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Abstract

Czech municipalities are required by law to publish certain materials related to council meetings [1], but
in practice, this public data remain difficult to use for further processing and analysis. The documents are
scattered across municipal websites in a wide variety of formats and carry no thematic labels. This work
presents an end-to-end pipeline for processing data from documents linked to agenda items of Czech municipal
council meetings. City-specific scrapers collect materials, a schema-driven parser extracts structured text
from heterogeneous PDF files, and a fine-tuned RobeCzech model performs multi-label classification into
17 thematic categories. The dataset of 2 113 manually annotated Brno City Council items was built through
18 iterative training rounds combining new annotation, error analysis, and taxonomy refinement. The final

model achieves test micro F1 = 0.900.
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Municipal council meetings generate a continuous log
of local governance, yet without thematic structure,
this data remain an opaque heap—valuable in princi-
ple, but practically inaccessible to citizens, journalists,
and researchers alike.

Czech city councils are legally required to publish cer-
tain documents related to their meetings, but there
are no regulations governing the format of the data [1].
Meeting agendas, transcripts, resolutions, and other
materials are scattered across individual city websites,
published in inconsistent formats with no thematic la-
bels. As a result, answering simple questions, such as
how often the council has discussed affordable hous-
ing, environmental policy, or schools, requires manu-
ally reviewing countless unstructured documents.

This work addresses multi-label text classification of
Czech council agenda items. Based on the title and an-
notation of an agenda item (typically 100-400 tokens
after extraction), the model assigns zero or more labels
from a flat taxonomy of 17 thematic categories. The
task is challenging due to strong class imbalance (prop-
erty appears in ~40 % of items, international cooper-
ation in under 3 %), overlapping labels, and frequent
references to city-specific organizations.

RobeCzech [2], a monolingual RoBERTa [3] model pre-

trained on 4.9B Czech tokens, consistently outperforms
multilingual baselines on Czech NLP benchmarks and
is well suited for this domain, with a vocabulary rich in
city-specific entities and abbreviations.

The main contributions are:

1. Areusable pipeline (Figure 4),

2. al7-class taxonomy and 2 113-item annotated
dataset (Figure 2),

3. aclassifier reaching test micro F1=0.900
(Figure 3, Figure 5, Figure 6).

A survey of seven municipalities of varying types re-
vealed significant diversity (Figure 1):

« Format variability: text-layer PDF, scanned PDF,
DOCX, XML, and HTML.

+ Heterogeneous document structure: each mu-
nicipality uses a different document manage-
ment system, resulting in incompatible PDF lay-
outs that require specific parsing schemas.

+ Attachment noise: agenda PDFs often embed
scanned letters, maps, or budget tables that add
noise for classification.

+ Unstable document-item mapping: an item
may have zero, one, or multiple documents.
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This case study focuses in detail on the Brno City Coun-
cil (ZMB), which has provided a stable and consistently
structured corpus since 2018.

The pipeline has four stages (Figure 4).

Scraping. City-specific scrapers are subclasses

of BaseScraper and collect session lists, item meta-
data, and linked documents. PDF files are cached by
content hash for incremental processing and dedupli-
cation.

Schema-driven PDF parsing. Each city-document-
type pairis described by a JSON schema specifying the
layout, regular expressions for metadata fields (ses-
sion ID, date), and section delimiters (annotation, pro-
posed resolution, reason report). This schema-based
approach avoids hardcoded parsers. New municipali-
ties can be added without modifying the base scraper.

Annotation in Label Studio [4]. Parsed records are
imported with model-generated heuristic pre-labels
as suggestions to speed up annotation. The taxonomy
evolved through three versions: culture and tourism
were merged due to high semantic overlap and con-
sistent co-occurrence; urban planning was split into
urban planning and public space development because
the two areas are thematically distinct, and the model
failed to separate them as a single class. Several cate-
gories (family policy, investment) were absorbed into
other labels. All 2113 items were annotated and re-
viewed by a single annotator, guided by an annotation
hint list with defined boundary cases. The dataset is
splitinto train / validation / test sets (1683 /216 / 214
items, approx. 80/10/ 10 %).

Classification. The primary model inputis title +
"\n\n" + annotation (<512 tokens). If the annota-
tion is uninformative, the opening paragraph of the
reason report serves as a fallback. The output is a
vector of independent sigmoid activations over the
17 classes. At inference time, each class applies an
independently tuned decision threshold. Items where
no class exceeds its threshold are marked unassigned.

Following the fine-tuning paradigm of [5], RobeCzech
is extended with a linear sigmoid head and fine-tuned
with BCEWithLogitsLoss and positive-class weight-
ing to compensate for class imbalance. The implemen-
tation uses Hugging Face Transformers [6]. The best
configuration uses 18 epochs, learning rate 2 x 1075,
and batch size 16 (Figure 5). After training, decision
thresholds are tuned independently for each class on

the validation set, consistently outperforming a single
global threshold (e.g. Exp 05: global micro F1=0.782 vs.
per-class 0.841). As a reference point, a TF-IDF + logis-
tic regression baseline [7] (OneVsRest, trained on the
same split) achieves micro F1 =0.653 on the test set,
confirming that the task benefits substantially from
contextual representations.

The final dataset of 2 113 items was assembled across
18 experimental iterations (Figure 6). A central finding
was that annotation quality improvements consis-
tently outweighed raw dataset expansion: Exp 13
added 200 new items to a then-1 607-item dataset and
improved test F1 by +0.002, Exp 14 corrected noisy
labels in the same dataset without adding new items
and improved test F1 by +0.021. This pattern repeated
across the 18 iterations and shaped the core method-
ology. Each round prioritized error analysis and label
correction over raw data collection.

The final model achieves val micro F1=0.911 and test
micro F1 =0.900. Per-class F1 on the validation set
ranges from 0.80 to 1.00 (Figure 3). High-support cat-
egories (sport, healthcare, property: F1 = 1.00) score
best, while information technology (F1~0.75, only ~50
examples) is the weakest. An interactive demo with
learning curves, per-class results, and a live classifier
is available at Hugging Face Space’.

This work shows that high-quality multi-label classifica-
tion of Czech municipal council agenda items is achiev-
able with a moderate annotation effort, provided that
the right taxonomy design and data quality are treated
as primary concerns. Correcting inconsistent labels
consistently outweighed adding new data:

Exp 13 (+200 items) improved test F1 by +0.002, while
Exp 14 (label corrections only) improved it by +0.021.

Although the classifier was trained exclusively on Brno
data, this need not limit cross-city transferability. The
thematic taxonomy is independent of a specific munic-
ipality, and a model trained on a large, single-city cor-
pus may generalize better than one trained on sparse
multi-city data. The planned next step is to run infer-
ence on parsed items from Most and Hradec Kralové
and use the resulting pre-labels to seed an iterative
annotation process for those municipalities—the same
workflow that proved effective for Brno. The ultimate
goal istointegrate the classifierinto the Zastupko.cz [8]
platform, making thematically labelled council data
openly accessible at scale.

"https://huggingface.co/spaces/martin0925/
council-voting
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