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Abstract. The explosive price volatility from the end of 2017 to January 2018
shows that bitcoin is a high risk asset. The deep reinforcement algorithm is
straightforward idea for directly outputs the market management actions to
achieve higher profit instead of higher price-prediction accuracy. However,
existing deep reinforcement learning algorithms including Q-learning are also
limited to problems caused by enormous searching space. We propose a com-
bination of double Q-network and unsupervised pre-training using Deep
Boltzmann Machine (DBM) to generate and enhance the optimal Q-function in
cryptocurrency trading. We obtained the profit of 2,686% in simulation, whereas
the best conventional model had that of 2,087% for the same period of test. In
addition, our model records 24% of profit while market price significantly drops
by −64%.
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1 Introduction

Bitcoin is a peer-to-peer, decentralized electronic cash protocol [1]. The explosive price
volatility from the end of 2017 to January 2018 shows that bitcoin is a high risk asset
that is insufficient to function as a currency. As shown in Fig. 1, the price has plum-
meted to the $6,000 from $13,000 and shows the extreme volatility of crypto-currency
investment. Despite some potential threats, the cyptocurrency trading has become more
active and attracts more attention both from the business and academia. In particular,
Massive time-series data collected every single minute and single transaction from a
market valued at $820 billion is attractive in terms of volume and volatility.

The term portfolio management is the decision making process of allocating an
amount of asset into different financial investment products to maximize the profit and
minimize the risk [2]. Many of the existing portfolio management methods that
applying machine learning algorithm defines some rules based on domain knowledge,
but some of the human-defined rules or even expert domain knowledge are not suffi-
cient to deal with the market dynamics.

Besides, it is impossible to tune the parameters of the model with the supervised-
manner in order to derive the optimal action from the posterior probability distribution
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of the state of the cryptocurrency market. In this paper, we propose the combination of
two methods: Double Q-network and Deep Boltzmann Machine (DBM).

On the one hand, reinforcement learning using Q-network is a well-known method
of learning that acts to maximize some measure of future payoff or reward [3]. It
derives the optimal solution for trading based on Q-network that outputs adequate
action from specific state. Double Q-network is a method designed to cope with non-
stationary problems that arise when using only one neural network [4]. On the other
hand, unsupervised learning using DBM is an effective method of estimating posterior
probability distribution [5]. DBM is a method for modeling the prior distribution of the
hidden layer on the input values of the neural network [6]. In order to find the optimal
action for the cryptocurrency market state, the parameters of the neural network are
tuned in an enormous search space. We propose the encoding network that is pre-
trained with market states to reduce the search space.

With the combination of double Q-network and DBM, our trading method records
2,686% of profit in simulation while existing best model records 2,087% for same test
period without domain knowledge or human-generated rules. Remarkably, our model
for the same test periods as the existing models, including deep-learning based models.
To analysis our model, we visualized the output decisions using t-Stochastic Neighbor
Embedding (t-SNE) algorithm.

The remainder of this paper is organized as follows. In Sect. 2, we review existing
trading algorithms or models based on machine learning methods and clarify the
contributions of this paper by discussing the differences. Section 3 explains how the
market history is encoded and modeled using double Q-network and DBM pre-training
algorithm. The performance of our model is evaluated in Sect. 4 through various
experiments, including visualizations of the decisions the model made, measurements
of performance and comparisons with existing algorithms.

2 Related Works

In this section, we introduce various works based on machine learning methods for
comparison with the proposed trading agent. Almost most of the cryptocurrency
trading research was done in late 2010, several studies were included to introduce the
basic framework of the study.

Huang et al. used a basic machine learning algorithm to model the weekly volatility
of the stock market [7]. Although the domains are different, the weekly price prediction

Fig. 1. The volatility of the bitcoin price in the past years
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also significant in terms of feasibility. Schumaker et al. discuss about the necessity of
external information to predict stock market [8]. They categorized the difficulty of price
prediction into fundamental and technical aspect and modeled stock market with
external text data from web source. The information from quarterly reports or breaking
news stories made the price prediction more accurate. Patel et al. applied various
machine learning methods to predict stock price and compared them [9]. Due to the
uncertainty of the market fluctuation, they achieved under 80% of classification
accuracy and showed the random forest algorithm is effective with short-term
prediction.

In the late of 2010, a trading agent that includes existing prediction engine was
studied in cryptocurrency domain, as well as stock market domain. McNally et al.
applied wavelet transform to encode cryptocurrency history and modeled the encoded
feature using deep learning algorithms including LSTM [10]. They achieved about 50\
% of classification accuracy, but contributed to the modeling the sequence of cryp-
tocurrency price as encoded images using wavelet transformation. Amjad et al. pro-
posed the bitcoin trading agent based on predicted price [11].

Among various studies suggesting a agent for modeling cryptocurrency markets
and making optimal decision or action, our study using double Q-network and pre-
training using DBM was inspired by the study of Jiang et al. [12]. Unlike previous
approach, Jiang et al. do not include a prediction engine inside the agent. The Q-
network directly map the input state into output action to deal with two problems. The
first reason is to exclude the domain knowledge of the person, and the second is high
accuracy in predicting price movement is usually difficult to achieve. Table 1 contains
a summary of the methods discussed above.

3 Proposed Method

In this section, we present the architecture of the proposed trading agent that makes
optimal decision to states by combining double Q-network and encoding network. The
trading agent consists mainly of three components: the agent that in the form of two
neural networks are connected in series, the unsupervised learning module and the
environment.

Table 1. Related works on financial trading using machine learning algorithm

Authors Method Domain

Huang [7] SVM Stock price prediction
Schumaker [8] SVM Stock price prediction
Patel [9] NB, RF, SVM, NN Stock price prediction
McNally [10] ARIMA, RNN, LSTM Cryptocurrency price prediction
Bell [13] Wavelet, SVM Cryptocurrency trading
Zbikowski [14] EMA, SVM Cryptocurrency trading
Jiang [12] DQN(CNN) Cryptocurrency trading
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3.1 Overview

The proposed cryptocurrency trading agent consists of three main components, as
shown in Fig. 2. As the first component, The purpose of the encoding network and the
double Q-network is to map the input state to appropriate action directly. Figure 3
shows the architecture of the encoding network and the double Q-network in detail.
Compared to conventional Q-learning algorithms use Q-tables to map states and
actions [15], the generalization performance of double Q-network can reduce the
computational complexity. The encoding network consists of a Convolutional Neural
Network (CNN) which has a strengths in a wide range of vision fields [16], and a Long
Short-Term Memory (LSTM) which has a well known recurrent neural network for
time series modeling [17].

The second main component is pre-training learning module. The encoding net-
work is designed to extract the effective information from the state space and deliver it
to the double Q-network. Unlike the typical classification problem, by learning to
reduce the difference between the probability distribution of the input state and the

Fig. 2. Main components of the trading agent

Fig. 3. Deep neural architecture of trading agent consisting of pre-trained encoding network and
double Q-network
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posterior probability distribution of the hidden neurons [18], encoding network can be
effectively pre-trained.

The last main component is the environment, which is the core of the Q-learning
algorithm. For each of action from a double Q-network, the environment updates the
current state and sends back to the Q-network and determines the reward for the action
taken [19]. We chose eight coins based on trading volume and defined actions as 16-
dimensional vectors which mean buying/selling weights for each coin. In order to
model the time-series features of price, we preprocessed market state by sliding win-
dow as shown in Fig. 4. The market state is represented by 3D-blocks named as history
block, with vertical axis (window size x), horizontal axis (coin type) and depth axis
(plates). The reward for the proposed agent is defined as +1 if the asset is increased, 0 if
remain still and −1 if it is decreased.

3.2 Unsupervised Pretraining of Encoding Network

The encoding network consists on CNN which models the spatial feature using
convolution-pooling operations /c �ð Þ; /p �ð Þ, and LSTM which models the temporal
feature using a gate operation and a recurrent loop /s �ð Þ [20]. For every history block
X ¼ x1; . . .; xnf g, the encoding function / �ð Þ is defined as below with step t:

/ xtð Þ ¼ /p /c xtð Þð Þ ð1Þ

The convolution operation, which preserves the spatial relationships between fea-
tures by learning filters that extract correlations, is known to reduce the translational
variance between features. The hidden correlations between features in cryptocurren-
cies and its financial attributes are modeled as a feature-map through emphasis or
distortion during the convolution operation. Given t th input state, the encoding net-
works performs the convolution operation /c �ð Þ using m� m� m sized filter w:

/l
c xtð Þ ¼

Xm�1

a¼0

Xm�1

b¼0

Xm�1

c¼0
wabcxl�1

iþ að Þ jþ bð Þ kþ cð Þ ð2Þ

The summary statistic of nearby outputs is derived from /p �ð Þ by max-pooling
operation [21]. Because the dimension of the output vectors from the convolutional

Fig. 4. Preprocessed 3D input state of market history
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layer is increased by the number of convolutional filters, it must be carefully controlled.
Pooling refers to a dimension reduction process used in CNN in order to impose a
capacity bottleneck and facilitate faster computation. The max-pooling operation has
effects on feature selection and dimension reduction under k � k � k sized area with
pooling stride s:

/l
p xtð Þ ¼ max xl�1

tijk�s
ð3Þ

The purpose of encoding network is to extract the effective information from the
state space and deliver it to the double Q-network. Since the size of the available state
space, it is difficult to find optimal parameters of encoding network being connected in
series with the double Q-network. Focusing on the markov property of history block,
we formalize the window size parameter x and markov chain of sequence of price as
below:

p xtjxt�1; . . .; x1ð Þ ¼ p xtjxt�1; . . .; xt�xð Þ ð4Þ

We define the energy E xt; hð Þ, partition constant z and parameterize the joint
probability x, h as p xt; hð Þ as shown below:

E xt; hð Þ ¼ �/s /p /c xtð Þð Þ� �
; z ¼

X
i;j
e�E xti;hjð Þ ð5Þ

p xtð Þ ¼
X

i
p xti; hð Þ ¼

X
i

e�E xt ;hð Þ

z
ð6Þ

After we define the probability distribution of the hidden layer and the input state xt
above, we define the loss of the encoding network L/ using the Kullback-Leibler
divergence DKL between the observed distribution:

L/ ¼
XN

t¼1
L hjxtð Þ ¼ DKL xt; p xtjhð Þð Þ ¼ �

X
xt ln p xtjhð Þ

� �
� �

X
xt ln xt

� �� �
ð7Þ

3.3 Double Q-Network and Market Environment

The objective of Q-network training based on reinforcement learning is to expect to
output appropriate action in response to the generalization performance of the neural
network. The minimizing process of the loss function LQ using stochastic gradient
descent algorithm considers the reward of next step. To cope with the non-stationary
problem, Hasselt et al. proposed the double Q-network that copies the Q-network into
two networks and fix the target of Q-network [4]. We formalized out objective as a loss
of double Q-network LQ, where reward r and decaying hyperparameter c :

Learning Optimal Q-Function Using Deep Boltzmann Machine 473



LQ ¼ minh
Xn

t¼0
bQ / xtjhð Þð Þ � rt þ cbQ / xtþ 1ð Þj�h� �� �h i2

ð8Þ

The details of the training algorithm used are presented in Fig. 5. In each episode,
Q-network takes a different action by the random probability � even if it is the same
step. Since the hyperparameter �, also called exploration rate, can be the method to find
a new buying/selling strategy that can raise profit but also can be the pithole of the
entire method. Once the training process starts, the encoding network / �ð Þ pre-trained
by unsupervised manner. For the steps that make up each episode, Q-network
repeatedly receives the state and outputs an action vector. Each element of the action
vector represents the weight of the asset movement. In this paper, we have selected
eight coins based on volume, so we output a 16-dimensional action vector consisting of
buy/sell actions for each coin.

Putting it all together, the main contribution of our study is to propose a combi-
nation of the two existing methods that can efficiently model the history of financial or
derivatives markets. First, we introduce a framework of existing research to map the
vast state space and action space corresponding the cryptocurrency market. Second, we
modified and adapted the existing DBM pre-training algorithm to reduce the parameter
space of encoding network. In addition, we collected a large amount of cryptocurrency
market historical data and preprocessed.

Fig. 5. The training algorithm of proposed double Q-network
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4 Experimental Results

In this section, we evaluated our agent through various experiments, including mea-
surements of performance, comparisons with existing algorithms, parameter opti-
mization and visualizations of the decisions the agent made. While short trades that are
difficult for humans to understand, the final profit is the highest among the existing
algorithms. To cope with the high computational complexity that is proportional to the
amount of historical data of the cryptocurrency transactions, we used four NVIDIA
GTX1080-Ti to learn a large number of agents.

4.1 Comparisons with Existing Methods

For quantitative comparison with existing studies, we conducted the back-test during
test period 2016/05/14-2016/07/03. We selected bitcoin and seven altcoins which had
the highest trading volumes during the period, as assets. In order to compare perfor-
mance intuitively, the score was defined as the ratio between total value after invest-
ment and initial value.

Table 2. Score and risk measure comparison with other algorithms

Algorithm Score Sharpe ratio Maximum drawdown

Uniform buy and hold 0.8760 −1.5413 0.3820
Best single asset 1.3776 1.1257 0.2883
Universal portfolio [22] 1.0484 −1.0110 0.3309
Online neuton step [23] 2.6482 1.0458 0.2787
PAMR [24] 21.8728 0.0062 0.3530
DQN (CNN) [12] 16.3053 0.0368 0.2960
DQN (Ours) 27.8684 0.0027 0.4627

Fig. 6. The short-periodic profit comparisons with other deep models
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Two financial measures, sharpe ratio and maximum drawdown, are used to evaluate
the risk of strategies. Sharpe ratio are used to average return earned in excess of the

risk-free rate per unit of volatility or total risk, defined as Sharpr ¼ brp�rf
rp

where brp is

expected portfolio return, rf is risk free rate, rp is the standard deviation for portfolio.
Generally, higher sharpe ratios are known to guarantee higher returns for the same risk
level. Maximum drawdown is defined as the maximum distance from a peak to port-
folio, and it can be used as an measure of the rate of change of price.

Table 2 summarizes the change in assets for the initial $10,000 asset. Our agent
outperformed among existing methods by achieving 27.86 of score. But in terms of
risk, our agent has the volatility about price fluctuation. The Online Newton Step
algorithm has the largest sharpe ratio and smallest maximum drawdown, indicating the
algorithm is most stable.

To verify the performance of our agent against the latest cryptocurrency market and
evaluate the effect of unsupervised learning, we compared our agent to other double Q-
network based on deep learning methods as shown in Fig. 6. We conducted a back-test
during 2018/01/01-2018/01/31. Long-term Recurrent Convolutional Network (LRCN)
is the same architecture as the proposed agent but except pre-training algorithm.
Remarkably, our proposed model achieved 1.27 score despite of the crash of bitcoin
price while the investors who only bought bitcoin had a −23.75% of loss.

Figure 7 represents the long-periodic profit of our agent, which is trained and tested
up to 1 year. Since cryptocurrency market and price grows ten times between early in
2017 to 2018, investors who invested only in bitcoin also gained a 10 times of profit.
Double Q-network with simple neural network recorded lower profit than bitcoin
growth rate, which is similar behavior of individual investors suffering losses for no
apparent reason.

Fig. 7. The long-periodic profit comparisons with other deep models
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4.2 Parameter Optimization

Since the proposed trading agent combines double Q-network framework with DBM,
various types of parameters can be adjusted. Typically, these parameters include the
probabilistic factors that are used for exploration of Q-networks, as well as the
hyperparameters for deep learning models such as the number of training iterations and
the size of the convolution-pooling layer or LSTM layers. We used a traditional grid
search to perform parameter optimization for trading agent (Fig. 9).

A grid search is simply an exhaustive search of a manually specified subset of the
parameter space. The parameters to be optimized were set as the exploration rate, which
is known to be responsible to escape the local minima in each episodes, and the
window size of the market history in blocks, which is one of the major factors

Fig. 8. The grid search to find optimal parameter for trading agent (Color figure online)

Fig. 9. The visualization of the states and actions
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influencing the performance of sequence modeling. Figure 8 presents the performance
of the double Q-network combined with DBM based on hyperparameters. After we fix
the remaining parameters, we conducted a back-test for 2017/07/01-2017/07/31. As
expected, the window contains the temporal information. The trading agent failed to
map the appropriate action when the window is less than 15 min long.

4.3 Analysis of Action Vector

Figure 8 presents the entire dataset after the t-SNE algorithm is applied to the pre-
processed states. t-SNE algorithm is a dimension reduction technique that is capable of
retaining the local structures in data with while revealing important global structures
[25]. Each of point is a single history block and the blue color represents the price drop
in the block. The cluster of blue points and red points indicates the unsupervised
training of encoding network was effective to reduce the search space.

On the right side of the figure, we visualized the action vector that occurred in the
episode containing the state. From top to bottom, as learning progresses, the action
decision of the trading agent is increasingly complex. The decision to buy and sell for
the very top simply a few coins evolves into a complex decision that can not be
interpreted at the very bottom.

5 Conclusion

We proposed a combination of double Q-network and DBM to generate and enhance
the optimal Q-function in cryptocurrency trading. As the first component, The purpose
of the encoding network and the double Q-network, in which two networks are con-
nected in series, is to map the input state to appropriate action directly. The second
main component is unsupervised learning module that pretrains the encoding network
using modified DBM pre-training algorithm. We evaluated our agent through various
experiments, including measurements of performance and risk, comparisons with
existing algorithms, parameter optimization and visualization of the decisions. We
achieved the highest profit among the existing models and deep learning models.
Surprisingly, even when bitcoin price plummeted to −40%, the proposed agent
achieved 20% of profit.

The main contribution of our research is to propose a combination of the two
existing methods that can effectively model the history of financial or cryptocurrency
markets. We introduce a framework of existing research to map the state into action
corresponding the cryptocurrency market. We modified the existing DBM training
algorithm and adapt to reduce the parameter space of encoding network. In addition,
we collected and preprocessed 210.24 million of cryptocurrency trading records.

Since empirical results indicates that our agent is more risky than existing algo-
rithms, Future work will include a stabilization process of volatile decision that our
agent made by redesigning the Q-network. Secondly, we will enhance the performance
of our agent by attaching generative model. Based on the generative network that
generates and classifies virtual trade record, we will improve our Q-network more
precisely.
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