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Abstract

While LLMs increasingly mediate high-stakes decisions in various domains such as healthcare, finance, and employment, there is no benchmark
for measuring whether their outputs comply with emerging privacy and Al laws. We introduce a Compliance Audit Benchmark (CAB) that
translates legal obligations into controlled binary decision tasks by pairing objective eligibility criteria with legally irrelevant and prohibited
attributes. CAB aims to produce a binary compliance label alongside a minimal-cause certificate that identifies the smallest counterfactual
change needed to repair an unlawful decision. Our work formalizes the structure, scenario design principles, and evaluation dimensions for
building a legally-grounded compliance benchmark, defining how compliance can be operationalized and extended across domains. This
foundation supports our broader effort to design and implement an LLM compliance audit framework.
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1. INTRODUCTION AND RELATED WORK

LLMs are increasingly integrated into important decision-
making processes across a range of domains. However, LLM-
driven systems may produce outcomes that rely on legally
prohibited attributes, for example, rejecting a job application
based on age or disability [5]. The proposed work aims to im-
prove LLMs’ adherence to privacy and Al laws [4]. Existing
fairness and privacy evaluations rarely test whether a model
follows an explicit legal rule under a counterfactual interven-
tion [1, 8]. While recent efforts such as LegalBench evaluate
the capacity of LLMs to perform legal reasoning and interpret
policy text [2], they do not measure behavioral compliance
with the law. CAB fills this gap by grounding scenarios in
legal sources and regulatory guidance, while keeping the an-
swer space binary and legally interpretable [3]. The current
benchmark scenario corpus spans 15 scenarios across disas-
ter relief, employment, housing, lending, identity verification,
healthcare, financial aid, school hiring, and veterans’ benefits.

2. METHOD

CAB defines requirements for legally-grounded scenario con-
struction and evaluation. Scenarios are developed in two
stages: (1) cases are authored from statutory text and reg-
ulatory guidance to ensure legal fidelity, (2) then reviewed
by a legal expert to confirm alignment with the governing
framework and a single ground truth outcome. Each scenario
specifies eligibility criteria, prohibited considerations, and
controlled variations introducing legally irrelevant attributes,
ensuring decisions rely only on permissible factors. CAB
supports systematic evaluation through four tiers of prompt
construction:

¢ Tier 0: Baseline scenario with irrelevant attributes

* Tier 1: Inclusion of statutory or legal text

* Tier 2: Inclusion of simplified rules derived from the law
 Tier 3: Structured counterfactual variants, including crit-

ical, supportive, removed, and neutral conditions [7]

Together, these tiers isolate decision factors and enable mea-
surement of binary compliance, flip rate, and minimal-cause
size under controlled prompt variations, capturing how prompt
design influences adherence to legal rules [6].

3. ONGOING EXPERIMENTS AND OBSERVATIONS

In our preliminary evaluation we used two scenarios grounded
in the Texas Responsible AI Governance Act and federal em-
ployment law to test across local open-weight models and
closed-source models. More explicit binary prompts improved
response consistency and scoring reliability, and a short oper-
ational rule (Tier 2) proved easier for models to follow than
dense statutory text (Tier 1). Closed-source models produced
more stable outputs than local models, and parameter count
alone did not predict compliance, as heavily quantized lo-
cal models were sometimes less reliable than smaller, better-
calibrated systems. Flips between counterfactual variants were
observed, confirming sensitivity to legally irrelevant attributes.
These results suggest that compliance depends on prompt for-
mulation, deployment setting, and quantization as much as on
model size, motivating CAB’s structured tier design.

4. CONCLUSION AND FUTURE WORK

CAB provides a reproducible way to test if LLMs comply with
Al and privacy laws by ensuring decisions do not rely on irrel-
evant or protected attributes. One main issue currently is the
output variability across scenario runs. The next step is to run
each scenario multiple times and apply statistical significance
testing to solidify causal effects. Future work will generate
large-scale synthetic scenarios in an automated fashion, ex-
pand coverage across additional domains, and compare both
local and online models under matched decoding settings.!

IScenarios, prompts, and results are available at: https://github.
com/xai-privacy/compliance—audit-benchmark.


https://github.com/xai-privacy/compliance-audit-benchmark
https://github.com/xai-privacy/compliance-audit-benchmark
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