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Explore and develop a deep machine learning model that predicts the future price
of digital asset such as bitcoin. We intend to build a machine learning RNN
(Recurrent Neural Network) that predicts the future price of a tradable and
volatile digital asset such as the Bitcoin. The input to the model will be a limit
order book data along with other historical indicators for demand and supply to
develop our predictor. Although we chose a digital asset for this project, the
principals and methods we develop are transferable to any asset that is tradable in
an exchange

Dataset Characteristics a cquisition

Bitcoin historical price

Bitcoin price in the dataset

Limit order book

Limit Order Book Snapshot
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The limit order book snapshot
represent the demand and supply in
the market in a certain point in
time. In the above figure, it is
observed that the demand is
“stronger” indicating that the price
is about to increase. We look at the
500 highest bid orders and the 500
lowest ask orders in every snapshot
of the order book

Data Acquisition

Along with limit order book we
look at the corresponding bitcoin
price which is the “last” price of a
transaction at the same time when
the order book was sampled. This
data will serve both as features in
the training examples as well as in
generating the classifier for price
increase or decrease

Sampling the Bittrex exchange every 1 minute using the API it provides. We
have obtained 20,000 samples that represent 2 weeks worth of trading data.
Sample raw Sell Order Book data from API -

https://bittrex. 1.1/pt

market=USDT-BTCé&typ

Sample raw Buy Order Book data from the API -

https://bittre: L1/p

=USDT-BTC&type=buy

Initial Model and Results

Fully Connected Network Architecture

Key objective of this phase

P was to find correlation and
book as valid predictor

Cost Plot

Training vs Dev Accuracy

21,000 training samples with training / dev sets as 80%/20% split. Compared
bitcoin price Imin, 2min, 3min, Smin and 10min into the future to the current
price. Achieved approximately 95% accuracy on the training set and

approximately 64% on the dev set. Max dev accuracy at around 3100 epochs)

validate the data from the order

Recurrent Neural Network Categorical Model Architecture

RNN Architecture with Inputs and Outputs same as Fully Connected Network

¢ [ ] ©  Limit order book (LOB) input into an
LSTM network followed by a sigmoid
. . . output prediction of an increase or a
0 (] (] 0 decrease like the Fully Connected
n ) n Network. Adding L2 regularization, we
n ﬂ achieved almost a 10% increase in dev
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accuracy, but the training accuracy fell

Best result with 3
convolutional layers (1
dimensional) connected
to 2 layers of LSTM
RNN with 256 hidden
nodes each and one
softmax layer with 3

close to the dev accuracy states for the output
RNN with Fully Connected Network acting as encoder becomes RNN input
Limit order book data encoded using a 25,000 samples label distribution
Fully Connected Network and the Increase No change Decrease
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fed to a time step in the LSTM network. Predicted no
y 200 feature inputs split into 10 parts of 20 change
0 0 ’ each and fed to the LSTM network with Predicted
B n ﬂ : u 20 time steps. Achieved 95% plus deerence

accuracy on the training set and 66% on
the dev set (a 3% increase compared to
VN the FC network)

Categorical Model

Enhance output labels to 3 categories:
* Increase by more than threshold percent
« Decrease by more than threshold percent

Using the network above, we achieved 70% accuracy for the training set and 67%
accuracy for the dev set. If we consider the no change label as kind of “don’t
care” than the prediction becomes much better. Meaning for prediction of
increase, there are 25% of actual increase, 70% of no change and only 5% of
decrease

To test the model we have built a
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Signal created with 4 dimensions so we can tune and find the best option. One i PN L ‘“’ A with value of one bitcoin. It
dimension is the threshold (0.1%, 0.2%, 0.3%, 0.4%, 0.5%), second dimension is M alternates between bitcoin and

the future look ahead prediction (1min, 2min, 3min, Smin, 10min), other 2
dimensions are for the RNN time step (window size) and the batch.
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We clearly establish correlation between limit order book and future price.

‘We saw that RNN networks perform better that fully connected networks for this
kind of problem.

Using categorical model with threshold, modifying the loss function and adding
convolutional layers we were able to create a predictor that outperform the bitcoin
asset performance
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Best results achieved for 2 min look ahead prediction and 0.2% threshold change
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Link to poster video/audio presentation in YouTube:

https://www.youtube.com/watch?v=SGRJ9Iu0ORXxI




