
IEEE TRANSACTIONS ON MOBILE COMPUTING, VOL. 25, NO. 9, SEPTEMBER 2026 14719
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Abstract—Blockchain-enabled mobile edge computing (MEC)
must jointly optimize task offloading and consensus finality under
highly heterogeneous AIoT devices, where latency/energy con-
straints and fairness-sensitive incentives coexist with time-varying
validator reliability. We propose FE-CTDE, a unified framework
that couples (1) a Stackelberg pricing-and-allocation layer that
reaches a unique equilibrium and reduces utility disparity, (2)
a reliability-aware dynamic BFT committee and block-packing
mechanism that stabilizes confirmation delay under intermit-
tent connectivity, and (3) a centralized-training/decentralized-
execution multi-agent policy that outputs a continuous offloading
ratio while requiring only local observations at run time. Extensive
simulations across diverse heterogeneity, workload burstiness, and
link intermittency show that FE-CTDE consistently improves so-
cial welfare and fairness while reducing end-to-end latency/energy
and sustaining higher effective consensus throughput, outperform-
ing strong baselines by up to 22.23%. We further report proto-
col/learning overheads and provide reproducible implementation
details.

Index Terms—Mobile edge computing, blockchain, task off-
loading, consensus optimization, fair resource allocation.

I. INTRODUCTION

A. Motivation

THE accelerating proliferation of AIoT devices across smart
urban infrastructure, industrial automation lines, coop-

erative vehicular environments, and safetycritical monitoring
is pushing computation, data fusion, trust management, and
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AUTHENTICATION PRIMITIVES IN LDPBFT PHASES

privacy enforcement ever closer to end devices [1], [2], [3]. MEC
supplies proximity processing that trims roundtrip delay and
alleviates core network pressure, while blockchain contributes
auditability, tamper resistance, and decentralized trust in mul-
tistakeholder environments where parties neither fully trust nor
wish to surrender control to a single coordinator [4], [5]. Their
convergence, hereafter referred to as blockchainenabled MEC,
offers a compelling paradigm for lowlatency, accountable, and
privacypreserving AIoT services under heterogeneous wireless
links and rapidly fluctuating AD capabilities [6], [7].

Within this paradigm two tightly coupled decision layers
dominate endtoend performance. The first is task offloading:
deciding how to partition finegrained computational demand
between constrained devices and edge servers so as to balance
latency, energy consumption, and Quality of Service (QoS) [8].
The second is blockchain consensus: determining which nodes
validate, order, and commit offloaded task metadata and incen-
tive transactions, thereby shaping system throughput, confirma-
tion delay, and security level [9], [10]. Misalignment between
these layers is costly. Aggressive offloading when consensus
capacity is temporarily saturated creates backlog, elevated con-
firmation delay, and wasted transmission energy. Overly con-
servative offloading despite unused trustworthy consensus and
edge compute capacity squanders potential latency and energy
savings for delaysensitive perception or control loops.

A rich body of work has advanced individual components.
Optimization and heuristic approaches address latency and en-
ergy tradeoffs for (often binary) offloading under simplified or
quasistatic assumptions [11]. Blockchain has been integrated
to replace centralized brokers, usually via fixed PBFT commit-
tees that provide deterministic finality at moderate scale [12].
Learningbased schedulers exploit experiencedriven adaptation,
although many retain assumptions of global observability or
centralized controllers for state aggregation [13]. Incentive or
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pricing heuristics have been introduced to encourage participa-
tion and cost sharing, yet frequently adopt uniform tariffs or
coarse reward sharing [14]. These strands deliver foundational
gains in responsiveness, trust establishment, adaptability, or
incentive alignment in isolation. However, they remain frag-
mented, and holistic fairnessaware coordination of offloading
and consensus under realistic heterogeneity is still immature.

As deployments scale and heterogeneity deepens, four inter-
locking challenges emerge:

1) Centralized optimization versus decentralized operabil-
ity: Designs requiring central controllers or global state
snapshots introduce control traffic bursts, decision stale-
ness from propagation delay, and aggregation bottlenecks.
In dynamic wireless channels with bursty arrivals, stale-
ness triggers oscillatory offloading that inflates queueing
delay and drains battery energy.

2) Static consensus membership ignoring temporal hetero-
geneity: Fixed PBFT committees or greedy resource-
based selection ignore transient CPU depletion, con-
tention, or connectivity loss. Retaining underperforming
validators elongates commit latency; purely resource-
driven selection narrows diversity and may weaken Byzan-
tine fault tolerance.

3) Absent incentive-compatible pricing undermining fair-
ness: Assuming altruistic servers or uniform tariffs ne-
glects heterogeneous valuations of latency and energy sav-
ings. Without differentiated, strategy-proof compensation,
low-value tasks may be over-subsidized while high-impact
tasks starve, driving inefficiency, elevated utility disparity
(high Gini), and strategic misreporting.

4) Coarse offloading granularity constraining efficiency:
Treating tasks as indivisible (all-local or all-edge) forfeits
intermediate partitioning (e.g., local feature extraction
with edge inference) that amortizes transmission cost un-
der moderate bandwidth. Coarse granularity causes con-
gestion bursts when large tasks transfer during rate dips,
swelling consensus backlog and confirmation delay.

If left unresolved, these challenges form a reinforcing degra-
dation loop. Inequitable rewards (C3) drive validator attrition,
shrinking the pool and weakening Byzantine fault tolerance.
This exacerbates static membership limitations (C2), making
committees less diverse and more vulnerable to collusion. Static
consensus (C2) compounds confirmation delays under overload,
nullifying offloading benefits and forcing energy-intensive local
execution despite available edge capacity. Coarse partitioning
(C4) creates bursty transmissions that congest channels during
rate dips, saturating consensus backlogs. Centralized controllers
(C1) rely on stale state snapshots, triggering oscillatory offload-
ing that inflates queueing delay and wastes energy on retransmis-
sions. Each inefficiency amplifies the others: validator loss from
C3 worsens consensus delay from C2, which increases local
execution from binary offloading in C4, while stale decisions
from C1 exacerbate all effects.

Consequently there is a pressing need for a fair,
resourceadaptive, and decentralizationconsistent joint decision
paradigm. Such a paradigm must operate with limited
local observability, dynamically tailor consensus committee

composition and block packing to temporal heterogeneity,
embed incentivecompatible pricing aligning individual and
system welfare, and support refined continuous offloading
granularity. Only by resolving these friction points in a
coordinated manner can blockchainenabled MEC deliver
resilient, secure, and highefficiency services at scale.

B. Our Contributions

Targeting the four challenges (C1 centralized dependence,
C2 static consensus membership, C3 absent incentivecompat-
ible pricing, C4 coarse offloading granularity), we develop
an algorithmic integration framework coordinating economic
incentives, consensus adaptation, computational control, and
decentralized learning. Our contribution lies in demonstrating
how crosslayer codesign yields performance and fairness gains
beyond componentwise optimization.

Conceptual Contributions. Unified crosslayer modeling (ad-
dresses C1–C4 jointly): We formulate a joint optimization prob-
lem (Section III) coupling MEC utility, heterogeneous AD
valuations, and consensus metrics. Explicitly modeling interde-
pendencies among pricing, resource allocation, consensus, and
offloading exposes latencyenergythroughputfairness tradeoffs
that siloed approaches miss.

Methodological Contributions:
1) S-RAP mechanism (targets C3): Derives closedform equi-

librium allocations and payments aligning individual in-
centives with system welfare (Section IV), addressing
gaps left by heuristic pricing in prior blockchainenabled
MEC work.

2) LD-PBFT protocol (targets C2): Dynamically reselects
validators and tunes block capacity based on realtime
resource availability and reliability (Section III), reducing
latency and sustaining throughput.

3) Continuous offloading (targets C4): Continuous partition
ratio xn ∈ (0, 1) enables smooth exploration of interme-
diate collaboration points (Section III-D), yielding dispro-
portionate gains in load smoothing and energy efficiency
without prohibitive exploration costs.

4) Fair CTDE coordination (addresses C1 with C2–C4):
Trains MATD3 centrally, deploys decentrally with SRAP
providing realtime pricing guidance (Section V). Exter-
nalizing pricing to a gametheoretic mechanism achieves
both provable equilibrium and runtime decentralization,
avoiding global state aggregation bottlenecks.

Performance-Related Contributions. Empirical valida-
tion: Theoretical analysis (Section IV-B) and experiments
(Section VI) demonstrate simultaneous gains: MEC utility
(+352.43%), AD utility (+5.49%), fairness (Gini -95.99%),
latency (-22.23%), energy (-19.06%), consensus throughput
(+100.3%). Key insight: in blockchainenabled MEC, codesign
yields performance ceilings unattainable through modular op-
timization. FECTDE serves as an integration template for fair-
nessaware, resourceadaptive edge intelligence.

The remainder of this paper is organized as follows. Section II
surveys related work and situates our study within existing
task offloading, blockchainenabled MEC, PBFT adaptation,
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and joint optimization research. Section III presents the
system model and unified problem formulation. Section IV
details the S-RAP mechanism. Section V describes the
learning framework, including the centralized training and
decentralized execution (CTDE) MATD3 policy and refined
continuous offloading action. Section VI reports extensive
experimental evaluation. Section VII concludes the paper and
outlines future research directions. To facilitate reading, a
comprehensive abbreviation reference table is provided in
the supplementary material (Section I, Table I).

II. RELATED WORK

We group prior studies into four coherent strata: (1) task
offloading methods, (2) blockchain enabled MEC architectures
with incentive and security enhancements, (3) PBFT based
consensus within MEC, and (4) joint optimization of offloading
and consensus.

A. Task Offloading Methods

Foundational work adopted combinatorial optimization and
mathematical programming to minimize latency and energy
under deadline, mobility, or resource constraints in UAV as-
sisted, vehicular, and heterogeneous edge settings [3], [12], [13],
[14], [15], [16], [17], [18]. Metaheuristics and decomposition
schemes improved tractability, yet most rely on quasi static
parameter knowledge (channel gain distributions, task arrival
statistics, residual battery) and require frequent re solving when
conditions shift. In dense AIoT deployments with fast temporal
variation this recalculation burden causes decision staleness
and escalates control overhead, impeding scalable decentralized
operation.

To enhance adaptivity, single agent deep reinforcement learn-
ing (DRL) approaches have been proposed for dynamic of-
floading, power control, and resource allocation [19], [20], [21],
[22], [23], [24], [25], [26], [27]. Representative works include
deep reinforcement learning with transfer-learning-initialized
Q-tables for partial offloading under network dynamics [26],
and lightweight Q-learning with CNN-based state compression
deployed across IoT devices and edge platforms [27]. These
methods reduce dependence on explicit analytical models and
can track nonstationary environments. Nevertheless, many still
aggregate rich global state at a central learner or parameter
server. This introduces communication load, synchronization
delay, and vulnerability to single point failure. Further, the
offloading action is frequently encoded as a binary local versus
edge decision, limiting the exploitation of partial task partition-
ing that could smooth traffic and energy usage under intermedi-
ate bandwidth or compute headroom conditions.

Multi-agent DRL (MADRL) methods advance decentraliza-
tion by modeling interacting devices or hierarchical layers [28],
[29], [30], [31], [32]. However, in numerous implementations
either full global observability is retained during execution
(through shared replay buffers or synchronized parameter broad-
casts) or the action abstraction remains binary. Thus latent
centralization persists and fine grained collaborative efficiency

remains unrealized. Additionally, economic incentives and pric-
ing fairness are usually exogenous or implicit, with edge servers
assumed altruistic; this can encourage strategic behavior or
under provisioning once heterogeneous valuations dominate.

B. Blockchain Enabled MEC Systems

Blockchain integration has been explored to strengthen trust,
integrity, provenance, and auditable resource usage in MEC
ecosystems. Smart contracts enforce secure trading or access
control, and distributed ledgers provide tamper evidence for
offloaded computation and data sharing [33], [34], [35], [36],
[37]. Recent work integrates blockchain-based access control
with DRL offloading across IoT-fog-cloud tiers, supporting both
online and offline operation modes [38]. These frameworks
mitigate single point manipulation and support accountable
collaboration. Yet most either fix or implicitly assume the set of
resource providers and often treat MEC servers as unconditional
contributors without explicit compensation models. Uniform or
heuristic pricing can foster adverse selection where low benefit
tasks dominate edge compute while high value latency sensitive
tasks experience delay, increasing welfare loss and widening
utility disparity. Moreover, offloading strategies embedded in
these systems commonly remain coarse (all local or all edge),
leaving intermediate partition opportunities unexploited. Sev-
eral designs also retain centralized orchestration elements for
resource registry updates or contract deployment, reintroducing
coordination bottlenecks.

C. PBFT in Blockchain Enabled MEC

Practical Byzantine Fault Tolerance (PBFT) and its deriva-
tives are widely adopted in permissioned edge contexts for
deterministic finality and bounded latency [39], [40], [41], [42].
Existing MEC oriented deployments typically preconfigure the
committee (primary and replicas) and keep membership static
over extended intervals. Although such designs ensure integrity
against a bounded number of faulty nodes, they rarely incor-
porate temporally varying CPU availability, reliability scores,
or intermittent connectivity into dynamic rotation policies. Per-
sistently retaining under-performing validators elongates the
prepare and commit phases, increasing confirmation delay and
risking throughput collapse under task bursts. Conversely, naive
greedy selection of only the highest resource nodes decreases
diversity and may amplify collusion risk or perceived unfairness.
Block packing (number of transactions per block) is similarly
seldom adapted to short term workload or resource fluctuations,
limiting elasticity and potentially creating mismatches between
consensus throughput and offloading arrival patterns.

D. Joint Task Offloading and Consensus Optimization

A growing line of research addresses the coupled latency and
energy components of offloading and consensus together, often
formulating composite objective functions solved via meta-
heuristics, reinforcement learning, or evolutionary search [43],
[44], [45], [46], [47]. These studies recognize cross layer in-
teractions: offloading surges influence block filling delay and
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consensus backlog, while consensus bottlenecks delay confir-
mation of offloading related transactions. However, most joint
formulations inherit one or more earlier simplifications. Many
retain centralized state aggregation or global synchrony, limiting
decentralized scalability. Committee membership is often fixed
or selected by static heuristics without integrating dynamic
reliability and resource metrics. Incentive compatible pricing is
typically absent, so resource allocation can become inefficient
or unfair under heterogeneous valuations. Offloading decisions
remain binary, constraining the attainable Pareto frontier by
excluding intermediate partition ratios that could simultaneously
moderate consensus load and reduce AD energy consumption.
As a result, performance and fairness improvements plateau
before reaching their domain potential.

E. Comparison With Recent Representative Systems

While existing research has made progress across op-
timization methods (controlled latency-energy tradeoffs),
DRL/MADRL (adaptivity), blockchain integration (trust), and
PBFT (deterministic finality), their residual limitations are mu-
tually reinforcing. Four key gaps persist: (1) centralized or glob-
ally synchronized decision logic creates bottlenecks in dynamic
wireless environments; (2) static committee membership and
fixed block packing elongate confirmation latency under re-
source variation; (3) absent incentive-compatible pricing distorts
allocation and encourages misreporting; (4) binary offloading
granularity prevents smooth load balancing, exacerbating trans-
mission spikes during rate dips. These factors trigger compound-
ing degradation where delayed consensus magnifies offloading
variance, unfair compensation reduces provisioning, and coarse
partitioning wastes capacity while amplifying failure risk.

The Integration Imperative: The key insight driving our work
is that these mechanisms cannot be optimized independently
without sacrificing system-wide efficiency and fairness. The
challenge lies in creating a unified integration framework where
economic equilibrium, consensus adaptation, and learning-
based offloading operate in synergy. This necessity stems from
three critical interdependencies:

1) Economic Preconditioning of Learning Environments:
Traditional MADRL assumes altruistic servers or exogenous
pricing, creating misaligned incentives between edge servers
and devices. Our S-RAP mechanism embeds game-theoretic
resource allocation before offloading decisions to establish fair
pricing and resource allocation between edge servers and de-
vices, ensuring mutual benefit and equitable utility distribution
rather than relying on ad-hoc reward shaping or artificial utility
functions.

2) Consensus-Offloading Feedback Loops: Existing joint
optimization treats consensus capacity as fixed, ignoring how
offloading bursts influence transaction backlogs while consensus
bottlenecks affect offloading viability. Our LD-PBFT closes this
loop by adaptively tuning validator selection and block packing
based on real-time offloading patterns.

3) Decentralization-Fairness Trade-Offs: Prior frameworks
sacrifice either decentralized execution (through global state
dependencies) or fairness guarantees (through heuristic

Fig. 1. FECTDE framework for a blockchainenabled MEC system.

allocation). Our CTDE approach with equilibrium-guided poli-
cies achieves runtime decentralization while maintaining prov-
able fairness properties.

This integrated perspective motivates the FE-CTDE archi-
tecture in Section III, where interdependencies among pricing,
resource allocation, consensus dynamics, and adaptive offload-
ing are explicitly addressed. (A comprehensive synthesis of
research streams and residual limitations across these di-
mensions is provided in Section II of the supplementary
material (Table II)).

F. Positioning of Our Work

The primary contribution of our work lies not in the individual
algorithmic components—Stackelberg games, PBFT variants,
continuous action spaces, and multi-agent reinforcement learn-
ing are all established techniques—but in their principled inte-
gration to address the compounded inefficiencies that emerge
when these mechanisms operate in isolation. Prior blockchain-
enabled MEC systems treat economic incentives, consensus
protocols, and offloading policies as separable optimization
problems, leading to suboptimal equilibria where improvements
in one layer are offset by degradations in others.

III. FE-CTDE FRAMEWORK FOR BLOCKCHAIN-ENABLED

MEC

In blockchain-enabled MEC, task offloading and consensus
finality are tightly coupled under heterogeneous compute, links,
and validator reliability, so optimizing either layer alone can am-
plify delay, energy waste, and unfairness; FE-CTDE stabilizes
the analytically tractable parts (pricing/allocation and consensus
timing) while letting the adaptive part (continuous offloading)
learn within these signals, then specifies the actors and workflow,
derives computation/consensus cost models, and formulates a
unified objective that makes the cross-layer trade-offs explicit.

A. Network Model

Fig. 1 sketches the operational environment, which contains
heterogeneous AIoT devices (ADs), MEC servers, and smart
contracts that reside on a permission-ed blockchain. Let N =
{1, 2, . . . , N} denote the set of ADs. In each time slot t, AD
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n ∈ N receives a job Ln = (sn, cn, τn), where sn is the input
size in bits, cn is the required CPU cycles per bit, and τn is
the latency deadline. All ADs participate in the ledger; those
that meet the eligibility rules validate and commit taskoffloading
transactions. The four core entities are described below.
� AIoT Devices: Each AD publishes a resource vector Yn =
(fn, vn, bn, rn), which records its local CPU frequency fn,
current up-link rate vn, residual battery budget bn, and CPU
cycles rn reserved for consensus. A reliability index kn ∈
[0, 1] summarizes longterm connectivity and fault history;
higher values improve the chance of being elected as a
validator. In production deployments, kn is maintained via
an exponentially weighted moving average (EWMA) of
successful consensus participations, managed by a rep-
utation smart contract to ensure temporal continuity and
tamper resistance.1

� Smart Contracts: Every AD hosts a selfexecuting contract
that embeds a pretrained reinforcement learning agent. On
task arrival the contract decides the offloading ratio using
only local observations and settles payments at the prices
broadcast by the MEC server.

� MEC Servers: Edge servers execute two duties. First, they
train all reinforcement learning agents with global infor-
mation and redistribute the converged policies to the ADs.
Second, they process the offloaded workload they receive
and return the results within each task’s QoS requirement.

� Blockchain Layer: ADs and servers jointly maintain a
permissioned ledger protected by the LDPBFT protocol.
At every consensus round the protocol evaluates resource
availability and reliability scores, elects one primary and
M−1 replica validators, and adjusts block size so that
consensus throughput tracks current traffic.

This hierarchical yet decentralized design aligns economic
incentives, computation scheduling, and consensus formation
without continued dependence on a global controller.

FE-CTDE cleanly separates roles while preseving cross-layer
coupling. Next we summarize the per-slot on-chain workflow
that coordinates these roles.

B. Operational Workflow of FE-CTDE

Fig. 2 illustrates the end-to-end workflow. The FECTDE
framework operates in two phases: an offline training phase and
a runtime execution phase with four tightly coupled stages:

1) Centralized Policy Training (Offline): Using globally ob-
served network snapshots, the MEC server trains an
MATD3 model. After convergence, the distilled param-
eters are embedded into the smart contracts of all ADs.

2) Task Arrival & Offloading Request (Runtime): Upon re-
ceiving a job Ln = (sn, cn, τn), ADn publishes its re-
source state and workload characteristics, initiating the
offloading decision process.

1For analytical tractability in our simulations, we approximate dynamic
reliability fluctuations by uniformly sampling kn from [0.0, 1.0] each epoch,
isolating the impact of our core mechanisms without introducing additional
reputation-tracking complexity. This randomized model preserves heterogeneity
while ensuring reproducibility across experiments.

Fig. 2. End-to-end workflow of FE-CTDE. Centralized training is used offline;
at run time, each device executes with local observations, while consensus
finality feedback closes the loop.

3) Price & Resource Negotiation via SRAP (Runtime): At
the start of every time slot, MEC servers and ADs execute
the SRAP protocol. The MEC server computes equilib-
rium allocations {F ∗n} and broadcasts prices {TK∗n} in a
manner that is both incentivecompatible and provably fair.

4) Decentralized Offloading Decision (Runtime): With the
SRAP pricing and resource allocation in hand, ADn in-
vokes its local smart contract to compute an offloading
ratio xn based solely on local observations. The fraction
xnLn is transmitted to the edge and billed automatically,
while (1− xn)Ln is executed locally.

5) Dynamic Consensus Formation (Runtime): At the end of
each epoch t, the LDPBFT routine reelects one primary
and M−1 replica validators using the latest reliability
scores kn and available consensus cycles rn. Transaction-
packing size ϕ is tuned adaptively, and the PBFT phases
proceed until the block reaches finality.

Algorithm 1 presents the master control loop that or-
chestrates the interplay among economic negotiation (Algo-
rithm 2), centralized policy training (Algorithm 3), decentralized
offloading inference (Algorithm 4), and dynamic consensus
adaptation (Algorithm 5). This highlevel abstraction clarifies the
separation between offline training and runtime execution, and
highlights how finality feedback stabilizes pricing and resource
allocation in subsequent epochs.

A comprehensive list of notation is provided in Section III-
A of the supplementary material (Table III).

FE-CTDE executes as a four-stage loop: S-RAP pric-
ing/allocation, CTDE training, local offloading, and LD-PBFT
consensus adaptation. Next we quantify LD-PBFT timing to
connect consensus delay with offloading decisions.

C. LD-PBFT Consensus Model

LDPBFT reconciles two often conflicting goals in edgehosted
blockchains—high throughput and strict reliability—by electing
validators on the fly and tuning block size on demand. In every
consensus epoch, one primary AD forges the candidate block,
while M−1 replicas validate it; the remaining ADs simply
append the finalized block to their local ledgers.

Distinct from static PBFT variants, LDPBFT refreshes valida-
tor membership using realtime CPU availability rn and reliabil-
ity scores kn. It then computes a transactionpacking size ϕ that
maximizes confirmedtransactionspersecond without breaching
latency guarantees. The full protocol unfolds in six phases.
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Algorithm 1: FE-CTDE Master Control Loop.

1: Input: Network parameters {αn, pn, fn, vn, bn, rn, kn},
task arrivals {Ln}

2: Output: Offloading decisions {xn}, consensus results
with finality

3: Phase I: Offline Training
4: Execute Algorithm 2 (MATD3 Training) with global

state
5: Distribute trained policies {ψ∗n} to all AD smart

contracts
6: Phase II: Runtime Execution (per time slot t)
7: for each epoch t = 1, 2, . . . do
8: Step 1: Economic Layer
9: Execute Algorithm 1 (S-RAP)→ obtain

{F ∗n, TK∗n}
10: Step 2: Offloading Layer
11: for all AD n ∈ N do
12: Execute Algorithm 3 (Task Offloading) with local

sn(t)
13: → determine offloading ratio xn(t), compute

Tn, En
14: end for
15: Step 3: Consensus Layer
16: Execute Algorithm 4 (Consensus Adaptation) with

committee size M
17: → select validators N (t), tune block size {ϕn(t)}
18: Run LD-PBFT phases, achieve finality with delay TC

19: end for
20: return Stabilized offloading-consensus equilibrium

1) Cryptographic Primitives and Trust Model: To ensure
nonrepudiation of transactions while maintaining efficient in-
tervalidator communication, LDPBFT employs a hybrid au-
thentication scheme: (i) each transaction carries a digital signa-
ture from its originator, incurring βgen

sig CPU cycles to generate
and βver

sig cycles to verify; (ii) protocol messages exchanged
among validators use symmetric Message Authentication Codes
(MACs), requiring βgen

mac cycles to generate and βver
mac cycles to

verify. This design balances accountability (transactions remain
auditable) with throughput (validator messages avoid expensive
publickey operations). Table I summarizes the authentication
primitives used in each phase.

2) Consensus Node Selection: Before each round, the con-
tract nominates one primary and M−1 replicas from the AD
pool N according to their spare cycles rn. Owing to PBFT’s
fault tolerance, the system endures up to f = �(M − 1)/3�
Byzantine failures. By maintaining a fixed committee size M ,
LDPBFT preserves this guarantee even though membership
changes dynamically.

3) Request Phase: The primary assembles ϕ unverified
transactions, sorts them by timestamp, and verifies each transac-
tion’s digital signature (costing βver

sig cycles). The computational
cost is thus

cprim
1 = ϕβver

sig . (1)

4) Pre-Prepare Phase: The primary broadcasts the block of
ϕ transactions plus a preprepare protocol message, attaching one
MAC per replica (totalM−1 MACs at βgen

mac each). Each replica
then verifies the header MAC and all ϕ transaction signatures:

cprim
2 = (M − 1)βgen

mac, (2)

crep
1 = βver

mac + ϕβver
sig . (3)

5) Prepare Phase: Upon successful verification, each replica
multi-casts a prepare message with MACs to all other validators.
Progression to the next stage requires 2f matching prepares. The
corresponding costs are

cprim
3 = 2fβver

mac, (4)

crep
2 = (M − 1)βgen

mac + 2fβver
mac. (5)

6) Commit Phase: All validators issue a commit message
after collecting 2f matching prepares. Both primary and replicas
must verify 2f incoming MACs and generate M−1 outgoing
MACs:

cprim
4 = crep

3 = (M − 1)βgen
mac + 2fβver

mac. (6)

7) Reply Phase: Once a validator receives 2f matching com-
mits, the block attains finality. Each validator then sends a reply
with an attached MAC to ordinary nodes. ADs update their
ledgers after gathering f + 1 valid replies:

cprim
5 = crep

4 = βgen
mac. (7)

Validator Latency Let rn denote the CPU cycles reserved by
ADn for consensus. The compute latency for the primary and
replicas is

TCprim =
cprim
1 + cprim

2 + cprim
3 + cprim

4 + cprim
5

rn
, (8)

TCrep =
crep
1 + crep

2 + crep
3 + crep

4

rn
, (9)

and the epoch’s consensus delay is governed by the slower role:

TC = max
{
TCprim, T

C
rep

}
. (10)

Interpretation: The round delay is governed by the slow-
est validator role; dynamic selection prioritizes high available
consensus cycles rn and stable reliability kn to reduce this
bottleneck.)

By coupling adaptive validator rotation with onthefly block
sizing, LDPBFT achieves high transaction throughput while
keeping latency within stringent MEC budgets.

LD-PBFT turns validator heterogeneity into an explicit la-
tency bound TC . Next we model partial task offloading so the
policy can trade off local cost against edge and consensus load.

D. Task Offloading Model

Given the quality of service tuple Ln = (sn, cn, τn) that
specifies the input size sn, the required CPU cycles per bit cn,
and the strict deadline τn, ADn must determine what portion
of the task should be processed at the edge. Let xn ∈ (0, 1)
denote this decision, where the fraction xn is offloaded to the
MEC server and the remaining 1− xn is executed locally. The
following analysis derives the latency and energy associated with
each part of the task.
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1) Edge Execution: When ADn forwards xnLn to the edge,
two delays dominate:
� Wireless transmission: The transmission delay includes

both uplink and downlink components. Assuming the com-
putation result is compressed to 1% of the original input
size, the total transmission delay is

T trans
n =

xnsn
vn

+
xnsn/100

vn
, (11)

where vn is the instantaneous data rate, the first term
represents the uplink delay for transmitting the offloaded
task, and the second term accounts for the downlink delay
of receiving the compressed result.

� Edge processing: The MEC server allocatesFn CPU cycles
to the offloaded slice, leading to

TMEC
n =

xnsncn
Fn

. (12)

The endtoend edge latency combines both transmission and
processing delays:

T off
n = T trans

n + TMEC
n . (13)

Interpretation: xn scales both transmission and edge exe-
cution, so continuous offloading can smooth load rather than
creating bursty all-or-nothing traffic.

The radio energy consumed includes both uplink and down-
link transmissions:

Eoff
n = T trans

n pn, (14)

where pn is the transmit power of the AD.
2) Local Execution: The remaining (1− xn)Ln is processed

on the AD’s own CPU at frequency fn. The corresponding delay
is

T local
n =

(1− xn)sncn
fn

. (15)

The dynamic power model p = kCf
ς (with ς = 3) gives the

local energy draw:

plocal
n = kCf

ς
n, (16)

Elocal
n = plocal

n T local
n = (1− xn)sncnkCf2n. (17)

Interpretation: Local energy decreases with xn but grows
quadratically with fn, motivating offloading when battery is
tight or local CPU runs fast.

Remark 1: This continuous formulation lets the learning agent
search a finegrained space of collaboration strategies, unlike
binary offloading models that force a myopic alllocal or alledge
choice. By exposing smooth latencyenergy tradeoffs, the model
provides richer gradients for MATD3 training and, as shown
later, delivers significant improvements in both user experience
and system fairness.

Continuous xn exposes a controllable latency–energy surface
instead of a discrete cliff. Next we unify task and consensus
utilities into one optimization target for FE-CTDE.

E. Problem Formulation

Since every job Ln is divided between local execution and
edge execution, the end to end latency equals the slower of the
two branches:

Tn = max
(
T local
n , T off

n

)
. (18)

The total energy spent by ADn is the sum of local and radio
consumption,

En = Elocal
n + Eoff

n . (19)

Interpretation: Latency is a two-branch critical path (max),
while energy is additive; partial offloading can therefore reduce
energy without necessarily reducing latency (and vice versa).

Task utility: We map latency and energy to dimensionless
scores that rise when performance improves. Let Tmax

n and
Emax
n denote the cost of fully local computation (xn = 0). The

latency score is

J time
n (xn) =

1

1 + e
−
(
1− Tn

Tmax
n

) , (20)

and the energy score is

J energy
n (xn) =

1

1 + e
−
(
1− En

Emax
n

) . (21)

To discourage performance degradation, we introduce smooth
penalty terms based on sigmoid functions. For latency, we define

P time
n = − 2

1 + e−(
Tn
τn
−1)

, (22)

Similarly, for energy consumption

P energy
n = − 2

1 + e−(
En
bn
−1)

, (23)

Both penalties increase smoothly when the actual metric (Tn or
En) exceeds its baseline threshold (τn or bn).

The overall task performance metric combines both scores
and penalties

J task
n (xn) = J time

n (xn) + J energy
n (xn) + P time

n + P energy
n . (24)

Interpretation: J task
n rewards relative improvements over full-

local baselines and adds smooth constraint-aware penalties,
which stabilizes learning signals under occasional violations.

Consensus utility: Validator utility depends on reliability kn,
block size ϕn, and the duration of the consensus round T block.
Let kmax = 1 be the highest reliability and ϕmax the largest al-
lowable block. To encourage fast confirmation while penalizing
timeout violations, we introduce a consensus time penalty term:

P con
n = − 2

1 + e
−
(

T block
τ −1

) , (25)

where τ is the consensus timeout threshold. This penalty in-
creases smoothly whenT block exceeds τ , mirroring the task-layer
time penalty structure. The composite validator utility integrates
reliability, block size, time reward, and time penalty:

Jblock
n (zn, ϕn) = zn

kn
kmax

ϕn
ϕmax

(
1

1 + e
−
(
1−T block

τ

)

)
+ P con

n ,

(26)

where zn ∈ {0, 1} indicates whether ADn serves as a validator.
The first sigmoid term rewards faster confirmation, while P con

n

explicitly penalizes delays beyond τ .
Interpretation: Consensus utility couples reliability (kn),

packing (ϕn), and timing (T block) so throughput gains are only
credited when finality remains fast.

System objective: The goal is to choose the offloading ratio
xn, the validator flag zn, and the block size ϕn that maximize
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the average utility of computation and consensus:

max
xn,zn,ϕn

1

N

N∑
n=1

J task
n +

1

M

M∑
n=1

Jblock
n (27)

subject to 0 ≤ xn ≤ 1, ∀n ∈ N, (27a)

zn ∈ {0, 1}, ∀n ∈ N, (27b)

ϕmin ≤ ϕn ≤ ϕmax, ∀n ∈ N, (27c)

0 < Tn ≤ τn, ∀n ∈ N, (27d)

0 < En ≤ bn, ∀n ∈ N, (27e)

N∑
n=1

zn =M. (27f)

Interpretation: Variables split naturally across layers: xn is
learned per AD, while (zn, ϕn) are adapted by LD-PBFT under
committee and budget constraints. Constraint (27a) bounds the
offloading ratio, (27b) encodes validator selection, and (27c)
limits block size. Constraints (27d) and (27e) enforce latency
and energy budgets, while (27f) fixes the committee size for the
consensus round. (For a detailed discussion of scale normal-
ization in the objective function, see Remark 2 in Section III-
B of the supplementary material).

The unified formulation makes computation utility and con-
sensus finality comparable in one objective. Next we instantiate
the economic layer (S-RAP) that provides equilibrium prices
and allocations for the subsequent modules.

IV. STACKELBERG RESOURCE ALLOCATION AND PRICING

MECHANISM

Heterogeneous valuations and selfish behavior destabilize
naive pricing, causing unfair allocation that distorts offloading
and consensus. We embed a Stackelberg economic layer where
the MEC server leads with CPU allocations and ADs respond
with payments. This leader–follower structure yields analyti-
cally tractable equilibria computable each epoch. We formalize
the game, prove equilibrium uniqueness, and summarize online
execution with negligible overhead.

A. Stackelberg Game Model

Leader move: The MEC server publishes its allocation deci-
sion

F = {F1, F2, . . . , FN}, (28)

where Fn > 0 denotes the CPU cycles reserved for ADn.
Follower response: After observing F, each AD chooses a

payment

TK = {TK1, TK2, . . . , TKN} (29)

that maximizes its own utility.
AD utility: ADn derives diminishing returns from the cycles

it receives and pays a direct monetary cost:

UnAD = αn ln
(
1 +

Fn
pn

)
− TKn, (30)

where αn > 0 captures marginal benefit and pn > 0 reflects
sensitivity to computation resources.

MEC server utility: The MEC server collects revenue from
payments but incurs a quadratic energy cost:

UMEC =

N∑
n=1

TKn − ρkMEC

N∑
n=1

F 2
n , (31)

with ρ > 0 and kMEC > 0 denoting energyrelated coefficients.
Interpretation: Equation (30) captures diminishing marginal

benefit of edge CPU cycles and a direct payment cost, while (31)
prices the MEC server’s capacity through a convex (quadratic)
energy penalty, which discourages over-allocation and yields a
well-behaved equilibrium.

Equilibrium definition: A Stackelberg equilibrium is a pair
(F∗,TK∗) such that

F ∗n = argmax
Fn

UnAD

(
Fn, TK

∗
n

)
, ∀n ∈ {1, 2, . . . , N} (32)

TK∗ = argmax
TK

UMEC

(
F∗,TK

)
, (33)

and no participant can improve its utility by deviating unilater-
ally. This equilibrium balances the server’s profit motive with
each AD’s demand for affordable computation, ensuring a stable
and fair operating point for the FECTDE system.

Addressing Strategic Misreporting: S-RAP assumes truth-
ful reporting of {αn, pn}, justified by (i) limited information
in permissioned networks and (ii) EWMA-based reputation
systems (Section III-E) that punish misreporting via reduced
future resource priority. While sophisticated adversaries may
manipulate parameters, three countermeasures mitigate this risk:
1. Historical consistency audits cross-validate reports against
usage patterns; 2. Deposit-based commitment forfeits stakes
when consumption deviates from declarations; 3. VCG-like
mechanisms charge ADs based on marginal externalities. Fully
strategyproof variants trade computational overhead for incen-
tive compatibility—a direction for future work.

The Stackelberg form turns strategic interaction into a com-
putable operating point (F∗,TK∗). Next we discuss how misre-
porting can be discouraged so the equilibrium analysis remains
meaningful in practice.

B. Rigorous Game–Theoretic Analysis

This section establishes the analytical backbone of the SRAP
mechanism. We proceed in three steps:

1) Derive the closedform best response of every AD;
2) Determine the MEC server’s optimal allocation given

these responses;
3) Prove that the resulting leader–follower strategies consti-

tute a unique Stackelberg equilibrium.
Throughout, all parameters {αn, pn, ρ, kMEC} are strictly

positive, and the notation introduced in the previous subsection
is retained.

1) Optimal Payment Strategy of an AD: Recall the utility of
ADn,

UnAD(Fn, TKn)=αn ln
(
1+Fn

pn

)
−TKn, Fn > 0, TKn ≥ 0.

(34)

Theorem 1 (AD Best Response): For any resource allocation
Fn announced by the MEC server, the unique payment that
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maximizes UnAD is

TK∗n =
αnFn
pn + Fn

. (35)

Proof: Step 1 (monotonicity): With Fn fixed, ∂UnAD/
∂TKn = −1 < 0; hence UnAD is strictly decreasing in the pay-
ment.

Step 2 (individual rationality): Rational participation requires
UnAD ≥ 0, i.e., TKn ≤ αn ln(1 + Fn/pn).

Step 3 (server’s reservation price): The MEC server will
never accept TKn below its marginal cost. In equilibrium this
minimum acceptable price coincides with the righthand side
of (35) (shown later in Theorem 2). Because any larger payment
would strictly reduce UnAD by Step 1 and any smaller payment
would be rejected by the server, (35) is the unique maximizer.�

2) Optimal Allocation of the MEC Server: Substituting (35)
into the server’s utility gives the singlevariable concave program

max
Fn>0

UMEC(Fn) =
αnFn
pn + Fn

− ρkMECF
2
n . (36)

Theorem 2 (Unique Optimal Allocation): The objective
in (36) is strictly concave on (0,∞) and attains its unique global
maximizer F ∗n > 0, which is the sole positive root of

g(Fn) = F 3
n + 2pnF

2
n + p2nFn −

αnpn
2ρkMEC

= 0. (37)

Proof: Compute the first and second derivatives:

U ′MEC(Fn) =
αnpn

(pn + Fn)2
− 2ρkMECFn,

U ′′MEC(Fn) = −
2αnpn

(pn + Fn)3
− 2ρkMEC . (38)

Because every term in U ′′MEC is negative for Fn > 0, UMEC is
strictly concave and therefore has at most one maximizer.

Setting U ′MEC(Fn) = 0 yields (37). Observe that g(0) <
0 and limFn→∞ g(Fn) =∞, while g′(Fn) = 3F 2

n + 4pnFn +
p2n > 0 for Fn > 0. Hence g is strictly increasing and crosses
zero exactly once on (0,∞). This unique root is the global
maximizer F ∗n.�

3) Verification of KKT Conditions: Theorem 3 (Global Op-
timality via KKT): The allocation F ∗n obtained in Theorem 2
satisfies the Karush–Kuhn–Tucker conditions and is therefore
globally optimal for (36).

Proof: Introduce the nonnegativity constraint Fn ≥ 0 with
multiplier λn ≥ 0 and form the Lagrangian L(Fn, λn) =
UMEC(Fn) + λnFn. Stationarity implies λn = 2ρkMECFn −
αnpn/(pn + Fn)

2. At Fn = F ∗n the right-hand side equals 0
becauseU ′MEC(F

∗
n) = 0; hence λn = 0. Complementary slack-

ness λnF
∗
n = 0 and dual feasibility λn ≥ 0 follow immedi-

ately. Primal feasibility (F ∗n > 0) is obvious. Because UMEC is
strictly concave, these KKT conditions are sufficient for global
optimality.�

4) Existence and Uniqueness of the Stackelberg
Equilibrium:

Theorem 4 (Uniqueness under Feasible Domain): Let the
leader’s decision variable satisfy Fn ≥ 0 (and optionally∑
n Fn ≤ F tot). If αn > 0, pn > 0, ρ > 0, and kMEC > 0, then

the leader’s objective is strictly concave over the convex feasible
set, and hence admits a unique maximizer.

Algorithm 2: Stackelberg–Based Resource Allocation and
Pricing (S-RAP).

1: Input: {αn, pn}Nn=1, ρ, kMEC , tolerance δ = 10−6,
maxIter= 100

2: Output: Equilibrium allocation {F ∗n} and payments
{TK∗n}

3: for all n ∈ {1, . . . , N} do
4: Fn ← pn� warm-start at the dependency scale
5: for k = 1 to maxIter do
6: g ← F 3

n + 2pnF
2
n + p2nFn −

αnpn
2ρkMEC

7: g′ ← 3F 2
n + 4pnFn + p2n

8: Fnew ← Fn − g

g′
9: if |Fnew − Fn| < δ then

10: break
11: end if
12: Fn ← Fnew

13: end for
14: F ∗n ← Fn

15: TK∗n ←
αnF

∗
n

pn + F ∗n
16: end for
17: return {F ∗n}, {TK∗n}

Proof: For each n, the second derivative satisfies

U ′′(Fn) = − 2αnpn
(pn + Fn)3

− 2ρkMEC < 0, ∀Fn ≥ 0. (39)

Thus each term is strictly concave and the sum is strictly concave.
Since the feasible set defined by Fn ≥ 0 (and

∑
n Fn ≤ F tot if

present) is convex, the strictly concave maximization problem
has a unique maximizer.�

Theorem 5 (Unique Stackelberg Equilibrium): The strategy
pair

(
F ∗n, TK

∗
n

)
obtained from Theorem 2 and Theorem 1 con-

stitutes the one and only Stackelberg equilibrium of the SRAP
game.

Proof: Existence: For any allocation F, each AD has a
singlevalued best response TK∗(F) (Theorem 1). The MEC
server then maximizes its concave objective with respect to F
and obtains the unique vector F∗ (Theorem 2). Therefore an
equilibrium exists.

Uniqueness. The follower best response is unique, and the
leader’s optimal allocation is unique; hence their composition
admits exactly one fixed point. No agent can gain by unilateral
deviation, so the equilibrium is unique in the sense of Nash
refinements for Stackelberg games.�

Interpretation: The equilibrium allocation F ∗n strikes a del-
icate balance: ADs receive just enough edge capacity to max-
imize their diminishingreturn utilities, and the MEC server is
compensated precisely at its marginal energy cost. The resulting
pricing rule (35) is incentive compatible (truthful reporting is
optimal) and Pareto efficient (no further bilateral trades can
improve both parties), thereby furnishing a sound economic
anchor for the learningbased layers that follow.

The analysis yields a unique equilibrium that can be computed
efficiently and reused as a stable price/allocation signal. Next we

Authorized licensed use limited to: Yunnan University. Downloaded on August 19,2026 at 06:47:39 UTC from IEEE Xplore.  Restrictions apply. 



14728 IEEE TRANSACTIONS ON MOBILE COMPUTING, VOL. 25, NO. 9, SEPTEMBER 2026

describe the online execution flow that reaches this equilibrium
each epoch and interfaces cleanly with the learning-based con-
trol in the next section.

C. End-to-End Execution Flow of the S-RAP Mechanism

Having proven that a unique Stackelberg equilibrium(
F ∗n, TK

∗
n

)
exists (Theorem 5), we now articulate how the

MEC server and the ADs reach this operating point online.
The procedure unfolds in two tightly coupled phases and is
summarized in Algorithm 2. All symbols follow the notation
in Section IV-B; the cubic polynomial g(Fn) is defined in (37).

Phase 1 — Leader Optimization: At the beginning of ev-
ery pricing epoch the MEC server (1) collects the latest {αn, pn}
reported by the ADs, (2) solves g(Fn) = 0 for each n via a
Newton–Raphson iteration, and (3) broadcasts the allocation
vector F∗ = {F ∗1 , . . . , F ∗N}. Because g(·) is strictly increasing
(Theorem 2), a single real root lies in (0,∞); the iteration there-
fore converges quadratically once it is sufficiently close to the
solution. In practice, setting the initial guess to pn delivers con-
vergence within 10–15 iterations under the tolerance δ = 10−6.

Phase 2 — Follower Adjustment: After observing F∗, ev-
ery AD computes its payment using the closed-form ruleTK∗n =
αnF

∗
n/(pn + F ∗n) (Theorem 1) and settles the fee through a

lightweight smart contract. No further negotiation is needed
because this payment is both individually rational and Pareto
efficient. (For detailed analysis of convergence, complexity,
and communication overhead, see Section IV-A of the sup-
plementary material).

Guarantees: By construction, the two-phase routine in
Algorithm 2 terminates at the unique Stackelberg equilibrium of
the S-RAP game. Consequently, no AD can lower its payment
without violating the MEC server’s minimum acceptable price,
the MEC server cannot unilaterally increase its profit by real-
locating CPU cycles, and social welfare is maximized subject
to the quadratic energy cost of the edge infrastructure. These
properties furnish a firm economic bedrock for the learning and
consensus layers introduced in subsequent sections.

S-RAP therefore provides fast, low-overhead, and equili-
brium-grounded pricing/allocation at each epoch. Next we move
to the adaptive control layer (MATD3 under CTDE) that learns
continuous offloading and consensus-related actions on top of
these economic signals.

V. MATD3–A REFINEDACTION POLICY FOR JOINT

OFFLOADING–CONSENSUS CONTROL

SRAP fixes equilibrium prices before offloading decisions.
Each AD must then learn, using only local observations, how to
split workload between local and edge execution while coordi-
nating LDPBFT participation. We address this with MultiAgent
TwinDelayed Deep Deterministic policy gradient (MATD3), a
continuouscontrol algorithm combining TD3’s low-bias value
estimation with CTDE scalability.

A. Why MATD3?

Classic valuebased schemes (e.g., DQN) discretize actions
and thus implode when the action dimension grows. In our

setting each agent must output three continuous variables[
xn, zn, ϕn

]
per step: the offloading ratio, the validator flag,

and the (normalized) block size. Policygradient methods cope
well with such continuous domains, but singlecritic DDPG
suffers from overestimation. MATD3 inherits TD3’s dualcritic
architecture and delayed policy updates, thereby suppressing
bias while still learning a deterministic actor that is amenable to
onchain execution.

Overall, MATD3 enables highdimensional continuous control
while curbing critic overestimation. Next, we refine the action
head so offloading and consensus choices remain feasible and
executable.

B. Refined Continuous Offloading Action

Binary “alllocal vs. alledge” control cannot smooth bursty
traffic and often wastes residual edge capacity. We therefore
refine the offloading component into a continuous ratio xn ∈
(0, 1). The actor’s raw output an,1 ∈ R is converted through a
squashing function:

xn =
tanh(an,1) + 1

2
, (40)

which guarantees feasibility of constraint (27a) without addi-
tional projection.

Handling the discrete validator flag: The validator selection
zn ∈ {0, 1} poses a fundamental challenge: discrete decisions
are non-differentiable, precluding gradient-based policy opti-
mization. To preserve end-to-end differentiability during train-
ing, we adopt a stochastic relaxation approach. The actor outputs
a raw logit an,2 ∈ R, which is transformed into a probability via
a temperature-scaled sigmoid:

qn = σ
(an,2
T

)
, (41)

where T is a temperature parameter that anneals from 1.0 to 0.1
during training to gradually sharpen the probability distribution.
During each training step, we sample zn ∼ Bernoulli(qn), en-
abling the policy gradient to flow through the expected value
E[zn] = qn.

At deployment, blockchain execution requires deterministic
decisions. We therefore switch to a threshold-based policy:
zn = 1{an,2 > 0}. This transition from stochastic to determin-
istic mode mirrors common practices in deep learning (e.g.,
dropout, exploration noise): the network learns robust logit
representations during training, which naturally converge to
confident binary decisions as temperature annealing progresses.
The temperature schedule ensures that by the end of training, qn
is near 0 or 1, minimizing the train-test discrepancy.

Overall, xn supports smooth load splitting and the relaxed
zn keeps training differentiable while remaining deterministic
at deployment. Next, we describe CTDE training and execution
so only local observations are needed online.

C. Centralized Training, Decentralized Execution

During each training episode the MEC server aggregates
global experience tuples

(
s, a, r, s′

)
from every AD into a shared

replay buffer. Both critics Q1, Q2 observe the joint state–action
pair (s, a), whereas each actorπn sees only its own state slice sn.
Once the networks converge they are embedded inside the ADs’
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smart contracts and operate fully locally: no runtime model pa-
rameters, gradients, or global states are ever exchanged, thereby
eliminating the synchronization bottleneck that plagues many
MADRL systems.

A detailed MDP specification, network architecture, and the
pseudocode of the learning algorithm follow in next subsections;
here we merely highlight the highlevel workflow:

1) Offline (edge cloud): Train actor–critic pairs with MATD3
until the joint reward stabilizes; perform soft-updates of
the target networks every d steps and apply targetpolicy
smoothing noise to mitigate overfit.

2) Deployment (onchain): Distribute frozen actor weights
{ψ∗n} to all ADs. At each time slot t, ADn observes
sn(t), evaluates an(t) = πn(sn(t);ψ

∗
n), applies (40), and

executes the resulting control locally.
Overall, centralized critics learn from joint interactions while

decentralized actors stay lightweight at run time. Next, we
formalize the problem as an MDP by specifying states, actions,
and rewards.

D. MDP Formulation

The joint offloading–consensus control problem in (27) can be
cast as a finitehorizon, discretetime multiagent Markov decision
process (MDP)

〈
N, S,A,R

〉
, where

� N={1, . . . , N} is the set of ADs (agents);
� S is the global state space;
� A is the joint action space;
� R maps state–action pairs to a scalar reward that mirrors

the system utility.
Below we detail observable state variables, the refined con-

tinuous action vector, and a reward design that aligns exactly
with the objective in (27) while embedding hard latency/energy
constraints as soft penalties.

1) State Space: At the beginning of slot t, each ADn observes
seven local features:
� task descriptor stask

n (t)=
[
sn(t), cn(t), τn(t)

]
,

� instantaneous uplink rate schan
n (t),

� residual battery budget sres
n (t),

� edgeside CPU share smec
n (t) reserved by the MEC server

for n,
� candidate committee size snode

n (t) for the upcoming
LDPBFT round,

� local CPU cycles sblo
n (t) earmarked for consensus,

� reliability score srel
n (t)∈ [0, 1].

The local state is therefore

sn(t)=
{
stask
n (t), schan

n (t), sres
n (t), s

mec
n (t), snode

n (t), sblo
n (t), srel

n (t)
}
,

(42)

and the joint state is s(t) =
(
s1(t), . . . , sN (t)

) ∈ S.
2) Refined Action Space: Upon observing sn(t), agent n

produces a continuous triple

an(t) =
[
xn(t), zn(t), ϕn(t)

]
, (43)

where
� xn(t)∈(0, 1) is the finegrained offloading ratio,
� zn(t)∈{0, 1} indicates validator candidacy (1 if the agent

volunteers, 0 otherwise),

Fig. 3. MATD3 with refined action: dual critics mitigate overestimation; the
offloading–consensus action head outputs (xn, zn, ϕn).

� ϕn(t)∈ [ϕmin, ϕmax] is the number of transactions the
agent proposes to pack when acting as a validator.

This continuous design enables smooth load shaping and
quickly adapts to channel or compute fluctuations, unlike rigid
binary offloading schemes.

3) Reward Function: To convert the socialutility maximiza-
tion in (27) into individual learning signals, we define a timestep
reward that aggregates (i) task utility for all ADs and (ii) con-
sensus utility for the selected validators, then subtracts shaped
penalties whenever latency or energy budgets are breached:

r̄
(
s(t), a(t)

)
=

1

N

N∑
n=1

J task
n +

1

M

N∑
n=1

zn(t) J
block
n , (44)

where the task utility J task
n already incorporates deadline and

energy constraints through the utility shaping in Section III,
ensuring monotone alignment with the original optimization
objective. Maximizing the expected discounted return of (44)
is therefore equivalent to maximizing social utility subject to
constraints (27d) and (27e).

Overall, this reward provides a faithful perstep signal for
socialutility maximization under latency/energy limits. Next,
we detail centralized MATD3 training within the FECTDE
framework.

E. Centralized Training in the FECTDE Framework

During the offline learning phase, all ADs upload their in-
teraction trajectories to a shared replay buffer. The MEC
server—equipped with global observability and ample com-
pute capacity—samples minibatches from this buffer to update
identicalarchitecture yet agentspecific actor–critic pairs. Such
centralized training lets every agent reason about the latent
impact of others’ offloading and consensus behavior, which
would be impossible under purely decentralized data collection.

1) MATD3 With Refined Action: As illustrated in Fig. 3, we
instantiate policy learning with MultiAgent Twin Delayed Deep
Deterministic Policy Gradient (MATD3). Compared to vanilla
TD3, MATD3 augments each agent with (i) a dualcritic ensem-
ble
(
Q1
n, Q

2
n

)
to curb Qvalue bias, and (ii) a parametersharing

backbone so that gradient information is propagated efficiently
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Algorithm 3: Centralized MATD3 Training.
1: Input: replay buffer RB, max episodes ME, steps per

episode T
2: Output: actor parameters ψ∗n, hence policies π∗n
3: Initialize θ1n, θ

2
n, ψn � random weights

4: θ1
′
n←θ1n, θ

2′
n←θ2n, ψ

′
n←ψn � target nets

5: Set (γ, σ, c,Γ, d) and clear RB
6: for e = 1 to ME do
7: reset environment, obtain s(0)
8: for t = 1 to T do
9: an(t)←πn

(
sn(t);ψn

)
, ∀n

10: Execute {an(t)}, observe r(t), s′(t)
11: Store

(
s(t), a(t), r(t), s′(t)

)
into RB

12: Sample minibatch B⊂RB
13: for all agents n do
14: Compute yn via (45)
15: Update θ1n, θ

2
n by minimizing (46)

16: if t mod d = 0 then
17: Update ψn using (47)
18: Softupdate targets (θj

′
n , ψ

′
n)

19: end if
20: end for
21: s(t)←s′(t)
22: end for
23: end for

across agents while still allowing individualized finetuning. The
continuous triplet xn, zn, ϕn from (43) serves as the sole output
of the actor head, enabling nuanced tradeoffs between latency,
energy, and consensus throughput.

1) Critic update: For a sampled transition
(
s, a, r, s′

)
, the

target critic estimate is

yn = rn + γ min
j∈{1,2}

Q j′
n

(
s′, a′1, . . . , a

′
N ; θ j

′
n

)
, (45)

with a′k = π′k(s
′
k) + ε and ε∼clip

(N (0, σ),−c, c). Each critic
minimizes the meansquared Bellman error

L(θjn) = E

[(
Qjn(s, a; θ

j
n)− yn

)2]
, j ∈ {1, 2}. (46)

1) Actor update: The deterministic policy is improved by
ascending the gradient

∇ψn
J = Es

[
∇anQ1

n

(
s, a; θ1n

)∣∣
an=πn(sn)

∇ψn
πn(sn)

]
, (47)

where ψn collects the actor parameters of agent n.
1) Targetpolicy smoothing & delayed updates: Target

noise ε prevents premature overfitting to narrow deterministic
actions, while soft Polyak averaging θ j

′
n ←Γθjn + (1− Γ)θ j

′
n

and ψ′n←Γψn + (1− Γ)ψ′n with Γ∈(0, 1) stabilize learning.
Actors are updated only every d critic steps to mitigate destruc-
tive feedback loops.

2) Centralized Training Algorithm: Algorithm 3 summa-
rizes the entire pipeline. Lines 1–6 initialize networks and the
replay memory; the outer loop iterates over episodes, and the
inner loop (Lines 9–28) executes environment interactions, critic
fitting, policy improvement, and target synchronization. The
centralized training phase exhibits computational complexity
O(E · T ·N ·B · dnet

)
, whereE denotes the number of training

Algorithm 4: PerSlot TaskOffloading Inference.

1: Input: local state sn(t), actor weights ψ∗n
2: an(t)← π∗n

(
sn(t);ψ

∗
n

)
3: Compute xn(t) via (48)
4: Execute

(
1− xn(t)

)
Ln locally;offload xn(t)Ln

5: Evaluate Tn and En for accountability
6: Return xn(t)

episodes, T the steps per episode,N the number of agents,B the
minibatch size sampled from the replay buffer, and dnet the total
network parameters (actor plus twin critics). Convergence is em-
pirically robust provided that (i) the replay buffer is sufficiently
large to break temporal correlations and (ii) the delay factor d is
chosen such that critics approximately track the moving target
defined by actors.

Upon completion, the MEC server seals {ψ∗n} into onchain
smart contracts. Thereafter, no global coordination is needed—
the execution phase relies solely on each agent’s private ob-
servation, guaranteeing scalability and resilience desired by
blockchainenabled MEC deployments.

Overall, centralized training yields deployable actors without
any runtime coordination. Next, we show how these frozen
policies execute locally each slot for offloading and consensus
adaptation.

F. Decentralized Execution in the FECTDE Runtime

After centralized training (Algorithm 3) converges, the MEC
server embeds the frozen actor parameters {ψ∗n} into onchain
smart contracts. At run time, each AD makes decisions locally—
no further parameter exchange or synchronization is required.
This section details the two decision channels executed every
time slot t: (i) continuous taskoffloading and (ii) lightweight
consensuslayer adaptation.

1) TaskOffloading Inference: Each AD observes its private
state sn(t) from (42) and queries its onchain actor π∗n(·;ψ∗n)
for the latent action vector an(t) = [an,1, an,2, an,3]. The first
component is mapped to a legal offloading ratio via

xn(t) =
tanh

(
an,1

)
+ 1

2
∈ [0, 1], (48)

guaranteeing compliance with constraint (27a). The smart con-
tract then splits the incoming job Ln into a local part

(
1−

xn(t)
)
Ln and an edge part xn(t)Ln, and computes the resulting

latency Tn and energy En following (13)–(19). Because all en-
vironment factors (channel rate, workload size, residual battery,
etc.) refresh each slot, this fully distributed policy adapts xn(t)
onthefly so that the joint latency–energy utility remains high
while meeting (27d) and (27e).

2) ConsensusLayer Adaptation: The second and third actor
outputs,an,2 andan,3, govern validator selection and block size,
respectively (Algorithm 5).

Validator ranking: A provisional score is derived from

bn(t) = tanh
(
an,2

) ∈ [−1, 1], (49)
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Algorithm 5: PerSlot Consensus Adaptation.

1: Input: local state sn(t), actor weights ψ∗n, desired
committee size M

2: an(t)← π∗n
(
sn(t);ψ

∗
n

)
3: Compute bn(t) via (49)
4: Broadcast bn(t) to elected contract, aggregate (50)
5: Derive ϕn(t) via (51)
6: Run LDPBFT with N (t) and {ϕn(t)}
7: Verify TC<τ ; otherwise trigger failsafe rollback

and the smart contract deterministically chooses the M ADs
with the highest bn(t):

N (t) = TopM
{
b1(t), . . . , bN (t)

}
, (50)

satisfying the committeesize requirement (27f). The highes-
tranked member becomes the primary; the remainder serve as
replicas in the ensuing LDPBFT round.

Adaptive block packing: The pervalidator transaction
budget is

ϕn(t) = ϕmin +
tanh

(
an,3

)
+ 1

2
(ϕmax − ϕmin), (51)

which respects (27c) by construction. The selected committee
then executes the LDPBFT phases ((1)–(10)); the round is
deemed valid only if the observed consensus delay TC remains
below the runtime limit τ .

Runtime properties: Because every control variable{
xn, zn, ϕn

}
is computed from a bounded TANH projection,

feasibility is guaranteed by design. Moreover, decisions are
made in O(1) local time, so computational overhead on
resourceconstrained ADs is negligible. Together with the
proven convergence of SRAP and the stability of MATD3,
this decentralized execution layer delivers scalable, fair, and
resourceadaptive coordination for blockchainenabled MEC.

Overall, execution is fully local, feasible by design, and
computationally lightweight on ADs. Next, we validate these
properties empirically in the experimental evaluation.

VI. EXPERIMENTAL EVALUATION

This section addresses three core questions: how fair and
incentivecompatible SRAP is, how effectively MATD3 with the
refined offloading action reduces the latency–energy cost, and
how much LDPBFT improves consensus throughput and utility.
To that end, we build a cycleaccurate eventdriven simulator that
faithfully instantiates every analytical component described in
Sections III–V. Unless otherwise noted, each numerical result
averages 10 independent task arrivals under identical random
seeds to guarantee statistical reproducibility.

Table II summarizes the key distinguishing features of
FECTDE’s three core components against their respective base-
lines, providing a roadmap for the subsequent experimental
analysis.

A. Experimental Setup

Due to space constraints, detailed experimental configu-
ration—including network, workload, channel parameters,

Fig. 4. Episode-averaged reward over 3,000 training episodes. Solid lines
denote agents with refined continuous actions; dashed lines use binary offload
actions.

heterogeneous device profiles, consensus protocol settings,
and MATD3 hyperparameters—is provided in the supple-
mentary material (see Section V-A and Section V-B).

B. Effectiveness of the S-RAP Mechanism

We compare S-RAP against four baselines spanning non-
strategic allocation paradigms: Equal Allocation (uniform dis-
tribution), Random Allocation (stochastic assignment), and
Fixed Payment (TK=1.0/2.0) (fixed unit pricing). These base-
lines are intentionally chosen to represent common, simple-to-
implement alternatives prevalent in practical MEC deployments
due to their low computational overhead and ease of integration.
While more advanced schemes (e.g., proportional fairness-based
allocations, sophisticated heuristic methods) exist in the lit-
erature, our objective is to demonstrate the fundamental ad-
vantage of game-theoretic, incentive-compatible mechanisms
over widely-adopted non-strategic methods. The selected base-
lines serve this purpose effectively by isolating the value of
strategic pricing mechanisms: they establish a clear boundary
between strategic resource management (S-RAP) and funda-
mental non-strategic paradigms (uniformity, randomness, fixed
pricing), thereby highlighting the core benefits of incorporating
game-theoretic principles without confounding the comparison
with algorithm-specific engineering optimizations. We evaluate
across two scenarios spanning the (αn, pn) parameter space
(Section IV):
� Scenario I (High-αn [3.5, 5.0], Low-pn [0.5, 1.0]): Emer-

gency medical imaging—portable CT scanners offload
brain scans for stroke detection where delays cause irre-
versible damage (highαn), but optimized inference models
require few CPU cycles (low pn).

� Scenario II (Low-αn [1.0, 2.5], High-pn [1.5, 2.0]):
Smart agriculture monitoring—sensors offload environ-
mental data where delays minimally affect decisions (low
αn), but high-dimensional processing and database joins
demand substantial resources (high pn).

Tables III and IV compare S-RAP against four baselines
across efficiency and fairness metrics in both scenarios.

1) Efficiency: S-RAP achieves superior efficiency across
heterogeneous regimes. In Scenario I, it improves server utility
by up to 352.43% over Fixed(1.0) while maintaining AD utility
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TABLE II
KEY ADVANTAGES OF PROPOSED METHODS OVER BASELINES

TABLE III
PERFORMANCE COMPARISON FOR SCENARIO I (HIGH-αn LOW-pn): CRITICAL

EDGE AI INFERENCE TASKS

TABLE IV
PERFORMANCE COMPARISON FOR SCENARIO II (LOW-αn HIGH-pn):

NON-CRITICAL BATCH DATA PROCESSING

(2.50) competitive with Equal. In Scenario II, S-RAP increases
server profit by 37.59% over Random while preserving posi-
tive AD utility (0.27), unlike Fixed(2.0) which drives users to
negative returns (−0.93). Social welfare remains near-optimal
in both scenarios (517.18 and 85.52), outperforming Equal and
Random without parametric retuning. Critically, S-RAP is the
only mechanism sustaining server profitability and user ratio-
nality simultaneously.

2) Fairness: S-RAP demonstrates exceptional fairness under
diverse configurations. In Scenario I, Gini drops to 0.0122
(95.99% reduction vs. Random), while Jain index reaches 0.96.
In Scenario II, Gini remains 0.0581 (80.92% reduction vs.
Random) with Jain=0.85, preventing Fixed(1.0)’s catastrophic
collapse (Jain=0.04). Payment standard deviation (0.39 in Sce-
nario I, 0.25 in Scenario II) confirms differentiated pricing that
adapts to heterogeneous valuations without triggering attrition.
These metrics translate to tangible benefits: in Scenario I (Emer-
gency Medical Imaging), low Gini (0.0122) ensures equitable
stroke-detection service across all ambulances; in Scenario II
(Smart Agriculture), progressive pricing prevents resource mo-
nopolization by corporate farms while maintaining affordable
rates for small cooperatives.

Takeaway: SRAP delivers nearoptimal social welfare and su-
perior fairness across both critical high-αn tasks and non-critical
low-αn workloads, without requiring scenario-specific recali-
bration. It is the only mechanism retaining server profitability,
user rationality, and equitable resource distribution simultane-
ously under parameter heterogeneity—properties essential for
real-world blockchain-enabled MEC deployments.

C. Robustness and Scalability Analysis of S-RAP

To rigorously evaluate the robustness of the S-RAP mech-
anism, we conduct three comprehensive experiments: Distri-
butional Fairness analysis, Scalability With AD Count eval-
uation, and Sensitivity to Economic Parameters assessment.
Due to space constraints, detailed experimental results are
presented in the supplementary material (see Section V-C).

D. Convergence Behavior of the Learning Agents

We now scrutinize the learning dynamics of the six candi-
date agents: MATD3, TD3, and DQN, each with and without
the refined continuousaction design introduced in Section V-D.
All variants share an identical threelayer multilayer perceptron
backbone.

Baselines:
1) Deep Deterministic Policy Gradient (DDPG)—a deter-

ministic policygradient agent that directly maps states to
actions.

2) Twin Delayed DDPG (TD3)—a deterministic policygra-
dient agent with the same twincritic safety net as MATD3
but without the multiagent credit assignment.

Each baseline is evaluated with the original binaryoffload
action set and with the proposed refined action space for a fair
contrast.

Reward trajectory: Fig. 4 plots the episodeaveraged cumula-
tive reward versus training iterations, where solid lines represent
the mean over 10 independent runs, shaded regions indicate 95%
confidence intervals, and curves are smoothed using a sliding
window filter to enhance visual clarity. MATD3 w/ RA achieves
the highest asymptotic reward among all evaluated algorithms,
demonstrating superior learning performance. To quantify
convergence rigorously, we define an agent as converged when
the standard deviation of average rewards within a 500-episode
sliding window falls below threshold 1.0. Under this criterion,
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Fig. 5. Average Latency Comparison with Increasing Task Size, Transmission Rate, MEC Computing Resources, and ADs Computing Resources.

Fig. 6. Average Energy Consumption Comparison with Increasing Task Size, Transmission Rate, MEC Computing Resources, and ADs Computing Resources.

the convergence episodes are: MATD3 w/ RA (1558 episodes),
MATD3 w/o RA (1241 episodes), TD3 w/ RA (1331 episodes),
TD3 w/o RA (1500 episodes), DDPG w/ RA (1068 episodes),
and DDPG w/o RA (1468 episodes). Notably, while DDPG w/
RA converges fastest, MATD3 w/ RA achieves substantially
higher final reward, validating the benefit of multi-agent credit
assignment despite longer training duration.

Training Time Analysis: The wall-clock training times on an
Intel i9-13900 K workstation are: MATD3 w/ RA (43 min),
MATD3 w/o RA (39 min), TD3 w/ RA (27 min), TD3 w/o RA
(26 min), DDPG w/ RA (24 min), and DDPG w/o RA (20 min).
While MATD3 w/ RA requires approximately 2.15× longer
training than the fastest baseline (DDPG w/o RA), this overhead
is acceptable given that training occurs only once offline during
initial system configuration. The one-time 43-minute training
cost is negligible when amortized across millions of operational
inference decisions over the system’s deployment lifetime.

Takeaway: The asymptotic reward of MATD3 + refined es-
tablish it as the most promising candidate for deployment in
FECTDE. Subsequent experiments therefore adopt this agent
configuration for all taskoffloading and consensus evaluations.

E. Task–Offloading Performance Under Varying Operating
Conditions

To gauge the realtime efficacy of the MATD3 with Refined
Actions (denoted “MATD3 w/RA”), we sweep four key envi-
ronmental factors—task size, uplink rate, MEC capacity, and
AD CPU budget—and contrast the resulting latency, energy,
and system utility against five strong baselines: MATD3 without
refined actions, TD3 with/without refined actions, and DDPG
with/without refined actions. Each experiment uses the con-
verged weights from Section VI-D; every data point averages
10 MonteCarlo runs. The lines represent the mean values, while
the shaded areas indicate 95% confidence intervals.

1) EndtoEnd Latency: Fig. 5 reports mean job completion
delay across four operating conditions. MATD3 w/ RA achieves
7.61%–22.23% latency reduction versus singleagent baselines
when task size exceeds 3.5 MB (Fig. 5(a)), 2.53%–11.67%
reduction across uplink rates of 1–5 MB/s (Fig. 5(b)), 2.45%–
11.79% reduction under varying MEC capacity (Fig. 5(c)), and
2.53%–11.67% reduction across AD CPU budgets (Fig. 5(d)).
Removing refined actions increases latency by 3.05%–5.92%.
Stability analysis confirms robust performance with CV ranges
of 0.57%–3.11% across all conditions.

2) Radio and Compute Energy: Fig. 6 shows energy con-
sumption under four conditions. MATD3 w/RA achieves
6.44%–19.02% (task size), 2.85%–18.59% (uplink rate),
2.61%–19.06% (MEC capacity), and 1.81%–18.73% (AD
CPU) energy savings versus baselines, with 8.01%–16.99%
reductions over MATD3 w/o RA. CV ranges of 0.66%–8.94%
confirm robust energy efficiency across diverse operational
regimes. Detailed device-specific energy analysis is provided
in Section V-D1 of the supplementary material.

3) Overall Offloading Utility: The composite utility in Fig. 7
is computed with (24); higher values are better. MATD3 w/RA
achieves utility gains of 3.02%–114.07% (task size), 8.46%–
12.38% (uplink rate), 8.44%–12.33% (MEC capacity), and
8.42%–14.02% (AD CPU) versus baselines, with 4.08%–
14.11% improvements over MATD3 w/o RA. Exceptionally
low CVs (0.01%–0.17%) confirm consistent utility across all
operational regimes.

To comprehensively evaluate the task offloading performance,
we further supplement the analysis with System Overhead
Analysis, Computational Complexity Analysis, Communi-
cation Overhead for Model Deployment, Offloading Success
Rate Validation, and Stress Tests under extreme operational
conditions. Due to space constraints, these detailed eval-
uations are provided in the supplementary material (see
Section V-D3, V-D4, V-D5, V-E).
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Fig. 7. System utility comparison with increasing task size, transmission rate, MEC computing resources, and ADs computing resources.

Fig. 8. Consensus throughput vs. committee size (M = 50–100).

Takeaway: Across all four knobs, refined continuous actions
and the multicritic, multiagent architecture jointly underpin the
consistent wins of MATD3 w/ RA. Notably, its gains are most
pronounced in harsh regimes—large tasks, congested channels,
or limited edge compute— where intelligent partial offloading
is essential.

F. ConsensusLayer Performance

We next examine the effectiveness of the proposed LD-PBFT
under varying committee sizes M . We benchmark LD-PBFT
against five representative consensus mechanisms: Greedy
Node Selection (GNS), vanilla PBFT, Proof of Authority
(PoA), Raft, and HotStuff, which collectively span resource-
greedy heuristics, classical Byzantine Fault Tolerance (BFT)
protocols, and advanced consensus variants.

1) Confirmed–Transaction Throughput: Fig. 8 shows
throughput across committee sizes (50–100 nodes). While
GNS achieves peak throughput via greedy resource selection,
LD-PBFT’s adaptive packing delivers 15.62% gains over
HotStuff, 25.02%–44.36% over Raft, and 61.95%–100.30%
over PoA once committee size exceeds 70. LD-PBFT exhibits
CV of 11.89%, confirming superior stability versus PBFT
(10.36%), GNS (11.03%), HotStuff (12.29%), PoA (20.04%),
and Raft (14.23%).

TPS–Latency Trade-off Analysis: Larger block size ϕ boosts
TPS but elevates verification overhead (proportional to ϕβver

sig

per (1)), prolonging consensus delay TC . Static PBFT enforces
fixed ϕ: oversized blocks violate timeout τ (triggering penalty
P con
n in (25)), while undersized blocks waste capacity. LD-PBFT

dynamically tunes ϕ via (26), balancing reward (ϕn/ϕmax) and
time-penalty terms by adapting to real-time rn, kn, and network
conditions. This state-dependent policy achieves competitive
throughput (Fig. 8) and superior utility (Fig. 9), whereas GNS

Fig. 9. Consensus utility vs. committee size (M = 50–100).

sacrifices reliability for peak TPS and vanilla PBFT cannot
exploit resource heterogeneity.

2) Consensus Utility Analysis: Fig. 9 shows consensus
utility across committee sizes (50–100 nodes). LD-PBFT’s
agent-driven selection and adaptive packing achieve
5.49%–37.70% utility gains over all baselines while ensuring
reliability. Stability analysis reveals CVs of 10.17% (LD-PBFT),
12.31% (PBFT), 8.65% (GNS), 10.43% (HotStuff), 24.70%
(PoA), and 12.83% (Raft), confirming LD-PBFT’s robustness.
Supplementary evaluations (validator convergence, fault
injection) are in Sections F-1, F-2 of the supplementary
material.

Takeaway: LD-PBFT achieves superior consensus perfor-
mance via agent-driven committee adaptation and block pack-
ing, delivering highest utility and substantial throughput gains
over baselines.

G. Ablation Study

Due to space constraints, detailed ablation-study valida-
tions are provided in Section V-G of the supplementary
material.

VII. CONCLUSION AND FUTURE DIRECTIONS

This paper presents FE-CTDE, a unified framework integrat-
ing game-theoretic pricing (S-RAP), multi-agent reinforcement
learning (MATD3), and adaptive consensus (LD-PBFT) for
blockchain-enabled MEC. Experiments validate: (i) economic
fairness with Gini <0.06; (ii) up to 22% latency and 19%
energy reductions; (iii) 16%–100% consensus throughput gains.
Lightweight deployment (67 μs inference, 140 KB model) con-
firms practical viability. By decoupling centralized training from

Authorized licensed use limited to: Yunnan University. Downloaded on August 19,2026 at 06:47:39 UTC from IEEE Xplore.  Restrictions apply. 



FENG et al.: FAIR JOINT OFFLOADING AND CONSENSUS OPTIMIZATION IN BLOCKCHAIN-ENABLED MOBILE EDGE COMPUTING 14735

decentralized execution, FE-CTDE enables scalable, incentive-
compatible coordination for heterogeneous edge environments.

Future extensions include three directions:
Security Hardening: Validator election remains vulnerable

to resource fabrication and Sybil attacks. Future work should
integrate TEE-based attestation, reputation tracking, and
stake-weighted identity binding. S-RAP’s truthfulness can be
strengthened via Bayesian mechanism design and cryptographic
verification.

Scalability: Large-scale deployment requires hierarchical
MATD3 across regional clusters, model compression for IoT
gateways, and validation on 5G URLLC testbeds under realistic
mobility scenarios, complemented by adaptive mechanisms to
handle explicit packet loss models (e.g., Gilbert-Elliott chan-
nels) in both learning and consensus layers.

Expressiveness: Extensions to DAG-structured workflows
demand GNN-based critics. The current framework adopts
a simplified linear scalarization of task and consensus
utilities with equal weights—a pragmatic choice for initial
deployment but inherently limited to a single operating point
on the Pareto frontier. Multi-objective RL techniques (e.g.,
Pareto-conditioned value networks) represent a promising
future direction to expose the full efficiency–throughput
trade-off surface, enabling operators to dynamically shift
priorities without retraining. Adaptive committee sizing based
on workload intensity would further enhance flexibility.
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