Ct−1. A 1 represents 

“completely keep this” while a 0 

represents “completely get rid of this.” 

Let’s go back to our example of a language model 

trying to predict the next word based on all the 

previous ones. In such a problem, the cell state 

might include the gender of the present subject, so 

that the correct pronouns can be used. When we see 

a new subject, we want to forget the gender of the 

old subject. 

 

The next step is to decide what new information 

we’re going to store in the cell state. This has two 

parts. First, a sigmoid layer called the “input gate 

layer” decides which values we’ll update. Next, a 

tanh layer creates a vector of new candidate values, 

C~t 

, that could be added to the state. In the next step, 

we’ll combine these two to create an update to the 

state. 

In the example of our language model, we’d want 

to add the gender of the new subject to the cell 

state, to replace the old one we’re forgetting. 

 

It’s now time to update the old cell state, Ct−1 

, into the new cell state Ct 

. The previous steps already decided what to do, we 

just need to actually do it. 

We multiply the old state by ft, forgetting the 

things we decided to forget earlier. Then we add 

it∗C~t 

. This is the new candidate values, scaled by how 

much we decided to update each state value. 

In the case of the language model, this is where 

we’d actually drop the information about the old 

subject’s gender and add the new information, as 

we decided in the previous steps. 

 

Finally, we need to decide what we’re going to 

output. This output will be based on our cell state, 

but will be a filtered version. First, we run a 

sigmoid layer which decides what parts of the cell 
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state we’re going to output. Then, we put the cell 

state through tanh (to push the values to be between 

−1 and 1) and multiply it by the output of the 

sigmoid gate, so that we only output the parts we 

decided to. 

For the language model example, since it just saw a 

subject, it might want to output information 

relevant to a verb, in case that’s what is coming 

next. For example, it might output whether the 

subject is singular or plural, so that we know what 

form a verb should be conjugated into if that’s what 

follows next. 

 

Variants on Long Short Term Memory 

What I’ve described so far is a pretty normal 

LSTM. But not all LSTMs are the same as the 

above. In fact, it seems like almost every paper 

involving LSTMs uses a slightly different version. 

The differences are minor, but it’s worth 

mentioning some of them. 

One popular LSTM variant, introduced by Gers & 

Schmidhuber (2000), is adding “peephole 

connections.” This means that we let the gate layers 

look at the cell state. 

 

The above diagram adds peepholes to all the gates, 

but many papers will give some peepholes and not 

others. 

Another variation is to use coupled forget and input 

gates. Instead of separately deciding what to forget 

and what we should add new information to, we 

make those decisions together. We only forget 

when we’re going to input something in its place. 

We only input new values to the state when we 

forget something older. 

 

A slightly more dramatic variation on the LSTM is 

the Gated Recurrent Unit, or GRU, introduced by 

Cho, et al. (2014). It combines the forget and input 

gates into a single “update gate.” It also merges the 

cell state and hidden state, and makes some other 

changes. The resulting model is simpler than 

standard LSTM models, and has been growing 

increasingly popular. 

 

 

Predicting Polarity using RNN: 

The obvious end-goal of creating a 

cryptocurrency based neural network is to predict 

price fluctuations in real time. With this goal in 

mind, we were eager to start with a highly 

temporally resolved dataset. If we could get 

information on a minute by minute or second by 

second timescale, we could do an even better job of 

predicting prices and staying ahead of the market. 

Furthermore, there would be millions of data points 

and that would be a dataset size that neural 

networks excel at. However, as we alluded to 

above, we realized that there also issues with 

highly resolved data.  

When looking at our minute dataset, we 

had an intuition that there would be no change on a 

minute timescale, or if there was change, that it was 

very small and noisy. The graph above shows that 

nearly all the 1.5 million minutes fall within the 

“third bin” which represented price changes below 

0.003%. As a result, our model wouldn’t be able to 

learn the price change since it would mostly be 

fitting to noisy data and any meaningful change 

would be drowned out. To note, at this early point 

in the project we had not actually binned our “y-

values” yet but based on our intuition, we decided 

to convert the minute dataset into a daily dataset. 
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The graph above is made after the fact to show the 

distribution.  

Deep Learning: 

3 layer bidirectional RNN to predict the closing 

price of Bit coin given a variety of data from 

previous days. Code for scraping crypto currency 

data is included, as well as the LSTM model.  

Result: 

 

Fig 1. Time series analysis between closing price 

and dates 

 

Fig 2. Candlestick analysis between closing price vs 

opening price vs high vs low and dates. 

 

5. CONCLUSION 

Deep learning models such as the RNN and LSTM 

are evidently effectively learners on training data 

with the LSTM more capable for recognizing 

longer term dependencies. However, a high 

variance task of this nature make it difficult to 

transpire this into impressive validation results. As 

a result it remains a difficult task. There is a fine 

line to balance between overfitting a model and 

preventing it from learning sufficiently. After 

establishing the learning framework and 

completing the normalization, we intend to use the 

two methods mentioned above and choose the best 

method to solve the Bitcoin prediction problem. In 

terms of the dataset, based on an analysis of the 

weights of the model the difficulty and hash rate 

variables could be considered for pruning. Deep 

learning models require a significant amount to 

data to learn effectively from. The dataset utilised 

contained 1066 time steps representing each day. If 

the granularity of data was changed to per minute 

this would provide 512,640 data points in a year. 

Data of this nature is not available for the past but 

is currently being gathered from CoinDesk on a 

daily basis for future use. 
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