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Abstrakt 

Hlavním úkolem diplomové práce "Předpovídání časových sérií s využitím rekurentních 
neuronových sítí" je natrénovat modely na časových sériích dat, které se následně 
porovnávají a využijí v aplikaci. 
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Abstract 

The main subject of the diploma thesis “Time series forecasting with recurrent neural 
networks” is to train models on typical time series data compare those models and use it in an 
application.  
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Machine learning, Neural networks, Data science, Time-series data 
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1. Introduction 

In this work I will explore the possibilities of using Recurrent Neural Networks on timeseries 

data. Natural Language Processing and timeseries predictions has been a very interesting 

topic for me for a long time. My intention is to explore how the RNNs work when applied to 

problems such as NLP and timeseries predictions. 

In a daily practice we quite often use already pretrained models. This makes a routine work 

easier as it allows us to download already tested working models. We can also download 

pretrained model and fine-tune it by training only last layer for purpose we want. There are 

also libraries available which have already implemented models. In this thesis, I will train my 

own models and explore how they work and react to various settings.  

Another thing which motivated me to do this work is the fact, that data science and machine 

learning, similarly to other disciplines require a certain degree of experience. Machine 

learning especially requires a lot of background knowledge and previous work experience. 

Exploring with data and own models allows me to dive into the field more. 

One of the most common examples of timeseries data are stock market prices. I decided to 

use the various cryptocurrency prices, as unlike other markets, crypto markets are 

uninterrupted.  They are by nature very dynamic, which makes them very challenging, but 

also very interesting. Through using various cryptocurrency prices, I opted to predict the 

future Bitcoin price. As there are numerous approaches and not one explicitly right solution, I 

will try to record my whole process and compare various models and architectures. Both 

cryptocurrencies and neural networks are quite new phenomenon and bear a substantial 

potential for financial markets as well as other uses. Predicting future price from previous 

prices only will be very difficult for neural network to learn, so I am curious if RNNs will be 

able to learn at least some of the patterns. 

Finally, I plan to implement one of the trained models to an application like API, as I really 

want to experience the whole process from selecting appropriate dataset, scaling the data up 

to the final application. Only when the data are ready, we can start to train the models. As 

models by themselves are devoid of use I want to wrap them into working application after I 

have properly evaluated them.  

My biggest concern is that predicting the bitcoin price only using past prices may turn out to 

be too complicated. Regardless I still want to give it a try.  There is a distinct possibility that I 

may uncover   some hidden pattern between various cryptocurrency prices using RNN. When 

we look at cryptocurrency markets, we can observe that various cryptocurrencies behave in 

similar patterns. This observation leads me to believe that it will be at least partially possible 

to make such predictions. 
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2. AI and ML basics 

There are two main types of artificial intelligence. Narrow AI and General AI. Narrow AI is 

the only type of AI that exists now. Sometimes Narrow AI is also called “Weak” because it is 

mostly able to perform only one specific task. We currently do not have an AI type which can 

do image classification and voice recognition and data processing synchronously, like 

humans do.  

Even though narrow AI is not self-aware it is still very powerful and safe tool. Normally 

when we want to create some program or model, we must define it manually, however neural 

networks allow us to do it differently. Using ML (Machine Learning), we can basically create 

mathematical model based on data which we have. There are three main types of ML. 

Supervised learning is such where we label the data beforehand. We tell what our AI should 

see on the picture. For example, we label when there is a dog or cat when we want to teach 

our AI to recognize the picture of a dog or a cat. The second type is unsupervised learning 

which looks only for some patterns which our AI finds during the learning process. 

Unsupervised learning is mostly clustering, which will sort our data according to found 

patterns. The third one is reinforcement learning when there is an agent which gets rewarded 

for his actions. 

 

Figure 1. AI overview [1] 

Alternatively, we can divide AI into categories according to Figure 1. Deep Learning which 

is a subclass of Machine Learning has been very popular lately. One of the biggest 

differences between normal ML and Deep Learning is that the second doesn’t require as 

much data pre-processing and feature extraction as we would normally do.  We basically take 

a lot of data and put it into our network. Our deep network will do the feature extraction and 

classification for us. It requires much more complicated structure with a lot of hidden layers 

and neurons. Thanks to this fact the results are very accurate, but sometimes we can’t be sure 

what patterns our network considered as important (black box). Training deep neuron 

networks takes a lot of time and requires a lot of data. Training deep networks could take 

weeks or months of computing. I could not really find an exact difference between “classical” 

machine learning and deep learning in terms of size of the network, but I really like Frank 

Dernoncourt’s definition: “Deep is a marketing term: you can therefore use it whenever you 

need to market your multi-layered neural network.” [2] 
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3. Recurrent Neural Networks (RNN) 

Is a special type of Artificial Neural Networks which is specialized in sequential data. For 

this reason, RNN architecture is widely used in Natural Language Processing (tasks like 

language translation, named entity recognition) and for prediction tasks like price or weather 

forecast. Basically, we could use it with any data, where sequential order is important.  

The main difference between RNN and normal feed-forward network is that RNNs output 

also considers previous timesteps using internal memory. Output is now affected not only by 

current input data, but also by memory, which holds relevant parts of previous data. 

 

Figure 2. RNN scheme [3] 

RNNs back propagate the overall loss through every individual timestep from the end to the 

beginning. This leads to a problem with gradients as we try to get to the cell state h (t=0) 

which means including many weights and gradient computations. One of the problems is 

called exploding gradient. This term describes a situation when many values (weights and 

gradients) are bigger than one. Solutions for this problem is called gradient clipping when we 

reduce big gradients. The second problem is the exact opposite to exploding gradients. When 

values are too small, we keep multiplying smaller and smaller numbers. This problem is 

called vanishing gradients and it leads to shorter relation recognition between initial time and 

latest time. To solve this problem, specialized cells have been developed. 
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Based on input and output length we can divide RNNs to following categories. 

Lenght Ilustration Usage 

𝒍𝒆𝒏𝒊𝒏 = 𝒍𝒆𝒏𝒐𝒖𝒕 = 𝟏 

 

Traditional neural network 

𝒍𝒆𝒏𝒊𝒏 = 𝟏  
𝒍𝒆𝒏𝒐𝒖𝒕 > 𝟏 

 

Music generation 

𝒍𝒆𝒏𝒊𝒏 > 𝟏 

𝒍𝒆𝒏𝒐𝒖𝒕 = 𝟏  
 

 

Stock prediction 

𝒍𝒆𝒏𝒊𝒏 = 𝒍𝒆𝒏𝒐𝒖𝒕 > 𝟏 

 

Named entity recognition 

𝒍𝒆𝒏𝒊𝒏 ≠ 𝒍𝒆𝒏𝒐𝒖𝒕 > 𝟏 

 

Translation / stock 

prediction 

Table 1. RNN categories overview [4] 

Another type is the bidirectional RNN where NN go through data in both directions. This 

could be very useful, in cases when there was something important at the beginning of our 

data sequence and our model could give it smaller weight than it should. For example, if there 

was an important word at the beginning of the sentence, model could miss its value if we go 

through the data only in one direction. 

 

Figure 3. Bidirectional RNN scheme [4] 
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3.1 Long Short-Term Memory (LSTM) 

LSTM cell was introduced by Sepp Hochreiter and Jurgen Schmidhuber in 1997 [5]. Even 

though this field of science is developing rapidly, LSTMs are still used nowadays, especially 

for timeseries data. It has been also very widely used in NLP tasks, however in this area it is 

being replaced by Transformers.   

 

 

Figure 4. LSTM scheme [6] 

Using gates LSTMs can control the information flow to the cell state. Gates consist of a 

sigmoid net layer and pointwise multiplication. Adaptive forget gates were introduced later in 

1999. At the beginning of the training the gate activation is almost 1 so it takes whole input 

until there is more data cell could eventually forget. [7] 

 We could say that LSTM works in four steps. 

1. Forget  

Forgetting irrelevant history by passing it through the sigmoid gate. The output 𝑓𝑡 based on 

previous output ℎ𝑡−1 and current input data 𝑥𝑡. Based on importance the output us between 0 

and 1. Zero says to forget the data completely and to keep the whole information. 

 

      𝑓𝑡 = 𝜎(𝑊𝑓 ∙ [ℎ𝑡−1, 𝑥𝑡] + 𝑏𝑓)          (1)   

 

 

𝑊 is weight matrix and 𝑏 is bias. Those values are randomly initialized and are updated 

during trainig.  

2. Store  

In this step LSTM stores the most relevant new information. The input gate layer is again a 

sigmoid layer which decides what to update. Second layer used in this step is tanh which 

produces vector �̃�𝑡 which contains new candidates. 
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      𝑖𝑡 = 𝜎(𝑊𝑖 ∙ [ℎ𝑡−1, 𝑥𝑡] + 𝑏𝑖)           (2)  

      �̃�𝑡 = 𝑡𝑎𝑛ℎ(𝑊𝑐 ∙ [ℎ𝑡−1, 𝑥𝑡] + 𝑏𝑐)    (3)   

 

 

3. Update  

Internal cell state update by putting calculated values from previous steps together with 

pointwise operations. We obtain new cell state 𝐶𝑡 by using the old state and by adding “new” 

values 𝑖𝑡 ∗ �̃�𝑡. 

 

        𝐶𝑡 = 𝑓𝑡 ∗ 𝐶𝑡−1 + 𝑖𝑡 ∗ �̃�𝑡                (4) 

 

 

4. Output 

The last step is an output generation. First, the sigmoid decides which states are going to be 

an output, then cell state goes through tanh. Finally, the state cell is multiplied by the sigmoid 

output, which ultimately gives us our result. 

 

        𝜎𝑡 = 𝜎(𝑊𝑜 ∙ [ℎ𝑡−1, 𝑥𝑡] + 𝑏𝑜)        (5) 

        ℎ𝑡 = 𝑜𝑡 ∗ 𝑡𝑎𝑛ℎ(𝐶𝑡)                       (6) 
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3.2 Gated Recurrent Unit (GRU)  

GRU is slightly updated LSTM. It was introduced in 2014 by Kyunghyun Cho. It contains 

less parameters and it lacks an output gate. It could be also described as a lightweight LSTM 

cell, which also uses gates. [8] 

 

𝑧𝑡 = 𝜎(𝑊𝑧 ∙ [ℎ𝑡−1, 𝑥𝑡])                 (7)                                     

𝑟𝑡 = 𝜎(𝑊𝑟 ∙ [ℎ𝑡−1, 𝑥𝑡])                  (8)                                     

ℎ̃𝑡 = 𝑡𝑎𝑛ℎ(𝑊 ∙ [𝑟𝑡 ∗ ℎ𝑡−1, 𝑥𝑡])    (9)                               

ℎ𝑡 = (1 − 𝑧𝑡) ∗ ℎ𝑡−1 + 𝑧𝑡 ∗ ℎ̃𝑡    (10)                      

 

Figure 5 GRU scheme [6] 

First step is to determine how much of the past information will be passed to the future steps 

(7). Subsequently the reset gate decides what information to forget (8). Then only the relevant 

information is stored (9). Finally, the cell decides what will be the output to the next step 

(10). [8] 

The main difference of GRU is that it does not have a controlled content of memory. The 

control of the information is done while calculating new candidate of the output. Judging just 

from its properties it is very difficult to say which one of LSTM and GRU is better. [9] 

3.3 Transformers  

 Transformers don’t work on the same principle as gated recurrent cells as discussed before, 

(transformer does not have gates) yet they outperform gated cells in NLP applications, like 

NER, chatbots or translation. Language models like Bidirectional Encoder Representations 

(BERT) or very famous library Spacy for NLP, are now using Transformers. The main 

difference between classical RNNs like LSTM and GRU is that in transformers the sequence 

is passed as parallel.  

As transformers are mostly used in NLP the first step is usually transforming words to 

vectors. This transformation takes place at the embedding block which transforms words to 

vectors in embedded space. Words however could be in different places of the sentence. 

Positional encoding is the next step which gives the context based on position of the word. 

Now, that we have our sequential data in vector form, we can continue to Encoder Block 

(Fig. 6 bottom left part). Here we have two important blocks. The first one is Multi-Head 

attention which gives us an attention vector to capture contextual relationship between data in 

sequence.  The second one is Feed Forward net, which is classic feed-forward neural network 

applied to every attention vector. 

Second part is Decoder, pictured on the right part of the transformer. The first step is very 

similar. We need to transform our data to numbers (if we haven´t done that yet). Decoder part 

consist of three main blocks. The first one is Masked Multi-Head attention, which is very 

similar to Multi-Head attention in encoder, however, is masked to provide parallel training.  
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This setup makes training faster. The data needs to be masked in this step to engage learning.  

Then the second attention block (encoder-decoder) determines how is the data from previous 

block related. In NLP this block determines which words from different languages are 

related. At the output we have feed forward linear layer which feeds data to SoftMax. 

SoftMax returns probability distribution. The output in the end could be for example a word 

with the highest probability. [10] 

 

Figure 6 The transformer – architecture [10] 

Another advantage of transformers is that since the inputs are whole sequences, it works 

better on GPUs. GPUs calculate simultaneously and data is inserted to gated cells data 

sequentially which makes training slower (however gated cells were still very fast on my 

GPU).  
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4. Dataset and training 

Some subtasks must be done first to train RNNs. The first step and very important one is 

finding a dataset with enough data. Without a good dataset the network won’t be able to learn 

properly. Then usually some preprocessing is needed. Time of training could vary a lot 

depending on used dataset size, architecture, its settings and of course on hardware. Finally, 

there should be some model evaluation. 

4.1 Data preprocessing  

The main purpose of data preprocessing is to prepare data to achieve the best results. Data 

can come in many formats, but computers work only with numbers. In this work I have been 

working with numbers, so I had to do some scaling and cleaning. Normally when I work with 

data, I convert it to Panda’s data frame when possible. Pandas is one of the most popular data 

analysis libraries, which allows developers to work with data more easily. Loading files in 

CSV or TSV formats is very easy with Pandas. When we work for example with pictures 

when training CNN the process would be different. However, the idea is the same -- to create 

as much accurate generalized model as we can. Ideal model will work on new data with the 

same accuracy as with training data, though unseen data almost every time gets slightly 

worse results. Our goal is to make this difference as small as possible. [11] 

4.1.1 First touch  

Every time I work with data, the first thing I do, is to try to understand it as much as I can. 

That is why the first thing I do while preprocessing is to plot the data.   

 

Figure 7 Example of timeseries data visualization 

As we can see in this case there is some unusual behavior around 2018-08-07. That part could 

confuse our neural network during training. For that reason, it would be better to remove this 
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part. After plotting we can obtain some info using pandas prebuild functions. Using those 

functions, we can check for empty values, or other problems, like wrong datatypes.  

 

Figure 9. Data overview using describe() function 

The easiest way of getting rid of NaN values is just to drop rows containing those values. 

This could be done only if we have enough data available. Removing rows may help with 

overfitting, however when working with timeseries data sometimes it is better to replace 

occasional NaN value with a value from previous step. There are again prebuild functions for 

replacing data where we can specify how to replace missing data. Of course, the best option 

is to have data without missing values, but that is not always possible. 

4.1.2 Splitting our data 

The most usual way to split data is to split it into three parts: train, validation and test set.  

 

Figure 10. Workflow [12] 

The reason why it is the best to split it into three parts is obvious from the figure above. If we 

used only two datasets there would be a problem. We would tweak our model to obtain the 

best result on validation set. As a result, the model would be adapted to it. That’s why we use 

the third test set. Only on test set we can evaluate our model, because that part of data is 

unknown and reflects actual behaviour on data which could come from the outside world.  

Based on my experience, I usually split my data with this ratio: (70%, 20%, 10%) train, 

validation, test. Using this exact ratio is not obligatory and we should always adjust it to our 

actual available data.  

Figure 8. Data overview using info() function. 
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4.1.3 Normalizing data 

Crypto market is very dynamical and price differences are very huge. That is the reason why 

it is necessary to use proper normalization/scaling. For data normalization I used sci-kit learn. 

[13] This library provides useful tools for data pre-processing.   

• Z-score (standard score) 

𝑧 =
𝑥−𝜇

𝜎
    (11) 

Where x is observed value, 𝜇 is mean of the sample and 𝜎 is the standard deviation. Even 

though z-score is quite popular, I also considered using different scalers, which might have 

some advantages, but this one seemed the best.   

• Min-max normalization 

Is defined by following formula 

𝑥′ =
𝑥−min (𝑥)

max(𝑥)−min (𝑥)
    (12) 

Where 𝑥′ is scaled value, 𝑥 is original value and 𝑚𝑖𝑛 (𝑥) is minimal value from input values 

and 𝑚𝑎𝑥 (𝑥)  is maximum value from input values. [13] 

4.1.4 Data windowing   

The last step which is necessary to do before it is possible to start learning is to split data into 

separate windows with input data and labels.   

 

Figure 11. Data windowing 

In Figure 11 there is an illustration of data windowing.  In this case we split the dataset into 

windows with 7 elements in every window and from 5 first elements the model will try to 

predict 7th value.  

After we split our data into windows with desired size, we usually shuffle separated windows, 

so they don’t go to our trained model in the same order, but the input are tensors with size 

(batch, length, columns). 
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4.2 Building model  

Next step is to build the neural network model. Here we define size of the actual network and 

its properties like type, activation function, recurrent activation function and more.  

4.2.1 Activation functions 

The shape of the activation functions defines the output of the neuron. If we consider step 

function, based on neuron sum the output will be 0 or 1. Activation functions have a big 

impact on neural network performance, because if we pick the wrong activation function the 

model won’t work. There are many available activation functions, and I will only focus on 

those which I find important.  

Name 𝒇(𝒙) 𝒇′(𝒙) Range 

Sigmoid 𝜎(𝑥) =
1

1 + 𝑒−𝑥
 

𝑑𝜎(𝑥)

𝑑𝑥
=

𝑒𝑥

(1 + 𝑒𝑥)2
 (−∞, ∞) 

Tanh tanh(𝑥) =
𝑒𝑥 − 𝑒−𝑥

𝑒𝑥 + 𝑒−𝑥
 

𝑑tanh(𝑥)

𝑑𝑥
= 1 − tanh (𝑥)2 (−1,1) 

ReLU {
0    𝑖𝑓 𝑥 ≤ 0
𝑥   𝑖𝑓 𝑥 > 0

 
{
0    𝑖𝑓 𝑥 < 0
1   𝑖𝑓 𝑥 > 0

    Undefined if x 

=  0 

[0, ∞) 

Lin x 1 (−∞, ∞) 

Step {
0    𝑖𝑓 𝑥 < 0
1   𝑖𝑓 𝑥 ≥ 0

 {
0    𝑖𝑓 𝑥 < 0

𝑢𝑛𝑑𝑒𝑓𝑖𝑛𝑒𝑑   𝑖𝑓 𝑥 = 0
 {0,1} 

Table 2. Activation functions [14]  

Functions above (Table 2) plotted can be seen on picture below (Fig. 12).  

 

Figure 12 Plotted activation functions  
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In this work I have used only two combinations of activation functions. Those were ReLU as 

activation with Sigmoid as recurrent activation, however, to use cuDNN implementation 

(GPU) I switched to tanh as an activation and sigmoid as recurrent activation, because only 

this combination was supported for GPU training. [15]  

4.3 Training 

Now, when the data is processed, we can start training our models. The last step before actual 

training is to compile model. Here we must specify optimizer, number of epochs, callbacks, 

loss end metrics. All mentioned parameters have impact on final model performance, but in 

my opinion, optimizers have bigger influence on model learning, which is why I am going to 

talk about them a little bit more. 

4.3.1 Optimizers  

Optimizers are so important, because they optimize parameters of our models, such as 

weights and, they could tweak learning rate, in order to reduce loss of the model.  

• Gradient descent 

Probably the most famous optimizer. It is an iterative optimalization algorithm for finding 

local minimum. Gradient of a function 𝐹 in point p is a vector defined as    

𝑔𝑟𝑎𝑑 𝐹(𝒑) = (
𝜕𝐹

𝜕𝑥1
(𝒑), … . ,

𝜕𝐹

𝜕𝑥𝑛
(𝒑))    (11) 

As It might be seen from (eq. 13) gradient is partial derivative with respect to all variables 

(those derivations must exist). [16] In other words, it is a vector which shows us the direction 

of maximum function growth. If we know the direction the maximum growth, we also know 

the direction of maximum decrease. Gradient is usually expressed with ∇ so formula (3) 

could be written as 

𝛻𝐹(𝒑)          (12) 

Then using following iterative method, we get closer to local minimum. 

𝒑𝑘+1 = 𝒑𝑘 − 𝛼𝑘 𝛻𝐹(𝒑𝑘), 𝑘 ≥ 0           (13) 

𝛼𝑘 is small enough that next step 𝒑𝑘+1 is smaller than current step 𝒑𝑘. Then we obtain 

following sequence. Where last step would be ideally local minimum. 

𝐹(𝒑0) ≥ 𝐹(𝒑1) ≥ 𝐹(𝒑1) ≥ ⋯              (14) 

As it has been pointed out 𝛼𝑘 changes at every step, so its value must be calculated. Using 

secant method, we can approximate (5) using following method. 

𝒑𝑘+1 = 𝒑𝑘 − 𝐹(𝒑𝑘)
𝒑𝑘−𝒑𝑘−1

𝐹(𝒑𝑘)−𝐹(𝒑𝑘−1)
= 𝒑𝑘 − 𝐹𝑘

∆𝒑𝑘

∆𝐹𝑘
            (15) 

For 𝑘 > 0 we need to know vectors 𝒑0 and 𝒑1. From (5) and (7) we express following 

𝒑𝑘+1 = 𝒑𝑘 − 𝛼𝑘 𝛻𝐹(𝒑𝑘) ≜ −𝐹𝑘
∆𝒑𝑘

∆𝐹𝑘
 , 𝑘 > 0              (16) 
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From (8) 𝛼𝑘 is  

𝛼𝑘 = 𝐹(𝒑𝑘)
∆2𝒑𝑘

∆2𝐹𝑘
|

𝑘≥2
≜ 𝐹(𝒑𝑘)‖[𝛻2𝐹(𝒑)]𝑘

−1‖  , 𝑘 ≥ 0         (17) 

Nice analogy to gradient decent is standing on a hill with closed eyes and trying to find the 

highest or lowest point. We can follow steepest direction and after some time we will find 

highest, or lowest local point. If steps are too small it is going to take longer, but if steps are 

too big it is also a problem because we will be walking around the minimum or maximum 

point. Second problem is that we can’t be sure if we are on global maximum, because we 

don’t see other hills. For this reason, there are different optimizers.    

Now let’s explain for what purpose we use optimizers in ML. As we can see in figure below, 

using optimizers the network tweaks weight and learning rate to obtain minimal loss using 

gradient. It is important that learning step is not too small, because then learning takes too 

long. Nevertheless, learning step should not also too big.  

 

 

Figure 13 Gradient descent in ML 

Dark green point on the left side is the initial weight value. This is usually randomly chosen 

value when compiling neural network architecture. Blue dot is final value located in local 

minimum, which is also a global minimum in this case, however, does not have too 

necessarily global.  

• Stochastic gradient descent (SGD) 

As the name implies, SGD is a stochastic approximation of gradient descent. SGD is also 

sometimes referred as online gradient descent (batch size = 1). If we calculate gradient 

descent for every sample in single iteration it is called batch gradient descent. That means we 

choose batch size equal to number of samples in dataset. This approach is quite smooth, 

converges well to a minimum, but is very slow.  
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Classical stochastic gradient descent uses only one sample of the dataset per iteration. This is 

computationally faster, but it is quite noisy and after fast start at the beginning it oscillates 

around local minimum.  

Tradeoff between options above is mini-batch size gradient descent. According to “Mini-

batch size of 32 is a good default value” [17]. This means that weights are updated after 

considering batch size (32) samples of data.  

One epoch is when our whole dataset goes through NN. Iteration is number of batches 

necessary to complete one epoch. After every iteration is one gradient update. Every training 

step is iteration. 

𝑒𝑝𝑜𝑐ℎ = 𝑏𝑎𝑡𝑐ℎ 𝑠𝑖𝑧𝑒 ∗  𝑖𝑡𝑒𝑟𝑎𝑡𝑖𝑜𝑛𝑠  

• AdaGrad 

Some optimizers generally focus on more occurring features and the rest are set to zero, 

however even rarely occurring features could be informative. This problem AdaGrad solves 

by giving frequently occurring features lower learning rates than to more rare features. [18] 

• Adam 

Adaptive Moment Estimation (Adam) is probably one of the most universal optimizers. It 

requires only first order gradient. It is designed to combine two popular methods which are 

AdaGrad and its ability to deal with sparse gradients and RMSProp which deals well with 

non-stationary objectives.  [19]  

• Adamax 

Adamax was introduced with Adam as its variant and is based on infinity norm. From the 

introduction paper it is able to outperform Adam on models with embeddings. [19] [15] 

• FTRL 

This optimizer was developed by Google to predict ad click through rates. Ad-related data 

tends to be very sparse with only few non-zero values, which means that FTRL has good 

sparsity and convergence properties. I have also seen some visualizations and this optimizer 

converged very rapidly. [20] 

4.3.2 Loss 

Loss functions are used by optimizers to find minimum.  

• Mean squared error (MSE) 

Defined as sum of squared difference between predicted and actual values divided by number 

of examples.  

𝑀𝑆𝐸 =
1

𝑁
∑ (𝑦𝑡(𝑖) − 𝑦𝑝(𝑖))2𝑁

𝑖=1     (19) 
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• Mean absolute error (MAE) 

Average value of absolute difference between predicted and actual value. 

𝑀𝐴𝐸 =
1

𝑁
∑ |𝑦𝑡(𝑖) − 𝑦𝑝(𝑖)|𝑁

𝑖=1      (20) 

• Huber 

Huber loss is defined as following 

𝐻𝑢𝑏𝑒𝑟 𝐿𝑜𝑠𝑠 (𝑥) =  {
  0.5 ∗ 𝑥2                                    𝑖𝑓 |𝑥|  ≤ 𝑑 

 0.5 ∗  𝑑2 + 𝑑 ∗ (|𝑥| − 𝑑)    𝑖𝑓 |𝑥| > 𝑑
      (21) 

𝑥 = 𝑦𝑡(𝑖) − 𝑦𝑝(𝑖)   (22) 

It behaves mostly like absolute error except for smaller values, where is this function more 

quadratic. Shape of this function is specified with  𝑑 parameter, which tells us if It should be 

more sensitive to outliners like MSE or less like MAE. [21] 

• LogCosh 

Computes the logarithm of the hyperbolic cosine of the prediction error. [15] 

𝐿𝑜𝑔𝐶𝑜𝑠ℎ = 𝑙𝑜𝑔 (
1

2
(𝑒−𝑥 + 𝑒𝑥)) ≡ 𝑙𝑜𝑔(cosh(𝑥))  (23) 

𝑥 = 𝑦𝑡(𝑖) − 𝑦𝑝(𝑖)   (24) 

LogCosh is very similar to Huber but has one big advantage which is that it is twice 

differentiable everywhere. This could be very useful, because some boosting gradient 

methods use this second derivative to find the minimum.  

 

Figure 14 Visualisation of loss functions above [22] 
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4.3.3 Metrics 

In TensorFlow metrics are used for model evaluation. Unlike loss, metrics don’t affect model 

learning and are only for performance checking.  

4.3.4 Early stopping 

Another very useful keras’ feature is EarlyStopping. It is a subclass of Callbacks which 

allows us to access various stages of our learning process. EarlyStopping is specialized on 

monitoring metrics and can eventually stop learning when its conditions are fulfilled. I used 

this class very often, because it allowed me to set higher number of epochs and if our model 

satisfies our goals. [23] [15] 

tf.keras.callbacks.EarlyStopping( 

    monitor='val_loss', min_delta=0, patience=0, verbose=0, 

    mode='auto', baseline=None, restore_best_weights=False 

)  

Because in first part of this work I was focusing on comparing various models and 

architectures I was monitoring validation loss and if the model did not improve for three 

epochs then training was stopped and model with the best validation loss was restored and 

saved into selected directory.  
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5. Practical part 

In this work I have used several datasets, preprocessing options, and model architectures. I 

am going to describe the whole process with reasons why I used some method and explain 

why something works and something does not.  

This work has been also an iterative process because I went through many various sources 

and tried various libraries.  

The first thing I would like to point out is quick introduction on how crypto market and BTC 

price behave in general, since there are facts we should consider when working with crypto 

data.  

As can be noted in figure below like all other markets, crypto market in general has two main 

periods. One of them is called “bull market” which is when prices go up. This trend when 

everything goes rapidly up can be observed at the end of 2017 and at the end of 2020. The 

second market is “bear market”. That is when market goes down or it does not change much.   

 

Figure 15. BTC price with highlighted datasets 

5.1 Dataset’s introduction  

I used 3 datasets in my work. I have all of them stored as a CSV file formats on my local 

computer. They can be seen on Figure 15. 

The first dataset was downloaded from [24]. This dataset contains 4 files with following 

cryptocurrencies: BTC, ETH, LTC and BCH in 4 different CSV files. Every file has around 

95000 rows. 

time low high open close volume 

1528968660 871.65 871.73 871.65 871.72 5.675361 

1528968720 870.86 871.72 871.72 870.86 26.85658 

1528968780 870.1 871.09 871.09 870.1 1.1243 

1528968840 868.83 870.95 868.83 870.79 1.749862 
Table 3. Example of downloaded data. 

From those 4 csv files I took only close prices and created new dataframe from them. 

Visualization and basic information about this dataframe is in Figures 7, 8 and 9. 
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This first dataset was quite good for learning because it had enough data, was relatively 

balanced in terms of price evolution. The only problem is that for something so dynamical 

like crypto market, dataset which is from 2018 is quite outdated. So, I decided that I would 

learn my models on this dataset and then see how it works on more relevant data. Then I can 

compare results and say if models are generalized enough, or eventually retrain models on 

current data.   

Therefore, I created another dataset using yfinance Python library  

https://github.com/ranaroussi/yfinance. This library is very easy to use, and it is free without 

necessity to have any account. With some additional code I have created 

Cryoto_dataset.ipynb file which  creates a csv file containing desired data. It also returns 

more data than just close prices, however I only use them. Unfortunately, 1-minute data 

resolution is only available for past 7 days. After few weeks of data collecting, I managed to 

create a dataset with approximately 58393 rows. 

Datetime BTC-USD_close LTC-USD_close ETH-USD_close BCH-USD_close 

2020-09-28 
00:00:00+01:00 

10756.69 45.95008 355.0525 227.4126 

2020-09-28 
00:01:00+01:00 

10756.32 45.93516 355.1282 227.4453 

2020-09-28 
00:02:00+01:00 

10756.92 46.00699 355.126 227.4328 

2020-09-28 
00:03:00+01:00 

10758.65 45.92831 355.2801 227.4888 

Table 4. Part of my collected dataset 

It contains same indices as the first downloaded dataset. The only problem here is that prices 

started to grow rapidly after few weeks as visible in figure below. If the plot continued the 

growth would be even steeper, because BTC price moved from 18k to 65k in only 4 months. 

Hence, I stopped collecting data and decided to use only some parts of this dataset for 

evaluating models.  

https://github.com/ranaroussi/yfinance
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Figure 16. Visualized collected dataset 

Unbalanced price growth was one of my biggest obstacles during this work, because my 

models were trained on data from “bear market” and after few weeks “bull market” started 

and everything went up fast. That meant that I had models which were trained on “bear 

market” data, but I also wanted to validate models on current incoming data. Fortunately, if 

we take some smaller window size the growth is not so noticeable there, however it could 

probably reflect in model performance.  

Using datasets above I was able to train models check the performance and survey if they are 

generalized enough to perform similarly on completely new data.  

After some time, I found another option which was getting data from Binace, which is a 

cryptocurrency exchange. The only disadvantage is that you need to create an account there, 

but there is no need to buy anything and then you have access to the API. After creating an 

account, it is possible to get a lot of useful tools including historical data of desired 

cryptocurrencies. For easier communication I used python-binance library 

https://github.com/sammchardy/python-binance. I again created a script in Jupyter notebook 

to make creating dataset easily. Now we just select ratio, date and what data we want to 

download, and it creates csv files into selected directory. [25] 

 

 

 

 

 

 

https://github.com/sammchardy/python-binance
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Table 5. Example of data from Binance. 

Thanks to this data source was able to easily obtain a lot of data, so I decided to include more 

than cryptocurrencies than in the previous datasets. First, I selected all available BUSD pairs 

(BUSD is a stable coin, which means that it is backed 1:1 to US dollar) from Binance. Then 

for all those pairs I selected close prices from 2021-06-20 – 2021-07-04 (two weeks) and 

calculated correlation between all those pairs vs BTCUSD. Getting longer time interval 

would take too much time for so many pairs, so I decided to take two weeks and for those 

with higher correlation I will do some further examination.  
 

correlation_with_btc pair 

190 0.908486 TWTBUSD_close 

189 0.895470 TRBBUSD_close 

188 0.877552 XLMBUSD_close 

187 0.875971 DGBBUSD_close 

186 0.866240 ALGOBUSD_close 

... ... ... 

4 -0.010913 TUSDBUSD_close 

3 -0.084367 MIRBUSD_close 

2 -0.133281 AUDBUSD_close 

1 -0.145807 EURBUSD_close 

0 -0.287440 USDCBUSD_close 

Table 6. All BUSD pairs with correlation to BTC 

I ordered them from the highest correlation to the lowest. To visualize if it works, I took 

TWTBUSD_close with correlation:  0.9084862137358767 and AUDBUSD_close correlation 

is -0.13328093134182173 and plotted the data. 

timestamp open high low close volume quote_av trades 

01/01/2020 
00:00 

7169.12 7169.12 7162.19 7162.2 0.85156 6104.387 16 

01/01/2020 
00:01 

7162.2 7162.2 7162.2 7162.2 0 0 0 

01/01/2020 
00:02 

7160.33 7160.33 7160.33 7160.33 0.001675 11.99355 1 

01/01/2020 
00:03 

7160.33 7160.33 7160.33 7160.33 0 0 0 
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Figure 17. Example of correlated and uncorrelated prices 

I took 30 pairs with the highest correlation and got data from 1st Jan 2021 until 1st July 2021. 

Then I calculated correlation again. From them I picked 7 with the highest correlation. All 

data plots are in Data_explore.ipynb.  

The fact that there is constantly new data available eventually became problematic. As I did 

not know which architecture is the best, I would have preferred a static dataset to train 

models and to compare them. For this purpose, specifically, I used older downloaded dataset. 

Another advantage of using this old dataset is that I can then easily validate if models are 

generalized enough, on newer data. 

Dataset Used for  Indices Size  

Downloaded 

dataset 

Training smaller 

models and their 

performance 

comparison 

BTC, LTC, ETH, 

BCH 

(86117 x 4) 

Collected dataset 

with yfinance 

(collected) 

Validation of smaller 

models 

BTC, LTC, ETH, 

BCH (XLM, ADA) 

(58393 x 4) 

Created dataset 

using Binance API 

(final_df) 

Training/validation 

of big models 

BTC, OCEAN, 

ZRX, ATOM, BNT, 

ALGO, TWT, 

SUSHI 

 

 

(216177 x 8) 

Table 7. Dataset’s overview 
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5.2 Normalizing my data 

In this part I would like to go through various options and problems which I encountered 

during normalizing crypto prices for price prediction using recurrent neural networks.  

Normally I would split the data to three different parts. Train, test, and validation datasets. 

Then I would scale the training dataset and using same scale ratio I would then normalize two 

remaining datasets.  However, this approach does not work very well in this case.   

   

   
Figure 18. Train, test and validation datasets scaled normally (top row) and separately (bottom row) 

Top row in figure 18 contains scaled data using the correct way. On the left, there is my train 

part, in the middle there is a validation part, and, on the right, there is a test part. The bottom 

three graphs are the same data, but they don’t use the same scale ratio, because they are 

scaled independently. That means that every part has its own ratio. 

The problem is that if the model learns on train data where lines are close to each other, then 

it does not work very well on validation and test sets, because as we can see lines are moving 

away.   

When I used the independent scaling, even though it is not theoretically appropriate method, 

the results were much better. However there were still some errors. 

 

          Figure 19. Input data                                                          Figure 20. Predictions with labels 
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Figures 19 and 20 show real behaviour of various models which learned on separately scaled 

datasets. Models were supposed to predict 2 min into the future using 24 minutes of data 

using recurrent neural networks. In this case only four pairs were used (BTC, ETH, LTC, 

BCH) to predict BTC price. It is obvious that when the distance between prices is bigger it 

can shift predictions in some direction. One possibility would be to shift prediction back, yet 

I believe that finding better solution for scaling data would improve model accuracy. 

5.2.1 Logarithmic scale  

One of the possibilities how to deal with those price differences is to put prices to 

logarithmical scale, however there is a problem that every Crypto now has different scale, so 

the differences won’t be in correct ratio.  

 

Figure 21. Log scaled data 

Now it is necessary to scale obtained data. To see the impact of log scale there is a 

comparison in Figure 22. 

  
Figure 22. Comparison of scaled logarithmical data (left) and original scaled data (right) 

The problem of moving differences between pairs is still there so I don’t think this is the right 

way. 
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5.2.2 Percentage change  

Another option is to take percentage change. The only problem here is again difference 

between prices. If BTC price changes by 1% it could have much bigger impact than if XLM 

has a 1% change.  

 

Figure 23.Example of scaled percentage change data 

For that reason, after creating percentage change from original data I scaled percentage 

change.  

 BTCBUSD_close ETHBUSD_close BCHBUSD_close LTCBUSD_close XLMBUSD_close ADABUSD_close 

Max_before 0.033410 0.058486 0.053971 0.058623 0.071819 0.065333 

Max_after 3.054184 3.981011 3.279838 3.409439 3.072832 3.403360 

Table 8. Max values before and after scaling 

Scaled values have smaller range, so this seems like a good approach. Also scaled prices are 

usually between -1 and 1 which is a good range. 

5.2.3 Smaller normalized windows.  

Third option would be to do it similarly to my original approach with independent scaling, 

but with smaller windows. The problem here is to specify the size and the location of the 

window. It could be big as the whole dataset (like in my case on Fig. 18) or its size could be 

like the input window data size. That means to independently scale every input window, but 

then every output would be predicted with different scale. 

5.2.4 Conclusions on data scaling 

In this section I went through some possibilities of normalizing/scaling cryptocurrency data. 

There are still many things which we should consider. For example, if the dataset should be 

balanced. In Figure 16 we can see that the trend is slightly ascendant. This could also be a 
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problem, because neural network might learn that overall price goes always higher. On the 

other hand, this trend might continue for the next few months, or the price could also drop. 

Those things we can’t say for sure. More scalers and data explorations can be found in 

Data_explore.ipynb.  

In this work I have used two options of data scaling, first was using only z-score with 

separate scaling (Fig. 18 bottom part). This worked, but I encountered various problems 

while working z-score only, so I added second option which was using percentage change 

and then scale it with z-score, which worked better so I sticked to it for the rest of this work.  

5.3 Model’s training  

There is not a universal right way how to proceed with scaling and setting all the parameters. 

There are also various cells and architectures available. Which is why my training file, 

Forecasting.ipynb has following variants of RNNs.  

 

 

 

 

 

 

 

 

Layers in Tensorflow contain parameter called return_sequences. If last layer hast parameter 

return_sequence equal True then it creates prediction for every step, otherwise it warms up its 

internal state before making single prediction. If we stack layers this parameter has to be set 

True, but if last layer is set to false then it is called single shot model. [15] 

 

Figure 24. Predictions based on return_squences parameter. True (left). False (right) [15] 

Name Type 

LSTM Many to many 

LSTM bidirectional Many to many 

GRU Many to many 

GRU bidirectional Many to many 

LSTM single shot Many to one 

LSTM bidirectional single shot Many to one 

GRU single shot Many to one 

GRU bidirectional single shot Many to one 

Table 9. RNN types used in this work 
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So, in my code, I just change compile parameters and train all those models and save them 

into directory (for example 20_04_2021). That means that in one iteration 8 architectures are 

trained. This allows me to load models later and evaluate or retrain them. I tried two main 

approaches of data norm and scaling for which I trained and evaluated several models. I tried 

to change parameters according to what I thought should work. My choices were usually 

based on what I had read about those parameters and on my intuition.  

• First approach 

The first thing I tried was using downloaded dataset with just z-score scaling. I used separate 

scaling, like on bottom part of Figure 18. Then it was processed, which includes data 

windowing and then models were trained on this dataset. Empty rows were dropped, which 

made training process more difficult for NN, however models were much more generalized. I 

also removed problematic part of the dataset. After this I obtained dataset with 60 000 rows.  

As we will see in the next part of this work this approach follows the trend quite well, 

however predictions could be deviated from the correct values. Some models even were not 

deviated, but if we considered if direction was correct percentage was not too high. I was 

using 24 minutes of data to predict two minutes into the future.  

• Second approach 

When I was working with previous models, I was still struggling with selecting the proper 

scaler and its range, due to this I tried to train some models using percentage + z-score 

scaling, which after closer evaluation worked better than models obtained only using z-score. 

All further models were trained using this approach, when I cropped problematic parts, 

dropped all remaining NaN values and then scaled data using percentage + z-score. It was 

basically the same process as int the first approach however with percentage scale. In this 

case percentage change will be predicted instead of scaled price. To make higher possibilities 

of good predictions I will be predicting only one minute into the future. 

Generally, models learn to follow the trend during first or first two epochs. Then, the biggest 

challenge was to move below some number. When learning models, I was aiming for the 

lowest val_loss.  

 

Figure 25. Usual training history for z-score only (left) and percentage change + z-score (right) 

Usual model learning history goes fast at the beginning (fig. 25) and then validation usually 

oscillates while loss goes down very slowly. Of course, not all models learn like this, some of 
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them learn in first epoch and some of them learn more slowly, it really depends on selected 

architecture and optimizer.  

5.4 Models’ performances 

As I have already mentioned there are many parameters which could be changed and various 

data scaling options. For every model setting I trained 8 different modifications of RNN with 

the same number of layers and nodes. Architecture can look like the one on Figure 26. 

 

Figure 26. Example of RNN architecture with LSTM layers in TensorFlow 

Following models were trained on downloaded dataset. Window size was 24 and I was 

predicting two minutes into the future using z-score only and one minute with z-score + 

percentage change. Below is a part of evaluation which was made on validation and test part 

of the original downloaded dataset and there is also column with My dataset which is 

supposed to reflect “current” data, because it is evaluated on last 10% of my collected dataset 

(04-11-2020 – 08-11-2020). Scores are obtained using predefined TensorFlow function 

evaluate. Whole table can be found in model_comparsion.xlsx file. It includes many models, 

including models using both approaches, so I will only show some of them.  

 Validation   Test   
 My 
dataset  (test)  

 Loss MAE  Loss MAE  Loss MAE Compile_settings 

LSTM 0.001 0.021 0.0014 0.0272 0.000398 0.0275 comp_1 

LSTM - bidirectional 3.36E-04 0.0108 0.00029 0.0116 0.000379 0.0128 comp_1 

GRU 9.15E-04 0.0188 0.00122 0.024 0.001488 0.0271 comp_1 

GRU - bidirectional 2.95E-04 0.0104 0.00020 0.00991 0.000189 0.0092 comp_1 

LSTM (single) 1.20E-03 0.0233 0.0015 0.0276 0.0013 0.026 comp_1 

LSTM - bidirectional 
(single) 1.40E-03 0.0244 0.0019 0.0323 0.00165 0.0289 comp_1 

GRU (single) 1.20E-03 0.0254 0.0015 0.0291 0.00161 0.0299 comp_1 

GRU - bidirectional 
(single) 1.30E-03 0.024 0.00162 0.02865 0.00179 0.0302 comp_1 

Table 10. Example from models_comparsion file with evaluation scores (for z-score scale 2 minutes) 

Right column (Table 10.) contains compile settings which corresponds to which setting was 

used to compile model. Pct + z-score means that percentage change plus z-score scaling was 

used. 
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The first part of the scores from models_comparsion.xlsx is for only z-score scaled models. I 

have already described the main reason why I switched to different scaling option. The 

problems are visible in Figures 19, 20 and 27. Also, when I checked percentage correctness 

of predicted directions, they were not very high. Usually, a little bit below 50% and only few 

models made it above 50% accuracy. That is why I switched to one minute prediction and 

percentage change + z-score scaling. Direction accuracy for z-score scaled models was 

calculated from previous prediction. If prediction was bigger then previous and price also 

raised, then I consider direction as correct. This approach could be also appliable on 

percentage models, however for percentage + z-score models I compared prediction with 0. If 

prediction was bigger than 0 and next real percentage price was also bigger than 0 then it was 

considered as correct. The same if both were smaller than 0.  

 

Figure 27. Predictions of models_21_11_2020 iteration on z-score scale (2 mins predictions) 

As I already said, TensorFlow provides function for evaluating models which I used, 

however it compares all predictions with all labels, that is why LSTM-bidirectional and 

GRU-bidirectional have much better results than the other models (Fig. 28).  When we 

consider only last prediction, then all the models have pretty similar results. I still could 

compare same model architectures with different settings against each other (Table 13.). 

Validation, test and recent are evaluated on the same data as in table 10.  

Compile_settings comp_1 comp_2 comp_3 

Optimizer Adam SGD Adam 

Learning rate default default default 

Loss MSE MSE MSE 

Metrics MAE MAE MAE 

Early_stopping  Yes Yes Yes 

Dataset Downloaded Downloaded Downloaded 

Pre-processing 
z-score scaling 
(separate) 

z-score scaling 
(separate) Pct + z-score 

Additional opt. parameters  - - - 

Table 11. Part of compile settings table from models_comparsion file 
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Which means original training dataset with last part of my collected dataset. Recent data 

reflects time when market entered “Bull market” period and original training dataset was 

more “Bear market” data that is why the performance is worse. In the next part I also 

included evaluation on my collected dataset, but on older part, which should more reflect 

market behavior of the original training dataset. This was because I wanted to see how much 

performance change can based on market period. 

 

Figure 28. Why many to many GRU and LSTM models have better evaluation scores with predefined functions 

 

 

Directory_name val_loss val_MAE test_loss test_MAE recent_loss recent_MAE 

07_04_2021 1.34198 0.60758 1.0061 0.48238 2.7676 0.84872 

07_04_2021_1 1.29281 0.59024 0.9929 0.46656 2.6473 0.8092 

07_04_2021_2 1.281 0.59444 0.9739 0.46829 2.6249 0.7912 

08_04_2021 1.29328 0.56875 0.9782 0.43605 2.5708 0.69425 

09_04_2021 1.2768 0.58998 0.9719 0.4643 2.6312 0.7942 

12_04_2021 1.3139 0.59765 1.0325 0.4802 2.7818 0.8407 

13_04_2021 1.28226 0.59662 0.9853 0.47348 2.6863 0.82438 

14_04_2021 1.29305 0.57003 0.9785 0.4379 2.5697 0.69861 

17_04_2021 1.2708 0.5946 0.9712 0.46854 2.6414 0.81006 

18_04_2021 1.2922 0.5713 0.97839 0.43996 2.56941 0.70255 

20_04_2021 1.29245 0.57067 0.9782 0.43852 2.56926 0.70094 

28_04_2021 1.29516 0.59948 1.01164 0.4808 2.6563 0.81939 

Table 12. Comparison of various LSTM architecture performances trained on pct + z-score processed dataset 
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All models from one learning iteration (same compile settings and architecture size) are 

stored in separate directories. Above we have classical LSTM architectures, compared using 

gradient background style. Green models are the best and red are the worst results. The best 

results from each column are underlined. Columns from Table 12. correspond to columns 

from Table 10. All other architectures are compared the same way in NN_plots.ipynb file and 

every bets performing model is also highlighted in models_comparsion.xlsx file.  

Now that I have comparison against the same architectures, I wanted to progress towards 

more informative output. Those numbers above while accurate don’t really say much at first 

sight. To improve this, I created my own evaluation functions. First of them is classical 

MAE, but in this case, it works on all models the same. It takes only the last prediction 

compared with its label. Second function I created is comparing if the direction of the 

prediction is the same. This second function returns percentage of how many times was the 

predicted and correct direction the same.  All results are in model_comparsion.xlsx. 

MAE (org) and Direction (org) were evaluated on first 6000 points from test part of the 

original downloaded dataset on which were models trained (Downloaded dataset from table 

3). MAE (new) and Direction (new) were evaluated on the first 9000 points of my created 

dataset (Collected dataset from Table 3). I took beginning of downloaded dataset, because in 

my opinion in reflects better normal market.  

Table 13. Example of my evaluation scores for models from 08_04_2021 

Figure 29 explains which parts of my collected dataset were used. My evaluation (Table 13 

new) was made on “My evaluation” part of the data. Recent loss and MAE from Table 12. 

were made on “Recent” part. From performances we will see how much will change from 

“Bear market” (green part) to “Bull market” (“blue part”) affect models’ performances.   

 MAE (org) 
Direction (org) 

[%] 
MAE 

(new) 
Direction (new) 

[%] 

LSTM 0.43757 55.94 0.3337 55.07 

LSTM - bidirectional 0.46991 55.16 0.35059 55.8 

GRU 0.44657 53.03 0.33414 55.33 

GRU - bidirectional 0.46024 53.78 0.3507 53.69 

LSTM (single) 0.43723 55.01 0.33448 52.28 

LSTM - bidirectional 
(single) 0.45857 55.18 0.33937 55.57 

GRU (single) 0.44857 56.09 0.33537 56.43 

GRU - bidirectional (single) 0.45724 57.16 0.34226 56.4 
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Figure 29. Highlighted parts of my collected dataset 

If we plot predictions using trained models, we could obtain something like following 

picture. Input data are the same data as in fig 19 and fig 20, only with percentage + z-score 

scale. 

 

Figure 30. Visualized predictions of models from 08_04_2021 

As evident from Figure 30, models do not really react to very big sudden changes and this 

also applies in general to all my trained models, but it makes sense since those changes are 

unpredictable from close price, still we can see some sort of moving trend and that 

predictions are made. 

5.5 Interesting models and conclusions 

As I have trained many models, putting all the results here would be counterproductive. 

Therefore, I decided to only present models and results which I found interesting in this 

section. 
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First very interesting fact is that models have better MAE at the beginning of the collected 

dataset, but worse performance than at the end of the same dataset. I mention this to highlight 

the importance on the market behavior. Even though it is the same dataset just one month can 

change performance so much. This also means that dropping NaN values instead of replacing 

them made learning harder, but models are not overfitted. Even when I tried to add drop layer 

into my models it did not improve performance it just made performance worse.  

One of the most interesting models is with following architecture, which is named 

12_04_2021. It has following architecture. I picked this model because it had the best 

performance from the compared models at the beginning of collected dataset.   

 

Figure 31.LSTM architecture of 12_04_2021 

With compile settings comp_7 (Table 15.) which corresponds to Adam optimizer with 

learning rate 0.01. Loss is MSE and Metrics is MAE.  

If we check correct percentage of directions, we get the following table. The main reason 

why I found this very interesting is that in this case mostly single shot models are performing 

better in terms of MAE and GRU single shot had the best direction correctness. Models also 

have best Loss a MAE performances on test part of my dataset. 

 MAE (org) Direction (org) [%] MAE (new) Direction (new) [%] 

LSTM 0.48208 60.19 0.36737 53.65 

LSTM - bidirectional 0.45674 56.66 0.3564 52.83 

GRU 0.47324 41.94 0.36148 44.35 

GRU - bidirectional 0.46807 35.26 0.35103 40.85 

LSTM (single) 0.44574 35.26 0.33903 40.7 

LSTM - bidirectional (single) 0.44257 59.63 0.33837 53.12 

GRU (single) 0.45174 64.74 0.33648 59.3 

GRU - bidirectional (single) 0.44074 35.82 0.33681 40.85 
Table 14. My evaluations scores of 12_04_2021 

Second very good performing models were from 08_04_2021 (architecture Fig. 32 and scores 

Table 13). Models from this iteration were trained with compile settings comp_4 (Table 15). 

The most interesting fact about those models is that every single one of them had good 

performance. Usually, model performances oscillate according to selected cells, but in this 

case all of them were good.  
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Figure 32. Architecture of LSTM from 08_04_2021 

Compile_settings comp_4 comp_7 

Optimizer Adagrad Adam 

Learning rate default 0.01 

Loss MSE MSE 

Metrics MAE MAE 

Early_stopping  Yes Yes 

Dataset Downloaded Downloaded 

Pre-processing Pct + z-score Pct + z-score 

Additional opt. parameters  - - 
Table 15. Compile settings of models 

The last model I will mention was LSTM-bidirectional single shot from 28_04_2018 with 

architecture in Figure 33 and optimizer Adam with learning rate 0.02.  

 

Figure 33. 28_04_2018 architecture 

As you can see this model is quite simple and it has also correct direction percentage around 

60%.  

FTRL optimizer models had also quite interesting results. It always converged very rapidly, 

and its Loss and MAE were good, but also all predictions were in one line (Fig. 34).    

 

Figure 34. FTRL optimizer models 
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Another fact which I was interested in, was which one of those 8 architectures has the best 

overall results. So, I summed all MAE and average percentage for all architectures, trained on 

percentage + z-score scale. 

 

Figure 35. Summed results for MAE (left) and direction percentage (right) for pct + z-score scaled models 

From overall results we could say that if we had to choose one architecture, we should choose 

it based on what we really need. If we wanted lower MAE lets pick LSTM, if better direction 

accuracy here LSTM bidirectional is better. 

I also noticed that GRU has the worst MAE from visualized predictions which was also 

confirmed by overall results above. It is possibly trying to make predictions more 

aggressively that other architectures in general. 

5.6 Bigger model evaluation 

As I already mentioned all models above were trained on quite small dataset which included 

only 4 cryptocurrencies. Previous percentage models’ predictions were made on 24 minutes 1 

minute into the future. I wanted to know how or if performance would improve if we used 

more data, and more cryptocurrencies. So, I trained bigger model on dataset obtained using 

Binance API (Fig. 15 final_df). In this case I used 30 minutes to predict 1 minute into the 

future with different close prices. In this case I used following pairs: BTC, OCEAN, ZRX, 

ATOM, BNT, ALGO, TWT, SUSHI. Because they were most corraleted with BTC.  

I decided that I will evaluate those big models on the latest data I have. I will also compare 

them to best performing models from previous section. All results below will be for data from 

2021-07-13 15:17 – 2021-07-20 13:56. The only difference is that big models are trained on 

different cryptocurrencies.  

I can’t really compare MAE between old models and big new models, because scale is 

different, but I can compare correct direction percentage.  

GRU-bidirectional has architecture in Figure 32 and was trained using Adam optimizer with 

learning rate 0.0005. Other models from 16_07_2021_big have again same number of layers 

and cells as GRU-bidirectional. 

 

Figure 36. GRU-bidirectional architecture from 16_07_2021_big 
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If we plot actual predictions of models from 16_07_2021_big we can notice that data is very 

noisy and that models are again very careful with more risky predictions. 

  

Figure 37. Plotted predictions of models from 15_07_2021_big on latest data 

If we check performance on data from 2021-07-13 15:17 – 2021-07-20 13:56 of all models 

from that iteration, we get following results. 

 MAE (latest) Direction (latest) [%] 

LSTM 0.42094 49.47 

LSTM - bidirectional 0.41894 50.8 

GRU 0.42514 50.2 

GRU - bidirectional 0.41774 51.82 

LSTM (single) 0.41814 50.61 

LSTM - bidirectional (single) 0.41914 49.31 

GRU (single) 0.41814 49.39 

GRU - bidirectional (single) 0.41804 50.61 
Table 16. My evaluation of models 16_07_2021_big on my latest data 

Even with more data included best performance was only 51.82% on latest data. This shows 

how much can change during half a year. Not so long ago I was able to get about 60% correct 

direction using smaller dataset and now only 51.82%. Of course, if I trained more bigger 

models with more data, I would probably find better performing model. I also have not 

trained many models on this bigger dataset, so that is another reason why the is direction 

correctness lower.   

I have also checked if my older models worked newest data and they were only GRU from 

120_04_2021 had 50.8% of predictions correct. It is not very much, but if we consider that it 

was trained on now 3 years old data and we still get above 50% correct percentage that is not 

that bad.  

This proves that predicting price is possible and sometimes we can get quite high numbers, 

however keeping higher accuracy for longer time period is very challenging.    
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6. Crypto predicting API 

Having trained model is a good exercise, yet we usually train models for actual purpose. I 

completed my work and created an API which loads pretrained model and continuously 

creates predictions based on incoming data and saves them for later use.   

API loads one of the models from selected path and using Binance’s API gets data every 

minute. New data are pre-processed the same way as they were in the training part and on 

that data, model creates a prediction. All predictions with input data are stored in dataframes 

which are after defined time saved into MySQL database. Table predictions contains 

timestamp, original input values and predicted value. The only arguable setup in this table 

setting could be choosing optimal primary key, because I set timestamp as this table’s 

primary key, however, there also could be extra index autoincrementing column, which could 

also be a primary key, however in this case both options should be ok.  

 

Figure 38. Predictions table in phpMyAdmin 

The reason for this storing is that market is very dynamic system, and we should check if 

model’s performance is sufficient, and it allows us to more explore model’s performance.  

 

Figure 39. Crypto predicting API scheme 
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6.1 Used libraries in predicting API 

It is very important to learn how to install and use libraries. There is likely a library for all our 

needs; we just need to find it. The main advantage is that libraires are usually open source, 

which allows everyone to participate on improving them. It is sometimes more about learning 

how to use various libraries, than programming itself. Building this API, I also used 

following libraries. 

name url functionality 

Pandas https://pandas.pydata.org/  Data manipulation.  

Numpy https://numpy.org/  Math, arrays and 

matrices. 

Python-

binance 

https://python-

binance.readthedocs.io/en/latest/index.html  

Obtaining data 

TensorFlow https://www.tensorflow.org/  ML library 

Sqlalchemy https://www.sqlalchemy.org/  SQL connection 

Apscheduler https://apscheduler.readthedocs.io/en/stable/  Cron job 

(scheduling) 

Falcon https://falcon.readthedocs.io/en/stable/  Library for API 

Json https://docs.python.org/3/library/json.html  Working with json 

Waitress https://docs.pylonsproject.org/projects/waitress/en/latest/  Python WSGI-

server 
Table 17. List of libraries used in crypto predicting API 

When we use imported functions from libraries the main task is to assemble the parts 

together. We must be prepared that some functions may give unwanted data type especially 

when we put various libraries together.  However, libraries still often provide programmers 

with valuable and very complex functions and make their lives easier.  

6.2 API’s functionality 

I have already mentioned basic API’s functionality, however I think it would to useful to 

explain it in greater detail. The first used class after we start this app is PredictionResource. 

This class only creates an instance of ModelClass. It also has a scheduler which runs 

predicting function every 9 seconds after new minute starts. When new minute starts Binance 

data are not there yet for the last minute, and that is why there needs to be a delay.  

https://pandas.pydata.org/
https://numpy.org/
https://python-binance.readthedocs.io/en/latest/index.html
https://python-binance.readthedocs.io/en/latest/index.html
https://www.tensorflow.org/
https://www.sqlalchemy.org/
https://apscheduler.readthedocs.io/en/stable/
https://falcon.readthedocs.io/en/stable/
https://docs.python.org/3/library/json.html
https://docs.pylonsproject.org/projects/waitress/en/latest/
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Figure 40. API class diagram 

Model class, which is probably the most important class, first creates client for 

communicating with Binance. For safety reasons credentials are loaded from json file which 

is located outside this API. Then RNN model is loaded from selected directory. The last thing 

that is loaded is scaler, which scales our data later. Finally, while initializing we load window 

size of data to main_df. This is done using get_data function which obtains data for number 

of past steps for all cryptocurrencies which are stored in symbols list. Then every minute, 9 

seconds after new minute begins new data is obtained, main_df is updated and predictions are 

made on latest scaled data.  

Then every 10 minutes data with corresponding predictions are stored in MySQL database. 

This is done by calling save_data function which puts predictions and original data together 

and then calls save_to_sql which saves data to predictions table (Fig. 38).     

 

Figure 41. Screenshot of API in terminal 
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On Figure 41 there is a screenshot from terminal when API is on. We can see that 10 seconds 

after new minute started, we loaded new data from Binance (function starts 9 seconds after 

new minute but takes about one second). I take 3 last minutes, because then it can be easily 

mapped on main_df and some NaN might occur in latest data rows, so they are eventually 

replaced by correct values. When dataframe is updated, it is scaled and inputted into loaded 

model. Then prediction is made by loaded model. Predictions are shifted one minute into the 

future so when they are saved, they correspond to time they were supposed to predict.   
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7. Hardware and software 

At conclusion I will mention the hardware and software I used in this work. All the code was 

written in Python. For environment management I used Anaconda, which is a distribution of 

the Python and R programming languages for scientific computing. It aims to simplify 

package management and deployment.  For data exploration I used Jupyter notebook. For 

API or more complicated programs I used Visual Studio Code. Another alternative for VS 

code is PyCharm from JetBrains. Another very important library I used is TensorFlow. 

TensorFlow is most widely used library at present time, however its biggest competitor 

PyTorch is catching up. I also used libraries I mentioned in Table 12. For my database I 

picker MySQL with phpMyAdmin as an administration tool, as I find it quite user friendly 

and I am used to working with it. 

First models I trained on my notebook’s CPU (intel core i5). Smaller models could be trained 

on CPU, unfortunately training can get very slow. Especially with bigger architectures 

training time gets exponentially higher. For that reason, I would recommend using some 

graphic card. NVIDIA cards work very well with TensorFlow, since they provide special 

libraries for ML. Another option is training models on cloud, which is another great solution 

and you do not have to care about hardware.  

The only obstacle I encountered while training models on GPU was that Tensorflow 2.3 had 

some problems with RTX30xx series, because they were new at that time. Those new cards 

were only supported by some specific higher versions of CUDA and cuDNN and they were 

only supported by higher version of another libraries. That is why training GRU cells was 

failing with some memory issue. This was fortunately solved after updating to newer 

versions. Of course, some improvisation had to be done, because compatibility of some 

libraries is not always as smooth as we might want. Sometimes getting all the libraries to 

work together may take some time and could be little annoying, nevertheless after some 

research, problems are usually resolved. If not, it is necessary to wait until some new more 

stable version is released.  

Below are all additional used libraires on top of those mentioned in previous chapter table 17. 

name url functionality 

Sci-kit learn https://scikit-learn.org/stable/  Data preprocessing 

Matplotlib https://matplotlib.org/  Visualization 

YFinance https://github.com/ranaroussi/yfinance  Getting historical data 

Table 18. Rest of my used libraries 

I have also used prebuilt libraires like json, os, datetime, math etc... 

All Jupyter notebooks are on GitHub: https://github.com/ondrabimka/RNN_prediction and so 

is API: https://github.com/ondrabimka/prediction_api. 

The last important software I used is Microsoft Excel. I used it to crate 

models_comparsion.xlsx file where are scores of all models. Also, when I open csv file, I 

open it using MS excel plus it works well when loading it to Jupyter notebook using pandas.  

https://scikit-learn.org/stable/
https://matplotlib.org/
https://github.com/ranaroussi/yfinance
https://github.com/ondrabimka/RNN_prediction
https://github.com/ondrabimka/prediction_api
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8. Summary 

In conclusion I want to state that I have fulfilled all the points requested by the assignment. 

While some of the points were quite challenging, they lead to the discovery of new 

interesting solutions. While there are arguably better ways, to achieve the same results, 

nevertheless it was a good start in Bitcoin price prediction. Possibly other programmers could 

use pieces of the information from my results.  

The first task was to do was to locate usable data. As noted, before it is principal to find the 

right library, data provider or some file with enough data. I have mentioned some sources I 

used in this work, which in my opinion are sufficient for wide range of computational work.    

 Data pre-processing and scaling turned out to be real challenges for me. I have tried two 

main approaches: dropping all NaN values from dataset and then z-score scaling. While this 

approach worked initially when I tried to train more models it turned out to be quite 

problematic mainly because of selecting proper window size. The second approach was using 

percentage change with z-score scaling. In this case using another scaling instead of z-score 

would be also possible, but from range of numbers which were obtained using z-score 

scaling, models should work well. This approach also allowed me to save and load scaler 

which could be appliable on long period of time, still we can’t consider scaler as universal, 

because very old scaler would not work well on new data. Finding scaling options, 

downloading data and moving it took most of the time of this work, so I can confirm that 

working with data consumes most of the time of ML engineers. 

After I had several trained models, I evaluated them using default and custom functions, to 

better select the architecture and what type of models should work. The best architecture 

turned out to be three hidden layers with 256 cells in each layer with last dense layer. As an 

optimizer I opted for Adam with smaller learning step. As a result of this if I had to train one 

new model, I would probably use parameters described in this paragraph. When I was limited 

to training on CPU or had some limited resources, smaller models also worked very well to 

my surprise. Training model with two hidden layers with 32 cells took a while even on CPU 

(1 epoch took about 1 minute on CPU with this smaller architecture). After models get bigger 

than 3 hidden layers with more than 256 cells then time rises exponentially on CPU and then 

GPU is required. 

When I found better solution for getting data, I trained another models on this bigger dataset, 

which contained not 4, but 8 cryptocurrencies (Table 7), with 30 minutes of past data 

predicting 1 minute into the future. Unfortunately, on latest data performance was not as good 

as when I started this work. Nevertheless, this is something which I expected and could be 

solve by predicting different currency or waiting until market changes. My models were still 

able to consistently predict with higher than 50% accuracy, which proves that predicting is 

possible. 

Since I was trying to predict actual percentage change, I can create a threshold and consider 

prediction valid only if the prediction is bigger than some number. I have tried it and it helped 

to obtain higher accuracy. I can set a threshold when model is correct with higher probability 

and get better results.  
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After having proper model with resolved continuous data pre-processing, I was able to create 

an API. This API loads defined trained model and every minute makes prediction based on 

incoming data, which are obtained from Binance. All predictions with data are stored in SQL 

database so it is possible to check performance, eventually compare different models on the 

same data. DB structure could be also a little bit different, but it is not very complicated 

structure, and it works well. 

Another thing which I find challenging while working with many python libraries linked 

together is that when we update one library it could raise some issues with different library. 

For that I usually try to create extra environment for each problem, instead of having all 

libraries in one environment.  

 Big steps in prices are usually caused by some outside reason. For example, a big company 

decides to invest a lot of money, but this can’t be really predicted from close price. For this 

case working with news, or social media like twitter could be very useful. I have already 

played with news scanning, but it did not include any ML, I only wrote some “keywords” 

which my algorithm should look for. Even something simple like this worked quite well by 

itself, so connecting it to this predicting API would work well. Another approach is having 

various models based on how market behaves right now.  

One more option would be using reinforcement learning instead of RNNs. I have seen some 

works which focused on similar type of data where agents were trained how to trade, but I did 

not want to focus exactly on trading, because I was more interested in RNN principles than in 

creating a trading bot, but if you wanted to let AI trade RNN + reinforcement learning would 

probably be a good option.  

My last assumption would be moving into different data scale. That could also give 

interesting results. In my opinion one second resolution would uncover some hidden 

relations, because I am highly convinced that those relations exist.  

While evaluation models I tried to be unbiased as much as I could. Personal bias is one of the 

biggest enemies, because we often don’t want to see that our models are failing so we tweak 

results a little bit. I believe that even my models will probably fail on some parts of the 

market, I did not pick any “special” performing part of data to show better results, all data for 

evaluation were picked mostly randomly based on latest data I had at that time.  
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