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Abstract The effective management of disaster medicine requires rapid access to a hierarchical corpus of
normative documents—federal regulations, regional adaptations, and local protocols—that often conflict
across jurisdictions. Traditional retrieval-augmented generation (RAG) systems rely on pairwise semantic
similarity and fail to capture higher-order constraints such as jurisdiction, emergency type, response stage,
and actor role. Here we propose a self-organizing RAG architecture built on a hypergraph of 246 507
text chunks derived from 1 239 normative documents of the Russian disaster medicine system. Nodes
are chunks embedded with the multilingual model BAAI/bge-m3 (HR@5=0.85), and hyperedges encode
shared metadata (region, disaster type, role, response stage). We compare three generation strategies
(baseline LLM, standard RAG, and an iterative search agent) on 17 expert-validated queries using LLM-
as-a-Judge scoring. Standard RAG achieves the highest average score (2.74 vs. 2.44 for baseline and 2.49
for the agent) but exhibits a fundamental limitation: semantically close chunks from different regions form
overlapping attractors in the embedding space, leading to compilative noise and inconsistent answers. To
overcome this, we introduce a two-stage self-organizing retrieval pipeline: (i) metadata extraction from the
query using the same LLM, and (ii) hypergraph filtering followed by semantic search within the reduced
subset. This cascade breaks the symmetry between regional attractors, reduces answer entropy, and ensures
normative validity without model retraining. The work demonstrates how hypergraph-based filtering and
self-organization principles can enhance AI-driven decision support in hierarchically regulated medical
domains, with potential extensions to other fields facing conflicting information sources.

1 Introduction

The mitigation of medical-sanitary consequences of emergencies (disasters) currently represents a complex dynamic
system in which the interaction of multiple actors (federal and regional centers, emergency medical services,
hospitals) is governed by a hierarchical system of regulatory documents and response algorithms [1]. In the Russian
Federation, this system exhibits a pronounced networked hierarchical structure: a central hub (the Ministry of
Health of the Russian Federation and the Federal Center for Disaster Medicine as its key operational management
body) sets global rules, regional nodes (territorial disaster medicine centers) adapt these rules to local conditions,
and local algorithms determine the actions of specific executors [2]. Such a hierarchy generates not only vertical
“federal–regional” connections but also horizontal connections between regional documents, as well as referential
relationships that form hyperedges of contradictions (for example, when one regional algorithm references a current
federal document, while another references an algorithm that has lost its relevance following changes in federal
legislation, thereby creating conflicting interpretations) [3].

Traditional systems of decision support systems (DSS) in these conditions demonstrate limited effectiveness
as they are unable to account for the multi-level nature of the regulatory framework [4]. Recently, approaches
based on large language models (LLMs) and retrieval-augmented generation (RAG) technology have been actively
developing [5]. In our previous work, we proposed a hybrid DSS architecture based on a “cognitive digital twin”
that integrates dynamic modeling with a domain-adapted LLM (Catastrophe-LLM) [6]. However, classical RAG
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typically reduces to pairwise semantic search—nearest neighbor search in the vector space of embeddings [7]. In
the context of regulatory hierarchy, this is insufficient: fragment relevance is determined not only by its semantic
similarity to the query but also by higher-order constraints—jurisdiction (federal/regional level), disaster type,
response phase, and executor role (dispatcher, paramedic, manager) [8, 9]. Ignoring these dimensions leads the
system to retrieve semantically similar but normatively inapplicable fragments (e.g., an algorithm intended for
another region), generating contradictory or unfounded responses [10].

At the same time, the phenomenon of self-organization—the ability of a system to adapt its structure without
external control to achieve a stable outcome—is key to complex adaptive systems [11–14]. In the context of RAG,
self-organization can manifest as the system’s ability to filter regional variations, resolve conflicts between sources,
and produce a consensus answer based on implicit priorities, for example, giving priority to federal documents
[15]. However, existing RAG architectures lack built-in mechanisms for such self-organization. For instance, in the
study by Wong H.S. and Wong T.K. (2026), the Multi-Evidence Clinical Reasoning RAG (MECR-RAG) system
designed for triage achieved high accuracy by combining local guidelines (Hong Kong Accident and Emergency
Triage Guidelines) with a database of 3 000 real-world emergency department triage cases, but did not account for
hierarchical conflicts between sources [11]. In the work by Liu S. et al. (2025), the use of a knowledge graph improved
retrieval quality; however, the graph was built on a triage handbook and did not incorporate dynamic filtering by
jurisdiction [12]. The closest in spirit is the study by Yazaki M. et al., where RAG improved triage accuracy from
35% to 70% compared to a baseline LLM, but the authors likewise did not address the problem of reconciling
heterogeneous regulatory sources [16]. Thus, the task of integrating federal and regional regulatory documents
into a unified self-organizing RAG system remains unsolved. It should also be noted that the specific nature of
disaster medicine places particular demands on the verifiability of recommendations and the ability to trace their
regulatory justification, which makes RAG, with its source citation mechanism, the most appropriate technological
solution; however, adaptation of this technology to disaster medicine tasks has not yet been undertaken.

The aim of this work is to propose an architecture for a self-organizing RAG on a hypergraph of disaster medicine
regulatory documents, to justify its necessity, and to outline implementation pathways.

In the proposed model, nodes are text fragments (chunks) obtained from 1 239 documents at the federal and
regional levels; hyperedges are defined by shared metadata (region, disaster type, executor role). We conduct a
comparative analysis of three response generation strategies (baseline LLM, classical RAG, and agentic search)
using the LLM-as-a-Judge methodology and show that classical RAG, relying solely on semantic similarity, sys-
tematically mixes fragments from different regional jurisdictions, generating interpretation conflicts and increasing
response entropy. Based on the obtained results, we substantiate the promise of transitioning to two-stage self-
organizing filtering (metadata + semantics), which can potentially provide more stable and normatively justified
response quality by breaking the symmetry between regional attractors.

2 Methodology

The overall research pipeline (see Fig. 1) comprises seven sequential stages: (1) construction of the initial corpus
of regulatory and methodological documents and response algorithms; (2) extraction of textual content using the
Chandra 2 optical character recognition model and the Pandoc converter; (3) removal of administrative head-
ers, approval stamps, and other semantically insignificant information from the text; (4) recursive fragmentation
(chunking) of the cleaned text with a target size of 500 tokens and an overlap of 50 tokens; (5) building vec-
tor representations of chunks using the multilingual embedding model BAAI/bge-m3 and constructing a two-level
index based on the FAISS library; (6) response generation using three alternative strategies (baseline, augmented
generation, agentic search) based on a single Qwen3-32B model; (7) quantitative assessment of response quality
using the LLM-as-a-Judge methodology with a five-point scale for alignment with reference documents. Below,
each stage receives a formal description in terms of complex network theory and self-organization.

2.1 The normative corpus as a multi-level graph

The initial corpus includes 1 239 documents (PDF and DOCX) from the Federal Center for Disaster Medicine
(FCDM) and the Territorial Centers for Disaster Medicine (TCDM) of all constituent entities of the Russian Fed-
eration. Overall, the dataset comprises standard emergency response algorithms, regulatory legal acts, interagency
interaction agreements, and scientific publications.

After the stages of extraction, cleaning, and fragmentation (see Sect. 2.2), the corpus is transformed into a set
of text fragments—chunks C = {c1, c2, . . . , cN} with N = 246 507. Each chunk cj is associated with a source
document di ∈ D, |D|= 1264, as well as with a set of metadata M = {region, disaster type, executor role,
response phase}. The metadata are extracted from the directory structure and file paths, which encode a priori
expert knowledge from the FCDM.

We construct a hypergraph H = (C, E), where:
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Fig. 1 Pipeline for constructing and evaluating a self-organizing knowledge base on a hypergraph of disaster medicine
regulatory documents
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• Nodes are the chunks cj ;
• 1st-order edges (pairwise connections) are given by the cosine similarity between the vector representations
xj = emb(cj) (see Sect. 2.3):

wjk =
xj · xk

‖xj‖‖xk‖ , wjk ∈ [0, 1],

where all chunk vectors xj are normalized to unit L2-norm, making their dot product equivalent to cosine
similarity. Note that two chunks with similar meanings have vectors that are close in terms of cosine measure
(the angle between them is small). For example, a chunk “report to the head of the regional health department”
and a chunk “report to the regional health minister” will have a cosine similarity w > 0.9; that is, the strength
of pairwise connections in the hypergraph is determined by semantic encoding.

• Higher-order hyperedges e ⊆ C unite all chunks that share a common metadata value (e.g., the same region, the
same disaster type, or the same executor role).

Thus, the hypergraph encodes not only semantic proximity through pairwise interactions but also, via hyperedges,
the normative-functional groupings that are critical for disaster medicine.

We introduce an incidence matrix H ∈ {0, 1}N×L, where L is the total number of unique metadata combinations
(considering all dimensions). An element Hj, � = 1 if chunk cj belongs to hyperedge e�. This matrix subsequently
allows filtering of the search space according to metadata specified by the user or automatically extracted from
the query.

2.2 Text extraction and fragmentation

Text extraction from PDF documents was performed using the Chandra 2 model (5 billion parameters, Qwen3.5
architecture)—a multimodal “vision-language” model designed to preserve the two-dimensional topology of tabular
data. DOCX documents were converted using the pandoc tool. Administrative headers (“APPROVED BY”,
“AGREED UPON”, signatures) were removed from the cleaned text using regular expressions.

The stage of splitting text into fragments (chunks) directly determines the quality of subsequent retrieval, since
each chunk serves as the minimal extraction unit when processing a query in the RAG pipeline.

The problem of choosing an optimal chunking strategy lies in a fundamental trade-off between two competing
requirements. On the one hand, chunks must be sufficiently small to ensure high retrieval accuracy. On the other
hand, chunks must be sufficiently large to preserve contextual coherence. Breaking a logically unified fragment
leads to a loss of semantic integrity and, consequently, to the generation of incomplete or incorrect responses [17].

In the present study, this trade-off is resolved by applying a recursive text splitter that implements a hierar-
chical approach to document segmentation [18]. The algorithm operates on an ordered set of separators ranked
in descending order of their semantic significance. Let a text T be given along with an ordered set of separators
Σ = (σ1, σ2, . . . , σm) in descending order of semantic significance: σ1—double line break (paragraph boundary),
σ2—single line break, σ3—period with space (sentence boundary), σ4—semicolon, σ5—comma. For each level i,
we define a splitting operator splitσi

(T ) that divides T into substrings using the separator σi. If the resulting frag-
ments do not exceed the target length Lmax = 500 tokens, the procedure terminates. Otherwise, for each overly
long fragment, the next-level separator σi+1 is applied recursively. Overlap between adjacent chunks is fixed at 50
tokens and is ensured by appending δ = 50 tokens from the end of the previous chunk to the beginning of the next
one, which preserves context at segmentation boundaries. The tokenized length of a text fragment is estimated
based on an empirically derived coefficient for Russian language texts, according to which the number of tokens is
approximated as 2/3 of the total character length of the string.

This configuration ensures that the algorithm primarily strives to preserve the integrity of paragraphs and
logical blocks, and only performs splitting at the sentence and syntagm level when necessary. As a last resort, if
the text cannot be split using the specified separators, forced truncation is applied at a fixed number of characters
corresponding to the maximum token limit.

The chunk corpus was filtered using a text quality metric defined as the proportion of valid characters (alphabetic,
numeric, and punctuation marks) in the total string length. Chunks for which this metric fell below a threshold
of 0.7 were excluded from further consideration as optical recognition artifacts containing a significant amount
of irrelevant or corrupted character information. The final size of the annotated chunk corpus was 246 507 text
fragments, with an average chunk size of 282 tokens.

2.3 Vector representations and embedding model

An important stage in constructing a vector knowledge base is the selection of an optimal embedding model—a
function that maps discrete text fragments into a continuous vector space of fixed dimensionality. The quality of
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this mapping directly determines the effectiveness of subsequent semantic search, since in the RAG pipeline the
relevance of the retrieved context is evaluated through a measure of similarity between the vector representation
of the query and the vector representation of the chunks [19].

The problem of selecting an embedding model in the present study is complicated by two factors. First, the
domain of disaster medicine is characterized by highly specialized Russian language terminology, encompassing
both medical concepts and specific regulatory-legal constructs. Publicly available multilingual embedding models
trained on general-purpose corpora may demonstrate reduced effectiveness when processing domain-specific vocab-
ulary. Second, there are no standardized benchmarks for quantitatively assessing embedding quality for disaster
medicine tasks, making it impossible to directly compare models based on existing reference datasets.

To overcome these limitations, the present study develops a comparative evaluation of embedding models based
on generating a synthetic test set of questions using a local generative language model. This approach makes it
possible to create a closed validation loop relevant to the task of Russian language text recognition and to perform
quantitative comparison of models using unified metrics. It is important to emphasize that this stage does not
evaluate the quality of final responses for the user nor does it address medical issues—the procedure is aimed solely
at determining the ability of the embedding model to correctly match a query with the text fragment from which
it was generated.

The test dataset was constructed in several sequential steps. A truncated sample of 1 000 random fragments,
representing the diversity of document types and thematic categories, was extracted from the overall corpus of
chunks. From this sample, 20 random chunks were selected for test query generation. Each selected chunk was fed
into the local generative model Qwen3-32B with a prompt instructing it to generate a question in Russian that
is semantically close to the chunk’s content, reflects the key concepts from the text, and is sufficiently specific to
uniquely identify the given fragment. Generation was performed with parameters ensuring deterministic outputs
(temperature set to zero), which guaranteed reproducibility of the results. For each generated question, the source
chunk identifier, its textual content, and the path to the original document were recorded, thereby forming a
reference test set in which each query has a single known correct match.

The evaluation of embedding model quality was performed according to the following scheme. For each model
under test, embeddings were computed from the truncated sample of chunks, after which a vector database indexing
this set was constructed. For each generated question, its embedding was computed using the same model, followed
by a search for the five most semantically similar chunks in the constructed database. The obtained results were
compared against the reference source chunk identifier, making it possible to determine whether the correct chunk
was found and at what position in the ranked list it appeared.

For quantitative evaluation, two metrics were used:

• Hit Rate@K (HR@K) is the proportion of queries for which the correct chunk (question source) appeared among
the top K search results.

• Mean Reciprocal Rank@K (MRR@K) is the arithmetic mean of the reciprocal ranks of the first correct chunk:

MRR@K =
1
Q

Q∑

q=1

1
rankq

,

where Q = 20 is the number of queries, and rankq is the position of the first correct chunk (if the chunk is
not found in the top-K, 1/rankq = 0). Unlike Hit Rate, this metric accounts not only for whether the correct
chunk appears in the results but also for its position in the ranked list, penalizing models that place the relevant
fragment at lower positions.

In hypergraph terms, HR@K characterizes the model’s ability to preserve local structure—associating a query
with a semantically close node—while MRR@K reflects the ranking ability required for ordering neighbors. In the
present study, the parameter K was set to 5.

The BAAI/bge-m3 model achieved HR@5 = 0.85 and MRR@5 = 0.70, significantly outperforming the nine other
models tested (see Table 1). This model, developed specifically for multilingual tasks and supporting over one
hundred languages, demonstrated not only a high ability to find relevant chunks but also excellent result ranking.
This means that in 85% of cases, the correct chunk is among the top-5, and on average it appears between positions
1 and 2 (since 1/1.43 ≈ 0.7) in the ranked list. This is critically important for RAG systems, as the context provided
as input to the LLM is typically limited to the first few search results. The significant margin in MRR over the
models in second and third place (0.56 and 0.52, respectively) confirms the superiority of BAAI/bge-m3 specifically
in terms of ranking ability, rather than merely in its capacity to detect relevant fragments within a broad search
radius. Consequently, the BAAI/bge-m3 model was selected for obtaining vector representations of the chunk corpus.
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Table 1 Results of evaluation of the effectiveness of embedding models

No. Model HR@5 MRR@5

1 BAAI/bge-m3 0.85 0.70

2 Snowflake/snowflake-arctic-embed-l-v2.0 0.75 0.56

3 intfloat/multilingual-e5-large-instruct 0.75 0.52

4 sentence-transformers/LaBSE 0.70 0.56

5 BAAI/bge-large-en-v1.5 0.55 0.36

6 cointegrated/LaBSE-en-ru 0.50 0.39

7 thenlper/gte-large 0.50 0.35

8 sentence-transformers/paraphrase-multilingual-MiniLM-L12-v2 0.45 0.40

9 sentence-transformers/paraphrase-multilingual-mpnet-base-v2 0.40 0.35

10 sentence-transformers/distiluse-base-multilingual-cased-v2 0.40 0.34

2.4 Two-level index architecture

To ensure efficient semantic search over the constructed chunk corpus, a two-level vector index architecture based
on the FAISS library was implemented. The choice of this library is motivated by its high performance when
working with dense vector representations and its support for efficient approximate search algorithms [20].
Micro-level (chunks): An index of type IndexFlatIP implements exact nearest neighbor search using the inner

product metric. As noted above, all chunk vectors xj are normalized to unit L2-norm, making the inner product
equivalent to cosine similarity and allowing search results to be interpreted directly as a measure of semantic
proximity.

The lower level of the index aggregates 246 507 vectors corresponding to individual chunks obtained from the
recursive segmentation procedure.
Macro-level (documents): For each document di ∈ D, an initial fragment of 12 000 characters is extracted, and

its embedding yi is computed using the same BAAI/bge-m3 model. A separate FAISS index stores M = 1264
document vectors.

The procedure for extracting relevant information in the multi-level regulatory graph was organized according
to a hierarchical scheme.

1. For a query �, its embedding x� is computed.
2. A search for the S = 5 nearest chunks is performed in the micro-index.
3. The retrieved chunks are grouped at the macro level by source document identifier, and all relevant fragments

are aggregated for each document. If necessary, the full document vector can be extracted from the macro-index
to assess global relevance.

This approach offers a dual advantage: high search granularity at the chunk level ensures precision in localizing
relevant information, while subsequent aggregation by document provides the end user or generative model with
the complete regulatory context necessary for correct interpretation of the retrieved provisions and verification of
their applicability.

2.5 Response generation strategies as modes of self-organization

Three strategies were compared, all implemented on the same generative model—Qwen3-32B (32 billion parameters,
local deployment). Each strategy is interpreted as a self-organization mode of the system within the hypergraph
H.
Baseline Strategy (LLM only) The model receives only the user query �, without any context from the regulatory

document corpus. This configuration relies solely on the parametric knowledge embedded in the LLM’s weights
during pre-training [21]. Since the disaster medicine domain is weakly represented in general-purpose training
corpora, in the absence of external relevant context, the generation dynamics in semantic space exhibit a tendency
to converge to stable but often irrelevant semantic attractors—a characteristic state for systems with iterative
transformations [22, 23]. This feature, in the absence of navigation through an external knowledge base, explains
the observed high entropy of responses and the tendency toward “hallucinations”—the generation of factually
unreliable information [24].
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This configuration serves as a reference point, enabling quantitative assessment of the contribution of information
retrieval mechanisms to the final response quality.
Augmented Generation based on Vector Search (RAG) Classical RAG architecture: the query � is converted into

an embedding x�, and a search is performed for the S = 5 nearest chunks in the micro-index (by cosine similarity).
The retrieved chunks are concatenated and fed into the LLM together with � as contextual augmentation. This
mode corresponds to fixation on the five nearest nodes in Euclidean space. This approach ensures response relevance
by explicitly providing the model with domain-specific information that is absent or underrepresented in its training
data.

It is more stable than the baseline but sensitive to regional noise: if the five nearest chunks include fragments
from different constituent entities of the Russian Federation, the model may generate a contradictory response.
Search Agent The third strategy represents an agentic approach, in which the language model functions as an

autonomous agent endowed with the ability to interact instrumentally with the document corpus [25]. The agent is
provided with access to three specialized tools: (1) full-text search over the corpus using the ripgrep utility, which
enables high-performance regular expression search with context line output; (2) reading an arbitrary fragment
of a file specified by file path and line number range; (3) file search by name pattern, allowing localization of
documents matching a given mask. The key distinction of this strategy from RAG-based vector search is the
iterative nature of the process: the agent independently formulates search queries based on analysis of the current
task, interprets the obtained results, determines the need for additional information, and can initiate subsequent
search and reading cycles. The interaction protocol limits the maximum number of iterations to fifteen, after which
the agent must produce a final answer. This architecture models the behavior of an expert sequentially studying
the regulatory framework to find relevant provisions.

From the perspective of dynamics on the hypergraph, this is a walk with feedback: each step of the agent selects
a new edge or node based on the previous result. This regime is bistable—with a successful initial hypothesis (the
first query hits the correct document), the agent achieves high accuracy, but with an unsuccessful first step, it may
drift into a region of irrelevant nodes, resulting in low response quality. The high sensitivity to initial conditions
explains the polarized distribution of scores (see Sect. 3).

2.6 Quality assessment procedure: LLM-as-a-judge as an external benchmark

For quantitative comparison of the strategies, the “LLM-as-a-Judge” methodology was employed, using the same
Qwen3-32B model but in classification mode (without generating new content). The choice of this approach is
motivated by the absence of standardized reference datasets for regulatory-legal retrieval tasks in the given domain,
as well as the high labor intensity of manual expert evaluation of generated text responses. The LLM-as-a-Judge
methodology makes it possible to automate the evaluation procedure while maintaining a high degree of correlation
with human expert judgments, as confirmed by a number of independent studies in the field of generative model
evaluation [26].

In our study, we also supplemented the LLM-as-a-Judge methodology with an evaluation of the gener-
ated responses by FCDM experts. All responses produced by the language model were examined by eight
experts—operational duty officers of the disaster medicine service—who assessed response quality in terms of
usefulness and importance for the center’s current operations.

A key feature of the implemented evaluation scheme is the independent assessment of each generated response
against a set of reference documents. This approach provides a granular evaluation of response relevance to each
potential information source and makes it possible to identify both the completeness of regulatory framework
coverage and the strategy’s ability to focus on the most authoritative documents.
Reference Document Set The evaluation set included 17 questions on disaster medicine topics (see Table 3),

covering key aspects of professional activity: criteria for classifying events as emergencies, standard response
algorithms for various disaster categories, principles of organizing medical care for victims, as well as issues of
regulatory-legal regulation of disaster medicine service operations.

For each of the 17 test questions, a set of reference documents R� ⊆ D was defined that are known to contain
the normatively correct answer. Additionally, documents retrieved by the RAG strategy were included in R� (to
avoid bias in favor of any single strategy). The average size of the reference set per question for the evaluation set
was |R�|= 7.3.
Rating scale: For each pair “generated response a—reference document r ∈ R�”, the judge model assigns a score

from 1 to 5:

• 5 points—complete and exact correspondence of the response to the content of r.
• 4 points—most of the information is reflected, but with minor omissions.
• 3 points—partial reflection with significant gaps.
• 2 points—weak relevance (the response only indirectly addresses the topic).
• 1 point—no correspondence or factual errors.
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Since the scale is ordinal, the overall quality of a strategy for question � is defined as the arithmetic mean of the
scores over all r ∈ R�:

Score� =
1

|R�|
∑

r∈R�

LLM-judge(a, r).

Such an averaged score can be viewed as a discretization of a continuous measure of semantic agreement (e.g.,
cosine similarity between the response embedding and the reference fragment), but with consideration of normative
correctness, which provides higher validity.

The user message included the original question, the text of the generated response, and the content of the
reference document. In cases where the reference document volume exceeded the context window of the judge
model, truncation was applied to the first 8 000 characters—a value empirically determined to be sufficient for
preserving the semantic integrity of the regulatory document while respecting technical constraints. The judge
model returned the result in a structured JSON format containing a numerical score on a five-point scale and a
textual justification for the decision, ensuring both quantitative measurability and qualitative interpretability of
the results.

In total, 3 × 124 = 372 independent judgments were obtained for the three strategies (17 questions × 7.3
documents on average). The statistical significance of differences was tested using nonparametric methods (results
are presented in Sect. 3).

3 Results

A comparative analysis of three response generation strategies (baseline LLM, RAG, and agentic search) was
conducted on an evaluation set of 17 questions covering key aspects of disaster medicine. For each question, a
set of reference documents Rq was defined (on average |Rq|= 7.3). The quality of each generated response was
assessed using the LLM-as-a-Judge method and by FCDM experts on a five-point scale. The total sample size
comprised 124 independent evaluations per strategy (372 judgments in total).

Comparison of Strategies: Mean Scores and Distribution
Table 2 presents the mean scores and score distributions for the three strategies. The RAG strategy achieved

the highest mean score (2.74 for LLM-as-a-Judge and 3.46 for expert evaluation), outperforming the baseline
LLM (2.44 for LLM-as-a-Judge and 3.05 for expert evaluation) and the agentic search (2.49 for LLM-as-a-Judge
and 2.68 for expert evaluation). The proportion of high-scoring responses (4 and 5 points) in RAG was 14.5%,
compared to only 7.3% for the baseline. This observation naturally reflects the limited parametric knowledge of
the model in the highly specialized domain of disaster medicine. At the same time, the proportion of low-scoring
responses (1 – 2 points) in RAG decreased to 25.8% from 38.7% for the baseline model, while the proportion of
high scores increased to 14.5%. A fundamentally important result is the appearance, within this strategy’s outputs,
of responses receiving the maximum score, demonstrating the ability of the RAG approach to ensure complete
correspondence between the generated response and the content of the relevant regulatory document. This finding
confirms the effectiveness of vector search as a mechanism for providing domain-specific context to the model.

Table 2 Score distribution by strategy (124 evaluations per strategy)

Strategy Mean score
(FCDM
experts)

Mean score
(LLM-as-a-Judge)

1 point 2 points
(%)

3 points
(%)

4 points
(%)

5 points
(%)

Baseline
(LLM only)

3.05 2.44 25.0 13.7 54.0 7.3 0.0

Augmented
generation
(RAG)

3.46 2.74 16.1 9.7 59.7 12.9 1.6

Agentic
search

2.68 2.49 25.8 20.2 39.5 8.1 6.5

The bold values in each column indicate the strategy that achieved the highest percentage of scores for that particular score
level (1 through 5)
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Table 3 Results by question (mean score)

No. Question Baseline RAG Agent Best

1 Criteria for classifying a traffic accident as an emergency 2.3 3.5 1.2 RAG

2 Number of emergency medical teams for a mass traffic accident 3.3 2.7 2.9 Baseline

3 Dispatcher actions during an explosion 1.8 2.6 2.4 RAG

4 Algorithm for natural wildfires 2.3 3.1 3.6 Agent

5 Actions during a radiation accident 2.8 3.1 2.5 RAG

6 Algorithm for a terrorist attack 2.2 2.7 1.8 RAG

7 Algorithm for a sanitary-epidemiological emergency 2.3 2.6 2.3 RAG

8 Organization of the All-Russian Disaster Medicine Service during
emergencies

3.6 3.6 3.8 Agent

9 Completion of accounting forms 2.4 3.0 3.5 Agent

10 Information interaction between EMERCOM and the Ministry of
Health

3.5 3.5 3.5 RAG

11 Medical evacuation during emergencies 2.8 2.8 2.1 RAG

12 Actions of an emergency medical paramedic 3.0 3.6 3.1 RAG

13 Patient routing during traffic accidents 3.0 2.8 3.0 Agent

14 Duties of the TCDM operational duty officer 2.0 1.3 1.3 Baseline

15 Reserve of material resources 1.7 2.8 1.3 RAG

16 Medical triage during mass casualties 2.7 1.7 1.0 Baseline

17 Reporting of infectious morbidity information 1.2 2.2 3.8 Agent

The bold values in each row indicate the strategy that achieved the highest average score for that specific question

The agentic search exhibits a polarized distribution: the maximum proportion of highest-quality responses (5
points—6.5%) is combined with the highest proportion of low scores (46.0%). This indicates a bistable operating
regime of the agent, sensitive to the initial conditions of the search.

Detailed Analysis of Test Questions
Table 3 presents the mean scores for each of the 17 questions.
The augmented generation strategy achieved the best result for 10 out of 17 questions (58.8% of cases), confirming

its advantage as the most robust approach. The superiority of this strategy is particularly pronounced for questions
requiring precise reproduction of regulatory criteria and standardized procedures.

The agentic search demonstrated superiority for 4 out of 17 questions (23.5% of cases), with the nature of these
questions indicating specific advantages of the agentic approach. The agentic approach possesses a competitive
advantage when processing queries that require navigation through hierarchical or corpus-distributed information
structures, as well as when integration of information from several thematically related documents is necessary.

The baseline strategy (without augmentation) proved best for only 3 out of 17 questions (17.6% of cases).
This phenomenon can be explained by the fact that these questions address basic principles of medical care
organization, which are sufficiently well represented in the general training corpus of the Qwen3-32B model. In
these cases, retrieving fragments from the specialized corpus apparently introduced redundant or contextually
biased information, leading to a reduction in the relevance of the final response.

It is important to note that the evaluation of the generated responses by FCDM experts generally coincided
with the scores assigned by LLM-as-a-Judge: the mean score determined by experts was 3.05 for the baseline LLM,
3.46 for RAG, and 2.68 for the agent. The highest mean score was assigned to responses generated using RAG;
however, when using this strategy, minor omissions were noted for some questions and, in several cases, significant
gaps.

The main reason for the experts lowering the RAG evaluation is that, when answering questions that were
general in nature and applicable to all constituent entities of the Russian Federation, this strategy generated
responses in 40% of cases not based on federal standard algorithms, but on the regulatory documentation of an
arbitrarily selected constituent entity of the Russian Federation. In their conclusions, the experts suggested that
after data ranking and the introduction of geo-markers, the percentage of correct responses should increase.

It is worth noting that the chosen comparative evaluation method may have underestimated the quality of
the agentic search’s responses, since in most cases the agent suggested clarifying the question or continuing the
discussion of the topic. As a consequence, in 3 cases, according to the experts, the agentic search’s response did
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not correspond to the question or was weakly related to it (1 – 2 points), and in 5 tasks, the operator chose not
to extend the dialog when working with the agent.

Response Entropy as a Measure of Uncertainty
To quantitatively assess the variability of response quality for each strategy, we compute the Shannon entropy

of the score distribution on the five-point scale:

H = −
5∑

i=1

pi log2 pi,

where pi is the proportion of responses receiving i points. Entropy characterizes the degree of uncertainty (or
“dispersion”) of the results: low values correspond to a concentration of scores within a narrow range, while high
values correspond to a uniform distribution across different quality levels.

Based on the distributions presented in Table 2, the following values were obtained: baseline LLM: H = 1.65
bits; augmented generation (RAG): H = 1.67 bits; agentic search: H = 2.05 bits. The baseline LLM and RAG
demonstrate nearly identical, moderate entropy. This is explained by the similarity of their distributions: in both
cases, medium scores (3 points) dominate, with a relatively small proportion of extreme values (1, 2, 4, 5). Thus,
from the perspective of quality predictability, RAG offers no advantage over the baseline model—both strategies
are equally “stable” at the level of “mediocre” responses.

In contrast, the agentic search is characterized by a markedly higher entropy (2.05 bits vs. 1.65 ÷ 1.67). This
is a direct consequence of the bistability of the agentic regime: the agent can with equal probability either fail
(high proportion of scores 1 and 2—46.0%) or achieve high quality (the highest proportion of top scores among all
strategies—6.5%). High entropy reflects sensitivity to initial conditions and chaotic transitions between different
semantic attractors—a property not observed in either the baseline LLM or RAG.

Thus, entropy serves as an indicator of the dynamic regime: low entropy (baseline LLM and RAG) corresponds
to a stable, though not necessarily optimal, attractor; high entropy (agent) corresponds to chaotic wandering
between several semantic attractors, which is consistent with the polarized score distribution in Table 3.

4 Discussion

Search Quality on the Normative HypergraphH under Different Response Generation Strategies
The augmented generation strategy based on vector search provides a stable improvement in response quality
compared to the baseline configuration. The mean score on the five-point scale increased from 2.44 to 2.74, while
the proportion of responses receiving the lowest score (1 point) decreased from 25.0% to 16.1%. At the same time,
there was an almost twofold increase in the proportion of high scores (4 and 5 points)—from 7.3% to 14.5%.
These indicators demonstrate the fundamental ability of the RAG approach to compensate for the deficit of
domain-specific knowledge in the generative model by providing relevant context from a specialized corpus.

The greatest positive effect from applying augmented generation was observed for questions requiring precise
reproduction of quantitative indicators, regulatory criteria, and procedural details contained in governing docu-
ments. Such questions include: criteria for classifying a traffic accident as an emergency (increase from 2.3 to 3.5
points), dispatcher procedures upon receiving information about an explosion (increase from 1.8 to 2.6 points),
instructions for completing disaster medicine service accounting forms (increase from 2.4 to 3.0 points), as well
as the reserve of material resources for emergency response (increase from 1.7 to 2.8 points). In all of the above
cases, the relevant information is strictly regulatory in nature and is highly likely to be absent from the training
data of general-purpose generative models, which explains the pronounced superiority of the strategy with access
to an external knowledge base.

Regional Semantic Attractors
At the same time, for 4 out of 17 questions (23.5% of cases), the application of augmented generation led to

a deterioration in response quality compared to the baseline strategy. A detailed analysis of these cases made it
possible to identify a characteristic mechanism of error occurrence—insufficient contextualization of the retrieved
fragments.

Visualization of vector representations of regulatory document chunks using the t-SNE method (Fig. 2) reveals
important features of the geometry of the semantic space formed by the embedding model. The figure shows
projections of two subsets of the corpus: regional documents (panel A) and federal documents (panel B).

Analysis of the point distribution shows that, despite the difference in sources, the embeddings of federal and
regional documents do not form isolated regions but occupy overlapping subspaces. Regional documents are char-
acterized by the formation of a dense, quasi-continuous cloud without a clearly defined cluster structure, which
reflects the high variability of local formulations while maintaining overall semantic proximity. At the same time,
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Fig. 2 Visualization of vector representations (embeddings) of text chunks from disaster medicine regulatory documents
using the t-SNE method

federal documents exhibit more pronounced local clustering. However, these clusters are not separated from the
regional distribution but rather overlap with it.

This effect indicates that the embedding vector space is organized not as discrete semantic regions corresponding
to levels of the regulatory hierarchy, but as a system of overlapping attractors. Federal and regional documents form
semantically similar but normatively distinct regions that prove to be topologically inseparable in the embedding
space.

From a practical standpoint, this means that the classical semantic search mechanism in RAG systems, based
on a proximity metric of vector representations, is incapable of reliably distinguishing between sources at different
levels of the hierarchy. As a result, the system may retrieve semantically relevant but normatively irrelevant
fragments (e.g., regional algorithms for a query that implies the federal level of regulation), leading to a reduction
in the validity and reproducibility of responses. For example, for a query formulated in general terms, the system
may retrieve a regional algorithm (e.g., for Krasnodar Krai) that is semantically close but legally inapplicable
in another constituent entity of the Russian Federation (e.g., in Krasnoyarsk Krai). FCDM experts noted this
problem when testing the RAG strategy in three cases, as well as the need for its modification, which will be
discussed further in the section.

This phenomenon explains the paradoxical result when the baseline LLM (relying on parametric memory)
outperforms RAG for questions with strong regional variability (questions 2, 14, 16 in Table 3). Parametric
memory contains averaged federal norms, whereas RAG is “drawn into” a local attractor, retrieving contradictory
fragments.

Hyperedges of Contradictions: The Mechanism of Regional Incompatibility
When the system retrieves S = 5 nearest chunks, and these chunks belong to five different constituent entities

of the Russian Federation, an inconsistent hyperedge is formed—a set of nodes that are semantically close (cosine
similarity > 0.8) but normatively incompatible. Receiving such a context, the LLM cannot select a dominant
source and generates compilative noise—a response containing averaged or mutually exclusive instructions.

This mechanism is exacerbated by the high degree of information duplication in the corpus. Approximately
90% of the documents are regional TCDM algorithms, which often repeat each other with minor variations in
phrasing while preserving an identical semantic core. Consequently, the retrieval system returns five semantically
similar fragments originating from documents of different constituent entities of the Russian Federation. Upon
concatenation, these fragments form an internally contradictory context containing mismatched numerical values
or non-identical lists of measures. Faced with such contradictions, the model is unable to determine a priority
source and generates a compilative response that does not fully correspond to any of the regional regulations.
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Thus, classical RAG without metadata filtering systematically suffers from the effect of “mixing of regional
semantic attractors”, which leads to quality degradation in tasks where regulatory applicability depends on juris-
diction.

Limitations of Classical RAG Architecture for Search Tasks on a Normative Hypergraph
The identified limitations are fundamental in nature and point to a fundamental problem inherent in classical

RAG architecture when applied to regulatory-legal retrieval tasks: semantic similarity of vector representations
does not guarantee relevance according to criteria of regulatory applicability. Two text fragments demonstrating
high cosine similarity may belong to different regional jurisdictions, regulate different types of emergencies, or
describe action algorithms for different response phases. Without explicit specification of these characteristics, the
retrieval system returns any of these fragments with equal probability, which in some cases leads to the generation
of normatively unjustified or contradictory recommendations.

Proposed Two-Stage Architecture: A Self-Organizing Filter on a Hypergraph
To overcome the described limitations, we propose replacing the single-stage semantic search with a cascading

self-organizing procedure that includes metadata filtering, as shown schematically in Fig. 3.
Step 1: Query parsing and metadata extraction. The user query � is fed into the same LLM Qwen3-32B with a

prompt instructing it to extract relevant metadata: M� = {region, disaster type, executor role, response phase}.
For example, for the query “Actions of a paramedic during a traffic accident in Moscow Oblast”, the extracted
metadata are: region = Moscow Oblast, role = emergency paramedic, disaster type = traffic accident.

Fig. 3 Schematic diagram of the two-stage self-organizing RAG architecture on a hypergraph of regulatory documents
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Step 2: Hypergraph filtering. We introduce a projection operator PM that maps the query into the metadata
subspace:

PM(�) = {cj ∈ C | ∀m ∈ M�, Hj, �(m) = 1},

where �(m) is the index of the hyperedge corresponding to metadata m. In other words, all chunks whose metadata
do not match the extracted metadata are excluded from consideration. This breaks the symmetry between regional
attractors: if the query explicitly specifies a region, the system remains only within its basin; if no region is specified,
the federal level (global attractor) is selected by default.
Step 3: Semantic search on the reduced subset. In the filtered subset Cfiltered = PM(�), standard vector search is

performed using BAAI/bge-m3 embeddings and the FAISS index. Since the size of Cfiltered is substantially smaller
than the total N = 246507 (on the order of thousands of chunks for a specific region), the search remains efficient,
and the risk of retrieving “foreign” regional norms is eliminated.
Step 4 (optional): Verification via knowledge graph. Further development of the presented methodology is envi-

sioned through the integration of the described two-stage retrieval procedure with a formalized knowledge graph
of the subject domain. While enriching chunks with metadata solves the problem of contextual filtering at the
level of document attributes, a knowledge graph can explicate semantic relationships between concepts, regulatory
acts, and operational entities, thereby opening up possibilities for logical inference and multi-step reasoning.

The proposed architecture envisions the coexistence of two complementary knowledge structures. The vector
index based on the FAISS database provides fast semantic search over unstructured text of regulatory documents,
while the knowledge graph encodes the domain ontology. For example, the knowledge graph may include the
following types of entities and relationships:

“document” ⇐⇒ “regulates” =⇒ “disaster type”;
“algorithm” ⇐⇒ “applied at phase” =⇒ “response phase”;
“document” ⇐⇒ “operates in jurisdiction” =⇒ “constituent entity of the Russian Federation”;
“algorithm” ⇐⇒ “defines action for” =⇒ “executor role”;
“document” ⇐⇒ “references” =⇒ “document”.
The proposed architecture constitutes an act of self-organization in the sense that the system, without external

training (without additional model fine-tuning), adapts the search space to the current context using only the
metadata extracted from the query.

When processing a user query, the following sequence of operations is proposed. At the first stage, semantic
parsing of the query is performed to extract not only attribute metadata but also to identify key concepts to be
matched against the knowledge graph ontology. At the second stage, a query is made to the knowledge graph to
identify the subset of documents that satisfy the extracted contextual constraints. At the third stage, semantic
vector search, analogous to that described earlier, is performed within the identified document subset. At the
final stage, the generative model receives not only relevant text fragments but also structured information about
regulatory relationships from the knowledge graph, allowing it to formulate a response with explicit indication of
source hierarchy and justification of their applicability.

The integration of the knowledge graph provides two fundamental advantages. First, in the presence of discrep-
ancies between federal and regional algorithms, the system is able to explicitly indicate this circumstance and,
guided by the relations of regulatory hierarchy, determine the priority source or present alternative options with
appropriate caveats. Second, the knowledge graph opens up the possibility for proactive context expansion: even if
a relevant fragment was not directly retrieved by vector search, it can be included in the generation context based
on referential integrity relationships or thematic proximity in the ontological space.

5 Conclusion

In this work, we have proposed and validated a methodology for constructing a self-organizing knowledge base for
a disaster medicine decision support system based on a hypergraph of regulatory documents and RAG technology.
It has been shown that the regulatory framework forms a hierarchical hypergraph in which regional documents
act as global semantic attractors, while federal documents act as local perturbations. Classical RAG, equivalent to
nearest neighbor search using the pairwise cosine similarity metric, is insufficient for accounting for higher-order
interactions (jurisdiction, disaster type, response phase, executor role) and systematically retrieves semantically
similar but normatively incompatible fragments from different constituent entities of the Russian Federation,
leading to compilative noise in the responses of the generative model.

To overcome this limitation, a two-stage self-organizing algorithm is proposed, which includes metadata extrac-
tion from the query using an LLM, hypergraph filtering based on this metadata, and subsequent semantic search
on the reduced subset. The proposed mechanism breaks the symmetry between regional attractors, reducing the
weight of local norms if the query does not explicitly specify a region.
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However, this two-stage architecture currently remains a conceptual framework and has not been experimentally
implemented or evaluated in the present study. All quantitative results reported in Section 3 (scores, distributions,
entropy, and comparative performance of baseline, RAG, and agentic search) refer exclusively to the classical
single-stage semantic search pipeline without metadata filtering. The proposed cascading self-organizing filter is a
direction for future work, not a validated component of the reported experiments.

Thus, the main experimentally supported contributions of this paper are: (1) empirical demonstration that
classical RAG systematically mixes regional regulatory fragments, (2) quantification of this effect via response
entropy and expert evaluation, and (3) identification of overlapping regional attractors as the underlying geometric
mechanism. The two-stage self-organizing hypergraph filter is presented as a theoretically motivated solution to
this problem, requiring separate implementation and validation in subsequent research.

Further development of the methodology involves learning to rank on the hypergraph using graph neural networks
for dynamic adjustment of weights between federal and regional sources, as well as the integration of a formal
knowledge graph for logical inference and multi-step reasoning. The developed methodology can be extended
to other subject domains with a hierarchical regulatory framework (environmental monitoring, social and legal
protection, etc.) where intelligent decision support is required in the presence of conflicting information sources.

Data Availability The data presented in this study are available on request from the corresponding author.
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