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Abstract

Cryptocurrencies represent a rapidly expanding market, every day more and more
people are looking for new investment opportunities and new strategies to identify
trends and their prices. Most investors mainly use technical analysis to operate on
the markets. Bitcoin is one of the most valuable cryptocurrencies and was introduced
in 2008 by Satoshi Nakamoto with the introduction of the blockchain, considering
the growing value based on blockchain, today bitcoin is considered to large extent.
In addition to revolutionizing the idea of money, the blockchain has opened the door
to the study of new metrics to be able to identify the market direction of a specific
cryptocurrency. These metrics are called chain metrics and are mainly based on
the study of transactions and tokenomics of the blockchain itself. The following
research aims to identify and couple on-chain metrics with machine learning and
deep reinforcement learning models, in order to predict the price of bitcoin for short
and long term price models.
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Glossary of Terms

Term Description

Addresses Unique identifiers used to send and receive
cryptocurrency.

Agent Entity that takes actions in an environment to
maximize rewards.

Blockchain A decentralized, immutable ledger of transactions
grouped in blocks.

Block A group of verified transactions added to the
blockchain.

Bitcoin The first cryptocurrency, based on proof-of-work and
blockchain technology.

CDD Coin Days Destroyed, measuring economic activity of
spent coins.

CNN-LSTM Hybrid model combining convolutional networks with
LSTMs.

Crab Addresses holding at least 1 BTC but less than 10
BTC.

Cryptocurrencies Digital currencies that use cryptography for secure
transactions.

Environment The external system with which an agent interacts.

Fish Addresses holding at least 10 BTC but less than 100
BTC.

GMM Gaussian Mixture Model, probabilistic clustering based

on Gaussian distributions.

Hash Ribbon

Indicator based on Bitcoin’s mining difficulty and hash
rate.

JSON Lightweight data-interchange format used for
structured data exchange.

K-means Clustering algorithm grouping data into k clusters.

Kernel Function that transforms data for use in SVMs.

LSTMs Long Short-Term Memory networks, specialized RNNs
for sequence data.

MAE Mean Absolute Error, average of absolute prediction
errors.

Mega whale Addresses holding 10,000 BTC or more.

Miners Participants who validate transactions and create new

blocks by solving cryptographic puzzles.




Term

Description

MSE

Mean Squared Error, average of squared prediction
errors.

Multi-expert trading
system

A system combining multiple models/strategies for
trading.

MVRV Ratio of market value to realized value, used to detect
over /undervaluation.

Nodes Computers that maintain and validate the blockchain.

NUPL Net Unrealized Profit/Loss, shows whether investors

are in profit or loss.

On-chain metrics

Indicators derived from blockchain data (e.g.,
transactions, addresses).

Peer-to-peer system

A distributed network where participants communicate
directly without intermediaries.

Plankton Addresses holding very small amounts of BTC
(non-zero but below 0.001 BTC).
Policy Strategy followed by an agent in reinforcement

learning.

Proof-of-stake

Consensus mechanism where validators are chosen
based on staked tokens.

Proof-of-work

Consensus mechanism requiring computational effort
to validate blocks.

R? Coefficient of determination, shows how well a model
explains variance.

RBF Radial Basis Function, a popular kernel for SVMs.

Reinforcement Learning by interaction with an environment through

learning rewards.

o(+) Sigmoid activation, maps values to range (0,1).

SHA256 A cryptographic hash function used in Bitcoin for
block verification.

Shark Addresses holding at least 100 BTC but less than 1,000

BTC.

Stock-to-flow

Model comparing scarcity (stock vs. new supply) to
predict price.

Supervised learning

Training models with labeled data.

SVR

Support Vector Regression, regression version of SVM.

SVMs Support Vector Machines, used for classification tasks.
tanh(-) Hyperbolic tangent activation, maps values to (—1,1).
ét Candidate cell state in LSTM, created by tanh

activation.




Term Description

® Element-wise (Hadamard) product between vectors.

Transactions Records of value transfer stored in the blockchain.

Unsupervised learning | Learning patterns from unlabeled data.

UTXO Unspent Transaction Output, representing available
spendable coins.

Whale Addresses holding at least 1,000 BTC but less than
10,000 BTC.

(i1, 4] Concatenation of previous hidden state and current
input.




Chapter 1

Introduction

In recent years, the crypto markets have emerged as a rapidly growing market and
many investors are attracted by these new investment opportunities. Bitcoin is
one of the most valuable cryptocurrencies and was introduced in 2008 by Satoshi
Nakamoto with the introduction of the blockchain. The value of bitcoin has on
average grown over time. In fact on May 22, 2010 Laszlo Hanyecz bought two piz-
zas paying 10 000 bitcoins and on September 13, 2025 considering that the price of
bitcoin was around 115 586 USD, the value of those pizzas would be 1 155 860 000
USD. Considering that in September 2025 a pizza costs around 10 USD, with 10 000
bitcoins today we are able to buy at least a pizza for each person of Italy, France
and Moldova, since the population of Italy is around 58 millions, France 68 millions
and Moldova 2,38 millions. It is impressive how much the price has increased in the
last years, in such a way that today bitcoin is often considered to be digital gold.
On the other hand it is challenging to build a system that can predict the movement
of stock prices with a high accuracy, because stock prices are volatile, complex and
they could be influenced by external factors. In the case of cryptocurrencies, these
challenges are even more pronounced because unlike traditional markets, cryptocur-
rency markets:

e operate 24/7
e are more susceptible to manipulation since they are relatively less regulated

e are more vulnerable to the movements of a few large investors (whales) since
they usually have a smaller market capitalization than stocks or bonds.

There are multiple methodologies to study the stock market and predict the
behavior of stock price movement. Most speculators use technical analysis to operate
on the markets, an analysis based on the study of the price, volume, and some
technical indicators in order to identify patterns.

Cryptocurrencies are based on blockchain, which is revolutionizing the concept
of electronic money, web and industries through the concept of asset tokenization.

Blockchain is a type of digital ledger, but with a unique characteristic: it isn’t
stored on a single computer, but is distributed across a network of computers. We
can imagine it as a shared, indelible notebook, where each page (a block) contains
a series of transactions. Once a page is written, it can no longer be modified,
because each new page includes a reference to the previous one, creating a secure,
chronological chain.

The most famous example of blockchain is given by the one associated to Bitcoin,
which relies on a network of computers which forms a distributed peer-to-peer system
in order to maintain its ledger. To ensure that transactions are valid, the network
uses a mechanism called Proof-of-Work (PoW). This means that the special nodes
called miners have to perform a computationally expensive task which consists in
solving a complex mathematical puzzle: whoever succeeds first can add the next
block to the chain and receives a reward.

Other blockchains, however, use a different system, e.g the Proof-of-Stake (PoS).
This doesn’t require enormous computing power. The computers that can validate



blocks, called validators, are chosen based on how much cryptocurrency they have
staked. Essentially, the higher their stake, the greater their chances of being chosen
to validate the next block.

Unlike usual financial transactions, blockchain transactions are accessible to ev-
eryone if the blockchain is public. In this distributed peer-to-peer system, nodes
maintain a copy of the blockchain. Each block contains transactions, and trans-
actions must be validated by miners before they can be added to the blockchain.
Miners add transactions to blocks, and then add blocks to the blockchain. This
process is not immediate in case of PoW because it’s computationally expensive.
We can represent the transaction workflow with the below image:
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Figure 1.1: Bitcoin Transaction Flow (Diagram)

Given that blockchains record several types of information like transactions,
blocks and wallet addresses that are publicly available, this opens the doors to the
study of new metrics that can give useful information to be analysed and included in
prediction model. In order to keep track of the coin ownership, the Bitcoin payment
system uses the so called unspent transaction output UTXO: we can think of them
as individual digital coins. When we check the Bitcoin wallet balance, the static
number represents the total sum of all these UTXOs a given address have. When
a user makes a payment, he does not spend his entire balance but chooses one or
more of these UTXOs as input. The transaction consumes them and creates new
ones:

e One or more new UTXOs will go to the recipient.
e The other UTXOs represents the change and is returned to the sender.

This model is fundamental to Bitcoin’s reliability because it allows for transparent
balance management and it makes double spending impossible, since a UTXO can
only be spent once. A small technical detail not to be overlooked is that the amount
of UTXOs you use affects transaction fees. For example, spending many small
UTXOs in a single transaction can increase costs. By tracking UTXOs, it is possible
to reconstruct coin movements and infer investor behavior. Anyone can view on
blockchain the details of a Bitcoin or other cryptocurrency transaction: the sender’s
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address, the recipient’s address, the amount exchanged, and fees. This transparency
is crucial because it allows us to track exactly how many tokens an address holds at
any given time, as well as how often and how much it spends. Analysing the funds
held by an address is a keynote aspect, as it allows us to classify investors based
on the amount of cryptocurrency they own. The most well-known categories of
owners are often associated with animal names to convey the size of the investment:
from Fish to Crab, all the way to Shark, Whale, and, for the largest, Mega Whale.
Essentially, the larger the animal, the more significant the investor in terms of
capital. The performance of these categories allows us to identify investor behavior
over time. If the number of large whales decreases, it means that investors with
larger capital are closing positions. If, on the other hand, the number of coins
held by a given address increases, it means they are buying. This information is
extremely valuable and has piqued the interest of numerous quants and researchers.

The following thesis aims to study the functioning of the blockchain and, above
all, identify on-chain metrics that can provide valuable information to be used for
training machine learning models of Bitcoin price. Indeed, from the analyses con-
ducted, there are several indicators that can be used to extract information, includ-
ing the realized cap or MVRV (Market Value Over Realized Value), long-short-term
holding, the number of blocks created, the reward of miners, hash ribbon, etc. The
second step is to research which models can be used to create an automated trad-
ing system that can give appealing results. Machine learning models are evolving
rapidly, particularly neural networks and deep learning. There are three main ma-
chine learning paradigms (supervised learning, unsupervised learning, and reinforce-
ment learning), which depend on how the dataset is constructed, how the training
process is carried out and how they are used to make the predictions. The super-
vised model is primarily used to address classification and regression problems, and
it requires the dataset to consist of two fundamental elements: a series of features,
or columns, that will be used to make the prediction, and a corresponding label
for each list of feature usually named record. In this way, the algorithms learn to
predict a given label and then use a loss function to compare the actual value with
the predicted value. A concrete example in the financial world is given by market
price forecasting, in which a vector might represent the market price over the last
few days, while the label represents the price of the day we’re forecasting. Unfor-
tunately, not all problems can be solved this way. In some cases, it’s not always
possible to have a dataset with labels, which is precisely why the second machine
learning paradigm, i.e unsupervised learning, comes into play. It allows us to identify
potential groups, called clusters, present in the data without knowing previously the
labels. In some cases, however, there is a need to find new patterns and strategies
to achieve a specific goal. Reinforcement learning is a learning paradigm that differs
significantly from the previous two in terms of the way it learns. It involves several
interacting components, including the agents, which can perform actions into an
environment. For each action, it receives a positive reward if the action is correct
and a negative reward if the action is incorrect. The choice of actions is determined
by a policy that indicates the best action to take given the agent’s current state.
The agent learns by interacting with an environment, and each action it takes alters
the state of the environment, and for each action, it receives a reward. In this way,
thanks to a sufficiently high number of iterations, the agent is able to update the
policy to correct errors and understand the best action to take in different states.
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Reinforcement learning has proven highly effective in strategy games, which is one
of he main reason for which researchers tend to use reinforcement learning to model
financial trading as a game. The task can be viewed as an agent that interacts with
the market periodically, such as every minute, hour, or day, taking actions that are
considered tied to a specific market. For example, using a certain portion of its
capital to place a limit order for a specific asset, or selling a certain amount of an
asset already held at a certain price. Finally, the agent can also consider taking no
action at a specific time because it’s considered the best thing to do at that mo-
ment, meaning maintaining open positions and not opening new ones. Periodically,
the Environment produces new data. This data is collected and represents a state
based on which the agent will execute actions. Each action the agent performs is
necessary to achieve a specific objective, such as maximizing capital or reaching a
specific annual target. Every action the agent performs alters the state of the en-
vironment and can also alter the state of the market. If the agent has significant
capital available and the asset it is acting on has a low capitalization, this can alter
the market. However, in reality, it is often unrealistic for a single agent to signif-
icantly alter the market. Our goal is to create a promising trading system with
positive results that can provide guidance on the actions to take (buy, sell, do noth-
ing) to maximize the initial capital. To make short-term forecasts (i.e., say the next
hour) and medium-to-long term forecasts (i.e., say the next day, next week), various
supervised, unsupervised, and deep reinforcement learning models were combined,
working together to achieve the common goal.

Support Vector Machines (SVMs) have been a valuable tool for classification and
regression tasks in the previous years. In fact, in some cases, when the classes in
the dataset are linearly separable, they have achieved excellent performance, and in
some cases they have even outperformed neural networks. This is because, unlike
neural networks, SVMs are much simpler to train and, above all, because the solution
that SVMs provide represents a global minimum. This is not for neural networks
whose training is based on gradient descent. In some cases, when parameters such
as learning rate and momentum are not configured correctly, they can end up in
a local minimum that degrades performance. SVR (Support Vector Regression) is
a modified extension of SVM adapted for regression tasks. It is used to forecast
the next day’s price by considering the market price, on-chain metrics, and other
data from the previous 7 days. As shown in the next sections, the choice of the
sliding window was decided based on several tests. To choose the sliding window
size, we analysed the model’s performance using sizes ranging from 7 to 45 days in
the past. We found that, as partially expected, the smaller the window size, the
better the performance in terms of mean square footage (MSE), average annualized
average (MAE), R2, and gain and loss (P&L). Given that our primary goal is to
provide insight into the actions an investor might choose (buy, sell, or do nothing),
we transformed the forecast price value information into an indicator that returns
a ‘buy’ if the forecast price is higher than the forecast price for the previous day
and a ’sell” if the price is lower than the forecast price for the previous day. Since
transactions have a cost, performing operations if the predicted price does not exceed
a certain threshold could degrade the results. For this reason, a threshold was
introduced. Beyond this threshold, the agent executes the actions; otherwise it
returns the action ‘do nothing’.

In recent years, several models have been created to predict the long term price
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of bitcoin. The stock-to-flow model is one of those that has attracted the most
interest, as it is based on the concept of bitcoin’s rarity, meaning that every 210,000
blocks, the reward given to miners for creating blocks is halved, causing the price
of the coin itself to rise. The stock-to-flow model has been widely used in eco-
nomics as a method for tracking the scarcity of goods in commodity markets (such
as gold, silver, oil, etc.). Given the nature of bitcoin, it has also been introduced
into the world of cryptocurrencies for goods that have this scarcity effect, such as
bitcoin. The stock-to-flow value is calculated as the ratio between the existing stock
and the flow, i.e the annual production of that good. In our implemented model,
stock represents the number of bitcoin blocks mined to date, while flow represents
the number of bitcoins mined in the year. To consider the relationship between
price and stock-to-flow value, two methods were used: linear regression and support
vector regression, which use a linear kernel. Both methods revealed that the price
of bitcoin is closely correlated with stock-to-flow. The almost linearity between
stock-to-flow and price allows us to understand the long-term trend, but to obtain
contrary indications on what action to take on a given day, this approach needs to
be improved. To do this, the distance between a given point and the regression line
was calculated, resulting in a distance vector on which two clustering algorithms, K-
means and GMM, were then applied to identify three clusters. These three clusters
represent the best indication in order to buy bitcoin, sell it, or do nothing. Using
unsupervised learning, it was possible to assign a buy, sell, and ‘do nothing’ signal to
better interpret the results of the stock-to-flow model. Given the widespread popu-
larity of neural networks, and particularly the success of deep learning in computer
vision, speech recognition, finance, and many other tasks, they have also attracted
considerable interest in current research. LSTMs are type recurrent neural networks
that have proven highly effective at identifying temporal patterns thanks to their
structure. Modern deep learning models use convolutional networks to perform the
so-called feature extraction part, which allows significant data and patterns to be
extracted through a process called convolution. This consists of sliding and apply-
ing a specific matrix, called a kernel, to the input data. This process as the rule
thumb ”reduces” the input dimension to reveal the most significant data. In the
following research, LSTM-type neural networks were used and compared with CNN-
LSTM neural networks to forecast the next day’s price based on the previous day’s
price. Using CNN-LSTM for forecasting immediately demonstrated improvements
in terms of MSE, MAE, and R2. Another widely used approach for classification
and regression problems is random forests. These are machine learning algorithms
based on decision trees, i.e., models that losely speaking are based on conditional
rules. Since a single tree can be unstable, random forests are composed of a set
of trees, each trained on a random sample of data from the dataset. This makes
the machine learning model more stable and allows it to generalize better to new
data. The principle behind random forests is a powerful inspiration for the models
created for this text. This idea also draws inspiration from our own problem-solving
approach. Imagine a person with specific symptoms who wants to discover the cause
and consequently find a cure. The person might go to a random doctor, who might
make a diagnosis that might differ from another doctor’s one. However, if the person
compares the opinions and diagnoses of several doctors, the most common diagnosis
is much more likely to be the correct one. The concept of listening to the opinions of
multiple experts inspired the trading system implemented in this thesis. Developing
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multiple models to perform a given task could lead to better performance. The
trading system developed in this thesis is based on the use and combination of dif-
ferent models from different learning paradigms, specifically unsupervised learning,
supervised learning, and Deep reinforcement learning. The main goal is to inte-
grate all the models into a single system that can deliver promising performance,
meaning avoiding capital losses and getting as close as possible to the benchmark.
Given that bitcoin has very positive annual returns, the benchmark represents the
percentage gain an investor would have had if they had bought bitcoin at a given
time on the first day of the year and sold it on the last. The trading system’s ob-
jective is to return the action (buy, sell, do nothing) that an investor must perform
every hour, considering bitcoin as an asset. To develop the system, performance
tests were conducted on the supervised models. The task was divided into several
parts. The first step was to identify the metrics and models to consider, and espe-
cially the data granularity. Next, the models to be used were combined into a single
system. The data granularity depends greatly on the type of system and trading
being performed. In the case of the following thesis, two different granularities were
used: daily and hourly. The output from the models trained on an hourly basis
and those trained on a daily basis were merged into a single model that will return
the action the investor must perform. To develop the system, performance tests
were performed on the supervised models. The task was divided into several parts.
The first step was to identify the metrics and models to consider, and especially the
data granularity. This was followed by the models to be used and their integration
into a single system. The granularity of the data depends greatly on the type of
system and trading being conducted. In the case of the following thesis, two dif-
ferent granularities were used: daily and hourly. The output of the hourly-trained
models and those trained on a daily basis were merged into a single model that will
return the action the investor should take. The implemented system consists of five
models: four of these are called experts, while the fifth model, called the master,
and is responsible for unifying the model results and returning the best action for
that hour. Two of the four experts were trained on a daily-granularity dataset, and
two were trained on an hourly-granularity dataset. For daily-granularity models,
the stock-to-flow model was used, which adopts a hybrid model (i.e., a supervised
model and an unsupervised learning model) to predict the action to be taken at a
given time. To address the linearity between the price and the stock-to-flow value,
two models were tested: linear regression and the SVR model with a linear kernel.
These models predict the price of bitcoin by considering the stock-to-flow value, but
they do not provide explicit indications of the action the investor should take. To
explain the action, the distance between the current price and the regression line
price was calculated by taking the difference between the two values. The set of all
distances produced a vector on which two clustering algorithms were trained and
tested: the K-means and the GMM (Gaussian Mixture Model). Clustering allows
us to identify the distances within which to buy, sell, or do nothing. This allows us
to understand which action an investor should take based on a given stock-to-flow
value. The second model trained on daily granularity is an SVR model with an
'RBF” kernel. It predicts the following day’s price using a sliding window with a
size of 7. Since the SVR model predicts the next day’s price, in order to translate
the price into a buy, sell, or do nothing action, a threshold was introduced to discard
price changes that are too small and could degrade performance due to transaction
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costs. The model returns a buy action if the next day’s price is forecast to increase
or decrease by a percentage greater than the threshold. If, however, the predicted
price is less than the threshold, the action will be a do nothing action. The other two
among four experts were trained using reinforcement learning on a daily-granularity
dataset. These models use a CNN-LST neural network as the policy approximation
function. One of them is called a bull agent and was trained using the years when
Bitcoin performed better than the previous year. The other expert is called a bear
agent and was trained on the years that performed worse than the previous year.
To unify the results of all these aspects, a final expert called the master agent based
on reinforcement learning was created, whose task is to analyse the market data
(current observation) and the predicted results of the four previously introduced
experts, and then make the final decision. This approach of using on-chain metrics
and creating a multi-expert trading system that utilizes different types of models
for long-term forecasting those trained on a daily scale, as well as models trained
for short-term forecasting on an hourly scale, has allowed us to achieve promising
results and opened the door to further potential improvements. To get a visual
idea of how the components of our multi-expert system interact with each other, we
created the following images:

TRAINING DATASET (1 HOUR) TRAINING DATASET (1 DAY
— BUILL BEAR R STOCK L
DATASET DWTASET DATASET TO FLOW

DATASET
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AGENT AGENT SR e
REGRESSION

Action

| Actioe Htion ‘ Actian
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Figure 1.2: Multi-expert system
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Figure 1.3: Multi-expert system
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Chapter 2

Blockchain and Metrics

2.1 Bitcoin’s Blockchain

The term blockchain was introduced in 2008 by Satoshi Nakamoto in the bitcoin
white paper [16]. The main goal for which blockchain was introduced is to create an
electronic payment system based on cryptographic proof rather than trust, which
allows two willing parties to transact directly with each other without the need for
a third party. To date, there are several blockchains and in the following research,
the term blockchain will refer to the public bitcoin blockchain. The blockchain is
nothing more than a public distributed ledger that uses a peer-to-peer architecture
and complex encryption mechanisms to guarantee data integrity [3]. It is made up
of blocks identified by a hash and contains transactions. Each block is concatenated
to the previous block through the hash of the previous block. Transactions are at
the core of the bitcoin ecosystem and all transactions end up in the memory pool,
from where miners pick up transactions based on their priority to include them
in the proposed block. Each transaction is composed of at least one input and
output. Inputs can be thought of as coins being spent that have been created in
a previous transaction and outputs as coins being created. If a transaction is to
send coins to a bitcoin address, then it needs to be signed by the sender with their
private key and a reference is also required to the previous transaction in order
to show the origin of the coins [16]. Coins represent unspent transaction outputs
(UTXO) represented in Satoshis which is the smallest unit of the cryptocurrency
Bitcoin. There are many types of transactions, one the most popular is the “Pay to
Public Key Hash” (P2PKH) which is used to send transactions to bitcoin addresses
[3]. Another famous transaction is the coinbase or generation transaction which is
always created by a miner and is the first transaction in a block and, it is used to
create new coins. Transactions may have fees dependent upon the size and weight
of the transaction which are charged by the miners.To solve the problem of double
spending of coins, transactions are not encrypted and are publicly visible in the
blockchain. Furthermore, a consensus mechanism called Proof of Work (PoW) is
used to add a new block. PoW is the backbone of the blockchain and represents
proof that enough computational resources have been spent in order to build a valid
block. It requires finding a value that when hashed using a hashing algorithm (for
example SHA256) produces a hash that starts with a certain number of zero bits
[16]. The work required to find this value is exponential to the number of zero
bits required, and once found, it can be verified by performing a single hash. To
implement PoW | a value called “nonce” is used which is incremented until a value is
found that causes the block hash to satisfy the zero bit requirement. The only way
to find this nonce is the brute force method. The difficulty of the Pow is adjusted
using a moving average in order to be able to produce an average number of blocks
every hour. If the blocks are generated too quickly it means the computational
level of the network has increased and the difficulty increases. In addition to the
transactions and the nonce, each block contains the hash of the previous block, thus
creating a chain of blocks from which the name derives.Each time a transaction is
created it is propagated to all nodes and each node that receives it adds the new
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transaction to a block. Each node works to find the proof-of-work or the hash of
the block and when it finds it, it propagates the block to all the other nodes in
the network. Nodes receiving the block only accept it if the transactions inside are
valid and have not already been spent. Finally, the nodes that accept the received
block express their consent by working to create a new block that contains the hash
of the received block. Nodes always consider the longest chain as the correct one
and continue working to extend it. If two nodes simultaneously transmit different
versions of the next block, some nodes may receive one version before the other and
in this case they work on the version they received first, but keep the other version
in case this becomes the longest chain. The conflict will be resolved when the next
proof-of-work is found, and one of the two chains becomes longer and finally the
nodes that were working on the other chain will switch to the longer one. The
process of adding new blocks to the blockchain is called mining and it consumes
a lot of electricity and requires a lot of computing power. The nodes commonly
called miners have the objective of synchronizing with the network, validating block
transactions and above all creating new blocks by solving the PoW [16]. To motivate
miners to support the blockchain they receive a reward for each block mined, in fact
the first transaction of a block creates a new coin which is assigned to the creator
of the block together with the transaction fees. This system, in addition to being
an incentive for the nodes, also represents the method of issuing coins. On average
every 10 minutes a new block is added to the blockchain, every 210,000 blocks the
production is halved or approximately every 4 years, this phase is called Halving
and it is precisely this that gives bitcoin the rarity effect. Bitcoin production is
limited and it is estimated that the limit of 21 million bitcoins will be reached in
2140, beyond which they will no longer be produced [3].

2.2 On-Chain Metrics

Blockchains record several types of data like transactions, blocks and wallet ad-
dresses that are publicly available and can be useful for making market forecasting.
Transactions store information about the sender, receiver and the amount that was
moved while blocks contain information about the miners reward, the difficulty for
mining the block and the number of transactions. Transactions are at the core of the
bitcoin ecosystem and each transaction is composed of at least one input and one
output, except for the coinbase transaction. The transaction inputs can be thought
of as coins being spent that have been created in a previous transaction while out-
puts as coins being created. In order to keep track of the coin ownership the bitcoin
protocol uses a base unit which is the unspent transaction output “UTXO”. If
an UTXO is used as input for a transaction it is destroyed and generally two new
UTXO are created, one for the fees which will be owned by the miner and one for the
recipient of the transaction. The UTXO represents one of the fundamental building
blocks of on-chain analysis because it’s possible to find important information about
investor behavior based on the history of UTXOs and by studying the time and price
at which they are created, and destroyed.
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2.2.1 MVRV (Market value to Realized value)

The MVRV is an indicator computer as the ratio between the market cap and the
Realized cap. The Market cap represents the value of an asset and it is calculated by
multiplying the total number of coins by the price. On the other hand the realized
cap is a variant of the market cap which is computed by evaluating each UTXO
with the price when they were last moved. The realized price is increasing when
coins last moved at a cheap price are spent and will decrease when coins last moved
at a expensive price are spent. UTXOs can belong to long or short-term investors,
taking into consideration the number of days for which a given UTXO has been kept
we can distinguish between short and long investors and consequently it is possible
to create two MVRV type indicators that track their behaviour. The STH-MVR
indicator is calculated taking into account UTXOs that have a duration of less than
155 days, while the LTH-MVRYV takes into account UTXOs with a duration greater
than 155 days.

2.2.2 Hash Ribbon

Miners contribute to the maintenance of the blockchain by validating transactions
and adding new blocks, these actions requiring computational resources and elec-
tricity. A miner’s computing power is measured in the number of hashes per second.
The Hashrate is a metric that measures the number of SHA256 calculations that all
the miners on the network are able to do per second. This value is not constant but
changes over time based on the computing power of the miners and above all based
on the difficulty of the mining sector. Mining difficulty is a parameter that is re-
calculated by the bitcoin protocol every 2016 blocks (approximately every 2 weeks)
to ensure an average block construction speed of approximately one block every 10
minutes. The big downward trend of the price can significantly reduce the hashrate
of the network as miners tend to stop mining when the coin loses value and it is not
profitable to mine it. The hash ribbon is an indicator that takes into consideration
the hashrate and the difficulty to create an SMA (simple moving average) for each of
them, when the SMA of the mining difficulty crosses with the SMA of the hashrate
this means that miners are capitulating and we are close to a market bottom.

2.2.3 Coin Days Destroyed and Liveliness

The CDD is an indicator that allows us to track the behaviors and interventions of
entities that are in possession of coins kept for a very long period and also of those
that have a large availability of coins. The CDD uses the concept of "money day”,
for every day that a coin has not been spent, it accumulates one day and when it is
spent or rather destroyed the days are reset to zero. This indicator tracks only coins
that are government expenditures over a given period of time and is calculated by
multiplying the value of the coin by the number of days it has been held. A very
high value indicates that long-term investors are spending the coins and is related to
a market low or top. Liveness is a metric that highlights whether long-term holders
are accumulating or spending and it is based on CDD, it is calculated as the ratio
of CDD to the sum of all coins created up until then.
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2.2.4 Net Unrealized Profit/Loss (NULP)

The realized profit and loss represents a fundamental piece in on chain analysis, it is
based on the study of the price of UTXOs at the moment of creation and destruction.
By calculating the difference between the price at the time of creation of the utxo
and the current price we can establish the profit and loss. Coins acquired at a
lower price than the current price have a certain unrealized profit while coins that
were acquired at a higher price have an unrealized loss. The NULP is calculated by
subtracting the realized cap from the market cap and then dividing everything by
the realized cap. As with the MVRV, it is also possible to distinguish between long
term holders and short term holders for the NULP. All UTXOs with a life exceeding
155 days are considered long term holders, while those with a shorter duration are
considered short term holders.
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Chapter 3

Mid and Long Term Forecasting

3.1 Stock to flow

The stock to flow model has been widely used in the literature as a reference model
to evaluate the scarcity of a given asset. Various approaches have been proposed
to study the relationship between stock-to-flow and the price of bitcoin. Among
the most well-known is the study conducted by Andrea Pontiggia and Giovanni
Fasano in the paper [9], which introduces a machine learning paradigm that combines
classification, ranking, and sorting to analyze systems. Another study conducted by
Giovanni Fasano and Marco Corazza on the bitcoin price, in which they show the
power of linear regression and SVMs is the following one [9].

The stock represents the total flow existing to date while the flow represents the
flow produced in a specific time interval, generally it is calculated on an annual basis.
A high stock flow value indicates that the asset has a higher scarcity and therefore
a higher value as it takes much more time to reproduce the current flow. While a
low value indicates that the asset is produced more quickly and this is attributed to
a lower value:

Stock  Total Supply
~ Flow  Annual Flow

By analysing the tokenomics of bitcoin we know that a block is produced on
average every 10 minutes and that every 210,000 blocks the reward given to miners
is halved, this happens approximately every four years. The halving of the reward
given to the miners, makes bitcoin an asset with a scarcity effect because as the time
passes the number of the new mined bitcoins will decrease and this causes its value
to grow over time .
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Figure 3.1: Miner Reward and Total Supply
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The reward and the number of blocks can be calculated using the information
from the blockchain tokenomics, however to have more precise data for the construc-
tion of the stock to flow model we obtained the data using Glassnode and blockchair
API, a provider that provides APIs for receive information about blocks, addresses
and transactions of different cryptocurrencies. The total supply was calculated by
adding the reward obtained day after day while the flow was calculated on an annual
basis. The charts below shows a strong correlation between Bitcoin’s price and the
Stock-to-Flow (S2F) ratio. A correlation coefficient of 0.89 it’s almost perfect, this
indicates that the scarcity has a relevant influence over the market value.

i h
|

log( Price )

-1 a 1 2 3 4
log({ S2F Ratio )

Figure 3.2: log(Stock To Flow Ration) and log (Price)
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Figure 3.3: log(Stock To Flow Ration) and log (Price) Correlation

22



3.1.1 Dataset

The dataset was created by combining different sources, in particular to obtain the
number of blocks and for the reward we used blockchain, a website that provides
APIs to extract information on blocks and transactions, while for the closing price of
bitcoin, we downloaded the data in csv format directly from the glassnode website.
The range from ‘2011-01-01" to ‘2025-08-01" was considered as dataset to be divided
into train and test. The dataset D can be represented as follow:

D = {(date;, year;, close_price;, reward;, blocks;) | i = 2011 — 01,...,2024 — 07}

Where:
e date; represents the i-th day.
e year, represents the year extracted from date;.
e close_price; is the closing price on day 1.
e reward; represents the average reward given to miners on day 4.
e blocks; represents the number of blocks mined on day 1.
The stock to flow ratio was computed as follow:
R, = Z reward;
i€{jryear; =y}
i

total_supply, = Z reward;
j=1

annual_flow; = Rye.r, Vi € {2011,...,2024}

SF, — total_supply,

annual_flow;

3.2 Regression and Least Square Optimization

Linear regression is a predictive model that is used to establish the relationship
between a dependent variable and one or more independent variable by using the
following equation:

y=Po+ /1 X1+ foXo+ -+ B X, +u
this formula can be write in a more compact way as follow:
p
y=3 BiXitu, BieRi=1..p
i=1

where:
e y is the dependent variable,

e X, are the independent variables,
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e v, is the statistical error.

If the variables Y, X;, ..., X, are independent and identically distributed, then
least square model can be used for estimating the coefficients 5y, 81, . . ., B, by solving
the following linear least squares problem:

p
minZ(yz- —g)%i=1,...,p
i=1

where

p
J=> BiXi+u, BeERi=1..p
=1

Considering the correlation between price and stock-flow value, linear regression
appears to be a promising tool capable of capturing the relationship between stock-
flow and price. However this model have theoretical assumptions like the normality
distribution of the sample which may not fulfilled. An alternative machine learning
model that can be used in order to find the linear relationship between the variable is
the SVR which uses the same principles as SVM but focuses on predicting continuous
outputs rather than classifying data points.

3.3 Support Vector Machines (SVM)

SVM is a supervised learning algorithms widely used for classification, regression,
and outlier detection. The core idea behind of SVM is to find an optimal decision
boundary, called a hyperplane, that separates data belonging to different classes
with the maximum possible margin. The closest data points to the hyperplane are
called support vectors [9].

Consider a binary classification dataset:

{(xiayi)}?ih T; € ]Rn7 Yi € {_17+1}7

where x; represents feature vectors and y; represents class labels. A hyperplane in
R"™ is defined as:
w! - x+b=0,

where w € R™ is the weight vector and b € R is the bias term.

The goal of SVM is to find w and b such that the separating hyperplane maximizes
the margin, that is the distance between the hyperplane and the nearest training
points named support vectors [9]. For linearly separable data, the constraints are:

yi(wh -2, +0) > 1, Vi

3.3.1 Optimization Problem
Maximizing the margin is equivalent to minimizing ||wl||?>. Thus, the primal opti-

mization problem can be written as follows:

1
migl §||wH2 subject to y;(w’ - x; +b) > 1. Vi

)
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3.3.2 Soft Margin SVM

In real-world applications, the perfect linear separation could sometimes not be
achieved due to outliers. In order to allow misclassification, the SMV model uses
slack variables & > 0 as follows:

yi(w? -z +b) > 1 —§&.

The optimization problem becomes the following.
min 1Hw|]2 + Ciﬁ-
whe 2 — v

where C' > 0 can be viewed as a threshold that controls the trade-off between
maximizing the margin and minimizing classification errors.

3.3.3 Dual Formulation and Support Vectors

The optimization problem is usually solved in its dual form using Lagrange multi-

pliers \; > 0:
m 1 m m
mfmx Zl A — 5 Z Z Ai\jYil; (z; - l”j)a

i=1 j=1

subject to:
D Awi=0, 0<A<C.
i=1

Only data points with \; > 0 influence the final decision boundary. The linear
classifier function can be written as follow:

f(z) = sign <Z Aiyi(@; - @) + b) :

3.3.4 Kernel Trick

When data is not linearly separable in the input space, SVM can map it into a
higher-dimensional feature space using a nonlinear transformation ¢(z). Instead of
explicitly computing ¢(z), SVM employs a kernel function K (z;, x;) = ¢(x;) - ().

Common kernel functions:

e Linear kernel: K(z,27) =z - a7,

e Polynomial kernel: K(z,27) = (z - 27 + ¢)4,

e Radial Basis Function (RBF): K(x,z7) = exp(—|z — =T |?),

e Sigmoid kernel: K(x,z") = tanh(kz - 27 + ¢).

This allows SVM to create highly flexible nonlinear decision boundaries while
still relying only on support vectors.
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3.3.5 Geometric Interpretation

e The hyperplane is the decision boundary between classes.

e The margin is the distance between the hyperplane and the nearest support

vectors.

e The support vectors are the critical data points that determine the position

of the hyperplane.

e Increasing the margin improves generalization, while allowing slack variables

increases robustness to noise.

T @ class A sample
Optimal N ® @ class B sample
Hyperplane ‘\\
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Figure 3.4: Geometric Interpretation

3.3.6 Support Vector Regression (SVR)

SVR is an extension of SVM applied to the regression tasks, where the goal is to

predict continuous values instead of class labels.

Instead of maximizing the margin, which is the distance between the hyperlan and
the support vectors, SVR attempts to fit a regression function within a tolerance
margin €. Points within the e-tube are ignored in the loss function, while points

outside contribute to the error [2].

Given training data {(x;,y;)}",, the SVR optimization problem is:

w’b7§i 75»7

subject to:

1 S .
min —w]®+C ) (& +&)
i=1

i — (w-z; +b) <e+§,
(w-x;+b) —y; <e+&,

Here:

e ¢ is the tolerance margin (insensitive zone),

o ;. & are slack variables for deviations outside the margin,

e (' is the threshold which controlling the trade-off.




3.3.7 Evaluation Metrics

Metric Formula

2 2 > (yi—9:)°
i RE=1- Zi‘;ll(yi—yP
MSE MSE = 237 (3, — §)?
MAE MAE = 1 3% |yi — 9

Where:

Table 3.1: Evaluation Metrics

e 7 is the number of observations.

e y; is the actual value.

e ¢, is the predicted value.

e  is the mean of the actual values.

3.3.8 Models Result

__ Legend
12
. Actua

= Predicted SVR
' Predicted LR

log { Price )

As we can see from the evaluation metrics both models have demonstrated an
excellent performance in identifying the long-term trend of the bitcoin price and
confirm again that the long-term bitcoin price follows the stock to flow model. They
allow us to clearly identify whether the current value of bitcoin is undervalued or
overvalued. Although the performance of the linear regression model is slightly
better, we should take into account that it has strong assumptions like the fact that
residuals (the differences between observed and predicted values) should follow a

normal distribution.

Linear regression provides clear indications of long-term performance, but to
provide daily signals (buy, sell, or do nothing) to a specific investor, the model must
be expanded. The approach used to determine which stock to execute on a given day

log ( S2F Ratio )

Figure 3.5: Long Term Forecasting
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Model R? MSE MAE
Linear Regression | 0.948360 | 0.479768 | 0.564715
SVR 0.945056 | 0.510462 | 0.551536

Table 3.2: Performance Metrics

mmm Linear Regression
mmm Support Vector Regression

0.8

Values

0.0

R= MSE MAE
Evaluation metrics

Figure 3.6: Performance Metrics Histogram

is to calculate the distance between the price predicted by linear regression and the
actual price. Once the distances are calculated, we obtain a distance vector on which
we apply a clustering algorithm to identify the best regions for buying, selling, or
doing nothing. Several clustering algorithms exist in the literature; for this analysis,
two promising algorithms were tested: Kmeans and the Gaussian Mixture Model.
Furthermore, a mathematical optimization model was developed that aims to solve
both the classification and regression problems. In the following pages there is a
detailed description of the clustering algorithms used.

3.4 K-means Clustering

K-means is an unsupervised machine learning algorithm used for clustering data
into k£ groups. Its primary goal is to partition n data points into k£ distinct and
separate clusters such that the within-cluster variance (inertia) is minimized.
Given a dataset {xy,2s,...,7,} where 7; € R? the goal of K-means is to split
the data into k groups named clusters C,Cs,...,C) by finding cluster centroids
{p1, 2, - . ., g } which represents the most significative point of the cluster.
The objective function to minimize is the total within-cluster sum of squared

distances: i
T=>"> o —wml

=1 xECi

where:
e (; is the set of points assigned to cluster 1,

o ;= ﬁ > wec, T is the centroid of cluster i,

|? is the squared Euclidean distance between point 2 and centroid ;.

o ||z —p
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3.4.1 Algorithm Description
The K-means algorithm works iteratively in two main steps:
1. Choose k initial centroids {p1, ..., pr} randomly
2. Assign each data point z; to the nearest centroid:
Ci = {25 — will® < oy — wll®, VI € {1, k}}.
3. Recompute each centroid as the mean of points in the cluster:

1

JJ]'ECi

4. Alternate between assignment and update until there is no change in assign-
ments or the change of centroids is minimal.

() () (<}

Figure 3.7: Evolution of K-means centroid assignments over successive iterations

3.4.2 Convergence and complexity

K-means is guaranteed to converge to a local minimum in a finite number of steps
because the objective function J decreases monotonically with each iteration. How-
ever:

The computational complexity of K-means per iteration is:

On-k-d),

where n is the number of data points, k is the number of clusters, and d is the
dimensionality. It is generally efficient for medium-to-large datasets, though it may
struggle with very high-dimensional or large-scale data without optimization.

K-means is widely used in image segmentation, document clustering, text mining,
and other machine learning task. Even if the algorithm has several limitations like
the sensitivity to the choice of k (number of clusters), the outliers and the assumption
of spherical clusters, it represented one of the most used clustering algorithms.
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3.5 Gaussian Mixture Models (GMM)

The Gaussian Mixture Model (GMM) is a probabilistic model used for clustering,
density estimation, and pattern recognition. Unlike K-means, which partitions data
into hard clusters, GMM assume that the data is generated from a mixture of several
Gaussian (normal) distributions and provide a soft clustering approach where each
data point has a probability of belonging to each cluster.

3.5.1 Model Definition

A Gaussian Mixture Model assumes that the probability density function of data
r € R? is a weighted sum of & Gaussian components:

p(z | ©) = Zm (x| iy 25),

where:
m; > 0 are the mixture weights, with Zle m=1,
e 11; € R? is the mean of the i-th Gaussian,
o ¥, € R¥? is the covariance matrix of the i-th Gaussian,

o N (x| i, X;) is the multivariate Gaussian density:

1
N(@ | i 2i) = WGXP (=3 — ) ' =7 @ — )

The parameter set of the model is:

0= {7Ti7 iy Ei}§=1

3.5.2 Learning via Expectation-Maximization (EM)

Since cluster memberships are latent variables, GMMs are typically estimated using
the Expectation-Maximization (EM) algorithm.

1. Choose initial random values for ;, u;, and %;

2. E-step (Expectation). Compute the posterior probability that point x; belongs
to cluster i:
s = WiN(.I'j |/LZ,ZZ)
1] T k .
Do TN (5 |, )

3. M-step (Maximization). Update the parameters using the probabilities:

N; = Z Yigs
=1

N, 1 ¢
= M= Z%ﬂj, X = N, Z%J — i)'
3 ]:1
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4. Repeat E-step and M-step until the log-likelihood:

n k
log L(©) = ) _ log (Z ™ N (@ | i, ZO)
j=1 i=1

converges or changes below a threshold.
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3.6 Identifying Stock-to-Flow Signals via Unsupervised Learning

As previously mentioned, linear regression provides clear indications of long-term
performance, but to provide daily signals (buy, sell, or do nothing) to a specific
investor, the model must be expanded using unsupervised learning. The approach
used to determine which stock to execute on a given day is to calculate the distance
between the price predicted by linear regression and the actual price. Once the
distances are calculated, we obtain a distance vector on which we apply a clustering
algorithm to identify the best regions to buy, sell, or do nothing. For the following
thesis, two very popular algorithms in the literature were used: KMeans and the
Gaussian Mixture model. Both models were able to identify the peak and trough
points that represent the right time to buy, sell, or do nothing.

3.6.1 Model Training

The implemented stock-to-flow model involves training two algorithms: linear re-
gression and KMeans. Regression takes as input a dataset consisting of stock-to-flow
and price, both transformed to a logarithmic scale. Once the model is trained, we
have the actual price values and the value predicted by the model, and with these
two we can calculate the distance vector that will be used by KMeans (k = 3). The
distance vector was transformed using the standard scaler, a data preprocessing tool
used to standardize futures. The Standard Scaler transforms the data by subtracting
the mean and dividing by the standard deviation, so each feature has a mean of 0
and a deviation of 1. This makes the data comparable and facilitates scale-sensitive
algorithms, such as KMeans or regression. Once we have trained KMeans on the
distance vector, we can use the cluster centers to translate the predicted value into
an actual signal by ordering the cluster centers in ascending order and assigning the
buy action to the first cluster center, the do nothing action to the central one, and
the sell action to the last cluster center.

3.6.2 Model Training Steps

Given the training data Ty, and 9., the signal predictor is trained as follows:

1. Fit Linear Regression Model: Train a linear regression model on &, to
predict ¥rear-

2. Compute Predictions: Use the trained model to calculate predictions ¢ =
Ypred-

3. Calculate Distance: Compute the prediction error (distance) for each sample:

dlstancei = Yreal,i — Ypred,i

4. Create DataFrame: Construct a DataFrame containing «, ¥real, Ypred, and
distance.

5. Standardize Distances: Scale the distance column using StandardScaler [15]:

) distance — p
distancegcgjeq = ————
o
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6. KMeans Clustering: Apply KMeans with 3 clusters on the scaled distances
and assign each sample to a cluster.

7. Map Clusters to Signals: Compute cluster centers in the original scale, sort
them from smallest to largest, and assign: smallest — Buy (1), middle — Hold
(0), largest — Sell (2).

8. Assign Signals: Add the signal column to the DataFrame according to cluster
membership.

9. Return Result

3.6.3 Model Performance

The clustering algorithm’s structure is of fundamental importance as it determines
the signal the investor must execute. K-Means assumes that each point belongs
to only one cluster and that the implicit shape of the clusters is spherical. GMM,
on the other hand, assumes that the data comes from a combination of Gaussian
distributions and that each point has a probability of belonging to each cluster.
The silhouette coefficient was used to measure the algorithm’s performance and find
clusters. The silhouette coefficient measures how well each point is grouped with
respect to its cluster and other clusters and its computed as follows.
For a point ¢:

a(i) d(i,7)
-

J€C;
J#i

where C; is the cluster containing i, and d(i, j) is the distance between points i
and j.

Zdl]

that is, the smallest average distance between ¢ and any other cluster C' # Cj.
The silhouette coefficient is then defined as:

~ b(i) —a(d)
) = (e () b))

The coefficient takes into account internal cohesion and external separation. In-
ternal cohesion measures how close a point is to other points in its own cluster,
while external separation measures how far a point is from the points in the closest
cluster other than its own.

b(7) = min
C#C;
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Clustering Silhouette Score Comparison
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Figure 3.8: Silhouette coefficient comparison

The value of the silhouette coefficient ranges from -1 to 1. The closer the value is
to 1, the better the assignment of points to the clusters. If the value is negative and
close to -1, it is very likely that the points are assigned to the wrong cluster. As we
can see in the image below, the two algorithms have very similar coefficients; GMM
has a slightly higher coefficient. However, KMeans allows us to better identify the
peak points of the Bitcoin price.
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Figure 3.9: Linear Regression and KMeans
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LinearRegression + GMM

e Buy Points -
12 [ == Buy Regression S
e Hold Paints
== Hold Regression
e Sell Points
== Sell Regression -
8§ | == Predicted

10

log(Price)

-1 0 1 2 3 4
log(S2F Ratio)

Figure 3.10: Linear Regression and Gaussian Mixture Model

The two graphs above show the linear relationship between the stock-to-flow
model and the price of bitcoin in USD. Furthermore, the two clustering algorithms
discussed above, KMeans and the Gaussian Mixture Model, were used for the two
graphs. As we can see, clustering algorithms are able to find groups of peaks and
troughs. However, despite having a slightly lower silhouette coefficient than the
GMM, KMeans is able to better identify peaks. The graph below shows the daily
price of bitcoin, and for each day, the action the investor must perform is shown.
Specifically, green was used to identify the days on which the investor must buy,
blue for the days on which no action must be performed, and red to identify the
days on which the investor must sell.
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Figure 3.11: Stock To Flow Train Prediction
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3.7 SVR-Based Approach to Next-Day Trading Decisions”

The second implemented model is based on the use of Support Vector Regression
(SVR) which is a supervised learning algorithm that represents an extension of SVM
applied to the regression tasks, where the goal is to predict continuous values instead
of class labels. Instead of maximizing the margin, which is the distance between the
hyperplane and the support vectors, SVR attempts to fit a regression function within
a tolerance margin. Since the task is to predict the next day’s price by analysing
previous days, it was decided to use the 'rbf’ kernel because the price tends to follow
a non-linear trend in the short term. The kernel is calculated as follows:

K(z,2") = exp(—7[z — 2'|*)

The dataset used for forecasting was created from daily data downloaded from
Glassnode. Each indicator, or rather metric, was downloaded and saved in a JSON
file. To merge the different metrics, it was necessary to create a custom Dataset-
Loader. This aims to merge all the data, allow for normalization, and ultimately
produce a clean dataset that will be used for forecasting. The dataset consists of
basic information such as the day, price, on-chain metrics, stock-to-flow value, and
some technical indicators, which are summarized in the following table:

Table 3.3: Dataset
Category Metrics

Timestamps (date_time)
Base Info Price (price)

Stock-to-Flow

Moving averages (fast, slow)
Technical Indicators RSI values

Technical signal (buy/sell/neutral)

Hash Ribbon Signals Buy / Capitulation / Crossed signals
30-day and 60-day hash rate moving averages
MVRV Z-Score

On-chain Metrics Long-term and Short-term holder supply

Delta cap and Realized cap
Raw counts (wallets > 0.01, > 1, > 10, etc.)

Address Counts Derived group counts (plankton, shrimp, crab,

fish, shark, whale, mega-whale)

Address Count Dynamics | Changes in wallet count over 7, 14, and 30 days

Given that the data has very different scales, it was necessary to use mechanisms
to homogenize the scales as much as possible. To this end, three different forms of
normalization were tested, on which the algorithm was trained and its performance
was then verified. The normalization methods used are the following:
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Table 3.4: Data Normalization Methods
Method Description / Formula

Z-score (Standardization) | z = *-F

Min-Max Scaling /= E—Lmin_

Tmax ~—Lmin

Log Transformation ' =log(z +¢)

As we can see from the image below, the transformation with which the svr model
obtained the lowest error is the logarithmic transformation. This is the best choice
for the model as it has an R2 very close to one and the lowest MSE and MAE
compared to the z-score and the min-max scaler.

R2 Score Mean Squared Error Mean Absolute Error

08 10°
: 6x107

0.6
4x107

3x107

R

=

=
MSE (log scale)
MAE (log scale)

02 %107

: - -
I

SVR Model SVR Model SVR Mode
Figure 3.12: Comparison of SVR Errors Across Dataset Transformations

In addition to choosing the normalization or, more specifically, transformation
strategy, it is crucial to identify the size of the sliding window the algorithm should
use to predict the next day. In fact, for this very reason, the model’s performance
was iteratively tested with sliding windows of varying sizes. As can be seen in the
graph below, the larger the sliding window size, the worse the performance. For this
reason, we decided to use a slide window of size 7, as it exhibits the best performance.

SVR Performance Metrics by Window Size

0.8 4

0.6

Score [ Error

0.4

0.2 4

0.0-

7 14 21 28
Window Size (days)

Figure 3.13: Impact of Window Size on SVR Error
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The SVR model predicts the next day’s price, and since the primary objective is
to provide explicit guidance on the actions the investor should take (buy, sell, and
do nothing), it was necessary to use a mechanism to transform price information
into action, also taking into account the potential effect of transaction costs. Since
transactions have a cost, a threshold representing a percentage was introduced that
allows the investor to decide whether it is worth buying or selling. If the percentage
increase or decrease in the price expected for the next day is greater than the thresh-
old, the action will be a buy or sell; if it is less than the threshold, the recommended
action will be a do nothing action. As you can see from the graph below, the best
performances in terms of gains and losses over the test period were achieved using

a threshold of 1%.

performance Metrics vs Threshold (0.01-0.05)
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mm Min
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2
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Figure 3.14: Effect of Threshold on Profit and Loss
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Figure 3.15: Test Set Results of SVR Model

The model’s performance in terms of gains and losses was tested over the period
from September 2022 to August 2025, demonstrating promising results. In fact,
within three years, the model managed to make almost 160% of its capital. The
idea of the back test is to simulate a prudent investor who buys and holds a certain
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amount of bitcoin until the model’s signal is ”"buy.” When the signal changes to
"sell,” the investor sells everything he has accumulated up to that point. The back
test was conducted following the model’s signal with an initial capital of €10,000.
The maximum amount for each buy order is defined as the input parameter for the
back test and is equal to 0.2% of the available capital. In the graph below you can
see the trend of the investor’s capital during the test period.
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Figure 3.16: SVR Model P&L Performance on Test Dataset
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Chapter 4

Short Term Forecasting

In recent years, artificial intelligence has been used extensively to help investors
understand how financial markets move. Machine learning, and even more so, deep
reinforcement learning (DRL), have become a focus of interest in algorithmic trading
because they allow you to find new patterns that humans cannot. An investor’s goal
is to grow their capital by analysing the market and deciding whether it’s the right
time to buy or sell. The beauty of reinforcement learning is that it allows you
to model this problem perfectly. You have an agent (in our case, one or more
machine learning models) that continuously interacts with the environment (the
market). The agent observes the state of the market, decides what to do, and
receives feedback, a reward, which in our case is the change in the value of the
portfolio. By playing this game over and over, it learns a strategy that maximizes
total gains. But there’s a problem: markets are incredibly complex and volatile.
Using a single model may not generalize, or rather, work across all conditions. For
this reason, in the following thesis, we decided to develop a Multi-Expert Trading
System that combines several specialized models with varying granularity. It’s a
bit like assembling a team of experts: Three reinforcement learning agents working
on high-frequency (hourly) data to capture rapid market changes. Two machine
learning models (one supervised and one based on supervised and unsupervised
learning) that examine daily data to understand long-term trends. Within the RL
agents, there are two agents, or rather specialists: a bullish expert and a bearish
expert (a bear expert). But there is also a third agent, the master, whose job is to
combine all the forecasts (including those from other models like SVR and stock-
to-flow) to make the final decision. This structure, a bit like a learning system,
makes the entire system much more robust and adaptable than a single model. To
understand how well it works, I'll compare it to a basic strategy: the classic annual
buy & hold, which would be our benchmark. To understand how the models work,
the main theoretical concepts involved will be introduced in the next section.

4.1 Introduction to Neural Networks

The human brain is one of nature’s most fascinating wonders because it’s composed
of billions of neurons that work nonstop, communicating with each other to make our
thoughts, emotions, actions, and, most importantly, life possible. And it is precisely
this incredible natural architecture that has inspired scientists to create artificial
neurons and neural networks, attempting to replicate this ingenious mechanism for
processing information. Biological neurons are, essentially, the fundamental building
blocks of our nervous system. They are highly specialized cells, designed to receive,
process, and transmit electrical and chemical signals. This ability to communicate
with each other underlies everything we do, from the perception of a scent to the
act of running, to the most complex processes of thought. Each neuron has a well-
defined structure, with three main components:

e Dendrites: These are the branches that act like small antennas, receiving sig-
nals from other neurons through connections called synapses. Their branched
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shape serves to increase their surface area, allowing the neuron to collect input
from many different sources.

e Soma (cell body): This is the actual control center. Here, the neuron adds
up all the signals it has received from its dendrites. If the total exceeds a
certain threshold, the soma generates an electrical impulse, known as an action
potential.

e Axon: A sort of long cable that carries the action potential from the soma to
other neurons, muscles, or glands. At the end of the axon, the signal is passed
to the next cell via the synapses.

Terminal buttons
(form junctions
with other cells)

Cell body Dendrites
(soma) (receive messages .
from other cells) Dendrites
(from another
//ﬂ neuron)
Axon /\

(passes messages away
from the cell body to
other neurons, muscles,
or glands)

Action potential

(electrical signal

traveling down Myelin sheath

the axon) (covers the axon of some
neurons and helps speed
neural impulses)

Figure 4.1: The Architecture of a Biological Neuron

The biological neuron works as follow:

e Receives inputs: Dendrites take signals from neighboring neurons. These
signals can be excitatory (if they push the neuron to fire) or inhibitory (if they
slow it down).

e Integrates the signals: The soma makes a quick calculation, adding up all
the inputs. If the result is strong enough, it lights up and fires the action
potential.

e Transmits the signal: The electrical impulse travels along the axon and
reaches the synapse, ready to pass the baton to the next neuron.

We can think of the biological neuron as nothing more than a super-efficient
processor that makes a decision (to fire or not) based on the sum of all the signals
it receives. And it is precisely this concept, so simple yet revolutionary, that gave
rise to the perceptron, the model of an artificial neuron that underpins the neural
networks we use today.
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4.1.1 The Perceptron

The mathematical model of the artificial neuron that is still used today was intro-
duced in 1943 by Warren McCulloch and Walter Pitts. Its inspired by the biological
neuron and can be seen as a computational unit that performs two functions. In
the first part the neuron performs a weighted sum of the inputs and then the result
of the sum is passed to a special function called activation function. The activation
function can be of different nature and has a crucial role in the model because it
decide the output of the neuron.

n
S = E W;T; = WL, + Waky + « - + WpXy,
i=1
where:

e r; are the input values,

e w; are the corresponding weights for each input,

e 1 is the total number of inputs.

The output is determined using a following activation function:

W {1 S0
T =30 its <o

where 6 is the threshold that decides whether the perceptron ’fires’.

The final output y can also be expressed as follows:

y:9<iwi$i—T>
i=1

where T is the threshold. The perceptron outputs 1 if the weighted sum of inputs
exceeds the threshold, and 0 otherwise.
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Figure 4.2: The Architecture of a Biological and Artificial Neuron
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As we can see in the above image, each neuron receives a series of input values,
which are xq, xs,...,2,. Each of these inputs has its own specific weight, which we
denote by w;. This weight tells us how important that input is for the neuron. To
make the model more flexible, we also add an extra value called bias, denoted by
b. In practice, the bias allows the neuron to be activated even in the absence of
significant input, or conversely, to require stronger input before firing. If a weight
(w;) is large, the input (x;) has a very strong influence on the output of the neuron.
If a weight is small or close to zero, those inputs matter little and have minimal
influence. The bias acts as a constant value that shifts the neuron’s entire function,
helping the network to better adapt to the data. Without bias, the network would
be less flexible and would be unable to learn more complex patterns.

4.1.2 Activation functions

Activation functions are a crucial element for a neural network, they enable it to
learn complex patterns. Without them, the network would be merely a linear com-
bination and unable to learn intricate relationships. These functions introduce non-
linearity, allowing the model to understand much more complex patterns.

Sigmoid

The Sigmoid function compresses any value into an output between 0 and 1. Histor-
ically, it was widely used, especially for calculating probabilities, but it has a major
flaw: saturation. When the input values are very large or very small, the function
flattens, making it difficult to update the weights and causing the vanishing gradient
problem.

ReLU (Rectified Linear Unit)

ReLU is one of the most popular functions, especially for deep networks. It is incred-
ibly computationally efficient because it simply returns 0 if the input is negative,
and the same value if it is positive. This helps solve the vanishing gradient problem
typical of Sigmoid.

f(2) = max(0, z)

Softmax

The Softmax function takes a set of values and transforms them into a set of proba-
bilities that add up to 1. It’s the ideal choice for the output layer when performing
a multiclass classification because it shows the probability that the input belongs to
each class.
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Tanh (Hyperbolic Tangent)

This function is similar to the Sigmoid, but has one important difference: its output
ranges from -1 to +1, not from 0 to 1. Its graph is centered on zero, which can
help the network learn faster because the output can be both positive and negative.
Despite this advantage, the Tanh also suffers from saturation and the vanishing
gradient problem, just like the Sigmoid, when the input values are too large or too
small.

z —Zz

ec—e
er +e %

f(z) = tanh(z) =

Linear

As the name suggests, this function simply returns the input as is. The output is
identical to the input, without modification. The linear function is especially useful
in the last layer of a network, particularly for regression problems, where the goal
is to predict a continuous numerical value.

f(z) =z

Tanh RelU

tanh(z) max (0, z)
. X
X

Sigmoid Linear

A

fx)=x

v

Figure 4.3: Activation functions

4.2 The Loss Function

The loss function is a fundamental tool used to measure the discrepancy between
the value predicted by a model and the actual or correct value. Its primary role is to
quantify the model’s error in a single training iteration, returning a numerical value.
A higher loss value indicates poorer model performance, while a low value, tending
to zero, indicates high accuracy. The primary goal of training a neural network is
to minimize this loss function.

44



To minimize this loss, back-propagation algorithm is commonly used, which is
the heart of neural network learning. It is the mechanism that allows a model to
learn efficiently by systematically correcting its errors.

The process is divided into several phases, which follow one another in a contin-
uous cycle during training. It all begins with a forward pass operation: an input
is fed into the network and passes through each layer until it produces a predicted
output. This output is then compared with the correct value, or ground truth, us-
ing a loss function. The value of this function quantifies the model’s error in that
specific iteration.

This is where backpropagation comes into play. The calculated error is propa-
gated backward, starting from the last layer of the network and ending with the
first. During this process, backpropagation calculates the gradients of the loss func-
tion for each individual weight and bias in the network. Gradients are essentially
instructions: they tell the network which direction and by how much each weight
should be adjusted to reduce error.

Once the gradients have been calculated, an optimizer (such as SGD or Adam)
uses this information to update the model’s weights and biases according to the
gradient descent rule. This adjustment makes the network more precise, improving
its ability to generate accurate predictions in subsequent iterations. In this way, the
neural network learns progressively, minimizing loss and optimizing its performance
on the task for which it was trained.

The training loop of a backpropagation based model can be summarized as fol-
lows:

1. Forward Propagation: The model processes an input and generates a pre-
dicted output.

2. Loss Calculation: The loss function compares the predicted output with the
actual output and calculates an error value.

3. Backpropagation: The error value is used to calculate the gradients of the
loss function with respect to the model weights. These gradients indicate the
direction and magnitude needed to adjust the weights to reduce the error.

4. Weight Update: An optimizer (such as SGD, Adam) uses gradients to adjust
the model weights.

This iterative process allows the model to gradually learn, reducing the error with
each cycle and improving its predictive ability.

The choice of loss function depends on the type of problem being addressed; the
following two loss functions are the most commonly used:

e Mean Squared Error (MSE): Calculates the mean of the squared differences
between predicted and actual values. It penalizes large errors quadratically,
making it sensitive to outliers.

1 n
L=-— i — 0:)°
n;(y Ui)

e Mean Absolute Error (MAE): Calculates the mean of the absolute values
of the differences. It is more robust to outliers than the MSE, as the penalty
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is linear.
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4.3 Deep Learning

Deep learning is a branch of machine learning that uses neural networks, but with
a unique feature: they’re deep, meaning they have many layers and have an addi-
tional part for the feature extraction. Thanks to this depth, they can learn on their
own to recognize the most complex features of data. This is why they’re so good
at solving problems like image recognition, understanding what we say when we
speak, or predicting stock market trends. But where does this idea of a deep neural
network come from? Well, it’s directly inspired by our nervous system, specifically
the brain and, even more so, the retina. The retina is the thin film of nerve cells at
the back of our eyes that captures light, transforming it into visual information to
send to the brain. It’s made up of different types of cells, which work together in an
orderly, hierarchical fashion. If you think about it, the retina works incredibly sim-
ilarly to a neural network: Photoreceptors (rods and cones) are like input neurons,
taking in the raw signal, i.e., light. Bipolar cells perform the first level of processing
and behave just like the hidden layers of a network. Ganglion cells, finally, collect
all the processed information and send it to the brain, acting as output neurons.
This hierarchical structure, which extracts increasingly complex information from
a simple signal, has inspired one of the most powerful deep learning architectures:
convolutional neural networks (CNNs). These networks use filters to recognize local
elements in images, such as edges and shapes, just as retinal cells extract important
information from light.

Input r h
I r Z
n r“'"l . Fully-Connected Layer

Fitered

K Convolution Layer Max Pooling Layer J \ J

Feature Extraction Classification

Figure 4.4: Deep Neural Network Ba

4.4 Convolution Neural Networks

Convolutional neural networks are based on the convolution process and are com-
monly used for image classification, segmentation, object detection, natural language
processing, some research has shown their potential also in for time series prediction.
The architecture of the CNN differs from other neural networks because in the first
part of the network it performs a feature extraction process which involves the use
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of convolution layers, pooling and RELU, while the second part is generally formed
by fully connected layers.

Convolution

The process of applying a convolution kernel to the input data is referred to as the
convolution operation. This operation involves sliding a kernel across the input and
computing the dot product at each position in order to generate an output feature
map. The kernel it’s mainly a small 2d matrix that acts like a filter. In order
to define by how much the kernel has to move forward on the input, a specified
parameter named stride can be used.

Pooling

The pooling is also known as subsampling and plays a crucial role in downsampling
feature maps while retaining important information. As for the convolution process
the pooling process involves sliding a filter over the feature map. Some of the most
used pooling layers are the Max Pooling and the Average Pooling. The Max Pooling
sects the maximum element from the region of the feature map covered by the filter
while the Average Pooling computes the average of the elements present in the
region.

Fully Connected Layers

The Fully Connected Layers are the final component of many neural networks, in-
cluding convolutional neural networks (CNNs). Their function is to integrate the
various features extracted by the previous layers to reach the model’s final decision.
In practice, each neuron in this layer is connected to every neuron in the previous
layer, and each connection has its own specific weight. This structure, combined with
an activation function, allows for a final prediction, such as the probability that an
image belongs to a certain category. By their nature, these layers require a large
number of parameters, but they work efficiently because they work on pre-processed
features, without having to analyse the image from scratch.
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4.5 Long Short Time Memory

Long Short-Term Memory (LSTM) is a special type of neural network capable of
learning long-term dependencies in sequential data. At each time step, the LSTM
takes as input a vector z; that represents the current observation, and maintains
a hidden state h; and a cell state ¢;. The hidden state vector represents the cur-
rent memory of the network, and the cell state ¢; is a vector that stores long-term
information.

In order to control which information to add and remove, the LSTM uses the
following gates:

Input Gate

The input gate performs three main operations to add useful information to the cell
state:

e The gate applies a sigmoid function in order to filter the values to be remem-
bered from h;_; and z;:

iv = (Wi [he—1, 4] + b;)
where:

— 1;: This is the input gate vector at time ¢. Each value is between 0 and
1 and represents how much of a given piece of information should be let
through to be added to the cell’s state.

— o: The sigmoid function, which returns values between 0 and 1, is essential
here. It acts as a gate, deciding whether the information is important (value
close to 1) or not (value close to 0).

— W;: The weight matrix for the input gate.

— [h4—1,x;]: This is the concatenation of the previous hidden state and the
current input. Essentially, it is the combination of all the relevant infor-
mation the input gate must consider.

— b;: The bias vector for the input gate.

e [t creates a vector using the tanh function that gives an output from —1 to +1,
which contains all the possible values from h;_; and x;:

ét = tanh(WC . [ht—h .',Ct] + bC)
where:

— C,: candidate cell state, potential new information to add to the cell.
— tanh: hyperbolic tangent function, outputs values in [—1, 1].
— We: weight matrix for the candidate cell state.

— b bias vector for the candidate cell state.

e The values of the vector and the regulated values are multiplied to obtain the
useful information to update the cell state:

Ct:ftQCt—1+it®ét

where:
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— (}: cell state at time ¢, stores long-term memory.

— (y_1: previous cell state.

— f;: forget gate vector, determines what information to forget from C;_;.
— ©: element-wise multiplication (Hadamard product).

-5 O C’t: new information to be added to the cell state.

Forget Gate

The forget gate is responsible for removing information that is no longer useful in
the cell state. Two inputs, z; and h,_; (previous cell output), are fed to the gate and
multiplied with weight matrices. The result is passed through a sigmoid activation
function, producing a binary output between 0 and 1 that represents how much of
the previous cell state to forget and how much to retain:

fe = oWy - [hi—1, ] + by)
where:

e f;: forget gate vector at time ¢, values in [0, 1], determines which parts of the
previous cell state C;_; to retain.

o W;: weight matrix for the forget gate.
e [h;_1,24]: concatenation of previous hidden state and current input.

e b;: bias vector for the forget gate.

Output Gate

The output gate takes as input the previous hidden state, h;_1, the current input,
x¢, and the current cell state, ¢;. It outputs a vector of values between 0 and 1 that
represents how much of the current cell state to output as the current hidden state:

or =Wy - [he_1, ] + bo)
The new hidden state h; is calculated as:
hy = 0y ® tanh(CY)
where:

e 0;: output gate vector at time ¢, values in [0, 1], controls which information
from C; is sent to the hidden state.

e h;: new hidden state at time t.
o W,: weight matrix for the output gate.

e b,: bias vector for the output gate.
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4.5.1 CNN-LSTM

CNNs are widely used in the literature to perform feature extraction, especially in
the context of object detection. Time series contain sequential dependencies and this
leads to the need to create models that take into account the order of the data to
predict future values. LSTMs are a great model to analyze time sequences and have
been proposed countless times in the literature as a model to predict the short-term
market price.

Considering that the price of bitcoin depends on what happened before, we de-
cided to use a sliding window to create sequences of length 10, this sequence repre-
sents the number of previous days that the model will analyze to predict the next
day. The following on-chain metrics were used for the prediction:

Variable Description
close price Close Price
total supply Total Supply
annual flow Annual Flow
sf ratio Stock-to-Flow Ratio
market value Market Value
market cap Market Capitalization
realized cap Realized Capitalization
mvrv Market-Value-to-Realized-Value
nulp Net Unrealized Profit/Loss
sopr Spent Output Profit Ratio
cdd Coin Days Destroyed
liveliness Liveliness Ratio
sth mvrv Short-Term Holder MVRV
Ith mvry Long-Term Holder MVRV
sth nupl Short-Term Holder NUPL
Ith nupl Long-Term Holder NUPL
ma60 hash ribbon 60-Day Moving Average Hash Ribbon
ma30 hash ribbon 30-Day Moving Average Hash Ribbon
mwa count 30d change | Mega Whale 30-Day Address Change
addrs balance gel100 Addresses with > 100 BTC
sa count 100 1k Shark Address Count (100-1k BTC)
sa count 30d change Shark 30-Day Address Change
wa count 1k 10k Whale Address Count (1k-10k BTC)
wa count 30d change Whale 30-Day Address Change

Table 4.1: Dataset with homogenized variable names (spaces instead of underscores)

Casella in the following article, [7], seeks to demonstrate how on-chain data can
be used to detect cryptocurrency market patterns, such as bottoms and tops, bear
markets, and bull markets, and how forecasting this data can provide optimal asset
allocation for long-term investors. The authors collect six time series of on-chain
data from Glassnode (new addresses, active addresses, block height, fees, hash rate,
Spent Output Profit Ratio). These metrics show correlations with Bitcoin price
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cycles, suggesting that their prediction can support long-term investment strate-
gies. To estimate the future trend of the series, the authors compared statistical
(SARIMA) and deep learning (LSTM and CNN) models, highlighting that deep
learning models, particularly CNNs, achieve the best performance in almost all met-
rics. Combining different neural networks has proven to be a successful approach
in many cases. In fact Yan and Wei in the following article [13], used a hybrid
model to predict the price of bitcoin, composed of a combination of CNN layers
with LSTM-type networks. The hybrid model they used performed better than in-
dividual models composed only of CNNs or only LSTMs. In order to test which
network is better for the prediction,we decide to compare two models: an LSTM
and a CNN-LSTM. The LSM is formed by an LSTM module containing 4 layers and
a fully connected layer. The CNN-LSTM was created using the bottom up strategy,
we started from a simple architecture and continued to increase the complexity in
order to achieve better performance. The CNN-LSTM is formed by two main parts,
a part dedicated to feature extraction and a part used for prediction. The CNN
contains 3 layers three Conv 1D layers and some Max Pooling and Dropout layers.
While the LSTM is formed by an LSTM module of 4 layers and 2 fully connected
layers.
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Both models were trained using the MSE as loss function and a learning rate
of 0.0005. The LSTM model considering that it has a simpler architecture was
trained for 200 epochs while the CNN-LSTM for 350 epochs. As we can see from
the results, the CNN-LSTM model shows much higher performances than the simple
LSTM model.

R2 MSE MAE
LSTM 0.734723 | 0.001559 | 0.033847
CNN-LSTM | 0.879855 | 0.000706 | 0.022461
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Figure 4.5: LSTM and CNN-LSTM Comparison
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4.6 Deep Reinforcement Learning

In trading and stock investing, a given investor’s goal is typically to maximize their
invested capital by executing a series of buy or sell transactions on one or more
assets. This process can be broken down into a series of sequential decisions made
by the investor based on an analysis of the information in their possession, the sur-
rounding factors, and, most importantly, the strategy they have developed based on
this information analysis. In recent years, reinforcement learning has proven to be
a highly efficient learning method for solving sequential decision-making problems.
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Many real-world problems such as playing video games, playing sports, driving, op-
timizing inventory, controlling robots can easily be framed within this paradigm.
When we solve these problems, we have a goal or objective, such as winning a game,
arriving safely at a destination, or minimizing product production costs. We take
actions and receive feedback from the world about how close we are to achieving a
goal: our current score, the distance to our destination, or the unit price. Reaching
our goal typically involves executing many actions in sequence, each of which modi-
fies the environment around us. RL problems can be expressed precisely as a system
consisting of an agent and an environment. The environment produces information
describing the state of the system. As the agent interacts with the environment,
it observes the state and uses this information to select an action. The environ-
ment accepts the action and modifies the state, thereby returning the next state
and a reward to the agent. We can summarize this by saying that a reinforcement
learning system is a feedback control loop in which an agent and an environment
interact and exchange signals, while the agent seeks to maximize the goal. The set
of actions, states, and rewards represents the agent’s experience. The control loop
can repeat infinitely or terminate by reaching a terminal state or a maximum time
interval ¢ = T'. The time horizon from ¢ = 0 until the environment ends is called an
episode, while the set of experiences in an episode is called a trajectory. An agent
typically needs many episodes to learn a good policy, depending on the complexity
of the problem. An agent’s action depends on what’s called a policy, which is simply
a function that maps states to actions. Each action will modify the environment
and influence what an agent observes and does in the next steps. The exchange
between an agent and an environment takes place over time, so it can be thought
of as a sequential decision-making process. The Markov Decision Process (MDP) is
generally used to model sequential decision-making processes. Agents do not have
access to the function that allows them to understand how the environment tran-
sitions from one state to another, nor even to the reward function; the only thing
they can do is take an action and wait for a reward. The only way an agent can
gain information about these functions is through the states, actions, and rewards
it actually experiences in the environment.

Action
/ Agent \
/ \ R
/ . \ eward
r Policy \k— Enviroment
| /
\ Reply Memory

/ ' State
P

Figure 4.7: Reinforcement Learning Components
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Agent

An agent is an entity that observes the environment, captures details and informa-
tion, and then executes one or more actions based on those available. The actions
it executes are not random; they are determined based on a specific policy that
determines the best action to take in that state. The agent must exploit what it
already knows to obtain a reward, but it must also explore how to make better
choices in the future. The dilemma is that neither exploration nor exploitation can
be pursued exclusively without failure. The agent must try a variety of actions and
progressively favour those that seem best [19, 10].

Environment

The environment is defined as the agent’s universe. It represents the set of infor-
mation, also called observations, that the agent has available to take actions. The
environment is not fixed; it can change continuously due to external sources or each
time an action is taken [19, 10].

Reward

The reward is the reward the environment gives to the agent following an action.
It is generally positive if the action taken by the agent is correct or if the agent is
brought closer to its goal. However, if the action is incorrect, the reward is generally
negative or zero [19, 10].

Policy

A policy is a function that maps states to action probabilities, used to sample an
action. The agent learns a policy and uses it to act in an environment. A good
policy is one that maximizes rewards; the key idea of the algorithm is to learn a good
policy, and this means performing a functional approximation. Neural networks are
powerful and flexible function approximates, so we can represent a policy using a
deep neural network made up of learnable parameters [19, 10].

Objective Function

An objective can be thought of as an agent’s goal, such as winning a game or
achieving the highest possible score. There are several algorithms for training rein-
forcement learning models, among the most well-known being Q-learn [19, 10].

4.6.1 Q-learn Algorithm

Q-learn is a model-free reinforcement learning algorithm, with the goal of finding
a policy that makes the best decision, or rather, the best action, in a given state,
maximizing the final reward.

Before proceeding with the algorithm itself, let’s introduce some key concepts:

e State (s): Represents the agent’s current state
e Action (a): Represents the action the agent can take

e Reward (r): Represents the reward the agent receives following an action
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e Q-value Q(s,a): The expected future rewards for taking an action in state s,
following the best policy thereafter.

e Policy (m): The policy the agent uses to make the decision on which action to
perform.

The algorithm updates the Q-value using the Bellman equation as follows:
Q(s,a) < Q(s,a) + a[r + ymaxQ(s',d') — Q(s, a)]

e o = learning rate

e v = discount factor that balances immediate vs. future rewards
e r = reward after taking action a in state s

e s’ = the new state after the action

e max, Q(s',a’) = the best estimated future value from the next state

The Algorithm
1. Initialize the Q-table by setting an arbitrary value, in most cases zero.

2. Set Tyt = 0 as the starting point and T,,q = N as the ending point of each
episode.

3. Repeat each episode / epoch:

(a) Set Tstart =0.
(b) Whlle Tstart < Tend:

i. Randomly select an action with probability p using the exploration
strategy, or take the best action with probability 1 — p.

ii. Perform the action and receive the reward r and the new state s’.
iii. Update Q(s,a) using the Bellman equation:

Q(s,a) + Q(s,a) + afr +ymaxQ(s',a') — Q(s, a)]
1v. Set iz;tart < Tstart + 1.

After trial and error, Q converges to the optimal solution. However, this solution
is feasible when the states and actions are discrete, finite, and not very large. If
the states are continuous, creating and updating the ) table becomes complicated.
Deep Q learning is an evolution of the Q-learn algorithm that addresses the problem
of updating the Q table when there are many states.This new approach uses a neural
network to approximate the Q table. The algorithm works very similarly, the main
difference being that the state s is fed as input to the neural network, which produces
a probability vector representing the probability of performing a given action in
that state. Furthermore, instead of updating the Q table after each action, Deep Q
learning uses a loss function based on the Bellman equation, and the result is then
used to train the neural network usually with Back-propagation [19, 10].
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4.7 k-Nearest Neighbors (k-NN)

The k-Nearest Neighbors (k-NN) algorithm is a simple, non-parametric, instance-
based learning method used for both classification and regression tasks. Unlike
parametric models, k-NN does not assume an underlying probability distribution of
the data. Its primary principle is that similar data points exist close to each other
in feature space, making local patterns useful for prediction.

4.7.1 Mathematical Foundation

Given a dataset:
D= {(X17y1)7 (X27y2)a sy (XNayN)}

where x; € R" is an n-dimensional feature vector and y; is the label (for classifica-
tion) or value (for regression), the goal is to predict y for a new data point x,,.

4.7.2 Distance Metrics

Distance measurement is crucial in k-NN, as it defines “closeness.” Common metrics
include:

e FEuclidean distance:

d(x;,x;) = Z(%l —zj1)?
e Manhattan (L1) distance:

Xza X] Z ‘le - m]ll

e Minkowski distance (generalized form):

1/p
P
A
d(xi,X;) <§ \zy — xj] )

e Mahalanobis distance: accounts for correlations between features:

d(x;, %) = \/(Xz‘ — %) (x; — x;)

where S is the covariance matrix.

The value of k affects performance:
e Small k: High variance, sensitive to noise.

e Large k: High bias, smoother decision boundary.
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4.7.3 Algorithm Pseudocode

Below we introduce a short sample code of how KNN works based on the type of
prediction, i.e. whether it is a regression or classification task.

1. Compute distances: d_i = distance(x_q, X_train[i])

2. Sort distances and select k nearest neighbors

3. If classification:
Count votes and assign the class with majority
(optional: use distance-based weighting)

If regression:

Compute average or weighted average of k neighbors

4. Return y_pred

4.8 Multi Expert Trading System

The development of predictive models for financial markets has always faced the
complex challenge of finding the right balance between accuracy, robustness, and
adaptability. Traditional approaches often rely on a single model that attempts to
generalize and perform well in any market condition.The problem is that financial
markets are extremely dynamic and constantly changing, often experiencing actual
regime shifts: consider bullish phases, characterized by sustained upward momen-
tum, and bearish phases, marked by prolonged declines. Expecting a single model to
optimally capture such diverse dynamics often leads to overfitting or underfitting,
and consequently, a poor ability to generalize. To overcome this limitation, the
multi-expert approach leverages the principle of ensemble learning, where multiple
specialized models (experts) are trained and combined to achieve more reliable and
accurate forecasts. Ensemble techniques have long existed in machine learning (like
bagging, boosting and random forest) where several weaker predictors are aggregated
to create a stronger one. The underlying idea is simple: although individual models
may be biased or make errors under certain conditions, their collective output can
reduce variance and lead to much more stable decisions.

The multi-expert trading system that we propose is inspired mainly by the way
ensemble methods work. They use different models in order to improve the overall
model performance . In our context, each expert is like an investor with their own
training history, specific learning strategy, or different time horizon.

For example, bull and bear experts specialize in market phases with positive or
negative annual returns, respectively, while the master agent integrates their results
with those of long-term models, such as stock-to-flow and support vector regression
(SVR) experts.

Adopting such a system offers two main advantages:

e Robustness: Using different models makes the system less sensitive to the errors
of a single expert. This helps the system perform consistently under changing
market conditions.

e Agent specialization: Dividing the prediction task into specialized experts al-
lows each model to focus on a subproblem (e.g., bullish vs. bearish regimes,
short-term vs. long-term dynamics).
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This motivation underpins the design of the Multi-Expert Trading System we
propose, in which multiple heterogeneous models interact to develop a unified trad-
ing strategy. By aligning itself with robust ensemble theory and adapting it to the
specificities of financial forecasting, the system aims to achieve predictive reliability
that is higher than that achieved with a single model.

4.8.1 System Architecture Overview

The Multi-Expert Trading System was designed as a completely modular architec-
ture, capable of integrating various predictive components into a single decision-
making framework.

TRAINING DATASET {1 HOUR) TRAINING DATASET (1 DAY
— BULL BEAR VR TgIFDL?:ITN |
DATASET DATASET
DATASET DATASET

| Observation | 1 Cibetarvation 1

BULL BEAR

SWR LINEAR
ASENT AGENT BEGRESSION
Aclion | Action Action ‘ Acon
Oriservation Onsenastian
I3 MASTER AGENT &
OBSERVATION
lﬁ'lscw;:‘.iﬂr
MASTER AGENT

l

FINAL ACTION

Figure 4.8: Multi-expert system

Its entire structure is divided into three fundamental blocks: the Data Loader,
the Expert Models, and the Master Agent.
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Figure 4.9: Multi-expert system

Data Loader

The Data Loader’s task is to carefully prepare the input dataset. Since our sources
are from Glassnode, we receive each indicator in a separate JSON file. The Data
Loader then reads the files, aligns the time series, carefully handles any missing
data, normalizes variables, and applies any transformations. A crucial aspect was
the choice of data frequency, which we differentiated depending on the expert:

e Hourly Data: Used for Reinforcement Learning (RL) models. This high fre-
quency is essential for capturing short-term dynamics and providing useful
signals for high-frequency trading.

e Daily Data: Used by the supervised machine learning models in order to capture
the long term trend.

To ensure consistency between variables, we applied a normalization step. In par-
ticular, the logarithmic transformation proved extremely effective. This approach
reduces data variance, dampens the impact of extreme values, and, most impor-
tantly, helps models better capture nonlinear relationships. Since preliminary tests
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showed that this transformation significantly improves SVR performance, we also
extended it to the hourly datasets used by RL agents.

After cleaning and normalization, the data was divided into training and testing
sets. Maintaining sequentiality is crucial for financial data, so we adopted a chrono-
logical train/test split scheme, avoiding randomly mixing the samples. In this way,
the models are evaluated on scenarios subsequent to those they saw during training,
simulating much more realistic operating conditions.

Finally, to create observations for the RL agents, we applied a sliding window
technique. Each state provided to the agent is not a single moment, but corresponds
to a sequence of data from the last 24 hours. This includes market information
and on-chain indicators, providing the agent with a complete dynamic context that
allows it to make more informed decisions (buy, sell, or hold) based on recent market
developments. In summary, rigorous data preparation ensured that the information
fed into the models was consistent, comparable, and statistically stable.

Expert Models

The true heart of the system is the Expert Models, each specialized in a specific
task or market phase. We have implemented a total of five experts, combining three
Reinforcement Learning (RL) models with two Machine Learning (ML) models.
This combination is not random, but is based on two main motivations:

Reinforcement Learning agents are useful for learning new patterns and especially
for sequential decision making, those where today’s actions directly influence future
states and rewards. This makes them perfect for short-term, high-frequency trading.
Traditional ML models like SVR trained with on chain data and Linear Regression
applied to stock to flow are useful for long-term forecasting.

The three Reinforcement Learning experts who make up the tactical team are:

e Bull Expert: Is trained on periods characterized by positive annual returns, he
specializes in identifying and exploiting bull market phases.

e Bear Expert: Is trained for years with negative or decreasing returns, he is
designed to deal with bear or declining markets.

e Master: The team leader integrates the forecasts provided by the bull and
bear experts with the outputs of the ML models. He analyzes both the raw
observations and the recommendations of the other experts to generate the final
trading decision.
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The two Machine Learning experts are responsible for providing balance and a
long-term view:

e The SVR (Support Vector Regression) is a regression model with a clear objec-
tive: to predict the future price of Bitcoin using market indicators and on-chain
metrics. This model was trained on a daily dataset. This choice is strategic
because it allows the SVR to focus on medium- to long-term trends and ignore
the noise of intraday volatility. We used a Radial Basis Function (RBF') kernel
function because it is exceptional at modeling nonlinear relationships between
input variables and the target price. As we've already seen, applying the loga-
rithmic transformation to the input data was crucial: by reducing variance and
mitigating extreme values, the SVR was able to generate significantly more
stable and consistent forecasts.

e Stock-to-Flow (S2F) Expert: This expert is based on a combination of Linear
Regression and Kmeans algorithms. The Linear Regression model si applied
to find the relation between the stock to flow and the Bitcoin price, while the
Kmeans is used in order to compute the signal (buy, sell, do nothing) that the
model should return.
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By combining agents specialized in short-term tactical trading with models that
focus on long-term structural dynamics, the system tries to find a balance between
adaptability and stability. This layered design reflects the principles of ensemble
learning: the more diversity there is among the underlying models, the greater the
robustness and overall predictive power.

The true engine of the Multi-Expert Trading System is Reinforcement Learning
(RL) agents, which are designed to mimic, in a structured way, the behavior of an
investor. An RL agent learns to make sequential decisions simply by interacting with
the environment (which in this case is the cryptocurrency market). Each decision
(action) corresponds to a reward proportional to the portfolio’s performance.

Environment

The environment we modeled simulates the market in which the agent invests its
initial capital. The agent receives an hourly state vector with information useful in
order to decide the next state move, this information includes: Market and on-chain
data from the last 24 hours Status of open positions Allocated and residual capital
Opening price of active positions

Actions

The action space is simple and discrete, with only three possible choices for the
agent:

e action =0: No action (hold, i.e., wait).
e action=1: Open or maintain a long position (buy).

e action=2: Open or maintain a short position or close the long position (sell).

Rewards

The reward function we created is defined as the percentage change over time in the
portfolio value compared to the initial capital. A positive reward means a gain and
a negative one a loss. Essentially, the agent is driven to learn how to maximize the
initial capital which is initialized to 10 000 USD.

4.8.2 Stabilization

In RL, a crucial aspect is finding the right balance between taking new actions
to gain knowledge (exploration) using the strategy already known to be successful
(exploitation). To manage this, we adopted several techniques.

e Epsilon-Greedy Strategy: With a probability €, the agent chooses a random
action (exploration); with probability 1 — €, it uses the already learned policy.

e Replay Memory and KNN: We use a circular memory that stores past expe-
riences (state, action, reward, new state). Instead of randomly sampling from
this memory, we implemented a K-Nearest Neighbors (KNN) approach that
selects historical experiences similar to the current observation. This stabilizes
learning and makes decisions more consistent.
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e Target Network: To address the instability typical of Q-learning, we introduced
a delayed copy of the main neural network. The main network updates at each
step, but the target network only periodically. This trick reduces the oscillation
of Q values, significantly improving convergence.

4.8.3 Results

To compute the performance of our Multi-Expert Trading System, we compared the
results of both the individual experts and the combined system (the Master Agent)
with a benchmark. We chose the simple annual buy-and-hold strategy. In practice,
this strategy consists of buying Bitcoin at the beginning of the year and holding it
in the portfolio until the end, without making any trades in between.

Can the multi expert system perform better then the buy-and-hold strategy?
In order to answer to this question we've done a backtest of the system over the
following period '2022-09-01" - 2025-01-01".
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Figure 4.10: Benchmark

As we can see from the benchmark chart, 2023 and 2024 have been very profitable.
Buy-and-hold returned —64% in 2022, in 2023 were 155% and in 2024 were 120%.
This is a very high benchmark considering the significant growth, in order to verify
performance, we backtested both single models and the multi-expert system and
obtained the following results.
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Figure 4.18: Multi-expert system Capital

As we can see from the images above, all models achieved a capital gain during the
testing period. Although the results are far from the predetermined benchmark, we
can see that, just as the Bull Expert gained approximately 12 — 12.5% of its capital,
it was subject to greater losses when the bitcoin market was declining, while at the
same time experiencing greater gains during periods of growth. The Bear Expert
also achieved a capital gain of 12 — 12.5% over the three years, however, its capital
fluctuations were smaller than the Bull Agent during periods of decline. The most
profitable model during this period was the SVR, which achieved a capital gain of
16 — 17% . We can also immediately see that the number of trades executed by
the SVR Agent is much lower than those executed by the Bull and Bear Agents,
especially during periods of sharp decline or decline. Finally, we can see how the
multi-expert system, a combination of the previous models, managed to combine
the benefits of the previous models. In fact, it achieved a 15 — 16% gain with fewer
orders than the individual Bull and Bear experts. Although the results are far from
the target benchmark, this approach shows promise and opens the door to further
improvements.
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Conclusion

The analysis conducted in this thesis clearly demonstrates how the cryptocurrency
market, and Bitcoin in particular, is an incredibly complex field of study. Start-
ing from the basics and understanding of how blockchain works and its unique
characteristics, we were able to introduce and apply a set of on-chain metrics that
proved essential for a purely quantitative analysis. The next goal was to combine
these metrics with various machine learning methodologies to create a true multi-
expert system capable of making operational decisions in the context of automated
trading. One of the most fascinating aspects that emerged is the transparent and
public nature of information on blockchain. Unlike traditional financial markets,
where crucial data may be incomplete or accessible only to insiders, blockchain
makes a vast amount of data on transactions, addresses, blocks, and capital move-
ments available to anyone. This allowed us to identify and integrate them into our
predictive models. The crypto market in general offers an inexhaustible resource
for quantitative research and the application of artificial intelligence. The second
key element was the choice and combination of machine learning models. Prac-
tice shows that no single algorithm seems perfect in every context. Therefore, we
chose to adopt a multi-expert strategy, in which different models supervised, un-
supervised, and reinforcement contribute complementary perspectives. Supervised
models, such as Support Vector Regression (SVR), have proven highly effective in
forecasting short-term actions. Reinforcement learning offered an extremely flexible
framework, treating trading as a sequential decision-making process, almost like a
strategic game, in which the agent progressively learns the optimal policy based on
a reward system. Integrating these experts into a master model that unifies their
forecasts generated more robust trading signals than using a single, isolated model.
This architectural choice highlights that the complexity of the crypto market re-
quires a variety of tools and perspectives. Much like in medicine, where multiple
specialists are often consulted before a definitive diagnosis, in finance the synthesis
of algorithmic forecasts can dramatically increase the overall reliability of the sys-
tem. Despite the encouraging results, it is crucial to be honest about the study’s
limitations. First, Bitcoin’s extreme volatility makes it difficult to build models with
consistent performance. What works today may not work tomorrow due to sudden
changes stemming from macroeconomic factors, regulations, or simply new specu-
lative dynamics. Furthermore, while on-chain metrics provide tremendous added
value, they cannot explain all price dynamics. Exogenous variables such as political
decisions, unexpected news, investor sentiment, and global financial market move-
ments remain outside the model. Let’s not forget the practical aspects: transaction
costs and liquidity, which, in a real-world trading scenario, can significantly impact
profitability. Another issue to address is computational complexity, particularly for
models based on deep learning and reinforcement learning. Training deep neural net-
works requires significant resources in terms of time and computing power. Finding
a balance between predictive accuracy and operational efficiency is crucial. Future
developments in this field should focus on algorithm optimization and the use of
more lightweight architectures. In summary, this research is hopefully significant
step towards building more intelligent, adaptable, and reliable automated trading
systems. While absolute price prediction remains impossible, the combined use of
on-chain metrics and machine learning algorithms offers a competitive advantage
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in interpreting data and creating operational strategies. Digital markets and tradi-
tional finance are converging, and tools like those developed in this thesis will help
bridge the gap between academic analysis and practical applications. In conclusion,
the work presented here is not a final destination, but rather an invitation to further
explore the potential arising from the combination of blockchain, on-chain data, and
artificial intelligence.
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Appendix

4.9 SVM Model

class SVRModel:

def __init__(self, dataset_map, dataset_name, kernel =
gamma= ):

self .kernel = kernel

self.C = C

self.epsilon = epsilon

self.gamma = gamma

self .base_model = Pipeline ([( ,SVR(
kernel= R
c=1.0,
epsilon=0.1,
gamma=

ND

>

C=1.0, epsilon=0.1,

self .model = MultiOutputRegressor(self.base_model, n_jobs=-1)

self.dataset_map = dataset_map

self .dataset_name = dataset_name

self.input_size = self.dataset_map[self.dataset_name]l[
self.output_size = self.dataset_mapl[self.dataset_name][

def train(self):

self .model.fit (self.dataset_map[self.dataset_name][
dataset_map[self.dataset_name][ ID)

].shape [1]

1.shape[1]

1,

self .

def predict(self, datasets, date_to_predict_str, hold_tolerante_threshold=0.01):

index = self.find_index_by_date_fast(datasets[self.dataset_name]l[

date_to_predict_str)
if index == -1:
raise ValueError (f

x_test = datasets[self.dataset_namel]l J[index]
y_test = datasets[self.dataset_name][ ] [index]
idx_test = datasets[self.dataset_namell J[index]
y_idx_test = datasets[self.dataset_name][ J[index]
if len(x_test.shape) == 2:
Xx_test_flat = x_test.reshape(l, -1) # single sequence
else:
x_test_flat = x_test.reshape(x_test.shape[0], -1) # multiple sequences

y_pred = self.model.predict(x_test_flat)

prices = np.exp(x_test[:, 0]) if x_test.ndim =
last_price = prices[-1] if prices.ndim == 1 else prices/[:,

y_test_flat = y_test.flatten()
y_pred_flat = y_pred.flatten()

dataset_results = pd.DataFrame ({
y_idx_test,
last_price,
np.exp(y_test_flat),
np.exp(y_pred_flat)
B

dataset_results|[ ] = dataset_results][
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= 2 else np.exp(x_testl[:,

-1]

1.shift (1)

.

1,

01)




63 dataset_results[ ] = (dataset_results[ ] - dataset_results[

1) / dataset_resultsl([ ]
64
65 dataset_results[ ] = np.where(
66 dataset_results[ ] > hold_tolerante_threshold, 1, # Buy
67 np.where (
68 dataset_results[ ] < -hold_tolerante_threshold, -1, # Sell
69 0 # Hold
70 )
71 )
72
73 return dataset_results
74

75 def create_signal (self,datasets, hold_tolerante_threshold = 0.01):
76

77 x_test = datasets[self.dataset_name][ 1

78 print ( , X_test)

79 y_test = datasets [self.dataset_name] [ ]

80 idx_test = datasets[self.dataset_name]l[ ]

81 idy_test = datasets[self.dataset_name]l ]

82 print ( , idx_test)

83 print ( , idy_test)

84

85 y_pred = self.model.predict(datasets[self.dataset_name]l[ 1)

86

87 prices = np.exp(x_test[:, :, 0])

88 day_idx = [seq_indices[-1] for seq_indices in idx_test]

89

20 y_test_flat = y_test.flatten()

91 y_pred_flat = y_pred.flatten()

92

93 last_price = prices[:, -1]

94

95

96 dataset_results = pd.DataFrame ({

97 : day_idx,

98 : last_price,

99 : np.exp(y_test_flat),

100 : np.exp(y_pred_flat)

101 b

102 dataset_results[ ] = dataset_results|[ ].shift (1)

103 dataset_results [ ] = (dataset_results[ ] - dataset_results[

1) / dataset_results[ ]
104
105 dataset_results [ ] = np.where(dataset_results([ ] >
hold_tolerante_threshold, 1, # Buy

106 np.where(dataset_results|[ ] < -
hold_tolerante_threshold, -1, # Sell

107 0)) # Hold

108

109 return dataset_results

110

111

112 def back_test(self, datasets, initial_capital = 10000, posiztion_size = 0.15,

hold_tolerante_threshold= 0.01):

113

114 dataset_results = self.create_signal(datasets,hold_tolerante_threshold)

115 dataset_results[ ] = 0.0

116 dataset_results[ ] = initial_capital

117 dataset_results[ ] = initial_capital

118

119

120 shares = 0

121 cash = initial_capital

122

123 for i in range(len(dataset_results)):

124 price = dataset_results[ l.iloc[i]

125 signal = dataset_results|[ J.iloc[i]

126

127 if signal == 1: # Buy
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invest_amount = cash * posiztion_size
shares_bought = invest_amount / price
shares += shares_bought
cash -= invest_amount

elif signal == -1: # Sell
cash += shares * price
shares = 0

dataset_results.at[i, ] = shares

dataset_results.at[i, ] =
dataset_results.at[i, ] = cash + shares * price

return dataset_results
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4.10 Stock To Flow Model

class StockToFlowModel:

def train(self, x_train, y_train):

linreg = LinearRegression().fit(x_train ,y_train)
score = linreg.score(x_train, y_train)
self.linreg = linreg

self .score = score

return score

def predict(self, x_test):
if not hasattr (self, ):
raise Exception(
return self.linreg.predict(x_test)

def get_action(self, s2f, actual_price):

if not hasattr (self, )
raise Exception (
if not hasattr (self, )
raise Exception(
)
if not hasattr (self, )

raise Exception(

s2f = np.array(s2f).reshape(l, -1)
predicted_price = self.linreg.predict (s2f) [0]

current_distance = actual_price - predicted_price

current_distance_scaled = self.scaler.transform(
pd.DataFrame ({ : [current_distancell})

)

cluster = self.kmeans.predict(current_distance_scaled) [0]

cluster_centers = self.scaler.inverse_transform(self.kmeans.cluster_centers_)
.flatten ()

sorted_clusters = np.argsort(cluster_centers)

# Map clusters to signals
signal_map = {
sorted_clusters [0]: 1, # Buy
sorted_clusters[1]: 0, # Hold
sorted_clusters [2]: 2 # Sell
}

self.signal_map = signal_map
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# Get the signal for this single
signal = signal_map[cluster]
return signal

input

def backtest_strategy_stock_to_flow(dataset_results,
position_size=0.15, plot=True):

df = dataset_results.copy()

df [ ] = daf[ ].astype(str).str.strip ()
af [ ] =0.0

df [ ] = initial_capital

daf [ ] = initial_capital

shares = 0.0

cash = initial_capital

for i in range(len(df)):

price = df[ 1.iloc[i]
signal = df[ J.iloc[i]
if signal == 1: # Buy

invest_amount = cash * position_size
shares_bought = invest_amount / price
shares += shares_bought

cash -= invest_amount

-1:

elif signal == # Sell

cash += shares * price
shares = 0
df .at [i, ] = shares
df .at[i, ] = cash
df .at [i, ] = cash + shares * price
df .at [i, ] = price
df .at [i, ] = signal
df .at[i, ] = df.index[i]

return df

def train_signal_predictor (self,
# Flatten training arrays
x_train = np.array(x_train).flatten()
y_real_train = np.array(y_real).flatten()
y_pred_train = np.array(y_pred_train).flatten ()

x_train, y_real,

# Compute distance

distance = y_real_train - y_pred_train

# Create DataFrame

df _train = pd.DataFrame ({
Xx_train,
y_real_train,
y_pred_train,
distance
B
# --- Scale distances ---

scaler = StandardScaler ()
distance_scaled = scaler.fit_transform(df_train[[

# --- Cluster distances ---

self .k = 3

kmeans = KMeans(
n_clusters=self .k,
init= .
n_init=100,
max_iter=1000,
random_state=71

73

initial_capital=10000,

.astype(int)

y_pred_train):

1D
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)

self .kmeans = kmeans

self.scaler = scaler # store scaler for later use if needed

df _trainl[ ] = kmeans.fit_predict(distance_scaled)

cluster_centers = scaler.inverse_transform(kmeans.cluster_centers_).flatten ()
sorted_clusters = np.argsort(cluster_centers)

signal_map = {

sorted_clusters[0]: 1, # Buy
sorted_clusters[1]: 0, # Hold
sorted_clusters[2]: 2 # Sell

3
self.signal_map = signal_map
df _trainl[ ] = df_train[ ] .map(signal_map)

return df_train
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4.11 Multi Agent System

4.12 Single Agent Environment

class OneHourStockEnv:

def _get_observation(self):
return np.array (

[self.balance, self.positions, self.avg_buy_price]
+ self.history.tolist ()
+ self.mv_z_score.tolist ()
+ self.hr_capitulation.tolist ()
+ self.hr_crossed.tolist ()
+ self.hr_ma30.tolist ()
+ self.hr_ma60.tolist ()

Address counts
self.plankton_address_count.tolist ()
self .shrimp_address_count.tolist ()
self.crab_address_count.tolist ()
self.fish_address_count.tolist ()
self.shark_address_count.tolist ()
self.whale_address_count.tolist ()

o+ o+ o+ o+ 4o

**

Plankton diffs
+ self.plankton_address_count_7d_diff.tolist ()

# Shrimp diffs
+ self.shrimp_address_count_7d_diff.tolist ()

# Crab diffs
+ self.crab_address_count_7d_diff.tolist ()

# Fish diffs
+ self.fish_address_count_7d_diff.tolist ()

# Shark diffs
+ self.shark_address_count_7d_diff.tolist ()

# Whale diffs
+ self.whale_address_count_7d_diff.tolist ()

# Technical analysis metrics

+ self.fast_ma.tolist ()
+ self.slow_ma.tolist ()
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80

81

82

83

84

86
87
88
89
90

91
92
93
94

96
97
98
99
100
101
102
103

+ self.rsi.tolist ()

+ self.technical_analysis_signal.tolist ()
+ self.delta_cap.tolist ()

+ self.realized_cap.tolist (),
dtype=np.float32

def step(self, action):
o
Actions:
0 = Hold
1 = Buy
2 Sell

nwnn

current_row = self.data.iloc[self.t]
current_index = self.data.index[self.t]

# Price & on-chain metrics

current_price = current_rowl[ 1

current_mv_z_score = current_rowl|[ ]
current_hr_capitulation = current_rowl[ ]
current_hr_buy = current_rowl[ ]
current_hr_crossed = current_rowl[ 1
current_hr_ma30 = current_rowl[ ]

current_hr_ma60 = current_rowl|[ ]

# Address counts

current_plankton_address_count = current_rowl[
current_shrimp_address_count = current_rowl[ ]
current_crab_address_count = current_rowl[ ]
current_fish_address_count = current_rowl[ ]
current_shark_address_count = current_rowl[ ]
current_whale_address_count = current_rowl[ 1

# Address diffs

current_plankton_address_count_7d_diff = current_rowl[
]
current_shrimp_address_count_7d_diff = current_rowl[
]
current_crab_address_count_7d_diff = current_rowl[
]
current_fish_address_count_7d_diff = current_rowl[
]
current_shark_address_count_7d_diff = current_rowl[
]
current_whale_address_count_7d_diff = current_rowl[
]
# Technical analysis metrics
current_fast_ma = current_rowl[ ]
current_slow_ma = current_rowl[ ]
current_rsi = current_rowl[ ]
current_technical_analysis_signal = current_rowl[
]
current_delta_cap = current_rowl[ ]
current_realized_cap = current_rowl[ ]
prev_price = self.data.iloc[self.t - 1][ ] if self.t > 0 else
current_price
reward = 0
num_shares = 0
cost = 0
proceeds = 0
profit = 0
unrealized_profit = 0

if action == 1
# if self.balance >= current_price:

(0]




105

155

156

158

165

num_shares = self.balance / current_price
cost = num_shares * current_price
self.balance -= cost
self.avg_buy_price = (
(self.avg_buy_price * self.positions + cost) / (self.positions +
num_shares)
if self.positions > O else current_price

)
self.positions += num_shares
elif action == 2:
if self.positions > O:
proceeds = self.positions * current_price
profit = (current_price - self.avg_buy_price) * self.positions
self .balance += proceeds
self.total_profit += profit
self .positions = 0
self.avg_buy_price = 0
prev_portfolio_value = self.balance + self.positions * prev_price
current_portfolio_value = self.balance + (self.positions * current_price)
reward = ((current_portfolio_value - prev_portfolio_value) ) / self.
initial_balance
log = {
raction,
self.t,
self .balance,
self .positions,
prev_price,
current_price,
prev_portfolio_value,
current_portfolio_value,
reward
}
self.t += 1
if self.t >= len(self.data) - 1:
self .done = True
price_change = current_price - prev_price

# Price & on-chain metrics

self.
self.

self.

self

self.
self.

self.
self.

self

self.

self.
self.

self
self

history = np.roll(self.history, -1)

history[-1] = price_change

mv_z_score = np.roll(self.mv_z_score, -1)
.mv_z_score[-1] = current_mv_z_score

hr_capitulation = np.roll(self.hr_capitulation, -1)
hr_capitulation[-1] = current_hr_capitulation
hr_crossed = np.roll(self.hr_crossed, -1)
hr_crossed[-1] = current_hr_crossed

.hr_ma30 = np.roll(self.hr_ma30, -1)
hr_ma30[-1] = current_hr_ma30

hr_ma60 = np.roll(self.hr_ma60, -1)
hr_ma60[-1] = current_hr_ma60

.hr_buy = np.roll(self.hr_buy, -1)
.hr_buy[-1] = current_hr_buy

# Address counts

self
self

self

.plankton_address_count = np.roll(self.plankton_address_count, -1)
.plankton_address_count [-1] = current_plankton_address_count
.shrimp_address_count = np.roll(self.shrimp_address_count, -1)
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172 self .shrimp_address_count [-1] = current_shrimp_address_count

173

174 self.crab_address_count = np.roll(self.crab_address_count, -1)

175 self.crab_address_count[-1] = current_crab_address_count

176

177 self.fish_address_count = np.roll(self.fish_address_count, -1)

178 self.fish_address_count[-1] = current_fish_address_count

179

180 self.shark_address_count = np.roll(self.shark_address_count, -1)

181 self.shark_address_count [-1] = current_shark_address_count

182

183 self .whale_address_count = np.roll(self.whale_address_count, -1)

184 self.whale_address_count[-1] = current_whale_address_count

185

186 # Address diffs

187 self .plankton_address_count_7d_diff = np.roll(self.
plankton_address_count_7d_diff, -1)

188 self .plankton_address_count_7d_diff[-1] =
current_plankton_address_count_7d_diff

189

190 self.shrimp_address_count_7d_diff = np.roll(self.
shrimp_address_count_7d_diff, -1)

191 self.shrimp_address_count_7d_diff [-1] =
current_shrimp_address_count_7d_diff

192

193 self.crab_address_count_7d_diff = np.roll(self.crab_address_count_7d_diff,
-1)

194 self.crab_address_count_7d_diff [-1] = current_crab_address_count_7d_diff

195

196 self .fish_address_count_7d_diff = np.roll(self.fish_address_count_7d_diff,
-1)

197 self.fish_address_count_7d_diff[-1] = current_fish_address_count_7d_diff

198

199 self.shark_address_count_7d_diff = np.roll(self.shark_address_count_?d_diff
, -1)

200 self.shark_address_count_7d_diff[-1] = current_shark_address_count_7d_diff

201

202 self .whale_address_count_7d_diff = np.roll(self.whale_address_count_7d_diff
, -1)

203 self.whale_address_count_7d_diff[-1] = current_whale_address_count_7d_diff

204

205 # Technical analysis metrics

206 self.fast_ma = np.roll(self.fast_ma, -1)

207 self.fast_ma[-1] = current_fast_ma

208

209 self.slow_ma = np.roll(self.slow_ma, -1)

210 self.slow_mal[-1] = current_slow_ma

211

212 self.rsi = np.roll(self.rsi, -1)

213 self.rsi[-1] = current_rsi

214

215 self.technical_analysis_signal = np.roll(self.technical_analysis_signal,
-1)

216 self.technical_analysis_signal[-1] = current_technical_analysis_signal

217

218 self.delta_cap = np.roll(self.delta_cap, -1)

219 self.delta_cap[-1] = current_delta_cap

220

221 self .realized_cap = np.roll(self.realized_cap, -1)

222 self.realized_cap[-1] = current_realized_cap

223

224 return self._get_observation(), reward, self.done, current_price,
current_index
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4.13 Agent
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class Agent:

def __init__(self, name, input_size, hidden_size, n_actions, 1lr, gamma=0.90
target_update_freq=1000):
self .name = name
self .input_size = input_size
self .hidden_size = hidden_size
self .n_actions = n_actions
self.count_action_from_q = 0O
self.count_action_from_memory = O
self.1lr = 1r
self .gamma = gamma
self.action_space = [i for i in range(self.n_actions)]
#Policy Network
self.Q = CnnLstmNetwork(self.lr, self.n_actions, self.input_size, self.

hidden_size, lstm_layers=2)

#Target Network

self .Q_Target = CnnLstmNetwork(self.lr, self.n_actions, self.
self .hidden_size, lstm_layers=2)

self .Q_Target.load_state_dict(self.Q.state_dict())

self.target_update_freq = 200

self.steps = 0

self .memory = ReplayMemory(action_space = self.action_space,
=5000, train_step=5000, size=input_size)

input_size,

memo_size

def choose_action(self, observation, env, prev_action_day, current_action_day):

state = T.tensor (observation, dtype=T.float32).unsqueeze(0).to(self.Q.

device)

log = {}

if np.random.random() > 1-self.gamma:

# print("observation", observation)

actions = self.Q.forward(state)
#print ("actions:", actions)
action_mask = env.get_action_mask(prev_action_day, current_action_day)
action_mask_t = torch.tensor (action_mask, dtype=torch.bool, device=

actions.device)
#print ("action mask:", action_mask_t)

# Replace invalid logits with very negative number

masked_actions = actions.masked_fill(action_mask_t == 0,
# Get probabilities
action_probs = F.softmax(masked_actions, dim=-1)
action = torch.argmax(action_probs).item()
# store in log
logl 1 =
logl ] = actions.detach().cpu().numpy()
logl ] = action_mask
logl ] = action_probs.detach().cpu() .numpy ()
logl ] = action
logl ] = env.positions
logl ] = env.balance
logl ] = env.initial_balance
logl ] = env.total_profit
logl ] = env.avg_buy_price

# print("ChooseAction Log:", log)
self.count_action_from_q+=1

else:

78

float (
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65
66
67
68
69
70
71
T2
73
T4
75
76
T
78
79
80
81
82
83
84
85

86

[

action = self.memory.sample(observation)
#print ("Choosing action based on the memory and randomnes: ",

if isinstance(action, (list, tuple, np.ndarray)):

action = action[0]
logl 1 =
logl 1 = action

self.count_action_from_memory+=1

# print ("ChooseAction Log:", log)
return action
def learn(self, state, action, reward, state_):

self.Q.optimizer.zero_grad()

states = T.tensor(state, dtype=T.float32).to(self.Q.device).unsqueeze (0)
(1, input_size)
states_ = T.tensor(state_, dtype=T.float32).to(self.Q.device).unsqueeze (0)

# (1, input_size)
actions
rewards = T.tensor (reward, dtype=T.float32).to(self.Q.device)

# predicted Q-values for current state
g_pred = self.Q.forward(states).gather(l, actions.unsqueeze (1))

# maximum Q-value for the next state (usando la rete Target)
g_next = self.Q_Target.forward(states_).max (1) [0].detach()

# Q-target (Bellman equation)
q_target = rewards + self.gamma * q_next

#print ("q_pred:", gq_pred.squeeze(), "Target:", q_target.squeeze())

# Calculate loss MSE
loss = self.Q.loss(q_pred.squeeze(), q_target.squeeze())

loss.backward ()
self.Q.optimizer.step()

self .steps+=1
if self.steps % self.target_update_freq == O0:
self .Q_Target.load_state_dict(self.Q.state_dict())

action)

T.tensor (action, dtype=T.long).to(self.Q.device).unsqueeze (0)

#

[114

4.14 CnnLstmNetworkNetwork

class CnnlLstmNetworkNetworkV2 (nn.Module):

def __init__(self, lr, n_actions, input_size, hidden_size, lstm_size,

lstm_layers=3, input_channels=1):
super (CnnLstmNetworkNetworkV2, self).__init__()

self .input_size = input_size

self .hidden_size = hidden_size
self.lstm_layers = lstm_layers

self .n_actions = n_actions
self.input_channels = input_channels
self.1lr = 1r

self.1lstm_size = lstm_size

## CNN layers
self.convid_11 = nn.Convid(
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16 in_channels=self.input_channels,

17 out_channels=self.hidden_size,

18 kernel_size=4,

19 stride=2

20 )

21 self.relu_convid_11 = nn.ReLU()

22 self .max_pooling_l1 = nn.MaxPoolld(kernel_size=4, stride=2)

23 self .dropout_conv_max_pooling_11 = nn.Dropout (0.5)

24

25 self.conv1ld_12 = nn.Convid(

26 in_channels=self.hidden_size,

27 out_channels=self.hidden_size,

28 kernel_size=3,

29 stride=2

30 )

31 self.relu_convid_12 = nn.ReLU()

32 self .max_pooling_12 = nn.MaxPoolld(kernel_size=3, stride=2)

33

34 self.conv1id_13 = nn.Convid(

35 in_channels=self.hidden_size,

36 out_channels=self.hidden_size,

37 kernel_size=2,

38 stride=2

39 )

40 self .max_pooling_13 = nn.MaxPoolld(kernel_size=2, stride=2)

41

42 self .proj = None

43 self.1lstm = None

44 self.relu = nn.RelLU()

45

16 # fully connected layers

a7 self.fcl = nn.Linear(self.hidden_size, 128)

48 self.fc2 = nn.Linear (128, n_actions)

49

50 self.optimizer = optim.Adam(self.parameters(), lr=1lr, betas=(0.9, 0.999))

51 self.loss = nn.MSELoss ()

52

53 self.device = T.device( if T.cuda.is_available() else )

54 self.to(self.device)

55

56 def forward(self, x):

57 if x.dim() == 2:

58 x = x.unsqueeze(l) # (batch, channels, seq_len)

59

60 # CNN layers

61 out = self.convid_11(x)

62 out = self.relu_convid_11(out)

63 out = self.max_pooling_11(out)

64 out = self.dropout_conv_max_pooling_11(out)

65

66 out = self.convid_12(out)

67 out = self.relu_convid_12(out)

68 out = self.max_pooling_12(out)

69

70 out = self.convid_13(out)

71 out = self.max_pooling_13(out)

72

73 # flatten for LSTM

74 out = out.reshape(out.size(0), 1, -1) # (batch, seq_len=1, features)

75 if self.proj is None:

76 in_size = out.size(-1)

77 self.proj = nn.Linear(in_size, self.hidden_size).to(out.device)

78 self.lstm = nn.LSTM(self.hidden_size, self.hidden_size,

79 self.lstm_layers, batch_first=True).to(out.device)

80

81 out = self.proj(out)

82

83 hO = torch.zeros(self.lstm_layers, out.size(0), self.hidden_size).to(out.
device)
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cO0 = torch.zeros(self.lstm_layers, out.size(0), self.hidden_size).to(out.

device)
# LSTM
out, _ = self.lstm(out, (hO, c0))

out = self.relu(out)

# fully connected layers

out = F.elu(self.fci(outl:, -1, :1))
out = F.elu(self.fc2(out))
actions = F.softmax(out, dim=-1)

return actions
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4.15 ReplayMemory

class ReplayMemory:
def __init__(self, action_space, size, memo_size=5000, train_step=5000,

self .memo_size = memo_size
self .k = k
self .appended_rows = 0
self.train_step = train_step
self .memory = pd.DataFrame ()
self .predictor = Pipeline ([
( , SimpleImputer (strategy= ),
, KNeighborsClassifier(n_neighbors=k))

~

iD)

self.trained = False
self.action_space = action_space
self.times_train_predictor = 0
self.size = size

def add_experience(self, state, action, reward):

#if reward <= O0:

# return

# Ensure state is flattened and has a consistent structure
state = state[:self.sizel

state = state.flatten()

#print ("state_ shape:", state.shape)

state_dict = {f : v for i, v in enumerate(state)}
#print ("state:",state, "state_dict:", state_dict)

state_dict.update ({

action,
reward
b
new_row = pd.DataFrame([state_dict])
self .memory = pd.concat([self.memory, new_row], ignore_index=True)

if len(self.memory) > self.memo_size:
self .memory = self.memory.iloc[1:].reset_index(drop=True)

self .appended_rows += 1

if self.appended_rows > 1000 and not self.trained:
self.times_train_predictor += 1

81

k

5):




© 0w N U A W N e

e
= o

12
13
14
15
16
17
18
19
20
21
22
23
24
25
26

print ( , self.times_train_predictor)

df _memo = self.memory.copy()
y = df_memo [ ]
X = df _memo.drop(columns=[ , D)
# Train
self .predictor.fit (X, y)
self.trained = True
if self.appended_rows % self.train_step == O:
self .times_train_predictor += 1
print ( , self.times_train_predictor)
df _memo = self.memory.copy()
y = df_memo [ ]
X = df_memo.drop(columns=[ , D
X = np.nan_to_num(X, nan=0.0, posinf=1e6, neginf=-1e6)

# Retrain periodically
self.predictor.fit (X, y)

def sample(self, state):
state = state[:self.sizel

if np.random.random() > 0.10:

if (self.trained == False):
return np.random.choice(self.action_space)

else:
row = {f : v for i, v in enumerate(state)}
new_row = pd.DataFrame ([row])

return self.predictor.predict(new_row);
else:
return np.random.choice(self.action_space)
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4.16 Multi Agent System

class MultiAgentSystem:

def train_agent (self,end_date=None, n_games=1):
if n_games <= 0:
print ( )
return self.agent, self.env, pd.DataFrame ()

scores = []

results = []

traders = pd.DataFrame (columns=[ , s s s
»

isFirstAction = True

current_day = 1

prev_day = 1

print ( )

for i in tqdm(range(n_games), desc= ):
score = 0.0
done = False
obs = self.env.reset ()

self.bull_expert.env.reset ()
self .bear_expert.env.reset ()

while not done:
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expert_obs = obs[:579]

current_day = self.env.getCurrentDay ()
current_date = self.env.getCurrentDate ()
#print ("current_date", current_date)

if end_date is not None:
if pd.to_datetime(current_date) >= pd.to_datetime (end_date):
print (f
)
done = True
break

if ( isFirstAction == True):
prev_day = self.env.getCurrentDay ()

bull_expert_action = self.bull_expert.predictAction(expert_obs,
self .bull_expert.env, current_day, prev_day)

bull_obs_, bull_reward, bull_done_, bull_price, bull_time = self.
bull_expert.step(bull_expert_action)

self .bull_expert.add_experience (expert_obs, bull_expert_action,
bull_reward)

bear_expert_action = self.bear_expert.predictAction(expert_obs,
self.bear_expert.env, current_day, prev_day)
bear_obs_, bear_reward, bear_done_, bear_price, bear_time = self.

bear_expert.step(bear_expert_action)
self .bear_expert.add_experience (expert_obs, bear_expert_action,
bear_reward)

if bull_done_ is True or bear_done_ is True:
print (£ )
done = True
break

#curret s2f of the current date
target_date = pd.to_datetime(current_date)

s2f _value = self.s2f_dataset.loc[target_date, ]
current_price = bull_price or bear_price
# print ("current_price:", current_price)
if current_price is not None:
# Get action from Stock-to-Flow model
s2f _model_action = self.s2f_model.get_action(s2f_value,

current_price)

# Get action from SVR model

else:
s2f _model_action = 0

svr_result = self.svr_model.predict_train(self.svr_dataset,
date_to_predict_str=current_date)

svr_model_action = svr_result.get( , 0) # default to O if '

signal' missing

# print ("svr_model_action", svr_model_action)
agent_action = self.agent.choose_action(obs, self.env, current_day,
prev_day)
obs_, reward, done, price, time = self.env.step(

agent_action, bull_reward, bull_expert_action, bear_reward,
bear_expert_action, svr_model_action, s2f_model_action
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self.agent.add_experience (obs, agent_action, reward)

prev_day = current_day
current_day = self.getCurrentDay ()

score += reward

self.agent.learn(obs, agent_action, reward, obs_)

obs = obs_

new_order = pd.DataFrame ([{ : time, : price,
agent_action, :reward, : i}])

traders = pd.concat([traders, new_order], ignore_index=True)

scores .append(score)

avg_score = np.mean(scores[max(0, i - 100): i + 11)
print (£ )
results.append ({ : i, : score, : avg_scorel)

self .agent.saveGame (dataset_path, i)

results_df_copy = pd.DataFrame(results)
results_df_copy.to_csv(
, index=False)

return self.agent, self.env, trader
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