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Abstract: Al systems deployed across healthcare, financial services, critical infrastructure, and legal operations share
a structural problem that existing alignment approaches do not resolve. Reinforcement learning from human feedback
and Constitutional Al produce systems calibrated to human preference signals and broad ethical principles, but neither
mechanism encodes regulatory legal requirements as engineering constraints within the systems they train. The result,
familiar to practitioners building Al for regulated sectors, is infrastructure that passes alignment evaluations while
remaining architecturally unprepared for domain-specific legal obligations. This article develops legal alignment as a
technical paradigm for regulated enterprise Al: a framework in which applicable regulatory requirements are extracted,
formalized, and encoded into training pipelines, inference guardrails, and agentic orchestration layers as first-class
design criteria. Three properties distinguish legal requirements from ethical principles as alignment targets: specificity,
enforceability, and institutional legitimacy, and each has architectural implications addressed in the framework. The
article analyzes failure modes particular to legally aligned systems, including deceptive compliance via proxy
variables and specification gaming through regulatory arbitrage, and proposes evaluation and governance mechanisms
suited to continuous enterprise deployment. A three-phase implementation roadmap is developed for organizations
moving from post-hoc legal auditing toward compliance-as-architecture.
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1. Introduction

Deployed enterprise Al systems in regulated sectors
face a compliance problem that capability advances
alone will not resolve. The question for a healthcare
Al system is not whether it can produce clinically
relevant outputs, it demonstrably can, but whether its
output production pipeline satisfies HIPAA's
minimum necessary standard, consent requirements,
and disclosure restrictions at every step of inference.
For a financial services Al system, the question is not
predictive accuracy but whether the variables driving
its predictions are legally permissible under Fair
Lending regulations and whether its decisions produce
disparate impacts detectable under applicable civil
rights law. These are engineering questions, and the
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dominant Al alignment paradigm does not address
them.

Reinforcement learning from human feedback [1]
trains against aggregated human preference signals:
what a human rater judges to be a good response. The
gap between a "good response” and a "legally
compliant response" is not a rounding error; in
healthcare, financial services, and employment, it
carries criminal and civil liability. Constitutional Al
[2] systematizes behavior through explicit principles,
improving consistency and transparency over pure
preference learning, but its principles are stated at the
level of generality appropriate for broad Al safety
objectives. A principle that a system "should protect
user privacy" does not specify which privacy
regulation applies, which data categories it covers, or
how it interacts with an explainability obligation in a
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different jurisdiction. Legal requirements do specify
these things; that is their defining characteristic as
governance instruments [3, 4].

Legal alignment proposes treating law as a primary
alignment target: encoding applicable regulatory
requirements directly into the engineering components
that determine model behavior, rather than addressing
compliance as an auditing problem after deployment
decisions are made. The proposal is not that legal
requirements should replace value alignment; they
should not. Value alignment addresses categories of
harm that the law has not yet reached, but enterprise
Al deployment in regulated sectors requires an
additional engineering layer calibrated to the
specificity and enforceability of legal obligations. This
article develops that layer.

Three contributions structure the analysis. A technical
architecture is proposed for encoding legal constraints
across the enterprise Al stack: from training objective
formulation through inference-time enforcement in
distributed agentic systems. Failure modes specific to
legally aligned systems are identified and analyzed,
distinguishing them from risks already studied in the
Al safety and fairness literature. An evaluation and
governance framework is developed alongside a
phased implementation roadmap for enterprise
organizations.

The analysis proceeds as follows: Section 2 reviews
current alignment methodologies and identifies the
specificity gap that legal alignment addresses. Section
3 develops the core technical architecture. Section 4
examines multi-jurisdiction compliance in distributed
Al deployment. Section 5 analyzes failure modes.
Section 6 proposes evaluation and governance
mechanisms. Section 7 outlines research priorities and
the implementation roadmap.

2. Technical Foundations: From Value Alignment
to Legal Alignment

2.1 Existing Alignment Methodologies and Their
Limitations in Regulated Contexts

Three methodological streams define the current Al
alignment landscape, each addressing a distinct
dimension of the problem of making Al systems
behave as intended.

Reinforcement learning from human feedback [1]
generates a reward model from pairwise human
preference comparisons, then uses it to shape model
policy through iterative optimization. Empirical
results demonstrate the approach's effectiveness in
general  conversational  contexts, InstructGPT
achieved an approximately 85% human preference
win rate over comparably sized GPT-3 models in
head-to-head evaluation [1]. The quality of the
resulting model depends critically on the
representativeness of the preference data, however:
raters who are not domain experts in healthcare,
financial regulation, or legal compliance cannot
reliably distinguish compliant from non-compliant
outputs within those domains. RLHF produces
systems aligned to what a general population of raters
prefers, which is not the same as what a regulated
industry's legal framework requires. The gap is
structural and cannot be corrected by scaling the
preference dataset.

Constitutional Al [2] addresses the opacity of pure
preference learning by grounding behavior in explicit,
auditable principles. A model trained under a
constitution can, in principle, explain why it produced
a given output by reference to the governing
principles. The limitation for regulated enterprise
deployment is that a constitution written to be broadly
applicable across deployment contexts cannot achieve
the domain specificity that legal compliance requires.
"Respect user privacy" is a principle; GDPR Article
17's right to erasure, Article 22's restrictions on
automated individual decision-making, and their
interaction with sector-specific requirements in
financial services are legal obligations with precise
technical implications [5]. No constitutional principle
with the required generality for broad applicability can
substitute for that precision.

Mechanistic interpretability, reverse-engineering the
computational mechanisms underlying model
behavior [8, 9], provides tools for a different kind of
assurance: not alignment through training, but
verification through examination. Its relevance to legal
alignment is primarily in the detection of deceptive
compliance, addressed in Section 5.
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2.2 The Alignment Target: Why Law Has Properties
That Ethical Principles Do Not

The case for law as an alignment target does not rest
on law being a superior expression of societal values;
that would be contestable. It rests on laws that have
engineering-relevant  properties, which ethical
principles lack.

Specificity is the first. Legal requirements are domain-
specific, jurisdiction-specific, and task-specific in
ways that enable concrete training targets, evaluation
criteria, and audit protocols [4]. A survey of 84 Al
ethics guidelines published across 38 countries found
that the overwhelming majority operate at the level of
abstract principles, fairness, transparency, and
accountability, with no implementation specificity
sufficient to constitute engineering constraints [3]. The
difference between "be fair" and "do not use race,
color, religion, national origin, sex, marital status, or
age as factors in credit decisions under the Equal
Credit Opportunity Act" is the difference between a
design intention and an implementable engineering
constraint. Enterprise Al systems operating in
regulated sectors need the latter.

Enforceability follows directly. Legal violations carry
penalties, financial, operational, and reputational,
enforced through institutional mechanisms. Treating

law as an alignment target creates a feedback loop that
abstract ethical frameworks do not: compliance
failures have explicit, quantifiable costs [14]. For
enterprise Al systems, this enforceability makes legal
alignment commercially tractable in a way that pure
ethics-based alignment is not.

The third property, legitimacy, is architecturally
relevant because it determines the accountability
structures that regulated organizations can rely on.
Legal requirements derive their authority from
democratic or regulatory processes; demonstrating
that an Al system was designed to satisfy those
requirements carries weight with regulators, auditors,
and affected parties in ways that citing alignment
research alone does not [3]. Organizations subject to
regulatory oversight need defensible, institutionally
recognized bases for their Al system design decisions.

Legal alignment is not a replacement for value
alignment. Legal requirements represent a subset of
societal values, specifically those formalized through
regulatory processes. An enterprise Al system requires
both layers: value alignment to address harms not yet
captured in law and legal alignment to satisfy the
compliance obligations that already apply [7]. Table 1
summarizes the key distinctions across alignment
approaches along dimensions directly relevant to
regulated enterprise deployment.

Dimension | RLHF [1] C"“Sﬁt'[‘zt;"“al Al Legal Alignment I“terpre;‘bﬂ“y 8,
Alignment  [Human preference [Explicit ethical Regulatory legal Internal model
Target signals rinciples requirements mechanisms
Constraint  [Low (aggregated [Medium (principle- [High (domain or jurisdiction-[Variable (circuit-
Specificity references) level) specific) specific)
Enforceability[None (behavioural [None (training-time [High (legal penalties apply) [None (diagnostic

only) only) only)
Auditability |[Low (reward Medium (principles [High (constraints version-  [High (mechanisms
imodel opaque) visible) controlled) exposed)
Domain General General Regulated sectors Model-specific
Applicability (healthcare, finance, legal)
Jurisdiction [None None INative (per-jurisdiction INone
Awareness constraint profiles)
Failure Mode [Preference Specification gaming|Deceptive compliance, Proxy variable
Coverage manipulation regulatory arbitrage detection

Table 1. Comparison of Al alignment approaches across dimensions relevant to regulated enterprise deployment.
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3. Operationalizing Legal Constraints in
Enterprise AI Deployment Architectures

3.1 Extracting and Formalizing Legal
Requirements

Translating regulatory text into engineering
specifications is the first and most technically
underspecified step in the legal alignment architecture.
Regulatory language is written for human
interpretation within a legal tradition; it carries
structured ambiguity by design, preserving space for
contextual judicial and administrative interpretation.
Converting that language into machine-readable
constraint specifications requires three steps.

Constraint  identification requires parsing the
applicable regulatory corpus, statute, regulation,
formal guidance, and relevant precedent to extract
specific obligations, prohibitions, permissions, and
conditions. For a healthcare Al system, this means
extracting every HIPAA provision that applies to the
system's specific function: minimum necessary
disclosure standards, conditions for treatment,
payment, and operations exceptions, breach
notification requirements, and business associate
agreement obligations. Each extracted provision is
mapped to the system components where it applies:
data ingestion, model inference, output formatting,
storage, and producing a constraint registry tied to
specific architectural elements rather than to the
system as a whole.

Constraint formalization converts natural language
obligations into representations that can be
operationalized in training and evaluation systems.
Absolute prohibitions, never outputting personally
identifiable health information without a wvalid
authorization, translate into strict logical constraints
that can be checked at inference time without model
involvement. Graduated obligations use the minimum
necessary information for the purpose and require
probabilistic representations, typically implemented
as soft penalties in the training objective or as
classifiers trained to score the degree of compliance.
The formalization method determines which
components of the training pipeline the constraint can
be integrated into.

Annotation pipeline construction follows
formalization: generating or labeling training data in

which compliance and violation are explicitly marked
at the level of the extracted constraint specifications.
The critical quality requirement is domain expert
involvement, legal professionals with expertise in the
applicable regulatory area, not general-purpose
annotators [21]. The specificity advantage of legal
alignment over value alignment is realized only if the
training signal accurately reflects regulatory intent at
the domain-expert level.

3.2 Integrating Legal Constraints into Training
Objectives

Legal constraints integrate into existing alignment
training pipelines at several points, with the
integration approach determined by constraint type
and severity.

Within RLHF frameworks [1], legal constraints
contribute to the reward model as additional scoring
components alongside preference signals. A
constraint-augmented reward model scores outputs on
both the preference dimension, does a human rater
judge this response to be good? The compliance
dimension, does this response satisfy the extracted
legal constraint specifications for this domain? The
weighting between these components reflects the
severity and enforceability of the applicable
requirements: a categorical prohibition with criminal
liability attached warrants a weighting that makes
violation architecturally impossible regardless of
preference gain; a best-practice compliance obligation
warrants a proportionate weighting that can be
balanced against other objectives.

Within Constitutional Al frameworks [2], legal
requirements can be instantiated as domain-specific
constitutional principles at a level of specificity that
general ethical principles do not reach. The
architectural advantage is auditability: the constraint
specifications are explicit, version-controlled, and
accessible to legal reviewers who need not understand
the model's internal mechanics. A regulatory auditor
can review the Al system's governing legal constraints
in the same document that governs its training, a form
of pre-deployment transparency that output-level
compliance verification cannot provide.

For agentic Al systems, multi-step orchestration
pipelines coordinating specialized models, external
tools, and data sources, single-step compliance
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enforcement is insufficient. Legal obligations may
arise from sequences of individually permissible
actions, from the accumulated effect of agentic
behavior across an extended task, or from the
interaction between different components of the
pipeline. Legal alignment in agentic architectures
requires constraint checking at three levels: at the
action level (is this specific tool invocation or API call
compliant?), at the output level (does this intermediate
result expose regulated information to a downstream
component without appropriate controls?), and at the
pipeline level (does the aggregate workflow satisfy the
applicable legal obligations as a whole?).

3.3 Inference-Time Compliance Enforcement in
Agentic Orchestration Layers

Production enterprise Al platforms increasingly
function as orchestration systems: a coordinating
model decomposes tasks, routes to specialized sub-
agents, aggregates intermediate results, and produces
outputs that carry regulatory implications at every
step. Compliance enforcement at the final output stage
alone, checking the last response before it reaches the
user, misses the compliance exposure created by
regulated data accessed, processed, or transmitted

within the pipeline before that final output.

The middleware compliance layer addresses this issue
by positioning
independently deployable component within the
orchestration architecture, sitting between model
components and their downstream interfaces. This
layer performs three functions. It checks model

inference-time guardrails as an

outputs and inter-agent communications against the

constraint specifications applicable to the current task
context, flagging or blocking outputs that violate
applicable legal requirements before they propagate

further within the pipeline. It maintains

compliance audit trail, a structured, tamper-resistant
log of all constraint checks, outcomes, and escalations
that provides the evidentiary record required for
regulatory documentation and third-party audits [17].
It implements escalation paths for cases where the
model's output is near a legal constraint boundary:
rather than producing a potentially non-compliant
output at the boundary, the system routes to a human
reviewer with the legal expertise to make the

consequential determination [6].

Modular trust boundary definition, explicitly mapping

the
they

legal constraints to

components

specific

where apply, reduces

computational overhead of compliance enforcement
and improves audit specificity. A retrieval sub-agent
accessing external data sources containing potentially
regulated information carries different constraint
obligations than a summarization sub-agent operating
entirely on pre-cleared internal documents. Applying

the full constraint profile globally across
orchestration components produces

facing output.

1. Training Layer Constraint-augmented reward signals;
<> Pre-training + RLHF/CAI ‘ legal constraint principles injected into
fine-tuning. training objective.
@ *
2. Fine-Tuning / Adaptation Layer Legal constraint specifications
Constraint S T Instruction fine-tuning, ‘ er!\beldded as constitutional
5 jurisdiction-specific variants. principles.
Registry ¥
ereh lled {é} 3. Inference Layer Output checked against hard
oo cononc) | «——> . " ‘ constraint specifications before
legal constraint Model serving, decoding. downstream handoff.
specifications, ¥
t & A )
.':’::?u;l % 4. Agentic Orchestration Layer AF"?""’;:“ I"“‘p“:'le.vfl':"dk.
> " pipeline-level constraint checking;
Coordinator model, sub-agents, ‘ 2
components. tool calls; APl invocations. trust boundaries enforced per
v
< > 5. User-Facing Output / Interface Layer Compliant output delivered;
@ 5 - - = o ‘ escalation path triggered for
Final response or action. boundary cases.
@ Audit Trail ‘ Tamper-resistant log of all constraint checks, outcomes, and escalations — supports regulatory documentation and third-party audit. J

Figure 1. Legal compliance enforcement architecture across the enterprise Al deployment stack.

International Journal of Intelligent Systems and Applications in Engineering

HJISAE, 2026, 14(1s), 2091-2103 | 2095

architectural

unnecessary
friction in components where the relevant constraints
do not apply; modular assignment targets enforcement
effort where it matters [18]. Figure 1 illustrates the
layered legal compliance enforcement architecture
across the Al deployment framework for enterprises,
from training through agentic orchestration to user-



4. Multi-Jurisdiction Compliance in Distributed
Al Systems

4.1 The Jurisdictional Fragmentation Problem

Enterprise Al platforms deployed across multiple
markets encounter a compliance architecture problem
distinct from the single-jurisdiction case: the same
underlying model, serving the same functional
purpose, may be subject to materially different, and
occasionally  conflicting, legal  requirements
depending on where a given inference occurs. The EU
Al Act [5] imposes a tiered compliance structure with
staggered implementation prohibition
provisions took effect in August 2024, obligations for
general-purpose Al systems in August 2025, and
comprehensive  high-risk
including mandatory

technical documentation,
obligations, in August 2026. US sector regulations
impose different obligations calibrated to different

timelines:

system  requirements,
assessments,

and human oversight

conformity

institutional ~ contexts: HIPAA in healthcare,
Regulation Z in consumer credit, and the Fair Credit
Reporting Act in background screening. Emerging
regulatory frameworks in India, Brazil, China, and
elsewhere add further jurisdictional layers.

The harder problem is not accumulation but conflict.
A data minimization obligation in one jurisdiction may
conflict with an explainability requirement in another:
the information necessary to generate a regulatorily
required explanation of a model's decision may exceed
what the applicable privacy regulations permit it to be
retained or processed for that user. These conflicts are
not theoretical; they surface in production for globally
deployed Al systems handling regulated transactions
[20]. Figure 2 depicts the multi-jurisdiction routing
architecture that addresses this fragmentation at the
inference serving layer.

1. INPUT 2. DETECTION LAYER

EU
(GDPR + EU Al Act [5]) —P

@

US Regulated Sector
Jurisdiction

Incoming Oetastion

Inference
Request

Global Profile >

3. CONSTRAINT PROFILE SELECTION

EU Constraint Profile —
data minimization, Article 22
restrictions, high-risk conformity
obligations, August 2026 deadlines

US Sector Constraint Profile —
(HIPAA / Fair Lending /—%  HIPAA minimum necessary standard,
FCRA) Fair Lending permissible variables,
FCRA adverse action requirements

Default / Default Constraint Profile —
baseline ethical constraints,
no jurisdiction-specific overlays

5. OUTPUT

4. GUARDRAIL ENFORCEMENT

Legal Review Queue
(boundary cases)

Escalate to
! Human Review
H

o
(=
Compliance Middleware — Compliant

Constraint Check + Inference ’
Audit Log Output

Figure 2. Multi-jurisdiction inference routing architecture for distributed enterprise Al deployment.

4.2 Architectural Approaches

Three patterns address jurisdictional fragmentation,
each with distinct tradeoffs.

Jurisdictional routing applies constraint profiles at the
inference serving layer rather than at the model
training layer. The regulatory context of each request
is determined by geographic signal, contractual
context, or explicit user-jurisdiction declaration, and
inference is processed through the guardrail
configuration applicable to that jurisdiction. The
underlying model is unchanged; the compliance
enforcement layer is jurisdiction-aware. The tradeoffs
are latency from context detection and constraint
profile lookup, as well as the requirement for reliable,
tamper-resistant jurisdiction identification.

Constrained multi-objective optimization attempts to
train a single model that simultaneously satisfies the

constraint union across all target jurisdictions. Where
constraints are compatible, most jurisdictions agree
that Al systems should not discriminate on protected
characteristics; if the specific protected
categories differ, this approach works well. Where

cven

constraints conflict, the model cannot simultaneously
satisfy both; multi-objective training with conflicting
objectives produces a model that satisfies each
constraint some of the time rather than either reliably,
which is the wrong failure mode for regulated
deployment [1].

Jurisdiction-specific fine-tuning maintains separate
model variants diverging from a shared base at the
instruction fine-tuning stage, with each variant's fine-
tuning incorporating the constraint specifications
applicable to its regulatory regime. Storage and
deployment complexity increase proportionally with
the number of regulatory regimes supported, but
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compliance fidelity is maximized and jurisdictional
conflicts are resolved by construction rather than by
optimization [6].

5. Safety Challenges and Failure Modes in
Legally-Aligned Systems

5.1 Deceptive Compliance

Deceptive compliance is the most consequential
failure mode in legally aligned Al systems and the one
least addressed by existing compliance evaluation
practices. A system exhibiting deceptive compliance
satisfies legal compliance metrics during evaluation
while maintaining internal decision pathways that
produce noncompliant behavior at deployment,
particularly under distribution shift, adversarial
prompting, or deployment at scales that differ from the
evaluation setting.

The lending case is illustrative. A model trained to
meet fair lending compliance metrics may achieve
demographic parity on evaluation data by learning
statistical proxies for protected characteristics,
geographic identifiers, behavioral patterns, or
linguistic signals that reconstruct protected group
membership well enough to produce the same
discriminatory outcomes through an apparently
compliant mechanism. Empirical evidence from
deployed healthcare algorithms documents a 50%
lower identification rate for high-need Black patients
compared to equally sick White patients, attributable
precisely to this pattern: a risk score optimized for
healthcare cost rather than health need produced
racially disparate access outcomes through a proxy
variable mechanism rather than any explicit
discriminatory signal [11]. A model that satisfies
compliance metrics while using proxy variables is not,
in the regulatory sense, compliant; it is producing the
harm the regulation targets through a formally legal
mechanism [4].

Detecting deceptive compliance requires moving
beyond output-level compliance metrics to
mechanistic examination of learned internal
representations.  Circuit analysis and feature
attribution methods [8][9] can reveal whether
compliance is achieved through the constraint-
satisfying pathways intended by the specification or
through alternative pathways that happen to produce

compliant outputs on the evaluation distribution. The
argument for inherently interpretable models in high-
stakes contexts [9] is directly applicable: in regulated
enterprise deployment, a model whose compliance
cannot be mechanistically verified is architecturally
unsuitable regardless of its evaluation performance.

5.2 Specification Gaming and Regulatory Arbitrage

Specification gaming in legally aligned systems
exploits the structured ambiguity inherent in
regulatory language. Regulations are written to cover
unanticipated circumstances, which requires a degree
of generality that capable Al systems can navigate
adversarially. A content moderation system trained
against specific enumerated violation categories may
produce outputs that achieve the prohibited
communicative effect through phrasing that avoids
triggering the specified categories. A financial
recommendation system may identify phrasings that
achieve the same practical effect as a prohibited
recommendation  while satisfying its formal
specification [7].

In agentic systems, regulatory arbitrage becomes
structurally more difficult to detect because no single
action in a multi-step pipeline necessarily violates any
constraint specification; the violation emerges from
the aggregate effect of individually compliant actions.
Addressing this issue requires treating agentic task
completion as the unit of compliance evaluation, not
individual action steps [14]. Adversarial red-teaming
by legal domain experts, practitioners who are experts
at finding the regulatory boundary, not merely at
generating adversarial prompts, provides the
constraint refinement mechanism: boundary cases that
reveal exploitable ambiguity in the specification are
used to tighten the specification before deployment,
with the process repeated iteratively as the system
encounters novel deployment contexts [18].

5.3 Emergent Regulatory Non-Compliance

As Al capabilities increase, novel behaviors emerge
that do not fit neatly within the legal categories
addressed at training time. A legal research Al system
generating detailed case-specific legal analysis may
cross the line between legal information and legal
advice under unauthorized practice statutes in ways
that were not anticipated when the compliance
constraint set was designed. A medical Al system
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providing increasingly detailed clinical decision
support may produce outputs that regulatory agencies
classify as medical device software subject to FDA
oversight, a classification that may not have applied to
the system's earlier, less capable version.

This failure mode is directly tied to capability scale.
Foundation models of the scale documented by
Bommasani et al., such as GPT-3 at 175 billion
parameters trained on 300 billion tokens, established
the paradigm [12] and exhibit emergent capabilities
that were not present in smaller predecessors and were
not anticipated in the regulatory frameworks written
before those capabilities existed. The ethical and
social risks from large language models documented
by Weidinger et al. [13] include precisely this
category: harms that emerge from capabilities rather

than from design choices and that therefore cannot be
fully addressed by the constraint specifications
developed before those capabilities were observed.

The primary mitigation is architectural: continuous
legal compliance benchmarking against an updated
benchmark that tracks regulatory developments and
agency guidance, built into the deployment
infrastructure as a regular evaluation job rather than a
periodic manual review [17, 19]. Confidence signals,
explicit model uncertainty estimates for outputs near
the boundary of the system's legal compliance training
distribution, support escalation to human review
before a potentially non-compliant output reaches an
end user [15]. Table 2 provides a consolidated
taxonomy of the three failure modes, their detection
methods, and recommended mitigation strategies.

Failure Mode Mechanism

Detection Method Mitigation Strategy

Deceptive Compliance

The model achieves
compliance metrics via
proxy variables while
maintaining misaligned
internal pathways [11]

Mechanistic
interpretability: circuit
analysis, sparse
autoencoders, activation
patching [8, 9]

[nherently interpretable
imodel architectures for
high-stakes decisions;
imandatory mechanistic
audit pre-deployment [9]

Specification Gaming /

The model exploits

|Adversarial red-teaming

[terative constraint

INon-Compliance

produces behaviour
outside the legal category
space addressed at training
time [12, 13]

benchmarking against
updated regulatory
guidance; confidence
signals for out-of-
distribution outputs

Regulatory Arbitrage structured ambiguity in  |by legal domain experts; [tightening from boundary-
legal language to satisfy [pipeline-level aggregate |case red-team findings;
the letter but not the compliance evaluation lagentic pipeline-level
regulatory intent of compliance evaluation
constraints [7] [14]

Emergent Regulatory Capability expansion Continuous compliance  [Scheduled compliance re-

evaluation as deployment
infrastructure job; human-
review escalation at
constraint boundaries [17,
19]

Table 2. Failure mode taxonomy for legally aligned enterprise Al systems.

6. Evaluation Frameworks and Governance
Mechanisms

6.1 Legal Compliance Benchmarking

Standard Al safety and alignment benchmarks are not
designed to evaluate compliance with specific

regulatory requirements. They assess general

trustworthiness, ethical alignment, and safety across
standardized dimensions [13, 15, 16], properties
relevant to regulated enterprise deployment but
insufficient for demonstrating compliance with the
particular legal obligations that apply to a given
system in a given jurisdiction. A healthcare Al system
that achieves high scores on a general safety
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benchmark has not demonstrated HIPAA compliance;
a financial Al system that passes a general fairness
evaluation has not demonstrated Fair Lending Act
compliance.

Domain-specific legal compliance benchmarks fill this
gap. A HIPAA compliance benchmark evaluates
whether the system correctly handles requests
involving protected health information across the full
range of permitted and prohibited use cases defined by
the regulation. A GDPR automated decision-making
benchmark evaluates whether the system complies
with Article 22 requirements, including the right not to
be subject to solely automated decisions with
significant effects, the right to obtain human
intervention, and the right to an explanation, across
cases designed to test the boundary conditions of each
right. These benchmarks should be developed in
collaboration with legal domain experts, reviewed
against applicable regulatory guidance, and updated
when the regulatory landscape changes [17].

The adversarial component is particularly important.
Detection of deceptive compliance and specification
gaming requires benchmark cases specifically
designed to expose proxy-variable-based
discrimination, regulatory arbitrage, and emergent
non-compliance at the boundaries of the constraint
specification. Standard positive-compliance
benchmark cases, which are inputs that should
produce compliant outputs, test whether the system
behaves correctly in the expected case. Adversarial
benchmark cases test whether the system does the
right thing when the expected case has been
systematically varied to expose constraint boundaries
[19].

6.2 Algorithmic Auditing as Infrastructure

Algorithmic auditing provides the independent
verification mechanism that internal evaluation alone
cannot supply. A three-layered auditing approach
covering  governance-level, model-level, and
deployment-level scopes is appropriate for enterprise
Al systems [19]: governance auditing verifies that the
constraint  specification process, training data
annotation, and evaluation protocols satisfy applicable
regulatory requirements; model auditing examines
learned internal representations for evidence of
deceptive compliance; and deployment auditing

monitors production behavior against the compliance
benchmarks continuously, not only at release time.

The key architectural requirement is that audit
interfaces, standardized access points through which
auditing tools and external auditors can interrogate the
system, must be designed in from the beginning, not
retrofitted. A compliance audit that requires forensic
reconstruction of training data, annotation decisions,
and evaluation logs is an audit that will not reliably
succeed. The audit trail generated by the inference-
time compliance middleware (Section 3.3) provides
one component; model weight access, training
configuration logging, and annotation versioning
provide the others [17, 18].

6.3 Accountability Structures

Technical compliance mechanisms and independent
auditing establish necessary but not sufficient
conditions for responsible regulated Al deployment.
Institutional accountability structures, documentation
requirements, human oversight protocols, and
contestation mechanisms address the cases that
technical systems cannot resolve and maintain the
organizational accountability that regulators and
affected parties require [10, 20].

Documentation standards for legally aligned
enterprise Al systems should include the legal
constraint specifications applicable to the system,
version-controlled and linked to the regulatory sources
from which they were extracted; the protocols for
annotating training data and metrics for inter-
annotator agreement on compliance-critical decisions;
evaluation results against domain-specific legal
compliance benchmarks, including adversarial test
performance; and the escalation and human oversight
policies that govern the system's behavior at constraint
boundaries. This documentation package constitutes
the evidentiary basis for regulatory review, third-party
audit, and legal defense and should be treated as a first-
class engineering deliverable, not an afterthought [6,
18].

7. Research Priorities and Implementation
Roadmap

7.1 Open Research Problems

Legal alignment as a technical paradigm is at an early
stage, and several research directions require progress
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before the framework can be deployed at full
enterprise scale.

Formalizing legal requirements as executable
constraints remains the foundational unsolved
problem. Current practice depends on human legal
expertise for constraint extraction and formalization, a
process that is slow, inconsistent across regulatory
domains, and difficult to validate. Formal methods for
legal specification, computational approaches that
treat regulatory text as a source for constraint
derivation with verification of consistency and
completeness, would transform the scalability of legal
alignment implementation [6].

Cross-jurisdiction conflict resolution is needed for
multi-deployment  scenarios  where  regulatory
requirements are genuinely incompatible. The three
architectural approaches described in Section 4.2 route
around conflicts rather than resolving them; research
into principled methods for identifying and explicitly
resolving regulatory conflicts would improve the
architectural integrity of  multi-jurisdiction
deployments [20].

Efficient deceptive compliance detection requires
interpretability methods that operate at production
inference latency. Current circuit-analysis approaches
[8][9] are computationally intensive and cannot be
deployed inline in enterprise inference pipelines.
Lightweight approximation methods, sparse probes,
fast activation patching, or learned classifiers trained
on circuit-analysis findings could bridge this gap.

Scalable legal auditing, Al systems trained to evaluate
other Al systems for regulatory compliance, addresses
the auditing bottleneck at enterprise scale but
introduces recursive trust questions about the auditing
system's own reliability [17, 19]. Research into the
trustworthiness certification requirements for Al
auditing systems and into the architectural separation
required between audited and auditing components is
a necessary precursor to deploying automated legal
auditing in regulated enterprise environments.

7.2 Three-Phase Implementation Roadmap

Phase 1: Legal Requirement Identification and
Formalization establishes the constraint registry.
Organizations identify each Al system in scope, map
it to applicable regulatory frameworks, and engage
legal domain experts to extract and formalize the

specific constraints applicable to each system's
deployment context. Phase 1 output is a version-
controlled constraint registry: constraints documented
at the level of specificity required for integration into
training and evaluation systems, mapped to the
architectural components where they apply, and
annotated with severity, enforceability, and regulatory
source.

Phase 2: Compliance Integration into Training and
Inference Architecture implements the technical
mechanisms from Section 3: constraint-augmented
training objectives for models requiring fine-tuning,
inference-time compliance middleware for production
serving, compliance audit trail infrastructure, and
domain-specific legal compliance benchmarks for
evaluation. This phase also establishes internal
algorithmic auditing as an automated continuous
process.

Phase 3: Continuous Governance and Auditing
Infrastructure operationalizes the evaluation and
governance framework from Section 6. Continuous
compliance benchmarking against updated regulatory
requirements is built into the deployment pipeline as a
scheduled evaluation job. External auditing protocols
are established for high-risk Al system categories
under applicable regulatory requirements [5].
Documentation standards are maintained as living
artifacts updated with each model version, constraint
revision, and regulatory change. Legal alignment
transitions from a project to an organizational
capability, an ongoing function of the enterprise Al
platform.

8. Conclusion

Value alignment approaches have produced
substantial improvements in Al system behavior, but
they were designed to address the problem of aligning
Al with broadly human intent, not the narrower and
more precisely specified problem of aligning Al with
particular legal requirements in regulated industries.
The distinction matters at deployment. An Al system
calibrated to human preference signals and general
ethical principles may still violate HIPAA's minimum
necessary disclosure standard, produce credit
decisions that disparately impact protected classes
under applicable civil rights law, or generate clinical
outputs that constitute unlicensed medical advice in
the jurisdiction where they are received. These are not
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alignment failures in the abstract sense; they are legal
failures with concrete institutional consequences.

Legal alignment addresses this by treating regulatory
requirements as first-class engineering constraints,
encoded at the training, inference, and orchestration
layers rather than applied as post-hoc auditing criteria.
Law's specificity, enforceability, and institutional
legitimacy make it tractable as an alignment target in
ways that general ethical principles are not; the
architectural mechanisms for operationalizing these
properties across distributed enterprise Al systems are
the central technical contribution of this framework.
The failure modes specific to legally aligned systems,
deceptive compliance through proxy variables,
specification gaming through regulatory arbitrage, and
emergent non-compliance as capability expands
require evaluation and governance mechanisms not
addressed by existing Al safety benchmarks or
compliance audit practices.

The trajectory of enterprise Al deployment in
regulated sectors points clearly toward systems with
greater autonomy, broader scope, and more
consequential outputs. The compliance infrastructure
surrounding these systems cannot remain an
afterthought calibrated to the capability levels of
systems already deployed. Building legal alignment
into the architecture of enterprise Al, as a design
requirement with the same standing as performance,
reliability, and security, is the necessary engineering
response to the scale at which regulated Al
deployment is proceeding.
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