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Abstract. Parliamentary proceedings are a primary record of demo-
cratic deliberation, yet their volume and fragmentation make multi-perspective
access difficult for citizens, journalists, and researchers. Applying Retrieval-
Augmented Generation (RAG) to parliamentary transcripts introduces
three specific risks: dominance of the most frequent speakers, inability
to weight speakers according to topical expertise, and citation misattri-
bution in politically sensitive text. We present ParliamentRAG, a RAG
system for the Italian Chamber of Deputies that addresses these risks
jointly. Its core contribution is a topic-dependent authority model that
estimates each speaker’s authority as a function of the current query,
combining interpretable components such as profession, education, and
previous interventions. Given a user query, the system retrieves rele-
vant speech chunks, identifies topic-relevant experts across parliamentary
groups, and generates a summary synthesizing their perspectives, accom-
panied by supporting quotations. ParliamentRAG is evaluated against
Google NotebookLM on 15 policy topics via a two-level protocol com-
bining automated metrics and blind A/B human evaluation by six do-
main experts. The system achieves higher coverage across political groups
(0.97 vs. 0.95), perfect quotation faithfulness (1.00 vs. 0.95), and stronger
expert preferences on source-related dimensions, while NotebookLM re-
mains stronger on prose-oriented dimensions.

Keywords: Retrieval-Augmented Generation · Parliamentary NLP · Expert
Finding · Knowledge Graphs · Quotation Faithfulness · Multi-Perspective
Summarization.

1 Introduction

Parliamentary debates constitute a dense documentary record of democratic
deliberation: every floor speech, legislative act, and committee intervention ex-
presses the position of an elected representative on matters of public concern.
At the time of our experiments (February 2026), the ongoing XIX Legislature of
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the Italian Chamber of Deputies (October 2022–present) had already produced
608 plenary sessions, 6,010 debates, and 40,416 individual speeches.

Manual navigation of such a corpus is excessively costly, and keyword-based
institutional search portals return isolated documents rather than synthesized
multi-perspective answers. Furthermore, a representative’s position on a given
topic typically emerges across multiple sessions and distinct debates rather than
within a single intervention, compounding the difficulty of reconstruction.

Journalists, researchers, civil society organizations, and citizens increasingly
require tools for exploring parliamentary activity in a structured and transparent
way: not isolated documents, but representative, multi-perspective summaries
that preserve attribution and traceability to the original speeches. The diverse
use cases and target users of such a system are discussed in Section 2.

Large Language Models (LLMs) are well suited for synthesis, but when ap-
plied naively to political text they exhibit three risks in civic-information settings:
(i) they over-represent the most vocal actors, reflecting the distributional asym-
metry of the corpus rather than the actual spread of positions in the debate [39];
(ii) they flatten all speakers to content-based similarity, ignoring the metadata
that distinguishes a topical expert from a tangential commenter; and (iii) they
hallucinate or misattribute citations at a rate that, although low, is incompatible
with journalistic or institutional use [25,29].

In this paper, we present ParliamentRAG, a novel RAG application to help
both politics professionals (e.g., journalists or analysts) and Italian citizens have
a faithful, multi-view, and balanced summary of positions expressed by the ten
parliamentary groups of the Italian Chamber of Deputies [11] during parliamen-
tary debates on a specific topic. Knowledge Graphs (KG) enter the design at
three levels: all data are stored as a KG because of the relational structure of
the domain (e.g., Members of Parliament (MPs) membership of parliamentary
groups or MPs signatories for parliamentary acts), graph-based retrieval is a com-
ponent of the RAG system, and the proposed authority-based ranking depends
explicitly on graph information.

Our main objective is to generate synthetic summaries of parliamentary de-
bates while respecting three fundamental principles: (i) multi-view represen-
tation, ensuring that all parliamentary groups are represented rather than over-
relying on frequent speakers; (ii) authority awareness, modeling topical au-
thority dynamically so that the most relevant voices emerge per query; and (iii)
quotation traceability, requiring that every quotation corresponds to a ver-
batim passage from an official parliamentary transcript.

Figure 1 illustrates an authority-aware, multi-view summary of Italian par-
liamentary positions on justice reform, including traceable verbatim quotations.

We operationalize these principles into measurable criteria and evaluate Par-
liamentRAG through a two-level protocol. First, automated metrics assess struc-
tural properties of the generated summaries, including coverage and balance of
parliamentary groups, citation fidelity, and alignment between cited speakers
and the topic-dependent authority model, providing a scalable and reproducible
validation of design compliance.
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Fig. 1. An example of ParliamentRAG’s authority-aware, multi-view summary of the
positions of the Italian parliamentary groups on the subject Justice Reform. Exact
quotations are delimited by « and ». The image presents the first part of a longer answer,
shown in the system’s English interface; quotations are automatically translated from
the original Italian transcripts.
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Second, we conduct a blinded expert survey with six domain experts (parlia-
mentary journalists, collaborators, and policy analysts), who evaluate outputs
along qualitative dimensions such as clarity, completeness, perceived balance,
and overall usefulness, as well as providing pairwise preferences.

We compare ParliamentRAG against NotebookLM, a top-tier system that
professionals and citizens may use to explore parliamentary material. Parlia-
mentRAG achieves perfect quotation faithfulness (1.00 vs. 0.95), near-perfect
group coverage (0.97 vs. 0.95), and is consistently preferred on source-related
dimensions, particularly Source Coverage (5.7:1 preference ratio). While Note-
bookLM is preferred on prose-quality aspects, overall satisfaction is comparable,
indicating that ParliamentRAG matches a strong baseline while excelling on the
dimensions aligned with its architectural design.

A live deployment is available at https://www.parliamentrag.it/ and
the source code at https://github.com/Emeierkeio/ParliamentRAG under
Apache-2.0 license.

2 ParliamentRAG Use Cases

ParliamentRAG is intended for journalists, parliamentary collaborators,
policy analysts, researchers, civil society organizations, and politically
engaged citizens who require transparent and reliable access to parliamentary
proceedings. Typical use cases include:

– Reconstructing political positions on specific topics by comparing the
viewpoints of parliamentary groups and individual representatives.

– Monitoring legislative activity and tracking how debates and policy po-
sitions evolve over time.

– Identifying topic experts by discovering the representatives who most
actively and authoritatively contribute to a given subject.

– Exploring debates transparently, allowing users to verify generated
statements by inspecting the original parliamentary interventions and com-
paring multiple perspectives.

3 Related Work

We identify five research threads closely related to the contributions of this
work: (i) Natural Language Processing (NLP) and (ii) Knowledge Graphs (KGs)
applied to the parliamentary domain, (iii) expert and authority modeling in
information retrieval, (iv) fairness- and diversity-aware ranking, and (v) faithful
attribution and grounded generation.

To the best of our knowledge, no prior work integrates structured parliamen-
tary graphs with query-dependent authority modeling and multi-view generation
within a unified RAG architecture.

Parliamentary NLP. Large parliamentary corpora, such as ParlaMint [15]
and the Italian IPSA corpus [18], have supported tasks such as stance detection,

https://www.parliamentrag.it/
https://github.com/Emeierkeio/ParliamentRAG
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topic modeling, and speaker profiling. Ideological-scaling and embedding-based
approaches estimate corpus-level political positions [40,37], but do not support
per-query retrieval or multi-view synthesis. More recent LLM- and RAG-based
systems have improved access to parliamentary material through faceted search
for the Maltese Parliament [2] and hybrid vector–KG retrieval for German Bun-
destag debates [30]. However, these systems do not jointly address the principles
central to our work: multi-view representation, authority-aware retrieval, and
quotation-level traceability (Section 1).

Parliamentary Knowledge Graphs. Parliamentary Knowledge Graphs
and Linked Open Data initiatives have been developed to improve transparency,
interoperability, and large-scale analysis of legislative proceedings. Examples
include LinkedEP for European Parliament debates [1], ParliamentSampo for
Finnish parliamentary records [24], LinkedSaeima for the Latvian parliament [6],
and the DemocraSci Knowledge Graph for the Swiss Parliament [38,7]. In Italy,
the Chamber of Deputies exposes legislative data through the OCD ontology [9]
and the official portal [10]. However, these resources are mainly designed for
structured querying, exploration, and data integration, rather than for query-
dependent reasoning, multi-view generation, or authority-aware interpretation.
Our work addresses this gap by integrating parliamentary data into a RAG
architecture for multi-view and authority-aware inference (Section 4).

Expert Finding and Authority. Expert finding formalizes the identifi-
cation of authoritative individuals from text and metadata [3], distinguishing
profile-based from document-based approaches. Link-based ranking [33,26] yields
query-independent authority. Source-reliability estimation in RAG [23] assumes
a single factually correct answer, an assumption that does not hold in parlia-
mentary debate, where multiple legitimate viewpoints coexist. No prior system
computes interpretable, query-dependent authority from observable parliamen-
tary features while modeling temporal decay and coalition-crossing invalidation.

Multi-View Retrieval and Fairness. Fairness-aware ranking [47] and di-
versification methods such as MMR [12] optimize for content or demographic
diversity but are not integrated into RAG pipelines for political applications.
GraphRAG [14] supports global queries through community summaries, but does
not enforce coverage of predefined groups.

Quotation Faithfulness. Attribution frameworks [36], post-hoc systems
such as RARR [19], and verification methods [27] improve quotation quality,
but the generator remains free to paraphrase the source. Our ParliamentRAG
system, instead, provides a by-construction guarantee that every quotation is a
verbatim substring of a specific source document.

4 Parliamentary Knowledge Graph

ParliamentRAG operates over a knowledge graph (KG) that integrates parlia-
mentary proceedings, metadata, and legislative activity into a unified, Italian-
language representation. The underlying data is sourced from the open data
infrastructure of the Italian Chamber of Deputies [10], which publishes semanti-



6 M. Tritella et al.

Session

Debate

Phase

Speech

Chunk

Parl. Act

Deputy

Gov. Member

Parl. Group

Committee

Government

HAS_DEBATE

HAS_PHASE

CONTAINS_SPEECH

HAS_CHUNK

NEXT

SPOKEN_BY
SPOKEN_BY

PRIMARY_
SIGNATORY

CO_SIGNATORY

MEMBER_OF_GROUP
(start_date, end_date, role)

MEMBER_OF_COMMITTEE
(start_date, end_date, role)

HOLDS_OFFICE

HOLDS_OFFICE
(office_type, start_date, end_date)

GOVERNMENT_REFERENCE

Fig. 2. Knowledge graph schema stored in a single Neo4j instance.

cally structured records in RDF format according to the Ontology of the Cham-
ber of Deputies [9]. The dataset includes plenary and committee transcripts,
legislative acts with signatories, deputy biographical information, and commit-
tee memberships with temporal validity. In this work, we focus on the ongoing
legislature.

The RDF data is transformed into a property graph stored in a Neo4j [31]
instance, which serves as the sole data layer for the entire system. This architec-
tural choice is motivated by three factors: (i) the need to represent relationships
with properties (e.g., temporal validity such as start_date and end_date on
MEMBER_OF_GROUP and MEMBER_OF_COMMITTEE; see Figure 2), which are naturally
handled in a property graph model; (ii) the integration of vector similarity search
within the same system, avoiding the overhead of a separate vector store; and
(iii) the ability to combine graph traversal, keyword search, and dense retrieval
within a unified query infrastructure.

During transformation, all entities and relationships from the source ontol-
ogy are preserved. At the time of our experiments (February 2026), the graph
included 387 deputies (out of 400 elected members; 13 never intervened in ple-
nary debate and thus have no associated speeches), 64 government members
(only those who delivered at least one speech during a Chamber session), 10
parliamentary groups, 80 committees, 608 sessions, 6,010 debates, 6,515 phases,
40,416 speeches, and 27,576 legislative acts; the deployed system is continuously
updated with new proceedings. The graph is further enriched with information
not present in the RDF source: the educational background and profession of
MPs, extracted from their short biographical descriptions on the Chamber’s
website, are embedded and stored as node properties (education_embedding,
profession_embedding). Semi-structured parliamentary data—debate and ses-
sion transcripts published in XML format [8]—are parsed to extract the hierarchi-
cal structure of proceedings and integrated into the graph alongside institutional
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data. The resulting graph contained, at that date, 232,755 nodes and 488,487
relationships across 13 node labels and 15 relationship types.

The overall schema is shown in Figure 2. Parliamentary proceedings are or-
ganized as a hierarchical structure Session → Debate → Phase → Speech
→ Chunk, mirroring the institutional workflow. Speeches are segmented into
151,073 chunks, which serve as the atomic retrieval units. Chunking preserves
sentence boundaries, each chunk storing its textual content, a 1,536-dimensional
dense embedding (text-embedding-3-small), and its position within the speech.
Every chunk text is, by an invariant enforced at construction time, an exact sub-
string of its parent speech, allowing retrieved evidence to be deterministically
traced back to verbatim source text. Sequential chunks are linked by NEXT edges
(110,657 links), supporting context-window expansion during generation.

Raw transcripts contain both substantive content and procedural elements
(e.g., voting announcements or formal statements), which are removed through
lightweight preprocessing. Exact traceability is preserved by construction: since
every chunk is an exact substring of its (cleaned) speech text, original pas-
sages can be deterministically located in the parliamentary record for quotation
grounding.

Beyond the textual hierarchy, the graph captures the political and institu-
tional context of speakers. Deputies are linked to parliamentary groups and com-
mittees through time-qualified relationships (505 group memberships, 1,515 com-
mittee memberships), allowing affiliation to be resolved at any point in time—
a capability essential for coalition-crossing detection in the authority scoring
(Section 5). They are also connected to legislative acts via PRIMARY_SIGNATORY
(27,373) and CO_SIGNATORY (103,959) edges, providing a structural signal of
topic engagement complementary to speech content. Institutional roles (commit-
tee president, vice-president, and secretary, as well as government offices) are
recorded as temporally qualified properties of the corresponding membership
and office relationships, and serve as signals for authority estimation.

The graph supports three types of access: dense semantic search over chunk
embeddings (via Neo4j’s native vector index), keyword search over act titles (via
a full-text index), and structural graph traversal. This unified representation lets
the system combine text and structure, supporting retrieval (e.g., traversing from
a parliamentary act to its signatories and their speeches), authority modeling
(e.g., aggregating a deputy’s legislative activity across signed acts), and quotation
grounding (i.e., linking each generated quote back to the exact source passage,
guaranteed to be a verbatim substring of the source speech).

Beyond integrating heterogeneous parliamentary data, the knowledge graph
directly supports the domain-specific retrieval and query-dependent authority
modeling mechanisms described in the next section. These mechanisms exploit
structured filtering and graph traversal over the graph representation, comple-
menting dense retrieval over parliamentary debates and keyword-based retrieval
over legislative documents.

The deployed graph continues to evolve beyond the snapshot used in the
experiments. An incremental pipeline ingests new sessions and acts as they are
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published and, since July 2026, resolves NER-extracted references in chunks (per-
son names via the spaCy Italian model; Italian legislative citations via domain-
specific patterns) into typed relationships: MENTIONS edges from chunks to the
deputies or government members named in a speech (≈40,500 at the time of
writing) and CITES edges from chunks to the Chamber bills cited by number,
adding an explicit citation structure to the debates. The graph has likewise been
extended with roll-call voting records (≈16.9k roll calls with 6.3M individual
deputy votes at the time of writing), exposed in the user interface and included
in the RDF export. These extensions postdate the evaluation reported in Sec-
tion 6 and are not used by the evaluated pipeline; their planned uses (e.g., as
an additional graph-retrieval signal) are tracked publicly in the repository issue
tracker.

Although stored as a property graph, the KG remains interoperable with the
Linked Data ecosystem it derives from: canonical URIs of the source datasets
are preserved on all mapped entities, and every node and relationship type has
a documented alignment to standard vocabularies (OCD, FOAF, the W3C Or-
ganization Ontology, SKOS, and PROV-O, with the proceedings hierarchy mir-
roring the Akoma Ntoso structure). A round-trip exporter serializes the graph
back to RDF; the resulting dumps, together with a presentation of the alignment
addressed to non-specialist audiences, are published on the open-data page of
the live system (https://www.parliamentrag.it/data) and archived on
Zenodo under a CC-BY 4.0 license (DOI 10.5281/zenodo.21560332); project-
specific ontology terms and minted entity URIs use the persistent namespace
https://w3id.org/parliamentrag/.

5 ParliamentRAG

ParliamentRAG is a web application built on top of Next.js [45] and FastAPI [35]
that provides an interactive interface for exploring Italian parliamentary proceed-
ings through retrieval-augmented generation. The system is publicly accessible
at https://www.parliamentrag.it.

The interface supports free-text queries over parliamentary debates, return-
ing structured, multi-perspective answers grounded in official transcripts. Be-
yond search, it provides auxiliary tools for targeted exploration, including fil-
tered search over legislative acts and speeches, authority analysis of deputies on
specific topics, and visualization of parliamentary positions.

We now describe the underlying pipeline that transforms a user query into
a multi-view, quotation-grounded response, jointly modeling what is said and
who is saying it. The system follows a retrieval–ranking–generation pipeline in
which speaker authority, coverage of political groups, and quotation faithfulness
are enforced as first-class constraints.

Given a query q, the system (i) retrieves candidate evidence from parlia-
mentary proceedings via a dual-channel strategy, (ii) reranks evidence using a
composite score that incorporates query-dependent speaker authority and group
coverage, (iii) selects representative experts for each parliamentary group, and

https://www.parliamentrag.it/data
https://doi.org/10.5281/zenodo.21560332
https://w3id.org/parliamentrag/
https://www.parliamentrag.it
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Fig. 3. Processing Pipeline. Steps 2a and 2b are executed in parallel.

(iv) generates a structured multi-view answer with verbatim quotations extracted
from source documents. A schema of the pipeline is depicted in Figure 3.

5.1 Dual-channel Retrieval

The retrieval stage must identify speech chunks that are (i) semantically relevant
with respect to the user query, (ii) representative of all parliamentary groups,
and (iii) reflective of speakers whose expertise is evidenced by legislative activity
rather than solely by speech content.

To this end, we adopt a dual-channel approach. A dense channel performs vec-
tor similarity search over speech chunks, capturing thematically relevant content
independently of the speaker. Later, graph traversal is used to resolve the asso-
ciated speech, speaker, and parliamentary group, also evaluating if the speaker’s
current group differs from that at the time of the speech. The primary limita-
tion of the dense channel is that it cannot distinguish between a deputy who has
spoken tangentially about a topic and one who has actively sponsored legisla-
tion in the same domain. The graph channel retrieval is based on parliamentary
acts. First, acts relevant to the query are selected with hybrid lexical and dense,
semantic similarity, then the primary signatories and co-signatories are obtained
with graph traversal, as well as their speeches and chunks.

Additionally, when the query can be mapped to a parliamentary committee
via a curated keyword-based mapping [41], the retrieval engine additionally priv-
ileges chunks from speakers who are members of the relevant committee (e.g.,
justice or foreign affairs; this information is found in the KG), since committee
membership is a strong institutional proxy for domain expertise.

The combination of the two channels yields a more diverse result set, spanning
a broader range of political groups and evidence types, than either channel alone.
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5.2 Authority-Aware Reranking and Expert Computation

Retrieved evidence is merged by deduplicating items by chunk identifier and
retaining the higher score. Each evidence item e is ranked using a weighted
score:

score(e) = wrr(e) + wdd(e) + wvv(e) + waauthority(se, q) + wσσ(e), (1)

where se denotes the speaker of e. The weights are set as follows: relevance
wr = 0.35, diversity wd = 0.15, coverage wv = 0.20, authority wa = 0.05,
and salience wσ = 0.25. Relevance is prioritized as the primary retrieval ob-
jective, while salience promotes meaningful political content over procedural
language. Coverage and diversity ensure balanced representation across parlia-
mentary groups and speakers. Authority models speaker expertise with respect
to the query; its weight is the smallest so that it informs ranking without over-
riding topical relevance, which would risk marginalizing speakers from small
parliamentary groups. Authority is computed after retrieval and is also used
for expert selection (one top-authority speaker per group), which influences the
generation pipeline but not the evidence pool itself.

Authority Score. We define a query-dependent authority score for each
speaker by aggregating multiple signals capturing biographical information, in-
stitutional roles, and parliamentary activity. The score combines cosine similarity
between query embeddings and the embeddings of speaker attributes (profession,
education, committees, and roles) with activity-based signals derived from leg-
islative acts and speech interventions, both subject to temporal decay.

Formally, the raw authority score is computed as a weighted sum of hetero-
geneous components:

authority(s, q) =
∑
i

wi ci(s, q), (2)

where components include semantic similarity terms, time-decayed counts of
parliamentary activity, and role-based priors.

The assigned weights are wprofession = 0.15, weducation = 0.10, wcommittee =
0.25, wlegislative acts = 0.20, wspeech interventions = 0.25, and winstitutional role =
0.05. These weights are set empirically based on expert judgment rather than
learned from data, keeping the scoring function interpretable and adaptable;
the formulation supports future extensions such as personalization, context-
specific reweighting, or interactive weight learning [5]. Moreover, all weights—
both the reranking weights above and the authority components—are publicly
documented in the open-source configuration and directly adjustable by users
through the application settings, so the default configuration is a transparent
and auditable choice rather than a fixed editorial stance.

Authority signals are time-decayed so that recent parliamentary activity con-
tributes more than older evidence, applying the same decay rate to both leg-
islative acts and speech interventions to prioritize current relevance and avoid
overemphasizing past prominence.
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Coalition affiliation is time-dependent and resolved at query time, ensuring
that only activities within a speaker’s current political group are considered, pre-
venting historical coalition shifts from biasing present-day authority estimates.

Expert Computation. At this point, for each parliamentary group g ∈ G,
the system selects the speaker with the highest query-dependent authority score
among those from g present in the evidence pool. This speaker serves as the
group’s expert representative: their interventions and cited passages become the
primary voice through which that group’s position is conveyed in the summary.

5.3 Multi-View Generation Pipeline

As visible in Figure 3, the generation process follows a four-stage pipeline—
Analyze, Write, Integrate, Cite—that enforces coverage, grounding, and coher-
ence by design. In the first stage (Analyze), the input query is split into a set
of simple, atomic claims, each linked to the evidence required for every parlia-
mentary group. This ensures that all relevant aspects of the query are explicitly
addressed in the following steps.

In the second stage (Write), the system produces one section per parliamen-
tary group from a structured position brief summarizing the top evidence chunks
for that group, ordered by authority score so that the most authoritative speak-
ers are cited first. All groups are treated uniformly, and if no supporting evidence
is available, this is stated explicitly instead of generating unsupported content.
The third stage (Integrate) combines these sections into a single coherent narra-
tive, while preserving alignment with the original content and ensuring that all
quotation placeholders are retained.

In the final stage (Cite), quotations are resolved deterministically into ver-
batim passages from the parliamentary record. Every quotation is verified to
be an exact substring of the source speech before publication: candidate quota-
tions that are not verbatim are rejected or deterministically remapped onto the
original sentences, so the language model can never introduce quotation text of
its own. As a result, every quote is directly grounded in source text, preventing
hallucinations by construction and ensuring that all claims are supported by
verifiable evidence.

6 Experimental Evaluation

The experimental evaluation focuses on the downstream quality of generated
responses and assesses whether ParliamentRAG effectively supports the explo-
ration of parliamentary debates and policy positions while satisfying the core
design principles introduced in Section 1 (balanced multi-view coverage across
parliamentary groups, authority-aware evidence selection, grounded and trace-
able quotations). More specifically, we address the following research question:
(i) what is the quality of the analyses produced by ParliamentRAG, a RAG archi-
tecture explicitly designed around the principles introduced above, in light of these
design principles; and (ii) how does this quality compare with that of analyses
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produced by a top-tier general-purpose document-grounded RAG system explicitly
instructed to follow the same principles?

For our comparison, we selected Google NotebookLM [20], for the following
reasons: we are not aware of other competing systems evaluated and published in
peer-reviewed publications; NotebookLM represents a realistic and accessible al-
ternative that end users could readily employ to analyze parliamentary material
without developing a custom pipeline, after they autonomously collect the data;
it is a highly engineered system backed by the top-tier Gemini 3.0 LLM [22] (see
Section 6.1 for the experimental settings of NotebookLM).

To answer our research questions, we combine a response-level automatic
analysis with a blind A/B assessment by domain experts on a benchmark of
questions: automatic metrics measure the satisfaction of our design principles
(coverage balance, quotation faithfulness), while experts’ judgments capture per-
ceived quality and overall satisfaction.

6.1 Benchmark and Protocol

Selection of benchmark topic-based questions. A first step consists in
identifying topics of interest to guide the actual test. We collected 51 policy
topics through a survey involving 17 Italian citizens interested in politics, and
reduced them to 15 by selecting topics spanning different levels of perceived
polarization and public discussion intensity, as assessed directly in the survey.
Topics span eight thematic macro-areas: Justice & Civil Rights, Institutional
Reforms, Immigration, Labor & Welfare, Environment & Energy, Technology,
Defense & Foreign Policy, Economy & Finance, with varying debate intensity
and polarization (Likert 1–5). For each topic we create a query with the following
template: “Qual è la posizione dei gruppi parlamentari su {topic}?” (Italian for
“What is the position of the parliamentary groups on {topic}?”).

NotebookLM experimental setup. ParliamentRAG perforemed retrieval
on all 151k chunks extracted from the parliamentary proceedings (February 2026
snapshot). Feeding all proceedings data to NotebookLM, a general-purpose sys-
tem, is unfeasible and unfair because the system is not engineered to work with
this kind and size of data. We therefore create a notebook for each topic by
engineering its context to simulate the case where an expert selects proceedings
deemed of interest for a topic; observe that this selection step is challenging,
as a topic can be addressed across different proceedings, while ParliamentRAG
retrieves data from all proceedings. We select ≈ 150 relevant + 150 distrac-
tor chunks per topic-specific notebook. Chunks are enriched with metadata to
provide additional context (speaker, parliamentary group, date, session, debate).
The relevant ones are obtained starting from the query with the ParliamentRAG
retrieval pipeline, including the reranking, which considers the authority score,
while the distractors are obtained from similar topics (same macro-area but dif-
ferent topic). Distractors provide a fairer simulation of retrieval-based context
and the presence of non-relevant information in uploaded documents.

Comparison of ParliamentRAG and NotebookLM. A key distinction
between the two systems is how the desired design principles are enforced. Par-
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liamentRAG implements them directly in its architecture through explicit mech-
anisms, such as authority-aware ranking and multi-view retrieval across par-
liamentary groups. Conversely, NotebookLM relies on prompt instructions to
encourage similar behaviors, without architectural guarantees; all prompts are
available in the code base [42].

The comparison therefore investigates whether structurally enforced con-
straints can produce more reliable and informative outputs than prompt-level
guidance alone. Another difference concerns the underlying LLMs: at the time of
the experiments, ParliamentRAG used GPT-4o, while NotebookLM used Gem-
ini 3 (the deployed ParliamentRAG has since been upgraded to the GPT-4.1
model family). Gemini 3 models are more recent (November 2025 [21]) and
achieve higher rankings than GPT-4o, released in May 2024 [32], in public bench-
marks [28,13].

In summary, both systems are instructed to produce per-group structured
responses via equivalent prompts, while NotebookLM is given an engineered
context and backed by a stronger LLM. This setup provides a conservative eval-
uation of ParliamentRAG, focusing on response quality under curated retrieval
conditions rather than a fully independent end-to-end retrieval comparison.

Automated Evaluation Protocol. To measure whether the generated an-
swers satisfy the core principles of ParliamentRAG, we first calculate automatic
metrics. Coverage is evaluated through two complementary measures. Groups
with Quotation (GQ) quantifies the fraction of the ten parliamentary groups for
which at least one speaker has been quoted in the response, while Complete-
ness measures the fraction of groups receiving a dedicated narrative section in
the generated analysis. To evaluate quotation reliability, we compute Quotation
Faithfulness, defined as the fraction of quotations that exactly match substrings
of the original parliamentary interventions. Finally, to analyze the behavior of
the authority-aware retrieval mechanism, we report the mean authority score
(MA) and the corresponding standard deviation (ASD) of the cited speakers
under the query-dependent authority model.

Human Evaluation Protocol. Six domain experts, disjoint from the paper
authors, were selected among parliamentary journalists, parliamentary collabo-
rators, and policy analysts, with a mean experience of 7.2 years. They indepen-
dently rated both systems on nine Likert (1–5) dimensions: Answer Quality, An-
swer Clarity, Answer Completeness, Quotation Relevance, Balance Perception,
Balance Fairness, Source Relevance, Source Authority, Source Coverage. Evalu-
ators also provided an overall A/B preference and a 1–5 satisfaction score. The
protocol follows the PARADISE framework [46] and the A/B preference format
of Chatbot Arena [13]. The evaluation was blind: system identities were hidden
and left/right assignment randomized per topic. Two evaluators completed all
15 topics, while other evaluators partially completed the evaluation, yielding a
total of N = 67 paired evaluations.

Beyond the quantitative ratings, evaluators also assessed individual quota-
tions (e.g., relevance, faithfulness, informativeness, attribution, and potential
issues), identified the most authoritative sources among alternatives, and pro-
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vided qualitative feedback. Completing the evaluation required approximately
two hours per participant. Although ParliamentRAG targets both citizens and
professionals, we prioritized domain experts—better positioned to assess political
balance, quotation quality, and source authority—favoring an in-depth evalua-
tion on 15 representative topics over a broader but shallower assessment.

We assess differences between ParliamentRAG and NotebookLM using non-
parametric paired tests (Wilcoxon signed-rank) with Holm–Bonferroni correction
for multiple comparisons. In addition, we calculate Cohen’s d as an effect size
measure to quantify the magnitude of observed differences.

6.2 Results

Table 1. Automated Evaluation: ParliamentRAG vs. NotebookLM. Mean values (µ)
over the 15 topics and difference (∆). Mean Authority (MA) for NotebookLM is com-
puted from the query-related authority of the MPs mentioned by NotebookLM.

Metric ParliamentRAG (µ) NotebookLM (µ) ∆

Groups with Quotation (GQ) 0.97 0.95 +0.02
Completeness 0.99 1.00 −0.01
Quotation Faithfulness (QF) 1.00 0.95 +0.05
Mean Authority (MA) 0.53 0.52 +0.01

Table 1 reports the automated metrics. ParliamentRAG achieves near-perfect
quotation-level group coverage (GQ = 0.97 vs. 0.95 for NotebookLM), which is
architecturally guaranteed at generation-time by stratified per-group generation.
However, coverage remains bounded by the retrieval stage: if no retrieved chunks
are associated with a given political group, that group cannot be represented
during generation, explaining why GQ ̸= 1.0. On Quotation Faithfulness the gap
is structurally significant: ParliamentRAG reaches QF = 1.00 by design, whereas
NotebookLM reaches 0.95, meaning approximately 5% of its quotations do not
correspond verbatim to the source—an error rate that, in a journalistic context,
is corrosive to credibility. Mean authority of cited speakers is modestly higher for
ParliamentRAG (0.53 vs. 0.52); since NotebookLM’s context was itself selected
with the authority-aware ParliamentRAG retrieval pipeline (Section 6.1), a small
gap is expected.

Table 2 reports the results of the human evaluation. Overall satisfaction
is nearly identical across the two systems (4.24 vs. 4.27), suggesting compara-
ble perceived utility despite substantial architectural differences. However, the
dimension-level analysis reveals complementary strengths.

NotebookLM achieves higher ratings on prose-oriented dimensions, namely
Answer Quality (4.30 vs. 4.04) and Answer Clarity (4.51 vs. 4.27), and is more
frequently preferred on Answer Quality (45% vs. 30%); we return to this asym-
metry in Section 7.
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Table 2. Human evaluation comparing ParliamentRAG (PRAG) and NotebookLM
(NbLM). The left section reports mean Likert ratings (1–5) for each evaluation dimen-
sion, while the right section reports the percentage of pairwise preferences in favor of
PRAG, ties, and preferences in favor of NbLM.

Dimension PRAG (µ) NbLM (µ) PRAG Pref. Ties NbLM Pref.

Answer Quality 4.04 4.30 30% 25% 45%
Answer Clarity 4.27 4.51 22% 48% 30%
Answer Complet. 4.12 4.09 24% 55% 21%
Quotation Relevance 4.37 4.36 24% 54% 22%
Balance Perception 4.66 4.48 21% 72% 7%
Balance Fairness 4.67 4.66 12% 78% 10%
Source Relevance 4.07 3.84 33% 48% 19%
Source Authority 4.21 4.00 30% 57% 13%
Source Coverage 4.64 4.39 25% 70% 5%
Overall Satisfaction 4.24 4.27 31% 42% 27%

By contrast, ParliamentRAG consistently outperforms NotebookLM on di-
mensions directly related to the objectives of the proposed architecture. In par-
ticular, evaluators report higher ratings for Source Relevance (4.07 vs. 3.84),
Source Authority (4.21 vs. 4.00), and Source Coverage (4.64 vs. 4.39). Pairwise
preferences reinforce this pattern: ParliamentRAG is preferred more frequently
on Source Relevance (33% vs. 19%), Source Authority (30% vs. 13%), and espe-
cially Source Coverage (25% vs. 5%). Similarly, ParliamentRAG obtains a clear
advantage on Balance Perception (4.66 vs. 4.48), although the large proportion
of ties (72%) indicates that both systems are often perceived as balanced.

Although none of the observed differences reaches statistical significance af-
ter Holm–Bonferroni correction for multiple comparisons, the results exhibit a
coherent qualitative pattern. Small but consistent Cohen’s d effect sizes favor Par-
liamentRAG on source- and balance-related dimensions, including Source Rele-
vance (d = 0.35), Source Coverage (d = 0.35), and Source Authority (d = 0.28),
while NotebookLM shows advantages on fluency-oriented dimensions such as
Answer Quality (d = −0.31) and Answer Clarity (d = −0.29).

Finally, after completing the per-topic evaluation, respondents were asked
whether they would recommend a similar system to their colleagues, with “no”
set as the predefined answer. They answered affirmatively in 72% of cases, sug-
gesting that such a system was generally perceived as useful.

7 Discussion

The downstream evaluation reveals complementary strengths between the two
systems. ParliamentRAG consistently performs better on source-oriented and
balance-related dimensions, including source authority, source coverage, source
relevance, and perceived political balance, while NotebookLM achieves higher
ratings on fluency-oriented aspects such as answer quality and clarity. This
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asymmetry can be explained by ParliamentRAG prioritizing structural guaran-
tees through explicit multi-view retrieval and authority-aware evidence selection.
Better fluency and clarity in NotebookLM can be explained either as the outcome
of a monolithic generation pipeline or as the result of using a better backbone
model. However, the observed complementarity is not symmetric. Fluency limi-
tations can often be mitigated through stronger language models or lightweight
rewriting stages, whereas guarantees such as verbatim quotation faithfulness
and systematic per-group coverage require architectural support and cannot be
reliably enforced through prompting alone. It is also important to recall that
NotebookLM was evaluated with a curated, pre-retrieved context, rather than
over the full parliamentary corpus as ParliamentRAG was. Thus, the compari-
son does not test NotebookLM’s ability to retrieve evidence from the complete
proceedings; in practice, this task would remain substantially more challenging
for end users without a dedicated system such as ParliamentRAG.

Among the evaluated properties, quotation faithfulness is the strongest in-
variant enforced by the architecture. Fabricated or altered quotations are struc-
turally prevented, since every published quotation is verified to be a verbatim
substring of the source transcript. Other properties, such as balanced group cov-
erage, should be interpreted as strong design objectives rather than absolute
guarantees, as they depend on the availability of relevant retrieved evidence.

Limitations. The evaluation is limited by the small benchmark size (15
topics) and moderate statistical power. In addition, the study compares the
complete system against NotebookLM, which is backed by a more powerful LLM,
without internal ablation experiments, leaving the contribution of architectural
components to future work.

8 Conclusion

We have presented ParliamentRAG, an authority-aware, multi-view RAG system
for Italian parliamentary proceedings. On a 15-topic benchmark with expert A/B
evaluation, the system matches a strong commercial baseline (NotebookLM) on
overall satisfaction while excelling precisely on the dimensions it was designed to
target (group coverage, quotation faithfulness, source authority). Directions for
future work include personalizing ranking based on users’ preferences, developing
domain-specific embedding models, extending the system to the Senate and ear-
lier legislatures (data are available from the 2006–2008 legislature onward), and
enabling multilingual access to parliamentary debates. The approach also gen-
eralizes to foreign parliaments—e.g., the UK Parliament and the European Par-
liament publish structured data and transcribed debates [44,43,16,17]—enabling
cross-country comparative analyses. Another promising direction is efficient local
deployment based on small open-weight LLMs, building on scalable knowledge
graph traversal [34] and efficient verbatim quotation retrieval [4].
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Supplemental Material Statement: Source code is released at https://gith
ub.com/Emeierkeio/ParliamentRAG under Apache-2.0 license; the repos-
itory also contains all generation prompts and the retrieval, reranking, and
authority-weight configurations referenced in this paper; the exact code and
configuration used to generate the evaluated responses are preserved at the git
tag iswc2026-eval. The system is publicly deployed at https://www.parliame
ntrag.it and its public API is also exposed as a Model Context Protocol server
(https://mcp.parliamentrag.it). The knowledge graph is available as an
RDF dump (Turtle, with individual votes in a separate N-Triples file), archived
on Zenodo under a CC-BY 4.0 license (DOI 10.5281/zenodo.21560332; 39
views and 12 downloads at the time of writing) and linked from the open-data
page of the live system (https://www.parliamentrag.it/data), which
also documents, for non-specialist audiences, the alignment of the graph to
standard vocabularies (OCD, FOAF, the W3C Organization Ontology, SKOS,
and PROV-O); project-specific terms resolve through the persistent namespace
https://w3id.org/parliamentrag/. A single build command regenerates
the dump from the updated graph, and the graph itself can be reconstructed
end-to-end from the public open data of the Chamber of Deputies (released
under CC-BY) using the in-repository pipeline (see Section 4). A semantic de-
scription of this work is available in the Open Research Knowledge Graph at
https://orkg.org/papers/R1909763; the dataset statistics recorded in the
entry are synchronized programmatically (via the ORKG REST API) with the
live knowledge graph at every dataset update, so the ORKG description remains
aligned with the deployed system rather than reflecting a static snapshot at pub-
lication time. Ongoing maintenance and planned extensions of the system and
of the knowledge graph are tracked as public issues in the source repository,
documenting the evolution of the resource beyond this publication.

Use of Generative AI

Generative AI tools were used during the preparation of this work to assist with
language refinement. In particular, these tools were employed to paraphrase
selected passages and improve the clarity, fluency, and overall quality of the
English text.
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