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[Abstract]

This paper proposes a reinforcement learning-based dynamic algorithm, namely Reinforcement Learning-based Proof of
Contribution Score (RL-PoCS), for validator node selection in metaverse blockchain environments. By integrating the
reinforcement learning technique of Double Deep Q-Network (DDQN) with the Proof of Contribution Score (PoCS), this algorithm
quantifies the contribution of blockchain validator nodes and dynamically selects validators based on this score to distribute
rewards. Specifically, to address the resource allocation problem in dynamic and decentralized environments such as the metaverse,
the algorithm employs a rationality index to measure the fairness between the contribution score and the actual rewards of
validators. The deviation is incorporated into the learning process, enabling fairer and more efficient validator selection. The
algorithm continuously learns and adapts to network state changes, improving the process of selecting optimal validators.
Simulation results demonstrate that the RL-PoCS algorithm effectively achieves fair reward distribution, maintains scalability and

efficiency, and optimizes decentralized validation structures within metaverse blockchain networks.
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Table 2. RL-PoCS algorithms

DQN-based
Item RL-PoCS MRL-PoS Consensus
Algorithm
Consensus Propf O.f Proof of Stake DQN-based
Mechanism Contribution (PoS) Leader
Score (PoCS) Selection
. DDQN (Double | Multi-Agent Deep
Basic Reinforcement
Algorithm Deep Learning Q-Network
Q-Network) (MARL) (DQN)
) ) Signal-to—
Validator/ _— Trustworthiness f ;
Contribution noise ratio
Leader assessment
; Score of each (SNR),
Selection based on
- node ) hardware state,
Criteria reputation table
system state
Reward Rewards or Revx(/)arl]rcg)slobcised
Reward distribution penalties based )
: . . generation
Mechanism | proportional to | on reputation .
- ) delay time and
contribution metrics .
consensus time
Fair selection of Preventing
) Leader leader
validators and ) oo
Fai selection based | monopolization
airness reward :
. L on reputation through
Maintenance distribution -
table and exploration—
based on . o
- voting exploitation
contribution
balance
Reputation— Risk of
based voting continued
Low — may result in leader
Centralization | Contribution some nodes retention, but
Risk score is the being can be
main criterion continuously prevented
selected as through
leaders exploration
Real-time Slow reputation Leader qhange
. dynamically
) evaluation of update may
Dynamic o performed
. contributions make
Adaptation . : through state
for dynamic adaptation h )
adaptation difficult evaluation via
DQN
) General Resource—
High— . )
o ) . blockchain constrained
Application dimensional .
. : based on PoS | environments
Environment | environments .
) and secure like loT
like Metaverse A
environments networks
DDQN used to Each node
Algorithm solve the independently | Optimal leader
Learning Q-value learns selection via a
Method overestimation reputation single network
problem metrics
High stability - Enhanged Minimizing
. reliability block
validators are )
System ) through leader generation
- fairly selected . X
Stability selection via delay through
based on . )
- reputation optimal leader
contribution . )
metrics selection
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. BRV AZA AR vlep o] Bae Dol T
o) PFA Fu7k EAG, 7 Fue] selmi A7

we} M3l RL-PoCSE 48letas &

Initialization: Initialize each node ¢ with: Contribution score

CSz = CSDi, Coins q = 0, Selection countSQ =0 Set

number of selected nodes: f = (N—1)/3,5= 2f+1
(according to PBFT rules)

Initialize Double DQN agent with state size /V and action
size [V Initialize replay buffer and target network

for each selected node” = 1 to & do

1. Node Selection: Sort nodes by their contribution scores
CSz Select the top.S'nodes with the highest CSl

While (Number of selected nodes < S):

Choose action G using €-greedy policy:

_ {random action, withprobabilitye
argmaxQ(s,a;f), otherwise

Add the selected node to the list

2. Reward Calculation:

foreach selected node j do

Update coins:

GGty

3 ofelgt ws}
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Increment selection count: SC<«—SC' +1 7. Target Network Update: Update target network every few
J J steps by copying weights from the main network

end for end for

3. RP Deviation Calculation: Final Output: Selection counts SC,, Coins C;, Reasonable

percentage 2P,

foreach selected node § do
1] Ze] 72 3}:

‘ e Initialization: 7} =5+ %7] 7] A, 3291 7, 44

Calculate RP deviation: f{PZ = L ‘ s AAEY, AAE == = PBFT &9 w2}

ES* Zc dejstel. DDQN dlo|HER 27|8lste] A =7]9} 3

= = T 715 st

* Node Selection: 7|9 A5 7|02 9] 2f+1 7l9]

end for L2 AAsH, -E-8 GG ALRsle] T2k =
Q #tol ARl F5& F3l ==& F7) 3

* Reward Calculation: AA¥ w==507 ]041501] vl 2|
Sk IS HA S = A Fsh, AA slgx F7A171.

e RP Deviation Calculation: Z} ==9] 7]ojx=e} BAF 7+

g o] HFAE Altste] F44S rhsict

Total RPDeviation = ZRPJ o Adjusted Reward Calculation: A RP #Hx}Z vied

=1 3t F BARS 2gsto 2 UEY Y 34948

=

* Q-Learning Update: ¥ ==52] Q 345 DDQN2.
2 Hullo|Este] HA 9 5 S 53]

Adjusted Reward = Byota _ e Replay Memory Update: 23 A& oj=z]o] Are), 3

L+ Total RPDeviation %, W Ok s Agea, FAIR AEE 55

o ghgol] ARE-SH).

» Target Network Update: WISl HEL A Q] 715X E}
A VEYAR HARste] dlo|Eshy, 5o S

for each selected node i do FAET

e Final Output: 7} =9 A7 34, g53 32, T

Calculate the Q-value update using Double DQN: A HES EEste] 7]ojmet BAF Eule] TS %

rise

NI
o

4. Adjusted Reward Calculation:

Calculate total RP deviation:

Adjust the total reward for fairness:

5. Q-Learning Update:

VPPN = R ivsrea 77 @Qs  sargmax, Q(s’,a’;0):0")
3 2% PoCSe 34433 a845 slstar, WESAY
end for Wzl WA 4§ g

6. Replay Memory Update: Store experience (state, action,
reward, next state) in memory Sample a batch of experiences
from memory

for each selected node batch do

A& ZHLe Mo =5 4%H Aol YEYIE
Update Q-values using Double DQN with the target = 2074] =T 191 HIEATE

network 7FA43h, 5000 &= Eet 4=3y3lit). ZF gle-=ult} PoCS
S ua]=S DDQN 7A8Pelse Ed] AZA =2 MAs)
end for a1, 7]e] Heel| vl BARS EaljshH, o] Fal ATA
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