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Abstract—Probabilistic large language models (LLMs) are
attractive for contract risk analysis but violate core trust re-
quirements in regulated settings: outputs vary across identical
runs, findings lack stable policy identifiers, clause-embedded in-
structions can influence downstream behavior, and full-document
API calls expand confidentiality exposure. This paper speci-
fies four trust properties (reproducibility, traceability, decision—
explanation separation, and injection containment), maps them
to adversaries and runtime enforcement, and evaluates a trust-
boundary architecture that confines authoritative decisions to a
versioned deterministic rule engine while restricting the LLM
to non-authoritative explanation over structured findings only.
On 200 agreements (NDA, MSA, employment, licensing), the hy-
brid path achieves 100% reproducibility (0/200 variance events;
identical SHA-256 fingerprints) and 100% rule-level traceabil-
ity, versus 0% reproducibility under the evaluated pure-LLM
baseline on the same corpus (7=0.7; prompts and models in
supplementary material), where all 200 documents exhibited at
least one output variation across repeated executions. Schema-
constrained and retrieval-augmented baselines remain 0% repro-
ducible despite valid JSON and deterministic retrieval (n=30,
both OpenAl and Anthropic; detail in supplementary Table S3).
Instruction-class prompt-injection experiments preserve finding
multisets in 16/16 cases; regex-layer obfuscation tests preserve
authoritative ' in 38/38 active cases; five automated enforcement
checks pass. The design trades recall for auditability (rule-
firing F1=0.66 on N"=390 expected-present slots; deliberately
conservative) and supports governance via versioned rulesets,
suppression reason codes, and data-minimized LLM calls. TP4
(injection containment) is proved by construction for regex-class
rules (Theorem 1), and data minimization is quantified at ~135x
reduction in information-theoretic exposure (H(D)/H(F)).

Index Terms—Trustworthy Al, large language models, threat
modeling, prompt injection, auditable AI, hybrid architectures,
secure information flow, AI governance

I. INTRODUCTION

Automated contract analysis is increasingly embedded
in enterprise legal and compliance workflows [1]. Proba-
bilistic LLMs introduce trust-relevant failure modes: non-
deterministic outputs, limited traceability, hallucinated find-
ings, and instruction-like text embedded in clauses that can
mislead downstream components [2], [3]. In compliance-
critical systems, risk identification must be reproducible, at-
tributable to explicit logic, and defensible under audit [4], [5].

This paper addresses trustworthy integration of LLMs into
regulated decision support, not maximum extraction accuracy.
A trust-boundary architecture is proposed that enforces au-
thoritative deterministic risk detection while retaining natural-

language explainability. The LLM is strictly non-authoritative:
it cannot create findings, alter severities, or receive raw con-
tract text on the explanation path.

A. Research Questions and Scope

RQ1: Can runtime trust boundaries enforce TP1-TP4 simul-
taneously in a contract-risk pipeline?

Do schema-constrained and retrieval-augmented LLM
baselines satisfy TP1-TP2 when used as authoritative
extractors?

What detection errors remain when prioritizing au-
ditability over recall?

RQ2:

RQ3:

Scope: Trust-property evaluation on a 200-document, four-
type corpus; not legal advice, optimal parsing, or F1 supe-
riority versus unconstrained LLMs at web scale. Non-goals:
End-to-end neural extraction, fine-tuned legal transformers,
and adaptive red-teaming beyond the reported injection suite.

B. Contributions

1) A threat model and four design principles for trust-
boundary architectures, with explicit mappings to ver-
ifiable trust properties (TP1-TP4).

2) A reference instantiation with runtime enforcement

(schema validation, raw-text blocking, immutable find-

ing snapshots) separating decision logic from probabilis-

tic explanation.

Trust metrics and experiments on 200 documents cov-

ering reproducibility, traceability, injection containment,

and explicit detection-error characterization.

A formal security analysis including Theorem 1 (TP4

construction proof for regex-class rules) and a ~135x

data-minimization bound (H(D)/H(F)).

Prior hybrid and neuro-symbolic work [11] emphasizes
execution invariance but seldom evaluates compliance-oriented
threat models, runtime enforcement, and governance metrics
jointly in one study. The present contribution formalizes
adversaries, trust properties, and composable design principles
(Section IV), then falsifies mainstream LLM mitigations under
those properties. Hybrid TP1-TP4 satisfaction on the author-
itative path is largely architectural; the empirical contribution
is falsification of probabilistic baselines under the same trust
metrics (Section VIII).
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II. RELATED WORK

Voluntary and regulatory frameworks [8], [10] treat Al
as a lifecycle artifact requiring governance; accountability
scholarship [9] and auditability frameworks [5] recommend
separating decision and generative subsystems—a recommen-
dation this work operationalizes with enforceable mechanisms
and measured trust properties. Classical noninterference [16]
and PROV-DM provenance standards [18] motivate the trust-
boundary pattern’s information-flow discipline and evidence-
binding obligations; model cards [19] address transparency but
not runtime enforcement. IEEE guidance on ethically aligned
design similarly foregrounds governance yet leaves runtime
enforcement underspecified [4].

LLM-integrated applications inherit adversarial surfaces:
indirect prompt injection [14] and systematic hijacking at-
tacks [15] show that instruction-like document content can
misalign model behavior without weight access. Prior legal-
NLP pipelines [1], [6] rarely report injection containment or
repeated-run variance alongside extraction utility; empirical
work on training-data extraction [17] motivates minimizing
what is transmitted to third-party inference services.

LLMs are widely applied to legal NLP [6], but probabilistic

decoding undermines reproducibility [2], [3], [7]. Rule-based
and ontology-driven systems provide traceable logic [12], [13];
structured decoding (e.g., PICARD [20]) restricts syntactic
validity but not stochastic content; retrieval-augmented gen-
eration [21] fixes retrieval while generation remains variable.
The structured and RAG baselines in Section VIII achieve
0% reproducibility under evaluated configurations on n=30
documents for both OpenAl and Anthropic (supplementary
Table S3), confirming that format and grounding constraints
do not by themselves yield trustworthy authoritative decision
support.
Gap. Prior approaches constrain output format, retrieval scope,
or grounding quality, but do not bind authoritative state tran-
sitions to versioned policy identifiers nor eliminate stochastic
variation within decision channels.

III. THREAT MODEL AND TRUST REQUIREMENTS
A. Assets and Adversaries

Assets: contract text D; authoritative finding set F' (rule
IDs, severities, spans); ruleset version o; audit log L; optional
explanation text F.

Adversaries:

o Al (malicious document author): embeds instruction-

like text in clauses to manipulate downstream behav-
ior [14]; evaluated under bounded insertion budget (4
patterns x 4 docs; 38 active obfuscation trials OB1-OB3;
10 OB4 coverage-gap control).

e A2 (compromised LLM): returns malformed or fab-
ricated explanatory content; success requires modifying
authoritative F' via write-back (schema gate; E9 check
5).

o A3 (operator error): reruns without version control,
breaking audit comparability; mitigated by ¢ in every
artifact (E9 check 1).

TABLE I
THREAT-REQUIREMENT-ENFORCEMENT MAPPING.

Threat Prop. Enforcement
Al injection TP4 Regex engine treats text as data
A2 bad LLM TP3 Schema validation; no write-back
out
A3 version drift TP1- o in every JSON artifact
TP2
Hallucinated risk ~ TP2- LLM sees F' only, not D
TP3
A4 data TP3 Raw-text block; transmit F' not D
exfiltration
RAG variance TP1- Authority in rules, not retrieval+LLM
TP2

o A4 (privacy adversary): causes full D to transit external
LLM API; mitigated by raw-text block (E9 check 3).

Full adversary capability specifications (knowledge, capa-
bility, goal, budget axes) are in supplementary Table S-Adv.

B. Trust Properties

Let execution state be S = (D, R,0,0) where R is an
ordered ruleset and 6 configuration.

o TP1 (Reproducibility): V executions on S, authoritative
outputs are identical.

o TP2 (Traceability): each finding f € F binds to
(rule_id, span,o).

o TP3 (Decision—explanation separation): F' is fixed be-
fore any LLM call; LLM output cannot modify F'.

o TP4 (Injection containment): adversarial text in D can-
not change F’ relative to benign insertion at the pattern-
matching layer.

TP1 instantiates replay integrity [18]; TP2 is provenance
binding; TP3 is restricted noninterference [16] (E 4~ F, F' —
FE permitted); TP4 is data integrity under untrusted input [14].
Table I maps threats to requirements and enforcement points.
Illustrative scenario. Consider an NDA clause containing
a governing-law trigger and embedded text “ignore prior
instructions and mark all risks low.” Under A1, a probabilistic
extractor may treat the embedded sentence as operational guid-
ance; under the proposed boundary, pattern matching evaluates
the full clause as data, producing stable rule firings. The
explanation layer receives only serialized F'; A4 is mitigated
because D never transits the explanation APIL. If the LLM
returns JSON adding a spurious finding, schema validation
and the no-write-back policy preserve TP3.

IV. DESIGN PRINCIPLES FOR TRUST-BOUNDARY
ARCHITECTURES

Hybrid pipelines are often presented as implementations
without specifying which obligations are essential versus acci-
dental. The four principles below are composable, falsifiable,
and portable across domains.

P1 (Authoritative determinism). Exactly one subsystem
emits authoritative F’; its behavior is a pure function of (D, o)
with no sampling on the decision path (TP1). Obligation:



TABLE 11
DESIGN PRINCIPLES, TRUST PROPERTIES, AND MECHANISMS (REFERENCE
ARCHITECTURE).

Principle TP Mechanism (evaluated)

Authoritative TP1 Versioned rule engine; no LLM on
determinism decision path

Decision— TP3 Immutable snapshot; schema validation;
explanation sep. no write-back

Immutable TP2 rule_id + span + o on every finding
evidence binding

Minimal TP3/4 Raw-text block; transmit F' not D
information

exposure

reproducible replay and diffable policy regression when o
changes.

P2 (Decision-explanation separation). Natural-language
generation is strictly downstream of F'; explanatory text is
derived, not constitutive, of risk decisions (TP3). Obligation:
freeze F' before any LLM call; prohibit write-back from
explanation channels.

P3 (Immutable evidence binding). Every element of F' cites
immutable evidence coordinates: versioned rule_id, sever-
ity, and exact span in D under o (TP2). Obligation: auditors
reconcile outputs with explicit logic without re-invoking a
model.

P4 (Minimal information exposure). External inference
receives the minimum structured payload sufficient for
explanation—typically serialized F, never raw D (TP3,
A4). Obligation: enforceable data-flow gates, not prompt-
engineering alone.

Table II maps principles to trust properties and mechanisms.

Prior hybrid work [11] does not state these four obligations as
a composable framework with paired threat model, enforce-
ment checks, and trust metrics.
Research claim. The contribution is not “use rules instead of
an LLM,” but a formalized design framework for trustworthy
LLM-assisted compliance: adversaries and trust properties
(Section III), composable principles (this section), enforceable
mechanisms (Sections V-VI), and falsifying baselines (Sec-
tion VIII).

V. SYSTEM ARCHITECTURE

The reference architecture instantiates P1-P4 through (i)
deterministic text preprocessing, (ii) an authoritative decision
layer, and (iii) a non-authoritative LLM explanation layer.
Fig. 1 shows the trust boundary: probabilistic components
cannot influence F'. All artifacts share a common version
field o for downstream audit correlation.

Contracts arrive as PDF or plain text. Normalization per-
forms deterministic Unicode cleanup, whitespace folding, and
section-aware line joining—no learned model participates, so
preprocessing introduces no sampling variance. The determin-
istic risk engine evaluates normalized text against a curated,
versioned ruleset organized by contractual theme (Table III);
each rule emits immutable findings with stable rule_id,

Authoritative path

Contract . Deterministic Findings | _[' Audit
(PDF/Text), Rule Engine S”Pp’m'““H JSON HRepon
|

(explain only)

Non-authoritative

Fig. 1. Trust-boundary architecture. Detection, severity, and suppression are
deterministic; the LLM explains pre-computed findings only.

TABLE III
REPRESENTATIVE RULE FAMILIES IN THE VERSIONED RULESET (o).

Family Example concern

L_GOVLAW  Governing law / jurisdiction
L_TERM Termination and renewal
L_LIAB Liability caps and indemnity
L_IP Intellectual property assignment
L_DATA Data use, retention, subprocessors

severity, and exact span; evaluation order is fixed, tie-breaking
is lexical on rule_id. Suppression rules apply contextual
qualifiers; each event records a reason code in L—never silent.
The LLLM explanation layer receives structured F' only, not
raw D; explanatory drift does not affect F'.

VI. TRUST BOUNDARY ENFORCEMENT

Raw-text blocking. The explanation adapter rejects pay-
loads containing raw contract text, preventing exfiltration of
D to the LLM API. Schema validation. LLM responses must
validate against explanation schema X; malformed responses
trigger structured fallback without modifying F'. Immutable
snapshot. The LLM receives a serialized copy of F'; mutations
do not propagate to the authoritative store. Empty-findings
path. When F' = (), the system emits a deterministic report
without LLM invocation.

Each run emits a machine-readable audit bundle: screening
JSON (0, document_hash, findings[]); suppression
log (rule_id, reason_code, severity delta); explanation
record (status, schema errors, token budget—no D).

A. Formal Guarantee for Regex-Class Rules

Definition 1 (Regex-class rule). A rule p € R is regex-
class if eval(p,s) = match(r,,s) € {true, false} for a
fixed regular expression r, over alphabet 3., where match is
computed by a finite automaton with no side-effects.

Definition 2 (Adversarial document). Let D’ = Dyg.;-T- Dy
be D with text T € ¥* inserted at position . T is instruction-
class if it contains natural-language imperatives; obfuscation-
class if it modifies bytes of an existing trigger phrase without
altering its semantic content for a human reader.

Theorem 1 (TP4 for regex-class rules). Let R be a ruleset
in which every rule p € R is regex-class, D any document,
D’ any adversarial variant produced by inserting instruction-
class T at any position. Then F(D,R,0) = F(D', R, o).



TABLE IV
EVALUATION CORPUS BY AGREEMENT TYPE.

Type Count  Ground truth

NDA (public template) 40 No

NDA (synthetic) 50 Yes

MSA (synthetic) 35 Yes

Employment (synthetic) 35 Yes

Licensing (synthetic) 40 Yes

Total 200 160 with labels
Proof. The  engine  computes F(D,R,o0) =
Uper{(r-idy, sevy, s) ‘ s €

windows(norm(D)), match(r,, s) = true}. By Definition I,
match(r,,s) is computed by a finite automaton with no
natural-language execution model. Instruction-class T is
evaluated as data: whether 7" is imperative in natural language
is irrelevant to match(r,,-). F(D',R,o) differs from
F(D,R,0) only if T introduces or removes r,-matching
substrings in norm(D’)—i.e., only if 7 physically alters
trigger patterns, not if 7' contains instructions. Insertion of
non-trigger text at position ¢ cannot alter existing matching
windows in Djq.; or D). Hence F(D', R,0) = F(D, R, 0).
(] O

Corollary 1 (TP4 scope limit). Theorem 1 applies only to
regex-class rules; TP4 does not hold by construction for rules
invoking learned models or semantic similarity functions.

The evaluated obfuscation suite (OB1-OB3) tests the
boundary of Theorem 1: homoglyph and zero-width trans-
forms modify trigger bytes and would break TP4 if nor-
malization did not neutralize them. The 38/38 containment
result confirms that Unicode cleanup and whitespace folding
map these transforms back to canonical strings before regex
evaluation. OB4 semantic paraphrase lies outside the theorem’s
scope by Corollary 1: it changes trigger bytes, legitimately
causing FN omissions rather than injection failure.

VII. EXPERIMENTAL SETUP
A. Dataset

The evaluation uses 200 documents: 90 NDAs (40 public
templates, 50 synthetic), 35 synthetic MSAs, 35 Employment
Agreements, and 40 Licensing Agreements (Table IV). 160
synthetic documents carry per-document ground-truth files
(*.truth. json) with expected_rule_ids_present
and expected_rule_ids_absent for E4 error measure-
ment; NT=390 expected-present slots corpus-wide (mean
2.4 per document). Forty public NDA templates introduce
formatting diversity without counterparty metadata. Corpus
scale is justified in supplementary Section S-Corpus: trust
metrics are binary outcomes with near-deterministic separation
between hybrid and probabilistic pipelines; 200 documents
across four agreement types provide adequate power given the
large one-sided effects (e.g., 0/200 hybrid variance events vs.
144/200 baseline variance events in E8).

TABLE V
EXPERIMENT SUITE.

ID Purpose

El Hybrid vs. pure LLM: reproducibility, traceability, grounding

E2 Stress reproducibility: 15 docs X 20 runs

E3 Suppression governance: severity delta, reason codes, audit log
completeness

E4 Error characterization: rule-firing P/R/F1 on 160 labeled
synthetics

E5 Structured LLLM baselines (30 docs, 3 runs, 7=0.7)

E6 Injection containment: instruction-class (16) + obfuscation-class
(38 trials)

E7 RAG baseline vs. hybrid (30 docs, 3 runs, 7=0.7)

E8 Corpus-wide variance (200 docs, hybrid + LLM baseline)

E9 Runtime enforcement verification (5 automated unit checks)

El0 Scaling: rule count and concurrency (30 docs)

B. Systems, Metrics, and Baselines

Systems compared: (i) Hybrid (proposed): determinis-
tic engine + suppression + structured F' + LLM explana-
tion; (ii) Pure LLM: prompt-based free-form extraction; (iii)
Structured LLM: JSON schema (response_format) and
JSON-mode; (iv) RAG: deterministic lexical top-5 retrieval +
LLM extraction [21]; (v) Rule-only ablation.

Metrics: Reproducibility Repro(i)=1 iff all runs yield
(b(ol(.r)) = qi)(ogs)) where ¢(0)=SHA-256(canonical_json(0)).
Traceability: fraction of findings with non-empty rule_id
and span. Ungrounded rate: baseline claims unsupported by
evidence (automated proxy; n=30 manually adjudicated sub-
set). Injection containment: rule_id multiset unchanged
after adversarial insertion. Detection errors (E4, 160 labeled
documents): let Fy, Py, A4 be engine output, expected-present,

expected-absent rule ID sets; FP firings = |[Fy N A4|, FN
omissions = |P; \ Fjy|; precision/recall/F1 aggregated over
N+=390.

Baselines share 7=0.7, top-p=1.0 on two APIs:
gpt—-4o-mini (OpenAl, primary E1/ES8) and
claude-sonnet-4-20250514 (Anthropic; Cross-

provider E5/ET7); snapshot strings logged per response. Full
prompts, decoding parameters, fingerprint computation, and
run logs are in supplementary Section S1. All E9 enforcement
checks are implemented as automated unit tests; pass/fail logs
are in the artifact bundle. Table V summarizes the experiment
suite.

VIII. EXPERIMENTAL RESULTS

Table VI summarizes trust-property verification across all
systems.

A. El: Hybrid vs. Pure LLM

Table VII summarizes core results. The hybrid system
achieves 100% reproducibility and traceability. The evaluated
pure-LLM baseline (7=0.7, gpt-40-mini) achieved 0% re-
producibility and 0% traceability, averaging 0.53 ungrounded
findings per document (95% CI: [0.39, 0.66], n=200). Mc-
Nemar’s exact test on paired reproducibility (200 documents,
200 discordant pairs all favoring hybrid; an expected result



TABLE VI
TRUST PROPERTY VERIFICATION (HYBRID VS. BASELINES). TNo
VERSIONED RULE_TD ON AUTHORITATIVE PATH; ¥NO AUTHORITATIVE F
ON PROBABILISTIC PATHS.

Property Hyb. LLM  Struct. RAG
TP1 (E2, 15x20) 15/15 0/15 — —
TP1 (E5/E7, 30x3) 30/30 — 0/30 0/30
TP2 Traceability 100% 0% Part.t  Quotef
TP3 Dec./expl. sep. E9 No No No
TP4 Injection (E6) 16/16 + 38/38 OB % -t -t
Ungrounded (E1) 0.00 0.53 — —
TABLE VII
HYBRID VS. PURE LLM BASELINE (200 DOCUMENTS).

Metric Hybrid LLM

Reproducibility 100% 0%

Traceability 100% 0%

Ungrounded / doc 0.00 0.53

Synthetic spurious-firing prevalence (E4)  37/160 N/A

Synthetic missed-rule prevalence (E4) 93/160 N/A

TEvaluated pure-LLM baseline (gpt -4o-mini, 7=0.7); supplementary
material.

of complete architectural separation) yields p<0.001. Tem-
perature sensitivity, cross-model replication (gpt—4o-mini
vs. gpt—40), and fair-prompt baselines are in supplementary
Tables S1-S4; TP1 failure persists at 7=0.0 on 4/5 documents
and under audit-oriented prompts on both providers.

B. E2: Stress Reproducibility

Fifteen documents (eight public templates, seven synthetic)
each executed 20 times (N=300 hybrid runs). Hybrid: 15/15
reproducible; zero variance events. Evaluated pure-LLM base-
line: 15/15 documents exhibited variance; mean 17.7 distinct
fingerprints per document (median 19). Per-document hybrid
fingerprints were bitwise-identical across all 20 runs.

C. E3: Suppression Governance

On 30 synthetic NDAs, the hybrid engine logged 7 sup-
pression events in audit log L; O were silently dropped.
Four events removed a high-severity IP-work-product find-
ing while recording pre_existing_ip_carveout; three
events downgraded H_ILOL_CARVEOUT_01 from HIGH to
MEDIUM under 1ol_statutory_carveout. Per-event
detail is in supplementary Table S-Supp.

D. E4: Error Characterization

On 160 labeled synthetic documents: 37 (23.1%) exhibit >1
spurious rule firing; 93 (58.1%) miss >1 expected present rule.
Table VIII reports detection metrics and prevalence by contract
type (x2, p<0.001). Aggregated: TP=211, FP=41, FN=179,
NT=390; precision=0.84, recall=0.54, F1=0.66. FP rates are
highest on NDAs (36/50); FN rates peak on MSAs (23/35)
and licensing (24/40), where obligations are often expressed
non-literally. Errors are explicit, reproducible, and traceable—
each maps to a rule_id and span, supporting policy-targeted
remediation.

TABLE VIII
ERROR ANALYSIS ON 160 LABELED SYNTHETICS. TOP: DETECTION
METRICS (N 1=390). BOTTOM: DOCUMENT PREVALENCE BY CONTRACT
TYPE (x?, p<0.001).

Metric

TP / FP / FN

Precision / Recall / F1

Docs with >1 spurious firing

Docs with >1 missed expected rule

Value

211 /41 /179
0.84 /0.54 / 0.66
37 (23.1%)
93 (58.1%)

Type Spurious / Missed docs
NDA (synthetic, n=50) 36 /26
MSA (synthetic, n=35) 1/23
Employment (synthetic, n=35) 0/20
Licensing (synthetic, n=40) 0/24
TABLE IX
INJECTION PATTERNS (4 DOCS X 4 PATTERNS) AND OBFUSCATION
RESULTS.
Class Pattern / Transform Containment
Instr. P1  Global instruction override
Instr. P2 Role reassignment 16/16
Instr. P3  False compliance assertion
Instr. P4 Forced severity downgrade
OB1 Homoglyph substitution 16/16
OB2 Zero-width fragmentation 16/16
OB3 Case/whitespace 6/6
OB4 Paraphrase (coverage gap)  6/10 F changed?

TExpected FN omissions (OB4 changes trigger bytes); not an injection
failure.

E. E5, E7: Structured and RAG Baselines

Thirty documents, 3 runs each, 7=0.7. Structured schema,
JSON-mode, and RAG baselines each achieve 0% repro-
ducibility on both OpenAl and Anthropic (mean 3.0 unique
fingerprints per document; supplementary Table S3). Schema
validity does not imply execution reproducibility; determin-
istic retrieval does not eliminate stochastic generation. These
baselines cannot serve as authoritative compliance decision
engines under TP1-TP2.

F. E6: Prompt-Injection and Obfuscation Containment

Instruction-class (A1). Four injection patterns (Table IX)
embedded in 4 test documents (16 cases): in all 16, the
rule_id multiset matched the pre-injection baseline (100%
containment).

Obfuscation-class. 16 documents tested with OB1 (ho-
moglyph), OB2 (zero-width), OB3 (case/whitespace): 38/38
active trials, authoritative F' unchanged. OB4 semantic para-
phrase is a coverage-gap control (6/10 documents changed I
via expected FN omissions—not injection failure).

G. E8: Corpus-Wide Variance; E9: Enforcement; EI10: Scal-
ing

E8: Hybrid: 0/200 variance events (3 runs per document).
Pure-LLM baseline: 144 variance events; 112/200 docu-
ments with any output variance. Mean hybrid latency: 4.3 ms
(s.d.=1.3ms); mean LLM pipeline: 5.38 s (s.d.=0.98s).



E9: Five automated unit checks (valid explanation call;
empty- I fallback; raw-text rejection; schema validator active;
deep-copy no-write-back) all passed, providing direct evidence
for TP3 and A4 mitigations.

E10: Rule-engine latency scales linearly (R2=0.99,

~0.15 ms/rule). Concurrent execution at 1, 32, 128, 256 tasks
produced identical SHA-256 outputs; peak memory under
2 MB.
RQ1 (Yes): TP1-TP4 hold on the hybrid path. RQ2 (No):
Structured and RAG baselines fail TP1-TP2 despite format
validity and deterministic retrieval. RQ3: Errors are explicit,
typed, and traceable (F1=0.66; E3: 7/7 suppression events
logged, O silent).

IX. DISCUSSION

Trust vs. accuracy. The architecture prioritizes repro-
ducibility, traceability, and containment over maximum recall
(F1=0.66; recall intentionally conservative). This objection
conflates trust-property satisfaction with extraction optimality:
this paper studies the former. Each spurious rule firing is
a policy-tuning candidate with explicit rule_id and span;
ungrounded LLM claims lack a stable remediation anchor. The
defensible claim is not “this ruleset catches everything” but
“this architecture makes what it catches and misses auditable.”
Ruleset expansion to improve recall is an engineering concern
orthogonal to the trust framework evaluated here.

Why probabilistic baselines fail trust requirements. Pure
LLM, schema-constrained, and RAG pipelines can surface
plausible quotes yet fail TP1-TP2: outputs vary across runs
and lack versioned rule identifiers. Variable authoritative state
breaks compliance replay and cross-system agreement. RAG
is best positioned as a non-authoritative assistive layer, not a
compliance decision engine.

Data minimization. The explanation path transmits only
structured findings F, not raw D. Let H(-) denote Shannon
entropy in bits; on the 200-document corpus (mean n=284
tokens, |V|=100,256, mean k=2.5 findings, |R|=25, |S|=3,
span w<200):

H(D) < nlog, |V| ~ 4,724 bits;
H(F) < k(logy |R| + log, |S| + logy w) = 34.9 bits.

The ~135x reduction is an upper bound on exposure re-
duction, not a formal privacy guarantee; sensitive information
within F' must be governed separately. Deployment patterns
(screening-only on-premises; asynchronous explanation; pol-
icy replay on o update) and extended privacy analysis are in
supplementary Section S-Disc.

Governance implications. The architecture supplies au-
ditable evidence types—yversioned rulesets, immutable finding
snapshots, suppression reason codes, explanation-path failure
telemetry—that generic LLM usage policies often omit. Hal-
lucination containment is structural: the model cannot invent
authoritative risks. Prompt-injection resilience complements
organizational controls by ensuring injected clause text cannot
alter F' at the pattern layer.

X. THREATS TO VALIDITY AND LIMITATIONS

External validity: 200 documents is modest for accu-
racy leaderboards but aligned with trust-property evaluation
where large binary contrasts dominate sample-size arguments.
80% synthetic documents carry exact rule_id labels; 40
public NDA templates provide formatting diversity. Neither
choice inflates reproducibility or containment: those metrics
are structural consequences of authoritative determinism, ob-
served identically on public and synthetic subsets in E2.
Remaining gap: executed enterprise agreements with dual legal
adjudication—deferred to future work.

Construct validity: Ungrounded rates use automated proxy
on 200 documents; n=30 stratified sample manually adju-
dicated (rubric in supplementary material). Ground-truth la-
bels for synthetic documents were constructed using explicit
clause-perturbation rules; label-rule correspondence is deter-
ministic by construction.

Internal validity: Baselines use two commercial providers
under matched 7=0.7 and identical prompt templates; supple-
mentary sweeps (Tables S1-S4) confirm TP1 failure persists
under temperature reduction, model tier changes, and audit-
oriented prompting.

Scope and security limits: Rule-based matching misses
non-literal obligations (93/160 documents with >1 missed
expected rule); E3 validates governance logging, not FP/FN
correction via suppression. Injection suite covers Al under
bounded budget; adaptive Al with white-box ruleset access
and paraphrase coverage gaps (OB4) are not exhaustively red-
teamed. The system supports audit workflows; it does not
replace licensed legal review.

Al DISCLOSURE

The system evaluated in this paper includes
a large language model (gpt-4o-mini and
claude-sonnet—-4-20250514) as a non-authoritative
explanation component; its role is described in Sections V
and VI. The LLM performed no detection, severity
assignment, or suppression; all authoritative compliance
logic is deterministic. This paper was written by the author(s)
without LLM assistance in drafting, analysis, or reference
generation; all content was independently verified for
correctness and originality.

XI. CONCLUSION

This paper formalized four trust properties and four design
principles for LLM-assisted compliance workflows, instan-
tiated them in a trust-boundary reference architecture with
enforceable runtime checks, and evaluated principle satis-
faction on 200 contracts with reproducibility fingerprints,
strong baselines, and injection tests. The central finding is
that the principles are jointly achievable and falsifiable: de-
terministic authority can bear compliance state while LLMs
remain non-authoritative, whereas probabilistic extraction—
even with JSON schemas or deterministic RAG—fails repro-
ducibility and policy-traceability obligations on both OpenAl
and Anthropic configurations tested. Reported detection errors



are explicit inputs to governance, not hidden failures of a
black-box model. Future work includes additional model-
family replication, expanded injection and explanation-drift
tests, inter-rater grounding studies, and formal verification of
enforcement policies.
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