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Abstract

We are witnessing an emerging paradigm shift
in which the adoption of large language mod-
els (LLMs) has increased significantly across
high-stakes, standards-driven industries, par-
ticularly in engineering, healthcare, education,
and law. In line with EMNLP 2026’s theme
of "New Missions for NLP Research”, this po-
sition paper aims to initiate civil discussion
on how the use of LLMs is shaping the future
of standard compliance and introduces stan-
dard alignment, a targeted research direction
towards making LLMs verifiably comply with
domain standards. To support the discussion,
we propose the CRITICALITY AND COMPLI-
ANCE CAPABILITIES FRAMEWORK (C3F) to
assess the criticality levels of various standards
and pair them with the current compliance ca-
pabilities of state-of-the-art LLMs as evidenced
by the literature. Finally, we argue that advanc-
ing standard alignment is key to ensuring safe
and trustworthy integration of LLMs across
standards-driven industries.

1 Introduction

The industries of the modern world rely on system-
atic processes for the efficient production of goods
and services guided through standards. Accord-
ing to the International Organization for Standard-
ization (ISO)!, standards refer to a general form
of document-form specifications, rules, and guide-
lines specialized across various domains and sec-
tors such as healthcare, education, engineering, law,
sciences, security, and defense. For example, in
the aviation and aerospace industries, any techni-
cal instruction manual produced must conform to
recognized constrained language standards such as
ASD-STE100 Simplified Technical English (STE)?
developed and maintained by the Aerospace, Secu-
rity and Defence Industry Association of Europe

"https://www.iso.org/standards.html
Zhttps://www.asd-ste100.org/
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Figure 1: We describe an emerging paradigm shift
where LLMs are being explored to assist with compli-
ance tasks. By advancing standard alignment research,
we anticipate strengthened compliance capabilities in
parallel with the increased safe and trustworthy integra-
tion of LLMs across standards-driven industries.

(ASD, formerly AECMA). In the education do-
main, teachers in charge of developing curriculum
materials must follow standards such as the Com-
mon European Framework of Reference for Lan-
guages (CEFR)? in Europe to produce high-quality
classroom content.

At its core, standards are typically composed of
carefully defined technical specifications for mea-
surements and design that can be used to validate
regulatory and operational compliance (ASTM In-
ternational, 2025). In recent years, experts, prac-
titioners, and users across various domains and
sectors have shown interest in adopting LLMs due
to their capabilities, including the ability to fol-
low complex instructions and generate human-like
writing. For example, a survey by the Department
for Education revealed that 62% of primary and
secondary teachers in the UK have reported using
LLM-based tools to help create new educational
content and lessons for classroom use (Department

3https://www.coe.int/en/web/common—european—f
ramework-reference-languages
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for Education, 2024). Complementary to this, re-
cent studies on controlled text generation show
that commercial and open-weight LLMs such as
Llama2 (Touvron et al., 2023) and GPT-4 (Achiam
et al., 2023) can be systematically steered with
prompts to produce high-quality content and ob-
tain high expert human evaluations (Imperial et al.,
2024; Malik et al., 2024). Collectively, we see these
shifts as a promising research direction, which we
refer to as standard alignment, in which the goal
is to train LLMs to learn to comply with standards
and their constraints when performing tasks.

In this paper, we analyze a changing landscape—
a paradigm shift—in regulatory and operational
compliance through standards. We present case
studies from various sectors that support the
paradigm shift, including healthcare, education,
safety, finance, and engineering. To further the dis-
cussions on how we approach standard alignment,
we introduce C3F, a joint high-level CRITICALITY
AND COMPLIANCE CAPABILITIES FRAMEWORK
for assessing the criticality levels of 30 diverse
standards used across various sectors and domains,
as well as the current compliance capabilities of
14 general and specialized state-of-the-art LLMs.
In summary, we take the following position that
advancing standard alignment research is key to
ensuring safe and trustworthy integration of LLMs
in standard-driven industries.

2 The Standard Operational Compliance
Landscape

To set the stage, we discuss preliminary informa-
tion covering the common definitions and processes
comprising standard development, including the en-
tities involved in their conception and their various
purposes.

2.1 Defining A Standard

Standards are established to provide specifications
in natural language for measuring quality and proof
of compliance with regulations. In line with this,
we consider standards to be expert-defined docu-
ments that specify measurable requirements and
regulatory orders for compliance by users, indus-
tries, and organizations (Demortain, 2008).

To accommodate the diverse and overlapping no-
tions of standards, this paper does not limit the
scope of standards to those created by interna-
tional and regional standard-developing organiza-
tions (SDOs), such as ISO, IEEE, ETSI, or NIST.

Regulation
and Laws

Directives and
Ordinances

Industry and

Academic
Expert Groups

Scope

Figure 2: The general process and anatomy of a stan-
dard. Standards can be created either by government and
regulatory bodies as a product of legislation or through
industry associations and academic expert groups to
ensure interoperability and quality of systems and pro-
cesses.

We also include formally documented rules coined
under related terms like frameworks, guidelines,
policies, constitutions, and checklists, which are
often used in interdisciplinary domains as forms
of standards themselves since they observe an ob-
jectively similar nature and usage. In summary, to
unify the overlapping characteristics, a documented
set of guidelines can be considered a standard if it
conforms to the following:

1. Anatomy: Standards are composed of well-
defined specifications and procedures docu-
menting measurable requirements for a given
product or process.

2. Purpose: Standards serve specific purposes
for various domains and sectors, such as intro-
ducing a formal language of communication,
ensuring compatibility checks, enforcing a list
of rules, and assuring compliance with policies
or regulations.

3. Recognition: Standards are developed and rec-
ognized by members and constituents of a pri-
vate or public domain, sector, organization, or
regulatory body.

2.2 Standards as Co-Regulation and
Co-Integration Tools

A standard may be developed publicly or privately
through government initiatives, regulatory bodies,
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unions, organizations, private industries, or expert
groups. In legislation, a standard may be paired
with specific laws as a co-regulation tool that, if
successfully met, can serve as compliance with
related state or nationwide jurisdictions (Pouget
and Zuhdi, 2024). These are often called regula-
tory standards, where an example includes the
well-known ISO/IEC 27001:2022, which defines
measures for Personally Identifiable Information
(PII) controllers and processors to implement an
information security management system (ISMS)
in response to the EU General Data Protection Reg-
ulation (GDPR) on data privacy and protection
(ISO/IEC 27001:2022). A hierarchical visualiza-
tion of standard development is shown in Figure 2.

On the other hand, standards developed through
non-legislative initiatives can serve as a co-
integration tool which focuses on organization-
or community-wide interoperability and harmo-
nization of systems and processes. These are often
known as content-based standards that specify
measurable properties of artifacts for consistency.
A well-known example is the Web Standards devel-
oped by the World Wide Web Consortium (W3C)*,
which maintains all technical specifications, guide-
lines, and protocols for web-based technologies,
including HTML.

3 Paradigm Shift with Large Language
Models

A paradigm shift occurs when a dominant stan-
dard practice becomes incompatible due to some
emerging technological phenomena, facilitating the
adoption of new forms of conceptualization and
practices (Kuhn, 1970; Tapscott and Caston, 1994).
In this paper, the emerging paradigm shift we exam-
ine centers on how experts, practitioners, and users
actively explore ways to integrate standard speci-
fications into LLMs to support compliance-based
tasks. We encapsulate this projection in Figure 1.

3.1 Shift in Standard Conformity Assessment

We highlight notable works across various domains
in automating standard conformity or compliance
assessment with LL.Ms below:

Data Privacy Regulations. Regulations for pro-
tecting private and personal information, such as
the General Data Protection Regulation (GDPR)
(Regulation, 2016) for the EU and the Health Insur-
ance Portability and Accountability Act (HIPAA)

*https://www.w3.org/standards/

(Act, 1996) for the US, have served as references
for automating compliance checks using LLMs.
Recent works, such as PRTs (Imperial and Mad-
abushi, 2025), GoldCoin (Fan et al., 2024) and
PrivaCI-Bench (Li et al., 2025a), have evaluated
a number of LLMs, including Llama2, DeepSeek-
R1, and GPT-4, for privacy violation classification,
using HIPAA as a reference. Likewise, Zoubi et al.
(2024) and Zhu et al. (2024) introduced PrivT5 and
LegiLLM, new specialized finetuned models trained
on compilations of GDPR-related legal content and
reported state-of-the-art performance on tasks in-
cluding agreement validation and clause retrieval.

Financial and Accounting Report Standards.
The International Financial Reporting Standards
(IFRS) provide a standardized method for evalu-
ating a company’s financial performance, ensur-
ing compliance with national and international
regulations (Posner, 2010). The work of Berger
et al. (2023) in collaboration with PwC Germany
reported the effectiveness of GPT-4 for compli-
ance validation of text sections from financial re-
ports concerning IFRS and Germany’s Handels-
gesetzbuch or Commercial Code (HGB) through
template-based prompting, while noting the need
for a major improvement in robustness before de-
ploying to real-world scenarios.

Operational Design Standards for Driving Au-
tonomous Systems. Beyond text-only applica-
tions, LLMs have also been explored and have
shown promising results for compliance assess-
ment in vision-language settings. Hildebrandt et al.
(2024) examined the use of OpenAl’s ChatGPT-4V
(OpenAl, 2023) and Vicuna (Chiang et al., 2023) in-
tegration to check the compliance of compiled sen-
sor image data from self-driving cars with respect
to Operational Design Domains (ODDs). ODDs
are documented standards provided by manufac-
turers (e.g., Tesla or GMC) that describe specific
conditions under which a self-driving car may op-
erate safely and within its designed function.

3.2 Shift in Standard-Aligned Generation

We highlight previous studies that focused on im-
proving LLMs’ capabilities to generate content that
conforms to the standards automatically:

Education and Language Proficiency Frame-
works. Content-based standards serve as a me-
ter to ensure that classroom resources, such as
reading and activity books, meet specific research-
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based quality criteria (La Marca et al., 2000; Sadler,
2017). Content standards such as the Common Eu-
ropean Framework of Reference for Languages
(CEFR) are among the most widely used resources
for automatic educational content generation using
LLMs. The combined recent works of Imperial
et al. (2024), Malik et al. (2024), and Glandorf and
Meurers (2024) have all explored a wide range of
LLMs, including Llama, GPT-4, and Mistral, using
specifications from CEFR in prompts to steer for
desired granularities, including target complexity,
grammar rules, structure, and levels of meaning.
Experts in language testing using CEFR have also
favored how GPT-4 can achieve a certain level of
completeness, fluency, and coherence in generated
texts (Imperial et al., 2024).

Medical Reporting and Appraisal Standards.
Checklists and reporting standards drive high-
quality documentation and appraisal in the medical
literature. Sanmarchi et al. (2024) explored Chat-
GPT’s capabilities to reformulate the STROBE
checklist and analyze epidemiological studies on
COVID-19 vaccinations across 68 countries. The
results supported ChatGPT’s potential as an assis-
tant in setting up epidemiological observational
research, but cautioned against its tendency to
produce inconsistent responses when analyzing
methods. Likewise, Muluk (2024) used Chat-
GPT to customize checklists for managing patient-
specific musculoskeletal injections that conform
to the METRICS standard, thereby supporting the
model’s potential to streamline easily verifiable
tasks in clinical practice.

Industry Safety Policies. Recent work has ex-
plored integrating industry safety policies into
LLM:s to improve their ability to generate content
that adheres to these specifications. Examples of
these include Anthropic’s Constitutional Al (Bai
et al., 2022), OpenAI’s Deliberative Alignment
(Guan et al., 2024), and Cos-Align (Zhang et al.,
2024). For these methods, LLMs are optimized to
interpret the company’s safety specifications and
reason over them when responding to potentially
harmful prompts. One advantage of OpenAI’s De-
liberative Alignment method is that its models have
been optimized to identify which policy specifica-
tions are relevant to produce a safe and compliant
response, rather than reviewing the full policy at
every iteration.

4 Opportunities with Standard
Alignment Research

We provide an in-depth discussion of the technical
advantages that make standard alignment a promis-
ing research direction.

Standard Alignment Can Improve Oversight,
Transparency, and Auditing In high-stakes do-
mains, human oversight of Al-based systems or
interfaces is crucial for transparency, auditing, and
governance (Kolt, 2025; Bowman et al., 2022; Ken-
ton et al., 2024), and is now a major requirement
for high-risk systems by recent Al regulations, such
as the EU AI Act (European Parliament and Coun-
cil, 2024). To address this, standard alignment can
be viewed as another form of practical oversight
method where users can control how LLMs pro-
duce outputs by updating the specifications of stan-
dards, and being able to trace back deviations. This
feature is extremely valuable in areas such as bias
mitigation (Gallegos et al., 2024), fairness evalua-
tions (Teo et al., 2024), and domain-specific tasks
related to healthcare, finance, and legal decision-
making (Bowman et al., 2022; Meské and Topol,
2023; Mokander et al., 2023).

Standard Alignment Can Strengthen User Trust
Building user trust is considered one of the most
elusive challenges in the design of Al-based sys-
tems (Riegelsberger et al., 2005; Kizilcec, 2016;
Schmidt et al., 2020). Bridging the same rules
that domain experts follow to control LLMs can
potentially enhance process-based user trust. For
example, a medical expert may feel much more
confident in using a specialized open model like
Meditron (Chen et al., 2023) to complete or as-
sist with their tasks, simply by knowing that the
model has undergone training on massive collec-
tions of clinical guidelines and medical papers with
which the expert is familiar. This level of trans-
parency, provided to domain experts, can be highly
beneficial for earning and strengthening user trust
(Kizilcec, 2016).

Standard Alignment Can Reduce Risk of LLM
Inaccuracies The results of the State of Al in
2024 by McKinsey revealed that inaccuracy—the
tendency of LLLMs to produce factually incorrect
and unexpected results— is one of the highest risk
factors hindering adoption across major organiza-
tions and industries. Such risks can cause a domino
effect, including losing user trust, causing harm,
and financial losses for consumers and businesses
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if not properly mitigated and controlled (McKinsey
& Company, 2024). Thus, the standard alignment
of LLMs can contribute to reducing inaccuracies
by pairing it with architectural enhancements such
as scaling and finetuning with massive collections
of domain-specific data to improve domain knowl-
edge, as evidenced in previous works on education
(Imperial and Tayyar Madabushi, 2023; Imperial
et al., 2024), legal (Zhu et al., 2024; Fan et al.,
2024), and medicine (Chen et al., 2023).

5 CRITICALITY AND COMPLIANCE
CAPABILITIES FRAMEWORK (C3F)

The level of compliance requirements varies by
standard and depends on its purpose and scope.
For example, coding standards such as Python En-
hancement Proposals (PEP) are less sensitive and
critical than healthcare standards like the HIPAA
Privacy Rule. Thus, for experts, practitioners, and
users exploring the use of LLMs as assistants for
compliance-based tasks, it is crucial to understand
both the documented capabilities of the LLMs and
the level of criticality in standard compliance they
use as a benchmark for success or failure.

To address this challenge, we propose C3F, a
joint high-level CRITICALITY AND COMPLIANCE
CAPABILITIES FRAMEWORK in Figure 3, which
aims to provide guidance in categorizing the cur-
rent compliance capabilities of modern LLMs in
standard alignment as well as assess the different
levels of criticality of standards across domains and
sectors.

5.1 Assessment of Compliance Capabilities

We define as an aggre-
gation of a model’s documented capabilities for
compliance-based tasks across various publications
and recognition from the NLP and interdisciplinary
communities. These capabilities can range from
producing standard-compliant outputs based on
simple to complex instruction-following to general-
izing domain knowledge and producing reasoning
steps to justify decisions. For C3F, we propose a
high-level, four-stage assessment scheme to mea-
sure an LLM’s compliance capabilities in an in-
creasing linear fashion, as shown in Figure 3. We
draw motivation on this particular skill assessment
of LLMs from previous works such as Morris et al.
(2024) for levels of general intelligence and Eiras
et al. (2024) for risks and openness.

We anchor each level on documented evidence

from the literature. For the Baseline , we consider
general off-the-shelf LLMs that can apply explic-
itly provided specifications from established stan-
dards such as coding conventions and checklists
(Siddiq et al., 2023; Sanmarchi et al., 2024). LLMs
classified as Specialized are those that have been
domain-adapted through finetuning on standard or
regulatory data, or through tool augmentation, al-
lowing them to outperform their base variants on
the domain’s compliance tasks, such as clinical
guide conformity (Chen et al., 2023) and privacy vi-
olation detection (Fan et al., 2024; Hu et al., 2025).
For Advanced , we consider LLMs that perform
comparably with domain experts and can justify
which specifications apply when queried, as docu-
mented for frontier LLMs that reason over standard
and policy clauses and follow complex domain in-
structions (Imperial and Madabushi, 2025, 2026).
Lastly, we consider [ Adaptive as the final level an
LLM can obtain, which should generalize compli-
ance across multiple domains and adapt to evolving
or previously unseen standards without retraining.
No existing LLM is currently classified at this level,
but we nonetheless retain this level to situate future
progress rather than to assert an empirical threshold
(Morris et al., 2024).

5.2 Assessment of Criticality Levels

We define the of standards as a
measure of their task-based sensitivity, which can
be determined by the allowable margin of error
for a hypothetical LLM assisting with standard
compliance tasks. We also propose a similar high-
level four-stage assessment scheme illustrating the
reduction of allowable errors as the criticality of
standards increases, as shown in Figure 3.

In assessing the criticality of standards, we
should consider two variables: the consequences of
harm and the scale of harm. The former describes
the level of potential damage that non-compliance
with standards can cause, while the latter consid-
ers the number of people who might be harmed by
an error resulting from non-compliance (Al Atassi
et al., 2024). For example, an error in a patient-
facing scenario in healthcare, due to the misinter-
pretation of a standard guideline, might endanger
one person. In contrast, an error in a nuclear energy
scenario might endanger or kill thousands. Both
can potentially lead to death, but the scale varies
between the two.

In considering these two variables with Fig-
ure 3, Minimal standards are the least sensitive,
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An LLM's documented
capability for standard
compliance tasks (e.g.,
interpreting specifications,
assessing conformity, and
generating standard-
aligned outputs) from
existing research and
literature.

Applies instructions and
interprets well-documented
specifications from
standards (e.g., code
documentation) for general
compliance tasks.

Generic domain knowledge
is learned from pretraining
and postraining.

Domain-adapted to
outperform its base model on
a specific domain's
compliance tasks (e.g.,
clause retrieval or standard-
aligned text generation) but
remain bounded to that
domain.

Moderate level of domain
knowledge is evident based
on domain-specific
benchmark performances.

Functions comparably to
experts for domain-specific
tasks, handles complex
standards compliance-
related tasks with low error
rates, and can justify
reasoning and actions for
auditing.

High level of multiple domain
knowledge is evident.

| (low) Domain Knowledge Dependency (high)
| (low) Model Development Complexity (high)
]
Compliance Baseline Specialized Advanced Adaptive i

Generalizes compliance to
standards across multiple
domains and can dynamically
adapt to evolving standards
without additional retraining.
Can reliably match experts'
performance on diverse
compliance-related tasks.

Generalization of multiple
expert-level domain knowledge
is evident.

The permissible error level
for an LLM when assisting
with tasks involving
standard compliance,
assuming human oversight

For low-risk standards
compliance tasks where
errors have minimal
negligible impact or
inconvenience. Suitable for

For compliance-related tasks
requiring some level of
reasonable accuracy, but with
manageable risks if errors
occur, that human experts

For tasks requiring high
precision where non-
compliance may pose
significant potential
consequences.

Human expert validation is
required including

Ew) Ideal Margin of Error (zero)
|
| (occasional) Dependence on Human Expert Oversight (requii
]
Criticality Minimal Moderate High Extreme 4

For compliance tasks with no
margin for error due to
potentially catastrophic
outcomes. Requires absolute
compliance accuracy with no
tolerance for deviations.
Mandates multiple layers of

ﬂ

is available. recommendatory, can easily identify and
exploratory, and/or correct.
N sandboxed applications.

documentation of compliance |human expert verification and
decisions made for auditing. |extensive audit trails

Figure 3: The CRITICALITY AND COMPLIANCE CAPABILITIES FRAMEWORK (C3F). We introduce a joint
high-level framework as a guide for assessing current state-of-the-art general and specialized LLMs based on their

(Top) documented
as (Bottom) the estimated

in assessing compliance with standards from previous literature, as well
of standards from domains and sectors based on the permissible error

level an LLM can commit and the potential consequences in the case of non-compliance.

where non-compliance has low-impact risks and
can be detected with rule-based checkers. For
Moderate , there may be some manageable risks
with non-compliance that domain experts can read-
ily identify and correct. Standards classified
as High now require high accuracy and expert
validation, with properly documented decisions,
since non-compliance may pose significant conse-
quences. Examples in this category include com-
pliance with data privacy and protection laws such
as GDPR and HIPAA. Lastly, the highest critical-
ity level a standard can be assigned is |[Extreme ,
reserved for standards where no margin of error is
allowed and non-compliance may result in catas-
trophic, potentially irreversible consequences. This
includes standards under the chemical, biological,
radiological, and nuclear (CBRN) umbrella and the
IAEA safety standards, an area already drawing
preliminary LLM research (de Costa et al., 2024;
Hirata et al., 2024).

5.3 Intended Users and Application

Our intention in developing C3F is to treat it as
a pre-deployment decision framework for domain
experts, practitioners, researchers, and regulated
entities who are interested in using LLMs to auto-
mate tasks that require compliance with standards
based on their criticality and sensitivity. C3F aims
to help users decide which candidate LLMs they
have as options, how performant they are on spe-
cific tasks, and the extent of human oversight they
require, based on documented findings from the
existing literature. The decision support judgment
from using C3F can span throughout the whole
LLM integration stack, including model develop-
ment, evaluation, pre- and post-deployment, and
governance as needed.

6 Case Studies

We demonstrate the application of C3F to assess
LLMs’ compliance capabilities and the criticality
of standards. We note that these are high-level,
illustrative judgments of how C3F can be applied
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MODEL FAMILY DOMAIN OPENNESS COMPLIANCE EVIDENCE
GEMINI SERIES (3, 2.5) General Commercial Advanced Cui et al. (2025); Wang et al.
(2026); Marino et al. (2025)
O-SERIES (03, 04-MINI) General Commercial Advanced Guan et al. (2024); Li et al.
(2025b)
GPT SERIES (5, 40) General Commercial Advanced Albuquerque and Gomes
Dos Santos (2024); Roberts et al.
(2023); Zeng et al. (2025); Wang
and Chen (2026)
DEEPSEEK SERIES (V3.1,R1)  General Open Weight Advanced Guo et al. (2025); Li et al.
(2025a); Wang et al. (2026)
CLAUDE SERIES (OPUS 5, General Commercial Advanced Bai et al. (2022); Zeng et al.
SONNET 4.5) (2025); Marino et al. (2025)
MEDITRON 70B Healthcare Open Code Specialized Chen et al. (2023); Fast et al.
(2024); Li et al. (2025b)
GOLDCOIN-LLAMA Healthcare, Open Code Specialized Fan et al. (2024)
Legal
SAULLM 54B Legal Open Code Specialized Colombo et al. (2024); Marino
et al. (2025)
STANDARDIZE-LLAMA Education Open Code Specialized Imperial et al. (2024)
FOUNDATION-SEC-8B Cybersecurity Open Weight Specialized Kassianik et al. (2025)
LLAMA SERIES (4, 3.3) General Open Weight Baseline Touvron et al. (2023); Berger
et al. (2023); Wen et al. (2024)
GEMMA SERIES (3, 2) General Open Weight Baseline Fan et al. (2026); Cui et al.
(2025); Fast et al. (2024)
MISTRAL SERIES (3, LARGE) General Commercial Baseline Jiang et al. (2023); Fan et al.
(2024); Zeng et al. (2025)
QWEN SERIES (3, 2.5) General Open Weight Baseline Li et al. (2025a); Fan et al.

(2026); Wen et al. (2024)

Table 1: We used the

component of C3F in Figure 3 to assess the 14 models and model

families. We also include information on the domains they are specialized in, accessibility, and supporting evidence
of their respective compliance capabilities from the literature. Note that the models and their current compliance
capability labels in this table serve as our illustrative, non-exhaustive judgments and can be extended or reassessed

as supporting literature is released.

to assess LLLMs and standards, based on evidence
from existing work, but should not be taken as
absolute, validated measurements of compliance.

6.1 Non-Specialist Assessment of Globally
Recognized LL.Ms and Standards

We assess 14 globally recognized frontier and
specialized LLMs. We classify all top-of-the-
line frontier LLM families (e.g., Gemini, GPT,
Claude, DeepSeek) in the 'Advanced category due
to their high performance on general and domain-
specific LLM benchmarks, which often trans-
lates to substantially strong performance in com-
plex compliance-related tasks supported as demon-
strated in literature (Hui et al., 2026; Marino et al.,
2025; Zeng et al., 2025; Yao et al., 2025; Im-
perial and Madabushi, 2025). LLMs under the
Specialized category are often developed and re-

leased by academic stakeholders or in collabora-
tion with sector-specific industries. These LLMs
often exhibit significantly improved performance
across domain-specific tasks due to additional fine-
tuning or optimization with domain-specific data
(e.g., massive legal data used by Colombo et al.
(2024) for instruction-tuning SaulLM-54B) using
LLMs from the Baseline category. We report the
long table of annotated models in Table 1.

On the standards side, we used the standard crit-
icality level component of C3F to evaluate 15
non-specialist standards, guidelines, and frame-
works across coding, media, and software tech-
nology. We consider these standards to be non-
specialist in this paper’s context, given that they
are generally known to the public and frequently
applied in low-stakes scenarios (e.g., developing a
website that meets Section 508 accessibility stan-
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dards) without major serious consequences for non-
compliance. Our assessments for these standards
are based solely on the tasks for which they are fre-
quently used, such as content creation, documenta-
tion enhancements, and compatibility checks, and
do not apply to specific edge cases. We report the
long table of annotated standards in Table 2.

6.2 Specialist Assessment of Healthcare and
Pharmaceutical Standards

We asked one of the authors of this work, a pharma-
cist and researcher in medication safety and clinical
guidelines design in the Department of Life Sci-
ences at the University of Bath, UK, to provide
a preliminary expert-level assessment of the criti-
cality of the standards used and recognized in the
healthcare and pharmaceutical industries. The ex-
pert agreed with the purpose of the two criticality
variables mentioned previously in Section 5 which
are consequences of harm and the scale of harm,
and considered this in their evaluation.

We report the 15 specialist high-stakes standards
classified by the expert in Table 3 in the Appendix.
From the result, we observe that the majority of
healthcare-related standards and guidelines fall
into the High category, emphasizing the signifi-
cant criticality and high level of oversight required
when using them while two were only classified as

Moderate , as they are only checklist-based stan-
dards used in quality assessment. Aside from the
evaluation, we also requested that the expert pro-
vide verbatim feedback on the practical utility of
C3F. We highlight the actual feedback below:

“Currently, there is a lot of interest and unstandardised
research in the processing and provision of various types
of healthcare information with Al As this is not an area
of expertise for most healthcare professionals, a frame-
work such as C3F is potentially very useful. It allows
healthcare professionals to link their assessment of crit-
icality to Al experts’ assessments of compliance. This
will support the selection of an appropriate model and
workflow for each application and help to standardise
the development of this new field.”

— Pharmacist and Medication Safety Researcher

Overall, we view this assessment and feedback
as strong support for our position and the usability
of C3F in setting a precedent for discussing how
LLMs can be applied in standards-driven domains,
particularly in the healthcare and pharmaceutical
industries and beyond.

7 Risks, Responsibilities, and
Recommendations

We outline the potential risks and key responsibili-
ties of each stakeholder group and provide recom-
mendations that align with evolving practices in
regulatory and operational compliance.

For Government and Regulatory Bodies Reg-
ulations established by governing bodies can be
considered one of the major drivers of standard
development (see Section 2). However, two of the
main concerns with regulations are the risk of rigid
standardization, which may compromise innova-
tion efforts and hinder or slow down the beneficial
applications of Al (Aghion et al., 2023), and the
risk of regulatory gaps due to vague stipulations
and the unrealistic technical feasibility of legisla-
tion (Pouget, 2023). To address these, we recom-
mend periodic regulatory and policy adaptation to
revisit existing regulations and critically discuss
how the evolving capabilities and roles of LLMs
impact compliance practices with these regulations.
Likewise, legislation aimed at developing a uni-
fied meta-standard can also be enacted to assist
professional regulatory bodies in effectively updat-
ing their professional guidelines for specific work-
forces that will experience significant job augmen-
tations with the use of LLMs (e.g., physicians now
using LLMs to support clinical decision-making),
to uphold ethical principles and ensure human over-
sight (Hashem et al., 2024).

For Standard-Developing Orgs, Industry, and
Academic Expert Groups Rethinking the con-
ventional standard development process (see Fig-
ure 2) due to the shift in compliance practices with
LLMs might be a major but necessary step for
SDOs, industry associations, and academic expert
groups. This is important to prevent the regulatory
authority of technical standards from the risk of
being uninformative for users wanting clear guide-
lines for standard compliance amid the progress of
LLMs. We recommend establishing a dedicated
committee responsible for updating and initiating
maintenance revisions of existing published stan-
dards. These domain-specific committees may con-
duct their own studies and collaborate with other
stakeholders to closely monitor current practices,
available tools, and acknowledge limitations in
using LL.Ms for standard compliance (Manheim
et al., 2024). Similarly, to boost advancements in
LLMs research with standard compliance, we rec-
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ommend open-sourcing machine-readable format
of standards along with producing gold-standard
compliant exemplars for the research community.

For LLM Researchers and Model Developers
As more LLMs are used in critical high-risk do-
mains such as healthcare or law, model explain-
ability and interpretability will be an important
research direction. Increased scientific works in
these areas are crucial to reduce the risk of eroding
trust among domain users who will use this tech-
nology. Thus, we recommend using standard com-
pliance as an impactful case study of explaining the
black-box nature of LLMs. Since standards can be
considered as co-regulation tools, developing novel
approaches such as automatic audit trail genera-
tion for decisions made by standard-aligned LLMs
and providing human-readable explanations is vital
for their wider interdisciplinary and multi-sectoral
adoption (Kolt, 2025; Mokander et al., 2023; Song
and Shmatikov, 2019).

For Regulated Entities, Practitioners, and Users
The final stakeholder group that will arguably ex-
perience the most significant impact from LLMs
is the regulated entities, experts, practitioners, and
users. Our most important recommendation is to
practice and uphold the highest form of responsi-
bility and accountability in using LLMs to comply
with regulatory and operational requirements in
standards (Coeckelbergh, 2020). To reduce the risk
of misuse and over-reliance, we also recommend
that users build a solid, domain-specific foundation
of Al literacy, which is expected from an ideal do-
main expert who acknowledges both advantages
and disadvantages of available technical resources
used in their domain.

8 Alternative Views

While we emphasized and supported our position
in the previous sections, we present two alternative
views to foster a healthy discussion of the ideas in
this paper.

Standard Alignment Is Just Safety Alignment.
An alternative view to our position is that standard
alignment is a subset of the general safety align-
ment research. While this is a reasonable framing,
conceptually, we consider safety alignment a spe-
cial case of standard alignment, focusing on align-
ing models to develop-created Al constitutions and
specifications. Standard alignment, on the other

hand, generalizes to externally authored, version-
controlled, and domain-specific specifications such
as CEFR for education, IFRS for accounting, and
STROBE for healthcare. We emphasize that treat-
ing standards as the broader category is more appro-
priate for the research direction we advocate. Like-
wise, standard alignment can be viewed as part of
the effort to align Al systems with legal and norma-
tive frameworks (Kolt et al., 2026; O’Keefe et al.,
2025). Likewise, collapsing these multi-sectoral
standards into a single “safety” problem risks dis-
solving domain-specific context and erasing the
role of external domain experts who author and
maintain these standards.

High-Stakes Standard Compliance Should Be
Left with Experts. Another alternative view to
our position is that any compliance-related tasks
using high-stakes standards (e.g., IAEA standards
in nuclear safety) should be left completely to hu-
man experts. We strongly agree with the notion
that human experts must remain central in these do-
mains, as reflected in C3F, which mandates expert
validation and audit trails. Our position, however,
aims to use LLMs as first-line support for repeti-
tive, verifiable tasks under human oversight, rather
than as autonomous decision-makers. Moreover,
as discussed in Section 3, practitioners, even in
high-stakes domains, recognize the utility of LLMs.
Hence, the question should not be whether LLMs
will be used at all, but whether their use will be
guided by thorough standard alignment research.

9 OQutlook

LLMs are transforming how we work and perform
day-to-day tasks and will continue to do so in the
near future. In this paper, we view this transforma-
tion as a paradigm shift and discuss how supporting
it can be a fundamental step toward controlled and
safe multi-sectoral adoption of LLMs by advancing
standard alignment research. Likewise, we make
two calls to action across all stakeholder groups in-
volved in the development of standards and LLMs:

1. We encourage all stakeholders to collectively
recognize the paradigm shift introduced by
LLMs, which can serve as a powerful tool for
assisting with compliance with regulations, pro-
vided they are used responsibly and ethically.

2. We advocate for a global, unified effort among
stakeholders to ensure that LLMs remain a
force for good in regulated domains.
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Limitations

With respect to shaping the position of the paper,
our proposed C3F is intended to be a high-level pre-
deployment decision framework to initiate discus-
sions on preliminary assessment of characteristics
of capabilities of LLMs and criticality of standards
for all concerned stakeholders, including regulatory
bodies, industry and academic standard develop-
ers, researchers, practitioners, and users. Thus,
any form of quantitative validations is purposefully
not covered in this work, as this requires upfront
knowledge on what specific standard compliance
or standard-aligned generation tasks with respect
to a given use case context which is extremely sub-
jective across domains. The framework is not pre-
scriptive and is meant to set the tone of the discus-
sion with this position paper, which will effectively
inform and guide domain experts towards impor-
tant aspects to consider (e.g., criticality, current
capabilities, margin of error, compute resources)
for compliance-related tasks that leverage LLMs
(Homewood et al., 2025).

While we provided a general assessment of
model capabilities, cross-checked in the literature,
and a specialist’s assessment of the criticality of
standards in healthcare, we do not claim any form
of inter-rater reliability. We believe establishing re-
producible criteria and rubrics is an operational
follow-up that maturing standard alignment re-
search will produce in the future. All assessments
shown in this work are purely illustrative, non-
exhaustive, and may change or be revised as LLM
deployment across sectors, domains, and industries
progresses.
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A Technical Methods Towards Standard
Alignment

We provide supplementary information on promis-
ing novel technical and algorithmic methods that
can be explored (but are not limited to) further
improving the standard alignment of LLMs and
cater to their inherent complexities as discussed
in Section 4. Some of these approaches may have
been preliminarily explored by recent works for
selected domains with available machine-readable
standards data. Collaborations between Al and
interdisciplinary areas can foster further advance-
ments and open more novel approaches toward
standard alignment.

Constraint and Knowledge Representations
Specifications from standards can be represented
as a form of a structured set of constraints either
as input or as part of an embedded training regime
for aligning LLMs. The simplest example of this
is through in-context learning (ICL), where con-
straints are framed as prompts in an instruction-
like manner with specific informative examples
provided to show the target output required from
the model (Brown et al., 2020; Mishra et al., 2022).
This has been done on works such as the production
of high-quality standard-conforming educational
content with CEFR and Bloom’s Taxonomy (Im-
perial et al., 2024; Malik et al., 2024; Elkins et al.,
2024) and rewriting complex texts to conform to
government-mandated plain languages guidelines
(da Cunha, 2022; Joseph et al., 2024). The ad-
vantage of ICL is its simplicity, which can easily
be explored by non-technical domain users with
any arbitrary LLM-based chat interface (e.g., Chat-
GPT) and can be attributed to how the paradigm
shift started (see Section 3). More advanced levels
of representation focus on transforming standards
into knowledge graphs and ontologies. An exam-
ple of this is the work by Hernandez et al. (2024),
where they transformed the text content of the EU
Al Act into a high-level knowledge graph to show
links between defined terms and their associated
requirements from the Act’s statements for compli-
ance checking.

Post-Training Improvements Post-training has
become one of the major foci in ML research
since the release of preference optimization tech-
niques like RLHF (Ouyang et al., 2022) and DPO
(Rafailov et al., 2024) combined with supervised
finetuning (SFT) to improve the response align-

ment of LLMs with respect to task requirements.
All Baseline models in Table 1 have undergone
post-training through SFT. For standard alignment,
post-processing can potentially be emulated by ag-
gregating prompt and response pairs that conform
to the specifications of a standard and then finetun-
ing a pretrained model with this data. An example
reference for this is OpenAl’s Deliberative Align-
ment method (Guan et al., 2024) where an LLM is
trained with chain-of-thought (CoT) style prompts
(Wei et al., 2022) can identify whether which safety
policy specification is applicable when identifying
whether to respond to a prompt or not. However,
for researchers who want to explore this approach,
one caveat is that it will require at least 1,000
instances of very high-quality, expert-level pair-
wise data to achieve relatively decent performance
(Zhou et al., 2023). Nonetheless, combinations of
post-training techniques (e.g., SFT + DPO with
standard-aligned preference pairs + CoT prompt-
ing) are viable approaches for improving an LLM’s
standard compliance capabilities.

Synthetic Data Generation Synthetic data gen-
eration using modern LLMs that have undergone
processes such as larger scaling, instruction-tuning,
and preference optimization often outperform other
data augmentation techniques for downstream tasks
(Ye et al., 2022; Li et al., 2023). In standard align-
ment of LLMs, researchers can explore several
options related to synthetic data generation to im-
prove compliance capabilities. First, in parallel
with post-training enhancements from above, us-
ing synthetic data in the form of standard compli-
ant and non-compliant examples can be a practi-
cal choice to optimize a model’s generation quali-
ties. This approach has been applied by Fan et al.
(2024), where they generated synthetic case scenar-
ios for GDPR and HIPA A Privacy Rules to finetune
smaller LLMs for compliance detection. Moreover,
recent works have documented higher performance
for models that have been finetuned with a com-
bination of high-quality expert data and machine-
generated data in alignment tasks which makes the
process of compiling standard-aligned feedback
data relatively easier (Miranda et al., 2024; Ivison
et al., 2024; Lee et al., 2024).

Retrieval and Tool Augmentation Augmenting
LLMs, particularly LL.Ms, with external tools to en-
hance their problem-solving capabilities has gained
increasing research attention in recent years. The
use of tools such as calculators, search engines, and
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API function calls has been shown to improve the
zero-shot performance of LLMs across question-
answering downstream tasks requiring up-to-date
information (Hao et al., 2023; Schick et al., 2023).
In the case of standard alignment, syntactic content-
based standards such as the CEFR and CCS stan-
dards (see Table 2 for reference) requiring specific
characteristics of texts such as sentence lengths to
measure complexity can greatly benefit from an
LLM that knows how to call a calculator tool to
approximate how long sentences should be gener-
ated. Moreover, a search engine tool can also help
LLMs access updated versions of standard spec-
ifications from its original web sources as prior
version checking. On the other hand, another ap-
proach that can improve LLMs’ domain knowledge
is to encapsulate it in a retrieval-augmented gener-
ation (RAG) ecosystem where auxiliary retrievers
that have access to external knowledge bases that
can be added to as context to prompts (Lewis et al.,
2020; Ram et al., 2023).

Reasoning Capabilities Whether LLMs, such as
LLMs, can reason or not is a highly debated topic
in current ML research. Reasoning is an inher-
ent ability that plays a crucial role in how humans
solve problems through critical thinking (Huang
and Chang, 2023). Previous research often claims
that such capability can be triggered in different
ways, such as providing intermediary reasoning
steps to prompts (Wei et al., 2022) or using arbi-
trary models to select and infer reasoning steps
from context information (Creswell and Shanahan,
2022). Assuming LLMs can actually reason, in
standard alignment, such skill may play an impor-
tant role in deciding which standard specifications
are required to be followed and which ones can
be disregarded safely, given the additional context
information of a task. Preliminary work in this
direction includes OpenAl’s Deliberative Align-
ment method (Guan et al., 2024) where an LLM
is optimized to reason over which safety policy
specifications should be followed and which can
be ignored using their o-series models. As such,
LLM:s rated Advanced and Adaptive in C3F should
document convincing reasoning capabilities across
applicable tasks.

Adversarial and Compliance Robustness Test-
ing Standard compliance is inherently synergistic
and collaborative between regulators and standard
developers, as well as regulated entities, practition-
ers, and users, as this form of ecosystem provides

mutual benefits, including interoperability of pro-
cesses and conformity to regulations. However,
research in improving compliance robustness due
to regulatory shifts or changes in constraints and ad-
versarial testing can be extended to standard align-
ment of LL.Ms to holistically measure their com-
pliance capabilities under unseen test cases. Very
recent works that have led this direction include
(Momcilovic et al., 2024), where they proposed
a framework leveraging on layered guardrails—
inspired by the Swiss cheese model from cyber-
security (Reason, 1990)—that can be integrated
with chat-based LLMs to mitigate potential attacks
which allows them to maintain compliance to the
EU AI Act. On the other hand, (Zou et al., 2023)
and (Liao and Sun, 2024) both proposed universal
and transferable methods for automatically generat-
ing suffixes which can be used for adversarial and
robustness of open and closed LLMs. These meth-
ods can be seamlessly integrated to form standard-
specific adversarial prompt datasets to benchmark
compliance capabilities of LLMs as it scales from
Baseline to Advanced (and even Adaptive) based
on C3F in Section 5.

Considerations in Future Technical Enhance-
ments While the scope of this section focuses
on evolving approaches in alignment, reasoning,
retrieval, data augmentation, tool integration, and
benchmarking that can be explored to further en-
hance the compliance capabilities of LL.Ms, the
central aspect that will remain constant as we
progress in the future in this direction is the stan-
dards themselves. Standards will always remain a
resource solely created by human domain experts
that any form of LLMs or technical advancement
that will be integrated into LLMs, regardless of
any level of measured intelligence, must conform
to and remain absolute compliant with if it will
be deployed as an assistant to any tasks requiring
compliance.

B Full Assessment Results of LLMs and
Standards via C3F

As discussed in Section 5, we provide the full list of
the 15 selected foundational and domain-optimized
LLMs assessed based on their compliance capa-
bilities and the 30 selected standards from non-
specialist and specialist evaluations across multiple
disciplines for their criticality levels.
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C Declaration of LLM Use

In producing this work, we used Grammarly and
Claude Code (Opus 4.8) for minor grammar and
spelling corrections, LaTeX table fixes, and visu-
alization assistance. All suggestions from these
tools were scrutinized by the authors before being
integrated into the paper. No LLM was used in
brainstorming, content generation, idea conception,
and related literature writing for this work.
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STANDARD DOMAIN DEVELOPER OPENNESS CRITICALITY

Simplified Molecular Input Chemistry David Weininger Public Minimal
Line Entry System (SMILES)
Associated Press Stylebook Media and Associated Press Commercial Minimal
Communica-
tions
Plain Language Standards Media and (region-specific) Public Minimal
Communica-
tions
Text Encoding Initiative Software and TEI Consortium Public Minimal
Technology
ISO/IEC Systems and Software  Software and International Commercial Minimal
Engineering Documentation Technology Electrotechnical
Commission
IFRS Accounting Standards Finance International Public Minimal
Financial Reports
Standards
FAIR Data Principles Software and GO FAIR Initiative Public Minimal
Documentation Technology
OpenAPI Specification (OAS) Software and SmartBear Software Public Minimal
Technology
Section 508 Compliance Software and US Government Public Minimal
Documentation Technology
Python Enhancement Proposals ~ Software and Python Public Minimal
Technology
Web Standards Software and W3C Public Minimal
Technology
Common European Framework  Education Council of Europe Public Minimal
of Reference for Languages
(CEFR)
Common Core Standards (CCS)  Education National Governors Public Minimal
Association, Council
of Chief State School
Officers
ASD-STE100 Simplified General, Aerospace, Security Public Minimal
Technical English (STE) Engineering and Defence
Industries Association
of Europe
BBC Content Standards Media and Office of Public Moderate
Communica- Communications
tions
Table 2: Our non-specialist assessment of the of 15 globally-recognized low-stakes standards

and frameworks across software and technology, media, education, government, and engineering domains based
on C3F in Figure 3. We include supporting information, including the organization or initiative that led to the
development of the standard, as well as its accessibility (Public or Commercial). Note that this assessment serves as
a non-exhaustive illustrative example of how C3F can be used and extended or reassessed as additional standards in
the domains are released.
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STANDARD DOMAIN DEVELOPER OPENNESS CRITICALITY

Preferred Reporting Items for Healthcare =~ PRISMA Initiative Public Moderate
Systematic Reviews and
Meta-Analyses (PRISMA)

Standards for Quality Healthcare SQUIRE Initiative Public Moderate
Improvement Reporting
Excellence (SQUIRE)
Systematized Nomenclature of ~ Healthcare National Health Public High
Medicine Clinical Terms Service
(SNOMED CT)
NHS Health Content Standards ~ Healthcare, = National Health Public High
Govern- Service
ment
HIPAA Privacy Rule Healthcare, = US Government Public High
Govern-
ment
International Classification of Healthcare, Centers for Disease Public High
Diseases (ICD) Standard Govern- Control and
ment Prevention
Strengthening the Reporting of ~ Healthcare STROBE Initiative Public High
Observational Studies in
Epidemiology (STROBE)
Guidelines
Case Report Guidelines Healthcare =~ CARE Initiative Public High
(CARE)
Standard Protocol Items: Healthcare SPIRIT Initiative Public High

Recommendations for
Interventional Trials (SPIRIT)

Digital Imaging and Software National Electrical Public High
Communications in Medicine and Manufacturers
(DICOM) Technology, Association

Healthcare
USDA Food Safety Healthcare, = US Government Public High
Documentation Govern-

ment
AGREE Reporting Checklist Healthcare  International Public High

Appraisal of
Guidelines, Research
and Evaluation

(AGREE)
NICE Process and Methods Healthcare = National Institute for ~ Public High
Health and Care
Excellence
Consolidated Standards of Healthcare =~ CONSORT Group Public High
Reporting Trials (CONSORT)
GDPR Documentation Standard  Legal, European Union Public High
Healthcare
Table 3: A healthcare expert’s specialist assessment of the of 15 globally-recognized high-stakes

standards and frameworks used in medical and pharmaceutical industries for both professional practices and research
based on C3F in Figure 3. Note that this assessment serves as a non-exhaustive illustrative example of how C3F
can be used and extended or reassessed as additional standards in the domains are released.
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