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Abstract

Enterprise support retrieval requires match-
ing noisy, multi-authored support cases to
concise knowledge base (KB) articles. We
present FineKB, an asymmetric multi-centroid
retrieval framework for case-to-KB matching.
FineKB summarizes historical cases offline,
clusters the resulting issue summaries into per-
KB centroids, and retrieves at query time us-
ing raw case text, thereby using a denoised in-
dex without per-query large language model
(LLM) summarization. It further applies a
lightweight reliability-aware re-ranking step
based on validation-derived centroid precision.
On 15,000 enterprise support cases spanning
188 KB articles, FineKB achieves 66.86% Re-
call@3 and 77.34% Recall@5, outperform-
ing KB-content indexing, single-centroid rep-
resentations, and a supervised fine-tuned en-
coder baseline, with a statistically significant
Recall@5 gain over a strong case-text dense re-
trieval baseline. Re-ranking contributes +1.47
Recall @3 with negligible inference overhead.
We release source code, anonymized vector em-
beddings, and cluster metadata for reproducible
evaluation.'

1 Introduction

Enterprise support systems process large volumes
of troubleshooting cases annually, and effective res-
olution depends on matching incoming issues to
relevant knowledge base (KB) articles. A support
case is a customer-reported technical incident that
records the initial problem description, product and
system context, diagnostic logs, troubleshooting
updates, and resolution notes accumulated during
the support workflow. Support cases are verbose,
multi-authored texts that accumulate redundant de-
tails and terminology drift as engineers collabo-
rate (Faheem et al., 2025; He et al., 2021; Mar-
cuzzo et al., 2022). KB articles, by contrast, are
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Figure 1: Semantic mismatch between noisy support
cases and KB articles.

concise technical documents optimized for clarity
and reusability. This structural mismatch, com-
pounded by lexical variation in how problems are
described (Ko et al., 2006), creates a semantic
gap that conventional retrieval methods struggle to
bridge. As Figure 1 illustrates, a multi-paragraph
case with diagnostic logs and shifting terminology
must be matched to a short, precise KB solution.
Enterprise KB collections also evolve continuously
as articles are added, revised, or retired; retrieval
approaches that require encoder retraining on each
update introduce substantial maintenance overhead
in production support environments.

Standard retrieval approaches fail to bridge this
semantic gap. Keyword methods such as BM25
and TF-IDF are sensitive to vocabulary mismatch,
while dense retrievers trained on open-domain cor-
pora struggle with domain-specific terminology
and noisy multi-author case descriptions (Zhao
et al., 2024). Moreover, directly indexing KB arti-
cle text ignores a key source of retrieval evidence:
the historical cases previously resolved by each KB
article.

We present FineKB, an asymmetric multi-
centroid retrieval framework with reliability-aware
re-ranking for noisy case-to-KB matching. FineKB
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summarizes historical cases offline into concise is-
sue statements designed to retain technical signals
such as error codes and affected components. It
then clusters these summaries by KB article to con-
struct per-KB multi-centroid representations of the
issue patterns for which each KB has been useful.
At inference time, FineKB embeds the raw incom-
ing case and retrieves against this summary-based
centroid index, avoiding per-query LLM summa-
rization while preserving lexical and configuration
cues from the raw case text. Reliability-aware re-
ranking then reorders candidates using validation-
derived per-centroid precision scores without addi-
tional model calls.

Evaluated on 15,000 enterprise support cases
spanning 188 KB articles, FineKB outperforms
KB-content indexing, single-centroid representa-
tions, and a supervised fine-tuned encoder base-
line, and is competitive with or exceeds a strong
case-text dense retrieval baseline. The full FineKB
system achieves statistically significant gains over
the supervised fine-tuned baseline on both primary
metrics, though the re-ranking contribution alone
does not reach significance at our test set size.

Our contributions are:

* We formulate noisy case-to-KB matching
as asymmetric retrieval between raw cases
and an offline summary-based, per-KB multi-
centroid index, instantiated as FineKB.

* We show that clustering offline-generated case
summaries into KB-specific centroids outper-
forms KB-content indexing, single-centroid
representations, and a supervised fine-tuned
encoder baseline, and is competitive with or
exceeds a strong case-text dense retrieval base-
line. We further show that multi-centroid
indexing remains competitive even without
LLM summarization.

* We introduce a lightweight reliability-aware
re-ranking step using validation-derived cen-
troid precision, improving Recall@3 with neg-
ligible inference overhead.

* We release FineKB-Vectors, anonymized
embeddings and cluster metadata for repro-
ducible evaluation.

2 Related Work

Enterprise KB retrieval. Enterprise support re-
trieval requires matching noisy, multi-authored

case descriptions to concise KB articles. Lexical
methods such as BM25 (Robertson and Zaragoza,
2009) and TF-IDF (Salton and Buckley, 1988) re-
main strong baselines but are sensitive to vocabu-
lary mismatch. Dense retrieval methods based on
Bidirectional Encoder Representations from Trans-
formers (BERT) (Devlin et al., 2019), Sentence
Transformers (Reimers and Gurevych, 2019), and
Dense Passage Retrieval (DPR) (Karpukhin et al.,
2020) improve semantic matching but typically as-
sume that indexed documents are themselves the
retrieval targets. In case-to-KB matching, useful
retrieval evidence may come from historical cases
previously resolved by a KB article rather than
from the KB article text alone. Recent work on
enterprise incident and KB systems (Faheem et al.,
2025; He et al., 2021; Zhao et al., 2024) and struc-
tured KB organization such as AutoKB (Sahay
et al., 2025) addresses domain-specific retrieval
challenges. FineKB is complementary: rather than
restructuring KB content, it structures the historical
case space associated with each KB article.

Multi-vector and multi-prototype retrieval.
Multi-prototype embeddings (Reisinger and
Mooney, 2010) and neural multi-vector retrieval
models such as ColBERT and ColBERTv2
(Khattab and Zaharia, 2020; Santhanam et al.,
2022) represent documents using multiple vectors
to preserve fine-grained matching signals. FineKB
shares this motivation but differs in granularity:
rather than storing token vectors for every docu-
ment, it clusters LLM-generated historical case
summaries into a compact, variable-size set of
KB-specific centroids, each intended to represent a
distinct issue pattern for that KB article.

LLM-generated intermediates for retrieval.
LLMs have been used to generate intermediate text
that reduces query-document mismatch. HyDE
(Gao et al., 2023) generates a hypothetical docu-
ment at query time; Query2Doc (Wang et al., 2023)
expands queries with pseudo-documents; and doc-
ument expansion methods such as doc2query and
PAQ (Nogueira et al., 2019; Lewis et al., 2021) en-
rich indexable content. Abstractive summarization
models (Lewis et al., 2020; Raffel et al., 2020) can
compress verbose inputs into retrieval-friendly rep-
resentations. FineKB differs in that summaries are
produced offline for historical cases and clustered
into KB-specific centroids. At inference time, raw
case text queries this summary-based index directly,
avoiding query-time generation while preserving
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lexical and configuration cues that summarization
may discard.

Confidence-based re-ranking. Query perfor-
mance prediction and confidence estimation have
been used to detect unreliable retrieval results and
adjust ranking accordingly (Zhou and Croft, 2007,
Cao et al., 2008; Arabzadeh et al., 2022). FineKB
computes per-centroid empirical precision on held-
out validation data and uses these reliability scores
to reorder candidates at inference time, adding no
model calls beyond the base retrieval step.

3 Methodology

FineKB addresses the noisy case-to-KB match-
ing problem through asymmetric multi-centroid in-
dexing combined with reliability-aware re-ranking.
The framework separates offline preprocessing
from fast online inference, a design motivated by
the real-time latency constraints of enterprise sup-
port workflows.

As illustrated in Figure 2, FineKB operates in
two phases. The offline indexing phase constructs
per-KB multi-centroid representations by cluster-
ing LLM-generated case summaries and computes
per-centroid reliability scores on the validation set.
The online retrieval phase performs asymmetric
query matching followed by reliability-aware re-
ranking, requiring only a single encoder forward
pass and vector search per query.

3.1 Stratified Data Curation

FineKB requires structured case-KB associations
and balanced coverage of issue types to construct
robust multi-centroid representations. We trans-
form noisy historical support logs into retrieval-
ready data through two operations: consolidating
case-KB associations and stratified sampling across
issue categories.

Case-KB Association. Historical enterprise sup-
port logs contain free-form case descriptions ini-
tially provided by customers and later expanded by
support agents with troubleshooting details. Each
resolved case is linked to one KB article by support
agents during resolution, providing weak supervi-
sion signals for retrieval. We consolidate these
many-to-one case-KB relationships into structured
pairs that define ground truth for retrieval evalua-
tion and the grouping structure for per-KB cluster-
ing. While our study uses agent-linked associations,
domains lacking such labels can employ alternative

weak supervision strategies such as heuristic match-
ing, retrieval-based pseudo-labeling, or synthetic
annotations.

Stratified Sampling Across Issue Types. His-
torical support logs exhibit significant class imbal-
ance: common issues dominate while rare but criti-
cal failures are underrepresented. To ensure robust
evaluation and diverse cluster coverage, we strat-
ify cases into 15 issue categories aligned with KB
organization (Battery, CPU, Disk, Memory, Net-
work, Software, etc.) and apply balanced sampling
to construct train/validation/test splits (80/10/10)
that preserve representation of both frequent and
rare problem types. For domains lacking explicit
issue-type labels, embedding-based clustering can
be used to derive categories prior to sampling.

3.2 LLM-Based Issue Summarization

The issue summarizer converts verbose,
multi-authored case descriptions into con-
cise, terminology-aligned problem statements.
These summaries serve as the foundation for
multi-centroid indexing (Section 3.3) and can
optionally provide concise issue descriptions to
support agents during active troubleshooting.

Summarization Model and Prompt Design.
We employ LLaMA-3.3-70B-Instruct (Llama
Team, Al @ Meta, 2024) with a constrained prompt
template designed to extract technical signals while
discarding extraneous content. The prompt in-
structs the model to produce a single-sentence sum-
mary that identifies the affected product or model,
component, and symptom, retaining exact error
messages, codes, and event IDs, while explicitly ex-
cluding resolutions, troubleshooting steps, and per-
sonally identifiable information such as customer
names, contact details, and case identifiers. The full
prompt template and an illustrative input-output ex-
ample are provided in Appendix A.

Role in FineKB Architecture. In the offline
phase, summaries are generated for all historical
cases, grouped by resolved KB article, embedded,
and clustered to construct per-KB multi-centroid
representations that capture heterogeneous sub-
problems. In the online phase, the summarizer can
optionally generate real-time summaries for dis-
play to support agents, but the core retrieval path
operates asymmetrically: raw case text queries the
summary-based index directly (Section 3.3), avoid-
ing query-time summarization latency. This design
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Figure 2: FineKB architecture. Offline: Historical case logs are processed by an LLM issue summarizer, grouped
by resolved KB article, embedded, and clustered to construct a per-KB multi-centroid summary index. Centroid
reliability scores are estimated from retrieval outcomes on held-out validation cases against the frozen index. Online:
Raw case text is embedded and matched against the summary-based index via asymmetric retrieval. Retrieved
candidates are reordered using the validation-derived reliability scores, requiring no additional model calls at query

time.

ensures that LLM invocation occurs only once per
historical case during index construction, while
online retrieval remains fast through asymmetric

querying.
3.3 Multi-Centroid Asymmetric Retrieval

Standard dense retrieval collapses all cases associ-
ated with a KB article into a single vector represen-
tation, obscuring the heterogeneous nature of real-
world issue descriptions. For example, a KB article
addressing disk failures may be linked to cases
involving disk health monitoring errors, physical
drive failures, controller timeouts, and array degra-
dation, each representing a distinct sub-problem
requiring different diagnostic paths. FineKB ad-
dresses this heterogeneity through per-KB multi-
centroid indexing combined with asymmetric re-
trieval: historical case summaries are clustered to
construct multiple centroid representations per KB
article, while raw case text queries this summary-
based index directly at inference time. Figure 3
illustrates this retrieval mechanism.

Per-KB Clustering of Historical Case Sum-
maries. Foreach KB article & € IC, we collect its
associated historical case summaries {s1, ..., Sy}
generated via Section 3.2 and encode them using a

dense encoder:

{hy,...,h,,} = Encode({s1,...,5m}) C R%

We use NV-Embed (Lee et al., 2025) for its strong
semantic performance and optimized inference
speed, though the framework is encoder-agnostic.
We apply hierarchical agglomerative clustering
(HAC) with cosine distance and average linkage
to partition the embeddings into coherent sub-
problem clusters. The number of clusters per KB
is determined heuristically as My = |nx/Smin ],
capped at Spax, Where ny, is the number of training
cases for KB k, spin = 3 is the minimum target
cluster size, and s, = 50 is an upper bound on
clusters per KB. KB articles with nj < sy, are as-
signed a single cluster. After clustering, any cluster
with fewer than s,,;, cases is removed; KB articles
whose all clusters are removed fall back to a single
centroid over all their training cases. We use HAC
rather than k-means because average-linkage clus-
tering does not assume spherical clusters and can
better accommodate uneven sub-problem distribu-
tions within a KB. In our ablations, HAC outper-
forms k-means by +1.05 Recall@3 under the same
cluster-count heuristic (Section 4.5).

Each cluster C}, ; is represented by its mean em-
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Figure 3: Multi-centroid asymmetric retrieval. A raw
case query is scored against summary-based centroids
across all KB articles. Each KB is assigned the score
of its closest centroid; KB Article 2 is returned as the
top match (n = 1). Dots (®) mark per-cluster centroids;
labels (sum i) denote LLM-generated case summary
embeddings.
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KB-Wise versus Global Clustering. Clustering
is performed on a per-KB basis rather than glob-
ally across all cases. Global clustering risks merg-
ing cases from different KB articles into shared
clusters, diluting the supervision signal and pro-
ducing ambiguous centroids that conflate distinct
KB articles. KB-wise clustering preserves case-
KB associations and allows each KB to model its
specific heterogeneity independently: a frequently
referenced KB may yield many centroids capturing
diverse sub-problems, while a specialized KB may
yield few centroids reflecting a narrower scope.

Index Construction and Scale. We construct
multi-centroid indexes from both case-text embed-
dings and case-summary embeddings for compari-
son. The summary index is more compact because
denoised summaries exhibit lower intra-KB vari-
ance and form denser, more semantically coherent
clusters, suggesting that LLM-based summariza-
tion reduces representational variance for index
construction (Table 1). For baseline comparisons,

we also construct a KB-content index by directly
embedding KB article text, yielding single-vector
representations per KB article.

Asymmetric Retrieval. At inference time, a new
case description ¢ is embedded directly as raw text:

h, = Encode(q).

We score ¢ against all centroids in the summary-
based multi-centroid index and assign KB & the
score:

score(q, k) = max

jnax cos(hy, ¢ j),

where the maximum over centroids selects the best-
matching sub-problem cluster within KB k. This
asymmetric design, querying with raw case text
against a summary-based index, offers three advan-
tages. First, raw case embedding requires only a
single encoder forward pass with no query-time
LLM invocation. Second, the summary-based in-
dex provides semantically aligned, denoised cen-
troids that better capture issue structure than raw
case text would. Third, raw case queries preserve
idiosyncratic lexical cues such as error codes, prod-
uct identifiers, and configuration details that may
be discarded during summarization. All expen-
sive operations, including LLM summarization and
clustering, are performed once offline during index
construction.

3.4 Reliability-Aware Re-ranking

While asymmetric multi-centroid retrieval pro-
duces strong initial rankings, centroid quality
varies across KB articles depending on the den-
sity and consistency of their associated training
cases. FineKB augments retrieval scores with per-
centroid reliability scores derived from validation
performance, promoting candidates from histori-
cally precise clusters without additional model calls
at inference time.

Cluster Reliability. We compute a data-driven
reliability score for each centroid using the valida-
tion split. Let Q. = {¢’ € Dya1 : topl(q’) = ¢} be
the set of validation queries whose top-1 retrieved
centroid is ¢, and let y(¢’) denote the gold KB label
for query ¢’. The reliability score is the empirical
precision of centroid c over those queries:

R - 10 £ 21K =3l
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where KB(c) is the KB article associated with cen-
troid c. R(c) is fixed before test-time evaluation
and is not informed by any test labels. This offline
computation adds no latency to the online retrieval
path.

Re-ranking Procedure. After asymmetric re-
trieval returns the top-K KB candidates, each
candidate KB article & is re-scored using lexi-
cographic ordering over its best-matching cen-
troid. Candidates are sorted first by R(cj), then
by cos(hg,cj) as a tiebreaker, where c; =
arg max, . cos(hy, cg ;) is the highest-scoring
centroid vector for KB k, and ¢, denotes its cen-
troid identifier. This ordering promotes candidates
from centroids that have demonstrated consistent
precision on in-domain validation queries, with-
out expanding the candidate set or invoking any
additional model.

4 Experiments

4.1 Experimental Setup

Dataset and task. We evaluate on 15,000
English-language cases from a single enterprise
IT support environment, balanced across 15 issue
types: Battery, Contract, CPU, Disk, Fan, GPU,
Information, Memory, Network, No Power, Power
Supply, RAID, Remote Access, Software, and Stor-
age Controller, with 1,000 cases per type. Each
case contains a raw problem description initially
provided by customers and later expanded by sup-
port agents. Case lengths are right-skewed (median
21 words, mean 42.1, maximum 2,620), while gen-
erated summaries are consistently concise (median
7 words, maximum 22). Across the 188 KB arti-
cles, the number of associated training cases has a
median of 36 (range: 10-609). Each case is paired
with one ground-truth KB article selected during
resolution. We use an 80/10/10 train/validation/test
split stratified by issue type. All clustering and
centroid construction use only the training split;
validation data are used for hyperparameter selec-
tion and reliability scoring; and test data are held
out for final evaluation. A retrieved KB article is
considered correct if it matches the case’s ground-
truth KB article.

Baselines and FineKB variants. We compare
FineKB against lexical, dense, re-ranking, and
generated-query baselines across two indexing
strategies.

KB-content baselines index KB article text di-
rectly: BM25 uses BM25S (Lu, 2024); dense re-
trieval uses NV-Embed embeddings with FAISS
(Facebook AI Similarity Search) IVF-Flat (Lee
et al., 2025; Douze et al., 2025); HyDE (Gao
et al., 2023) generates a hypothetical document
at query time using GPT-5.1 (OpenAl, 2025)
before retrieving over the KB-content index;
and Dense (BGE-M3, supervised) (Chen et al.,
2024) fine-tunes BGE-M3 on the 12,000 Ia-
beled (case, KB) training pairs using in-batch
negatives and BM25-mined hard negatives with
MultipleNegativesRankingloss, indexing KB
article text with the resulting domain-adapted en-
coder.

Case-text baselines index historical case text
directly: BM25 and NV-Embed dense retrievers,
BGE-M3 (Chen et al.,, 2024), Jina-ColBERT-
v2 (Jha et al., 2024) (zero-shot), a general-purpose
late-interaction model evaluated without do-
main adaptation, and a cross-encoder re-ranker
(cross-encoder/ms-marco-MinilM-L6-v2;
Reimers and Gurevych 2019; Bajaj et al. 2016) that
re-ranks top-K NV-Embed Case Text candidates
against KB article text.

FineKB variants index LLM-generated issue
summaries from LLaMA-3.3-70B-Instruct: the
symmetric variant queries the summary index
with test-case summaries; the asymmetric vari-
ant queries with raw case text. The full system,
FineKB, adds reliability-aware re-ranking over the
asymmetric multi-centroid index.

Metrics and evaluation protocol. We report Re-
call@3 and Recall@5 as primary accuracy met-
rics. Recall@3 is the primary metric, reflecting
the production setting in which the system sur-
faces up to three candidate KB articles to support
agents. All methods are evaluated under the same
retrieval infrastructure and candidate KB universe,
with embeddings precomputed offline for all dense
methods. Experiments were conducted on a single
NVIDIA A100 80GB GPU with batch size 32 for
encoding, using FAISS IVF-Flat with nprobe=64.
Statistical significance is assessed via paired boot-
strap resampling (10,000 iterations). Due to confi-
dentiality constraints, raw enterprise case text and
KB content cannot be released; we instead release
vectorized representations, indexing pipelines, re-
trieval code, and evaluation scripts at the repository
linked in the abstract.
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Table 1: Index topology statistics. k per KB reports
min/median/mean/max clusters per KB article.

Index Source #KBs Clusters k per KB
Case Text 188 790 1/2/4.20/38
Case Summary 188 462 1/1/2.46/24

Computational and maintenance cost. The
dominant additional cost relative to standard dense
indexing is offline summarization: the 12,000 train-
ing cases are summarized once for index construc-
tion, and new cases can be processed incremen-
tally. On the reported hardware, clustering and
centroid construction for all 188 KB articles take
3.5 seconds, and reliability-score computation over
the validation split takes under 0.1 seconds. On-
line retrieval requires one encoder pass, one FAISS
search, and deterministic re-ranking, with no LLM
call. Updates are localized per KB; re-clustering
the largest KB takes 0.36 seconds and requires no
encoder retraining.

4.2 Cluster Index Analysis

Table 1 compares the topology of raw case-text
and summary-based cluster indexes. The summary
index uses 42% fewer centroids than the case-text
index (462 vs. 790) and reduces the mean num-
ber of centroids per KB from 4.20 to 2.46. Mean
intra-cluster cosine similarity is also higher for
summary-based clusters than for raw case-text clus-
ters (0.878 vs. 0.847), indicating that summariza-
tion produces a more compact and internally co-
herent index. The full cluster-size distribution is
reported in Appendix B.

4.3 Sensitivity to Minimum Cluster Size

The minimum cluster size s, controls both the
target number of clusters and the filtering of low-
support clusters. We select sy,i, = 3 using valida-
tion data only. Figure 4 reports sensitivity on the
held-out test set after this selection.

On the held-out test set, Recall @3 remains stable
for smin € [1,5] and is 65.39% at the validation-
selected value sy, = 3. The improvement over
Smin = 1 (64.83%) indicates that pruning low-
support clusters can remove noisy or idiosyncratic
case patterns. Beyond sy, = 3, larger values pro-
duce progressively more compact indexes by dis-
carding rare patterns, with only modest Recall@3
degradation.

704 best: 65.39% at size 3
651 e—O— e .,
g 601 \
™ 55
@
8 50+
)
X 45
40+ \
robust range
35 T T T T T T T
1 3 5 10 20 50 100

Minimum cluster size

Figure 4: Test-set sensitivity of FineKB (Asymmet-
ric) to minimum cluster size. Recall@3 remains stable
for smin € [1,5]; the operating value Sy, = 3 was
selected using validation data and is used in all main
experiments.

4.4 Retrieval Results

Table 2 reports retrieval performance across
all methods, organized by indexing strategy.
Summary-based multi-centroid indexing consis-
tently achieves the strongest accuracy, particularly
when queried with raw case text.

KB-content vs. case-text indexing. Among zero-
shot methods, case-text baselines substantially out-
perform KB-content baselines across all retrieval
approaches, indicating that historical case text pro-
vides a stronger retrieval surface than KB article
content alone. The gap is consistent: Dense (NV-
Embed) improves from 42.73% (KB-content index)
to 63.85% R @3 (case-text index) using the same
encoder and query representation. HyDE achieves
44.03% R@3 on the KB-content index but requires
a per-query LLM call, introducing latency incom-
patible with real-time support workflows, despite
its marginal accuracy gain over static KB-content
retrieval.

General-purpose re-ranking, late-interaction,
and supervised fine-tuning. Cross-Encoder
(MS MARCO) applied to Dense (NV-Embed) Case
Text candidates yields 61.17% R@3, below the
dense baseline without re-ranking (63.85%), sug-
gesting that this general-purpose re-ranker does
not capture the domain-specific matching sig-
nals required for enterprise case-to-KB retrieval.
Jina-ColBERT-v2, evaluated zero-shot without do-
main adaptation, yields 56.95% R@3 despite its
late-interaction architecture, falling below BM25
(60.28%) on this domain. Among zero-shot dense
encoders, BGE-M3 (Chen et al., 2024) yields
57.19% R@3 compared to NV-Embed’s 63.85%,
justifying NV-Embed as the primary encoder.
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Table 2: Retrieval performance across methods varying index source, query representation, and re-ranking strategy.

Accuracy

Method Index Query R@3 R@5
KB-Content Baselines
BM25 KB Content Case Text 29.33  40.21
Dense (NV-Embed) KB Content Case Text 42.73  54.10
HyDE KB Content Hypothetical Doc  44.03  52.88
Dense (BGE-M3, supervised) KB Content Case Text 63.77 74.65
Case-Text Baselines
Jina-ColBERT-v2 (zero-shot) Case Text Case Text 56.95 65.23
Dense (BGE-M3) Case Text Case Text 57.19 70.43
BM25 Case Text Case Text 60.28  70.59
Cross-Encoder (MS MARCO)  Case Text Case Text 61.17 74.74
Dense (NV-Embed) Case Text Case Text 63.85 74.74
FineKB

— Multi-Centroid (Symm.) Summary Clusters ~ Summary 59.22 7141

— Single Centroid Summary Case Text 60.11  71.49

— Multi-Centroid (Symm.) Case Text Clusters  Case Text 63.12 75.22

— Multi-Centroid (Asymm.) Summary Clusters  Case Text 65.39 7734

+ Reliability Re-ranking Summary Clusters  Case Text 66.86 77.34

Fine-tuning BGE-M3 on the 12,000 labeled
training pairs yields 63.77% Recall@3 and 74.65%
Recall @5, a statistically significant gain over zero-
shot BGE-M3 (AR@3=+6.58%, p < 0.001),
showing that in-domain supervision benefits dense
retrieval on this task. The full FineKB system with
reliability re-ranking nonetheless outperforms the
supervised fine-tuned baseline on both metrics, sug-
gesting that the proposed representation and re-
ranking design provide gains beyond in-domain
encoder adaptation.

LLM-free multi-centroid operation. Although
LLM summarization is an offline, one-time pro-
cess over the historical case archive, its computa-
tional cost may be a constraint in resource-limited
deployments. We therefore evaluate a fully LLM-
free variant, Multi-Centroid (Symm.) with Case
Text Clusters, which applies the same per-KB
HAC clustering directly to raw case-text embed-
dings without any summarization step. This vari-
ant achieves 63.12% R@3 and 75.22% R@5, re-
maining competitive with the strongest zero-shot
dense encoder (63.85%) and the supervised fine-
tuned encoder (63.77%), with no statistically sig-
nificant gap against either (p > 0.05). This re-
sult demonstrates that the multi-centroid indexing
structure itself, independent of LLM summariza-
tion, provides the principal structural benefit of
FineKB. LLM-generated summaries contribute an
additional +2.27 R@3 gain by reducing intra-KB
semantic fragmentation (Table 1), but the frame-
work degrades gracefully when summarization is

unavailable or cost-prohibitive.

Statistical significance. FineKB achieves highly
significant improvements over Single Centroid on
both R@3 (A=+5.28%, p < 0.001) and R@5
(A=+5.85%, p < 0.001), supporting the contri-
bution of per-KB multi-centroid indexing. Against
Dense (NV-Embed) Case Text, FineKB achieves
a statistically significant R@5 gain (A=+2.60%,
p = 0.0016); the R@3 improvement of +1.54% is
directionally consistent but does not reach signif-
icance at our test set size. Against Dense (BGE-
M3, supervised), the full FineKB system with reli-
ability re-ranking achieves statistically significant
gains on both R@3 (A=+3.09%, p = 0.0238) and
R@5 (A=+2.69%, p = 0.0325), indicating that the
structural contribution of per-KB multi-centroid in-
dexing is not solely explained by the absence of
in-domain supervision.

4.5 Ablation Study

Table 3 isolates the contribution of each design
decision in the FineKB pipeline: index construction
strategy, clustering algorithm, query representation,
and reliability re-ranking.

Index construction. Multi-centroid indexing
with HAC provides the largest ablation gain, yield-
ing +5.28 R@3 over the single-centroid summary
baseline. Summary-based clustering outperforms
raw case-text clustering by +2.27 R@3 while us-
ing 42% fewer clusters (Table 1), suggesting that
LLM-generated summaries reduce noise and yield
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Table 3: Ablation results. Each section isolates one
design decision while holding all others fixed at the best
configuration from the preceding section. MC = Multi-
Centroid; MC-Text = multi-centroid indexing applied
directly to raw case-text embeddings without LLM sum-
marization.

Configuration R@3 R@S5
Index Construction

Single Centroid (Summary) 60.11 71.49
MC-Text (Symm.) 63.12 7522
MC (Summary, K-Means) 64.34 74.82
MC (Summary, HAC) 65.39 77.34
Query Representation

Symmetric (Summary — Summary) 59.22  71.41
Asymmetric (Case Text — Summary) 65.39 77.34
Reliability Re-ranking

Without re-ranking 6539 77.34
FineKB (with re-ranking) 66.86 77.34

a more compact centroid index. HAC outperforms
k-means by +1.05 R@3, suggesting that hierar-
chical clustering better captures the uneven sub-
problem structure within KB articles.

Query representation. Asymmetric querying
outperforms symmetric querying by +6.17 R@3.
To examine why, two enterprise-support experts in-
dependently annotated whether summaries retained
key signals in 300 held-out cases (20 per issue type;
95% raw inter-annotator agreement), following the
protocol provided in Appendix C. Among cases
containing each signal, summaries retained prod-
uct or model identifiers in 100.0%, affected compo-
nents in 97.0%, and symptoms in 93.9%, but exact
error codes or event IDs in only 75.0%. Annotators
found no personally identifiable information in any
of the 300 evaluated summaries, corresponding to
a 100% PII-free rate. This supports the asymmet-
ric design: summarizing a query can irreversibly
remove case-specific cues, whereas each index cen-
troid aggregates recurring signals across multiple
summaries and is therefore less sensitive to omis-
sions in any individual summary.

Reliability re-ranking. Adding reliability re-
ranking improves R@3 by +1.47 points with neg-
ligible inference overhead. R@5 is unchanged be-
cause re-ranking only permutes the fixed top-5 can-
didate set.

5 Conclusion

We presented FineKB, a retrieval framework
for noisy enterprise case-to-KB matching com-

bining asymmetric multi-centroid indexing with
reliability-aware re-ranking. FineKB clusters LLM-
generated issue summaries offline into per-KB
multi-centroid representations, then retrieves us-
ing raw case text at query time, bridging the se-
mantic gap between verbose case descriptions and
concise KB articles without per-query LLM infer-
ence. Asymmetric multi-centroid retrieval achieves
65.39% Recall@3 and 77.34% Recall @5, outper-
forming KB-content indexing, single-centroid rep-
resentations, and a strong case-text dense retrieval
baseline. Reliability re-ranking further improves
Recall@3 to 66.86% with negligible inference over-
head, and the full system achieves statistically sig-
nificant gains over a supervised fine-tuned encoder
baseline, suggesting that the proposed design pro-
vides gains beyond in-domain encoder adaptation.
We release FineKB-Vectors to support reproducible
research on noisy-to-structured retrieval under en-
terprise distributions.

Limitations

Absence of a suitable public benchmark. No
existing public benchmark we identified simulta-
neously exhibits the three structural properties tar-
geted by FineKB: verbose multi-authored queries
that accumulate across a case lifecycle, concise
structured KB documents, and organic many-to-
one case-resolution provenance with sufficient
queries per KB article for multi-centroid cluster-
ing. We evaluated four candidate benchmarks, each
failing on at least one critical dimension.

TechQA (Castelli et al., 2020) yields fewer than
five queries per KB article, insufficient for multi-
centroid clustering. NFCorpus (Boteva et al., 2016)
features short, clean biomedical titles that lack the
query noise and length asymmetry FineKB is de-
signed to model. The SODD (Stack Overflow Du-
plicate Detection) dataset (Pasek et al., 2023) uses
Stack Overflow duplicate chains, exhibiting query-
to-query rather than query-to-document asymmetry.
WixQA (Cohen et al., 2025) pairs enterprise user
questions with Wix KB articles but does not match
the target setting of FineKB: its queries are sub-
stantially shorter and cleaner than multi-authored
support cases, and its per-KB query density is too
low for stable multi-centroid clustering in our anal-
ysis.

LLM summarization and cold-start con-
straints. LLM-generated summaries may omit rare
but critical details such as infrequent error codes or

22172



edge-case configurations, potentially reducing re-
trieval precision when such details are the primary
differentiators between similar issues. For newly
created or rarely linked KB articles, FineKB falls
back to KB-content dense retrieval, which lacks the
case-driven normalization benefits demonstrated in
our ablations.

Domain generalization. Our evaluation is con-
ducted within a single enterprise IT support domain.
Whether FineKB'’s structural assumptions transfer
to other verticals such as healthcare, legal, or cus-
tomer support remains an open question for future
work.

Ethics Statement

In accordance with ACL policy, we disclose that
large language models assisted with writing polish,
including grammar, phrasing, and structural edits.
All scientific contributions, experimental design,
analyses, and claims were conceived, implemented,
and verified by the human authors.

The dataset consists of confidential enterprise
support cases and KB articles. To balance re-
producibility with privacy, we release only pre-
computed vector embeddings and cluster structures,
with no raw text or personally identifiable informa-
tion included. All processing was conducted in a
secure environment following organizational pri-
vacy policies. Released artifacts are intended for
research purposes only and must not be used to
reconstruct or re-identify customers or systems.

Reproducibility Statement

We provide detailed methodology (Section 3)
and experimental setup (Section 4.1) to support
reproduction of our results. Because raw en-
terprise text cannot be released under organi-
zational confidentiality constraints, we release
FineKB-Vectors containing: (1) NV-Embed em-
beddings of LLM-generated case summaries across
train/validation/test splits, (2) NV-Embed embed-
dings of KB articles, and (3) metadata including
KB identifiers, issue types, cluster assignments,
and per-centroid reliability scores. These vectors
enable replication of the retrieval, clustering, re-
ranking, and ablation results in Tables 2 and 3.
The repository also includes indexing pipelines, re-
trieval code, and hyperparameter configurations for
reproducing the released-vector experiments.
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A Prompt Template and Summarization
Example

The following prompt template was used to gener-
ate issue summaries from historical case descrip-
tions using LLaMA-3.3-70B-Instruct. The tem-
plate enforces consistency by explicitly specifying
required technical elements and prohibited non-
technical content.

You are a support assistant for enterprise server prod-
ucts.
Summarize the technical issue in one sentence.

Rules:

1) Include product/model if available.

2) Specify affected component and symptom.

3) Retain exact error messages, codes, or event IDs.
4) Exclude resolutions, troubleshooting steps, cus-
tomer identifiers, names, emails, phone numbers, ad-
dresses, dates, signatures, and case IDs.

The following example illustrates the transfor-
mation from a raw case description to a generated
summary.

Raw Case Description. “[Phone] Sys-
tem reports multiple DIMM errors dur-
ing POST (Event ID: 0xA0Q). Customer
attempted reseating. Contact: John D,
555-1234. Preferred Contact Method:
Email.”

Generated Summary. “DIMM failure
causing boot errors during POST (Event
ID: 0xA0).”

The model extracts critical technical signals, in-
cluding the affected component (DIMM), symptom
(boot errors), diagnostic context (POST), and error
code (0xA0), while discarding customer metadata
and troubleshooting actions.

B Cluster-Size Distribution

Figure 5 shows the distribution of cluster sizes,
measured as the number of historical cases assigned
to each centroid. The raw case-text index is heav-
ily concentrated in micro-clusters, particularly the
0-9 case bucket, indicating that noisy multi-turn
support text often fails to aggregate into stable se-
mantic groups. The summary-based index shifts
mass toward larger clusters, suggesting that LLM-
generated issue summaries reduce lexical and con-
versational noise and produce a more compact clus-
ter distribution. This pattern is consistent with the
main-paper finding that summary-based indexing
reduces fragmentation while preserving the bene-
fits of multi-centroid retrieval.

C Human Annotation Protocol

Two enterprise-support experts independently eval-
uated LLaMA-3.3-70B-Instruct summaries for 300
held-out cases, with 20 cases sampled from each
issue type. The annotators were internal salaried
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Figure 5: Distribution of cluster sizes measured as cases
per centroid. The Case Text index is skewed toward
micro-clusters, reflecting high semantic fragmentation.
The Case Summary index yields a more balanced dis-
tribution with fewer micro-clusters and more larger clus-
ters, indicating a more compact centroid index.

employees selected for their enterprise-support ex-
pertise and completed the evaluation as part of their
regular duties, without additional task-specific com-
pensation. Annotators were instructed to compare
each summary only with its original case descrip-
tion and not with other summaries. For every ap-
plicable item, they assigned a binary judgment in-
dicating whether the summary (1) preserved the
correct product or model, (2) retained exact error
codes, event IDs, or error messages, (3) identified
the affected component, (4) captured the principal
symptom or failure behavior, and (5) contained no
personally identifiable information. Items absent
from the original case were marked as not applica-
ble and excluded from the corresponding retention-
rate calculation. Raw inter-annotator agreement
across applicable binary judgments was 95%.
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