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Abstract
AI-based forensic tools can identify patterns that may indicate criminally relevant behavior. Such technical
signals do not establish whether the legal requirements of a criminal offence are met. In substantive criminal
law, legal assessment follows a doctrinal evaluation process in which individual elements must be examined
in a fixed order and according to dependencies. Intermediate findings may terminate an evaluation branch or
activate an alternative path, such as the assessment of an attempt. Existing AI approaches address different
aspects of legal reasoning, but are not necessarily designed to represent the meta-level constraints governing
doctrinal offence evaluation. This paper presents a conceptual constraint-based model representing this evaluation
logic through dynamically activated evaluation nodes, separating hierarchical legal structure from constraints
governing the evaluation path. In a future implementation, semantic assessment may be performed locally
at individual nodes, while selection and sequencing remain controlled by the constraint model rather than a
language model. The representation is intended to support both complete doctrinal assessment and more limited
investigative evaluations focused on selected offence elements and evidentiary gaps. By making evaluation nodes
and dependencies explicit, the approach provides explainability by design and ensures traceability and auditability.
The manual reconstruction of doctrinal constraints indicates that many rules governing the evaluation path are
not expressed in statutory text, but must be reconstructed from legal doctrine and jurisprudence. Implementation
and empirical evaluation remain future work.
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1. Introduction

AI-based forensic tools can detect patterns of potentially criminal behavior in large communication
datasets such as chat logs containing indicators of cyber-grooming or similar harms [1, 2, 3]. Commercial
forensic tools already use machine learning to analyze large volumes of communication data and flag
relevant content. For example, Magnet.AI, integrated into the Magnet AXIOM platform, uses machine
learning to identify and prioritize chat conversations indicating child grooming or related criminal
activity [4]. These systems act as early-stage filters, highlighting content that may warrant further
legal assessment and contribute to establishing initial suspicion. In policing contexts, such systems
are subject to strict requirements due to their potential impact on fundamental rights, a discussion
reinforced by the EU AI Act, which introduces specific obligations for high-risk AI systems used in law
enforcement [5]. These regulatory requirements do not themselves define how criminal-law assessments
must be structured, but they reinforce the need for legal evaluation processes that remain explicit and
reconstructable.

This raises a central question: what constitutes legal correctness when AI-supported systems contribute
to assessing potentially criminal conduct? Unlike traditional classification tasks, correctness cannot be
evaluated solely against annotated datasets or similarity to past cases. In substantive criminal law,
whether conduct constitutes an offence is determined through a structured evaluation process defined
by doctrinal patterns rather than by textual similarity. Here, doctrinal evaluation logic denotes the
meta-level rules governing this process, not criminal procedure or procedural law. These rules determine
which legal elements become relevant, in which order they may be examined, and how intermediate
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findings may terminate or redirect the evaluation path. Given a candidate offence structure and case
facts, the model represents the activated evaluation path, node states, and evidentiary gaps. German
substantive criminal law provides a suitable domain because criminal liability is already organized
through a structured doctrinal framework [6, 7], whose evaluation logic must be made explicit for
computational representation. While statutory law primarily specifies what must be fulfilled, doctrine
determines how these elements are evaluated in a concrete case. The present work constitutes a
conceptual prototype: it reconstructs and models the meta-level constraints governing this evaluation
process, but does not yet provide an implemented or empirically evaluated reasoning system.

The remainder of the paper is organized as follows. Section 2 reviews related work. Section 3
formulates the problem and outlines the main contributions. Section 4 introduces the constraint-based
procedural model. Section 5 presents its instantiation through activation patterns and a case study.
Section 6 discusses implications. Section 7 addresses limitations and future work. Section 8 concludes.

2. Related Work

Data-driven approaches to detecting criminal behavior in communication data, such as online grooming
detection, rely on machine learning methods applied to chat logs [1, 2, 3]. Related case-based ap-
proaches derive outcomes from similarities to prior cases rather than from explicit doctrinal evaluation
paths [8, 9]. Such approaches are useful for filtering, retrieval, or outcome-oriented reasoning, but
parts of the reasoning process may remain implicit [10]. Argumentation- and dialogue-based mod-
els capture justification structures and formal relations between arguments [11, 12], but they do not
directly represent the internal dependency structure through which offence elements, unlawfulness,
and culpability are doctrinally evaluated. A further challenge concerns the relation between legal
text and formal representation. Even simple logical structures are not reliably preserved when legal
language is translated into formal representations [13]. Taken together, these limitations suggest that
doctrinal evaluation logic cannot be inferred from statutory text or case similarity alone, but must be
reconstructed from legal doctrine and modelled explicitly.

The problem becomes particularly relevant where contexts require different depths of evaluation.
Judicial reasoning requires complete doctrinal evaluation, whereas investigative settings may initially
focus on selected objective elements. A suitable representation must therefore support variation in
evaluation depth while preserving doctrinal validity, transparency, and accountability [6, 14]. Early
symbolic approaches pursued different forms of explicit legal knowledge representation. TAXMAN
modelled legal concepts and their relations [15], while LEGOL provided a formal language for specifying
legal rules [16]. These approaches illustrate the long-standing role of explicit representation in AI and
law [17]. The present work builds on this tradition, but focuses on a narrower modelling problem in
substantive criminal law. In doctrinal offence evaluation, a complete evaluation path is not selected
as a predefined case constellation. Rather, it emerges step by step from the assessment of individual
elements and the intermediate findings produced during that assessment. The rules governing these path
transitions are reconstructed from legal doctrine and represented here as constraints over evaluation
nodes. Process-oriented representations, such as workflow-based or BPMN-style models, can describe
predefined procedural sequences, but usually address organizational or legal procedures rather than the
internal structure of doctrinal offence evaluation.

Knowledge-representation-based approaches, including LegalRuleML [18] and expert-annotated
legal knowledge bases such as JUREX-4E [19], represent legal rules, norms, offence elements, and their
relations in machine-readable form, but remain closer to local representation than to global path control.
Deontic and permission-based approaches formalize normative reasoning at the level of permissions,
obligations, and violations [20]. They address normative status rather than the path-generation logic
that determines which evaluation steps become relevant, how they are sequenced, and when a branch is
terminated or redirected. Recent large languagemodel (LLM)-based approaches offer greater flexibility in
working with textual legal materials and case-specific factual descriptions [21]. This flexibility is relevant
for local subsumption, where evaluation nodes are assessed against variable case facts. Purely LLM-
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driven systems, by contrast, do not reliably reproduce doctrinally valid evaluation sequences, especially
in multi-step legal assessments [22, 23]. Hybrid approaches that combine LLMs with structured
representations partially address this limitation [24, 25, 26, 27, 28]. The central requirement for the
present task is therefore a separation between local semantic assessment and global path control: LLMs
support node-level assessment, while constraints govern the evaluation path.

3. Problem Statement and Contributions

Statutory law defines legal elements and conditions but only partially specifies the meta-level logic
governing their evaluation. The problem addressed here is the representation of doctrinal offence
evaluation as a constraint-governed process. A suitable model must combine hierarchical legal structure
with constraints on activation, prerequisites, ordering, exclusion, and termination, while allowing
local interpretation at evaluation nodes. Building on prior work on structured legal reasoning and
explainability [17, 11, 12, 29], this work focuses on the constraint-based representation of doctrinal
offence evaluation. The proposed approach uses constraints to control the evaluation path, while a future
implementation may use language models for local semantic assessment. The model is conceptual and
has not yet been implemented or empirically evaluated. The paper makes the following contributions:

• We reconstruct meta-level constraints of doctrinal offence evaluation and distinguish those
derivable from statutory text from those requiring doctrinal sources.

• We introduce a conceptual constraint-based model that separates the hierarchical representation
of legal elements from constraints governing the admissible evaluation path.

• We illustrate how the model represents context-dependent evaluation paths with explicit node
states, transitions, and evidentiary gaps.

4. Constraint-Based Procedural Model

This section introduces a constraint-based procedural model that represents legal reasoning as a
structured evaluation process. A central design principle is the separation between hierarchical legal
structure and procedural evaluation logic.

4.1. Structural Backbone

The model adopts the classical doctrinal structure of criminal liability assessment in German criminal
law. At the highest level, evaluation follows the established sequence of fulfillment of offence elements
(FOE), unlawfulness, and culpability. These stages form the hierarchical backbone of the model, as
illustrated in Figure 1.

FOE_subjFOE_obj

Offence

UnlawfulnessFOE Culpability

Figure 1: Hierarchical backbone of criminal liability assessment.

Within this hierarchy, the FOE level is subdivided into objective and subjective components, which are
further organized into more fine-grained elements and substructures. A more detailed representation
of these relations is provided in Figure 3. The hierarchy does not define a sequence of evaluation
steps; it organizes legal elements into nested structural containers of varying granularity. This allows
dependencies to be defined not only between individual elements, but also across groups or higher-level
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structures. The hierarchy provides a static organization of statutory elements and doctrinal refinements,
but does not prescribe how they are evaluated. Some elements interact across multiple parts of the
structure without belonging to a single branch. Modelling these relations within the hierarchy alone
would create cross-cutting dependencies and structural entanglement. Procedural aspects such as
activation, ordering, dependencies, and termination are defined separately through constraints. This
separation between structural representation and procedural control enables flexible, context-dependent
evaluation.

4.2. Mapping Norms to Evaluation Nodes

The model does not operate directly on statutory text, but on a reconstructed procedural structure
derived from legal doctrine. Statutory provisions typically describe offence elements, while the ordered
evaluation process emerges from doctrinal interpretation and jurisprudence. Legal norms must therefore
be mapped onto an abstract evaluation structure before constraint-based modelling can be applied.
This separates textual legal formulations from procedural evaluation logic and allows different offences
to share a common structural backbone. Statutory offences are classified into structural types, such
as result-based (RBO), conduct-based (CBO), or truncated result-based offences (TRBO). These types
determine the general evaluation pattern by specifying which categories of evaluation nodes are
included or omitted. They are not represented as hierarchical nodes, but control which parts of the
shared structure are activated.

On this basis, statutory elements are mapped onto evaluation nodes within the predefined structure.
This mapping does not mirror the textual organization of the norm, but assigns each element to its
functional role within the evaluation process. As a result, different offences can be represented as
variations over a shared structural framework, while preserving their doctrinal evaluation logic. For
example, unauthorized use of a vehicle (§248b StGB) is conduct-based, theft (§242 StGB) is truncated
result-based, and extortion (§253 StGB) is result-based. These classifications directly affect the evaluation
structure. RBO requires nodes such as result, causation, and attribution, whereas CBO omits them.

(1)    Whoever takes movable property belonging to another away from another with the intent of unlawfully
appropriating it for themselves or a third party incurs a penalty of imprisonment for a term not exceeding five
years or a fine.
(2)    The attempt is punishable. Attempt

Object

Further obj. Elements

Act_specific

Further_subj_Elements

Figure 2: Example decomposition of §242 StGB (Theft) into procedural evaluation nodes.

Figure 2 illustrates this mapping for §242 StGB. Statutory language is decomposed into evaluation
nodes according to functional role rather than textual order. For example, the phrase “takes movable
property belonging to another away from another” is linked to the nodes Object and Act_specific, while
intent-related phrases are linked to separate subjective nodes. This fine-grained decomposition captures
distinctions that become relevant in later evaluation steps. Standard doctrinal schemata do not always
separate elements such as Act and Result at this level. These distinctions become critical in subsequent
reasoning. Variations such as attempt, omission, or error doctrines depend on which specific component
of the offence fails.

They can only be represented if individual elements are modelled as separate evaluation nodes. This
element-level mapping differs from IRAC-style reasoning (Issue, Rule, Application, Conclusion), where
the norm is treated as a single unit for subsumption. While IRAC supports coherent local reasoning,
dependencies between individual components remain implicit and cannot be controlled independently.
The division into individual elements is not defined in the law itself. It is derived from criminal law
doctrine. As a result, only a limited subset of procedural constraints can be derived directly from
statutory provisions. Most dependencies between evaluation steps originate from doctrine.
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Type Offence Norm
(StGB) Object Result Act

specific
Further obj
Elements

Causation
Attribution

Further subj
Elements Attempt

CBO Unauthorized use of vehicle §248b + - + + - - +
RBO Extortion §253 - + + + + + +
TRBO Theft §242 + - + + - + +

Table 1: Distribution of statutory elements across evaluation nodes for selected offences. The table
shows how different structural types lead to different activation patterns over the same shared structure.
Depending on the offence type, certain evaluation nodes are included or omitted.

Once elements are mapped onto evaluation nodes, procedural behavior is defined by constraints
operating on the shared structure. Structure types determine which parts of this structure are relevant
for a given offence and define offence-specific relation patterns without modifying the underlying
representation. Norms assigned to the same structural type therefore share the same evaluation logic.
This allows generalization at the level of structural types.

4.3. Constraint Operators

Procedural relations are represented using constraint operators: ACTIVATES for conditional activa-
tion, REQUIRES for prerequisite dependencies, ORDER for evaluation precedence, STOP for termination,
EXCLUDES for incompatibility, XOR for exclusive alternatives, and REF for cross-level references. For
example, ORDER(𝐴, 𝐵) expresses evaluation precedence, and REQUIRES(𝐵, 𝐴) encodes prerequisite de-
pendencies. Together, the operators cover activation, ordering, exclusion, termination, alternative
evaluation paths, and cross-level dependencies in doctrinal reasoning.

We developed the current set of constraint operators iteratively. We initially modelled classical case
examples manually as decision trees for different structure types, covering both objective and subjective
offence elements. This helped us identify the required operator types. Before the doctrinal extraction,
we conducted an exploratory LLM-assisted analysis of the General Part of the German Criminal Code.
This step required approximately 75 hours, including manual review, and supported the mapping of
statutory elements, but yielded only about 40 constraints relevant to the evaluation process. This
reinforced the finding that most meta-level evaluation rules are not expressed directly in statutory text
and must be reconstructed from doctrinal sources. We therefore continued with manual extraction from
doctrinal literature. We first tested and refined the operator set using Roxin/Greco [6] and subsequently
applied it systematically to Rengier [7].

At the current stage of the ongoing reconstruction, we have manually analyzed 134 of 632 pages of
Rengier’s textbook. The extraction and subsequent review required approximately 61 hours. Using
a pattern-based qualitative approach, we abstracted doctrinal statements into constraint templates
and consolidated duplicate instances. The resulting model currently comprises 161 evaluation nodes
and 272 deduplicated constraints across the identified operator types. The extraction and coding were
performed by one researcher and required interpretive decisions when doctrinal statements did not
map unambiguously onto a single node or operator type.

The current model spans multiple layers of doctrinal structure, including core offence evaluation as
well as additional legal prerequisites and related structural components. As the extraction is based on a
limited subset of doctrinal sources, no claims are made regarding the completeness or distribution of
procedural dependencies across the full legal structure. Each operator represents a generalized pattern
observed across multiple doctrinal instances.

Table 2 shows how recurring formulations in doctrinal texts can be mapped to constraint operators.
Core evaluation sequences are described consistently across sources, but some dependencies remain
underspecified or vary between representations. This is especially visible in cross-level relations and
alternative evaluation paths. The constraint-based model makes these differences explicit by requiring
defined relations between evaluation nodes.
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The operator set is not intended to be formally minimal. Some operators may overlap in their effect,
but they capture different semantic roles in legal reasoning. The model prioritizes semantic alignment
with legal doctrine over formal minimality. At the same time, the operator set should be understood as
a structured representation of recurring procedural patterns observed in doctrinal reasoning, not as a
fully formalized system with complete semantics.

Source Paraphrase Constraint

[7], §10 RN 18 Liability for omission requires the existence of a legal duty to
act.

Omission REQUIRES
Duty_to_Act

[7], §12 RN 6 In CBO, result, causation, and objective attribution are not part
of the evaluation.

structure_type_CBO
EXCLUDES Result

[7], §12 RN 9 Causation constitutes an implicit objective element in RBO. structure_type_RBO
ACTIVATES Causation

[7], §12 RN 11 Within the subjective elements of the offence, intent is eval-
uated prior to additional subjective elements, which are only
considered if intent is established.

ORDER(Intent,
Further_Subj_Elements)

[7], §13 RN 2 If objective attribution of the result to the offender fails, the
evaluation of completion is terminated.

Obj_Attribution=false
STOP Completion

[7], §14 RN 5 Subjective elements refer to objective elements REF(Intent,
Obj_Elements)

[7], §14 RN 6 Exactly one form of intent (purpose, direct intent, or condi-
tional intent) applies in a given case.

XOR(Purpose,
Direct_Intent,
Conditional_Intent)

Table 2: Mapping of doctrinal reasoning patterns to constraint operators.

A complete formalization would require a comprehensive and systematically validated reconstruction of
doctrinal dependencies, which is beyond the scope of this work. The current model does not yet provide
full formal semantics for interactions between multiple constraints or consistency guarantees for the
overall evaluation structure. For example, it does not define how to resolve conflicting constraints or
how to prevent circular dependencies between evaluation steps. These aspects remain subjects for
future work.

5. Instantiation of Legal Reasoning through Activation

5.1. Integrated Representation of Legal Evaluation

Legal evaluation results from the interaction between hierarchical structure and constraint operators.
The model represents this interaction as dynamic activation over a shared structural backbone, as
shown in Figure 3. Hierarchical relations organize legal elements, while constraint operators such
as ORDER and XOR determine admissible evaluation paths. Cross-level dependencies are represented
using the reference operator REF. Evaluation proceeds through the activation of nodes based on these
constraints.

For readability, Figure 3 presents a reduced abstraction of the full model. In practice, doctrinal
evaluation exhibits much deeper hierarchical refinement. This is omitted here to highlight the interaction
between structural and procedural components. The visual differentiation of node types reflects a
central limitation of statutory law. Some elements (blue) can be derived directly from statutory or
ontological structures, such as act, object, or result. A substantial part of the evaluation relies on
doctrinally constructed concepts (orange), including causation, attribution, and intent. This distinction
also affects the procedural structure that governs their evaluation.
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FOE_subjFOE_obj

Offence

UnlawfulnessFOE Culpability

Obj_Elements Intent Further
subj_Elements

Negligence MistakeAct_general

Act_specific ResultObject Immediate
Beginning

Causation Attribution

Risk
Creation

Risk
Realization

Equivalence
Theory

Further
obj_Elements

Purpose Conditional
Intent

Direct
Intent

Conscious
Negligence

Unconscious
Negligence

REF

ORDER

ORDER

ORDER ORDER

REF

XOR

Norm-specific
Ontology

RELATES-TO RELATES-TO

R
ELATES-TO

Figure 3: Integrated representation of hierarchical structure, procedural constraints, and semantic dependencies.
Solid edges denote hierarchical relations. Dashed blue edges represent ORDER constraints, dashed green edges
indicate reference relations (REF), and dashed grey edges indicate exemplary links from selected objective
offence elements to a norm-specific ontology (RELATES-TO). Nodes are colour-coded according to their role. Blue
nodes correspond to elements derived from statutory or ontological structures, white nodes denote structural
containers, and orange nodes represent doctrinal concepts. Darker orange indicates core doctrinal concepts
such as causation, attribution, and intent, while lighter orange denotes their internal refinement.

5.2. Procedural Structure and Constraint Interaction

Ordering constraints (ORDER) play a central role in separating structural decomposition from procedural
sequencing. ORDER(A,B) means that A must be evaluated before B, but not necessarily directly before it.
Unlike hierarchical relations, ordering constraints are not limited to parent-child structures, but may
span across different levels of abstraction. Legal reasoning is therefore represented as a partially ordered
evaluation process with dependencies across hierarchical levels rather than as a strictly linear sequence.
For example, a general evaluation step, such as the concept of action, may precede an entire class of
objective offence elements, not just a single node. Ordering relations can therefore be propagated across
the hierarchy, allowing evaluation sequences to be reconstructed from a limited set of constraints.

The hierarchical structure is not intended to cover all levels of legal abstraction. The required
depth is determined by the presence of procedural dependencies, such as activation, termination, or
requirement relations. Nodes below this level mainly serve a definitional role and can be represented
using ontological descriptions without explicit constraint modelling. Some dependencies cannot be
captured through hierarchy or ordering alone. For example, intent is defined in relation to objective
elements, creating cross-level dependencies between otherwise separate branches. These relations
are represented using reference operators (REF), extending the model beyond purely hierarchical or
sequential representations.

This reflects a structural asymmetry between statutory and doctrinal sources. Statutory norms define
elements, but the procedural dependencies governing their evaluation must be reconstructed from
doctrine rather than extracted from legal text. Legal reasoning, therefore, emerges as a multi-layered
process that combines statutory content, doctrinal interpretation, and procedural structuring.
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5.3. Activation Patterns Across Offence Types

The model represents legal reasoning as a dynamic activation over a shared structural backbone rather
than as predefined offence-specific evaluation trees. Different offence types correspond to activation
patterns that select different subsets of nodes. Constraint operators determine which nodes become
active, in which order they are evaluated, and under which conditions evaluation paths terminate.
Figure 4 illustrates this behavior for two structurally different offence types. For clarity, the activation
patterns are reduced to the objective offence elements and their transition to the subjective stage.

Act_general Causation AttributionAct_specific ResultObject

Equivalence_Theory Risk_Creation Risk_Realization

FOE_subj

Act_general Causation AttributionAct_specific Result FOE_subj

Result-based offence

Conduct-based offence

(a)

(b)

Further_obj_Elements

Further_obj_ElementsObject

Figure 4: Activation patterns for (a) a result-based offence and (b) a conduct-based offence within the same
structural model.

In a result-based offence, the objective evaluation follows the sequence Act_general → Object →
Act_specific → Further_obj_Elements → Result → Causation → Attribution, before transitioning to
FOE_subj. In a conduct-based offence the evaluation is limited to Act_general → Object → Act_specific
→ Further_obj_Elements, followed by a direct transition to FOE_subj. This comparison shows that
different offence types correspond to structurally distinct subgraphs within the same model. Both
patterns are derived from the same underlying structure. Differences arise from constraint-governed
activation, not from changes in representation itself. Legal reasoning can therefore be modelled as
a process in which offence-specific evaluation paths emerge dynamically from a shared conceptual
structure.

5.4. Illustrative Case Study

Example: To illustrate the process, consider a simplified forensic scenario. A smartphone extraction
reveals a chat in which the suspect repeatedly demands money and threatens to publish private images
if payment is not made. The account used in the chat can be attributed to the suspect’s device. The
victim refuses payment, and no transfer of money occurs. The threatening content indicates intentional
conduct, but the available evidence does not allow a further specification of the form of intent beyond
this general indication.

Initial offence selection: Before activating a specific evaluation pattern, candidate offence structures
must be identified based on the available facts. These candidates can be obtained using standard retrieval
or classification methods, such as embedding-based similarity or LLM-assisted classification. The model
does not depend on a specific method for this step, as it only requires a set of candidate structures
as input. In the given scenario, the case description yields candidate offence types such as extortion,
coercion, and fraud, which may be ranked according to plausibility. The highest-ranked candidate
determines the structural pattern used for subsequent constraint-based evaluation.

Input
Case facts: “The suspect repeatedly demands money and threatens to publish private images
if payment is not made.”
Candidates: extortion, coercion, fraud

Output
Extortion = likely (confidence: high)
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This initial selection step does not determine the correctness of the subsequent evaluation path itself,
as alternative candidate structures can be evaluated iteratively if required. The selected result-based
offence structure activates the corresponding evaluation nodes and constraint relations. The resulting
activation state reflects the absence of a completed offence and the transition to an attempt structure.
Table 3 summarizes the resulting node states.

Step Node Status

1 Act_general evaluated (+)
2 Act_specific evaluated (+)
3 Further_obj_Elements evaluated (+)
4 Result not satisfied
5a Completion not satisfied
5b Causation / Attribution not activated (REQUIRES Result)
6 Attempt activated (+)
7 Intent evaluated (unspecified)
8 Purpose / Direct_Intent / Conditional_Intent XOR unresolved (Intent types)
9 Unlawfulness not activated
10 Culpability not activated
11 Mistake-related nodes not activated

Table 3: Node states for the illustrative case.

The absence of a result prevents the activation of downstream nodes such as Causation and Attribution,
which depend on a satisfied result. Instead, the evaluation is redirected to the attempt branch, where
Attempt is activated. The subjective element Intent can be evaluated at a general level, as the threatening
content indicates intentional conduct but remains unspecified due to the lack of confirming evidence.
As a consequence, the exclusive alternatives represented through XOR (e.g., purpose, direct intent,
conditional intent) remain unresolved. Because the transition to subsequent stages depends on the
completion of prior evaluation steps, nodes such as Unlawfulness, Culpability, and mistake-related
elements are not activated. The evaluation path is therefore determined by constraint dependencies
that block completion, activate the attempt branch, and prevent further progression until unresolved
elements are addressed.

Beyond illustrating the evaluation process, the example also highlights the model’s ability to identify
incomplete evidentiary coverage. While several objective elements can be evaluated based on the
available evidence, other components, such as the specification of intent or the conditions required
for completion, remain unresolved. This makes it possible to systematically detect which elements
of a legally relevant evaluation path are not sufficiently supported by the current evidence. In an
investigation context, such incomplete activation patterns can indicate where additional information
is required before a case can be forwarded for prosecutorial or judicial review. The model, therefore,
not only supports the assessment of existing evidence but also helps identify gaps in the investigative
process.

5.5. Structured Representation of Constraint-Based Activation

5.5.1. Graph Representation and Node States

The model represents doctrinal offence evaluation as a directed graph 𝐺 = (𝑁 , 𝐸ℎ, 𝐸𝑐), where 𝑁 is the set
of evaluation nodes, 𝐸ℎ represents hierarchical relations, and 𝐸𝑐 represents constraint-based relations
between nodes. Each node 𝑛 ∈ 𝑁 is assigned an activation state

𝑠(𝑛) ∈ {inactive, active, evaluated, excluded}.

For evaluated nodes, the assessment result is represented separately as

𝑟(𝑛) ∈ {satisfied, not satisfied, unresolved}.
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This distinction separates whether a node is part of the evaluation path from the outcome of its legal
assessment. All nodes are defined within a controlled vocabulary with unique identifiers and fixed
hierarchical positions.

5.5.2. Activation Process

The activation process proceeds as follows:

1. Initialize all nodes as inactive.
2. Select one or more candidate legal provisions and activate the nodes associated with their

corresponding offence structure.
3. Activate further nodes when their prerequisites and applicable activation conditions are satisfied.
4. Restrict the evaluation sequence according to applicable ORDER constraints.
5. Assess active nodes and assign an assessment result of satisfied, not satisfied, or unresolved.
6. Update the evaluation path by applying constraints such as ACTIVATES, EXCLUDES, STOP, XOR,

and REF.

Initialization requires selecting one or more candidate legal provisions as entry points for the evaluation,
corresponding in practice to an early-stage case assessment based on the available evidence. The model
evaluates concrete statutory provisions, while offence categories determine the corresponding structural
pattern. These provisions may themselves be hierarchically related, for example, as basic offences and
their qualified forms.

Candidate provisions can be identified using similarity-based methods, such as embedding-based
retrieval or case analogy. Depending on a predefined threshold, multiple candidate norms may be
selected and evaluated sequentially. Their evaluation order may be guided by structural dependencies.
For example, basic offence definitions may be evaluated before qualified or aggravated variants. Without
this initialization step, the model would either require exhaustive evaluation across all offence types or
remain non-operational.

5.5.3. Activation Conditions and Assessment Results

A node becomes active when it is included in the selected offence structure, its applicable prerequisites
are satisfied, and no constraint excludes or terminates its evaluation. Activation does not mean that the
corresponding legal condition is satisfied. It only indicates that the node forms part of the legally relevant
evaluation path and is eligible for assessment. Prerequisite relations such as REQUIRES determine
whether dependent nodes may become active, while ACTIVATES, EXCLUDES, and STOP may add nodes
to the evaluation path, remove them, or terminate a branch. By contrast, ORDER does not determine
activation, but restricts the sequence in which active nodes may be evaluated. Later assessment results
may exclude nodes that were previously active. In such cases, their activation state is revised to excluded.
The current formulation is intentionally semi-formal. Full formal semantics, consistency guarantees,
and the resolution of interactions between multiple constraints remain subjects for future work.

5.6. Execution Model and LLM Integration

The model does not delegate doctrinal path control to the language model. Instead, the LLM is used only
for local subsumption at individual evaluation nodes. Procedural aspects of the evaluation, including
activation, ordering, dependencies, and termination, remain governed by the constraint system. The
LLM therefore does not control the evaluation order, select offence types, or decide transitions between
evaluation branches, such as completion or attempt.

At the semantic level, statutory norms and doctrinal definitions are associated with individual
evaluation nodes. Rather than encoding all semantic detail within the procedural model, nodes act as
interfaces to underlying representations of legal concepts, for example, in structured ontological formats.
During evaluation, the constraint system determines which nodes are eligible for assessment. For each
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eligible node, the LLM receives the relevant case facts together with a node-specific representation of
the corresponding legal condition. It returns a structured node assessment, such as satisfied, not satisfied,
or unresolved, together with a short justification grounded in the provided facts and legal conditions.
This output updates the state of the evaluated node and may trigger further constraint-based activation,
but it does not determine which node is evaluated next.

Evaluation generally proceeds node by node, but closely related groups of nodes may be processed
jointly to preserve semantic coherence. This differs from rule-based approaches such as LegalRuleML,
where legal evaluation is represented through explicit rules, and relevant conditions must be specified
within the rule definitions. The proposed model allows semantically related elements to be assessed
within a shared context window, while the overall evaluation process remains controlled by constraints.
This avoids unnecessary fragmentation of related elements without delegating activation, ordering, or
termination to the LLM.

For example, when evaluating an Intent node, the LLM may receive a description of the suspect’s
behavior together with a structured definition of intent. It may return that intent is satisfied, not
satisfied, or unresolved, together with a short justification. The resulting node assessment is then
processed by the constraint system, which determines whether further subjective elements, alternative
intent types, or downstream evaluation steps become active. Global reasoning thus emerges from a
sequence of locally controlled assessments rather than from a single language-model inference. This
separation between constraint-based control and LLM-based interpretation keeps procedural decisions
and semantic evaluations explicitly represented.

6. Discussion

The proposed model treats the evaluation path as part of legal correctness. Correctness, therefore,
depends not only on the outcome but also on compliance with ordering, dependency, and termination
constraints. This reflects doctrinal practice, where the validity of a legal conclusion depends on the
correct sequence and structure of evaluation steps. Two systems may therefore reach the same outcome
while differing in legal correctness, depending on whether the evaluation path adheres to doctrinal
requirements.

This has direct implications for explainability and forensic use. Each evaluation step is explicitly
represented as a node with defined activation conditions, making the reasoning process traceable. Unlike
post hoc explanation methods that reconstruct justifications from amodel’s internal reasoning trace [30],
explainability here is embedded in the procedural structure itself, resulting in explainability by design.
This is particularly relevant in investigative contexts, where partial evaluation may already inform
decision-making. Judicial settings, by contrast, require complete and procedurally valid evaluation
paths. The approach also enables early-stage prototyping, as AI components can be evaluated on
controlled sub-paths without requiring a fully automated system.

The reconstruction of procedural constraints in this work highlights structural limitations in both
statutory and doctrinal sources. Only a limited subset of constraints could be derived directly from
statutory text, while most procedural dependencies had to be reconstructed from doctrine. In addition,
some dependencies remained underspecified even at the doctrinal level.

By requiring explicit modelling of dependencies, the approach exposes implicit assumptions and
structural ambiguities that remain hidden in traditional representations of legal reasoning. The concrete
instantiation of the model is domain-specific and reflects the doctrinal structure of German criminal law,
which provides a particularly well-developed evaluation framework. At the same time, the modelling
approach itself is not tied to a specific jurisdiction. Representing legal reasoning as a constraint-
governed activation process provides a general modelling paradigm that can be adapted to other legal
systems by redefining nodes, constraints, and structural relations. While the resulting evaluation graphs
are jurisdiction-dependent, the underlying modelling approach remains transferable and can support
explainable AI in high-stakes legal domains.
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7. Limitations and Future Work

The proposed model represents a preliminary reconstruction based on a limited subset of doctrinal 
sources. The extraction and paraphrasing of constraints from doctrinal textbooks was performed 
manually by a single researcher and is therefore subjective. This manual process was necessary because 
the publisher explicitly prohibits using these materials for model training or automated processing. 
While statutory texts in Germany are freely available, many doctrinal sources are subject to strict 
copyright and licensing restrictions. This limits automated or semi-automated constraint extraction 
from doctrinal materials. Accordingly, a future implementation would not require training a language 
model on copyrighted doctrinal sources. Instead, the LLM would operate on legally permissible, node-
specific representations derived from the manually reconstructed constraint model and associated legal 
conditions.

A further challenge arises from the scalability of this approach and the variability of doctrinal reason-
ing. Extending the analysis to larger domains, additional textbooks, commentaries, or international legal 
codes may require substantial manual effort. Different authors and legal authorities adopt diverging 
approaches to structuring evaluation processes. This indicates that procedural representations are not 
uniquely determined, but depend on interpretative choices. Accordingly, the proposed model should be 
understood as a conceptual formalization of one coherent doctrinal perspective rather than a definitive 
representation of legal reasoning.

Future work will focus on extending constraint extraction across a broader range of doctrinal sources. 
This will enable systematic comparison between alternative doctrinal models. It will also explore legally 
permissible semi-automated or LLM-based approaches where copyright or licensing restrictions allow. 
This may support the identification of stable core structures as well as context-dependent variations 
and contribute to refining the operator s et. Future work also includes implementing the model and 
evaluating it on legal case scenarios. The evaluation will distinguish between node-level correctness, 
the doctrinal validity of the resulting evaluation path, and the identification of unresolved evidentiary 
requirements. The model-generated paths will be compared with expert-validated legal assessments.

8. Conclusion

This paper addressed the explicit representation of doctrinal evaluation structure in AI-based legal 
reasoning. While statutory law defines legal elements and conditions, the ordered sequence of evaluation 
steps, their dependencies, and activation conditions emerge from legal doctrine and are not directly 
encoded in legal texts. For the task considered here, legal correctness cannot be reduced to predictive 
accuracy or similarity to annotated data. It also depends on adherence to a doctrinally valid evaluation 
path. Based on this, the paper introduced a constraint-based activation model that reconstructs doctrinal 
evaluation logic as a system of dynamically activated evaluation nodes governed by constraints. The 
model separates hierarchical legal structure from doctrinal evaluation logic and represents evaluation 
sequences across different contexts.

The model embeds activation, ordering, dependency, and termination conditions directly into the
evaluation process. This supports traceability, auditability, and explainability by design. In a future 
implementation, language models can be used as local subsumption tools without controlling the evalu-
ation structure. Modelling doctrinal offence evaluation requires explicit representations of evaluation 
logic in addition to text-based or outcome-oriented approaches. In high-stakes applications such as 
forensic AI, predictive performance alone is not sufficient.

Declaration on Generative AI The authors used ChatGPT (OpenAI) to assist with text revision, 
restructuring, and formulation of passages, as well as to improve clarity and conciseness. The tool was 
also used to support the iterative refinement of argumentation and the organization of sections. All AI-
generated suggestions were critically reviewed, adapted, and validated by the authors to ensure 
correctness, coherence, and alignment with the intended scientific contribution.
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