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Abstract

Recent developments in Conversational Recom-
mender Systems (CRSs) have focused on sim-
ulating real-world interactions between users
and CRSs to create more realistic evaluation
environments. Despite considerable advance-
ments, reliably assessing the capability of CRSs
in eliciting user preferences remains a signifi-
cant challenge. We observe that user-CRS inter-
actions in existing evaluation protocols resem-
ble a guessing game, as they construct target-
biased simulators pre-encoded with target item
knowledge, thereby allowing the CRS to short-
cut the elicitation process. Moreover, we reveal
that current evaluation metrics, which predom-
inantly emphasize single-turn recall of target
items, suffer from target ambiguity in multi-
turn settings and overlook the intermediate pro-
cess of preference elicitation. To address these
issues, we introduce PEPPER, a novel CRS
evaluation protocol with target-free user sim-
ulators that enable users to gradually discover
their preferences through enriched interactions,
along with detailed measures for comprehen-
sively assessing the preference elicitation ca-
pabilities of CRSs. Through extensive experi-
ments, we validate PEPPER as a reliable evalu-
ation protocol and offer a thorough analysis of
how effectively current CRSs perform in pref-
erence elicitation and recommendation. https:
//github.com/happysnail06/PEPPER

1 Introduction

Conversational recommender systems (CRSs) have
played an increasingly important role in enhancing
personalized experiences by providing tailored rec-
ommendations through interactive dialogues (Sun
and Zhang, 2018; Jannach et al., 2021; Lin et al.,
2023a). Throughout the interaction, these systems
are expected to perform two key tasks: (1) pref-
erence elicitation - exploring and uncovering user
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I’m looking for an animated movie that is heartwarming. 
Something with older characters, quirky companions, ... 

How about ‘Mary and Max’ ? This film,... Any recent movies had  
a strong impact on you? It’ll help me better recommend your..

That’s not what i’m looking for. I want an animated movie with 
emotional touch and someting with old grandpa appear..  

No. I’m looking for a movie with quirky 
companions that is heart warming..

How about ‘Mary and Max’ ? This film,... Any recent movies had  
a strong impact on you? It’ll help me better recommend your..

I see. I think you might prefer animations with more emphasis 
on the storyline. Do you prefer something adventurous or more 
lighthread and purely fun? 

I’m glad that you like it. If you like the idea of 
Inside Out, you might also like ‘Up’ which..

Figure 1: While existing target-biased user simulators
directly reveal attributes of target items for CRS evalua-
tion (Upper), our target-free user simulator engages with
more general preference (Lower), making preference
elicitation crucial to provide accurate recommendations.

preferences by encouraging them to express their
likes and dislikes, and (2) recommendation - retriev-
ing personalized items based on the preferences
inferred from the dialogue. In the field of CRSs, au-
tomatically evaluating the system’s capability has
remained challenging (Friedman et al., 2023; Wu
et al., 2024; Zhao et al., 2024; Lin et al., 2023b; Zhu
et al., 2024). Conventional offline approaches rely-
ing on static, pre-collected dialogues from datasets
often neglect the system’s responsibility to dynam-
ically shape the dialogue itself, whereas evaluat-
ing with real user interactions is costly and time-
consuming (Zhang and Balog, 2020; Gao et al.,
2021; Yoon et al., 2024).

Recently, many studies (Zhang and Balog, 2020;
Friedman et al., 2023) have explored leveraging
Large Language Models (LLMs) to simulate user
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conversations with CRSs, creating more realistic
evaluation environments that reflect the complexity
of human-agent dialogue. However, while effec-
tive at assessing recommendation quality, these
approaches still face challenges in reliably evalu-
ating the process of preference elicitation. Specifi-
cally, we highlight two major limitations in existing
user simulation paradigms: (1) Target-biased user
simulation: Existing methods assume scenarios
where users have specific items in mind, thereby
constructing user simulators that are explicitly in-
formed by the target item attributes. However, rely-
ing on the target items to model the user simulator
significantly hinders user-CRS interactions, as it
tends to generate static responses that repeatedly
expose the same target attributes, causing the CRS
to take shortcuts to the target items. (2) Lack of
reliable metrics: Existing evaluation metrics are
typically limited to measuring single-turn recall of
target items, without accounting for the interme-
diate elicitation process. As a result, they fail to
fully assess how well the CRS guides the conver-
sation to uncover the user’s evolving preferences
or how effectively it addresses the user’s diverse
tastes throughout the interaction.

Motivated by these, this paper begins by investi-
gating two key research questions: (1) How does
reliance on target items affect the quality of user-
CRS interactions? We reveal that target-biased
user simulators reduce interactions to a simplistic
guessing game (Yoon et al., 2024), where the CRS
succeeds by repeatedly guessing the target items
rather than meaningfully eliciting user preferences.
This oversimplified interaction inflates CRS perfor-
mance and leads to substantial performance dispar-
ities across target items, ultimately distorting eval-
uation results. (Figure 1 Upper). (2) How reliable
is Recall@K as a metric for evaluating CRS in
multi-turn dialogues? We observe that Recall@K
suffers from target ambiguity in multi-turn settings,
where the system may hit different target items at
each turn yet receive the same score—failing to
capture meaningful differences in recommendation
behavior. This limitation makes it difficult to dis-
tinguish whether the CRS is genuinely guiding the
conversation to uncover new target items or merely
reiterating previous recommendations.

To tackle these challenges, we propose a
novel Protocol for Evaluating Personal Preference
Elicitation and Recommendation of CRS, named
PEPPER. To address the target-biased interactions
of user simulators, PEPPER adopts target-free user

simulators, modeled on diverse preferences drawn
from real user interaction histories and reviews.
Built upon real user data, our simulators personal-
ize their initial behavior based on the review-driven
user profiles, instead of relying on fixed target item
attributes. In particular, we encourage users to ac-
tively participate in conversations with the CRS,
enabling them to gradually discover their own pref-
erences through interaction (Figure 1 Lower). To
achieve this, we simulate users to continuously
enrich the responses by incorporating implicit pref-
erences derived from reflecting their general pref-
erences on items emerging within the interaction.

Moreover, we introduce both quantitative and
qualitative measures to comprehensively evaluate
preference elicitation capabilities of CRSs. For
quantitative measure, we propose a new metric,
PREFERENCE COVERAGE, to assess how effec-
tively the CRS elicits each user’s diverse prefer-
ences with high coverage evolving throughout the
conversation. For qualitative measure, we propose
fine-grained scoring rubrics to evaluate three differ-
ent aspects of preference elicitation: proactiveness,
coherence and personalization.

To summarize, our contributions are as follows:
• We provide detailed analysis of two key limi-

tations in existing CRS evaluation protocols:
(1) target-biased user simulation and (2) lack
of reliable metrics.

• We propose PEPPER, a novel CRS evaluation
protocol with target-free user simulators, en-
abling realistic user-CRS dialogues without
falling into simplistic guessing games.

• We present detailed measures for comprehen-
sively evaluating the preference elicitation ca-
pabilities of CRSs, encompassing both quan-
titative and qualitative approaches.

• Through extensive experiments, we demon-
strate the validity of PEPPER as a simulation
environment and conduct a thorough analysis
of how effectively existing CRSs perform in
preference elicitation and recommendation.

2 Related Work

2.1 Conversational Recommender Systems

Conversational Recommender System (CRS) aims
to elicit user preferences and provide personalized
recommendations through conversations. In the
field of CRSs, one line of research (Wang et al.,
2022a,b) has focused on refining architectural de-
signs to improve recommendation accuracy, while



Method
Dataset

(Movie Domain)

User Simulation CRS Evaluation

User Pro�le Input Target-free Free-form Interaction Strategy Pref. Elicit. Recommend.

iEvaLM (Wang et al., 2023) Redial, OpenDialKG Target Item Title 7 7 7 7 3
SimpleUserSim (Zhu et al., 2024) Redial, OpenDialKG Target Item Attr. 7 7 7 7 3

CSHI (Zhu et al., 2025) MovieLens Target Item Attr., Long-term Pref. 7 3 Intent Understanding 7 3
CONCEPT (Huang et al., 2024) LLM-Generated Target Item Attr., Personality 7 3 Feeling Generation 7 3

PEPPER (Ours) IMDB General Preference 3 3 Preference Re�ection 3 3

Table 1: Comparison of existing CRS evaluation protocols with LLM-based user simulators.

another (Kostric et al., 2021; Ziegfeld et al., 2025)
has emphasized enhancing the preference elicita-
tion process to support more personalized interac-
tions. Despite signi�cant advancements, previous
evaluation protocols have predominantly focused
on measuring �nal recommendation accuracy us-
ing pre-collected dialogue datasets (Chen et al.,
2019; Wang et al., 2022b,a), often overlooking the
interactive process of preference elicitation. Conse-
quently, automatic evaluation of CRSs has emerged
as a key challenge in CRS, as it requires to create
more realistic testing environments that re�ect the
complexity of human-agent dialogue.

2.2 CRS Evaluation with User Simulator

Recently, researchers have focused on develop-
ing user simulators for evaluating the performance
of CRSs (Zhang and Balog, 2020; Yoon et al.,
2024). iEvaLM (Wang et al., 2023) addresses the
limitations of traditional of�ine evaluation meth-
ods by dynamically extending pre-collected dia-
logues through free-form interactions. While effec-
tive, concerns have been raised about data leakage,
where target item titles are disclosed in existing di-
alogue histories or user prompt, leading to in�ated
evaluation results. To mitigate this, (Zhu et al.,
2024; Huang et al., 2024; Zhu et al., 2025) have
tried to model user preferences using only target
item attributes (e.g., genres). However, this sim-
pli�cation still falls short of fully addressing the
core issue, as providing target attributes can still
shortcut the recommendation process by implicitly
narrowing the candidate space. A summary of the
existing simulation methods is shown in Table 1.

3 Preliminary Analysis

3.1 Focus and Task

Focus: We focus on unveiling the impact of target-
biased user simulation and the limitations of current
evaluation metrics in assessing CRS performance.
Speci�cally, we analyze how (1) reliance on prede-
�ned target items and (2) the use of Recall as an
evaluation metric distort the evaluation process.

Task: CRSs aim to identify a user's target items
through multi-turn, preference-eliciting dialogues.
Formally, given a user-item dataset,U andI denote
the sets of users and items, respectively. For each
useru 2 U, the preference is modeled with a set
of target itemsi u � I . During interaction, the user
provides utterancesut at each turn, either stating
their preferences or giving feedback on prior rec-
ommendations. The CRS then generates a response
r t along with a predicted item listPt � I . The
ultimate goal of the CRS is to recommend items
contained in the user's target seti u .

3.2 Evaluation Setup

Dataset.We use IMDB1 movie dataset to initial-
ize user simulators and conduct our experiments
on CRSs trained with Redial (Li et al., 2018) and
OpenDialKG (Moon et al., 2019) datasets. To en-
sure a reliable evaluation, we have aligned movie
entities in IMDB with each CRS dataset by retain-
ing only the items shared between them. Further
details on the dataset is described in A.1.

Metric. To re�ect how the CRS performs through-
out the interaction, we useRecall@(t; K ), which
measures the proportion of target items success-
fully retrieved at thet-th turn.

CRS Baselines.We evaluate six representative
CRSs, including three supervised models—KBRD,
BARCOR, and UniCRS —and three LLM-based
methods. The implementation details of these mod-
els are provided in Appendix A.2

Target-biased User Simulation.Following (Zhu
et al., 2024), we initialize the preferences of the
target-biased user simulators by excluding movie
titles and relying solely on item attribute informa-
tion (i.e., genres, directors, stars, and plot sum-
maries). To explore how target-item reliance im-
pacts user-CRS interaction, we further divide the
target item set into two parts: a randomly sampled
subset, denoted as theselectedset, and the remain-
ing subset, denoted as theresidualset. We then
implement target-biased user simulators using only

1https://www.imdb.com/



the attributes from theselectedset. We hypoth-
esize that user preferences modeled solely from
the selected target attributes fail to fully capture
the diversity of human interests. Otherwise, such
attribute-based representations would be suf�cient
to generalize and allow the CRS to discover the full
range of target items, including theresidualset. To
examine this, we compare CRS performance on the
selectedandresidualsets. Further implementation
details are provided in Appendix A.3.

3.3 Comparison of Residual & Selected sets

To verify thatresidualandselectedsets are fairly
split, we investigate attribute-level similarity be-
tween the two sets. Speci�cally, we analyze two
complementary aspects: (1) Measuring categorical
overlap of attribute (i.e., genre) by computing the
jaccard similarity betweenresidualandselected
items. (2) Comparing semantic similarity of at-
tribute (i.e., plot) between the residual and selected
items. To achieve this, we compare four pair types:
(i) Intra-Genre (upper-bound similarity within a
genre bucket), (ii) Inter-Genre (lower-bound sim-
ilarity across genres), (iii) Seen–Seen (a random
half-split of the user's watched movies), and (iv)
our Selected-Residual pairs. As shown in Table 2,
in both datasets and metrics, Selected–Residual
similarity almost exactly matches Seen–Seen sim-
ilarity. This indicates that splitting is not skewed
toward speci�c item attribute patterns. In both di-
mensions, Selected–Residual similarity falls com-
fortably between the lower and upper bounds (Inter-
Genre < Selected–Residual < Intra-Genre), avoid-
ing both excessive similarity that could trivialize
the task and excessive dissimilarity that could com-
promise evaluation fairness.

Dataset Comparison Genre Sim. Plot Sim. Combined Sim.

IM
D

B
R

eD
ia

l

Intra-Genre 0.3557 0.2461 0.3119
Inter-Genre 0.1406 0.2037 0.1658
Seen-Seen 0.2245 0.2378 0.2298
Selected-Residual 0.2220 0.2190 0.2210

IM
D

B
O

pe
nD

ia
lK

G Intra-Genre 0.3598 0.2337 0.3093
Inter-Genre 0.1523 0.1958 0.1697
Seen–Seen 0.2307 0.2286 0.2299
Selected-Residual 0.2231 0.2327 0.2269

Table 2: Mean similarity scores across baselines and
critical comparisons.Intra-Genre: similarity between
movie pairs within the same genre group.Inter-Genre:
similarity between movie pairs from different genre
groups. Seen-Seen: similarity between two halves
of each user's watched movies (internal consistency).
Selected-Residual: similarity between selected and
non-selected movies in recommendation experiments.

Figure 2: Comparison between selected and residual re-
call for revealing target-item reliance in user simulators.

3.4 Results and Analysis

Target-biased user simulation results in a guess-
ing game. As shown in Figure 2, the results re-
veal a signi�cant performance disparity for target-
biased user simulation. For example, on the
IMDBOpenDialKGdataset, ChatGPT achieves an av-
erage score of 0.86 for theselectedset but only 0.12
for the residualset. Similar trends are observed
in other CRS models and in the results from the
IMDBReDial dataset, further con�rming the pres-
ence of signi�cant bias. We interpret this bias as
a consequence of target disclosure, where target-
biased user simulators tend to prioritize certain
target items based on their known attributes, re-
sulting in static and narrowly focused preferences
that fail to generalize to theresidualset. Moreover,
target-biased simulators tend to provide shortcuts
for CRSs by explicitly revealing the target item
attributes, reducing the need for meaningful prefer-
ence elicitation and substantially in�ating evalua-
tion results. This calls into question the reliability
of existing evaluation protocols and highlights the
need for a more realistic user simulation approach.

Recall@K fails to re�ect meaningful prefer-
ence elicitation. Preference elicitation in con-
versational recommendation involves progressively
uncovering users' diverse preferences through inter-
active dialogue. However, relying solely on Recall
exhibits structural limitations that prevent it from
properly re�ecting this elicitation process. Specif-
ically, Recall@K (1) permits redundancy by al-
lowing repeated counting of identical items across
turns (refer to astarget ambiguity) and (2) measures
performance independently at each turn, ignoring
previously discovered or missed preferences. For
example, as shown in Figure 3, ChatGPT consis-
tently explores new items at each turn, indicated by
its high Jaccard distance, whereas KBRD rarely up-
dates its recommendations (low Jaccard distance).
Although ChatGPT actively explores new prefer-



ences, Recall@K captures only the low hit rate
per turn, failing to acknowledge its consistent ef-
forts and treating both models similarly, despite
substantial differences in their preference explo-
ration behaviors. Therefore, Recall@K alone fails
to capture the process of preference elicitation and
points to the need for a metric that re�ects diverse
preference discovery throughout the dialogue.

Figure 3: (Upper) Recall@50 of the different CRSs
across 20 dialogue turns on the IMDBReDial dataset.
(Lower) Average Jaccard distance between consecutive
recommendation lists of CRS at each turn.

4 PEPPER: Target-free CRS Evaluation

Guided by the limitations of existing evaluation
protocols, we introduce PEPPER, a novel evalua-
tion protocol designed to comprehensively assess
both preference elicitation and recommendation
abilities of CRSs, addressing key shortcomings of
prior approaches. Speci�cally, it incorporates two
key components: (1)target-free user simulators
with richly expressed preferences derived from real
user interaction histories and reviews, and (2)pref-
erence elicitation metricsthat thoroughly measure
a CRS's ability to uncover diverse user preferences
and deliver accurate recommendations.

4.1 Target-free User Simulator

Unlike prior approaches (Wang et al., 2023; Zhu
et al., 2024, 2025; Huang et al., 2024), which as-
sume scenarios where users have prede�ned tar-
get items in mind, we design our user simulators
with diverse preferences derived from actual user
experiences. We aim to construct target-free simu-

lators, instructing them to seek target items without
any prede�ned target information. Instead, these
user simulators gradually elaborate on their pref-
erences through ongoing conversations, mirroring
how real users naturally articulate and discover
their interests. To achieve this, we introduce two
core components:General PreferencesandRe-
�ected Preferences. Speci�cally, general prefer-
ences are established as a foundational pro�le for
the user simulator, providing a broad base of in-
terests and inclinations. Re�ected preferences, on
the other hand, enrich the conversation context by
allowing the user simulator to dynamically adapt to
the interaction, accordingly re�ne its preferences,
and thoughtfully respond to the CRS. Figure 4 illus-
trates the overall interaction �ow of our framework.

General Preferences. To establish general pref-
erences, we leverage a real-world user database
with extensive interaction histories and informative
reviews. These reviews provide insights into per-
sonal preferences that extend beyond simple item
attributes, capturing nuanced opinions on aspects
such as storyline, pacing, and emotions. However,
given that user-generated reviews often contain
noise and ambiguous expressions, following (Kim
et al., 2024a), we employ ChatGPT to extract and
transform each collected reviews into clear, struc-
tured binary preferences categorized intoLikesand
Dislikes. We then partition each user's interaction
history into two distinct subsets:seenitems and
target items. Theseenitems refer to those the
user has previously interacted with. In contrast,
the target set, reserved for CRS evaluation, con-
sists exclusively of highly rated items, ensuring
a reasonable basis for their use as the evaluation
set. When generating general preference, we pro-
vide ChatGPT with metadata and corresponding
binary preferences derived solely from theseen
items. The model is then instructed to generate de-
scriptive narratives highlighting the most represen-
tative features. These narratives are subsequently
used to initialize our simulators, each tailored to
mimic a distinct instance from the user database.
Through this approach, we ensure that user sim-
ulators remain uninformed of target items while
being robustly grounded in detailed general pref-
erences. This grounding allows their preferences
to be suf�ciently generalizable to discover target
items, thereby closely emulating real users.

Re�ected Preferences. Beyond simply articulat-
ing general preferences, real users evaluate items



Figure 4: Overview of PEPPER. Within our protocol, a user simulator and a CRS interact via (1) item interface
and (2) dialogue interface. The user simulator is initialized with general preferences derived from real-world
datasets (i.e., IMDB). [Blue line] At each interaction, the user simulator �rst inspects top-k recommendations in
the item interface, classifying the items into seen and unseen sets. It then uses these classi�cations and the general
preferences to generate re�ected preferences. Finally, it provides a tailored response enriched with detailed personal
preferences. [Green line] In response, the CRS generates an utterance and presents new item recommendations.

through the lens of their past interactions. They
tend to uncover their implicit preferences while
interacting with recommendation systems, show-
ing a dynamic and adaptable nature. Re�ected
preference functions to capture this nuanced user
behavior, enabling user simulators to re�ect their
preferences with regard to current recommenda-
tions responsively. To achieve this, we categorize
the items recommended by the CRS at each turn
into two sets: aseenset and anunseenset. For
seenitems, we allow the user simulators to revisit
their corresponding reviews and recalling what they
liked or disliked. Forunseenitems, we prompt the
user simulators to shape opinions based on their
general preferences, identifying what they are ex-
pected to like or dislike. These re�ected prefer-
ences are then provided as additional input for the
user's subsequent response. This approach enables
user simulators to proactively provide feedback on
both previously interacted items and newly encoun-
tered ones, consequently enriching the dialogue.

4.2 Evaluation on Preference Elicitation

Since the preference elicitation ability can be de-
�ned as"how proactively a CRS leads the conver-
sation in a natural and engaging manner, guiding
the user through discovering a diverse range of
preferences to achieve a satisfactory experience",
we consider the following key aspects:

(1) Preference Coverage: evaluates how effec-

tively CRSs discover the diverse preferences of
users through the dialogue. (2)Proactiveness
(Deng et al., 2024): characterizes a CRS that ac-
tively guides the conversation by making sugges-
tions or asking relevant questions to actively un-
cover and clarify the user's preferences. (3)Coher-
enceDziri et al. (2019): re�ects the CRS's pro�-
ciency in maintaining �uid and natural interactions,
providing contextually appropriate responses. (4)
Personalization(Lin et al., 2023a): refers to how
well the system provides recommendations and in-
formation that align with the user's preferences,
ensuring a satisfying interaction experience.

Based on these key aspects, we analyze CRSs
both quantitatively and qualitatively. For quantita-
tive analysis, we measurePREFERENCECOVER-
AGE to assess how the CRS identi�es each user's
target items with high coverage throughout the con-
versation. For qualitative analysis, we evaluate
Proactiveness, Coherence, and Personalization to
assess how effectively the CRS integrates the pref-
erence elicitation process into the conversation.

Quantitative Metric. To quantitatively measure
how well the system understands user's evolving
preferences and makes accurate recommendations
as the conversation progresses, we propose novel
metrics,PREFERENCECOVERAGE(PC) andPREF-
ERENCE COVERAGE INCREASE RATE (PCIR).
Speci�cally, PC is de�ned as follows:
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