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Abstract

Crowdsourced delivery platforms (e.g., Meituan, Uber Eats,
DoorDash) have become vital infrastructure in urban logis-
tics, yet their competitive order-grabbing mechanisms often
lead to strategy homogenization, inefficiency, and income in-
equality. This paper presents ARDE (Adaptive Regulation
via Dual-layer Evolution), an evolutionary governance frame-
work that integrates individual reinforcement learning with
adaptive platform-level regulation. The outer agent dynam-
ically generates governance signals based on system diag-
nostics (strategy entropy, Gini coefficient, completion rate),
while inner agents employ Diffusion Q-Learning guided by
a language-model-driven reward shaping module to promote
fairness and strategy diversity. Experiments on real-world
datasets show that ARDE achieves stable diversity (0.997 +
0.184), reduces inequality, and maintains high efficiency. Fur-
ther comparison (ARDE-PPO vs. MAPPO) confirms that its
advantages stem from explicit hierarchical governance rather
than algorithmic coincidence. Overall, ARDE offers a scal-
able and interpretable paradigm for reconciling individual ra-
tionality with collective welfare in gig economies and other
multi-agent socio-technical systems.

Introduction

Crowdsourced delivery platforms (e.g., Meituan, Uber Eats,
DoorDash) have become indispensable infrastructure for ur-
ban logistics, orchestrating millions of daily orders through
decentralized, incentive-driven mechanisms(Alnaggar et al.,
2021). Unlike centralized dispatching systems, riders in-
dependently select orders based on expected payoffs and
spatial proximity(Shiri et al., 2025). However, this self-
interested competition frequently escalates into algorith-
mic rat races—a phenomenon characterized by strategic ho-
mogenization, pronounced income inequality, and efficiency
losses of up to 20% during peak hours (Sun, 2019). Existing
interventions—such as short-term bonuses, rule-based con-
straints, and conventional multi-agent reinforcement learn-
ing (MARL) approaches—have proven insufficient to miti-
gate this dynamic degradation(Xue et al., 2022). Fundamen-
tally, this challenge poses a critical question for Al gover-
nance: how can large-scale multi-agent systems be effec-
tively regulated to align individual rationality with collective
welfare in continuously evolving environments?
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Despite the increasing prominence of this challenge in
real-world contexts, existing approaches have largely failed
to mitigate the systemic degradation of crowdsourced de-
livery platforms. In the field of multi-agent reinforcement
learning (MARL), algorithms such as PPO (Yu et al., 2022),
QMIX (Hady et al., 2025), and MAPPO optimize individ-
ual rewards but inadvertently intensify policy convergence
(Liu et al., 2023), resulting in phenomena like riders clus-
tering around high-value orders and, consequently, a sub-
stantial decline in overall system efficiency.Game-theoretic
frameworks—including the price of anarchy and evolution-
ary game theory—offer valuable theoretical insights into
the origins of collective inefficiency but lack actionable im-
plementations for dynamic, learning-based Al ecosystems
(Pandit et al., 2019).Similarly, research from social sciences
on platform governance and algorithmic fairness has pro-
posed static pricing schemes or fairness constraints; how-
ever, such approaches fail to adapt to real-time rider interac-
tions, do not effectively reduce income inequality—as ev-
idenced by persistently high Gini coefficients—and over-
look the issue of overwork (Rudnik et al., 2023).Conse-
quently, developing methods to steer large populations of
self-interested agents toward globally cooperative equilibria
under limited intervention and incomplete information rep-
resents one of the most pressing and complex open problems
at the intersection of Al and socio-technical system research.

To address these limitations, we propose Adaptive Reg-
ulation via Dual-layer Evolution (ARDE) — a novel gov-
ernance framework that models the platform as a learning-
enabled Outer Agent guiding self-interested Inner Agents to-
ward globally cooperative equilibria. ARDE achieves a dy-
namic balance between efficiency and fairness through adap-
tive policy shaping, rule generation, and information diffu-
sion.

* Diffusion Q-Learning: Through an experience diffusion
mechanism among neighboring policies, this approach
enhances policy exploration capabilities, preventing col-
lapse into singular strategies and extreme involution.
Large Language Model-Constrained Reward Shaping
(LLM-Constrained Reward Shaping): The outer-layer
platform agent, based on current policy structures and
fairness metrics, leverages large language models (e.g.,
GPT-40) to generate interpretable incentive rules, guid-
ing group evolution through reward shaping.



* Multi-Objective Optimization Mechanism: Incorporating
individual, system fairness (e.g., Gini coefficient), and
policy diversity (e.g., policy entropy) into a unified op-
timization objective, the platform adjusts reward struc-
tures to steer individual evolutionary trajectories, achiev-
ing effective coordination between self-interested behav-
iors and societal goals(Xue et al., 2024).

To evaluate the effectiveness of ARDE, we develop a
high-fidelity, order-driven simulation environment grounded
in the publicly available LaDe-D dataset, capturing the long-
term evolutionary dynamics of delivery riders under diverse
strategy-guidance mechanisms. The LaDe-D dataset con-
tains rich multidimensional information—such as order ac-
ceptance records, delivery trajectories, location timestamps,
and incentive schemes—allowing accurate reconstruction of
strategic decision-making and behavioral feedback within
platform ecosystems.Experimental results show that ARDE
substantially outperforms all baseline methods across mul-
tiple dimensions: strategy diversity (0.997 vs. baseline av-
erage 0.769, a +29.6% improvement), fairness (Gini coef-
ficient change rate of -1.3%, the only method achieving
negative growth), and system efficiency (order completion
rate of 0.411 and revenue of 6.86 CN'Y/hour).These findings
demonstrate ARDE’s capacity to proactively steer group-
level evolutionary trajectories, establishing a scalable path-
way toward an integrated ‘“algorithm—mechanism—society”
paradigm for intelligent platform governance.

Related Work

The aggregation of individually rational behaviors leading
to collectively suboptimal outcomes has emerged as a cen-
tral concern in research on the platform economy(Xiao et
al., 2023). Existing approaches, however, encounter three
fundamental limitations in effectively addressing this chal-
lenge:

Individual Optimization Orientation

Traditional approaches primarily emphasize self-interested
optimization at the individual level, without incorporating
mechanisms for collective coordination (Gavrilets et al.,
2021). In the fields of group intelligence and platform gover-
nance, decentralized mechanisms are widely adopted to im-
prove task allocation and route optimization (Zhao et al.,
2022). For example, platforms such as Meituan and Didi
employ algorithms based on ant colony optimization to en-
hance order-assignment efficiency, while recent studies have
introduced behavioral perturbations to strengthen system re-
silience (Lunansky et al., 2024). However, these approaches
commonly assume homogeneous rider behavior(Kang et al.,
2024), neglecting the inherent heterogeneity in rider prefer-
ences and geographic conditions—ultimately leading to pol-
icy convergence and reduced strategic diversity.

Static Constraint Dilemma

Existing mechanism-design approaches face significant
challenges in adapting to dynamically evolving environ-
ments (Saleh et al., 2024). While mechanism design and
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game theory provide a solid theoretical foundation for plat-
form governance (Xu et al., 2024), their practical appli-
cability remains limited. The Price of Anarchy framework
demonstrates that individually rational decisions can lead
to systemic inefficiency(Zhong et al., 2024), whereas evo-
Iutionary game theory further reveals that stable equilibria
may become locked in long-term suboptimal states. In real-
world crowdsourcing platforms, incentive schemes such as
fixed subsidies or mandatory performance quotas (Wang et
al., 2016) can temporarily improve income distribution but
fail to accommodate the continual evolution of agent behav-
ior and environmental dynamics(Lu et al., 2021).

Strategy Convergence Issue

Multi-agent systems are inherently susceptible to local op-
tima, resulting in efficiency losses and exacerbated income
inequality. Multi-agent reinforcement learning (MARL) has
been extensively employed in crowdsourcing scenarios to
optimize agent-level decision policies. Classical algorithms
such as PPO, QMIX, and MAPPO aim to achieve individual
or cooperative optimality primarily through local policy up-
dates or value-function decomposition (Liu et al., 2023). Al-
though decentralized MARL methods offer improved scala-
bility, they often exhibit limited coordination and structural
rigidity in highly heterogeneous environments with compet-
ing interests(Xue et al., 2023a). Moreover, most existing al-
gorithms remain narrowly focused on maximizing individ-
ual returns, making it difficult for the overall system to es-
cape non-cooperative equilibria and achieve collective effi-
ciency(Xue et al., 2019).

In summary, existing research has yet to effectively recon-
cile dynamic adaptability, strategy diversity, and group fair-
ness—highlighting the need for a novel governance mecha-
nism capable of aligning individual rationality with collec-
tive optimality. To this end, we propose the Adaptive Regu-
lation via Dual-layer Evolution (ARDE) algorithm, an inno-
vative framework designed to overcome these limitations.

Problem Formulation

To systematically characterize the phenomenon of group
degradation driven by individual rationality, this paper mod-
els the evolutionary trap where individual rationality leads
to collective irrationality:

System State and Strategy Space Definition

To analyze the phenomenon of group-level degradation, we
construct a multi-agent delivery system. At time step ¢, the
system state .S; is defined as the set of individual states of all
couriers:

Se={si}is; (1)
where N denotes the total number of couriers, and each indi-
vidual state s! consists of the geographical location (z¢, y!),
the current strategy label ! € P, the historical reward tra-
jectory { RI"1X | and the order completion status OF.

The set of strategies available to couriers, P, includes the

following types:
2)

P - {7'('1, 2, T3, 7T4}7
where:



w1 (reward_first): A reward-oriented strategy that prior-
itizes selecting orders with the highest reward per unit
time.

7o (balanced): A balanced strategy that considers dis-
tance, reward, and time jointly when selecting orders.

s (speed_max): A speed-oriented strategy that priori-
tizes orders with shorter delivery distances.

w4 (short_first): A short-order strategy that prioritizes or-
ders with the shortest expected delivery time.

Individual Decision-Making Mechanisms and
Group Degradation Phenomena

Each courier agent’s core objective is to maximize their
earnings per unit time (reward per hour). However, their
decision-making relies solely on local perspectives and
short-term returns(Yu et al., 2024), lacking awareness of
global effects, which may lead to a degradation of overall
system efficiency(Yu et al., 2025).

At each decision step ¢, a courier faces an order selection
set A;, aiming to choose the optimal order aj € A, that
maximizes individual earnings per unit time:

el

T(a)
where r(a) denotes the expected reward of order a (includ-
ing subsidies), T'(a) is the expected time to complete order
a, and s; represents the current observable state, encompass-
ing the courier’s location, available order information, and
historical earnings.

In the absence of global regulation and coordination
mechanisms, individual courier behavior tends to exhibit
“strategy concentration” or ’strategy convergence,” meaning
multiple couriers compete for the same high-value orders,
resulting in a loss of strategy diversity. We measure the di-
versity of strategies within the population using the entropy
of the strategy distribution H(7):

— Z 7(a)logm(a);

a

3

*
a; = argmax B
a€ Ay

H(r)

“

Strategy homogenization leads couriers to cluster around
similar orders, neglecting long-tail orders, which causes lo-
cal congestion and reduces overall system efficiency. The
system efficiency is measured by the average reward per
hour:

N
1 RZ—_
n= N ;:1 f’ (5)
N N
NS IR, — R;
_ szl ijl | ]‘ (6)

2N Ziil R

Furthermore, competition for high-quality orders exacer-
bates income inequality. We measure income fairness using
the Gini coefficient defined in Equation (6).
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Group Objective Function and Evolutionary Traps

Unlike the individual agents, whose primary objective is to
maximize their own earnings, the platform regulator aims
to ensure the long-term sustainability of the entire system
while balancing efficiency, fairness, and strategy diversity.
Therefore, the collective objective function should account
for three core dimensions: system efficiency, income fair-
ness, and evolutionary stability, and is defined as:
['system =n — )\1G - )\27'[_1(7(-); (7)
By modeling phenomena such as strategy concentration, ef-
ficiency degradation, and income inequality, we outline the
conflict between individual rationality and collective opti-
mality. In this context, the goal of this work is to introduce
a dynamic regulatory mechanism that allows individuals,
while pursuing their own optimal outcomes, to be naturally
guided towards a global optimum, thereby achieving a syn-
ergistic balance among fairness, diversity, and efficiency.

Methodology

The core of the ARDE framework lies in modeling the plat-
form as an Outer Agent and individual couriers as Inner
Agents,thereby establishing a two-level collaborative learn-
ing architecture,An illustration of the two-level learning ar-
chitecture is shown below:

* Inner Agent Level:Each courier is represented as an au-
tonomous Q-learning agent whose objective is to max-
imize long-term cumulative earnings (e.g., hourly re-
wards).

Outer Agent Level:The platform functions as a global
regulator that adaptively adjusts system dynamics ac-
cording to the aggregated strategy distribution and util-
ity metrics—such as strategy entropy and the Gini coef-
ficient. By leveraging diversity incentives, reward shap-
ing, and diffusion mechanisms, the Outer Agent directs
the evolutionary process toward collective rationality and
global optimality.

The integration of large language models (LLMs) into
ARDE is motivated by two key objectives: dynamic adaptiv-
ity and decision interpretability. Crowdsourced delivery en-
vironments are highly dynamic and stochastic, where static,
rule-based governance quickly becomes obsolete. Leverag-
ing their reasoning and generation capabilities, LLMs trans-
late real-time system diagnostics—such as policy entropy,
fairness, and completion rates—into context-aware gover-
nance rules, enabling truly adaptive regulation.Moreover,
transparency and auditability are essential for trustworthy
platform governance. LLM-generated natural language di-
rectives serve as an interpretability bridge between algo-
rithmic control and human oversight, enhancing clarity and
trust.

In a traditional Q-learning framework, each individual
updates their strategy solely based on their own earnings,
which easily leads to strategy concentration. In multi-agent
environments, traditional Q-learning agents learn only from
their immediate rewards and local states:
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Figure 1: Architecture of ARDE: A Two-Level Adaptive Governance Framework for Crowdsourced Delivery Platforms.

Qi(s,a) + Qi(s,a)+a [ri + 7y max Qi(s',d') — Qy(s, a)} ;

®)
Under this mechanism, if the environment or reward struc-
ture exhibits certain preferences, all agents tend to converge
toward a single dominant strategy. This results in a collapse
of the strategy space, reducing system-level innovation and
robustness.

State Representation and Observation Space

ARDE employs a fine-grained state representation mecha-
nism to capture the complex dynamics of the delivery en-
vironment. Each agent’s state is constructed from a three-
dimensional observation vector:

s = [ 7t i mod 24]; ©)

7 ? ’L
where 7’( ) represents the agent’s total reward, 7r§t) de-
notes the current strategy identifier, and ¢ mod 24 captures
the temporal context based on agent index (simplified hour
simulation). The reward component is discretized into bins
of 50 CNY intervals to reduce state space dimensionality:

=" /50); (10)

Thin =
The state space is further compressed through a hash-based
mapping mechanism that converts the continuous observa-
tion space into a finite set of discrete states, enabling effi-
cient Q-table storage and lookup operations.
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Adaptive Reward Shaping

To promote information sharing and the evolution of strategy
diversity among individuals, ARDE introduces an adaptive
reward shaping mechanism. This mechanism diffuses the
global diversity objective into the local learning process of
each agent through multi-dimensional reward terms, estab-
lishing a transmission pathway of “’global objectives — local
incentives — individual behaviors — collective evolution.”
Traditional reinforcement learning considers only individual
immediate rewards, whereas ARDE transforms system-level
goals such as diversity, fairness, and efficiency into perceiv-
able reward signals for individuals via a multi-dimensional
reward function, thereby coupling global objectives with lo-
cal learning.

The reward function in ARDE consists of five dimensions,
each addressing different aspects of system optimization.
The base reward term preserves the original earnings incen-
tive for couriers, ensuring that individual motivation remains
intact: rb%e = 7;;. The diversity reward term leverages
the entropy of the strategy distribution to encourage couri-

ers to select distinct strategies and avoid strategy concentra-
tion: r4iversity — \(U) F(p,). The rarity reward term encour-
ages courlers to select strategies that are currently underuti-
lized, promoting exploration of the strategy space: 7% =

i,t -
O (1 — p,.+). The efficiency reward term is based on

rarity
the number of completed orders, incentivizing couriers to
i t
improve their working efficiency: 7, clency )\iﬂ)imency



completed,ordersgt). Finally, the polarization penalty term

is activated when a particular strategy’s proportion becomes

excessively high, preventing over-concentration of strate-

enalt; t
gies: 1" = AT I [maxy, py ¢ > 6

The total reward function of ARDE 1ntegrates all five di-
mensions into a balanced incentive system:

ARDE

b diversit rarlt efficienc enalt
zf ase+,,, y+ Y+T Y+TPt y;

)

Y

Adaptive Parameter Adjustment Mechanism

ARDE’s Outer Agent is equipped with an adaptive parame-
ter adjustment capability, enabling dynamic optimization of
reward weights based on the real-time state of the system,
thereby achieving intelligent platform regulation. The diver-
sity weight is dynamically adjusted according to the current
strategy entropy and Gini coefficient:

AL = min (0.5, Apase(1+ Hy - 0.2)(1 4 Gy - 0.4)) ;
(12)
When strategy entropy is low, the diversity weight is in-
creased to encourage dispersed strategies; when the Gini co-
efficient is high, the diversity incentive is strengthened to im-
prove income distribution. The upper bound of 0.5 is set to
avoid excessive intervention in individual decision-making.
The polarization penalty is dynamically adjusted based on
strategy concentration and the degree of income inequality:
AW (13)

pen

- )\b'me + 4maXPk t+ 2Gf;

When a particular strategy’s proportion is excessively
high or income inequality is severe, the penalty intensity is
increased to prevent the system from falling into a polarized
state. A base penalty of Ap,se = 3.0 ensures fundamental
regulatory effectiveness.

The exploration rate is dynamically adapted according to
strategy diversity and evolutionary time:

€®) = epase(1 — Hy/2.0) max (0.1,1 — ¢/30);  (14)

When strategy diversity is low, the exploration rate is
increased to encourage strategy innovation; as time pro-
gresses, the exploration rate gradually decreases to promote
strategy convergence. The base exploration rate €p,se =
0.08 maintains a proper exploration-exploitation balance.
This adaptive adjustment mechanism ensures that the sys-
tem can sustain optimal regulatory effectiveness under vary-
ing states.

Q-Learning Update Mechanism

ARDE adopts the standard Q-Learning update mechanism
but couples global objectives with local learning through dy-
namic reward shaping by the Outer Agent, thereby address-
ing the conflict between individual optimality and collective
optimality in traditional multi-agent reinforcement learning.
Each rider’s Q-table is updated following the standard Q-
Learning rule, but using ARDE’s multi-dimensional reward:

where the learning rate a = 0.08 ensures stable Q-value
updates and avoids excessive oscillations; the discount fac-
tor v = 0.97 emphasizes long-term returns, suitable for sce-
narios like food delivery that require long-term planning; the
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exploration rate e = 0.12 balances exploration and exploita-
tion, promoting strategy diversity; the state space |S| = 300
captures complex environmental states; and the action space
|A| = 4 corresponds to four strategy choices, maintaining
decision simplicity.

Qi(s,a) < Qi(s,a) +04[ ARDE
+ymax, Q;(s',a’) — Qz( s, )]

Explicit Representation of Platform Rules via
Large Language Models

15)

The Large Language Model (LLM) analyzes the current
system state and generates natural language guidance rules
that inform the Outer Agent’s parameter adjustment strategy.
Specifically, the LLM, based on the real-time values of strat-
egy entropy and the Gini coefficient, produces interpretable
guidance such as “recommend increasing strategy diversity
to avoid strategy concentration” or “recommend optimizing
income distribution to reduce income disparity.” The Outer
Agent then translates the LLM’s guidance into concrete pa-
rameter adjustments:

( ) = fOuter(LLM(St)) )

where fouter denotes the parameter adjustment function that
converts the LLM’s natural language recommendations into
numerical control parameters.

ARDE establishes a complete “state-guidance-parameter-
reward-action-state” feedback loop, where the system state
S; is first processed by the LLM module to generate high-
level guidance Guidance;. This guidance is then mapped
by the outer-layer function fouter into updated platform pa-
rameters Parameters;,.1, which are used to shape individ-
ual rewards {rﬁf_‘ﬂE} These adapted rewards guide agent
decisions, resultlng in a new system state S;;1 for the next
iteration. ensuring that platform governance rules can adap-
tively evolve with the system. This mechanism achieves a
coordinated optimization of efficiency, fairness, and diver-
sity, providing a novel technological pathway for the intelli-
gent governance of crowdsourced delivery platforms.

The complete pseudocode of the ARDE algorithm is
shown below:

/\(t+1) )\(H-l) g(t—i—l)

div pen

(16)

Experiments

This study utilizes a real-world dataset from a food delivery
platform, containing data from 350 couriers over a 30-day
period. A five-stage experimental framework was designed,
incorporating seven comparative studies to comprehensively
evaluate the effectiveness of the ARDE algorithm. Specifi-
cally, the experimental setup includes:

» El:Strategy free-evolution validation (no regulation),
simulating strategy degradation driven by self-interest;

» E2:Real-strategy replication, assessing whether the cur-
rent platform has already fallen into a non-cooperative
dilemma;

» E3:Regulatory mechanism comparison, contrasting the
effectiveness of rule-based control, reward shaping, and
ARDE;



Algorithm 1: ARDE: Dual-Layer Adaptive Regulation

Input: Dataset D, Agents A, Strategy set S, Horizon T'
Parameters: Learning rate «, Discount factor -y, Explo-
ration rate €

Output: Optimized strategy distribution II*, Metrics

. Initialize @; for all agents a; € A

: Initialize Outer Agent parameters A, 3

: for each time step ¢ € 1" do

. D < Orders of day ¢

stats <— SimulateDay(D;, A)

H < Entropy(strategy_counts(stats))
G < Gini(stats.rewards)

1
2
3
4.
5:
6.
7
8 A A(HG): B+ f5(HQ)

guidance <— LLM(H, G)
10:  for each agent a; € A do
11: s < EncodeState(stats[z])
12: a <+ e-greedy(Q;, s)
13: r < RewardShape(stats[i], A, 5)
14: Qils,a] « Qi[s,a] + a[r + ymaxy Qi[slaa/] -
Qils, al]
15: m; <— MapActionToStrategy(a)
16:  end for
17:  Record(M, H, G, guidance)
18: end for

19: return II*, M

e E4:Multi-objective evaluation analysis, providing a
cross-sectional comparison across efficiency, fairness,
and strategy diversity.

* E5:A state-of-the-art centralized training—decentralized
execution (CTDE) method.

To evaluate system performance, three key metrics are em-
ployed: strategy entropy (capturing strategy diversity), Gini
coefficient (reflecting income fairness), and order comple-
tion rate (indicating overall system efficiency). The compar-
ison of strategy entropy and Gini coefficient across all exper-
imental methods (with error bands representing +1 standard
deviation) illustrates the balanced performance of ARDE in
terms of diversity and fairness, as shown in Figure 2.

Strategy Diversity Performance

As shown in Table 1, different algorithms exhibit significant
variations in strategy diversity. The ARDE algorithm main-
tains a consistently high strategy entropy (0.997 £ 0.184)
throughout the entire experimental period, achieving an im-
provement of +11.0% over the initial state and a +29.6%
increase in diversity compared to baseline methods. In con-
trast, the Q-learning algorithm demonstrates severe strategy
polarization, with an average entropy of only 0.365 4 0.045,
achieving a marginal increase of +2.2%, while the overall
diversity level remains significantly low. Notably, the Re-
ward Shaping method reaches the highest strategy entropy
(1.029 £ 0.170) and the largest change rate (4+36.4%), yet
its relatively large standard deviation indicates insufficient
strategy stability. Both Rule-based and Real Strategy ap-
proaches exhibit pronounced strategy convergence, decreas-
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ing by —29.5% and —28.3%, respectively, validating the
theoretical hypothesis that individual rationality can lead to
collective suboptimality.

Fairness Improvement Effect

The fairness analysis reveals the groundbreaking perfor-
mance of the ARDE algorithm. ARDE is the only method
achieving a negative change in the Gini coefficient, with a
variation rate of —1.3%, indicating that the algorithm effec-
tively improves income distribution fairness. In contrast, all
other methods lead to varying degrees of increased inequal-
ity: Q-learning (+27.9%), Real Strategy (+53.6%), Rule-
based (+36.3%), Static Rule (+20.9%), Reward Shaping
(+1.2%), and QMix (4+0.2%). The average Gini coefficient
under ARDE is 0.339 £ 0.028, slightly higher than that of
Reward Shaping (0.329 + 0.027). However, considering its
simultaneous and significant enhancement of strategy diver-
sity, this trade-off highlights a key advantage of the ARDE
design.

System Efficiency and Adaptability

The system efficiency analysis indicates that the ARDE al-
gorithm maintains stable system efficiency while achiev-
ing high strategy diversity and improved fairness. ARDE
achieves an order completion rate of 0.411 and an average
hourly income of 6.86 CNY, comparable to the Rule-based
approach (completion rate 0.418, income 6.92 CNY/hour),
demonstrating its competitiveness in terms of efficiency. No-
tably, the Q-learning method performs the worst in terms
of efficiency, with a completion rate of only 0.189 and an
average income of 3.86 CNY/hour, validating the theoreti-
cal assumption that purely individual rational optimization
can lead to systemic efficiency collapse. ARDE also ex-
hibits the highest strategy switching rate (0.694), indicat-
ing strong adaptability and learning capacity, whereas Q-
learning shows the lowest switching rate (0.147), reflecting
its rigid strategies and lack of adaptability.

ES: ARDE-PPO vs. MAPPO Fair Comparison

To ensure a fair and consistent evaluation between ARDE
and mainstream MARL methods, we designed two addi-
tional experiments: ES-1 and ES-2. ES-1 preserves ARDE’s
dual-layer governance structure but replaces the inner-
layer learner with PPO, allowing a direct comparison with
E5-2 (MAPPO) under identical learning conditions. ES5-
1 (ARDE-PPO) achieves a negative Gini change (1.1%),
whereas E5-2 (MAPPO) exhibits a positive change (+2.1%),
a difference of 3.2 percentage points. This finding demon-
strates that ARDE’s fairness improvement stems from its
explicit hierarchical governance mechanism rather than the
specific choice of the inner learning algorithm. Notably,
ARDE (E3-3 and E5-1) remains the only framework achiev-
ing negative Gini growth, validating the robustness of its
governance design.

Discussion and Theoretical Validation

The experimental results strongly support the theoretical
proposition that individual rationality can lead to collec-
tive suboptimality. While Q-learning optimizes individual
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Figure 2: Strategy entropy (diversity) and Gini coefficient (fairness) across experiments, with error bands showing +1 standard
deviation. ARDE achieves high diversity (0.997) while maintaining relatively low inequality (0.339).

Method Strategy Gini Completion Average Entropy Gini System
Entropy Coefficient Rate Revenue (CNY/h) Change (%) Change (%) Efficiency
E1-1 (Rule-based) 0.94140.175 0.34440.029 0.418 6.92 -29.5 +36.3 0.494
E1-2 (Q-learning) 0.365+0.045 0.38740.028 0.189 3.86 +2.2 +27.9 0.147
E2-1 (Real Strategy) 0.988+0.219 0.351£0.036 0.413 6.85 -28.3 +53.6 0.621
E3-1 (Static Rule) 0.948+0.186 0.34140.027 0.417 6.89 -5.0 +20.9 0.692
E3-2 (Reward Shaping) 1.029+0.170 0.329+0.027 0411 6.91 +36.4 +1.2 0.677
E3-3 (ARDE) 0.997+0.184 0.339+0.028 0.411 6.86 +11.0 -1.3 0.694
E4-1 (QMix) 0.347+0.049 0.3384+0.014 4.723 4.20 +31.8 +0.2 0.000
E5-1 (ARDE-PPO) 1.005+0.178 0.338+0.029 0.409 6.88 +12.5 -1.1 0.691
E5-2 (MAPPO) 1.012+0.170 0.34040.032 0.407 6.95 +15.2 +2.1 0.697

Table 1: Comprehensive performance comparison of all experimental methods on the LaDe-D dataset.

payoffs, it induces severe strategy homogenization (entropy
0.365) and worsening income inequality (+27.9%), with a
dramatic drop in efficiency (completion rate 0.189). The
Real Strategy setting further highlights the limitations of ex-
isting platform governance (Gini change +53.6%). In con-
trast, ARDE’s dual-layer reinforcement learning framework,
combined with LLM-driven constraint generation, success-
fully resolves this dilemma. The outer agent performs global
governance and adaptive reward modulation, while inner
agents handle tactical decision-making—jointly balancing
efficiency, fairness, and diversity. The Diffusion Q-learning
mechanism promotes cooperative exploration, avoiding pre-
mature convergence, and LLM-based guidance introduces
interpretability and adaptive policy shaping.

Comparative experiments with state-of-the-art MARL
methods (QMix and MAPPO) further demonstrate ARDE’s
capability to achieve a more balanced optimization across
fairness, efficiency, and strategy diversity.Even when shar-
ing the same inner learner (PPO), ARDE-PPO (E5-1)
achieves a fairer outcome (Gini 1.1%) than MAPPO
(+2.1%), reinforcing that fairness gains originate from the
hierarchical governance design rather than algorithmic co-
incidence.
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Conclusion

This study introduces ARDE (Adaptive Regulation via
Dual-layer Evolution), an evolutionary governance frame-
work that reconciles individual rationality with collective
welfare in crowdsourced delivery platforms. By combin-
ing a dual-layer reinforcement learning architecture with
language model-driven policy generation, ARDE enables
adaptive, interpretable, and fairness-oriented governance
in dynamic multi-agent ecosystems. Experiments on real-
world datasets show that ARDE consistently enhances strat-
egy diversity, mitigates income inequality, and sustains high
operational efficiency, outperforming both rule-based mech-
anisms and state-of-the-art MARL baselines.Beyond em-
pirical validation, ARDE establishes a theoretical founda-
tion for algorithmic governance, demonstrating that hier-
archical regulation can systematically resolve the endur-
ing tension between individual rationality and collective
welfare.Looking ahead, ARDE offers a scalable paradigm
for intelligent and equitable governance, with potential ex-
tensions to cross-platform coordination, multi-level policy
adaptation, and ethically aligned incentive design.
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