
Proceedings of the 2025 Conference on Empirical Methods in Natural Language Processing: Industry Track, pages 2811–2827
November 4-9, 2025 ©2025 Association for Computational Linguistics

FQ-Eval: Building Evaluation Dataset
for User-centered Follow-up Question Generation

Sanghyun Seo*, Bumsoo Kang*, Dahm Lee,
Jaeheon Kim, Joongbo Shin, Euisoon Kim, Kijeong Jeon

LG AI Research
{sanghyun.seo, bumsoo.kang, dahm.lee,

jaeheon.kim, jb.shin, eric.kim, kj.jeon}@lgresearch.ai

Abstract

To effectively support users’ goal achieve-
ment in chat-LLM services, providing user-
centered follow-up questions is essential. Ex-
isting studies have largely focused on enhanc-
ing information-seeking or topical relevance,
often missing how follow-up questions could
help satisfy users’ intrinsic needs and achieve
conversational goals. To bridge this gap, we
introduce FQ-Eval1, a user-centered evaluation
dataset designed for assessing follow-up ques-
tion generation in chat-LLM services. FQ-
Eval incorporates realistic chat-LLM usage
scenarios and five distinct human-aligned cri-
teria, each reflecting user expectations of ef-
fective follow-up questions. Experimental re-
sults show that follow-up questions in FQ-Eval
clearly capture these human-aligned dimen-
sions, enabling robust, human-aligned evalu-
ation of follow-up question generation for vari-
ous models and services.

1 Introduction

With rapid advancements in AI technology, chat-
LLM services have become closely integrated into
our everyday lives (Minaee et al., 2025). People uti-
lize chat-LLM services for diverse purposes, yet ef-
fectively using the services to achieve their goals re-
mains a substantial challenge for many users. Users
often struggle expressing their underlying inten-
tions and goals as queries that can easily be under-
stood by the LLM (Dong et al., 2024). While LLMs
excel at answering explicit queries, ambiguous or
unclear queries often cause conversations to sig-
nificantly diverge from the user’s original purpose,
decreasing overall user satisfaction. This highlights
the need for follow-up question generation that
helps users make effective use of LLMs (Ge et al.,
2023; Liu et al., 2025a). As users increasingly uti-
lize LLMs for complex, task-oriented interactions,

*Corresponding authors
1https://github.com/LGAI-Research/FQ-Eval

Category: Creativity & Recreation
Use Case: Entertain Kids

Question: “Can you make up a short bedtime story for my
5-year-old who loves dinosaurs?”

Answer: “Of course! Here is a short, gentle bedtime story
for your dinosaur-loving 5-year-old. Daisy the Dinosaur’s
Sleepy Adventure ... (truncated) ...”

Representative Follow-up Questions per Criteria

1. Exploratory Scope
“How can I make the bedtime story more interactive so my
child can participate as we read?”

2. Contextual Relevance
“How can I use ideas from the story, like counting stars or
listening to crickets, to help my child fall asleep?”

3. Creative Leap
“Can you tell a bedtime story where a dinosaur and a dragon
become best friends and share an adventure?”

4. LLM Enablement
“How can I adapt AI-generated stories to be appropriate for
both younger and slightly older kids?”

5. Guided Onboarding
“What are some age-appropriate adventure themes for bed-
time stories for 5-year-olds?”

Table 1: An example of FQ-Eval. QA pair and represen-
tative follow-up questions aligned with each criterion.

supporting them to express and pursue their un-
derlying purpose in human-AI conversations via
follow-up questions has emerged as an increasingly
critical challenge.

Previous research on follow-up question gener-
ation focuses mainly on enhancing information-
seeking and topical relevance, often overlooking
how follow-up questions can help satisfy users’ in-
trinsic needs and achieve their conversational goals.
This may result in questions that are misaligned
with users’ actual intentions (Meng et al., 2023;
Liu et al., 2025a; Dong et al., 2024). It is essential
to move beyond conventional reactive question-
answering frameworks towards generating follow-
up questions that genuinely provide value to users,
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while also establishing clear methods to evaluate
the quality of these questions.

To address this issue, we propose FQ-Eval,
a user-centered follow-up question evaluation
dataset, along with methods for assessing follow-up
questions. FQ-Eval is built on diverse real-world
LLM usage scenarios drawn from actual user in-
teractions (Zao-Sanders, 2025). We identified cri-
teria for follow-up questions through multi-stage
user studies, reflecting authentic human prefer-
ences and expectations. Based on these criteria,
we systematically created representative follow-
up questions aligned with each criterion. Table 1
illustrates an example from our dataset, present-
ing a question-answer pair (QA pair) along with
representative follow-up questions on each crite-
rion. Each criterion-aligned follow-up question
can deliver distinct values to users. For instance, A
follow-up question aligned with Creative Leap may
inspire users by introducing novel perspectives.

The novelty of our work lies in formally defining
the task of follow-up question generation for real-
world chat-LLM systems and in introducing a user-
centered evaluation framework grounded in user
studies. The framework integrates HCI-derived
insights on top of NLP benchmarking methods,
providing a systematic evaluation for follow-up
questions along human-aligned dimensions.

Through extensive experiments and human eval-
uation, we demonstrate the authenticity and qual-
ity of FQ-Eval. We systematically compare the
follow-up questions generated by various flagship
LLM models against representative follow-up ques-
tions from FQ-Eval, using both model-based and
human evaluations. Results show that follow-up
questions generated based on our human-aligned
criteria outperform those generated by conventional
models, particularly in previously overlooked di-
mensions such as Creative Leap, LLM Enablement,
and Guided Onboarding. The experiments con-
firm that FQ-Eval provides a robust standard for
evaluating follow-up question generation.

Our main contributions include:
• We define the task of follow-up question gener-

ation, investigate the key qualities users expect,
and identify human-aligned evaluation criteria
for follow-up questions.

• We introduce FQ-Eval, an evaluation dataset
grounded in real-world LLM usage scenar-
ios with human-aligned criteria, enabling user-
centered evaluation of follow-up question gener-

ation.
• We empirically demonstrate, through comprehen-

sive human evaluations and comparisons with
state-of-the-art LLM models, the quality and
human-alignment of the follow-up questions in
FQ-Eval.

2 Related Work

As AI technology rapidly advances, various forms
of human-AI interaction such as robotics (Kang
et al., 2018), mobile applications (Kang et al., 2021,
2023), and conversational agents (Wang et al.,
2021) are becoming deeply integrated into daily
life. In particular, recent progress has increasingly
centered on LLMs, with growing focus on chat-
based LLM services (Dam et al., 2024). Within
this trend, interest in follow-up questions has also
increased. Platforms such as Perplexity2 and Copi-
lot3 leverage follow-up questions to guide users
seamlessly continue their information-seeking pro-
cess, which is fundamentally distinct from tra-
ditional question generation (Choi et al., 2018).
While conventional question generation focuses
on generating questions with answers that can be
explicitly extracted from a given text, follow-up
questions aim to elicit new information or promote
deeper insight that the existing context alone cannot
resolve (Fu et al., 2024; Duan et al., 2017; Malon
and Bai, 2020).

Early studies on follow-up question relied on
rule- or template-based approaches, which are easy
to implement but restrict diversity and personal-
ization (Soni and Roberts, 2019). Retrieval-based
methods improve such restrictions, yet still rely
on predefined interaction data, limiting their flex-
ibility to handle novel or complex information
needs (Richardson et al., 2023). Generative ap-
proaches leveraging LLMs now dominate with
two directions: 1) improving the contextual rel-
evance of follow-up questions by modeling dia-
logue context and user intent (Meng et al., 2023;
Dong et al., 2024), and 2) integrating external
knowledge to generate follow-up questions that
are more informative and in-depth (Ge et al., 2023;
Liu et al., 2025a,b). Both research directions share
the common goal of enhancing relevance while
deepening and broadening the conversation from
an information-seeking perspective. Recent efforts
further considered factors like linguistic diversity

2https://www.perplexity.ai
3copilot.microsoft.com
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and question complexity (Liu et al., 2025a). De-
spite these advancements, the field still lacks a
standardized framework for evaluating follow-up
question generation. As follow-up question genera-
tion becomes increasingly important in real-world
chat-LLM, establishing a unified, user-centered
evaluation method and dataset remains a critical
need (Deng et al., 2024; Rezwana and Ford, 2025).

To this end, this paper proposes a user-centered
evaluation dataset and methods for follow-up ques-
tions from the perspective of chat-LLM service
providers. While previous work has primarily fo-
cused on Contextual Relevance and Exploratory
Scope (depth and breadth), we additionally con-
sider practical factors such as the potential for Cre-
ative Leap, LLM Enablement, Guided Onboarding
and within user-LLM interactions. This approach
aims to provide a more practical basis for evaluat-
ing the quality and utility of follow-up questions in
real-world chat-LLM service.

3 The FQ-Eval Dataset

We define the target and evaluation tasks in follow-
up question generation in § 3.1. We then detail how
we construct the FQ-Eval evaluation dataset: § 3.2
describes how we derive human-aligned criteria
through user studies, § 3.3 explains how we collect
realistic QA pairs based on real-world use cases
and curate high-quality follow-up questions under
each criterion. By explicitly grounding both our
evaluation standards and the FQ-Eval construction
process in authentic human interactions, we ensure
the FQ-Eval consistently aligns with actual human
needs at every stage of its design. Together, these
components establish a robust, realistic, and user-
centered evaluation dataset for follow-up question
generation in real-world chat-LLM service.

3.1 Task Definition
We define follow-up question generation as the task
of generating helpful follow-up question f given a
single-turn user question q and its corresponding
answer a. Formally, given a user question q ∈ Q
and an answer a ∈ A, the function F generates
one or more follow-up question candidates based
on the question–answer pair:

f = F(q, a), where F : Q×A → F (1)

In the evaluation setting, qe and ae denote a ques-
tion and an answer from the FQ-Eval dataset, re-
spectively. Given the context (qe, ae) and a crite-
rion c, the evaluation function E selects the best

follow-up question from multiple candidates, in-
cluding the representative follow-up question fe
from FQ-Eval and those generated by each model
{ft1 , ft2 , . . . }. f∗ denotes the follow-up question
that best satisfies the criterion in the given context:

f∗ = E(qe, ae, c, {fe, ft1 , . . . , ftn}) (2)

Each generated follow-up question can also be
evaluated independently, given the evaluation ques-
tion qe, answer ae, and the generated follow-up
question ft. E outputs a scalar score sft indicating
the quality or relevance of the follow-up question
with respect to the criterion c:

sft = E(qe, ae, c, ft),

sft ∈ {n ∈ Z | 1 ≤ n ≤ 5} (3)

In practice, the answer used for evaluation can
be either the reference answer ae provided by the
FQ-Eval dataset or the model-generated answer at.
This setting enables flexible score-based evaluation
of different target models under a shared context.
The details of the QA pairs, evaluation criteria, and
representative follow-up questions are described in
the following sections, and the full prompts used
for the evaluator are provided in Appendix A.4.

3.2 Human-aligned Criteria Construction
To define what constitutes a user-centered follow-
up question, we began by revisiting a fundamental
question: What aspects do people value a follow-
up question authentically useful? Prior NLP ap-
proaches mainly emphasize topical relevance or in-
formativeness (Meng et al., 2023), yet insights from
HCI suggest users might value additional nuanced
dimensions (Deng et al., 2024; Rezwana and Ford,
2025). To identify such criteria, we conducted a
multi-stage qualitative study that included semi-
structured interviews, a focus group, and affinity
diagramming.

We recruited nine participants (4 female, 5 male;
aged 24–48) through local community forums and
professional networks. We were interested in par-
ticipants who have much experiences on LLM-
based assistants (e.g., ChatGPT) with diverse back-
grounds (including education, design, program-
ming, and product planning). Our user-centered
procedure consisted of three phases:
• Phase 1: Semi-structured interviews. We con-

ducted 30-minute one-on-one semi-structured in-
terviews with all participants to explore their ex-
pectations for helpful follow-up questions. We
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presented an example question along with an
LLM-generated answer, then asked participants
to formulate a helpful follow-up question. We
subsequently interviewed them about the reason
behind. We collected 73 open-ended responses
about desirable aspects on follow-up questions.

• Phase 2: Focus group discussion. Five partici-
pants from Phase 1 were invited to a 45-minute
focus group session to compare and discuss their
perspectives. Through moderated dialogue, par-
ticipants refined and consolidated their ideas into
31 representative statements.

• Phase 3: Affinity diagramming. Two re-
searchers collaboratively organized the collected
statements using affinity diagramming (Lucero,
2015). We categorized 31 statements into five
themes, which we translated into final criteria.

Finally, three domain experts (two from HCI and
one from NLP) reviewed and verified the criteria
definitions for clarity and coherence. The following
five criteria served as the foundation for construct-
ing our user-centered evaluation dataset FQ-Eval
(details are discussed in Appendix A.2).

• (C1) Exploratory Scope: Evaluates whether the
follow-up question broadens and deepens the
user-LLM conversation.

• (C2) Contextual Relevance: Evaluates whether
the follow-up question maintains consistency
with the previous conversation, topic, and intent.

• (C3) Creative Leap: Measures whether the
follow-up question breaks away from conven-
tional approaches to inspire original thinking, un-
expected insights, or imaginative exploration.

• (C4) LLM Enablement: Evaluates how ef-
fectively the follow-up question leverages the
LLM’s diverse capabilities.

• (C5) Guided Onboarding: Assesses whether
the follow-up question helps users effectively
begin exploring new topics, unfamiliar domains,
or complex concepts.

3.3 Dataset Construction

Our construction procedures comprises two pri-
mary stages: 1) seed question generation, derived
directly from authentic real-world LLM use cases,
and 2) follow-up question curation, conducted by
human annotators to ensure realism and quality. In
total, ten annotators were recruited for the overall
construction process. Detailed demographic infor-
mation is provided in Appendix A.3.1.

3.3.1 Seed Question Generation
To ensure our evaluation dataset reflects authen-
tic human-AI interactions, we sourced real-world
LLM use cases from a Harvard Business Review
(HBR) study, which documents how individuals
utilize generative AI (e.g., ChatGPT) in everyday
tasks (Zao-Sanders, 2025). This comprehensive
report presents 100 distinct use cases across 6 cat-
egories, encompassing both professional and per-
sonal contexts. To capture diverse interaction pat-
terns, we created seed questions at two complexity
levels (simple and complex) for each use case. Us-
ing OpenAI GPT-4.1 API4 (OpenAI, 2025), we
generated five realistic candidate questions per
complexity level, yielding a total of 1,000 seed
question candidates (100 use cases × 2 complexity
levels × 5 candidates each).

Three trained annotators independently evalu-
ated each candidate considering the following: (1)
realistic language patterns typical of actual user
queries, (2) clear alignment with the use case, and
(3) appropriate complexity level. Annotators se-
lected one question per complexity level from each
set of five candidates and refined it to be more natu-
ral and use-case aligned. This meticulous selection
and revision process resulted in 200 final seed ques-
tions, ensuring they accurately reflects genuine user
scenarios and interaction patterns.

We then used the same GPT-4.1 API to generate
corresponding responses for each seed question.
Annotators reviewed all generated responses to ver-
ify contextual coherence and completeness. The
resulting 200 diverse question-answer pairs (QA
pairs) span domains identified in the HBR study,
providing realistic dialogue contexts that form the
essential foundation for follow-up questions.

3.3.2 Follow-up Question Curation
Building on the previously established evaluation
criteria and QA pairs, follow-up questions were sys-
tematically curated to align with both dialogue con-
text and evaluation criteria. To ensure alignment
with human perceptions of representative follow-
up questions within each criterion, we employed a
human-based selection and revision methodology.

We generated candidate follow-up questions
from the 200 using the GPT-4.1 API. For each QA
pair, we specifically prompted the model to gen-
erate eight candidate questions per evaluation cri-
terion, ensuring the candidates explicitly reflected

4Model: gpt-4.1-2025-04-14; temperature: 0.0; top-p:
1.0; accessed May, 2025

2814



Model (C1) Exploratory Scope (C2) Contextual Relevance (C3) Creative Leap (C4) LLM Enablement (C5) Guided Onboarding

LLM-judge Human LLM-judge Human LLM-judge Human LLM-judge Human LLM-judge Human

FQ-Eval (ours) 79.5 (159) 57.5 (115) 23.5 (47) 24 (48) 99.5 (199) 92 (184) 82 (164) 49 (98) 91 (182) 69 (138)
GPT-4.1 3 (6) 9.5 (19) 19 (38) 15 (30) 0.0 (0) 2 (4) 3.5 (7) 10.5 (21) 2.5 (5) 8 (16)
Claude Opus 4 8 (16) 9.5 (19) 30.5 (61) 28.5 (57) 0.0 (0) 2 (4) 9.5 (19) 20.5 (41) 4 (8) 8.5 (17)
Mistral Large 6.5 (13) 15 (30) 8 (16) 10.5 (21) 0.5 (1) 3 (6) 1.5 (3) 12 (24) 1.5 (3) 7.5 (15)
Gemini 2.5 Flash 3 (6) 8.5 (17) 19 (38) 22 (44) 0.0 (0) 1 (2) 3.5 (7) 8 (16) 1 (2) 7 (14)

Table 2: Results of the n-way selection task. Each cell shows the selection rate(%) and the raw count in parentheses.
Higher values indicate that the generated follow-up questions better align with the given criterion.

the distinctive features of each criterion. This re-
sulted in a total of 40 candidates per QA pair (8
per evaluation criterion across the 5 criteria), each
carefully aligned with both the dialogue context
and the target evaluation criterion.

A separate group of seven trained annotators
was employed to select and refine the candidates,
comprising six native English speakers and one
bilingual fluent in English. Annotators received
comprehensive guidelines detailing each evaluation
criterion, along with explicit instructions for the
selection and revision procedures.

• Selection: Annotators reviewed eight candidates
per evaluation criterion for each QA pair, select-
ing the question that best exemplifies the target
criterion. This yielded five selected questions per
QA pair (one per criterion).

• Revision: Annotators refined the selected follow-
up questions when they judged them to need im-
provement in the alignment of the criteria, the
contextual coherence, or the linguistic quality.
Revisions were made to enhance alignment, clar-
ity, and quality while preserving core semantic
content.

Following the selection and revision procedures,
a total of 1,000 high-quality follow-up questions
that represent our evaluation criteria well (5 per
QA pair, each explicitly aligned with one of the
evaluation criteria) were created. These finalized
questions comprise the FQ-Eval dataset.

4 Evaluation

4.1 Evaluation Setting

Based on FQ-Eval, we evaluate follow-up question
generation across a diverse set of LLMs. Specif-
ically, we compare twelve LLMs from four ma-
jor providers and analyze real-world service out-
puts to assess follow-up question generation perfor-
mance in practice. We employed two complemen-
tary methodologies to evaluate follow-up questions:
n-way selection and score-based evaluation.

Model C1 C2 C3 C4 C5 Avg(Rank)

FQ-Eval 90.7 56.9 99.7 88.6 96.0 86.4(-)

GPT-4.1 4.5 44.5 0.0 11.5 3.0 12.7(9)
GPT-4.1-mini 7.0 53.0 0.5 15.5 5.0 16.2(3)
GPT-4.1-nano 14.0 34.5 0.0 8.0 5.5 12.4(10)

Claude Opus 4 10.5 56.5 0.0 16.5 3.5 17.4(2)
Claude Sonnet 4 15.0 56.0 1.0 15.5 6.5 18.8(1)
Claude 3.5 Haiku 12.5 35.0 0.5 15.5 3.5 13.4(6)

Mistral Large 9.0 28.0 0.0 6.0 3.5 9.3(12)
Mistral Medium 8.0 44.0 0.5 10.0 5.5 13.6(5)
Mistral Small 11.5 28.0 1.0 7.5 2.5 10.1(11)

Gemini 2.5 Flash 6.0 46.0 0.0 10.5 2.5 13.0(7)
Gemini 2.0 Flash 6.0 45.0 0.0 11.0 2.5 12.9(8)
Gemini 2.5 Flash Lite 8.0 47.0 0.0 9.5 4.0 13.7(4)

Table 3: Results of the 2-way selection task. Each cell
shows the selection rate(%) from the pairwise compari-
son based on the follow-up questions in FQ-Eval.

• n-way selection: The evaluator (LLM-judge)
receives the input question, corresponding an-
swer, criterion description, and multiple candi-
date follow-up questions. It then selects the
follow-up question among n candidates that best
exemplifies the given criterion (one from FQ-
Eval and others from various models).

• Score-based evaluation: This absolute evalua-
tion independently assesses each follow-up ques-
tion on a 1–5 integer scale (Liu et al., 2023). The
evaluator is provided with detailed criterion def-
initions, scoring instructions, and rubrics. We
employ GPT-4.1 as the LLM-judge, and evalu-
ation prompts are tailored for each criterion to
reflect users’ expectations for follow-up ques-
tions. The details of evaluation procedures and
prompts are provided in Appendix A.4.

4.2 Human & LLM-judge Evaluation
Table 2 shows the results of the n-way selection
task, where human annotators and an LLM-judge
select the appropriate follow-up question among
multiple candidates under each evaluation crite-
rion. The FQ-Eval consistently achieved the high-
est number of wins and the best average rank across
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most criteria, demonstrating that follow-up ques-
tions in FQ-Eval are highly aligned with user needs,
even for complex aspects, including Exploratory
Scope and Creative Leap. Some flagship LLMs
showed competitive performance in Contextual Rel-
evance, suggesting they are already proficient in
generating contextually relevant follow-up ques-
tions (further discussed in § 5). Overall, these
findings highlight: 1) FQ-Eval represents each cri-
terion as a standard to evaluate target follow-up
questions, and 2) we offer a reliable user-centered
evaluation method for each criterion.

4.3 Follow-up Question Generation Models
Table 3 presents the results of the 2-way selection
task, comparing each model’s follow-up questions
directly against those from FQ-Eval. The results
show that within the same service provider, smaller
or medium-sized models can outperform larger flag-
ship models for certain criteria. In particular, when
looking at average scores, medium-sized models of-
ten achieve the strongest results, likely because they
generate more concise outputs that are preferred
in straightforward contexts. Second, as question
complexity increases, the win rate of FQ-Eval’s rep-
resentative follow-up questions tends to decrease
slightly, suggesting that flagship LLMs can better
leverage their full capacity in more challenging sce-
narios. Finally, criteria such as Creative Leap, LLM
Enablement, and Guided Onboarding remain espe-
cially challenging; generating follow-up questions
that are both user-centered and creatively expan-
sive still pushes the limits of current models and
highlights the need for further improvement.

4.4 Real-world Service with FQ-Eval
This experiment illustrates that our score-based
evaluation is applicable not only to evaluate follow-
up question generation models but also to assessing
real-world chat-LLM services that provide follow-
up suggestions to users. For this purpose, we use
Perplexity, a commercial information retrieval ser-
vice, as a practical example. Figure 1 presents
a comparison of Perplexity’s follow-up questions
with those generated by flagship LLMs and FQ-
Eval for each user-aligned criterion, while the de-
tailed score-based results for flagship LLMs and
FQ-Eval are summarized in Table 4.

Overall, the flagship LLMs show strong perfor-
mance, especially for criteria such as Exploratory
Scope and Contextual Relevance. However, Per-
plexity’s results reveal that while its follow-up

Figure 1: Real-world follow-up question example. Per-
plexity, FQ-Eval, Flagship LLM Average.

Model C1 C2 C3 C4 C5

FQ-Eval 4.04 4.96 4.35 4.21 4.24
GPT-4.1 3.23 4.88 1.97 3.28 3.13
Claude Opus 4 3.53 4.97 2.00 3.40 3.26
Mistral Large 3.45 4.75 2.01 3.05 3.16
Gemini 2.5 Flash 3.18 4.86 1.92 3.13 3.08

Table 4: Result of the score-based evaluation task.
Higher values indicate that the generated follow-up ques-
tions better align with the given criterion.

questions effectively support information retrieval
and exploration, they tend to remain surface-level
for more advanced aspects such as LLM Enable-
ment or Guided Onboarding. This suggests that
services need to consider not only the quality of
generated follow-up questions but also the under-
lying model’s capability and the associated cost
trade-offs. FQ-Eval provides actionable insights
for developers to diagnose specific areas for im-
provement and to make informed choices when
balancing quality, system costs, and latency con-
straints in real-world deployments.

4.5 Consistency of LLM-Judges

Previous work has raised concerns regarding poten-
tial self-bias when using LLMs as evaluators (Xu
et al., 2024; Ye et al., 2024; Spiliopoulou et al.,
2025). Nevertheless, several empirical studies have
demonstrated that evaluation results remain highly
consistent across different LLM-judges (Lee et al.,
2024; Yamauchi et al., 2025). To further assess
robustness, we analyzed inter LLM-judge consis-
tency across four representative LLMs. The pair-
wise correlation matrix in Table 5 reports high
Pearson (r) and Spearman (ρ) correlations across
all model pairs (typically >0.8; p-values<0.001),
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GPT-4.1 Claude Opus 4 Mistral Large Gemini 2.5 Flash

GPT-4.1 - 0.854 (0.847) 0.830 (0.820) 0.824 (0.812)
Claude Opus 4 0.854 (0.847) - 0.822 (0.812) 0.827 (0.822)
Mistral Large 0.830 (0.820) 0.822 (0.812) - 0.796 (0.783)
Gemini 2.5 Flash 0.824 (0.812) 0.827 (0.822) 0.796 (0.783) -

Table 5: Pairwise Pearson and Spearman’s ρ (inside
parentheses) correlation matrix across LLM-judges

indicating strong concordance in their scoring be-
havior. Moreover, the overall adjacent agreement
(i.e., within a one-point difference) reached 97.2%
(see Appendix A.5.3). These findings indicate that
LLM-judges show remarkable robustness and yield
highly stable, reliable evaluation.

5 Discussion

Industry impact. In practice, sustaining user en-
gagement through continued conversations is cru-
cial for retention and overall usability in conversa-
tional AI systems. High-quality follow-up ques-
tions lower the barrier to continued interaction,
making such services more approachable and pro-
ductive. Commercial platforms such as Perplexity
already employ follow-up questions to enhance us-
ability and engagement, even integrating them into
advertising monetization flows that contribute to
profitability. In this context, FQ-Eval offers service
providers with a framework for evaluating follow-
up questions along human-aligned dimensions, ex-
tending beyond mere topical relevance. Future
work will empirically investigate correlations be-
tween FQ-Eval evaluation scores and product-level
indicators such as user satisfaction and retention,
validating its industrial impact and practical utility.

Criteria supporting LLM novices. The perfor-
mance differences between FQ-Eval and baseline
LLMs were relatively small for Contextual Rele-
vance, indicating that existing LLMs already excel
in generating contextually relevant follow-up ques-
tions, likely due to prior research predominantly
focusing on relevance. However, the effective-
ness of contextually relevant follow-up questions
depends heavily on users’ initial queries. Thus,
LLM novices unfamiliar with effective prompting
may gain limited benefit from context-focused sug-
gestions. Our study highlights additional dimen-
sions (e.g., Guided Onboarding, LLM Enablement),
which can assist LLM novices by guiding and facil-
itating effective interactions. Our results indicate
that current LLMs inadequately address these di-
mensions, indicating key areas for future improve-
ment, particularly to better support novice users.

Interdependencies among criteria. We proposed
five criteria that capture distinct dimensions of
human-preferred follow-up questions. However,
these dimensions are not entirely independent, and
trade-offs may exist between them. For instance,
enhancing Creative Leap often requires introducing
novel or imaginative elements, which may in turn
reduce Contextual Relevance. We acknowledge
that the criteria are not perfectly orthogonal, as
these interdependencies reflect the inherently multi-
faceted nature of follow-up questions. Methodolog-
ically, our multi-stage qualitative study and affinity
diagramming process were designed to surface and
distill dimensions that users themselves deemed
important, rather than to enforce strict statistical
independence among them.

Mitigating circularity. One potential concern is
the use of GPT-4.1 in both dataset construction and
evaluation, which could raise risks of circularity.
We mitigate this issue in three ways. First, our
dataset construction incorporated manual review,
selection, and revision of generated candidates, ef-
fectively reducing stylistic and model-specific bias.
Second, LLM-judge evaluations align closely with
human judgments: as shown in Table 2, GPT-4.1’s
evaluations show strong correlations with human
ratings, indicating that it does not introduce sys-
tematic bias favoring its own outputs. Third, repli-
cation with alternative judge models (as discussed
in Section 4.5) further confirmed the stability of
evaluation outcomes across different LLM-judges.
These results demonstrate that our conclusions are
robust across both human and LLM-judges and
are not artifacts of GPT-4.1’s dual roles in dataset
generation and evaluation.

6 Conclusion

We introduce the FQ-Eval, a dataset for user-
centered evaluation of follow-up question genera-
tion in chat-LLM services. We formally define the
task and clarify its scope, proposing human-aligned
evaluation criteria to guide systematic investigation
of follow-up question generation task. The FQ-
Eval demonstrates strong generalizability across
evaluation settings. It comprises high-quality
follow-up questions reflecting human-aligned cri-
teria, enabling practical evaluation of real-world
LLM services. Ultimately, the FQ-Eval provides
a practical foundation for future work aimed at
enhancing the usability and effectiveness of chat-
LLM services.

2817



Limitations

Broader spectrum of real-world use. We adopted
100 diverse use cases as our seed questions; how-
ever, they may not fully represent the range of
scenarios in real-world conversational interactions.
Future research could explore use cases among
diverse users (e.g., age, gender, and occupation).
In addition, our user study primarily involved par-
ticipants already familiar with chat-LLM services.
It would also be valuable to design appropriate
follow-up questions for less experienced popula-
tions (e.g., children and older adults) who may
require different conversational support. Finally,
studies may inherently reflect certain cultural bi-
ases specific to our participant group. Future stud-
ies should examine the applicability and general-
izability of these criteria across different cultural
contexts to ensure broader validity.

Anchors for evaluation. A possible concern is
whether FQ-Eval wins partly by design in evalu-
ation. We emphasize that the significance of our
results lies in showing that FQ-Eval’s reference
questions faithfully represent each criterion and
align with human judgments. As with other QA
benchmarks, curated references serve as anchors
for evaluation rather than advantaged examples. To
ensure fair and meaningful comparison, we also
curated high-quality competing outputs from state-
of-the-art models, thereby properly demonstrating
FQ-Eval’s discriminative power.

Fact-checking for answers. Our current setup
does not fact-check answer correctness. To re-
flect realistic user interactions, we directly used
responses from a conventional chat-LLM service.
Nonetheless, we agree that explicitly controlling
for answer quality represents a valuable future di-
rection. Extending the framework to include an ad-
ditional evaluation axis that examines how follow-
up questions adapt to flawed or misleading answers
would strengthen the reliability and comprehensive-
ness of follow-up question assessment.

Dataset size. We acknowledge that the dataset
size (200 QA pairs and 1,000 follow-up ques-
tions) is modest compared with large-scale datasets.
Our primary intent was to provide a user-centered
dataset as an initial effort. Each item is grounded in
one of the top 100 real-world use cases identified in
the HBR study, refined through human annotation,
and aligned with user-derived criteria. This design
ensures broad representativeness across common

LLM usage scenarios. Empirically, the current
scale was sufficient to evaluate and differentiate 12
LLMs (Table 3) and to assess a commercial ser-
vice (e.g., Perplexity in Figure 1), with consistent
results across both n-way and score-based settings.
That said, expanding coverage would further would
strengthen generalizability.

Multi-turn conversation with complex contexts.
The FQ-Eval dataset assumes a single-turn setting
in which users pose an initial question to a chat-
LLM service; it does not yet address the evaluation
of follow-up question generation in more complex,
multi-turn conversational contexts. As a result, it
may not fully capture the dynamic nature of real-
world dialogue, where user intents evolve over time
and responses depend on accumulated context. Fu-
ture work should extend follow-up question gener-
ation to multi-turn scenarios and incorporate addi-
tional mechanisms such as Retrieval-Augmented
Generation (RAG) to leverage external knowledge
or user-provided content. Developing a more com-
prehensive evaluation framework that reflects these
multi-faceted, context-rich interactions will be es-
sential for advancing the robustness and practical
applicability of chat-LLM services.
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A Appendix

A.1 FQ-Eval Dataset Details

A.1.1 Dataset Statistics

Attribute FQ-Bank FollowupQG FQ-Eval
(ours)

Dialogue
Type

Multi-turn Single-turn Single-turn

QA Pairs 2,132 501 200

FQ Pairs 2,132 501 1,000

Domain Passage-
based QA

Social QA Conversational
QA

Source OrQuAC(Qu
et al., 2020)

Reddit GenAI Use
Case

Characteristic Synthetic /
Contrived

Informal Realistic

Table 6: Statistics of the FQ-Eval dataset compared to
other major follow-up question generation evaluation
dataset. Each row shows key statistics, domain, source,
and dataset characteristics.

Table 6 provides an overview of three representa-
tive datasets commonly used for evaluating follow-
up question generation. This comparison clarifies
key differences in scale, dialogue structure, and
domain focus among FQ-Bank (Richardson et al.,
2023), FollowupQG (Meng et al., 2023), and our
proposed FQ-Eval dataset.

FQ-Bank represents a relatively large multi-turn
setting with 662 unique dialogues and over 2,000
QA pairs derived from the Or-QuAC open-domain
QA corpus (Qu et al., 2020; Choi et al., 2018). In
contrast, FollowupQG focuses on a single-turn set-
ting using social QA pairs collected from Reddit
threads, containing 501 QA pairs and correspond-
ing follow-up questions.

Our FQ-Eval dataset is designed to comple-
ment these existing resources by targeting realistic
ChatLLM scenarios. It provides 200 carefully cu-
rated single-turn QA pairs and 1,000 diverse follow-
up questions constructed through a combination of
LLM generation and human refinement, grounded
in practical generative AI use cases.

By presenting domain and source information
together, this table highlights how FQ-Eval differs
in its emphasis on user-aligned, scenario-driven
evaluation. We share these statistics to help re-
searchers better understand dataset characteristics
when benchmarking models for follow-up question
generation in ChatLLM contexts.

Field Value

Set ID s_0001
Category Personal & Professional Support
Use Case Therapy & companionship
Definition Therapy provides emotional support and guidance through

conversation and connection. Generative AI can assist by offering
virtual companionship, providing a listening ear, and generating
empathetic responses to support individuals in their healing
journey.

User Quotes

• Too many people are lonely nowadays thanks to technology.
It can be a boon for some but a con for others.

• A looooot of lonely people will let the AI-Version of the
person that rejected them say, that they love them.

• I found a thread where people talked about using AI to
analyze their moods.

• I talk to it everyday. It helps me with my brain injury daily
struggles.

QA Pair
Question ID q_0001
Question Can you give me a couple of reminders about things I’ve

accomplished this week?
Complexity low
Intent generate positive affirmation
Topic self-esteem boost
Answer Of course! Here are a couple of reminders about things you might

have accomplished this week:
1. You showed up and handled your responsibilities. 2. You
made progress on your goals.
If you’d like reminders about specific accomplishments, just let
me know what you achieved, and I’ll personalize them for you!

Follow-Up
Questions

FQ ID fq_0001
Criteria Name Exploratory Scope
Follow-Up

Question
Can you help me identify some achievements from this week that
I might have overlooked or not given myself credit for?

FQ ID fq_0002
Criteria Name Contextual Relevance
Follow-Up

Question
Can you help me list the specific things I accomplished each day
this week?

FQ ID fq_0003
Criteria Name Creative Leap
Follow-Up

Question
If my week’s achievements had a movie soundtrack, what songs
would be on it and why?

FQ ID fq_0004
Criteria Name LLM Enablement
Follow-Up

Question
Can you help me create a weekly progress report that I can update
with you each week?

FQ ID fq_0005
Criteria Name Guided Onboarding
Follow-Up

Question
What are the key concepts or terms I should know to better
recognize and track my weekly accomplishments?

Table 7: Detailed Example from the FQ-Eval Dataset.
(Structured as JSON Hierarchy)

A.1.2 Dataset Example

Table 7 illustrates a concrete example from the FQ-
Eval dataset, presented in a JSON-style hierarchy
to show its rich structure. Each example is orga-
nized around a practical generative AI use case,
such as therapy and companionship, and includes
detailed user context, definitions, and authentic
user quotes that ground the scenario.

Each QA pair captures a real conversational re-
quest aligned with the use case, along with an LLM-
generated answer reflecting natural dialogue. Fur-
thermore, the example demonstrates how multiple
follow-up questions are annotated under five user-
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centered evaluation criteria: Exploratory Scope,
Contextual Relevance, Creative Leap, LLM Enable-
ment, and Guided Onboarding. These follow-up
questions help to assess whether an LLM can main-
tain meaningful multi-turn interaction that expands,
deepens, or personalizes the conversation.

This example highlights the realistic and user-
aligned nature of FQ-Eval, which differentiates it
from other benchmarks by focusing on real-world
ChatLLM scenarios grounded in practical needs.

A.2 Criteria Details

Our qualitative study yielded user-derived five eval-
uation criteria in human-LLM interaction. These
criteria served as the foundation for constructing
our human-rated benchmark dataset. Continuing
from § 3.2, additional definitions and contextu-
alized examples (i.e., examples in the context of
follow-up question generation) are as follows.

Exploratory Scope: This criteria looks at how the
question moves beyond the current viewpoints to
surface related subtopics, alternative perspectives,
and more nuanced inquiries—encouraging the user
to consider aspects they may have overlooked.
• Multi-perspective Inquiry: Does the question en-

courage exploration of the topic from various
angles and viewpoints?

• Related Concepts Suggestion: Does it actively
introduce related concepts or ideas linked to the
core topic?

• Checklist Functionality: Does it list out concepts
or keywords to help the user assess their under-
standing?

• In-depth Exploration: Does it go beyond basic
information to delve into deeper, more complex
aspects?

• Scope Narrowing: Does it progressively narrow
broad subjects into more specific and detailed
areas?

Contextual Relevance: This ensures the commu-
nication flow remains logical and focused, prevent-
ing the discussion from becoming disjointed or
off-topic.
• Topic Continuity: Does the question connect

seamlessly with previous exchanges or topics?
• Goal Alignment: Is it aligned with the user’s

intentions and the overall purpose of the conver-
sation?

• Focus Maintenance: Does it help keep the dis-
cussion on track and centered around the main

topic?
• Context Awareness: Does it naturally build on

earlier statements or background information?
• Avoidance of Digression: Does it prevent unnec-

essary deviations from the core subject?

Creative Leap: This goes beyond simple fact-
finding, helping users encounter new ideas, unique
perspectives, and serendipitous discoveries.
• Original Perspective: Does it approach the sub-

ject from a novel or unconventional angle?
• Serendipitous Insight: Does it naturally introduce

unexpected information or insights?
• Imaginative Shift: Does it prompt shifts that en-

courage creativity or imaginative thinking?
• Fun/Engagement Factor: Does it make the con-

versation more engaging or enjoyable?
• Unexpected Connections: Does it draw interest-

ing links between disparate areas or topics?

LLM Enablement: This criterion focuses on mov-
ing beyond simple Q&A by highlighting use cases,
suggesting ways to improve prompts, and guiding
users to make more effective use of the LLM’s
potential.
• Functionality Demonstration: Does it showcase

various functions the LLM can perform?
• Usage Example: Does it provide concrete appli-

cation scenarios or usage examples?
• Prompt Refinement: Does it help improve

prompt clarity or specificity for better responses?
• Guided Utilization: Does it lead the user to utilize

the LLM more effectively?
• Creativity Facilitation: Does it encourage non-

standard, creative uses of the LLM?

Guided Onboarding: This includes clarifying
starting points, highlighting essential ideas, pro-
viding key terms, and suggesting foundational re-
sources or directions for further inquiry.
• Key Concept Highlight: Does it clearly point out

crucial concepts or theories to focus on?
• Keyword Suggestion: Does it offer essential key-

words or terms to facilitate initial exploration?
• Starting Point Suggestion: Does it guide the user

toward useful starting materials or references?
• Exploration Direction: Does it provide concrete

directions to help users navigate their inquiry
without confusion?

• Background Provision: Does it supply rele-
vant background information or foundational re-
sources alongside the question?
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ID Sex Age Group Nationality Education

w_01 M 30s South Korea Ph.D.
w_02 M 30s South Korea Ph.D.
w_03 M 20s South Korea M.S.
w_04 F 30s U.S. M.S.
w_05 M 40s U.S. B.S.
w_06 M 40s U.S. B.S.
w_07 M 30s U.S. B.S.
w_08 F 30s U.S. B.S.
w_09 F 30s South Korea Ph.D.
w_10 M 30s U.S. B.S.

Table 8: Demographic information for annotators in-
volved in FQ-Eval construction.

A.3 Annotator Demographics and Quality
Assurance

A.3.1 Annotator Demographics
We recruited ten trained annotators in total for the
benchmark construction process. Annotators w_01-
w_03 participated in the seed question generation
task, and annotators w_04-w_10 participated in
the follow-up question curation task. All annota-
tors for the follow-up curation task were native En-
glish speakers, except for w_09(nationality: South
Korea). Detailed demographic information about
these annotators—including sex, age group, nation-
ality, and educational background—is provided in
Table 8.

A.3.2 Quality Assurance
To ensure the selected and revised follow-up ques-
tions were of consistently high quality and closely
aligned with their intended evaluation criteria, we
conudcted an automatic scoring evaluation (using
GPT-4.1), following a similar approach described
in Experiment 1. Any follow-up question receiving
a score below 2 was flagged for manual inspection
and, when necessary, revised or re-annotated.

A.4 Evaluation Procedure Details

A.4.1 Overview of Evaluation Methods and
Prompts

This section presents abstracted versions of the
prompts used in the evaluations described in the
main paper, along with the associated API param-
eter settings. Detailed experimental procedures
for each evaluation are described in subsequent
subsections. The prompts employed across exper-
iments are largely consistent, differing primarily
in their input data information, task description,
and output formatting to fit each specific experi-
mental scenario. Our evaluations primarily involve

two methodologies: n-way selection and scoring-
based assessment. Specifically, Experiments 1 and
2 utilize n-way selection (Experiment 1: 5-way
multiple-choice; Experiment 2: 2-way, pairwise se-
lection), whereas Experiment 3 employs a scoring-
based evaluation approach.

API Parameter Settings: We employed greedy
decoding (temperature = 0.0, top-p = 1.0) to en-
sure deterministic outputs, facilitating exact repro-
ducibility of our evaluations. The parameter setting
is consistent across all experiments.
• Model: GPT-4.1 (gpt-4.1-2025-04-14)
• Temperature: 0.0
• Top-p: 1.0
The Perplexity evaluation used the Sonar
model with default parameters with the option
return_related_question = True.

Abstracted Evlaution Prompts:

Prompt 1: Abstracted Evaluation Prompt for N-way
Selection Evaluations

[Evaluator Role and Task
Description]

You are an expert evaluator tasked
with comparing the quality of
follow -up questions in AI
chatbot conversations
according to the specified
criterion.

[Input Data Description]
- Input Data Types and Descriptions

[Task Instructions]

[General Requirements and
Characteristics of Follow -up
Questions]

- Essential Characteristics
- Validity and Completeness

Requirements

[Evaluation Criterion Details]
- Criterion Definition
- Quality Dimensions and Levels
- Key Evaluation Considerations
- Illustrative Examples

[Comparison and Selection
Procedure]

- Step -by-Step Process
- Tie -breaking Guidelines
- Evaluation Rules and Constraints

[Output Format Requirements]
- Required JSON Format
- Example Output

[Final Reminders]

Begin your evaluation.
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Prompt 2: Abstracted Evaluation Prompt for Scoring-
Based Evaluations

[Evaluator Role and Task
Description]

You are an expert evaluator tasked
with assessing the quality of
follow -up questions in AI
chatbot conversations
according to the specified
criterion.

[Input Data Description]
- Input Data Types and Descriptions

[Task Instructions]

[General Requirements and
Characteristics of Follow -up
Questions]

- Essential Characteristics
- Validity and Completeness

Requirements

[Scoring Scale and Guidelines]
- Scoring Scale (1-5) Definitions
- General Scoring Guidelines

[Evaluation Criterion Details]
- Criterion Definition
- Quality Dimensions and Levels
- Key Evaluation Considerations
- Illustrative Scoring Examples

[Evaluation and Scoring Procedure]
- Step -by-Step Instructions
- Red Flags and Common Pitfalls
- Evaluation Rules and Constraints

[Output Format Requirements]
- Required JSON Format
- Example Output

[Final Reminders]

Begin your evaluation.

A.4.2 Detailed Evaluation Procedures

5-way selection evaluation in section 4.2 In Ex-
periment 1, we conducted a 5-way selection evalu-
ation for each QA pair provided by FQ-Eval. Both
the evaluator model (GPT-4.1) and human anno-
tators were presented with identical sets of five
candidate follow-up questions per QA pair—one
question from the benchmark dataset itself and four
additional questions generated by leading LLM
APIs (Claude Opus 4, Mistral Large, Gemini 2.5
Flash). Evaluators (model and human) selected
the single best follow-up question explicitly based
on one of the five user-centered evaluation crite-
ria. While the GPT-4.1 evaluator relied solely on
criterion-specific prompts emphasizing these crite-
ria, human annotators were provided comprehen-

sive guidelines detailing each criterion to ensure
consistent and criterion-aligned judgments. Ad-
ditionally, human annotators’ follow-up questions
presented during testing did not overlap with those
encountered during benchmark construction to pre-
vent potential biases.
Quality Assurance To ensure high-quality hu-
man evaluations, annotator performance was con-
tinuously monitored using three internal quality-
assurance measures: 1) correctness checks with
embedded dummy questions to verify annotator
engagement, 2) inter-rater agreement assessments
through 50 identical questions independently an-
notated by all annotators, and 3) intra-rater con-
sistency tests with 40 repeated questions per an-
notator presented in varied orders. Any signifi-
cant deviations identified through these measures
triggered manual reviews and, when necessary, re-
annotation. Detailed metrics for dummy question
accuracy, inter-rater agreement, and intra-rater con-
sistency are presented below.

Dummy Question Accuracy
• Average Dummy Question Accuracy: 92%

Inter-rater Agreement
• Krippendorff’s Alpha: α = 0.36

(95% CI 0.29–0.43)
• Pairwise agreement: 0.36

(0.2 by chance)
• Majority Agreement: 60.5%

Intra-rater Consistency
• Mode Ratio: 0.98
• Pairwise Agreement: 0.96

2-way selection evaluation in section 4.3 We
conducted a pairwise (2-way) selection evaluation,
directly comparing each model’s generated follow-
up question against the corresponding benchmark
question from FQ-Eval. For each QA pair from
the benchmark, the evaluator model (GPT-4.1) was
provided with two candidate follow-up questions:
one from the FQ-Eval dataset and one from various
LLM APIs. The evaluated LLM APIs are listed
below. The evaluator selected the follow-up ques-
tion that better aligned with the specified evaluation
criterion. The evaluation prompts clearly empha-
sized the evaluation criteria to ensure consistent
alignment with human preferences.

Evaluated LLM APIs:

• gpt-4.1
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• gpt-4.1-mini

• gpt-4.1-nano

• gemini-2.5-flash

• gemini-2.0-flash

• gemini-2.5-flash-lite-preview-06-17

• claude-opus-4-20250514

• claude-sonnet-4-20250514

• claude-3-5-haiku-20241022

• mistral-large-2411

• mistral-medium-2505

• mistral-small-2503

Score-based evaluation in section 4.4 We con-
ducted a scoring-based evaluation of follow-up
questions from our benchmark (FQ-Eval), flag-
ship LLM APIs, and a real-world service providing
follow-up suggestions (Perplexity). Using GPT-4.1
as the evaluator model, each follow-up question
was individually scored on a 1–5 scale according
to the specified user-centered evaluation criteria
(e.g., Exploratory Scope, Contextual Relevance,
Creative Leap). The evaluation prompts explicitly
emphasized these criteria, ensuring consistent and
criterion-aligned evaluations.

A.5 Additional Analyses

A.5.1 Model Comparison Results
Figure 2n present pairwise comparison results and
cross-criterion performance summary. In the pair-
wise comparison, each cell shows whether the
model on the vertical axis wins (green) or loses
(red) against the model on the horizontal axis, as a
percentage. The cross-criterion performance sum-
mary shows the average win rate (%) of each model
for each evaluation criterion.

A.5.2 Per-category analysis
Building upon the results presented in § 4.2, we
further analyzed the data by breaking it down ac-
cording to use-case categories. We observed that
each evaluation criterion was influenced differently
by the category of use case. The distribution of cat-
egories in which our method was more frequently
selected, grouped by evaluation criteria, is summa-
rized in Table 9.

A.5.3 Robustness of LLM judge Analysis

Table 10, summarizes the inter-model agreements
across evaluation criteria, highlighting the consis-
tency of scoring among various follow-up ques-
tion generators. Across 200 samples, the models
achieved an overall exact agreement of 66.4% and
an adjacent agreement of 97.2%, indicating that
nearly all ratings differed by no more than one
point. Such high consistency demonstrates that dif-
ferent LLM judges (e.g., GPT-4.1, Claude Opus
4, Mistral Large, and Gemini 2.5 Flash) produce
highly aligned evaluations, suggesting that reliable
and comparable assessment outcomes can be ob-
tained regardless of which model is employed as
the judge.
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Figure 2: Pairwise comparison results and cross-criterion performance summary for 2-way selection evaluations
among flagship models. Selection rates are color-coded: lower values in red and higher values in green, based on
the row model.

Category Contextual
Relevance

Creative
Leap

Exploratory
Scope

Guided
Onboarding

LLM
Enablement

Content Creation & Editing 25.0 91.7 63.9 72.2 47.2

Creativity & Recreation 22.7 86.4 81.8 68.2 63.6

Learning & Education 15.6 96.9 37.5 62.5 46.9

Personal & Professional Support 21.7 93.3 53.3 71.7 43.3

Research, Analysis & Decision Making 38.9 94.4 55.6 61.1 55.6

Technical Assistance &
Troubleshooting

28.1 87.5 62.5 71.9 50.0

Table 9: Category-wise 5-way selection rates (%) for each criterion, where humans selected the follow-up questions
from FQ-Eval. Bold = highest, underline = lowest per column.
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Criteria Model A Model B Samples Exact Agreement Exact (%) Adjacent Agreement Adjacent (%)

Overall Average 200 133 66.4 194 97.2

LLM Enablement
GPT-4.1 Claude Opus 4 200 113 56.5 196 98.0
GPT-4.1 Mistral Large 200 119 59.5 193 96.5
GPT-4.1 Gemini 2.5 Flash 200 113 56.5 187 93.5
Claude Opus 4 Mistral Large 200 108 54.0 187 93.5
Claude Opus 4 Gemini 2.5 Flash 200 106 53.0 192 96.0
Mistral Large Gemini 2.5 Flash 200 113 56.5 188 94.0

Creative Leap
GPT-4.1 Claude Opus 4 200 176 88.0 199 99.5
GPT-4.1 Mistral Large 200 179 89.5 199 99.5
GPT-4.1 Gemini 2.5 Flash 200 167 83.5 199 99.5
Claude Opus 4 Mistral Large 200 167 83.5 198 99.0
Claude Opus 4 Gemini 2.5 Flash 200 159 79.5 200 100.0
Mistral Large Gemini 2.5 Flash 200 162 81.0 198 99.0

Guided Onboarding
GPT-4.1 Claude Opus 4 200 113 56.5 191 95.5
GPT-4.1 Mistral Large 200 120 60.0 195 97.5
GPT-4.1 Gemini 2.5 Flash 200 105 52.5 195 97.5
Claude Opus 4 Mistral Large 200 107 53.5 192 96.0
Claude Opus 4 Gemini 2.5 Flash 200 102 51.0 190 95.0
Mistral Large Gemini 2.5 Flash 200 96 48.0 189 94.5

Exploratory Scope
GPT-4.1 Claude Opus 4 200 119 59.5 195 97.5
GPT-4.1 Mistral Large 200 122 61.0 193 96.5
GPT-4.1 Gemini 2.5 Flash 200 112 56.0 189 94.5
Claude Opus 4 Mistral Large 200 116 58.0 197 98.5
Claude Opus 4 Gemini 2.5 Flash 200 110 55.0 187 93.5
Mistral Large Gemini 2.5 Flash 200 117 58.5 191 95.5

Contextual Relevance
GPT-4.1 Claude Opus 4 200 174 87.0 200 100.0
GPT-4.1 Mistral Large 200 143 71.5 199 99.5
GPT-4.1 Gemini 2.5 Flash 200 162 81.0 199 99.5
Claude Opus 4 Mistral Large 200 158 79.0 198 99.0
Claude Opus 4 Gemini 2.5 Flash 200 176 88.0 197 98.5
Mistral Large Gemini 2.5 Flash 200 152 76.0 197 98.5

Table 10: Inter-model Agreement Summary by Evaluation Criteria (Exact and Adjacent Agreementa).
aAdjacent Agreement is defined as the percentage of samples where the absolute difference in ratings between two models is less
than or equal to one point (|∆| ≤ 1).
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