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The
Problem

MERCON 2026

GEEO

Trilingual and code-mixed discourse makes
language-independent topic discovery difficult.

Sinhala and Tamil morphology fragments vocabulary
and weakens bag-of-words topic models.

Dual-column, mixed-script Hansard PDFs make
reliable text extraction difficult for conventional OCR



Research Questions

ROI

Can one pipeline model a
trilingual, code-mixed
corpus while preserving
cross-lingual meaning?
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RQ2

Can macro-topics be
derived empirically from
micro-topic structure,
rather than by choosing K?

RO3

Does adding lexical
information to dense
embeddings improve topic
separation?




Corpus &
Extraction

~800 Hansard PDFs scraped
from the official parliamentary
archive, 201/7/-2026

Gemini 3 Pro used for
multilingual spee extraction

19,553 substantive speeches
/6% Sinhala, 7% Tamil, 7%
English, 10% code-mixed

1,045-term trilingual stopword
list built for parliamentary
boilerplate
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The Pipeline

Step-1

-

Data Collection
~800 Hansard PDFs

Step-2

r—

Step-6

I"'
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Hierarchical Aggregation
30 macro-topics

LLM Extraction
Gemini 3 Pro

Step-3

Step-5

-~

Topic Discovery
HDBSCAN
336 micro-topics

Embedding
BGE-M3

Step-4

-

Dimensionality Reduction
UMAP (5D)




Choosing the Embedding Model

High similarity alone is
not enough Anisotropy

E5 scores highest on multilingual-e5-large 0.827 0.810 0.56 0.909
STS, but its anisotropy

hurts clustering and its
512-token limit truncates BAAI/bge-m3 0.523 0.516 0.68 0.552

35-40% of speeches

while BGE-M3 supports

LaBSE 0.487 0.324 0.72 0.492
8,192 tokens.

mpnet-base-v2 0.424 0.536 0.76 0.496
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Choosing the Clustering method

Higher purity comes at
a coverage cost. Algorithm Noise % Silhouette

HDBSCAN achieves the K-Means 13 0.0 0.349 0.388
highest cluster purity
and separation, while
rejecting 41.7% of Agglomerative (Ward) 13 0.0 0.355 0.377
weakly topical

speeches as noise.

HDBSCAN 1 41.7 0.673 0.532

OPTICS 19 36.1 0.670 0.497
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From 336 micro topics to 30 macro topics

Step 1

HDBSCAN yields 336

micro-topics

Step 3

Cluster their centroids
using cosine distance +

average linkage
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Step 2

Pareto filtering retains the

dominant micro-topics

Step 4

Largest merge-distance

gap gives 30 macro-

topics



Are the Topics
Interpretable?

Word clouds

30 macro-topics, distinctive terms

Cross-lingual
Most topics span multiple languages

Externally plausible

Temporal patterns align with real events
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Do the Topics
Hold Up?

UMAP projection
Many macro-topics occupy distinct

regions
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UMAP 2-D Projection — Macro-Topic Assignments



Macro-Topic Temporal Evolution (2017-2026)

Temporal Validation

No event labels were
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Findings, Limitations & Next Steps

30 data-driven macro-topics reveal cross-lingual, event-aligned parliamentary themes without supervision.

Key Findings

o 336 micro-topics to 30
macro-topics

o Most topics span
multiple languages

o Temporal peaks align
with major national
events

o BiTopic consolidates
topics, but increases
noise.
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Limitations

o Gold set: 300 speeches,
91% Sinhala

o Rare categories were
excluded from evaluation

Future Work

o Aspect-based sentiment
within topics

o Temporal sentiment across
sessions

o Further refinement of
BiTopic fusion

11
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