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Abstract

Tourism Recommender Systems (TRS) play a vital role in personalizing travel experiences by
tailoring suggestions to users” preferences, constraints, and contextual factors. Conversational
Recommender Systems (CRS), in particular, leverage natural language to deliver more intuitive
and adaptive recommendations. However, two persistent challenges have hindered progress in
this area: (i) the lack of publicly available datasets and benchmarks that capture realistic user
travel requests, and (ii) the prevalence of popularity bias, which leads to over-recommendation
of well-known destinations at the expense of emerging or underexplored locales, aggravating
overtourism.

This thesis explores the potential of Large Language Models (LLMs) to address both
challenges. First, we introduce SYNTHTRIPS, a framework for generating synthetic travel
queries that reflect diverse user personas and include structured filters such as budget and
sustainability preferences. By grounding LLM outputs in a curated Knowledge Base (KB),
we ensure factual consistency and reduce hallucinations. The query generation process is
formalized with evaluation metrics to assess both groundedness and overall fit. Empirical
results, supported by both human and automatic evaluations, confirm that SyYNTHTRIPS
produces high-quality queries that reflect multi-faceted and nuanced travel preferences.

To further tackle popularity bias in recommendation, we propose CoLLAB-REC, a multi-agent
framework comprising three specialized LLM-based agents—Personalization, Popularity,
and Sustainability. Each agent, instructed to adhere to its own objective, provides city
recommendations from its distinct perspective, while a non-LLM moderator fuses their
outputs through a heuristic-based scoring procedure, facilitating multi-round negotiation,
and promoting diverse, relevant, and well-balanced recommendations. Experiments using
SYNTHTRIPS queries demonstrate that CoLLAB-REC outperforms single-agent baselines by
surfacing lesser-known destinations and aligning more closely with user constraints.

Together, these contributions highlight the potential of combining synthetic data generation
and multi-agent collaboration to build more equitable, sustainable, and personalized tourism
recommender systems.




Kurzfassung

Empfehlungssysteme fiir den Tourismus (TRS) spielen eine wichtige Rolle bei der Personali-
sierung von Reiseerlebnissen, indem sie die Vorschldge auf die Vorlieben, Einschrankungen
und Kontextfaktoren der Nutzer abstimmen. Insbesondere Conversational Recommender
Systems (CRS) nutzen die natiirliche Sprache, um intuitivere und anpassungsfahigere Emp-
fehlungen zu geben. Zwei anhaltende Probleme haben jedoch den Fortschritt in diesem
Bereich behindert: (i) der Mangel an 6ffentlich zugdnglichen Datensdtzen und Benchmarks,
die realistische Reisewtiinsche der Nutzer erfassen, und (ii) die weit verbreitete Beliebtheit, die
dazu fiihrt, dass bekannte Reiseziele auf Kosten neuer oder wenig erforschter Orte {iberméfig
empfohlen werden, was den Ubertourismus verscharft.

In dieser Masterarbeit wird das Potenzial von Large Language Models (LLMs) zur Be-
wiltigung beider Herausforderungen untersucht. Zunéchst stellen wir SYNTHTRIPS vor, ein
Framework zur Generierung synthetischer Reiseanfragen, die verschiedene Nutzerpersonlich-
keiten widerspiegeln und strukturierte Filter wie Budget und Nachhaltigkeitspraferenzen
enthalten. Durch die Verankerung der LLM-Ausgaben in einer kuratierten Wissensdatenbank
(KB) stellen wir die faktische Konsistenz sicher und reduzieren Halluzinationen. Der Prozess
der Abfragegenerierung wird mit Bewertungsmetriken formalisiert, um sowohl die Fundiert-
heit als auch die Gesamtiibereinstimmung zu bewerten. Empirische Ergebnisse, die sowohl
durch menschliche als auch durch automatische Auswertungen gestiitzt werden, bestétigen,
dass SYNTHTRIPS qualitativ hochwertige Abfragen erzeugt, die vielschichtige und nuancierte
Reisepraferenzen widerspiegeln.

Zur weiteren Bekdmpfung von Popularitdtsverzerrungen bei Empfehlungen schlagen wir
CorraB-REC vor, ein Multi-Agenten-System, das drei spezialisierte LLM-basierte Agenten
umfasst - Personalisierung, Popularitit und Nachhaltigkeit. Jeder Agent, der angewiesen
ist, sein eigenes Ziel zu verfolgen, liefert Stadtempfehlungen aus seiner eigenen Perspektive,
wihrend ein Nicht-LLM-Moderator die Ergebnisse der Agenten durch ein heuristisches
Bewertungsverfahren zusammenfiihrt, was die Verhandlung iiber mehrere Runden erleichtert
und vielfiltige, relevante und ausgewogene Empfehlungen fordert. Experimente mit SyN-
THTRIPS-Abfragen zeigen, dass CoLLAB-REC besser abschneidet als Single-Agent-Baselines,
indem es weniger bekannte Reiseziele aufzeigt und sich besser an die Einschrankungen der
Nutzer anpasst.

Zusammengenommen zeigen diese Beitrdge das Potenzial der Kombination von syntheti-
scher Datengenerierung und Multi-Agenten-Kollaboration auf, um gerechtere, nachhaltigere
und personalisierte touristische Empfehlungssysteme zu entwickeln.

vi
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1. Introduction

Tourism is a dynamic global industry that fuels cultural exchange, drives economic devel-
opment, and offers opportunities for personal growth and discovery. As international travel
becomes more accessible, today’s travelers are presented with an abundance of choices in
terms of destinations, experiences, and itineraries that span every corner of the globe. From
popular destinations like Paris, London, and Amsterdam to hidden gems such as Malatya, Sibiu,
or Thessaloniki, the sheer variety of options can transform the excitement of planning a trip
into a daunting task. Moreover, tourists have a wide range of interests - historical landmarks,
immersive cultural experiences, natural landscapes, or local culinary traditions - making
it difficult to curate the ideal holiday. Ironically, what should be a relaxing and enjoyable
experience can quickly become overwhelming, underscoring the need for tools that help
travelers navigate this complex decision-making process.

In this context, Tourism Recommender Systems, or TRS, have emerged as essential tools
to aid travellers in navigating this multitude of travel choices. In general, Recommender
Systems (RS) are indispensable in helping users sift through massive amounts of information
in domains such as e-commerce, media streaming, and travel [2]. Within the travel domain,
these systems leverage data-driven algorithms to provide personalized suggestions and can
also curate detailed itineraries that align with users” preferences and travel goals.

In essence, city trip recommender systems have traditionally aimed to emulate the role of
travel agents by assisting users in the decision-making process, optimizing satisfaction, and
ultimately enriching their travel experience. These systems typically rely on analyzing users’
historical interactions, such as explicit travel preferences, previously visited destinations, or
even implicit factors like geotagged photos and check-in behavior [3, 4, 5, 6, 7], leveraging
them to predict and suggest destinations to users.

However, in recent years, the emergence of powerful Large Language Models (LLMs) has in-
troduced a paradigm shift in how recommendations can be delivered through Conversational
Recommender Systems (CRS). With their ability to understand and generate natural language,
LLMs, like ChatGPT, enable RS to move beyond static data and fixed attributes, facilitating
more dynamic and conversational interactions. This development is especially impactful in
tourism, where users often express complex and evolving preferences. LLM-based recom-
menders (RecLLMs) can engage with the users in nuanced dialogue, clarify vague preferences
and adapt to real-time feedback, providing natural, human-like conversations [8, 9].

For example, asking ChatGPT the following question: “Do you have some suggestions for cities
in Europe where I can go hiking and skiing in the winter for a holiday? 1 plan to travel in January.”
results in the LLM recommending Innsbruck, Chamonix, Zermatt, Cortina d’Ampezzo, and
Garmisch-Partenkirchen, along with relevant information about each of these places, as shown
in Figure 1.1. In this example, the LLM can easily pick up on multiple user preferences ({month
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Do you have some suggestions for cities in Europe where | can go
hiking and skiing in the winter for a holiday? | plan to travel in
January.

Absolutely! January is a fantastic time for winter sports in Europe. Here are some top cities and towns that
offer both hiking (often snowshoeing or winter trekking) and skiing in stunning alpine or mountainous

settings:

1. Innsbruck, Austria

* Why go: Nestled in the heart of the Alps, it's one of the few cities where you can literally ski in and

out of the urban area.
= Skiing: Access to nine ski resorts via the Ski plus City Pass.

» Hiking: Winter hiking and snowshoe trails, especially around Stubai Valley and Nordkette

mountains.

* Bonus: Beautiful Tyrolean architecture and Christmas markets linger into early January.

2. Chamonix, France
* Why go: Legendary for its dramatic setting at the foot of Mont Blanc.
= Skiing: World-class ski terrain across multiple areas (Les Grands Montets, Brévent-Flégére).
* Hiking: Winter trails and snowshoeing with views of the Mont Blanc massif.

* Bonus: Great aprés-ski and French alpine cuisine.

Figure 1.1.: An example of querying ChatGPT to provide travel recommendations. The
screenshot only shows the top two options for brevity.
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of travel: January; interests: hiking, skiing/) to recommend appropriate cities with justifications,
thereby indicating how LLMs can use only their inherent knowledge to understand nuances
from natural language and function as recommenders, even without access to any external
database.

1.1. Problem Statement & Scope

While TRS offers several advantages in alleviating the stress of planning a holiday, they are
not without challenges. Both traditional and LLM-based recommenders fall prey to fairness
and bias issues, where popular destinations are more likely to be recommended, reducing the
system’s diversity and unintentionally ignoring cities that are off the beaten track.

For example, in Figure 1.2, the user asks the LLM to recommend cities that are “not very
popular or crowded” amongst other preferences. However, the LLM’s recommendations are
Ljubljana, Bratislava, Timisoara, Lublin, and Kaunas. While the latter three recommendations
are indeed not popular cities, the LLM’s top two recommendations, Ljubljana and Bratislava,
still have high popularity, indicating that these systems can often falter in such situations and
further exacerbate this popularity bias.

Although this is a common issue in recommender systems across domains, increasing
popularity bias can adversely affect tourism, amplifying overtourism, which further leads to
environmental degradation and strain on local infrastructure.

In order to combat this, a multi-stakeholder perspective to TRS is paramount, which,
in addition to user satisfaction, considers item fairness and the societal impact of these
recommendations [10]. This is especially important in RecLLMs, which can often overlook
the other stakeholders to maximize personalization.

For the scope of this thesis, we define popularity in terms of the number of Points of Interest
(POIs) a city contains, which has been shown to correlate with the number of visitors [11].
Low popularity cities generally contain upto 150 POIs whereas Medium popularity cities
have between 150 and 400 POIs. High popularity cities like London and Paris contain 400-9000
POls.

Research Gap

Synthetic Data Generation: The precursor to designing any recommender system is the
availability of a dataset that can be used during a potential training phase and, subsequently,
for validation and evaluation. In CRS for tourism, however, the availability of datasets, partic-
ularly for city trip recommendations, is sparse. Synthetic benchmarks like TravelPlanner [12]
and TravelDest [13] either have different objectives like curating entire itineraries, or deal with
broad and ambiguous queries. Furthermore, they do not account for factors like sustainability
and consist of predominantly popular cities, which can exacerbate the aforementioned bias in
TRS trained on this data.

Therefore, the first part of this thesis focuses on designing and evaluating a synthetic
data generation framework, which includes multi-faceted aspects of travel, from user pref-
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| want some recommendations for a European city that is not very
popular or crowded and has great museums and architecture that |
can explore on a cheap budget

Here are some underrated European cities that are affordable, not overly crowded, and offer rich
museums and architectural beauty—perfect for a budget-friendly cultural trip:

e= Ljubljana, Slovenia
* Why go: A fairytale-like old town, baroque and Art Nouveau buildings, and a relaxed riverfront vibe.
* Museums: National Gallery, Museum of Modern Art, and the City Museum.
* Architecture: JoZe Ple¢nik’s unique architectural imprint is everywhere.

+ Budget tips: Many sights are walkable and free, and public transport is cheap.

e= Bratislava, Slovakia
*  Why go: Compact, charming city with medieval, Gothic, and Communist-era architecture.
* Museums: Bratislava City Museum, Slovak National Gallery.
¢ Architecture: Bratislava Castle, Blue Church, and historic old town.

+ Budget tips: Cheap eats and lodging; city passes offer discounts on attractions.

Figure 1.2.: An example of querying ChatGPT to provide travel recommendations. Although
the user specifically asks for less-crowded destinations, the top two choices are
Ljubljana and Bratislava, both of which have high popularity. The screenshot only
shows the top two options for brevity.
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erences to sustainability and popularity factors of destinations. The contributions include a
comprehensive knowledge base, consisting of travel-related information about 200 European
cities, in addition to the framework and dataset. The framework, SYNTHTRIPS, uses LLMs
as user simulators, evaluating the resulting queries performed on multiple dimensions and
measuring their groundedness, diversity, personalization, clarity, and overall fit.

Multi-Agent Recommender System: Figure 1.2 provides a glimpse of how a RecLLM,
when provided with different user preferences (or aspects), can potentially compromise on
less-straightforward aspects like sustainability and popularity to instead hyper-focus on
aspects that are easier to dissect, like budget, month and travel interests.

An emerging research direction involves multi-agent systems [14], where multiple LLMs,
each with a distinct objective, collaborate to fulfill user requests. These systems aim to achieve
a common goal by leveraging the strengths of different LLMs. In recommendation, these
agents might specialize in web search, user profiling, item analysis, or explanation generation
tasks.

Inspired by the multi-stakeholder view, the second part of this thesis presents CoLLAB-REC,
a multi-agent system designed to balance personalization and item fairness. Each agent
represents a stakeholder with a specific goal - for instance, a Popularity Agent focuses on
popularity preferences. In contrast, a Personalization Agent handles aspects like budget or
travel interests. These agents negotiate via a moderator, which fuses their outputs into a
revised recommendation list using heuristics designed to evaluate the relevance and reliability
of the agents. Using SYNTHTRIPS, we evaluate CoLLAB-REC to explore whether a multi-agent
setup can enhance diversity while preserving user relevance.

Contributions

Broadly, the main contributions of this thesis are: (i) SYNTHTRIPS: LLM-based user simulation
to generate synthetic travel queries, and (ii) CoLLAB-REC: balancing personalization and
popularity bias in travel recommendations using a multi-agent system. Further details about
the motivation and specific contributions can be found in their respective chapters.

1.2. Structure of the Thesis

The thesis is structured as follows: in Chapter 2 we explore the previous research in TRS,
specifically targeted towards using LLMs to alleviate the challenges within this domain.
Chapter 3 further introduces SYNTHTRIPS, the eponymous dataset and query generation
framework, subsequently used by CoLLaB-REc in Chapter 4 to design and evaluate a multi-
agent recommender system with the aim of balancing diversity and relevance in TRS. Finally,
Chapter 5 provides a concise summary of the results and discussion from the previous
chapters and an outlook into the limitations and future scope of how LLMs can improve the
quality of, and encourage sustainable recommendations in CRS for tourism.




2. Related Work

In this chapter, we discuss the recent advancement as well as current state-of-the-art in
Conversational Recommender Systems (CRS) using LLMs, structured as follows: Section 2.1
contains an overview of the different architectures, SOTA and problems in Conversational
Recommender Systems, followed by Section 2.2, which provides the list of existing datasets
for offline evaluation of Conversational Recommender Systems as well as illustrating the need
to create a personalized dataset for the tourism domain. Section 2.3, Section 2.4, Section 2.5
and Section 2.6 discuss different phases in the recommender system pipeline, and the potential
bottlenecks therein, which the introduction of LLMs could assuage, such as Preference
Elicitation, Integration of Sustainability, Ensemble LLMs, and Multi-Agent Systems.

2.1. Conversational Recommender Systems

Conversational Recommender Systems (CRS) are systems that integrate recommender tech-
niques like collaborative/content-based filtering with dialog systems, in order to increase
personalization through natural language in a session-based format [15]. CRS typically
comprise of an Natural Language Understanding (NLU) module which interacts with the
user to understand their interests and preferences, a State Manager, which decides what
action to take at any point during the session, the Recommendation module with its relevant
paradigms, and, the Natural Language Generation (NLG) module, responsible for generating
the final response to the user in a clear and conscise manner.

An earlier survey conducted by Jannach, Manzoor, Cai, and L. Chen [16] examines the
research in CRS, analyzing each module, their interaction protocols, datasets, module-specific
objectives, and their evaluation. The challenges identified by the authors, as well as in
successive research [17, 18, 19], include CRS as a group-decision-maker, generating convincing
explanations of the recommendation, and whether traditional metrics of evaluation suffice in
quantifying success in CRS.

However, over the past few years, with the rapid developments in the NLU & NLG abilities
of language models, or rather large language models, research in LLM-based recommenders (or
RecLLMs) has exploded with LLMs helping to alleviate some of the challenges mentioned
above [20, 21]. Friedman, Ahuja, Allen, et al. [22] study the development of RecLLMs,
which include using LLMs to extract preferences, generate explanations, and introduce
implementations to enhance personalization by adapting natural language user profiles.
Furthermore, incorporating external knowledge sources can help nudge the LLMs towards
the best recommendations, instead of relying on their own internal knowledge [23].

However, these systems are not without their challenges - LLMs can often contain biases
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Table 2.1.: An overview of the existing datasets and benchmarks as well as SYNTHTRIPS.

Dataset Domain Goal/Task Description Size LLMs/Model Data Sources
(#queries) Used
reddit- Travel Question Answer- Real-time travel discus- 10,000 N/A Reddit
travel-QA- ing + Finetuning  sions (posts and top com-
finetuning [26] ments) on top 100 travel-
related subreddits
TravelPlanner [12]lravel ~ Travel Plan Gener- Synthetically gener- 1,225 GPT-4 Scraped from the In-
ation ated queries and travel ternet

itineraries using LLMs,
including constraints such
as cuisine, accommoda-
tion, and transport

TravelDest [13] Travel City Trip Recom- Broad and indirect queries 50 Manually ~ Wikivoyage
mendations spanning over 700 cities Generated
FeB4RAG [27] General Federated Search Information requests col- 790 GPT-4 BEIR Datasets [28]

lected from the BEIR sub-
collections across multiple

domains
Recipe- Food  Multi-Aspect Rec- Manually annotated 500 Manually  FoodKG [30],
MPR [29] ommendation preference-based queries Generated  RecipelM+ [31]

that contain multi-item
descriptions to benchmark
conversational recom-
mender systems

SynthTRIPS  Travel City Trip Recom- Personalized travel 4,604 Llama- Wikivoyage, No-
mendations queries generated syn- 3.2-90B, madlist, Where And
thetically covering travel Gemini- When, Tripadvisor
filters such as budget, 1.5-Pro

interests integrated with
additional sustainability
features

learned from their training data, which can influence their responses, leading to bias and
unfairness [24]. Furthermore, they have a tendency to hallucinate and produce non-factual
information [25]. Identifying these issues is particularly hard, given their complex algorithms.

The following subsections provide a detailed outlook into the different phases of designing
recommender systems and how LLMs can be used to address long-standing challenges in
these areas.

2.2. Synthetic Data Generation

Early travel recommenders primarily relied on historical booking logs and user reviews
[5, 4, 32]. While these sources offer insights into popular destinations, they rarely include
explicit data for sustainability preferences or off-peak travel. Subsequent works have integrated
knowledge graphs to enrich semantic understanding of destination attributes [33], yet they
often lack diverse user persona data. A popular and effective way of considering the nuances
of user preferences is through Conversational Recommender Systems, which provide more
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interactive recommendations, as compared to traditional recommenders [34]. Table 2.1
provides an overview of some of the datasets in this field, across domains like travel [26, 12,
13] and food [29]. However, the dearth of data in order to evaluate this systems is a persistent
problem, especially with the time-consuming and resource intensive nature of manual data
collection and annotation.

Meanwhile, with the recent advancements in Large Language Models (LLMs) and their
ability to generate human-like conversations, there is a growing field of study that explores
their potential in simulating users and their behavior [35, 36, 37, 38, 39, 40, 41]. LLM-based
synthetic data generation has gained traction in domains such as healthcare [42] and education
[43], demonstrating the potential to produce large-scale, high-quality text data automatically.

Nonetheless, existing approaches either (1) do not specifically tailor synthetic data to travel
use cases, like FeB4RAG [27], or (2) do not incorporate robust sustainability and personalization
constraints. Furthermore, naive LLM-based query generation may lead to factual errors
unless carefully grounded.

Some studies have used LLMs to generate data for TRS, but they are often broad queries
that do not necessarily involve a user asking for city trip recommendations. For example, the
Reddit Q&A dataset introduced by Meyer, Singh, Tam, et al. [26] consists of 10,000 posts
and comments taken from various travel-related subreddits, covering a broad spectrum of
travel-related queries, including but not limited to visas, required vaccines, and itinerary
suggestions. TravelDest, a benchmark introduced [13], consists of 50 broad and indirect
textual queries, which are not sufficient to train algorithms. In tourism, Xie, K. Zhang, J. Chen,
et al. [12] uses LLMs to generate synthetic travel queries for origins and destinations in the
United States to annotate and benchmark travel itineraries. TravelPlanner only focuses on
testing the planning capabilities, so it doesn’t consider the persona aspect of the query. All
the queries sound similar and are in the same template, so we can’t test preference extraction
capabilities on this dataset.

2.3. Preference Elicitation

In TRS, there are often multiple aspects present in the user’s query, like when they intend to
travel, the purpose of the trip, and preferences about what to do during the trip, to name a
few. Korikov, Saad, Baron, et al. [44] formulate the Multi-Aspect Reviewed-Item Retrieval
(MA-RIR) problem as an extension of the RIR problem and the subsequent Late Fusion (LF)
technique proposed by Abdollah Pour, Farinneya, Toroghi, et al. [45]. They further propose
Aspect Fusion (AF), a method that is able to identify different aspects present in a user’s
query, perform separate retrievals, and subsequently fuse the results using LF to obtain the
final list of recommended items. Other studies have also focused on developing clarifying
question pipelines which enable the CRS with the means to find out more information about
the user’s preferences through a dialogue [46].
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2.3.1. Large Language Models for Preference Elicitation

Wen, Y. Liu, J. Zhang, et al. [13] use LLMs in order to perform Query Reformulation (QR)
on broad and indirect travel queries to clarify user intents. The authors introduce a novel
prompting technique, which identifies keyphrases, or subtopics, from the user’s broad query
and provides elaborations using city examples.

In contrast, Kemper, Cui, Dicarlantonio, et al. [47] use few-shot learning to enhance LLMs
to extract user preferences as hard and soft constraints. This enables state updates, allowing
the system to keep track of the user’s old preferences and account for any changes. In
addition to the preferences, the authors also instruct the LLM to keep track of the rejected
items, increasing personalization.

While this thesis assumes a predefined set of travel preferences - budget, travel month, and
interests - are already available and assigned to each LLM agent alongside the user’s query,
this subsection lays the groundwork for incorporating a future prerequisite step of preference
elicitation directly from the user input.

2.4. Sustainable TRS

Recent work highlighted by Banerjee, Banik, and Worndl [10] points to the rise of a promising
new research direction that recognizes society or the environment as key stakeholders in the
recommendation process. For instance, Merinov [48] integrates sustainability into a multi-
stakeholder recommender system by formulating an objective to redistribute tourist flows
and mitigate overcrowding. Other sustainability goals explored in earlier studies include
economic sustainability[49], food security [50], air pollution reduction [51], promotion of
eco-friendly accommodations [52].

Furthermore, Banerjee, Mahmudov, Adler, et al. [11] develop a scoring mechanism to
weight cities based on multiple sustainability factors, including carbon emissions, popularity,
and seasonality. This S-Fairness score is utilized in Sustainability Augmented Reranking
(SAR), introduced by Banerjee, Satish, and Worndl [53] during the workflow of a Retrieval
Augmented Generation (RAG) pipeline to recommend sustainable city trips to users using
LLMs. However, neither traditional nor LLM-based recommenders possess the inherent
sustainability knowledge, with the latter even ignoring the SAR procedure to revert to
recommending non-sustainable cities.

2.5. Popularity Bias in Recommender Systems

2.5.1. Fairness of Recommendations

Fairness of Recommender Systems has received an increasing amount of attention from the
community over the past few years. However, the definition of fairness when it comes to rec-
ommendations is multi-faceted and can differ from different perspectives - user, item, system,
and legal and ethical perspectives as well [54]. On the user’s side, an imbalance between very
active users and inactive, or new users, can result in unfairness of recommendations towards
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the latter [55]. From the item provider’s perspective, sticking to the most popular items can
exacerbate the popularity bias, leading to long-tail and niche items not being recommended to
users. Finally, fairness for the entire system implies maximising its long-term goals, in terms
of user feedback and metrics of success. In the travel domain, where item-side unfairness
has a direct link to overtourism and worse sustainability, multi-stakeholder approaches have
been studied to analyze biases and balance recommendations between the user, items, and
society [11, 10].

Identifying unfairness of recommendations is particularly challenging when the systems
are black-box, like LLM-based recommenders (RecLLMs), which often consist of an immense
amount of training information and complex internal algorithms, making it harder to identify
the origin of the bias. Furthermore, due to its differences in architecture with traditional
recommendation systems, previously established benchmarks of fairness may not always be
applicable to evaluate RecLLMs [56], often requiring specific prompt tuning or fine-tuning-
based strategies for evaluation [57].

For example, M. Jiang, K. Bao, J. Zhang, et al. [58] investigate the item-side fairness problem
in LLM-based Recommender Systems, finding that these systems are significantly affected by
the popularity bias of items, and introduce a reweighting and re-ranking-based framework
used to finetune LLMs and improve their item-side fairness.

2.5.2. Popularity Bias in LLM-based Recommenders

Lichtenberg, Buchholz, and Schwobel [59] use the definition of popularity bias in recom-
mender systems as defined by Klimashevskaia, Jannach, Elahi, and Trattner [60] as “when
the recommendations provided by the system focus on popular items to the extent that they limit the
value of the system or create harm for some of the involved stakeholders”. In the case of LLM-based
recommenders, the authors posit that it is not unexpected to observe popularity bias, as the
models are more likely to be trained on popular items as opposed to unpopular items.

The authors introduce a popularity bias metric, log popularity difference, based on desiderata
such as well-behaved, zero-centered, anti-symmetric, long tail sensitivity, and monotonicity.
The log popularity metric uses a log transformation along with computing the mean to
aggregate the values, and finally computes the difference between the aggregated and
transformed popularities of the recommended list as well as the user’s base popularity.

In order to measure the popularity bias of standard recommenders as well as an LLM-
based recommender (WOK, or WOrld Knowledge recommender), the MovieLens dataset is
used [61]. The authors instruct the LLM to use only the knowledge gathered during training
and provide it with the user’s watch history. The results show that LLM-based recommenders,
like Claude and GPT, show reduced popularity bias, even without explicit bias mitigation
instructions. Adding mitigation and minimization instructions in the prompts can further
reduce popularity bias; however, they also show decreased recommendation performance,
measured by the hit rates HR@5 and HR@10, indicating a trade-off between bias mitigation
and recommendation relevance.
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2.6. Ensemble LLMs and Multi-Agent Systems

Although LLMs are powerful tools with impressive generative capabilities, they often fall
short and struggle with complicated tasks involving multiple criteria to adhere to. Recent
studies have found that instead of a single LLM, using multiple LLMs in an ensemble setting
can improve their performance [62]. Guo, X. Chen, Y. Wang, et al. [63] survey the current
research into multi-agent systems in various domains, studying the different frameworks
and applications. Furthermore, J. Li, Q. Zhang, Y. Yu, et al. [64] analyze the scaling effects
of LLM agents and find that simple sampling-and-voting strategies are able to enhance
the collective performance to provide improved overall results for problems of varying
complexities. In recommender systems, Y. Zhang, Qiao, J. Zhang, et al. [65] survey the
state-of-the-art paradigms and architectures that develop and apply LLM agents to enhance
search and recommendation capabilities.

2.6.1. Ensemble LLM Agents

D. Jiang, X. Ren, and B. Y. Lin [66] introduce LLM-Blender, a post-hoc framework that ranks
and subsequently fuses the results of an ensemble of LLMs. The ranking is done with a
PairRanker, which uses a Cross-Attention Transformer to compute the pairwise comparison
between a pair of LLMs and the input. These scores are then aggregated for every pair
of candidates to get the top-K “best” candidates. The second step involves fusing these K
candidates using a seq2seq approach [67] by concatenating the inputs with the candidates and
fine-tuning a generative model like Flan-T5 [68] to generate the final output. This approach
allows them to take advantage of the diverse strengths of different LLMs and exploit their
abilities to compute superior results.

Furthermore, B. Lv, C. Tang, Y. Zhang, et al. [69] build on the LLM-Blender method to
introduce the Uniform Ranking and Generation (URG) approach, which incorporates cross
attention with KL-loss as well as a noise mitigation training stage to train against badly ranked
candidates, thereby enhancing the robustness of the framework and achieving State-of-the-Art
(SOTA) performance with both automatic and human evaluation metrics.

2.6.2. Multi-Agent Systems
LLM-based Multi-Agent Systems

An emerging area of research involves testing the applicability of LLMs as agents in a multi-
agent setting to tackle problems in various domains, from mathematical reasoning to decision-
making [63, 70]. These settings often involve autonomous LLM agents with designated
roles collaborating through interactions and sharing information. Surveys by Yehudai, Eden,
A. Li, et al. [71] and Q. Peng, H. Liu, H. Huang, et al. [14] review current algorithms and
workflows, focusing on communication, evaluation, and applications in areas like web search
and scientific Q&A. K.-H. Huang, Prabhakar, Dhawan, et al. [72] design an agentic system
and benchmarks for customer resource management and find that LLMs tend to struggle
with this task and achieve limited success.

11
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Facilitating Interaction between Agents

As each agent in a multi-agent system is autonomous with its own designated tasks and
instructions, efficient information sharing and collaboration between multiple agents are
paramount to help the agents benefit from other perspectives and negotiate with each
other [73, 74]. One prominent strategy explored is Multi-Agent Debate, where agents
are provided with each other’s responses and asked to debate over multiple rounds to
arrive at a consensus [75]. X. Chen, Mao, S. Li, and Shangguan [76] apply a similar debate-
feedback algorithm to legal documents and find that multi-agent systems, enhanced with
reliability analysis of the agents, can significantly outperform state-of-the-art models in legal
judgment prediction while minimizing the need for extensive training data. In ReConcile,
the authors use round table conferences between agents with confidence-based weighted
voting protocols to reach consensus [77]. Further studies by Wan, J. Chen, Stengel-Eskin, and
M. Bansal [78] and Shridhar, Sinha, Cohen, et al. [79] also show how iterative refinement by
asking subquestions and providing critiques can improve the performance of LLM agents in
summarization and Q&A. However, explicit consensus via majority voting can often lead to a
trade-off with diversity, as explored by Z. Wu and Ito [80], who posit that distinctive roles for
agents coupled with implicit consensus mechanisms can bolster diversity while maintaining
broad consensus.

Multi-Agent Recommender Systems

LLM-based Multi-Agent Systems have also been explored in a conversational recommendation
setting. These LLM agents, equipped with memory and knowledge of historical states as
well as access to external APIs, collaborate with each other to effectively understand user
preferences and provide tailored recommendations without the need for large datasets or fine-
tuning [81]. These systems generally consist of a centralized Manager agent, as introduced
in MACRS [82] and MACREC [83], along with agents instructed to analyze the user and
item spaces. A Search agent is also commonly included, consisting of a search engine
and access to external sources of information, which could be the Web or a database [84].
With MATCHA [85], this setup is further extended to incorporate safeguard agents against
jailbreaking and dangerous content generation, and a dedicated agent for improving the
explainability of the recommendation in the video game domain. These systems provide a
good foundation for the various roles agents can play and how they can interact with each
other to provide high-quality recommendations.

However, to our knowledge, multi-agent systems have not yet been explored for tourism
recommenders. This thesis aims to address this research gap by designing an agentic
recommendation framework to provide personalized recommendations given a user query.
Furthermore, by incorporating the multi-stakeholder approach to tourism in our system
design [10], we aim to study if a multi-agent system with distinct agent roles and objectives
can provide recommendations that are not only customized to user preferences but are also
diverse and balanced.

12



3. SynthTRIPS: Synthetic Query Generation

This chapter introduces and discusses SYNTHTRIPS [1] - the synthetic query generation
framework, as depicted in Figure 3.1, customized to enhance personalization and sustainability

in Tourism Recommender Systems.
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Figure 3.1.: The SYNTHTRIPS framework for generating synthetic data using LLMs for per-
sonalized, sustainable city trips.

Motivation

In the travel domain, personalization is especially valuable: user choices depend on indi-
vidual preferences (e.g., budget, travel style, sustainability concerns) and contextual factors
(destination popularity, local activities, etc.) [86]. Consequently, high-quality training data
that reflects real-world travel preferences is essential for building effective and robust Tourism
Recommender Systems.

However, publicly available travel datasets are often limited in breadth (e.g., focusing only
on popular cities) and depth (e.g., missing nuanced preferences like climate consciousness,
walkability, or budget constraints). The lack of richly annotated data hinders research on
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advanced personalization strategies incorporating specialized filters — such as sustainable
travel or off-peak tourism.

Large Language Models (LLMs) — such as GPT-4, PaLM, and LLaMA — provide a powerful
way to generate human-like text, which can be used to emulate users for recommender
systems [87]. In the travel context, LLMs can:

1. Emulate diverse user personas (e.g., a budget-conscious student vs. a sustainability-
focused family).

2. Incorporate structured filters (e.g., budget limits and environmental impact considera-
tions).

3. Generate natural-sounding requests that integrate factual knowledge (e.g., city highlights,
monthly visitor footfall).

However, LLMs are prone to hallucination when asked for domain-specific details. To
mitigate this, we propose grounding LLM responses in curated knowledge bases (KB) to
ensure factual correctness regarding destinations, costs, or sustainability metrics.

Given that travel data with rich user and contextual features is notoriously difficult,
our goal is to design (i) a synthetic dataset that captures realistic travel constraints; (i) a
generation pipeline that enables flexible updates (new personas, destinations, or sustainability
constraints); and (iii) reproducible evaluation protocols, in order to address the pressing need
for better coverage, deeper personalization, and a more robust domain grounding in tourism
recommendations.

Below are some example user queries for a sustainable city trip, ensuring factual accuracy
by grounding in a verified KB.

* Q1. “Find a low-budget, walkable city in Europe with unusual museums or a hidden, alternative
nightlife scene.”

* Q2. “Quiet European coastal city with good air quality, affordable, not touristy, with interesting
nightlife options.”

* Q3. “Best European cities for unique, artistic experiences and independent cinema, avoiding
mainstream tourist attractions?”

Such queries capture complex personalization aspects (budget, interests, sustainability)
that are typically underrepresented in publicly available travel datasets [12, 13]. As evident
from Figure 3.1, our resource generation framework, SYNTHTRIPS, automates the creation of such
queries at scale, pairing persona definitions with domain-specific constraints to produce a rich corpus
for training and benchmarking TRS models.

Contributions

SynthTRIPS is a novel resource for building sustainable, persona-aware travel data via LLMs,
which addresses a critical gap in the tourism recommendation community by offering:
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¢ A reproducible pipeline for large-scale synthetic data generation rooted in a curated
knowledge base (KB) that ensures factual grounding. By focusing on European city trips
and integrating sustainability metrics such as walkability, off-peak travel, and popularity
constraints, SYNTHTRIPS provides a versatile blueprint adaptable to diverse travel contexts.

¢ Open-source datasets and code: We publicly release all components, accessible here,
including:
- Data: (1) A structured Knowledge Base (KB) containing real-world attributes of
European cities, (2) Generated queries that integrate filters (budget, timing, popularity,
sustainability)

— Code for Query Generation: (1) Prompt templates leveraging In-Context Learning
(ICL) with various persona definitions, (2) Colab notebooks for straightforward
replication of the entire pipeline.

— Code for Evaluation: (1) Automated LLM-based evaluation measuring groundedness,
factual correctness, persona alignment, and sustainability compliance, (2) Tools for
expert (human) evaluation for clarity, diversity, and overall rating.

¢ A flexible framework for future expansions: Researchers can easily adapt SYNTHTRIPS to
other regions or thematic focuses (beyond sustainability) by updating the underlying KB
and modifying persona definitions or filter sets.

By offering a complete methodology for generating data and robust evaluation metrics,
SYNTHTRIPS opens new avenues for more personalized, sustainability-focused travel recom-
mendations.

This chapter is organized as follows: Section 3.2 provides a detailed formal description and
methodology of our query generation framework. Subsection 3.1.1 subsequently presents
our primary resources along with their key statistics and Section 3.3 outlines the various
validation dimensions utilized to evaluate the quality of our generated queries.

3.1. Dataset

3.1.1. Knowledge Base

Our KB construction is inspired by the data sources and methodology outlined in Banerijee,
Satish, and Worndl [88]. We utilize Wikivoyage's Listings! data for detailed tabular informa-
tion on POls, including places to visit, accommodations, and dining options in 141 unique
European cities. The POls in this dataset are categorized into different activity categories
such as see’, ‘do’, "eat’, 'drink’, 'sleep’, and ‘go’.

To map the wikivoyage listings POIs to the five travel preferences in Section 3.2, we
use bart-large-mnli, a BART [89] variant trained on the MNLI dataset [90], for zero-shot
classification. This pre-trained Natural Language Inference (NLI) model enables sequence

Thttps:/ / github.com /baturin/wikivoyage-listings
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classification without additional training [91] and assigns a probability score indicating how
well each POI aligns with the defined travel filters. The top three most probable items in each
activity sub-category per city are selected to maintain consistency, reduce anomalies, and
remain within the LLM’s context window.

Publicly available data from Tripadvisor? and Where and When (W2W)? is utilized to incor-
porate both popularity and seasonality into the sustainability features of our KG. Tripadvisor
reviews and opinions represent city popularity, while W2W’s monthly visitor footfall data
indicates seasonality [88]. Additional cost labels, AQI levels, and walkability data are sourced
from Nomadlist?.

Basic Statistics

The final dataset comprises 200 cities from 43 European countries, formed by combining the
cities from the aforementioned four datasets. Analyzing the distribution of popularity in
our KB shows that 59.16% of the cities are categorized as high popularity, with 29.66% and
11.18% categorized as medium and low popularity respectively. To ensure that this skew in
the data does not reflect in our generated queries, we use a popularity-based stratification
while generating the configurations such that there is an equal representation of low, medium,
and popular cities.

Furthermore, looking into the seasonality reveals that the peak seasons across cities are the
summer months in Europe, from May — September. December also sees a slight increase in
seasonality, potentially due to the Christmas holiday season, which precedes the decrease in
seasonality over the winter. January — March is the low-season months across cities.

Following the classification of the interests into the 5 categories as described in Subsec-
tion 3.2.1, we observe that the distribution of travel interests in our KB is predominantly
related to Arts & Entertainment and Food, comprising of almost 70% of the dataset, followed
by Outdoors & Recreation, Nightlife Spot and Shops & Services. These interest categories cover a
wide range of points of interest, from museums, galleries, and theaters to restaurants, bars,
and natural sights, ensuring diversity of travel interests during query generation.

3.1.2. Generated Queries

Our framework results in a total of 4,604 diverse queries generated from 2,302 key functions
in 3 experimental settings (qv, 4po, and gp1) for each model namely gemini-1.5-pro and llama-
3.2-90b . The dataset consists of the mapping between key functions, retrieved-context, and
generated queries. The configuration setting includes the selected persona, city popularity,
complexity, and travel filters. The retrieved context includes the information used to ground
the query (f € F) and the set of cities from our knowledge base that align with the travel
filters (Z C D). Additionally, the dataset contains three types of queries, corresponding to
each experimental setting.

2https://tripadvisor.com
Shttps://www.whereandwhen.net
4https://nomadlist.com
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Basic Statistics

Each query in our generated queries dataset is mapped to an un-ranked list of ground truth
cities. To ensure balanced exposure for each city, we stratify our key functions based on the
city category described in Subsection 3.1.1. This results in a well-proportioned distribution of
generated queries: 739 low-popularity cities (32%), 784 medium-popularity cities (34%), and
779 high-popularity cities (33%). In this dataset, we have, on average, 11 cities from our KB
mapped to a generated query.

3.2. SynthTRIPS Query Generation Pipeline

We now describe the formal design of SYNTHTRIPS and illustrate how LLMs are leveraged to
generate rich, realistic user queries. Our system is organized around three core modules: (1)
Persona Hub, (2) Travel Filters, and (3) Contextual Prompting with KB Grounding, as shown in
Figure 3.1.

3.2.1. Formal Description

Personas: Prior research has shown that persona-guided LLMs can generate more diverse
annotations than standard LLMs, improving the variability of LLM-based data annotation [92,
93]. Hence, to include the personalization aspect in our setup, we use personas from the
PersonaHub dataset, containing 200,000 unique personas. This dataset is a repository of
diverse user profiles (e.g., student, family, digital nomad), where each profile includes
attributes such as age, interests, and environmental concerns.

To ensure broader coverage and reduce redundancy, we apply BERTopic modeling [94]
using all-MinilM-L6-v2 embeddings on 196,693 English personas, clustering them into 201
topics (with one outlier group). We then select the highest probability persona from each
cluster, resulting in a refined set of 200 diverse and representative personas.

Let p € P, where P = {p1,p2,...,P200} denotes this refined set of 200 personas, and let
f € F be a set of travel filters (explained below).

Knowledge Base (KB) We denote our knowledge base of European cities and their attributes
as:
KB=(C,AV),

where:

¢ Cis the set of city entities (e.g., “Amsterdam,” “Berlin,” “Budapest”),

awr

* A is the set of attribute types relevant for city travel (e.g., “walkability index,” “average
cost,” “peak season,” “AQI"),

¢ V:Cx A — D is a partial function mapping city-attribute pairs to a value domain D (e.g.,
real numbers or categorical labels).

We refer to KB as containing all factual knowledge used to ground the LLM generations.
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Travel Filters: These filters F are used to retrieve the relevant domain information from
KB using structured queries. We define the set of travel filters F as a combination of travel
filters, sustainability factors, and destination popularity:

F = Fpref U Fsust U —Fpop (3.1)

Travel filters (Fpref):
F pref — {JT" budget/ F month- Enterests} (32)

where:
* Fbudget: (low, medium, high),
* Fionth: (January—December),

® Finterests: from five categories [95]: Arts & Entertainment, Outdoors & Recreation, Food,
Nightlife Spots, Shops & Services.

Sustainability Factors (Fsyst):

F sust — {f seasonality s F walkability s F, AQI} (33)

Here, Fseasonality focuses on less crowded (off-peak) months, Fyaikability imposes a minimum
walkability index, and Faqr checks city air quality thresholds. Sustainable destinations
typically prioritize low seasonality, high walkability, and excellent AQIL

Destination Popularity (F},.p): We estimate popularity from the normalized number of
Tripadvisor reviews [11]. For a city c, let R(c) be the number of reviews. We define:

R(c) — min R(c")

. 'eC
popularity(c) = max R(7) C—EminR(c’) (3.4)
ceC ceC

We then split the normalized scores into three tiers (low, medium, high). We separate popularity
from sustainability constraints to ensure a balanced dataset covering all popularity ranges.

Complexity Levels of Filters. Inspired by TravelPlanner [12], we define four levels of
complexity:

Easy: feasy - {f}/ f GR fpref
Medium: foeq = {f1, 2}, fi, fo €R Fpret, f1 # f2
Hal‘d: fhard - -Fpref

Sustainable: fost = {f1, 2} U{s}, f1,f2 €R Fpref,s ER Fsust

This ensures a mix of simple and more complex queries. Formally, let

F. complexity — {feasy/ fmed/ fhard/ fsust}-
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Overall Key Functions. For each persona p € P, we generate queries across all four
complexity levels and three city popularity tiers (low, medium, high). This yields:

P % |]:C0mplexity| X |]:p0p| =200 x4 x 3 =2,400

possible key functions, denoted ¢(p, f).

Retrieval of Grounding Context. When a key function ¢(p, f) is chosen, we run a structured
query on KB:
9 C D = Retrieve(KB, f),

thus obtaining only the relevant facts (e.g., cities ¢4 and their corresponding attributes
satisfying the filter constraints). If Retrieve(KB,f) = @, the filter is deemed invalid. This
results in 2302 valid key functions for our use case.

Prompt Construction. The context 7, along with the persona p and the filter set f, is
assembled into a structured prompt:

Prompt (p,f, 2).

We feed this prompt to a Query Generator LLM, denoted Lquery_gen- The resulting final user
query is:

Q= ﬁquery_gen (Prompt(Prfr @)) :

City Recommendation (Optional). If a subsequent step uses an LLM or any recommender
model Lyec gen for city recommendations (given the newly generated user query), we denote
that:

Crec_gen = Erec_gen (Q)/
where Crec_gen is the list of recommended cities provided by Lyec_gen- However, this step is
optional for creating our synthetic user query dataset, since we primarily focus on generating
queries in SynthTRIPS. Still, the framework naturally extends to a multi-turn pipeline.

3.2.2. Goal

The goal of SYNTHTRIPS is to produce a dataset Q = {g1,42, ... } and accompanying cities
in the context ¢y, ensuring the queries are realistic, personalized, and grounded in factual
knowledge.

Example

Consider a configuration where:

* Persona (p): “A wanderlust-filled trader who appreciates and sells the artisan’s creations in
different corners of the world”
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e Filters (f):
- Popularity: Low
— Interests: Nightlife Spot

Given this configuration, the pipeline generates a variety of queries:

* Vanilla Query (qy): “Recommend off-the-beaten-path European cities with low popularity for a
nightlife-focused trip with a mix of bars, clubs, and live music venues.”

* Persona-Specific Query 1 (qp0): “Unique nightlife and cultural experiences in off-the-beaten-
path European cities for a budget-conscious traveler interested in local artisans.”

* Persona-Specific Query 2 (qp1): “Which European cities offer a rich cultural heritage, historic
centers, and local artisan markets to explore?”

This example highlights how the combination of personas and filters shapes the generated
queries, providing both general (vanilla) and tailored (persona-specific) outputs. We explain
the different outputs (vanilla, and personalized) in Subsection 3.2.4.

3.2.3. In-Context Learning and Prompt Templates

SYNTHTRIPS employs few-shot or single-shot In-Context Learning (ICL) to guide the LLM to
produce queries that are stylistically aligned with the persona and faithful to the filters. Our
prompt template [96] typically includes:

1. Task Description: Instruct the LLM to generate user queries given a specific persona, set
of travel filters, and retrieved KB data.

2. In-Context Examples: One or more example queries illustrating the desired style and
structure.

3. Persona, Filters, & Context: The explicit persona traits, the chosen filter constraints, and
relevant city attributes from the KB.

4. Output Requirements: The final request to produce a single-sentence or multi-sentence

user query, possibly with formatting constraints (e.g., no direct city names).

3.2.4. Response Generation

For each of the 2,302 valid key functions, we experiment with three conditions using Ilama-
3.2-90b and gemini-1.5-pro as the Lquery_gen:

* gy: Vanilla (Non-Personalized): Persona information is omitted.
* gpo: Personalized Zero-Shot: Persona information is included, but without an example.

* gp1: Personalized Single-Shot: Persona information is included along with an example.
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Hallucination Mitigation via Grounding

LLMs can produce hallucinated statements when lacking access to factual references [97]. To
address this in SYNTHTRIPS, we explicitly ground the LLM output by:

¢ Strict retrieval from KB: Only validated attributes from KB that meet the filter constraints
are provided in the prompt.

* Post-generation checks: To ensure properly formatted outputs, we implement an output
parser. When the LLM generates overly verbose responses, we first apply regex-based
extraction. If unsuccessful, we use an LLM-based parser using gemini-1.5-pro , followed by
manual verification.

SYNTHTRIPS significantly reduces inaccuracies and fosters factual consistency through
prompt guidance and post-generation verifications.

3.3. Evaluation

In this section, we present the validation of the generated queries, focusing primarily on
assessing their quality. Additionally, we demonstrate their practical utility by leveraging a
recommender LLM, denoted as Liec_gen, to generate travel city recommendations.

We validate the generated queries across the following dimensions: groundedness with
travel filters (Subsection 3.3.2), alignment with context (Subsection 3.3.4), alignment with
personas (Subsection 3.3.3), adherence to sustainability filters (Subsection 3.3.5), diversity of
generated queries and overall clarity and quality assessment (Subsection 3.3.6). Additionally,
Subsection 3.3.1 provides an overview of our experimental setup. Figure 3.2 shows a radar
chart showing the different dimensions of validation and performance of queries generated
by both the models.

Persona
Persona Alignment (L)
Alignment (E)

Groundedness (E)

Context
Alignment

Groundedness (L)

Persona
Persona Alignment (L)
Alignment (E)

Groundedness (E)

Context
Alignment

Groundedness (L)

Sustainability Sustainability
(MAE) (MAE)
Overall Overall
— Gemini -v — Llama-v
Diversity Gemini - p0 Diversity —— Llama- p0
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Figure 3.2.: Radar Charts comparing the different dimensions of validation and performance
of queries generated by gemini-2.5-flashand llama-3.2-90b . L (E) denotes LLM
(Expert) validations.
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3.3.1. Experimental Setup

We use a combination of offline experiments and expert (human) evaluations to assess the
quality of the generated queries. The subsequent discussion provides a detailed overview of
our experimental setup across these validation criteria.

Offline Experiments

We assess the quality of the generated queries through the following offline experiments:
(1) JudgeLLM, or J-LLM (gpt-40 ) to evaluate alignment with travel filters and persona, (2)
semantic similarity for contextual alignment, (3) Mean Average Error (MAE) to measure
sustainability alignment, and (4) Self-BLEU scores to assess query diversity.

Expert Evaluation

To align JudgeLLM outputs with human judgment, we conduct expert evaluations on 60
queries per model. Two domain experts independently assess the queries using a custom
Streamlit-based tool, available on Hugging Face Spaces®. Figure 3.3 shows a screenshot of
the interface.

Experts review queries from gy, g0, and gp1 blindly, with access to relevant personas
and filters to reduce bias. The tool includes collapsible instructions, supports incremental
submissions, and saves data in a Firebase real-time database [98]. Evaluations focus on
dimensions LLMs often struggle with: persona alignment, travel filters, clarity, and overall fit.

The following sections provide a detailed analysis of the evaluation outcomes for each
query dimension.

3.3.2. Groundedness with Travel Filters

The following subsections elaborate on quantifying the coverage of the generated queries,
or rather, how well they are grounded with respect to the input filters. Coverage indicates
how many of the input filters are included in the query. For example, asking for a popular
destination when the input filter is “low popularity” should result in a lower groundedness
and is an indication that the LLMs did not listen to instructions.

Finding Number of Matched Filters using JudgeLLM

To measure how well the generated queries represent the input constraints or the travel filters,
we measure the groundedness using LLMs as an evaluator (JudgeLLM) [99]. We use gpt-4o0
as our JudgeLLM to evaluate the queries generated by llama-3.2-90b and gemini-1.5-pro by
providing the generated query and the travel filters and asking it to find the number of filters
present in the query, along with an explanation. We then use these matches to compute the
Mean Recall (MR) for each query setting as follows:

5 https:/ /huggingface.co/spaces/ashmib /user-feedback
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Hello John Doe &

Question 1 of 60

Instructions

Instructions

Context Information

Parsana

Awanderlust-filled trader who appreciates and sells the artisan’s creations in different corners of the world

Filters.

{'pepularity’: 'low', 'month': 'February', "budget': 'medium', 'interests': 'Nightlife Spot'}

Rate the following queries based on the above context.

1
Which european cities have a rich cultural heritage, historic centers, and local artisan
markets to explore?
Groundedness: Persona Alignment: Clarity: Overall Fit:
O N/A O N/A O N/A O N/A
Not Grounded Not Aligned Not Clear Poor
Partially Partially Somewhat Moderate
Grounded Aligned Clear Strong Fit
Grounded Aligned Very Clear
Unclear Unclear

Figure 3.3.: Screenshot showing a part of the evaluation tool developed for the expert study.
The full version can be found here.
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N .
MR=Y len(matches); (35)

= len(filters);

The results of the MR scores can be found in Table 3.1. We can see that the vanilla setting
(gv) consistently outperforms the other two settings across models, with the personalized
zero-shot (gpo) setting showing the second-best performance. However, the personalized
single-shot (gp1) setting shows extremely low recall values across models. We theorize that
this is due to the models overfitting on the persona and the ICL example provided in the
prompts, which also led to lower diversity scores for this setting.

Expert evaluations align with the observed trends of JudgeLLM in Table 3.1, with evaluators
categorizing queries into four levels: 0 for Unclear, 1 for Not grounded, 2 for Partially grounded
and 3 for Grounded, based on their alignment with travel filters. The percentage of queries
rated as Grounded (level 3) is reported in Table 3.1. To further analyze the reliability of expert
judgments, we measured inter-evaluator agreement, where we obtained a Mean Absolute
Error (MAE) of 0.083, indicating a high level of consistency between the two evaluators.

Table 3.1.: Validation results assessing the alignment of generated queries with travel filters
(F) and personas (p), as evaluated by both the LLM as Judge (J-LLM) and domain
experts. The values in bold (italics) denote the maximum (minimum) values for
each model across all the settings — gy, qp0, and gp1. 1(]) means higher (lower) is
better.

Model Query Alignment (%) 1
Setting F p

J-LLM  Expert J-LLM Expert

Gy 0.759 0869 N/A N/A
Llama Jp0 0.644 0.806 34.348 33.333
Ip1 0.043 0346 61.538 59.167

Jv 0.717 0.867 N/A N/A
Gemini-1.5-Pro qp0 0595  0.840 32.841 39.167
Ip1 0.042 0344 60.382 50.833

Further Metrics of Groudedness

Cosine Similarity: A simple and straightforward metric to measure groundedness without
having to rely on a JudgeLLM is to compute the cosine similarity of the queries with the
input filters. Here, we use all-miniLM-L6-v2°[100] to compute the sentence embeddings of
the queries and the filters. We then compute the mean cosine similarity between the query
and each input filter. Table 3.2 shows the results of this cosine similarity score, averaged

®https:/ /huggingface.co/sentence-transformers /all-MiniLM-L6-v2
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Table 3.2.: Filter Groundedness Results using Cosine Similarity and JudgeLLM (D+F). The
values in bold denote the maximum value for each model across the settings.
Tmeans higher is better.

Model Query Setting Cosine Similarity T JudgeLLM (D+F) Recall 1
qv 0.405 0.801
Llama 9p0 0.360 0.676
p1 0.279 0.093
qv 0.407 0.727
Gemini-1.5-Pro Ip0 0.373 0.611
Ip1 0.296 0.056

over the number of queries. We observe that g, shows the best similarity with filters across
llama-3.2-90b and gemini-2.5-flash, outperforming g0 and gp1, indicating that providing a
persona to the LLM may cause it to overlook some travel filters.

Decomposition and Faithfulness with a JudgeLLM: While the earlier evaluation with the
JudgeLLM only asked the judge to count the number of matches, in order to bolster this
evaluation with further evidence, we experiment with a two-phase evaluation approach:

* Decomposition (D), where we prompt the JudgeLLM (with an example) to decompose
the given query into several standalone statements, where each statement ideally
encompasses a filter. This is done in order to reduce confusion by separating filters
from each other and evaluating them independently.

e Faithfulness (F), where the LLM is asked to map each of the decomposed sentences with
the travel filters.

The system and user prompts for both stages can be found in Subsubsection A.1.1. In
Table 3.2, we report the mean recall of the mapping done during the JudgeLLM (D+F)
evaluation, revealing yet again, that vanilla queries tend to have the best coverage with respect
to the travel filters. We also notice the sharp decline in recall from g to gp1, lending credence
to the assumption that providing an example in addition to the persona only confuses the
LLMs and leads to worse coverage.

3.3.3. Persona Alignment

We assess the alignment of generated queries with personas using expert evaluation and
JudgeLLM (gpt-4o ), following a two-fold approach similar to that described in Subsection 3.3.2.
Both LLM-based and expert evaluators are provided with the persona description, the query,
and four rating options: Not Aligned, Partially Aligned, Aligned, and Unclear. They are asked to
determine how likely the persona would formulate the given query, focusing on tone and
phrasing rather than inferred filters.
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To mitigate potential biases associated with specific personas, the evaluation prompts
explicitly instruct the LLMs and expert evaluators to assess only the tone and linguistic
style of the query rather than making assumptions about the persona’s domain expertise or
preferences. This ensures that alignment ratings reflect the stylistic coherence between the
query and persona rather than pre-existing biases.

Table 3.1 presents the results of the persona alignment for each model and query setting,
comparing JudgeLLM and expert evaluations. We measure the persona alignment as the
percentage of queries rated as Aligned. Although g,1 shows weaker groundedness with the
travel filters, it achieves a higher persona alignment score than gy, according to JudgeLLM
and expert evaluations. This suggests a potential trade-off between persona alignment and
query groundedness.

To quantify inter-evaluator agreement, we calculate the MAE score between expert rat-
ings, obtaining a moderate agreement level with an MAE of 0.3. The relatively high MAE
suggests that persona interpretation is inherently subjective and can vary across individuals,
highlighting the challenges of achieving consistent persona alignment in query generation.

3.3.4. Contextual Alignment

While Subsection 3.3.2 and Subsection 3.3.3 focus on evaluating the alignment of the query
with respect to the filters and persona respectively, in the following subsections we assess
query groundedness within the context to minimize LLM hallucinations and ensure factual
accuracy from our knowledge base (KB).

Context Groundedness with MiniCheck

The groundedness with respect to the retrieved context is computed using MiniCheck,
introduced by L. Tang, Laban, and Durrett [101], an LLM-based factchecker. Provided
with a source document (here, the retrieved context) and a target claim (here, our queries),
MiniCheck uses Flan-T5 [102] to predict entailment between the claim and source, i.e., the
probability that the claim is validated by the source.

The results of the evaluation using MiniCheck are presented in Table 3.3. The average
MiniCheck probabilities across llama-3.2-90b and gemini-1.5-pro are the highest for the gy,
followed by a sharp decrease for for the personalized variants, with g1 showing the worst
results. This provides further evidence to establish the tradeoff between personas and
groundedness, suggesting that the LLMs may choose to focus on the persona, leading to a
compromise in contextual alignment.

Semantic Search with the Vector KB

Another evaluation method used to quantify the contextual alignment is a semantic search for
the query q using our KB (now represented as a vector database) to retrieve the query context
and cities, respectively. Our assumption follows that if the queries are factually grounded in the KB,
then a subsequent semantic retrieval using these queries from the same KB should result in the same
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Table 3.3.: Context Groundedness Results using MiniCheck. The values in bold denote the
maximum value for each model across the settings. Tmeans higher is better.

Model Query Setting Average MiniCheck Probability 1
Gy 0.206
Llama qp0 0.067
Ip1 0.015
v 0.237
Gemini-1.5-Pro Jp0 0.089
Gp1 0.014

Table 3.4.: Evaluation of context groundedness, sustainability features, and diversity in the
generated queries. The values in bold (italics) denote the maximum (minimum)
values for each model across all the settings — gy, gpo, and gp1. T({) means higher
(lower) is better.

Model Query Contextual Sustainability Diversity 1
Setting  Alignment 1 Similarity © MAE | Overall Query Level
f easy f med f hard f sust
N/A Baseline 0.073 N/A N/A - - - - -
Gv 0.482 0.659 0.077 0.101  0.138 0.136 0.169 0.179
Llama dp0 0.455 0.624 0.078 0.221  0.352 0.274 0.299 0.319
Ip1 0.430 0.605 0.091 0.177 0307 0.241 0.315 0.327
qv 0.463 0.648 0.086 0.091 0.140 0.119 0.113 0.167
Gemini-1.5-Pro dp0 0.451 0.589 0.087 0.267 0415 0.321 0.327 0.360
dp1 0.411 0.526 0.091 0.182 0.346 0.251 0.342 0.378
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information. This retrieved context is compared with the original context used during query
generation by computing the cosine similarity between the respective contextual embeddings
generated using the all-mpnet-base-v2” model.

From Table 3.4, we observe that the models and query settings show similar performance
across metrics, with the vanilla setting barely outperforming the other two settings. However,
there is a sizeable increase in performance when compared to the baseline, which is computed
by comparing a paragraph of Lorem Ipsum text with the original context, indicating that the
addition of the KB in the query generation leads to queries that are factually grounded.

3.3.5. Sustainability Alignment

The sustainable query complexity level fs,st contains two non-sustainable travel filters and
one sustainable filter, along with the destination popularity information. While we want to
introduce sustainable travel into our dataset in a seamless manner, we also need to verify that
the sustainable queries do not show substantial differences semantically when compared to
the other queries. We measure the cosine similarity scores using the all-mpnet-base-v2 model
between the sustainable queries and non-sustainable queries, as shown in Table 3.4.

The results show moderately high scores between the sustainable and non-sustainable
queries across model and query settings, indicating semantic similarity between the two sets.
However, this does not indicate whether the sustainable filter is well represented within each
sustainable query or if it is compromised in favor of the non-sustainable travel filters.

To evaluate how well the generated queries consider the sustainability constraints, we
compute the cosine similarities between each travel filter and the query belonging to the
sustainable complexity (g;). We further compute the MAE between the similarities of the
sustainability and the average similarity of the non-sustainability filters (represented by j) for
each query setting as the following:

N

1 . 1M
MAE = N 21 SiMfsustg; — 31 21 sin; g, (3.6)
i= j=

The results in Table 3.4 show low MAE scores across query settings and models, suggesting
that the LLMs do not overlook sustainability in favor of the other travel filters, ensuring a
balanced representation of sustainability during query generation.

3.3.6. Diversity and Expert Evaluation
Diversity

We measure the diversity of the generated queries using Self-BLEU [103], which calculates
sentence similarity between a hypothesis and a set of reference texts using n-gram matching.
For each generated query g;, we measure Self-BLEU against the other queries as the reference

7https: / /huggingface.co/sentence-transformers/all-mpnet-base-v2
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set using 4-grams. We define the diversity score as

(£iZ,Self-BLEU(g:))
|G| '
A higher diversity score signals better diversity.

Table 3.4 shows that personalization improves query diversity, with g0 and g1 outper-
forming g,. However, queries from the same persona often sound similar across key functions,
lowering overall diversity. At the query level—especially for sustainable topics—more con-
textual dimensions increase diversity. Yet, g,1 may overfit, reducing diversity by closely
mimicking prompt examples. This highlights the need for careful prompt design to balance
personalization and diversity.

Diversity =1 — €GGCQ (3.7)

Clarity and Overall Fit

While the JudgeLLM captures many aspects of query quality, it often misses subtle language
and semantic nuances. For example, a query like “Low-cost European city with untapped market
potential for retail” receives perfect JudgeLLM scores for persona alignment and groundedness,
yet experts note that “untapped market potential” doesn’t fully align with the stated low-
popularity, low-budget preference—resulting in a moderate overall fit score, underscoring the
need for expert review.

To address this, we include two expert-assessed metrics: clarity and overall fit (holistic
relevance to persona). Clarity scores are consistently high across models, with g1 scoring
highest (0.947 for llama-3.2-90b , 0.953 for gemini-1.5-pro ) and a very low inter-rater MAE
(0.011), indicating strong agreement.

For overall fit, scores are stable across evaluators (avg. 0.7), but show an inverse trend:
gv outperforms Ip1, likely due to overfitting in the latter. The low MAE (0.16) still reflects
reliable consistency. These findings highlight the value of expert evaluations in capturing
subtleties missed by automated metrics.

3.4. Preliminary Benchmarking using a RecLLM

As a preliminary analysis, we evaluate the queries generated by Gemini as Lquery gen using
the same Gemini model (gemini-1.5-pro ), now serving as our recommender LLM (RecLLM,
Lrec_gen), grounded with web search [104].

While both query generation and recommendation are performed using gemini-1.5-pro
in our setup, other LLMs can also function as Lyec_gen, as their generative capabilities are
inherently task- and prompt-dependent [105].

We instruct the RecLLM to recommend cities from the predefined 200 cities in our KB, in
zero- and few-shot settings. Grounding it with web search allows it to provide citations from
web searches if available.

On average, Lrec_gen recommends 10 cities per query, with 80% found in our knowledge
base (KB). To evaluate popularity bias, we measure the proportion of recommended cities
labeled as “high-popularity” in the KB.
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Across all queries, 79% of recommendations are highly popular. Even for queries specifically
requesting less-visited places, Lrec_gen still suggests popular cities 77% of the time.

For example, the cyec_gen for the query “Trip to a less-visited European city with historical sites
and museums in July. High budget.” include popular destinations like Budapest (Hungary) and
Prague (Czechia), contrasting with the c4, which contains less popular cities such as Syktyvkar
(Russia), Malatya and Kars (Tiirkiye), and loannina (Greece). This indicates that Lrec_gen struggles
with nuanced queries and defaults to common destinations.
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4. Collab-Rec: Balancing Recommendations
using Multi-Agent Systems

In this chapter, we delve into the details of CoLLAB-REC, an LLM-based agentic framework
designed to balance recommendations in TRS, emphasizing on popularity of destinations and
sustainability factors, in addition to user personalization.

Motivation

Alongside ensuring the personal choice of users (personalization aspect), modern TRS are
increasingly called upon to account for other critical demands, notably the popularity of des-
tinations, and sustainability considerations such as reduced crowding, lower environmental
impacts, and eco-friendly travel opportunities [10]. Balancing these three aspects — relevance,
popularity, and sustainability poses a substantial challenge for any single recommender
algorithm, especially when implemented via LLMs.

As discussed in Chapter 1 and Chapter 2, recent advances in generative recommenders
show that LLMs can enhance user experiences with natural explanations and dialogue [106,
107]. While they offer deeper personalization and interpretability, they also risk hallucinations,
bias amplification, and privacy leaks [108, 109, 25, 110]. These capabilities blur lines between
retrieval, ranking, and explanation, making single-LLM recommenders prone to inexplicable
decisions, weak factual grounding, and skewed trade-offs (e.g., favoring popular destinations
over sustainability).

Why Agentic Design?

Distributing different objectives across multiple specialized agents offers a promising solution.
Instead of a monolithic LLM that tries (and often fails) to optimize for relevance, popularity,
and sustainability all at once, an agentic design delegates each task to a distinct LLM
agent with a clear mission. A Personalization Agent can focus on personal factors like
budget and interests, a Popularity Agent can ensure that less-exposed or regionally diverse
locations are not perpetually overshadowed, and a Sustainability Agent can foreground
eco-friendly or off-peak destinations. By having these agents propose complementary sets of
city recommendations, we harness their “collective intelligence” while reducing the risk that
any single objective, especially popularity, dominates system outputs.

Yet merely assembling specialized agents is not enough. Each LLM may harbor its draw-
backs:
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User Query (Q) : “European cities with low popularity, great walkability, and high or medium

season in September, with attractions like museums, historical sites, and cultural events.”
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Figure 4.1.: Overview of the CoLLAB-REC workflow to generate city trip recommendations
using multiple LLM agents.

¢ A popularity-focused model might still over-rely on training corpora that favor major
European capitals.

¢ A sustainability-minded model may hallucinate data about walkability or air quality.

¢ A personalization agent might confound budget constraints with other factors or
inadvertently overlook real user preferences if the prompt design is inadequate.

To address these multifaceted requirements, we propose COLLAB-REC, an agentic framework
in which multiple LLM-based agents focus on different stakeholder objectives — consumer
personalization, popularity, and sustainability, and negotiate in multiple rounds to produce
city trip recommendations. As depicted in Figure 4.1, CoLLAB-REC encompasses three
specialized agents, each focusing on distinct stakeholder objectives:

¢ Popularity Agent: promotes lesser-exposed destinations;
¢ Personalization Agent: enforces strict filters (e.g., budget, travel dates, interests);

¢ Sustainability Agent: prioritizes eco-centric criteria such as air quality, seasonality, and
walkability.

A non-LLM moderator then combines and scores the candidates proposed by these agents.
During each round of iterative refinement, the moderator:

¢ Grounds recommendations in an external knowledge base of 200 European cities to
avert hallucination;
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¢ Computes composite scores balancing relevance, reliability, and penalties for invalid or
repeated (hallucinated) proposals; and

* Releases a Collective Offer that becomes the basis for the next negotiation round.

Overall, research on multi-agent LLM systems shows that specialist agents, each with a
narrow remit, can negotiate or debate their way to better answers on complex tasks [74, 76].
In recommendation, prototypes such as MACRec [83] and MATCHA [85] already split the
work between a manager and various sub-agents, yet none have been tailored to tourism or
to the three-way tension among relevance, popularity, and sustainability. We argue that an
agentic architecture is particularly apt here for four reasons:

* Objective isolation: Each agent can optimize a single stakeholder goal. A Popularity
Agent deliberately searches the long tail; a Personalization Agent enforces hard filters;
and a Sustainability Agent promotes eco-friendly choices.

¢ Transparent negotiation: Since proposals are exposed in natural language, a non-LLM
moderator can audit, penalize, or reward each agent’s behavior — curbing hallucinations
and revealing implicit trade-offs.

¢ Mitigation of model-internal bias: By design, the three agents pull in different direc-
tions. Their iterative compromise, orchestrated by the moderator, naturally dampens
the popularity bias that a single LLM would otherwise reinforce.

¢ Graceful extensibility: New stakeholder roles (e.g., safety, accessibility) can be plugged
in as additional agents without re-training the whole system, echoing calls for holistic
evaluation and modular guardrails in the next-generation Gen-RecSys [25].

Limitations of Existing Approaches

Most current multi-agent LLM frameworks either focus on domain-agnostic tasks (e.g., Q&A)
or treat recommendation from a purely single-objective lens (e.g., maximizing personalization
alone). Meanwhile, existing multi-stakeholder tourism recommenders have not leveraged
LLM-based multi-agent negotiation. This gap leaves open the question of how to jointly
optimize relevance, popularity, and sustainability within a single, integrated conversation
pipeline. Our work aims to fill this void, exploring the feasibility and benefits of an iterative,
penalty-aware approach that explicitly balances different stakeholder goals.

Contributions

We introduce CoLLAB-REC, a collaborative, multi-agent framework for LLM-based tourism
recommendations that explicitly balances user constraints, popularity, and sustainability. Our
main contributions are as follows:

* Agentic Multi-Stakeholder Design: By delegating the tasks of personalization, popu-
larity, and sustainability to specialized LLM agents, CoLLAB-REC achieves richer, more
balanced recommendations compared to single-agent pipelines.
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¢ Multi-Round Negotiation: Agents iteratively propose and refine city candidates un-
der the guidance of a non-LLM moderator, which penalizes repeated or hallucinated
suggestions. This process fosters iterative compromise and significantly broadens recom-
mendation diversity.

* Scoring & Moderation for Bias Mitigation: A custom scoring function that integrates
agent success (r4,¢), reliability (d, ), and hallucination penalty (h,,:) helps curb the
popularity bias often embedded in large language models.

¢ Empirical Evaluation: Using synthetic and real-world travel queries, we show that
CoLrraB-REC yields systematically higher relevance and diversity than single-round or
single-agent baselines, thus promising a more equitable and eco-conscious travel recom-
mender system.

In the remainder of this chapter, we describe our system design (Section 4.1), experimental
setup (Section 4.2), and evaluation results (Section 4.3).

4.1. Collab-Rec Agentic Recommendation Framework

Figure 4.1 illustrates CoLLAB-REC, an iterative multi-agent framework for city trip recommen-
dations. Given a complex user query Q, specialized agents (e.g., Popularity, Sustainability,
Constraints) handle subtasks reflecting different stakeholders in a multi-stakeholder tourism
recommendation scenario. In each iteration, agents propose city candidates based on their
criteria. A moderator module (non-LLM) evaluates and integrates these proposals using
feedback, scoring metrics, and external knowledge, refining the collective recommendation
until termination criteria are met.

4.1.1. Preliminaries & System Goal

Problem Setup A user query Q is an input in natural language that includes the user’s
preferences and requirements for a city trip recommendation. It also includes a set of
structured filters denoted by F = {f1, f2,..., fu} (e.g., budget, month, interests, etc.), where
each filter f denotes an explicit constraint on the city attributes. Let C represent the catalog of
all candidate cities.

Notation Given a query g with filters F, our recommendation system uses multiple LLM-
based agents and a non-LLM moderator in a multi-round interaction process. We denote
rounds by t =1,...,T, agents by a; € A, and cities by ¢ € C. The candidate list generated by
agent a; at round t is denoted by L, ;.

System Goal The goal of the CoLLaB-REC framework is to select an ordered list of cities &7
at the final round T that maximizes the cumulative evaluation score s(c, t):
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Figure 4.2.: Overview of the CoLLAaB-REC Moderator core to generate city trip recommenda-
tions using multiple LLM agents.
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®r = arg max [ZceLTs(c, T)}, 4.1)
Lt |T:k
where Ly ranges over all possible city combinations of size k, and s(c, T) denotes the
cumulative evaluation score of city ¢ at round T. We define s(c, T') as a combination of the
hallucination penalty h,, ;, agent success score 7, ;, and reliability score d, ;. Each component
is further described in Subsection 4.1.4.

4.1.2. Architecture & Components
Recommender Agents

Each agent operates on a natural language query, a specified filter to focus on, the current
collective offer, and a set of previously rejected candidates. Inspired by the multi-stakeholder
perspective in TRS [10], we instantiate three distinct agents, each representing a key stake-
holder group. Each agent produces a recommendation list L,, ; of candidate cities:

1. ay: Item Popularity Agent — aims to promote less popular items by considering general
popularity preferences inferred from the query, thus mitigating popularity bias and
item unfairness.

2. ap: Personalization Agent — focuses on user-specified preferences and travel filters
(consumer-centric) such as budget, preferred month, and interest categories.

3. az: Sustainability Agent — prioritizes sustainable travel recommendations, considering
factors such as air quality index (AQI), seasonality, and walkability. If no explicit
sustainability preferences are provided, this agent defaults to recommending the most
sustainable cities available, which focuses on the environment or society stakeholder as
identified in [10].

Moderator Core

As seen in Figure 4.2 the moderator component, denoted as M, governs the interaction
between agents and orchestrates the multi-round negotiation process. It is a non-LLM decision
module responsible for the following tasks: detecting hallucinations, computing evaluation scores,
and aggregating candidate lists into a final recommendation.

At each round t, the moderator receives the candidate lists L, ; from all agents, evaluates
each city using the scoring function s(c, t) (Equation 4.6), and constructs the Collective Offer ¢;
by selecting the top-k ranked cities. Cities not accepted in previous rounds form the Collective
Rejection set ¢;. This updated context is passed back to the agents to guide the next round of
recommendations.

These states are logged at each round, along with agent-specific success and reliability
metrics, enabling longitudinal analysis of negotiation dynamics and agent behavior. Addi-
tionally, it has access to an external knowledge base (KB), which it leverages to ground agent
responses and compute evaluation scores with factual consistency.
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4.1.3. Interaction Protocol

Our approach follows a multi-round interaction process in which three agents, each repre-
senting a distinct stakeholder perspective, collaborate iteratively to reach a consensus that
maximizes overall relevance. Each interaction loop consists of the following components:

Agent Instruction

CorraB-REC starts by prompting each agent to generate an initial top-k recommendation
list based on the user query Q and a set of travel-related filters F such as city popularity,
sustainability preferences, and user travel preferences. Each agent tailors its recommendations
to the stakeholders it represents — popularity (item-provider-centric), sustainability (society-
centric), or personalization (consumer-centric).

In each subsequent iteration, agents receive the current Collective Offer ¢; from the moderator
M and are instructed to revise their candidate lists accordingly. Inspired by the Voting by
Alternating Offers and Vetoes (VAOV) protocol used by Erlich, Hazon, and Kraus [111],
we permit the Agents to replace up to three items and must justify any changes with
supporting reasoning. We use in-context learning with few-shot prompting during the
iteration phase with good and bad examples of recommendations, tailored to each agent’s
respective preferences. The prompt provided to each agent at a round ¢ consists of its own
previous recommendation, the collective offer generated at the end of round t — 1, and specific
feedback about its behavior intended to provide constructive criticism about the agent’s
performance, similar to the strategy used by Wan, J. Chen, Stengel-Eskin, and M. Bansal [78].
This feedback is generated based on (a) how many of the candidates previously recommended
by the agent are present in the collective offer and (b) the number of replacements.

Hallucination Identification

Previous research has shown that LLMs can run the risk of fabricating out-of-catalog items,
leading to faulty recommendations [25]. To mitigate this, we incorporate a grounding
mechanism into the moderation process. The moderator has access to a finite knowledge
base (KB) of 200 European cities, each annotated with relevant metadata, used to ground
agent responses. Any candidate city proposed by an agent that is not present in the KB or
has already been rejected in a previous round is flagged as a hallucinated or non-grounded
response. During this phase, the moderator iteratively checks each candidate in the agent’s list
L+ for validity. If a hallucinated or previously rejected city is found, the agent is prompted
to substitute it with a valid alternative. To avoid infinite feedback loops, a maximum number
of iterations is enforced.

In our prototype implementation, this hallucination identification loop is executed only
once per round to limit API usage and computational cost. If the agent continues to return to
hallucinated cities after the first correction attempt, it is penalized during the evaluation phase
(Subsection 4.1.4). However, our framework supports a configurable number of hallucination
correction cycles to ensure all candidates ultimately conform to the query constraints.
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Generating Collective Offer

We define the Collective Offer (¢;) as a ranked list of cities that will be presented to each agent
by the moderator in the next round of iterations ¢ + 1. This list serves as a shared negotiation
baseline for the specific round and reflects the most promising candidates according to the
moderator’s evaluation.

The collective offer is obtained by applying min-max normalization [112] to the evaluation
scores (explained in Subsection 4.1.4) of all candidate cities in the catalog C, scaling them
to the [0,1] range for comparability across rounds. The moderator then selects the top-k
highest-scoring cities, which constitute the collective recommendation set returned to the
agents for the next round of refinement.

Aggregation of Rejections

In this phase, we identify newly rejected cities by comparing each agent’s candidate list with
the previous collective offer. A city added to the Collective Rejection (¢) is excluded from
future recommendations by both the agents and the moderator. We explore two rejection, or
voting strategies (we use the terms “rejection strategy” and “voting strategy” interchangeably
in the thesis): Majority rejection (M), where a city is discarded if at least two agents omit it
in their revised lists; and Aggressive rejection, (A), where omission by even a single agent
leads to rejection.

4.1.4. Scoring Functions & Decision Rules

Our framework relies on a set of scoring functions and decision rules implemented by the
moderator to guide the multi-agent recommendation process. Specifically, the moderator
evaluates each agent’s candidate list along three key dimensions — groundedness with respect
to the query filters (agent success), agent reliability, and hallucination rate. These evaluation
criteria are detailed in Subsubsection 4.1.4, while Subsubsection 4.1.4 outlines the termination
conditions and additional operational considerations of the framework.

Grounding & Assessment

In each round, the moderator evaluates the agents and their recommended candidates across
three key dimensions — Agent Success, Agent Reliability, and Hallucination Rate.

Agent Success (15, € [0,1]) quantifies how well the agent’s recommendations align with its
assigned filters, as defined in Equation 4.2. It is calculated as the average proportion of filters
matched per candidate, based on the filters specific to that agent.

1 |matched_filters(c,, +)|
|La1',f

rai,t (4.2)

CELai,t Vai |
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Agent Reliability (d,: € [0,1]) measures the consistency of an agent’s recommendations by
quantifying changes in candidate rankings between two consecutive rounds, t — 1 and . A
high-reliability score indicates that an agent’s recommendations remain stable over time.

We compute the reliability score d, ; using three key components: (i) the cumulative
change in rank positions for candidates appearing in both rounds, (ii) a drop penalty (y1)
for candidates that were dropped between rounds, and (iii) an added penalty (y7) for newly
introduced candidates. The drop penalty y; is set to the length of the candidate list, while
the add penalty i is computed based on the minimum rank deviation between the city’s
position in the moderator’s collective offer and its position in the current candidate list,
capped by pi. Specifically, y; is set to the minimum of the absolute rank difference and the
base drop penalty, thereby assigning a lower penalty for cities selected from the collective
offer. However, if a city is newly introduced by the agent and was not present in the previous
collective offer, it is penalized with the maximum value, i, to discourage hallucinated or
ungrounded additions.

A‘Ca»fflll‘a't
dp.p =max |0, 1— z = 4.3
" < [ Lagi-l- (1 + ) )

Here, A, , 1, , denotes the rank deviation between the candidate lists from two consecutive
rounds for an agent 4; and is defined as:

App = Z |[rank 4 (x) — rankp(x)| + |A\ B| - 41 + |B\ A - 42 (4.4)
xeANB

Hallucination Rate (h,,; € [—1,0]) While the Hallucination Identification stage (Subsubsec-
tion 4.1.3) provides an initial check and asks the agent to replace candidates that are either
(i) out-of-catalog or (ii) rejected, the LLMs can still fail to obey. In order to account for this
scenario and penalize an agent that continues to hallucinate even beyond the initial check,
we introduce the Hallucination Rate, or h,,;, as a penalty during the assessment phase. We
define h,,; as the negated hit rate between the agent’s candidate list L, ; and the available
cities (C \ ¢}) in the catalog.

ot = ( ZH[ ait)k € C\(Pt)]) (4.5)

Evaluation Score We compute the evaluation score (Equation 4.6), s(c, t), for each recom-
mended city c for round t as the sum of the agent success (r,,+) and agent reliability (dg, )
negated by agent hallucination (h,, ;) for the current round added to the evaluation score from
the previous round t — 1.

et = +a§4 (rank (ca) (Shays + 1 + daii)) (40

The new collective offer, ¢; for round t, is the top-k cities, ranked according to their
corresponding normalized evaluation scores.
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Termination Criteria & Complexities

The termination criteria for agent interactions are defined in two ways. First, we introduce
a metric-based condition termed Moderator Success, computed analogously to Agent Success
(Subsection 4.1.4) but evaluated over the collective offer with respect to all travel filters,
rather than only the filters relevant to a specific agent. If the moderator success score reaches
its maximum value of 1 or achieves an improvement of 7% over the score at round 0, the
process is terminated via early stopping. However, since this ideal score may not always be
attainable, we enforce a maximum of T interaction rounds to ensure termination and avoid
potential infinite loops. Additionally, we enforce a minimum number of conversation rounds
(set empirically at 5 rounds) to ensure interaction between agents and avoid premature
termination.

4.2. Experimental Setup

4.2.1. Setup
Dataset - SynthTRIPS

To evaluate CoLLAB-REC, we use a stratified sample of 45 queries from the SYNTHTRIPS
dataset [1] (see Chapter 3). We specifically select queries across three popularity levels (low,
medium, and high) and three complexity tiers (medium, hard, and sustainable), yielding 5 queries
per (popularity, complexity) combination. The chosen 45 queries reflect tasks such as “Plan a
budget-friendly 3-day trip to a less crowded coastal city in Europe” or “Suggest a moderately priced
metropolis known for art galleries,” each containing explicit filters (e.g., budget, month) and
implicit constraints (e.g., local culture, sustainability). Overall, this yields a balanced set of
user prompts with realistic constraints (e.g., budget, travel dates, sustainability concerns)
while controlling computational overhead. Notably, SYNTHTRIPS queries stem from large
language models themselves, but we exclude those generated by Gemini (one of our tested
LLMs) to avoid any overfitting or bias in evaluating our approach.

External Knowledge Base

To validate agent outputs and detect hallucinations, CoLLAB-REC leverages the SYNTHTRIPS
knowledge base (KB) [1], containing 200 European cities. Each city has attributes relevant to
popularity, budget, seasonality, and sustainability, among others. During each negotiation round,
the moderator uses this KB to:

1. Compute Agent Success (r4,+) by matching filters against the metadata of the city,

2. Identify Hallucinations if an agent recommends a city not found in the KB or already
rejected in a prior round.
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4.2.2. Experimental Settings
Implementation Details

We focus primarily on the Multi-Agent Multi-Iteration (MAMI) setup, running it on all 45
queries. The three specialized agents (Popularity, Sustainability, Personalization) each use
the same LLM backbone for fairness. Negotiation proceeds up to T = 10 rounds (unless
early-stopped). In each round t:

¢ Each agent proposes a top-k list of cities (k = 10), with newly introduced or replaced items
clearly justified.

¢ The moderator detects and attempts to correct any hallucinated city by prompting the agent
for a valid alternative.

* Final proposals are scored and combined into a Collective Offer, which is returned to all
agents to guide the next round.

Initialization. At round 0, we assign each agent the ideal starting values of d, s = 1, h,,+ = 0,
and no penalty from previous offers. In practice, the first actual proposals from the agents
are generated in round 1, at which point their real reliability and hallucination rates begin to
diverge.

Baselines: SASI and MASI

To highlight the effect of multi-round interaction, we compare MAMI against two simpler
baselines:

* SASI (Single-Agent Single-Iteration): A single LLM is prompted with the entire query
(including filters). It returns a ranked list of k = 10 cities in one shot, without any
negotiation.

* MASI (Multi-Agent Single-Iteration): All three agents produce their initial k = 10
proposals. The moderator fuses them (after a single check for hallucinations) into a final
recommendation, with no iterative refinement.

Models

All experiments use two reasoning LLMs:

1. gpt-o4-mini [113]

2. gemini-2.5-flash [114]
We also tested non-reasoning variants (claude-3.5-sonnet, gemini-2.0-flash, deepseek-chat-v3) but

found they consistently ignored feedback and failed to adapt across rounds. Hence, we
exclude them from final reporting.
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4.2.3. Evaluation Metrics
We measure performance from two perspectives:

1. Final Recommendation Quality

* Relevance. We capture how well the final Collective Offer matches all user filters.
Concretely, we define Moderator Success as an analog to Agent Success, but scored over
all user constraints in the final offer. A score of 1 indicates that every recommended city
fully matches the user filters.

* Diversity. To assess whether the system avoids over-concentrating on top-tier tourist
hubs, we compute the GINI Index [115] (lower = more evenly distributed) and Nor-
malized Entropy [116] (higher = more variety) over the final recommended set of
cities.

2. Agent Behavior (per round)

¢ Reliability (d,, ;) measures how much each agent’s candidate list changes from one round
to the next.

* Hallucination Rate (h,,;) is a negative penalty in [—1,0] that tracks out-of-catalog or
previously rejected cities that persist despite the moderator’s warnings.

Summary of Experimental Goals. Ultimately, building on Section 4.1, we seek to answer
four key research questions:

RQ1: Do multiple agents and multiple rounds (MAMI) improve final recommendation
quality over single-agent (SASI) or single-round (MASI) approaches?

RQ2: Does MAMI help reduce popularity bias and increase coverage of lesser-known destina-
tions?

RQ3: How do the specialized agents evolve internally across repeated negotiation, in terms
of reliability and hallucinations?

RQ4: What time and cost overheads does MAMI introduce, and how might these overheads
be mitigated?

In the next Section 4.3, we evaluate the outcomes of these experiments, discussing system-level
impact (RQ1, RQ2) as well as agent behavior (RQ3) and computational costs (RQ4).
4.3. Results & Discussion

At a high level, throughout the subsequent RQ analysis, we aim to investigate whether
enabling multiple agents to negotiate over several rounds (MAMI) yields tangible benefits
compared to:

* Multi-agent single-iteration (MASI), and
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¢ Single-agent single-iteration (SASI).

We evaluate these three configurations (MAMI, MASI, SASI) using a suite of 45 repre-
sentative queries, stratified equally across three popularity levels—low, medium, and high
(each with 15 representative queries). These queries encompass various user constraints (e.g.,
budget, travel dates), popularity preferences, and sustainability concerns. To ensure robust
analysis, we employ statistical significance testing with multiple comparison tests across the
distributions of results obtained from the queries.

4.3.1. System-Level Impact

First, we begin by analyzing RQ1: “Do Multiple Agents and Multiple Rounds Improve Outcomes?”,
where success is measured in terms of the overall effectiveness of the collective offer (i.e., how
well the combined recommendations meet user constraints and agent-specific objectives).

Dominance & Negotiation Dynamics. Figure 4.3 shows each agent’s success score across
negotiation rounds, split into three query types: (a) Low popularity, (b) Medium popularity,
and (c) High popularity. Here, a higher success score means that the agent’s proposed cities
more closely satisfy both user constraints (e.g., budget, travel time) and the agent’s own
objectives (e.g., popularity, sustainability).

We see that for high-popularity queries (panel c), the Popularity agent tends to dominate
early (blue lines climbing above 0.95 by round 3). For example, if a user specifically asks about
“Paris” or “Rome,” the Popularity agent can easily fulfill the constraints using abundant
travel data. Conversely, for low-popularity queries (panel a), we observe that the Popularity
agent struggles (success score often below 0.3 in the first few rounds), while the Sustainability
and Personalization agents maintain higher scores (~0.7-0.8). This dynamic suggests that
multi-round negotiation allows each agent to “shine” in scenarios where it is most relevant.
Ultimately, the collective offer (purple line) reflects a compromise of all three agents” proposals,
typically converging around 0.7-0.8 after several rounds.

Beyond these per-agent curves, Table 4.1 and Table 4.2 summarize overall system-level
outcomes:

¢ Table 4.1 reports the final collective-offer success scores under the three system configu-
rations — SASI, MASI, and MAMI. We find that MAMI consistently achieves higher
scores (around 0.75-0.80) compared to SASI (~ 0.55-0.60) and MASI (~ 0.65-0.70)
across all popularity levels.

¢ Table 4.2 shows the results of pairwise statistical significance tests (ANOVA with post-hoc
Bonferroni correction). We see that MAMI outperforms both SASI and MASI with p-
values under 0.01, confirming that multiple agents plus multiple rounds lead to significantly
better final recommendations. Meanwhile, there is no statistically significant difference
between SASI and MASI (corrected p-value > 0.05), suggesting that merely adding
agents without iterative negotiation brings only limited gains.
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Figure 4.3.: Agent Dominance when split by the popularity levels of the queries. Sustainability
and personalization agents tend to dominate for medium and low popularity
queries, but the popularity agent takes a substantial lead for high popularity
queries, signaling a potential popularity bias inherent in pre-trained models. —
(dotted line) represents the results from gemini-2.5-flash while — (continuous line)
represents the results from gpt-o4-mini .
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From a practical perspective, these findings indicate that repeated refinement across agents
—where each agent proposes, critiques, and updates its suggestions — is key to generating
higher-quality city recommendations. For instance, in one sample query:

“Find me a mid-sized European city that’s child-friendly and not too expensive.”

SASI often returns well-known but moderately priced capitals (e.g., Budapest). MASI
introduces some variety but is still skewed toward popular tourist centers. In contrast, the
multi-agent multi-round (MAMI) negotiation yields final lists with additional mid-tier cities
that are more aligned to the user’s constraints (e.g., Ghent, Liége), demonstrating the benefits
of iterative agent interplay.

Answer to RQ1. Multiple agents and multiple negotiation rounds (MAMI) outperform single-agent
or single-round baselines in terms of final success scores, as shown by Table 4.1 and significance tests
in Table 4.2. The iterative interaction allows each agent to better address the user’s constraints and
prevents any single agent (e.g., Popularity) from dominating unless truly appropriate.

Table 4.1.: Overall system performance (Moderator Success 1) and comparison with baselines at
various early stopping thresholds. Each entry is denoted as v, where v represents
the moderator success value. The values in bold denote significant differences to
SASI, while values in bold blue denote significant differences between SASI and
MASI. The significance test is conducted using multiple comparison t-tests with
Bonferroni correction & = 0.017. Early stopping threshold None indicates that the
negotiation continued until T = 10 for MAMI and T = 1 for MASI and SASI.

Model Rejection Approach
Strategy gagy MASI MAMI MAMI MAMI
(20%)  (60%) (None)
CPT4 A 0.237 0.707  0.802 0.807 0.672
M - 0.717 0.811 0.772 0.672
Cemini A 0.727 0.693  0.859 0.843 0.683
M - 0.730  0.783 0.772 0.685

4.3.2. The Impact of Negotiation on Popularity Bias and Diversification

We now specifically focus on how well each approach (SASI, MASI, MAMI) balances
popularity versus lesser-known destinations. While Subsection 4.3.1 established that multi-
round negotiation improves overall outcomes, here we examine RQ2: which cities are ultimately
recommended and does agent interplay curb the tendency to over-rely on famous locales?
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Table 4.2.: Pairwise statistical comparison results for gemini-2.5-flash at T = 20%. The corrected
p-values are adjusted using Bonferroni correction &« = 0.017.

Corrected
p-value

MAMI MASI 3.6661 0.0004 0.0013 True
MAMI SASI 3.1637 0.0021  0.0064 True
MASI SASI -0.7555 0.452 1.0000 False

Group1 Group2 Stat. p-value Reject Hy

Mitigating Popularity Bias. Figure 4.4 and Table 4.3 (GINI and Entropy metrics) reveal that:

* SASI skews heavily towards well-known hubs such as Paris, Barcelona, or Berlin. For
instance, across low-popularity queries, SASI re-suggests popular capitals in roughly
60% of its final outputs.

e MASI improves slightly but still exhibits notable concentration on top-tier tourist cities
(GINI around 0.44—0.50).

* MAMI shows the most diverse outcomes: GINI drops to as low as 0.28 (and normalized
entropy rises above 0.80) when the moderator enforces iterative corrections. Concretely,
MAMI frequently surfaces smaller or mid-sized European destinations (e.g., Trento,
Malaga, and Cluj-Napoca) that were almost never mentioned in SASI’s final lists.

For a practical example, suppose a user requests “an affordable coastal city in Europe, less
crowded, with strong local culture.” Single-agent systems often default to major (cheaper) coastal
spots like Sofia or Belgrade. However, multi-agent multi-round negotiation lets the Sustainability
and Personalization agents argue for under-the-radar sites (e.g., Thessaloniki, Varna). By
round 3 or 4, the Popularity agent partially concedes to these suggestions, so that the final
recommendation set incorporates both recognized cities and lesser-known coastal gems.

Answer to RQ2. Multi-agent negotiation demonstrably reduces popularity bias and boosts recom-
mendation diversity. Successive rounds of agent interplay ensure popular cities do not automatically
dominate when less-mainstream destinations better match user constraints. Measured by GINI &
Entropy (Table 4.3), MAMI achieves significantly broader coverage across popularity tiers, addressing
a key concern in travel recommender systems.

4.3.3. Agent Reliability and Hallucinations

Having established the advantages of our proposed multi-agent, multi-round setup (MAMI) —
notably in terms of improved personalization and greater recommendation diversity, we now
turn our attention to less-explored aspects of agentic recommender systems. In particular, we
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Figure 4.4.: City Distributions when split by the popularity levels of the recommended cities
for 50 randomly sampled cities. For brevity, the x-axis represents the IATA
codes of the respective cities. MAMI tends to provide lesser-known cities as a
recommendation when compared to SASI and MASI.

seek to answer RQ3: How do specialized agents behave over multiple negotiation rounds, especially
with respect to their reliability and susceptibility to hallucination?

Reliability Trends. Figure 4.5 (figures (a) and (b)) compares the reliability score of each

agent over multiple rounds, under both Aggressive and Majority voting strategies. Recall that
reliability indicates how consistently city proposals by an agent follow its own prior round,
i.e., how stable its suggestions remain once it receives feedback. We initialize the reliability
of each agent at 1.0 (round 0), then observe an immediate drop in round 1—- (red circle
in Figure 4.5 top row) once negotiation begins and the collective offer by the moderator forces
agents to reassess their candidates. In subsequent rounds, reliability steadily increases because
the agents converge on stable, negotiation-driven recommendations. Majority voting (right
side) tends to yield higher final reliability (2 0.8) than Aggressive rejection, which is stricter
and drives more frequent changes in agent proposals.
Hallucination Rate. Figure 4.5 (figures (c) and (d)) tracks each hallucination rate by each
agent — the fraction of city proposals that are invalid (not in the knowledge catalog) or
incorrectly grounded. Although the moderator attempts to correct such invalid suggestions,
the agents can still hallucinate. Overall, we see modest improvements over the rounds: e.g.,
the hallucination rate for gpt-40 under Aggressive rejection drops from ~ 0.25 in round 1
to ~0.15 in round 6. Meanwhile, the Majority approach usually shows lower hallucination
overall, since it constrains the agents less harshly, making it easier for them to refine — rather
than replace — their candidate lists.
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Table 4.3.: GINI Index and Normalized Entropy of final candidates across popularity. The
values in bold denote the optimum values for each model across all settings - for
GINI (Entropy), the optimum value is the minimum (maximum).

c Approach
Model Rejection Scoring
(20%)  (60%) (None)
A GINI | 0.548 0.441 0.329 0.367 0.367
CPT4 Entropy + 0451 0.634 0.823 0.732 0.732
M GINI | 0.548 0.505 0.427 0.447 0.447
Entropy + 0451 0.534 0.692 0.732 0.732
.. GINI | 0.553 0.495 0.287 0.342 0.342
Gemini A

Entropy T 0431 0548 0.865 0761  0.761
GINI | 0553 0490 0372 0372  0.355
Entropy T 0431 0546 0764 0764  0.782

For example, when asked to recommend cultural city hidden gems, the Sustainability
agent suggests Poznari. While this is a suitable choice, it is not present in the item catalog.
The moderator promptly flags it as invalid, prompting the agent to adhere better to the
instruction. In the next round, the Sustainability agent proposes Kosice, a similarly sustainable
city that is however, included in the context. These feedback loops help prevent out-of-catalog
recommendations while ensuring a comparable alternative is suggested.

Answer to RQ3. Agents become more reliable and gradually reduce hallucinations across multiple
negotiation rounds. The iterative moderator feedback and scoring scheme effectively penalizes invalid
proposals, guiding all agents toward more stable, factually valid cities.

4.3.4. Time & Cost Complexity of Multi-Agent Negotiation

Having analyzed the qualitative benefits of multi-agent negotiation, we now turn to its
practical implications. Specifically, in this RQ we ask: RQ4: How does the multi-round, multi-
agent negotiation protocol (MAMI) affect inference time and token usage compared to single-round
baselines?

Increased Overhead. Figure 4.6 shows the average time per round for gpt-o4-mini and
gemini-2.5-flash under Aggressive rejection. By round 10, the system takes over 100 seconds
per round for each query (totaling ~ 1000 seconds per query), as each of the three agents
issues an updated set of proposals and the moderator processes them. Over 45 queries,
MAMI consumes about 7.4 million tokens and 2700 API calls per model, nearly 60x the cost
of SASI — which calls a single agent in a single iteration.
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Figure 4.6.: Average time taken for CoLLAB-REC for 10 rounds for two models using Aggres-
sive strategy.

Trade-Off: Quality vs. Cost. MASI partially mitigates this overhead but lacks the itera-
tive refinement that boosts relevance and diversity. Meanwhile, MAMI achieves superior
recommendation quality at the expense of lengthy run times and higher token usage. This
underscores a practical tension in real-world deployment: iterative negotiation fosters better
results but raises concerns over latency and carbon footprint. Methods like early stopping,
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caching, or agent pruning (e.g., removing an agent once its score stabilizes) could alleviate
these costs in future work.

Answer to RQ4. Multi-round approach by MAMI substantially outperforms single-round baselines
at the cost of higher computational overhead. For large-scale or real-time systems, this trade-off
may require optimizations (e.g., early stopping or partial agent involvement) to balance quality with

efficiency.
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5. Conclusion

As the preferences and expectations of travelers become increasingly diverse and context-
dependent, the need for personalized, adaptive, and conversational recommendation systems
has grown significantly. This thesis examines the evolving landscape of Tourism Recom-
mender Systems (TRS), with a particular emphasis on leveraging the natural language
understanding and generation capabilities of Large Language Models (LLMs) to address
persistent challenges in the field, for example, the dearth of natural language datasets that
can be used to train and evaluate these systems. Additionally, we investigate the potential of
LLM-based recommenders, or RecLLMs, to balance personalization and diversity in travel
recommendations in an effort to address the issue of overtourism. By explicitly incorporating
sustainability-related factors such as AQI and walkability into the query generation and
recommendation process, this work also explores another dimension in TRS research: the
broader societal and environmental impacts of tourism.

Specifically, this work addresses two key research questions: (i) how effectively can LLMs
function as user simulators when grounded in travel-related context, and (ii) whether a
multi-agent framework can achieve a more effective balance between relevance and diversity
of recommendations compared to a single RecLLM.

Chapter 3 introduces SYNTHTRIPS, a novel framework leveraging LLMs and a curated
knowledge base for generating synthetic travel queries, addressing the need for more person-
alized and sustainable travel recommendation datasets. Through persona-based preferences,
sustainability filters, and grounding techniques, SYNTHTRIPS effectively creates realistic and
diverse queries, as validated by human experts and automatic LLM-based assessments. The
framework’s reproducible pipeline, open-source resources, and flexible design offer valuable
tools for researchers in the tourism recommendation community.

Furthermore, to reduce popularity bias in RecLLMs, as observed during the preliminary
analysis done with SYNTHTRIPS, we introduce CoLLAB-REC in Chapter 4, a multi-agent LLM-
based framework that balances different stakeholder objectives, combining personalization,
sustainability, and popularity perspectives through iterative agent negotiation. Our results
show that CoLLAB-REC improves relevance and diversity over single-agent baselines while
reducing hallucinations via grounded moderation. Further detailed analysis shows that the
agents become more reliable over multiple iterations while the moderator’s fusion mechanism
can effectively penalize hallucinations, increasing the system’s stability.
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5. Conclusion

5.1. Limitations & Future Scope

However, there are limitations with both SYNTHTRIPS and CorraB-REc. Both rely on a fixed
city catalog, restricting adaptability to emerging destinations. With the former, there is a
potential for subjective interpretation of personas and the observed trade-off between person-
alization and groundedness, where highly personalized queries may exhibit lower factual
accuracy or alignment with their constraints. Furthermore, the personas in SYNTHTRIPS
are not always domain-aligned. Since PersonaHub consists of synthetically generated data,
it often lacks diversity and realism. While clustering them by topic marginally improves
diversity, the issue of unrealism in the personas persists and remains evident in our dataset.

Future work could extend SYNTHTRIPS by incorporating more user filters (e.g., traveling
with families, solo travels, accessibility, etc.), expanding beyond European cities to enhance
global applicability, and developing strategies to maintain the knowledge base as real-world
travel data evolves. Concerning the evaluation, comparing the synthetic queries with manually
generated user queries would provide a more comprehensive view of whether LLMs can
truly mimic human behavior.

While CorLLAB-REC attempts to address the popularity bias observed during the preliminary
RecLLM analysis with SYNTHTRIPS, the multi-agent framework has its own limitations.
Although agent specialization improves balance, popularity bias resurfaces when users
request highly popular destinations. Future work could extend the number of negotiation
rounds to study longer-term convergence trends and introduce sampling strategies to reduce
the candidate pool presented to agents. This may help lower hallucination rates by narrowing
the decision space, especially in high-complexity scenarios. Despite these challenges, CoLLAB-
REc offers a promising step toward more balanced recommendation systems and highlights
the potential of collaborative LLM agents in complex decision-making tasks.

Environmental Impact: Despite the growth of LLMs and their proven efficiency at vari-
ous tasks, they also impose significant environmental costs, particularly regarding energy
consumption and carbon emissions. Jegham, Abdelatti, Elmoubarki, and Hendawi [117]
benchmark the water, energy, and carbon footprints of various LLMs, highlighting that as
Al systems become more accessible and efficient, the strain they cause on the environment
continues to grow. Consequently, although promoting sustainable travel through recommen-
dations is a valuable objective, doing so with RecLLMs may offset the intended benefits by
causing an environmental burden from excessive use of computational resources. Therefore,
identifying and addressing the unintended environmental costs of LLM-based systems is
essential, particularly when the overarching goal is to promote sustainability.
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A. Appendix

A.l1. Prompts

This appendix contains the prompts used for the models for synthetic query generation in
SYNTHTRIPS (Chapter 3) and for each agent in CoLLaB-REcC (Chapter 4).

A.1.1. SynthTRIPS Prompts

Query Generation

System Prompt

You are a query generator for a travel recommender system for European city
trips.

You are provided with a list of cities, some information about them
(context), and certain travel filters (for example, regarding the budget

or points of interest to visit).

You should include this information in your response to ensure a city
travel recommender system suggests the provided cities as an answer to your
generated query (response).

You should not include the names of the cities in the response. The query
should not exceed 200 characters and should be only relevant for European
cities.

User Prompt - Vanilla Query

Here are the following for the new user:

City Information: {{ new_subgraph }}
Travel filters: {{ new_travel_filters }}

Your task: Guess a query that a user may ask you to generate:




A. Appendix

User Prompt - Personalized with Zero-Shot

Here are the following for the user who is a {{ persona }}:
City Information: {{ new_subgraph 1}}
Travel filters: {{ new_travel_filters 1}}

Your task: Guess a query that the following person may ask you to generate:
{{ persona }}

User Prompt - Personalized with In Context Learning

Here is an example of a good query for a user who is a {{ sample_persona 1}},
the provided city information and associated travel filters.

City Information: {{ sample_subgraph }}
Travel filters: {{ sample_travel_filters }}
Generated Query: {{ sample_generated_query }}

Here are the following for the new user who is a {{ persona }}:
City Information: {{ new_subgraph }}

Travel filters: {{ new_travel_filters }}

Your task: Guess a query, similar to the example above, that the following

person may ask you to generate: {{ persona }}
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JudgeLLM

System Prompt - Persona Alignment

You will be given a user and a travel query. Your task is to provide a
’rating’ scoring how likely the user will ask the travel query.

You have three options:

A: Not Aligned - The user is not likely at all to ask this query.

B: Partially Aligned - The user is quite likely to ask this query.

C: Aligned - The user is very likely to ask this query.

D: Unclear - It is unclear whether the user will ask this query.

Provide your feedback as follows:
Feedback:::
Evaluation: (your rationale for the rating, as a text)

Rating: (the option you chose)

You MUST provide values for ’Evaluation:’ and ’Rating:’ in your answer.

User Prompt - Persona Alignment

Now here are the user and query.

User: {{personal}}
Travel Query: {{query}}

Provide your feedback.
Feedback:::
Evaluation:
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System Prompt - Filter Groundedness

You are given a query and a list of filters. Your task is to identify how

many filters are present in the query. Only return the number of matches
and your explanation for this in the following format:

Matches: (number of matches found)
Explanation: (which parts of the query matched with the filters)

If there are no matches, return O.

Here is an example of filters and a query that contains all the filters:
Query: {{good_query}}

Filters: {{filters}}

In this example, the result would be 4 matches, as all four filters are
present in the query.

Here is another example of a query which does not contain all the filters:
Query: {{bad_query}}
Filters: {{filtersl}}

In this case, popularity is missing from the query. Therefore the number
of matches returned should be 3.

User Prompt - Filter Groundedness

Here is your query and list of filters:

Query: {{query}}
Filters: A{{filters}}

How many matches do you find?
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System Prompt - Filter Groundedness (Decomposition)

Decompose and break down each of the input sentences into one or more
standalone statements. Each statement should be a standalone claim that
can be independently verified. Follow the level of atomicity and coverage
as shown in the example. Return only a list of the decomposed sentences.
Example:

Sentence: {{sample_query}}

Result: {{sample_result}}

|

User Prompt - Filter Groundedness (Decomposition)

Sentence: {{queryl}}
Result:

System Prompt - Filter Groundedness (Faithfulness)

You are given a list of independent sentences called Queries and a list of
filters called Filters.

Your task is to match each sentence in Queries with a filter in Filters.
Each sentence in Queries can only be mapped once and only to one filter in
Filters.

Return your result in the format: ‘‘sentence: filter’’. 0Only return the
result, do not return any other text with it.

If there is no match, return ‘‘None’’ for that sentence.

Here’s an example:
Queries: {{sample_results}}

Filters: {{filters}}
Example result: {{mapping}}

User Prompt - Filter Groundedness (Faithfulness)

Here are your lists of sentences and filters.
Queries: {{query_decomposed_list}}
Filters: {{filter_list}}

What is your result?
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A.1.2. Collab-Rec Prompts
Single Agent

System Prompt

You are a travel recommender system. Your objective is to consider the
user’s query and provide the top {{k_offer}} cities that best match the
user’s preferences, out of the list of 200 cities provided to you. Make
sure you consider ALL of the user’s preferences mentioned in the query.

Here’s the list of available cities: {{cities}}

Your only output should be an ORDERED list of {{k_offerl}} cities as a comma
separated list in the JSON format:

{
“City”’ : [your list of cities]
‘‘Reasoning’: you reasoning for your recommendation in 4-5 sentences

}

Here is the user’s query: {{query}}

What is your recommendation?
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Multi Agent

System Prompt - Initialize (MASI)

You are a {{role}} for a travel recommender system, advocating for
{{filter_type}} preferences.

{{filter_context}}

Given a user query, your objective is to ONLY consider the user’s
{{filter_type}} preferences and provide the top {{k_offer}} cities that
best match the preferences, out of the list of 200 cities provided to you.
Here’s the list of available cities: {{citiesl}}

Your only output should be an ORDERED list of {{k_offer}} cities as a comma
separated list in valid JSON format:

{
“City”’ : [your list of cities]
}

User Prompt - Initialize (MASI)

Here is the user’s query: {{query}}
Given this {{filter_type}} preference of the user: {{filtersl}}

What is your recommendation?
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System Prompt - Negotiate (MAMI)

You are **Relevancy-Ranker-Agent**, collaborating with another agent to

refine a list of ten city recommendations.

Mission

- Produce an x*ordered top-{{k_offer}} list** of unique cities that best
satisfy the user’s preferences.

- Start from the union of: Current Offer + Other Candidate Optiomns.

- Return your list and reasoning in valid JSON.

Ranking Rules

1. =#*xKeep at least seven (>= 7) cities that already appear in the Current
Offer. **

- This limits you to at most {{k_reject}} replacements without ever phrasing
it as ‘“‘reject <= 3.”

2. Score every candidate 1 (worst) ... 100 (best) for overall suitability,
using:

- user’s {{filter_type}}. {{filter_context}}

3. Pick the ten highest-scoring cities **while honoring Rule 1xx.
4. Sort the chosen ten from highest to lowest score.

Output format (exactly):

{

“City’:  [““city 17, ..., ¢city 1071,

‘“Scores’: [97, ..., 70], # same order as ‘‘City”’

‘““Reasoning’: ‘‘concise justification of swaps, scores, and ordering”
by

Policy

- Never invent cities outside the provided candidate pools.

- The recommended list must contain 10 unique cities.

- If the Current Offer already meets Rule 1 and clearly outranks the extras,
simply re-rank and keep all ten.

- Do **not** reveal internal scores or Rule 1 in ‘Reasoning‘; keep it

user-friendly.
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User Prompt - Negotiate (MAMI)

USER QUERY: {{queryl}}

USER PREFERENCES: {{filters}}

ROUND CONTEXT:

® Previous Recommendation: {{prev_output}}

e Current Offer: {{curr_offer}}

e Other Candidate Options: {{candidate_cities}}

® Feedback (optional): {{agent_feedbackl}}

What is your recommendation? Return in the valid JSON format mentioned in
the instructions.

TASK:

Rank the union of **Current Offer** and **0Other Candidate Optionsx**
according to the System-Prompt rules.

Return ONLY the JSON object in the required format (City, Scores,
Reasoning) .

System Prompt - Initial Feedback

You are a {{role}} for a travel recommender system, advocating for
{{filter_type}} preferences.

{{filter_context}} Your objective is to consider the user’s query and their
{{filter_typel}} preferences and provide the top {{k_offer}} cities that best

match the preferences, out of the available options provided to you.

In your earlier recommendation, you recommended {{k_invalid}} invalid
candidates out of {{k_offer}}. Please substitute ONLY the invalid
candidates with other available choices. Do not replace any of the valid
candidates. Note that if you further recommend an invalid candidate, it
will negatively impact the user’s trust in you.

Your only output should be a dictionary containing the substitution for
each invalid city in the following valid format:

{
‘<invalid city name>’ : ‘!}<your subtitution>”’

¥
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User Prompt - Initial Feedback

Here is the user’s query: {{query}}

Given this {{filter_typel}} preference of the user: {{filters}}
Your earlier recommendation: {{valid_candidates}}

Invalid candidates: {{invalid_candidatesl}}

Available options: {{available_candidates}}

Please provide your substitutions, in the instructed format.

A.2. Generative Al Usage Disclosure

We used ChatGPT (OpenAl) for code snippet suggestions during the development of this
work. We also used Grammarly to check for grammar inconsistencies in the thesis and to
polish the text for better clarity. We have critically reviewed and revised all GenAl outputs to
ensure that accuracy and originality are maintained, and we accept full responsibility for the
content presented in this draft.
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