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Abstract
Human-annotated data remains fundamental
to training frontier Large Language Models
(LLMs). However, crowd-sourced annotations
often suffer from quality issues stemming from
annotator misunderstanding or lack of engage-
ment. To address this, we introduce a real-time
requirement adherence (RE-AD) framework
that leverages LLMs to proactively validate
labeling quality. Our methodology involves
decomposing Standard Operating Procedures
(SOPs) into atomic rules via self-reflection, cat-
egorizing them by complexity, and applying
tiered validation strategies. Evaluated on a syn-
thetic benchmark, the system achieved an F1
score of 0.749. Furthermore, production de-
ployment resulted in annotators accepting and
fixing 82% of the errors flagged by the frame-
work. We include ablation studies to demon-
strate the impact of our core design decisions.

1 Introduction

High-quality annotated data is the bedrock of super-
vised machine learning (Pustejovsky and Stubbs,
2012), yet maintaining rigorous annotation quality
remains a persistent bottleneck. Traditional quality
assurance (QA) methodologies predominantly rely
on post-hoc evaluations, such as inter-annotator
agreement metrics (Artstein and Poesio, 2008) or
expert spot-checks (Snow et al., 2008). These ap-
proaches are inherently reactive: errors are identi-
fied only after the data collection cycle is complete,
necessitating costly and time-consuming rework.

The challenge is exacerbated in specialized do-
mains where annotators must adhere to multi-
faceted Standard Operating Procedures (SOPs).
These guidelines often encompass a heterogeneous
range of constraints, from rigid structural format-
ting to nuanced, high-level linguistic properties . In
such settings, the cognitive load on human annota-
tors increases the likelihood of "requirement drift,"
where subtle guidelines are overlooked during the
generation process.

Figure 1: (a) Traditional Data Labeling Pipeline: Con-
ventional QA relies on post-hoc audits which identify
errors only after the data collection cycle is complete
and necessitate time-consuming rework. This effectively
decouples quality control from the point of data origin
and traps annotators in a reactive cycle.
(b) RE-AD Framework: Transitions quality control to
a proactive assistance model by atomizing guidelines
into three complexity-aware tiers (Tfmt, Tsim, Tsub)
to provide real-time feedback within 2.3s. Production
results show an 82% acceptance and fix rate, effectively
preventing requirement drift before the final audit.

Recent advances in Large Language Models
(LLMs) have demonstrated remarkable proficiency
in instruction following (Ouyang et al., 2022) and
complex reasoning (Xie et al., 2024). While sig-
nificant research has focused on using LLMs as
primary annotators (Gilardi et al., 2023; He et al.,
2024) or as "post-hoc judges" (Zheng et al., 2023),
their potential for proactive validation within the
human annotation loop remains under-explored.

In this work, we introduce the RE-AD
(REquirement ADherence) framework for real-
time requirement adherence that transitions quality
control from a reactive audit to a proactive assis-
tance model (Figure 1). Our system automatically
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atomizes complex guidelines into a hierarchy of
verifiable constraints and employs a complexity-
aware routing architecture to validate human input
as it is generated. This ensures that annotators re-
ceive immediate feedback, reducing the error rate
before the data reaches the final audit stage. The
system consists of two primary components: an
offline constraint atomization pipeline (Figure 2)
and an online, complexity-aware validation engine
(Figure 3). Our contributions are as follows:

• Recursive Constraint Atomization: A self-
reflective methodology for decomposing un-
structured guidelines into verifiable rules cate-
gorized into a three-tier complexity hierarchy.

• Complexity-Aware Validation Pipeline: A
production-ready architecture utilizing paral-
lel per-rule validation, prefix caching, and
adaptive model routing (spanning determinis-
tic code to high-reasoning LLMs) to balance
evaluation accuracy with latency.

• Systematic Evaluation: An empirical anal-
ysis using a novel synthetic benchmark with
controlled violation injection, alongside an
ablation study comparing atomic per-rule val-
idation against holistic batch processing.

• Impact Analysis: Results from a large-scale
production deployment show an 82% accep-
tance rate of errors flagged by the framework.

2 Related Work

Annotation Quality Assurance Traditional
methodologies for maintaining annotation qual-
ity have historically relied on post-hoc evalua-
tions. These include inter-annotator agreement
(IAA) metrics such as Cohen’s Kappa or Krippen-
dorff’s Alpha (Artstein and Poesio, 2008), expert
gold-standard comparisons, and redundant labeling
strategies (Snow et al., 2008). While frameworks
such as active learning (Settles, 2009) and human-
in-the-loop (HITL) systems (Mosqueira-Rey et al.,
2023) have improved data efficiency, they remain
fundamentally reactive, identifying errors only af-
ter a labeling cycle is complete.

LLM-as-a-Judge The emergence of LLMs has
shifted the landscape of evaluation. The "LLM-as-
a-judge" paradigm (Zheng et al., 2023) has demon-
strated that high-parameter models can effectively
validate outputs against complex, structured re-
quirements. Recent work has explored the reli-
ability of these automated judges using techniques

like self-reflection (Ji et al., 2023; Madaan et al.,
2023) and self-consistency (Wang et al., 2023). Our
work builds on these foundations while applying
these techniques to real-time human-in-the-loop
validation rather than static model evaluation.

Constrained Generation and Verification The
task of verifying adherence to Standard Operat-
ing Procedures (SOPs) is a form of constrained
generation. While much literature focuses on de-
coding with constraints (Lu et al., 2020), less focus
is placed on the verification of arbitrary natural
language guidelines. Recent surveys on LLM eval-
uation (Gu et al., 2024) highlight the difficulty of
evaluating "long-tail" subjective constraints. Our
tiered architecture addresses this by matching the
verification method’s complexity to the constraint
type, a strategy rarely explored in existing literature
on data labeling workflows.

3 Methodology

RE-AD is designed to provide annotators with
real-time feedback on complex linguistic con-
straints. The system comprises of two distinct
stages: (1) Constraint Atomization, where un-
structured guidelines are atomized into a machine-
verifiable schema (Sec. 3.1), and (2) Tiered Vali-
dation Architecture, where rules are executed via
a complexity-aware, tiered routing logic (Sec. 3.2).

3.1 Constraint Atomization

The first phase involves converting unstructured
guidelines into a machine-verifiable schema. Build-
ing on recent findings in LLM-based natural lan-
guage understanding (Xie et al., 2024), we employ
a self-reflective decomposition strategy to extract
atomic rules, as illustrated in Figure 2.

To normalize varying client requirements, we
first convert unstructured SOPs (e.g., PDF, DOCX)
into structured Markdown to preserve hierarchical
relationships. Rather than a single-pass extraction,
which is prone to information loss and hallucina-
tion, an LLM agent iteratively identifies candidate
rules. For each candidate, a secondary reflection
step (Ji et al., 2023) verifies atomicity (ensuring
the rule contains only one logical constraint) and
orthogonality (ensuring no semantic overlap with
existing rules). Rules failing these criteria are re-
cursively decomposed or merged. Empirically, we
found the atomization process to be stable, with
less than 5% variance in rule composition across
multiple runs of the same SOP.
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Figure 2: Phase 1: Recursive Constraint Atomization. The pipeline illustrates the offline transformation of
unstructured guidelines into an orthogonal, three-tier rule schema via a self-reflective LLM loop, ensuring each
constraint is atomic and verifiable.

Validated rules are mapped to a three-tier hier-
archy. Table 1 illustrates representative rule-sets
extracted from a conversation generation SOP.

Tier Linguistic Rule / Constraint

Formatting Each message between 20–150 words.
(Tfmt) Exact 10 turns (5 per participant).

Simple No profane words (e.g., “hell”).
(Tsim) First message must include a greeting.

Subjective Professional tone; avoid slang.
(Tsub) Indian context via names/context.

Table 1: Examples of atomic rules extracted from an
industrial SOP using our recursive reflection pipeline.
Rules are categorized into a three-tier complexity hierar-
chy (Tfmt through Tsub) which dictates the downstream
validation strategy: deterministic scripts for Tfmt and
tiered LLM routing for Tsim and Tsub.

3.2 Tiered Validation Architecture

The core of the RE-AD framework is a paral-
lel, complexity-aware validation engine (Figure 3).
Rather than evaluating a submission against a
monolithic prompt, which incurs high latency and
potential “lost-in-the-middle” issues (Liu et al.,
2024), our system executes validation in parallel
across the hierarchy defined in Table 1. This archi-
tecture leverages the strong instruction-following
capabilities of modern LLMs (Ouyang et al., 2022)
to provide granular, per-rule feedback.

Deterministic Routing (Tfmt) Constraints clas-
sified as formatting (e.g., word counts or turn lim-
its) bypass LLM inference entirely. Building on
best practices for hybrid annotation systems (Xie
et al., 2024), we utilize Python-based regex and
string-parsing validators ensuring 100% precision
for structural requirements while reducing the total
token consumption of the validation cycle.

Lightweight Inference (Tsim) For simple lexical
constraints (e.g., keywords or greetings), we route
rules to a high-throughput small-parameter model

(Gemini 3 Flash). These checks rely on zero-shot
prompting, as the model’s primary task is pattern
matching and not deep semantic reasoning.

Reasoning-Heavy Routing (Tsub) Subjective
rules (e.g., tone adherence) are routed to a high-
capacity model (Gemini 3 Pro). To ensure reliabil-
ity in these “gray-area” judgments, we implement
Chain-of-Thought (CoT) prompting, where we
prompt the model to generate a brief rationale be-
fore outputting a binary pass/fail (Wei et al., 2022).

Low-Latency Optimization To meet the require-
ments of a real-time annotation interface, we uti-
lize prefix caching. By caching the system prompt
and the atomized SOP rules, the system only pro-
cesses the newly generated turn in each validation
cycle. This reduces Time-To-First-Token (TTFT)
and maintains a seamless feedback loop for the
human annotator.

4 Evaluation

We evaluate the RE-AD framework through a two-
pronged approach focusing on both controlled ac-
curacy and production-scale utility. First, we de-
scribe the construction of RE-AD-Eval, a synthetic
benchmark designed to quantify validation reliabil-
ity across our three complexity tiers (Tfmt, Tsim,
Tsub) and varying annotator skill levels (Section
4.1). Second, we present a performance analysis
of our tiered routing architecture, including an ab-
lation study that highlights the trade-offs between
validation granularity and system latency (Section
4.2). Finally, we report results from a large-scale
production deployment to measure the framework’s
impact on reducing audit overhead in industrial la-
beling workflows (Section 4.3).

4.1 Synthetic Benchmark: RE-AD-Eval
We construct a synthetic benchmark with known
ground-truth labels to enable controlled evaluation.
The benchmark is generated through a five-stage
pipeline using OpenAI models for synthesis, while
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Figure 3: Phase 2: Tiered Parallel Validation Architecture. The online engine utilizes a prefix caching layer to
minimize latency and routes human input through complexity-aware validators (Tfmt, Tsim, Tsub) in parallel.
Results are aggregated to provide proactive feedback within the annotation interface.

our system uses Gemini models during evaluation
to prevent model bias.

4.1.1 SOP Generation
An LLM generates a 20-rule SOP for a conversa-
tional data collection task, spanning three complex-
ity tiers: formatting (Tfmt, 8 rules), simple (Tsim,
5 rules), and subjective (Tsub, 7 rules). The SOP is
designed to cover diverse rule types representative
of real-world industrial requirements.

4.1.2 Scenario Diversification
To ensure broad conversational coverage and pre-
vent rule evaluation from being confounded with
topic familiarity, we generate diverse scenario tu-
ples. These include varying participant names, set-
tings, and conversational objectives, ensuring the
validator’s performance is tested across heteroge-
neous contexts.

4.1.3 Clean Conversation Generation
For each scenario, we generate a baseline "clean"
conversation that satisfies all 20 rules. These con-
versations serve as the gold-standard foundation
for our controlled violation injection process.

4.1.4 Error Injection with Verify-and-Repair
Three annotator personas (Expert, Intermediate,
Novice) are defined with tier-specific error prob-
abilities: 5–25% for Tfmt, 8–35% for Tsim, and
12–50% for Tsub. Each sample receives exactly
one injected violation to enable precise per-rule
attribution. A verify-and-repair loop (up to 3 itera-
tions) confirms that the intended violation is present
and no extraneous errors were introduced. While
injecting a single violation allows for precise attri-
bution, we acknowledge this is a simplification of
real-world scenarios where annotators may commit
compound or cascading errors. During evaluations,

we check if the errors injected are identified by the
framework.

4.1.5 Hybrid Ground Truth

Ground truth is established via a hybrid strategy:
deterministic code-based checks for Tfmt and inde-
pendent LLM verification for Tsim and Tsub. This
ensures reliable ground truth across both structural
and semantic complexity tiers.

4.2 Results

We conduct a comprehensive performance analy-
sis focusing on accuracy, latency, and the specific
trade-offs inherent in our tiered architecture. We
first report the validation accuracy across different
annotator skill levels and complexity tiers (Section
4.2.1), followed by a qualitative error analysis of
subjective constraints (Section 4.2.2). Finally, we
present an ablation study comparing our tiered par-
allel approach against monolithic batch processing
baselines (Section 4.2.3). All of the metrics are
computed using micro-average across samples.

4.2.1 Validation Accuracy

As reported in Tables 2 and 3, the RE-AD frame-
work demonstrates high reliability across varying
annotator expertise and rule complexities. The sys-
tem maintains a stable F1-score of 0.74–0.77 across
simulated skill levels, indicating that the validation
logic is robust to the types of errors characteristic
of different annotator profiles. Note that the Tfmt

validator used in the benchmark is not the same
script used for ground truth and is re-generated us-
ing an LLM. When disaggregated by complexity
tier, performance remains highest for formatting
constraints (Tfmt F1: 1.000) and degrades grace-
fully as the requirement becomes more semantic
(Tsub F1: 0.551).
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Skill Level Prec. Recall F1

Expert 0.665 0.907 0.767
Intermediate 0.621 0.915 0.740
Novice 0.617 0.913 0.737

Table 2: Validation performance on the RE-AD-Eval
benchmark across simulated annotator skill levels. The
framework maintains a consistent F1-score (∼0.75) de-
spite varying error distributions in the input. This sug-
gests that the validation logic is resilient to fluctuations
in human labeling quality and remains effective for both
expert-level refinement and novice-level intervention.

4.2.2 Error Analysis

Errors within the subjective tier (Tsub) frequently
arise from interpretive ambiguity rather than sys-
temic model failure. Constraints such as “maintain
a professional tone” admit a range of reasonable in-
terpretations. In several cases, the validator’s judg-
ment diverged from the ground truth due to cultural
reasoning or boundary cases where even expert an-
notators often disagree. This mirrors established
findings in the “LLM-as-judge” literature (Zheng
et al., 2023). Consequently, Tsub validations are
best utilized as assistive signals that surface sugges-
tions for human review rather than as automated
rejection gates.

4.2.3 Ablation: Per-Rule vs. Batch

Table 4 compares our parallel per-rule architecture
against monolithic baselines. The per-rule strategy
demonstrates a clear advantage in both efficiency
and structural accuracy. The best batch configu-
ration (Gemini 3 Pro) requires over 16× the wall-
clock time compared to RE-AD (36.8s vs. 2.3s),
rendering it unsuitable for real-time applications.

Furthermore, batch models struggle with Tfmt

constraints, often failing to verify structural counts
within a large context (F1 as low as 0.471). RE-AD
benefits from using deterministic code for these
checks. While batch processing shows a perfor-
mance benefit on Tsim and Tsub tasks, likely due to
interdependencies between the rules, the latency-
to-accuracy trade-off strongly favors the tiered, par-
allelized approach for in-tool assistance. However,
the higher accuracy of Batch models on Tsub (0.612
vs. 0.551) suggests that atomization may strip away
holistic context necessary for some subjective judg-
ments. RE-AD’s higher Total F1 is largely driven
by its superior performance on rote Tfmt tasks.

Rule Tier Prec. Recall F1

Formatting (Tfmt) 1.000 1.000 1.000
Simple (Tsim) 0.908 0.824 0.864
Subjective (Tsub) 0.402 0.876 0.551

Table 3: System accuracy disaggregated by complex-
ity tier. The results quantify a clear “gradient of re-
liability”: deterministic formatting constraints (Tfmt)
are at human-level parity, while subjective semantic as-
sessments (Tsub) exhibit expected degradation. This
variance is driven by inherent linguistic ambiguity and
highlights the role of the system as an assistive signal
for gray-area requirements.

4.3 Production Deployment

To evaluate the practical utility of our framework
beyond controlled benchmarks, we integrated RE-
AD into a high-volume industrial labeling work-
flow. This section reports the operational impact
observed during a month-long deployment, focus-
ing on the reduction of post-labeling audit overhead
and the framework’s viability for real-time human-
in-the-loop assistance.

Over a month-long deployment period, the per-
rule variant resulted in annotators accepting and
fixing 82% of the errors flagged by the framework.
The other 18% were false positives that were dis-
missed by the human annotators. This significant
operational impact confirms that proactive, real-
time feedback effectively mitigates requirement
drift and reduces the total overhead of reactive hu-
man auditing. This rate likely reflects a combina-
tion of the tool’s utility, the natural learning curve
of the annotators, and concurrent UI optimizations.
To prevent alert fatigue, especially given Tsub’s low
precision, these flags are presented as non-blocking
suggestions rather than mandatory gates. At the
same time, we see scope for future improvement.

5 Discussion and Conclusion

Our results quantify a clear gradient of reliabil-
ity across the complexity tiers: while the system
reaches human parity on formatting constraints ,
performance degrades on subjective assessments .
This divergence is consistent with broader findings
in the LLM-as-judge literature regarding the diffi-
culty of evaluating open-ended semantic properties
(Zheng et al., 2023; Zhang et al., 2023).

The comparison between per-rule and batch eval-
uation highlights a critical trade-off: granularity
vs. context. Isolated evaluation (per-rule) prevents
“lost-in-the-middle” performance degradation and
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Configuration p50 Latency(s) Total F1 Fmt F1 Sim F1 Subj F1

RE-AD (3-Flash + 3-Pro) 2.278 0.749 1.000 0.864 0.551

Batch (3-Flash) 5.823 0.628 0.471 0.890 0.590
Batch (3-Pro) 36.853 0.742 0.756 0.892 0.612

Table 4: Ablation analysis comparing our proposed parallel per-rule architecture (RE-AD) against monolithic batch
processing. RE-AD provides an order-of-magnitude reduction in median latency while ensuring structural accuracy.
Notably, while batch models leverage holistic context for slight gains in Tsub accuracy, they suffer from significant
“lost-in-the-middle” degradation on formatting tasks.

enables precise error feedback, which is vital for
Simple (Tsim) checks. However, subjective judg-
ments (Tsub) appear to benefit from the holistic
context provided in batch mode, suggesting that
reasoning-heavy rules are inherently non-atomic.

In this work, we introduced RE-AD, a frame-
work for real-time linguistic constraint adherence.
By atomizing guidelines and deploying a tiered
validation engine, we achieved significant opera-
tional impact, with an 82% acceptance and fix rate
for flagged errors. We hypothesize that this high
acceptance rate is a result of the framework’s real-
time performance; with a median latency of 2.3s.
The system provides feedback while the annota-
tor is engaged, preventing requirement drift before
the data reaches post-hoc auditing. While tested on
English conversations, our three-tier taxonomy (for-
matting, simple-lexical, and subjective-semantic)
is designed to be universal across specialized do-
mains like medicine or law, which share similar
hierarchical guideline structures.

Limitations

RE-AD demonstrates significant operational util-
ity, though several limitations remain. Our eval-
uation is currently restricted to English-language
tasks; the generalizability of our complexity tiers
to morphologically rich or low-resource languages
remains to be tested.Further research is also re-
quired to assess RE-AD’s robustness in noisy, mul-
tilingual, or domain-shifted workflows where the
‘ground truth’ of an SOP may be more fluid. While
RE-AD enables controlled experimentation, it may
not capture the full range of stochastic or edge-case
errors committed by human annotators in the wild.

The significant performance degradation for
Tsub achieving an F1 of 0.551 underscores the in-
herent difficulty in automating the validation of
subjective linguistic requirements like tone and cul-
tural nuance. Finally, our reported 82% acceptance
rate in quality audits is an operational estimate

from a production environment. We acknowledge
that confounding variables such as concurrent UI
improvements, the natural learning curve of the
annotator pool, and shifts in project complexity
may contribute to this observed rate. Future studies
are required to isolate the specific causal impact of
real-time feedback on long-term data quality.

Ethics Statement

RE-AD involves the use of LLMs to assist in the
quality assurance of human-annotated data. We
identify three primary ethical considerations:

Impact on Human Annotators Our primary
goal is to transition quality assurance from a reac-
tive, punitive audit model to a proactive, assistive
one. While our results show an 82% acceptance
rate, we emphasize that the framework is designed
to augment human expertise, not to replace human
labor. The assistive loop is intended to reduce the
cumulative cognitive load associated with intensive
post-hoc data correction cycles.

Data Privacy and Security The production
data utilized for impact analysis (Sec. 4.3) was
anonymized to remove all Personally Identifiable
Information (PII) before being processed by LLM
validators. Our framework utilizes enterprise-grade
API endpoints with strict data-retention policies to
ensure that proprietary client guidelines and anno-
tator submissions remain secure.

Synthetic Data and Bias The benchmarking
data was synthetically generated. We acknowledge
that LLMs may carry inherent biases related to
cultural norms, tone, and linguistic variety. To
mitigate this, our three-tier complexity hierarchy
includes a specific “Subjective” tier where human
review is prioritized. We explicitly categorize Tsub

judgments as assistive signals rather than auto-
mated gates to ensure the system remains a guide
rather than a definitive arbiter of linguistic nuance.
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