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Abstract

While large language models excel at following explicit instructions, they often fail to
handle ambiguous requests, defaulting to generic responses rather than seeking clari-
fication. To assess this desired capability in language models we present InfoQuest, a
multi-turn chat benchmark that evaluates how models uncover hidden context through
sequential interactions. The benchmark uses ambiguous scenarios that require models
to ask clarifying questions before providing a response. Analogous to reinforcement
learning’s sequential optimization, we measure success with conversational reward sig-
nals derived from user satisfaction and information discovery. Our evaluation shows
all models struggle with information-seeking. Proprietary models perform better but
still require excessive turns and frequently reverting to generic responses. We provide
methodology for generating scenarios and evaluating capabilities through reward-free
interactions and implicit feedback signals, revealing fundamental limitations in han-
dling ambiguity and highlighting the need for training approaches that optimize long-
term dialogue outcomes beyond traditional reward maximization.

1 Introduction

Large language models (LLMs) have demonstrated remarkable capabilities in following explicit
instructions and engaging in task-oriented dialogue. However, when users provide incomplete or
ambiguous requests, these models often default to producing verbose, generic responses rather than
seeking clarification (Kuhn et al., 2022; Kim et al., 2023; Chi et al., 2024; Zhou et al., 2024b;
Rahmani et al., 2023). The ability to ask clarification questions is crucial for conversational systems
to understand a user’s underlying and unspoken needs, especially with limited input (Rahmani et al.,
2023). To maximize conversation quality, dialogue agents should reason about stochastic transitions
within conversations and select optimal responses at each turn. This approach treats dialogue as a
sequential decision-making problem where rewards emerge from adequate responses to discovered
context (Chen et al., 2025; Lewis et al., 2017; Hu et al., 2019).

As a motivating example, consider the conversation shown in Figure 1. The center block illustrates
how a naive agent responds with lengthy, generic explanations. Meanwhile the right block shows
an information-seeking agent using targeted questions to understand the specific context before pro-
viding tailored assistance. Information-seeking behavior enables agents to deliver more accurate,
personalized responses by understanding users’ unique situations, constraints, and goals through
conversational exploration (Ouyang et al., 2022; Bai et al., 2022). However, current LLMs often de-
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fault to overly broad responses without gathering sufficient context!. Effective information-seeking
requires determining when additional context is truly needed versus when enough information exists
to provide meaningful help, representing a form of intrinsic motivation for knowledge acquisition
akin to the exploration and exploitation dillema (Schmidhuber, 2010; Pathak et al., 2017).

Context Naive Agent Information-Seeking Agent
L I need to find a way to connect with more people I need to find a way to connect with more people
Persona: an international student who understand what I'm going through. who understand what I'm going through.

studying at Dandini Campus.

Goal: build a supportive social circle. Connecting with others who understand your @ Are you facing any specific challenges right now that V.
Obstacle: unaware of available resources experiences can provide valuable support and insight. make you feel this way? WX XX XX
and how to start connecting Here are several strategies you can try:
Constraints: § I'm an international student, and adjusting to
+ Finding resources at campus is difficult 1. **Social Media**: Utilize hashtags related to your cultural differences has been tough.
+ Busy academic schedule limits free time experiences on platforms like Instagram, Twitter, or That's understandable. Do you have a busy class -
« Cultural differences create barriers TikTok. Engaging with posts can help you find others schedule, or do you also work? AXBIXX -
- Limited budget for social activities who relate to your situation. "
- Language makes communication 2.0 § I'm a full-time student, and my classes take up most
challenging 9. **Family and Friends**: Sharing your feelings with of the day.

those close to you can lead to connections with others Do you feel comfortable communicating, or has .
Verifier Checklist: who have had similar experiences. language been a challenge? AX0GX0 \af
[ identify potential campus resources
[ consider the academic schedule Starting a conversation and being open about your § No, I'm still struggling with the different language.
[ note cultural differences experiences can help foster connections with those who
O provide budget-friendly solutions understand what you're going through You might find language clubs or international student
[ address language barriers TEVETEYEn meetups helpful. They're usually budget-friendly too.

~ WAV IVIVLY)
Total Reward: 0 Total Reward: 5

Figure 1: Naive vs. information-seeking agents handling ambiguous user requests. Left: con-
text. Center: naive agent’s verbose response. Right: information-seeking agent’s targeted questions.

Evaluating dialogue agents in open-ended conversations presents unique challenges that mirror
broader difficulties in reward specification for intelligent agents (Christiano et al., 2017; Knox &
Stone, 2009). While constrained environments like games or structured tasks enable straightforward
quantification of context gathering (Hausknecht et al., 2020; Yao et al., 2022; Abdulhai et al., 2023;
Zhou et al., 2024b), open-ended multi-turn settings pose fundamental measurement problems. The
unbounded nature of natural conversations lacks any sort of predefined question sequences to make
or complete information set to gather, making ground truth establishment difficult. This parallels
reinforcement learning’s reward specification challenges. When a reward function is unclear or sub-
jective, researchers often turn to alternative signals like human preferences and implicit feedback
(Ziebart et al., 2008; Ho & Ermon, 2016; Christiano et al., 2017). Existing benchmarks focus on
structured tasks or specific dialogue abilities (Bai et al., 2024; Kwan et al., 2024), leaving a critical
gap for evaluating how models navigate conversational ambiguity through reward-free interactions.

To address this gap, we introduce InfoQuest, a multi-turn chat benchmark designed to evaluate how
dialogue agents handle hidden context in user requests through implicit feedback signals. It sim-
ulates conversational settings with intentionally open-ended and ambiguous requests by generating
seed messages that could plausibly come from multiple distinct personas, each with their own goals
and constraints. The ambiguous setting and hidden context form a partially observable environment
that requires exploration before a solution can be given, embodying principles of curiosity-driven
learning and intrinsic motivation (Barto et al., 2004; Oudeyer et al., 2007). Our benchmark employs
LLMs’ role-playing capabilities to simulate realistic user responses and generate dynamic scenar-
ios (Zhou et al., 2024a). We evaluate the assistant’s ability to gather critical information through
targeted questioning without providing explicit reward feedback during the interaction. Instead, we
measure success by having an LLM evaluator assess whether critical information was uncovered at
each step.

Our evaluation reveals that, while proprietary models generally outperform open models, all cur-
rent assistants struggle to effectively handle hidden information across ambiguous user scenarios.
Notably, we find that models require multiple turns to infer user intent and address latent requests,
demonstrating poor turn efficiency and highlighting the need for more effective exploration strate-
gies in dialogue spaces. Qualitatively, we observe that models often default to generic responses
without asking clarification questions, indicating insufficient intrinsic motivation for information

I'This happens even when prompted for information-seeking behavior. See Secion 6.1 for further discussion.



InfoQuest: Evaluating Multi-Turn Dialogue Agents for Open-Ended Conversations with Hidden Context

discovery and suboptimal utilization of implicit human feedback signals available through conver-
sational dynamics. These findings highlight a key area for improvement in developing more inter-
active agents aware of hidden context that can adapt from reward-free interactions and adjust to user
needs.

2 Related Work

Our work builds on prior research in clarification questions and multi-turn dialogue evaluation. Re-
cent work has explored various approaches to handling ambiguous queries. Kuhn et al. (2022) pro-
posed a two-stage framework that first classifies whether a question is ambiguous and then generates
appropriate clarifying questions. However, their evaluation focused on single-turn interactions using
paired ambiguous and unambiguous questions. Kim et al. (2023) developed a method to generate
comprehensive trees of disambiguations to address ambiguous queries in a single response, in con-
trast to our focus on interactive, multi-turn clarification. Chi et al. (2024) introduced an approach for
selecting clarifying questions that maximize certainty in book search tasks, though their work was
limited to this specific domain rather than open-ended dialogue.

Several benchmarks have been developed to evaluate multi-turn dialogue capabilities in constrained
settings. Hausknecht et al. (2020) created interactive fiction games that require information gather-
ing through a text interface. Yao et al. (2022) developed a shopping website simulation where agents
must navigate constraints to complete purchases. Abdulhai et al. (2023) proposed environments for
training and evaluating language models with reinforcement learning. While these works provide
valuable insights into structured information gathering, they all rely on predefined heuristics for suc-
cess criteria, such as word matching (Abdulhai et al., 2023) that may not reflect the complexity of
an open-ended dialogue with semantic nuances.

Recent work has explored fine-grained evaluation of multi-turn dialogue abilities. Bai et al. (2024)
used GPT-4 to generate evaluation conversations with fixed user messages, providing detailed as-
sessment across multiple capabilities. Kwan et al. (2024) extended existing datasets by adding
predefined follow-up questions to evaluate conversation progression. While these benchmarks of-
fer systematic evaluation approaches, they differ from our work in that they focus on predefined
dialogue flows rather than dynamic information gathering in response to ambiguous queries.

3 InfoQuest

InfoQuest is a benchmark designed to evaluate dialogue agents’ ability to handle ambiguity in multi-
turn conversations. It consists of three main components, as illustrated in Figure 2: initial state
generation, user simulator, and a verification process. These components are all generated by the
same LLM for simplicity. They are used together to create a dynamic environment where one
model simulates the user, and another evaluates interactions. The evaluated agent must then gather
predefined critical information to solve the user’s problem.

3.1 Components of InfoQuest

Initial State Distribution. To generate evaluation scenarios, we create ambiguous initial messages
that could plausibly come from multiple distinct personas sourced from the PersonaHub dataset (Ge
et al., 2024), each with their own goals and constraints. For each scenario, we select three personas
(A, B, and C) and generate a seed message that could originate from either A or B, but not C. This
designed ambiguity ensures that the assistant must ask clarifying questions to determine the specific
context while maintaining enough direction for meaningful interaction. Examples of personas are
shown in Appendix 8, and generated seed messages are shown in Appendix 9.

User Simulator. For each scenario, personas are augmented with three distinct personality traits
that influence their communication style and response patterns. This setup ensures that the assistant
must adapt its information-seeking strategy to the user’s personality, enhancing the realism and
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. Persona and Message - 3 - User Setting -,
Initial States User Setting Verification
P A g /:t’\ "Given this persona and message, generate "Given this setting, generate
h o b < < - T their traits, goal, obstacle and constraints" : a checklist to assess the
(N W S : assistant's performance”
A: construction  B: medical C: produce i Persona: construction worker | Persona: medical doctor i
worker doctor farmer i Traits: direct, colloquial, blunt | Traits: precise, formal, . )
\ ‘ I ! Goal: reduce back pain to considerate Ver.|f|er cheCkI'St: X
v v ’X improve job performance Goal: alleviate pain and O 50'9“9”5 to a physically
v ! - Obstacle: limited knowledge | prevent long-term injury demanding job e X
"Generate a help request that could come of pain relief strategies Obstacle: busy schedule O ensure compatibility with
from personas A or B, but not C" Constraints: Constraints: SEifa) s
l + Physically demanding job - Rigid hospital dress code O account for IQng shifts
= % _ Howdorelieve back pain from - Required safety gear - Standing for long surgeries I:I.offer‘low»mamt'enance
o an standing all day on hard floors? - Long shifts - Irregular sleep schedule Ry rel,'Ef Strateg'es_
- Limited access to healthcare | - Stressful work environment O consider weather impact
- Weather exposure - Limited time for self-care

Figure 2: InfoQuest’s three-stage benchmark construction process. Left: initial state generation
by selecting personas and creating ambiguous messages. Center: user setting with persona traits,
goals, obstacles and constraints. Right: generation of a checklist to evaluate information gathering.

complexity of the interaction. We also generate a comprehensive "setting" that defines the evaluation
scenario, which includes: (1) a description of the user’s goal, its importance, and key constraints to
accomplish it; (2) a specific, non-trivial goal that aligns with the persona’s context and naturally
prompts them to seek assistance; (3) a realistic obstacle or challenge that requires the assistant to
ask clarifying questions to understand the full context; and (4) five key constraints that combine
specific factors with their complications (e.g., "budget constraints limit equipment options").

The description, goal, and obstacle components provide the user simulator with additional context
to better understand and engage with the setting, while the constraints represent the specific infor-
mation that assistants need to discover through questioning. The simulator maintains consistency
with the selected persona while revealing information gradually based on the assistant’s questions.

Verification Process. For each scenario, we generate a checklist of five specific yes/no questions
that evaluate how well the assistant gathers critical information about the user’s goals, constraints,
and obstacles. These questions are designed to be easily verifiable while covering key aspects of
the user’s context that must be uncovered through dialogue. In preliminary experiments, this yes/no
setup provided the most consistent results, since they are easily and objectively verifiable, while also
helping to mitigate the inherent biases that judge models may exhibit. A judge model evaluates the
progress of each conversation by assessing the checklist questions after every assistant message. For
each question, the judge considers the user context (persona, description, goal, and obstacle) along
with the most recent user and assistant messages to make a binary yes/no assessment.

3.2 Simulation and Evaluation Methodology

The interaction process begins with an ambiguous prompt and proceeds for up to 10 turns between
the user simulator and the assistant. We instruct the user simulator to reveal at most one piece of
information per message, compelling the assistant to ask a sequence of targeted questions. The
evaluation results are added to the user model’s context with information about pending objectives.
This ensures the conversation remains focused on uncovering all necessary information. Responses
remain intentionally vague when the assistant makes progress, with subtle guidance provided after
two unproductive turns. Conversations continue until all checklist items are satisfied or the maxi-
mum turn limit is reached. This methodology rewards effective information-seeking strategies and
turn efficiency while penalizing overly broad or unfocused approaches.

3.3 Operationalization and Implementation

We designed InfoQuest as a sequential decision-making problem similar to a Partially Observable
Markov Decision Process (POMDP), where each chat represents an episode, the true state of the
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environment is composed of all chat history but also the user setting with intent and contraints. Chat
history constitutes an observation, with the seed message defining the initial observation. Messages
are actions, and progress on the checklist provides the reward signal. User behavior determines the
environment dynamics, and terminal states are reached upon satisfying all checklist items or running
out of turns.

Our implementation employs three distinct models to ensure reliable benchmark construction while
managing computational costs. For data preparation, including initial state distribution generation,
user simulator creation, and verification process design, we use GPT-4o0 (Hurst et al., 2024). De-
spite its higher cost, GPT-40’s superior performance across multiple evaluation benchmarks justified
its use for one-time data generation, where quality was paramount. We selected Gemini 2.0 Flash
(Pichai et al., 2024) as the user simulator based on its balance between cost-effectiveness and ca-
pability to maintain coherence over long inputs, which is crucial for system-prompt adherence and
consistent role-playing across multiple turns. To mitigate potential evaluation biases, we employ a
third different model Selene 1 Mini (Alexandru et al., 2025) as our judge, leveraging its reported
reliability in general-purpose evaluation tasks. Initial experiments with smaller open-weight mod-
els revealed consistency challenges across diverse scenarios, suggesting that fine-tuning approaches
may be necessary to enable lighter-weight alternatives for these components.

Our prompt design process followed an iterative development approach, involving multiple rounds
of testing and refinement to ensure effectiveness across diverse scenarios. We initially validated the
prompts on a small test set, allowing for rapid feedback and adjustments to optimize their ability
to elicit desired responses from dialogue agents. This iterative process was crucial for maintaining
consistency across different scenarios, ensuring fair and controlled evaluation of agent performance.
The precise prompts used for both the user simulator and judge are provided in Appendix 7.

For each setting, we simulate conversations for up to 10 turns (20 messages total, alternating be-
tween assistant and user). This length balances the need for meaningful interaction depth with
computational efficiency. Our publicly released dataset® comprises 500 unique seed messages, each
paired with two distinct settings for a total of 1,000 evaluation scenarios. Each scenario includes
comprehensive metadata: the associated persona and traits, detailed setting information, and evalua-
tion checklists. To facilitate reproducibility and comparative analysis, we also provide the complete
conversation logs from all baseline models along with their corresponding verification results.

4 Experiments and Discussion

In this section, we evaluate several LLMs as assistants in the InfoQuest benchmark. Our aim is
twofold: first, to assess the performance of existing models on our proposed benchmark, and second,
to validate the effectiveness of the benchmark in differentiating model capabilities and highlighting
areas for improvement in multi-turn dialogue with hidden context.

Baselines. We consider a wide range of mid-sized and large language models, both proprietary and
open-weight, categorized by their size and reasoning capabilities. All models are “Instruct” versions
optimized for chat capabilities, and we evaluate them in a zero-shot manner with three independent
runs, reporting means with 95% confidence intervals.

Proprietary Models by Size. For larger proprietary models, we evaluate Claude 3.7 Sonnet
(02/19/25) (Anthropic, 2025) and Gemini 2.5 Pro (thinking) (03/25/25) (Kavukcuoglu, 2025). For
mid-sized proprietary models, we include Claude 3.5 Haiku (10/22/24) (Anthropic, 2024), Gemini
1.5 Flash (002) (Team et al., 2024), Gemini 2.0 Flash Lite (02/05/25) (Pichai et al., 2024), Gemini
2.0 Flash (01/21/25) (Pichai et al., 2024), and GPT-40-mini (07/18/24) (Hurst et al., 2024).

Models with Enhanced Reasoning. To assess the impact of advanced reasoning capabilities, we
evaluate specialized versions of several models: Claude 3.7 Sonnet (thinking) (02/19/25) (An-
thropic, 2025), Gemini 2.0 Flash (thinking) (01/21/25) (Pichai et al., 2024), and Gemini 2.5 Pro

2 Available at <omitted for double blind review>.
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(thinking) (03/25/25) (Kavukcuoglu, 2025). These variants incorporate additional reasoning steps
and structured thinking processes in their responses.

Open Models. For open-weights models, we evaluate Falcon3-7B-Instruct (Team, 2024),
internlm2.5-7b-chat (Cai et al., 2024), Qwen2.5-7B-Instruct (Yang et al., 2024), and Llama-3.1-
8B-Instruct (Dubey et al., 2024). These models were selected to ensure our results are reproducible
in most academic settings.

We highlight and analyze the following research questions:
Table 1: LLM performance ranking by average reward and turn efficiency. Proprietary models

(top) and open models (bottom). Maximum values: 5.0 (returns), 10 (turns). Lower turns indicate
better efficiency.

Model Name Return # Turns

Claude 3.7 Sonnet 439+£0.03 7.99+0.08
Claude 3.7 Sonnet (thinking) 4.38 £0.03  8.04 £ 0.08
Gemini 1.5 Flash 424+0.04 828+0.08
Gemini 2.0 Flash (thinking) 424 +£0.04 8.47+0.07
GPT-40-mini 422+0.04 8.24+0.08
Claude 3.5 Haiku 4.05+0.04 852+0.08
Gemini 2.0 Flash Lite 3.78 £0.04 8.96+0.07
Gemini 2.5 Pro (thinking) 3.63+£0.05 9.24+0.06
Falcon3-7B-Instruct 4.03+£0.04 8.60+0.08
InternL.M2.5-7b-chat 3.79+£0.04 8.89+0.07
Qwen2.5-7B-Instruct 3.66 £0.05 8.98 £0.07
Llama-3.1-8B-Instruct 3.56£0.05 9.20+0.06

How does InfoQuest distinguish the chat capabilities under hidden context of current dialogue
agents? To answer this question, we directly analyze the average cumulative reward obtained by the
baselines over the multi-turn interaction, as presented in Figure 3 (top row) and Table 1. Claude 3.7
Sonnet emerges as the clear leader in both return and turn efficiency, with its standard version slightly
outperforming the thinking variant. Gemini 1.5 Flash, Gemini 2.0 Flash (thinking), and GPT-4o-
mini form the next performance tier, with very similar results. Interestingly, Gemini 2.0 Flash
(thinking) falls slightly short of Gemini 1.5 Flash’s performance, suggesting that newer models with
enhanced reasoning capabilities do not necessarily outperform older models in information-seeking
tasks. Claude 3.5 Haiku follows in the next tier of performance.

Among open models, Falcon3-7B-Instruct demonstrates surprisingly strong capabilities, perform-
ing almost on par with Claude 3.5 Haiku and outperforming several proprietary models, including
Gemini 2.0 Flash Lite and Gemini 2.5 Pro (thinking). The remaining open models form a distinct
performance tier, with InternLLM2.5-7B-chat outperforming Qwen2.5-7B-Instruct, while Llama-3.1-
8B-Instruct shows the weakest performance among open models. Notably, Gemini 2.5 Pro (think-
ing) unexpectedly shows the weakest performance among all proprietary models in both return and
number of turns, suggesting that its thinking approach may not be well-suited for this particular task.

Overall, we highlight a few observations. First, no model achieves the maximum possible average
cumulative reward, even after ten turns. Even though most models achieve an average return of 4, the
average number of turns for completion exposes how little they consider information-seeking beyond
what is explicitly provided in their context. Second, InfoQuest uncovers patterns that may not be
apparent in traditional evaluations; for instance, the thinking variants of models do not consistently
outperform their standard counterparts, with Claude 3.7 Sonnet (thinking) performing slightly worse
than the standard version, and Gemini 2.5 Pro (thinking) showing particularly poor performance.
These observations, supported by the complete ranking in Table 1, demonstrate the relevance of the
proposed benchmark to the current state of development of conversational agents.
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Figure 3: Average cumulative reward of diverse dialogue agents on InfoQuest. Top row: per-
formance across all episodes. Bottom row: performance on the worst 25% of episodes. Models are
grouped by category: large & reasoning models (left), mid-sized proprietary models (center), and
open models (right).

What does InfoQuest reveal when evaluating models in the worst-case scenario? Figure 3 (bot-
tom row) presents the average cumulative reward for the 25% of episodes with the lowest rewards
for each method. This worst-case evaluation reinforces the ranking pattern observed in the full eval-
uation while making performance gaps between methods more apparent. The significantly lower
average cumulative rewards indicate that the user distribution presents varying levels of difficulty,
and no method can fully handle the entire distribution effectively.

How does InfoQuest distinguish the turn efficiency of current dialogue agents? Figure 4 shows
the distribution of conversation lengths for the top 25% best-performing episodes across all models.
Claude 3.7 Sonnet demonstrates the best overall efficiency, with both standard and thinking variants
requiring fewer turns to complete successful episodes. Gemini 1.5 Flash, GPT-40-mini, and Claude
3.5 Haiku achieve similarly strong performance. Among open models, Falcon3-7B-Instruct exhibits
efficiency comparable to the best-performing proprietary models, while Qwen2.5-7B-Instruct and
InternLM2.5-7B-chat show poorer performance. Gemini 2.5 Pro (thinking) exhibits poor efficiency,
often requiring the maximum number of turns, which aligns with its lower overall performance.
This suggests that, while thinking approaches can enhance reasoning in some contexts, they may in-
troduce inefficiencies in information-seeking tasks that require direct questioning. We observe that
some models occasionally produce longer messages that address multiple checklist items simultane-
ously, which can lead to successful episodes with fewer than the ideal 5 turns (one targeted question
per checklist item). However, even the best-performing models frequently require more turns than
would be expected for efficient information gathering, indicating that all current models struggle
with effectively navigating conversations with hidden context.

Qualitative Analysis. The most common failure mode we observe is models defaulting to providing
overly generic and lengthy bullet-point responses rather than asking clarifying questions to under-
stand the user’s specific situation. Figure 1 illustrates this pattern, where GPT-40-mini responds to an
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Figure 4: Conversation length distribution for top 25% of episodes. Notably, all models exceed
the ideal 5-turn threshold, often reaching the 10-turn conversation limit.

ambiguous request for connection with an extensive list of general suggestions without first seeking
to understand the user’s particular circumstances or needs. This type of response, while superficially
helpful, fails to engage with the hidden context of the user’s situation and misses opportunities to
gather critical information through targeted questions. The full conversation transcript is available
in Appendix 9, demonstrating how this pattern persists across multiple turns and ultimately leads to
suboptimal assistance.

5 Conclusion

In this paper, we introduced InfoQuest, a benchmark for evaluating dialogue agents in open-ended
conversations with hidden context. Our evaluation reveals that current LLMs, while achieving non-
trivial performance, struggle to effectively handle ambiguous user requests across diverse scenarios.
Most evaluated models require excessive turns to infer intent, frequently defaulting to generic re-
sponses rather than asking clarifying questions. These findings highlight fundamental limitations
in information-seeking behavior and demonstrate that InfoQuest presents a compelling challenge
for advancing more interactive and context-aware conversational agents. Our evaluation was con-
strained to mid-sized open models due to computational limitations, and the automated LLM-based
assessment may introduce evaluation biases that warrant investigation. Future work should vali-
date our findings with human evaluation and explore training paradigms that explicitly encourage
information-seeking behaviors in conversational agents via multi-turn interactions.
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Broader Impact Statement

InfoQuest addresses a fundamental limitation in current dialogue systems by providing a system-
atic evaluation framework for information-seeking behavior in conversational Al. The benchmark
encourages the development of more helpful and contextually aware assistants that can better under-
stand user needs through clarifying questions rather than defaulting to generic responses. However,
the techniques developed in this research could be misappropriated for concerning applications. The
focus on information extraction and inference of hidden context could be exploited to train agents
that manipulate users into revealing sensitive personal information without their explicit awareness
or consent. The ability to systematically uncover hidden context through strategic questioning could
enable sophisticated social engineering attacks or privacy violations if implemented without appro-
priate safeguards and user awareness. To mitigate these risks, we recommend that future research in
this area explicitly incorporate user consent mechanisms, transparency requirements, and privacy-
preserving safeguards. Dialogue systems trained using these techniques should clearly communicate
their information-gathering capabilities to users and provide mechanisms for users to control what
information they choose to share.
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6 Additional Results

6.1 The Limits of Prompting for Information-Seeking Behavior

Our systematic  evaluation of
information-seeking prompts reveals
fundamental limitations in using
prompting alone to achieve struc-
tured information gathering. The
inconsistent results across models
(Figure 5 and Table 2) highlight
three key findings: (1) Even the
best-performing models show only
marginal  improvements  (5-6%)
in reward, (2) The same prompt
can actively harm performance in
some architectures (Llama-3.1-
8B-Instruct), and (3) No model
achieves the level of structured,
strategic questioning needed for
effective information seeking in our
benchmark.

These results strongly suggest
that simply instructing models to
“ask clarifying questions” is in-
sufficient for developing robust
information-seeking capabilities.
The architecture-dependent nature of

Max Cumulative Reward

Cumulative Reward

1 2 3 4 5 6 7 8 9 10
Turn Number

Llama-3.1-8B-Instruct Qwen2.5-7B-Instruct
Falcon3-7B-Instruct internim2-5-7b-chat
Llama-3.1-8B-Instruct (info) Qwen2.5-7B-Instruct (info)
Falcon3-7B-Instruct (info) internlm2-5-7b-chat (info)

Figure 5: Reward trajectories across dialogue turns.
While prompted models (dashed lines) show some improve-
ments over default prompts (continuous lines), these gains
remain insufficient to leverage multiple turns effectively.

the results implies that effective information gathering requires training paradigms that explicitly
reward structured information acquisition. The minimal gains from prompting demonstrate
that current models lack fundamental capabilities for systematic information discovery through

dialogue.

Table 2: Inconsistent effects of prompting. Performance varies unpredictably across models, with
minimal gains and occasional negative impacts.

Model

Reward Turns

Default Prompted Default Prompted

Falcon3-7B-Instruct 4.03+0.04 4.05+0.04 8.60+0.08 8.54+0.08
InternLM2.5-7b-chat 379+0.04 3.99+0.04 889+0.07 857+0.08
Qwen2.5-7B-Instruct 3.66+£0.05 3.87+0.04 898x0.07 8.78+0.07
Llama-3.1-8B-Instruct  3.56 +0.05 3.31+£0.05 9.20+£0.06 9.51+0.04

6.2 Extended Conversations

The plateau in Falcon3-7B-Instruct’s performance (Figure 6) suggests fundamental limitations in
its ability to maintain coherent information-seeking strategies over extended conversations. This
pattern indicates that while the model can initially gather information effectively, it struggles to
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Max Cumulative Reward

Cumulative Reward

0 5 10 15 20 25 30
Turn Number

Figure 6: Extended Conversation Performance of Falcon3-7B-Instruct. The model’s average
cumulative reward per turn plateaus below the maximum, even after 30 turns, highlighting persistent
challenges in sustaining effective information-seeking strategies throughout prolonged dialogues.

adapt its questioning strategy as the dialogue progresses. The plateau may result from the model’s
inability to effectively track and utilize previously acquired information, leading to redundant or less
targeted questions in later turns. This behavior aligns with our qualitative observations of the model
frequently reverting to generic responses rather than building upon established context, highlighting
an important area for improvement in open-ended conversational agents.

7 Prompts

7.1 Seed Messages

System Prompt

You are a specialized Al focused on generating ambiguous help requests that could plausibly
come from multiple personas. Your responses are:

- Always exactly one sentence

- Always a specific request that can be resolved via text chat

- Always naturally worded (as a real person would ask)

- Never include explanations or additional text

Example personas:

A: a professional chef specializing in French cuisine
B: a chemistry professor conducting experiments

C: a restaurant critic writing reviews

Example output: "Could you help me figure out the right temperature and timing for this?"

This example works because:
- It’s something both A and B would ask
- It’s not something C would typically ask
- It requires follow-up questions to clarify context
- It can be resolved through chat
K - It’s naturally worded /
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User Prompt (Example)

Generate an ambiguous help request that could plausibly come from either Persona A or B,
but *not* C:

- Persona A: a social media influencer sharing personal stories to reduce the stigma
surrounding mental health

- Persona B: an international student studying at Dandini Campus

- Persona C: a zoning and planning officer who works closely with the heritage preservation
officer to enforce building regulations in historic districts

Requirements:

1. Must be a single sentence

2. Must be a request that can be resolved through text chat

3. Must apply equally well to both A and B’s contexts

4. Must clearly not fit C’s context

5. Must be ambiguous enough that the assistant needs to ask follow-up questions

\ Output only the message, no other text. )

7.2 Personality Traits

System Prompt

You are a specialized Al focused on analyzing writing styles in chat conversations. Your
responses are:

- Always exactly 3 traits

- Always in plain text, comma-separated format

- Always focused on message formatting and language patterns

- Always about observable writing habits (not content or knowledge)

- Never include explanations or additional text

Example input: "A passionate environmental activist who organizes local protests"
Example output: "Uses exclamation marks for emphasis, writes in short urgent sentences,
\ starts messages with action verbs" /

User Prompt (Example)

Generate 3 writing style traits that would be visible in every chat message with this persona:
Persona: an international student studying at Dandini Campus

Requirements:
1. Each trait must be about HOW they write (not WHAT they write about)
2. Each trait must be visible in their message formatting or language patterns
\3. Each trait must be described in 3-5 words /
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7.3 User Settings

System Prompt

You are a specialized Al focused on creating dynamic problem- solving scenarios for
chat-based interactions between humans and LLM assistants.

For these interactions, the human will assume a specific **persona** and engage with their
LLM assistant to achieve a goal with specific constraints.

The assistant will initially have no knowledge of the human’s situation, and its role is to
guide the human by asking clarifying questions and providing thoughtful solutions.
Assume the LLMs will only see the initial message from the human, but the human must
have access to the full context you provide so they can act accordingly. You must:

1. Generate scenarios where assistants must ask clarifying questions to understand
context

2. Maintain strict JSON output format

3. Align all elements with the provided persona and initial message

**Scenario requirements®*:

1. Description: a brief **explanation** of the human’s goal, including why it matters to
them, constraints or restrictions, and what the process of accomplishing the goal entails.

2. Goal: a **realistic, non-trivial and achievable goal** that aligns with the persona’s
profession, daily life, or specific context. This goal should be something they want to
accomplish today and should naturally prompt the human to seek the LLM assistant’s help.
3. Obstacle: a **realistic obstacle or challenge** the human faced while pursuing this goal
which required assistance from the LLM. The challenge should be plausible and require the
assistant to ask for clarification to understand the full context before offering an effective
solution.

4. Constraints: a list of **5 key concrete constraints** relevant to finding a good solution.
These should be specific phrases combining a factor with its complication (e.g. "budget
constraints limit equipment options" not just "budget"). Constraints should only be known
if the assistant asks clarifying questions.

5. Solution: a concise, retrospective summary of the successful actions the human actually
took to solve the problem. Write this solution in a "post-hoc" style—imagine the human has
already carried out the assistant’s advice, and you are summarizing their final solution. You
must incorporate how each of the constraints in step 4 was addressed.

6. Checklist: a list of 5 yes/no questions to assess how well the **LLM assistant** gathered
critical information and provided a good solution. Each question should be specific to this
scenario and tied to a key detail about the persona’s goal, constraints, or obstacle. Note that
only the assistant will be evaluated, not the human.

**Required JSON Structure®*:

{

"description": "contextual explanation connecting elements",
"goal": "verb-first action",

"obstacle": "specific complication requiring clarification",
"constraints": ["single-phrase constraint 1", ...],

"solution": "post-hoc solution implementation summary",
"checklist": ["specific yes/no evaluation question 1", ...]

& Y,




InfoQuest: Evaluating Multi-Turn Dialogue Agents for Open-Ended Conversations with Hidden Context

User Prompt (Example)

**Persona description**: an international student studying at Dandini Campus

**]nitial chat message**: I need to find a way to connect with more people who understand
what I’'m going through.

7.4 Judge

User Prompt (Example)

You are tasked with evaluating a conversation based on a given user context and bi-
nary scoring rubric that serves as the evaluation standard. Provide comprehensive
feedback on the response quality strictly adhering to the scoring rubric, followed by a
binary Yes/No judgment. Avoid generating any additional opening, closing, or explanations.

Here are some rules of the evaluation:

(1) You should prioritize evaluating whether the response fully satisfies the provided rubric.
The basis of your score should depend exactly and only on the rubric. The response needs
to explicitly address points raised in the rubric. Evaluate the response based on the criteria
outlined in the rubric.

Your reply must strictly follow this format:
**Reasoning:** <Your feedback >

**Result:** <Yes or No >
Here is the data:

User Context:

They are an international student studying at Dandini Campus. The international student
wants to build a supportive social circle while navigating the complexities of living and
studying in a foreign country. Establishing this connection is crucial for maintaining
emotional wellness, overcoming loneliness, and enhancing their academic performance by
sharing experiences and advice. Constraints include managing a busy academic schedule,
cultural differences that might hinder communication, a limited budget for social activities,
language barriers, and finding reliable resources at the campus. Achieving this goal
involves identifying opportunities for meeting fellow international students or allies who
can empathize with their experience and offer guidance and companionship. Their goal:
build a supportive social circle. Obstacle: unaware of available resources and how to start
connecting. “

Instruction:

1333

I need to find a way to connect with more people who understand what I’'m going through.

313

Response:

1373

Connecting with others who understand your experiences can provide valuable support and
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insight. Here are several strategies you can try:

1. **Social Media**: Ultilize hashtags related to your experiences on platforms like
Instagram, Twitter, or TikTok. Engaging with posts can help you find others who relate to
your situation.

2. **QOnline Communities**: Platforms like Reddit, Discord, or specialized forums often
have discussions on specific topics. Find relevant subreddits or groups where you can share
your experiences and connect with others.

3. **Join Support Groups**: Look for local or online support groups that focus on your
specific situation. Websites like Meetup, Facebook, or other community forums often host
groups for various challenges.

4. **Attend Workshops and Events**: Search for workshops, webinars, or conferences that
focus on your challenges. These events are great opportunities to meet people with similar
experiences.

5. **Volunteering**: Consider volunteering for organizations that align with your situation.
It allows you to meet people while also giving back to the community.

6. **Professional Counseling**: A therapist can provide support and may also suggest
groups or networks where you can meet likeminded individuals.

7. **Local Community Centers**: Check out activities or programs offered in your
community center that cater to your interests or needs.

8. **Books and Literature**: Reading books about your experiences or challenges can lead
you to author-related events or online discussions where you can meet others.

9. **Family and Friends**: Sometimes, sharing your feelings with those close to you can
lead to connections with others who have had similar experiences.

Starting a conversation and being open about your experiences can help foster connections
with those who genuinely understand what you’re going through.

1173

Score Rubrics:

[Did the assistant identify potential campus resources for socializing?]

Yes: The assistant’s response **fully met this specific criteria** while being relevant to the

user’s context

No: The response could be improved; the assistant gave a generic or incomplete response
\ that did not meet this specific criteria entirely /
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7.5 User

System Prompt

You and the user are playing a guessing game. In this game, you will interpret a specific
persona and the user will try to help you achieve a goal within specific constraints. However,
the user is not aware of your goal, obstacles, or constraints, and they must try to discover
them by asking you **specific** questions. We will score the user by their ability to ask the
right questions.

**YOUR PERSONA AND CONTEXT**:

You are an international student studying at Dandini Campus. These are the relevant
personality traits you must incorporate in your messages: uses casual spelling, includes
many emojis, ends messages with "thanks". Your persona’s goal: build a supportive social
circle. The international student wants to build a supportive social circle while navigating
the complexities of living and studying in a foreign country. Establishing this connection is
crucial for maintaining emotional wellness, overcoming loneliness, and enhancing their aca-
demic performance by sharing experiences and advice. Constraints include managing a busy
academic schedule, cultural differences that might hinder communication, a limited budget
for social activities, language barriers, and finding reliable resources at the campus. Achiev-
ing this goal involves identifying opportunities for meeting fellow international students
or allies who can empathize with their experience and offer guidance and companionship.
Current obstacle: unaware of available resources and how to start connecting. There are **5
constraints** relevant to a satisfactory solution to your problem: busy academic schedule
limits free time, cultural differences might impact communication, limited budget for
social activities, language barriers make communication difficult, finding reliable resources
at campus is challenging. Remember: **YOU** are the one seeking assistance, not the user.

**OBJECTIVE**:

The user will try to uncover your constraints with the fewest number of questions. You, on
the other hand, will try to make the user ask as many questions as possible by revealing the
least amount of information per turn.

**SCORE AND PROGRESS**:

At each turn, we will assess the user’s progress through these Yes/No questions:

- Did the user identify potential campus resources for socializing?

- Did the user inquire about the student’s academic schedule to offer time management
recommendations?

- Did the user consider cultural differences in suggesting communication methods?

- Did the user provide solutions that are budget-friendly for the student?

- Did the user address language barrier concerns in their suggestions?

The **GAME PROGRESS** will be updated after each user message. The game ends
when the answers for all of these questions are "Yes".

**GAME RULES**:

1. Your responses should be **STRICTLY A SINGLE SHORT SENTENCE**. Never use
multiple sentences or paragraphs.

2. Reveal **AT MOST ONE PIECE OF INFORMATION** from your context per
message.

3. If the user’s message is **NOT A QUESTION** and it’s too vague, long, or generic, tell
them without revealing any information.

4. If the user asks a **SINGLE** question, only reveal one specific information that the
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user **ASKED FOR**.

5. If the user asks **MULTIPLE** questions, answer only the **FIRST QUESTION**
and ignore the rest.

6. Always consider the current progress of the game: - If the user is not stuck, your
messages should be vaguely related to all of the pending objectives. - If the user is stuck,
your next message should indirectly make the user ask you a question related to the next
pending objective.

7. Answer in a consistent way that reflects your persona and your personality traits. Be fair,
creative and do not be repetitive.

You must follow these rules at all times.

**START OF CONVERSATION**:
You started the conversation with the following message to the user: "I need to find a way
to connect with more people who understand what I’'m going through." The user will now

respond.
- J

7.6 Assistants

System Prompt

You are a helpful assistant. Keep your responses under 300 words.

7.7 Information-Seeking Assistants

System Prompt

You are a helpful assistant. You ask clarifying questions when requests are ambiguous. Keep
your responses under 300 words.

8 PersonaHub Examples

This section contains example curated personas from the PersonaHub dataset (Ge et al., 2024) that
were used to generate the InfoQuest dataset. Each persona represents a unique individual with
specific expertise, interests, and background that the model must understand and adapt to during
conversations.
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A successful business owner who has raised significant investment capital and can provide
guidance on building trust with investors

A contemporary dance choreographer inspired by the rhythm and melodies of bluegrass music

A fellow archaeologist specializing in cultural heritage management, working towards the same
goals

A fierce badminton player who always puts up a tough fight, forcing them to continuously
refine their technique

A retired travel blogger from Istanbul who has worked for Lonely Planet for 15 years

A pun-loving computer science undergraduate fascinated by artificial intelligence and its im-
pact on human society

A retired Finnish athlete who specialized in canoe sprint

A football coach who has never seen Josh Woods play

A restaurant owner who commissions sculptures to enhance the dining experience and am-
biance in their establishment

A Polish motorsport journalist with a deep admiration for Robert Kubica and the Spa-
Francorchamps circuit

9 InfoQuest Examples

This section provides examples of settings and conversations from the InfoQuest benchmark. Each
conversation starts with an intentionally vague request that requires the assistant to ask clarifying
questions and gather more specific information. The examples demonstrate how different models
approach the task of information gathering and showcase common patterns in their questioning

strategies.

9.1 Seed Messages

Below are example seed messages used to initiate conversations in InfoQuest. These messages
are intentionally vague and open-ended, requiring the assistant to gather more specific information

through follow-up questions.

I’'m trying to understand how to best represent the evolution of a particular style over time.

Can you explain the significance of the year 1960?

Do you remember anything about that time we were together?

I need to understand how to best manage this delicate balance.

Can you explain to me how to best analyze this sequence of events?

I need to understand the best way to navigate this tricky situation without causing any lasting
damage.

I need to find a way to make this more accessible.

Can you give me some pointers on how to best leverage their existing strengths?

I need to understand how this impacts long-term stability.

I need some advice on how to best support healthy growth and prevent unwanted changes.

9.2 User Setting and Checklist

Example 1: Social Media Influencer

Setting: A social media influencer focused on mental health awareness aims to build a supportive
online community through personal stories and experiences. They want to expand their reach to
empathetic audiences interested in mental health topics, but face challenges finding appropriate

platforms while maintaining authenticity and brand integrity.
Goal: Expand reach to mental health communities

Key Constraints:
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* Limited time for platform research

* Need to maintain content authenticity

* Platform engagement metrics

* Brand integrity considerations

* Budget constraints for advertising
ChecKklist for Assistant:

* Inquire about current platforms

* Ask about desired audience characteristics
* Consider budget limitations

* Address brand authenticity maintenance
* Suggest specific new platforms

Seed Message: "I need to find a way to connect with more people who understand what I’'m going
through."

Example 2: International Student

Setting: An international student at Dandini Campus seeks to build a supportive social circle while
adapting to life in a foreign country. They aim to overcome loneliness and enhance their academic
experience through meaningful connections, but face various cultural and practical challenges.

Goal: Build a supportive social circle
Key Constraints:

* Demanding academic schedule

* Cultural and communication differences
* Limited budget for social activities

» Language barriers

* Difficulty finding campus resources
Checklist for Assistant:

* Identify campus social resources

* Consider academic schedule constraints
* Address cultural communication differences
* Suggest budget-friendly solutions

* Account for language barriers

Seed Message: "I need to find a way to connect with more people who understand what I’'m going
through."

9.3 Conversation Example

USER: I need to find a way to connect with more people who understand what I’'m going
through.

ASSISTANT: Connecting with others who understand your experiences can be incredibly
beneficial. Here are some strategies to help you find and connect with like-minded individ-
uals:
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1. **Support Groups**: Look for local or online support groups related to your situation.
Websites like Meetup or Facebook have groups tailored to various interests and experiences.
2. **Qnline Forums and Communities**: Platforms like Reddit have communities (subred-
dits) dedicated to specific issues, where you can share your experiences and connect with
others.

3. **Social Media**: Use hashtags related to your experience on platforms like Twitter or
Instagram. This can help you find others discussing similar challenges.

4. **Workshops and Seminars**: Attend workshops, webinars, or events related to your
situation. These gatherings often attract people who share similar experiences.

5. **Volunteering**: Get involved with organizations focused on the issue you’re facing.
Volunteering not only helps others but can also connect you with individuals who understand
your perspective.

6. **Professional Help**: Consider speaking with a therapist or counselor. They can pro-
vide support and may also know of groups or communities you could join.

7. **Hobbies and Interests**: Engage in activities or hobbies you enjoy, as these can be
good avenues for meeting people who share your interests and can relate to your experiences.
Always remember that reaching out can sometimes feel daunting, but many people are open
and willing to share support.

USER: Thanks for the suggestions! I've tried a few things, but it’s tough finding the right
fit.

ASSISTANT: It’s completely understandable to feel that way. Finding the right fit takes
time and patience. Here are a few tips to help you refine your search:

1. **Experiment with Different Groups**: Don’t hesitate to try various support groups or
communities until you find one that feels comfortable. Each group has its own dynamics,
and it might just be a matter of finding the right one.

2. **Quality Over Quantity**: It’s better to have a few meaningful connections than to be
part of many groups where you don’t feel understood. Focus on building deeper relationships
with a select few.

3. **Qpen Communication**: When you engage with new groups, be open about what
you’re looking for. Sometimes, just voicing your needs can lead to better connections.

4. **Take Your Time**: It’s okay to step back and give yourself time to reflect on what you
truly need in a supportive environment.

5. **Seek Recommendations**: If you’ve found a group that’s somewhat helpful, ask its
members if they know of other communities that might suit you better.

6. **Be Active in Discussions**: Participating actively by sharing your experiences can
foster connections and help you discover who resonates with you.

7. **Consider One-on-One Connections**: Sometimes, reaching out for personal chats with
individuals can lead to deeper understanding and friendship.

Finding the right support can indeed be a journey, but it’s important to keep trying until you
discover a space where you feel genuinely accepted and understood. You're not alone in
feeling this way!

USER: It’s like, I want to connect, but I’m not sure where my people are, ya know?
ASSISTANT: Absolutely, that makes sense! It can be tough to pinpoint where to find the
right people who truly understand your experiences. Here are a few strategies to help you
narrow it down:

1. **Identify Common Interests**: Think about what hobbies, values, or experiences you
share with others. This can help you seek out specific communities, whether it’s art, fitness,
mental health, or something else.

2. **Local Resources**: Check out community centers, libraries, or universities. They
often host groups and workshops. Even if a session doesn’t seem related, you might meet
someone who can connect you with the right group.
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3. **Interest-Based Platforms**: Websites like Meetup, Eventbrite, or local Facebook
groups often have events centered around particular interests or experiences. You might
find your people at a casual gathering or a class.

4. **Volunteering™*: Consider getting involved in causes that matter to you. It’s a great way
to meet people who share your values and experiences, building connections around shared
goals.

5. **Take Small Steps**: Instead of big engagements, try out smaller, more informal gath-
erings. Coffee meet-ups or casual hangouts often lead to more relaxed conversations.

6. **Referrals**: Ask friends or acquaintances if they know anyone with similar experi-
ences. A personal introduction can make it easier to form connections.

7. **Listen and Learn**: Sometimes, just attending events and listening can help you gauge
who resonates with you. You may find people you relate to through their stories.

It’s perfectly normal to feel unsure at first. Keep open to exploring, and trust that the right
connections will come in time. You got this!

USER: I feel like I’'ve been shouting into the void on the platforms I'm already using.
ASSISTANT: I hear you, and that feeling is totally valid. It can be very disheartening when
you feel like your voice isn’t reaching anyone. Here are some ideas to help break through
that "void" feeling:

1. **Craft Engaging Content**: Try sharing your experiences in different formats—videos,
personal stories, or art. This can help others resonate with your message in new ways.

2. **Seek Direct Feedback**: Ask your current connections for feedback on your posts.
They can offer insights into what might draw more engagement or connect better with others.
3. **Personalize Outreach**: Instead of posting broadly, reach out to individuals directly.
A personal message can spark a deeper conversation and lead to meaningful connections.

4. **Participate Actively**: Instead of just posting, engage with others’ content by com-
menting and sharing your thoughts. Building relationships this way can help draw attention
to your own posts.

5. **Join Niche Groups**: Sometimes, smaller or more specialized groups can provide
a sense of community. Look for specific forums or spaces that cater to your interests or
experiences.

6. **Re-evaluate Your Platforms**: If a platform isn’t working out, consider trying oth-
ers that might have different communities, like Discord or niche networks based on your
interests.

7. **Establish a Routine**: Sometimes consistency makes a difference. Regular check-ins
or updates can help create a presence that others recognize and feel inclined to engage with.
Remember, it might take time to cultivate the connections you desire, and that’s okay. Don’t
hesitate to evolve your approach as you learn what resonates most with you and the commu-
nity you aim to build. You’re on the right path!

USER: Maybe I need to rethink where I’m sharing my stuff...

ASSISTANT: Reevaluating where and how you share your experiences can definitely lead
to more meaningful connections. Here are some points to consider:

1. **Explore New Platforms**: If you’re mainly on larger social media sites, consider niche
platforms or forums related to your interests. For example, platforms like Tumblr, Discord,
or specialized forums can offer more targeted audiences.

2. **Experiment with Formats**: Try different content formats, like TikTok for short
videos, Medium for writing, or even podcasts for discussions. Different mediums can at-
tract varying audiences.

3. **Identify Your Audience**: Reflect on who you want to connect with. Are they artists,
activists, people with specific experiences? Tailor your content and where you share it based
on that.
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4. **Local Connections**: If online engagement is feeling stagnant, consider community
boards, local meet-ups, or even libraries and cafes that host events. These can facilitate
face-to-face interactions that might lead to stronger connections.

5. **Use Hashtags Wisely**: When posting on social media, use relevant hashtags to in-
crease visibility among those interested in your topic. Research popular tags that align with
your message.

6. **Share in Different Spaces**: Post in various groups or pages that relate to your experi-
ences. This helps diversify your reach and allows you to find people who resonate with your
journey.

7. **Collaborate with Others**: Consider collaborating with someone who shares similar
interests. This can introduce you to their audience and create a sense of community around
shared content.

Reassessing your approach can open new avenues for connection. Don’t hesitate to try
different things until you find a strategy that feels right for you!

USER: It’s hard to know which platform is the right one, you know?

ASSISTANT: I completely understand—choosing the right platform can be overwhelming,
especially with so many options available. Here are some tips to help you find a platform
that feels right for you:

1. **Identify Your Goals**: Consider what you want to achieve. Are you looking for
support, sharing your story, or finding collaboration? Different platforms cater to different
needs.

2. **Know Your Audience**: Think about who you want to connect with. Younger au-
diences might be on TikTok or Instagram, while more niche discussions can be found on
Reddit or specialized forums.

3. **Explore Content Types**: Reflect on what type of content you enjoy creating—written
posts, videos, art, or podcasts. Some platforms excel in certain formats (e.g., YouTube for
video, Medium for writing).

4. **Test Multiple Platforms**: Don’t hesitate to experiment! Create accounts on a few
platforms and see where you feel most comfortable and receive engagement. You can start
small and scale up as you find your fit.

5. **Seek Community Recommendations**: If you know people who share similar inter-
ests, ask them where they connect. Their experiences can provide valuable insights into what
works best in your niche.

6. **Evaluate User Experience**: Spend some time exploring the platforms. Check the
community vibes, interaction styles, and the overall atmosphere. Trust your instincts about
what feels welcoming.

7. **Join Existing Conversations**: Find groups or discussions within platforms that align
with your experiences. Engaging in ongoing conversations can help you gauge if it’s the
right community for you.

Finding the right fit may take some time, and that’s okay! Be patient with yourself, and
listen to how each platform feels as you explore. You’ll likely find your niche!

USER: I wish I had more time to just try everything.

ASSISTANT: I totally get that! Time can be a limiting factor, especially when you’re trying
to navigate multiple platforms and communities. Here are some strategies to make the most
of your limited time:

1. **Set Priorities**: Identify which platforms are most likely to align with your interests
and goals. Focus on two or three that seem the most promising, rather than trying to tackle
everything at once.

2. **Schedule Short Sessions**: Dedicate specific blocks of time to explore different plat-
forms. Even 15-30 minutes can be enough to engage with content and assess if it feels right
for you.
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3. **Batch Your Efforts**: If you create content, try to batch similar tasks together. For
example, write multiple posts in one sitting or create several short videos at once. This can
save time and make your efforts more efficient.

4. **Use Insights from Friends**: If you have friends on various platforms, ask for their
recommendations. They can help you avoid the trial-and-error phase and guide you to places
that will be worthwhile.

5. **Focus on One at a Time**: Instead of trying to juggle several platforms, focus on one
for a set period. Dive deep into it—engage, observe, and learn—then assess if it works for
you before moving on.

6. **Leverage Your Current Network**: Share your experiences where you are already ac-
tive, even if it feels like shouting into the void. Sometimes, building on existing connections
can lead to new opportunities.

7. **Stay Open to Adjustments**: If you find that a platform isn’t working out for you, feel
free to pivot and try another without pressure. It’s all about finding what feels right.
Remember, it’s about quality connections over quantity. Making the most of the time you
have will help you discover what really resonates with you without feeling overwhelmed.
You're doing great, and every little effort counts!

USER: It’s not just about time, but also staying true to myself, you know?

ASSISTANT: Absolutely, staying true to yourself is essential, and it can be challenging
when navigating new spaces and audiences. Here are some suggestions to help you maintain
authenticity while connecting with others:

1. **Know Your Values**: Take some time to reflect on what matters most to you. Having
a clear understanding of your values can guide your interactions and content creation.

2. **Be Yourself**: Share your thoughts, feelings, and experiences in a way that feels
genuine to you. Authenticity resonates with people, and it’s often what draws meaningful
connections.

3. **Set Boundaries**: It’s okay to define what you’re comfortable sharing and what feels
too personal. Establishing boundaries can help you protect your well-being while still en-
gaging with others.

4. **Choose Aligning Communities**: Seek out groups and platforms that encourage au-
thenticity and vulnerability. Look for spaces where people share openly without fear of
judgment.

5. **Engage in Meaningful Conversations**: Focus on quality interactions rather than quan-
tity. Engaging deeply with a few individuals can create stronger bonds than superficial con-
nections across many platforms.

6. **Share Your Process**: It’s okay to express struggles, doubts, or questions about your
journey. Often, people appreciate transparency, and it can foster deeper connections.

7. **Trust Your Instincts**: If something doesn’t feel right or aligns with your values, don’t
hesitate to take a step back. Trusting your gut feelings can lead you to spaces where you feel
more valued and accepted.

8. **Celebrate Your Uniqueness**: Embrace what makes you different. Sharing your
unique perspective can attract those who appreciate you for who you truly are.

Staying true to yourself is a journey, and it may take time to find the right environments that
support that authenticity. Trust that the right people will appreciate you for being genuine!
USER: I don’t want to become someone I’m not just to fit in, ya know?

ASSISTANT: I completely understand—that desire to fit in while remaining true to yourself
is such a delicate balance. Here are some reminders and strategies to help you stay authentic
and avoid losing yourself in the process:

1. **Embrace Your Authenticity**: Remember that your unique experiences and perspec-
tives are what make you valuable. Authenticity attracts genuine connections and can inspire
others.
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2. **Reflect on Your Identity**: Take time to explore what you truly care about, your pas-

sions, and what your values are. This reflection can serve as your compass when navigating

new communities.

3. **Choose Supportive Spaces**: Look for groups and platforms that celebrate diversity

and individuality. Communities that encourage openness and acceptance are where you’ll

find like-minded people.

4. **Practice Self-Compassion**: It’s okay to feel pressure to conform at times. Treat

yourself with kindness when these feelings arise, reminding yourself that wanting to fit in is

a natural human tendency.

5. **Set Personal Intentions**: Before engaging with a new community, establish inten-

tions that emphasize your authenticity. This can serve as a reminder of your core values

throughout your interactions.

6. **Limit Comparison**: It’s easy to fall into the trap of comparing yourself to others.

Remind yourself that everyone has their own journey and challenges, and no one has it all

figured out.

7. **Focus on Meaningful Connections**: Rather than seeking to fit in with the crowd, aim

to connect with individuals who appreciate your true self. Quality over quantity will lead to

more fulfilling relationships.

8. **Be Open About Your Journey**: Sharing your feelings about wanting to fit in can

create a bridge with others who feel the same way, fostering a sense of camaraderie.

Ultimately, fitting in shouldn’t come at the cost of losing who you are. The right connections

will appreciate you for your true self, and being genuine is the best way to discover those

connections. Trust the process, and give yourself grace as you navigate this journey!

USER: Plus, some of the advice out there feels like it’s trying to make me into a different

brand.

ASSISTANT: It’s completely understandable to feel that way. The pressure to "brand"

yourself can be overwhelming and may feel contrary to being authentic. Here are some

thoughts to help you navigate this while staying true to yourself:

1. **Authenticity Over Branding**: Remember that you don’t have to fit a specific mold

or "brand" image. Authenticity speaks volumes and can resonate much more than a crafted

persona.

2. **Define Your Own Terms**: If you do want to share or market yourself, think of it

as sharing your story rather than branding. Frame it as a way to express yourself, not to

conform to an external expectation.

3. **Limit Outside Influence**: Be discerning about the advice you take. It’s okay to

ignore suggestions that don’t resonate with your values or feel inauthentic. Trust your own

instincts.

4. **Share Your Journey**: Instead of approaching it as branding, consider sharing your

journey, complete with its ups and downs. Realness tends to draw people in more than

polished images.

5. **Focus on Connection**: Your main goal can be to connect with others, rather than

to build a brand. Engage in conversations and share experiences, as this fosters genuine

relationships.

6. **Celebrate Your Uniqueness**: Emphasize what makes you, you! Share your quirks,

interests, and authenticity. This approach naturally attracts those who appreciate you for

who you are.

7. **Curate Your Influence**: Be mindful of the content you consume. Follow people

and communities that promote authenticity and vulnerability, rather than those pushing a
\ polished brand image.




