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1. INTRODUCTION

Blockchain enables decentralized, secure, and transparent transactions across multiple sectors,
including finance, supply chain management, and decentralized autonomous organization (DAOs). Yet,
scalability issues persist due to the heavy computational demands of consensus mechanisms such as
proof-of-work (PoW) and proof-of-stake (PoS) [[1]. With Bitcoin and Ethereum processing only about 7 and
30 TPS compared to Visa’s 65,000 TPS [2], developing more efficient blockchain management solutions is
essential. Current scalability solutions include Layer-2 frameworks like the lightning network and plasma,
which offload transactions to secondary layers but introduce security risks and require significant architectural
changes [3]]. Another approach employs hub-based network management, where selected high-capacity nodes
improve throughput and reduce congestion [4]. However, peer-to-peer broadcasting remains inefficient since
all nodes redundantly validate and store transactions, while gas fee—based prioritization and the absence of
adaptive routing and load-balancing mechanisms further hinder performance. These challenges highlight the
necessity for Al-driven optimization to enable intelligent, real-time blockchain management.

Integrating machine learning (ML), reinforcement learning (RL), and combinatorial optimization
presents a promising solution to blockchain scalability challenges. Graph neural networks (GNNs) can
analyze transaction graphs to predict congestion, while deep reinforcement learning (DRL) optimizes hub
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placement based on dynamic traffic patterns. Coupled with mixed integer linear programming (MILP) for
precise routing optimization, this combination enables predictive, adaptive, and efficient network management,
reducing latency, enhancing scalability, and balancing computational loads. This study introduces an
Al-driven hub location optimization framework combining RL, MILP, and GNNs to enhance blockchain
scalability and efficiency. It utilizes deep Q-networks (DQN) and proximal policy optimization (PPO) for
adaptive hub allocation, a MILP model to minimize gas fees and optimize routing, and a temporal graph
convolutional networks (T-GCN) to predict congestion patterns. Compared with peer-to-peer and fixed hub
approaches, the proposed method achieves a 58.6% latency reduction, 28.9% lower gas fees, and 41.5% better
congestion control, with statistically significant results (p < 0.01). Ablation and feature analyses confirm the
complementary roles and interpretability of the framework’s components, offering a scalable and intelligent
foundation for decentralized systems such as decentralized finance (DeFi), supply chains, and smart contracts.

2. RELATED WORK

Blockchain research increasingly focuses on scalability, efficiency, and network management. Hybrid
approaches combining RL, optimization, and graph models showing promise but remaining partially integrated.
Blockchain also enhances transparency, auditability, and regulatory compliance in cryptocurrency accounting,
supporting more reliable financial reporting.

2.1. Blockchain network scalability and transaction processing strategies

The PoW consensus mechanism used in Bitcoin ensures security and decentralization but introduces
high computational costs and delays in transaction confirmation as well as scalability issues [S]. Several
approaches have been proposed to address such challenges. Layer-2 scaling solutions, such as the lightning
network for Bitcoin and plasma for Ethereum, enable off-chain transactions to alleviate congestion on the
main chain [6], [/]. Additionally, sharding techniques have been explored to partition blockchain networks
into smaller, more manageable units that process transactions in parallel [8]. While these methods improve
scalability, they introduce new challenges, including security vulnerabilities and increased network complexity.
An alternative approach involves intelligent transaction routing and network optimization, where key nodes
(hubs) play a central role in managing transaction flow and reducing congestion [9]. The hub location problem
(HLP) is a well-established combinatorial optimization challenge that seeks to determine the optimal placement
of hubs in a network to minimize cost and maximize efficiency [10]]. Recent research suggests that dynamic
hub selection based on network conditions and transaction flow can further enhance efficiency [11]. However,
existing studies have primarily focused on static hub placement, which fails to account for real-time fluctuations
in network demand.

2.2. Machine learning techniques for blockchain management

ML has been increasingly applied to blockchain systems for tasks such as fraud detection, smart
contract security, and network optimization [[12], [13]. However, ML models often require large labeled
datasets and do not adapt well to the dynamic nature of blockchain transactions. Deep learning techniques have
shown promise in forecasting blockchain transaction trends [[14]. These models can be used to predict network
congestion and transaction demand, allowing for more efficient transaction routing and resource allocation.
Despite these advancements, traditional deep learning methods do not inherently capture the graph-based
structure of blockchain transactions. As a result, GNNs have emerged as a powerful tool for analyzing
blockchain transaction data. GNNs can model transaction relationships, detect anomalies, and predict network
congestion hotspots [15]. In this research, a GNN-based transaction prediction model is integrated into the
proposed hub location optimization framework to enhance blockchain scalability and efficiency.

2.3. Reinforcement learning and graph neural networks in decentralized systems

RL has been widely used in network optimization problems, including dynamic resource allocation,
traffic management, and decentralized control systems [16]], [17]. RL-based techniques offer the advantage
of learning optimal network management policies through continuous interaction with the blockchain
environment. Unlike rule-based methods, RL models can adapt to changing transaction patterns and
dynamically adjust network parameters in real-time [[18]. Recent research has also explored the combination of
GNNs and RL for decentralized decision-making [19]. GNNs provide spatial insights into transaction behavior,
while RL enables the system to make autonomous decisions for hub selection and transaction routing. By
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integrating these techniques, this study aims to develop an adaptive hub location optimization framework that
balances transaction load, reduces congestion, and enhances blockchain efficiency. As summarized in Tablem
prior hybrid approaches have made valuable contributions by combining AI and optimization techniques.
However, they remain limited to partial integrations (e.g., RL+MILP or GNN+heuristics). Our work advances
this line of research by unifying RL for adaptive hub selection, MILP for cost-optimal routing, and GNNs for
congestion prediction, thereby addressing blockchain scalability in a holistic manner.

Table 1. Comparative benchmarking of hybrid Al-optimization models for network and hub optimization

Ref. Domain Techniques Data / scale Reported improvements Key limitations

[20] Logistics hub  RL + MILP 500-1000 nodes Cost reduction = 20% Static hub placement, no
location dynamic adaptation

211 Traffic routing ~ GNN + Heuristics Road  network  Congestion reduction ~~ No cost-optimal routing,

simulations 30% limited scalability

221 Communication RL + GNN Simulated Latency reduction =  Lacks formal optimization
networks network topology  25% (MILP)

This Blockchain RL (DQN/PPO) +  Ethereum & Latency |  58.6%, Higher computational

work networks MILP + GNN Bitcoin datasets Gas fees | 28.9%, overhead for RL/MILP

Congestion | 41.5% integration

3.  PROPOSED METHODOLOGY

This research introduces an Al-driven hub location optimization framework. The framework
integrates RL, MILP, and GNNs to enhance blockchain transaction efficiency and scalability. The interaction
between these components is summarized in Figure[I] which illustrates the workflow of the proposed system.

Reinforcement Learning

MILP Crptimizer

Architecture Components:

B input Graph (Blockehain Data) [l Gresh Convelutional Layers LSTM Temgaral Layer

B oupws Predictions dules —P Dt Flow

Figure 1. Workflow of the Al-driven hub optimization framework

3.1. Reinforcement learning-based hub selection

The hub selection problem in blockchain networks is formulated as a Markov decision process (MDP),
where an RL agent optimizes hub node placement based on real-time transaction traffic and network conditions.
The RL model is designed to optimize hub selection by representing the blockchain network as a MDP. This
formulation ensures that the agent can perceive the environment in terms of state, action, and reward, which
are the core components of RL (Algorithm [I). The state space (S) includes: transaction volume per node,
node processing power, block confirmation times, transaction fees, and congestion forecasts from the GNN.
The action space (A) consists of selecting one or more nodes as hubs. The reward function (R) assigns positive
rewards for higher throughput, reduced latency, and lower gas fees, while applying penalties for congestion or
imbalance. The RL agent is trained for 5,000 episodes using an e-greedy exploration strategy with € decaying
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from 1.0 to 0.1. Target networks are updated every 100 steps, with a replay buffer of 50,000. The Adam
optimizer is applied with learning rate 10~% and batch size 64. PPO is trained with two hidden layers (128, 64),
clip ratio 0.2, and entropy regularization. Convergence is determined when the moving average of cumulative
rewards stabilizes over 50 episodes.

Algorithm 1 RL training loop for hub selection

1: Initialize replay buffer D, networks @, Q’

2: Set o« = 10™%, batch size = 64, ¢ = 1.0 — 0.1

3: for episode = 1 to 5000 do

4:  Initialize state sg (transactions, node load, GNN predictions)

5. for each step t do

6 Choose action a; using e-greedy strategy

7: Execute hub allocation a;, observe reward r;, next state ;41
8 Store (s¢, at, re, S¢41) in buffer D

9 Update Q with Adam optimizer; every 100 steps update Q’

10:  end for
11:  Decay e gradually, check convergence criteria
12: end for

3.2. Mixed integer linear programming for transaction routing

Once hubs are selected, transaction routing optimization is performed using MILP. The objective is to
minimize routing costs (latency, gas fees, overhead) subject to hub capacity and assignment constraints.

minz Z Cinij (1)

ieN jeH

Accordingly, two constraints are defined: (1) each node is assigned to one hub (3
capacity (3, y Xij < Cy).

Then, we relax hub capacity constraints with multipliers A;, decompose the MILP into parallel
subproblems, and update multipliers using subgradient optimization (Algorithm[2). This reduces runtime while
maintaining near-optimal routing. The trade-off is that strict optimality may not be guaranteed, but efficiency
gains are critical for blockchain-scale networks.

jerr Xij = 1), and (2) hub

Algorithm 2 MILP with Lagrangian relaxation

1: Initialize multipliers A; > 0, step size 7

2: repeat

3:  Decompose MILP into routing subproblems
4:  Solve each subproblem in parallel for X;;

5. Compute violations v; = Y. X;; — C}

6:  Update multipliers: \; < max(0, A\; + nv;)
7: until convergence

8: Return near-optimal X;; with multipliers \;

3.3. Graph neural networks for transaction flow prediction

We model the blockchain as a temporal graph G = (V| E, T'), where nodes are addresses, edges are
transactions, and 7' encodes block timestamps. Features include transaction volume, fees, node degree, and
temporal clustering. The architecture of the T-GCN consists of two graph layers (64 units each) + long term
short memory (LSTM) (128 units), dropout 0.3. Trained for 200 epochs with Adam (5 x 10~%), batch size 64,
using mean squared error (MSE) loss and early stopping.
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4. EXPERIMENTAL SETUP AND DATASET
4.1. Blockchain datasets

To evaluate the proposed Al-driven hub location optimization framework, we utilize publicly available
blockchain transaction datasets from the Ethereum and Bitcoin networks:

i) Ethereum dataset: we utilize the Ethereum transaction dataset from the Etherscan API and the BigQuery
Ethereum dataset [23], [24]. These datasets contain detailed Ethereum blockchain transactions,
including:

— Transaction hashes, sender and receiver addresses
— Gas fees, gas limits, and base fees
— Smart contract interactions and ERC-20 token transfers
— Block timestamps and miner details
ii) Bitcoin dataset: the Bitcoin transaction data is obtained from the Bitcoin blockchain data repository and
the Kaggle Bitcoin dataset [25]], [26]. These datasets provide:
— Bitcoin transaction records, including sender and receiver addresses
— Transaction sizes, input/output values, and mining fees
— Block confirmation times and mempool waiting periods
— Unspent transaction output (UTXO) analysis for scalability assessment

4.2. Feature engineering
The following key features are extracted to capture essential transaction patterns and optimize

blockchain transaction efficiency:

— Transaction volume per block (Tp;.cx ): measures the number of transactions processed within a single block.
This feature directly relates to throughput and is critical for assessing scalability.

— Average transaction confirmation time (7., f”m): calculates the mean time taken for transactions to be
validated and recorded. It reflects latency, a key performance indicator for user experience.

— Gas price and transaction fee fluctuations (Fy,): tracks the variability in transaction costs over time. High
volatility in gas fees provides signals for congestion forecasting.

— Degree centrality of transaction nodes (Dcentraiity): determines the influence of nodes based on the number
of transactions they process. Central nodes are more likely to become hubs.

— Temporal transaction clustering patterns (C’tempoml): identifies repeating transaction behaviors over specific
intervals. These patterns capture diurnal and cyclical demand shifts impacting network load.

4.3. Simulation environment and hardware specifications

The Al-driven blockchain management system is evaluated based on the following software and
hardware specifications:
— PyTorch: used for deep learning model development.
NetworkX: facilitates graph-based transaction network processing.
Gurobi: handles MILP-based optimization for transaction routing.
CPU: Intel Xeon Silver 4214 (2.2 GHz, 12 cores)
GPU: NVIDIA RTX 3090 (24 GB VRAM)
— RAM: 128 GB DDR4
— Storage: 4 TB SSD

Additionally, the Ethereum blockchain emulator (Ganache) is used to simulate transaction execution,
measure real-world transaction costs, and validate the effectiveness of the proposed hub optimization
framework. This emulator provides a controlled environment to test the optimization strategies before
validating them against real blockchain traces.

5. RESULTS AND PERFORMANCE EVALUATION
5.1. Evaluation metrics

To assess the effectiveness of the proposed Al-driven hub location optimization framework, we utilize
the following key performance metrics:
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— Transaction latency (TL): measures the average time taken for transactions to be confirmed, defined as:

N

1
TL = N Zl(Tconfirm,i - Tsubmit,i) (2)

where 1o irm 18 the timestamp of block confirmation, and Ty pmg¢ s the transaction submission time.
— Gas fee optimization (GFO): quantifies the reduction in gas fees achieved by Al-driven hub selection
compared to traditional blockchain routing:

F aseline — Fo imize
GFO = el ptmized o 100% 3)
Fbaseline

where Fy,scline 18 the average gas fee before optimization, and Fp¢imizeq 1s the gas fee after optimization.
— Network congestion reduction (NCR): evaluates the efficiency of the hub selection process in reducing
network congestion, defined as:

NCR= L 1 = Teongesteds | | 1009 )
|H‘ . Ttotal. ]
jEH 7

where Ttongested,j represents the number of delayed transactions at hub 7, and T¢q1,; is the total transactions
processed by hub j.

5.2. Benchmarking against additional baselines

To provide a stronger comparative perspective, we evaluated the proposed RL-MILP-GNN
framework against additional baselines including static hub placement, greedy routing, and traditional
blockchain scaling methods (e.g., layer-2 solutions and sharding). Table [2| presents the results. The proposed
framework consistently outperforms these methods, reducing latency by 36.5% relative to static placement and
improving congestion control by 29.4% compared to greedy routing.

Table 2. Performance benchmarking against baseline strategies

Model Latency (sec.) GFO (%) Congestion reduction (%)
Static hub placement 8.3 15.2 22.1
Greedy routing 7.5 18.4 28.7
Traditional layer-2 / sharding 6.9 20.6 31.2
Proposed RL-MILP-GNN 5.3 28.9 41.5

5.3. Sensitivity analysis and robustness testing
To evaluate the robustness of the Al-driven hub selection model, we tested its performance under
varying transaction loads. Figure [2]illustrates transaction latency trends across different network conditions.
Key findings from the robustness analysis include:
— The RL-based hub selection dynamically adjusts to network congestion, ensuring minimal transaction delay.
— Performance remains stable even under 200% increased transaction volume, confirming the model’s
scalability.
— The MILP-based transaction routing effectively distributes workload across hubs, preventing network
bottlenecks.

5.4. Hub workload distribution

To assess workload balancing efficiency, we computed the variance in workload across hubs. Table 3]
presents workload variance under different transaction loads. Figure [3] visualizes workload distribution
across scenarios. These results confirm that the framework maintains balanced workload distribution in most
conditions, with slight variance increases under extreme transaction loads.
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Figure 2. Sensitivity analysis of Al-driven hub selection under varying transaction loads

Table 3. Workload variance across hubs
Transaction volume scenario  Average workload variance
Low volume (50%) 2.15
Standard volume (Baseline) 1.47
High volume (200%) 3.02
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Figure 3. Workload distribution across hubs for different transaction volumes

5.5. Scalability analysis

To assess system scalability, we tested the framework under increasing transaction loads (50%, 100%,
and 200%). Table [] presents the performance results. While the framework efficiently handles standard loads,
performance degrades under extreme transaction volumes (200%), highlighting opportunities for adaptive
resource scaling. These trends are visualized in Figure[d] which illustrates the relationship between transaction
load, latency, and throughput. Notably, latency increases sharply at 200% load, while throughput drops
significantly, confirming the need for dynamic resource optimization under high demand.
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Table 4. Scalability test results
Transaction load  latency (sec.)  Throughput (TPS)  Resource utilization (%)

Low (50%) 42 1200 453
Standard (100%) 6.8 950 68.1
High (200%) 125 720 914
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Figure 4. Scalability test results showing transaction latency and throughput

5.6. Energy efficiency analysis

The Al-driven hub optimization framework achieved a substantial reduction in energy consumption,
demonstrating its efficiency beyond just performance metrics. This energy efficiency was quantified using the
fundamental equation £ = P x T, where F is energy (kWh), P is the measured power draw (W), and 7' is
the total transaction processing time (s). The results, presented in Table [5} confirm that the optimized system
lowered energy usage to 3.2 kWh, a 40.7% decrease compared to the 5.4 kWh consumed by the traditional
baseline.

Table 5. Energy consumption comparison

Scenario Power (W)  Energy consumption (kWh)
Baseline (traditional) 1800 5.4
Al-optimized hub selection 1200 32

5.7. Statistical significance testing

To validate the robustness of the proposed framework, we applied non-parametric statistical tests
across all baseline and comparative models. A Friedman rank test was first conducted to assess overall
differences, followed by pairwise Wilcoxon signed-rank tests with Bonferroni correction. The results
confirm that the proposed Al-driven framework achieves statistically significant improvements (p < 0.01)
in transaction latency, gas fee optimization, and congestion reduction compared to both peer-to-peer baselines
and fixed hub selection models. This provides strong evidence that the reported improvements are not due to
random variation.

5.8. Feature impact analysis

Finally, we analyzed the impact of input features on model predictions using Shapley additive
explanations (SHAP) values. The results show that transaction volume per block (T3;,.,) and gas fee
fluctuations (Fy,s) are the most influential predictors of hub selection and routing performance. Degree
centrality (Dcentrality) and temporal clustering patterns (Cemporal) also contribute, but with lower relative
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importance. This feature impact analysis provides interpretable insights into the drivers of scalability in
blockchain networks, strengthening the transparency and interpretability of the proposed Al-driven framework.

6. CONCLUSION AND FUTURE WORK

This study introduces a novel Al-driven framework that unifies RL, MILP, and GNNS to significantly
enhance blockchain scalability, achieving notable reductions in transaction latency, gas fees, and network
congestion through dynamic hub selection, optimized routing, and predictive congestion management.
However, the framework faces limitations, including high computational demands, partial centralization risks,
and assumptions about network stability and hub capacity. Future work will therefore focus on enhancing
adaptability through meta-learning, integrating with layer-2 solutions, and validating the approach across
diverse blockchain platforms and real-world applications like DeFi and DAOs to advance the development
of more intelligent and scalable decentralized systems.
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