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Abstract
Conversational Recommender Systems (CRS) are rapidly evolv-
ing with advancements in large language models (LLMs), enabling
richer, more adaptive user interactions. However, existing evalua-
tion practices remain largely system-centric, underestimating nu-
anced factors like conversational quality, empathy, and real-world
user satisfaction. This doctoral research aims to bridge that gap
by advancing holistic, user-centric evaluation frameworks for CRS.
The work pursues four directions: (1) identifying key drivers of
user satisfaction through targeted user studies and dataset analy-
ses; (2) systematically investigating LLMs as annotators and user
simulators to support scalable CRS assessment; (3) developing scal-
able, standardized evaluation protocols that balance objective ac-
curacy with subjective conversational experience; and (4) deriving
actionable design guidelines by comparing strategies for preference
elicitation and context integration. Ultimately, this research seeks
to provide reproducible methods, and evidence-based guidance to
foster the development of CRS that genuinely center the user.

CCS Concepts
• Information systems→ Recommender systems.
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1 Introduction
Recommender systems have become an indispensable component of
modern online services, guiding users through an ever-growing sea
of content and products. Traditional approaches—predominantly
collaborative filtering and content-based methods—rely on implicit
feedback (e.g., clicks, ratings) and static interfaces, which limit the
system’s ability to capture users’ evolving needs and contextual
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nuances. CRS address these shortcomings by supporting natural,
multi-turn dialogues that allow users to articulate preferences in
their own words, receive interactive explanations, and refine rec-
ommendations in real time [16]. These systems are commonly built
on three main modules—recommendation engine, dialogue man-
agement, and natural language processing—that together enable
dynamic, user-adaptive conversations [9]. The two primary goals
of CRS are therefore (1) to elicit accurate and fine-grained user
preferences through dialogue, and (2) to generate personalized sug-
gestions that adapt dynamically as the conversation unfolds.

Recent advances in LLMs have significantly expanded the capa-
bilities of CRS, enabling more fluent conversations, richer con-
text understanding, and the integration of external knowledge
[29, 30, 35]. However, these technical advances also expose new
challenges in how to evaluate and design CRS from a truly user-
centric perspective. Traditional evaluation methods—often cen-
tered on offline accuracy metrics such as precision, recall, or BLEU
scores—fail to capture crucial aspects of the conversational expe-
rience, such as empathy, rapport, adaptability, and overall user
satisfaction [18, 25, 35]. In many scenarios, especially for high-
involvement or cold-start items, users may not have well-defined
preferences at the outset, or may even construct their preferences
dynamically during the conversation [16]. Thus, the quality of the
dialogue—how well the system understands, adapts, and responds
to the user—becomes as important as the accuracy of the recom-
mendations themselves.

Despite growing recognition of these issues, the evaluation of
CRS remains an open problem. Existing datasets and offline bench-
marks provide limited insight into real user experience, and there
is a lack of standardized frameworks for assessing conversational
quality and user satisfaction. Recent research has begun to address
this gap by developing user-centric evaluation frameworks, such as
CRS-Que [18], which extend established models (e.g., ResQue [26])
to include conversation-specific dimensions like understanding,
adaptability, response quality, attentiveness, rapport, and human-
ness. Yet, conducting large-scale user studies is resource-intensive,
and the potential for LLMs to serve as scalable annotators or user
simulators introduces both opportunities and open questions re-
garding their reliability and validity compared to human feed-
back [6, 25]. Importantly, the recent CAFE framework [2] also iden-
tifies this gap, emphasizing that current evaluation practices often
overlook user-centric aspects and proposing a comprehensive struc-
ture for evaluating conversational agents that centers stakeholder
goals, user tasks, evaluation criteria, and methodologies.

In this work, I focus on advancing the user-centric evaluation
and design of conversational recommender systems. My research
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aims to answer the following key questions: What do users truly ex-
pect from CRS? How can we systematically evaluate CRS to ensure
these expectations are met? Can LLMs reliably support user-centric
evaluation at scale? And, ultimately, how should CRS be designed
to maximize user satisfaction, trust, and engagement during interac-
tion? By addressing these questions through a combination of user
studies, analysis of existing datasets, and exploration of LLM-based
evaluation methods, this work seeks to contribute both method-
ological insights and practical guidelines for the next generation of
conversational recommender systems.

2 Related Work
The evaluation and design of CRS have attracted increasing at-
tention in recent years. Prior research has explored both system-
centric and user-centric perspectives, highlighting the limitations
of traditional accuracy-based metrics and the importance of user
experience, empathy, and adaptability. With the rise of LLMs, new
opportunities and challenges have emerged for both the devel-
opment and assessment of CRS. In this section, we review key
contributions in these areas, including the integration of LLMs,
methods for preference elicitation, the incorporation of contextual
information, and recent advances in evaluation protocols.

2.1 Evaluation of CRS
Existing evaluation methods for conversational recommender sys-
tems fall into three paradigms: offline studies, user studies, and user
simulation with LLM annotation.

2.1.1 Offline Studies. Offline studies remain a foundational para-
digm for benchmarking CRS, relying on established conversational
datasets and automated metrics. Prominent corpora such as Re-
Dial [23] enable evaluation at scale by providing naturalistic dia-
logues annotated with recommendation intents. TG-ReDial [37]
expands on this by introducing topic-guided threads, facilitating
more proactive and context-rich conversational flows, while E-
ReDial [11] offers human-curated explanations to enhance the as-
sessment of system-generated explanations.

Evaluation in this setting primarily utilizes objective, repro-
ducible metrics—such as precision, recall, BLEU, and ROUGE—to
quantify system performance [11, 16, 23, 37]. Recent advances like
RecBench+ [13] further broaden benchmark complexity to better
reflect the diversity of real user queries.

However, despite their scalability, offline studies are limited
in capturing subjective dimensions critical to user-centric evalua-
tion. These approaches typically overlook conversational coherence
across multiple turns, adaptability to emerging user preferences,
and factors such as empathy, rapport, and trust [14, 15, 18, 25, 35].
As a result, gains in automated metrics often fail to translate into
improved real-world experiences.

2.1.2 User Studies. User studies are widely regarded as the defini-
tive method for evaluating real-world user satisfaction, trust, and
engagement with CRS. Early efforts, such as the ResQue model [26],
established robust instruments for measuring perceived recommen-
dation quality. CRS-Que [17, 18] extends this by introducing six
key conversation-specific dimensions—understanding, adaptability,
response quality, attentiveness, rapport, and humanness—which are

now commonly used to systematically assess dialogue quality and
user experience.

CRS-Que has been validated with controlled user studies using
music (MusicBot) and mobile phone (PhoneBot) CRS [18]. Partici-
pants interacted with varied conversational behaviors, including
explanation styles and personalization, then rated their experiences
using CRS-Que. Results showed that dimensions such as atten-
tiveness, adaptation, and perceived humanness significantly con-
tributed to satisfaction and trust. Moreover, features like human-like
cues and tailored explanations influenced perceptions of rapport
and behavioral intention, underlining the impact of design choices
on subjective experience.

Recent work demonstrates the depth achievable with longitudi-
nal, user-driven studies. A three-week diary study with daily users
of music recommender services interacting with GPT-based CRS
agents was conducted [31]. The study design allowed participants
to explore and optimize interactions in open-ended, personally rel-
evant scenarios. Findings revealed that LLM-powered CRS aided
preference clarification, supported unique behaviors, and fostered
greater self-understanding during recommendations.

A large-scale user study [25] benchmarked LLM-based CRS
(ChatGPT) against strong retrieval models. Users rated dialogue
responses for meaningfulness, and ChatGPT outperformed com-
petitors on perceived response quality, though occasionally missed
multi-topic context. However, there remained only weak alignment
between automated metrics (BLEU, ROUGE) and user satisfaction.
This underscores the continued necessity of human-in-the-loop
studies for understanding nuanced conversational quality.

Finally, crowdsourced evaluation platforms (e.g., CRS Arena [3])
provide accessible but less controlled alternatives to lab studies,
enabling broader participation at the cost of experimental rigor.

As research on CRS evaluation advances, continued investment
in well-designed user studies will be critical to ensure that improve-
ments in system capabilities translate into authentic gains in user
experience. They provide both the ground truth for constructing
new metrics and the foundation for designing systems that gen-
uinely center user needs.

2.1.3 User Simulation and LLM Annotation. User simulation and
LLM annotation have emerged as scalable alternatives to traditional
user studies for evaluating CRS. These approaches leverage large
language models to both simulate user interactions and automate
the assessment of conversational quality, aiming to address the
high cost and limited scalability of human-in-the-loop evaluation.

Recent frameworks employ agent-based simulators, such as Rec-
UserSim [5], which generate persona-driven dialogues and provide
multi-dimensional ratings, and SimpleUserSim [38], which intro-
duces intent-aware prompting and data-leakage controls for greater
realism. Automated toolkits can now assess conversational flow,
task success, and user satisfaction without exhaustive human an-
notation [1, 34, 39]. Protocols like CONCEPT [12] integrate both
system- and user-centric criteria—including social intelligence and
adaptability—using LLM-based simulation and assessment.

Despite these advances, several challenges remain. LLM-based
simulators can suffer from prompt brittleness, data leakage, and
limited behavioral diversity [38]. While some studies report that
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Table 1: Comparison of CRS Evaluation Approaches

Approach User-Centric Scalable LLM-Based Reproducible Validated

Offline Metrics ✗ ✓ ✗ ✓ ✗

User Studies ✓ ✗ ✗ ✗ ✓

LLM Annotation/Simulation ? ✓ ✓ ? ?
Synthetic Dataset ? ✓ ✓ ✓ ?

LLM-generated annotations closely match human ratings for sub-
jective dimensions [25], others find that crowdsourced human judg-
ments are more reliable, and that reference-based metrics often
fail to capture human preferences [10]. As a result, the reliability
and validity of LLMs as user simulators and annotators require
further systematic comparison with human studies across diverse
CRS scenarios [5, 6].

In summary, user simulation and LLM annotation offer promis-
ing paths toward scalable, nuanced CRS evaluation, but rigorous
validation and methodological refinement are needed to ensure
their effectiveness and trustworthiness.

2.1.4 Synthetic Datasets. Synthetic conversational data remains
under-studied in CRS evaluation. Most existing literature focuses
on generating synthetic datasets for training recommender sys-
tems, with less attention paid to their role in evaluation. A multi-
dimensional framework from recommender systems—combining
human realism ratings, classifier-based real-vs-fake tests, and en-
tropy or divergence statistics—has been adapted to assess the quality
of synthetic utterances [20]. For example, the TtWMusic pipeline
can generate over one million music-domain dialogues; with care-
fully crafted prompts, these synthetic conversations closely match
human data in terms of fluency and next-item prediction [21].

In parallel, GAN-based frameworks have been proposed for gen-
erating fully parameterized synthetic datasets for collaborative fil-
tering, enabling controlled experimentation and benchmarking [4].

Table 1 summarizes these paradigms across five key criteria: user-
centricity, scalability, use of LLMs, reproducibility, and validation.
Offline metrics offer reproducibility and scalability but lack user-
centric depth. User studies provide validated, user-centered insights
but are resource-intensive. LLM annotation and simulation promise
scalable, LLM-driven evaluation, though their user-centricity and
validation remain under investigation. Synthetic datasets enable
scalable, reproducible experiments, but their alignment with real
user experience is still being established. Developing a unified,
standardized evaluation framework that balances these criteria
remains an open challenge.

2.2 User-Centric Design of CRS
A truly user-centric Conversational Recommender System (CRS)
must go beyond technical optimization to address the nuanced
needs, expectations, and behaviors of real users. Effective design
requires a holistic approach that integrates preference elicitation,
empathetic and adaptive interaction, and contextual grounding
of recommendations. These elements are essential for fostering
trust, engagement, and satisfaction—core goals highlighted in our
research questions.

2.2.1 Preference Elicitation. Recent advances demonstrate that dy-
namic, multi-turn questioning can substantially improve the quality
of elicited preferences. Frameworks such as Vague Preference Pol-
icy Learning (VPPL) explicitly model uncertainty in user goals and
adapt question selection throughout the dialogue [32, 33]. Multi-
agent designs likeMACRS coordinate specialized agents (questioner,
recommender, chit-chat) and use reflection loops to update user
profiles in real time [8]. LLMs can support prompt engineering
for elicitation tasks [22] and generate synthetic user–item inter-
actions for cold-start scenarios [28]. However, many users lack
the domain knowledge to answer attribute-specific queries; auto-
matic generation of usage-based questions from product reviews
has been proposed to bridge this gap [19]. Empirical studies con-
firm that while elicitation method (button, free-text, open-ended)
may not drastically affect overall user experience, satisfaction with
the recommendation itself is the strongest predictor of a positive
experience [16, 40].

2.2.2 Leveraging LLMs for Interaction. LLMs now play a central
role in enhancing CRS user interaction. They enable more natural,
adaptive, and empathetic dialogues by understanding nuanced user
input, generating contextually appropriate responses, and main-
taining conversational coherence [24]. Incorporating in-domain
collaborative signals—via fine-tuning or retrieval—improves rec-
ommendation relevance without sacrificing fluency. At the same
time, LLM-driven recommenders can inherit biases; prompt strate-
gies are being developed to mitigate these effects [7]. Ongoing re-
search explores how LLMs can be guided to exhibit greater empathy
and adaptivity, directly impacting user trust and engagement. The
ReFICR model [30] unifies retrieval and generation tasks through
instruction tuning, achieving state-of-the-art results on public CRS
datasets.

2.2.3 Contextual and Semantic Integration. Grounding recommen-
dations in rich context is crucial for user satisfaction. Knowledge
graphs inject structured metadata into responses [36, 41], while uni-
fied architectures like PECRS represent items as natural-language
descriptions and leverage a single pre-trained LM for both semantic
matching and dialogue generation [27]. Recent work also demon-
strates that contextual and time-aware modeling, with less reliance
on domain-specific knowledge, can improve CRS performance and
generalizability [29]. These approaches simplify system design, re-
duce semantic misalignment, and enable CRS to adapt to diverse
conversational contexts without requiring separate modules for
knowledge retrieval and ranking.
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Table 2: Progress of Dissertation Research

Phase Status Key Activities Deliverables

RQ1: User Satisfaction In progress • Design and run user studies
• Investigate limitations of existing
datasets

• Analysis of satisfaction drivers
• Draft design guidelines

RQ2: LLM Annotation Planned • Build LLM annotation and simulation
pipeline

• Conduct reliability tests

• LLM vs. human comparison report
• Validation protocol

RQ3: Evaluation Framework Planned • Integrate system- and user-centric
metrics

• Evaluate the use of synthetic datasets
• Develop open-source evaluation
toolkit

• Reproducible evaluation protocol
• Synthetic datasets
• Toolkit release

RQ4: User-Centric Design Planned • Prototype preference-elicitation and
context modules

• Evidence-based design guidelines
• Prototype code

3 Research Objectives and Questions
Although recent work has advanced both user-centric evaluation
frameworks and LLM-based simulation methods for CRS, key gaps
remain: (1) there is no unified, scalable evaluation framework that
balances system-centricmetrics with conversational quality; (2) avail-
able datasets and benchmarks do not fully capture real user behav-
ior or conversational nuance; (3) the reliability of large language
models as annotators and simulators for CRS evaluation needs sys-
tematic validation; (4) design guidelines for integrating preference
elicitation and contextual knowledge into CRS are still underdevel-
oped. Therefore we will address the following research questions
(RQs):

RQ1: What are the key factors driving user satisfaction and conver-
sational quality in CRS?

RQ2: How can large language models be leveraged as reliable anno-
tators and simulators to support CRS evaluation at scale?

RQ3: How can we develop a scalable, standardized evaluation frame-
work that balances user-centric and system-centric criteria?

RQ4: How should CRS be designed to integrate preference elicitation
and contextual information for enhanced user engagement?

4 Methods
The progress plan (Table 2) comprises four phases addressing dri-
vers of user satisfaction, evaluation-framework development, LLM
annotation/simulation reliability, and user-centric CRS design. In
phase 1, we will run controlled user studies building on existing
evaluation frameworks [5, 12, 18], collecting multi-dimensional
ratings on conversational behaviors (e.g., empathy, adaptivity) and
annotating existing dialogues (e.g., ReDial) to identify attributes
most strongly correlated with user satisfaction. In phase 2, we will

conduct comparative experiments where LLMs and human anno-
tators independently rate the same dialogue sessions, computing
inter-rater agreement and qualitatively analyzing strengths and lim-
itations; concurrently, we will evaluate LLM-driven user simulators
for behavioral fidelity, diversity, and prompt robustness. Phase 3
focuses on building a modular evaluation framework that combines
system-centric metrics with user-centric dimensions, supporting
bothmanual and automated assessments via LLMs. In this phase, we
will investigate the suitability and impact of incorporating synthetic
conversational datasets into the evaluation process—systematically
comparing results from real and synthetic dialogues to assess their
alignment and utility for CRS evaluation. Open-source tools and
protocols will be published to ensure transparency. Phase 4 involves
prototyping CRS variants with different preference-elicitation (e.g.,
direct queries, usage-based questions) and context-integration (e.g.,
knowledge graphs) strategies, measuring engagement, trust, and
satisfaction through surveys and behavioral metrics to derive ac-
tionable design guidelines. In parallel, we will continue to explore
the generation and assessment of synthetic datasets, informed by
findings from phase 3.

5 Conclusion
Advancing the evaluation and design of user-centered Conversa-
tional Recommender Systems from a user-centric perspective re-
mains a critical and open challenge. This work aims to address per-
sistent gaps in current evaluation practices by systematically inte-
grating user studies, LLM-based annotation, and synthetic datasets
into a unified framework. The proposed approach will clarify which
conversational and system factors truly drive user satisfaction and
trust, develop scalable methodologies for robust evaluation, and
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derive practical guidelines for CRS design. The resulting tools, pro-
tocols, and findings are expected to support reproducible research,
foster user-centered innovation, and guide practitioners in building
CRS that deliver enhanced real-world value.
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