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ABSTRACT

Post-deployment autonomous and agentic systems increasingly act inside socio-
technical ecosystems (supply chains, trade finance networks, infrastructure projects)
where factual dynamics and legal requirements are intertwined. Current LLM-
centric legal tooling largely treats compliance as text generation, and therefore
struggles to ground counterfactual analyses (“would this have been a breach?”) or
produce verifiable explanations under regulation. We propose Regulation-Aware
Legal Digital Twins (RALDTSs): constrained world models that link (i) a multi-
jurisdiction legal knowledge graph to (ii) a learned commercial world model
and (iii) a neuro-symbolic constraint layer used during simulation, planning, and
explanation. We formalize the interface, identify a key bottleneck—mapping latent
trajectories to legally salient facts—and present an implementation strategy that
combines event-graph extraction with solver-guided consistency repair. Finally,
we define benchmark tasks (counterfactual breach, regulation-aware planning, and
explanation faithfulness) with metrics for constraint satisfaction, causal validity,
uncertainty calibration, and traceability.

1 MOTIVATION

Disputes and compliance assessments are fundamentally counterfactual: they ask what would have
happened under alternative actions, allocations, or regulatory interpretations. In cross-border con-
tracting, liability, excuses, and damages are evaluated against a but-for baseline and quantified using
legally defined remedies.(United Nations Commission on International Trade Law (UNCITRAL),
1980; UNIDROIT, 2016; CISG Advisory Council, 2008) In parallel, AI governance frameworks
impose explicit operational duties (risk management, documentation, logging, human oversight) that
must be satisfied in the deployed system, not merely described.(European Parliament and Council of
the European Union, 2024; National Institute of Standards and Technology, 2023; Organisation for
Economic Co-operation and Development (OECD), 2019)

Although legal language understanding has improved with domain benchmarks and specialized
encoders, many high-stakes tasks still require long-horizon, dynamics-grounded reasoning.(Chalkidis
et al., 2022; Koreeda & Manning, 2021; Chalkidis et al., 2020; Guha et al., 2023) Moreover, LLM
outputs can be fluent yet unfaithful, with hallucination modes that are unacceptable for compliance
documentation or adjudicative analysis.(Ji et al., 2022) We argue that a post-AGI compliance substrate
should treat legal requirements as constraints over trajectories in a world model, rather than as free-
form narrative generation.

2 RALDT INTERFACE AND DESIGN GOALS

Digital twins are typically defined as high-fidelity, continuously updated models that support simula-
tion and decision-making about a real system.(Grieves, 2014; Tao et al., 2019) RALDTs adapt this
paradigm to law-governed commercial ecosystems by coupling simulation with explicit normative
structure and auditability.
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Figure 1: RALDT architecture: normative structure is compiled into constraints; a learned world
model supports rollouts; a fact abstraction maps trajectories to legal predicates; planning enforces
constraints and produces re-checkable explanations.

We define a RALDT as a tuple
<S7 A7T07R7 C’ @>7 (1)

where S is the latent state of the commercial system, A an action space for an operator (e.g., approve
shipment, deploy a model, issue notice), Ty a learned transition model, R an operational reward (cost,
delay, value), C a set of legal constraints, and ® a fact abstraction mapping latent trajectories to
legally salient predicates (breach, notice, causation, high-risk classification). The world model may
be any latent-dynamics model that supports counterfactual rollouts and planning.(Ha & Schmidhuber,
2018; Hafner et al., 2019)

Design goals. A RALDT should support (i) counterfactual performance: rollouts under interven-
tions that correspond to legally meaningful alternatives; (ii) constraint enforcement: reject or penalize
trajectories that violate obligations; (iii) fraceability: produce a machine-checkable record of which
rules were triggered and why; and (iv) uncertainty-aware abstention: recognize when open-textured
predicates cannot be resolved reliably.

Legal knowledge representation. We model the normative substrate as a legal knowledge graph
(LKG) built on Semantic Web formalisms.(Hogan et al., 2021; Cyganiak et al., 2014; W3C OWL
Working Group, 2012) Jurisdictional concepts can be grounded in legal ontologies (e.g., LKIF) to
provide a shared vocabulary for cross-border reasoning.(Hoekstra et al., 2007) Graph validation and
extracted-fact validation can be expressed with SHACL.(W3C RDF Data Shapes Working Group,
2017) Executable rule representations can be expressed in standards such as LegalRuleML.(Athan
et al., 2015) At the logical foundation, deontic notions (obligation, permission, prohibition) motivate
compiling legal rules into trajectory constraints.(von Wright, 1951)

Constraint layer. We compile the LKG into a hybrid constraint set C' = Chyq U Cyor. Hard
constraints cover crisp duties (deadlines, notice periods, prohibited uses) and are checked with
SAT/SMT.(de Moura & Bjgrner, 2008) Soft constraints cover open-textured standards (reasonableness,
proportionality) and are implemented as differentiable satisfaction losses.(Serafini & d’Avila Garcez,
2016; Badreddine et al., 2022) Open texture is a design feature of legal language; thus ® and Cig
must tolerate graded satisfaction and controlled abstention.(Bix, 1991)

3 REGULATION AS CODE: FROM TEXT TO CONSTRAINTS

A practical bottleneck is transforming open-textured legal sources into executable constraints. “Rules
as code” approaches emphasize that regulatory logic should be published in machine-consumable
forms, enabling consistent implementation and audit.(Mohun & Roberts, 2020; Merigoux et al., 2021)
RALDTS operationalize this idea by treating legal artifacts as programs over trajectories.
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We propose a three-stage compilation pipeline: (1) Canonicalization: parse regulations, contracts,
and guidance into a normalized graph schema (actors, actions, duties, exceptions) represented in
RDF/OWL and validated with SHACL.(Cyganiak et al., 2014; W3C OWL Working Group, 2012;
W3C RDF Data Shapes Working Group, 2017) (2) Rule compilation: translate rule nodes into (a)
SMT constraints for crisp requirements (e.g., “retain logs for at least d days”), and (b) differentiable
constraints for graded requirements (e.g., “reasonable mitigation”).(de Moura & Bjgrner, 2008;
Badreddine et al., 2022) (3) Linking: connect rule predicates to facts produced by @ so that rule
evaluation is grounded in operational events.

LegalRuleML provides a principled way to represent defeasible legal rules and metadata about sources
and jurisdictions.(Athan et al., 2015) For probabilistic or uncertain fact predicates, neuro-symbolic
probabilistic programming can provide tractable inference while preserving rule structure.(Manhaeve
et al., 2018)

4 CAUSALITY AND COUNTERFACTUAL QUERY PROTOCOL

Counterfactual explanations should specify (i) the intervention, (ii) the causal assumptions, and
(ii1) the mapping from model variables to legally relevant facts. We treat counterfactual rollouts as
do-interventions on a structural causal model induced from event variables and ®.(Pearl, 2009; Peters
et al., 2017; Rubin, 1974) This design supports both adjudicative counterfactuals (“but for rerouting,
would breach still occur?”’) and normative counterfactuals (“is the decision fair under a demographic
intervention?””).(Kusner et al., 2017)

We propose an explicit counterfactual query object:
q = <I)ya-’478>7

where 7 is a set of interventions (actions forced or prevented), ) a set of target legal predicates (e.g.,
breach, damages triggers), .4 a set of causal assumptions (edges, independence, exchangeability),
and & an evidence set derived from the observed trace. The twin answers by simulating 7 under Z,
abstracting facts with ®, and checking constraints C'

5 THE BOTTLENECK: FACT ABSTRACTION &

The core technical challenge is aligning continuous, learned representations with legally salient facts.
A twin can predict a delay distribution, but law asks whether a delay constitutes breach under a clause,
whether breach caused a loss, or whether notice duties were triggered.(United Nations Commission
on International Trade Law (UNCITRAL), 1980; UNIDROIT, 2016)

We propose a two-stage solution: (i) extract an event graph from operational logs and documents,
using process-mining and document-structure cues to define candidate events, agents, and times-
tamps;(van der Aalst, 2016) (ii) learn ® as a family of fact predictors mapping (So.r, event-graph) to
predicate assignments, trained with constraint-guided supervision. During training, the solver checks
Chara On predicted facts and returns counterexamples that drive consistency repairs (fixing extractions
or updating ®).(de Moura & Bjgrner, 2008) Soft constraints provide differentiable regularization
toward legally coherent abstractions.(Serafini & d’ Avila Garcez, 2016; Badreddine et al., 2022)

To prevent overconfident factual claims, we recommend calibrated uncertainty for selected predicates
via conformal prediction, providing distribution-free coverage on held-out traces.(Vovk et al., 2005;
Angelopoulos & Bates, 2023) This supports an operational “abstain” mode: when coverage cannot be
guaranteed for a predicate under distribution shift, the system flags the predicate for human review.

6 LEARNING AND OPTIMIZATION

In practice, RALDT training couples three components: world-model learning (7p), fact abstraction
learning (), and constraint compilation/evaluation (C). Let 7 = (So.7, Ao.7—1) denote a rollout,

and let [’ = ®,,(7) be predicted legal facts. We propose optimizing a constrained objective of the

form

max E|R(T) — A - I[Chaa(F) = violate]| + Aq (EEC: satC(F)}, )
> soft
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where sat.(-) € [0,1] is a differentiable satisfaction score. The hard-constraint term can be
implemented either as rejection sampling during planning or as a penalty with solver-generated
counterexamples.(de Moura & Bjgrner, 2008) Soft constraints follow Real-Logic style semantics,
allowing gradients to shape ®,, toward legally coherent abstractions.(Serafini & d’Avila Garcez,
2016; Badreddine et al., 2022)

Uncertainty-aware constraint checking. Many legal predicates are uncertain under incomplete
evidence. For a selected subset of predicates (e.g., “high-risk deployment” classification), conformal
prediction can be used to construct prediction sets with distribution-free coverage.(Vovk et al., 2005;
Angelopoulos & Bates, 2023) A practical policy is to treat low-coverage predicates as “deferred” and
route them to human review, while still allowing the twin to reason about downstream constraints
conditionally.

From compliance to control. Regulation-aware planning can be framed as model-based control
with constraints, where actions are chosen to minimize expected operational cost while respecting
compiled duties.(Hafner et al., 2019; European Parliament and Council of the European Union, 2024;
National Institute of Standards and Technology, 2023) This enables comparing design alternatives
(contract allocation, shipping strategies, deployment configurations) under consistent regulatory
semantics.

7 BENCHMARKS AND METRICS

We propose a synthetic-but-legally-realistic benchmark suite to reduce confidentiality barriers, fol-
lowing dataset documentation and transparency practices.(Gebru et al., 2018; Mitchell et al., 2019)
Instances are generated from transaction templates (shipping obligations, payment milestones, change
orders) coupled to jurisdiction tags and parameterized clauses inspired by CISG and UNIDROIT
structures.(United Nations Commission on International Trade Law (UNCITRAL), 1980; UNIDROIT,
2016) Each instance contains: (a) a clause bundle; (b) a simulated event trace; (¢c) an SCM over
salient events; and (d) ground-truth constraint triggers.

Task 1: Counterfactual breach analysis. Given an observed trace and an intervention, determine
whether breach would still occur and which duties are satisfied/violated. Score with constraint
satisfaction and with causal validity: does the explanation correspond to a valid intervention under
the SCM.(Pearl, 2009; Peters et al., 2017)

Task 2: Regulation-aware planning. Choose actions that minimize expected cost while satis-
fying regulatory and contractual constraints. This extends model-based control to the regulated
setting.(Hafner et al., 2019; European Parliament and Council of the European Union, 2024; National
Institute of Standards and Technology, 2023)

Task 3: Explanation faithfulness. Generate a natural-language explanation plus a structured
proof object (predicates + evaluated constraints) that can be rechecked by a solver.(de Moura &
Bjgrner, 2008; Athan et al., 2015) This aligns with the motivation behind counterfactual explanation
proposals in the context of automated decision-making and the GDPR.(Wachter et al., 2018; European
Parliament and Council of the European Union, 2016)

8 THREAT MODEL: SIMULATION LAUNDERING

A RALDT is only as reliable as its simulator and abstractions. A motivated party can bias Ty
or ¢ so that counterfactual rollouts yield legally convenient narratives—simulation laundering.
This resembles failure modes in counterfactual explanations and recourse, where minimal-change
recommendations can be brittle or non-robust.(Wachter et al., 2018; Ustun et al., 2019; Karimi et al.,
2021; Dominguez-Olmedo et al., 2022)

Mitigations include: (1) requiring model cards for Ty and ® (intended use, jurisdictional coverage,
known failure modes);(Mitchell et al., 2019) (2) requiring datasheets for benchmark templates
and synthetic generation parameters;(Gebru et al., 2018) (3) adversarial stress tests over plausible
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distribution shifts in event traces; and (4) separating legal reasoning from simulation assumptions by
explicitly exposing SCM edges and intervention semantics.(Pearl, 2009; Peters et al., 2017)

9 RELATED WORK (POSITIONING)

RALDTs sit at the intersection of legal NLP benchmarks and encoders.(Chalkidis et al., 2022; 2020;
Guha et al., 2023) They also draw on rules-as-code and executable-law efforts that aim to make
normative logic directly implementable and auditable.(Mohun & Roberts, 2020; Merigoux et al.,
2021) On the knowledge representation side, they depend on legal ontologies, rule standards, and
semantic constraints for multi-jurisdiction structure.(Hoekstra et al., 2007; Athan et al., 2015; W3C
RDF Data Shapes Working Group, 2017) On the modeling side, they leverage learned world models
and model-based control to support counterfactual rollouts.(Ha & Schmidhuber, 2018; Hafner et al.,
2019) Finally, they adopt causal and counterfactual protocols that force assumptions and interventions
to be explicit.(Pearl, 2009; Peters et al., 2017; Rubin, 1974)

The counterfactual-explanation and algorithmic-recourse literatures provide operational criteria
(actionability, robustness) that transfer naturally to legal counterfactuals.(Wachter et al., 2018; Ustun
et al., 2019; Karimi et al., 2021; Dominguez-Olmedo et al., 2022) Our distinguishing claim is
architectural: the world model, the legal graph, and the constraint layer are co-equal parts of a single
decision substrate, enabling counterfactual reasoning that is grounded in dynamics and checkable
against explicit normative structure.

10 CONCLUSION

RALDTS treat compliance as constrained control in a world model. They combine legal knowledge
graphs, latent dynamics, and neuro-symbolic constraints to support counterfactual contract analysis,
regulation-aware planning, and verifiable explanations. The core research agenda is robust fact
abstraction: aligning learned trajectories with legally salient predicates under solver feedback and
calibrated uncertainty.

REPRODUCIBILITY STATEMENT

This Tiny Paper is a proposal. We define an interface (§2), specify a compilation and causal-query
protocol (§3-8§4), identify the key bottleneck (@, §5), and propose benchmark tasks and metrics (§6).
All figures are schematic; code and data are future work.
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Example constraints over a trajectory

Hard: notice_given — tnotice < tdeadline

Hard: high_risk_deployed — logs.retained A human_oversight
Soft: reasonablemitigation = o(w' f(So.r))

Causal: loss < do(reroute = 1) is evaluated under SCM

Figure 2: Constraint types: crisp duties checked by SMT, graded standards with differentiable
satisfaction, and causal queries requiring explicit interventions.

Template library
(clauses + jurisdiction tags)

Y
Simulator generates event traces
(delays, substitutions, defaults)

A4
Ground-truth labels
(constraint triggers + SCM)

A4
Evaluation
(satisfaction, causal validity, faithfulness)

Figure 3: Benchmark generation pipeline for reproducible RALDT evaluation, using synthetic
templates to avoid confidential data.

A ADDITIONAL FIGURES (SCHEMATIC)
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