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Abstract

Large Language Models (LLMs) excel at producing broadly relevant text,
but this generality becomes a limitation when user-specific preferences
are required, such as recommending restaurants or planning travel. In
these scenarios, users rarely articulate every preference explicitly; instead,
much of what they care about remains latent, waiting to be inferred. This
raises a fundamental question: Can LLMSs uncover and reason about such latent
information through conversation?

We address this problem by introducing a benchmark for evaluating latent
information discovery—the ability of LLMs to reveal and utilize hidden
user attributes through multi-turn interaction. The benchmark spans three
progressively realistic settings: the 20 Questions game, Personalized Ques-
tion Answering, and Personalized Text Summarization. All tasks share a
tri-agent framework (User-Assistant-Judge) enabling turn-level evaluation
of elicitation. Our results reveal that while LLMs can indeed surface latent
information through dialogue, their success varies dramatically with con-
text: from 10% to 100%, depending on task complexity, topic, model, and
number of hidden attributes. This benchmark provides the first systematic
framework for studying latent information discovery in personalized inter-
action, highlighting that effective preference inference remains an open
frontier for building adaptive Al systems.

1 Introduction

Large Language Models (LLMs) have achieved remarkable success across domains, such
as healthcare (Wang et al., 2025; Busch et al., 2025), education (Chu et al., 2025; Xiao et al.,
2023), translation (Wang et al., 2024; Zhu et al., 2024), and code generation (Jiang et al., 2024;
Zan et al., 2023). Modern LLMs can now produce responses that are accurate, coherent, and
contextually appropriate. Yet these strengths do not guarantee user satisfaction: many LLM
responses remain overly generic, designed to appeal to a broad audience rather than reflect
an individual’s intent or constraints.

As LLMs increasingly mediate personal and professional decision-making (e.g., recommend-
ing restaurants, summarizing news, or offering tailored advice), this lack of personalization
becomes a critical limitation. In practice, user-specific information is often latent—unstated,
contextual, or even subconscious—and therefore unavailable to the model at the outset.

A simple motivating example. Consider the classic game of 20 Questions. One player thinks
of an object, and the other must infer it by asking a series of yes-or-no questions. Success
requires strategic questioning to reveal hidden information. Now replace the hidden object
with a user’s unstated preference, like a dietary restriction or stylistic goal. Can an LLM
play this game, asking the right questions to infer what the user values and tailoring its
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Figure 1: lllustration of a question answering task. Strategy A: The LLM directly provides a
response. This response is generic and violates the user’s preferences. Strategy B: The LLM
tries to elicit the user preferences through a multi-turn conversation, requesting specific
information at each turn. At the end of the interaction, the LLM produces a personalized
response.

final answer accordingly? This analogy illustrates the core challenge of this work: effective
personalization requires latent information discovery.

How can LLMs personalize? We can imagine three possible strategies: (1) User explicitly
provides all preferences in the prompt; (2) LLM requests the preferences before responding;
(3) LLM actively elicits them through multi-turn conversation — asking targeted questions,
and interpreting answers, and adapting its final response. While the first two strategies are
technically viable, they are rarely realistic: users seldom recall or articulate every relevant
preference upfront. The third approach, interactive elicitation, is therefore the most natural
and potentially powerful path toward genuine personalization. Fig. 1 illustrates a question-
answering task where the contrast between providing a direct, generic answer and providing
a personalized answer through multi-turn interaction with the user is highlighted.

We note that studying personalization as a latent information discovery problem is of
practical importance. It captures the challenging scenario in which supplementary signals,
such as a user’s profile, history, or past interactions, are unavailable, and the system must
rely solely on information elicited through a multi-turn interaction. This situation is common
in practice: LLMs are typically not connected by default to external online services that may
contain information about users’ shopping behavior, travel plans, or habits, nor do they
have access to users’ complete profiles and histories. They may, however, have access to a
user’s past conversations and some user-provided context, although, as discussed above,
even this assumption is not always realistic.

Our benchmark. Building on this intuition, we design a unified benchmark for evaluating
LLMs’ ability to discover and use latent user information through multi-turn dialogue.
The benchmark follows a consistent tri-agent framework, comprising a User (with hidden
preferences), an Assistant (the model under evaluation), and a Judge (which evaluates
alignment), and spans three increasingly realistic tasks: (1) 20 Questions: a controlled
reasoning setting isolating pure latent information discovery; (2) Personalized Question
Answering: unveiling latent user preferences and utilizing them for providing personalized
responses to user questions; and (3) Personalized Text Summarization: unveiling latent user
preferences and utilizing them for providing a document summarization compatible with
those preferences. This design enables systematic, turn-level evaluation of questioning
strategies, reasoning efficiency, and personalization accuracy. We focus on the passive-user
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Figure 2: The benchmark’s general setting, including the example of Fig. 1. The boxes with a
solid border depict the generic elements of the setting, while the boxes with a dashed border
describe the example. Both the multi-turn conversation between the Assistant and the User,
and the evaluation phase (where the Judge is utilized) after each turn, are depicted.

setting, where the user responds only when prompted, mirroring real-world (and in some
sense worst case) interactions where users rarely volunteer all relevant context.

Benchmarking open- and closed-source models on our dataset reveals performance varying
from 10% to 100%, depending on task complexity, topic, model, and number of hidden
attributes. Overall, we can say that latent preference identification is neither inherently easy
nor inherently difficult; instead, its level of difficulty depends on the specific setting and
other factors such as the number of latent preferences. Together, these results establish the
first systematic foundation for studying latent information discovery, a core yet underexplored
skill required for building truly adaptive, user-centered LLMs.

Finally, it is worth noting that the benchmark tasks can be interpreted through the lens
of preference tree models in decision theory (Tversky & Sattath, 1979), where each user’s
latent preference structure defines a hierarchical set of aspects. Through dialogue, the LLM
effectively performs an elimination over this latent tree, by asking targeted questions to
prune inconsistent branches until the user’s intended preference leaf is revealed.

2 Related Works

Multi-Turn Interaction Benchmarks. Several studies have evaluated LLM performance
in multi-turn conversations, focusing on general dialogue capabilities rather than person-
alization. For instance, Kwan et al. (2024) assess models’ abilities in recollection (retaining
information from earlier turns) and refinement (revising previous instructions), while Bai
et al. (2024) examine perceptivity, adaptability, and interactivity across multi-turn dialogue
scenarios. Similarly, Zhang et al. (2024) employ the classic 20 Questions game as a surrogate
task to analyze LLMs’ reasoning and planning skills over multiple turns. While these studies
shed light on the dynamics of conversational reasoning, they do not address how models
can actively elicit and integrate hidden user information, which is the focus of our work. In
contrast, our benchmark frames multi-turn dialogue as a means for latent information
discovery, explicitly testing whether LLMs can uncover unspoken user attributes.

LLM Personalization, Preference Following and Elicitation. A growing body of work
investigates how LLMs personalize, i.e., adapt to individual users’ preferences and needs.
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This can involve several components, and some key ones are preference following and
elicitation.

Several existing benchmarks evaluate how models follow or apply known preferences. For
example, Zhao et al. (2025a) assess preference following and memorization abilities in
long-context conversations, while Afzoon et al. (2024) evaluate both open- and closed-
source LLMs on generating responses consistent with a given persona and conversational
context. The LaMP (Salemi et al., 2024) and LongLaMP (Kumar et al., 2024) benchmarks
extend this idea by evaluating model outputs across eleven personalization tasks, such
as product rating and email completion. More recently, Zhao et al. (2025b) also study
personalization through multi-turn interactions, focusing on explicit persona conditioning
and interactive adaptation. Our work differs from all of the above in both goal and setting.
We focus on preference unveiling/elicitation rather than preference following. Furthermore, we
evaluate this capability under a passive-user assumption, where the user responds to only
model queries, forcing the LLM to decide what to ask and when and explore a diverse set
of tasks—including Personalized Question Answering, and Text Summarization, so as to
evaluate LLM’s capabilities in realistic personalization scenarios.

Moreover, other works, similar to this one, address preference elicitation. For instance, GATE
(Li et al., 2025) establishes the value of multi-turn interactive preference elicitation compared
to other interactive (e.g., users are asked to respond to selected questions from a large pool)
and non-interactive baselines. Our work extends this by providing a broad and systematic
understanding of how multi-turn interactive preference elicitation behaves across a diverse
range of settings (tasks, topics, models, etc.). Another set of works has aimed at improving
model performance on preference elicitation. Hong et al. (2023) proposes an offline RL
method to help an LLM achieve a goal through multi-turn interaction with a user. In this
context, the authors consider preference elicitation, but not exclusively, and it is studied
in a more restricted setting compared to our work, e.g., the topics are mostly related to
travel. Wan et al. (2026) use RL to personalize LLMs for multi-turn conversations, focusing
on comparing different RL objectives and reward designs. However, their evaluation lacks
model diversity, as the LLM models are fixed across these varying designs. Gao et al.
(2024) propose an interactive framework where, given a context, the model proposes an
answer and the user edits that answer according to their preferences. The model elicits
latent preferences and updates its answer using the user’s edit history. The efficacy of this
approach is tested on two applications, text summarization and email writing. Overall,
the above works do not share the focus of our work and the scope of their examination of
preference elicitation is somehow narrower. Our work is designed to systematically study the
general abilities of LLMs in preference elicitation.

3 Benchmark Setting and Methodology

In this section, we present the overall design of our benchmark and the methodology used
to evaluate LLMs in latent information discovery. The overall benchmark structure is
illustrated in Fig. 2, and the three evaluated tasks are shown in Fig. 3.

3.1 General Setting and Methodology

Tasks. The benchmark centers on tasks that require the discovery of hidden or implicit user
information. A successful Assistant must go beyond producing a correct answer—it must
uncover and incorporate the User’s latent preferences through interaction. We include three
tasks that together capture this spectrum of behavior. Sample dataset entries for each of
these tasks are presented in Appendix D.2.

(1) Personalized Question Answering and (2) Personalized Text Summarization are the two core
personalization tasks. In both, the Assistant must identify which pieces of information
about the User are relevant to the current task (e.g., dietary restrictions, stylistic preferences)
and then use them to generate a tailored output. These tasks mimic realistic user-LLM
interactions, where success depends on how effectively the model elicits, interprets, and
applies latent user cues. In both tasks we employ a diverse set of topics to capture different
scenarios. Specifically, we have five topics for task (1) and four topics for task (2).
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Figure 3: The two personalization tasks and the 20 Questions Game task of our benchmark.
The LLM tries to elicit the user preferences (or the hidden object) through a multi-turn
conversation, requesting specific information at each turn. After each turn, the Assistant
produces a personalized response (here we only illustrate the response after the final turn).

(8) The 20 Questions Game, although not a personalization task in the conventional sense, it
serves as a foundational and diagnostic component of the benchmark. The 20 Questions
Game isolates the pure reasoning process of latent information discovery. Here, the hidden
object plays the same conceptual role as a latent preference: it is information unknown to
the Assistant that must be uncovered through strategic questioning. Performance in this
setting illustrates how well a model can reason about and uncover hidden information
before those capabilities are tested in more complex, domain-specific personalization tasks.
Moreover, this task provides a simplified and controlled environment in which we can
study more closely certain aspects of latent information discovery. Specifically, we analyze
how the search space of hidden objects changes after each turn and assess the potential for
improving the model’s performance using SFT.

Agents. Each task involves three interacting agents: the Assistant, the User, and the Judge.
The User simulates a person with fixed latent preferences and provides concise, truthful
responses to the Assistant’s questions. The Assistant acts as the model under evaluation
and is the active participant in the dialogue. Its goal is to uncover the User’s hidden
information and complete the task in a way that aligns with those preferences. After each
conversational round, the Assistant generates a task-level output (e.g., an answer or a
summary). Finally, the Judge operates externally, assessing whether the Assistant’s output
satisfies all of the User’s latent preferences.

Multi-Turn Interaction. The dialogue unfolds as a sequence of Assistant-User exchanges.
At each turn, the Assistant poses a targeted question and the User replies according to their
latent preferences. The Assistant may refine its subsequent questions using all prior context.
The maximum number of turns is fixed and known to the Assistant in advance, ensuring
comparability across models.

Evaluation and Early Stopping. After each turn (i.e., one Assistant-User exchange), the
Assistant produces a complete, personalized response to the User’s original task using
all accumulated information. The Judge then evaluates whether this output satisfies
every latent preference. If alignment is achieved, the conversation terminates early
(success); otherwise, it continues until the maximum number of turns is reached (failure).
This early-stopping mechanism allows us to measure both the quality and efficiency of
latent-information discovery.
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Evaluation Metrics. We use two primary metrics:

1. Success Rate — the proportion of instances in which the Assistant’s final output
satisfies all latent preferences;

2. Average Stop Turn — the average number of turns required to reach success. This
metric is computed over all instances and uses the maximum possible value as the
stop turn in cases of failure (e.g., 20 for the 20 Questions).

Additionally, we conduct an error-type analysis in which we examine the different ways
the Assistant models fail (Appendix A.3), as well as an analysis of how the search space is
reduced after each turn in the 20 Questions Game (Appendix A.4). These analyses aim to
take a closer look at the different models’ strategies and their effectiveness, i.e., the types of
questions they ask and how effective these are at unveiling the hidden objects. Finally, we
evaluate the reliability of the selected Judge and User models by examining the extent to
which they adhere to their provided instructions (Appendix A.2).

Models. All agents are implemented with LLMs. To ensure reliability, the User and Judge
are instantiated using strong, stable models that perform their roles consistently across runs.
Specifically, we employ GPT-40 (Hurst et al., 2024) and Qwen3-235B-A22B-Instruct (Yang
et al., 2025) for both, with each model handling half of the runs. For the Assistant, we
evaluate four representative models spanning both closed- and open-source families: GPT-
40-mini (Hurst et al., 2024), Claude-3.5-Haiku, Mistral-7B-Instruct (Jiang et al., 2023),
Qwen2.5-7B-Instruct and Qwen2.5-14B-Instruct (Yang et al., 2024).

3.2 20 Questions Game

The first component of our benchmark is the 20 Questions Game, a structured variant of
the classic guessing game in which one participant selects an object and the other attempts
to identify it by asking a sequence of yes—or—-no questions. Each User is associated with a
single hidden object drawn from one of five topics: animal, fruit, landmark, sport, or weather.
The topic may either be disclosed to, or withheld from the Assistant, allowing us to evaluate
how prior knowledge affects questioning strategies. During the interaction, the Assistant
poses one question per turn, and the User responds truthfully, typically with “yes” or “no”.
The dialogue lasts for at most 20 turns.

After every turn, the Assistant must, outside of the dialogue, propose its current best guess
of the hidden object using all gathered information. The Judge then verifies whether this
guess is correct. If correct, the conversation terminates early (success); otherwise, it continues
until the 20-turn limit is reached (failure).

3.3 Personalized Question Answering

In Personalized Question Answering, each User is associated with a list of one to three latent
preferences and a question. The preferences and the question correspond to a specific topic
from the following list: medical care, personal finance, pet ownership, shopping assistance,
travel restaurant.

The Assistant is given the question, and its goal is to provide a personalized answer, i.e., an
answer that aligns with all the preferences in the User’s list. To achieve this, the Assistant
asks the User targeted questions aimed at eliciting all relevant (to the User’s question)
preferences, specifically a single question per conversation turn to which the User answers
truthfully.

After each turn, we request from the Assistant a response to the User’s question (outside of
the conversation), using the information gathered so far. The Judge assesses whether the
Assistant’s response correctly aligns with all of the User’s latent preferences. The maximum
number of conversation turns is set to 10.

3.4 Personalized Text Summarization

In this task, each user is associated with a list of three preferences and a text. The pref-
erences and the texts correspond to a specific topic from the following list: news articles
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Figure 4: Results of the “20 Questions Game” experiments across different models, topics,
and conditions; Topic Known 1 (the upper part of each figure) vs Topic Unknown | (the
lower part of each figure).

(“enn_dailymail”), general articles (“wikipedia”), science papers (“elsevier PHYS”) and
patent documents (“big_patent”); refer to Sec. D.1 for more details. The Assistant is given
the text, and its ultimate goal is to provide a personalized summary, i.e., one that aligns
with all of the User’s preferences.

To achieve this, the Assistant asks the User targeted questions aimed at understanding the
User’s summarization preferences, specifically a single question per conversation turn to
which the User answers truthfully. After each turn, we request the Assistant to provide a
summary of the User’s text (outside of the conversation), using the information gathered
so far. The Judge assesses whether the Assistant’s summary correctly aligns with all of the
User’s summarization preferences. The maximum number of conversation turns is set to 10.

4 Experiments

In this section, we present our experimental setup and results across the three benchmark
tasks. Our experiments aim to answer two central questions: (1) How well can current
LLMs uncover hidden information through multi-turn dialogue? (2) How efficiently do
they adapt newly acquired knowledge to produce personalized responses?

4.1 20 Questions Game (200QG)

We present results in Fig. 4. All numbers are averaged over six runs (three with GPT-40 as
User/Judge and three with Qwen3-235B); we have 20 objects per topic.

Main observations. Performance drops sharply when the topic is unknown rather than
disclosed, which is expected since the search space is much larger in the former case. The
drop is less pronounced for the animal topic because most Assistants open with a high-yield
question (e.g., “Is the object a living thing?”), quickly narrowing the hypothesis space. No
single model dominates across all settings. Closed-source models (GPT-40-mini, Claude-3.5-
Haiku) tend to lead on average when the topic is known, while when the topic is unknown
the situation is more mixed, as for each open model there is a topic in which it performs
better than the closed-source ones. Notably, Mistral-7B-Instruct, one of the weakest models
(i.e. it regularly exhibits the worst performance), outperforms the others when the topic
is “fruit”, both in terms of success rate (20 percentage points higher than the second-best
model) and stop-turn number (requires at least 1 less turn compared to the other models).

Although the 20QG is not a personalization task, it isolates the latent-information discovery
process and thus offers a complementary view of models’ multi-turn reasoning: how well
they plan and ask informative questions. To this end, we analyze how the size of the (hidden
object) search space is reduced after each turn. In brief, we observe that the more successful
models (i.e., the highest performing ones in Figure 4) consistently decrease the cardinality
of the search space, whereas for the least successful models this decrease quickly slows
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Figure 5: Results of the Personalized Question Answering experiments across different
models, topics, and preference settings. The figure shows Success Rate (y-axis) vs. Average
Stop Turn (x-axis) for #Preferences € {1,2,3} (three panels). Color encodes topic/domain
and marker shape encodes model; error bars reflect reported uncertainties on both axes. (i)
Domain effects are prominent: clusters by topic are clearly separated and we observe easy
(top left) and hard topics (bottom right); (ii) As the number of preferences increases, points
generally drift toward the lower-right (lower success, higher turns), indicating that deeper
personalization settings tend to be harder.

down. See Appendix A.4 for more details. We use these insights to interpret behavior on
the personalization tasks.

4.2 Personalized Question Answering (PQA)
We present results in Fig. 5. All numbers are averaged over six runs (three with GPT-40 as
User/Judge and three with Qwen3-235B); each topic contains 20 users.

Main observations. We observe substantial variability across topics: for a fixed model
and preference count, success rates can differ by as much as 55%. For example, even with
three preferences, all models achieve around 80%-90% success in Medical Care, whereas
performance drops to 28%-54% in Shopping Assistance. Thus, PQA is not uniformly easy or
hard; topic strongly determines difficulty. Claude-3.5-Haiku is usually the top performer,
though Mistral-7B-Instruct is competitive and occasionally surpasses Claude-3.5 in certain
instances. Average stop-turn values remain modest in most settings— in only a third of the
cases we have stop turn > 6—indicating that effective preference elicitation often occurs
within the first few exchanges. An instance of two conversations for the Travel Restaurant
topic can be found in Fig. 6; see also Fig. 11 in the Appendix.

4.3 Personalized Text Summarization (PTS)
We report results in Fig. 7. All numbers are averaged over six runs (three with GPT-40 as
User/Judge and three with Qwen3-235B); each topic contains 20 texts.

Main observations. Success rates decrease as the number of preferences increases, reflecting
the added constraint burden. Closed-source models are, on average, strongest; however,
Qwen?2.5-7B-Instruct occasionally achieves comparable performance. Stop-turn values are
generally modest—in most cases < 6—suggesting that, for summarization, models can
identify and apply key preferences with not too many clarification turns.

5 Additional Experiments and Analysis

5.1 Evaluating SFT Performance in the 200G

We study the possibility of improving model performance on the 20QG using SFT. Specifi-
cally, we create a training set by collecting the conversation turns of the GPT-40-mini model
from successful instances (i.e., the hidden object was identified) across all five topics. Each
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Preference: I avoid spicy Q: Can you recommend some restaurants to try during my
foods. visit to Mumbai?
GPT-40-mini

1.A: What type of cuisine do you enjoy the most?

1.U: I enjoy a variety of cuisines, but I especially like Indian, Italian, and Chinese food.

2.A: Are you looking for fine dining experiences, casual eateries, or a mix of both during your
visit?

2.U: I'm looking for a mix of both fine dining experiences and casual eateries during my visit.
3.A: Do you have any dietary restrictions or preferences that I should consider when recom-
mending restaurants?

3.U: I avoid eating spicy foods entirely.

Qwen-2.5-7B-Instruct

1.A: What kind of cuisine are you particularly interested in trying during your visit to Mumbai?
1.U: I'm open to trying a variety of cuisines, but I have a particular interest in exploring
authentic Indian dishes.

2.A: Are there any specific regions or states within India that you're curious to explore through
their cuisine?

2.U: I'm curious to explore the cuisine of Maharashtra. I'd love to try some authentic local
dishes from this region.

3.A: Are there any specific types of dishes from Maharashtra that you're excited to try, such as
vegetarian or seafood?

3.U: I'm excited to try a variety of dishes from Maharashtra, including both vegetarian and
seafood options.

4.A: Are there any specific festivals or occasions in Mumbai that you're planning to experience,
which might influence the type of food you’d like to try?

4.U: I'm not visiting during any specific festivals or occasions, so my focus will mainly be on
exploring the local cuisine.

5.A: Are there any dietary restrictions or preferences you have, such as vegetarian, vegan, or
gluten-free options?

5.U: T avoid eating spicy foods entirely, so I'd appreciate recommendations for restaurants that
offer milder options.

Figure 6: An instance of the PQA task for the “Travel Restaurant” topic, along with the
conversations of two models. We note that GPT-40 begins by asking more general questions,
allowing it to identify the latent preference (e.g., avoid spicy food) earlier than Qwen-2.5-7B-
Instruct. In contrast, the latter model immediately specializes its questions after the first
turn (e.g., asking about specific regions) and becomes “trapped” in a narrow conversation,
thereby postponing the identification of more general preferences.

Objects Set Topic Before SFT After SFT

Success Rate  Stop Turn  Success Rate  Stop Turn
Fruit 0.60 + 0.08 12.04 + 1.02 0.71 + 0.09 8.04 +0.75

Weather 0.69 + 0.10 11.55 + 1.58 0.84 + 0.05 8.18 + 0.82
Fruit 0.29 £ 0.03 17.72 £ 0.58 0.26 + 0.08 10.61 + 0.44

Weather 0.43 + 0.04 14.54 + 0.64 0.53 + 0.06 9.37 +0.76

Original

Unseen

Table 1: The performance of Mistral-7B-Instruct before and after SFT across two different
object sets: the object set used in our main evaluation (from whose conversations the training
set was built) and an unseen set of objects. (i) On the original objects set, the SFT model
outperforms the pretrained model. (ii) On the unseen objects set, the SFT model performs
better on the “weather” topic, while on “fruit” there is a trade-off: a small decrease in
success rate but a significant improvement in the stop-turn number.

sample consists of a prompt portion (the conversation up to turn k) and a completion portion
(the Assistant’s question at turn k+1). We perform SFT on the Mistral-7B-Instruct model.
For evaluation, we construct the following object sets: (1) a set that includes only objects
used in our main experiments, which we refer to as “original”; and (2) a set consisting
of objects that were not used in our main experiments, i.e., an “unseen” set of objects. In
both sets, we include only objects from the “fruit” and “weather” topics. We note that the
above distinction means that the hidden objects included in set (1) are a subset of the objects
included in the conversations from which the training set was built. As a result, object set
(1) corresponds to a less challenging scenario than set (2). The results are given in Table 1.
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Figure 7: Personalized Text Summarization results across different models, topics, and
preference settings. Each arrow connects the same (topic, model) pair as the number of
preferences increases from 2 to 3. (i) The scatter (left) reveals an efficiency—-accuracy frontier:
points nearer the upper-left indicate higher success with fewer turns; as the number of
preferences increases (arrows), most (model, dataset) pairs shift down/right, showing
longer elicitation and lower success. (ii) Domain effects are pronounced—ELSEVIER-PHYS
and CNN/DAILYMAIL clusters tend to remain higher with shorter stops, while BIGPATENT
drifts lower with longer stops, indicating greater difficulty in aligning to latent preferences
for technical prose. (iii) Model-wise, closed-source models typically occupy stronger regions,
but open-weight QWEN2.5-7B-INSTRUCT is often competitive in efficiency (shorter stop
turns). (iv) The difference-only bar chart (right) makes the penalty of increasing preference
dimensionality explicit: all bars extend downward, quantifying the drop from #Prefs=2 to
#Prefs=3.

We observe that, on the original objects set (set (1)), the SFT model outperforms the pre-
trained model on both the the “fruit” and “weather” topics. On the unseen objects set
(set (2)), we see a 10% increase on the “weather” topic and a small 3% decrease on the
“fruit” topic; however, we note that the SFT model is much more efficient in the latter case,
as the stop turn drops from 17.7 to 10.6. Finally, we note that this is a preliminary study
aimed at assessing whether there is potential for performance improvement. Indeed, we
observe a positive signal, which motivates further study of SFT methods for improving
latent information discovery.

We also studied the use of reinforcement learning methods to improve model performance
on the 20QG task, obtaining similarly positive results. For more details, see Appendix A.5.

5.2 Utility of Multi-turn Interaction

A key aspect of our benchmark is that the Assistant-User interaction consists of multiple
turns. This is necessary because the preferences are complex and cannot be uncovered
with a single query. While this is intuitively clear, to quantify the exact utility of multi-turn
interaction, we compute the success rate across all tasks and topics (averaged across all
models) when the maximum turn number is 1. The single-turn performance can be found
in Tables 7, 8 and 9. We notice that, across all tasks and topics, single-turn performance is
significantly inferior, even compared to the weakest model. Notably, the difference between
the success rate of the weakest model and the single-turn success rate in the PQA task varies
from around 20% to 60%.

6 Conclusion

In this work we study the ability of LLMs to infer latent user preferences through con-
versation and to use them to generate personalized responses. To this end, we develop a
benchmark consisting of three tasks. Our experiments show that in general LLMs possess
the ability to uncover latent preferences. However, there are significant variations in the
extent to which they demonstrate this ability, depending on the task and other factors. The
next step is to explore approaches for improving the performance of LLMs on such tasks,
particularly for weaker models and more challenging topics.
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Topic Model Passive User Active User
Success Rate  Stop Turn  Success Rate  Stop Turn
CNN Claude-3.5-Haiku  0.78 +0.06  4.31 +0.41 098 +0.03 4.31+0.30

DailyMail GPT-40-mini 0.80 + 0.05 3.82 +0.37 1.00 + 0.00 4.49 + 0.38
Wikipedia Claude-3.5-H.ai.ku 0.67 £ 0.05 4.89 + 0.80 0.80 + 0.05 5.69 + 0.47
GPT-40-mini 0.71 + 0.03 4.69 + 0.32 0.98 + 0.03 5.33 + 0.83

Big Claude-3.5-Haiku 0.80 + 0.00 4.78 + 0.08 0.96 + 0.06 4.53 +£0.73
Patent GPT-40-mini 0.64 + 0.08 6.51 + 0.60 1.00 + 0.00 4.60 =0.18

Table 2: Comparison of the performance of a passive (default case) and an active user on the
Text Summarization task.

A Additional Experiments and Analysis

A1 Active vs Passive User Comparison

Our default benchmark assumes a passive User, defined as someone who only responds
to the Assistant’s questions without volunteering additional information unless explicitly
prompted (see Sec. 1). This assumption reflects the common real-world scenario in which
users provide short, underspecified prompts and expect the model to take initiative in
eliciting what is needed. Benchmarking under this assumption provide an assessment of
the worst case, yet still common, scenario.

To explore how this assumption affects task difficulty, we consider a variant of the Per-
sonalized Text Summarization task with an active User. In this setting, the Assistant still
poses a question each turn but also provides a preliminary summary. The User may either
answer the question or proactively comment on the summary (e.g. by requesting a more
concise summary or requesting the inclusion of specific information from the original text),
whichever they judge more helpful for guiding the Assistant toward alignment. Note that
in this case, since users are actively engaging the conversation, we expect that they will be
directly revealing their preferences, therefore we expect that the Assistant will be able to
achieve a higher success rate. See Fig. 8 for an example conversation with a passive and an
active User.

Table 2 shows that success rates with an active User are higher, often approaching 100%.
While this result demonstrates that most models can produce high-quality personalized
outputs once preferences are explicitly surfaced, it also underscores that such an interaction
style is largely impractical in ordinary use. Real users rarely maintain that level of engage-
ment or meta-awareness about their own preferences. Hence, the passive setting—where the
model must take the lead in discovering latent information—remains the more realistic and
challenging benchmark for studying personalization in LLMs.

A.2 Judge and User LLM Evaluation

Two key components of the benchmark are the Judge and User agents. The role of the Judge
is to assess whether the Assistant’s output satisfies all of the User’s latent preferences and
the role of the User is to simulate a person with a certain set of latent preferences. It is clear
that these agents, and especially the Judge, play a critical role in ensuring accurate and
reliable results. Therefore, selecting strong and reliable LLMs for the User and the Judge
agents is crucial. In our experiments, we employed GPT-40 and Qwen3-235B-A22B-Instruct
to play the role of the User and the Judge agents, given their well-established capabilities.
To further justify this choice, we conducted additional experiments to assess its suitability.

More precisely, we evaluate the extent to which the User and Judge LLMs follow the
instructions provided to them in the Personalized Question Answering task. To do so, we
employ three competent LLMs, GPT-4.1, Claude 4.5 Sonnet, and Claude 4.6 Sonnet, to assess
instruction adherence. Each LLM receives as input the User-Assistant conversation, the
Assistant’s responses to the User’s questions after each turn, and the Judge’s assessments
of those responses. The LLMs then determine whether the Judge and the User models
followed their respective instructions, and the final assessment is computed using majority
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Preferences

1. Focus primarily on the medical details of Theia’s injuries and treatment rather than the
emotional aspects of her story.

2. Emphasize the fundraising efforts and financial aspects of her care more than the sequence
of traumatic events.

3. Give equal attention to the similar story from Tampa, FL as a parallel case rather than
treating it as a brief footnote.

Text: (CNN) Never mind cats having nine lives. A stray pooch in Washington State has used
up at least three of her own after being hit by a car, apparently whacked on the head with a
hammer in a misguided mercy killing and then buried in a field — only to survive. (...) She
suffered a dislocated jaw, leg injuries and a caved-in sinus cavity — and still requires surgery to
help her breathe. The veterinary hospital’s Good Samaritan Fund committee awarded some
money to help pay for the dog’s treatment, but Mellado has set up a fundraising page to help
meet the remaining cost of the dog’s care. (...) Theia is not the only animal to apparently rise
from the grave in recent weeks. A cat in Tampa, Florida, found seemingly dead after he was
hit by a car in January (...)

Passive User

1.A: Would you prefer a summary that focuses more on the dog’s survival story or the broader
context of animal resilience?

1.U: I would prefer a summary that focuses more on the medical details of the dog’s injuries
and treatment.

2.A: Would you like the medical details presented in a clinical, technical tone or in a more
narrative, empathetic style?

2.U: I would like the medical details presented in a clinical, technical tone.

Active User

1.A: *Summary**: A resilient stray dog named Theia survived multiple life-threatening in-

cidents, including being hit by a car, apparently struck with a hammer, and buried in a field.

Four days after her presumed death, she crawled to a nearby farm and was rescued by Sara

Mellado. Despite severe injuries like a dislocated jaw and damaged sinus cavity, Theia is

receiving medical treatment at Washington State University’s Veterinary Teaching Hospital.

A fundraising effort has already exceeded $10,000 to support her recovery, with Mellado

committed to finding her a loving, safe home.

**Question**: Would you prefer a summary that focuses more on the emotional aspects of

Theia’s survival story, or one that emphasizes the factual details of her medical condition and

rescue?

1.U: I would prefer a summary that emphasizes the factual details of Theia’s medical condition

and the treatment she is receiving.

2.A: **Summary**: Theia, a one-year-old stray dog, suffered extensive medical trauma includ-

ing a car accident, potential blunt force injury, and burial. Her specific medical conditions

include a dislocated jaw, leg injuries, and a caved-in sinus cavity requiring surgical intervention.

Currently receiving treatment at Washington State University’s Veterinary Teaching Hospital,

her care is partially funded by the Good Samaritan Fund. Sara Mellado has established ad-

ditional fundraising, which has already surpassed the $10,000 target, to cover her extensive
medical procedures necessary for nasal damage repair and jaw reset.

**Question**: Would you like me to include more specific details about the types of medical

procedures Theia requires or the potential long-term prognosis for her recovery?

2.U: Please include more details on the fundraising efforts and financial aspects of Theia’s care.
Figure 8: An instance of the Personalized Text Summarization task for the “CNN DailyMail”
topic. We present two conversations illustrating cases where the User agent acts as either a
passive or an active participant. A passive User only responds to the Assistant’s queries,
whereas an active User either provides feedback on the summary or answers the question.
Indeed, we observe that the active User answers the Assistant’s question in the first turn,
while in the second turn it ignores the question and instead provides direct feedback on the
summary, requesting changes to better align with the latent preferences.

voting. We report the percentage of conversations in which the Judge and the User agents
adhere to the given instructions.
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Model Judge User

GPT-4o 0.72 0.76
Qwen3-235B-A22B-Instruct  0.80 0.92
GPT-40-mini 0.41 0.45
Mistral-7B-Instruct 0.10 0.42

Table 3: The results of evaluating different models in the roles of the Judge and User. The
instruction adherence rate is the percentage of conversations in which the model adheres to
the Judge/User’s instructions. GPT-40 and Qwen3-235B-A22B-Instruct clearly outperform
the other models in terms of instruction adherence.

We evaluate four LLMs in the roles of the Judge and User agents: GPT-40, Qwen3-235B-
A22B-Instruct (our choices), GPT-40-mini, and Mistral-7B-Instruct. The results are presented
in Table 3. GPT-40 and Qwen3-235B-A22B-Instruct clearly outperform the other models in
terms of instruction adherence, thereby validating our choice to use them as the Judge/User
model.

We would like to stress here that the 72% instruction adherence rate of GPT-40 does not imply
that the evaluations in 28% of the conversations are necessarily erroneous. This is because
the assessments are largely subjective. Consider an example where the User’s preferences
is to “avoid hospitals”. The Assistant’s answer suggests (among multiple other solutions)
the following: “If your headaches persist, it would be advisable to consult a healthcare
professional”. The Judge considers this answer acceptable as “The recommendation to
consult a healthcare professional is general advice and does not contradict the user’s
preferences, as it does not specify hospital visits.”. On the contrary the Judge evaluator flags
this is assessment as incorrect because of the reference to “healthcare professional”. From
our perspective, neither judgment is clearly right or wrong, rather, the disagreement reflects
a matter of interpretation.

Despite the above, we note that this metric remains useful, as it (1) helps build confidence in a
model’s reliability and (2) highlights measurable differences between candidate Judge/User
models, enabling us to select the most suitable one (e.g. Table 3 provides a clear signal that
GPT-40 is more capable than GPT-40-mini as a Judge/User). Furthermore, the presence of
such ambiguities reinforces our decision to use two different Judge/User models to compute
the results (six runs in total, three runs per model). Each model exhibits its own biases
and subjectivity, and using models from different families helps mitigate individual model
biases, providing more robust evaluations.

A.3 Error Type Analysis

To more comprehensively evaluate model behavior in personalization tasks, we conduct an
error type analysis on the Personalized Question Answering task. The goal is not only to
assess whether the Assistant ultimately produces a correct answer, but also to examine how
its reasoning trajectory evolves and where it diverges from the intended path. We categorize
observed errors into two groups: process errors, which occur during the Assistant-User
interaction, and result errors, which appear in the Assistant’s final output.

Process Errors. Process errors capture failures in the Assistant’s ability to discover and
maintain the User’s latent preferences during conversation:

1. Preference Elicitation Error: The Assistant fails to elicit one or more of the User’s
preferences, often because its questions are too generic, redundant, or misdirected
toward irrelevant aspects.

2. Preference Reinforcement Error: The Assistant successfully uncovers a preference
but later neglects or contradicts it in subsequent turns, indicating weak conversa-
tional memory or contextual tracking.

Result Errors. Result errors reflect issues in how the Assistant integrates the gathered
preferences into its final recommendation:
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1. Preference Omission Error: The Assistant’s final answer disregards one or more
explicitly identified preferences, reverting to a generic or incomplete response.

2. Preference Dilution Error: The Assistant acknowledges the preferences but applies
them only partially, producing responses that align loosely or inconsistently with
the User’s intent.

A4 Search Space Analysis on the 20 Questions Game

In this section, we aim to better understand how each model’s reasoning process and
questioning strategy prunes the search space of hidden objects in the 20 Questions game.
To this end, for each topic we generate a list of the most common objects, and we track the
evolution of this set throughout each conversation. That is, after each turn, we remove from
the set any objects that can be ruled out. For instance, we generate a list of 300 landmarks.
These were selected such that the include the most important landmarks while covering
a sufficient number of instances from each continent (e.g. it includes 22 landmarks from
Oceania, a small but notable number, and 116 landmarks from Europe). If at some turn
the Assistant asks, “Is it located in Europe?” and the user responds “No”, we remove all
European landmarks from the object set. Finally, for each model, we repeat this process
across all of its conversations (spanning all topics, assuming the topic is known), track the
cardinality of the objects set, and average the results. The resulting plots are shown in
Figure 9.

Overall, we observe that the questioning strategy of Claude-3.5-Haiku, GPT-40-mini and
Qwen2.5-14B-Instruct is more effective than that of Qwen2.5-7B-Instruct and Mistral-7B-
Instruct. Specifically, we observe that the former set of models consistently decreases the
cardinality of the object set. In contrast, the latter set of models reduces the cardinality
rapidly during the first five turns, however, this reduction slows thereafter and ultimately
plateaus.

To make things more concrete we take a closer look at the conversation using Claude-3.5-
Haiku and Mistral-7B-Instruct when the topic is “landmark”. We notice that the question of
Claude-3.5-Haiku are more generic, and thus they prune the search space more effectively.
For instance, some typical questions are about the country (“Is this landmark located
in Egypt?”) or the continent (“Is this landmark located in Asia?”) or other high-level
characteristics (“Is this landmark man-made?”, “Is this landmark a building?”). On the
other hand, in Mistral-7B-Instruct, while the model still asks generic questions similar to
those above, it also tends to ask more specialized questions, sometimes even in the early
turns. When these questions receive a negative answer (which is the most likely outcome)
they only slightly prune the search space. For instance, in some conversations we notice
a sequence of questions such as the following (only present the first four turns): “Is this
landmark located in a coastal area?”, “Is this landmark a peninsula?”, “Is this landmark an
island?”, “Is this landmark a lighthouse?”. This explains why the decrease in the cardinality
of the objects set slows down quickly in the case of Mistral-7B-Instruct, as illustrated in
Figure 9.

A.5 Evaluating RL Training Performance in the 200G

We investigate the use of reinforcement learning (RL) methods to improve the models’
performance in latent information discovery.

Setting. We consider the 20 Questions Game task and specifically the case where the object’s
topic is “landmark” and is known at the beginning of the conversation. Here we focus on the
Qwen2.5-7B-Instruct model. To simplify the analysis we note that in this section evaluation
is performed directly within the conversation (i.e., the assistant provides a guess during
the conversation, e.g., “Is it the Eiffel Tower?”), rather than externally (i.e., the assistant is
asked to provide a guess at the end of each turn using all the information gathered to that
point) as in the rest of the text. Moreover, we consider two different instruction prompt
templates for the Assistant: (1) “Original” which corresponds to the template used in the
main experiments (with a minor modification to accommodate the different evaluation
procedure); and (2) “Structured” a template in which the Assistant is prompted to plan and
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Figure 9: The evolution of the cardinality of the hidden objects set as a function of the
number of turns. We observe that the questioning strategy of Claude-3.5-Haiku, GPT-40-
mini and Qwen2.5-14B-Instruct is more effective than that of Qwen2.5-7B-Instruct and
Mistral-7B-Instruct.

Objects Set Configuration Success Rate Stop Turn

Training Original — Before RL 0.60 = 0.04 13.12 +0.39
Training Structured — Before RL 0.45 £ 0.04 11.35+1.22
Training Structured — After RL 0.75 1 0.04 9.30+0.41

Unseen Original — Before RL 0.47 +£0.12 13.68 £+ 0.68
Unseen Structured — Before RL 0.35 £ 0.08 14.59 +1.14
Unseen Structured — After RL 0.50 + 0.04 11.56 £+ 0.76

Table 4: The performance of Qwen2.5-7B-Instruct before and after RL training over two
different object sets (“Training” which includes the objects used for RL training, and “Un-
seen” for objects not used for training). We observe the following: (i) using the “Structured”
template with an untrained model leads to decreased performance compared to the “Origi-
nal” template. (ii) the RL-trained model using the “Structured” template outperforms the
untrained models regardless of the template.

respond in a more structured manner. Specifically, the assistant is instructed to identify the
hidden object by planning a sequence of high-level subgoals, each consisting potentially
of multiple questions. At each turn, the assistant asks one question corresponding to the
current subgoal. Finally, the model is trained using the Proximal Policy Optimization (PPO)
algorithm (Schulman et al., 2017).

Results. In Table 4 we present the results. First, we observe that using the “Structured”
template with an untrained model leads to decreased performance compared to the “Orig-
inal” template. This is likely because the model is forced to follow a specific reasoning
process without sufficient training on how to effectively leverage it. Second, the RL-trained
model using the “Structured” template outperforms the untrained models regardless of the
template. Overall, we observe a positive signal, which motivates further investigation of RL
methods for improving latent information discovery.
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A.6 Correlation Analysis Across Tasks

We study the correlations between model rankings across tasks. More precisely, for each
task, we average each model’s success rate across all topics and settings (i.e., numbers of
preferences in PQA and PTS) and rank the models according to the resulting average; we
omit Qwen2.5-14B-Instruct as we did not test it on the PTS task. For the 20QG, we consider
only the subtask in which the topic is known. This distinction is important because, in PQA
and PTS, the topic, namely, the User’s question in PQA or the text in PTS, is always known.
Therefore, it is more meaningful to study the correlations of the PQA and PTS tasks with
the 20QG when the topic is also known. The results are presented in Table 5. We observe
that the relative performance of the models is the same on 20QG (with the topic known)
and PTS. We also find that the best-performing model (Claude-3.5-Haiku) on 20QG (with
the topic known) is also the best-performing model on both PQA and PTS. In fact, we notice
that closed-source models generally outperform their open-source counterparts. Overall,
we observe that the models’ relative performance does not vary substantially and remains
fairly consistent across tasks.

Model 20QG-Topic Known PQA PTS
Claude-3.5-Haiku 1 1 1
GPT-40-mini 2 3 2
Qwen2.5-7B-Instruct 3 4 3
Mistral-7B-Instruct 4 2 4

Table 5: Model rankings across different tasks.

A.7 Evolution of the Models” Success Rate Across Turns

We study how the models’ success rates evolve with the number of turns. At each turn, we
compute the proportion of conversations, across all topics and numbers of preferences, that
have already been successfully completed. The resulting curves are shown in Figure 10.
We observe that the proportion of successful conversations increases with the number of
turns, but the marginal improvement diminishes over time. This pattern suggests that many
easy instances are resolved within the first few turns, whereas the remaining instances are
substantially more difficult. Although some of these harder instances are gradually resolved,
progress is not uniform, and many additional turns may be required. Together with the
single-turn performance reported in Tables 7, 8, and 9, these results highlight the necessity
and value of multi-turn interaction for preference elicitation.
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Figure 10: Evolution of the proportion of successful conversations across turns for different
models on the PQA and PTS tasks.
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A.8 Evaluating SFT for Cross-Topic Generalization on 200G

We conducted additional experiments to evaluate cross-topic generalization in SFI-fine-
tuned models. Specifically, we fine-tuned the Mistral-7B-Instruct model using successful
conversations (i.e., those in which the hidden object was correctly identified) generated
by GPT-40-mini and Claude-3.5-Haiku on the landmark topic. The performance of the
SFT-trained model on the landmark topic and two other unseen topics is shown in Table 6.
We note that, for simplicity, we performed only three runs during evaluation, using GPT-40
as Judge/User. Our findings indicate that training on one topic improves performance on
other unseen topics. However, at the same time, we observe some performance deterioration
on the topic landmark, on which we trained the model. Overall, the results show that cross-
topic generalization is possible in principle, however, a more thorough study is required to
understand whether we can maintain performance on all topics and to fully understand the
limitations of this generalization.

Before SFT After SFT
Evaluation Topic Success Rate  Stop Turn  Success Rate  Stop Turn
Fruit 0.65+0.04 11.75+0.36 0.95+ 0.00 8.37 £0.25
Weather Phenomenon  0.68 £0.12 1212 £2.06 0.78+£0.02 10.15 + 0.43
Landmark 0.80 & 0.07 9.38 £1.17 0.67 £0.02 13.75 4+ 0.93

Table 6: The performance of Mistral-7B-Instruct before and after SFT on the landmark topic.
The SFT-trained model is evaluated on the landmark topic and two other topics not used
for training.

B Additional Experimental Details

B.1 Experiment Tables

For completeness, we include the tables of results from the experiments discussed in the
main text. The results for the 20 Question Game task are given in Table 7, for the Personalized
Question Answering task in Table 8, and for the Text Summarization task in Table 9.

B.2 Sample Conversations

In Figure 11 we present an instance of the Personalized Question Answering task for the
“Travel Restaurant” topic, along with the conversations of two models. This is the same
instance discussed in Fig 6 in the main text. Here we extend this example by providing
the conversations conducted by the following models: Claude-3.5-Haiku and Mistral-7B-
Instruct. The observations are similar to the ones from the main text. The model that
performs best in this case, Claude-3.5-Haiku, begins with general questions, allowing it
to identify the latent preference (e.g., avoid spicy food) earlier than the other model. In
contrast, Mistral-7B-Instruct immediately narrows its focus after the first turn (e.g., asking
about specific dishes) and becomes “trapped” in a narrow line of questioning for two turns.

C Implementation Details

C.1 LLM Models
In the experiments we used the following LLM models:

1. GPT-40-mini (Hurst et al., 2024)

e Link: https://openai.com/api/

¢ License: proprietary (accessed through OpenAl API)
2. Claude-3.5-Haiku

e Link: https://www.claude.com/platform/api
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Topic Model Topic Known Topic Unknown
Success Rate  Stop Turn  Success Rate  Stop Turn
Claude-3.5-Haiku 0.88 £ 0.05 8.71+1.20 074 £011  12.66+1.48
GPT-40-mini 0.92 + 0.04 7.36 = 0.89 0.93 £ 0.04 8.53 £ 0.53
Qwen2.5-7B-Instruct 0.67£0.09 1057+1.63 0544008 13.93 +1.89

Animal Qwen2.5-14B-Instruct 093 +£0.04  730+0.81  070+0.11 11.69 +1.10
Mistral-7B-Instruct 085+007 957+141 0754007 12.12+1.53

Single-Turn 010+£005 1.00+000 0.02+002  1.00=0.00
Claude-3.5-Haiku 086F007 1022+058 007 F004 1957 +0.20

GPT-40-mini 092+004 862+084 0224007 19.02 +0.41

E_— Qwen2.5-7B-Instruct ~ 0.82 +0.07  886+0.99  023+020 17.38+2.74
Qwen2.5-14B-Instruct  0.88 +£0.04 1031+0.71 007 £0.07 19.71+0.25
Mistral-7B-Instruct 0.60+0.08 12.04+1.02 0434016 1643 +1.20

Single-Turn 010+£002 1.00+000 0.00+000  1.00=0.00
Claude-3.5-Haiku 094F£002 744+031 018+£007 1941+034

GPT-4o-mini 092 +006 837+068 011+004 19.73+0.17

Landmark  Qwen25-7B-Instruct 078 +£0.02 9142166 0324018  1614+332
Qwen2.5-14B-Instruct  0.89 +0.04  824+0.78  0.0040.00  20.00 = 0.00
Mistral-7B-Instruct 078 +006 1011+126 0264010 1837 +0.35

Single-Turn 007 +0.03 1.00+000 0.00+000  1.00=0.00
Claude-3.5-Haiku 094 F003 753046 024+006 18.86=038

GPT-40-mini 0744+0.14 12.64+125 0244008 1892 +0.25

_— Qwen2.5-7B-Instruct ~ 0.78 +0.18  992+161  0274+0.15 17.57 +2.23
p Qwen2.5-14B-Instruct ~ 0.88 £ 0.09  848+0.80 027 4+0.12 1844 +0.78
Mistral-7B-Instruct 070 £ 011 11.69+158 0.074+0.02  19.66 + 0.23

Single-Turn 007 £0.05 1.00+000 0.00+000  1.00=0.00
Claude-3.5-Haiku 088 F005 893087 059+F007 16.05=096

GPT-40-mini 091+006 775+099 0504010 17.32 +0.38

Weather ~ Qwen25-7B-Instruct 066 +£008 1172175  0.36+018 1632 +248

Qwen2.5-14B-Instruct ~ 0.86 =+ 0.08 9.22 +1.07 0.33 £0.11 18.47 + 0.60
Mistral-7B-Instruct 0.69 £ 0.10 1155+ 158  0.16 £ 0.09 18.74 £ 0.77
Single-Turn 0.06 £+ 0.04 1.00 + 0.00 0.00 £ 0.00 1.00 + 0.00

Table 7: Results of the “20 Questions Game” experiments across different models, topics,
and conditions (topic known vs unknown).

¢ License: proprietary (accessed through Claude API)
3. Mistral-7B-Instruct (Jiang et al., 2023)
e Link: https://huggingface.co/mistralai/Mistral-7B-Instruct-ve.2
¢ License: Apache license 2.0
4. Qwen2.5-7B-Instruct (Yang et al., 2024)
¢ Link: https://huggingface.co/Qwen/Qwen2.5-7B-Instruct
¢ License: Apache license 2.0
5. Qwen2.5-14B-Instruct (Yang et al., 2024)

e Link: https://huggingface.co/Qwen/Qwen2.5-14B-Instruct
¢ License: Apache license 2.0

The LLM models that were not accessed via APIs were run on NVIDIA A40 and A100 GPUs
with 40GB of memory.

C.2 LLM Agent Instructions

Below we provide the instructions given to the three LLM Agents for the Personalized
Question Answering Task. For the other two tasks, please refer to the code repository.

We note that expressions of the form “{...}” are substituted at execution time
with the appropriate values. Specifically, “{general instructions}” repeats the “GEN-
ERAL_INSTRUCTIONS” part, “{infonum_turns}” provides information about the max-
imum number of turns, “{conversation_ history}” provides the complete Assistant-
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Topic Model # Preferences=1 # Preferences=2 # Preferences=3
Success Rate  Stop Turn  Success Rate  Stop Turn  Success Rate  Stop Turn
Claude-3.5-Haiku 0.97 +0.04 2.70 + 0.46 0.92 + 0.05 3.72 +0.45 0.89 + 0.04 4.40 + 0.20
GPT-40-mini 0.94 + 0.05 242 +0.52 0.91 = 0.03 3.60 + 0.24 0.84 + 0.05 4.62 +0.38
Medical Qwen2.5-7B-Instruct 091+0.02 314+027 087+0.09 397+053 080+0.08 540040
Care Qwen2.5-14B-Instruct 0.95 + 0.06 2.64 + 0.54 0.88 + 0.05 3.49 + 0.70 0.90 + 0.04 411 +0.21
Mistral-7B-Instruct 097 +0.04 258+038 093+0.05 346+051 0.88+0.05 3.64+0.19
Single-Turn 0.52 + 0.08 1.00 = 0.00 0.33 +0.10 1.00 + 0.00 0.23 + 0.08 1.00 + 0.00
Claude-3.5-Haiku 0.87 = 0.05 4.38 +0.26 0.90 = 0.05 5.08 +0.31 0.84 + 0.07 523 +0.65
GPT-40-mini 0.82 + 0.05 4.37 +0.31 0.78 = 0.07 5.94 + 0.56 0.78 = 0.09 5.56 + 0.75
Personal Qwen?2.5-7B-Instruct 0.84+0.05 437+056 078+0.06 574+024 072+£0.07 6.10+049
Finance Qwen?2.5-14B-Instruct 0.79 = 0.07 4.22 +0.46 0.72 +0.08 5.79 + 0.45 0.73 + 0.07 6.07 + 0.35
Mistral-7B-Instruct 0.85 = 0.06 3.85 +0.51 0.79 = 0.04 4.66 + 0.47 0.82 + 0.07 4.67 +0.34
Single-Turn 0.34 + 0.08 1.00 = 0.00 0.16 = 0.10 1.00 = 0.00 0.15 + 0.08 1.00 + 0.00
Claude-3.5-Haiku 0.87 = 0.06 3.81 + 0.50 0.77 = 0.09 4.55 +0.52 0.75 + 0.08 497 +0.18
GPT-40-mini 078+0.06 466+029 069+0.04 579+019 0.68+006 523044
Pet Qwen?2.5-7B-Instruct 077 +0.07 504+056 073+0.06 525+055 0.69+0.06 573+0.26
Ownership Qwen2.5-14B-Instruct 076 £0.12  5.03+050 0.68+0.05 548+035 0.63+0.06  6.29 +0.64
Mistral-7B-Instruct 0.83 + 0.06 4.08 + 0.39 0.88 + 0.07 4.40 + 0.32 0.82 +0.09 4.58 +0.35
Single-Turn 035+0.08 1.00+0.00 028+0.09 1.00+0.00 0.23+0.08 1.00+0.00
Claude-3.5-Haiku 0.79 + 0.10 4.94 + 0.56 0.53 +0.19 6.93 + 0.87 0.54 +0.12 7.20 +0.77
5 GPT-40-mini 0.74 + 0.07 5.25 + 0.66 0.52 +0.02 6.92 + 0.58 0.33 + 0.04 8.21 +£0.31
Shopping  Qwen2.5-7B-Instruct ~ 0.66+0.15 6.05+0.86 045+012 791058 028+0.14 859048
Assistance  Qwen25-14B-Instruct  0.69 £0.11 568087 0442017 800093 035+013 840051
Mistral-7B-Instruct 0.78 + 0.09 5.10 = 0.57 0.63 = 0.12 6.46 + 0.69 0.48 +0.17 7.49 + 0.86
Single-Turn 023+0.06 1.00+0.00 0.09+0.05 1.00+0.00 0.08+0.04 1.00+0.00
Claude-3.5-Haiku 094+002 317+032 082+0.10 446+101 075+014 481+144
GPT-40-mini 091+0.05 266+053 061+012 590+072 045+0.06 7.03+042
Travel Qwen2.5-7B-Instruct 0.88 = 0.07 3.32 + 0.47 0.57 +0.13 6.71 + 0.63 0.42 + 0.15 7.85 + 0.88
Restaurant Qwen2.5-14B-Instruct 0.88 + 0.05 3.90 + 0.61 0.57 = 0.07 6.37 +0.25 0.41 +0.17 7.88 = 0.99
Mistral-7B-Instruct 0.82+0.08 4.06+050 057+0.13 6.58+051 049+0.12 7.46+093
Single-Turn 045+0.11 1.00+£0.00 0.16+0.009 1.00+0.00 0.08+0.08 1.00+0.00

Table 8: Results of the Personalized Question Answering experiments across different
models, topics, and preference settings.

Topic Model # Preferences=2 # Preferences=3
Success Rate  Stop Turn  Success Rate ~ Stop Turn
Claude-3.5-Haiku 0.73 £ 0.02 519+042 072+0.07 539+049
Big GPT-40-mini 0.70+0.08 543 +0.49 0.56 +0.08  6.48 +0.48
Patent Qwen2.5-7B-Instruct 0.63 = 0.09 5.58 + 0.53 0.57 + 0.09 6.50 + 0.64
Mistral-7B-Instruct 0.59 = 0.03 6.18+027 040+0.07 7.84+048
Single-Turn 0.24 + 0.08 1.00 + 0.00 0.15+0.10 1.00 + 0.00
Claude-3.5-Haiku 085+004 387+042 078+0.06 4.46+0.31
CNN GPT-40-mini 0.86+0.02 348+0.38 079+0.09 444+035
DailyMail Qwen2.5-7B-Instruct ~ 0.83 +0.07  4.42 +0.59 0.77+0.04 531+0.54
Mistral-7B-Instruct 0.76 £0.06  4.83+0.60 0.62+0.08 5.87+0.57
Single-Turn 0.32 +0.10 1.00+0.00 0.21+0.13 1.00 + 0.00
Claude-3.5-Haiku 0.87 = 0.02 352+046 0.82+0.05 471+0.28
GPT-40-mini 0.80+0.08 431+0.35 0.80+0.03 510+0.24
Elsevier Qwen2.5-7B-Instruct 0.79 + 0.05 427 +0.70 0.74 + 0.03 5.06 + 0.64
PHYS Mistral-7B-Instruct 0.72+0.07 531+0.52 0.51 £ 0.09 6.86 = 0.50
Single-Turn 0.31+0.13 1.00 + 0.00 0.21 + 0.09 1.00 + 0.00
Claude-3.5-Haiku 0.78+0.05 416+040 0.63 +0.11 5.77 £ 0.54
GPT-40-mini 079+005 475+036 0.61+0.03 596+0.28
Wikipedia Qwen2.5-7B-Instruct  0.78 +0.06  4.72 + 0.63 059 +0.03 6.39+0.36
Mistral-7B-Instruct 0.76 + 0.09 5.29 £ 0.67 0.53 + 0.06 6.81 + 0.50
Single-Turn 0.21 +0.11 1.00+0.00 0.14 +0.06 1.00 + 0.00

Table 9: Results of the Text Summarization experiments across different models, topics, and
preference settings.

User interaction up to the current turn, “{user_question}” is the User’s question, and
“{assistant_answer}” is the Assistant’s answer to the User’s question.

C.2.1 Personalized Question Answering

Assistant
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Preference: I avoid spicy Q: Can you recommend some restaurants to try during my
foods. visit to Mumbai?

Claude-3.5-Haiku

1.A: What type of dining experience are you looking for during your visit to Mumbai?

1.U: I'm looking for a variety of dining experiences, from casual to fine dining, that showcase
the diverse culinary scene in Mumbai.

2.A: Are there any specific cuisines or types of food you're particularly interested in trying
during your Mumbeai trip?

2.U: I'm interested in trying a mix of local Indian cuisine and international flavors to really get
a taste of what Mumbeai has to offer.

3.A: Do you have any dietary preferences or restrictions I should be aware of when recom-
mending restaurants?

3.U: I avoid eating spicy foods entirely.

Mistral-7B-Instruct

1.A: What type of cuisine are you most interested in trying during your visit to Mumbai?
1.U: I'm interested in trying a variety of cuisines, but I'm particularly curious about authentic
Indian dishes.

2.A: What specific Indian dishes would you like to try during your visit to Mumbai?

2.U: I'm interested in trying dishes like butter chicken, biryani, and paneer tikka.

3.A: Based on your interest in authentic Indian dishes, have you tried any specific regional
variations of Indian cuisine before? For example, there are notable differences between the
cuisines of different Indian states, such as the Punjabi, Bengali, or South Indian cuisines.
Knowing this could help me recommend some top-rated restaurants that specialize in those
regional dishes.

3.U: I've had the chance to try Punjabi cuisine before, and I've really enjoyed it. However, I
haven’t explored much of Bengali or South Indian cuisines yet, so I'm open to recommenda-
tions for those as well.

4.A: Based on your preference for Punjabi and openness to exploring Bengali and South
Indian cuisines, can you specify if you have any dietary restrictions or preferences, such as
vegetarian or vegan, gluten-free, or spicy food? This information could help me recommend
restaurants that cater to your needs and preferences.

4.U: I avoid eating spicy foods entirely. Other than that, I don’t have any specific dietary
restrictions.

5.A: Based on your preference for Punjabi cuisine and your avoidance of spicy foods, are there
any specific Punjabi dishes that you would like to try during your visit to Mumbai that do not
contain spicy ingredients? For example, certain Punjabi dishes can be prepared with mild
or no spices. Knowing this could help me recommend top-rated restaurants that offer such
dishes.

5.U: I'm interested in trying dishes like butter chicken and paneer tikka that are prepared
without spicy ingredients. If there are any other mild Punjabi dishes that you recommend, I'd
love to know about those as well.

Figure 11: An instance of the Personalized Question Answering task for the “Travel Restau-
rant topic”, along with the conversations of two models.

GENERAL_INSTRUCTIONS:

- You are an assistant participating in a multi-turn conversation with a
user. The user has asked you a single question. The question is the
following: "{user_question}".

- Your goal is to answer the user's question. Your answer must be a
personalized o n e that is, it should be tailored to the user's
preferences. To achieve this, you'll need to uncover the user's
hidden preferences (they may have more than one) that are relevant to

the question, by engaging in a multi-turn conversation. You do NOT
know any of the user's hidden preferences in advance.

- Your interaction with the user works as follows. At each turn of the
conversation you ask the user a question and the user responds. Do
NOT simulate the user or the conversation. Just output the question.

- At each turn, provide a single, focused, and relevant question or
statementdo not ask multiple questions or ramble. Do not guess
outside the scope of the question.

- {info_num_turns}
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- Do NOT directly guess or enumerate possible preferences in your first
questions. Start with open-ended, general questions to learn more
about the user's relevant interests. As the conversation progresses,
ask more specific questions to narrow down the preferences.

FIRST_TURN:

General Instructions:

{general_instructions}

This is the first turn, start the conversation by asking your first
question. It is important to output only the question, nothing else.

Your question:

SUBSEQUENT_TURNS :

General Instructions:

{general_instructions}

This is the conversation history up to this point:

{conversation_history}

This is turn {turn_number} of the conversation. Ask your next question.
It is important to output only the question, nothing else.

Your question:

FINAL_PROMPT:

General Instructions:

{general_instructions}

The complete conversation history:

{conversation_history}

Based on the complete conversation provide an answer to the following
question: "{user_question}".

Do not ask any more questions.

Your final answer:

User

GENERAL_INSTRUCTIONS:

- You are a user with several hidden preferences and a question whose
answer depends on those preferences.

- Your list of hidden preferences is the following: "{user_preference}"

- Your question is the following: "{user_question}”

- You participate in a multi-turn conversation with an assistant which
asks you questions. Do not reveal your hidden preferences unless
asked a relevant question by the assistant. However, you have to
answer all of the assistant's questions truthfully.

- Always provide a natural and relevant answer to each question. Never
leave your answer blank. Respond as a human would in a real
conversation.

PROMPT :

General Instructions:

{general_instructions}

This is the conversation history up to this point (can be empty if this
is the first turn):

{conversation_history?}

In the current turn the assistant asked the following question: "{
assistant_question}”

Provide your answer to the question of the current turn below. Do not
output anything else.

Your answer:
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Judge

GENERAL_INSTRUCTIONS:

- You are a judge. You are given as input the following: 1) a user's
hidden preferences; 2) a user's question; 3) an assistant's answer
to the user's question. Decide whether the assistants answer
correctly responds to the users question. Respond with 'CORRECT'
or 'INCORRECT' and a brief explanation.

- A correct answer is one that aligns with ALL of the user's hidden
preferencesthat is, it considers every preference.

- If the assistant's answer contradicts or ignores ANY of the hidden
preferences, treat the answer as 'INCORRECT', even if the rest of
the user's preferences are taken into account.

- If the assistant's answer is compatible with additional preferences (i
.e. preferences not present on the list of user's hidden preferences
) then these should not affect the judge's assessment assuming that
they do not contradict with the hidden ones.

PROMPT :
General Instructions:
{general_instructions}

User's question
"{user_question}”

List of user's hidden preferences:
{user_preference}

Assistant's answer:
"{assistant_answer}"”

D Datasets

D.1 Data Sources and Generation

Details about the sources and generation process of the used data are provided below.

D.1.1 20 Questions Game

The object data were generated using LLMs. Specifically, we provided GPT-4.1 with a set of
five topics and requested it to generate twenty distinct objects per topic.

D.1.2 Personalized Question Answering

For the Personalized Question Answering we used the data generation process and topics
provided in Zhao et al. (2025a). We selected five topics and used their code to generate ten
question-preference pairs per topic. The code we used was released under a Attribution-
NonCommercial 4.0 International license.

D.1.3 Personalized Text Summarization

In personalized text summarization we used text from four different text datasets. These are
the following:
* News articles: ccdv/cnn_dailymail

— Link: https://huggingface.co/datasets/ccdv/cnn_dailymail
- License: Apache license 2.0

* General knowledge articles: wikimedia/wikipedia
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— Link: https://huggingface.co/datasets/wikimedia/wikipedia
— License: Creative Commons Attribution Share Alike 3.0

* Science papers: heegyu/elsevier-oa-cc-by
— Link: https://huggingface.co/datasets/heegyu/elsevier-oa-cc-by
— License: unspecified

* Patent documents: satpalsr/bigpatent-test

— Link: https://huggingface.co/datasets/satpalsr/bigpatent-test
- License: unspecified

D.2 Sample Dataset Entries

Below are sample entries from the datasets for the 20 Questions Game, the Personalized
Question Answering and the Personalized Text Summarization tasks.

D.2.1 20 Questions Game
Topic : Animal

1. Cat

2. Dog

3. Eagle

4. Elephant
5. Shark

6. Frog

7. Bat

8. Dolphin
9. Penguin
10. Kangaroo

Topic : Landmark

1. Eiffel Tower

2. Statue of Liberty

3. Great Wall of China
4. Pyramids of Giza

5. Taj Mahal

6. Colosseum

7. Machu Picchu

8. Big Ben

9. Sydney Opera House
10. Mount Rushmore

D.2.2 Personalized Question Answering

Topic : Pet Ownership
D)

-preferences:

-- I prefer hypoallergenic dog breeds due to allergies.

-- I avoid adopting pets from breeders and only choose shelters or

rescues.

-- I don't want a pet that requires professional grooming services.
-question: What are some dog breeds you would recommend for me to adopt?
2)

-preferences:

-- I don't like pets that bark or make loud noises.

-- I prefer adopting older pets over young puppies or kittens.

-- I avoid animals that require high levels of activity or exercise.
-question: What kind of pet would be best suited for my lifestyle?

8)
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-preferences:
-- I prefer pets that do not eat commercial kibble or canned food.
-- I strongly dislike reptiles and amphibians.”
-- I avoid pets that are not allowed in apartments with pet
restrictions.
-question: Could you suggest a few pet options suitable for apartment
living for me?

Topic : Shopping Assistance
D)

-preferences
-- I strictly avoid fast fashion brands due to ethical concerns.
-- I dislike products that are heavily fragranced.
-- I only buy clothing made from natural fibers like cotton or wool.
-question: Can you help me find some trendy clothes to refresh my
wardrobe this summer?

2)
-preference:
-- I strongly dislike large department stores and prefer small,
specialty shops.
-- I avoid products with animal testing.
-- I only buy certified organic skincare products.
-question”: Can you recommend some good skincare products for me?
3)
-preference:
-- I only buy electronics with repairable designs.
-- I completely avoid brands that require subscription services for
basic functions.
-- I do not use any product that doesn't have at least a 3-year
warranty.
-question: What are the best tablets or laptops available in the market
today?

D.2.3 Personalized Text Summarization

Topic : CNN-DailyMail

-preferences:

-- Focus primarily on Andrew Getty's personal health struggles and
medical condition rather than the family's wealth and business
history.

-- Minimize details about the death scene investigation and police
findings in favor of emphasizing the family's response and
request for privacy.

-- Prioritize information about the recent restraining order case and

legal troubles over the Getty family's oil fortune background.
-text: "(CNN)Andrew Getty, one of the heirs to billions of o0il money,
appears to have died of natural causes, a Los Angeles Police

Department spokesman said. The coroner's preliminary assessment is

there was no foul play involved in the death of Getty, grandson of

0il tycoon J. Paul Getty, said Detective Meghan Aguilar. Andrew Getty

, 47, had "several health issues,” Aguilar said, adding that an

autopsy will be conducted. There is no criminal investigation

underway, he said. Some medication had also been recovered from Getty

's home, though investigators don't know whether Getty was taking it

or what his medical history was, Ed Winter, assistant chief in the

Los Angeles County coroner's office, told CNN affiliate KTLA Tuesday

night. KTLA reported that Getty was found on his side near a bathroom

in his home. Getty's parents, Ann and Gordon Getty, released a

statement confirming their son's death and asking for privacy. Where

the Getty family fortune came from . Gordon Getty is one of three
living sons of J. Paul Getty, the oil baron who was thought to be the
richest man in the world at the time of his death in 1976. Gordon
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Getty, 81, has a net worth of $2.1 billion, according to Forbes. One
other son died in 1958 and another died in 1973. Gordon Getty
spearheaded the controversial sale of Getty to Texaco for $10 billion
in 1984. In its list of richest American families, Forbes estimated
the Gettys' net worth to be about $5 billion. Court records show
Andrew Getty had recently filed to get a restraining order against an
ex-girlfriend. A hearing in the case had been scheduled for next
week. In his request, Getty said he had been diagnosed with a serious
medical condition in 2013. "A rise in my blood pressure places me in
grave risk of substantial and irreparable injury or death,” he wrote
in the petition. "My doctors have advised that heated arguments can
cause my blood pressure to rise dangerously.” Andrew Getty had three
brothers and three half-sisters. People we've lost in 2015 . CNN's
Doug Criss, Janet DiGiacomo, Mark Mooney, Mike Love, Julie In and
Cheri Mossburg contributed to this report.”
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