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Generative AI systems are increasingly deployed to address domain problems. These systems operate under technical, regulatory,
institutional, and normative constraints that define acceptable AI behaviour and outcomes within their domains. We observe a recurring
pattern in our industry engagement: partners often arrive with a functioning but relatively generic AI solution. The challenge is no
longer to build an AI system from scratch, but to improve the quality and domain appropriateness of an AI-generated solution. In
these settings, the limiting factor is often the quality, scope, and structure of the context available to the system. Yet, existing context
engineering approaches primarily focus on supplying domain knowledge through retrieval, memory, and tools, with limited support
for systematically identifying and operationalising the constraints that govern AI systems in their operational environments.

This paper proposes Constraint-Driven Context Engineering (CDCE), a design approach for engineering domain interfaces for AI
systems. Drawing on software architecture design and Domain-Driven Design (DDD), CDCE treats domain constraints as first-class
design drivers. It identifies and characterises constraints, determines the required context assets, and designs representations through
which these assets are made available to AI systems.

We conducted a comparative multiple-case study with industry and public-sector partners across educational assessment, healthcare
decision support, and financial-distress prediction. Depending on their characteristics, constraints can guide AI behaviour, enforce
permissible boundaries, or support verification of AI-generated outcomes. The cases demonstrate CDCE’s applicability across
contrasting domains and show how constraint characteristics shape the resulting domain interfaces.
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1 Introduction

Large language models (LLMs) are increasingly deployed across domains to assist human experts by interpreting
information, generating recommendations, and supporting complex decisions [4, 23]. Unlike widely adopted general-
purpose conversational applications, these AI systems operate within domain-specific environments where AI behaviour
is governed by domain knowledge as well as technical, regulatory, institutional and normative constraints in the domain.

Understanding the domain has long been recognised as a fundamental principle of software design. Domain-Driven
Design (DDD) advocates that effective software should be built around a deep understanding of the problem domain,
where domain experts, domain models, and ubiquitous language guide the design process [5]. Software architecture
design complements this perspective by treating functional requirements, quality attributes, and constraints imposed
by technology and deployment environments as design drivers. Constraints are recognised as one of the primary
architectural drivers [14], alongside functional requirements and quality attributes [2].

A similar challenge is emerging in AI systems. Existing context engineering approaches often focus on making
external knowledge available to generative AI through retrieval, memory, tools, and agentic workflows [6, 19, 26].
However, making domain knowledge available alone is insufficient for AI systems operating in domain-specific settings.
AI behaviour is also governed by constraints that determine what constitutes acceptable decisions, appropriate actions,
and valid justifications. Some of these constraints are explicit, such as regulations, policies, guidelines, and technical
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2 Xiwei et al.

requirements, but may be fragmented across heterogeneous documents, systems, and organisational processes. Others
are implicit, embedded in established practices, professional judgement, and human knowledge. Consequently, domain
constraints do not naturally exist in a form that AI systems can directly access and consistently apply. Explicit constraints
need to be systematically structured and operationalised, while implicit constraints additionally need to be elicited and
externalised before they can be incorporated into AI behaviour and decision-making.

We conceptualise context engineering as designing a domain interface between an AI system and the domain in
which it operates. The domain interface makes relevant domain constraints available in forms suitable for AI systems.
It structures explicit constraints, externalises implicit constraints, and operationalises constraints as machine-accessible
context for guiding behaviour, enforcing permissible boundaries, and verifying AI-generated outcomes. In this way,
we move context engineering beyond a knowledge-centric perspective towards a constraint-driven perspective. We
propose Constraint-Driven Context Engineering (CDCE), a design approach for systematically identifying, representing,
and operationalising the constraints that govern AI behaviour within a domain. The approach treats constraints as
first-class architectural drivers for determining what context is required, what context assets need to be constructed or
curated, and how these assets should be represented and made available to AI systems.

We conducted a comparative multiple-case study across educational assessment, healthcare decision support, and
financial-distress prediction. The case study examines how domain constraints are translated into context assets, context
representations, and how human review is incorporated. Together, the cases demonstrate how constraint-driven design
can make relevant domain conditions explicit, structured, and available to AI systems for different purposes.

The contributions of this paper are as follows:

• We propose Constraint-Driven Context Engineering, a design approach for systematically engineering domain
constraints as a domain interface that mediates between an AI system and its operational domain.

• We conceptualise domain constraints as first-class design drivers that guide, restrict, and evaluate AI behaviour
within specific domains.

• We empirically examine the applicability of the proposed CDCE through a comparative multiple-case study
spanning educational assessment, healthcare decision support, and financial-distress prediction.

2 Related Work

2.1 Context Engineering for LLM Systems

Context engineering has emerged as an approach to systematically constructing and managing the information fed to
LLMs during inference. Its foundations can be traced back to Retrieval-Augmented Generation (RAG), which augments
model generation with information retrieved from external knowledge sources [6]. Later on, ReAct interleaves reasoning
with actions that allow languagemodels to interact with external knowledge sources and environments and progressively
acquire additional information during reasoning [26]. More recent work has brought relevant mechanisms together
under the broader concept of context engineering, encompassing context retrieval and generation, context processing,
and context management [7]. Engineering appropriate context is essential for AI systems operating in domain-specific
applications. In the legal domain, LegalBench-RAG investigates the retrieval of precise legal text for downstream legal
reasoning, highlighting the importance of retrieving highly relevant passages rather than providing large amounts of
legal documentation [15]. In healthcare, medical RAG systems can be sensitive to irrelevant or unhelpful context [21].
Our work addresses a complementary design challenge. We consider domain constraints as first-class drivers for
determining what context should be identified, structured, represented, and operationalised for AI systems.
Manuscript submitted to ACM
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Fig. 1. Conceptual foundations of Constraint-Driven Context Engineering (CDCE). CDCE draws on Domain-Driven Design (DDD) to
understand the domain and its boundaries, and on Attribute-Driven Design (ADD) to identify architectural drivers for AI tasks.

2.2 Domain-Driven and Architecture-Driven Design

Domain-Driven Design (DDD) emphasises that software design should be grounded in a deep understanding of the
domain in which the system operates. DDD places the domain model at the centre of the development process [5]. The
model is developed collaboratively with domain experts through a ubiquitous language, providing a shared vocabulary
for describing domain concepts, relationships, rules, and activities. DDD also introduces bounded contexts, which
define explicit boundaries within which a particular domain model and its terminology remain consistent. A recent
empirical synthesis confirms that these concepts support the translation of complex real-world domains into models
that can guide software design [13].

Software architecture design complements this domain-oriented perspective by considering a broader set of architec-
tural drivers that shape a system. Architectural decisions are influenced by quality attributes and constraints imposed
by the technical and organisational environment [2]. The Attribute-Driven Design (ADD) method operationalises this
perspective through a design process in which quality-attribute requirements and other architectural drivers guide the
selection of architectural tactics, patterns, and design decisions [24].

CDCE combines these two perspectives by connecting domain understanding with architectural reasoning: the
former establishes what is meaningful in the domain (identify and model constraints), while the latter provides a
systematic way to translate design drivers into architectural decisions (selection of context assets and representations).
As shown in Figure1, we adopt DDD to identify and model constraints in the target domain. ADD treats these constraints
as architectural drivers and translates the resulting constraints into context-design decisions, including the selection of
assets and representations.
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4 Xiwei et al.

2.3 Human Knowledge and Human-in-the-Loop

Human knowledge has been recognised as an important source of information for intelligent systems. A fundamental
distinction exists between explicit knowledge, which can be articulated and documented, and tacit knowledge, which
is embedded in human experience, skills, and judgement. The concept of tacit knowledge was introduced based on
the observation that people can possess knowledge that they cannot fully articulate [16]. Externalisation was later
conceptualised as a process through which tacit knowledge is articulated into explicit concepts [11]. More recently,
Human-in-the-Loop (HITL) has incorporated human knowledge and oversight into different stages of AI system
development and operation [9]. Human involvement is particularly important in domain-specific applications, such as
healthcare [12] and education [8], where AI outputs need to be interpreted and evaluated within established professional
practices. The professional knowledge and judgement that come from domain experts may contain implicit constraints
that need to be externalised before being used by AI systems. CDCE seeks to externalise relevant implicit constraints
from human knowledge and professional practice.

3 Constraints

CDCE treats domain constraints as first-class drivers for context engineering. We define a constraint as an environmental
signal that guides, restricts, or evaluates AI-system behaviour and outcomes within a domain.

3.1 Characterisation of Constraints

Domain constraints are heterogeneous and may differ in how they are expressed, when they become relevant, and how
strictly they should be satisfied. We characterise constraints in terms of explicitness, temporality, and binding strength.

Explicitness describes whether a constraint has been articulated and is directly identifiable. Explicit constraints are
expressed in identifiable sources, such as regulations, organisational policies, technical specifications, guidelines, or
documented assessment criteria. Implicit constraints are embedded in organisational practices, professional judgement,
or tacit knowledge and may not be directly documented. Explicitness affects how constraints are identified and
captured during context engineering. For example, as illustrated by the educational assessment case in Section 6,
curriculum requirements and marking guidelines represent explicit constraints that are formally documented and
directly identifiable. In contrast, teachers may rely on implicit professional judgement, such as expectations about what
constitutes sufficient evidence of conceptual understanding.

Temporality describes when a constraint is established or becomes relevant to an AI task. Predefined constraints
are known or established before the AI task begins, such as existing regulations, policies, or assessment requirements.
Dynamic constraints arise, change, or become relevant during operation as the state of the operational environment
evolves. They may, for example, result from runtime conditions, ongoing interactions, or newly available information.
Temporality affects when constraints need to be acquired, updated, and made available to the AI system. For example,
as illustrated in Section 8, the Audit Office’s existing assessment criteria constituted predefined constraints, while
subsequent interaction between the AI model and human auditors exposed inconsistencies and led to the refinement of
these criteria. This illustrates how constraints may evolve dynamically during operation.

Binding strength describes how strictly a constraint should govern an AI task and its outcomes. Hard constraints
represent mandatory conditions that must be satisfied, whereas soft constraints provide guidance while allowing
flexibility in their application, such as admitting exceptions, allowing discretion in how they are satisfied, or balancing
them against other considerations. This distinction is particularly important when determining how a constraint should
Manuscript submitted to ACM
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be operationalised: some constraints may require strict compliance, while others are more appropriately incorporated as
contextual guidance for domain tasks. For example, as illustrated in Section 7, applicable clinical practice requirements
may constitute hard constraints that must be satisfied in care-plan generation, whereas recommendations from optional
clinical handbooks or supporting literature may constitute soft constraints that guide AI behaviour without being
mandatory.

The three characteristics are conceptually distinct and constraints may exhibit different combinations of them.
For example, a statutory privacy requirement may be explicit, predefined, and hard, whereas a preference expressed
during an interaction may be explicit, dynamic, and soft. Together, these characteristics provide a systematic way to
characterise heterogeneous domain constraints and inform their treatment in the subsequent context engineering
process.

3.2 Types of Constraints

We distinguish four complementary categories of constraints: technical, regulatory, institutional, and normative.
These categories provide practical design abstractions rather than a fixed or exhaustive taxonomy; domains may
instantiate them differently and introduce additional domain-specific constraints.

Technical constraints arise from the capabilities and limitations of the underlying AI infrastructure and define the
operational boundaries. Representative constraints include bounded reasoning capacity, state continuity, and other
operational constraints. For example, the finite context window of an LLM limits the amount of information available
during a single inference pass, driving context composition mechanisms such as selective retrieval, prioritisation,
summarisation, and incremental context loading. Other operational constraints, such as latency, computational cost,
deployment infrastructure, and domain-specific hardware, may further determine how context can be constructed and
provided at runtime.

Regulatory constraints arise from laws and regulations that govern how AI systems operate within a domain.
Regulatory constraints vary across jurisdictions and industries. Representative regulatory constraints include data
access and use constraints, which determine what information may be accessed and processed; data retention and
disclosure constraints, which govern how information may be stored and shared; and compliance and accountability
constraints, which require AI systems and processes to comply with applicable regulations and standards. These
constraints determine what information an AI system is permitted to access, process, retain, and disclose, as well as the
obligations that AI outcomes must satisfy.

Institutional constraints arise from the organisational environment in which AI systems operate. They include
organisational structures, roles and responsibilities, operational procedures, workflow rules, and approved knowledge
sources. While regulations define what an organisation must comply with, institutional constraints determine how
work is performed within a particular organisation. Context engineering should therefore support role-aware context
composition and workflow-aware behaviour, ensuring that recommendations are appropriate for both the task and the
organisational setting in which they are made.

Normative constraints arise from professional judgement, accepted practices, and evaluation standards within a
domain. Experienced professionals frequently rely on tacit knowledge, previous cases, and domain expertise when
making decisions. Teacher judgement in educational assessment, clinical judgement in healthcare, and auditor judgement
in financial auditing are all examples of normative constraints that influence AI behaviour. Since professional judgement
evolves over time, context engineering should also support continuous refinement through expert review, overrides,
and feedback, allowing normative constraints to be progressively clarified and incorporated into future reasoning.

Manuscript submitted to ACM



6 Xiwei et al.

3.3 Incorporating Constraints into Context Management Harnesses

In this subsection, we show how the identified constraints can be incorporated into the context engineering within
an existing harness framework. We adopt the notation of the DeepSeek harness [20] and represent a unified context
management system as Γ∞. A particular runtime context state, denoted by 𝛾𝑡 ∈ Γ∞, includes session history, memory,
data access, tools, retrieval services, etc. The formulation is implementation-agnostic. Constraints may be realised
through different components and compositions in different harness frameworks.

Let the context management systemH be composed of components {𝑐𝑖 }, i.e.,

H = {𝑐1, . . . , 𝑐𝑚 }, 𝑐𝑖 = (𝑑𝑖 , 𝑝𝑖 , 𝑒𝑖 ),

where 𝑑𝑖 denotes the dependencies required by component 𝑐𝑖 , 𝑝𝑖 denotes the capabilities it provides, and 𝑒𝑖 denotes its
reversible effects.

The four types of constraints at iteration 𝑡 of the agent’s problem solving are as follows:

K (𝑡 ) = Kreg ∪ K (𝑡 )
inst ∪ Knorm ∪ Ktech,

Different type of constraints may evolve at different paces, and we observed in the case studies that only institutional
constraints are flexible for human experts to change. For the purpose of this formulation, we assume that only the
institutional constraint set evolves across iterations as new evidence becomes available, while the regulatory, normative,
and technical constraint sets remain fixed.

Let 𝑞 denote the user query, and let 𝑋 adm
𝑞,𝑡 denote the admissible evidence context for query 𝑞. The constraint-driven

context engineering process follows the lifecycle below:
H = {𝑐1, . . . , 𝑐𝑚 }

⇓ components interact through the unified runtime context

𝛾𝑡 ∈ Γ∞

⇓ exposes available retrieval, memory, tools, and policies

𝑋 adm
𝑞,𝑡 = 𝜋𝜙

(
𝑞,𝛾𝑡 ,D;K(𝑡 ) ) s.t.𝑋 adm

𝑞,𝑡 |=K(𝑡 )

⇓ conditions model inference

𝑌𝑡 ∼ 𝑃𝜃

(
· | 𝑞,𝑋 adm

𝑞,𝑡 ,ℎ

)
⇓ enforces current decision constraints

𝑍𝑡 , 𝐹𝑡 = AutoVerify
(
𝑌𝑡 ,𝑋

adm
𝑞,𝑡 ,K(𝑡 ) )

⇓ evaluates the utility of verified output

𝑉𝑡 = E [𝑈 (𝑍𝑡 ) ]

⇓ human review may reveal a previously unmodelled inconsistency

𝑘∗𝑡 = HumanCheck (𝑌𝑡 ,𝑍𝑡 , 𝐹𝑡 ,𝑉𝑡 )

⇓ incorporates the validated refinement

K(𝑡+1)
inst =K(𝑡 )

inst ∪ {𝑘∗𝑡 }

⟲ reruns the same input under the refined institutional constraints.

where 𝜋𝜙 is the context management policy, 𝑃𝜃 is the LLM deployed, D denotes data sources, ℎ is the interaction
history, 𝑌𝑡 is the candidate model output, 𝑍𝑡 is the verified output, 𝐹𝑡 is the verification feedback, 𝑉𝑡 is the expected
utility of output 𝑍𝑡 . In this flow, the context admission and AutoVerify components check the agent output using known
constraints, while the HumanCheck mechanism updates institutional constraints based on observed inconsistencies
Manuscript submitted to ACM
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Fig. 2. Overview of the proposed Constraint-Driven Context Engineering (CDCE).

due to unmodelled factors revealed by the agent output. The agent output is evaluated by a utility function 𝑈 that
measures the impact of taking the agent output as the decision. The three case studies illustrate different configurations
of these operations across three domains.

4 Constraint-Driven Context Engineering (CDCE)

Figure 2 presents the proposed Constraint-Driven Context Engineering approach. The framework views context
engineering as a design process that transforms information from the operational environment into structured and
machine-accessible context for domain-specific AI tasks. The proposed approach systematically identifies the constraints
that govern AI behaviour within the operational environment, further identifies the relevant context assets and engineers
them into appropriate representations that can be consumed by AI systems. The operational environment provides the
input to CDCE, while the primary output is a domain interface, which is the engineered combination of context assets
and representations.

The framework consists of three stages. The process begins by identifying the constraints that govern AI behaviour
within the operational environment. These constraints determine not only what an AI system should know, but also
how it should reason, what obligations it must satisfy, and how its outputs should be evaluated.

Once the required context assets have been identified, they are represented using appropriate data structures and
technologies that support efficient access. Different types of information may be represented as documents, structured
databases, knowledge graphs, vector stores, or rule bases according to their characteristics and intended use. The
framework separates what information is required from how that information is represented, allowing different
representation technologies to be selected without changing the underlying reasoning model.

Manuscript submitted to ACM



8 Xiwei et al.

These engineered context assets and their representations form the domain interface, an engineered boundary
between an AI system and its operational environment. The AI system remains responsible for performing its tasks
and generating responses, while CDCE governs the quality, scope, and structure of the context that forms its domain
interface.

4.1 Constraint Identification

This stage begins with developing a shared understanding of the domain through close collaboration with domain
experts [5]. DDD emphasises the use of a Ubiquitous Language shared by developers and domain experts to describe
domain concepts and activities consistently. We use this principle to establish a common vocabulary for describing
the concepts, actors, activities, rules, and judgements involved in the target AI task. The use of domain language is
particularly important for AI tasks, as the AI task and its contextual information are ultimately expressed and interpreted
largely through natural language.

DDD also recognises that domain concepts and models may have different meanings in different parts of a complex
domain and uses Bounded Contexts to establish explicit boundaries within which a particular model and its terminology
remain consistent [5, 13]. We adopt this principle to define the scope of constraint identification. Constraint identification
is therefore task-oriented: the objective is not to model all aspects of the operational environment, but to determine
which environmental conditions guide, restrict, or evaluate AI behaviour within the bounded context of the target AI
task. Relevant constraints may be identified through domain artefacts such as regulations, organisational procedures,
professional guidelines, and technical and operational documentation, or elicited through collaboration with domain
experts where they are embedded in established practices and professional judgement. The output of this stage is a
task-specific set of constraints that defines the conditions under which the target AI task should take place.

4.2 Context Asset Identification

Once the constraints have been identified, the next stage is to determine the context assets required to represent or
operationalise those constraints for AI tasks. Context assets are the information artefacts that provide the necessary
context within the identified constraints. Depending on the domain, they may include domain concepts, judgement
criteria, regulations and policies, organisational roles, operational procedures, runtime state, or other domain-specific
information.

A single constraint may require multiple context assets to operationalise it, while the same context asset may support
reasoning under multiple constraints. For example, a regulatory constraint may require not only the regulation itself,
but also organisational policies, role information, operational procedures, and provenance information to determine
how the requirement should be applied within a particular AI task. The identified constraints and corresponding context
assets form a domain sub-model that captures the information required for AI tasks within the operational environment.

4.3 Context Representation

Different types of context assets possess different characteristics and therefore require different representation strategies.
For example, a policy document differs significantly from runtime state, organisational workflows, or decision criteria
in terms of structure, update frequency, semantic relationships, and retrieval requirements. The objective of this stage
is to determine appropriate representations that enable diverse context assets to be effectively accessed and used by AI
systems.
Manuscript submitted to ACM
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This stage applies ADD [2, 24], which treats functional requirements, quality attributes, and design constraints as
architectural drivers that guide architectural design decisions. We adapt this principle to design context representation.
In CDCE, the AI task corresponds to the functional requirement, context qualities capture the quality attributes
(non-functional requirements) required for the AI task, and system-level technical constraints define the operational
conditions within which context must be provided.

Following the ADD principle, context representation begins by analysing each context asset in relation to these
drivers. The AI task determines how an asset will be used; for example, whether it needs to support semantic retrieval,
rule evaluation, relationship traversal, or direct human inspection. Context qualities specify properties expected of
the representation, such as relevance, explainability, traceability, consistency, and timeliness. System-level technical
constraints, such as context-window limitations, latency, infrastructure, and operational cost, further restrict the feasible
representation choices. The characteristics of the context asset itself, including human readability, semantic similarity,
dependencies, explicit rules, structured data requirements, provenance, and update frequency, provide additional inputs
to the representation decision.

The mapping between context assets and context representations is inherently many-to-many. A policy, for example,
may be represented simultaneously as a document for human interpretation, a vector embedding for semantic retrieval,
and a rule base for automated compliance checking. Conversely, a knowledge graph may integrate concepts, policies,
roles, and procedures originating from multiple context assets. Separating context assets from context representations
provides architectural flexibility. It allows the same context asset to be represented using multiple complementary
structures while enabling representation technologies to evolve independently of the underlying context assets.

5 Comparative Multiple-Case Study Methodology

We conducted a comparative multiple-case study [27] to examine the applicability of the CDCE approach across real-
world AI systems in different domains. Case study research is appropriate for examining a contemporary phenomenon
within its real-world context. In this study, the phenomenon of interest is the construction of a domain interface between
an AI system and its operational environment.

5.1 Case Selection

The cases were selected to cover diverse application domains and AI tasks with different characteristics. They comprise
educational assessment, healthcare decision support, and financial-distress prediction, and were conducted through
commercial projects with Australian industry partners and a public-sector collaboration partner. All three projects
emerged from a recent pattern of industry and public sector engagement. Partners typically approached the research
team with a functioning but relatively generic, or vanilla, AI solution. The central challenge was not to build an AI
system from scratch, but to improve the quality and domain appropriateness of an existing solution. In these settings,
the limiting factor was often not the underlying model capability, but the quality, scope, and structure of the context
available to the system.

The three cases were selected because they illustrate how context engineering becomes necessary when generic
AI systems must operate within distinct domain conditions. Although the domains and AI tasks differ, each case
required the identification and operationalisation of domain-specific requirements, organisational processes, data, and
professional judgement to improve the suitability of the AI system for its intended setting. Educational assessment
involves curriculum requirements and teacher judgement; healthcare decision support involves clinical requirements,
patient-specific context, and clinician oversight; and financial-distress prediction involves heterogeneous operational
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10 Xiwei et al.

data, historical assessments, and evolving auditor judgement. Together, the cases enable comparison of how CDCE is
applied across contrasting constraint-rich domains.

5.2 Case-Study Protocol and Analytical Focus

Following Yin’s multiple-case design, we use a common case-study protocol to analyse the three cases consistently
and support cross-case synthesis [27]. The protocol is derived from the CDCE design process. It provides a common
analytical lens for examining how CDCE was applied and adapted across the cases. Each case is presented using the
three CDCE design stages: constraint identification, context asset identification, and context representation design.
Each case then concludes with an observation that captures the distinctive insight arising from its application. This
common structure enables comparison across cases while preserving the particular characteristics of each domain, AI
task, and partner context.

The cases are not expected to instantiate CDCE in an identical manner. In practice, context engineering is iterative
and case-specific. A constraint may be identified before an AI system is deployed, or it may become visible only when a
preliminary system output is reviewed by domain experts. Similarly, a context asset may be directly available in an
existing document or data source, constructed from multiple artefacts, or constructed by externalising professional
judgement. The selected representations and associated operations also depend on the task, available infrastructure and
context characteristics.

The analysis examines both the common CDCE design logic and the flexibility with which it can be applied. In the
cross-case discussion, we consider which elements recur across the cases, how different constraint characteristics lead
to different context-engineering decisions and refine domain interface.

6 Case Study I: Educational Assessment

Educational assessment requires teachers to evaluate student responses against curriculum expectations while exercising
professional judgement. Unlike factual question answering, assessment requires reasoning over multiple sources of
contextual information, including syllabus documents, learning outcomes, marking guidelines, cognitive demand, and
established assessment practice. The objective is not simply to determine whether an answer is correct, but whether it
satisfies the intent of the curriculum and the expectations of experienced assessors.

The first case study is based on a commercial project with Studitory1, an online learning platform developed to support
NSW Higher School Certificate (HSC) examination preparation [25]. The platform served more than 5,700 registered
students at the time of the project and deployed an LLM-based pipeline for automated marking and personalised
feedback. The pipeline was designed for exam preparation rather than final certification and grounds marking in
authorised curriculum and assessment practices.

6.1 Constraint Identification

Following the CDCE process, the first activity was to understand the educational assessment domain and identify the
constraints required to support assessment. Constraint identification was informed by regular discussions with teachers
and tutors (domain experts) involved in the project. The research team also visited schools and tutoring centres to
understand how educators interpret assessment tasks, construct marking criteria, assign marks, and provide feedback
in practice. These engagements informed the identification of both documented requirements and the professional

1https://www.studitory.app/
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judgement embedded in assessment practice. The marking task was shaped by authorised curriculum requirements,
established assessment processes, professional marking judgement, and the technical conditions of the LLM-based
pipeline.

Curriculum requirements and formal assessment principles are largely explicit and predefined, whereas some aspects
of teacher judgement are implicit, including experience-based expectations concerning sufficient evidence, common
misconceptions, and appropriate partial credit. Professional judgement is not uniformly implicit. Some established
marking practices have already been codified in authorised assessment materials, while other aspects remain embedded
in marker heuristics or institutional moderation practices. The constraints also differ in binding strength. Curriculum
requirements establish relatively firm assessment boundaries, while professional judgement may be softer and permit
legitimate variation in how student responses are interpreted. The marking pipeline primarily operationalised these
constraints through contextual guidance and verification rather than relying on a single prompt.

6.2 Context Asset Identification

Regulatory constraints arise from the authorised curriculum and assessment requirements established by the NSW
education department. For curriculum alignment, the pipeline uses authorised syllabus assets including learn about

statements, which specify conceptual and content knowledge; learn to statements, which describe cognitive skills;
and outcomes, which describe assessable capabilities. The question itself and its maximum mark provide additional
task-specific context.

Assessment reasoning also requires context assets that operationalise the meaning and expected quality of student
performance. The NESA glossary of key words provides jurisdiction-specific interpretations of directive verbs such
as analyse, explain, and evaluate. Performance band descriptors provide authorised descriptions of different levels of
performance, while marking guideline principles capture established assessment norms such as consistency, fairness,
recognition of alternative correct approaches, and proportional allocation of marks.

Institutional constraints arise from established assessment processes and the operational workflow of the Studitory
platform. Relevant context assets include question text and maximum marks, mappings between questions and syllabus
elements, generated marking criteria, performance-level descriptors, verification results, and intermediate assessment
artefacts. These assets capture how assessment activities are organised and how marking decisions are produced,
recorded, and reviewed.

Normative constraints arise from professional marking practice and teacher judgement. Teachers interpret cognitive
demand, decide what constitutes sufficient evidence, recognise alternative correct approaches, allocate partial credit,
and evaluate the overall quality of a response. Some of this judgement is already articulated through performance
band descriptors, verb definitions, marking principles, and historical marking practices. These artefacts were therefore
identified as judgement-oriented context assets rather than leaving the LLM to rely on its internal knowledge. There
are other judgements that are hard to capture, like the density of domain-specific terms used in a paragraph, which
indicates how well a student understands a specific concept.

Not all required context assets exist directly in source documents. The marking pipeline progressively constructs
task-specific context assets from these authorised sources. For each question, relevant syllabus concepts, skills, and
outcomes are identified and verified for coherence. These assets, together with the directive verb and maximummark, are
then used to construct question-specific marking criteria. The criteria specify expected behaviours and are subsequently
calibrated into performance levels describing different degrees of demonstrated understanding.
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In this case, curriculum requirements, directive-verb definitions, and performance descriptors primarily guide the
construction of task-specific marking criteria. Assessment principles and outcome requirements provide additional
criteria for verifying the selected curriculum context and the generated marking criteria. The marking pipeline therefore
uses context assets both as contextual guidance and as a basis for verification. Collectively, these context assets form a
domain sub-model for educational assessment.

6.3 Context Representation Design

The context assets are represented differently according to their characteristics and role in assessment reasoning. Autho-
rised syllabus statements are extracted from source documents and persisted as structured data. Vector representations
support semantic matching between a question and relevant learn about and learn to statements, while relationships
among selected concepts, skills, and outcomes are subsequently checked through a coherence-verification stage.

Different assets were therefore represented in different ways. Curriculum documents and marking guidelines
remained as human-readable documents while also being indexed for semantic retrieval. Question metadata, syllabus
mappings, concepts, and skills were represented as structured data to support efficient retrieval and reasoning. Generated
marking criteria and intermediate assessment artefacts were persisted as structured objects linked to each assessment
task, while provenance information was maintained throughout the marking process to support inspection and audit.
The context representations are summarised below.

• Documents: Curriculum documents, marking guidelines, performance band descriptors, marking guideline
principles.

• Vector Store: Curriculum documents, marking guidelines.
• Structured Data: Question metadata, syllabus mappings, concepts and skills.
• Structured Objects: Generated marking criteria, intermediate assessment artefacts.
• Key-value Store: Runtime state, verification results.
• Semi-Structured Logs: Provenance information.

6.4 Observation: Progressive Context Enrichment

A key observation from the Studitory case is that the context required for marking does not exist as a fixed collection of
documents to be retrieved at inference time. Instead, the reasoning context is progressively constructed and enriched
through the assessment pipeline. The process begins with the assessment question and progressively constructs richer
context assets by identifying relevant syllabus outcomes, concepts, skills, directive verbs, and cognitive demand. These
artefacts are subsequently used to generate assessment criteria before evaluating student responses and producing
personalised feedback. Each stage creates new context assets that become inputs to subsequent reasoning stages.

This progressive enrichment transforms raw educational resources into an increasingly structured domain interface.
The case illustrates that context engineering is a constructive design process through which richer task-specific context
is engineered between an AI system and its operational environment.

7 Case Study II: Healthcare Decision Support

The second case study is based on a commercial project conducted with an industrial partner in the healthcare domain.
The project focuses on multidisciplinary team (MDT) care, which includes “clinicians from multiple disciplines who
work together to deliver comprehensive care addressing as many of the patient’s health and other needs as possible” [1].
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In this use case, MDT mainly deals with chronic disease care. An MDT develops a care plan for a patient through
meetings that often involve the following steps: preparation of relevant information before the health professionals
meet, discussion of a specific case among health professionals based on their professional knowledge and experience,
and decision-making regarding the care plan. The information-preparation stage requires the patient’s history to be
extracted accurately from the health record and appropriately referenced to support care-planning decisions during
the discussion. In addition, the final care plan produced after the MDT meeting should be grounded in evidence and
comply with relevant medical guidelines.

7.1 Constraint Identification

To identify the constraints on context retrieval, detailed interviews were conducted with clinicians to understand their
workflows and document the factors affecting their decision-making at each stage. By participating in MDT meetings,
we gained an understanding of the external sources that clinicians draw on to support their reasoning and to personalise
care plan items for a patient’s specific circumstances. We also inferred how clinicians assess contextual relevance when
constructing arguments and justifying their recommendations against medical guidelines.

In addition, we gained an understanding of the boundaries among clinicians participating in an MDT meeting,
including their respective areas of expertise, their access to domain knowledge, and how that knowledge was activated
during discussions. In general, the following constraints on context management have been identified:

Institutional: Important patient evidence must be included in the context when producing a care plan item. This
requires the AI system to identify relevant paragraphs from an expanding document corpus, extract the relevant
information, and connect it with other evidence to produce grounded care plan items.

Regulatory: Generated care plan items must comply with applicable medical guidelines. This requires the AI system
to retrieve relevant medical knowledge with high recall and link applicable rules or recommendations to individual
care plan items.

Normative: A treatment plan item must be supported by evidence from the patient’s history and include the
reasoning that connects the evidence to the proposed plan. This requires a post-generation validation mechanism to
check the completeness and validity of the reasoning process.

Finally, as the treatment of chronic diseases is a long-term process, changes in the patient’s history and treatment
plan form part of the context for developing the current care plan. Context management therefore needs to address the
scalability challenge of an expanding longitudinal record while enabling accurate retrieval of relevant evidence over
time.

7.2 Context Asset Identification

Regulatory constraints include two categories in this case: the first comprises guidelines regulating health practitioners in
Australia, including applicable Australian clinical practice guidelines like relevant RACGP guidelines and NHMRC-issued
or NHMRC-approved guidelines [10, 17, 18]; the second contains other guidelines, optional handbooks and medical
literature assisting clinicians’ reasoning. Specific requirements within the former may constitute hard constraints
where compliance is mandatory, whereas the latter generally provides soft guidance that can be balanced against
patient-specific considerations.

Context access for the clinician agent developed in this project is also subject to institutional constraints. The agent
must operate within the existing MDT workflow. The information accessible to the agent may be fragmented because
of access restrictions imposed by privacy policies, while the patient record may contain different levels of detail about

Manuscript submitted to ACM



14 Xiwei et al.

the patient’s treatment as documented by different clinicians. Meanwhile, AI-based ambient clinical documentation
tools are increasingly being incorporated into clinical workflows. For example, Heidi is an AI medical scribe that
transcribes clinician–patient consultations and MDT discussions and generates structured clinical notes and related
documentation [3]. Notes or care plans generated by such tools may represent information differently from the original
clinical notes, potentially weakening signals that are important to clinicians for certain cases.

Normative constraints arise from clinicians’ judgement and experience. Clinicians from different disciplines may
have different perspectives on the same patient. Even clinicians within the same discipline may have different views
because of differences in the patients they have treated and the clinical experience they have accumulated. During
MDT discussions, clinicians not only consult one another about their respective areas of expertise, but also challenge
one another’s judgements and scrutinise one another’s reasoning.

These constraints require the context-management system to achieve high recall in retrieval and to identify potentially
relevant information that can subsequently be validated by clinicians. They also require the system to have self-
verification capabilities to determine whether each care plan item is adequately grounded in evidence.

To achieve the former, we used clinician-confirmed care plans as ground truth to guide the agent in generating care
plans that minimise discrepancies from clinician-approved decisions. The generation process that minimises these
discrepancies was then encoded as a skill in the agent harness. To achieve the latter, the clinician decision-support
agent was required to generate fine-grained decision provenance, and an independent evaluator was introduced to
assess the reasoning process for correctness and coverage.

7.3 Context Representation Design

As described above, the context contains patient records, past and current care plans, different types of medical guidelines.
Their representations are summarised below:

• Structured data: Patient health record.
• Documents: Past patient care plans; RACGP and NHMRC clinical practice guidelines; other medical guidelines
and literature; patient treatment plan.

• Semi-structured logs: Care plan provenance.

These assets are organised in a verification-oriented manner. Every care plan item must declare its support status.
Guideline-informed items are supported by evidence in the patient record and applicable medical-guideline rules, while
directly documented care plan items may rely on evidence in the patient record alone. Items without declared support
remain explicitly identifiable for review. The representation is illustrated as follows:

Patient Evidence: The patient has condition x.→
Medical Rule: For patients with x, clinicians should consider y.→
Decision: Rule y is applicable as a discussion consideration.→
Care Plan Item: Discuss y with the patient and treating practitioner.→
Care plan wording

This structure can be mapped to elements of Toulmin method [22] as follows. The Toulmin method models an
argument as a structured relationship among a claim, supporting data, warrant, backing, qualifier, and possible rebuttal,
making explicit how evidence justifies a conclusion.
Toulmin mapping:
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• Patient evidence → Data/Grounds;
• Medical-guideline knowledge rule →Warrant or warrant source;
• Apply knowledge to make decision → Application of the warrant to this patient context;
• Care plan item → Claim.

Importantly, Toulmin roles are assigned relative to a particular inference, rather than being fixed properties of
semantic elements. These roles may change across a multi-stage reasoning process. In particular, an intermediate
clinical proposition or decision may be the claim of one inference and subsequently become a ground for the next
inference.

7.4 Observations: Skill Acquisition and Robust Care Plan Generation

The main observation from this case is that verification-oriented design can surface inconsistencies in patient records
and raise clinicians’ awareness of potential problems. In one case, the dietitian asked about a patient’s bowel cancer
test result because the record showed that the result from a government-supplied bowel cancer screening kit was
pending. However, the patient’s age was outside the range for which the government would automatically issue such a
testing kit, based on clinical practice guidelines. The agent identified this inconsistency, and the clinician confirmed the
discrepancy in the patient record.

Another observation is that the agent can learn from clinicians to personalise care plans for patients with certain
conditions by retrieving specific knowledge from a broader range of handbooks. In one case, the agent was able to
recommend vegetable preparation methods for further reducing potassium as part of the care plan. This recommendation
was in line with advice from the dietitian, who understood the patient’s usual diet.

8 Case Study III: Financial Distress Prediction

Financial distress assessment in local government is a data-intensive reasoning task that requires auditors to interpret
financial performance, liquidity, infrastructure condition, demographic characteristics, and other contextual indicators
collectively. It is also a judgement-intensive task with interpretation evolving with organisational practices, available
evidence, and auditors’ understanding of financial sustainability.

This case study is based on the Risk IQ project conducted with the audit office of a local government to support
the identification and analysis of local councils at risk of financial distress. The project combined data from the
local governments (LG), internal data from the audit office’s audit reports, and financial distress literature. The
primary LG dataset covered 128 councils and approximately 572 year-prefixed indicators across multiple years. These
indicators spanned financial performance ratios, infrastructure and asset measures, service expenditure, demographic
and economic characteristics, development activity, workforce, rates and charges, and governance indicators. The
literature-augmented datasets increased the available feature space to approximately 646 year-prefixed indicators. The
assessment of financial sustainability depended on the interpretation of multiple indicators together with professional
judgement, and assessment practices had evolved over time.

8.1 Constraint Identification

The first activity was to understand how auditors assess financial distress and to identify the constraints that must
guide this reasoning. This involved examining established assessment practices, available operational data, historical
assessment decisions, and the professional judgement used to interpret financial sustainability. At a high level, the
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assessment task is constrained by financial reporting and auditing requirements, organisational assessment processes,
and auditor judgement, together with the technical characteristics of the underlying longitudinal data. These constraints
exhibit different characteristics. Some are explicit and predefined, such as financial indicators, benchmark calculations,
and established assessment criteria. Others are implicit in professional judgement, including how auditors interpret
combinations of financial and contextual signals and distinguish different forms of financial risk. Historical assessment
decisions provide further evidence of how such judgement has been applied in practice, but do not necessarily constitute
internally consistent ground truth.

The constraints may also evolve through interaction between modelling and auditor review. In this case, the initial
assessment framework did not clearly distinguish short-term cash liquidity risk from longer-term financial sustainability
risk. The first modelling iteration exposed inconsistencies in the existing assessments and prompted auditors to revisit
this distinction. The resulting clarification and revised criteria then became explicit constraints for subsequent analysis.

8.2 Context Asset Identification

Regulatory constraints are embedded in the financial reporting and auditing environment within which councils
operate. Relevant context assets included published audit office tabling reports, financial benchmarks, and the underlying
financial indicators used to assess council performance.

Institutional constraints are reflected in existing assessment practices and established organisational processes.
Relevant context assets included historical tabling assessments, dashboard data, existing assessment categories, bench-
mark calculation procedures, and the relationships between reported financial measures and their underlying data.
Together, these assets captured how financial sustainability assessments were operationalised within the organisation.

Normative constraints arise from auditor judgement about what constitutes financial distress and how different
financial signals should be interpreted together. Historical assessments were treated as context assets capturing previous
professional judgement. The 2025 assessment, for example, distinguished risks associated with ongoing operating losses
or other indicators, low levels of available cash, and small or declining populations. During the project, analysis of the
initial prediction model also exposed inconsistencies in how the existing criteria were interpreted across councils and
years. Through discussion and review, auditors clarified that the existing assessment had been combining short-term
cash liquidity and longer-term financial sustainability. Revised criteria and additional data were subsequently provided
to better represent these dimensions.

Technical constraints arise primarily from the structure and temporal characteristics of the available data. Raw
indicators were organised as year-prefixed columns, labels were sparse and year-specific, and potentially useful signals
were distributed across hundreds of indicators. Financial indicators also exhibited different levels of temporal persistence,
meaning that the relevant context for predicting distress could depend on both the indicator and its historical lag. The
system therefore needed mechanisms for temporal alignment, feature selection, provenance preservation, and reuse of
the same reasoning structure across prediction years.

8.3 Context Representation Design

The next activity concerned how the identified context assets should be represented and composed for financial distress
assessment. The original context assets existed in heterogeneous forms: annual Excel workbooks with time-series
datasets, audit reports, literature, historical labels, and auditor judgement. Different assets therefore required different
representations, while multiple context assets could be consolidated into the same representation.
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An important decision concerned how temporal context should be represented. The original datasets represented
observations using calendar-year-prefixed fields such as 2022 operating performance ratio, 2023 operating performance
ratio, and 2024 operating performance ratio. Risk IQ introduced a relative-lag representation in which these observations
could be represented relative to the prediction year as 𝑛 − 3, 𝑛 − 2, and 𝑛 − 1. This separated the meaning of a
historical relationship from a particular calendar year and allowed multiple target years to share a common temporal
representation.

The large number of available indicators also created a context-selection problem. Rather than exposing all available
features to the prediction process, Risk IQ used lag-aware causal discovery to identify candidate upstream covariates
associated with the target assessment. The discovery process excluded future-year information and other label columns
to prevent target leakage and identified significant historical relationships across feature families. From a context-
engineering perspective, this process reduced a broad set of available environmental signals to a task-specific set of
contextual information relevant to financial distress prediction. A summary of the context representation is as follows:

• Documents: Audit reports, financial sustainability criteria, domain literature.
• Structured Data: Financial indicators, dashboard data, benchmark thresholds, historical risk assessments.
• Computation Structures: Financial formulas, benchmark calculation procedures.
• Relative-Lag Features:Multi-year financial and contextual indicators, temporal relationships.
• Rules: Existing assessment criteria, revised assessment criteria, auditor interpretations.
• Human Feedback: Auditor review, revised interpretations, feedback on model outcomes.
• Model Artefacts: Feature-selection provenance, model state, intermediate analysis artefacts.

Data-driven context selection was complemented by domain-driven context. A literature review of financial distress
identified 20 fundamental causal factors, including revenue inadequacy, structural operating deficits, asset burden,
liquidity weakness, and socioeconomic disadvantage. These factors were mapped onto corresponding LG features and
could be combined with statistically discovered covariates. Provenance was retained to distinguish features selected
through causal discovery, identified from the literature, or supported by both. This enabled the reasoning environment
to combine empirically discovered relationships with established domain knowledge rather than relying exclusively on
either source.

The contextual information required by financial distress assessment may not exist explicitly before context engi-
neering begins. Financial distress concepts were distributed across hundreds of financial and contextual indicators,
annual workbooks, calculation structures, assessment reports, and historical decisions. The design process progressively
transformed raw and heterogeneous domain information into representations suitable for AI use: operational observa-
tions became temporally aligned feature families; financial formulas became explicit computation structures; historical
assessments became structured judgement signals; and literature-derived factors became mapped domain knowledge.

8.4 Observation: Human-AI Co-Evolution of Constraints

Historical auditor assessments initially provided normative signals for model development. However, these signals
were not immutable ground truth. The first modelling iteration exposed inconsistencies in the existing assessment
criteria and required further examination by auditors. This process helped clarify the distinction between cash liquidity
risk and longer-term financial sustainability risk and led to revised criteria and additional contextual data. Human
feedback in this case changed the interface. Auditor review refined the concepts, criteria, and data used by subsequent
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models. The second iteration consequently operated with a richer and more clearly defined set of environmental signals,
producing stronger alignment between model outcomes and auditor judgement.

This case illustrates that constraints may evolve through interaction between AI systems and domain experts.
Existing assessment criteria initially served as predefined constraints, while ambiguities in their interpretation became
explicit through model development and human review. Once articulated, these dynamically refined constraints became
explicit, predefined constraints for subsequent iterations. The domain interface can therefore evolve as professional
understanding and organisational practices are refined.

Normative constraints should not always be treated as static rules encoded before deployment. Interaction with
AI systems can expose ambiguities or inconsistencies in existing human practices. Context engineering consequently
supports the capture of human overrides, revised criteria, additional evidence, and the rationale for disagreement,
allowing the domain interface to evolve together with professional understanding.

9 Discussion

The three case studies illustrate how CDCE manifests differently across domains while following the same design
process.

9.1 Domain Interface Construction

Across the three cases, context engineering involved constructing domain interfaces rather than retrieving domain
knowledge. In educational assessment, context was progressively enriched from curriculum resources into task-specific
concepts, skills, cognitive demand, marking criteria, and assessment artefacts. In healthcare decision support, patient
evidence andmedical knowledgewere composed into structured relationships connecting evidence, applicable guidelines,
decisions, and care-plan items. In financial distress prediction, relevant context was reconstructed from heterogeneous
operational indicators, historical assessments, domain literature, and auditor judgement.

These cases demonstrate that context may need to be retrieved, constructed, composed, or reconstructed depending
on the characteristics of the domain and task. Context engineering is a design activity that determines what domain
conditions need to be made available to an AI system and how heterogeneous information should be transformed into a
domain interface suitable for AI use.

9.2 Constraints as Guidance, Enforcement, and Verification

The cases also illustrate that constraints can play different roles within a domain interface. Some constraints primarily
provide guidance to AI reasoning. Curriculum requirements and performance descriptors guide educational assessment,
while clinical guidelines provide knowledge and recommendations relevant to care planning. Other constraints provide
criteria against which generated artefacts can be independently verified. In educational assessment, generated marking
criteria are checked against established assessment principles; in medical decision support, care-plan items are evaluated
against their supporting patient evidence and applicable medical knowledge; and in Risk IQ, model outcomes and
assessment criteria are reviewed by auditors.

Making a constraint available as contextual information is not always sufficient to ensure that it is satisfied. Depending
on its binding strength and the consequences of violation, a constraint may need to guide AI behaviour, be enforced
through system mechanisms, or provide criteria for independent verification. These roles are complementary rather
than mutually exclusive: the same constraint may be represented as context to guide generation while also being
independently verified or enforced where stronger assurance is required.
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9.3 Evolving Domain Interfaces

The three cases further demonstrate different ways in which a domain interface can evolve. In Studitory, relatively
stable curriculum and assessment constraints support the progressive construction of task-specific context during the
marking process. In the healthcare case, clinical guidelines may remain relatively stable while patient state, available
evidence, and care plans evolve over time. In Risk IQ, the constraints themselves evolved: the first modelling iteration
exposed ambiguities in existing assessment criteria, and subsequent auditor review clarified the distinction between
liquidity risk and longer-term financial sustainability, producing revised constraints for later iterations.

An operational environment may continuously produce new contextual information while its governing constraints
remain stable; alternatively, interaction between AI systems and domain experts may reveal ambiguities that require
the constraints themselves to be refined. Context and harness engineering should support both the maintenance of
changing context and the evolution of the domain interface as professional knowledge, organisational practices, and
environmental conditions change.

10 Conclusion

This paper introduced Constraint-Driven Context Engineering (CDCE), a design approach that treats technical, regula-
tory, institutional, and normative constraints as first-class drivers for engineering AI systems. CDCE systematically
identifies and characterises domain constraints, determines the required context assets, and designs appropriate repre-
sentations. Together, these engineered elements form a domain interface between an AI system and its operational
environment, through which constraints can guide AI-system behaviour or inform complementary enforcement and
verification mechanisms.

The three case studies demonstrate distinct aspects of constraint-driven context engineering: progressive context
enrichment in educational assessment; explicit boundaries and verification in healthcare decision support; and context
reconstruction and dynamic constraint refinement in financial-distress prediction. Together, they show that context
engineering is a design activity for constructing and maintaining the domain interfaces through which AI systems
operate in constraint-rich domains.
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