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Abstract

We present LocalGovPL, a large-scale, speaker-annotated corpus of Polish local government meeting transcripts
processed using an automatic two-stage LLM pipeline. The corpus consists of 31,900 sessions from 749 councils
recorded between 2018–2025 (approximately 391M words). It is released in TEI P5 format with explicit links between
utterances and registered participants. We collect transcripts from official local government portals using a dedicated
crawler, normalize the text, and apply: (1) LLM-assisted extraction of person names and administrative roles; and (2)
attribution of utterances to identified speakers using discourse cues. To evaluate attribution quality, we manually
annotate 30 sessions and evaluate five LLM configurations using three evaluation protocols with speaker-aware word
error rate (sWER). The strongest system, Gemini-2.5-pro, achieves 3.9% sWER for abstract speaker identification,
4.6% for known participants, and 5.9% for end-to-end processing with relaxed name matching. LocalGovPL enables
large-scale analysis of local deliberative discourse and supports research on dialogue modeling, summarization, and
political text analysis.

Keywords: local government transcripts, speaker attribution, Large Language Models

1. Introduction

In recent years, the increasing accessibility of
public-sector transcripts has opened new possibili-
ties for research on institutional communication, de-
liberative democracy, and political discourse. In par-
ticular, local government meetings, such as those of
municipalities, counties, cities, and regional assem-
blies, constitute an important yet underexplored
source of naturally occurring, domain-specific spo-
ken interaction. However, despite their availability,
these transcripts often remain unstructured and in-
consistently formatted, which limits their usability
for computational analysis and linguistic research.
Initiatives such as the Council Data Project (CDP)1

are designed to manually and semi-automatically
collect and curate municipal governance data (Max-
field Brown and Weber, 2022).

A key challenge in transforming this data into a
reusable linguistic resource is speaker attribution:
identifying the speakers in a transcript and assign-
ing utterances to them. This step is essential for
downstream analyses, including dialogue model-
ing, stance detection, and discourse structure ex-
traction. However, manual annotation of speaker
information is extremely time-consuming and im-
practical given the scale and variability of available
transcripts. Automated solutions are therefore cru-
cial to enable large-scale processing of this type of
data.

1https://councildataproject.org/

Recent advances in large language models
(LLMs) offer new opportunities for addressing this
challenge. LLMs are capable of interpreting com-
plex textual cues and handling unstandardized in-
puts, making them suitable for tasks involving im-
plicit structure recovery, such as identifying speak-
ers and marking utterance boundaries in raw tran-
scripts.

We present LocalGovPL (Ogrodniczuk and Czer-
ski, 2025), a new speaker-attributed corpus of local
government meeting transcripts retrieved from their
respective official portals and curated using an auto-
matic LLM-based processing pipeline. The pipeline
consists of two stages: (1) extraction of potential
speaker names, and (2) attribution of utterance seg-
ments to the identified speakers. To collect source
transcripts at scale, we implemented a specialized
web crawler that systematically retrieves and nor-
malizes records from official government portals.
We evaluated five LLM configurations across both
subtasks, comparing their performance across sev-
eral dimensions, including accuracy, consistency,
and robustness to noise. The resulting corpus pro-
vides a structured representation of local-level de-
liberative discourse and constitutes a valuable re-
source for research in computational sociolinguis-
tics, political text analysis, and dialogue processing.

The paper is structured as follows. Section 2
reviews related work on meeting transcript process-
ing and speaker attribution. Section 3 describes
data sources, processing pipeline, the corpus and

https://councildataproject.org/
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its statistics. Section 4 presents the LLM-based
pipeline and its components. Section 5 details the
evaluation methodology and experimental results.
Section 6 discusses the implications and potential
uses of the corpus, and Section 7 concludes with
directions for future work and resource availability.

2. Related Work

Foundational meeting corpora, including AMI2 and
ICSI3, underpin much work on transcription, diariza-
tion, and summarization (Janin et al., 2003; Carletta
et al., 2006). Recent work has intensified the cura-
tion of municipal governance data, with the Coun-
cil Data Project demonstrating an open infrastruc-
ture for assembling comparable local-government
corpora (Maxfield Brown and Weber, 2022). Be-
yond data collection, specialized systems target key
meeting understanding subtasks. For speaker iden-
tification from audio, Speakerbox4 enables few-shot
fine-tuning of transformer-based models to recog-
nize previously seen speakers (Brown et al., 2023).
Complementarily, PublicSpeak5 detects and cate-
gorizes remarks made by constituents during public
meetings using a probabilistic framework (Xu et al.,
2025). A large body of research addresses auto-
matic meeting summarization, including integrated
transcription/summarization systems and both ex-
tractive and abstractive methods (Song et al., 2021;
Vadlamudi et al., 2022; Martin, 2023; Tilkar, 2025).
Complementary surveys in the government domain
emphasize named entity recognition as a founda-
tion for entity-level structuring (e.g. person names
and roles) in institutional transcripts (Ramdhani
et al., 2024).

A separate line of work explores text-based
speaker attribution. Studies show that attribution
based on linguistic content can be robust even
when transcripts are produced automatically by
ASR, highlighting stylistic and lexical cues as infor-
mative for identifying speakers (Aggazzotti et al.,
2025). Pretrained language models have been
used to assign utterances to a predefined set of par-
ticipants using contextual dialogue cues (Nguyen
et al., 2024). LLM-assisted labeling has also been
used to map utterances to named speakers (Gob-
ara et al., 2025; Yin et al., 2025).

At broader legislative levels, comparable par-
liamentary corpora such as ParlaMint6 provide
speaker- and role-annotated proceedings across

2https://groups.inf.ed.ac.uk/ami/
corpus/

3https://groups.inf.ed.ac.uk/ami/icsi/
4https://github.com/

CouncilDataProject/speakerbox
5https://github.com/politechlab/

publicspeak
6https://www.clarin.eu/parlamint

many countries, offering design guidance for
governance-oriented resources (Erjavec et al.,
2023, 2024). On the acoustic side, speaker diariza-
tion has advanced through Bayesian HMM cluster-
ing of x-vectors (VBx7), end-to-end neural diariza-
tion (EEND8), and target-speaker voice activity de-
tection (TS-VAD9), alongside broadly adopted toolk-
its such as pyannote.audio10 (Fujita et al., 2019;
Medennikov et al., 2020; Bredin et al., 2020; Lan-
dini et al., 2022).

Large language models have increasingly been
used to improve the speaker diarization process
and to couple diarization with recognition. In multi-
talker scenarios, models combining Whisper11 and
WavLM encoders12 with a small LLM fine-tuned
via LoRA detect speaker changes under versatile
instructions, though they do not attribute speech
to named participants (Meng et al., 2025). As a
post-processing step, LLMs can refine diarized tran-
scripts and substantially reduce word diarization er-
ror rate (Wang et al., 2024), and fine-tuned models
can correct diarization assignments with ensem-
bles that generalize across different ASR systems
(Efstathiadis et al., 2025). Beyond post-processing,
unified speech LLMs jointly perform diarization and
ASR end-to-end, showing strong results in multi-
lingual, multi-speaker settings (Saengthong et al.,
2025).

However, to our knowledge, these LLM-based
diarization and attribution approaches have not
been applied to local government meetings, where
transcripts are heterogeneous, role-rich, and often
noisy. Our work addresses this gap by applying
LLMs to extract speakers and attribute utterances
to named officials in municipal and regional pro-
ceedings.

3. Resource Description

3.1. Overview
The presented resource is a speaker-attributed cor-
pus of local government meeting transcripts created
through an automatic large language model LLM-
based structuring pipeline. It includes transcripts
from various levels of local administration – munici-
palities, counties, cities, and regional assemblies
– covering both plenary sessions and committee
meetings. The corpus provides a structured textual

7https://github.com/BUTSpeechFIT/VBx
8https://github.com/hitachi-speech/

EEND
9https://github.com/dodohow1011/TS-VAD

10https://github.com/pyannote/
pyannote-audio

11https://github.com/openai/whisper
12https://huggingface.co/models?other=

wavlm

https://groups.inf.ed.ac.uk/ami/corpus/
https://groups.inf.ed.ac.uk/ami/corpus/
https://groups.inf.ed.ac.uk/ami/icsi/
https://github.com/CouncilDataProject/speakerbox
https://github.com/CouncilDataProject/speakerbox
https://github.com/politechlab/publicspeak
https://github.com/politechlab/publicspeak
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https://github.com/openai/whisper
https://huggingface.co/models?other=wavlm
https://huggingface.co/models?other=wavlm
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representation in which utterance segments are
attributed to identified speakers, enabling linguistic
and computational analyses of political communi-
cation and deliberative discourse at the local level.

The primary goal of the resource is to facilitate
research on the language of local governance, in-
cluding studies of argumentation, interactional pat-
terns, policy framing, and social dynamics within
institutional dialogue. Beyond linguistic research,
the corpus supports applications in speech-to-text
alignment, automatic summarization, speaker role
identification, and computational social science.

3.2. Data Sources
The raw transcripts were collected from two main
publicly available sources: websites maintained by
local administrative bodies and the meeting stream-
ing platform used by local governments13. In the
first case, a set of specialized HTML extraction
parsers was implemented. In the second case,
transcription files in the WebVTT format were down-
loaded. The dataset covers meetings from 2018
to 2025 and includes several thousand hours of
deliberation.

Due to the decentralized publication practices
of local institutions, the source transcripts exhibit
substantial variability in format, structure, and lan-
guage conventions. The preprocessing stage there-
fore included normalization of document encoding,
removal of metadata irrelevant to the spoken dis-
course (e.g., agenda headers or timestamps), and
segmentation into individual utterance candidates.

3.3. Data Processing Pipeline
The automatic structuring pipeline consisted of two
main stages: speaker extraction and utterance at-
tribution.

3.3.1. Speaker Extraction

Potential speaker names were identified using a
combination of rule-based name recognition and
contextual inference performed by LLMs. The mod-
els were prompted to detect person names and ad-
ministrative roles (e.g., Chairperson, Mayor, Coun-
cil Member), ensuring both high recall and accurate
disambiguation in cases of title repetition or partial
name mentions.

3.3.2. Utterance Attribution

The LLMs were then used to assign each utterance
segment to one of the previously extracted speak-
ers. This stage required interpreting discourse cues
such as addressing forms, transitions, and speaker
introductions. The output of this stage was a fully

13https://esesja.tv/

Analyze the following transcription and extract all unique speakers mentioned or implied in
the text.
Transcription: transcription
Instructions: 1. Identify all unique speakers in the transcription 2. Look for explicit speaker
mentions, titles, roles, or contextual clues 3. Return only the speaker names/identifiers,
one per line, templates like: prezydent <name> <surname> pani skarbnik <name>
<surname> radna <name> <surname> radni <name> <surname> <name> <surname>
<title>
4. Try to identify speakers by their name and/or surname, combine title/role with
name/surname 5. Do not include any explanations or additional text 6. If no speakers are
clearly identifiable, return an empty list
Speakers:

Figure 1: Speaker extraction prompt.

Task: Identify Speaker Changes in a Polish Transcription
Instructions:
Analyze the transcription and identify speaker changes. Output the row_id and speaker
name in the following format: <row_id> �<speaker name>
Use context, speaking patterns, and content to detect speaker transitions.
Do not include explanations or any additional text in your output.
Speaker Change Cues (Templates):
Use the following common patterns as indicators of a speaker change:
0. Start of Transcription – Unnamed Speaker If the transcription begins without a named
speaker, it is most likely the Moderator/Chairperson (Przewodniczący posiedzenia).
1. Direct Introduction by the Moderator/Chairperson The current speaker (usually the
chairperson) introduces the next speaker.
Examples:
Proszę / Poproszę / Zapraszam o zabranie głosu [Tytuł/Stanowisko] [Imię Nazwisko].
Oddaję głos [Tytuł/Stanowisko].
O (odczytanie / przedstawienie) [Nazwa Dokumentu] proszę [Tytuł/Stanowisko].
[Nazwa Dokumentu] przedstawi [Tytuł/Stanowisko] [Imię Nazwisko].
2. Self-Introduction or Formal Address by a New Speaker A new speaker begins with a
formal greeting or self-introduction, often marked by a dash ("-").
Examples:
- Panie/Pani Przewodniczący, Wysoka Rado, Szanowni Państwo.
- Dziękuję. / Dziękuję bardzo. (when it begins a new turn)
3. Moderator Transition / Conclusion The chairperson ends a speech and signals the
return of control or the next step.
Examples:
Dziękuję bardzo, [Tytuł/Stanowisko].
Dziękuję. Przechodzimy do (następnego punktu / głosowania).
Dziękuję. Czy są pytania do...?
5. If a line begins with a ’-’, it most likely indicates a speaker change.
Important:
Only output speaker information for lines where a speaker change occurs.
Do not tag every line.
Available speakers:
Transcription (format: <row_id> �<text>) (polish language): transcription
Continue until you reach the final line of the transcription. last_line
Speaker changes:

Figure 2: Utterance attribution prompt.

structured transcript, in which each utterance is
associated with a speaker identifier and metadata
(speaker name, role, and meeting session).

3.3.3. Processing Configuration Used for the
Released corpus

For the public release of LocalGovPL, both stages
were executed end-to-end with Deepseek-chat-v3-
0324. We used the concise prompts shown in Fig-
ures 3.3.3 and 3.3.3 and the change-only output for-
mat described in Section 4. Long transcripts were
processed with the chunking strategy (threshold
> 1,500 lines of transcription, approximately 60,000
characters) and merged by global line numbers as
detailed below. This configuration was chosen to
balance accuracy, throughput, and cost at corpus
scale; as reported in Section 5, Gemini-2.5-pro
attains lower sWER and can be used to reprocess
subsets that demand near-gold attribution.

3.3.4. Throughput and Cost at Corpus Scale

Running the end-to-end pipeline over the full col-
lection of 31,900 transcripts consumed a total
of 1,100,000,000 input tokens and 55,000,000

https://esesja.tv/
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output tokens. The end-to-end processing took
16.82 days. API charges amounted to $373.18 in
total, which corresponds to $0.01078 per transcript
on average. On average, each transcript required
34,038.3 input tokens and 1,742.3 output tokens,
and the API reported an average generation time
of 41.964 s per request. Table 1 summarizes these
figures.

Table 1: Processing throughput and cost for pro-
ducing the released corpus.
Metric Value
Transcripts processed 31,900
Total input tokens 1,100,000,000
Total output tokens 55,000,000
Total processing time (days) 16.82
Total cost (USD) 373.18
Avg input tokens per transcript 34,038.3
Avg output tokens per transcript 1,742.3
Avg generation time (s) 41.964
Avg cost per transcript (USD) 0.01078

3.4. Corpus Format and Structure
The corpus is released in TEI P5 XML for-
mat and follows the same design choices as
the Polish Parliamentary Corpus (PPC; Ogrod-
niczuk, 2018), ensuring interoperability with tools
and queries described in (Ogrodniczuk and Ni-
toń, 2020). Each meeting transcription is repre-
sented by a pair of XML files: header.xml and
text_structure.xml.

3.4.1. Session Header

The header.xml file contains the TEI header with
document-level metadata and the participant reg-
istry. In detail, it includes meeting metadata:

• title – meeting title used as the document
name (e.g., Sesja Rady 30 stycznia 2019 (EN:
Council Session on January 30, 2019))

• publisher – the organizing body responsible
for the session (e.g., Rada Miejska Nowego
Miasta Lubawskiego (EN: Municipal Council
of Nowe Miasto Lubawskie))

• system – source system label for provenance
tracking (e.g., Sesja Rady Lokalnej (EN: Local
Council Session))

• house – assembly or chamber type (e.g.,
Rada Powiatu (EN: County Council))

• sitting ID – numeric identifier of the sitting

• type – content type of the source (e.g., Tran-
skrypcja sesji (EN: Session transcript))

• total rows – number of input transcript
rows prior to structuring

• speaker count – number of distinct speak-
ers recognized in the session

• date – session date in ISO format (e.g., 2019-
01-30)

and participant metadata (each person is uniquely
identified and carries a normalized name and role):

• structure – person[@xml:id] pro-
vides a stable identifier (e.g., chair-
man_of_municipal_council); per-
sName holds the display name (e.g., Prze-
wodniczący Rady Miejskiej; EN: Chairman of
the Municipal Council); an implicit or explicit
role is encoded via @role and/or role-bearing
text within persName (e.g., Burmistrz Gminy;
EN: Mayor of the Municipality)

• uniqueness – xml:id values are unique
within the header and serve as targets for ut-
terance references.

3.4.2. Utterance Structure

The text_structure.xml file contains the
speech content segmented into <div>isions and
<u>tterances. Each utterance carries:

• xml:id – a unique utterance identifier (e.g.
u-1.1)

• who – a pointer to the speaking participant
using a TEI cross-reference to header.xml

• start/end – timestamps delimiting the utter-
ance span in the source recording.

Documents may be wrapped in a <teiCor-
pus> element that includes header.xml via
XML Inclusions (xi:include); regardless
of wrapping, the logical linkage between ut-
terances (<u>/@who) and declared speakers
(<listPerson>/person[@xml:id]) remains
the same. This representation mirrors PPC
conventions to enable reuse of existing tooling and
facilitate cross-corpus comparisons.

3.5. Corpus Statistics
The LocalGovPL corpus represents a substantial
collection of local government meeting transcripts,
spanning over seven years of administrative pro-
ceedings.

Table 2 presents the detailed statistics of the cor-
pus, highlighting its extensive scope and diversity.

The corpus consists of about 391 million words
and 2.21 billion characters of transcribed con-
tent. Each session averages approximately 12,250
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Table 2: Detailed statistics of the corpus
Category Count Average per Session

Basic Statistics
Total transcripts 31,900 –
Date range 2018-11 to 2025-08 –
Number of councils 749 –
Transcripts per council – 42.59

Duration Statistics
Average session duration – 2.23 hours

Content Statistics
Total words 390,777,715 12,250
Total characters 2,206,514,586 69,170

Speaker Statistics
Average speakers per session – 12.77
Average utterances per session – 62

words and 69,170 characters. The speaker par-
ticipation patterns reveal active multi-participant
discussions, with an average of around 12.8 speak-
ers per session contributing approximately 62 utter-
ances each.

The temporal coverage spans from November
2018 to August 2025. The geographic distribution
across 749 councils ensures representative cover-
age of diverse administrative contexts and regional
variations in governance practices.

4. LLM-based Pipeline

The pipeline has two stages: speaker extraction
and utterance attribution. We use short, instruction-
style prompts shown in Figures 3.3.3 and 3.3.3.
We kept the language of the prompts simple and
task-focused to improve robustness across hetero-
geneous transcripts.

4.1. Stage 1: Speaker Extraction

In the first stage, the model scans the transcrip-
tion to collect potential speakers. It returns names
together with roles or titles when available (for ex-
ample, przewodniczący (EN: chairman), burmistrz
(EN: mayor), skarbnik (EN: treasurer), radny (EN:
councilor)). We deduplicate and normalize the list.
Producing this list in advance has two benefits: it re-
duces the search space for the second stage and
helps the model use consistent speaker names
later on, even when introductions are implicit or
abbreviated.

4.2. Stage 2: Utterance Attribution
In the second stage, the model receives (a)
the list of available speakers from Stage 1 and
(b) a compact set of speaker-change cues (Fig-
ure 3.3.3). The transcription is provided as num-
bered lines. The model is asked to output only
those lines where the speaker changes, in the
format <row_id>\t<speaker_name>. This re-
duces the required output length and helps pre-
serve the original transcription.

We observed that attribution is harder than name
collection because it requires reading local context
and discourse markers (e.g., formal greetings, ex-
plicit handovers, and moderator transitions). Giving
the model both the candidate speaker list and clear
cues improves accuracy and consistency.

To avoid overgeneration, the utterance-
attribution prompt ends with an explicit end-of-
transcript instruction and a terminal sentinel
(rendered as {last_line}, Figure 3.3.3). We
include this instruction because we observe that
LLMs may continue producing outputs even after
the provided transcription ends; the instruction and
sentinel explicitly bind generation to the final line
of the input.

4.3. Input and Output Format
The model reads the transcription as simple tab-
separated lines (see Figure 3). The system only
outputs speaker attribution lines when the speaker
changes, not for every line. This compact format al-
lows the system to reconstruct continuous speaker
segments by assigning each line to the most recent
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Input (format: <row_id>\t<text>):
1 Dzień dobry
2 Nazywam się Jan Nowak i będę

przewodniczył dzisiejszej sesji.
3 Chciałbym oddać głos

Panu Janowi Kowalskiemu.
4 Dziękuję, Panie Przewodniczący.
5 Przedstawię Państwu sprawozdanie

z poprzedniej sesji.

Output (only on speaker changes; format:
<row_id>\t<speaker name>):
1 Jan Nowak
4 Jan Kowalski

Figure 3: Input and output format for the utterance
attribution stage. (Polish example with English
translation: "Good morning" / "My name is Jan
Nowak and I will chair today’s session" / "I would
like to give the floor to Mr. Jan Kowalski" / "Thank
you, Mr. Chairman" / "I will present to you a report
from the previous session")

speaker until the next change line. This approach
avoids having the model rewrite the full transcript,
reducing the risk of omissions or unintended edits.

4.4. Handling Long Transcripts

Local government meetings often exceed two
hours, and WebVTT transcripts frequently exceed
2,000 lines. Full prompts can easily approach or
exceed large context windows, which slows infer-
ence and may degrade quality. For very long inputs
(more than 1,500 lines), we process the transcrip-
tion in chunks. Each chunk is formatted identically
and the model again outputs only speaker-change
lines. Because we number the full transcription up
front, we can safely merge chunk-level outputs by
line number to recover a single, consistent list of
changes for the whole session.

4.5. Design Choices and Rationale

We originally asked the model to produce a full
JSON mapping from lines to speakers. This ap-
proach proved inefficient and sometimes led to
changed or skipped content. Switching to change-
only outputs made the task lighter and more reliable.
Numbering lines lets us rely on stable indices rather
than fragile text matching when building the final,
structured transcript. Finally, separating extraction
(Stage 1) from attribution (Stage 2) keeps prompts
short and lets the model focus on a narrow decision
at each step.

5. Evaluation

5.1. Test Dataset
A subset of 30 transcripts was manually annotated
to create a reference benchmark for evaluating both
speaker identification and attribution. Human an-
notators verified the correctness of speaker name
extraction and the alignment between utterances
and speakers.

Each session lasts approximately 2.4 hours and
contains nearly 15,000 words, with an average of
17 speakers contributing about 94 utterances per
session.

5.2. Speaker Identification (Stage 1)
We first assess Stage 1, which identifies the set of
unique speakers present in a session and estab-
lishes the participant inventory used downstream.
To compare predicted and reference speaker sets,
we apply the relaxed identity equivalence defined
in Section 5.3.4. We report macro-averaged pre-
cision, recall, and F1 over our 30-session bench-
mark (Section 5.1). Table 3 summarizes the results
across model configurations.

Overall, larger-capacity models achieve the
strongest macro scores (Gemini-2.5 ≈ 0.88 macro
F1), while smaller/open models lag. These out-
comes indicate that Stage 1 is strong enough to sup-
ply reliable candidate participant lists, enabling a fo-
cused evaluation of utterance attribution in Stage 2.

5.3. Speaker Attribution (Stage 2)

5.3.1. Evaluation Setup and Metrics

We evaluated five LLM configurations across three
complementary evaluation protocols and report
speaker-aware word error rate (sWER; lower is bet-
ter). More precisely, sWER extends standard word
error rate by requiring that a hypothesized token
is counted as correct only if both its lexical form
and its speaker label match the reference. Let the
reference be a sequence of labeled tokens (wi, si)
and the system output (w′

j , s
′
j). We compute the

minimum-edit alignment over these word-speaker
pairs and report sWER = (S+D+ I)/N , where N
is the number of reference words; S counts substitu-
tions whenever wi ̸= w′

j or si ≠ s′j , D are deletions,
and I are insertions under this alignment. Thus,
words attributed to the wrong speaker are penal-
ized as substitutions even when the lexical content
is correct. Below we describe the considered pro-
tocols.

5.3.2. Abstract Speaker Attribution

This protocol evaluates the system’s ability to distin-
guish between different speakers without requiring
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Table 3: Speaker identification (Stage 1) macro metrics (averaged over 30 sessions; relaxed identity
equivalence per Section 5.3.4).

Model configuration Macro P Macro R Macro F1
gemini-2.5-pro 0.9058 0.8814 0.8786
gemini-2.5-flash 0.9071 0.8800 0.8783
deepseek-chat-v3-0324 0.8287 0.8375 0.8169
deepseek-r1-0528 0.6281 0.5887 0.5904
llama-3.3-70b-instruct 0.3537 0.3673 0.3491

exact name matching. Speakers are treated as
abstract entities (e.g., speaker-1, speaker-2)
rather than specific individuals. This approach fo-
cuses purely on the core challenge of determining
when the speaker changes in a conversation, re-
gardless of whether the system correctly identifies
who is speaking.

For example, if a transcript contains three
speakers (Burmistrz Kowalski (EN: Mayor Kowal-
ski), Radny Nowak (EN: Councilor Nowak), and
Skarbnik Wiśniewski (EN: Treasurer Wiśniewski)),
the system might label them as speaker-A,
speaker-B, and speaker-C. We then use the
Hungarian algorithm to find the optimal one-to-one
mapping between the system’s abstract speakers
and the reference speakers, ensuring that each
system speaker is matched to exactly one refer-
ence speaker. This protocol isolates the utterance
attribution task from name recognition challenges,
providing a baseline for how well the system can
detect speaker changes in the conversation flow.

5.3.3. Ground-truth Participants

This protocol tests the system’s utterance attribu-
tion performance when given perfect information
about who the speakers are. We bypass Stage 1
(speaker extraction) entirely and provide the sys-
tem with the gold-standard list of actual participants
from the meeting. The system then only needs to
determine which of these known speakers is talking
at each point in the transcript.

This approach isolates the utterance attribution
task from speaker identification errors. For in-
stance, if we know the meeting participants are
"Burmistrz Anna Kowalska" (EN: "Mayor Anna
Kowalska"), "Radny Jan Nowak" (EN: "Councilor
Jan Nowak"), and "Skarbnik Maria Wiśniewska"
(EN: "Treasurer Maria Wiśniewska"), the system
receives this exact list and must only decide which
of these three people is speaking at each moment.
This protocol answers the question: "Given perfect
knowledge of who is present, how accurately can
the system determine who is speaking when?"

5.3.4. End-to-end with Relaxed Name
Matching

This protocol evaluates the complete pipeline (both
speaker extraction and utterance attribution) under
realistic conditions where the system must handle
the full complexity of the task. Both stages run
end-to-end without any external assistance, sim-
ulating real-world deployment where the system
must independently identify speakers and attribute
utterances.

To account for the natural variation in how names
appear in transcripts, we use relaxed matching cri-
teria. A predicted speaker is considered a match to
the reference if: (a) surnames match (e.g., "Kowal-
ski" matches "Kowalski"); (b) titles/roles match (e.g.,
"Burmistrz" (EN: "Mayor") matches "Burmistrz" (EN:
"Mayor")); or (c) the Levenshtein similarity between
names is at least 0.8 (allowing for minor spelling
variations or abbreviations). This approach reflects
real-world scenarios where names might appear in
different forms (e.g., "Jan Kowalski" vs. "J. Kowal-
ski" vs. "Burmistrz Kowalski" (EN: "Mayor Kowal-
ski")) but refer to the same person.

This protocol provides the most realistic assess-
ment of system performance, as it evaluates the
complete pipeline under conditions that mirror ac-
tual deployment, where the system must handle
both the complexity of identifying speakers from
context and the challenge of matching names
across different formats and variations.

5.3.5. Results

We report averages across 30 manually annotated
sessions for each protocol. Across the three pro-
tocols, Gemini-2.5-pro (Comanici et al., 2025) is
the strongest model; the abstract-speaker protocol
yields the lowest error rates overall, with the ground-
truth-participants protocol close behind; the end-
to-end relaxed setting is slightly more challenging.
Table 4 reports average sWER values.

Overall, these results indicate that higher-
capacity proprietary models achieve the strongest
attribution accuracy across all protocols, while
some open models struggle with strict output for-
matting and long-context discourse cues.
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Table 4: Speaker attribution sWER (average across 30 sessions; lower is better) under three evaluation
protocols.

Model configuration Abstract GT participants Relaxed names
gemini-2.5-pro 0.0393 0.0460 0.0592
gemini-2.5-flash 0.0907 0.1287 0.1257
deepseek-chat-v3-0324 0.2061 0.2094 0.2381
deepseek-r1-0528 0.4582 0.2498 0.4684
llama-3.3-70b-instruct 0.6969 0.7945 0.7378

6. Discussion

The released LocalGovPL corpus was produced
using the Deepseek-chat-v3-0324 configuration
across both stages of the pipeline (speaker extrac-
tion and utterance attribution). Among the three
evaluation protocols (abstract speakers, ground-
truth participants, and end-to-end with relaxed
names), abstract attribution attains the lowest
sWER, with the ground-truth-participants evalua-
tion method close behind and the relaxed end-to-
end protocol showing higher error rates (Table 4).
This indicates that current LLMs can reliably detect
speaker changes and maintain consistent speaker
identities, while precise name extraction is the pri-
mary source of remaining errors.

High-capacity models perform best in all proto-
cols: Gemini-2.5-pro is strongest (0.0393 abstract;
0.0460 ground-truth participants; 0.0592 relaxed),
whereas some open models are less robust, of-
ten due to strict formatting and long-context con-
straints. Despite these differences, the present
corpus quality is sufficient for many linguistic and
political-science analyses that emphasize aggre-
gate patterns rather than per-utterance perfection.

We observe several recurring challenges typical
for local-government transcripts and LLM-based
structuring:

• Name variation and role confusion: morpho-
logical variation (e.g., case inflection in Polish)
and repeated titles can cause occasional con-
fusion between participants with similar names
or roles.

• Boundary ambiguity: short responses or for-
mulaic politeness markers at turn edges can
shift boundaries by one line, especially around
"Dziękuję"/"Proszę" exchanges.

• Noisy or templated source lines: remaining
agenda items, captions, or system-inserted
boilerplate can be spuriously attributed if not
fully filtered during preprocessing.

These issues are infrequent at the corpus scale and
therefore have minimal practical consequences.

7. Conclusion and Future Work

This paper presented LocalGovPL, a large-scale,
speaker-attributed corpus of local government
meeting transcripts structured with a two-stage LLM
pipeline. The resource spans 2018–2025 across
749 councils and 31,900 sessions, and is released
in interoperable TEI P5 XML format with explicit
links between utterances and registered partici-
pants. Owing to its size and structure, the corpus
supports a broad range of research tasks, including
computational sociolinguistics, discourse and inter-
action analysis, dialogue modeling, summarization,
speaker role identification, and political text anal-
ysis. For Stage 1 (speaker identification), large
models achieved the best macro scores (Gemini-
2.5 ≈ 0.88 macro F1), providing reliable candidate
lists for Stage 2.

In future work, we will integrate automatic
speaker diarization over the source audio and use
the resulting time-aligned speaker turns to con-
strain and correct text-based attribution. We also
plan to exploit on-screen captions and nameplates
that appear in some video recordings: OCR of
these overlays can provide weak but valuable su-
pervision for resolving speaker identities and roles,
especially when introductions are implicit or abbre-
viated.

Beyond these directions, we plan to train and
evaluate a compact model specialized for this
task via supervised fine-tuning and distillation from
higher-capacity models. In particular, we plan to
use the change-only labels and participant reg-
istries produced by Gemini-2.5-pro (or the current
best model) as pseudo-gold to fine-tune a smaller
instruction model, aiming to approach top-tier at-
tribution accuracy while reducing cost and latency
for routine updates. We also plan a full-corpus re-
fresh with Gemini-2.5-pro to improve overall qual-
ity. Based on current batch pricing, we estimate
an end-to-end cost roughly 3× that of Deepseek-
chat-v3-0324; given the observed sWER gains, we
consider this suitable for periodic releases.

The LocalGovPL corpus is available for research
and educational use from the project website14.
Our crawler updates the corpus regularly as new

14https://zil.ipipan.waw.pl/LocalGovPL

https://zil.ipipan.waw.pl/LocalGovPL
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meetings are published, and refreshed releases will
incorporate these additions. We welcome feedback
and community collaboration on extensions and
downstream benchmarks.

8. Ethical Considerations

All data used in this study originate from official pub-
lic records published by governmental institutions.
The collection and redistribution of these materials
is conducted in compliance with the Polish Act of
11 August 2021 on Open Data and the Re-use of
Public Sector Information15, which mandates the
openness of public sector information for reuse.
The corpus does not include any personal data
beyond names of public officials acting in their pro-
fessional capacity. No manual modifications were
made to the linguistic content of the transcripts.

Risk of Misattribution. As an automatically
processed resource, the corpus may contain at-
tribution errors (sWER ≈ 4–6%). While high-
capacity models demonstrate strong performance,
misattributions can occur, particularly in cases of
rapid speaker turns or implicit introductions. Users
should exercise caution when attributing specific
controversial or sensitive statements to individ-
ual public officials based solely on this automated
dataset.

The resource is intended solely for research and
educational purposes, and all derivative uses must
comply with applicable open-data regulations.
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