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Abstract. Modern agentic Al frameworks such as AutoGen, CrewAl,
LangGraph, and Mastra Al encode agent roles, tasks, tools, and work-
flow logic directly in framework-specific code, which makes these de-
signs difficult to inspect, compare, reuse, or audit. We present an LLM-
guided pipeline that maps heterogeneous agentic workflows to knowledge
graphs compliant with the Agentic AT Ontology (AgentO), a framework-
independent, RDF /OWL-based vocabulary for agents, tasks, goals, tools,
and workflow patterns. The pipeline concatenates each pattern’s source
files as context, applies an ontology-grounded prompt to a large lan-
guage model, and validates the resulting Turtle output before publishing
it to a knowledge graph. Across four frameworks, we assess syntactic va-
lidity, semantic completeness, and semantic conformance, and compare
prompting strategies and backend models. The pipeline produces valid
knowledge graphs, with relation extraction remaining the main bottle-
neck. Prompt design, not model choice, is the dominant lever on extrac-
tion quality.

Keywords: Agentic Al - Knowledge Graphs - Ontology Population -
Large Language Models

1 Introduction

Agentic Al systems — defined by autonomy, goal-directed behaviour, and coor-
dinated action across multiple agents [1] — are increasingly trusted to orches-
trate complex, multi-step workflows in domains as varied as cybersecurity [2],
financial services [3], industrial supply chains [4], healthcare [5], and scientific
discovery [6]. Frameworks such as AutoGen [7], CrewAlI [8], LangGraph [9], and
Mastra AI [10] give agents roles, goals, and tools to plan and carry out these
workflows, but adoption has outpaced standardization: each framework encodes
agent logic and coordination in its own ad-hoc code and configuration, with no
shared, machine-readable representation underneath. This tight coupling makes
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agentic systems difficult to inspect, compare across frameworks, reuse, and audit
— shortcomings that matter more as such systems enter regulated domains [11].

Knowledge graphs and ontologies address exactly this gap: they give entities
and relations an explicit, queryable, machine-readable structure [12]. The Agen-
tic AT Ontology (AgentO) [18] was designed for this purpose, formally capturing
agents, tasks, goals, tools, resources, and workflow patterns independently of any
particular framework. But hand-authoring AgentO instances for the large body
of existing agentic implementations does not scale. This paper addresses that
gap: can existing, framework-specific agentic AI implementations be automati-
cally lifted into ontology-compliant knowledge graphs, and how reliable is such a
construction process?

We present and evaluate an LLM-guided pipeline that concatenates a pat-
tern’s source files as context, applies an ontology-grounded prompt treating
AgentO as a fixed schema, and validates the resulting Turtle output. LLMs are
well suited here because source code varies in structure, naming, and complete-
ness across frameworks, and carries semantically relevant content in natural-
language fields that rule-based parsers cannot generalize across. Anchoring gen-
eration to the ontology schema constrains hallucination risk [19] while allowing
the LLM to bridge framework-specific idioms. We evaluate the pipeline on 50
existing agentic patterns spanning four frameworks across four axes: (i) syn-
tactic validity; (i) semantic completeness via precision, recall, and F; under a
six-variant, two-stage prompt ablation; (iii) semantic conformance via SHACL;
and (iv) sensitivity to backend LLM choice.

The remainder of this paper is organized as follows: Section 2 surveys related
work; Section 3 recapitulates AgentO; Section 4 describes the pipeline; Section 5
reports the evaluation; Section 6 discusses results and threats to validity; and
Section 8 concludes.

2 Related Work

Semantic Web and Agentic AI Agent-based mediation across heterogeneous en-
vironments was part of the Semantic Web vision from the outset [21], extending
to semantic service annotation (WSMO, WSDL-S) before machine learning ab-
sorbed much of its intended role [22]. What endured is the knowledge graph as
a practical mechanism for machine-interpretable entity and relation representa-
tion [12]. Modern agentic Al systems — LLM agents that plan, invoke tools, and
coordinate beyond single-pass inference [23] — are served by frameworks such
as AutoGen, CrewAl, and LangGraph [7,8,9], none of which provide seman-
tic portability across framework boundaries. AgentO [18] takes up the original
agent-oriented vision under a durable KG representation, offering a framework-
independent vocabulary for agents, tasks, goals, tools, and workflow patterns.

LLM-Based Knowledge Graph Construction and Ontology Population LLMs are
increasingly used to construct and populate knowledge graphs from text [13]. On-
tology learning approaches such as LLMs4OL induce ontology structure in a zero-
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shot setting over open vocabularies [14]. SPIRES/OntoGPT performs schema-
constrained, zero-shot extraction of instance data from natural-language text
against a fixed ontology [15]. Recent work further shows that LLMs can produce
high-quality KGs from unstructured and semi-structured text when guided by
ontology constraints [16,17]. Our pipeline shares this schema-constrained, zero-
shot design but differs in extraction target: rather than extracting from natural-
language prose, it populates AgentO from heterogeneous agentic Al source code.

Gap Where knowledge graphs have previously met agentic systems, the graph
has typically served as a runtime resource that an agent consults while reason-
ing or retrieving information, rather than as a specification of the agent system
itself. Earlier work on knowledge-graph-enhanced RAG for cybersecurity analy-
sis [24] is an instance of this pattern: the graph is queried at inference time, not
used to describe the agents doing the querying. At the same time, the multi-
agent LLM frameworks discussed above seldom expose their own agents, tasks,
and coordination logic through a shared, machine-readable vocabulary, leaving
most of this ecosystem unqueryable and incomparable across framework bound-
aries. This paper targets that gap directly: it treats agentic Al source code as
an extraction corpus and AgentO as a fixed target schema, and systematically
evaluates how reliably existing, framework-specific implementations can be lifted
into a single, declarative, cross-framework knowledge graph.

3 The AgentO Ontology

The construction pipeline targets the Agentic Al Ontology (AgentO) [18], an
OWL/RDF vocabulary built bottom-up from a survey of widely used agen-
tic AI frameworks following standard ontology engineering practice [25]: iden-
tifying recurring components across CrewAl, AutoGen, LangGraph, and Mas-
tra Al implementations (Agent, Task, Tool, ...), modelling the relationships
and workflow patterns (sequential, parallel, nested) that connect them, and
formalizing the result as OWL classes and properties. AgentO reuses estab-
lished Semantic Web vocabulary where it fits — prov: Agent from PROV-O [26],
pplan:Plan/pplan:Step from P-Plan [27], and beam:Resource from the Box-
ology/BEAM notation 28] — and functions as a fixed, framework-independent
target schema for extraction completeness. Because it was distilled from the same
four frameworks it is here evaluated against, this pairing introduces a construct-
validity concern— the ontology may be better suited to represent the four studied
frameworks than agentic systems in general — which Section 7 addresses.

Table 1 lists the core classes the pipeline instantiates (a :Team of :LLMAgent
individuals executes a :WorkflowPattern of ordered :WorkflowStep individ-
uals, each tied to a :Task that may draw on a :Tool and a :Resource); the
complete class and property listing, the ontology file, and a diagram of how these
classes relate are available in the project’s public repository.®

® https://github.com/raviearjun/agentic-generator-paper
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Table 1. Core AgentO classes instantiated during construction (excerpt; the full listing
is available in the project repository).

Class Role in a construction instance

:Team Coordinated group of agents pursuing a shared
goal

:LLMAgent Autonomous agent based on a language model

:Task Concrete activity performed by an agent

:Tool / :Resource Instrument used by, or asset consumed by, a
task

:WorkflowPattern / :WorkflowStep Reusable workflow structure and its steps

:Prompt / :Config Agent instructions and configuration settings

4 LLM-Guided Knowledge Graph Construction

This section describes the pipeline that operationalizes AgentO by lifting ex-
isting, framework-specific agentic workflows into ontology-compliant knowledge
graphs. Unlike the inverse, KG-to-code compilation direction, which is determin-
istic and template-driven, construction is inherently an open-ended extraction
problem: source code varies in structure, naming conventions, and completeness
across frameworks, and the mapping from framework-specific constructs to ontol-
ogy terms is neither one-to-one nor predictable from a fixed grammar. A conven-
tional, rule-based or AST-based extractor would require a hand-crafted parser
per framework, and could not generalize to the implicit conventions, natural-
language fields (agent roles, task descriptions, goal text), and configuration id-
ioms that carry most of the semantically relevant content. An LLM guided by a
fixed ontology schema handles these variations without per-framework engineer-
ing: the schema closes the vocabulary, and the LLM supplies the cross-framework
generalization. The pipeline therefore relies on an LLM as the extraction engine,
constrained by the AgentO schema. The pipeline consists of four stages, de-
scribed in turn and summarized in Figure 1.

1. Source Pattern Collection We collected existing agentic workflows from the
official public example repositories of each framework: 6 from AutoGen, 16 from
CrewAl, 8 from LangGraph, and 20 from Mastra AI (50 patterns in total).
Patterns were selected to represent the range of workflow types each framework
supports (single-agent, multi-agent, sequential, parallel, tool-using, and memory-
augmented), prioritizing examples with self-contained source files and excluding
pure SDK wrappers or frontend-only code that contain no genuine agentic im-
plementation. The project repository lists each pattern with its framework, tool
usage, and workflow type. These patterns are hard-coded configurations within
Python or TypeScript files — for example, a CrewAl agent is instantiated with
a role, goal, backstory, and a list of tools, and is assigned one or more Task
objects with a description and expected_output, which are then composed
into a Crew that coordinates execution.
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Fig. 1. Overview of the LLM-guided knowledge graph construction pipeline: Source
Pattern Collection, Extraction and Ontology Mapping, Evaluation, and KG Generation
and Publishing.

2. Pattern Eaxtraction and Ontology Mapping For each pattern, every source
file belonging to that pattern is concatenated into a single context and passed,
together with an ontology-grounded prompt, to an LLM. The prompt treats
the ontology as a closed, fixed schema: the model is instructed to instantiate
only existing AgentO classes and properties, to preserve source information as
literals or relations rather than paraphrasing it away, and to record any concept
it cannot express in the current schema in a structured Issues/Assumptions
header rather than inventing new vocabulary. This constraint is what keeps the
resulting KG’s vocabulary closed and lets it be evaluated against a fixed gold
standard (Section 5.1). All primary extractions use GPT-5-mini via API access;
Section 5.2 additionally compares this backend against two alternative LLMs.
Listing 1.1 shows a representative excerpt of the generated Turtle for the CrewAl
Game Builder Crew pattern (one of the 41 SHACL-evaluable files summarized
in Table 5), illustrating the : Team/:LLMAgent structure the pipeline instantiates
from source code.

1| :team_game_builder rdf:type :Team ;

2 dcterms:title "GameBuilderCrew"

3 :hasAgentMember :agent_senior_engineer , :agent_qa_engineer ,
1 :agent_chief_qa_engineer ;

5 :hasWorkflowPattern :wp_sequential ;

6 :hasTeamGoal :goal_team
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:agent_chief_qa_engineer rdf:type :LLMAgent ;
:agentID "chief_qa_engineer_agent" ;
:agentRole "Chief Software Quality Control Engineer" ;
:agentPrompt :prompt_chief_qa_engineer ;
:useLanguageModel :1m_gpt4o ;
:hasAgentGoal :goal_chief_qa_engineer ;
:agentToolUsage :tool_openai_api , :tool_serper .

Listing 1.1. Representative excerpt of generated Turtle for the CrewAI Game Builder
Crew pattern.

3. Evaluation and Publishing Each generated Turtle file is parsed via rdf1ib for
syntax validity, scored for semantic completeness against a per-framework gold
standard, and validated with pySHACL. Validated output across all patterns is
compiled into a single RDF graph hosted in a triple store and made publicly
queryable via SPARQL, turning each pattern into a queryable instance of a
shared vocabulary.

5 Evaluation

This section presents a systematic evaluation of the KG construction pipeline.
The evaluation is structured around three evaluation questions. EQ1: How re-
liably does the extraction pipeline produce syntactically valid RDF/OWL out-
put across frameworks and models? EQ2: Which prompting strategies most
effectively guide an LLM in populating the KG? EQ3: How do different LLM
backends compare as extraction engines? Beyond these three questions, we ad-
ditionally assess whether the extracted knowledge graph conforms semantically
to the ontology’s constraints, beyond mere completeness, via SHACL validation.

5.1 Setup and Metrics

The evaluation dataset comprises the 50 patterns described in Section 4 (6 Auto-
Gen, 16 CrewAl, 8 LangGraph, 20 Mastra AI), evaluated in two parts: a prompt
ablation evaluates six prompt variants, PO-P5%, in two stages — Stage 1 runs
GPT-5-mini on 5 controlled examples per framework (20 total, identical across
prompts), and Stage 2 reruns the three best Stage-1 prompts on the full per-
framework set (6-20 examples) for a more reliable estimate (PO is the baseline;
P1 strips it to the core objective; P2 adds structured extraction rules; P3 adds
two-phase, analyze-then-generate reasoning; P4 adds a self-validation checklist;
P5 adds framework-specific mapping guidance on top of P2); and a model com-
parison evaluates GPT-5-mini, Claude Opus 4.8, and Gemini 2.5 Flash on iden-
tical prompts and source code, using the best prompt and framework from the
ablation (CrewAl, P5) to isolate the effect of the model itself.

5 The complete prompt texts are provided in the project’s public repository,
https://github.com/raviearjun/agentic-generator-paper/tree/main/script_
to_kg/prompts.
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Three metrics are reported. Syntaz validity: a file is valid if it parses without
error as an RDF graph via rdflib; only valid files proceed to semantic scor-
ing. Eztraction quality: for each level I € {cls, obj, data}, a generated file G is
compared to a per-framework gold standard G f7. False positives are defined as
terms present in G but absent from the full ontology schema, not merely absent
from Gy: valid ontology terms outside the gold set are not penalized, as they
represent legitimate but non-mandatory extractions. — True Positives are Gy
terms present in G, False Negatives are Gy terms missing from G, and False
Positives are terms in G undefined in the ontology (valid terms outside G but
within the schema are not penalized, as legitimate extrapolations); the three Fy
scores are macro-averaged:

F cls F obj F ata
Macro-Fy — L1e! + 1,317]+ Ldata. (1)

rewarding completeness and penalizing schema invention. Semantic conformance:
since precision/recall/F; check only whether expected terms are present, not
whether they are used correctly, every file is additionally validated with pySHACL
against a shapes® auto-derived from the ontology’s domain, range, and datatype
declarations (framework-agnostic, applied uniformly). Eight minimum-cardinality
constraints (e.g., every :LLMAgent should have an :agentID) are encoded as
sh:Warning rather than sh:Violation to separate soft completeness gaps from
hard errors.

5.2 Extraction Evaluation Results

Syntax Validity (EQ1) Of the 265 generated files across the full dataset (all
prompt variants, models, and frameworks combined), 254 are syntax-valid (95.8%).
All 22 Claude files” and all 33 Gemini files'? are valid (100%); 11 of 210 GPT-5-
mini files'! fail (94.8% validity), with 2 failures out of 50 files on prompt P5. By

e ¢ is a manually curated set of AgentO classes, object properties, and data proper-

ties that a correct extraction of a typical pattern from framework f should contain.

One annotator (a co-author with knowledge of both AgentO and the target frame-

works) examined representative patterns per framework and identified the AgentO

terms any well-formed extraction should include (e.g., every CrewAl pattern has

agents, tasks, a workflow, and config entries, so the gold set includes :LLMAgent,

:Task, :WorkflowPattern, and their connecting properties). Per-example overrides

were added where a pattern legitimately deviates from the framework baseline (e.g.,

a single-agent example has no : Team; an example without external tools has no : Tool

or :agentToolUsage)

The complete SHACL shape file is available at https://github.com/raviearjun/

agentic-generator-paper/blob/main/script_to_kg/evaluation/shacl/core.

shapes.ttl

9 16 CrewAl files using prompt P5, 2 CrewAl files using PO, 1 CrewAl file each for
prompts P1-P4 generated during experimentation

1016 CrewAl files using prompt P5; 3 CrewAl files each for PO, P1, and P3; 4 CrewAl
files each for P2 and P4 generated during experimentation

11 Files generated from all experiments
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framework, AutoGen reaches 100% validity, CrewAlI 99.2%, LangGraph 94.9%,
and Mastra ATl 89.3%. All 11 invalid files share a single error class — a multi-
line string literal delimited with a single-quoted rather than triple-quoted string,
causing the parser to fail at the first embedded newline — distributed across Cre-
wAI, LangGraph, and Mastra Al examples and multiple prompts, indicating
a stochastic generation artefact rather than a framework- or example-specific
failure.

Prompt Ablation (EQ2) Table 2 reports Stage-1 results (5 examples per frame-
work, controlled). P4 (self-validation checklist) achieves the highest controlled
macro-F; (0.959), closely followed by P2 (0.957) and P5 (0.951). P1 scores below
the PO baseline (0.901 versus 0.929), indicating that extraction directives alone,
without format or content guidance, narrow the model’s scope; P2 recovers by
adding ontology formatting rules, and P3’s chain-of-thought instructions add a
smaller gain.

Table 2. Prompt ablation Stage 1 (GPT-5-mini, 5 examples per framework, con-
trolled). Macro-F; averages class-, object-property-, and data-property-level F1 across
all four frameworks.

Prompt Description Cls Fy Obj Fy Data Fy Macro Fi
PO Baseline (schema only) 0.913 0.915 0.958  0.929
P1 — detailed instructions 0.919 0.890 0.893 0.901
P2 + explicit ontology rules 0.936 0.949 0.985 0.957

P3 + chain-of-thought reasoning 0.950 0.921 0.948 0.940
P4 + self-validation checklist 0.967 0.963 0.948 0.959
P5 + framework-specific terms  0.956 0.967 0.930 0.951

In Stage 2, P2, P4, and P5 are each run over the full per-framework example
set (Table 3). On this larger sample, P5 outperforms P2 and P4 (macro-F;
0.954 versus 0.881 and 0.935), establishing P5 as the best-performing prompt
overall and the prompt selected for the model comparison. This reversal between
stages is consistent with P5’s framework-specific rules providing greater marginal
benefit as source-code diversity grows, while P4’s generic validation checklist
already suffices on small, homogeneous samples.

Table 3. Prompt ablation Stage 2 (GPT-5-mini, 6-20 examples per framework, full
sample).

Prompt Description Cls Fy Obj Fy Data Fy Macro Fi

P2 + explicit ontology rules 0.867 0.868 0.908 0.881
P4 + self-validation checklist 0.940 0.950 0.915 0.935
P5 + framework-specific terms  0.952 0.965 0.945 0.954
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Model Comparison (EQ3) Table 4 compares the three backends on CrewAlI with
prompt P5 (16 examples each, all valid). Under the best prompt, all three con-
verge to high quality: the macro-F; spread is only 0.013 points (0.974-0.987).
GPT-5-mini leads or ties on every dimension, with perfect data-property F;
and the highest object-property Fy (0.967); Claude Opus 4.8 matches its data-
property score and trails overall by 0.007; Gemini 2.5 Flash trails by 0.013 but
is fastest at 26.3 s per file, under half of GPT-5-mini’s 54.0 s, making it the most
cost-efficient choice when latency matters. Object-property Fy (0.950-0.967) re-
mains the weakest, most discriminating dimension, consistent with the relation-
extraction bottleneck above.

Table 4. Model comparison on CrewAl with prompt P5 (16 examples each, all valid).
Avg. time is mean wall-clock seconds per generated file.

Model Cls F1 Obj Fy Data F1 Macro F1 Avg. time (s)
GPT-5-mini 0.994 0.967 1.000 0.987 54.0
Claude Opus 4.8 0.990 0.950 1.000 0.980 35.1
Gemini 2.5 Flash 0.984 0.950 0.990 0.974 26.3

Semantic Conformance Six of the 50 P5/GPT-5-mini files were excluded (no
genuine agentic implementation) and three failed parsing, leaving 41 evaluable
files. Overall, 30 of 41 (73.2%) are fully conformant; LangGraph is fully con-
formant (5/5), while the highest non-conformance rates are AutoGen (3/6) and
Mastra AI (5/15). Non-conformant files fail at most 2 of 49 rules; 71.9% of
all violations stem from :requiresResource and :producedResource point-
ing at a :Tool instead of the required beam:Resource. The higher rates for
AutoGen and Mastra Al reflect their richer resource usage patterns: AutoGen
examples frequently pass data objects between agents as resources, and Mas-
tra Al workflows explicitly define tool outputs as inputs to subsequent steps —
both idioms prompt the model to use :requiresResource/:producedResource,
where it then assigns the already-declared :Tool individual rather than a sep-
arate beam:Resource. LangGraph’s full conformance corresponds to its exam-
ples’ simpler, graph-edge-driven data flow, which does not trigger these prop-
erties. In practical terms, SPARQL queries over agents, tasks, goals, and work-
flow structure remain unaffected; only resource-flow queries encounter incorrect
range values in non-conformant files. Tightening the prompt to explicitly distin-
guish a consumed /produced resource from a tool an agent uses would eliminate
this violation class. All six warnings are missing :hasWorkflowStep links on
:WorkflowPattern individuals.

Listing 1.2 shows the SHACL shape underlying the dominant violation class
together with an illustrative violating instance from the CrewAl Game Builder
Crew pattern, consistent with the one violation reported for that file in the
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Table 5. SHACL conformance summary by framework (P5/GPT-5-mini corpus: 44
files remaining after exclusions, of which 41 are evaluable).

Framework Files Conformant Non-conformant Parse error

AutoGen 6 3 3 0
CrewAl 16 12 3 1
LangGraph 5 5 0 0
Mastra AI 17 10 5 2
Total 44 30 11 3

project’s SHACL evaluation reports: :requiresResource points at a :Tool in-
dividual where a beam:Resource is required.

:TaskShape a sh:NodeShape ;
sh:targetClass :Task ;

sh:property [ sh:path :requiresResource ; sh:class beam:Resource ;
sh:severity sh:Violation ; ] ;

sh:property [ sh:path :producedResource ; sh:class beam:Resource ;
sh:severity sh:Violation ; ]

:code_review_task a :Task ;
:performedByAgent :qa_engineer_agent ;
:requiresResource :static_analysis_tool
# Violation: typed :Tool, not beam:Resource

3| :static_analysis_tool a :Tool ;

:hasCapability :capability_lint_python_code

Listing 1.2. SHACL shape enforcing that :requiresResource/:producedResource
must reference a beam:Resource individual (top), and an illustrative violation where
:static_analysis_tool is typed :Tool instead (bottom).

Taken together with the completeness results above, these findings indicate
that the extraction pipeline’s residual error concentrates less in missing the right
ontology terms (already high per the macro-F; scores) and more in a narrow,
systematic misuse of two specific relations. In practical terms, the 26.8% of
files with at least one violation still pass all other shape constraints; a down-
stream SPARQL query over :requiresResource or :producedResource would
encounter incorrect range values in those files, but queries over agents, tasks,
goals, tools, and workflow structure — the majority of the graph — would be unaf-
fected. The prompt guidance for :requiresResource / :producedResource can
be tightened to explicitly distinguish “a beam:Resource consumed or produced
by a task” from “a :Tool the agent uses,” which would eliminate this violation
class independently of any change to completeness-oriented prompting.

6 Discussion

Ontology-grounded prompt engineering is the dominant lever on extraction qual-
ity Each added layer of ontology grounding, structured guidance, and validation
instructions raises macro-F; (Table 2), and framework-specific mapping guidance




Constructing Knowledge Graphs from Agentic Al Frameworks 11

pushes it highest once source-code diversity grows (Table 3). The advantage of
that guidance narrows on small, homogeneous samples, where a generic valida-
tion checklist already suffices — consistent with framework-specific rules paying
off more as the corpus grows more heterogeneous.

Relation extraction is the principal bottleneck, not entity extraction Object-
property F is consistently the lowest and most variable metric. Relations stated
directly in source code (:performedByAgent, :useLanguageModel) are recov-
ered reliably, whereas relations that require connecting information spread across
several entities (:hasTeamGoal, :hasAgentConfig, :nextStep) are the primary
residual gap: the graphs tend to contain the right entities but miss some con-
nections between them. The SHACL results reinforce this, showing the domi-
nant violation is not a missing relation but a mistyped one (:requiresResource
pointing at a :Tool instead of a :Resource).

Model choice is a secondary lever behind prompt design Under the best prompt,
the three evaluated models converge closely (Table 4), with only specialized
differences remaining — GPT-5-mini on object-property extraction and Gemini
2.5 Flash on throughput. This matches the prompt ablation’s larger effect size:
prompt choice shifts macro-F; by 0.073 across the Stage-2 variants (Table 3),
against only 0.013 across models on the same CrewAl data (Table 4) — roughly
a five-fold difference in leverage. The comparison is currently scoped to Cre-
wAI; extending it to LangGraph, AutoGen, and Mastra Al would test whether
this ranking holds across frameworks with different source-code structure and
complexity.

Schema anchoring keeps hallucination near zero Hallucination is a well-documen-
ted risk in LLM-generated text [19]; anchoring generation to the fixed AgentO
schema confines output to a closed vocabulary despite this risk. Property hallu-
cination is absent outright: across all 265 generated files, zero object- or data-
property false positives are recorded. Class hallucinations are rare (22 of 265
files) and concentrate overwhelmingly on a single plausible-but-undefined con-
cept, :Context (21 of the 22 cases). The predicate vocabulary is well-specified,
while the class hierarchy is sparse enough to occasionally attract a borderline
concept.

Syntaz failures are a stochastic artefact, not a framework weakness The 4.2%
of files that fail to parse share a single root cause: a single-quoted rather than
triple-quoted delimiter around a long, embedded multi-line string, distributed
across models, frameworks, and prompts — pointing to a targeted formatting fix
rather than a fundamental reliability limit of LLM-guided extraction.

Recurring modelling decisions are systematic, not random Models make consis-
tent inference choices where source information is implicit: a default language
model is inferred when the source names only an environment variable, a single
:LanguageModel individual is reused across agents sharing a configuration, and
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step order is inferred from task-list position, graph edges, or call sequence rather
than runtime scheduling. Missing concepts are precisely those left implicit in
the source (e.g., goal text embedded in a task description drives the frequently
absent :Goal class), while constructs with no ontology counterpart — conditional
branching, lambda-based termination, speaker-selection policies — are uniformly
flattened into descriptive :Config strings, a boundary we return to next.

7 Threats to Validity

Construct validity Precision, recall, and F; measure whether expected ontology
terms are present, not whether they are used correctly; the SHACL results show
this matters, since residual error concentrates in a mistyped relation invisible to
completeness metrics alone. The gold standard is also defined at the framework
level rather than per example, so individual files may legitimately omit concepts
expected for their framework (e.g., a single-agent example has no :Team); per-
example overrides partially address this, but manual annotation of every file
would be more reliable.

Internal validity The 50 source patterns were collected from public framework
example repositories rather than production systems. The model comparison
(Section 5.2) uses only CrewAl, so whether the observed ranking generalizes to
the other three frameworks remains to be verified.

Sampling and selection effects The 50-pattern corpus is imbalanced across frame-
works (20 Mastra AI and 16 CrewAl against 8 LangGraph and 6 AutoGen), so
any statistic pooled across frameworks is dominated by the two largest groups;
the per-framework breakdowns reported alongside pooled results (Section 5.2
and Table 5) partially offset this, but pooled macro-F; and conformance figures
should not be read as framework-representative on their own. Separately, the
six files excluded from SHACL evaluation were identified only after inspecting
the generated knowledge graphs, not chosen in advance — a post-hoc, selection-
after-observation decision. The exclusion criterion (absence of any genuine agen-
tic implementation in the source pattern) is a data-quality check independent of
extraction accuracy, but the reported 73.2% conformance rate is conditional on
this filtering rather than computed over the full 50-pattern corpus.

Ezxternal validity Prompts are currently zero-shot; one worked example per
framework could improve object-property recall by demonstrating multi-hop re-
lation chains. The pipeline concatenates all source files without compression, so
large repositories may exceed the context window and be silently truncated, and
LLMs use long contexts unevenly [20]. Retrieval-augmented or chunked inges-
tion [29] would help at that scale and also reduce exposure to the string-escaping
failure mode.
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Ontology coverage of dynamic constructs Conditional branching, termination
policies, and multi-turn conversation sessions have no direct ontology represen-
tation and are instead stored as opaque :Config strings. This is a schema gap
rather than an extraction failure — the LLM correctly identifies these constructs
but has no vocabulary to express them structurally.

8 Conclusion and Future Work

This paper examined whether existing, framework-specific agentic AI implemen-
tations can be automatically lifted into ontology-compliant knowledge graphs,
and how reliable such a construction process is. We presented an LLM-guided
pipeline that concatenates a pattern’s source files, applies an ontology-grounded
prompt treating AgentO as a fixed schema and validates the resulting Turtle
output. Across 50 patterns and four frameworks, the pipeline is reliable (EQ1),
prompt design is by far the dominant lever on extraction quality (EQ2), model
choice is secondary (EQ3), and semantic conformance is high with residual non-
conformance concentrated in a single mistyped relation pair rather than broad
structural breakdown (Section 5).

Future work follows directly from these findings. For the dominant remaining
gap (:requiresResource versus tool usage), this means disambiguating prompt
guidance and adding few-shot exemplars. For the recurring syntax-failure mode,
stricter output formatting should eliminate it directly. The model comparison
should also be extended to all four frameworks. Finally, closing the dynamic-
construct coverage gap calls for concrete ontology extensions — a conditional-
branching property, a termination-policy class, and a :ConversationSession
class — that would let future extractions capture these constructs structurally.
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