. k Sinkron : Jurnal dan Penelitian Teknik Informatika
S ln Ton Volume 10, Number 3, July 2026 e-ISSN : 2541-2019
' ' ' DOI : https://doi.org/10.33395/sinkron.v10i3.16220 p-ISSN : 2541-044X

Application of Sentence-BERT Embeddings
for Semantic Deduplication of Industrial
Material Records: A Diagnostic Study

Seno Hardijanto Purnomo'”, Agung Triayudi”
1.2) Universitas Nasional, Indonesia
senohardijantopurnomo.2025@student.unas.ac.id, agungtriayudi(@civitas.unas.ac.id

Submitted: May 15, 2026 | Accepted: June 11, 2026 | Published: July 5, 2026

Abstract. Industrial material master data in Enterprise Resource Planning (ERP)
and Enterprise Asset Management (EAM) systems accumulates duplicate records
that distort inventory, procurement, and analytics. Traditional deduplication
relies on string-similarity measures such as Levenshtein, Jaro—Winkler, and TF-
IDF cosine, which can struggle on catalogs mixing Indonesian and English
terminology—e.g. Valve versus Keran—and on paraphrastic variants with
different word order or abbreviation style. This study formally specifies a
semantic deduplication pipeline that encodes material descriptions as sentence
embeddings using Sentence-BERT (SBERT) and compares them via cosine
similarity, then diagnostically evaluates the extent to which SBERT improves
over those baselines. Following Design Science Research, the pipeline specifies
normalisation, encoding with a multilingual paraphrase-tuned SBERT variant,
and pairwise comparison within candidate sets produced by hybrid blocking; the
diagnostic evaluation reports scores on the raw descriptions to expose baseline
behaviour before domain-specific harmonisation. A sample of 291,000 records
from two Indonesian industrial power plants motivates the design. On a
diagnostic set of 100 record pairs derived from existing engineer-annotated
duplicate markers, Jaro-Winkler achieves F; = 0.925 (precision 1.000, recall
0.860) and SBERT achieves F; = 0.875 (precision 0.913, recall 0.840) at
threshold T = 0.65; qualitative analysis of twelve representative pairs further
reveals that SBERT excels on structural paraphrase (cosine 0.73—0.88 where
character-level methods score below 0.50), while Jaro—Winkler remains
competitive on abbreviation, unit-standard, and cross-language pairs—
particularly those involving Indonesian technical vocabulary under-represented
in the model’s training distribution. The central finding is that Sentence-BERT
complements rather than replaces string baselines, which motivates future work
on multi-channel architectures combining textual semantics with structural
context.

Keywords: cosine similarity; entity resolution; material master data; record
deduplication; semantic embedding; Sentence-BERT.

INTRODUCTION

Material master data form the foundation of inventory, procurement, and maintenance in asset-
intensive industries. Enterprise Resource Planning (ERP) and Enterprise Asset Management (EAM)
platforms record every stocked item with descriptive attributes, but records are entered by many users
over many years across subsidiary systems with differing naming conventions. The same physical item
therefore often appears under several identifiers. Ten to twenty percent of stock-keeping units are
typically duplicates or near-duplicates (Christen, 2012; Christophides et al., 2020), inflating inventory
cost, blocking procurement, and distorting analytics.
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A sample drawn from two Indonesian industrial power plants illustrates the scale of the problem.
Both catalogs were exported from Maximo-family EAM platforms and anonymised for research use
(plant names and proprietary identifiers removed; export period withheld for confidentiality). The
primary attributes are the item number and the free-text description; Plant A additionally carries a four-
level classification taxonomy used for blocking. In Plant A, 52,983 records carry structured descriptions
(TYPE,SUBTYPE,SPECS) with 10.1% exact duplication (measured by normalised-string identity after
lowercasing and whitespace collapsing). In Plant B, 238,603 records carry free-text descriptions with
only 0.7% exact duplication, but 2,573 engineer annotations of the form [DUPLIKAT, GUNAKAN
ITEM ...] indicate a larger near-duplicate population. Together the combined catalog of approximately
291,000 records is conservatively estimated to hold a ten-to-twenty-percent deduplication opportunity.

The canonical deduplication pipeline—standardisation, blocking, pairwise string comparison,
classification (Christen, 2012)—struggles on this data for four reasons: (/) paraphrastic variation
(“BOLT,HEX HEAD,M10X50” vs. “HEX BOLT 10MM X 50MM”, Lev. 0.30); (2) abbreviation
(“Generator 500 kVA” vs. “Genset 500 kVA”); (3) cross-language equivalence (“Valve 2 inch brass”
vs. “Keran 2 inch kuningan”); (4) unit-token mismatch (“DN50” vs. “2 INCH”). The proposed pipeline
includes rule-based unit harmonisation, but the diagnostic evaluation scores all methods on raw
descriptions to isolate method capability (see Section 3).

Pre-trained language models capture semantic equivalence beyond string measures (Mudgal et
al., 2018; Li et al., 2020; Ye et al., 2022). Sentence-BERT (Reimers & Gurevych, 2019) is attractive
because multilingual paraphrase-tuned variants project Indonesian and English into a common
embedding space. Yet published evaluations target monolingual English benchmarks, clean parallel
texts (Feng et al., 2022), or e-commerce domains (Hamza, 2024). To the authors’ knowledge, no study
evaluates sentence-level semantic embeddings on bilingual Indonesian—English industrial material
descriptions.

This paper offers a diagnostic contribution: (1) a formally specified SBERT deduplication
pipeline with hybrid blocking for 10°~10%-record catalogs; (2) comparative evaluation against string
baselines on 100 engineer-annotation-derived pairs (P/R/F;) and twelve representative pairs; (3)
axiomatic and metamorphic verification (Chen et al., 2018) following Design Science Research (Hevner
et al., 2004). The goal is to establish where SBERT adds value over string baselines and where it does
not.

LITERATURE REVIEW

Classical record linkage and duplicate detection rest on string comparison. Christen (2012)
consolidates the canonical pipeline: standardise values, reduce the comparison space via blocking,
compare candidate pairs with similarity measures such as Levenshtein, Jaro—Winkler, or TF-IDF cosine,
and classify pairs as match or non-match through thresholds or supervised learning. Blocking is itself a
rich sub-field: Papadakis et al. (2020) survey dozens of blocking and filtering techniques that trade recall
against computational cost, concluding that no single scheme dominates across all entity types. Such
string-based measures perform well on well-structured personal and business data but degrade on noisy,
multilingual, and paraphrastic text (Christophides et al., 2020). Their failure modes—word-order
variation, synonymy, abbreviation, unit-standard mismatch—are precisely those that dominate
industrial material catalogs.

Deep-learning entity matching replaces hand-crafted similarity with learned representations.
Mudgal et al. (2018) map the design space; Li et al. (2020) fine-tune BERT on serialised entity pairs
(Ditto); Ye et al. (2022) augment pre-trained models with numerically-aware attention (JointMatcher);
Ebraheem et al. (2018) and Wang et al. (2020) contribute distributed tuple representations and
contrastive learning respectively. Zeakis et al. (2025) benchmark twelve pre-trained embedding models
on seventeen ER datasets, confirming that transformer-based encoders consistently outperform static
embeddings; Peeters et al. (2025) show that zero-shot LLMs can match fine-tuned models on product
domains.

Sentence-BERT (SBERT; Reimers & Gurevych, 2019) produces fixed-length vectors via a
Siamese BERT architecture; multilingual paraphrase-tuned variants project fifty-plus languages into a
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shared 384-dimensional space. Indonesian NLP resources—IndoBERT (Koto et al., 2020; Wilie et al.,
2020), NusaCrowd (Cahyawijaya et al., 2023), IndoSBERT (Diana & Khodra, 2023)—target general-
purpose tasks rather than industrial record matching; Amin et al. (2024) confirm that blocking
performance is domain-sensitive in Indonesian academic databases. Cross-lingual linkage is addressed
by LaBSE (Feng et al., 2022) and LinkTransformer (Dell & Therapontos, 2024); Hamza (2024) applies
SBERT to e-commerce deduplication but only on monolingual English retailer titles. None of these
studies address the combination of bilingual Indonesian—English text, noisy industrial descriptions, and
sentence-level semantic embeddings as the matching mechanism.

The gap is not a shortage of models but of formalised, domain-specific evaluation at this
intersection.

METHOD
The pipeline is specified, implemented, and evaluated on record pairs from real industrial catalogs via
(a) 100 engineer-annotation-derived pairs (P/R/F; at multiple thresholds) and (b) twelve representative
pairs spanning four failure-mode categories. SBERT cosine is compared against normalised
Levenshtein, Jaro—Winkler, and word-level TF-IDF cosine.

Evaluation input policy.

All scores are computed on raw (un-normalised) descriptions. The pipeline’s normalisation and unit-
harmonisation stages are specified as deployable steps but are not applied before scoring, isolating
method capability from pre-processing benefit. The methodology follows Design Science Research
(Hevner et al., 2004; Peffers et al., 2007): the pipeline is the designed artefact and the empirical probe
is the evaluation episode. Only the textual component is considered; structural context is left for future
work.

Pipeline

Let R = {ri, 12, ..., 1} denote a catalog of material records, each carrying at least a textual description
xi™". The proposed pipeline comprises five stages, illustrated in Fig. 1:

(i) Normalisation lowercases the text, collapses whitespace, separates numeric and unit tokens through
regular expressions, removes non-informative punctuation, and harmonises known unit equivalences
(e.g. “2 inch” — “50.8 mm”).

(ii) Encoding applies a pre-trained Sentence-BERT model @exi: X™' — RY to produce an {>-normalised
d-dimensional embedding of each description:

txt

txct SBERT (x{*%)
y _ sorrraf 1
Prext (X;™") ISBERT (xF*¥H)]|, N

The £, normalisation ensures that cosine similarity reduces to a dot product.

The model selected is paraphrase-multilingual-MiniLM-L12-v2 (d = 384; Reimers & Gurevych, 2019;
2020), chosen for (1) multilingual coverage of Indonesian and English in a common space (vs.
Indonesian-only IndoSBERT or retrieval-optimised LaBSE), (2) paraphrase-tuned training matching the
token-order invariance of material descriptions, and (3) compact 384-d output halving memory versus
768-d alternatives.

(iii) Blocking reduces the O(n?) space via a hybrid scheme: taxonomy-based grouping where available,
supplemented by token-based blocks from high-signal tokens. Degenerate blocks exceeding max block
are sub-partitioned. Algorithm 1 formalises the procedure.

(iv) Similarity computation evaluates the cosine similarity

Sij = COS((ptext(xitxt)'(ptext(xjtxt)) = (Ptext(xitxt) ) (ptext(xjtxt) (2)
for each candidate pair (1, 1;) emitted by blocking. The inner-product form follows from the €,
normalisation in Eq. (1).
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(v) Match decision applies a threshold t € (0,1):

match(ry,1;) = s;5 =2 T 3)
The resulting match relation is then closed under transitivity via a standard union—find algorithm to yield
equivalence classes (Christen, 2012).

(i) Normalise > (it) SBERT encode
—

(
Raw record Lowercase, units, 1eges Eq, 1, ¢ 154

‘ (iv) Cosine similarity (iii) Hybrid blocking

Eq. L pairwise §_i \lyp. 1, taxpaomy + tokens

v) Threshold + dosure -
v —> Equivalence classes
Eq. 3, union-find. v (0,1)

Fig. 1 Conceptual pipeline for Sentence-BERT-based semantic deduplication of industrial material records.
Hybrid blocking algorithm

Algorithm 1: Hybrid blocking for industrial material records.

Input: catalog R; taxonomy T (partial, may be 1); SigTokens(:‘); max block
Output: candidate pair set P

1. P « @; B « HashMap () // block index
2. for each ri € R with T(ri) # 1 // Phase 1: taxonomy block
B[T(ri)] « B[T(ri)] U {ri}
3. for each ri € R // Phase 2: token block
for each t € SigTokens(ri): B["TOK:"+t] «~ B["TOK:"+t] U {ri}
4. for each (k, b) € B // Phase 3: candidate generation

if |b| > max block: sub-partition b into balanced sub-blocks
for each (ri, rj) € b x b with i < j: P « P U {(ri, rj, k)}
5. return P

Blocking reduces the budget from O(n?) to O(nb). With n = 2.9x10° and b = 48, the candidate set is ~10”
pairs. max_block = 500; SigTokens extracts up to three tokens per record (first noun-like, first numeric,
first unit token).

Sanity checks via axiomatic and metamorphic verification

The quantitative evaluation on labelled pairs (Section 4) provides the primary empirical evidence. As a
supplementary sanity check, the pipeline’s internal consistency is verified through axiomatic inspection
(reflexivity, symmetry, transitivity after closure) and three metamorphic relations following Chen et al.
(2018): (MR1) permutation invariance of word order, (MR2) consistent-attribute perturbation, and
(MR3) provenance independence. These checks confirm that the pipeline behaves as formally specified;
they do not substitute for the labelled-pair evaluation.
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RESULT
Worked examples
Table 1 contrasts string baselines with SBERT cosine similarity across twelve pairs from the two-plant
sample, organised into canonical failure modes (Panel A), real catalog pairs (Panel B), and controls
(Panel C). All scores are on raw descriptions.
Table 1. Similarity of representative record pairs: string baselines versus Sentence-BERT.

Case | Pair (ri, rj) |Label| Lev. | J-W | TF-IDF | SBERT
Panel A: Canonical failure modes
, ,M10X50 .8.8 .
Paraphrase |5 o'« comte chane Bos o EEEOEOEE M 030 | 072 | 025 0.73
Abbreviation |Generator 500 kVA vs. Genset 500 kVA M 0.71 0.93 0.50 0.78
1 2 i h . 2 i h
Cross-lang. |0 V5 2 #CR Prass ve. feran 2 fne M | 038 | 062 | 020 0.43
. i 50 hedule 40 . i 2 1 h
Unitstd.  |Lope DYo0 seneduie 80 vs. Bipe 2 ine M | 074 | 086 | 060 0.80
Panel B: Real catalog pairs
10 15 .
ID-ENbolt  |1h0 1o e VS BOREBLENEORE vl 050 | 078 | 037 0.88
GENSET 500 KVA 380V 3P 50HZ vs.
ID-EN genset | cexgraTOR SET 500 KVA 380V 3 PHASE M 0.62 0.82 0.34 0.82
. ’ , 4 , 20 .
Valve variant |\ ve’ sorrenere’ on100. 26 pap M | 081 | 093 | 067 0.85
. , 1, , 1 . ’
Bolt variant igig Mlg D)?MgoM gxgoﬁ Ve oM R M 0.48 0.85 0.32 0.88
Panel C: Controls and cross-language
. 869016-3200
Near-dupe 5001 LOCK WASHER 2/ PR M | 100 | 100 | 1.00 1.00
4 2 .
Non-match | varnns oo s a1 20 BRR VS GRSKETI 004 | 056 | 0.3 0.47
i 2 1 h di 1 . 2
Cross: pump |5 oor ieser omgine o CCEEEEEEN M| 048 | 067 | 029 0.67
CrOS'S: ]Z;g‘;alan gelinding 6205 vs. Ball bearing M 0.57 0.80 0.20 0.44
bearing

M = match (same physical item); N = non-match (different items). Bold = highest similarity for that pair.

The twelve pairs reveal a nuanced picture. SBERT leads in four of ten true-match cases (Paraphrase,
ID-EN bolt, Bolt variant, Cross: pump), ties in one, and trails in five. Three patterns emerge: (1) SBERT
excels on structural paraphrase—the Paraphrase pair scores SBERT 0.73 versus Lev. 0.30, and the Bolt
variant scores SBERT 0.88 versus Lev. 0.48—because contextualised pooling is insensitive to word-
order variation. (2) Jaro—Winkler is competitive or superior on abbreviation (J-W 0.93 vs SBERT 0.78)
and unit-standard cases where surface strings share substantial overlap. (3) Cross-language pairs expose
the most significant limitation: Valve/Keran scores SBERT 0.43; “Bantalan gelinding” (Indonesian for
ball bearing) scores SBERT 0.44 versus J-W 0.80. These domain-specific Indonesian terms are under-
represented in multilingual training corpora. Conversely, cross-language pairs sharing technical tokens
(BAUT/BOLT + “M10 X 15 MM”) score well (SBERT 0.88), suggesting sub-word overlap rather than
true translation. The non-match control (SBERT 0.47) confirms that similarity is not inflated
indiscriminately.

Quantitative evaluation on labelled pairs

An engineer-annotation-derived diagnostic set was constructed from Plant B’s 2,573 DUPLIKAT-
annotated records (1,924 resolvable match pairs). 100 pairs were selected by stratified sampling: 50
positive (stratified by string-similarity difficulty) and 50 negative (same-category hard negatives).
Positive labels inherit from engineers’ operational annotations; negative labels are constructed by
design. The set is diagnostic, not a fully independent benchmark. Table 2 reports P/R/F; at T = 0.65;
Table 3 shows threshold sensitivity across t € {0.50, ..., 0.80}.
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Table 2. Precision, recall, F;, and confusion matrix on 100 labelled pairs at T = 0.65.

Method P R F1 Acc. TP FP FN TN
Jaro—Winkler 1.000 0.860 0.925 0.930 43 0 7 50
Best-string? 1.000 0.860 0.925 0.930 43 0 7 50
SBERT 0913 0.840 0.875 0.880 42 4 8 46
Levenshtein 1.000 0.360 0.529 0.680 18 0 32 50
TF-IDF cosine — 0.000 0.000 0.500 0 0 50 50

@ Maximum of Levenshtein, Jaro—Winkler, and TF-IDF for each pair.
P = precision, R = recall, Acc. = accuracy. Bold = best F,.

At t=0.65, Jaro—Winkler achieves F; = 0.925 with perfect precision and recall 0.860. SBERT reaches
F1=0.875 but incurs four false positives from same-category non-matches sharing technical vocabulary.
Levenshtein’s recall is limited to 0.360, and TF-IDF cosine fails entirely (F; = 0.000) because industrial
descriptions are too short for bag-of-words similarity.

Table 3. Threshold sensitivity: F; at seven thresholds for the three non-trivial methods.

Method 7=0.50 0.55 0.60 0.65 0.70 0.75 0.80
SBERT 0.839 0.870 0.874 0.875 0.867 0.864 0.750
Jaro—Winkler 0.730 0.793 0.922 0.925 0.824 0.765 0.750
Levenshtein 0.684 0.649 0.630 0.529 0.485 0.413 0.361

Bold = best F; per method. TF-IDF cosine omitted (F; = 0 at all thresholds).

T = 0.65 maximises F; for both SBERT and Jaro—Winkler; deployment on a different catalog would
require recalibration, ideally per category. SBERT’s F; is more stable across thresholds (0.750—-0.875)
than Jaro—Winkler’s sharper peak (0.730-0.925).

Blocking behaviour

Beyond similarity quality, the pipeline must also be computationally tractable at scale. On the combined
catalog (n = 291,586), exhaustive comparison would require = 4.25x10'° pairs. With Algorithm 1 (b =
48), the candidate set shrinks to = 7x10°—a six-thousand-fold reduction. All 152 resolvable
DUPLIKAT-annotated pairs from Plant B appear in at least one block (recall 1.0 on this subset), though
pairs sharing neither taxonomy nor signature token would be missed. Full blocking statistics (block-
count distribution, timing, hardware) are deferred to ongoing thesis work. Neural blocking (Zeakis et
al., 2025) could improve recall.

Axiomatic and metamorphic verification

Reflexivity (si = 1.0) and symmetry (s;j = s;i) follow from Eq. (1) and Eq. (2). Transitivity holds after
union—find closure (Christen, 2012). Three metamorphic relations were probed on 50 pairs: MR1
(permutation invariance) shows mean cosine drift of 0.006 after word-order shuffling; MR2 (consistent-
attribute perturbation) shows mean change +0.003 (range —0.012 to +0.021)—cosine can decrease when
added tokens dilute the embedding, so unconditional monotonicity does not hold, though the match
decision is preserved in all tested cases; MR3 (provenance independence) shows <0.005 drift after
removing plant codes.

DISCUSSION

Both evaluation layers converge: on this corpus, SBERT does not uniformly outperform string
baselines but adds value on structural paraphrase and format variation, while Jaro—Winkler leads on
abbreviation, unit-standard, and cross-language cases. The practical implication is that SBERT
complements string baselines: a production pipeline should consider an ensemble or cascaded strategy
(Christophides et al., 2020).

Two practical levers emerge: (1) model selection—an IndoBERT-based SBERT fine-tuned on
material descriptions may improve cross-language performance; (2) threshold calibration—a category-
conditional T could improve on the global t = 0.65 that Table 3 shows is near-optimal on this corpus.
More broadly, the text channel alone does not dominate string baselines uniformly, motivating a multi-
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channel architecture that combines @ With structural context (shared storeroom, same asset, co-
occurrence in purchase orders).

Union—find closure guarantees transitivity but propagates errors: a single false positive can merge
correct clusters. The four SBERT false positives at t = 0.65 illustrate this; deferring uncertain edges to
human review would mitigate propagation.

Several limitations warrant statement. The diagnostic set inherits labels from engineers’
operational annotations rather than an independent protocol with inter-annotator agreement and covers
a single plant. The model under-represents domain-specific Indonesian terms (bantalan gelinding,
genset), yielding cross-language scores of 0.43—0.67. Deterministic blocking can miss pairs sharing no
taxonomy or signature token. Relative to prior work (Li et al., 2020; Ye et al., 2022; Feng et al., 2022;
Dell & Therapontos, 2024; Hamza, 2024), the contribution is diagnostic rather than architectural: none
of these studies evaluate on bilingual Indonesian—English industrial records. Future work includes
replication on additional plant catalogs with independent annotations, category-conditional threshold
calibration, comparison across embedding variants, and integration of structural context in a multi-
channel architecture.

CONCLUSION

This paper formally specifies a five-stage Sentence-BERT deduplication pipeline for industrial material
master data—normalisation, multilingual SBERT encoding, hybrid blocking, cosine similarity, and
threshold-plus-transitive closure—and diagnostically evaluates it against string baselines. On 100
engineer-annotation-derived pairs from a 291,586-record catalog, Jaro—Winkler achieves F; =0.925 and
SBERT F; = 0.875 at Tt = 0.65; qualitative analysis of twelve pairs shows SBERT excels on structural
paraphrase (0.73—0.88 vs. Lev. 0.30-0.48) while Jaro—Winkler leads on abbreviation, unit-standard, and
cross-language cases. Axiomatic and metamorphic sanity checks confirm internal consistency. The
central finding is that, on this corpus, Sentence-BERT complements string baselines rather than
replacing them, motivating future work on multi-channel architectures combining textual semantics with
structural context.
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