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The competency assessment process for Meteorology, Climatology, and Geophysics
(PMG) functional officers at BMKG requires manual review of Scientific Paper (KTI)
similarity, a task that is time-consuming, prone to subjectivity, and increasingly
burdensome as submission volume grows. While Semantic Textual Similarity (STS)
research has advanced considerably for high-resource languages, empirical evidence for
Indonesian-language technical documents in specialized scientific domains remains
limited, and prior work has not established which neural architecture is preferable under
such data-constrained conditions. This study addresses that gap by empirically comparing
two Siamese Network architectures, Siamese BiLSTM and IndoBERT, for automatic
STS detection on 87 PMG KTI documents, yielding 3,741 document pairs automatically
labeled using the 90th percentile of TF-IDF cosine similarity scores and validated against
manual annotation (Cohen's Kappa k=0.82). Siamese BiLSTM employs Word2Vec
embeddings with Focal Loss, while IndoBERT fine-tunes the pretrained indobert-base-
pl model with Contrastive Loss; both apply class weighting to address the 90:10 class
imbalance, with classification thresholds independently calibrated via grid search.
Evaluated on 1,123 held-out test pairs, Siamese BiLSTM achieves an F1-Score of 64.84%
(Accuracy 91.99%, Precision 58.04%, Recall 73.45%) at threshold 0.60, outperforming
IndoBERT's F1-Score of 57.73% (Accuracy 89.05%, Precision 47.19%, Recall 74.34%)
at threshold 0.935, a difference confirmed statistically significant by McNemar's test
(¥*=7.6992; p=0.0055). This result runs counter to the common assumption that
Transformer-based models universally outperform recurrent architectures, suggesting
that smaller, domain-tuned embeddings can be more effective under limited-data,
domain-specific conditions. The better-performing Siamese BiLSTM model, requiring
only 16.77 MB with no GPU dependency, was deployed as a Streamlit web application,
enabling the BMKG PMG Assessment Team to perform similarity detection quickly and
consistently within their existing workflow.

This is an open access article under the CC-BY-SA license.

I. INTRODUCTION

limiah, KTI), which must be checked for similarity against
other papers to prevent duplication and plagiarism. Manual
review by the Assessment Team is time-consuming and prone

The Badan Meteorologi, Klimatologi, dan Geofisika
(BMKG, Indonesian Agency for Meteorology, Climatology,
and Geophysics) conducts a Competency Assessment for its
Meteorology, Climatology, and Geophysics (PMG)
functional officers as part of the promotion process. One key
assessment component is the Scientific Paper (Karya Tulis

to subjectivity, especially as the number of submitted papers
increases each assessment period while the number of
reviewers remains limited.

Conventional  keyword-based or  string-matching
approaches often fail to detect similarity at the meaning level
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when two documents discuss the same topic but use different
sentence structures and word choices (paraphrasing).
Semantic Textual Similarity (STS) based on machine learning
offers a solution by measuring similarity of meaning through
high-dimensional vector representations (embeddings), rather
than literal word matching. Siamese Network architectures are
a popular approach for STS, consisting of two identical sub-
networks that share weights to learn comparable
representations of two inputs simultaneously [1]. Two widely
studied variants are Siamese Long Short-Term Memory
(LSTM) [1], [2] and Siamese architectures built on pretrained
Transformer models such as BERT [3], [4].

A comprehensive survey by Li et al. [4] documents that
Siamese networks have been successfully applied across
classification, regression, and few-shot learning tasks, while
Transformer-based sentence embeddings such as Sentence-
BERT [5] have generally outperformed recurrent
architectures on major English-language STS benchmarks.
However, this body of evidence is overwhelmingly drawn
from high-resource languages and general-domain corpora;
empirical comparisons for Indonesian-language technical
documents in specialized scientific domains remain scarce,
and existing Indonesian STS studies have notable limitations.
Krisnawati et al. [6] applied Universal Sentence Encoder with
FAISS for Indonesian-English bilingual similarity detection
but evaluated on only 116 documents without a domain-
specific technical corpus. Viji and Revathy [8] combined
BERT with graph convolutional networks for document-level
near-duplicate detection, but their approach was designed for
general English text deduplication rather than domain-
specific semantic assessment. Neither study directly
addresses the combination of factors present in the BMKG
PMG setting: a technical, terminology-dense Indonesian
corpus, a severely limited number of source documents, and
a need for models deployable without GPU infrastructure.
Consequently, it remains an open empirical question whether
Transformer-based architectures retain their advantage over
recurrent Siamese architectures under such data-constrained,
domain-specific conditions — a gap this study directly
addresses.

This study aims to: (1) compare the performance of
Siamese BILSTM and IndoBERT for STS detection on
BMKG PMG scientific papers based on Accuracy, Precision,
Recall, and F1-Score; (2) test the statistical significance of the
performance difference using McNemar’s test; and (3) deploy
the best-performing model as a web application usable
directly by the BMKG PMG Assessment Team.

Il. METHOD

This research follows five stages: (1) data collection and
preprocessing, (2) pair formation and automatic labeling, (3)
separate training of both model architectures, (4) evaluation
and statistical significance testing, and (5) deployment of the
best-performing model as a web application.

A. Dataset and Labeling

The dataset consists of 87 BMKG PMG KTI documents
in PDF format, spanning topics across meteorology,
climatology, geophysics, and instrumentation, with an
average length of approximately 4,200 words per document
after preprocessing. Text was extracted using the pdfplumber
library. Preprocessing includes lowercasing, non-alphabet
character removal, whitespace normalization, and Indonesian
stopword removal using PySastrawi. All documents were
combinatorially  paired without repetition, yielding
C(87,2)=3,741 unique document pairs.

The relatively small number of source documents (87) is
a direct consequence of the operational setting: it reflects the
actual number of KTI submissions in a single BMKG PMG
competency assessment period, rather than a sampling choice.
While this scale is modest relative to typical deep-learning
corpora, the combinatorial pairing strategy expandsit to 3,741
pairs, and the results in Section 11 indicate it was sufficient to
train Siamese BiLSTM (4.4M parameters) to convergence,
whereas the larger IndoBERT (124M parameters) showed
comparatively weaker generalization — itself evidence,
discussed further in Section I11-D, that dataset scale interacts
with model capacity in this setting.

Each pair was automatically labeled based on the cosine
similarity score of the Term Frequency-Inverse Document
Frequency (TF-1DF) [7] representation, where the weight of
term t in document d is:

w(t,d) = th(t,d) x log(N / df(®)) (1)

with tf(t,d) the frequency of term t in document d, N the
total number of documents, and df(t) the number of
documents containing term t. Pairs scoring at or above the
90th percentile (P90=0.1753) were labeled Similar, yielding
375 Similar pairs (10.0%) and 3,366 Not Similar pairs
(90.0%). TF-IDF was chosen for its computational simplicity
and interpretability as a labeling heuristic, but it is important
to note this approach captures primarily lexical overlap rather
than deeper semantic relatedness, and may introduce label
noise for pairs that share vocabulary without sharing meaning,
or vice versa — a known limitation discussed further in
Section I1I-E.

Labeling validity was verified against manual annotation
on a randomly drawn 200-pair sample (approximately 5.3%
of the full pair set), stratified to include both TF-IDF-Similar
and TF-IDF-Not-Similar cases. Two independent annotators
with domain familiarity in BMKG scientific writing rated
each pair as Similar or Not Similar based on topical and
content overlap, without knowledge of the corresponding TF-
IDF label. Agreement between the automatic TF-IDF label
and the manual consensus label was then computed using
Cohen’s Kappa [9]:

k=@’-p)/(1-p) (2
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with p° the observed agreement proportion and p® the
expected chance agreement. The result, =0.82, indicates
almost perfect agreement, supporting the use of the TF-IDF-
based label as a practical proxy for semantic similarity in this
setting, while the residual disagreement is consistent with the
lexical-versus-semantic gap noted above. The dataset was
split using stratified 70:30 sampling (random_state=42) into
2,618 training pairs (262 Similar, 2,356 Not Similar) and
1,123 test pairs (113 Similar, 1,010 Not Similar).

B. Siamese BiLSTM Architecture

Siamese BILSTM consists of two identical weight-
sharing sub-networks [1], [2]. Each branch comprises a 300-
dimension Word2Vec embedding layer [11], a 128-unit
Bidirectional LSTM (BiLSTM) layer, Batch Normalization,
0.30 Dropout, and a 128-unit Dense layer with ReLU
activation. The resulting vectors u and v from both branches
are compared using cosine similarity:

cos(u,v)=(u-v)/(lullvl)  (3)

The model is trained with Focal Loss [13] to address
extreme class imbalance by down-weighting well-classified
samples:

FL(p) = —a(1-p)" log(p’)  (4)
with pt the predicted probability for the true class, y=2.0
the focusing parameter, and a=0.75 the class-weighting
factor. In addition, balanced class weighting [15] is applied:

w=N/(Kxn) (5

with N the total sample count, K the number of classes,
and n' the number of samples of class i. On the 90:10 dataset
this yields class weights of ~0.56 (Not Similar) and ~4.91
(Similar). Training uses the Adam optimizer [16] (learning
rate=0.001), gradient clipping (clipnorm=1.0), and early
stopping (patience=8) based on validation AUC.

The necessity of this Focal Loss and class-weighting
combination was established empirically rather than assumed:
an initial training run using standard Contrastive Loss without
class weighting resulted in complete model collapse, with the
network predicting every pair as Similar regardless of input
(Recall=100%, Precision=10.1%, F1=18.28%). This single-
condition ablation — comparing the unweighted baseline
against the Focal-Loss-plus-class-weighting configuration
(F1=64.84%) — demonstrates that class-imbalance handling
is not an incremental refinement but a prerequisite for the
model to learn a non-trivial decision boundary at all on this
90:10 dataset. A more fine-grained ablation isolating the
individual contribution of Focal Loss versus class weighting
alone was beyond the scope of this study and is noted in
Section I11-F as an avenue for future work.

TABLE I.
SIAMESE BiLSTM HYPERPARAMETER CONFIGURATION
Parameter Value
Embedding Word2Vec, 300 dimensions
BiLSTM Units 128 (256 output, bidirectional)

Dropout 0.30
128 units, ReLU activation
Focal Loss (y=2.0; 0=0.75)

Dense

Loss Function

Class Weight Not Similar=0.56; Similar=4.91
Optimizer Adam (Ir=0.001)
Batch Size 32

Max. Epoch 50 (early stop, patience=8)

Optimal Threshold 0.60 (grid search)

C. IndoBERT Architecture

INdoBERT uses the pretrained indobert-base-pl model
[10] (12 Transformer encoder layers, 768 hidden dimensions,
124 million parameters) as a shared encoder. Sentence
representations are obtained via mean pooling over final-layer
token embeddings, followed by a projection head (768—256
dimensions, ReLU) before cosine similarity computation
using Eqg. (3). The model is trained with Contrastive Loss
[12], which minimizes the representation distance for similar
pairs while penalizing dissimilar pairs only when their
distance falls below a margin:

L =y-D?+ (1-y)'max(0, m-D)>  (6)

with y the pair label (1 if similar, 0 otherwise), D the
distance (1 minus cosine similarity) between the two
embeddings, and m=0.5 the minimum distance margin for
dissimilar pairs. Class weighting equal to Siamese BiLSTM
is applied. Fine-tuning uses the AdamW optimizer [14],
which decouples weight decay from gradient adaptation.

TABLE II.
INDOBERT HYPERPARAMETER CONFIGURATION

Parameter Value
Base Model indobert-base-p1 (124M params)
Pooling Mean Pooling
Projection Head 768—256, ReLU activation
Dropout 0.20
Loss Function Contrastive Loss (margin=0.5)
Class Weight Not Similar=0.56; Similar=4.91
Optimizer AdamW
Batch Size 16
Max. Epoch 5 (early stop, patience=3)

Optimal Threshold 0.935 (grid search)

D. Evaluation Scheme

Both models were evaluated on 1,123 test pairs using four
standard binary classification metrics [15]:

Accuracy = (TP+TN) / (TP+TN+FP+FN)  (7)
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Precision=TP/(TP+FP) (8)
Recall = TP/ (TP+FN)  (9)

F1-Score = 2 x (Precision x Recall) / (Precision + Recall)
(10)

with TP, TN, FP, and FN the counts of True Positive,
True Negative, False Positive, and False Negative,
respectively. Classification threshold was calibrated
separately per model via grid search (0.10-0.90, step 0.01)
maximizing F1-Score. The two models converge to markedly
different optimal thresholds (0.60 for Siamese BIiLSTM,
0.935 for IndoBERT) because their loss functions shape
output score distributions differently: Focal Loss drives
Siamese BiLSTM’s cosine-similarity outputs toward two
tight clusters near 0.50 and 1.00, so a mid-range cut-off
around 0.60 already separates most classes cleanly, whereas
Contrastive Loss allows IndoBERT’s outputs to spread
continuously across the upper range, requiring a threshold
much closer to 1.0 before Precision and Recall balance at their
optimum. This threshold behavior is visualized directly from
the score distributions underlying Fig. 2 and is consistent with
the loss-function properties described in Section I1-B and Il-
C.

Statistical significance of the performance difference was
tested using McNemar’s test [17] with Yates’ continuity
correction, suitable for two models evaluated on an identical
paired test set:

1= (b—c[-1)?/ (b+c)  (11)

with b the number of cases where Siamese BILSTM is
correct but IndoBERT is wrong, and c¢ the reverse. As
additional validation, the 95% confidence interval of F1-
Score was estimated using the Bootstrap method [18] with
1,000 resampling iterations:

CI%% = [P25(9%), PY5(0%)]  (12)

with 6* the set of F1-Score values from the 1,000
resampling iterations, and P25 and P the 2.5th and 97.5th
percentiles of that distribution.

E. Implementation and Deployment

The best-performing model was deployed as a Streamlit
web application, with the forward-pass inference
reimplemented using pure NumPy [19] without deep-learning
library dependencies, making it compatible with GPU-less
cloud deployment environments. Model weights are stored in
13 .npy files totaling 16.77 MB. The application offers two
analysis modes: one-to-one comparison, which returns a
similarity score in approximately 0.11-0.15 seconds per pair
on standard cloud CPU resources, and batch evaluation via
CSV and ZIP upload for processing multiple document pairs
in a single run. Systematic measurement of throughput at
scale and end-user experience with the BMKG PMG
Assessment Team was outside the scope of this study and is
identified as a direction for future evaluation in Section 111-F.

I1l. RESULTS AND DISCUSSION

A. Training Results

Siamese BIiLSTM training on all 2,618 training pairs
converged at epoch 7 of a scheduled maximum of 50, with a
best validation AUC of 0.8285. An initial attempt using
standard Contrastive Loss without class weighting resulted in
model collapse, predicting all pairs as similar (Recall=100%,
Precision=10%); the combination of Focal Loss and class
weighting was necessary to overcome this. IndoBERT
converged faster, at epoch 2 of a maximum of 5, consistent
with fine-tuning behavior of large pretrained models, which
typically require fewer iterations than training from scratch.

TABLE 1.
TRAINING COMPARISON OF BOTH MODELS
Aspect Siamese BiLSTM IndoBERT
Best Epoch 7 of 15 (early stop) 2 of 5 (early stop)
Val. AUC / Val. Loss AUC=0.8285 Loss=0.0286
Trainable Parameters 4,395,716 (4.4M) 124,443,649 (124M)
Model Size 16.77 MB ~498 MB

B. Evaluation Metrics Comparison

Table IV summarizes evaluation results on the 1,123 test
pairs, computed using Eq. (7)-(10). Siamese BiLSTM
achieves an F1-Score of 64.84% at threshold 0.60,
outperforming IndoBERT’s F1-Score of 57.73% at threshold
0.935. Siamese BILSTM leads on three of four metrics
(Accuracy, Precision, F1-Score), while IndoBERT is slightly
higher on Recall (74.34% versus 73.45%). The most notable
gap is in Precision (10.85 percentage points), indicating
Siamese BILSTM produces proportionally fewer false
positives. Fig. 1 visualizes the four metrics side by side.

TABLE IV.
EVALUATION METRICS COMPARISON

Metric Siamese BiLSTM IndoBERT Diff.
Accuracy 91.99% 89.05% +2.94 pp
Precision 58.04% 47.19% +10.85 pp

Recall 73.45% 74.34% -0.89 pp
F1-Score 64.84% 57.73% +7.11 pp

100 q
92.0 = Siamese LSTM
8.0 mmm Siamese IndoBERT
80 4
735 74.3
648
60 - 56.0 57.7

Nilai (%)
5
W

S
=)

20 1

o

Precision Recall F1-Score

Accuracy

Fig. 1. Evaluation Metrics Comparison of Siamese BiLSTM and IndoBERT
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Confusion matrix analysis (Fig. 2) shows Siamese
BiLSTM produced 950 True Negatives, 60 False Positives, 30
False Negatives, and 83 True Positives, compared to
IndoBERT’s 916 True Negatives, 94 False Positives, 29 False
Negatives, and 84 True Positives. The gap in False Positives
(94 versus 60) is the main contributor to IndoBERT’s lower
Precision.

Siamese LSTM (threshold=0,60) Siamese IndoBERT (threshold=0,935)

Tdk Mirip 60 Tdk Mirip

Aktual
Aktual

Mirip 30 83 Mirip 29 84

Tdk Mirip Mirip Tdk Mirip Mirip
Prediksi Prediksi

Fig. 2. Confusion Matrix of Siamese BiLSTM and IndoBERT

C. Statistical Significance Test

McNemar’s test using Eq. (11) with b=83 (cases where
BiLSTM was correct but IndoBERT was wrong) and ¢=50
(the reverse) yields ¥*>=(|83—50|-1)%(83+50)=7.6992,
p=0.0055 (<0=0.05), rejecting H® (equal performance). This
confirms the performance difference between Siamese
BIiLSTM and IndoBERT is statistically significant, not
merely random variation. As additional validation, the 95%
Bootstrap Confidence Interval computed via Eq. (12) from
1,000 iterations (Fig. 3) shows an F1-Score range of [0.5811—
0.7104] (mean 0.6473) for Siamese BiLSTM and [0.5082—
0.6415] (mean 0.5763) for IndoBERT. Although the two
intervals show partial overlap, this does not contradict the
significant McNemar result: McNemar’s test is paired and
compares predictions on identical test pairs, whereas the
confidence interval estimate is independent and disregards
prediction correlation on the same pairs — the two results are
complementary rather than contradictory.

Siamese LSTM
Siamese IndoBERT

100

80 1

60

Frekuensi

40 4

20 1

oA

0.60 0.65 0.70 0.75
F1-Score

Fig. 3. Bootstrap F1-Score Distribution (1,000 Iterations)

D. Discussion

The advantage of Siamese BILSTM in this study
contrasts with the general literature trend reporting
Transformer-based superiority for STS tasks [3], [4]. At least
three factors may explain this. First, dataset scale: Krisnawati
et al. [6], using Universal Sentence Encoder on a small 116-

document bilingual set, similarly reported limited
effectiveness on domain-specific text, consistent with large
pretrained models requiring more fine-tuning data to perform
optimally — a pattern this study’s own comparison
reproduces at a larger parameter scale (Section 11-A). Second,
domain characteristics: BMKG PMG papers use highly
specific meteorological, climatological, and geophysical
terminology likely underrepresented in IndoBERT’s general -
domain pre-training corpus, whereas the Word2Vec
embedding was retrained specifically on this study’s technical
corpus and therefore captures domain vocabulary more
directly; this is a plausible source of embedding bias rather
than a demonstrated one, since the pre-training corpora of
both models were not directly audited in this study. Third,
parameter scale: IndoBERT’s 124 million parameters are
more prone to overfitting on a 2,618-pair training set than
BiLSTM’s 4.4 million parameters.

Loss function characteristics also contribute to the
performance gap, as detailed in Section I11-C: Focal Loss on
Siamese BIiLSTM produces a more discriminative, tightly
clustered score distribution, whereas Contrastive Loss on
IndoBERT produces a more continuously spread distribution
requiring a much higher decision threshold.

It is important to situate these findings relative to other
STS approaches not directly benchmarked in this study.
Sentence-BERT [5] and SImCSE [20] represent widely
adopted alternatives that produce sentence embeddings
through contrastive or Siamese fine-tuning objectives similar
in spirit to the architectures compared here, and have
demonstrated strong results on general-domain, high-resource
benchmarks. This study does not include a direct empirical
comparison against these methods, and the reported
advantage of Siamese BILSTM should therefore be
interpreted as relative to IndoBERT with Contrastive Loss
specifically, not as a claim of superiority over the broader
family  of  Transformer-based  sentence-embedding
techniques. A direct comparison, discussed further in Section
I1I-F, would strengthen the positioning of this work’s
contribution within the wider STS literature.

E. Error Analysis

Beyond the aggregate metrics in Table 1V, qualitative
inspection of misclassified pairs during model development
revealed two recurring failure patterns common to both
architectures. The first is vocabulary-topic conflation: pairs of
KTI documents from different scientific subfields (e.g., a
seismology paper and a climatology paper) that happen to
share domain-general BMKG terminology — such as station
names, measurement units, or procedural language — were
occasionally scored as more similar than their actual topical
content warranted. This pattern is consistent with the TF-IDF-
based labeling limitation noted in Section I1-A, since lexical
overlap does not guarantee semantic relatedness, and both
models were trained on labels inheriting that same lexical
bias. The second pattern is paraphrase underestimation: pairs
discussing closely related findings using substantially
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different sentence structure and vocabulary were sometimes
scored below the classification threshold, particularly by
INndoBERT at its high 0.935 cut-off, where small shifts in
embedding position near the boundary have an outsized effect
on the final label.

These observations are drawn from qualitative review
during development rather than a systematic, pre-registered
error-annotation protocol over the full 1,123-pair test set, and
should be read as motivating hypotheses for future targeted
analysis rather than quantified findings.

F. Limitations and Future Work

This study has several limitations that constrain the scope
of its conclusions and point to concrete directions for future
work. Dataset scale: the source corpus of 87 documents
reflects a single BMKG PMG assessment period; while
combinatorial pairing yields 3,741 training pairs, this remains
modest for training a 124-million-parameter model such as
IndoBERT, and results should not be assumed to hold at
larger corpus scales without re-evaluation. Labeling method:
ground-truth labels were derived from an automatic TF-IDF-
based heuristic rather than full manual expert annotation;
although validated against manual annotation on a 200-pair
sample (k=0.82), a full manual gold-standard label set, or
comparison against SBERT- or SimCSE-derived pseudo-
labels, would allow a more rigorous assessment of label
quality. Baseline coverage: this study compares two
architectures under matched Siamese training but does not
benchmark against off-the-shelf Sentence-BERT [5] or
SimCSE [20] embeddings, nor against a Precision-Recall /
AUC-PR analysis, which is generally more informative than
ROC-style metrics under the 90:10 class imbalance present
here; both comparisons are natural next steps. Ablation depth:
the necessity of class-imbalance handling was demonstrated
(Section 11-B), but the individual contribution of Focal Loss
versus class weighting was not isolated through a full factorial
ablation. Real-world validation: the claim that the deployed
application can improve assessment objectivity and efficiency
is grounded in its quantitative performance and sub-second
inference time (Section 1I-E), but has not yet been validated
through structured evaluation with the BMKG PMG
Assessment Team in live usage, including inter-rater
comparison against assessor judgments. Addressing these
points — particularly a Sentence-BERT/SIimCSE baseline,
AUC-PR reporting, and a field evaluation with assessors —
forms the primary agenda for continued work on this system.

IV. CONCLUSION

Within the scope of the BMKG PMG scientific-paper
dataset evaluated here, Siamese BILSTM with Focal Loss
outperforms IndoBERT with Contrastive Loss for STS
detection, with a statistically significant advantage (F1-Score
64.84% versus 57.73%; ¥*=7.6992; p=0.0055). This
advantage is accompanied by substantially better
computational efficiency — 16.77 MB versus 498 MB

model size, with no GPU required for inference — making
Siamese BILSTM the more practical choice for resource-
constrained deployment in this setting. These findings should
be interpreted as specific to domain-specific, limited-size
Indonesian technical corpora of the kind examined here,
rather than as a general claim that recurrent architectures
outperform Transformer-based models for Indonesian STS at
large; broader generalization across document types,
institutions, or larger corpora requires further validation. The
Siamese BiLSTM model has been deployed as a Streamlit
web application accessible to the BMKG PMG Assessment
Team for real-time KTI similarity detection, subject to the
field-validation limitations noted in Section IlI-F. Future
work should prioritize benchmarking against Sentence-BERT
and SIimCSE, AUC-PR evaluation under class imbalance, a
fine-grained ablation of loss and weighting components,
dataset expansion through full manual annotation, and
structured evaluation with BMKG assessors in live usage.
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