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Abstract. Regulatory initiatives on algorithmic accountability now oblige organisations to reveal decision logic, data
provenance, and safety controls, yet the same systems embody proprietary assets whose exposure can nullify competitive
advantage. This study engineers and empirically validates a governance framework that reconciles those apparently contradictory
imperatives. A three-tier disclosure architecture is combined with lattice-based cryptographic watermarking and policy-driven
smart-contract gates, then exercised in two high-stakes domains: a regulated credit-scoring engine and a 1.1-billion-parameter
text-to-video generator. Across 18,000 simulated disclosure transactions, the framework achieves a statutory-coverage score of
0.927 + 0.018 while suppressing parameter-exfiltration entropy to 1.37 bits - kg™', a 63.8 % reduction relative to a full-disclosure
baseline. Median inference latency rises only 3.6 ms, and predictive accuracy remains statistically unchanged (AAUC = 0.0007,
p = 0.746; AFID = 0.09, p = 0.532). Sensitivity analyses confirm that compliance quality varies by less than 2.4 % under + 20 %
weight perturbations, evidencing robustness. Findings demonstrate that calibrated transparency and vigorous IP protection are
jointly attainable, providing quantitative benchmarks for emerging legislation and standardisation efforts.
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1. Introduction

Algorithmic decision engines now shape credit access, medical diagnoses, and digital-media authenticity, prompting legislative
bodies worldwide to codify rights to meaningful explanation. The European Union’s Artificial Intelligence Act mandates risk-
proportional transparency, California’s Automated Decision Systems Accountability Act demands auditability, and proposed
authenticity bills require tamper-proof provenance trails for synthetic media. Firms, meanwhile, treat trained weights, feature
schemas, and generative pipelines as crown-jewel assets guarded by trade-secret, copyright, and database rights [1]. The
resulting tension manifests operationally when regulators request model disclosures that could expose proprietary artefacts, or
when consumer advocates litigate for algorithmic explanations that reveal competitive heuristics. Conventional scholarship still
treats transparency and Intellectual Property (IP) preservation as orthogonal silos: computer-science research optimises fidelity
of local explanations, whereas legal studies refine secrecy doctrines. Consequently, practitioners face a fragmented landscape of
partial prescriptions that neither satisfy full compliance nor assure asset security [2].

This article proposes that transparency and IP preservation can be co-optimised through a layered governance framework
designed around proportionality, verifiability, and minimal disclosure. First, it stratifies explanation depth by risk level so that
low-impact services release only summary narratives, while critical systems provide structural explanations verified under strict
confidentiality. Second, it embeds cryptographic watermarks directly into learned parameters, enabling automated detection of
illicit redistribution. Third, it enforces access through machine-readable smart contracts that dynamically match artefact type,
requester role, and jurisdictional mandate [3]. To move beyond conceptual argument, we construct a comprehensive metrics suite
that quantifies statutory-coverage fulfilment, [P-leakage probability, and performance overhead. We instantiate the framework in
two contrasting yet socially consequential use-cases, a deep neural credit underwriter and a multimodal diffusion generator, then
deploy the artefacts inside a Kubernetes sandbox instrumented with end-to-end telemetry. The empirical study contributes a
reproducible proof-of-concept, a rich dataset of quantitative benchmarks, and two analytic formulas that regulators and standard-
setting bodies can adopt when calibrating future obligations.
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2. Literature review
2.1. Regulatory landscape of algorithmic transparency

Statutory texts have evolved from voluntary codes of practice into binding obligations that compel disclosure of model
objectives, data lineage, and robustness measures [4]. Sector-specific rules, such as fair-lending provisions within financial
services, interface with omnibus privacy acts that articulate individual rights to algorithmic explanation. Enforcement agencies
now reference harmonised technical standards when adjudicating sufficiency thresholds, signalling an imminent convergence of
global accountability norms.

2.2. Intellectual-property regimes for algorithmic assets

Algorithmic artefacts occupy a hybrid legal domain. Source code is protectable by copyright, learned parameters fall under trade-
secret regimes, and large curated datasets may invoke sui generis database rights [5]. Judicial precedents reveal that uncontrolled
disclosure, whether voluntary or compelled, can defeat secrecy predicates, thereby dissolving IP protection and exposing assets
to uncompensated exploitation [6].

2.3. Joint approaches to transparency and IP governance

Emerging proposals advocate multilayer disclosure that couples partial algorithmic release with auditor access under
confidentiality covenants, augmented by technologically enforced watermarking. Yet existing schemes lack quantitative
evaluation and cross-border enforceability, motivating the present investigation into an integrated, metrics-driven solution [7].

3. Methodology

The methodology section details the architectural design, metric formalisation, experimental assets, and simulation environment
that underpin the study. Content is intentionally granular to enable replication and regulatory scrutiny.

3.1. Framework design principles

The governance construct adopts proportionality, verifiability, and minimal disclosure as its axiomatic triad. Proportionality
partitions algorithmic systems into negligible, consequential, and critical risk categories mapped to three disclosure tiers,
summary, structural, and parameter. Verifiability embeds lattice-based watermarks W of dimension 128 directly into weight
tensors O, such that legitimate artefact release can be cryptographically certified by computing the inner-product hash h=(W,0)
mod p, where p is a 3072-bit safe prime compiled once per deployment [8]. Minimal disclosure rejects one-size-fits-all
transparency: artefacts are released solely to satisfy the legitimate interest asserted by the requester and are tagged with smart-
contract scopes formalised in Solidity. Contracts interface with an Ethereum-compatible sidechain that timestamps each
disclosure event and enforces automated revocation upon schedule expiry or risk-tier reassignment.

3.2. Metric development for governance evaluation

We operationalise dual compliance through a composite index C that integrates statutory coverage (S), [P-exposure risk (E), and
system-performance overhead (P), normalised to the unit interval:

C=aS—-pE—~P (1)
subject to a + B + y=1. Weights are derived via analytic-hierarchy procedures that incorporate regulator, industry, and civil-

society input [9].
[P-exposure risk is itself a function of Shannon information flow:

E =1-exp(—kJ#(L)) 2

where J#(L) denotes leakage entropy in bits - kg™ of disclosed weight data and k calibrates adversarial extraction
difficulty estimated through simulated gradient-recovery trials.
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3.3. Experimental dataset and simulation setup

A balanced credit dataset of 2.4 million loan applications (36 features; Gini = 0.62) was synthetically enlarged using conditional
tabular Generative Adversarial Networks (GAN) to comply with General Data Protection Regulation (GDPR) constraints while
preserving statistical moments. The generative-media arm utilised a curated corpus of 8.3 TB of licensed video-text pairs to train
a transformer-diffusion hybrid comprising 1.1 billion parameters. Both models were containerised via Docker and orchestrated
across a 32-node Graphics Processing Unit (GPU) cluster (NVIDIA A100, 80 GB HBM2-¢, total 2.56 TB VRAM). Disclosure
requests were replayed from 18 months of anonymised regulator logs, generating a workload of 18,000 transactions evenly split
across public, supervisory, and adversarial scenarios [10]. OpenTelemetry agents captured 164 metrics per service, funnelled into
a Prometheus-InfluxDB pipeline for high-resolution time-series storage.

4. Experimental process

This section chronicles the engineering workflow, scenario scripting, and statistical procedures in sufficient depth to allow
forensic inspection and policy replication.

4.1. Framework implementation workflow

Framework Implementation Workflow see Figure 1. Stage | integrates the lattice watermark into model artefacts during post-
training quantisation. Stage 2 serialises disclosure-tier policy into Solidity smart contracts, each generating a non-fungible access
token whose metadata enumerates: requester role, artefact class, jurisdictional mandate, permissible uses, and sunset timestamp.
Tokens are deposited into a gas-optimised sidechain that finalises blocks every 2s. Stage 3 injects a differential-privacy
explanation layer that produces Shapley-value feature attributions with calibrated Laplace noise ¢e=0.8 for moderate-risk tier
requests, while high-risk tiers receive unperturbed gradient-influence maps under non-disclosure covenants. All components are
deployed on Kubernetes with Istio sidecar proxies that intercept every disclosure call, verify token scope in constant time, and
route authorised requests to explanation microservices. Continuous-integration hooks rebuild artefacts upon model retraining,
automatically propagating fresh watermarks and contract hashes.
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Figure 1. Lattice watermark system architecture
4.2. Scenario-based testing procedures

Public Report requests trigger tier-1 artefacts, architectural diagrams, hyperparameter summaries, and qualitative descriptions,
released under a Creative Commons licence. Regulator Audit activates tier-2 disclosures that include influence heatmaps,
training-data lineage manifests, and hyperparameter sweeps, transmitted over mutually authenticated Transport Layer Security
(TLS) channels and automatically revoked after 30 days. Adversarial Discovery simulates subpoena-driven disclosure in
combination with malicious insider collusion. Tier-3 access is intentionally blocked; extraction attempts are logged with
monotonic counters and hashed stack traces for forensic review.
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4.3. Data collection and statistical analysis

Each disclosure transaction logs 47 fields, including request context, artefact identifiers, watermark-verification result, latency
quantiles, and cryptographic proof status. Fixed-effects Analysis of VAriance (ANOVA) tests examine variance in compliance
score, leakage entropy, and latency across scenarios. Whenever significant, Tukey post-hoc comparisons isolate pairwise
differences. Bootstrap procedures (100,000 resamples) generate bias-corrected confidence intervals for all primary metrics.
Sensitivity sweeps iteratively perturb «, 5, 7y in Equation 1 by £20 % and adjust watermark strength 6 from 64 to 256 bits to map
compliance stability surfaces.

5. Experimental results
5.1. Transparency compliance outcomes

The composite statutory-coverage component S averages 0.941 for the credit engine and 0.914 for the generative pipeline,
yielding a pooled mean of 0.927 £ 0.018 (95% CI =[0.924, 0.931]) (see Table 1). Scenario variance is negligible (F(2, 17,997) =
2.14, p = 0.118), confirming proportional disclosure meets regulatory mandates even under adversarial pressure. Explanation
fidelity, assessed via Integrated-Gradients intersection-over-union computed against a ground-truth aperture test bed, attains
0.803 + 0.012, exceeding industry-accepted 0.75 thresholds.

Table 1. Transparency metrics across disclosure tiers

Tier  Artefact Granularity Mean Coverage (items) Shapley-Stability o 95-th Latency Overhead (ms)
1 Summary narrative 6.2+04 - 0.9+0.1
2 Structural graphs 14.8+0.9 0.032 2.7+0.3
3 Parameter tensors withheld n/a n/a

5.2. IP protection effectiveness

Leakage entropy H(L) falls from 3.79 to 1.37 bits - kg™! (Z = 54.8, p < 0.001). Watermark detection accuracy registers 0.998 with
a false-negative rate of 0.17 %. The probability of successful parameter extraction under the adversarial scenario is 0.006 versus
0.162 in the full-disclosure baseline (x? = 804.3). Applying Equation 2 yields an exposure probability E of 0.122 + 0.011, safely
below the 0.2 risk ceiling recommended by draft EU standards (see Table 2).

Table 2. IP leakage statistics across experimental scenarios

Scenario  Leakage Entropy (bits - kg™')  Exposure Probability EEE  Exfiltrations / Attempts ~ Watermark Integrity (%)

Public 1.04 £0.09 0.088 076,000 99.9
RegAudit 1.13+0.10 0.099 0/6,000 99.8
Adversary 1.94 +£0.07 0.179 2/6,000 99.6

5.3. Comparative performance and sensitivity analysis

Median inference latency increases from 41.2 ms to 44.8 ms (A = 3.6 ms; t = 7.41, p < 0.001) yet remains beneath the 60 ms
service-level threshold. Predictive accuracy shows no material degradation: the credit-score Area Under the Curve (AUC) gap is
0.0007 (p = 0.746) and the text-to-video Fréchet Inception Distance shifts by just 0.09 (p = 0.532). Sweeping a, S, y by £20%
alters composite compliance C by < 0.024, whereas watermark strength exhibits diminishing returns beyond 128-bit vectors, with
marginal entropy reduction < 0.03 bits - kg'. Stress tests injecting network jitter up to 180 ms confirm contract verification
pipelines remain deterministic, evidencing resilience for production roll-outs.

6. Conclusion

Quantitative evidence presented herein establishes that a risk-tiered disclosure architecture, with embedded cryptographic
watermarks and smart-contract enforcement, can deliver high statutory transparency (0.927 mean coverage) while sharply
mitigating information leakage (63.8% reduction) and imposing only negligible latency overhead. The dual-compliance metric C
and governing formulas supply regulators with explicit levers to balance public-interest visibility against proprietary
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preservation. Standard-setting bodies may therefore codify proportional transparency augmented by verifiable watermarking as a
normative baseline, while organisations can operationalise the framework to pre-emptively satisfy upcoming mandates. Future
work will broaden empirical validation across cross-border Al supply chains, extend watermark schemes to continual-learning
scenarios, and explore cognitive-ergonomic assessment of explanation salience for diverse stakeholder groups.
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