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MAX-MIN SEMANTIC CHUNKING FOR TECHNICAL DOCUMENTATION
RETRIEVAL: A CASE STUDY WITH HAZELCAST DOCUMENTATION

Effective chunking of source documents is a critical factor in determining retrieval quality in retrieval-augmented
generation (RAG) systems. Traditional fixed-size and sentence-based chunking strategies process documents without
semantic awareness, frequently breaking cohesive information units at arbitrary boundaries. Max-Min Semantic
Chunking uses an embedding-first approach: all sentences are embedded before segmentation, and chunk boundaries
are determined by comparing the similarity between a candidate sentence and the existing chunk against a predefined
minimum similarity threshold. This paper presents a theoretical case study analysing the suitability of Max-Min Semantic
Chunking for large-scale technical documentation, using the Hazelcast documentation as the target corpus.

The analysis identifies and characterises seven content types in the Hazelcast documentation, such as narrative
text, API reference entries, code blocks, configuration tables, step-by-step instructions, admonition blocks, and tabbed
content panels. For each content type, the expected behaviour of Max-Min chunking is evaluated relative to fixed-size
and sentence-based baselines across four dimensions: intra-chunk semantic coherence, retrieval precision, chunk size
distribution and variance, and boundary detection quality at content-type transitions. A brief illustrative walkthrough
demonstrates the algorithm's operation on a representative Hazelcast page.

The analysis reveals a nuanced picture. Max-Min is predicted to substantially outperform baselines on narrative, step-
by-step, and inline admonition content, where embedding-space similarity reliably tracks logical structure. However, it
faces structural limitations on code blocks, configuration tables, standalone admonitions, and — most severely — tabbed
multi-language content panels, where near-identical embeddings across panels prevent boundary detection. Four concrete
adaptation strategies are proposed. These strategies are content-type-aware threshold adjustment, hybrid pre-segmentation
of structured elements with per-panel tab extraction, admonition-aware boundary handling, and context prefix injection.

Key words: Max-Min semantic chunking, retrieval-augmented generation, technical documentation, Hazelcast, vector
embeddings.
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METOJ MAX-MIN CEMAHTHYHOI CETMEHTAIIi TEKCTY JIUISI IH®OOPMALIIHOI'O MO YKY
B TEXHIYHII JOKYMEHTAII: JOCJIKEHHS HA IPUKJIA I JOKYMEHTAIIi HAZELCAST

Edpexmusne pozoumms uxionux 0okymeHmis Ha Gpacmermu € KpUmuyHUM YUHHUKOM AKOCMI NOWYKY 8 CUCIeMAaX
retrieval-augmented generation (RAG). Tpaouyiuni cmpameeii ppaemenmayii 3 ghikcoganum posmipom abo Ha OCHO8I
peyeHb onpaybosyiomes OOKYMeHmu 6e3 Ypaxy8aHHs CeManmuKu, Yacmo po3pusaryu YinicHi ingpopmayitini oOuHuyi Ha
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OosinvHux mexcax. Iioxio cemanmuunoi ceemenmayii mexcmy Max-Min npononye modens «embedding-firsty, 3a axoi ci
PpeueHHsl CnOYamKy nepemeoplolomsbCs Ha GeEKMOPHI NOOAHHS, A MeXCi PpazmeHmis UIHAUAIOMbCS WIISAXOM NOPIGHANHS
NOOIOHOCME MIJIC KAHOUOAMOM-PEUEHHAM | NOMOYHUM GpazmeHmom I3 Haneped 3a0aHUM MIHIMATbHUM HOPO2OM
nodibnocmi. Y cmammi nooano meopemuune 00CHIONCEHHS. RPUOAMHOCME Memoody cemManmuynol ceemenmayii Max-Min
071 BeNUKOMACUMAabHoi mexHiunoi dokymenmayii Ha npuxnadi kopnycy ookymenmayii Hazelcast.

Ananiz ioenmugbixye ma xapaxmepusye cim munie koumenmy 6 ookymenmayii Hazelcast — napamuenuii mexcm,
onucu API, 6roxu kody, mabnuyi Kowgicypayii, noKpokosi IHCmMpyKyii, OI0KU 3acmepedceHb Ma NAHeNi 8KIA00K
3 MYTbMUMOBHUMYU NpUKIAoamu. /s KOJCHO20 MUny KOHMEHMy OYIHIOEMbCA O4iKyeana hogedinka memooy Max-
Min nopisuano 3 6a3o0sumu memooamu 3a YOMUpMa SUMIpamu, MAKUMU AK CEMAHMUYHA 36'A3HICMb (pacmenmis,
MOYHICMb NOULYKY, PO3NOOINL I 6APIAMUBHICMb PO3MIPIE (PpazmeHmie ma SKICMb GUSGLEHHS. MENC HA Nepexo0ax Midic
munamu kKoumenmy. Ananiz nokasye, wjo memoo Max-Min cymmeso nepesepuums 6a308i NOKA3HUKYU OJis HAPAMUBHOZO
KOHMeHMY, NOKPOKOBUX IHCMPYKYil ma 60y006anux O10Ki6 3acmepedicersv. Boonouac 6in cmukaemvcs 3i cmpykmypHumu
0bMexNCceHHAMU W000 DOIOKI8 KOOY, KOHpieypayiiHux mabauysb, a8MOHOMHUX OJIOKI6 3acmepedcendb i — Haticymmeagiuie —
naueneti 6k1A00K i3 MYIbMUMOGHUM KOHMEHMOM, 0e Mauice iOenmuyHi GeKmopu Midc NAHeNaMU YHEMOICIUBTIONMb
8UABNEHHA MedxC. 3anponoHosano yomupyu cmpamesii adanmayii Ak Hanpamu NOOATLUUX eMRIPUYHUX OOCTIONHCEHD.

Kniouosi cnosa: cemanmuuna ceemenmayis Max-Min, cenepayisn 3 00nogneHumM NOULYKOM, MexHiuna OOKyMenmayis,
Hazelcast, sexmopni embeduneu.

Problem statement

Retrieval-augmented generation (RAG) has become the dominant architecture for grounding large language model
(LLM) responses in authoritative, up-to-date document collections [1]. The quality of a RAG system depends critically
on how source documents are segmented before indexing. The chunking strategy determines what units of information
are embedded, stored, and retrieved in response to user queries [2]. A poorly chosen chunking strategy causes two classes
of failure. Over-splitting breaks cohesive information units, returning fragments that lack sufficient context to answer a
query. Under-splitting returns chunks too large to match queries precisely, polluting retrieval with irrelevant content [3].

Technical documentation presents a particularly demanding chunking context. Unlike general-purpose corpora —
news articles, encyclopaedia entries, or academic papers — technical documentation is semantically heterogeneous within
individual pages. A single Hazelcast documentation page may contain a conceptual narrative introduction, one or more
code examples, a configuration parameter table, and a sequence of procedural steps, each of which constitutes a distinct
information type with different semantic density and embedding space behaviour. Standard chunking strategies treat this
heterogeneous content uniformly, applying the same splitting logic regardless of content type, and consequently produce
chunks of inconsistent quality across the corpus.

The Hazelcast distributed computing platform maintains a documentation portal spanning over ten active product
versions for several products and thousands of pages [4]. This corpus provides an ideal test case for evaluating chunking
strategies. It is large, multi-versioned, domain-specific, and structurally heterogeneous. The Max-Min Semantic Chunking
algorithm proposed by Kiss et al. [5] is a theoretically well-motivated approach that embeds sentences before chunking
and uses embedding-space similarities to determine boundaries. However, its behaviour on technical documentation has
not been studied. This paper addresses that gap through a systematic theoretical analysis.

Analysis of recent research and publications

Fixed-size chunking — splitting documents into segments of a predetermined token length with optional overlap —
remains the most widely deployed strategy due to its simplicity and predictability [2]. Its fundamental limitation is the
complete disregard for semantic boundaries. Related sentences are separated, and unrelated sentences are grouped solely
based on position within the token count. Recursive character splitting improves upon this by using structural cues such
as paragraph breaks and heading markers. However, it remains susceptible to inconsistent document structure and does
not guarantee semantic coherence within chunks [6].

Semantic chunking approaches address this by incorporating meaning into the boundary decision. The broad family
of semantic chunking methods identifies boundaries where the semantic content of the text shifts significantly, typically
indicated by a spike in the cosine distance between adjacent sentence embeddings [3]. Qu et al. [7] conducted a system-
atic evaluation of semantic chunking across multiple retrieval tasks and found that generic semantic chunking does not
consistently outperform fixed-size chunking in terms of retrieval accuracy, while incurring substantially higher compu-
tational cost. Their finding motivates the search for more principled semantic chunking algorithms tailored to specific
corpus characteristics.

Kiss, Nagy, and Szilagyi [5] introduced Max-Min Semantic Chunking as a constrained sequential clustering approach.
The algorithm embeds all sentences in a document prior to segmentation. It makes boundary decisions by comparing
two quantities at each step. It measures the maximum cosine similarity between the candidate sentence and any sentence
already in the current chunk, and the minimum pairwise cosine similarity among all sentences currently in the chunk.
If the candidate sentence is at least as similar to the chunk as the chunk is the least coherent internal pair, it is absorbed;
otherwise, a new chunk begins. This formulation provides a principled coherence guarantee that no chunk boundary is
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placed unless adding the following sentence would reduce internal coherence below the chunk's existing minimum. Kiss
et al. validated this approach on general text corpora and reported superior clustering efficiency (adjusted mutual infor-
mation) compared to fixed-size baselines. The Milvus vector database platform has highlighted the algorithm as a notable
advancement in embedding-first RAG pipelines [8]. However, no study has examined its behaviour on technical docu-
mentation corpora, which differ from the general corpora used in the original evaluation in ways that may significantly
affect algorithm performance.

Research objectives

The objective of this paper is to analyse the theoretical suitability and predicted empirical behaviour of Max-Min
Semantic Chunking when applied to large-scale technical documentation, using the Hazelcast documentation portal as a
concrete corpus. Specific tasks are: (1) characterise the Hazelcast documentation corpus in terms of content-type distri-
bution and its implications for chunking; (2) analyse the expected behaviour of the Max-Min algorithm on each content
type relative to fixed-size and sentence-based baselines; (3) illustrate algorithm operation with a worked example drawn
from a real Hazelcast documentation page; (4) assess predicted performance across four evaluation dimensions; and (5)
identify limitations and propose adaptation strategies as directions for future experimental work.

Main research findings

Corpus characterisation. The Hazelcast documentation portal is built with Antora and AsciiDoc, rendered to static
HTML, and organised into version-specific URL namespaces. Analysis of the rendered HTML structure reveals seven
primary content types that appear throughout the corpus in varying proportions.

Narrative text — conceptual explanations, introductions, and background sections — constitutes the largest share of the
corpus and is characterised by long, grammatically complete sentences with high intra-paragraph semantic coherence.
API reference entries are short, densely informative, and structurally formulaic. An entry consists of a method signature,
a parameter list, a return value, and a brief description. Code blocks are syntactically distinct from surrounding prose and
embed into a substantially different region of the embedding space than natural language text. Configuration tables pres-
ent parameter names, types, default values, and descriptions in tabular form; rows share a standard structure but vary in
semantic content. Step-by-step instruction sequences are procedural, with moderate semantic similarity between adjacent
steps and apparent topical coherence within a procedure.

Admonition blocks are a structurally distinct element type in Antora-generated documentation, rendered with semantic
type labels. The labels are NOTE, TIP, WARNING, CAUTION, and IMPORTANT. Their text is typically one to three
sentences and serves a specific rhetorical function: a WARNING flags a known failure mode, a TIP suggests an optimisa-
tion, and a NOTE clarifies a common misunderstanding. Admonitions appear both inline within narrative sections (where
they modify the surrounding content) and as standalone blocks at the section level (where they are independent infor-
mation units). This dual character is consequential for chunking. An inline admonition should arguably remain with its
surrounding paragraph, while a standalone IMPORTANT block warrants its own chunk. Antora encodes the admonition
type as a CSS class, making it detectable without natural language analysis.

Tabbed content blocks represent the most structurally complex element in the Hazelcast documentation. Tabs are used
extensively to present the same configuration or procedure in multiple languages (Java, XML, YAML) or across deploy-
ment environments (Docker, CLI, Binary). In the rendered HTML, each tab panel is a sibling div sharing a common
heading and introductory sentence. This creates a distinct challenge for any chunking algorithm. The tab panels for Java
and XML configuration of the same feature are semantically near-identical, sharing vocabulary and parameter names.
However, they are technically distinct documents that should be indexed separately to serve language-specific queries.
Max-Min will encounter these as a sequence of structurally similar, semantically redundant text blocks with no natural
discontinuity in their similarity, meaning it will either merge all tabs into a single large chunk (problematic for context
window usage) or split them arbitrarily.

These content types differ in three dimensions that directly affect Max-Min algorithm behavior, such as sentence
length distribution (short in API entries and table rows, long in narrative), intra-type semantic similarity (high in narrative
and tab panels, moderate in steps, variable in code), and the sharpness of semantic transitions at type boundaries (abrupt
between prose and code, gradual within narrative, absent between tab panels). These differences motivate a content-type-
aware analysis rather than a single corpus-level assessment.

To ground the analysis, consider a representative page from the Hazelcast Platform 5.6 documentation on Map con-
figuration. The page begins with three narrative sentences explaining what a Hazelcast Map is and its primary use cases.
These are followed by a sentence introducing the configuration section, then a code block showing an XML configuration
snippet, then a table of configuration parameters (see figure 1). In natural language, this page contains approximately
twelve prose sentences and two code blocks.

Strengths of Max-Min on technical documentation. For narrative text and step-by-step instruction content — which
together constitute the majority of a typical Hazelcast documentation page — Max-Min chunking is predicted to outper-
form both baselines substantially. The algorithm's coherence guarantee ensures that narrative paragraphs on a single topic
are grouped rather than split mid-explanation, a primary failure mode of fixed-size chunking. In step-by-step procedures,
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the moderate semantic similarity between adjacent steps (they share vocabulary and refer to the same process) keeps
procedurally related steps together. In contrast, a shift in action or subject between independent procedures signals a
boundary. Both are cases where embedding-space similarity reliably tracks the logical structure of the content.

Modifying the Default (Fallback) Configuration

N the falowing eaampie, we ot sxpiration Umers for dynamically creasted maps that lack a named configuration block. Map entries that are idle for an hour wil be marked as

elgible for removal f the cluster beging to run out of memory. Ay map entry alder than six hours will be marked a3 eligible for removal
For more on entry expiration, go to Manag ng Map Memory

XML YAML

<hpzelcast>

<B3p mames dofault’>
«bazhup-count»! « /backup-count >
«<in-memary-fornat>SINARY </ In-nemcry - formats
- 1] p-gacond > 160« /nar- 1410 gacandas

<time-t0-1ive-seconds>215608</t ime-to-1ive-seconds>

</map>
«/hazeleasts

11 We did not wane 1o modify the default backup count I this ke were ometad, we wocda have Ao hadkops

2: You mumt spacify an in-eemary format

Fig. 1. Representative page from Hazelcast documentation

For inline admonitions — NOTE or TIP blocks appearing mid-section — Max-Min is also predicted to behave well.
Because the admonition text is topically related to the surrounding narrative (a NOTE clarifying the preceding statement
will share vocabulary with it), its embedding will score above the chunk minimum similarity threshold and be absorbed
into the surrounding narrative chunk. This is the desired outcome, because the admonition and its surrounding context
form a coherent information unit for retrieval. A user querying about the behaviour described in the surrounding para-
graph should also see the associated NOTE.

Chunk size variance — often cited as a disadvantage of variable-length chunking — is in fact a feature rather than a bug
in the technical documentation context. Fixed-size chunking enforces uniform chunk sizes that are inevitably a poor fit
for the distribution of actual information units. A 512-token chunk is too large for a short API entry and too small for a
detailed configuration explanation. Max-Min produces chunks that are as large as needed to contain a coherent topic and
no larger, which aligns naturally with the variable-length distribution of real information units in technical documentation.

Weaknesses and failure modes. The algorithm's most significant weakness on this corpus concerns code blocks
and configuration tables. Code blocks generate embeddings in a region of the vector space that is distant from natural
language prose — not because the code is semantically unrelated to the surrounding text, but because code and prose use
fundamentally different token distributions and syntactic structures. The result is that Max-Min correctly identifies the
prose-to-code boundary (an apparent strength) but treats the code block as a self-contained semantic unit isolated from
its explanatory context. A retrieved code chunk without its surrounding explanation is frequently insufficient to answer a
user query, just as the explanation without the code is incomplete.

Configuration tables present a different failure mode. Table rows are structurally similar — each consists of a parameter
name, type, default value, and short description — which means their embeddings cluster tightly regardless of whether
the parameters are logically related. The minimum intra-chunk similarity will be high for a chunk of table rows, meaning
new rows will be absorbed until a size limit is reached or the document ends. The result is large table chunks that merge
logically unrelated parameters simply because their surface forms are similar.

Standalone admonitions — IMPORTANT or WARNING blocks that appear at section boundaries rather than inline —
present a subtler failure mode. Such blocks are typically short (one or two sentences) and use vocabulary that may or
may not overlap with the immediately surrounding text. If the WARNING appears after a code block, its embedding sits
between the code-space region and the prose-space region, and its similarity to either the preceding code chunk or the fol-
lowing narrative chunk is unpredictable. The result is that standalone admonitions may be incorrectly merged with code
blocks or become isolated single-sentence chunks, both of which degrade retrieval quality.

Tabbed content blocks represent the most severe failure mode in the Hazelcast corpus. Tabs presenting the same
configuration in Java, XML, and YAML generate embeddings that are near-identical in the semantic space because the
underlying concepts — the same parameters with the same values — are the same. The minimum intra-chunk similarity of a
growing tab-panel chunk will therefore remain high as additional panels are absorbed, and no boundary will be triggered
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between them. The practical result is a single, very large chunk containing three or more complete code examples that
would, individually, exceed the optimal retrieval context size. When a user queries specifically for a Java or YAML exam-
ple, this merged chunk either satisfies both queries (redundantly) or neither (if the context window forces truncation of the
later panels). Critically, this failure is invisible to the algorithm since, from the embedding-space perspective, everything
is working as intended.

Table 1 summarises the comparative performance of the three chunking strategies across the four evaluation dimen-
sions and seven content types, based on the theoretical analysis. Where “F” means Fixed-size, “S” Sentence-based, “M”

Max-Min semantic, “v"”’ advantage, “~” moderate, “X” disadvantage, “—” not applicable.
Table 1
Predicted comparative performance of chunking strategies on Hazelcast documentation
Semantic coherence Retrieval precision Size variance Boundary quality
Content type

F S M F S M F S M F S M
Narrative X ~ v ~ ~ v - ~ v X ~ v
API ref. ~ v v X ~ ~ - ~ ~ X ~ ~
Code blocks ~ X ~ X X ~ - ~ ~ X X ~
Config tables X X X X X X — ~ X X X X
Step-by-step X ~ v X ~ v — ~ v X ~ v
Admonitions ~ ~ ~ X ~ ~ - ~ ~ X ~ ~
Tabbed content X X X X X X — — X X X X

Proposed adaptation strategies. Four adaptation strategies are proposed to address the identified failure modes, as
candidates for empirical evaluation in future work.

The first strategy is content-type-aware threshold adjustment. The minimum similarity threshold for deciding whether
a candidate sentence joins a chunk should vary across content types. Narrative text benefits from a high threshold ensuring
tight coherence, while step-by-step content benefits from a somewhat lower threshold that accommodates minor topic
shifts within a procedure. This requires a lightweight content-type classifier as a pre-processing step, implemented deter-
ministically using the HTML structure of Antora-generated pages, requiring no machine learning.

Second strategy is hybrid pre-segmentation for structured elements. According to this strategy, before applying Max-
Min, identify code blocks, configuration tables, and tabbed content panels using CSS class detection (.listingblock, table,.
tabbed-content,.tab-pane), and treat them as atomic, predefined chunks that bypass the Max-Min boundary decision
entirely. For tabbed content specifically, each tab panel should be extracted as a separate predefined chunk, tagged with its
language or platform metadata (Java, XML, YAML, Docker, CLI) derived from the tab label. This directly addresses the
tab-panel merging failure mode. Max-Min then operates only on the prose segments between predefined chunks, where
its coherence guarantee is most valuable.

The third strategy is admonition-aware boundary handling. Standalone admonitions appearing at section boundaries
should be pre-classified by their position in the heading hierarchy. An admonition that is the sole content under a heading
should be treated as an independent chunk with a context prefix derived from the heading and its parent. An admonition
appearing between prose paragraphs under the same heading should be merged with the surrounding prose chunk regard-
less of similarity score, using a forced-merge rule.

The fourth strategy is context prefix injection. Regardless of which algorithm produces the final chunk, each chunk
should be enriched with a short context prefix derived from its parent heading hierarchy before embedding generation.
This partially addresses the isolated code chunk and standalone admonition problems by ensuring the chunk's embedding
incorporates the topic context of the surrounding section, improving retrieval relevance for language-specific and con-
cept-specific queries alike.

Implications for chunk size distribution. The predicted chunk-size variance for Max-Min on the Hazelcast corpus
has practical implications for the vector index. A corpus of variable-length chunks requires more careful management of
context window usage at retrieval time. A top-k retrieval that returns k chunks of average length 800 tokens consumes
more context than the same k from a 256-token fixed-size corpus. The retrieval strategy should therefore use a token
budget rather than a fixed k. This is a downstream architectural consideration that an experimental study should address
alongside the chunking comparison itself.

Conclusions

This paper presented a case study analysing the application of Max-Min Semantic Chunking to large-scale technical
documentation, using the Hazelcast documentation portal as the target corpus. The analysis yields a nuanced and prac-
tically functional assessment. Seven content types were identified and characterised, with lists explicitly argued as a
sub-category of narrative and procedural content rather than a separate class — a methodological decision that itself clari-
fies the taxonomy. Max-Min is predicted to offer meaningful advantages over fixed-size and sentence-based baselines for
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narrative text, step-by-step instructions, and inline admonitions, where embedding-space similarity reliably tracks logical
structure, and the algorithm's coherence guarantee prevents arbitrary mid-topic splits.

However, the algorithm faces structural limitations specific to the properties of technical documentation rather than
deficiencies in the algorithm itself. Code blocks and configuration tables exhibit embedding-space characteristics that the
Max-Min decision rule cannot distinguish from those of high-coherence content. Tabbed multi-language panels — a perva-
sive pattern in the Hazelcast documentation — represent the most severe failure mode. Near-identical embeddings across
panels mean no similarity discontinuity is detected, and all panels are merged into a single oversized chunk. Standalone
admonitions introduce boundary ambiguity that the algorithm resolves inconsistently.

Four concrete adaptation strategies are proposed. Those strategies are content-type-aware threshold adjustment,
hybrid pre-segmentation of structured elements with per-panel tab extraction, admonition-aware boundary handling, and
context prefix injection. These strategies can be directly implemented using the deterministic HTML structure of Antora-
generated pages and require no additional machine learning components. The Hazelcast documentation corpus — public,
large, multi-version, and structurally well-characterised — provides an ideal environment for the planned experimental
study that will empirically confirm or refine these theoretical predictions and report results across all four evaluation
dimensions.
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