SAMRIDDHI Volume 15, Issue 1, 2023 Online ISSN: 2454-5767

Audit-Ready Compliance Platform Architecture for
Large Language Model Regulated Enterprises

Santhosh Reddy Basireddy

Senior Salesforce Lead Developer USAA, San Antonio, Texas, USA

Print ISSN: 2229-7111

ABSTRACT

Generative language technology has entered regulated enterprises faster than the controls built to govern it, creating a
widening gap between capability and defensibility. The probabilistic and opaque behavior of such systems sits uneasily
beside supervisory regimes that expect deterministic, explainable, and reconstructable decisions. This article sets out an
architecture that treats verifiability as a founding property rather than a later addition so that a regulated deployment can
prove its own trustworthiness at any moment. The design begins from the obligations that bind operators, distills them into
asmall set of anchoring principles, and states plainly the threats it withstands and the assumptions on which its guarantees
rest. It organizes the platform into cooperating layers for data governance, model lifecycle, and inference, then surrounds
them with pre-deployment validation, continuous evidence capture, explanation of individual decisions, disciplined human
oversight, and a retrieval workflow that turns supervisory questions into queries over standing evidence. Provenance,
immutability, reproducibility, confidentiality, and accountability run through every layer, binding each recorded action
to an identifiable actor and an authorizing policy. The result reframes readiness as a continuous background condition
rather than an emergency response, letting an enterprise move quickly while remaining answerable. Honest attention to
residual constraints, from imperfect drift detection to the tension between privacy and utility, strengthens the posture

by making the boundaries of each guarantee legible to those who must rely on it.
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INTRODUCTION

Enterprises in regulated sectors have adopted generative
language technology rapidly, drawn by capabilities that grew
sharply as model scale increased. A single model trained
with roughly 175 billion parameters demonstrated that a
wide span of tasks could be handled from only a handful
of in-context examples, without task-specific retraining [1].
Earlier bidirectional pretraining had already lifted a widely
used language understanding benchmark to a score of 80.5
and established new state-of-the-art results across eleven
natural language tasks [2]. Results of this kind made language
models attractive for document triage, client interaction,
claims handling, and decision support inside banking,
insurance, healthcare, and public administration.

The same properties that make these systems powerful,
namely their scale, their opacity, and the probabilistic
nature of their output, place them in direct tension with
supervisory regimes built for deterministic and explainable
processes. A prominent data-protection regime that
came into force in 2018 restricts automated decisions that
significantly affect individuals and effectively establishes
a right to an explanation of such decisions [11]. A firm that
cannot reconstruct or justify a generated output therefore
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carries a compliance exposure that compounds with every
deployment.

Thelineage of these systems traces to an attention-based
architecture that dispensed with recurrence and convolution
entirely, reaching a score of 28.4 on one standard translation
benchmark and a single-model score of 41.8 on another
while training in only 3.5 days on eight processors [13].
That combination of quality and parallelizable training is
what made ever-larger models practical, and it is the same
efficiency that has carried them into regulated operations
faster than governance could follow.
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Figure 1. Capability drivers of enterprise adoption [1], [2], [13]
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Figure 1: Capability drivers of enterprise adoption: model scale [1], benchmark performance [2], and the attention
architecture

An audit-ready compliance platform resolves this tension by
treating verifiability as a primary design goal rather than a
retrofit, embedding traceability into every stage from data
ingestion through response delivery. The sections that follow
set out the regulatory context, the anchoring principles, the
threats the platform must withstand, the layered architecture
that realizes it, and the operational practices, from pre-
deployment validation through audit response, that keep
a regulated language deployment continuously defensible.

REGULATORY CONTEXT AND
ComPLIANCE OBLIGATIONS

The obligations that bear on a regulated language
deployment fall into several recurring categories, and an
effective platform is designed against all of them at once.
The first is accountability for automated decisions. Where
a system contributes to an outcome that materially affects
a person, supervisors increasingly expect the operator to
demonstrate how the outcome was reached and to offer the
affected individual a meaningful explanation [11]. This cannot
be met after the fact if the necessary evidence was never
captured, which is why regulatory context drives architecture
rather than merely constraining it.

The second category concerns non-discrimination, and
because bias can enter through many distinct channels,
compliance requires structured attention to each source
rather than a single fairness check [12]. The third concerns
transparency and documentation of data and models, and
the fourth concerns data protection, including lawful basis,
retention limits, and the safeguarding of sensitive attributes.

PRINCIPLES OF AuDIT-READY DESIGN

Five principles anchor the architecture. Provenance requires
that every artifact be linked to its origin and to the conditions
under which it was produced; distributed ledger techniques
show how this can be made tamper resistant through an
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append-only chain validated cryptographically across three
phases of collection, storage, and validation [9]. Immutability
extends the same guarantee to the compliance record
itself, and reproducibility demands that a past event be
reconstructable from the same inputs, model version, and
configuration.

Confidentiality ensures that preserving evidence does not
itself expose sensitive material; formal privacy guarantees
bound what any single record contributes to a released result
[10]. Accountability, the fifth principle, binds every recorded
action to an identifiable actor and an authorizing policy,
turning a passive log into an instrument of governance.

THREAT LANDScAPE AND TRuUST
ASSUMPTIONS

A compliance platform earns trust only if it is explicit about
the threats it defends against. Data-level threats include
contamination of source material and recovery of sensitive
records; privacy-preserving transformations with formal
guarantees bound what any single record can reveal [10].
Integrity threats include the silent alteration of models,
prompts, or the evidence trail, countered by an append-

Table 1: Obligation categories mapped to the platform
response and governing source.

Source
[11]

Obligation category Platform response

Reconstructable,
explainable outputs

Structured bias-source
testing

Accountability for
decisions

Non-discrimination [12]

Dataset and model [3], [6]

records

Transparency &
documentation

Data protection Masking, retention, [10]

formal privacy

227



Audit-Ready Compliance Platform Architecture for Large Language Model Regulated Enterprises

Table 2: Anchoring principles, the guarantee each
provides, and the enabling source.

Principle Guarantee Enabling source
Provenance Linked, tamper-resistant [9]

lineage
Immutability Records unalterable [91

without detection

Events re-executable from  [3]
artifacts

Reproducibility

Evidence retained
without leakage

Confidentiality [10]

Action bound to actor [71
and policy

Accountability

only, cryptographically chained record in which tampering
becomes detectable [9].

Behavioral threats include input manipulation and
gradual divergence from a validated baseline, addressed at
theinference boundary and through continuous monitoring.
Insider threats are countered by separation of duties, so that
production and approval authority never rest with a single
actor [7]. The platform also states its trust assumptions
plainly, including that cryptographic primitives hold and
that at least one honest party participates in validating the
evidence chain.

Two data-level threats deserve particular emphasis.
Membership inference attacks can determine whether
a specific record was part of a model’s training data,
demonstrating that trained models leak information about
the sets they learned from [19]. The exposure is magnified by
how little information uniquely identifies a person: a well-
known result found that 87 percent of a national population
could be singled out from only a postal code, gender, and
date of birth, so removing direct identifiers alone does not
anonymize data [14]. These findings justify the layer's reliance
on generalization and formal privacy guarantees rather than
simple identifier removal.

Figure 4. Threat classes and their primary defenses

Data-level Formal privacy [10]

Integrity Chained records [9]

Screening + drift mon.

Behavioral

Insider Separation of duties [7]

Figure 2: Threat classes and the primary defense applied to
each.
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CoRE ARCHITECTURAL LAYERS

The platform is organized as three cooperating layers, each
responsible for a distinct part of the evidentiary chain and
each exposing the controls the principles demand.

Data Governance Layer

Because the characteristics of data shape model behavior
directly, disciplined documentation is a prerequisite for
accountability. A widely adopted template captures a
dataset’s motivation, composition, collection process, and
recommended uses through 57 questions grouped into
seven categories [6]. Ingestion pipelines classify content
by sensitivity, apply masking where required, and record
lineage; where sensitive attributes must be retained, privacy-
preserving transformations limit the risk that individual
records can be recovered [10]. Because naive removal of
direct identifiers still leaves records re-identifiable, the
layer applies generalization so that each released record is
indistinguishable from a minimum number of others, the
property formalized as k-anonymity [14]. Every operation on
a data object is written to the provenance chain [9].

Model Lifecycle Layer

Real-world machine learning systems accumulate hidden
maintenance burdens from entanglement, feedback loops,
undeclared consumers, and shifting external conditions [8].
Each promotion is gated by documented review, and every
released version carries a structured report of intended use,
evaluation conditions, and performance across groups [3].
Model, prompt, and configuration are versioned together,
so any past decision can be re-executed against the exact
artifacts that produced it.

An observational account of production machine learning
describes a nine-stage workflow spanning data-oriented
stages such as collection, cleaning, and labeling and model-
oriented stages such as training, evaluation, deployment,
and monitoring, and notes that model components tend to
entangle more readily than conventional software modules
[16]. The lifecycle layer mirrors these stages and versions the

Figure 5. Scale of the dataset documentation template [6]
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Figure 3: Scale of the dataset documentation template
used at the data layer [6].
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Figure 5h. Nine-stage machine learning workflow mirrored by the lifecycle layer [16]

Model Data Data Data
requirements collection cleaning labeling

Feature
engineering

Training Evaluation Deployment Monitoring

Figure 4: The nine-stage machine learning workflow the lifecycle layer mirrors and versions [16].

artifact each one produces, so that the path from raw data to
deployed behavior stays traceable end to end.

Inference and Observability Layer

At runtime the platform attaches contextual metadata,
screens inputs and outputs through guardrails, and streams
every interaction into an append-only evidence store
protected by the same chaining that guards provenance
[9]. Because supervisory questions concern why an output
was produced, the layer integrates explanation techniques
whose taxonomy separates transparent models from post-
hoc methods [5].

MobpEL EvALUATION AND PRE-
DEPLOYMENT VALIDATION

No model reaches production without passing a validation
gate whose results become part of its permanent
record. Evaluation begins with capability testing against
representative task suites, as when a single model was
assessed across eleven language understanding tasks and
reported againsta common benchmark score [2]. Validation
then extends to conditions and groups, documented in the
structured report accompanying each release [3].

Fairness assessment is required rather than optional,
probing each identified source of bias in turn [12]. Validation
also establishes the behavioral baseline against which
later drift will be judged, drawing on the well-developed

Table 3: Core layers, their principal controls, and
supporting sources.

characterization of distribution change [4]. Only when
capability, fairness, and baseline evidence are complete and
signed does the lifecycle layer permit promotion.

ConTINUOUS MONITORING AND
EviDENCE CAPTURE

Audit-readiness depends on evidence gathered continuously
rather than assembled reactively. Events stream into a
tamper-evident ledger whose records are cryptographically
chained so that any omission or edit becomes detectable [9].
The problem of shifting distributions is well characterized:
a comprehensive review synthesizing more than 130
publications frames the challenge as three linked activities,
namely detection, understanding, and adaptation, and
catalogs 10 synthetic and 14 publicly available benchmark
datasets [4].

Monitoring extends beyond accuracy to fairness,
using the same taxonomy of bias sources that guided pre-
deployment testing [12]. Control testing runs on a scheduled
cadence, confirming that guardrails, access rules, masking,
and retention continue to operate as specified.

EXPLAINABILITY AND DECISION
JUSTIFICATION

Regulated deployments must often justify individual outputs,
so explainability is a first-class capability. The field offers a

Table 4: Pre-deployment validation gates, what each
verifies, and its source.

Layer Principal controls Sources Validation gate ~ What it verifies Source
Data Documentation, masking, [6], [10], [14], Capability Task performance against suites [2]
governance lineage, k-anonymity [91 . . .

Conditions & Documented evaluation settings [3]
Model lifecycle Nine-stage versioning, [16], 8], [3] groups

gated review, model reports

Fairness Divergence across bias sources [12]
Inference & Guardrails, metadata, [9], [5]
observability explanation capture Baseline Reference behavior for drift [4]

s,

::1

N O

uc

rQ Y "]
Y|
K

-r
3N

SAMRIDDHI : A Journal of Physical Sciences, Engineering and Technology, Volume 15, Issue 1 (2023)

229



Audit-Ready Compliance Platform Architecture for Large Language Model Regulated Enterprises

Table 5: Distribution-shift characterization figures reported
by the review [4].

Table 7: Evidence elements assembled during audit
response and their role.

Element Reported value Source Evidence element Role in reconstruction Source
Publications More than 130 [4] Provenance chain Traces answer to verified [9]
synthesized origins
Framework Three (detection, understanding, [4] Model version & Fixes the exact producing [3]
components adaptation) configuration artifacts
Synthetic 10 4] Guardrail outcomes  Shows policy enforcement at  [9]
datasets inference
catalogued

Dataset record Documents governing data [6]
Benchmark 14 [4] controls
datasets
catalogued Five-stage audit Documented, auditable [15]

Table 6: Explanation of families, their preferred use, and
supporting source.

Explanation family ~ Preferred use Source
Transparent by Highest-stakes, high- [5]
construction exposure decisions

Local surrogate Per-prediction local [17]
(post-hoc) explanation

Additive Feature contributions via [18]
attribution (post-  Shapley values

hoc)

Model Bounds of validated use [3]

documentation

taxonomy separating models transparent by construction
from techniques that explain an opaque model after the
fact, framing the endeavor as a route toward responsible
deployment [5]. The platform favors transparent formulations
where regulatory exposure is highest and applies post-
hoc methods where a more capable but opaque model is
warranted.

Two post-hoc methods make this concrete. One explains
an individual prediction by fitting a simple, interpretable
model to the complex model’s behavior in the local
neighborhood of that prediction [17]. Another unifies
several attribution methods under a single additive measure
grounded in game-theoretic Shapley values, assigning each
input feature a contribution to the output [18]. The platform
records which technique produced a given explanation,
together with the inputs and model version it referenced,
so that the explanation itself becomes an auditable artifact
rather than an unverifiable claim.

The signals needed to construct explanations are
captured at inference time and stored alongside the output.
Combined with versioned model documentation [3], this lets
the platform answer why a decision was reached and whether
the model was used within its validated bounds, serving the
expectation that an affected person can obtain an account
of a consequential automated decision [11].
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GOVERNANCE INTEGRATION AND
HumAN OVERSIGHT

Technical controls succeed only when bound to organizational
governance. The platform exposes policy as configurable,
versioned rules, and access is mediated by role; the
established framework of four reference models for role-
based access control supplies the vocabulary of roles,
permissions, sessions, and constraints, including separation
of duties so that no single actor can both produce and
approve a critical change [7].

High-impact actions trigger human review before
they take effect, and each review is recorded, extending
accountability from the machine to the people who
supervise it and answering the expectation of an explainable
consequential decision [11]. Cross-functional stakeholders
acrossrisk, legal, and operational functions share a common
view of system behavior.

Table 8: Residual constraints, how the platform manages
each, and its source.

Constraint Management strategy Source
Non- Reconstruct —
determinism conditions, not

outputs
Explanation Prefer transparent [5]
fidelity models at high stakes
Imperfect drift Layered monitoring and  [4]
detection control testing

Privacy-utility

Policy-calibrated formal

[10]

tension guarantees
Evolving Revisable obligation-to-  [11]
regulation control mapping

SAMRIDDHI : A Journal of Physical Sciences, Engineering and Technology, Volume 15, Issue 1 (2023)
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Figure 9. Framework of four reference models for role-based access control [7]

Flat Hierarchical
(RBACO) (RBAC1)

Consolidated
(RBAC3)

Constrained
(RBAC2)

Figure 5: The four reference models for role-based access control the platform builds on [7].

AuDIT RESPONSE AND EVIDENCE
ReTRIEVAL WORKFLOW

The value of continuous evidence is realized only when
it can be retrieved coherently. A supervisory question is
resolved against the indexed evidence store rather than
by reconstructing history from scattered systems. Because
provenance, model version, configuration, inputs, guardrail
outcomes, and human approvals were captured and
chained at the time of the event, a specific output can be
reconstructed end to end and shown to have followed
authorized policy [9].

The workflow preserves chain of custody, presenting

each item with its integrity proof and lineage. Supporting
documentation, including the dataset record and the model
report, is retrieved alongside the transactional evidence [3],
[6]. Framing audit response as a query over standing evidence
lets a regulated operator answer quickly and consistently
while keeping the burden of readiness continuous and
bounded.
The workflow follows the shape of an end-to-end internal
auditing framework whose five stages, running from
scoping through mapping, artifact collection, and testing to
reflection, produce a documented and auditable design trail
before a system is deployed [15]. Applied continuously rather
than only at release, that same discipline means a supervisory
question can be answered from artifacts assembled as a
matter of course, with the reflection stage feeding lessons
back into the controls that govern the next release.

CONSTRAINTS AND FUTURE
DIRECTIONS

Honesty about constraints is part of being audit ready.
Generative systems remain probabilistic, so the platform
reconstructs the exact conditions of a decision rather
than promising identical output on every run. Explanation
techniques have known fidelity limits, which is why the field
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frames explainability as an evolving pursuit [5]. Distribution
monitoring is likewise imperfect, since reliable and prompt
detection remains an active area with competing trade-offs
[4].

Stronger formal privacy guarantees can reduce the
utility of retained data, so calibrating that balance is a
matter of policy as much as engineering [10]. Regulatory
expectations continue to evolve [11], and future directions
include tighter integration of explanation capture, richer
automated fairness surveillance across bias sources [12], and
standardized, machine-readable evidence formats. Naming
these constraints openly strengthens rather than weakens
the compliance posture.

CONCLUSION

Placing generative language systems inside regulated
environments calls for more than capable technology; it calls
for an architecture able to prove its own trustworthiness
at any moment. By elevating provenance, immutability,
reproducibility, confidentiality, and accountability to first-
class design goals, an enterprise transforms an opaque
system into a defensible asset. Layered governance across
data, model lifecycle, and inference, reinforced by rigorous
pre-deployment validation, continuous evidence capture,
explainable decision justification, and disciplined human
oversight, allows an organization to move quickly without
surrendering control.

The strength of such a design lies in how its parts reinforce
one another. Careful documentation of data and models
gives every later question a place to begin; a tamper-evident
record makes the resulting trail credible; formal privacy
protection lets that trail be retained without creating fresh
exposure; and role-bound authority ensures that each
recorded action can be attributed to a person and a policy
and then defended. Because these properties are sustained
continuously rather than reconstructed on demand, the effort
of demonstrating compliance ceases to be a periodic ordeal
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and becomes an ordinary consequence of how the platform
runs. A supervisory request that might once have triggered
afrantic reassembly from scattered systems instead resolves
into a question answered from evidence that was already
standing by, presented with the lineage and authorization
that make it convincing to an outside reviewer.

Equally important is the honesty the design encodes
about what it cannot promise. Generative behavior stays
probabilistic, explanation stays approximate, and the frontier
of obligation keeps shifting as supervisors refine their
expectations and as new capabilities reach the market. An
architecture that names these boundaries openly and that
builds in the ability to revise its controls as duties evolve
earns more confidence than one that projects a certainty
it cannot hold. When every consequential output can be
reconstructed, explained, and defended from standing
evidence, satisfying a supervisor becomes a routine matter
rather than an emergency, and trust becomes something
a firm can demonstrate instead of merely assert. As
expectations continue to mature, architectures of this kind
will distinguish enterprises that merely experiment with
generative capability from those able to sustain it responsibly
and answerably over the long term.
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