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Abstract
Historical parliamentary debates are essential for longitudinal political and linguistic research, yet much early material
remains available only as scanned images. In the Italian context, proceedings from 1848–1996 lack large-scale,
structurally annotated, machine-readable representations. This paper addresses the challenge of transforming
historical Italian parliamentary debates into structured corpora by moving beyond plain Optical Character Recognition
(OCR) toward functional block segmentation and speaker attribution. We present detailed annotation guidelines and
a manually annotated dataset of 300 randomly sampled pages. Two approaches are compared: (i) direct multimodal
Large Language Model (LLM) annotation and (ii) a modular pipeline combining OCR with LLM-based structural
reconstruction under zero-shot and few-shot prompting. Evaluation on a held-out test set shows that separating
transcription from structural reasoning improves performance, with few-shot prompting yielding the most reliable
results. The study demonstrates the feasibility of integrating LLM-based reasoning into historical parliamentary
digitisation workflows.
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1. Introduction

Parliamentary debates represent the most compre-
hensive and continuous record of a nation’s political,
social, and linguistic evolution, capturing the direct
confrontation between ideologies and the formal
legislative process as it unfolds.

The study of parliamentary proceedings has
been revolutionized by the emergence of large-
scale computational text analysis. Systematic in-
frastructures like the ParlaMint project (Erjavec
et al., 2023, 2024) have paved the way for compar-
ative European legislative research by providing
harmonized, multilingual datasets. However, there
is a significant disparity in the availability of these
resources.

Most existing studies rely on recent transcrip-
tions, as modern data is collected digitally and
already annotated semantically, making it easily
accessible for researchers. In contrast, research
on older historical data remains largely "vertical",
limited to small time intervals or specific subsets
of debates, primarily due to the lack of structured,
machine-readable data.

In the Italian context, although recent efforts have
produced machine-actionable corpora for contem-
porary parliamentary data, most historical proceed-
ings from the Kingdom and early Republic remain
available only as scanned images. Exploratory ini-
tiatives such as IPSA (Frasnelli and Palmero Apro-
sio, 2024) and more recent structured resources
like ItaParlCorpus (Cova, 2025) address parts of
this landscape, yet large-scale, structurally anno-

tated representations of long-span historical de-
bates are still missing.

Although established OCR and layout analysis
pipelines exist (Breuel, 2008; Wick et al., 2018),
they do not integrate higher-level reasoning mecha-
nisms capable of jointly addressing block segmen-
tation and speaker attribution in complex historical
parliamentary layouts.

Accurate block segmentation and speaker attri-
bution are essential for downstream analyses of
political discourse and representation. Longitudinal
studies require distinguishing between communica-
tive units, separating oral interventions from legisla-
tive articles, procedural notes, and other structural
elements.

This paper addresses the challenges posed by
Italian historical parliamentary documents through
a multi-step framework centered on the following
research question: which computational approach
most effectively integrates accurate OCR with reli-
able structural reconstruction of document layout
and speaker segmentation in long-span historical
data? To answer this question, we first introduce
comprehensive guidelines for the annotation of tex-
tual blocks in Italian parliamentary debates, de-
signed to support downstream tasks such as dis-
course analysis and speaker tracking. These guide-
lines make explicit the structural complexity and
information density of the documents, highlighting
how multiple textual layers (discursive, procedural,
and editorial) coexist within the same pages. We
then present a dataset of 300 pages, randomly sam-
pled from the data and manually annotated accord-
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ing to this framework. Building on this resource,
we survey the main methodological approaches
to the task, encompassing both optical character
recognition and block/speaker identification strate-
gies. Finally, we conduct a systematic comparative
evaluation, measuring the extent to which different
systems succeed not only in accurately transcribing
the textual content, but also in reconstructing the
structural organization of the documents. This eval-
uation ultimately allows us to identify the approach
that achieves the best balance between textual fi-
delity and structural comprehension across nearly
150 years of Italian parliamentary proceedings.

2. Related Work

Parliamentary transcripts constitute a fundamen-
tal resource for longitudinal research in political
science and linguistics, enabling the analysis of
ideological trends, agenda-setting, political repre-
sentation, and the evolution of political discourse
over time, as illustrated, for example, by studies fo-
cusing on the Italian parliamentary context (Curini
et al., 2024; Cominetti et al., 2022). The large-
scale digitisation of parliamentary archives across
Europe has led to the creation of computational
corpora such as Hansard (Wattam et al., 2014;
Nanni et al., 2019; Coole et al., 2020), GERPAR-
COR (Abrami et al., 2022, 2024), and GePaDe
(Rehbein et al., 2024), among others, which in-
tegrate OCR, structural reconstruction, metadata
enrichment, and linguistic annotation to support
systematic analysis of legislative debates. Simi-
larly, infrastructures such as Parla-CLARIN1 and
workflows like OCR4all2 demonstrate the feasibility
of transforming historical parliamentary scans into
structured, machine-readable corpora through iter-
ative OCR and annotation pipelines (Kavčič et al.,
2024). These initiatives highlight the importance
of integrating OCR with downstream linguistic pro-
cessing and structural annotation to enable large-
scale computational analysis.

However, the digitisation of historical parlia-
mentary records presents significant technical
challenges due to the limitations of OCR when ap-
plied to degraded materials, non-standard typogra-
phy, and complex layouts typical of historical print-
ings, which increase recognition errors and com-
plicate text reconstruction (Reul et al., 2019; Greif
et al., 2025). In particular, Document Layout Analy-
sis (DLA) remains a critical bottleneck, as errors in
segmenting multi-column formats, speaker mark-
ers, and procedural elements can disrupt reading
order and affect downstream tasks such as speaker
attribution and discourse segmentation. To mitigate

1https://github.com/clarin-eric/
parla-clarin

2https://github.com/ocr4all

these issues, recent workflows combine layout seg-
mentation, deep learning–based OCR models, and
iterative training with manual correction to improve
accuracy and robustness.

Within this context, annotation workflows are
essential for transforming OCR-derived text into
reliable research corpora, as OCR output often
contains structural inconsistencies and recognition
errors that must be resolved during annotation. For
instance, the IsraParlTweet corpus required iter-
ative preprocessing combining rule-based extrac-
tion and human validation to accurately identify
speakers and segment debates (Mor-Lan et al.,
2024), highlighting that annotation is an integral
part of the digitisation process rather than a sep-
arate downstream task. Clear annotation guide-
lines and structured schemes are crucial to en-
sure consistency and resolve ambiguities caused
by OCR noise (Reinig et al., 2024), while multilayer
workflows incorporating double annotation and ex-
pert validation, such as those used in the CitiLink-
Minutes dataset, further improve annotation reliabil-
ity and correct digitisation-induced inconsistencies
(Guimarães et al., 2025).

3. Annotation Guidelines

As stated in Section 2, the annotation process rep-
resents a critical step in transforming OCR-derived
parliamentary transcripts into reliable research cor-
pora, as raw OCR output often contains structural
ambiguities, segmentation errors, and incomplete
speaker attribution.

The annotation of historical parliamentary de-
bates was therefore carried out following a struc-
tured set of guidelines3 designed to segment tran-
scripts into coherent functional units and assign
consistent metadata to each segment. By system-
atically identifying and labeling functional textual
blocks, annotation enables the reconstruction of
the logical and communicative structure of parlia-
mentary proceedings, ensuring that speeches, leg-
islative content, and procedural elements can be
accurately distinguished and analyzed.

While these guidelines provide a robust frame-
work for the Italian parliamentary context, they have
been specifically designed to accommodate the
idiosyncratic layout conventions, document struc-
ture, and procedural norms of the Italian Parliament.
Consequently, although the underlying principles of
functional segmentation and metadata annotation
are broadly applicable, the schema may require
adaptation or extension to address the diplomatic,
legal, and linguistic conventions of parliamentary
debates in other national contexts.

3All the material related to this article is available on
the main Github of the IPSA project: https://github.
com/dhfbk/ipsa

https://github.com/clarin-eric/parla-clarin
https://github.com/clarin-eric/parla-clarin
https://github.com/ocr4all
https://github.com/dhfbk/ipsa
https://github.com/dhfbk/ipsa
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3.1. Annotation workflow
Annotation was performed at the level of textual
blocks, defined as continuous stretches of text with
a single communicative function, such as a speech
turn, legislative article, procedural description, or
quoted document.

Each block was assigned a unique instance iden-
tifier within the page and annotated with a type label,
speaker information, and optional notes to clarify
ambiguous cases. Specifically, for each instance,
a structured set of annotation fields was defined,
including:

• Page ID: the corresponding PDF page num-
ber;

• Instance/Round ID: a progressive integer
starting at 1 for each new page;

• Type Label: a functional category identifying
the communicative nature of the block (refer
to Table 1);

• Speaker: the individual or institutional role
responsible for the speech or text (refer to 3.2);

• Notes: optional clarifications, particularly to
specify the nature of blocks labeled as “other”.

Moreover, the annotation scheme relied on a pre-
defined taxonomy of block types (i.e., type label),
including speech, article, text, description, title, and
other, to capture the structural and functional diver-
sity of parliamentary records. Table 1 provides a
detailed description of the communicative function
associated with each label, clarifying the criteria
used to distinguish between oral interventions, leg-
islative content, procedural annotations, and other
structural elements of the parliamentary proceed-
ings.

Segmentation of block type is based on func-
tional and graphical criteria. A new unit is anno-
tated whenever the text changes its communicative
function and this shift is clearly signaled by layout
features such as line breaks, indentation, or other
formatting cues. Typical cases include the begin-
ning of a new speaker’s turn, the introduction of
a legislative article, the presence of a procedural
note, the appearance of a title, or the insertion of
attachments or tables. Consecutive non-speech el-
ements are annotated as separate units whenever
they represent distinct functional blocks.4 However,
when multiple components form a single integrated
unit, they are annotated as one segment. The pro-
posed annotation schema is partially aligned with

4Similarly, consecutive elements classified as "other"
(e.g., attachments, tables, or related materials) are an-
notated separately if they are visually and structurally
distinct.

existing standards for parliamentary corpora, such
as the ParlaMint schema.5 In particular, core el-
ements such as speaker attribution and speech
segmentation can be directly mapped to ParlaMint
components (e.g., <u> elements with speaker meta-
data). However, our annotation framework intro-
duces a finer-grained distinction of functional block
types (e.g., description, speechnotext, presiden-
cydeclaration). These categories are motivated
by the need to capture the structural and proce-
dural complexity of historical parliamentary docu-
ments, where non-speech elements (e.g., proce-
dural notes, legislative articles, titles, and editorial
insertions) play a central role in structuring the doc-
ument. More generally, this design choice reflects a
different modelling perspective: while standard par-
liamentary encoding schemes such as ParlaMint
are primarily designed for TEI-compliant textual rep-
resentation, our framework aims to support struc-
turing and linking of information in a Linked Open
Data (LOD) setting. As a result, certain distinctions
are made explicit at the annotation level in order to
facilitate downstream semantic integration.

3.2. Speaker Attribution
Given the parliamentary nature of the texts, accu-
rate identification of the speaker is a fundamental
requirement for enabling reliable analysis of politi-
cal discourse, speaker behavior, and institutional
dynamics. For this reason, particular attention was
devoted to the annotation of speaker attribution.

Speaker attribution was designed to make
speaker identification as explicit and interpretable
as possible. The annotation captures speaker men-
tions at the textual level, without enforcing cross-
document identity resolution, which is deferred to
a later linking stage (e.g., via LOD). To this end, a
set of labels (explicit, inferred, hidden, unknown)
was introduced to represent different degrees of
speaker identifiability. More specifically, the iden-
tification of the speaker, recorded in the speaker
column, includes both the personal name and any
associated institutional role when explicitly provided
in the source text:

“Baccarini, ministro dei lavori pubblici” ;

“‘Rosadi” .

In cases of generic or collective interjections
where no individual speaker can be identified, the
prefix [unknown] is used:

“[unknown] Una voce” .

When the speaker is not explicitly named in the
current segment but can be reliably inferred from

5See https://clarin-eric.github.io/
ParlaMint/.

https://clarin-eric.github.io/ParlaMint/
https://clarin-eric.github.io/ParlaMint/
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the context (for instance, as a continuation from
a previous speech), the prefix [inferred] is ap-
plied:

“[inferred] Presidente” .

Conversely, if the speaker cannot be identified,
as in cases where the speech is ongoing and the
speaker was mentioned on a previous page, the
label [hidden] is assigned:

“[hidden]” .

4. Annotated Dataset

Given the complexity of the annotated documents,
which necessarily require detailed and articulated
guidelines, an initial inter-annotator agreement
phase was conducted on a randomly selected sam-
ple of 20 pages prior to proceeding with the anno-
tation of the gold-standard data. Inter-annotator
agreement (Table 2) was measured using Krip-
pendorff’s α for nominal data. Speaker attribution
yielded substantial agreement (α = 0.76), whereas
agreement on type labels was considerably lower
(α = 0.44).

The discrepancy between the two scores reflects
the different nature of the tasks. Speaker attribu-
tion is largely referential, whereas type label assign-
ment requires interpretative distinctions between
structurally adjacent categories (e.g., speech vs.
description). The analysis of disagreements led
to a refinement of the annotation guidelines be-
fore proceeding to the full gold-standard annotation,
thereby improving overall consistency.

Following the agreement phase and the subse-
quent reconciliation of annotation discrepancies,
we carried out a manual annotation on a ran-
domly selected subset of the corpus comprising
300 pages, which were independently annotated
by three annotators. Agreement was not recom-
puted on the full dataset, as the annotation process
adopted an adjudication-based workflow aimed
at producing a consistent gold-standard resource.
More specifically, all disagreements concerning ei-
ther type labels or speaker attribution were sys-
tematically identified and resolved through a joint
adjudication process. Annotators collectively re-
viewed conflicting cases with reference to the anno-
tation guidelines, refining their interpretation when
necessary. This iterative reconciliation ensured
consistency across the dataset and resulted in a
fully harmonized gold standard.

Table 3 presents an example of the manual an-
notation of page 274 from the annotated subset,
while Figure 1 provides a visual representation of
the same page with color-coded and numbered
boxes corresponding to the annotated segments

(red for speech, green for description, and blue for
text). Each box identifies a distinct functional block
and is associated with its instance identifier, shown
alongside the segment.

Figure 1: Visual representation of the annotation
for page 274. Color-coded and numbered boxes
indicate individual functional blocks, each labelled
with its instance identifier, illustrating the segmen-
tation process and its alignment with the document
layout.

As can also be observed from the annotation
example reported in 3, the annotation scheme is
characterized by multiple layers of variation and
complexity.

For instance, the same page includes different
structural units, such as speech, description, and
text, reflecting the heterogeneous nature of parlia-
mentary proceedings. The majority of segments
are labeled as speech, each associated with an ex-
plicit speaker attribution (e.g., Presidente, Scelba,
Ministro dell’interno, Uberti, relatore), while other
segments correspond to procedural descriptions
(e.g., voting outcomes or session interruptions),
which do not involve an identifiable speaker. The
example also illustrates additional annotation de-
cisions, such as the use of special markers for
partially unavailable speaker information (e.g., [hid-
den]) or inferred attributions ([inferred] Presidente).
This layered structure requires distinguishing be-
tween structural segmentation (ID-level units), dis-
course function (type labels), and speaker meta-



69

Label Description
speech Oral discourse delivered by MPs or institutional figures, typically intro-

duced by a name. This includes interruptions such as “Voci” or “Molte
voci”.

speechnotext Instances where a speech act is referenced (e.g., a secretary reading a
formal record) but the verbatim content is not provided in the transcript.

article Legislative articles, usually introduced by the abbreviation “Art.” fol-
lowed by a numerical identifier.

text Verbatim quoted written texts, official statements, or legal provisions
read during a session. These are distinguished from oral speech via
formatting such as indentation or angle quotes («. . . »).

description Procedural notes regarding session management (e.g., opening/closing
times) or standalone bracketed comments.

presidencydeclaration Explicit indicators of the session’s presidency, typically appearing in
small caps below the title.

title Structural headings for sessions, topics, or legislative proposals.
other Non-discursive elements including signatures, tables, attachments,

indexes, and content-related footnotes.

Table 1: Taxonomy of annotation labels for block types (label type)

Annotation task Krippendorff’s α

Speaker attribution 0.76
Type label classification 0.44

Table 2: Inter-annotator agreement measured us-
ing Krippendorff’s α for nominal data on the initial
20-page sample.

Page ID Type Speaker
274 1 speech [hidden]
274 2 speech Fuschini
274 3 speech Scelba, Ministro dell’interno
274 4 speech Presidente
274 5 speech Scelba, Ministro dell’interno
274 6 speech Uberti, relatore
274 7 speech Presidente
274 8 speech Uberti, relatore
274 9 speech Presidente
274 10 speech Covelli
274 11 speech Presidente
274 12 speech Covelli
274 13 speech Presidente
274 14 description
274 15 speech [inferred] Presidente
274 16 description
274 17 description
274 18 speech Presidente
274 19 text

Table 3: Structured representation of page 274,
including Page ID (Page), Instance ID (ID), type
label (type), and speaker attribution (Speaker).

data, thereby increasing the overall annotation com-
plexity.

Out of the 300 annotated pages, the complete set
of type labels identified in the dataset is reported
in Table 4.

Type label Frequency Percentage (%)
article 127 5.7
description 213 9.6
other 60 2.7
pres. declaration 11 0.5
speech 1585 71.2
speechnotext 22 1.0
text 89 4.0
title 121 5.4
Total 2228 100.0

Table 4: Distribution of type labels across the 300
annotated pages, with absolute and percentage
frequencies.

Table 4 shows that the distribution of type la-
bels is heavily skewed towards the speech cate-
gory, which accounts for 71.2% of all annotated
segments. This is expected given the dialogic and
interactional nature of parliamentary proceedings,
where the primary structural unit is the individual
speech turn. At the same time, the presence of
several additional categories, such as description
(9.6%), article (5.7%), title (5.4%), and smaller
classes like text, speechnotext, and presidency-
declaration, highlights the structural heterogeneity
of the documents. These categories capture proce-
dural notes, editorial insertions, structural markers,
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and non-speech material, which coexist with spo-
ken interventions and may interrupt or frame them.
Therefore, although speech segments clearly dom-
inate the corpus quantitatively, the interaction and
alternation between speech and non-speech units
contribute significantly to the overall structural com-
plexity of the annotation.

5. Experiments

The task of identifying and segmenting functional
blocks in historical parliamentary debates is highly
challenging. Unlike plain OCR transcription, this
problem requires the reconstruction of the logical
and communicative structure of the document.

Errors in reading order, missing typographical
cues, or imperfect speaker markers can easily
propagate into incorrect block segmentation and
speaker attribution. Moreover, communicative
boundaries are often signaled by subtle graphi-
cal features (e.g., indentation, capitalization, spac-
ing) that may be partially lost during digitisation.
For these reasons, block identification cannot be
reduced to a simple text classification problem,
but rather requires joint reasoning over layout, dis-
course function, and institutional conventions.

To evaluate the feasibility of automating this task,
we experimented with two different approaches:

• Single-step direct block identification via LLMs

• Two-step pipeline: OCR followed by LLM-
based block extraction

The experiments were conducted on the manu-
ally annotated corpus of 300 pages described in
Section 4.

The prompt used for the LLM queries can be
found in the Appendix.

5.1. Direct Block Identification
As a first baseline, we tested whether modern mul-
timodal Large Language Models could directly per-
form block segmentation and speaker attribution in
a single step.

In this configuration, the model was provided
with:

• the annotation guidelines (in PDF format);

• the PDF page to be annotated;

• explicit instructions to segment the page into
blocks following the guidelines.

This approach represents an upper-bound sce-
nario in which the model is asked to jointly solve
OCR, layout interpretation, functional classification,
and speaker attribution within a single reasoning
process.

However, preliminary observations show that this
task is particularly demanding: performance de-
grades in pages containing dense legislative arti-
cles, embedded attachments, or unclear typograph-
ical separation between speech turns and proce-
dural notes.

5.2. OCR + LLM-Based Block Extraction

Given the complexity of the single-step configura-
tion, we designed a modular two-step pipeline that
separates transcription from structural reconstruc-
tion.

5.2.1. Step 1: OCR

The first step consists of extracting raw textual con-
tent from scanned pages using different OCR sys-
tems. We evaluated the following engines: Mistral
(multimodal OCR capabilities), Azure Document
Intelligence, AWS Textract, Google Vision (Visual
API), Tesseract.

The output of each OCR system consists of plain
text (or structured text when available), which is
then passed to the second stage. While these sys-
tems differ substrantially in terms of layout sensitiv-
ity and robustness to degraded scans and historical
typography, Tesseract is the only one that is open
source and available for free.

5.2.2. Step 2: LLM-Based Block Extraction

In the second step, the OCR output is provided to
a Large Language Model tasked with:

• segmenting the text into functional blocks;

• assigning a type label from the predefined tax-
onomy;

• performing speaker attribution according to the
annotation guidelines.

We evaluated the output of all the OCR systems
with the following LLMs: Mistral Large, Gemini 3,
GPT mini 5, Llama 4 Scout 17B 16e.

This modular configuration allows us to isolate
the impact of transcription errors on structural re-
construction and the reasoning capabilities of dif-
ferent LLMs when operating on noisy OCR text.

5.3. Zero-Shot vs Few-Shot
Configurations

The second approach (OCR + LLM extraction) was
evaluated under two prompting strategies:



71

5.3.1. Zero-Shot Setting

In the zero-shot configuration, the model receives:

• the annotation guidelines;

• the OCR-extracted page text;

• instructions to produce the structured annota-
tion.

No annotated examples are provided. This set-
ting measures the model’s ability to generalize di-
rectly from the schema description.

5.3.2. Few-Shot Setting

In the few-shot configuration, we provide the model
with manually annotated examples before present-
ing the target page.

To ensure methodological rigor, the dataset of
300 annotated pages was split as follows:

• Development set (100 pages)

• Test set (200 pages)

Few-shot examples were sampled exclusively
from the development set, while evaluation was
conducted strictly on the held-out test set. No page
in the test set was used as demonstration material.

The few-shot examples were selected to max-
imize structural diversity (e.g., pages dominated
by speeches, pages with multiple legislative arti-
cles, presence of attachments, complex procedural
notes).

5.4. Evaluation
The evaluation was designed to assess system per-
formance along two complementary dimensions:
(i) the correct identification and ordering of func-
tional blocks, and (ii) the accurate transcription and
attribution of speakers within speech segments.

The evaluation is performed on the 200 pages
included in the test set (see Section 5.3.2).

5.4.1. Block Identification

For the first dimension, we evaluated the system’s
ability to reconstruct the correct sequence of anno-
tated blocks on each page. For every test page,
we generated two ordered sequences of labels:

• a gold sequence derived from the manually
annotated corpus;

• a predicted sequence produced by the system.

Each element in the sequence corresponds to
the type label assigned to a block (e.g., speech, de-
scription, article, text, etc.). Evaluation consists of

ChatGPT Blocks 1338
Speakers 639

Gemini Blocks 715
Speakers 373

Mistral Blocks 1952
Speakers 504

Table 5: Results of the single-step baseline (mea-
sured using Levenshtein distance).

measuring the distance between the gold and pre-
dicted sequences, taking into account insertions,
deletions, substitutions, and ordering errors. This
formulation allows us to capture both segmentation
mistakes (e.g., merged or split blocks) and misclas-
sification errors.

5.4.2. Speaker Transcription and Attribution

The second dimension focuses specifically on
speech segments. In this case, we constructed
sequences composed only of blocks labeled as
“speech” (see Section 3.1). For each speech block,
the label corresponds to the extracted speaker
string. Gold and predicted sequences were then
compared after filtering out all non-speech ele-
ments. This setup evaluates both the correctness
of speaker recognition and the ability to maintain
the proper discourse order.

In both evaluation dimensions, correctness is
measured using an edit-distance–based similarity
metric grounded in Levenshtein distance. The met-
ric is conceptually analogous to Word Error Rate
(WER), which is commonly used to compare to-
ken sequences in speech recognition, and to its
generalizations to higher-level semantic units, such
as Slot Error Rate (SER). By operating on struc-
tured label sequences rather than individual tokens,
the metric captures structural reconstruction quality
rather than raw textual overlap (Ákos Tündik et al.,
2020).

5.5. Results
The experimental results highlight clear perfor-
mance differences across system configurations.
Table 6 shows the edit-distance–based similarity
metric grounded in Levenshtein distance. Table 5
shows the results for single-step approach (see
next Section).

5.5.1. Baseline (Single-Step LLM)

The single-step direct block identification approach,
in which the model jointly performs OCR, layout
interpretation, classification, and speaker attribu-
tion, consistently yields the lowest performance
across both evaluation dimensions. This confirms
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Mistral Google Tesseract AWS Azure

Llama 4
Zero-shot Blocks 1418 1616 1566 1592 1368

Speakers 468 666 696 752 604

Few-shots Blocks 1156 1060 636 970 652
Speakers 464 636 570 630 418

GPT 5 mini
Zero-shot Blocks 476 710 634 672 420

Speakers 110 236 292 244 116

Few-shots Blocks 436 692 538 658 414
Speakers 90 224 278 230 94

Gemini 3
Zero-shot Blocks 546 756 562 546 498

Speakers 96 202 76 98 56

Few-shots Blocks 580 560 388 400 338
Speakers 88 210 92 66 56

Mistral large
Zero-shot Blocks 1394 2410 1534 2038 2136

Speakers 288 418 472 492 422

Few-shots Blocks 460 848 712 700 630
Speakers 180 414 308 400 190

Table 6: Results of the accuracy (measured using Levenshtein distance) of the OCR + LLM approach
(the lower, the better).

that solving OCR and structural reasoning simulta-
neously represents a particularly demanding task,
especially in the presence of complex layouts and
degraded historical scans.

5.5.2. Zero-Shot OCR + LLM

The modular two-step configuration (OCR followed
by LLM-based block extraction) significantly im-
proves results. In the zero-shot setting, perfor-
mance varies depending on the specific combi-
nation of OCR engine and language model. The
separation of transcription from structural reason-
ing allows LLMs to operate on textual input, reduc-
ing multimodal complexity. However, transcription
noise from OCR systems still affects downstream
segmentation and speaker attribution.

5.5.3. Few-Shot Configuration

The few-shot configuration achieves the best re-
sults for the block identification task, while achiev-
ing comparable results for speaker transcription.
Providing annotated examples from the develop-
ment set substantially improves structural align-
ment accuracy.

Interestingly, using OCR and LLM tools from the
same provider (e.g., Mistral OCR + Mistral LLM,
or Google Vision + Gemini) does not lead to sys-
tematic improvements. This suggests that perfor-
mance is not determined by ecosystem coherence,
but rather by the intrinsic quality of the transcrip-
tion and the reasoning capabilities of the language
model independently.

5.5.4. Language Model Comparison

Among the evaluated LLMs, Gemini consistently
achieves the strongest performance across config-
urations and OCR inputs. It demonstrates robust
handling of noisy OCR output and greater stabil-
ity in maintaining correct block order and speaker
attribution. Other models show higher variance
depending on input quality and page complexity.

5.5.5. OCR System Comparison

Regarding transcription quality, Azure Document
Intelligence emerges as the most reliable OCR sys-
tem overall. Its outputs yield the best downstream
structural reconstruction results, indicating supe-
rior robustness to historical typography and layout
variability.

Notably, Tesseract, despite being open source
and freely available, performs remarkably well.
While it does not consistently surpass commercial
systems, its results remain competitive, especially
considering cost-effectiveness and reproducibility
constraints.

6. Release

To foster transparency and reproducibility, we plan
to publicly release both the annotated dataset
and the annotation guidelines upon completion of
the anonymized review process. An anonymized
Google Drive folder has been shared with the re-
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viewers.6
The release will include:

• the manually annotated corpus of 300 ran-
domly sampled pages in structured format;

• the full annotation guidelines used during the
project;

• the evaluation scripts required to reproduce
the experimental results reported in this paper.

The dataset will be distributed in a machine-
readable format designed to facilitate reuse. All
resources will be made available under an open
license compatible with research and academic
use. By releasing both data and guidelines, we
aim to provide a replicable benchmark for future
work on historical parliamentary digitisation and to
support the development of robust OCR and struc-
tural segmentation pipelines for long-span political
corpora.

7. Conclusion and Future Work

This paper addressed the digitisation of histori-
cal Italian parliamentary proceedings (1848–1996),
moving beyond plain OCR to tackle functional block
segmentation and speaker attribution. We intro-
duced tailored annotation guidelines and a manu-
ally annotated dataset of 300 randomly sampled
pages.

We compared a single-step multimodal LLM ap-
proach with a modular OCR+LLM pipeline under
zero-shot and few-shot settings. Results show
that separating transcription from structural rea-
soning yields more reliable outputs, and that few-
shot prompting significantly improves performance.
Overall results are strongly influenced by OCR qual-
ity: Azure Document Intelligence provided the most
robust inputs, Tesseract proved competitive as an
open-source alternative, and Gemini achieved the
best balance between textual accuracy and struc-
tural reconstruction across configurations.

Future work will focus on conducting additional
experiments to identify the most robust and scal-
able configuration before applying the pipeline to
the tens of thousands of pages of historical Italian
parliamentary debates still awaiting structured digi-
tisation. We also plan to evaluate the portability of
both the annotation guidelines and the proposed
pipeline to other languages and parliamentary tradi-
tions, assessing the degree of adaptation required
across different institutional and layout conventions.

6https://drive.google.com/drive/
folders/191ixt3e31EeTpa-ct36nzmiDxRmmY6wl

8. Limitations

The modular pipeline clearly demonstrates that
structural reconstruction performance is strongly
conditioned by transcription quality. OCR errors
affecting capitalization, punctuation, indentation
cues, or speaker markers propagate to downstream
segmentation and attribution tasks.

Although Azure Document Intelligence per-
formed best overall, commercial OCR systems in-
troduce reproducibility and cost constraints. Con-
versely, while Tesseract remains competitive and
reproducible, its sensitivity to degraded typography
may limit scalability to lower-quality scans. There-
fore, the overall framework remains critically depen-
dent on the availability of high-quality OCR systems
capable of handling historical Italian typography.

The annotation guidelines were designed specif-
ically for the Italian parliamentary tradition and its
layout conventions. Although the underlying princi-
ples of functional segmentation and speaker attribu-
tion are broadly applicable, direct transfer to other
parliamentary corpora (e.g., Hansard, GERPAR-
COR, ParlaMint extensions) would likely require
schema adaptation.

While the few-shot OCR+LLM pipeline achieves
promising results, large-scale application to the
entire parliamentary archive would entail:

• substantial computational costs for LLM infer-
ence;

• potential latency issues;

• and careful monitoring of error propagation
across millions of pages.

Further optimization, model distillation, or hybrid
rule-based post-processing may be required to en-
sure sustainable large-scale deployment.
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A. Prompts

We utilized differentiated prompting strategies for
text extraction across the two experimental setups:
a direct LLM-based extraction and a combined
OCR-LLM pipeline. This ensured that the prompts
were adapted to the unique input requirements of
each method. The placeholders {GUIDELINES},
{TEXT}, {FILE} represent the task-specific instruc-
tions, the target input string and the source file,
respectively.

A.1. LLM ONLY
Role: You are an expert archival researcher spe-
cializing in the digitization and annotation of Italian

Parliamentary Debates. Your task is to segment a
provided page of text into coherent "Textual Blocks"
and label them according to strict linguistic and
functional guidelines.

Core Task:
Analyze the provided page. Identify every distinct

textual unit (Instance). For each unit, extract the
required metadata into a CSV format.

Annotation Fields (CSV Columns):
1. Page ID: The integer page number.

2. Instance/Round ID: Progressive integer (1, 2,
3...) restarting at 1 for every new page.

3. Type Label: Must be exactly one of: speech,
speechnotext, article, text, descrip-
tion, presidencydeclaration, title,
other.

4. Speaker: The name/role of the speaker. Use
[unknown] Name for generic voices, [hid-
den] if not printed, or [inferred] Name if
clearly understood from context. Leave blank
for description or title.

5. Notes: Brief description if Type is other (e.g.,
"signature", "table").

Classification Rules:
{GUIDELINES}
Constraint:
Return ONLY the CSV data. Do not provide intro-

ductory text or conversational fillers. Use a comma
as a delimiter. Wrap text fields in double quotes if
they contain commas.

Example Format:
Page ID,Instance/Round ID,Type label,
Speaker,Notes
12,1,presidencydeclaration,CASATI,
12,2,title,,Verificazione di poteri
12,3,speech,PRESIDENTE,
12,4,description,,(Approvato)
12,5,other,,signature

More instructions:
• Do not hallucinate extra rows. Only record

distinct, visible structural blocks.

• A single ’speech’ block usually contains mul-
tiple paragraphs. Do NOT create a new row
for every paragraph or line; group them by the
speaker.

• For this type of document, there are typically
between 5 and 20 blocks per page. If you are
exceeding 30 blocks, you are likely being too
granular.

• If the speaker is unknown, do not guess; use
’[unknown]’. However, do not use this to create
repetitive filler rows.

{FILE}
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A.2. OCR + LLM
Role: You are an expert archival researcher spe-
cializing in the digitization and annotation of Italian
Parliamentary Debates. Your task is to segment a
provided page of text into coherent "Textual Blocks"
and label them according to strict linguistic and func-
tional guidelines. The page is provided as an OCR
transcription, therefore it can contain headers or
footer that should be ignored.

Core Task:
Analyze the provided page. Identify every distinct

textual unit (Instance). For each unit, extract the
required metadata into a CSV format.

Annotation Fields (CSV Columns):

1. Page ID: The integer page number (it can be
"X" if the number is not found/identified).

2. Instance/Round ID: Progressive integer (1, 2,
3...) restarting at 1 for every new page.

3. Type Label: Must be exactly one of: ‘speech‘,
‘speechnotext‘, ‘article‘, ‘text‘, ‘description‘,
‘presidencydeclaration‘, ‘title‘, ‘other‘.

4. Speaker: The name/role of the speaker. Use
‘[unknown] Name‘ for generic voices, ‘[hidden]‘
if not printed, or ‘[inferred] Name‘ if clearly un-
derstood from context. Leave blank for ‘de-
scription‘ or ‘title‘.

5. Notes: Brief description, not empty only if Type
Label is ‘other‘ (e.g., "signature", "table").

Constraint:
Return ONLY the CSV data. Do not provide intro-

ductory text or conversational fillers. Use a comma
as a delimiter. Wrap text fields in double quotes if
they contain commas.

Example Format:
Page ID,Instance/Round ID,Type label,
Speaker,Notes
12,1,presidencydeclaration,CASATI,
12,2,title,,
12,3,speech,PRESIDENTE,
12,4,description,,
12,5,other,,signature

More instructions

• Do not hallucinate extra rows. Only record
distinct, visible structural blocks.

• A single ’speech’ block usually contains mul-
tiple paragraphs. Do NOT create a new row
for every paragraph or line; group them by the
speaker.

• For this type of document, there are typically
between 5 and 20 blocks per page. If you are
exceeding 30 blocks, you are likely being too
granular.

• If the speaker is unknown, do not guess; use
’[unknown]’. However, do not use this to create
repetitive filler rows.

{GUIDELINES}
Could you extract the textual units from the text

below, obtained through OCR?
{TEXT}
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