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Abstract. Blockchain is a revolutionary protocol that enables transac-
tions to be both anonymous and secure through a tamper-proof pub-
lic ledger. Despite its significant potential, blockchain faces unresolved
security challenges. Blockchain systems are highly dynamic and large-
scale. Therefore, many management problems, such as defense mecha-
nisms against a wide range of attacks, cannot be handled by humans
because human reaction time is insufficient for many management tasks
in blockchain systems. In other words, human reasoning is required in
many situations, but we cannot use real humans as managers or system
admins. Meanwhile, cognitive systems, designed to mimic human think-
ing processes through digitalized models, have seen widespread adoption.
The core component, the cognitive engine, is responsible for implement-
ing these functionalities. This paper proposes a novel framework that
integrates cognitive systems into blockchain to defend against attacks.
To our knowledge, no existing framework leverages cognitive systems for
blockchain security. We specifically design a reinforcement learning (RL)-
based defense mechanism to counter selfish mining attacks based on the
cognitive defense framework. Simulation results demonstrate that our
proposed cognitive framework significantly enhances blockchain security.

Keywords: Blockchain, Cognitive System, Defense Mechanism, Rein-
forcement Learning, Selfish Mining

1 Introduction

Blockchain [1–5] has emerged as a groundbreaking protocol that ensures both
anonymity and security in transactions through a decentralized and tamper-
proof public ledger. Its application spans various domains [6], from cryptocur-
rencies to supply chain management [7] and health care systems [8], promising
to revolutionize how transactions are recorded and verified. However, despite
the enormous potential and opportunities it offers, blockchain technology is not
without its challenges. One of the most pressing issues is the vulnerability of
blockchain systems to various types of attacks that exploit their security weak-
nesses [9–11]. These vulnerabilities, if not addressed, can undermine the integrity
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Fig. 1: A combination of Blockchain and Cognitive System

and trust that are the bedrocks of blockchain systems. It should be noted that
because of the large scale and dynamic nature of blockchain systems, many
management operations, such as defense mechanisms and other vital network
management algorithms, should be implemented in a fully autonomous man-
ner without any human intervention. In other words, since many management
operations, like defense mechanisms against a wide range of attacks, cannot be
handled by humans because human reaction time is insufficient for many man-
agement tasks, we need to design intelligent systems that act like humans in
critical situations.

Cognitive systems [12–14], on the other hand, represent a significant ad-
vancement in artificial intelligence, aimed at creating digital models capable of
emulating human cognitive processes. These systems are designed to think, learn,
and adapt in ways similar to the human brain, providing intelligent solutions to
complex problems. The cognitive engine, which forms the core of these systems,
implements the functionalities that enable such advanced capabilities. Recently,
these systems have received much attention due to the emergence of low-cost
generative artificial intelligence services that can provide human-like analyses
for a wide range of tasks.

In this context, integrating cognitive systems with blockchain technology
(Figure. 1) presents a promising avenue for enhancing blockchain security[15].
This paper proposes a novel framework that leverages cognitive systems to
defend against blockchain attacks, with a specific focus on selfish mining—a
prevalent and particularly challenging attack. Selfish mining undermines the
blockchain’s integrity by allowing malicious miners to gain disproportionate re-
wards, thereby threatening the fairness and stability of the network.
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To demonstrate the applicability of our cognitive framework, we have de-
veloped a reinforcement learning (RL)-based [16, 17] defense mechanism that is
firmly rooted in our proposed cognitive framework. Reinforcement learning, a
branch of machine learning, is well-suited for this purpose due to its ability to
learn optimal strategies through interaction with an environment. By employing
an RL-based approach, our framework can dynamically adapt and respond to
selfish mining [18, 19] attempts, significantly bolstering blockchain security.

To our knowledge, this is the first framework that applies cognitive systems
to blockchain security. Our simulation results demonstrate the efficacy of this
approach, showing significant improvements in defending against selfish mining
attacks. This paper aims to contribute to the ongoing efforts to secure blockchain
technology, providing a robust and adaptive defense mechanism inspired by cog-
nitive processes.

The structure of the paper is organized as follows: Section 2 provides the nec-
essary preliminaries and background information. Section 3 presents the details
of the proposed framework. A case study of the proposed framework is discussed
in Section 4. In Section 5, we discuss the paper’s limitations, strengths, and
challenges. Finally, Section 6 highlights the key findings and contributions of the
paper.

2 Preliminaries

In this section, we present the essential background information on the proposed
framework and its application in designing a defense against selfish mining at-
tacks. This includes a detailed overview of key aspects of blockchain technology,
cognitive systems, and Q-Learning.

2.1 Blockchain

Blockchain [1, 20] is a decentralized and distributed ledger system that securely
records transactions across a network of computers. It was originally conceptu-
alized as the backbone of Bitcoin[1, 21], the first cryptocurrency, by an unknown
person or group of people using the pseudonym Satoshi Nakamoto[1]. The core
innovation of blockchain lies in its ability to provide a secure, transparent, and
immutable record of transactions without the need for a central authority. Each
transaction is grouped into a ”block,” which is then cryptographically linked
to the previous block, forming a ”chain” of blocks. This chaining process en-
sures that once a transaction is recorded, it cannot be altered or deleted without
changing all subsequent blocks, making the blockchain tamper-proof and highly
secure[22–24].

The decentralized nature of blockchain technology also enhances its resilience
and trustworthiness. Instead of relying on a single centralized server, blockchain
networks are maintained by a distributed network of nodes, each of which holds
a copy of the entire ledger. This decentralization prevents any single point of fail-
ure and makes the system more robust against attacks and malfunctions. Con-
sensus mechanisms, such as Proof-of-Work (PoW) [25–28] and Proof-of-Stake
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(PoS)[29–31], are employed to validate transactions and ensure agreement among
the nodes. These mechanisms not only secure the network but also incentivize
participants to act honestly. As a result, blockchain technology has found applica-
tions beyond cryptocurrencies, including supply chain management, healthcare,
finance, and more, revolutionizing how data integrity and security are managed
in various industries.

Since our focus is on PoW-based blockchains, we go deeper into understand-
ing the consensus mechanisms and potential attacks associated with this type of
system. By expanding our knowledge in this area, we aim to enhance the security
measures specifically tailored for PoW-based blockchains.

Mining Process The state of the blockchain is modified through the execu-
tion of transactions, which are then grouped into blocks and appended to the
blockchain. A typical block in the blockchain consists of two main components:
the header and the body[32]. The block header contains critical information,
including the hash of the previous block, the hash of the current block, the
Merkle root representing all transactions within the block, and a nonce value.
In contrast, the block body contains the transactions selected by the miner to
be included in the block [33, 24].

To validate a block, miners must solve a cryptographic puzzle[18, 34]. This
involves finding the correct nonce value to be placed in the block header, resulting
in a block hash that is lower than the predefined difficulty target. The block
difficulty is dynamically adjusted to maintain an average block generation rate of
approximately one block every ten minutes. Upon successfully solving the puzzle
and adding the mined block to the longest chain, the miner is rewarded with
newly created Bitcoins and the transaction fees from the included transactions.

The likelihood of mining a new block is directly proportional to the compu-
tational resources employed in solving the puzzle[18, 34]. However, the mining
process is inherently unpredictable, leading to significant variance in the time
intervals between mining events for individual miners. Consequently, many min-
ers join mining pools, where they collaborate to collectively mine each block and
share the rewards whenever a block is successfully mined. Although participating
in a mining pool does not change a miner’s expected revenue, it reduces revenue
variance and provides a more predictable monthly income[18, 34].

Threats Blockchain faces a variety of security threats [35] that can be catego-
rized into several key areas. Double Spending threats involve the risk of the
same digital currency being spent more than once, undermining the integrity of
transactions [36, 37]. Mining and Pool threats include attacks such as selfish
mining (thoroughly discussed in the next subsection) and 51% attacks, where a
single entity or group of miners gains control over the majority of the network’s
hash rate, potentially allowing them to manipulate the blockchain[38, 39]. Wal-
let threats pertain to the security of digital wallets, which can be compromised
through malware, phishing attacks, or weak security practices, leading to the
theft of private keys and the loss of funds[40, 41]. Network threats encompass a
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range of vulnerabilities, including Distributed Denial of Service (DDoS) attacks,
which can disrupt the network’s availability, and Eclipse attacks, where an at-
tacker isolates and manipulates a node’s view of the blockchain[42, 43]. Finally,
Smart Contract threats arise from vulnerabilities within the code of smart
contracts themselves, which can be exploited to trigger unintended behaviors or
unauthorized transactions, as seen in high-profile incidents like the decentral-
ized autonomous organization(DAO) hack. Addressing these threats requires
a comprehensive approach that includes robust security practices, continuous
monitoring, and the development of advanced defensive mechanisms[44, 45].

Selfish Mining Bitcoin’s documentation [1] offers a detailed explanation of the
block release process following successful mining. When a miner mines a new
valid block, it is expected to share it with the network immediately. However,
Eyal and Sirer introduced the concept of ”selfish mining” [18], where miners
deviate from Bitcoin’s standard mining rules to unfairly boost their revenue.
This strategy, known as ”SM1,” is the first and most widely recognized form of
selfish mining.

In the SM1 strategy[18], miners engaged in selfish mining withhold their
newly mined blocks instead of broadcasting them immediately. This creates a
blockchain fork, with one fork being visible to all network participants and the
other remaining hidden, known only to the selfish miners. Honest miners, un-
aware of the hidden chain, continue to work on the public chain. When the selfish
miners reveal their hidden chain, the honest chain gets discarded, resulting in an
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ish miners(white blocks)
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Fig. 2: A scenario of the selfish mining attack [64]
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increased relative revenue for the selfish miners and incentivizing other miners
to adopt similar selfish tactics.

To illustrate the SM1 strategy, consider a simplified example (depicted in
Figure. 2) where selfish miners keep their mining activities secret. If these miners
are two blocks ahead of the honest miners (Figure. 2a), they will reveal their
hidden chain when the honest miners discover a new block. This results in the
honest miners’ efforts being wasted, as the network adopts the selfish miners’
previously hidden blocks (Figure. 2b).

Beyond the SM1 strategy, new selfish mining strategies have been explored.
Sapirshtein et al. [34] used a Markov Decision Process (MDP) to study the
minimum resource fraction required for a profitable selfish mining attack, known
as the profit threshold. They established a bound to ensure system security
against such attacks and modified the protocol to assess its vulnerability to
selfish mining by calculating the optimal attack under various conditions. Their
findings indicated scenarios where selfish miners could maintain control of a
private chain even when the public chain appears longer.

Recent research has further explored selfish mining, particularly through the
use of machine learning techniques[32, 46]. Many studies have employed rein-
forcement learning to optimize the effectiveness of selfish mining attacks[34].
For example, [47, 48] developed an advanced MDP-based solution using rein-
forcement learning algorithms to maximize mining revenue. They proposed a
deep reinforcement learning framework to analyze the behavior of rational min-
ers under different conditions and established an upper bound for the security
threshold of proof-of-work-based blockchains.

2.2 Cognitive System

Cognitive systems represent an advanced area of artificial intelligence designed
to simulate human-like thinking and decision-making processes. These systems
are engineered to emulate human cognitive functions such as learning, reasoning,
problem-solving, and adapting to new situations. Unlike traditional AI models,
which often rely on predefined algorithms and static rules, cognitive systems
utilize dynamic learning mechanisms to continuously improve their performance
based on new data and experiences. This ability to adapt and evolve allows
cognitive systems to handle complex, unstructured tasks and make decisions
that closely mirror human thought processes [49–51].

At the core of cognitive systems is the cognitive engine, which integrates
various AI technologies, including machine learning, natural language process-
ing, and neural networks, to create a unified model of cognition. These systems
are capable of interpreting and responding to inputs in a manner akin to hu-
man reasoning, enabling them to perform tasks such as understanding context,
recognizing patterns, and generating insights[52–54]. By leveraging advanced
algorithms and computational techniques, cognitive systems can analyze vast
amounts of data, identify underlying patterns, and make predictions or recom-
mendations[55]. This capacity for sophisticated analysis and adaptive learning
makes cognitive systems highly valuable in applications ranging from customer
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Fig. 3: Interaction between Q-Learning agent and environment [64]

service and healthcare [56, 57] to financial forecasting and autonomous systems
[58].

2.3 Q-Learning

Q-Learning [16, 59, 60] is a prominent reinforcement learning algorithm that has
garnered substantial interest in the machine learning community. This model-
free algorithm allows an agent to determine the best actions to take in a given
environment through a process of trial and error.

Fundamentally, Q-Learning operates by exploring and exploiting a state-
action space. The agent engages with the environment by executing actions and
receiving corresponding rewards or penalties (Figure. 3). The primary objective
is to optimize the cumulative reward accumulated over time.

The algorithm uses a Q-table, which is a matrix that records the expected
cumulative rewards for each state-action pair. Initially, the Q-values in the table
are either set to arbitrary values or zero. As the agent interacts with the envi-
ronment, it updates these Q-values based on the rewards received and the new
information learned. The updating rule for Q-learning is given by the following
equations:

Q(s, a)← (1− αq) Q(s, a) + αq (r + γq Q(s′, a′)) (1)

Where:

– Q(s, a) denotes the Q-value associated with state s and action a.
– αq represents the learning rate, which dictates how much new information

affects the Q-values.
– r is the immediate reward obtained after performing action a in state s.
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– γq is the discount factor, which determines the value of future rewards.

– s′ refers to the state resulting from taking action a in state s.

– a′ is the action that yields the highest Q-value in state s′.

This updating rule adjusts the Q-value by combining the previous Q-value
with new information derived from the received reward and the maximum Q-
value of the subsequent state. The learning rate regulates the influence of new
information relative to the existing knowledge.

By continuously applying this updating rule throughout the learning process,
the Q-values gradually converge to their optimal values. This enables the agent
to make more informed decisions and effectively maximize its cumulative reward
over time.

3 The Proposed Framework

In this section, we introduce a defense framework for blockchain systems based
on cognitive systems. The structure of the proposed framework is illustrated in
Figure 4. This framework comprises three layers: the Requirement Layer, the
Cognitive Process Layer, and the Blockchain Management Layer. The require-
ment layer outlines the primary objectives of the system and communicates them
to the cognitive process layer. The cognitive process layer is responsible for the
continuous management of the system, addressing the challenges posed by the
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distributed, dynamic, and large-scale nature of blockchain, which are not ade-
quately addressed by traditional or non-intelligent solutions. The details of each
layer are provided in the remainder of this section. It is worth noting that some
concepts in this framework are adapted from the cognitive networks framework
introduced by [61–63].

3.1 Requirement Layer

In the Requirement Layer, the goals and behaviors of the nodes in the blockchain
are defined using a Cognitive Specification Language (CSL). This language is
employed to populate a configuration file, which is subsequently shared among
nodes in accordance with the structure of the blockchain network. It is important
to note that altering the goals in the requirement layer results in changes to the
optimization functions within the cognitive process layer. The system’s goals,
particularly those related to security, are established through commands received
via voice, command line, or any other direct interaction between users and the
system. The specific features of these goals can be determined by the following
elements:

– Blockchain Type (Permissioned or Permissionless)

– Consensus Type

– Security Flaw

– Attack Type

Additionally, various approaches have been suggested to account for the dis-
tributed nature of blockchain in sharing configuration files:

– Centralized: In this approach, the latest version of the configuration files
is stored on a single, well-known server.

– Semi-centralized: This approach involves multiple servers that are respon-
sible for managing the configuration files.

– Fully-distributed: Here, each node in the blockchain network periodically
downloads the latest version of the configuration files from its neighboring
nodes.

3.2 Blockchain Management Layer

This layer supplies the cognitive process layer with necessary information by
observing various units and then acting upon the manageable elements of the
system. By continuously monitoring and assessing these units, this layer ensures
that any potential security threats or anomalies are quickly identified and ad-
dressed. This proactive approach is crucial for maintaining the integrity and
security of the blockchain. The structure of this layer is depicted in Fig. 5.

This layer consists of four manageable units which are defined as below:
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1. Blockchain Unit: This unit is responsible for monitoring and controlling
various parameters of the blockchain based on the selected consensus algo-
rithm, as specified in the configuration file. The primary parameters man-
aged by this unit include blocks and their validation within the main chain.
Blocks are examined starting from their headers, which typically contain in-
formation such as the timestamp, version, and hash of the previous block,
and extending to the body, which includes the transactions. Ensuring the
integrity and security of these parameters is paramount, as any unautho-
rized alterations or inconsistencies could compromise the entire blockchain
system. Any change in these parameters triggers an action from this unit,
prompting it to call the cognitive process layer for the necessary commands
to execute the most effective response.

2. Attack Detector Unit: The attack detector unit in the blockchain plays a
crucial role in maintaining the blockchain security by continuously monitor-
ing for potential threats and vulnerabilities. This unit is designed to detect
malicious activities such as double-spending, sybil attacks, and selfish min-
ing, leveraging advanced algorithms and real-time data analysis. By analyz-
ing patterns in transaction data, network behavior, and block generation, the
attack detector can identify anomalies that suggest security breaches. Upon
detecting an attack, it triggers an alert to the cognitive process layer, which
then evaluates the threat and implements appropriate countermeasures. This
proactive approach not only enhances the resilience of the blockchain against
various types of attacks but also ensures the integrity and trustworthiness
of the entire system.

3. Fork Manager Unit: The fork manager unit in the blockchain is essential
for handling and mitigating the security implications of chain splits, com-
monly known as forks. This unit’s primary responsibility is to monitor the
blockchain for any occurrences of forks, whether they arise from network la-
tency, intentional attacks, or protocol updates. When a fork is detected, the
fork manager unit assesses the competing chains by evaluating parameters
such as the length of each branch and the weight of the blocks within those
branches. By leveraging cognitive algorithms, the fork manager determines
the optimal chain to continue, ensuring the security and stability of the
blockchain. The fork manager unit works in close conjunction with the cog-
nitive process layer, which provides the intelligence and learning capabilities
required for optimal decision-making.
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4. P2P Communication Unit: This unit is tasked with ensuring the security
of communication and data exchange among the nodes within the blockchain.
It continuously monitors and verifies the integrity, confidentiality, and au-
thenticity of all interactions, safeguarding against potential security threats
and vulnerabilities.

5. Wallet Unit: The wallet unit in a blockchain system is pivotal for manag-
ing the security of user transactions and data storage. It securely generates,
stores, and manages cryptographic keys, ensuring private keys remain con-
fidential and public keys facilitate secure transaction addresses. This unit
verifies digital signatures and safeguards transaction integrity, employing
encryption to protect sensitive data exchanges between nodes. It also imple-
ments robust authentication mechanisms, such as multi-factor authentica-
tion and biometric verification, to prevent unauthorized access. By continu-
ously monitoring for suspicious activities and potential breaches, the wallet
unit ensures the legitimacy of transactions and protects users’ assets against
fraud and cyber-attacks, thereby reinforcing the blockchain’s overall security
framework.

6. Smart Contract Unit: The smart contract Unit in a blockchain system is
essential for ensuring the secure execution and management of self-executing
contracts. This unit oversees the deployment and execution of smart con-
tracts, verifying their integrity and correctness before they are added to
the blockchain. It employs stringent validation mechanisms to ensure that
contract code is free from vulnerabilities and adheres to predefined security
standards. By doing so, it prevents malicious code and logic flaws that could
be exploited by attackers. The smart contract unit also implements encryp-
tion and access control measures to protect sensitive data within contracts,
ensuring that only authorized parties can interact with the contract. Addi-
tionally, it continuously monitors the execution of smart contracts to detect
and respond to any abnormal or suspicious activities, thereby maintaining
the integrity and security of automated transactions within the blockchain
ecosystem.

3.3 Cognitive Process Layer

This layer functions as the brain of the system. Initially, it acquires the sys-
tem’s goals from the configuration files in the requirement layer. It continuously
observes security-related changes through parameters from the blockchain man-
agement layer. Utilizing cognitive algorithms, which can include various AI algo-
rithms such as large language models (LLMs) [65–67], it makes critical decisions
to maintain the security of the blockchain. These decisions are then conveyed to
the blockchain management layer.

Based on the received goals from the requirement layer, it can design various
types of cognitive engines, such as:

– An engine for monitoring the type of consensus mechanism.
– An engine for monitoring predefined and newly designed security attacks

based on the consensus mechanism.
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– An engine for monitoring the process of mining blocks.
– An engine dedicated to detecting and monitoring attacks on the blockchain.
– An engine for tracking and managing the creation of forks.
– An engine for monitoring P2P communications.
– An engine for monitoring the security of wallets.
– An engine for monitoring the security of smart contracts.

After designing the required engines, these engines should make decisions to
enhance the security of the blockchain, such as:

– Decisions about choosing the correct fork among the created forks.
– Decisions about the validity of blocks in the fork.
– Decisions about the validity of transactions in the block.
– Decisions about how to respond to detected attacks.
– Decisions about the quality and security of P2P communications.
– Decisions about enhancing wallet security.
– Decisions about strengthening smart contract security.

4 Case Study

In this section, we introduce Q-Defense[64], a cognitive defense mechanism de-
signed within the proposed framework to counteract selfish mining attacks. We
start by outlining the system model and providing essential definitions to cre-
ate a comprehensive foundation for our proposed algorithm. Following this, we
detail the defense algorithm in a step-by-step format, emphasizing its critical
components and operational mechanisms.

4.1 System Model

A thorough understanding of the target environment is critical for the effective
proposition of any algorithm. Hence, it is imperative to establish a detailed model
of our blockchain system, particularly from the perspective of honest miners, to
analyze the attack scenario accurately.

First, we configure the requirement layer with the following settings:

– The blockchain type is permissionless.
– The consensus protocol is proof-of-work.
– The attack under consideration is selfish mining.

Consider a network composed of two groups of miners. The first group con-
sists of selfish miners who deviate from the standard mining rules, denoted by α
percent of the total mining power. The second group comprises rational miners
who strictly follow the mining rules and hold 1− α percent of the total mining
power.

For our analysis, we disregard the impact of network propagation delay, as-
suming that miners strive to propagate blocks swiftly to minimize disruptions
in the subsequent mining process.
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The blocks in the network are organized in a tree structure to form a chain.
When two blocks share the same previous block hash, a fork is created. However,
our analysis focuses solely on the type of fork resulting from selfish mining. This
fork leads to two chains: the selfish chain and the honest chain.

When a selfish miner learns that an honest miner has discovered a new block,
it will attempt to replace its private block. We introduce the parameter γ as the
advertisement factor, representing the proportion of computing power required
for nodes to accept the selfish miner’s block over the honest miner’s block. In
terms of block height, when the Bitcoin network reaches height h, the selfish
miner’s block at height h has a probability of γ(1− α) of being accepted.

4.2 Required Definitions

This subsection provides essential prerequisite definitions to facilitate a compre-
hensive understanding of the proposed algorithm. These definitions pertain to
the characteristics of each branch of the fork resulting from selfish mining. The
following definitions are provided:

– Fork Branch: A fork branch is one of the competing chains in the network,
created as a result of selfish mining. It comprises a sequence of blocks starting
from the common ancestor block up to the current block in that branch.

– Branch Length (LLL): The length of a branch, denoted by L, indicates the
number of blocks it contains. This parameter is crucial for assessing the size
and extent of competing chains resulting from selfish mining.

– Branch Weight (WWW ): The weight of a branch, denoted byW , is determined
by comparing blocks within that branch to blocks of the same height in other
branches. The branch with the most recent creation time increases its weight
by one, encompassing all blocks from the first to the last in that branch.

– Fail-Safe Parameter (KKK): The fail-safe parameter K assists the miner
in selecting a branch based on either its length (L) or its weight (W ). If
the length of a branch in the fork exceeds the others by at least K, that
branch is chosen. Otherwise, the weight parameter W is used to determine
the preferred branch.

– Decision-Making Time (τττ): The decision-making time, denoted by τ ,
represents the time taken by a miner to check for the presence of forks. If a
fork is detected, the miner must select one of the branches, considering the
parameter K.

– Time Windows Parameter (θθθ): The time window parameter θ is used to
determine the next value for K using the Q-learning agent. It is composed
of multiple τ values.

4.3 Algorithm

With the necessary definitions established, we can now outline our algorithm
within the cognitive process layer to defend against selfish mining attacks. The
proposed algorithm, which operates by observing parameters from the blockchain
layer, consists of the following steps:
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1. Calculate the length L of each branch.
2. Calculate the weight W of each branch.
3. Evaluate branch lengths: If the difference between the length of the longest

branch and the length of the second-longest branch exceeds K, select the
longest branch. Otherwise, choose the heaviest branch based on the calcu-
lated W parameter.

4. Q-Learning adjustment: When the decision-making time τ elapses, the Q-
Learning agent determines the next value for K. Typically, K oscillates be-
tween Kmin and Kmax. The Q-Learning agent operates with one state and
three actions: 1-Grow, which increases K by one; 2-Stop, which keeps K
unchanged; and 3-Shrink, which decreases K by one.

5. Feedback and reward calculation: When the time window parameter θ elapses,
the Q-Learning agent receives feedback from the environment. A virtual envi-
ronment is designed for the Q-Learning agent to provide information about
its decisions. The reward is calculated by dividing the number of weight-
based decisions by the total number of decisions, which includes both height-
based decisions and weight-based decisions. The equation below illustrates
the calculation of the reward parameter r for the Q-Learning agent:

r =
Number; of ;Weight;Decisions

Total;Number; of ;Decisions
(2)

By following these steps, the algorithm leverages cognitive processes and Q-
Learning to dynamically adjust and optimize the defense against selfish mining,
ensuring a robust and adaptive blockchain security mechanism [64].

4.4 Evaluation

To evaluate the proposed algorithm, we conducted a series of experiments to as-
sess its performance from multiple perspectives. In these experiments, we mod-
eled a network with two types of miners: selfish miners and rational miners. The
mining process in our simulations followed a Poisson process, where a new block
is mined with a probability of α by the selfish miners and a probability of 1−α
by the rational miners.

We further enhanced the selfish miner’s behavior to function within a learning-
based mining environment, allowing us to observe the dynamics of the proposed
algorithm in a more realistic setting.

To meet our objectives, we ran simulations involving a total of 10,000 blocks.
The fail-safe parameter K was allowed to vary within the range of Kmin = 1 and
Kmax = 3. This range was selected to enable Q-Learning agents to reach con-
sensus promptly, given the time-intensive nature of selecting K. The Q-Learning
agents were configured with a learning rate of 0.1 and a discount factor of 0.75,
optimizing their learning and decision-making processes within the proposed
algorithm.

We compared the effectiveness of the proposed defense against a tie-breaking
defense mechanism. In our experiments, τ was set to the mining time of five
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Fig. 6: Comparing Q-defense with tie-breaking using various values of α and γ
[64]

blocks, and θ was composed of ten τ periods. These parameters were chosen to
allow Q-Learning agents sufficient time to accurately explore and exploit their
environment. The results are depicted in Figure 6.

The experimental results highlight several key findings. Firstly, they demon-
strate the superiority of the proposed defense over the tie-breaking mechanism
in terms of reducing the relative revenue of selfish miners. This suggests that
the proposed defense effectively mitigates the gains of selfish miners. Notably, at
γ = 1, where selfish miners have maximum power, the proposed defense excels
in decreasing the relative revenue. These outcomes provide compelling evidence
of the efficacy of Q-Learning in complex environments like blockchain.

Furthermore, we examined another critical metric: the lower bound threshold
for initiating an attack. The results reveal that the proposed defense, utilizing Q-
Learning, significantly raises this threshold from 0.25 to approximately 0.4. This
indicates that the proposed defense enhances the security and stability of the
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blockchain network by making it more challenging for selfish miners to execute
successful attacks [64].

5 Discussion

The integration of cognitive systems with blockchain technology presents both
substantial challenges and promising opportunities for enhancing security. One
primary challenge lies in the inherent complexity of cognitive systems, which
require advanced algorithms and substantial computational resources to mimic
human-like decision-making processes. Implementing these systems within the
blockchain framework necessitates seamless interaction between cognitive en-
gines and blockchain protocols, ensuring real-time monitoring and response to
security threats. Additionally, the decentralized nature of blockchain poses a sig-
nificant hurdle, as cognitive systems must operate effectively across distributed
networks without compromising the speed and efficiency of transaction process-
ing. Despite these challenges, the potential benefits of integrating cognitive sys-
tems into blockchain security are immense, providing a robust and adaptive
defense mechanism against evolving cyber threats.

The opportunities presented by this integration are manifold. Cognitive sys-
tems, through their ability to learn and adapt, offer a dynamic approach to
blockchain security that traditional methods lack. By incorporating reinforce-
ment learning-based mechanisms, as demonstrated in our proposed framework,
cognitive systems can continuously improve their defense strategies against spe-
cific attacks such as selfish mining. This adaptability ensures that the blockchain
network remains resilient against new and sophisticated attacks that might
emerge over time. Furthermore, the cognitive framework can enhance decision-
making processes within the blockchain, optimizing parameters like consensus
protocols and transaction validation in response to observed threats. This proac-
tive and intelligent approach to security not only fortifies the blockchain against
existing vulnerabilities but also anticipates and mitigates future risks.

Moreover, the integration of cognitive systems into blockchain technology
opens up new avenues for research and development. The cross-disciplinary
nature of this endeavor, combining elements of artificial intelligence, machine
learning, and blockchain technology, invites innovative solutions and collabora-
tive efforts from diverse fields. Future research could explore the application of
different AI models, such as large language models, in enhancing the cognitive
capabilities of blockchain systems. Additionally, this integration could lead to
the development of more advanced and scalable cognitive engines, capable of
handling the increased complexity and scale of modern blockchain networks. By
addressing the current limitations and exploring these opportunities, the inte-
gration of cognitive systems and blockchain technology promises to revolutionize
the security landscape, creating a more secure and resilient digital ecosystem.
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6 Conclusion and Future Research

In this paper, we introduced a novel framework for enhancing the security of
blockchain systems using cognitive systems. Our framework leverages the cogni-
tive engine within the cognitive process layer to monitor and analyze the status
of the blockchain layer. Acting as a sophisticated decision maker, the cognitive
engine aids in defending the blockchain layer against various attacks that can
compromise elements such as the blockchain itself, P2P networks, wallets, or
smart contracts. The framework’s versatility allows it to be applied across di-
verse blockchain systems, regardless of their consensus mechanisms or network
topologies.

To demonstrate the effectiveness of our proposed framework, we focused on
the selfish mining attack as a representative threat. Utilizing the cognitive frame-
work, we developed a reinforcement learning-based engine to counteract this spe-
cific attack, highlighting the framework’s adaptability and robustness. Our re-
sults indicate that the cognitive approach significantly enhances the blockchain’s
resilience to such adversarial actions.

Future work can expand on this foundation by incorporating more detailed
mathematical analyses, exploring defenses against a wider array of attacks, and
integrating large language models as decision makers within cognitive engines.
These advancements could further solidify the role of cognitive systems in for-
tifying blockchain security, paving the way for more intelligent and adaptive
defense mechanisms.
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