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ABSTRACT. The proliferation of heterogeneous artificial intelligence (AI) governance
frameworks across jurisdictions has created fertile conditions for regulatory arbitrage,
whereby digital platforms strategically exploit differences in legal requirements to min-
imise compliance obligations. Existing approaches to compliance monitoring are predom-
inantly static, rule-based, and lack both the adaptive capacity to model multi-stakeholder
strategic behaviour and the transparency needed for regulatory trust. This paper pro-
poses XMARLREG, an Ezplainable Multi-Agent Reinforcement Learning framework for
proactive regulatory arbitrage detection across heterogeneous digital regulatory regimes.
The framework models digital platform operators and requlatory authorities as interacting
agents in a Markov game, learning latent arbitrage strategies through decentralised exe-
cution with centralised training. A dedicated explainability layer, combining SHAP value
attribution and counterfactual reasoning, provides transparent justifications for detected
arbitrage signals. We instantiate the framework using a cross-jurisdictional regulatory
knowledge base encompassing Vietnam’s emerging Model AI Governance Framework, the
European Union AI Act, Singapore’s Model AI Governance Framework, and the OECD
AI Principles. Simulation experiments on a synthetic cross-jurisdictional regulatory
dataset demonstrate that XMARLREG achieves an F1-score of 0.914, outperforming
rule-based, supervised, and non-explainable MARL baselines by up to 18.6%. Ablation
studies confirm the complementary contributions of the explainability and multi-agent
components. The paper further articulates concrete policy implications for Vietnamese
Al governance development and charts directions for future empirical validation using
real-world regulatory data.

Keywords: regulatory arbitrage, multi-agent reinforcement learning, explainable Al
AT governance, regulatory technology, Vietnam digital policy, cross-jurisdictional com-
pliance.
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1. Introduction.

The rapid diffusion of Al-enabled digital platforms across national borders has exposed
a fundamental tension in contemporary regulatory architecture: the inherent territorial-
ity of legal systems versus the jurisdiction-agnostic nature of digital services [1,2]. As
governments race to govern Al through distinct legislative instruments—the European
Union through the AI Act [3], Singapore through its Model Al Governance Framework
(MAIGF) [4], and Vietnam through its emerging national Al strategy [5]—the resulting
patchwork of requirements creates both compliance complexity and strategic opportu-
nity. Regulatory arbitrage, originally a concept from financial regulation [6], describes
the deliberate exploitation of gaps, asymmetries, or inconsistencies between regulatory
regimes to avoid or reduce compliance costs without substantively addressing the un-
derlying risks those regulations seek to mitigate. In the digital economy, this behaviour
manifests when a platform incorporates in a permissive jurisdiction, routes data through
low-regulation territories, or structures services to fall beneath definitional thresholds in
stricter frameworks [7]. The consequences for users, markets, and democratic governance
can be significant: weaker data protection, reduced algorithmic accountability, and a race
to the bottom in Al safety standards [§].

Despite the salience of this problem, the academic literature on Al-assisted regulatory
arbitrage detection remains nascent. Existing RegTech approaches focus predominantly
on financial compliance [9], while computational legal scholarship has yet to produce
adaptive, multi-stakeholder models capable of anticipating platform strategies in real
time. Furthermore, explainability remains a critical gap: regulatory authorities require
not merely a prediction that arbitrage is occurring, but a legally intelligible account of
the causal pathway [10].

Vietnam presents a compelling focal case for this investigation. The country has ar-
ticulated ambitious Al development targets through the National Strategy on Research,
Development, and Application of Artificial Intelligence to 2030 [5] and is actively con-
structing a governance architecture, yet its framework remains less prescriptive than the
EU AT Act and less mature than Singapore’s multi-edition MAIGF. This asymmetry cre-
ates a measurable arbitrage gradient that foreign digital platforms may exploit, making
proactive detection tools particularly valuable for Vietnamese regulatory authorities.

Research gaps addressed. Three gaps motivate this work: (i) the absence of adap-
tive, game-theoretic models of platform-regulator interaction in the Al governance lit-
erature; (ii) the lack of explainability mechanisms that make MARIL-based compliance
intelligence actionable for legal practitioners; and (iii) the absence of computational rep-
resentations of Vietnam’s Al governance framework enabling cross-jurisdictional compar-
ison. Figure 1 provides an overview of the study’s multi-phase research design, encom-
passing legal comparative analysis, empirical architectural tracking, and corporate policy
mapping.

Contributions. This paper makes the following novel contributions:

1. Framework: XMARLREG, the first explainable MARL framework specifically de-

signed for regulatory arbitrage detection across heterogeneous Al governance regimes.

2. Representation: A structured computational encoding of Vietnam’s Al governance

framework, enabling formal comparison with the EU Al Act, Singapore MAIGF, and
OECD AI Principles.

3. Explainability: An integrated SHAP-counterfactual explainability layer that trans-

lates MARL policy outputs into legally interpretable arbitrage justifications.
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FIGURE 1. Multi-Phase Research Design for AI Regulation and Compli-
ance Analysis

4. Evaluation: A simulation-based study demonstrating the feasibility of proactive
arbitrage detection, with quantitative benchmarks establishing the performance en-
velope for future empirical replication.

The remainder of the paper is organised as follows. Section 2 reviews related work.
Section 3 analyses the Vietnam Al governance landscape. Section 4 describes the proposed
framework. Section 5 presents the formal methodology. Section 6 details experimental
design. Section 7 reports results and discussion. Section 8 articulates policy implications.
Section 9 concludes.

2. Related Work.

2.1. AI for Legal Compliance and RegTech. Regulatory Technology (RegTech) has
emerged as a distinct field applying computational methods to automate compliance mon-
itoring, reporting, and risk assessment [9,11|. Early systems relied on ontology-based rule
engines for financial regulation [12|. More recent work integrates machine learning for
anomaly detection in tax compliance [13], anti-money laundering [14], and data protec-
tion [15]. However, applications to Al governance compliance remain sparse, with most
contributions limited to natural language processing for regulatory text analysis [16,17].

2.2. Computational Approaches to Regulatory Analysis. The formalisation of le-
gal norms in machine-executable representations has a substantial history, including de-
feasible logic [12], deontic logic [18], and norm graphs [19]. Recent efforts have targeted
AT governance frameworks specifically: Kolt [20| proposes computational indicators for Al
accountability, while Novelli et al. [21] develop a taxonomy of algorithmic accountability
mechanisms. These contributions, while valuable, do not model the strategic dynamics of
compliance avoidance.

2.3. Multi-Agent Reinforcement Learning. MARL has achieved state-of-the-art per-
formance in competitive and cooperative tasks, from game-playing [26] to traffic signal
control [27] and resource allocation [28]. Centralised training with decentralised execu-
tion (CTDE), pioneered by MADDPG [29] and QMIX [30], has become the dominant
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TABLE 1. Comparative Analysis of Related Work in Al-Assisted Legal
Compliance, Multi-Agent Systems, and Regulatory Technology
Study Legal Do- Al XAI Optimi- Cross- Key Limita-
main Method  Sup- sation Jurisdict. tion
port

Governatori  Contract  Defeasible None Rule in- No Static rules; no

et al. compliance logic ference strategic adap-

(2016) [12] tation

Lam & Regulatory TransformerPartial — SupervisedNo Text extraction

Governatori NLP based NLP only; no com-

(2021) [16] pliance scoring

Zhao et al. Financial MARL None Nash No Single jurisdic-

(2022) [22]  regulation (adversar- equilib- tion; no ex-

ial) rium plainability

Kolt Al gover- Indicators None N/A Partial Non-

(2021) [20]  nance & metrics computational;
lacks adaptive
model

Novelli et al. Algorithmic Taxonomy None N/A Partial Qualitative; no

(2023) [21]  account- risk quantifica-

ability tion

Panigutti Medical AT GNN  + Yes (on- SupervisedNo Healthcare-

et al. decisions  ontology tology) specific; not

(2021) [15] applicable  to
governance

Rudin et al. General InterpretableYes (in- Rule No Not  designed

(2022) [23] ML models herent) learning for multi-agent
regulatory set-
tings

Amrouni Financial MARL None CTDE No Market-

et al. markets (simula- specific;  lacks

(2021) [24] tion) legal knowledge
encoding

Nguyen Vietnam  Policy None N/A No Qualitative; no

& Tran Al policy  analysis computational

(2022) [25] framework

XMARLReg AI gover- Explain. Yes MAPPOYes Simulation-

(Ours) nance MARL (SHAP based; empir-

+CF) ical valida-

tion needed

XAI = Explainable Al; CF = Counterfactual; CTDE = Centralised Training Decentralised Execution.
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paradigm for mixed-motive settings. Recent work applies MARL to financial market reg-
ulation [24]| and adversarial compliance games [22], but no prior work applies MARL to
cross-jurisdictional Al governance arbitrage detection.

2.4. Explainable AT in Governance Systems. The X AT literature has produced a rich
toolkit: LIME [31], SHAP [32], integrated gradients [33|, and counterfactual explanations
[34]. Applications to governance include explainable credit scoring [35], judicial decision
support [36], and regulatory document classification [23]|. Explainability in MARL systems
is particularly challenging due to emergent joint policies; recent contributions include
attention-based attribution [37] and causal influence diagrams [38]. XMARLREG extends
this line by integrating SHAP-based marginal contribution analysis with counterfactual
trajectory reasoning.

2.5. AI Governance Framework Studies. Comparative analyses of Al governance
frameworks have proliferated following the EU Al Act’s trajectory toward adoption |7,
39,40|. Systematic comparisons of the EU Act with the Singapore MAIGF are available
in [41,42|. Vietnam’s AI governance has received limited scholarly attention, with excep-
tions including [25,43|, which analyse the National Al Strategy but do not formalise its
governance architecture for computational use.

2.6. Critical Limitations of Prior Work. Across these bodies of literature, three crit-
ical limitations emerge. First, existing compliance models are static: they check platform
behaviour against fixed rules rather than modelling the adaptive strategic interaction be-
tween platforms and regulators. Second, most cross-jurisdictional analyses are qualitative:
they identify divergences in regulatory texts without quantifying arbitrage risk. Third,
explainability has not been integrated with MARL for the specific purpose of making reg-
ulatory intelligence legally actionable. The present work addresses all three limitations.

3. Vietnam Al Governance Landscape.

3.1. Policy Context and Strategic Initiatives. Vietnam’s Al governance agenda is
anchored in Decision No. 127/QD-TTg (January 2021), which establishes the National
Strategy on Al Research, Development, and Application to 2030 [5]. The strategy sets
targets for Al infrastructure, human capital, and industrial application, while acknowledg-
ing the need for an enabling legal environment. Complementary instruments include the
Law on Cybersecurity (2018) [44], the Law on Information Technology (2006, amended),
and Personal Data Protection Decree No. 13/2023/ND-CP [45]. The Ministry of Science
and Technology (MOST) has additionally published draft guidelines on responsible Al
development, drawing on the OECD Al Principles [46] and Singapore’s MAIGE [4].

3.2. Key Governance Principles. Vietnam’s emerging Al governance architecture cen-
tres on five principles: (1) Human-centricity: Al must serve human welfare and national
development; (2) Transparency and explainability: Al systems in high-stakes domains
should provide interpretable outputs; (3) Safety and reliability: deployment in critical in-
frastructure requires prior assessment; (4) Data sovereignly: cross-border data flows are
subject to localisation requirements; and (5) Innovation-permissiveness: the framework
explicitly preserves regulatory space for experimentation.

Critically, Vietnam currently lacks a comprehensive Al-specific risk classification system
equivalent to the EU AI Act’s four-tier hierarchy (Unacceptable Risk, High Risk, Limited
Risk, Minimal Risk). This gap represents a primary arbitrage vector, as platforms may
argue that Al applications fall outside any defined risk category under Vietnamese law.
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TABLE 2. Comparative Regulatory Dimensions Across Al Governance
Frameworks
Dimension EU AI Act Singapore Vietnam OECD Al
(2024) MAIGF ATl  Strategy Principles
(2020) (2021) (2019)
Legal Instru- Binding Regula- Voluntary Strategic Decree Non-binding
ment tion Framework + Sectoral Laws Principles

Risk Classifi-

cation

Conformity
Assessment

Transparency

Req.

Data Gover-

nance

Enforcement

Human Over-

sight

XATI Require-

ments

Cross-border

Scope

Update
dence

Ca-

4-tier  manda-
tory hierarchy

Mandatory
(High Risk)
Mandatory dis-
closure

GDPR-aligned

Up to 6% global

turnover
Mandatory
(High Risk)
Mandated
High Risk
Extraterritorial
(Art. 2)

for

Regular dele-

gated acts

Risk-based vol-

untary tiers

Voluntary  self-

assessment
Recommended

PDPA-aligned

Sectoral
tions

sanc-
Recommended
Encouraged

Territorial

Edition-based
revisions

No explicit tier
system

Not formalised

Recommended
(emerging)

Data  localisa-
tion decree

Administrative
fines

Aspired

Mentioned in

strategy
Territorial +
Data  localisa-
tion

Decree amend-
ments

Principles-based
Recommended
Recommended
Contextual

N/A
Recommended
Encouraged

volun-

Global
tary

Periodic review

3.3. Comparative Analysis. Table 2 presents a structured comparison of key regula-
tory dimensions across the four frameworks. The comparison reveals several asymmetries
with direct implications for arbitrage risk:

e Risk classification: The EU Al Act provides the most prescriptive tiered classi-
fication; Singapore’s MAIGF offers voluntary guidance; Vietnam’s framework lacks
an explicit tier system; OECD principles are non-binding.

e Conformity assessment: Mandatory third-party conformity assessment for High-
Risk Al is unique to the EU Al Act; other frameworks rely on self-assessment or
voluntary auditing.

e Data governance: Vietnam’s data localisation requirements are stricter than Sin-
gapore’s but less operationally defined than the EU’s data governance requirements.

e Enforcement: EU enforcement carries substantial financial penalties (up to 6% of
global turnover); Vietnamese enforcement mechanisms remain underdeveloped.

3.4. Arbitrage-Relevant Dimensions. From the comparative analysis, four regulatory
dimensions are identified as primary drivers of arbitrage risk and are encoded as observ-
able state variables in the MARL framework: (D1) Risk classification specificity; (D2)



Explainable Multi-Agent RL for Arbitrage Detection 417

Mandatory conformity assessment burden; (D3) Enforcement severity; and (D4) Trans-
parency obligation strength. These dimensions are operationalised as ordinal scores in the
regulatory knowledge base (Section 4.8).

4. Proposed Framework.

4.1. Overview. XMARLREG comprises four functional layers, as illustrated in Figure
2: (i) the Regulatory Knowledge Layer, encoding governance requirements across jurisdic-
tions; (ii) the Multi-Agent Interaction Layer, hosting platform, regulatory, and monitoring
agents in a shared Markov game environment; (iii) the Arbitrage Signal Layer, aggregat-
ing agent policies and environment dynamics into risk scores; and (iv) the Ezplainability
Layer, providing SHAP-based attribution and counterfactual reasoning for detected arbi-
trage events.

Feedback

Regulatory - XZ‘;‘;"{‘P) Arbitrage Signal | shap Regulatory

Knowledge Layer - ) Layer Attribution Intelligence Output
H Regulatory —

« EU-Al Act H Agents (R) « Arbitrage Report

« Singapore M.A.L.G.F. — + Joint Policy i Justification

+ Vietnam Al Strategy — + Analysis Risk Scoring : | Counterfactual * Policy

OECD Monitoring + Threshold Detection i | Reasoning Recommendation
| Agents(M) i
N—— i
MARL Interaction Layer Explanation Layer

F1GURE 2. XMARLReg system architecture. The dashed feedback arrow
represents iterative refinement of the regulatory knowledge base from de-
tected arbitrage patterns.

4.2. Agent Definitions.

4.2.1. Platform Agents (P). A set of Np platform agents, {p1, ..., pn,}, each representing
a digital platform operating across multiple jurisdictions. Each platform agent selects a ju-
risdictional configuration—a mapping from service components to regulatory regimes—to
maximise a utility combining market access and compliance cost minimisation. Platform
agents are modelled as self-interested, bounded-rational actors with partial observability
of the regulatory environment.

4.2.2. Regulatory Agents (R). A set of Ny regulatory agents, {rq,...,7n,}, each repre-
senting a national regulatory authority (EU, Singapore, Vietnam, OECD-aligned). Reg-
ulatory agents observe platform configurations and select enforcement or information-
sharing actions to maximise compliance within their jurisdiction. Their reward structure
incentivises collaboration across jurisdictions to close arbitrage gaps.

4.2.3. Monitoring Agents (M). A single centralised monitoring agent m acts as a meta-
observer with full access to the joint state trajectory, serving as a training surrogate
during centralised training. At inference time, the monitoring agent is replaced by the
explainability layer operating on recorded trajectories.
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4.3. State Representation. The global state s € § is a composite vector:
s = <Sreg’ Splat’ Senv> (1)

where 578 € R7*P encodes the regulatory parameter matrix for J jurisdictions across
D governance dimensions; sP' ¢ RVP*K encodes each platform’s current jurisdictional
configuration across K service components; and s € R¥ captures exogenous factors
(market size, trade agreements, bilateral data flow agreements).

Each platform agent p; observes a local observation o; C s excluding competitor config-
urations and internal regulatory deliberation states, consistent with partial observability.

4.4. Action Space. For each platform agent p;, the action space is:

a; € .AP = jK (2)
where J = {1,..., J} represents the set of jurisdictions and K is the number of service
components. Actions thus represent choices about where to legally anchor each compo-

nent.
For each regulatory agent r;, the action space includes:

a; € A% = {AuDIT, NOTIFY, COORDINATE, SANCTION, EXEMPT} (3)

4.5. Reward Design. The reward function for platform agents embodies the arbitrage
incentive:

r? = a-MarketAccess(a;, s™) — 3-ComplianceCost(a;, s'¢) —v-SanctionRisk(a;, {a; }jvjl)
(4)
where «, 5,7 > 0 are weighting coefficients.
Regulatory agents receive a collaborative reward penalising undetected arbitrage:

rit = § - ComplianceRate(s) — € - ArbitragePenalty (s, {a;}7) (5)

The monitoring agent’s reward is a macro-level arbitrage detection accuracy signal used
during CTDE training only.

4.6. Multi-Agent Interaction Protocol. Agents interact in discrete time steps t =
1,2,...,T within a finite-horizon Markov game G = (N, S, {A;}, T, {r:},va) where N
is the agent set, 7 : S x [[, Ai — A(S) is the transition function, and 4 € (0,1) is
the discount factor. Platform agents act first; regulatory agents observe platform actions
before selecting enforcement responses, creating a Stackelberg-like structure within each
step.

4.7. Explainability Layer. The explainability layer operates post-hoc on recorded state-
action trajectories 7 = {(sy,{ai}, {ri}, six1)}_y- Two complementary mechanisms are
employed:

SHAP Attribution. For a detected arbitrage event at time ¢*, SHAP values ¢ for
each regulatory dimension feature f are computed with respect to the platform agent’s
Q-function:

| — —1)!
ooy = Y BEZ =D s u 7 - () )
SCH\{f}
where F is the full feature set and v(S) is the Q-value evaluated with features outside S
marginalised.
Counterfactual Reasoning. For each detected arbitrage action a*, a counterfactual
alternative a is generated by solving:

a =argmin |la —a*|l; s.t. ArbitrageScore(a,s) <0 (7)
acA
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where 0 is an arbitrage risk threshold. The pair (a*,a) constitutes a minimal change
explanation for the regulatory analyst.

4.8. Compliance Knowledge Representation. Governance requirements are encoded

in a structured Compliance Knowledge Matrix C € [0, 1]7*? where each entry C} 4 repre-
sents the normalised regulatory stringency of jurisdiction j on dimension d € {D1, D2, D3, D4}
(Section 3). The arbitrage score for a platform action a; is:

+
ArbitrageScore(a;) = max <de d— ngi7d) (8)
where j% is the most stringent jurisdiction on dimension d and jj' is the jurisdiction
selected by platform agent ¢ for component d.

5. Methodology.

5.1. Markov Game Formalisation. XMARLREG instantiates the n-player general-
sum Markov game framework [47]:

G=WN, S, {Oi}ien, {Aitien, T, {ritien, 7a) 9)

The joint policy w = (my, ..., 7,) determines the joint action distribution at each state.
The solution concept employed is coarse correlated equilibrium (CCE), which is more
tractable than Nash equilibrium in multi-agent settings and better reflects the role of a
mediating monitoring agent [48].

5.2. Training Algorithm. We adopt MAPPO (Multi-Agent Proximal Policy Optimisa-
tion) [49] with centralised value function estimation. MAPPO is selected over MADDPG
due to its improved sample efficiency in mixed cooperative-competitive settings and com-
patibility with the discrete action spaces of regulatory agents. The centralised critic Vj(s)
conditions on the global state during training, while each agent’s actor 7y, (a;|0;) conditions
only on local observations at execution time (CTDE paradigm).

The MAPPO clipped surrogate objective for agent i is:

ECLIP(@ ) = Et [mm(pt ; At’ Chp(pt i1l —€,1+¢€) At):| (10)

where py; = mp, (ai|0) /mgaa(ai|ol) is the importance sampling ratio, A, is the generalised
advantage estimate, and €. = 0.2 is the clipping range.

5.3. Explainability Mechanism. Algorithm 1 presents the full training and inference
procedure, including the explainability computation pipeline.

5.4. Regulatory Similarity Metrics. To quantify the regulatory distance between ju-

risdictions—a prerequisite for estimating arbitrage gradients—we define the Regulatory
Dissimilarity Index (RDI) between jurisdictions j and j’:

RDI(4, ") de|C’jd Cj dl (11)

where wy are dimension-specific weights calibrated from legal expert elicitation. High
RDI values indicate strong arbitrage incentives.
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Algorithm 1 XMARLREG Training and Inference

Require: Compliance Knowledge Matrix C, agent sets P, R, M, MAPPO hyperparam-
eters, SHAP background dataset D, arbitrage threshold 6
Ensure: Trained policies {my, }, explainer ®
1: Initialise actor networks my,, centralised critic Vy, replay buffer B
2: Encode C into environment state s
3: for episode e = 1,..., F. doO

4:  Reset environment; observe initial states {07}

5. forstept=0,...,7—1do

6: for all platform agent p; € P do

7 Sample action a;* ~ m, (-|0}")

8 end for

9 for all regulatory agent r; € R do

10: Observe platform actions; sample a,” ~ 7, (‘|oy”)
11: end for

12: Execute joint action; observe s;1, {r{}, {0j,1}
13: Store transition in B

14: Compute ArbitrageScore(al’) via Eq. (8)

15:  end for

16:  Update actors and critic via MAPPO (Eq. (10))
17: end for

18: — Explainability Inference —

19: Collect test trajectories Tiest

20: for all detected arbitrage event (s4,a*) do

21:  Compute SHAP values {¢;} via Eq. (6)

22:  Generate counterfactual a via Eq. (7)

23:  Produce report: top-k features + (a*,a) pair
24: end for

25: return {7y, }, explainer

5.5. Arbitrage Risk Scoring. The composite Arbitrage Risk Score (ARS) for a plat-

form configuration a” = {a,} " is:
Np
P 1 :
ARS(a") = — Z ArbitrageScore(a;) - MarketShare(p;) (12)
Ne 3

ARS > 6 triggers an arbitrage alert and activates the explainability pipeline.

6. Experimental Design.

6.1. Simulation Environment. The simulation environment described in this section
is a synthetic research prototype designed to evaluate framework feasibility. Empirical
validation using real-world regulatory data and live platform behaviour constitutes a
critical direction for future work. Table 3 summarizes the simulation scenarios used in our
cross-jurisdictional evaluation, detailing each scenario’s regulatory arbitrage mechanism
and the specific governance dimensions exploited (e.g., risk classification, enforcement
severity, data localization.

The REGARBITRAGEGYM environment is implemented in Python using the Petting-
Zoo MARL library [50|. The environment hosts Np = 5 platform agents and Ny = 4
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TABLE 3. Simulation Scenario Descriptions for Cross-Jurisdictional Eval-
uation

ID Scenario Description and Arbitrage Mechanism

S1 Definitional Gap A platform argues that its Al application falls outside the risk
Exploitation categories formally defined in the EU Al Act and Singapore
MAIGF, exploiting the absence of an equivalent risk tier sys-
tem under Vietnam’s current governance framework. Primary

arbitrage dimension: D1 (Risk Classification Specificity).

S2 Enforcement A platform concentrates enforcement-facing Al operations (au-
Asymmetry tomated decision-making, algorithmic hiring) in Vietnam to ex-
ploit significantly weaker financial sanction capacity relative to
the EU. Primary arbitrage dimensions: D3 (Enforcement Sever-
ity), D2 (Conformity Assessment Burden).

S3 Data Localisa- A platform structures cross-border data flows through third-
tion Circumven- country routing to simultaneously minimise exposure to Viet-
tion nam’s localisation requirements (Decree No. 13/2023) and EU

data governance obligations (GDPR Art. 44-49). Primary arbi-
trage dimensions: D4 (Transparency Obligations), Data Gover-
nance.

regulatory agents (corresponding to EU, Singapore, Vietnam, and a composite OECD-
aligned regulator). Each episode spans T' = 50 decision steps. The regulatory knowledge
matrix C is initialised from expert-coded governance scores for the four frameworks, with
stochastic perturbations simulating regulatory updates.

6.2. Synthetic Cross-Jurisdictional Dataset. The dataset comprises 10,000 simu-

lated platform configurations across four jurisdictions and eight service component types

(biometric authentication, personalised recommendation, automated decision-making, data
brokerage, cross-border data transfer, Al-generated content, autonomous pricing, and al-

gorithmic hiring) [51]. Ground-truth arbitrage labels are assigned by a rule-based oracle

encoding the legal expert’s assessment of arbitrage under each configuration. The dataset

is split 70/15/15 for training, validation, and testing. Table 4 summarizes the character-

istics of the synthetic cross-jurisdictional regulatory dataset used in this study, including

dataset, composition, jurisdictional coverage, agent configurations, scenario distribution,

and labeling procedures.

6.3. Vietnam-EU-Singapore Regulatory Scenarios. Three scenario families are con-
structed to stress-test the framework: S1 (Definitional Gap Exploitation): a platform
argues that its Al application falls outside risk categories defined by the EU AT Act but
within Vietnam’s permissive implicit risk space; S2 (FEnforcement Asymmetry): a plat-
form concentrates enforcement-facing operations in Vietnam, exploiting the lower sanction
severity relative to the EU; S3 (Data Localisation Circumuvention): a platform structures
data flows to minimise exposure to both Vietnam’s localisation requirements and EU data
governance obligations simultaneously.

6.4. Baseline Methods. Four baselines are evaluated: B1 Rule-Based Compliance En-
gine (RBCE), implementing a deterministic rule tree over the compliance knowledge ma-
trix; B2 Supervised classification using a Random Forest trained on labelled platform
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TABLE 4. Synthetic Cross-Jurisdictional Regulatory Dataset Summary

Attribute Value

Total instances 10,000
Arbitrage-positive (train) 3,421 (48.9%)
Arbitrage-negative (train) 3,579 (51.1%)

Validation instances 1,500 (50.2% positive)

Test instances 1,500 (49.8% positive)

Number of jurisdictions 4 (EU, Singapore, Vietnam, OECD)
Service component types 8

Regulatory dimensions (D) 10

Agent types 3 (Platform, Regulatory, Monitoring)
Platform agents (Np) 5

Regulatory agents (Ng) 4

Episode length (T') 50 steps

Scenario distribution S1: 33.3%, S2: 33.3%, S3: 33.3%
Ground-truth labelling Rule-based oracle (legal expert validated)
Stochastic perturbation o = 0.05 (regulatory update simulation)

configurations; B3 Deep Q-Network (DQN) single-agent RL, treating the problem as a
single-agent detection task; B4 Non-Explainable MARL (MARL-noXAI), ablating the
explainability layer from XMARLREG.

6.5. Evaluation Metrics. Detection performance is assessed using Precision, Recall, F1-
score, and Area Under the ROC Curve (AUC-ROC). Explainability quality is measured by
the Faithfulness Score (FS), defined as the correlation between SHAP attribution rankings
and the ablated model performance drop when features are masked. Computational
efficiency is reported as wall-clock training time and inference latency per episode. Figure
3 illustrates the training performance of the MARL framework through learning curves,
reward evolution, and convergence analysis.

(a) F1 Learning Curves (b) Reward Evolution (c) Convergence Analysis
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FIGURE 3. MARL Training Analysis: Learning Curves, Reward Evolution,
and Convergence
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TABLE 5. Detection Performance Across Methods and Scenarios

Method Prec. Recall F1 AUC
Scenario S1 — Definitional Gap Fxploitation

RBCE 0.891 0.874 0.882 0.903
Random Forest 0.876 0.861 0.868 0.889
DQN 0.843 0.855 0.849 0.872
MARL-noXAI 0.901 0.893 0.897 0.921
XMARLReg 0.916 0.908 0.912 0.934
Scenario S2 — Enforcement Asymmetry

RBCE 0.762 0.748 0.755 0.789
Random Forest 0.811 0.793 0.802 0.831
DQN 0.834 0.821 0.827 0.856
MARL-noXAI 0.862 0.848 0.855 0.879
XMARLReg 0.919 0.909 0.914 0.938
Scenario S8 — Data Localisation Circumuvention

RBCE 0.798 0.771 0.784 0.812
Random Forest 0.834 0.819 0.826 0.848
DQN 0.851 0.839 0.845 0.868
MARL-noXAI 0.878 0.871 0.874 0.896
XMARLReg 0.921 0.916 0.918 0.941

7. Results and Discussion. [Note: The quantitative results presented in this section are
derived from simulation experiments on the synthetic REGARBITRAGEGYM dataset. They
are intended to demonstrate framework feasibility and establish a performance baseline for
future empirical studies using real-world regulatory data. All figures should be interpreted
accordingly. |

7.1. Main Performance Results. Table 5 reports detection performance across all
methods and scenario families. XMARLREG achieves the highest F'1-score (0.914) across
all scenarios, outperforming the best baseline (MARL-noXAI, 0.887) by 2.7 percentage
points in aggregate and by 5.9 percentage points in the S2 scenario (enforcement asym-
metry), where the explainability layer’s ability to identify sanction-related SHAP features
provides a material advantage. The RBCE baseline performs well in S1 (definitional gap),
where explicit rule matching is effective, but degrades substantially in S2 and S3 due to
its inability to model strategic adaptation.

7.2. Ablation Studies. Table 6 decomposes XMARLREG into its constituent modules
to assess their individual contributions. Removing the multi-agent structure (single-agent
variant) reduces F1 by 6.3 points, confirming that modelling strategic platform-regulator
interaction is essential. Removing the explainability layer yields MARL-noXAI, with
negligible impact on detection accuracy but a substantial reduction in Faithfulness Score
(0.647 vs. 0.891), validating that explainability does not trade off against performance in
this setting. Removing the compliance knowledge matrix (random C) causes the most
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severe degradation (F1: 0.791), demonstrating the centrality of structured regulatory
encoding.

TABLE 6. Ablation Study Results (Averaged across S1-S3)

Variant F1 AUC Faith. Score
Full XMARLREG 0.914 0.938 0.891
w/o Multi-Agent (Single) 0.851 0.874 0.882
w/o XAI Layer 0.887 0.912 0.647
w/o Knowledge Matrix ~ 0.791 0.813 0.714
w/o Counterfactuals 0.901 0.924 0.813

7.3. Explainability Case Study. In Scenario S2, the most detected arbitrage pattern
involves a platform agent routing its automated decision-making component to Vietnam
(low D3 enforcement severity: Cyn ps = 0.21) while maintaining EU incorporation for
market access. The SHAP attribution identifies D3 (enforcement severity) as the domi-
nant feature (¢pp3 = 0.43), followed by D2 (conformity assessment burden, ¢ps = 0.29)
and D1 (risk classification, ¢p; = 0.18). The counterfactual explanation (a*,a) demon-
strates that relocating the decision-making component to the Singapore jurisdiction—a
minimal one-step change—reduces the ARS below threshold, providing the regulatory
analyst with a concrete, legally interpretable intervention point.

7.4. Cross-Jurisdictional Comparison. RDI values (Eq. (11)) between jurisdiction
pairs are: RDI(EU, Vietnam) = 0.68, RDI(EU, Singapore) = 0.41, RDI(Singapore, Viet-
nam) = 0.39, RDI(EU, OECD-aligned) = 0.22. The large EU-Vietnam dissimilarity
confirms that this jurisdiction pair presents the greatest arbitrage gradient and accounts
for 61% of detected arbitrage events in simulation, consistent with hypothesis S2. Table
7 compares jurisdiction pairs in terms of their Regulatory Dissimilarity Index (RDI) and
associated arbitrage event rates, highlighting potential regulatory gaps.

TABLE 7. Pairwise Regulatory Dissimilarity Index (RDI) and Arbitrage
Event Share. Higher RDI indicates stronger arbitrage incentive.

Jurisdiction Pair RDI Arb. Events (%)
EU AI Act — Vietnam Al Strategy 0.68 61.2%

EU Al Act — OECD Principles 0.41 12.3%

EU AT Act — Singapore MAIGF 0.41 10.8%
Singapore MAIGF — Vietnam AT Strategy 0.39 9.1%
OECD Principles — Vietnam Al Strategy  0.35 4.7%
Singapore MAIGF — OECD Principles 0.22 1.9%

RDI = Regulatory Dissimilarity Index (Eq. (7)).
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7.5. Limitations and Threats to Validity. Several limitations require acknowledge-
ment. First, the simulation relies on expert-coded compliance scores that may not fully
capture the interpretive complexity of legal texts; future work should employ NLP-based
regulatory encoding [16]. Second, platform agent behaviour in simulation may not mirror
the strategic sophistication of real-world corporate legal teams. Third, the Markov as-
sumption may be violated in practice, as regulatory environments exhibit long-term policy
cycles. Fourth, the results are derived from a synthetic dataset, and external validity to
real-world arbitrage detection is not established.

8. Policy Implications.

8.1. Recommendations for Vietnam’s AI Governance Development. The simu-
lation results, taken in conjunction with the comparative regulatory analysis (Table 2),
suggest three priority actions for Vietnamese authorities. First, risk classification for-
malisation: adopting an explicit, tiered Al risk classification system analogous to (though
not necessarily identical with) the EU AT Act’s hierarchy would substantially reduce D1-
driven arbitrage. The system need not be prescriptive; a principles-based classification
consistent with Vietnam’s innovation policy could suffice. Second, enforcement ca-
pacity building: the simulation demonstrates that enforcement asymmetry (D3) is the
dominant arbitrage driver in the Vietnam context. Strengthening the enforcement arm
of Al governance—through dedicated regulatory capacity, inter-agency coordination, and
proportionate sanction frameworks—would reduce the ARS for Vietnam-anchored plat-
forms. Third, regulatory sandboxing with monitoring: consistent with Singapore’s
approach, Vietnam could establish regulatory sandboxes with embedded monitoring obli-
gations, generating the empirical data needed to calibrate real-world implementations of
frameworks like XM ARLREG.

8.2. Implications for Digital Platform Oversight. Beyond Vietnam, the framework
demonstrates that Al-assisted regulatory intelligence can transform the oversight para-
digm from reactive enforcement to proactive arbitrage anticipation. Regulatory authori-
ties could deploy monitoring agents continuously, generating ARS alerts that trigger tar-
geted inquiry before harmful arbitrage patterns become entrenched. The explainability
layer is particularly critical in this context: legal defensibility requires that any regula-
tory action be grounded in articulable evidence, not opaque model outputs. Figure 4
illustrates a counterfactual explanation generated for a detected arbitrage event, high-
lighting the regulatory factors that would need to change to alter the prediction outcome.

Regulatory Dimension Scores: Original (a*) vs. Counterfactual (a) vs. EU

1.0 4 == ARS threshold 8=0.45 s Vietnam (a*) W Singapore (a) Bm EU Al Act

Regulatory Stringency Score

Enforcement Conformity Risk Transparency
Severity Assessment Classification Obligation

FIGURE 4. Counterfactual Explanation for Detected Arbitrage FEvent
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TABLE 8. Computational Efficiency Comparison

Method Train Time Inference Memory
(min) Latency (ms) (GB)
RBCE <1 0.8 0.1
Random Forest 2.3 1.2 0.3
DQN 45.2 4.5 1.2
MARL-noXAI 68.1 6.2 2.8
XMARLReg 78.3 8.1 3.4

Experiments on Intel Xeon 2.4GHz, 32GB RAM,; inference = per-episode mean.

8.3. Opportunities for AI-Assisted Regulatory Monitoring. International coordi-
nation presents a complementary opportunity. The ASEAN Digital Economy Framework
Agreement and bilateral data sharing agreements could provide the institutional infras-
tructure for multi-jurisdictional monitoring systems built on architectures like XMARL-
REG. Table 8 presents the efficiency evaluation results for the baseline methods and
the proposed XMARLReg framework, measured by training time, inference latency, and
memory usage.

Shared regulatory intelligence, with privacy-preserving mechanisms to protect sensitive
platform data, could enable collective action against arbitrage strategies that no single
jurisdiction can address unilaterally.

9. Conclusion and Future Work. This paper introduced XMARLREG, an explain-
able multi-agent reinforcement learning framework for detecting regulatory arbitrage
across heterogeneous Al governance regimes. The framework addresses three critical gaps
in existing work: the absence of adaptive game-theoretic models of platform-regulator
interaction, the lack of explainability in MARL-based compliance intelligence, and the
absence of computational representations of Vietnam’s Al governance architecture.

The key contributions are: (1) a formal MARL formulation of the platform-regulator
arbitrage game with a principled reward design encoding compliance incentives; (2) a
structured computational encoding of four major AI governance frameworks enabling
quantitative cross-jurisdictional comparison via the Regulatory Dissimilarity Index; (3)
a SHAP-counterfactual explainability layer that translates MARL policy outputs into
legally interpretable arbitrage justifications; and (4) simulation evidence demonstrating
that XMARLREG achieves F1 = 0.914, outperforming rule-based and non-explainable
MARL baselines.

Policy implications for Vietnam’s Al governance development are concrete: formalis-
ing risk classification, building enforcement capacity, and adopting monitored regulatory
sandboxing would substantially reduce the arbitrage gradient that currently positions
Vietnam as a potential haven for compliance-minimising digital platforms.

Future work will pursue three extensions. First, real-world regulatory data: collabora-
tion with regulatory authorities to obtain anonymised compliance filing data would enable
empirical validation of the simulation findings. Second, NLP-based regulatory encoding:
replacing expert-coded compliance scores with transformer-based legal text analysis would
improve coverage and reduce encoding bias. Third, dynamic regulatory modelling:
incorporating regulatory update dynamics as a non-stationary component of the Markov
game would improve the framework’s applicability to rapidly evolving governance contexts
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such as Vietnam’s. These extensions will progressively bridge the gap between simulation
feasibility and operational regulatory deployment.
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