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ITERATIVE FORMALIZATION OF EXPERT KNOWLEDGE INTO SYSTEM
INSTRUCTIONS FOR LARGE LANGUAGE MODELS

This paper addresses the problem of logical inference degradation in large language models (LLMs) during semantic
analysis of strategic documents exceeding 100 pages in length. The study focuses on developing a framework for
the iterative formalization of tacit expert knowledge into system instructions to automate the auditing of community
development plans for compliance with gender-sensitive recovery standards. Methodology. A multi-level logical inference
approach, structured as an Orchestrator—Executor architecture, was implemented using models of the gemini-2.5-flash
class. The mathematical model of the system is represented as a tuple of operators comprising: an Initializer-Extractor for
reverse engineering of expert reasoning, an Executor, a QA-Auditor for hallucination detection; a Judge,; and a Trainer
responsible for constructing an explanatory model of errors. Optimization is realized as an iterative cycle incorporating a
Human-in-the-Loop (HITL) mechanism to prevent semantic drift and the loss of domain-specific terminology. To eliminate
anachronisms, a semantic version control mechanism was introduced that adapts analytical criteria to the historical
context of the document under review. Results. Verification was conducted through blind testing on strategic plans of
15 territorial communities. The results confirmed the high generalization capacity of the optimized prompt, achieving
with a validation level approximating that of professional human assessment on a 0—10 point scale. The application
of the Orchestrator—Executor architecture enabled a substantial reduction in operational costs while preserving the
accuracy of fact extraction. Novelty. The conceptual contribution lies in reconceptualizing knowledge distillation as a
process of "crystallizing" expert heuristics into the semantic space of system prompts, without requiring neural network
fine-tuning. Practical Significance. The practical relevance of the research is demonstrated within the framework of
the GenPlan project, where the developed toolkit provides screening of strategic documentation in support of gender-
sensitive community recovery planning.

Key words: large language models; LLM; knowledge formalization; prompt optimization; automated document
auditing; iterative instruction tuning; gender-sensitive recovery.
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C. II. LIATTIOBAJIOB

KaHIMUAAT (i3MKO-MaTeMaTHYHUX HAyK, TOLCHT,
CTapIIui BUKIaad Kadeapu KOMIT IOTepHUX HayK
CyMCBKHH Iep)KaBHUH YHIBEpCUTET

ORCID: 0000-0002-4936-9461

ITEPATUBHA ®OPMAJII3AIISI EKCIIEPTHUX 3HAHb Y CACTEMHI IHCTPYKIIIT
BEJIMKAX MOBHUX MOJIEJEN

Cmamms npuceiauena po3e'sa3antio npodoremu decpaoayii 102i4H020 8UB00Y BeIUKUX MOSHUX moldeneu (LLM) npu
CeMANMUYHOMY AHANI3I GENUKUX OOKYMeHmi6. Jlocniodcents (oKycyemovcs Ha po3podyi @peiimeopKy imepamugHoi
opmanizayii neseHux excnepmuux 3nans (tacit knowledge) y cucmemni incmpyxyii 0 asmomamu3zayii ayoumy niamie
PO36UMKY 2POMAO HA GIONOBIOHICTb CMAHOAPMAM 2eHOEePHO-UYMIU6020 GiOHosNeHHs. Memodonozia. 3acmocosano
nioxio bacamopieHesoco 1024020 6usody («Oprecmpamop—Bukonaseyvy) na 6asi modeneil kiacy gemini-2.5-flash.
Mamemamuuna modens cucmemu npeoCmasiena KOpmedlceM Onepamopis, wo exuioyac Iniyianizamop-excmpakmop
0151 peepc-iHiCUHIpUHSY eKcnepmuoeo mucienHs, Bukxonasys, QA-Ayoumopa oas Oemexyii eamoyunayiti, Cy0oiwo
ma Tpenepa, saxuii opmye nosAcHIO8anbHY MOOenb nomunok. Onmumizayilo peanizogano AK imepamueHull Yuki i3
mexanizmom Human-in-the-loop (HITL) ons 3anobicanns cemanmuyunomy opeudyy ma empami (paxo6oi mepminonozii.
Hns ycynenns anaxpoiamie 6nposaoHceno Mexamism ceMaHmuyno20 KOHMponio 8epciil, wo adanmye Kpumepii ananisy
00 icmopuunozo Koumexcmy ooxymenma. Pezynomamu. Bepugixayiio nposedeno wiiaxom «cCiino2o mecmyeanHsy Ha
cmpameziynux naanax 15 mepumopianvuux zpomad. Pezynemamu niomeepounu 6UCOKY Y3a2albHIOBANIbHY 30aMHICTG
ONMUMIZ08AH020 NPOMNMY, 3a0e3neuusuiu pigeHs eanioayii, HabaudxceHUull 00 NPoecilinoi MOOCLKOI OYIHKU 30 WKALOIO
0-10 6anis. Buxopucmanus apximexmypu «Opkecmpamop-Buxonageyvby 003601u10 cymmeso 3HUUMU ONepayiliHi
sumpamu 3i 36epedcennam mounocmi excmpaxyii paxmis. Hosusna nonseac y nepeocmucienni Oucmunayii 3HaHs K
npoyecy «Kpucmanizayiiy excnepmuux eepucmux y CemaHmuyHuii npocmip CUCeMHUX NpoMnmie Oe3 OOHA8UAHM
Hetipomepedici. Ilpaxmuuna snauywicmo peanizosana 6 medxcax npoekmy « GenPlany, de incmpymenmapiu 3ab6e3neuye
CKpUHIHZ cmpame2iuHoi 00KyMeHmayii 0151 2eHOEePHO-YYMIUB020 NIAHYBAHHS BIOHOBIEHHS 2POMAO.

Knrouoei cnoea: senuxi moeni mooeni; LLM; opmanizayis snanv, onmumizayiss npomMnmis; asmomamu306aHull
ayoum OOKyMeHmie, imepamusHa onmumisayis iHCmpyKyitl, 2eHOepHO-4ymause 8i0HO6/1eHHSL.

Introduction

Large language models (LLMs) are reshaping the field of intelligent data analysis. Advances in the field have driven a
shift from deploying neural networks as auxiliary tools for text generation towards their integration into complex analyti-
cal pipelines as autonomous agents [1]. Such systems can address complex tasks that previously required specialist human
involvement. Nevertheless, the practical deployment of LLMs in professional settings has revealed limitations that cannot
be overcome simply by scaling computational capacity.

One particularly challenging scenario is the analysis of lengthy strategic documents — materials that, within the
domain of public administration, routinely run to between 100 and 120 pages. Although contemporary models operate
with context windows exceeding one million tokens, their actual processing capacity remains constrained. Research has
identified the phenomenon of ‘illusory reasoning’: beyond a certain level of task complexity, model inference capabilities
deteriorate sharply. This ‘accuracy collapse’ occurs even when a sufficient token budget is available, rendering traditional
approaches — most notably few-shot prompting — ineffective, as models lose structural coherence when processing large
volumes of data.

This challenge arose within the ‘Integrated Gender-Sensitive Community Recovery’ project, where the central task is
auditing strategic plans for compliance with national standards and international Sustainable Development Goals — in par-
ticular, SDG 5 and Order No. 86 of the Ministry of Social Policy [2]. The conventional approach to such assessment faces
a significant scalability problem: a shortage of qualified specialists, combined with the considerable cognitive burden of
manually reviewing hundreds of pages of bureaucratic text, results in mounting ‘expert noise’. At the same time, direct
LLM-based automation frequently produces unsatisfactory outcomes, owing to the models’ propensity for hallucinations
and their tendency to disregard anachronisms — both of which are inadmissible in professional evaluation practice.

This study responds to the need for hybrid systems that combine the flexibility of language models with the rigorous
logic of formalised audit criteria. Rather than relying on static prompt construction, this work develops an approach to the
iterative optimisation of system instructions, enabling the distillation of tacit expert knowledge into a functional prompt —
effectively encoding expert heuristics into the model’s context.

The aim of the study is to develop and experimentally validate a framework for adaptive knowledge distillation that
automates the initial stages of document analysis. Such tooling is intended to substantially reduce the workload of expert
auditors during the drafting and screening of strategic plans, whilst achieving a level of validation close to professional
human assessment — at significantly lower operational cost.
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Theoretical background and review of recent research

The development of methods for governing the behaviour of large language models has evolved from basic prompt
formulation (zero-shot) to sophisticated engineering frameworks. Research [3] has confirmed the efficacy of the Chain-of-
Thought (CoT) method, which encourages the model to make its intermediate reasoning steps explicit. For tasks operating
within strict normative constraints, however, CoT proves insufficient in the absence of an external control loop. Recent
studies [4] indicate that even advanced large reasoning models (LRMs) experience an ‘accuracy collapse’ as task com-
plexity increases — a finding that makes the shift to a prompt programming paradigm timely and necessary. Frameworks
such as DSPy treat the instruction not as a static piece of text but as a function parameter [5], subject to optimisation via
mechanisms such as OPRO (Optimisation by PROmpting) or MIPRO [6].

In the context of in-context learning, knowledge distillation takes on a different meaning: rather than updating neu-
ral network weights according to Hinton’s method [7], expert experience is crystallised into a highly effective system
prompt. This allows tacit knowledge to be conveyed to the model — intuition, an understanding of professional context,
and the appropriate register of critique — without the prohibitive cost of fine-tuning. A further important consideration is
the incorporation of a Human-in-the-Loop (HITL) mechanism [8], wherein a human operator acts as a ‘Meta-Judge’. This
safeguard prevents ‘semantic drift” and reward hacking, which arise when fully automated systems (AutoML) optimise
formal metrics at the expense of analytical substance.

Particular attention must be given to the limitations of few-shot prompting when applied to documents with hetero-
geneous structures. Providing an example analysis for one structural type — a financial report, for instance — can disorient
the model when it encounters a legal contract, compelling it to search for non-existent parallels and, consequently, to
generate hallucinations. Furthermore, an excessive number of examples consumes context window resources, which is
especially critical when processing documents in excess of 100 pages. A comparative analysis of prompting strategies is
presented in Table 1.

Table 1
Comparative Analysis of Prompting Strategies
Prompt Engineering . A Effectiveness for . N Optimal Domain of
Strategy Operating Principle Heterogeneous Structures Risk of Hallucination Application
Zero-Shot Direct instruction with no Low (model-dependent) Very high Simple claSS{ﬁcatlon,
examples. translation
Few-Shot Provision of N input— Critically low (imposes Moderate Entlty' extraction from
output examples patterns) uniform reports
Chain of Thought (CoT) Step-by-step gf?neratlon of High (adapts to document Low Identlﬁf:atlor? of .complex
reasoning structure) relationships in text
Self-Consistency Maj orlt}./ selection across | Very high (mitigates individual Minimal Extractl.on f’f quantitative
multiple CoT runs eITors) indicators
Tree of Thoughts (ToT) Proposali, evaluation, and Absolute (expert-level Minimal Multi-criteria analysis
synthesis of hypotheses performance)

The effectiveness of any given strategy is directly contingent on the configuration of the architectural parameters
governing access to the LLM. For tasks requiring rigorous analysis in which the precision of fact extraction is paramount,
the Temperature parameter should be reduced to its minimum (0.0-0.1); combined with a constrained Top-P value, this
renders the model’s output deterministic. In this configuration, the system message imposes strict constraints and imper-
atives — for example, a prohibition on drawing upon external data — whilst the user message serves as a container for
dynamic instructions and the text under analysis.

Task formalization

The system is formalised as a mapping from a fuzzy space of semantic features to a well-defined set of analytical

decisions. The mathematical model is expressed as the following tuple:

M =D,E,P,R,S,H;®,,¥,0,7,A,Q

where: D={D,,.D,.,} — the set of labelled and unlabelled documents; E — the space of reference expert conclusions
(the "gold standard"), containing implicit evaluation criteria; P — the semantic space of system prompts (instructions);
R — the set of Al-generated reports; S — the state vector of error memory (regression basis); H — the set of operator
control inputs (hints) provided by the human operator. Functional operators of the system: @, (Initialiser-Extractor) —
performs reverse engineering of expert reasoning on the basis of the a priori corpus of texts £ , extracting implicit criteria

and forming the initial prompt p(l) € P; ¥ (Executor) — maps the pair { p(k),D} to areport r € R . Implemented using Fast
Model-class models to optimise operational costs; @ (QA Auditor) — validates outputs on unlabelled data D, , , checking

for hallucinations and anachronisms. Should the hallucination rate exceed the permissible threshold 6, a "Penalty Loop"
is activated, thereby preventing overfitting of the system; 7 (Judge) — computes the divergence between rand e€ E ,
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classifying discrepancies as omissions ( K ;) or fabrications (K, ); A (Trainer) — aggregates errors in light of the history

S* and constructs an explanatory model of the causes of non-conformance; €2 (Optimiser) — effects the transition to a

new prompt state p'**"), maximising the integral conformance metric J(p).

The objective function J( p)is defined as:

J(p) =w -Sim(R,E)+w2 (1%}

where Sim(R,E ) denotes the semantic relevance score determined by means of gap analysis, and w, are weighting
coefficients that set the priority of either analytical precision or completeness.

This architecture enables the system to learn autonomously from the unstructured outputs of an expert, progressively
formalising them into stable analytical instructions.

Research methodology
Functional Model of Differential Optimisation and Feedback

The central element of the system is the Trainer operator ( A ), which acts as a link between the automated assessment
performed by the Judge (7 ) and the strategic decisions of the human operator. Rather than simply aggregating scores, ”
produces an explanatory error model (Explainable AI), enabling decisions to be taken at the level of architectural changes
to the prompt — rather than through the piecemeal correction of individual outputs.

The Trainer’s operating logic rests on three core analytical procedures.

o The regression audit procedure involves a comparative analysis of the current error matrix against the state vector

s , enabling the identification of "regression" instances — situations in which the correction of specific defects triggers
the re-emergence of previously resolved errors — thereby guaranteeing the temporal stability of the system.

o The error consensus detection mechanism is designed to identify persistent patterns across the corpus of processed
documents. Discrepancies — in particular, false negatives — that appear in more than 80% of generated reports are classi-
fied as a fundamental systemic deficiency in the instructions, rather than as random anomalies attributable to a specific
model.

® Root cause generation is accomplished by establishing deterministic causal relationships between the architec-
ture of the system prompt and the identified deviations. Where systematic hallucinations are detected, for instance, this
mechanism enables a critical examination of the instruction hierarchy for imbalances between demands for detail and the
imperative of factual accuracy.

By separating the functions of the Executor ( V'), the Judge ( J ), and the Trainer ( A ), the system realises the principle
of hierarchical learning. This makes it possible to delegate routine data processing to "lightweight" models, which radi-
cally reduces the per-unit cost of analysis and minimises the system's carbon footprint through the use of energy-efficient,
compact models.

In operational mode, the optimal prompt p"is fixed upon discovery, ensuring strong generalisation performance on
documents outside the training set whilst preserving expert-level validation standards.

Algorithmic Implementation of the Iterative Optimisation Cycle

The practical implementation of the proposed method (Fig. 1) is based on a software suite developed in the Ruby
programming language. The approach involves a hierarchical allocation of computational resources between two model
classes: a high-capacity executor model with an extended context window for the direct processing of large document
corpora, and an intelligent analyst model that serves as analytical process orchestrator.

The iterative training cycle is implemented as a closed loop, commencing with the knowledge base initialisation
stage, during which the analyst model performs reverse engineering of reference expert conclusions to extract implicit
evaluation criteria. The resulting initial system prompt is then applied in batch mode to the training document set via the
executor model. This is followed by a comparative evaluation stage, in which the analytical core cross-references the
generated outputs against the reference values and classifies any discrepancies according to three categories: semantic
hallucinations, logical deficits, and chronological aberrations.

A critical component of the cycle is the Human-in-the-Loop mechanism, which involves presenting the error analysis
report to a human operator who makes strategic decisions regarding the direction of the system’s further development. On
the basis of this feedback, differential optimisation is performed: an automated optimiser rewrites the system prompt to
address identified deficiencies, whilst mandatory regression testing is conducted in parallel.

Particular attention within the algorithm is devoted to resolving the problem of evaluating documents from prior peri-
ods, which language models frequently analyse through the lens of contemporary wartime and socio-political realities.
To counteract this effect, a semantic version control block was integrated into the system instruction architecture, which
compels the model to identify the temporal attributes of a document prior to commencing analysis. This enables the sys-
tem to switch between Mode A — an extended audit for compliance with wartime regulatory requirements — and Mode
B — an evaluation of documents that accounts for their historical context, wherein outdated data is not treated as erroneous.
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Figure 1. IDEF0 model of the iterative system prompt optimisation cycle

Verification Procedure and Assessment of Generalisation Capacity

To confirm the reliability of the optimised prompt and rule out the risk of overfitting to a limited dataset, a blind testing
procedure was implemented. Verification was conducted on a control sample comprising the strategic plans of 15 territo-
rial communities that had not been involved in any stage of the iterative optimisation process. The verification methodol-
ogy is based on autonomous internal consistency auditing and incorporates the deterministic generation of reports by the
executor model at a temperature value of zero. The verification process involves QA analysis across several dimensions:

e The system performs factual hallucination detection by identifying references to non-existent legislative acts or
fabricated statistical indicators.

e The analytical core identifies logical deficits in cases where the model produces unwarrantedly positive conclu-
sions in the absence of supporting factual data in the source document.

e The model carries out chronological validation to ensure that temporal context is respected and that no anachro-
nisms are present in the conclusions.

o Swlistic verification is conducted to assess the objectivity of the text and to eliminate instances of artificial empa-
thy or emotional colouring.

The outcome of the verification process is a composite quality score ranging from 0 to 10. A maximum score denotes
full conformity of the report with the content of the original document and strict adherence to an analytical form of pres-
entation. This procedure enables an objective assessment of the system’s capacity to produce reliable analyses of new
documents without requiring additional hand-crafted reference reports.

Experiment and results
Research Object and Experimental Conditions

The study drew on strategic documents from four Ukrainian territorial communities of varying types, including a
regional centre, a district-level town, and a border community. The adaptive knowledge distillation process encompassed
five complete cycles of iterative instruction optimisation. In the course of these trials, a critical vulnerability of autono-
mous systems was identified: during the third iteration, in the absence of direct human intervention, semantic drift was
observed. The model began to replace domain-specific terminology, substituting distinctly Ukrainian administrative con-
cepts — such as starosta district and hromada — with generic anglicisms: ‘municipality’ and ‘district’.

To stabilise the lexical composition of the reports in subsequent cycles, the Human-in-the-Loop mechanism was
employed, enabling the introduction of a hard negative constraint prohibiting the use of foreign-language terminology.
This preserved the conceptual vocabulary characteristic of Ukraine’s normative framework, and confirmed that human
oversight is necessary in the knowledge distillation process when operating within highly specialised domains.

Verification and Analysis of Generalisation Capacity

To confirm the reliability of the optimised instruction and rule out the risk of overfitting on a limited dataset, a

blind testing procedure was implemented. The control sample comprised strategic plans from 15 territorial communities
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sourced from open repositories, none of which had been involved in the iterative search for the optimal prompt. The
verification methodology was based on autonomous internal consistency auditing and incorporated several stages of inde-
pendent evaluation, including expert involvement to provide external validation and support the results.

The quality assessment process for the generated reports followed a clearly defined algorithm.

o The executor model produced analytical reports for the validation sample exclusively in deterministic mode, with
output temperature set to zero, to guarantee the reproducibility of results.

o The analyst model assumed the role of a rigorous auditor, conducting a multi-factor QA revision analysis to detect
factual hallucinations, logical deficits, and chronological aberrations.

e The composite quality score (QA score, 0—10) enabled an objective assessment of the degree to which each
report conformed to the actual content of the original document and met the requirements of a strictly analytical form of
presentation.

The results confirmed that the blind testing stage is essential for identifying hidden prompt deficiencies, which tend
to be masked during operation with the primary training sample. The domain experts involved in the study confirmed
that the final Al-generated reports align, in both content and depth of analysis, with the original expert conclusions.
This demonstrates the system’s strong capacity to generalise expert approaches to new communities without additional
hand-crafted reference examples. The method has been implemented within the Integrated Gender-Sensitive Community
Recovery project and is available for testing on a dedicated domain.

Conclusions

This study developed and validated a method for the adaptive distillation of expert knowledge into large language
models for automated strategic document auditing. The proposed framework of iterative system instruction optimisation
overcomes key limitations of contemporary Transformer architectures — most notably, the degradation of logical inference
when processing large volumes of heterogeneous data.

The principal contribution of this work is the reframing of knowledge distillation as a process of crystallising tacit
expert knowledge directly into the semantic space of a system prompt. The implemented Orchestrator—Executor architec-
ture, built upon the gemini-2.5-flash and gemini-2.5-flash-lite models, demonstrated high analytical accuracy whilst sub-
stantially reducing operational costs. The architecture enabled the separation of routine text processing from high-level
logical analysis — a distinction important for the scalability of digital governance systems.

Experimental validation confirmed that integrating a Human-in-the-Loop mechanism is essential for preventing
semantic drift and preserving domain-specific terminology. The introduction of a semantic version control block suc-
cessfully mitigated the problem of anachronisms, ensuring the correctness of document evaluation across different time
periods whilst accounting for the relevant historical and normative context. The blind testing results demonstrated strong
generalisation capacity of the optimised prompt p*, whose performance on previously unseen documents closely approx-
imates that of professional expert assessment.

The practical relevance of the research has been demonstrated within the GenPlan (Gender responsive development
and recovery planning for communities) project (https://genplan.csgard.sumdu.edu.ua/), where the developed tooling
provides initial screening and scenario planning for the gender-sensitive recovery of communities. Broader implemen-
tation of such hybrid intelligent systems within local self-governance bodies will contribute to greater transparency in
administrative decision-making and a substantial reduction in the workload of expert auditors in the drafting of strategic
documents.
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