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Abstract

Urban policy makers require comprehensive insights into transportation issues and demographic distributions to design
equitable and efficient infrastructure. However, analyzing multi-modal data (numeric and visual) while accounting for
diverse perspectives remains challenging. To address this, we propose PeRAG, a novel pipeline combining multi-modal
perspective-oriented verbalization with Retrieval-Augmented Generation (RAG). Our approach first converts numeric trans-
portation/demographic data and population heatmaps into natural language descriptions using LLaMA, incorporating multiple
policy-relevant perspectives. These verbalizations are then fed into the RAG system to generate context-aware, perspective-
driven responses for urban planners. We demonstrate the effectiveness of PeRAG in generating actionable insights for
transportation policy, bridging the gap between raw data and decision-making. Our experiments highlight the pipeline’s
ability to handle heterogeneous data modalities while adapting to diverse stakeholder viewpoints, offering a scalable solution

for smart city analytics.
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1. Introduction

Urban policy makers face significant challenges in de-
signing equitable transportation systems due to the com-
plex interplay of demographic shifts, infrastructure con-
straints, and socio-economic disparities [1]. Raw data
(e.g., transit logs, census metrics, heatmaps) is often
siloed, requiring labor-intensive integration to derive
insights [2, 3]. While NLP and computer vision tech-
niques have been applied to urban analytics, they typi-
cally treat data modalities independently, ignoring the
need for cross-modal reasoning (e.g., correlating heatmap
patterns with numeric poverty indices) [4]. This limits
their utility for policy decisions requiring holistic, inter-
pretable inputs.

In recent years, advances in machine learning and NLP
have enabled new forms of automated data interpretation,
particularly in multimodal settings where information
spans both structured and unstructured modalities [5].
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Urban environments provide a rich case for multimodal
reasoning: data can include numerical variables (e.g., pop-
ulation size, number of transport lines), visual artifacts
(e.g., heatmaps of population density), and geographical
descriptors (e.g., district boundaries). Integrating and
interpreting these different modalities coherently is es-
sential for supporting informed decision-making.

One of the emerging challenges in this context is
perspective-aware verbalization, the task of transform-
ing multimodal data into textual descriptions that reflect
different analytical or stakeholder viewpoints [6]. For
instance, the same urban dataset can be verbalized from a
demographics perspective (“This area has a high popula-
tion of elderly residents”) or a transportation accessibility
perspective (“This zone has limited coverage of public
transport lines despite high population density”). Gener-
ating such targeted descriptions from numeric and image
data requires models that understand not only the input
modalities but also the intended angle of interpretation
[7]. This introduces both linguistic complexity—in choos-
ing appropriate vocabulary, structure, and focus—and
reasoning complexity—in determining what information
is salient for a given perspective.

These challenges compound when integrated into
retrieval-augmented generation (RAG) pipelines. Tra-
ditional RAG frameworks are typically designed for text-
based retrieval from large knowledge bases; extending
them to operate over generated textual representations
of multimodal data introduces new issues: retrieval is
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only as effective as the fidelity and perspective alignment
of the verbalized input, and generation must remain fac-
tual, grounded, and contextually relevant [8]. Moreover,
multimodal verbalizations are often more compact and
abstract than traditional long-form documents, which
poses difficulties in relevance ranking and context-aware
generation.

In this work, we investigate the following core research
questions:

1. How can multimodal data (numeric and visual)
be verbalized in a perspective-aware manner to
support policy-level interpretation?

2. What are the linguistic and functional trade-offs
between zero-shot and few-shot verbalization ap-
proaches in this context?

3. Can a lightweight, locally-deployable RAG
pipeline (PeRAG) effectively answer urban policy
questions when built on top of such verbaliza-
tions?

4. How does the factuality and utility of such a sys-
tem compare to general-purpose LLMs, especially
in high-stakes policy scenarios?

To address these questions, we present PeRAG, a novel
framework that combines multimodal data verbalization
with a perspective-aware Retrieval-Augmented Genera-
tion pipeline. Our work is based on a custom dataset for
the city of Turin, comprising over 7,000 examples across
multiple years (2012-2019), including 31 features cover-
ing demographics, transportation, and traffic. We ver-
balize both numeric and heatmap data into English sum-
maries across several perspectives (e.g., demographics-
focused, transport lines-focused, temporal shifts), using
LLaMA-3.1-8B for the verbalization of numeric data, and
LLaMA-3.2-11B-Vision for the verbalization of heatmap
data in zero-shot and few-shot settings. These verbal-
izations serve as the retrievable memory in a Gemma-3-
4B-IT-powered RAG system, which supports question-
answering on urban policy issues. All models are run
locally to ensure data privacy and control.

Our key contributions are as follows:

« We introduce a multi-modal perspective-aware
verbalization pipeline that generates textual sum-
maries from numeric and image data for urban
policy domains.

» We propose and implement PeRAG, a lightweight
RAG-based QA framework grounded in mul-
timodal verbalizations, optimized for locally-
deployable urban analytics.

+ We explore and analyze zero-shot vs. few-shot
verbalization strategies in real-world settings,
providing insight into generation fidelity and per-
spective alignment.

« We conduct human evaluation and qualitative
analysis to assess factuality and relevance, and
compare PeRAG outputs against general-purpose
LLMs.

The rest of this paper is organized as follows: Section 2
reviews related work in multimodal NLP, verbalization,
and RAG systems. Section 3 describes the methodology,
including dataset details, verbalization techniques, and
system architecture. Section 4 outlines our experimental
setup. Section 5 presents results from verbalization and
QA evaluations. Section 6 offers a detailed analysis and
discussion. Section 7 concludes the paper and outlines
directions for future work.

2. Related Work

Perspectivism in NLP is an emerging approach that em-
phasizes representing and reasoning with multiple, po-
tentially divergent, viewpoints. Traditional NLP systems
often adopt a mono-perspective stance, optimizing for a
generalized “truth” or majority viewpoint. In contrast,
recent work has called for more inclusive approaches that
recognize and operationalize multiple coexisting view-
points [9, 10].

In this context, Data Perspectivism [10] proposes that
Al systems—especially in socially sensitive domains—
should be capable of tailoring outputs to the values and
expectations of distinct population segments. Though
this paradigm has influenced tasks in Natural Language
Understanding (NLU), its application in Natural Lan-
guage Generation (NLG)—especially from heterogeneous
data sources—is still under-explored. Our work ad-
dresses this gap by extending perspectivist reasoning
to the generation of text from multimodal data, creating
perspective-conditioned verbalizations that help commu-
nicate the same data through different analytical and
social lenses.

Current multi-modal NLP approaches integrate struc-
tured and unstructured sources—such as tables, images,
and text—but usually with the aim of generating a single
canonical description (e.g., image captioning or data-to-
text generation). What is largely missing is the ability
to generate multiple alternative descriptions of the same
input, each aligned with a distinct interpretive frame.

Our work situates itself uniquely at this intersection—
producing diverse textual outputs from structured nu-
meric and image-based urban data, each representing a
different lens (e.g., accessibility for elderly residents, en-
vironmental concerns, transit network optimization). In
this way, we operationalize perspectivism across modal-
ities and offer diverse conditioned NLG from heteroge-
neous sources, a setting largely unexplored in current
literature.



A major research avenue in knowledge-enhanced
language modeling is Retrieval-Augmented Generation
(RAG), in which a retriever module selects relevant tex-
tual passages from a knowledge base that are then fed into
a generator to produce a grounded, informative response
[8, 11]. This has been particularly effective in tasks like
open-domain QA, summarization, and dialogue. Vari-
ants such as MuRAG [12] have explored incorporating
multiple modalities into retrieval pipelines.

In our work, we adapt and extend the RAG architec-
ture for perspective-aware generation by populating the
retrieval index with natural language verbalizations that
encode distinct viewpoints over the same input data. Un-
like knowledge injection methods that incorporate triplet-
based structured knowledge [13], we work purely with
free-text verbalizations generated from multimodal data.
The retriever retrieves relevant perspective-conditioned
passages, and the generator uses them to compose con-
textually rich, stakeholder-specific responses. This re-
sults in a system—PeRAG (Perspective-aware RAG)—that
enables context-sensitive generation not just based on
topical relevance but on the interpretive stance encoded
in the input text passages. To the best of our knowl-
edge, PeRAG represents the first instantiation of RAG
tailored for multi-perspective decision support in urban
governance contexts.

Although LLMs such as ChatGPT and GPT-3 [14] have
shown great success in general-purpose generation tasks,
their application in decision-making processes has been
limited by a lack of specificity and contextual adaptation
[15]. Generic outputs are often insufficient in high-stakes
domains like urban planning, where conflicting group
needs (e.g., between commuters, the elderly, and environ-
mentally conscious citizens) must be mediated through
nuanced communication strategies. Efforts like BLOOM
[16] have underlined the importance of transparent, rep-
resentative training data, particularly for multilingual set-
tings. However, our implementation is currently focused
on English language generation, which remains domi-
nant in LLM infrastructure and evaluation. By operating
entirely in English while incorporating multi-perspective
reasoning, our approach can generalize to multilingual
contexts in future iterations but already demonstrates
strong utility in data-rich governance scenarios [17].

3. Methodology

Our methodology introduces a novel pipeline that bridges
heterogeneous urban data and perspective-aware nat-
ural language generation using a tailored Retrieval-
Augmented Generation (RAG) architecture. The fol-
lowing subsections detail our approach to homogeniz-
ing structured inputs, dataset preparation, verbalization
strategies, system design, and evaluation.

RAG Modules

Perspective

Multi-Modal Data Inclusion

Verbalized Text
Perspectives

Verbalization
through LLM

Model Response
Analysis

Gene

Figure 1: PeRAG: Perspective inclusive pipeline with RAG

3.1. Homogenizing Heterogeneous Urban
Data for RAG

Unlike conventional RAG systems that are designed to
interface with a variety of knowledge representations—
including tables, RDF triples, JSON schemas, and unstruc-
tured documents—our approach standardizes heteroge-
neous urban data into a unified format of unstructured
textual narratives. This design choice fundamentally sim-
plifies the retrieval mechanism and maximizes compati-
bility with LLM-based generation models. Rather than
adapting the retriever to handle multiple data represen-
tations, we adopt a single retriever pipeline enabled by
transforming structured data, including tables, geospatial
indicators, and statistical measures, into natural language
paragraphs. The resulting textual narratives are semanti-
cally enriched and explicitly crafted to reflect distinct an-
alytical perspectives, ensuring that core domain-specific
patterns are preserved while adapting the framing to
match varied stakeholder viewpoints.

The homogenization approach offers several key ad-
vantages for urban policy applications. First, retrieval
simplification is achieved through a unified represen-
tation that allows for a single dense retriever without
requiring modality-specific modules, reducing system
complexity and computational overhead. Second, our ap-
proach enables cross-modal comparability by facilitating
reasoning across different data types, such as comparing
demographics with transportation patterns through uni-
form verbal representations. Third, LLM compatibility is
naturally reinforced by using natural language as both
input and output, aligning with the intrinsic design of
generative models and enabling seamless integration into
query-response pipelines. Figure 1 outlines how PeRAG’s
components, multi-modal data, verbalization, perspec-
tive inclusion, RAG modules, and evaluation, integrate
within the pipeline.

3.2. Dataset Description

The dataset comprises 7,019 urban data records cover-
ing Turin’s geography, demography, and transportation



systems from 2012 to 2019, offering a comprehensive
longitudinal view of urban dynamics.

The data encompasses 3,850 census areas, which are
portions of municipal territory organised in polygons,
used by ISTAT' to divide the city into manageable, sta-
tistically meaningful areas. Demographic information
about each census area is collected with respect to size
and population distribution. Special attention is given
to urban vulnerabilities, housing conditions, migration
flows, and demographic changes in specific neighbor-
hoods. Census areas can vary significantly in both size
and demographic characteristics—they can be as small as
a single street or encompass an entire residential block.
For this reason, the census areas differ greatly from one
another.

The census area is the smallest territorial unit used for
analysis and is organized into 93 statistical zones. Sta-
tistical zones are aggregations of multiple census tracts
and represent one of the intra-municipal territorial units
into which the territory of the City of Turin is divided.
In turn, the statistical zones are grouped into 9 districts -
territorial subdivisions over which the local civil author-
ity exercises its functions. This hierarchy of spatial units
provides multiple levels of geographical granularity for
analysis, enabling both fine-grained local insights and
broader district-level policy evaluation. Additionally, the
data for each census area is available for two reference
years: 2012 and 2019, allowing for temporal comparisons
across various dimensions. The dataset includes 31 struc-
tured features for each census-year tuple, systematically
categorized into four primary domains.

Demographic information includes population den-
sity, gender distribution, age brackets, foreign residents,
and the number of families, providing a comprehensive
population profile. Additionally, the density of each de-
mographic is calculated within a 500-meter buffer from
the centroid of each census area. This approach accounts
for the spatial distribution of density and makes the areas
more comparable in terms of population concentration
and access to services.

Public transport metrics include stop and line density,
as well as connectivity indicators that measure how well
each census area is linked to others in terms of acces-
sibility and network coverage. Geographical identifiers
encompass census codes, dimensions, statistical zones,
district names, and boundaries that enable spatial analy-
sis and policy targeting. Traffic and safety data document
the number of accidents, vehicle involvement patterns,
and the number of public transport incidents, support-
ing risk assessment and safety planning initiatives. This
collection represents a significant expansion, enabling
richer temporal and spatial analyses that capture urban
evolution patterns and long-term policy impacts. The lon-

!National Institute of Statistics: https://www.istat.it/

gitudinal scope allows for trend identification, seasonal
pattern analysis, and evaluation of policy interventions
over time.

The dataset was constructed by integrating multiple
sources: all demographic data was obtained from the
GeoPiemonte® portal, while public transport, traffic, and
safety data were provided by Gruppo Torinese Trasporti
(GTT)?, which manages public transport services includ-
ing urban, suburban, and extra urban routes, as well as
tram and metro lines.

3.3. Perspective-Aware Verbalization of
Urban Data

To enable retrieval over rich, interpretable textual data,
we developed an Urban Data Verbalization System that
translates structured urban records into fluent natural
language narratives using large language models (LLMs).
This system addresses the fundamental challenge of trans-
forming quantitative urban data into qualitative insights
that align with different stakeholder perspectives and
analytical frameworks.

3.3.1. Verbalization

Our verbalization pipeline employs LLaMA-3.1-8B as the
default model for processing numerical data and LLaMA-
3.2-11B-Vision for processing heatmaps. The selection of
these models allows us to maintain compatibility with
other LLMs, ensuring both flexibility and reproducibil-
ity. We implement two primary verbalization strategies
to balance generation quality with computational effi-
ciency. Zero-shot verbalization allows the model to gen-
erate descriptions without specific examples, providing
maximum creative freedom but potentially sacrificing
consistency. Few-shot verbalization employs carefully
curated single-shot examples that guide narrative style
while preserving creative expression, resulting in more
consistent and domain-appropriate outputs.

The system utilizes handcrafted prompts specifically
designed to elicit structured yet non-hallucinatory sum-
maries for each data record, ensuring factual accuracy
while maintaining linguistic diversity. Two distinct
prompt templates are employed: one for processing nu-
merical tabular data using LLaMA-3.1-8B (see Table 6),
and another for processing heatmap visualizations using
LLaMA-3.2-11B-Vision (see Table 5). Complete prompt
examples for both verbalization modalities are provided
in Appendix C to ensure reproducibility. In both LLaMA
configurations, generation control is achieved through
carefully tuned parameters, including temperature set to
0.6 for optimal creativity balance, top-5 sampling at 0.9
for response diversity, repetition penalty of 1.2 to ensure

Zhttps://geoportale.igr.piemonte.it/cms/
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coherence, and the maximum token length is set to 512
for the 8B version and 1024 for the 11B-Vision version to
support concise yet informative descriptions.

Each structured record is transformed into multiple
narrative versions conditioned on distinct stakeholder
perspectives. These include accessibility-oriented plan-
ning focusing on mobility and inclusion, safety and
equity perspectives highlighting transportation risks
and distribution fairness, and demographic inclusion ad-
dressing the needs of diverse populations. This multi-
perspective approach ensures that verbalizations tran-
scend generic summaries and address the specific ana-
lytical needs of different urban stakeholders. Table 3,
presented in Appendix A, provides an example of this
type of verbalization, illustrating both a general narrative
and its corresponding multi-perspective version.

3.3.2. Quality Assessment and Validation

Unlike conventional LLM-generated general texts, which
often suffer from loss of specificity, repetitiveness, or
context ignorance, our perspective-aware narratives em-
phasize trends, deficiencies, and socio-geographic fac-
tors of particular interest to diverse urban stakeholders.
The annotation protocol involved a systematic evalua-
tion across four key dimensions: (1) contextual relevance
whether the verbalization appropriately captures the ur-
ban context and stakeholder perspective, (2) information
accuracy alignment between the verbalized content and
source data, (3) coverage of information aspects com-
pleteness of perspective-specific elements in the verbal-
ization, and (4) data factuality dealing with absence of
hallucinations or fabricated information. Three expert
annotators, including two postdoctoral researchers and
one NLP researcher, independently evaluated a random
sample of generated narratives for each dimension. Given
the exploratory nature of this novel task and time con-
straints, a focused evaluation was conducted on a care-
fully selected subset of examples, with annotation dis-
putes resolved through collaborative discussion among
the research team. Their comprehensive assessment con-
firmed the validity, relevance, and framing alignment
of perspective-aware verbalizations, providing empiri-
cal support for their use in downstream RAG generation
tasks.

To mitigate potential ambiguities introduced during
the natural language verbalization process, our approach
incorporates several safeguards. First, the verbalization
prompts explicitly instruct models to use exact numerical
values without modification or approximation, prevent-
ing quantitative distortions. Second, the prompts restrict
models from drawing conclusions, making assumptions,
or interpreting data significance, thereby reducing in-
terpretive ambiguity. Third, during the annotation pro-
cess, evaluators specifically assessed verbalizations for

information accuracy and data factuality, identifying in-
stances where ambiguous phrasing might misrepresent
the underlying data. Additionally, the multi-perspective
approach inherently reduces ambiguity by providing ex-
plicit analytical framing, rather than generating generic
descriptions that could be interpreted in multiple ways.

3.4. Perspective-Aware RAG (PeRAG)

PeRAG extends the traditional RAG paradigm to han-
dle structured urban data through its verbalized form,
creating a novel architecture specifically designed for
perspective-aware policy support. The system integrates
retrieval and generation components that work syner-
gistically to provide contextually relevant and factually
grounded responses to complex urban planning queries.

3.4.1. Retrieval Module

The retrieval module employs the all-mpnet-base-v2 sen-
tence transformer for dense vector encoding, chosen for
its superior performance on semantic similarity tasks and
computational efficiency. Text chunking is implemented
using a token-based approach with a chunk size set to
500 tokens and an overlap of 50 tokens to ensure seman-
tic continuity across chunk boundaries. This strategy
ensures that semantically related content remains within
the same retrievable segment, preserving coherence and
relevance across retrieval operations.

The retrieval mechanism operates through cosine
similarity-based semantic ranking with configurable top-
k retrieval, defaulting to 5 results to balance compre-
hensiveness with computational efficiency. The system
maintains comprehensive provenance metadata for com-
plete traceability, enabling users and analysts to verify
the source of retrieved information and ensuring account-
ability in policy-relevant applications.

3.4.2. Generation Module

The generation module utilizes Gemma-3-4B-IT as the
default model while supporting any causal decoder-based
large language model to ensure adaptability across differ-
ent computational environments. The module processes
user queries alongside retrieved perspective-aligned nar-
ratives using carefully engineered prompts that structure
the input format as query plus perspective narratives.

Generation parameters are optimized for policy appli-
cations, with a temperature of 0.7 balancing creativity
and factuality, and a 512-token limit ensuring brevity
without sacrificing informational depth. The system
demonstrates robust capability in responding to com-
plex urban planning questions, supporting district-wise
comparisons, demographic-transport correlations, safety
and infrastructure assessments, and trend identification
over temporal dimensions.



3.5. Implementation and System
Efficiency

The full system is implemented in Python, leveraging
PyTorch and Hugging Face Transformers for deep learn-
ing and natural language processing tasks, alongside
SentenceTransformers for semantic retrieval capabilities.
The implementation includes comprehensive batch pro-
cessing capabilities with integrated performance moni-
toring to ensure scalable operation across large datasets.
GPU acceleration with automatic device detection opti-
mizes computational efficiency while maintaining com-
patibility across different hardware configurations.

The system architecture incorporates detailed logging
for each transformation step, enabling comprehensive de-
bugging and performance analysis. Key operational fea-
tures include support for batch verbalization, which pro-
cesses multiple records simultaneously; real-time query-
ing capabilities for interactive policy analysis; and modu-
lar model swapping, allowing for easy adaptation to dif-
ferent language models or domain-specific requirements.
This implementation approach ensures both research
reproducibility and practical deployment feasibility for
real-world urban policy applications. The source code for
our PeRAG system, along with the various verbalization
configurations, is publicly available at the following link*

4. Experimentation

Our experimental evaluation is designed to assess the
effectiveness of perspective-aware verbalization and the
overall performance of the PeRAG system in supporting
urban policy decision-making. We conduct experiments
across two primary dimensions: verbalization quality
assessment and end-to-end system performance evalua-
tion. All experiments are performed on locally deployed
models to ensure data privacy and reproducibility, using
NVIDIA GPUs for computational acceleration.

The experimental framework evaluates our system
against several key research questions established in the
introduction: the effectiveness of perspective-aware ver-
balization compared to general approaches, the compar-
ative performance of zero-shot versus few-shot verbal-
ization strategies, the utility of PeRAG for urban policy
question answering, and the factuality and relevance of
system outputs compared to general-purpose large lan-
guage models.

4.1. Verbalization Evaluation Protocol

We conduct a systematic comparison between gen-
eral verbalization, i.e., template-based approach, and

*Code and dataset are available at https://github.com/MasterHoracio/
CLiC-it-HARMONIA. git.

perspective-aware verbalization approaches using our
Turin dataset. General verbalization employs stan-
dard data-to-text generation without specific perspec-
tive conditioning, while perspective-aware verbaliza-
tion generates targeted descriptions aligned with spe-
cific stakeholder viewpoints, including demographics-
focused, transportation infrastructure-focused, temporal
analysis, and deficiency assessment perspectives.

A random sample of 200 data records is selected for
detailed verbalization analysis, ensuring representation
across different districts, time periods, and demographic
profiles. Our multi-modal dataset is processed through
both zero-shot and few-shot verbalization strategies for
each perspective type, generating a comprehensive cor-
pus of verbalized descriptions for comparative evaluation.

For the verbalization quality assessment, two authors
jointly annotated three representative examples in a
structured meeting format, with any disagreements re-
solved through immediate discussion. While the limited
sample size (n = 3) precluded formal inter-annotator
agreement (IAA) calculation using Cohen or Fleiss’
Kappa, the collaborative annotation process ensured con-
sistency in evaluation criteria application. Future work
will expand the annotation sample size to enable robust
inter-annotator reliability metrics.

4.2. System Performance Evaluation

We develop a comprehensive set of 25 urban policy-
oriented questions that span different complexity lev-
els and analytical requirements. The question set in-
cludes factual queries about specific demographic or
transportation metrics, comparative questions requiring
cross-district or temporal analysis, analytical questions
demanding trend identification and causal reasoning,
and policy-oriented questions seeking recommendations
based on data insights.

Questions are categorized by type (factual, compara-
tive, analytical, policy-oriented), complexity level (sim-
ple, moderate, complex), and required perspective align-
ment (demographics, infrastructure, temporal, deficiency-
focused). This categorization enables a systematic assess-
ment of system performance across different query types
and complexity levels.

System performance is evaluated against multiple
baseline approaches to assess the contribution of our
perspective-aware framework. These baselines involve
querying general-purpose LLMs without access to urban-
specific data. For this purpose, we use the Gemini 2.0
Flash and GPT-40 Mini models. Additionally, we evalu-
ate RAG systems using general (non-perspective-aware)
verbalizations under both zero-shot and few-shot con-
figurations. Each baseline is tested using the same set
of questions and evaluation criteria to ensure a fair and
consistent comparison.
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4.3. Evaluation Metrics

In order to evaluate the performance of our proposed
perspective-aware framework, as well as all the baseline
approaches, we employ the Retrieval Augmented Gener-
ation Assessment (RAGAS) framework, specifically de-
signed for reference-free evaluation of RAG pipelines
[18]. This framework defines three main metrics. The
first, faithfulness, measures whether the answer accu-
rately reflects information that can be directly inferred
from the given context. The second, answer relevance,
evaluates whether the answer directly and appropriately
responds to the given question, without being incomplete
or redundant. Finally, the third metric, context relevance,
assesses how well the context includes only the neces-
sary information to answer the question, avoiding redun-
dancy. For a detailed explanation, we refer the reader to

the following paper [18].

5. Results

Table 1 presents the evaluation results for the different
configurations considered. The first section of the ta-
ble (rows 2 and 3) shows the results obtained by directly
querying the LLMs without providing any additional con-
text. It is important to note that the faithfulness and con-
text relevance metrics could not be computed in this case,
as both require access to the retrieved context. Neverthe-
less, the answer relevance scores reveal low performance
for both models. This can be attributed to the fact that
most of the responses were of the type ‘T cannot answer
the question due to lack of necessary data”. Specifically,
GPT-40 responded this way in 21 out of 25 cases, while
Gemini 2.0 did so in 18 out of 25. Overall, Gemini demon-
strated marginally better performance in this setting.

Additionally, Table 1 also compares the performance
of general verbalizations using zero-shot and few-shot
configurations. These results are shown in the second
section of the table (rows 4 and 5). As can be observed, the
answer relevance scores are higher than those obtained by
the previously evaluated LLMs, which can be attributed
to the incorporation of relevant information retrieved
by the retrieval module. When comparing the general
verbalization settings, we observe that the few-shot con-
figuration outperforms the zero-shot setting across all
three evaluation metrics, with an average improvement
of 6%. This gain is likely due to the higher quality and
greater level of detail present in the verbalizations gener-
ated under the few-shot configuration.

Finally, we present the evaluation results of our pro-
posed PeRAG system. As shown, it achieves the highest
scores across all three evaluation metrics, with an average
improvement of 20% compared to the best-performing
general verbalization configuration. Overall, the highest
metric score was obtained in faithfulness, indicating that

Table 1

Evaluation results for the considered reference-free metrics.
Reported values correspond to the average over the 25 evalua-
tion questions. The prefixes ZS and FS indicate the zero-shot
and few-shot configurations of the general verbalization.

Approach ‘ Faithfulness ‘ Answer R. ‘ Context R.

GPT-40 | - | o134 | -
Gemini 2.0 | - | 0163 | -
ZS-RAG | 0.685 | 0582 | 0166
FS-RAG | 0.725 | 0595 | 0184
PeRAG | 0.793 | 0626 | 0272

the responses generated by the PeRAG system effectively
leverage information inferred from the provided context.
On the other hand, the lowest score—both for PeRAG
and previous configurations—was observed in the context
relevance metric. This may be attributed to the diversity
of information retrieved by the retriever module, which
stems from the chunk partitioning strategy used. In par-
ticular, this strategy incorporated independent general
and multi-perspective verbalizations for each district,
zone, O census area.

6. Analysis

To gain deeper insight into the performance of our pro-
posed PeRAG pipeline, this section presents a quantita-
tive and qualitative analysis of the generated responses.
In particular, we conduct a comparative evaluation of the
answers produced by the RAG system using the different
types of verbalizations. For this analysis, we randomly
sample three questions from our set of 25, focusing on the
demographic and transportation perspectives. The selec-
tion of three questions for detailed BERTScore analysis
was determined by several practical constraints. First,
generating reference factual answers for comparative
evaluation requires extensive manual verification against
the original Turin dataset, which is a time-intensive pro-
cess involving careful cross-referencing of multiple data
sources and temporal dimensions. Second, as this rep-
resents an initial exploration of a novel task combin-
ing multi-modal verbalization with perspective-aware
RAG, we prioritized depth over breadth in the qualita-
tive analysis to thoroughly examine the mechanisms un-
derlying performance differences between general and
perspective-aware verbalizations. Third, the computa-
tional overhead of generating responses across all verbal-
ization configurations and computing detailed semantic
similarity metrics scales considerably with the number
of questions analyzed. The three selected questions were
chosen to represent different complexity levels and ana-



lytical requirements.

For each of these questions, we generate a reference
factual answer by manually extracting and synthesiz-
ing the relevant information directly from the original
Turin dataset. The reference answer generation process
involves several systematic steps: (1) identifying the
specific data fields and temporal dimensions required
to answer each question, (2) querying the structured
dataset to retrieve exact numerical values for the rel-
evant census areas, statistical zones, or districts, (3) per-
forming necessary aggregations or comparisons across
the 2012-2019 timeframe where temporal analysis is re-
quired, and (4) formulating a concise factual response
that accurately reflects the quantitative findings without
interpretive bias. For instance, for questions involving
demographic trends, reference answers include precise
population counts, percentage changes, and specific de-
mographic categories affected, all derived directly from
the census data. This manual reference generation pro-
cess, while labor-intensive, provides ground-truth an-
swers that serve as reliable baselines for evaluating the
factual accuracy and completeness of system-generated
responses through semantic similarity metrics. We use
the BERTScore metric [19], a widely adopted measure
of semantic similarity between a generated text and a
reference [20]. Finally, we present a discussion highlight-
ing the strengths and weaknesses of the PeRAG pipeline
compared to general verbalizations.

Table 2 presents the BERTScore evaluation results for
the three randomly selected questions. The first section of
the table (rows 2 and 3) reports the results for the general
verbalizations, where the few-shot configuration achieves
the highest scores across all BERTScore metrics. These
outcomes are consistent with the trends observed in the
reference-free evaluation metrics. The second section
of the table shows the results for our PeRAG pipeline,
which consistently achieves the best performance across
all three metrics, further reinforcing the findings obtained
through the reference-free evaluation.

We acknowledge that the BERTScore analysis based
on three questions represents a preliminary assessment
of semantic similarity performance, and the limited sam-
ple size constrains the statistical generalizability of these
findings. The selection was necessitated by the substan-
tial manual effort required for reference answer genera-
tion and verification against the multi-dimensional Turin
dataset. Each reference answer requires careful extrac-
tion and synthesis of information across multiple data
fields, temporal dimensions, and geographical units, fol-
lowed by independent verification by domain experts.
While these three questions provide initial evidence of
PeRAG’s superior semantic alignment with ground truth
data, we recognize that broader systematic analysis is
essential for robust conclusions. Future work will im-
plement automated reference generation procedures and

expand the evaluation to cover the complete 25-question
set, enabling more comprehensive statistical analysis of
semantic similarity performance across different ques-
tion types, complexity levels, and analytical perspectives.
Additionally, we plan to incorporate multiple semantic
similarity metrics beyond BERTScore to provide a more
comprehensive assessment of response quality and fac-
tual alignment.

Table 2

Evaluation results based on BERTScore. The columns report
the macro-average recall, precision, and F1 score across the
three randomly selected questions. The prefixes ZS and FS
indicate the zero-shot and few-shot configurations of the gen-
eral verbalization.

Approach | Recall | Precision | Fy
ZS-RAG | 0818 | 0831 | 0821
FS-RAG | 0837 | 0852 | 0846
PeRAG | 0.851 | 0873 | 0.862

An important consideration in our verbalization ap-
proach is the management of potential linguistic ambi-
guities that could impact downstream RAG performance.
Our analysis of generated verbalizations reveals that
perspective-aware conditioning significantly reduces in-
terpretive ambiguity compared to general verbalization
approaches. For instance, when describing transporta-
tion infrastructure, general verbalizations might use am-
biguous terms like ‘adequate coverage’ or ‘reasonable
accessibility’, whereas perspective-aware verbalizations
provide specific contextual framing, such as ‘limited ac-
cessibility for elderly residents due to sparse stop density
in residential areas’. This specificity not only reduces am-
biguity but also enhances retrieval precision, as queries
can be matched more accurately to relevant perspective-
conditioned content. However, we acknowledge that
some residual ambiguity remains inherent to natural lan-
guage representation, particularly in cases where numeri-
cal thresholds are verbalized using qualitative descriptors
(e.g., ‘high density’ vs. specific population counts). Fu-
ture work will explore hybrid approaches that preserve
exact numerical values alongside natural language de-
scriptions to further minimize interpretive ambiguity.

To compare the outputs generated by our different con-
figurations, Table 4 (included in Appendix B) presents
a comparison between the response produced by our
PeRAG pipeline and the one generated using the few-shot
configuration of the general verbalization. This config-
uration was selected due to its strong performance in
both the reference-free metrics and the BERTScore. Ad-
ditionally, both responses are contrasted with a reference
answer constructed from factual information. The ques-
tion used in this analysis was selected from the set of



three randomly chosen questions.

As shown in Table 4, the selected question involves
a temporal comparison of demographic characteristics
from 2012 to 2019. According to the reference answer, a
population decrease is observed across most demographic
groups, including males, females, minors, foreigners, and
working-age citizens. In contrast, the only group that
experienced population growth during this period was
senior citizens.

When comparing these findings to the output gen-
erated by the PeRAG pipeline, we observe that it suc-
cessfully identified the overall downward trend across
multiple demographic groups, highlighting that the re-
duction was not evenly distributed. This aligns with the
factual data presented in the reference answer. Moreover,
PeRAG accurately captured the groups that experienced
decline—such as the working-age population, minors,
and foreigners—and correctly identified an increase in
the senior population, consistent with the reference.

However, the PeRAG response emphasized the
working-age population as the most affected category,
whereas the reference answer pointed to foreigners. This
discrepancy may be attributed to the nature of the multi-
perspective verbalizations, which were generated at the
level of census areas, statistical zones, and districts. Con-
sequently, when retrieving information using the re-
triever module (configured with k£ = 5), it may not have
captured a fully comprehensive view across all nine dis-
tricts. This limitation has been corroborated by analyz-
ing the retrieved chunks, where recalculating the values
based on the retrieved verbalizations indeed showed that
the working-age group experienced the largest decline.

Finally, Table 4 also includes the output of the gen-
eral verbalization under the few-shot configuration. As
shown, the response generated by the RAG system fails
to clearly identify the downward trends across the differ-
ent demographic groups as well as the upward trend for
seniors. These results are consistent with those observed
in the reference-free evaluation metrics. Moreover, al-
though the response is factually correct, it does not ad-
dress the perspective implied by the question, highlight-
ing the importance of incorporating perspective-aware
verbalizations. Similar to the PeRAG pipeline, the re-
trieved chunks in this configuration also exhibit limi-
tations, indicating a potential area for improvement in
future work.

7. Conclusion

This research demonstrates that multimodal urban data
can be effectively verbalized through perspective-aware
approaches to support policy-level interpretation, with
our framework successfully processing over 7,000 exam-
ples across multiple analytical perspectives (RQ1). The

comparative analysis reveals that few-shot verbalization
strategies provide superior generation fidelity and per-
spective alignment compared to zero-shot approaches,
despite increased computational overhead (RQ2). PeRAG,
our lightweight locally-deployable RAG pipeline, effec-
tively answers urban policy questions by leveraging these
multimodal verbalizations as retrievable memory, ensur-
ing data privacy while maintaining system responsive-
ness (RQ3). Human evaluation confirms that PeRAG ex-
hibits superior factuality and utility compared to general-
purpose LLMs in high-stakes policy scenarios, with
domain-specific grounding providing enhanced accu-
racy and contextual relevance (RQ4). The framework
establishes a reproducible methodology for transforming
complex urban datasets into actionable policy insights,
demonstrating that specialized, domain-grounded Al sys-
tems outperform general-purpose alternatives in critical
decision-making contexts.

Limitations The various perspectives explored in this re-
search, such as demographic, population, transportation,
gender, and age, were derived from the dataset used in our
evaluation. However, these perspectives do not incorpo-
rate public opinion. As ongoing work, we are expanding
these perspectives through a research survey aimed at
integrating viewpoints that reflect public opinion of citi-
zens and stakeholders of Turin. The annotation protocol,
while systematic, was applied to a limited sample size
due to the exploratory nature of this novel task. The
collaborative annotation approach, though ensuring con-
sistency, does not provide quantitative measures of IAA.
Future iterations of this work will implement larger-scale
annotation studies with multiple independent annotators
and IAA metrics to strengthen the evaluation framework.
Additionally, we are working at enriching the evaluation
framework. We plan to complement the reference-free
evaluation metrics applied [21] by incorporating task-
based evaluation protocols and comprehensive human
evaluation strategies to better assess the practical utility
of perspective-aware verbalizations in real-world urban
planning contexts.
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Table 3

PeRAG Verbalization Example: Multi-Perspective Data Transformation

Input/Perspective

Verbalization Output

Numeric Input

year=2018; sez_cens=2535; stat_zone=75;
perc_pop=2.69566E-05; perc_f=0.546875;
perc_immigrants F=0.135416667;
perc_senior=0.223958333;
perc_stops=0.026041667;
perc_length_stopping=0.000167865

area=145065.42; pop=192;
per_immigrants=0.21875;
perc_minor=0.130208333;
n_stops=5; n_lines_stopping=5;
perc_stops_per_line_stopping=1;

General Verbaliza-
tion

In 2018, census section 2535 in statistical zone 75 covered an area of 145,065.42 units, with a
population of 192. The population percentage was approximately 0.0027%, of which 54.7% were
female. Immigrants comprised 21.9% of the population, with 13.5% being female immigrants.
Minors accounted for 13.0%, seniors 22.4%. There were 5 stops and 5 lines stopping, with stops
representing 2.6% coverage, 100% stop-to-line ratio, and 0.017% length coverage.

Demographics Per-
spective

In 2018, census section 2535 in statistical zone 75 had a population of 192 individuals. Females
accounted for 54.7% of the population. Immigrants represented 21.9% of residents, with female
immigrants making up 13.5%. Children under 18 years old comprised 13.5% of the population, while
seniors accounted for 22.4%.

Population Per-

spective

The total population of census section 2535 was 192, representing approximately 0.0027% of the
overall population. The area covered by this section was 145,065.42 units, indicating a low population
density given the large area size.

Geographical Per-
spective

Census section 2535 covers a substantial area of 145,065.42 units within statistical zone 75. Despite
its size, the population remains small at 192 individuals.

Within census section 2535, there are 5 stops served by 5 lines. Stops cover 2.6% of the area, with an
equal number of stops per line. The total length covered by stops corresponds to 0.017% of the area.

Transport Infras-
tructure
Immigration Per-
spective

Immigrants make up 21.9% of the population in census section 2535, with female immigrants
comprising 13.5%. This suggests a significant immigrant presence within the local population.

Age Group Perspec-
tive

Minors account for 13.5% of the population in census section 2535, while seniors make up 22.4%,
indicating a population with a notable proportion of older adults.

Gender Distribu-

tion

Females represent 54.7% of the population in census section 2535, showing a slightly higher female
population compared to males.

A. Verbalization Examples

B. Example of Output Response

C.2. Numerical Data Verbalization
Prompt (LLaMA-3.1-8B)

The following prompt template is used for generating
narratives from structured numerical urban data:

C. Verbalization Prompt Examples

To ensure reproducibility and transparency of our ver-
balization approach, we provide the complete prompt
templates used for both numerical data (see Table 6) and
heatmap verbalization (see Table 5).

C.1. Heatmap Verbalization Prompt
(LLaMA-3.2-11B-Vision)

The following prompt template is used for generating
narratives from population density heatmaps and other
visual data representations:



Table 4

Example of an output response to a randomly selected question, illustrating the outputs produced by the different verbalization

configurations.

Question

From 2012 to 2019 the population in Turin has decreased. Considering all the census, does this
decrease affect all the demographics? Which category is more affected and which one is less
affected?

Reference Answer

Between 2012 and 2019, the population of Turin declined by 4.32%, and this trend affected most
demographic groups. Both male and female populations decreased at nearly the same rate (4.34%
and 4.31% respectively), indicating no significant gender disparity. The number of minors saw a
notable decline of 5.96%, while the foreign (legally registered) population experienced the most
significant drop, decreasing by 6.48%, together with the number of working-age citizens (6.28%). In
contrast, the senior population was the only group to increase, growing by 2.05%

PeRAG Output

Analyzing the demographic shifts across Turin’s statistical zones between 2012 and 2019, it is evident
that the overall population declined during this period. However, the decrease was not evenly
distributed across all demographic categories. The working-age population (19-64) experienced the
most significant contraction, suggesting a notable loss of economic contributors. This trend was
consistently observed across various districts. In contrast, the number of seniors slightly increased,
indicating a growing aging population. The number of minors also declined, though to a lesser
extent than the working-age group. Meanwhile, the foreign-born population registered a visible
decline as well, potentially due to migration dynamics. In summary, while most demographic
segments were negatively affected, the working-age group was the most impacted, whereas the
senior population was the least affected, showing a modest increase.

FS-RAG Output

Analyzing the provided census data reveals a complex picture regarding demographic shifts between
2012 and 2019 in Turin’s districts. While a precise overall population decrease for the entire city
isn’t evident from this dataset, several districts demonstrate notable changes. District 5 (specifically
areas like Basse di Stura and Le Vallette) shows a consistent population size—around 41 residents
in 2019, mirroring 2012—with minimal fluctuation within the 500-meter radius. Conversely, District
1 exhibits a clear increase in population size between the two years. In 2012, Census Area 799
(Politecnico) held 52 residents, expanding to 1,478 within a 500-meter radius. Similarly, Census
Area 3209 (Politecnico) grew from 212 residents to 2,784. Looking at specific categories, the *minor*
population appears significantly impacted by this growth, increasing dramatically in District 1
(from 32 to 423) compared to a smaller change in District 5. Seniors also show increased numbers
in District 1 (47 to 652) while remaining largely stable in District 5. The foreign national population
experienced a relative increase in District 1 (2 to 104) compared to a slight increase in District 5
(13 to 20). Therefore, while certain districts remained static, the overall trend indicates that the
*minor™ population is experiencing the most pronounced demographic shift, particularly within
District 1, driven by expansion of the area analyzed.




Table 5
Prompt template used for map-to-text narrative generation

<|begin_of text|><|start_header_id|>system<|end header_ id|>

You are an expert urban data analyst. Your task is to generate clear and precise narratives based
on census and transport data for the city of Turin.

<|start_header_id|>user<|end_header_id|>

Generate a comprehensive narrative that analyzes and compares the {field_description.lower()}
across the statistical zones of Turin, based on the provided comparison maps.
The image displays comparison data for the years 2012 and 2019.
<|image|>
Your narrative must:
- Be concise, informative, and clearly highlight key patterns and trends in the
{field description.lower()}, considering both temporal changes
(between 2012 and 2019) and within-year variations, where relevant.
- Provide a Top-summary for each of the following:
- The most common patterns observed across zones.
- Zones with the highest increases in values from 2012 to 2019
(i.e., where 2019 value > 2012 value).
- Zones with the largest decreases in values from 2012 to 2019
(i.e., where 2019 value < 2012 value).
- Use the exact numerical values provided for each statistical zone—do not round, estimate, or
omit any data.
- Refrain from interpreting, inferring causes, or comparing with any external datasets or years
outside of 2012 and 2019.
Below are the statistical zones with their respective values for the selected field in 2012 and
2019:
{values}
Generated Narrative: <|eot_id|><|start_header_id|>assistant<|end_header_id|>

Table 6
Prompt template used for numeric-to-text narrative generation

<|begin_of_ text|><|start_header_id|>system<|end_header_id|>
You are an expert urban data analyst. Convert census and transport data into clear narratives.
<|start_header_id|>user<|end_header_id|>

Generate a comprehensive, single-paragraph narrative about an urban area based on the following
numeric data.

The narrative must:

- Be concise, informative, cover all key aspects of the urban landscape, and limit to a single
paragraph.

- Include and reflect the exact values as given in the Numeric Facts, without modification or
approximation.

- Focus solely on describing the attributes defined in Field Descriptions, matching each field
with its corresponding value.

- Avoid drawing conclusions, making assumptions, or interpreting the significance of the data.
- Avoid comparing the data to other entries, past values, or the example provided.

Unique Identifier: {row_context}

Field Descriptions: {field_description}

Declaration on Generative Al

During the preparation of this work, the author(s) used Grammarly in order to: Paraphrase and
reword and Grammar and spelling check. After using these tool(s)/service(s), the author(s) reviewed
and edited the content as needed and take(s) full responsibility for the publication’s content.
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