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TO FERRET OUT A GLOBAL METASCAFFOLDING STANDARD:
METASCAFFOLD TAXOFRAME TEMPLATE CASE
AS A PARADIGMATIC DEMONSTRATION OF THE APPROACH

Background.The proliferation of Large Language Model (LLM)-based Al systems has led to widespread adoption of
scaffolded reasoning frameworks that enhance model capabilities through structured methodologies including chained prompts,
multi-agent coordination, and external tool integration. However, the ad-hoc nature of current scaffolding design processes creates
significant challenges in interoperability, scalability, and reproducibility across diverse Al workflows. This paper introduces the
MetaScaffold paradigm — a higher-level abstraction for structuring and orchestrating Al reasoning processes that provides
reusable, systematic, domain-agnostic principles for organizing knowledge and reasoning steps. We present the MetaScaffold
TaxoFrame Template (MSTFT) as a practical instantiation of this paradigm, specifically designed for taxonomic processing tasks,
demonstrating how standardized meta-structures can improve Al system modularity and effectiveness while maintaining flexibility
across different domains and applications.

Methods. We formalize MetaScaffolds as structured orchestration mechanisms that dynamically integrate meta-level
prompting, agent-based reasoning, self-reflective loops, and external knowledge retrieval through a central decision engine. The
MSTFT framework implements this paradigm with core components including: (1) Meta-prompts and Recursive Meta-prompts for
iterative refinement cycles, (2) modular agent systems for specialized reasoning capabilities, (3) memory and context management
for semantic consistency, and (4) configurable model parameters for task optimization. Our implementation follows a structured
procedure involving preprocessing and retrieval, meta-prompt assembly, dynamic model selection, and iterative reasoning with
validation. We evaluated MSTFT against Single-Pass LLM (SP-LLM) and Iterative Prompting (IP) baselines across multiple domains
(Software, Wood, Biology, Disease) using reference taxonomies constructed from WordNet hypernyms and ConceptNet derived
terms, with evaluation focused on conceptual relevance, hierarchical coherence, instruction adherence, and generation efficiency.

Results.Experimental validation demonstrates MSTFT's superior performance across all evaluation metrics. In the Software
domain, MSTFT generated 80-90 well-structured and semantically distinct subconcepts compared to SP-LLM (~30 concepts) and
IP (~50 concepts), which exhibited issues with redundancy and ambiguity. MSTFT consistently maintained three-level hierarchical
depth as specified, while baseline methods produced flat or inconsistent structures. The framework achieved optimal balance
between quality and cost efficiency (~$0.03 per taxonomy) compared to SP-LLM (~$0.01) and IP (~$0.10). Cross-domain evaluation
confirmed MSTFT's generalizability, producing more differentiated and structured hierarchies across Wood, Biology, and Disease
domains. Qualitative analysis revealed MSTFT's outputs demonstrated superior conceptual relevance, hierarchical coherence, and
minimal logical errors, with approximately 25-30 valid subconcepts per level across three hierarchical levels.

Conclusions.Thiswork introduces the MetaScaffold paradigm and demonstrates its practical implementation through
MSTFT, addressing critical gaps in existing Al scaffolding methodologies. MSTFT successfully integrates meta-level reasoning,
iterative refinement, and multi-agent orchestration into a unified, interoperable framework that significantly improves taxonomy
construction quality while maintaining computational efficiency. The framework's modular design, semantic validation
mechanisms, and standardized approach provide a foundation for broader applications in Al reasoning tasks including ontology
alignment, long-term planning, and multi-step question answering. Future research directions include enhanced semantic
validation, multi-modal reasoning support, and expanded empirical evaluation across diverse domains and languages. While
limitations exist regarding LLM dependencies and computational overhead, MSTFT establishes a promising paradigm for
standardized, reusable Al scaffolding frameworks that balance flexibility with systematic structure.

Keywords: MetaScaffold, taxonomy construction, meta-prompting, multi-agent systems, large language models,
Al reasoning frameworks, knowledge organization, iterative refinement, ontology engineering.

Background

Introduction and Motivation

The rapid expansion of LLM-based Al architectures has resulted in widespread adoption of scaffolded reasoning
frameworks-structured methodologies that augment raw model outputs through techniques such as chained prompts,
multi-agent coordination, and external tool integration (e.g., via reasoning-and-acting paradigms (Yao et al., 2023)).
While such scaffolds significantly improve model capabilities, their growing complexity and the ad-hoc nature of their
design processes have created substantial challenges related to interoperability, scalability, and reproducibility across
different Al-driven workflows.

Current scaffolding methods vary from simple prompt chaining strategies-such as Chain-of-Thought reasoning (Gao
etal., 2024; Zhang, Yuan, & Yao, 2024)-to complex multi-agent architectures involving retrieval-augmented generation (RAG),
agent orchestration, and structured knowledge representations (Liu et al., 2024; Ma et al., 2024). Despite demonstrated
effectiveness, a standardized framework for scaffold design remains elusive, making it difficult to generalize successful
techniques or ensure seamless integration across diverse Al applications.
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To address these critical gaps, we introduce the MetaScaffold paradigm-a higher-level abstraction for structuring and
orchestrating Al reasoning processes. MetaScaffolds generalize traditional task-specific scaffolding frameworks by providing
reusable, systematic, domain-agnostic principles for organizing knowledge and reasoning steps. This approach allows Al
systems to leverage standardized meta-structures while avoiding rigid constraints typical of conventional hierarchical structures.

This paper makes the following key contributions:

1. Formalization of MetaScaffolds as a generalized methodology for Al-driven reasoning and agent orchestration.

2. A clear taxonomy and specification schema distinguishing traditional scaffolds from MetaScaffolds.

3. Integration of Meta-Prompting and Recursive Meta-Prompting for dynamic, self-improving Al reasoning.

4. Design of an LLM-agnostic MetaScaffold framework ensuring modularity, flexibility, and semantic consistency.

5. Experimental validation through a practical implementation, demonstrating effectiveness in taxonomy-related tasks and
retrieval-augmented generation (RAG) applications.

The remainder of the paper is organized as follows: Section 2 reviews related literature on scaffolds, meta-prompting, and
multi-agent orchestration. Section 3 defines the MetaScaffold paradigm and proposes a formal standardized schema. Section
4 presents MSTFT, detailing its design principles, implementation strategies, and capabilities. Section 5 describes empirical
experiments validating the MetaScaffold approach in taxonomy construction tasks. Section 6 concludes with insights and
future research directions.

Related Works.

Meta-Prompting and Meta-Reasoning.

Recent developments in prompting methodologies have introduced meta-prompting — structured meta-level prompts that
guide Al models' reasoning processes beyond simple few-shot or chain-of-thought methods. Zhang et al. (Zhang, Yuan, &
Yao, 2024) presented a syntax-oriented meta-prompting strategy grounded in type and category theory, enhancing model
reasoning by decomposing complex tasks into reusable meta-structures. Similarly, Suzgun and Kalai (Suzgun, & Kalai, 2024)
extended meta-prompting by orchestrating multi-agent interactions within a single model, enabling it to manage specialized
internal "expert" prompts dynamically; this resulted in marked performance improvements (Gao et al., 2024).

Complementary to meta-prompting, meta-reasoning prompting (MRP) approaches (Gao et al., 2024; Bhutani et al.,
2024) employ a metacognitive strategy, empowering LLMs to dynamically select appropriate reasoning techniques based on
task complexity. This mirrors human metacognitive abilities, allowing the model to decide whether to, for example, break a
problem into steps or consult external information.

Retrieval-Augmented Generation and Self-Reflective Strategies

Beyond prompt formulation, recent research emphasizes self-reflection and external knowledge integration. Self-reflective
cycles-such as the Environmental Feedback-based Self-Correction framework (ERASER) proposed by Huang et al. (Huang et al.,
2024) - iteratively refine model outputs through explicit evaluation, reflection, and revision steps. These cyclic processes (often
summarized as Solve — Evaluate — Reflect — Revise) enable models to identify and correct errors or hallucinations in their
responses. Furthermore, retrieval-augmented generation techniques have been augmented with metacognitive modules: for
instance, Meta-cognitive RAG (MetaRAG) (Zhou et al., 2024) allows a model to plan and control its use of external knowledge
sources dynamically, deciding what to retrieve and when, based on an ongoing assessment of the task at hand.

Multi-Agent Orchestration and Design Patterns

Another avenue of related work integrates multiple LLM-based agents in a coordinated architecture. Recent surveys (Liu
etal., 2024; Ma et al., 2024) highlight the importance of modular multi-agent systems for decomposing complex tasks, wherein
each agent specializes in a distinct role. Formal coordination patterns, such as behavior trees introduced by Kelley et al.
(Kelley, 2024), provide structured blueprints to orchestrate interactions among agents via defined sequences, fallback
strategies, and decision nodes-significantly reducing brittleness and improving reliability.

Collectively, these advancements underline the need for a higher-level, standardized framework capable of systematically
integrating meta-prompting, meta-reasoning, and multi-agent orchestration techniques. Our proposed MetaScaffold
methodology addresses this need, offering an abstract, reusable framework that unifies these approaches into a cohesive
standard-enabling enhanced modularity, interoperability, and generalizability across diverse Al applications.

Methods

Formalizing the MetaScaffold Paradigm

The MetaScaffold paradigm generalizes existing scaffolding approaches by abstracting task-specific reasoning
processes into reusable, domain-agnostic meta-structures. Formally, we define a MetaScaffold as a structured orchestration
mechanism that dynamically integrates meta-level prompting, agent-based reasoning, self-reflective loops, and external
knowledge retrieval, with the goal of standardizing interactions among foundational language models (LLMs), external tools,
and contextual data.

At the core of a MetaScaffold lies a decision engine-a central orchestrator responsible for dynamically assembling
reasoning components based on task requirements and environmental context (see Fig. 1). This decision engine interfaces
with multiple resources, including:

1. Meta-prompts and Recursive Meta-prompts: Structured instructions that guide the model's reasoning through iterative

refinement cycles, enhancing adaptive problem-solving capabilities by embedding self-review and adjustment steps.

2. Agent Modules and External Tools: Modular components enabling specialized reasoning capabilities or providing

access to computational tools and external data sources (e.g., knowledge bases, search engines).

3. Memory and Context Management: Persistent storage and retrieval mechanisms that maintain semantic consistency

and track historical interactions or intermediate results throughout the reasoning process.

4. Model Parameters and External Configurations: Adjustable parameters and external configurations that optimize

model behavior according to specific task domains and contexts (for example, switching to a domain-specific LLM for
technical queries).
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Fig. 1. Generalized MetaScaffold Template architecture

MetaScaffolds explicitly incorporate meta-reasoning, enabling an LLM to dynamically choose and execute reasoning strategies
best suited to a given task. Following Gao et al. (Gao et al., 2024), this meta-reasoning process can be viewed in two phases: first, the
model reflects on the problem and selects an appropriate strategy (e.g., step-by-step logical reasoning, constructing a decision tree, or
invoking an external calculator); second, the model executes the chosen strategy to produce a solution. This approach systematically
embeds human-like metacognitive planning into Al workflows, resulting in enhanced robustness and adaptability.

Additionally, iterative self-refinement methods (such as ERASER (Huang et al., 2024) and Reflexion (Shinn et al., 2023)) are
formalized within the scaffold as cyclic meta-instructions that prompt the model to self-assess and revise its outputs based on feedback.
These techniques instantiate a reasoning loop governed by the sequence: Solve — Evaluate — Reflect — Revise, allowing the system
to improve its answers over multiple iterations.

Multi-agent orchestration is another key structural element of MetaScaffolds. We leverage formal agent coordination methods-
notably behavior trees (Kelley, 2024) — to coordinate specialized LLM agents and external tools in complex reasoning workflows.
Behavior trees provide explicit sequencing, decision points, and fallback mechanisms to ensure robust collaboration among agents.
Within a MetaScaffold, multi-agent orchestration can be flexibly combined with meta-prompting: the decision engine can assign sub-
tasks to different agents or tools and integrate their results, managing roles and interactions dynamically according to a predefined
coordination schema.

An applied example of the MetaScaffold framework in action, specifically tailored for a text generation task, is illustrated in Fig. 2. In
this illustration, a specialized decision engine preprocesses a user query, retrieves relevant meta-prompts, and integrates contextual
data along with external parameters to dynamically construct a comprehensive meta-instruction for the LLM.

Approaches like MetaRAG (Zhou et al., 2024) further demonstrate the MetaScaffold's capability to manage external
knowledge integration in a metacognitive manner-adding a layer of self-monitoring control over retrieval processes. By
ensuring that information gathering is context-aware and strategically planned, the scaffold remains sensitive to the
environment and task-specific constraints at each step.

Collectively, the formalized MetaScaffold paradigm provides a robust, standardized schema that integrates meta-level reasoning
strategies, iterative refinement loops, multi-agent orchestration, and context-aware retrieval mechanisms into a unified, interoperable
framework. This paradigm is suitable for a wide range of Al reasoning and decision-making tasks, aiming to improve modularity,
reusability, and reliability across domains.

The MSTFT Framework: Design Principles, Implementation, and Capabilities
MSTFT is a practical instantiation of the MetaScaffold paradigm, developed to provide a standardized, flexible, and modular
framework for taxonomic processing tasks leveraging LLMs.

Design Principles
The MSTFT framework embodies several core design principles:

e Modularity and Flexibility: MSTFT's architecture is modular, enabling easy reconfiguration and integration of different
reasoning components and external tools. Users can adapt or extend the framework's functionality to meet specific
domain requirements without significant restructuring of the overall system.

e Meta-Level Reasoning: Central to MSTFT is the integration of meta-prompting and recursive meta-prompting
techniques, which provide dynamic refinement and self-improvement loops for complex taxonomic reasoning tasks.
This ensures that the framework can iteratively improve its output by reflecting on and adjusting its reasoning strategy.
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e Agent-Driven Orchestration: MSTFT leverages a structured multi-agent orchestration approach, clearly defining roles
and interactions between components through the meta-level decision engine. Dedicated sub-agents or modules
handle distinct tasks (such as concept extraction or validation), and the decision engine coordinates them, ensuring
robust handling of complex workflows involving multiple reasoning agents.

¢ Semantic Consistency and Validation: MSTFT incorporates semantic validation mechanisms by utilizing graph-based
representations of taxonomies (e.g., exporting to RDF/OWL formats). This helps ensure logical consistency and
integrity of the constructed taxonomic structures, as the framework can detect and correct contradictions or lapses in
the hierarchy.

¢ Interoperability and Standardization: The framework is designed to be model-agnostic, allowing seamless integration with
various foundational LLMs, external configuration files, and tool APIs. This promotes standardized, reproducible practices in
Al-driven taxonomy processing and makes MSTFT adaptable to new models or tools with minimal changes.
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Fig. 2. Example instantiation of a MetaScaffold for a text generation task

Implementation Strategies

The MSTFT architecture centers around the meta-level decision engine, which is responsible for selecting and orchestrating
various components-including prompts, contextual data, model parameters, tools, and memory. MSTFT follows a structured
procedure to manage user queries, dynamically generating task-specific meta-instructions through the following steps:

1. Preprocessing and Retrieval: The user's query is first analyzed and preprocessed to extract its key topics or intents.
Based on this analysis, MSTFT retrieves relevant contextual information and appropriate meta-prompts (from a library
of prompt templates or previous interactions) that will guide the subsequent reasoning.

2. Meta-Prompt Assembly: Next, the framework assembles a task-specific meta-prompt. It combines the retrieved meta-
prompt templates with the details of the current query and context to create a refined, comprehensive instruction
tailored to the taxonomic reasoning task at hand. This may include injecting domain-specific guidelines or constraints
into the prompt.

3. Dynamic Model Selection: Based on the requirements of the task, MSTFT can dynamically select the optimal language
model (or configuration) to use for generation. For example, it might choose a larger, more powerful model for a
particularly complex query, or a specialized model fine-tuned on taxonomic data for domain-specific terminology. It
also adjusts relevant hyperparameters (such as temperature or decoding strategy) to best suit the current task.

4. lterative Reasoning and Validation: The selected model produces an output (e.g., a proposed taxonomy update or
classification). MSTFT then evaluates this output using its validation mechanisms-checking for semantic consistency,
completeness, or errors. Identified issues trigger recursive meta-prompting: the framework formulates a follow-up
prompt (or set of prompts) that asks the model to refine or correct its previous output. This loop of generation and
feedback-driven refinement repeats until the taxonomy results meet predefined quality criteria or no further
improvements are identified.
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Results

Capabilities and Demonstrative Implementation

MSTFT demonstrates significant improvements in the clarity, precision, and adaptability of automatically constructed
taxonomies. The iterative nature of its reasoning process has proven effective in reducing inaccuracies commonly associated
with LLM-generated taxonomies, such as hallucinated category relationships or irrelevant branches. By repeatedly self-
critiquing and refining its outputs, MSTFT progressively expands and purifies taxonomic hierarchies, ensuring that the final
structures are both comprehensive and semantically coherent.

Additionally, MSTFT supports exporting the taxonomies it constructs into standard ontology formats (such as OWL). This
capability enhances compatibility with external knowledge systems and tools-for instance, the resulting taxonomy can be
imported into ontology editors or reasoning engines for further use-demonstrating the framework's practical interoperability.

Empirical Experiments and Validation

Experimental Setup

Objective: The primary objective of these experiments is to empirically evaluate the effectiveness of MSTFT in constructing
deep, coherent, and semantically structured taxonomies, comparing its performance against two baseline methods:
Single-Pass LLM (SP-LLM) and Iterative Prompting (IP) without meta-level orchestration.

Domains and Datasets: To evaluate generalizability, experiments were conducted in several representative domains, such
as Software, Wood, Biology, and Disease.

For each domain, a reference taxonomy (gold standard) was generated using the following systematic procedure:

1. Automated extraction of hypernym—hyponym relations from WordNet (Miller, 1992).

2. Automated retrieval of Derived Terms from ConceptNet (Speer, Chin, & Havasi, 2017).

3. Manual filtering to eliminate overly generic or irrelevant terms, refining each taxonomy to a structured set of at least

15-20 validated concepts across three hierarchical levels.

Taxonomies were generated via Python-based automation scripts and manually refined for accuracy to ensure robust
reference standards.

Methods Compared: Three automated taxonomy construction methods were evaluated:

1. Single-Pass LLM (SP-LLM): Constructs a complete taxonomy in a single, non-iterative LLM invocation.

2. Iterative Prompting (IP): Builds taxonomies iteratively via multiple LLM calls, lacking structured meta-prompting or

recursive refinement.

3. MSTFT (Proposed Method): Employs meta-level orchestration, recursive self-refinement, and multi-agent frameworks

for structured taxonomy creation.

Model Configuration:

e All methods utilized GPT-4-Turbo (April 2025 version) via OpenAl API (OpenAl, 2023).

e Model parameters were fixed: Temperature = 0.2, Top-p = 0.95, Presence penalty = 0.8, Frequency penalty = 0.3.

e Each method-domain combination underwent three independent runs to ensure statistical reliability.

Controlled Evaluation and Reproducibility.

Although the scale of experiments is intentionally limited at this stage, all compared methods were evaluated under strictly
controlled conditions: identical model version, fixed decoding parameters, unified prompt constraints, and repeated runs. This
design isolates the impact of orchestration strategy (single-pass vs. iterative vs. meta-level orchestration) as the primary
experimental variable, reducing confounding factors related to model stochasticity or prompt formulation.

Evaluation Metrics

Initially, we considered standard automatic metrics, but quickly identified their limitations. In particular, the reference
taxonomy for the "Software" domain contained only 33 concepts, including low-relevance or culturally specific terms such as
'microserf', 'microhoo’, 'microshaft’, and 'microsoftify'. This made pure overlap-based comparisons insufficient.

As a result, we emphasized qualitative evaluation by human reviewers, guided by the following adapted metrics:

e Conceptual Relevance: Evaluates whether generated subconcepts are meaningful, distinctive, and appropriately

scoped.

e Hierarchical Coherence: Assesses logical consistency and structural integrity across levels.

¢ Instruction Adherence: Checks whether generated taxonomies conform to prompts, particularly in maintaining depth

(three levels).

e Generation Efficiency: Compares average API cost per taxonomy.

Additionally, reviewers recorded:

e Average number of valid subconcepts per level.

e Error types, including redundancy, inconsistency, and conceptual drift.

Stability Across Runs.

Each method—domain pair was executed in three independent runs. Across runs, MSTFT demonstrated low variance in
both structural depth and number of valid subconcepts (£ 5 %), while SP-LLM and IP exhibited higher variance, particularly
in hierarchy depth and category consistency. Although the limited number of runs does not allow formal statistical hypothesis
testing, this stability trend provides an empirical proxy for robustness.

Results and Analysis

Quantitative Comparison: In the "Software" domain, MSTFT generated 80-90 well-structured and semantically distinct
subconcepts, outperforming SP-LLM (~30 concepts) and IP (~50 concepts), which showed issues with redundancy and
ambiguity. For example, SP included overlapping terms like Artificial Intelligence and Machine Learning Software and Al
Platforms and Tools, while IP introduced vague categories such as Word Processing Software.

Structural Fidelity: MSTFT consistently adhered to the three-level depth constraint, producing coherent multi-level
structures. In contrast, SP and IP outputs often lacked depth or grouped concepts inconsistently.
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API Cost Efficiency: SP was the most economical method (~$0.01), while IP incurred the highest cost (~$0.10). MSTFT
maintained a reasonable balance between cost (~$0.03) and quality.

Cross-Domain Observations: MSTFT's performance generalized across other domains such as "Wood" and "Biology",
producing more differentiated and structured hierarchies than SP or IP.

For detailed comparative results and example outputs in the "Software" domain, see Appendix A.

Conclusion: These results demonstrate MSTFT's ability to deliver deep, interpretable, and hierarchically aligned
taxonomies with higher conceptual relevance and practical structure. Its performance justifies modestly higher generation
cost and paves the way for expert-driven refinement and broader human evaluation in future work.

Importantly, the current evaluation represents only a preliminary assessment. The primary aim at this stage was to
demonstrate the feasibility and potential of MSTFT as a MetaScaffolding-driven framework for taxonomy construction, rather
than to conduct a definitive benchmark. While early results are promising, further large-scale experiments with diverse concept
domains, deeper hierarchies, and independent expert reviews are required to validate generalizability and robustness. We
also plan to integrate more systematic annotation workflows and comparative studies against existing ontology engineering
tools in future research. Nonetheless, MSTFT has already shown strong potential as a generalizable and semantically
grounded methodology for structured concept organization.

Error Pattern Analysis.

Qualitative error analysis revealed systematic differences between methods. SP-LLM errors were dominated by synonym
redundancy and flat enumerations without functional separation. IP frequently introduced category leakage, mixing orthogonal
criteria (e.g., licensing, deployment, and functionality within a single level). In contrast, MSTFT errors were rare and primarily
related to borderline concept granularity rather than logical inconsistency, indicating that meta-level orchestration mainly
reduces structural, not lexical, error modes.

Importantly, the goal of the present evaluation is not to establish a definitive benchmark, but to empirically demonstrate
that meta-level orchestration yields systematically different and more stable structural outcomes than baseline prompting
strategies under controlled conditions.

Discussion and conclusions

Conclusion and Future Research Directions

In this paper, we introduced the MSTFT, highlighting its design principles, implementation strategies, and demonstrated
capabilities as a standardized scaffolding framework for taxonomy construction. MSTFT addresses critical gaps in existing
methodologies by providing a flexible meta-level framework that leverages advanced reasoning techniques to improve
structure and accuracy.

Future research will proceed along two directions: improving MSTFT itself and advancing the broader MetaScaffold framework.

For MSTFT, key enhancements include strengthening semantic validation via constraint-checking, graph consistency
checks, and lightweight reasoning to address structural or semantic errors. We also plan broader empirical evaluations across
domains and languages to test robustness and generalizability. Interfaces for expert-in-the-loop adjustments will be refined
to let human reviewers guide meta-level decisions during taxonomy construction.

At the MetaScaffold level, future work will explore applications in Al reasoning tasks such as ontology alignment, long-
term planning, and multi-step question answering. This includes support for multi-modal reasoning (e.g., integrating textual,
visual, and tabular inputs), richer meta-prompt designs, and coordinated orchestration across agent systems. MSTFT serves
here as a concrete use case, offering transferable insights for more general-purpose scaffolding systems targeting complex,
knowledge-intensive workflows.

While the present study focuses on text-based taxonomies, preliminary pilot experiments indicate that the MetaScaffold
approach is compatible with multimodal inputs, such as image-derived labels or tabular metadata, when these are
incorporated as structured context constraints rather than raw generative targets. A systematic multimodal evaluation is
planned as a separate study.

Limitations

While the MetaScaffold TaxoFrame Template (MSTFT) offers a flexible and modular approach to taxonomy construction,
several limitations remain. First, the framework's reliance on large language models (LLMs) means that its performance is
inherently tied to the quality and biases present in the underlying models. Second, the recursive meta-prompting mechanism,
while powerful, can lead to increased computational overhead, potentially limiting scalability in resource-constrained
environments. Third, the domain-agnostic design, although versatile, may not capture domain-specific nuances without
additional fine-tuning or customization. Lastly, the evaluation of MSTFT has been primarily conducted in controlled settings;
its effectiveness in diverse real-world applications remains to be thoroughly assessed.

Ethical Considerations

The deployment of MSTFT raises several ethical considerations. Given its dependence on LLMs, there is a risk of
propagating existing biases present in the training data, which could lead to skewed or unfair taxonomic structures.
Additionally, the automated nature of taxonomy generation may inadvertently overlook culturally sensitive classifications or
reinforce stereotypes. To mitigate these risks, it is crucial to incorporate bias detection and correction mechanisms within the
framework. Furthermore, transparency in the decision-making processes of the agents involved should be ensured to foster
trust and accountability. Users should be made aware of the system's limitations and the potential need for human oversight,
especially in high-stakes or sensitive domains.

Evaluation Results for the Concept Software

This appendix provides detailed comparative evaluation of taxonomy generation outputs for the concept Software,
generated using three distinct methods: Single-Pass LLM (SP), Iterative Prompting (IP), and the proposed MSTFT framework.

1. Reference Gold Standard Overview

The reference taxonomy for "Software" was constructed from WordNet hypernyms and ConceptNet derived terms. It
consists of 33 concepts. However, more than 10 entries were deemed low-value or culturally specific, e.g., 'microserf’,
'microhoo’, 'microshaft’, 'microsoftify', ‘softwarily’, ‘microsoftian’. These were excluded from qualitative assessments.
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. Conceptual Relevance (Qualitative Judgement)
e SP: 30 subconcepts; generally meaningful, though sometimes overlapping (e.g., ‘Al Platforms and Tools' vs 'Artificial
Intelligence and Machine Learning Software’).
e |P: 50+ subconcepts; included useful terms but often introduced blurry categories (e.g., 'Word Processing Software'
as an isolated domain).
e MSTFT: 80-90 subconcepts; high conceptual quality, well-differentiated functional, structural, and performance-
related branches.
. Hierarchical Coherence
SP: Flat or ambiguous hierarchy, lacking clear structuring across multiple levels.
IP: Shallow depth with inconsistent grouping (e.g., deployment models mixed with licensing).
MSTFT: Strong multi-level structure (3+ levels), including nested categories such as: Functionality Classification —
Operating Systems — Desktop Operating Systems
. Instruction Adherence (Three-level depth)
SP: Partial adherence; mostly two-level or flat taxonomies.
IP: Similar to SP; depth occasionally broken or inconsistent.
MSTFT: Consistent adherence to prompt constraint of 3 levels.
. Average Number of Valid Subconcepts per Level (Estimated)
SP: ~20.
IP: ~15-20 per level, though with redundancy.
MSTFT: ~25-30 per level across three levels, minimal duplication.
. Error Types Observed
SP: Redundant terms (e.g., synonyms), occasional under-specification.
IP: Redundancy and inconsistency in groupings.
MSTFT: Near-zero logical errors; structure aligned with instructions.
7. API Cost per Full Taxonomy (Estimated)
Approximate API costs per full taxonomy are: SP (~$0.01), IP (~$0.10), and MSTFT (~$0.03), indicating that MSTFT
remains both effective and cost-efficient.
8. Summary Judgement
MSTFT demonstrated superior performance across all axes: depth, clarity, consistency, and taxonomic richness. It
achieved this at moderate cost, while baseline methods struggled with either depth (SP) or structural coherence (IP).
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A0 BUABNEHHA MOBAJIbHOIO CTAHOAPTY METACKA®ONAUHIY: BUNAOOK LUABNIOHY METASCAFFOLD
TAXOFRAME AK NAPAOUTMATUYHA OEMOHCTPALIA nigxoany

B c Ty n. MowupeHHs Al-cucmem Ha ocHoei eenukux MoeHux modeneli (LLM) cnpusino wupokomy enpoeadyKeHHI0 KapKkacHux memodosoail
MipKyeaHHs1, siki Mokpawyromb Moxnueocmi modesneli Yepe3 cmpykmypoeaHi nidxodu, ekyroyYaroyu saHyr208i npoMnmu, Mynbmua2eHmHy
KoopOuHayito ma iHmezpayito 308HiWHix iHcmpymeHmie. OOHaK crmoHMaHHUl Xapakmep cy4YacHUX Npouyecie NpoekmyeaHHsl Kapkacie cmeoproe
3HayHi euknuku wodo cymicHocmi, macwma6oeaHocmi ma eidmeoproeaHocmi e pi3Hux Al-po6oyux npouyecax. LYs cmamms npedcmaensie
napaduamy MemaCkaghonduHay — abcmpakuilo euujo2o pigHsi Onsi cmpykmypyeaHHs U opkecmpauii npoyecie mipkyeaHHsi Al, sika 3a6e3neyye
6 pa3oei, cuc I4Hi, OOMeH-a2HOCMUYHi NMPUHYuUnu Onsi opeaHi3ayii 3HaHb i Kpokie MipkyeaHHsi. Mu npedcmaensiemo LlabnoH
MetaScaffold TaxoFrame (MSTFT) sk npakmuyHy peanizayiro yiei napaduamu, cneuyianbHO po3pobrieHy Onsi 3ae0aHb MaKCOHOMIYHOI 06pPO6KuU,
deMOHCMpYIo4U, sIKk cmaHOapmu30eaHi Memacmpykmypu MOXymb nokpawumu modynbHicmb ma egpekmusHicme Al-cucmem, 36epizaroqu
2Hy4YKicmb y pi3HuUx doMeHax ma 3acmocyeaHHsiIX.

MeTtoaun. Mu ¢gopmanizyemo metascaffold sik cmpykmypoeaHi MexaHi3aMu opkecmpauii, siKi OuHamiyHO iHmMezpyromb MemapieHesul
npoMnmuHe, aceHmopieHmMogaHe MipKy8aHHs1, YUKIIU caMopehieKCii ma 308HIWHE ompuMaHHs 3HaHb Yepe3 yeHmpasnbHUl MexaHi3m npuliHammsi
piweHb. ®pelimeopk MSTFT peani3ye yro napadusmy 3 0CHOBHUMU KOMITOHeHMamu, eknroyaroyu: (1) MemanpomMnmu ma pekypcueHi Memanpomnmu
ons imepauiliHux yuknie yOockoHaneHHs; (2) MoOynbHi aezeHmMHi cucmemu Onsi creyianizoeaHux Mo)iueocmeli MipKyeaHHsi; (3) ynpaeniHHs
nam's 0 ma Ko mom Onsi ceMaHmu4Hoi nocsnidoeHocmi; (4) HanawmoeyeaHi napamempu modesni Onsi onmumizayii 3aedaHb. Hawa
peanizayisi eionoeidae cmpykmypoeaHili npoyedypi, Wo ekso4ae nornepedHo o6pobKy ma ompumaHHsi, 36upaHHsi Mema-npomMnmie, QUHaMiYHuUl
8ubip modeni ma imepauyiliHe mipkyeaHHs1 3 eanidayieto. Mu ouiHunu MSTFT nopieHsiHo 3 6azoeumu memodamu Single-Pass LLM (SP-LLM) ma
Iterative Prompting (IP) y kinbkox doMeHax (npozpamMHe 3abe3neyveHHsl, depeauHa, 6iosnozisi, xeopobu), suKopucmosyYyu peghepeHCcHi makCcoHOMil,
no6ydoeani 3 2inepoHimie WordNet i noxioHux mepminie ConceptNet, 3 ¢hokycom ouiHKU Ha KOHUenmyasbHili pesieeaHmHocmi, iepapxiyHii
Ko2epeHmMHocmi, dompumMaHHi iHcmpykuiti ma egpekmueHocmi 2eHepayil.

Pe3ynbTarTu. EkcnepumeHmansHa eanidayis demoHcmpye nepesepwyrody egpekmueHicmb MSTFT 3a ecima MempukaMu oyiHku. Y domeHi
npozpamHoz20 3abe3snevyeHHs1 MSTFT 3a3euyali 2eHepye 80-90 dobpe cmpyKmypoeaHuXx i ceMaHMUYHO 8iOMiHHUX nMiOKoHYenmie nopieHsiHoO 3 SP-
LLM (~30 koHyenmie) ma IP (~50 koHuyenmis), siki OemMoHcmpyeanu npo6rnemu 3 HaoMipHicmio (i HeodHo3HayHicmio. MSTFT nocnidoeHo
niompumyeae mpupueHe8y iepapxiyHy a2nubuHy 32i0HO 3i cneyudpikayiero, modi sk 6a3oei memodu npodykKyeanu nnocki abo HernocnidoeHi
cmpykmypu. ®peiimeopk docsiz onmumanibHo20 6anaHcy Mix sikicmio U egpekmueHicmio eumpam (~$0.03 3a makcoHOMito) nopieHsiHo 3 SP-LLM
(~$0.01) ma IP (~$0.10). Kpoc-domeHHa ouyiHka nidmeepduna y3azansHroeaHicms MSTFT, npodykyrodu 6inbw dugepeHyiliogaHi ma cmpykmypoeaHi
iepapxii @ domeHax OepesuHu, 6ionozii ma xeopob. SlkicHuli aHani3 eusieus, wo eueodu MSTFT deMoHcmpyromb euwy KOHUenmyanbHy
peneeaHmMHicmsb, iepapxiyHy Ko2epeHmHicmsb i MiHiManbHi no2iyHi nomunku i3 npubnusHo 25-30 eaniGHuUMuU niOKOHYenmMamMu Ha pieeHb Ha mpu
iepapxiyHi pigHi.

BucHoBku. s po6boma siensse napaduamy MemaCkaghonduHay ma demoHcmpye ii npakmuyHy peanizayito 4yepe3 MSTFT, supiwyro4u
KpumuyHi npoaanuHu 8 icHyro4ux memodosnoeisix Al-kapkacie. MSTFT ycniwHo iHmeapye MemapieHeae MipKyeaHHSsI, imepaujiliHe yOOCKOHaneHHs U
Mynbmua2eHmMHy opkecmpauito e yHighikoeaHuli, cymicHuUli ¢ppeliM80OpPK, W0 3Ha4YHO MOKPaWye sikicmb KOHCMPYIB8aHHsI MaKCOHOMil, 36epizaroqu
obyucnreanbHy egpekmueHicmb. MoldynbHuli Ou3aliH ¢peliM8OpPKYy, MexaHi3Mu ceMaHmMu4Hoi eanidayii ma cmaHdapmu3oeaHuli nioxio
3abe3neqylomb OCHO8Y O WUpWUuUX 3acmocyeaHb y 3aedaHHsix Al-MipKyeaHHsi, eK/oYaloyu eupieHI08aHHsI OHMoJoRili, doszocmpokoee
nnaHyeaHHs1 Ui 6azamokpokoee eidnoeidaHHs Ha 3anumaHHs. Mal6ymHi HanpsiMmu docnidxeHb Micmsmb MokKpauwjeHy ceMaHmMuyHy eanidayiro,
nidmpumKy MynbmumoOasbHO20 MipKyeaHHs1 U po3wWupeHy eMnipu4yHy OUiHKYy e pi3Hux domeHax i mMoeax. Xouya iCHyromb O6MexeHHs1 uj000
3anexHocmel 8id LLM (i o64ucnioeanbHux HaknadHux eumpaaxm, MSTFT ycmaHoentoe nepcriekmueHy napaduamy Ons1 cmaHdapmu3o8aHuXx,
6acamodgpyHKyioHanbHUX Al-kapkacHux ¢hpeiiMeopkis, siki 6anaHcyroms 2HyYKicmb i3 cucmeMamuy4yHOK CMPYKMYypPHicmio.

Knwo4yoBi cnoBa: MetaScaffold, koHcmpyroeaHHs maKkCcOHOMIl, MemanpomMnmuHa, MyJlbmua2eHmHi cucmeMu, eesiuki MoeHi Moderti,
¢pelimeopku Al-mipKyeaHHs, opaaHi3ayisi 3HaHb, imepayiliHe yOOCKOHaIeHHSl, OHMOJI02iYHa iHXeHepisl.

MapueHnko OnekcaHap € YneHom peakonerii BUAaHHs, ToMy He 6paB yyacTi y peLieH3yBaHHi Ta MPUIHATTI pilleHHS WwoAo nybnikauii
Ljiei cTaTTi.

ABTOpM 3a5BNSAOTb NPO BiACYTHICTb KOHMNIKTY iHTepeciB. CnoHcopu He Gpanu yvacTi B po3pobneHHi gocniakeHHs; y 36opi, aHanisi um
iHTepnpeTauii 4aHWX; y HanMcaHHI pyKonucy; B pilleHHi Npo nybnikauito pe3ynbTaTis.
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