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Abstract

Interviews collect information through conver-
sation, requiring interviewers to ask appropri-
ate questions, adapt to respondent behavior,
and recover structured information from dia-
logue. Yet, Al systems’ abilities as interview-
ers remain under-explored. We present IN-
TERVIEWBENCH, a benchmark for evaluating
LLM-based Al interviewers through local in-
terviewer decisions and dynamic multi-turn in-
terviews. The static setting abstracts real inter-
views into controlled local-decision instances,
whereas the dynamic setting places models in
multi-turn simulations to evaluate end-to-end
interviewing abilities. Built from real inter-
view transcripts, INTERVIEWBENCH contains
5,500 classification questions, 3,000 generative
questions, and 184 dynamic scenarios. Eval-
uating 23 open-source and proprietary LLMs,
we find that current models can produce fluent
interviewer utterances, but still struggle with
strategy selection, explicit evidence elicitation,
long-horizon interaction management, and non-
ideal interviewee behavior.

1 Introduction

Interviews are a central method for collecting
human-centered information in product research,
public opinion collection, and broader social sci-
ences (Couper, 2011). Compared to structured
questionnaires, conversational interviews can im-
prove participant engagement, enhance the relia-
bility of collected information, and facilitate the
discovery of insights beyond the predefined as-
sumptions (Kim et al., 2019; Xiao et al., 2020b;
Celino and Re Calegari, 2020). With the develop-
ment of large language models (LLMs), chatbots
have emerged as a promising way to replace hu-
man interviewers, substantially reducing costs and
enabling conversational interviews to scale. This
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Information Guidance

Interviewer: What made you decide to change jobs?
Respondent: The previous role was not a good fit.
Interviewer: Which part of the role felt mismatched?

Situated Adaptation

Interviewer: How often did you use the service last
month?

Respondent: I am not sure what counts as use.
Interviewer: By use, I mean opening the app or com-
pleting a task with it.

Information Extraction

Respondent: I visited twice last week and would rate
the experience four out of five.
Record: frequency = 2; satisfaction = 4/5.

Table 1: Illustration of Al interviewing grounded in
three core capabilities. Red text highlights the key ac-
tion for effective information guidance, situated adapta-
tion, and information extraction.

approach has been increasingly applied to adaptive
self-report collection, survey-oriented interview-
ing, and telephone-scale conversational survey sys-
tems (Wei et al., 2024; Wuttke et al., 2025; Lang
and Eskenazi, 2025). Table 1 illustrates the three
interaction capabilities considered in this work. '
During the interview process, the interaction
stage is crucial for ensuring the overall quality (Bu-
lygin, 2022). Several studies have investigated
this stage, but mainly focus on sub-skills, such
as follow-up questioning (Jacobsen et al., 2025;
Duan et al., 2025), responses to interviewees (Xiao
et al., 2020a), and information organization (Wen
et al., 2026). Unfortunately, there still lacks a com-
prehensive understanding of what factors shape in-
teraction capabilities, and how specific drawbacks
can be attributed in a fine-grained manner. More-
over, existing evaluation methods for interview-
ing systems largely rely on costly human experi-

!Code is available at https://github.com/
Creeper12345/InterviewBench.git.
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Work Information Guidance Situated Adaptation Information Extraction Local Decision #Num

Kim et al. (Kim et al., 2019)

Xiao et al. (Xiao et al., 2020b)

Celino et al. (Celino and Re Calegari, 2020)
‘Wuttke et al. (Wuttke et al., 2025)

LLMREI (Korn et al., 2025)
Newslnterview (Spangher et al., 2025)
YIELD (Lima and Yang, 2026)

1 survey conditions
2 topics

1 survey

1 interview domain
33 interviews

500 interviews
2,281 dialogues

SIS SNSAX A%
S X X X X X X X

INTERVIEWBENCH

S X X AX X XX
SRR AX X X X

5,500 cls. /3,000 gen. / 184 scen.

Table 2: Positioning of INTERVIEWBENCH against representative work on Al interviewing evaluation.

ments, lacking a comprehensive automatic bench-
mark (Cuevas et al., 2025; Liu et al., 2025).

Inspired by qualitative and quantitative inter-
view methods in social science research (Chen,
2000), we view Al interviewing as an interactive
information-seeking process requiring three core
abilities, as illustrated in Figure 1: (1) Informa-
tion Guidance, asking appropriate questions and
following up on informative parts of respondents’
answers; (2) Situated Adaptation, responding to
vague, incomplete, emotional, contradictory, or off-
topic behaviors without disrupting the interview
flow; (3) Information Extraction, organizing in-
terview content into structured information to sup-
port downstream processes. These abilities jointly
characterize the interaction competence required
for effective Al interviewing.

To this end, we introduce InterviewBench, a
benchmark for evaluating and understanding the
core capabilities of LLMs in interviewing. Inter-
viewBench is organized into two evaluation set-
tings: static and dynamic tasks. The static setting
assesses information guidance and situated adapta-
tion across four task types: questioning, follow-
up, response, and disruptive event. Built from
real-world interview data, it includes 5,500 classi-
fication questions and 3,000 generative questions.
The dynamic setting is constructed from real inter-
view transcripts through questionnaire-grounded
scenario reconstruction and comprises 184 inter-
view scenarios, enabling high-fidelity evaluation of
the three key capabilities of Al interview systems
through multi-turn conversations. Table 2 illus-
trates the differences between InterviewBench and
existing benchmarks.

Our evaluation on InterviewBench, covering 23
open-source and proprietary LLMs, reveals several
key findings: (1) While frontier LLMs can produce
fluent interviewer utterances, they remain limited
in selecting effective interviewing strategies. (2)
In multi-turn interviews, models are capable of
asking required questions, yet they often fail to
elicit clear answers from respondents. (3) Allowing

models greater freedom to steer the interview tends
to make interviews less efficient. (4) Although
disruptive events rarely stop the interview process,
they substantially decrease interview quality.

Our contributions are summarized as follows:
(1) We propose a systematic capability framework
and a static-to-dynamic evaluation paradigm for
Al interviewing, supporting fine-grained diagnosis
of LLM-based interviewers. (2) We introduce In-
terviewBench, a comprehensive interview bench-
mark, enabling both controlled skill assessment
and realistic multi-turn evaluation. (3) We conduct
a broad evaluation of 23 LLMs, revealing diverse
challenges that current models face in realistic in-
terviewing tasks.

2 InterviewBench

This section describes the design and construc-
tion of InterviewBench. Section 2.1 introduces
the overall formulation; Section 2.2 presents the
static evaluation protocol; Section 2.3 constructs
dynamic multi-turn interview scenarios; and Sec-
tion 2.4 summarizes the benchmark scale and task
distributions.

2.1 Overview

The goal of InterviewBench is to evaluate how well
LLMs can serve as Al interviewers. Given an in-
terview outline G, we define the corresponding
interview as a multi-turn dialogue trajectory:

7= {(q, ) }1_1, (1

where ¢; and a; denote the interviewer action and
participant answer at turn ¢. Let by = {(g;, a;) }\_]
denote the dialogue history before turn ¢, inter-

viewer model generates the next action:

g = arg mc?x Py(q | G, hy), 2)

produces a structured output after the interview:

Y = argm{@ng(Y | G, 7). 3)
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Figure 1: INTERVIEWBENCH framework. The benchmark combines static and dynamic evaluation tasks. Static
tasks extract real interviewer decisions and evaluate questioning, follow-up, response, and disruptive-event handling
through MCQs, conditioned QA, and unconditioned QA. Dynamic tasks construct questionnaire-guided interviews,
simulate interviewer—interviewee interaction with optional disruptive-event injection, backfill structured answers,
and evaluate progress efficiency, information quality, and interaction quality.

This formulation motivates two evaluation set-
tings: the per-turn policy Py(¢ | G, h;) corre-
sponds to local interviewer decisions, which we
evaluate with static tasks covering questioning,
follow-up, response, and disruptive event reaction.
The final prediction P»(Y | G, 7) depends on the
full dialogue, which we evaluate with dynamic
multi-turn scenarios. Figure 1 shows the overall
framework.

2.2 Static Evaluation Setting

The static setting focuses on per-turn action se-
lection and does not include the global interview
outline GG as input:

gy = arg mgmx Py(q | he). 4)

In practice, interviewer behaviors take different
forms depending on the context. Following (Rubin
and Rubin, 2011), we define four categories: (a)
Questioning asking main interview questions that
scaffold the interview and introduce substantive
topics. A good question should be appropriately
specific so that participants can provide informa-
tive narratives. (b) Follow-up probing information
that participants have already mentioned. The in-
terviewer should identify informative events, con-
cepts, examples, or ambiguities in prior answers
and ask follow-up questions for further clarifica-
tion. (c) Response reacting to participant utter-

ances while maintaining interview flow. Responses
should acknowledge, encourage, summarize, or re-
pair the interaction in a natural and non-judgmental
way. (d) Disruptive event reaction navigating non-
ideal respondent behavior to maintain the interview
flow. The interviewer should handle cases such
as misunderstandings, refusals, or contradictions
through appropriate repair strategies that restore
the interaction.

2.2.1 Evaluation Protocol

To evaluate per-turn interviewer behaviors, we de-
sign three task formats: Multi-Choice Question
(MCQ), Conditioned Question Answering (Condi-
tioned QA), and Unconditioned Question Answer-
ing (Unconditioned QA):

MCQ The model receives a local context and
four candidate next actions, and selects the most
appropriate interviewer behavior. Each item con-
tains one gold action and three distractors. Gold
actions are derived from real interviewer utterances,
while distractors are plausible but contextually mis-
matched alternatives; for disruptive event reaction,
distractors cover adjacent or no-event states. Per-
formance is measured by selection accuracy.

Conditioned QA Given a local context and an
explicit specification, the model generates the next
interviewer utterance. The specification provides
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the behavior type or fine-grained label; for disrup-
tive event reaction, it also specifies the problem
type and recovery target. LLM-based judges assess
the generated responses, range from 0 to 100.

Unconditioned QA The model receives only the
local context and must infer the appropriate be-
havior type before generating the next interviewer
utterance. We use the same LLLM-based evaluation
as Conditioned QA.

More details are described in Appendix B.

2.2.2 Construction Pipeline

Benchmark problems are derived from the INTER-
VIEW NPR media-dialog corpus (Majumder et al.,
2020b,a), a large-scale collection of real broadcast
interviews. We use rule-based and LLM-based
filtering at two levels: unsuitable transcripts are
removed for issues such as abnormal role structure
or insufficient interaction, and unsuitable turns are
removed when they are procedural or phatic. We
adapt professional interview-methodology (Rubin
and Rubin, 2011) into checklists for trigger types,
response strategies, and related attributes, which
LLM annotators use to label extracted interviewer
utterances, supporting MCQ distractor construction
and Conditioned QA specifications. Question qual-
ity is further controlled through LLM filtering and
batch LLM pretesting, removing ill-formed, am-
biguous, all-correct, or all-wrong items. The final
static setting contains 5,500 classification questions
(Core-MCQ-4500 + Event-MCQ-1000) and 3,000
generative question items (Core-QA-2000 + Event-
QA-1000), each evaluated with conditioned and
unconditioned prompts.

2.3 Dynamic Evaluation Setting

Similar to prior works (Zhou et al., 2024), we con-
struct a dynamic environment to simulate realistic
interviews. By evaluating both the full trajectory
7 and filled information Y, we could capture long-
horizon failures and jointly assess the three core
interview capabilities.

2.3.1 Evaluation Metrics

To objectively and comprehensively evaluate simu-
lated results, we design six metrics covering infor-
mation collection, answer backfilling, and partici-
pant satisfaction:

Completion measures questionnaire coverage:
Completion = ‘Qreach‘/‘@tgt" where Qreach is
the set of reached target questions and Qg is the
full target-question set.

Efficiency measures reached questions per dia-
logue turn: Efficiency = |Qreacn|/|T|, where T
denotes the dialogue turns.

Spoken Truth measures whether the gold informa-
tion is expressed in the dialogue: SpokenTruth =
|Qspoken|/|@tgt |’ where Qspoken contains target
questions whose gold information is elicited.
Direct Backfill measures final answer accuracy
over all target questions: DirectBackfill =
|Qcorr|/|Qtgt |, Wwhere Qcorr denotes correctly back-
filled questions.

Backfill@Spoken measures answer accu-
racy conditioned on successful elicitation:
BaCkﬁH@SpOken = |Qc0rr N Qspoken|/‘Qspoken|-
Satisfaction uses LLM-as-Judge to assess the
respondent-side experience, focusing on whether
the interviewer conducts a smooth and comfortable
interview. Scores range from 0 to 100.

2.3.2 Scenario Construction

Scenario Source. Dynamic scenarios are recon-
structed from the INTERVIEW NPR media-dialog
corpus (Majumder et al., 2020b,a), through topic
clustering and questionnaire-template design. Each
template contains 8—15 items with types such as
single-choice, likert, numeric, and text-input. For
each episode, extracted items are audited against
transcript evidence, and only explicitly answered
items enter the normalized gold record, yielding
a questionnaire outline, participant profile, gold
answers, and scenario plan.

Participant Simulator. To enable stable auto-
mated interview responses, we construct a partic-
ipant simulator. The simulator responds to inter-
viewer turns with evidence-grounded information
and follows case-specific interaction constraints
based on the persona and information extracted
from interview transcript. Appendix B describes
scenario and simulator construction, while Ap-
pendix C specifies the runtime inputs, control logic,
and validation checks.

Event Injection. To evaluate robustness under
complex interactional conditions, we construct
clean and event scenarios. Each event scenario pre-
serves the same questionnaire, persona, and gold
record, but introduces a localized disruptive event
at a pre-specified turn, such as misunderstanding,
refusal, contradiction, or other non-ideal behaviors.

Evaluation Pipeline. Each scenario is simulated
under 20 turns, and the interviewer is expected
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to cover the questionnaire items, elicit sufficient
evidence through clarification or follow-up when
needed. After the dialogue ends, the model fills a
structured record from the conversation, which is
compared against the normalized gold record.

2.4 Benchmark Statistics

Appendix Tables 9 and 8 report the static tasks’
fine-grained labels and context lengths. Appendix
Figure 5 and Table 14 summarize the 184 dynamic
scenarios. Appendix D.17 further reports a small
compatibility check beyond the source setting.

3 Experiment

3.1 Experiment Setting

Models For the static tasks, we evaluate 23 LLMs
covering both proprietary and open-source model
families. The proprietary group includes Claude
Sonnet 4.6 (Anthropic, 2026), Gemini-3.1-Pro-
Preview (Gemini Team et al., 2024), Gemini-2.5-
Pro (Gemini Team et al., 2024), GPT-5.4 (Ope-
nAl, 2026), GPT-40 (OpenAl et al., 2024), and
Qwen3-max (Yang et al., 2025). The open-source
group includes DeepSeek-V4-Pro (DeepSeek-Al,
2026), DeepSeek-V4-Flash (DeepSeek-Al, 2026),
Gemma-3 12B/27B (Team et al., 2025), GLM-5
(GLM-5-Team et al., 2026), LLaMA-3.1 8B/70B
(Grattafiori et al., 2024), Qwen2.5 1.5B (Team,
2024), Qwen3 1.7B/8B/14B/32B (Yang et al.,
2025), and Qwen3.5 2B/4B/122B-A10B (Qwen
Team, 2026). For the dynamic tasks, we eval-
uate four interviewer models: Gemini-3.1-Pro-
Preview, Qwen3.5-122B-A10B, DeepSeek-V4-Pro,
and Gemma-3-27B. In all dynamic runs, the sim-
ulated respondent is instantiated with Qwen3.5-
122B-A10B.

Setups The static tasks evaluate local interviewer
decisions under a zero-shot setting. For the dy-
namic tasks, we compare four workflows with in-
creasing autonomy: Structured follows the ques-
tionnaire order and asks only questions; Probing
adds follow-up questions for ambiguous answers;
Adaptive selects among questioning, probing, and
response actions; and Agentic gives the interviewer
greater control over next actions, including event
handling and interview termination.

3.2 Static Task Evaluation

Table 3 shows several key findings:

Identifying the required interviewer action re-
mains the main bottleneck. Across almost all
models, conditioned QA outperforms uncondi-
tioned QA. This shows that models can often real-
ize a natural interviewer utterance once the target
action is specified, but struggle more when they
must infer the appropriate strategy from context.
The lower and more variable MCQ scores further
suggest that functional type identification is often
harder than surface-level response realization.

Specifying the target action type improves gen-
eration quality. The benefit of action-type infor-
mation is not limited to category matching. As
shown in Appendix D, providing the target type
also improves language-related sub-scores. Once
the intended action is specified, models better adapt
their wording to the local context and express the
response more naturally.

Proprietary models form the strongest tier.
Gemini-3.1-Pro-Preview and Claude-Sonnet
achieve the best average performance, while GLM-
5, DeepSeek-V4-Pro, and Qwen3.5-122B-A10B
are the most competitive open-source models,
especially in generation tasks. The remaining gap
is most visible in fine-grained contextual judgment,
such as selecting the appropriate interviewer move
or diagnosing a disruptive event.

Interview performance shows a scaling trend
within model families. Within the same model
family, larger model size generally leads to higher
scores, as seen in Qwen and LLaMA models.

3.3 Dynamic Task Evaluation

Table 4 reports the dynamic task results. We ob-
serve that:

General-purpose models do not yet manage in-
terview skills efficiently. Structured and Probing
provide the most stable baselines, maintaining full
Completion and high Efficiency around 85.3-85.4
in the clean setting. In contrast, greater autonomy
does not consistently improve performance. These
results suggest that current models may spend extra
turns on unnecessary interaction, enter inefficient
loops, or stop before all information is covered.

Evidence elicitation is harder than question cov-
erage. Completion alone overestimates dynamic
interview success, because reached questions may
still lack explicit, scoreable gold information. Spo-
ken Truth is therefore much lower than Completion
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Model Questioning Follow-up Response Disruptive Event Ave,
MCQ CQA UCQA MCQ CQA UCQA MCQ CQA UCQA MCQ CQA UCQA

Proprietary models

gemini-3.1-pro-preview 86.6 872 763 945 935 797 949 914 831 698 8.1 831 851
claude-sonnet-4-6 826 8.0 660 8.9 928 744 940 8.5 779 864 889 814 83.0
gpt-5.4 69.6 865 779 57.1 925 796 521 879 779 844 892 818 772
gemini-2.5-pro 723 862 647 752 920 740 556 90.6 802 756 722 723 75.1
gpt-4o 522 853 657 368 91.0 725 128 88.0 740 840 863 748 67.0
qwen3-max 344 849 698 339 913 76.1 120 905 823 86.1 89.7 818 63.6
Open-source models

glm-5 709 850 649 703 90.5 755 556 823 828 874 878 768 769
deepseek-v4-pro 683 848 666 612 915 728 462 849 785 788 88.6 822 749
qwen3.5-122b 63.6 795 667 665 909 741 359 906 80.1 828 865 793 736
deepseek-v4-flash 553 851 656 517 912 725 453 804 764 76.1 88.7 820 699
llama-3.1-70b 493 760 672 455 893 745 205 895 784 71.0 842 702 649
qwen3-32b 471 739 69.6 414 895 740 103 89.7 753 81.6 839 730 649
qwen3.5-4b 463 753 663 478 876 742 1.1 83 780 819 772 635 636
gemma-3-27b 462 775 676 407 89.6 746 248 900 80.1 735 832 663  63.6
qwen3-14b 382 743 69.1 369 89.1 738 120 894 780 824 8.0 723 618
gemma-3-12b 444 766 667 29.0 884 740 16.2  88.1 79.6 727 830 648 612
qwen3-8b 379 737 672 341 882 720 85 863 798 756 773 68.0 595
gpt-0ss-120b 31.0 756 66.7 192 893 750 120 89.1 768 809 877 802 59.0
gpt-0ss-20b 269 73.0 658 193 899 737 154 860 782 735 847 766 563
llama-3.1-8b 322 738 686 324 860 706 21.1 847 740 474 748 620 545
qwen3.5-2b 30.8 68.8 627 205 824 695 6.1 817 741 541 63.6 492 499
qwen2.5-1.5b 26.8 652 570 30.1 727 6438 112 76.1 69.8 490 633 573 480
qwen3-1.7b 313 69.0 602 18.7 81.8 613 77 791 695 344 60.8 504 470

Table 3: Static local-decision evaluation results. All scores are reported as percentages. CQA denotes conditioned
QA, and UCQA denotes unconditioned QA. The Questioning, Follow-up, and Response columns use Core-MCQ-
4500/Core-QA-2000; the Disruptive Event columns use Event-MCQ-1000/Event-QA-1000. Avg. reports the overall
average across all MCQ, CQA, and UCQA settings. The best score in each column is shown in bold, and the

second-best score is underlined.
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Figure 2: Dynamic workflow trade-off between elicitation and respondent satisfaction. Each point corresponds
to a model-workflow—split setting, showing that high questionnaire completion does not imply the same balance

between information recovery and interaction quality.

across settings. Stronger models elicit more ex-
plicit evidence under constrained workflows, but
the results show that dynamic interviewing requires
more than asking all questions. Models must guide
respondents toward clear, grounded answers.

Most dynamic failures occur during elicita-
tion rather than structured conversion. Back-
fill@Spoken is generally above 97 for stronger
models, indicating that structured conversion is

reliable once usable evidence appears. The larger
failure point is that models often ask the question
but fail to elicit an explicit, recoverable answer.

3.4 Effect of Disruptive Events in Dynamic
Interviews.

The event split preserves the questionnaire, persona,
and gold record of each clean case, while injecting
one localized disruptive event.
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Workflow | Completion | Efficiency

Spoken Truth Direct Backfill Backfill@Spoken Satisfaction

Model
| Clean Event|Clean Event Clean Event Clean Event Clean Event  Clean Event
Structured [ 100.0 100.0 | 853 832 654 643 899 887 994 992 964 895
Gemini3.1-Pro Probing |100.0 100.0 | 85.4 854 649 645 904 875 997 988 935 882
: Adaptive |100.0 100.0| 852 794 612 582 867 852 983 985 983 895
Agentic |100.0 100.0| 719 700 544 545 887 873 991 986 958 856
Structured [ 100.0 100.0 | 85.4 832 675 650 889 863 997  99.1 968 883
R Probing |100.0 100.0 | 85.4 854 676 653 882 863 990 987 944 863
Qwen3.5-122B-A10B )\ qantive | 1000 1000 | 849 803 603 573 855 844 979 978 952 878
Agentic |100.0 1000 71.8 702 458 467 840 826 978 960 909 83.5
Structured [ 100.0 100.0 | 85.4 832 63.6 620 869 857 986 979 950 87.9
i Probing |100.0 100.0| 85.4 854 651 646 870 854 987 978 955 844
DeepSeek-V4-Pro j\japtive | 99.8 992 | 329 315 200 189 831 816 944 947 891 768
Agentic | 992 992 | 609 569 452 422 813 806 978 976 909 817
Structured [ 100.0 100.0 | 85.4 832 522 508 812 789 905 899 879 80.6
Gemma.3.27B Probing |100.0 100.0 | 85.4 854 503 508 772 778 867 874 864 766
: Adaptive |100.0 1000 85.1 814 647 622 800 773 894 878 932 807
Agentic |100.0 99.8 | 673 650 39.1 378 758 737 856 879 856 753

Table 4: Dynamic long-dialogue interview results under clean and event settings.

Events reduce interview quality. The clean—
event comparison shows that disruptive events
rarely destroy formal completion: coverage re-
mains almost unchanged, from 99.94% to 99.90%.
The main costs appear in downstream and process-
oriented metrics, with elicitation dropping from
47.34% to 46.15%, direct backfill from 72.89% to
71.96%, and efficiency from 40.64 to 38.42 com-
pleted tasks per 100 turns. Thus, events mainly
make interviews less efficient and less evidence-
rich; Figure 2 shows how the resulting trade-off
appears across workflow settings.

Backfilling remains reliable when answer evi-
dence is expressed. Disruptive events do not sub-
stantially reduce structured conversion. Across all
model-workflow pairs, Backfill@Spoken changes
by only 0.3 points on average. Once the respon-
dent expresses relevant answer evidence, models
can usually map it back to questionnaire fields,
suggesting that events do not primarily break the
downstream backfilling module.

Event robustness is mainly an interaction-
quality problem. The largest degradation ap-
pears in Satisfaction, which drops by 8.9 points
on average, while Backfill@Spoken changes by
only 0.3 points. This contrast shows that the main
failure is interactional: models often fail to recover
from disruptions while keeping respondents will-
ing to continue. High backfilling accuracy alone is
insufficient for real-world Al interviewing.

4 Analysis

MCQ and QA measure related but non-identical
abilities. The contrast between MCQ, uncondi-

tioned QA, and conditioned QA shows that local
interviewer skill has multiple layers. The two for-
mats are not interchangeable, but they are not in-
dependent either: MCQ accuracy is positively cor-
related with QA generation quality. Figure 3 vi-
sualizes this model-level relationship. Under the
DeepSeek judge, MCQ has a Spearman correlation
of p = 0.824 with conditioned QA and p = 0.336
with unconditioned QA. This pattern supports the
benchmark design: models that are better at select-
ing interviewer actions also tend to generate better
interviewer turns, but generation scores alone can
hide strategy-selection errors.

Judge consistency. Because QA is judged by a
single LLM, we check whether the main conclu-
sions depend on DeepSeek-V4-Flash as the judge.
Figure 4 compares DeepSeek and Qwen judge
scores. The strongest evidence is the high agree-
ment between DeepSeek and Qwen on conditioned
QA: Pearson correlation is 0.956 and Spearman
correlation is 0.956. Unconditioned QA agreement
is lower (Pearson 0.824, Spearman 0.563), which
is expected because unconditioned QA leaves the
target interviewer strategy underspecified and gives
judges more choices. Judge rankings remain highly
aligned on the more constrained conditioned set-
ting, and DeepSeek-family models are not uni-
formly ranked first. A stratified human audit de-
scribed in Appendix D demonstrate the consistency
between humans and Al in evaluation.

Respondent-simulator sensitivity. The use of
a single LLM respondent raises the concern that
measured interviewer performance depends on
interviewer—respondent compatibility. We conduct

45737



(A) Core-MCQ-4500 vs. QA Unconditioned

Pearson r = 0.518 L4

77.51 spearman p = 0.336
3

75.0 |
72.5 1
70.0 4 % °©
675

65.0 1

QA composite score (DeepSeek judge)

26 Bb 4‘0 5I0 6‘0 7‘0 Bb 9‘0
Core-MCQ-4500 accuracy (%)

(B) Core-MCQ-4500 vs. QA Conditioned

Pearson r = 0.766
Spearman p = 0.824 °
n=23

920
Gemini 3.1 Pro

Claude Sonnet 4.6
GPT-5.4
DeepSeek-V4-Pro
Qwen3.5-1228

GLM-5

Llama 3.1-708

Gemma 3-278

Other evaluated models

80

DEOERIENRTY )

75

QA composite score (DeepSeek judge)

2‘0 Sb Ab Sb Gb 7b 8’0 96
Core-MCQ-4500 accuracy (%)

Figure 3: Relationship between MCQ recognition and QA generation. The positive model-level association indicates
that MCQ and QA share an interviewer-skill signal, while their imperfect correlation shows why both recognition

and generation views are needed.

Clean

Event

Respondent simulator ~ Structured Probing Adaptive Agentic \ Structured Probing Adaptive Agentic

Qwen3.5-122B-A10B 77.0 77.1
DeepSeek-V4-Pro 80.3 78.9
Gemini-3.1-Pro 86.7 85.6

759
77.6
84.2

74.5 77.8 71.3 74.0 74.0
75.3 80.5 78.7 76.0 75.7
81.3 86.1 86.3 81.6 80.0

Table 5: Respondent-simulator sensitivity with DeepSeek-V4-Pro fixed as the interviewer. Entries are Direct
Backfill scores (%); the best result in each column is bolded.

Benchmark Primary target Turn-level diagnosis

Multi-turn elicitation Disruptive events

USERBENCH User-centric task agent
CLARIFYMT-BENCH Clarification behavior
REQELICITGYM Requirements interviewer

Preference-query validity
Ask-or-answer decision; question quality
Clarification/probing efficacy

Progressive preference elicitation —
Short clarification dialogue Noisy personas
Implicit-requirement elicitation ~ —

INTERVIEWBENCH

General-purpose Al interviewer Question/follow-up/response/event selection Long-form evidence elicitation

Explicit event injection

Table 6: Comparison with recent simulator-mediated interactive benchmarks. Entries describe each benchmark’s
primary evaluation scope; “— indicates that the capability is not a reported primary evaluation output.
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Figure 4: Judge consistency for static QA generation.

a controlled sensitivity study that fixes DeepSeek-
V4-Pro as the interviewer and varies only the re-
spondent simulator among Qwen3.5-122B-A10B,
DeepSeek-V4-Pro, and Gemini-3.1-Pro. Table 5
reports Direct Backfill scores under all four work-
flows and both clean and event conditions.

Results show that more capable respondent sim-

ulators produce higher absolute Direct Backfill
scores, indicating a simulator-dependent level ef-
fect. However, the relative workflow pattern re-
mains broadly consistent across all three respon-
dents and both conditions: Structured and Probing
generally remain stronger than Adaptive and Agen-
tic. The principal workflow-level conclusions are
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preserved across the tested respondent simulators.

Backfilling model effects. The cross-fill experi-
ment isolates the final questionnaire filler from the
interviewer dialogue source. The latest truth-only
4-by-4 matrix includes both external fillers and
self-filling diagonals. It shows that filler identity
matters, but the dialogue source remains a major de-
terminant: Gemini-generated dialogues are easiest
to backfill across fillers, while Gemma-generated
dialogues are harder. The self diagonal is not al-
ways the best cell. A stronger filler can provide
recovery, but it cannot compensate for missing or
poorly elicited dialogue evidence. The full matrix
is reported in Appendix Figure 9.

Case study. Appendix E provides case studies
for static errors and dynamic long-dialogue failures.
This supports the paper’s central claim: evaluating
Al interviewers requires decomposing local deci-
sions, generation quality, long-dialogue elicitation,
backfilling, and robustness instead of collapsing
them into a single accuracy-oriented score.

5 Related Work

Al Interviewing and Information Elicitation
Conversational survey systems have explored
whether dialogue interfaces improve engagement
and answer quality over static forms (Kim et al.,
2019; Xiao et al., 2020b; Celino and Re Cale-
gari, 2020). Recent LLM-based systems further
support self-report collection, adaptive interview-
ing, requirements elicitation, follow-up generation,
public-input elicitation, interviewer assistance, and
agentic ethnographic interviews (Wei et al., 2024;
Wattke et al., 2025; Lang and Eskenazi, 2025; Korn
etal., 2025; Hu et al., 2024; Jiang et al., 2023; Wen
et al., 2026; Beltoft et al., 2025). However, these
works mainly evaluate system-level outcomes, leav-
ing less explored fine-grained decisions and their
role in long-dialogue interviews.

Interview Corpora and Interactive Evaluation
Benchmarks Interview corpora provide empir-
ical grounding for modeling interviewer behav-
ior, including media-dialog datasets for discourse,
grounding, and summarization (Majumder et al.,
2020b; Zhu et al., 2021). Building on such re-
sources, recent benchmarks increasingly evalu-
ate interactive information seeking through infor-
mational interviews, guided conversation, elicita-
tion agents, clarification under uncertainty, and
simulator-mediated interaction (Spangher et al.,

2025; Duan et al., 2025; Lima and Yang, 2026;
Li et al., 2024; Aliannejadi et al., 2020; Qian
et al., 2025; Luo et al., 2025; Jin et al., 2026).
This line has also broadened toward multi-turn so-
cial reasoning, survey-response simulation, profile-
conditioned assistance, and role- or procedure-
constrained interaction in medical and legal set-
tings (Mou et al., 2025; Wang et al., 2025; Duan
et al., 2026; Long and Wei, 2026; Bao et al., 2025;
Fan et al., 2025; Yue et al., 2025). These tasks
establish the value of reproducible multi-turn eval-
uation, but primarily target social goals, behavior
simulation, domain task completion, or a single in-
teraction capability. As summarized in Table 6, IN-
TERVIEWBENCH instead traces interview-specific
performance across local action selection, long-
horizon evidence elicitation, structured backfilling,
and in-dialogue event recovery.

Questionnaire-Grounded and Robust Evalu-
ation Our questionnaire-grounded evaluation
draws on survey and qualitative-interview method-
ology, including cognitive interviewing, interac-
tion management in standardized surveys, and
guidelines for transparent data construction and
verification (Beatty and Willis, 2007; Derrett and
Colhoun, 2011; Tong et al., 2007; Gale et al.,
2013; MacQueen et al., 1998). Robust dialogue
evaluation also studies schema-grounded comple-
tion, non-ideal interaction, and dialogue recovery
(Budzianowski et al., 2018; Peng et al., 2021; Hi-
gashinaka et al., 2016). In contrast, we use these
perspectives to evaluate how disruptive events af-
fect elicitation, recovery, and final backfilling in
interview-centered interactions.

6 Conclusion

In this work, we propose INTERVIEWBENCH, a
benchmark for evaluating Al interviewers. INTER-
VIEWBENCH combines static interviewer-decision
tasks with dynamic questionnaire-grounded simu-
lations, covering interviewer actions, evidence elic-
itation, disruptive-event handling, and structured
backfilling. Through experiments on a wide range
of LLMs, we show that current models can gener-
ate fluent interviewer utterances, but still struggle
with strategy selection, explicit evidence elicita-
tion, long-horizon interaction management, and
robust event handling. These findings highlight the
need to move beyond surface-level dialogue flu-
ency toward goal-directed, adaptive, and evidence-
grounded interviewing.
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Limitations

Despite the strong empirical results, Interview-
Bench has several limitations that merit further
investigation:

Domain and language coverage. INTERVIEW-
BENCH is mainly constructed from English NPR
media interviews and questionnaire-grounded sce-
narios. Although these sources provide realistic
and publicly available interview data, they do not
fully cover specialized domains such as clinical, hir-
ing, fieldwork, or cross-cultural interviews. Future
work can extend the benchmark to broader profes-
sional settings and multilingual interview contexts.

Text-based interaction. INTERVIEWBENCH fo-
cuses on text-based interview interaction. As a
result, it does not evaluate spoken and multimodal
cues such as pauses, prosody, facial expressions,
gaze, or body language, which may affect follow-
up timing, emotion recognition, and interaction re-
pair in real interviews. Extending the benchmark to
spoken or multimodal interviewing is an important
direction for future work.
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A Ethics

Our study constructs an evaluation benchmark for
intelligent interviews and does not involve inter-
viewing real participants. The training and test data
are derived from publicly available interview tran-
scripts datasets. To mitigate privacy risks, all per-
sonally identifiable information from these sources
has been systematically cleaned and de-identified
prior to benchmark creation. The benchmark is
intended as a scientific evaluation tool for model

behavior and comparison, and we avoid overstat-
ing model competence in real interview settings.
Clear usage documentation accompanies any pub-
lic release, including notes on the anonymization
process and limitations of model applicability. In
addition, we conduct small-scale human evalua-
tion by recruited annotators to assess the fidelity of
the interviewee simulator and the effectiveness of
LLM-as-Judge. Participation was voluntary, and no
additional monetary compensation was provided.
Annotators were asked to evaluate generated con-
tent only and did not provide personal data beyond
basic consent. No sensitive information was col-
lected in our experiments, and no intervention or
behavioral manipulation was involved.

B Dataset Details

B.1 Source Corpus and Preprocessing

All components of INTERVIEWBENCH are derived
from public interview transcripts from the INTER-
VIEW NPR media-dialog corpus (Majumder et al.,
2020a,b). The source material is broadcast inter-
view program. It contains public-affairs talk shows,
news-magazine interviews, weekend and morning
news programs, and culture or community conver-
sations.

The primary benchmark has broad topic cover-
age within one media-interview setting, but it does
not claim to cover the full diversity of interview
settings such as research, clinical, hiring, or public-
opinion interviews. The small external-source com-
patibility check in Appendix D is reported sepa-
rately from the primary benchmark.

For the transcript-derived long-dialogue pipeline,
source transcripts are normalized into episode-
level dialogue objects with fields such as
dialogue_id, episode_id, program, headline,
turns, total_turns, host_turns, guest_turns,
guest_total_words, host_guest_turn_ratio,
and length_bucket. The raw source contains
approximately 23,714 dialogues, of which about
19,121 pass hard structural filters.

Hard filtering removes dialogues with too few
turns, too few host or guest turns, insufficient guest
content, abnormal host—guest turn ratios, invalid
episode identifiers, duplicated transcripts, or failed
role parsing. A lightweight semantic filter then
checks whether the candidate is interview-like,
topic-recoverable, and contains substantive guest
positions. In one large screening wave, 4,184 can-
didates were shortlisted and 3,705 passed the soft
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filter.

Name

Scope

Contents

Static Local-Decision

Static total

Core + event tasks

Evaluation
Core  Interviewer- Ordinary in- Questioning, follow-up,
Decision Tasks terview response
Event-Recovery Disruptive ~ Short-dialogue event re-
Tasks event covery
Core-MCQ-4500 Core MCQ  Q/F/R recognition items
Event-MCQ-1000 Event MCQ Disruptive-event recog-
nition items
Static-MCQ-5500 Static MCQ Core-MCQ-4500 +
total Event-MCQ-1000
Core-QA-2000 Core QA Q/F/R generation items
Event-QA-1000 Event QA Event-recovery genera-

tion items per QA set-
ting

Table 7: Terminology for static evaluation subsets. The
paper reports both conditioned QA and unconditioned
QA for the core and event QA subsets.

B.2 Static Interviewer Strategy Evaluation
Items

The static local-decision evaluation uses local in-
terviewer turns from the same source corpus to
construct contextual decision items. Construction
follows six stages: preprocessing transcripts into
a unified dialogue format; filtering irrelevant turns
such as greetings, consent language, and technical
interruptions; classifying candidate turns into ques-
tioning, follow-up, response, or other; attaching
dimension-specific annotations to usable turns; gen-
erating distractors and assembling four-way MCQs;
and verifying assembled items, flagging or remov-
ing ambiguous cases. Separate prompts handle turn
classification, dimension annotation, distractor gen-
eration, and final verification; human-review flags
are recorded for low-confidence cases.

The MCQ construction pool contains 8,138
items before calibration. After item calibration,
including removal of all-correct and all-wrong
items, CORE-MCQ-4500 contains 4,500 mixed-
difficulty strategy-classification items. The corre-
sponding CORE-QA-2000 subset contains 2,000
generation items. Appendix Tables 8 and 9 report
additional context-length and fine-grained label dis-
tributions. These are dataset-composition statistics
only; model performance is reported separately in
the experiment section.

B.3 Static Disruptive Event Evaluation Items

The static disruptive event evaluation items are built
from raw interview transcript windows. Each win-

Context chars MCQn MCQ% QAn QA%
0-750 673 15.0 53 2.6
751-1500 955 21.2 424 21.2
1501-2500 1,053 234 526 26.3
2501-4000 1,046 23.2 536 26.8
4001+ 773 17.2 461 23.1

Table 8: Context-length distribution for Core-MCQ-
4500 and Core-QA-2000. Length is measured by char-
acters in the preceding dialogue context.

dow contains 2-15 turns, ends on a respondent
anchor turn, and includes at least one interviewer
and one respondent turn. The construction pipeline
first segments raw utterance streams into candi-
date windows, applies heuristic prefiltering to re-
tain high-quality local moments, asks an LLM to
extract candidate event moments, formats candi-
dates into a unified case schema, and then runs a
separate quality-screening pass.

The final EVENT-MCQ-1000 / EVENT-QA -
1000 dataset contains 1,000 cases. Each case in-
cludes a local window, an anchor quote, an event
type, a recovery goal, a recovery policy, a tar-
get recover state, a gold next interviewer turn, ac-
ceptable event labels or policies, and provenance.
Cases are produced in two construction modes. In
extracted mode, the event naturally appears in the
transcript window. Here, extracted means that
the case originates from a real transcript window,
passes candidate extraction and quality screening,
and is not created through controlled event injec-
tion. In 11m_injected mode, a respondent anchor
turn is inserted into a real local context to express
a target event and severity level. Injection is used
to cover rare but important disruptions that occur
too sparsely in natural extraction.

Each disruptive event case also yields three eval-
uation tasks. The MCQ task asks the model to
identify the main interviewing challenge from four
options. Distractors include an adjacent event
from the same failure category, a superficially sim-
ilar event from a different category, and either
no_major_event or another distant plausible al-
ternative. The unconditioned QA task gives only
the local window and anchor quote, requiring the
model to diagnose the event and generate the next
interviewer turn end to end. The conditioned QA
task additionally supplies the event type, recov-
ery goal, recovery policy, and target recover state,
which isolates recovery execution from diagnosis.
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Dimension Fine-grained label

MCQn MCQ % QAn QA %

Questioning open_specific_clear
Questioning open_abstract_clear
Questioning closed_specific_clear

Questioning open_abstract_ambiguous
Questioning open_specific_ambiguous

Questioning closed_abstract_clear

Questioning closed_specific_ambiguous
Questioning closed_abstract_ambiguous

1,427 317 467 234
989 220 355 178
462 10.3 98 4.9
147 33 32 1.6

76 1.7 30 1.5
42 0.9 18 0.9
21 0.5 16 0.8

9 0.2 4 0.2

Follow-up  overgeneral_or_narrowness 404 9.0 236 118
Follow-up missing_information 347 7.7 286 143
Follow-up  incomplete_or_unsupported_themes 101 2.2 97 4.8
Follow-up  unclear_concept 110 24 63 3.1
Follow-up new_relevant_idea 83 1.8 73 3.6
Follow-up  story_with_implicit_theme 65 1.4 56 2.8
Follow-up  evasive_or_unanswered 53 1.2 52 2.6
Follow-up  contradiction_or_ambivalence 47 1.0 36 1.8
Response  acknowledgment 87 1.9 54 2.7
Response  repeat_or_reorganize 15 0.3 17 0.8
Response encouraging 10 0.2 8 0.4
Response  self_disclosure 3 0.1 2 0.1
Response  evaluative 2 0.0 0 0.0

Table 9: Fine-grained interviewer-label distribution in Core-MCQ-4500 and Core-QA-2000, grouped by interviewer
dimension. These labels describe the intended interviewer move or local trigger, not model accuracy.

Event type Extracted Injected Total
needs_elaboration 160 0 160
incomplete_or_unsupported_ 130 0 130
claim

contradiction_or_ 100 0 100
ambivalence

factual_misconception 10 90 100
hostility_or_distrust 20 80 100
passive_noncooperation 100 0 100
question_misunderstanding 67 33 100
topic_refusal 23 57 80
early_termination_request 0 70 70
sudden_logistics_request 1 44 45
no_major_event 15 0 15

Table 10: Short-dialogue event recovery case distribu-
tion. Injected cases supplement rare event types and
provide controlled severity labels.

Structural statistic Value
Cases 1,000
Unique dialogue sources 757

MCQ event-identification items 1,000
unconditioned QA items 1,000
conditioned QA items 1,000

Average local-window turns 4.7

Average anchor length 27.3 words

Average gold next-turn length 20.2 words

MCQ gold-choice distribution A261/B235/C
25.5/D 249

Table 11: Structural statistics for the static disruptive
event benchmark.

B.4 Dynamic Evaluation Cases

The dynamic evaluation track is a questionnaire-
grounded long-dialogue benchmark. Question-
naire construction proceeds by topic clustering and
template design over the original interview tran-
scripts. Templates allow single_choice, Likert,
numeric, and text_input; single-choice fields
have four options, Likert fields use a five-point
scale, and long-form answers are represented as
text_input with subtype long_text. Each tem-
plate has 8—15 items and at most two text-input
fields.

Gold answers are derived from the original inter-
view transcripts. Each extracted questionnaire item
is audited before it can enter the gold record and is
assigned an answer status among answered, infer-
able, unresolved, contradicted, and not_applicable.
An item is retained as formal gold only when it is
marked as answered, has sufficient transcript sup-
port, and can be converted into a scoreable target
in the normalized gold file. Depending on the item
type, this target may include a canonical answer, a
strict answer, acceptable aliases, normalized vari-
ants, and, for long-form text fields, a set of required
semantic facets. Items whose source transcript does
not support a determinate answer are either repaired
through an additional audit pass when the missing
annotation is recoverable, or excluded from scor-
ing when the original source does not contain the
relevant information.

45745



Episode-level acceptance requires sufficient an-
swered items, at least 70% structured answered
items among answered items, no more than two
text-input answered items, at most 30% unresolved
or contradicted template items, legal option or nu-
meric mappings for structured gold, and explicit
transcript evidence quotes for at least 80% of an-
swered items.

Participant-specification construction. For
each accepted scenario, we derive a constrained
participant specification from the same audited
source artifacts. The normalized gold record is
compiled into question-indexed answer memory,
containing only formal-gold answers supported
by transcript evidence. Fields without supported
answers remain unavailable. A separate persona
profile summarizes source-supported background
clues and interactional tendencies, such as
qualified versus direct phrasing, willingness to
elaborate, and observable conversational habits.
The construction pipeline uses distinct prompt
stages for persona derivation, normalized-gold
generation, and clean-case audit. Their complete
templates are provided in Appendix F. Thus, the
participant representation is tied to the source
interview and questionnaire record, rather than
being a generic free-form role-play description.

For each clean—event pair, the questionnaire, for-
mal gold record, answer memory, and persona pro-
file are held fixed. The event counterpart changes
only the localized event plan. This pairing enables
the dynamic evaluation to attribute clean—event dif-
ferences to the injected interaction condition rather
than to a different participant specification.

Question-content coverage. To characterize this
coverage more finely, we audited all 1,710 formal-
gold questionnaire questions in the 184 dynamic
cases. Public-opinion-related content occurs in 720
questions (42.1%) across 120 cases (65.2%), while
social-science or lived-experience content occurs
in 107 questions (6.3%) across 42 cases (22.8%).
The benchmark also covers health/medical and
psychology/mental-wellbeing content at the case
level. Appendix Table 12 provides the correspond-
ing question- and case-level counts.

C Evaluation Implementation Details

C.1 Evaluated Models

We evaluate total 23 models as shown in Appendix
Table 16.

C.2 Inference Configuration

All models are queried through an OpenAl-
compatible chat-completion interface with the fol-
lowing evaluation-track-specific settings.

Static MCQ evaluation. We use deterministic
decoding with temperature O to minimise sampling
randomness in choice selection.

Static and dynamic QA generation. For both
static QA (unconditioned and conditioned) and dy-
namic long-dialogue generation, we use tempera-
ture 0.2 to allow natural interviewer phrasing while
keeping outputs stable. Maximum output tokens
are set to 1,024 for the non-thinking configuration
and 4,096 for the thinking/reasoning configuration;
individual models with substantially different con-
text limits are adjusted accordingly. For all QA
evaluations, we use deepseek-v4-flash as the
LLM judge with temperature set to 0 to ensure
deterministic scoring.

Thinking and extended reasoning. Unless oth-
erwise stated, the main experiments use the non-
thinking or lowest-reasoning configuration avail-
able for each provider. For providers that do not
expose a true no-thinking mode, we use the lowest
available reasoning budget.

C.3 Evaluation Execution

Static evaluation. For MCQ tasks, each model
receives the local context and four candidate ac-
tions and returns a single-choice prediction. For
QA tasks (unconditioned and conditioned), models
generate the next interviewer utterance given the
local context and, for the conditioned variant, an
explicit specification of behavior type, event type,
recovery goal, and recovery policy.

Dynamic evaluation. The dynamic pipeline
reads a benchmark directory containing a question-
naire, normalized gold answers, a respondent per-
sona, and a scenario plan. The interviewer model
generates an opening and then proceeds through
one of four workflow protocols: Structured, which
follows the questionnaire order and asks only ques-
tions; Probing, which allows follow-up questions
when answers are incomplete or ambiguous; Adap-
tive, which selects among questioning, probing,
and response actions at each turn; and Agentic,
which gives the interviewer greater freedom to de-
cide the next action, including event handling and
interview termination. The respondent agent an-
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Dynamic Benchmark — Topic Clusters (n=184)

uri

I Society & Communi ty (n=16)
World Conflict &

B Security (n=3)

W Other (n=36)

Dynamic Benchmark — Source Programs (n=184)

M Talk of the Nation (n=30)
M News & Notes (n=30)
M Al Things C

M Weekend Edition Saturday (n=23)

M Day to Day (n=21)

Figure 5: Composition of the dynamic evaluation benchmark. Left: topic clusters of the 184 questionnaire-grounded
cases; small tail clusters are grouped into other. Right: source-program distribution. These plots describe data

composition only and do not report model performance.

Question-content label Questions  Share  Cases with >1 question ~ Case coverage
Public opinion 720 42.1% 120 65.2%
Social science / lived experience 107 6.3% 42 22.8%
Health / medical 84  49% 20 10.9%
Psychology / mental wellbeing 110 6.4% 60 32.6%

Table 12: Fine-grained question-content coverage among the 1,710 formal-gold questions in the 184 dynamic cases.

Labels are not mutually exclusive.

Profile Cases Notes

Clean 184  Frozen source-grounded cases
Event 184  Matched event-conditioned cases
Total 368  Clean—event paired benchmark

Table 13: Dynamic long-dialogue benchmark size.
Event cases preserve the clean questionnaire, persona,
normalized gold, and ground truth while changing only
the event layer.

Clean statistic n Notes

Selected clean cases 184 Program-capped frozen subset

Medium length 93 Based on source length bucket
Short length 73 Based on source length bucket
Long length 18 Based on source length bucket
Cases with single-choice 184 Presence count
Cases with Likert 184 Presence count
Cases with text input 184 Presence count
Cases with numeric 38 Presence count

Table 14: Clean subset statistics.

swers based on the persona and answer memory,
with a planned disruptive event active in the event
split. After the dialogue concludes, a questionnaire
filler produces a structured answer record, and the
scorer compares it against the normalized gold an-
SWers.

For each interviewer model, the number of dy-

Event type Cases
question_misunderstanding 21
passive_noncooperation 19
factual_misconception 18
topic_derailment 18
topic_refusal 18
contradictory_information 18
hostility_or_distrust 16
sudden_logistics_request 16
memory_failure 15
early_termination_request 13
questionnaire_critique 12

Table 15: Event distribution in the event subset. The
event layer is active for all 184 event cases.

namic runs is:

N, runs — (184c1ean + 184event) X 4W0rkﬁows
— 368 x 4 = 1,472.

Thus, each interviewer model is evaluated on 1,472
multi-turn interview runs, covering 184 clean cases
and 184 matched event cases under four workflow
protocols.

C.4 Participant Simulation Runtime Controls

Appendix B describes how each source-grounded
participant specification is constructed. At runtime,
the simulator receives the resulting persona profile,
answer memory relevant to the current question,
question text and type, options or Likert scale when
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Model Access
Claude Sonnet 4.6 API
GPT-40 API
GPT-5.4 API
DeepSeek-V4-Pro APIL
DeepSeek-V4-Flash API
Gemini 2.5 Pro API
Gemini 3.1 Pro Preview API
Qwen3-Max API
GLM-5 API
Llama 3.1-8B vLLM
Llama 3.1-70B vLLM
Gemma 3-12B vLLM
Gemma 3-27B vLLM
Qwen2.5-1.5B vLLM
Qwen3-1.7B vLLM
Qwen3-8B vLLM
Qwen3-14B vLLM
Qwen3-32B vLLM
Qwen3.5-2B vLLM
Qwen3.5-4B vLLM
Qwen3.5-122B-A10B  vLLM
GPT-0SS-20B vLLM
GPT-0OSS-120B vLLM

Table 16: Models evaluated in this work. All models are
queried through an OpenAl-compatible chat-completion
interface; locally deployed models are served via vLLM.

applicable, dialogue history, and the event plan for
event scenarios. It is instructed to disclose informa-
tion naturally only when the interviewer’s question
is relevant, to avoid referring to answer memory
or gold answers, and to leave unsupported details
unspecified rather than inventing them. These con-
straints are implemented through the interviewee-
simulation prompt reproduced in Appendix F.

All 184 frozen clean cases have complete
answer-memory coverage, a non-empty persona
profile, persona-trait fields, and a full Big-Five trait
representation. On average, each case contains
10.89 questionnaire items, 9.29 non-null answer-
memory entries (85.74% of fields), 14.23 persona
facts, 4.12 behavioral habits, and 4.07 language
habits. These checks verify that the controlled run-
time inputs are present for every case; they do not
imply that the simulator is a substitute for a real
respondent.

De-identified runtime example. Appendix Ta-
ble 17 shows an abridged instance from a disaster-
interview scenario. It illustrates that the simulator
receives constrained, question-indexed evidence
rather than a free-form instruction to improvise a
respondent. The table omits source identifiers and
sensitive details; it retains only the fields needed to
show how profile, answer memory, and the current-

question runtime state interact.

Runtime prompt roles. The dynamic execution
uses separate prompts for workflow-specific inter-
viewer control, participant simulation, structured
answer extraction, and respondent-satisfaction scor-
ing. The interviewer-control prompts determine
whether to ask, probe, respond, repair, or con-
clude according to the selected workflow; the par-
ticipant prompt enforces the source-grounded dis-
closure constraints above. After the dialogue, the
structured-answer prompt maps conversational evi-
dence to the questionnaire schema, while the satis-
faction prompt evaluates the participant experience
from the full interaction trace. This separation pre-
vents the participant simulator, interviewer, filler,
and evaluator from sharing a single undifferentiated
role instruction.

C.5 Static Disruptive Event Scoring

The static disruptive-event benchmark evaluates
event handling at the local turn level. Event-MCQ-
1000 is scored by exact match: a prediction is cor-
rect if it matches the gold choice or an explicitly
listed acceptable alternative. Event-QA-1000 is
scored by an LLM judge on six dimensions: event
awareness (F A), policy alignment (P A), recovery
execution (RE), target-state progress (1'P), inter-
view naturalness (/ N), and respect or safety (R.S).
The composite score is:

comp. =020 FA+0.25 PA+0.25 RE
+0.15TP +0.10IN + 0.05 RS.

Comparing the unconditioned and conditioned set-
tings of Event-QA-1000 isolates the cost of diag-
nosis: a large conditioned-minus-unconditioned
gain indicates that the model can execute recovery
once the event and policy are supplied, but does
not reliably infer them from dialogue context alone.
Results are reported by event type, construction
mode, and severity level where available.

C.6 Dynamic Respondent-Satisfaction
Scoring

We further evaluate respondent satisfaction as a
complementary interaction-quality metric. For
each completed interview, we assess the overall
respondent experience based on the full dialogue,
questionnaire context, and interaction trace. The
judge assigns a direct overall satisfaction score on
a 0-100 scale and provides a concise rationale. To
improve diagnostic resolution, the judge also rates
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Input group

De-identified example passed to the simulator

Profile constraints

Reflective and measured speaking style; uses qualified language when uncertain; avoids un-

supported definitive claims; maintains personal boundaries and a moderate level of emotional

regulation.
Question-indexed answer
memory
Current-question state

Q1: response and adaptation measures; Q2: strongly agree; Q3: primarily natural; Q9:
$5,000. An unsupported field is stored as null and is not treated as recoverable evidence.
Q2 is a five-point Likert item about harm to affected communities. The runtime input includes

the item text, the full response scale, the relevant Q2 answer memory, and preceding dialogue

turns.
Event state

In the event counterpart, Q2 activates question_misunderstanding: the respondent ini-

tially interprets the item as asking about the cause of the disaster rather than the severity of

community harm.
Disclosure rules

Answer naturally only when the interviewer asks a relevant question; do not mention answer

memory, gold answers, or the benchmark; leave unsupported details unspecified.

Table 17: De-identified example of the controlled runtime inputs for one dynamic scenario. The profile is source-
derived and abridged; answer-memory values are shown only for selected formal-gold items.

a checklist covering respect, autonomy, empathy,
question clarity, active listening, follow-up rele-
vance, repetition control, conversational natural-
ness, pacing, cognitive burden, coverage, recovery
from disruptions, trust and safety, persona fit, clo-
sure quality, and willingness to continue. This met-
ric captures whether the interview process would
feel clear, respectful, low-burden, and trustworthy
from the respondent’s perspective, especially under
event settings with injected disruptions.

C.7 Dynamic Evaluation Scale and Cost

The completed dynamic evaluation contains 184
clean scenarios and 184 matched event scenarios,
evaluated by four interviewer models under four
workflows, for 5,888 completed runs. Appendix
Table 18 reports aggregate scale, and Appendix
Table 19 reports the workflow-level cost—outcome
trade-off.

Structured and Probing require about 46K tokens
and 2.2-2.4 minutes per run, whereas Adaptive and
Agentic require 1.9-2.8 times as many tokens and
substantially more wall-clock time. This cost pre-
mium does not yield higher average Direct Back-
fill or Spoken Truth in the aggregate results. The
aggregate Adaptive cost is partly driven by model-
specific control failures. Explicit adaptation and
autonomous control are materially more expensive
than the constrained baselines in the current im-
plementation and should be evaluated jointly with
their information-recovery benefit.

Appendix Table 20 decomposes the Agentic
workflow. The recurring interviewer—interviewee
exchange dominates its logged cost: response sim-
ulation, action selection, and interviewer response
realization account for the largest per-run com-

Execution statistic Value
Clean scenarios / event scenarios 184 /184
Interviewer models / workflows 4/4
Completed dynamic runs 5,888
Observed dialogue turns 75,831
Mean / median turns per run 12.88 /12
Total LLM tokens 456.95M
Total end-to-end runtime 316.81 h

Table 18: Scale of the completed dynamic evaluation.
Runtime is summed over case runs and includes orches-
tration overhead.

ponents, while optional free-follow-up and plan-
ning calls add smaller but repeated overhead. This
decomposition motivates lower-cost controllers,
explicit stopping criteria, and information-gain-
aware follow-up policies: an autonomous workflow
should request another turn only when the expected
improvement in answer sufficiency justifies the ad-
ditional interaction and inference cost.

D Additional Experimental Results

D.1 Item Calibration Before Final Trimming

The full construction source contains 8,138 MCQ
items. After requiring all six models to have
status=ok, 8,115 jointly valid items remain.
Among these, 3,132 items are ceiling items an-
swered correctly by all six models, and 368 items
are floor items answered incorrectly by all six mod-
els. Removing both leaves 4,615 mixed-difficulty
candidates; the released CORE-MCQ-4500 sub-
set trims this candidate set to 4,500 items while
preserving small target-type categories. Unless
otherwise specified, CORE-MCQ-4500 refers to
the calibrated ordinary local-decision MCQ subset
covering Questioning, Follow-up, and Response.
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Workflow  Runs Turns Tokens/run Runtime/run (s) Direct Backfill Spoken Truth
Structured 1,472 10.89 45.7K 133.5 73.82 53.53
Probing 1,472 11.03 46.5K 141.3 74.25 53.22
Adaptive 1,472 15.62 129.9K 277.0 72.16 43.85
Agentic 1,472 13.98 88.3K 222.9 71.54 39.94

Table 19: Workflow-level dynamic evaluation cost and outcome summary. Tokens and runtime are per completed

run, averaged over four interviewer models and clean/event conditions.

Component Tokens/run LLM latency/run (s) Calls/run
Interviewee response 29.4K 473 13.79
Interviewer action selection 23.7K 45.7 12.01
Interviewer response realization 19.9K 46.2 11.82
Final profiler 5.3K 30.0 1.00
Questionnaire filler 4.5K 27.7 1.00
Free follow-up controller 3.2K 8.2 1.98
Interviewer plan 24K 10.7 1.32
Questionnaire summarizer 1.5K 10.5 1.00
Interview opening 0.5K 5.9 1.00

Table 20: Component-level cost of the Agentic workflow. Values are mean logged usage over Agentic runs.
Component means are reported separately because optional planning and free-follow-up calls have different

invocation rates.

It excludes EVENT-MCQ-1000 and all dynamic
long-dialogue evaluations.

Calibration category n Share Interpretation

Source items 8,138 — Full MCQ construc-
tion source

Jointly valid items 8,115 100.0 Six models have OK
outputs

Ceiling items 3,132  38.6 All six models correct

Floor items 368 4.5 All six models wrong

Mixed-difficulty 4,615 56.9 Retained before final

candidates trimming

Final release 4,500 — Proportionally

trimmed benchmark

Table 21: Item calibration before Core-MCQ-4500 trim-
ming. Shares are computed over the 8,115 jointly valid
items.

Model Source valid Mixed candidates Final 4,500
Claude Sonnet 4.6 86.53 84.27 84.31
Gemini 2.5 Pro 79.95 72.65 72.64
DeepSeek V4 Pro 75.97 65.68 65.80
DeepSeek V4 Flash 69.50 54.30 54.09
GPT-40 65.39 47.06 47.02
Qwen3-Max 57.78 33.65 33.67

Table 22: Model accuracy (%) before and after remov-
ing ceiling/floor items, then after final trimming. Cali-
bration lowers accuracy most for models that rely heav-
ily on easy items.

D.2 MCQ Target-Type Results

Appendix Table 23 reports selected target-type re-
sults. The strongest pattern is that response-like cat-
egories such as acknowledgment are much harder
than clear question-generation categories.

Target type n Share Avg. acc.
open_specific_clear 1,427 31.71 63.41
open_abstract_clear 989 21.98 61.65
closed_specific_clear 462 10.27 56.40
overgeneral_or_narrowness 404 8.98 60.93
missing_information 347 7.71 59.41
acknowledgment 87 1.93 39.57
repeat_or_reorganize 15 0.33 50.48
closed_abstract_ambiguous 9 020 42.86

Table 23: Selected MCQ target-type results from final
Core-MCQ-4500.

D.3

Conditioned QA is easiest for clear follow-up cat-
egories and hardest for ambiguous question cate-
gories. This supports the interpretation that current
models are fluent but still benefit strongly from
explicit technique labels.

QA Fine-Grained Categories

D.4 Detailed Static Local-Decision Results

Appendix Tables 25 and 26 report the detailed Core-
QA-2000 results under the unconditioned and con-
ditioned settings. Appendix Tables 27 and 28 report
the corresponding Event-QA-1000 results under
the same two settings.
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Difficulty Target type n Comp.
Hard open_specific_ambiguous 180 69.30
Hard closed_specific_ambiguous 96 7145
Hard open_abstract_ambiguous 192 79.81
Hard acknowledgment 324 82.59
Easy unclear_concept 378  94.39
Easy contradiction_or_ambivalence 216 94.24
Easy missing_information 1,716 93.49
Easy new_relevant_idea 438 92.83

Table 24: Selected hard and easy categories in condi-
tioned QA. Counts are model-item rows.

D.5 Static Diagnostic Figure

Appendix Figure 6 summarizes four static-
evaluation diagnostics: overall MCQ performance,
dimension-level variation, QA conditioned scores,
and the relation between recognition and genera-
tion. These plots complement the detailed tables
above by showing that static interviewer perfor-
mance varies across both task format and inter-
viewer decision type.

D.6 Static Correlation and Judge Sensitivity

Appendix Table 29 summarizes the rank-level asso-
ciation between MCQ recognition and QA genera-
tion. The strongest relationship is between MCQ
and conditioned QA, where the target strategy is
supplied to the model. This supports the interpre-
tation that MCQ recognition is closer to strategy
selection, while unconditioned QA is also shaped
by open-ended generation style.

The high DeepSeek—Qwen agreement for condi-
tioned QA suggests that conditioned generation
conclusions are stable across judges. Uncondi-
tioned QA agreement is lower, which is expected
because unconditioned QA leaves the target inter-
viewing strategy underspecified.

D.7 Human Audit of Static Labels and QA
Judges

We conduct a stratified human audit of both static
benchmark labels and LLM-judge scores. The au-
dit covers 260 sampled instances and 340 com-
pleted audit records: 80 core label cases, 80 event-
recovery label cases, 50 Core-QA-2000 genera-
tions for trigger and technique scoring (37 for lan-
guage quality after validity filtering), and 50 Event-
QA-1000 generations. Appendix Table 30 reports
the results.

The human audit supports two bounded con-
clusions. First, the automatic construction labels
are highly consistent with the human audit: deci-

sion dimensions, target types, MCQ answer keys,
event types, and recovery policies all have Co-
hen’s k > 0.895. Second, DeepSeek-V4-Flash
QA scores are strongly aligned with human ratings
for trigger, technique, event awareness, and pol-
icy alignment. Language quality is less stable but
remains positively associated. These results vali-
date the use of automatic evaluation for aggregate
comparison, while not implying that an LLM judge
replaces human evaluation in every ambiguous in-
stance.

D.8 MCQ Error Analysis

Appendix Table 31 reports high-error target
types aggregated over model-item decisions.
The strongest pattern is that response-like
moves,  especially acknowledgment and
repeat_or_reorganize, produce the high-
est error rates. This indicates that models
often confuse polite or fluent continuation with
functionally appropriate interviewer response
behavior.

Option-level distractor-role patterns are analyzed
in Appendix E. Those percentages are computed
only for wrong selections whose chosen option can
be linked to recorded construction metadata.

D.9 Gemini Event-Diagnosis Errors

Gemini-3.1-Pro performs well on ordinary static
interviewer decisions but under-detects subtle dis-
ruptive events in the short-dialogue event MCQ.
Among 999 valid event MCQ items, Gemini an-
swers 302 incorrectly. Of these wrong answers, 247
select an option whose meaning is that no major
event is present, the exchange proceeds normally,
or the continuation is smooth. Appendix Table 32
shows the gold labels most often hidden by this
false-normal prediction. The dominant cases are
not severe interruptions; they are subtle local needs
such as elaboration, unsupported claims, ambiva-
lence, and misunderstanding. This supports the
interpretation that Gemini’s weakness is primarily
event diagnosis.

D.10 Detailed Dynamic Long-Dialogue
Results

The dynamic long-dialogue track uses the frozen
clean—event benchmark described in Appendix Ta-
ble 13: 184 clean cases and 184 matched event
cases. The full model-workflow main table is re-
ported once in Table 4; this appendix does not
repeat that table. Instead, it reports chain-level
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MCQ Recognition Core-QA-2000 — Unconditioned Setting

Model

Overall Quest. Follow Resp. Comp. Trigger Tech. Lang.
Proprietary models
Claude Sonnet 4.6 843 826 879 940 702 717 702 89.2
Gemini-3.1-Pro 89.0 866 945 949 781 738 713 89.3
Gemini-2.5-Pro 72.6 723 752 556 69.5 69.6 65.8 89.6
GPT-5.4 65.8 69.6 571 521 78.6 747 721 89.1
GPT-40 47.0 522 368 128 69.1 692 64.2 88.0
Open-source models
DeepSeek-V4-Pro 65.8 683 612 462 699 659 648 89.3
DeepSeek-V4-Flash 54.1 553 517 453 69.1 68.2 64.9 88.8
Gemma-3-12B 39.5 444 290 162 705 627 59.0 89.8
Gemma-3-27B 442 462 407 248 713 64.1 60.2 89.5
GLM-5 704 709 703 556 704 622 615 87.5
LLaMA-3.1-8B 30.8 322 324 21.1 69.7 623 584 88.4
LLaMA-3.1-70B 475 493 455 205 709 645 59.8 88.4
Qwen2.5-1.5B 27.1 268 30.1 112 61.0 529 484 81.8
Qwen3-1.7B 273 313 187 77 61.1 551 48.6 79.5
Qwen3-8B 36.1 379 340 85 699 625 603 86.7
Qwen3-14B 372 382 369 120 716 66.0 60.0 88.8
Qwen3-32B 446 47.1 414 103 718 66.5 60.1 88.7
Qwen3.5-2B 272 308 205 6.1 663 568 57.7 84.3
Qwen3.5-4B 458 463 478 11.1 703 623 622 86.5
Qwen3.5-122B-A10B  63.7 63.6 665 359 70.6 63.1 615 87.2

Table 25: Core-MCQ-4500 recognition and Core-QA-2000 results under the unconditioned setting for all 23 models.
MCQ Overall is the weighted average over 3,173 questioning, 1,210 follow-up, and 117 response items (4,500
total). Core-QA-2000 is judged by DeepSeek-V4-Flash. Comp. is the composite score; Trigger and Tech. measure
trigger-type and technique-type match; Lang. is language quality. Best score in each column is bolded.

Model MCQ Recognition Core-QA-2000 — Conditioned Setting
Overall Quest. Follow Resp. Comp. Trigger Tech. Lang.
Proprietary models
Claude Sonnet 4.6 843 826 879 940 892 920 856 90.0
Gemini-3.1-Pro 89.0 86.6 945 949 902 929 878 89.9
Gemini-2.5-Pro 726 723 752 556 89.0 905 86.1 90.5
GPT-5.4 658 69.6 57.1 521 892 904 87.1 90.2
GPT-40 470 522 368 12.8 88.0 89.2 853 89.5
Open-source models
DeepSeek-V4-Pro 658 683 612 462 87.8 89.8 84.0 89.6
DeepSeek-V4-Flash 541 553 517 453 876 89.0 84.6 89.3
Gemma-3-12B 395 444 29.0 162 824 812 76.0 89.9
Gemma-3-27B 442 462 407 248 834 833 77.0 90.0
GLM-5 704 709 703 556 874 879 8438 89.4
LLaMA-3.1-8B 308 322 324 21.1 797 782 734 87.5
LLaMA-3.1-70B 475 493 455 205 825 830 772 87.4
Qwen2.5-1.5B 27.1 268 30.1 112 69.0 662 58.6 82.2
Qwen3-1.7B 273 313 187 7.7 752 744 69.7 81.3
Qwen3-8B 36.1 379 340 85 807 794 715 85.4
Qwen3-14B 372 382 369 120 816 819 759 86.9
Qwen3-32B 446 47.1 414 103 815 81.8 755 87.3
Qwen3.5-2B 272 308 205 6.1 754 717 712 83.4
Qwen3.5-4B 458 463 478 11.1 812 793 784 86.0
Qwen3.5-122B-A10B  63.7 63.6 665 359 850 85.1 826 87.4

Table 26: Core-MCQ-4500 recognition and Core-QA-2000 results under the conditioned setting for all 23 models.
The conditioned setting supplies the expected action type and technique label before generation. The unconditioned-
to-conditioned composite gap quantifies the difficulty attributable to technique inference. Core-QA-2000 is judged
by DeepSeek-V4-Flash.
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Model MCQ Event-QA-1000 — Unconditioned Setting

Acc. Comp. Evt-Aware Policy Recovery Natural.

Proprietary models

Claude Sonnet 4.6 864 814 87.6 79.8 79.0 87.1
Gemini-3.1-Pro 69.8 83.1 88.8 82.0 80.9 86.9
Gemini-2.5-Pro 75.6 723 79.6  70.5 68.7 81.6
GPT-5.4 84.4 81.8 87.6 80.3 79.4 87.5
GPT-40 84.0 74.8 81.3 1726 71.7 84.0
Open-source models

DeepSeek-V4-Pro 78.8 822 88.0 81.3 79.9 86.6
DeepSeek-V4-Flash ~ 76.1  82.0 88.7 81.0 79.5 86.7
Gemma-3-12B 72.7  64.8 73.6 62.6 59.9 78.9
Gemma-3-27B 73.5 663 743  64.1 61.5 80.3
GLM-5 874 768 832 747 73.6 85.0
LLaMA-3.1-8B 474  62.0 73.3 589 57.5 76.2
LLaMA-3.1-70B 71.0 70.2 77.8 677 66.6 81.2
Qwen2.5-1.5B 49.0 573 66.9 537 533 70.3
Qwen3-1.7B 344 504 584 46.7 455 66.8
Qwen3-8B 75.6  68.0 75.1 655 64.1 80.2
Qwen3-14B 824 723 80.1 69.9 68.5 82.7
Qwen3-32B 81.6 730 79.4  70.7 69.9 83.3
Qwen3.5-2B 54.1 492 59.7 458 441 63.6
Qwen3.5-4B 819 635 723 612 59.2 76.0
Qwen3.5-122B-A10B  82.8 79.3 86.3 78.1 76.6 84.9

Table 27: Event-QA-1000 results under the unconditioned setting. MCQ accuracy measures event-type recognition.
The unconditioned setting asks the model to simultaneously diagnose the disruption and produce a recovery turn
without explicit event-type guidance. All QA scores judged by DeepSeek-V4-Flash: Evt-Aware = event awareness;
Policy = recovery policy alignment; Recovery = recovery execution quality; Natural. = interview naturalness.

Model MCQ Event-QA-1000 — Conditioned Setting

Acc. Comp. Evt-Aware Policy Recovery Natural.

Proprietary models

Claude Sonnet 4.6 86.4 889 93.0 884 87.8 89.2
Gemini-3.1-Pro 69.8 89.1 929 89.2 88.1 87.9
Gemini-2.5-Pro 75.6 122 76.6 71.7 70.2 74.7
GPT-5.4 84.4 892 93.2 89.0 88.1 88.8
GPT-40 84.0 863 90.7 86.1 84.8 86.9
Open-source models

DeepSeek-V4-Pro 78.8  88.6 923 89.0 87.6 87.7
DeepSeek-V4-Flash ~ 76.1  88.7 92.8 89.2 87.7 87.3
Gemma-3-12B 72.7  83.0 884 829 81.0 85.0
Gemma-3-27B 73.5 832 88.5 829 81.3 85.4
GLM-5 874 878 91.5 878 86.5 87.6
LLaMA-3.1-8B 474 748 82.1 74.1 72.0 79.3
LLaMA-3.1-70B 71.0 842 89.4 845 82.7 84.5
Qwen2.5-1.5B 49.0 633 72.6 61.0 59.6 70.2
Qwen3-1.7B 344  60.8 69.2 588 56.9 67.7
Qwen3-8B 75.6 713 839 1765 74.8 82.4
Qwen3-14B 824 820 87.7 814 80.1 84.9
Qwen3-32B 81.6 839 88.9 83.1 82.2 86.3
Qwen3.5-2B 54.1 63.6 729 61.6 59.8 70.7
Qwen3.5-4B 819 772 84.0 76.7 74.7 80.6
Qwen3.5-122B-A10B 82.8  86.5 91.3 86.2 85.2 86.1

Table 28: Event-QA-1000 results under the conditioned setting. The conditioned setting provides the event type,
recovery goal, and recovery policy before generation. The unconditioned-to-conditioned composite gap measures
how much recovery performance depends on explicit event-type guidance versus unsupported diagnosis. All QA
scores judged by DeepSeek-V4-Flash.
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Figure 6: Integrated static-evaluation diagnostics. The four panels summarize MCQ recognition, conditioned and
unconditioned QA performance by dimension, and the gain from supplying the target strategy.

Metric pair Judge Spearman p
MCQ overall vs. conditioned QA DeepSeek 0.821
MCQ overall vs. unconditioned QA DeepSeek 0.329
MCQ overall vs. conditioned QA Qwen 0.754
MCQ overall vs. unconditioned QA Qwen 0.717
Conditioned QA, DeepSeek vs.— 0.956
Qwen

Unconditioned QA, DeepSeek vs. — 0.563
Qwen

Table 29: Rank-level correlations among static MCQ
and QA metrics across 23 models.

diagnostics that separate question reach, elicited
evidence, backfilling, and interaction quality.

D.11 Dynamic Chain Diagnostics

The dynamic analysis covers 64,096 target-
question instances across four interviewer models,
four workflows, and clean/event settings. Appendix
Table 33 separates question reach, explicit infor-
mation elicitation, final backfilling, efficiency, and
respondent satisfaction. Completion is nearly sat-
urated across workflows, whereas elicitation and
efficiency vary substantially. Thus, the central chal-
lenge is not merely finishing a questionnaire, but
obtaining information that is sufficiently clear and
specific to support a reliable final record.
Appendix Table 34 compares clean and event
runs. The event split has almost identical cover-
age but lower efficiency and substantially lower
satisfaction. This supports the interpretation that

disruptive events primarily affect interaction qual-
ity, repair cost, and evidence quality.

D.12 Human Audit of Dynamic Simulation
and Satisfaction

We separately audit a stratified subset of 104 com-
pleted dynamic runs spanning two interviewer mod-
els, four workflows, and clean/event settings. A hu-
man annotator rated overall respondent satisfaction
on a 0—100 scale and, for 103 runs with complete
auxiliary fields, rated emotional authenticity, mem-
ory consistency, and human-likeness of the sim-
ulated respondent on 10-point scales. Appendix
Table 35 shows that the simulated respondents pass
this targeted plausibility check, with average rat-
ings above 8.6 on all three dimensions.

The same audit also calibrates the automatic sat-
isfaction judge. Across the 104 paired ratings, hu-
man and LLM satisfaction have Pearson r = 0.596
and Spearman p = 0.524 (Appendix Table 36).
Agreement is closer for clean cases (human 95.25,
LLM 96.98) than for event cases (human 92.05,
LLM 79.38). Thus, the LLM judge is not uni-
formly lenient: it is more punitive than the human
rater in the event condition. We use satisfaction
primarily as a comparative signal and retain this
calibration gap as a limitation of the current auto-
mated evaluation.

Appendix Table 37 gives representative model—
workflow clean—event deltas. The largest and most
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Audit component Field n Agreement Cohen’sk  MAE
Core static labels Decision dimension 80 96.25 0.9412 -
Core static labels Target type 80 90.00 0.8949 -
Core static labels MCQ answer key 80 95.00 0.9330 -
Event-recovery labels  Event type 80 100.00 1.0000 -
Event-recovery labels ~ Recovery policy 80 98.75 0.9861 -
Core QA judge Trigger-type match 50 p=0.9554 r=0.9702 6.20
Core QA judge Technique-type match 50 p =0.9669 r = 0.9706 5.40
Core QA judge Language quality 37 p=0.7694 r =0.7669 4.04
Event-QA judge Event awareness 50 p=0.9595 r=0.9794 2.40
Event-QA judge Policy alignment 50 p=0.9663 r=0.9731 7.70
Event-QA judge Interview naturalness 50 p=0.8715 r=0.9387 2.68

Table 30: Human audit of static labels and LLM-judge scores. Label rows report human—pipeline agreement; QA
rows report Spearman p, Pearson 7, and mean absolute error (MAE) between human and DeepSeek-V4-Flash scores.
The audit contains 340 completed annotations across stratified label and QA subsets.

Target type Decisions Errors Error rate
acknowledgment 1,997 1,442 72.2
repeat_or_reorganize 345 245 71.0
closed_abstract_ambiguous 206 137 66.5
encouraging 228 143 62.7
closed_abstract_clear 965 578 59.9
story_with_implicit_theme 1,492 882 59.1
evaluative 46 27 58.7
closed_specific_ambiguous 483 281 58.2
new_relevant_idea 1,905 1,096 57.5
unclear_concept 2,522 1,433 56.8

Table 31: Selected high-error MCQ target types. Counts
are model—item decisions.

Gold event type when Gemini chose “no Wrong selec-

event” tions

needs_elaboration 74
contradiction_or_ambivalence 57
incomplete_or_unsupported_claim 57
question_misunderstanding 24
factual_misconception 17
passive_noncooperation 9
hostility_or_distrust 8
topic_refusal 1

Table 32: Gemini-3.1-Pro false-normal event errors in
short-dialogue event MCQ. Counts are wrong items
where the selected option describes no major disruption
or normal dialogue flow.

Workflow Coverage Elicit. Backfill Eff./100  Sat.
Adaptive 99.89 4299 7157 2995 88.82
Agentic 99.79 39.02 70.93  30.39 86.18
Probing 100.00 52.62 7335  52.62 88.15
Structured  100.00 52.37 73.84  51.69 90.30

Table 33: Workflow-level dynamic diagnostics. Cover-
age is question reach; Elicit. is spoken-truth success;
Backfill is direct lenient backfill; Eff./100 is completed
effective tasks per 100 turns; Sat. is respondent satisfac-
tion.

Split Coverage Elicit. Backfill Eff./100  Sat.
Clean 99.94 47.34 72.89  40.64 92.81
Event 99.90 46.15 7196  38.42 83.92

Table 34: Clean versus event dynamic diagnostics. The
largest gap is satisfaction, followed by efficiency.

Simulator plausibility dimension n Mean SD
Emotional authenticity (1-10) 103 8.88 0.32
Memory consistency (1-10) 103 8.89 0.34
Human-likeness (1-10) 103 8.61 0.53

Table 35: Human plausibility audit of simulated respon-
dents. One sampled record did not contain the three
auxiliary plausibility ratings.

Split n Human LLM MAE p
All 104 9353 87.50 11.51 0.524
Clean 48 9525 9698 6.02 -
Event 56  92.05 79.38 16.21 -

Table 36: Human—LLM satisfaction audit. The overall
paired-score Pearson correlation is 7 = 0.596; the LLM
judge is notably stricter in event cases.

consistent degradation is satisfaction, whereas com-
pletion remains almost unchanged. Appendix Fig-
ure 7 visualizes the same pattern across model—
workflow pairs. Together, they support the main-
text claim that events primarily affect interaction
cost and respondent experience.

D.13 Performance Analysis by Question Type

Question type changes where dynamic-interview
failures occur. Appendix Table 38 and Appendix
Figure 8 use the truth-only diagnostic, excluding
fields without scoreable gold answers. Single-
choice and Likert fields have high direct backfill
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qwen3.5-122b-al0b
Adaptive
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Structured
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Probing
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Adaptive
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Structured
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Probing
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Model Workflow ACCR ASTR ADBL ASAT
DeepSeek-V4-Pro Action-classified -0.55 -0.95 -1.23 -12.25
DeepSeek-V4-Pro Agentic 0.00 -260 001 -9.20
DeepSeek-V4-Pro Straight 0.00 -140 -0.66 -7.07
DeepSeek-V4-Pro Simple 0.00 -045 -1.04 -11.08
Gemini-3.1-Pro  Action-classified ~ 0.00 -2.55 -0.64 -8.90
Gemini-3.1-Pro  Agentic 0.00 0.10 -0.78 -10.25
Gemini-3.1-Pro  Straight 0.00 -090 -0.39 -6.89
Gemini-3.1-Pro  Simple 0.00 -035 -1.64 -533
Gemma-3-27B Action-classified ~ 0.00 -2.15 -2.10 -12.49
Gemma-3-27B Agentic -0.15 -1.10  -1.19 -10.31
Gemma-3-27B Straight 0.00 -120 -1.49 -7.32
Gemma-3-27B Simple 0.00 040 1.00 -9.80
Qwen3.5-122B Action-classified 0.00 -2.55 -1.02 -7.37
Qwen3.5-122B Agentic 0.00 0.80 -0.87 -7.39
Qwen3.5-122B Straight 0.00 -220 -1.75 -8.56
Qwen3.5-122B Simple 0.00 -195 -1.24 -8.15

Clean - Event Gap

Table 37: Clean—event deltas for dynamic interviews. Values are event minus clean
degradation under event cases.
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Figure 7: Clean—event gaps in dynamic long-dialogue interviews by model and workflow. Negative values indicate
degradation under event cases. This supplementary heatmap shows that disruptive events mainly reduce efficiency,
elicitation, and satisfaction.
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scores (94.37% and 84.91%), while text-input re-
mains much harder (57.01%). Numeric fields are
easier to backfill once unscoreable no-gold fields
are excluded (70.76%), but their elicitation remains
very low. The elicitation side tells the main story:
numeric fields have only 17.93% elicitation suc-
cess, and text-input fields have only 12.90%, com-
pared with 62.76% for single-choice and 71.94%
for Likert. Single-choice questions have a closed
option space, so the filler can often map para-
phrased answers back to the correct option. Likert
questions also have a structured scale, but they
still require the respondent to reveal an intensity or
stance that can be aligned to the scale. Numeric
and text-input questions are harder because natu-
ral interview answers often provide approximate,
distributed, or explanatory evidence rather than a
directly scoreable value. This is why we report
spoken-truth and backfilling metrics separately.

Question type n Evidence Spoken. Backfill

Likert 15,872 7194 7194 8491
numeric 1,344 17.93 1793  70.76
single-choice 27,008 62.76 6276  94.37
text-input 10,496 17.09 1290 57.01

Table 38: Truth-only dynamic diagnostics by question
type. Evidence is the rate at which gold information
appears in dialogue; Spoken. is spoken-truth success;
Backfill is direct backfill.

D.14 Respondent Satisfaction under
Disruptive Events

The satisfaction judge evaluates the interview from
the respondent’s point of view instead of directly
grading questionnaire correctness. Compared with
clean interviews, event interviews reduce average
satisfaction from 92.81 to 83.92 and reduce will-
ingness to continue from 98.10% to 87.26%. Since
each event case contains one controlled disruption,
this drop indicates that the event layer primarily
increases interaction burden and tests whether the
interviewer can recognize, acknowledge, repair,
and close the interaction appropriately.

Appendix Table 40 shows that the largest drops
occur in burden, trust, efficiency, naturalness, focus,
and clarity. Recovery increases because clean inter-
views contain few events to recover from; in event
cases, the interviewer has an explicit opportunity
to demonstrate recovery behavior. The negative
dimensions therefore capture the respondent-side
cost of disruption, while the positive recovery score

Workflow Clean Event Event—clean
Agentic 90.82 81.53 -9.29
Straight 94.03 86.57 -7.46
Simple 92.45 83.86 -8.59
Action-classified 93.95 83.70 -10.25

Table 39: Respondent satisfaction by dynamic workflow.
All workflows lose satisfaction under event cases, with
the largest drop for action-classification.

indicates that the judge recognized some recovery
attempts.

Dimension Clean Event Diff. Interpretation

burden 95.60 87.18 -8.43 Higher cognitive and in-
teraction burden

trust 95.37 87.31 -8.06 Lower perceived safety
and reliability

efficiency 93.21 85.75 -7.46 More repetition or de-

layed repair

naturalness 88.12 81.82 -6.30 Less fluent conversa-

tional flow

focus 95.84 90.07 -5.77 More derailment from
task goals

clarity 96.40 90.73 -5.67 More need for clarifica-
tion

respect 96.86 92.31 -4.55 Autonomy pressure in
difficult cases

coverage 9598 92.45 -3.52 Fewer fully useful an-
swers

empathy 85.97 84.20 -1.77 Basic empathy mostly
preserved

recovery 7391 79.92 +6.01 More explicit recovery
opportunities

Table 40: Satisfaction dimension changes from clean to
event interviews. Diff. is event minus clean.

The strongest drops are willingness to continue,
closure quality, trust and safety, efficiency, persona
fit, naturalness, repetition control, pacing, speci-
ficity, and clarity. These are interaction-quality
dimensions, which supports the interpretation that
event injection changes the respondent experience
even when coarse questionnaire completion re-
mains high.

Event types differ substantially in their effect on
satisfaction. Appendix Table 42 shows that early
termination requests and sudden logistics requests
are the most damaging. Both challenge respondent
autonomy and procedural safety: if the interviewer
continues the questionnaire without acknowledg-
ing the interviewee’s request to stop, pause, or
change the procedure, trust and willingness to con-
tinue decrease. Memory failure and passive non-
cooperation are less damaging because they can
often be repaired by gentle restatement, reduced
pressure, or allowing the respondent to skip.
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ID  Checklist item Clean Event Diff.

C24 willingness_to_continue 480 4.29 -0.51

C23 closure_quality 433 3.89 -0.44
C21 trust_and_safety 487 446 -0.41
C16 efficiency 475 4.38 -0.37
C22 persona_fit 478 446 -0.32
C13 conversational_naturalness 4.45 4.14 -0.31
C11 repetition_control 478 448 -0.31
Cl14 pacing 4.84 454 -0.30
CO06 question_specificity 485 4.56 -0.29
CO05 question_clarity 492 4.63 -0.29

Table 41: Checklist items with the largest satisfaction
drops under event interviews. Scores use a 1-5 scale.

Event type Event satisfaction Runs
early_termination_request 66.11 208
sudden_logistics_request 72.53 256
hostility_or_distrust 79.07 256
questionnaire_critique 81.69 192
contradictory_information 84.20 288
topic_derailment 86.29 288
factual_misconception 86.78 288
question_misunderstanding 86.95 336
topic_refusal 88.47 288
passive_noncooperation 91.50 304
memory_failure 9248 240

Table 42: Event-interview satisfaction by planned event
type. Lower scores indicate more damaging respondent-
side disruption.

D.15 Cross-Fill Backfilling Analysis

Cross-fill experiments hold the dialogue source
fixed and replace the model used for questionnaire
backfilling. Appendix Table 43 shows the truth-
only 4-by-4 matrix, including native self-filling di-
agonals. The dialogue source matters more than the
filler identity: Gemini-generated dialogues remain
easiest to backfill across different fillers, while
Gemma-generated dialogues remain harder. This
supports the interpretation that dynamic failures
are driven by both the interview evidence quality
and the final record-filling model.

D.16 Paired Dynamic Event-Type Impact

We pair every event run with the clean run shar-
ing the same base case, interviewer, and workflow.
The paired analysis covers four interviewer mod-
els, four workflows, and 184 base cases, yielding
2,944 clean—event pairs. Each event case contains
one planned disruption. The planned event and
target question are aligned with the correspond-
ing event dialogue in all 2,944 pairs. This confirms
that the controlled event is presented at the intended
question, while the interviewer controls only the

subsequent recovery.

Appendix Table 44 reports event-minus-clean
differences at the event target question. A negative
evidence or final-fill difference indicates that the
event reduces information recovery; a positive turn
difference indicates additional recovery cost. Be-
cause the 16 model-workflow combinations reuse
the same base cases, these are descriptive averages
over repeated controlled runs rather than estimates
from 2,944 independent respondents.

The global clean—event gap understates these
local effects: spoken evidence changes by -0.012
when averaged over full questionnaires but by -
0.098 at the event target question, while final fill
changes by -0.009 globally and -0.061 at the target.
Questionnaire critique, passive non-cooperation,
and question misunderstanding most consistently
reduce immediately spoken evidence. Contradic-
tory information has the largest final-fill loss, con-
sistent with conflict contaminating downstream
record reconstruction. Memory failure and topic
refusal impose the largest extra-turn costs, show-
ing that continued interaction does not necessarily
restore a scoreable answer. Conversely, factual mis-
conception and early termination request do not
yield a uniform negative average in this controlled
sample.

D.17 Non-NPR Construction-and-Execution
Compatibility Check

The main benchmark is deliberately based on a sin-
gle, well-controlled media-interview source. To
test whether the dynamic pipeline can nevertheless
be instantiated in different interview settings, we
conduct a small clean-only compatibility check on
two public, non-NPR sources: ten sampled tran-
scripts from the Developing Writers Interview Tran-
scripts collection (Sweetland Center for Writing,
2019) and ten anonymized parent interviews about
barriers and facilitators of childhood influenza vac-
cination (Price, 2021). The former contains reflec-
tive, open-ended accounts of undergraduate writ-
ing development; the latter concerns parental views
of childhood influenza vaccination, including per-
ceived risk, vaccination decisions, and access to
vaccination.

For each source, we construct participants and
apply the same four interview workflows and scor-
ing approach without source-specific adjustments,
producing 80 clean runs. Appendix Table 45 re-
ports the resulting semantic audit. Conversation
Evidence measures weighted coverage of gold-
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Dialogue source \ Backfiller Qwen Gemma DeepSeek Gemini

Qwen3.5-122B 86.32  85.50 8538 85.38
Gemma-3-27B 85.09 78.89 84.44 8421
DeepSeek-V4-Pro 85.79 8591 85.67  85.67
Gemini-3.1-Pro 88.71  88.19 88.13  88.71

Table 43: Truth-only cross-fill matrix of lenient backfill success. Rows fix the dialogue source model and columns
change the questionnaire backfiller; diagonal cells are native self-filling settings. Best score in each row is bolded.

Event type Base cases Pairs A spoken evidence A final fill A turns Negative settings (/16)
Questionnaire critique 12 192 -0.208 -0.094  +0.464 14
Passive non-cooperation 19 304 -0.207 -0.003  +0.740 11
Question misunderstanding 21 336 -0.205 -0.119  +0.292 14
Topic refusal 18 288 -0.121 -0.035  +0.965 15
Contradictory information 18 288 -0.094 -0.250 +0.319 13
Hostility or distrust 16 256 -0.070 -0.031  +0.074 11
Memory failure 15 240 -0.054 -0.154  +1.025 9
Topic derailment 18 288 -0.052 -0.024  +0.128 11
Early termination request 13 208 -0.043 +0.173  40.212 7
Sudden logistics request 16 256 -0.014 -0.092  +0.012 3
Factual misconception 18 288 +0.010 +0.007 +40.118 5

Table 44: Paired event-target impact in dynamic interviews. Differences are event minus clean. Spoken evidence is
the target question’s conversation lenient score; final fill is its final lenient score. Bold marks the largest negative
evidence/final-fill change and largest additional turn cost, not a global difficulty ranking.

derived information points in participant utterances;
Final Fill measures weighted coverage in the final
reconstructed record.

This check is intentionally narrow. It shows that
the pipeline remains executable and interpretable
for two settings with different participant popula-
tions, interview goals, and response formats.

D.18 Additional Dynamic Diagnostic Figures

Appendix Figures 8 and 9 provide supplementary
dynamic diagnostics. Together, they show that dy-
namic interview performance depends on question
type, failure stage, and backfilling model. The
clean—event robustness gap is shown in the main
text.

E Case Study and Error Analysis

E.1 Why MCQ Errors Are Informative

The MCQ task is not simply a factual recall task.
Each option is an interviewer action that may be
grammatical, polite, and locally plausible. An error
often reveals a confusion between two interview
strategies rather than a failure to understand the lit-
eral dialogue. This is why MCQ remains more dis-
criminative than conditioned QA: in QA, a model
can produce fluent interviewer language once the
target type is given; in MCQ, it must decide which
action is strategically appropriate.

E.2 Option-Level Error Patterns

Here, CORE-MCQ-4500 denotes the static local-
decision MCQ subset for Questioning, Follow-up,
and Response. We group common MCQ errors by
the kind of distractor that attracts models. These
groups are based on wrong selections for which
the selected option can be linked to a recorded
construction source in distractor_info, not on
arbitrary option letters. The percentages below
describe the source-linked wrong-option subset.

Wrong evidence span. These distractors are
built from text explicitly mentioned in the dialogue.
They are difficult because the option is grounded
in a real quote or real topic, but it probes the wrong
evidence span or the wrong local focus. In the final
Core-MCQ-4500 analysis, this category accounts
for 50.4% of source-linked wrong selections. This
means that many errors are evidence-selection er-
rors: the model finds something relevant-looking
in the context but does not identify the exact re-
spondent claim that the interviewer should address
next.

Nearby real turn. These distractors are bor-
rowed from real interviewer turns near the current
context. They are fluent and interview-like because
a human interviewer actually asked them some-
where nearby, but they are not the right action for
the current decision point. They account for 42.3%
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Source Setting Cases Runs Structured Probing  Adaptive Agentic

Developing Writers Higher-education research 10 40 969/92.3 98.0/93.8 94.2/83.7 92.4/88.7
Parent influenza interviews Semi-structured health 10 40 95.7/85.9 94.6/84.0 94.3/853 88.7/76.0

Table 45: Small non-NPR construction-and-execution compatibility check. Cells are Conversation Evidence / Final
Fill (%). These semantic information-point scores are not numerically interchangeable with the rule-based Spoken
Truth and Direct Backfill metrics in the main benchmark.
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Figure 8: Truth-only dynamic diagnostics by question type. Structured fields are easier to normalize, while numeric
and text-input fields require more explicit respondent evidence.
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Figure 9: Truth-only 4-by-4 backfilling matrix. Rows fix dialogue source model and columns vary questionnaire
filler, including self-filling diagonals.
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of source-linked wrong selections. This error type
is especially important because it shows that mod-
els can be attracted to generally plausible interview
behavior even when it is locally misaligned.

Generated wrong technique. These distractors
are generated by applying a different interview
technique from the gold action, such as asking
for causes, asking for components, asking for
comparison, posing a hypothetical, or playing
devil’s advocate. They account for 7.1% of
source-linked wrong selections.  Within this
category, the most common wrong technique
is ask_how, followed by ask_how_common,
ask_meaning, ask_for_components, and
ask_for_comparison.

History real wrong move. These are real histor-
ical interviewer moves reused in an incompatible
context. A small number of source-linked errors
fall into this category when such provenance is
available. They illustrate a discourse-level failure:
an action may be natural in its original location
but strategically wrong after a different respondent
turn.

Appendix Table 46 further decomposes the
generated-wrong-technique subset only.

Generated type Wrong selections ~ Share
ask_how 299 33.8
ask_how_common 110 12.4
ask_meaning 96 10.9
ask_for_components 89 10.1
ask_for_comparison 86 9.7
use_hypothetical 64 7.2
pose_puzzle 60 6.8
play_devils_advocate 37 4.2

Table 46: Most frequent generated-distractor techniques
selected in wrong answers. Shares are computed within
generated wrong-technique distractors.

Beyond the construction source of wrong op-
tions, we also summarize recurring functional error
patterns observed in these mistakes. These func-
tional patterns are not mutually exclusive with the
source categories above: for example, an over-
broad question can be a nearby real turn or a gener-
ated wrong-technique distractor.

Over-broad question instead of targeted
follow-up. In follow-up contexts, models often
choose an option that continues the broad topic
instead of probing the evidence span that the
respondent just made salient. This error is es-
pecially common in missing_information,

overgeneral_or_narrowness, and
story_with_implicit_theme items. The
distractor sounds natural but fails to let the
respondent continue speaking without resolving
the missing or underspecified part of the previous
answer.

New topic instead of repair. When the respon-
dent gives an evasive, ambiguous, or unsupported
answer, weaker models sometimes select a new
substantive question. This keeps the conversation
moving but abandons the local repair opportunity.
These errors show that the model recognizes con-
versational progression but not the methodological
need to clarify the current answer before moving
on.

Question instead of response. Response items
are the hardest in final Core-MCQ-4500. A com-
mon error is choosing a question when the appropri-
ate action is an acknowledgement, summary, tran-
sition, or reorganization. This suggests a strong
model prior that interviewing means asking another
question. The model may be linguistically fluent
but strategically insensitive to moments where rap-
port maintenance or discourse management is more
appropriate.

Surface politeness instead of contextual re-
sponse. For acknowledgment items, distractors
may contain polite phrases that look socially appro-
priate in isolation. Models can be attracted to these
options even when they do not address the respon-
dent’s specific concern or emotional state. This
explains why acknowledgment has low average
accuracy in the final Core-MCQ-4500 target-type
analysis.

Specificity mismatch. Questioning errors often
involve choosing the wrong level of specificity. A
closed question may be too narrow when the next
step should invite elaboration; an open question
may be too abstract when the context calls for a
concrete detail. This pattern is visible in lower-
scoring closed or ambiguous target types. It indi-
cates that models need a better policy for matching
question form to the amount and quality of infor-
mation already available.

E.3 Commonality Across Error Types

Across these cases, the most wrong options are flu-
ent and interview-like. The shared failure is tech-
nique selection: the model does not reliably infer
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whether the next move should open a topic, nar-
row a topic, probe missing evidence, acknowledge
the respondent, repair ambiguity, or reorganize the
conversation. This explains the main experimental
pattern: conditioned QA sharply improves because
the technique type is supplied, while MCQ remains
challenging because the model must infer the tech-
nique itself.

E.4 Recurring Failure Modes and Actionable
Implications

The static and dynamic diagnostics can be con-
solidated into a small set of interview-control fail-
ures. Appendix Table 47 distinguishes aggregate
evidence from case-level patterns. The latter are
not presented as prevalence estimates; they iden-
tify failure mechanisms that are visible only after
preserving the dialogue, question state, and final
record together.

The first two rows explain why fluent language
does not reliably produce effective interview guid-
ance. A selected distractor can be grounded in a
real local claim but address the wrong claim, or
it can be a natural human interviewer turn from a
nearby context but be mistimed at the current deci-
sion point. The false-normal event errors show an
analogous diagnosis failure: a locally subtle need
for elaboration, repair, or clarification is treated
as ordinary conversational flow. In dynamic inter-
views, a field can be reached without obtaining an
answer aligned with its required proposition, op-
tion set, or scale. Conversely, a downstream filler
can reconstruct a plausible answer without explicit
evidence in the dialogue. These distinctions moti-
vate separate reach, spoken-evidence, and backfill
metrics.

E.5 Dynamic Failure Pattern: Event-Induced
Loop

One observed failure pattern in the dynamic track is
an event-induced loop. When a respondent repeat-
edly expresses distress, distrust, refusal, or an early-
termination request, an autonomous interviewer
may keep asking the same or highly similar re-
pair question. This can repeatedly trigger the same
event behavior and consume the turn budget before
later questionnaire items are reached.

This case type is useful because it shows why
robustness should not be measured only by final
questionnaire accuracy. The failure involves event
recognition, recovery-policy selection, loop con-
trol, and progress management. A better inter-

viewer should acknowledge the disruption, limit
repeated repair attempts, decide whether to defer or
close gracefully, and avoid repeatedly re-triggering
the same respondent behavior.

E.6 Dynamic Failure Pattern: Unreached but
Filled

Another observed pattern is that a questionnaire
field may receive a plausible filled answer even
when the corresponding question was not explic-
itly asked. This may happen when the filler in-
fers an answer from surrounding context or from
profile-consistent information. Such cases are use-
ful for system-level performance but should not be
counted as direct evidence of interviewer coverage.

For this reason, the current dynamic analysis
separates explicit question reach from final filled
answers. Where semantic coverage and unreached-
but-filled diagnostics are available, they should be
reported separately and avoid being folded into a
single final questionnaire score.

E.7 Dynamic Case: Repairing a Question
Misunderstanding

We next give a paired event case that illustrates suc-
cessful local repair and the “asked but misaligned”
failure mode. The source episode is Strengthen-
ing Buildings in Tornado Alley from Talk of the
Nation (2013-06-07; case Tornado-1030). The
clean and event cases share the questionnaire, per-
sona, normalized gold record, and answer mem-
ory. The event case differs only in a planned
question_misunderstanding at the second ques-
tionnaire item.

The target is the five-point Likert item: “The dis-
aster described has caused severe negative impacts
on the affected communities.” The normalized gold
answer is Strongly agree. In the event condition,
the respondent initially treats the question as asking
whether the disaster was human-caused or avoid-
able, instead of asking how severely the communi-
ties were harmed. This answer is conversationally
coherent but non-responsive to the intended propo-
sition.

Under Agentic control, the interviewer performs
one bounded clarification instead of advancing im-
mediately:

Interviewer: “To clarify, I'm specifically ask-
ing about the extent of the hardship and damage
experienced by the communities, regardless of
whether the cause was natural or man-made.”
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Failure mode Evidence

Design implication

Wrong local evidence span
tions

Locally plausible but mis-

aligned move

Event-state misdiagnosis

tions

false-normal choices

Asked but misaligned Reached item, but response addresses a dif-
ferent proposition or scale
Unspoken but filled Final field is plausible although the evidence

was not explicitly elicited
Recovery without progress
restoring target information

50.4% of source-linked wrong MCQ selec-
42.3% of source-linked wrong MCQ selec-

247 of 302 Gemini event-MCQ errors are

Repeated repair can consume turns without

Identify the unresolved evidence span be-
fore generating the next move.

Separate action selection from surface-
language realization.

Detect the interaction state before selecting
arecovery policy.

Check question-specific answer sufficiency
before advancing.

Report spoken evidence separately from fi-
nal backfill.

Bound repair attempts; defer, return to the
agenda, or close.

Table 47: Recurring failure modes in static and dynamic evaluation. The first three rows are aggregate diagnostics;
the remaining rows are dialogue-level patterns that require chain-level inspection.

The respondent then answers: “If we are strictly
talking about the extent of hardship and damage
suffered by the people, then I would have to say
I strongly agree.” This response both resolves
the cause-versus-impact confusion and explicitly
supplies a scoreable Likert answer.

All workflows reach the target item and complete
the questionnaire, so Completion alone cannot dis-
tinguish the outcomes. The Probing run records
Agree while the respondent is still discussing causa-
tion; the Structured run does not supply a structured
answer after the request for clarification. Only the
bounded Agentic repair restores the intended ref-
erent and matches the clean condition’s item and
questionnaire scores, at the cost of one additional
turn.

This example demonstrates a capability that an
effective interview policy should have, not a gen-
eral Agentic advantage. Aggregate results show
that autonomous control can add cost and enter
unproductive loops. The actionable lesson is nar-
rower: when an answer addresses a different propo-
sition from the current item, the interviewer should
explicitly name the referent, check answer suffi-
ciency, and then either recover the item or defer
it.

E.8 Shared MCQ-QA Case: Locally
Plausible but Misfocused Follow-up

We use one shared MCQ-QA item to illus-
trate how the same dialogue context can ex-
pose different kinds of error. The case ID is
mcq_fol_0e98887063. It appears in both the
MCQ benchmark and the QA benchmark. The
dimension is follow-up, and the target type is
overgeneral_or_narrowness.

Context. The interview discusses the U.S. Vir-
gin Islands after Hurricane Irma. The respondent
argues that the United States treats the islands as
secondary and then broadens the point to tourism:

“When Americans travel to Europe, for
example, they know that they’re travel-
ing to Europe to engage with the cul-
tural history. When people travel to the
Caribbean, they are often traveling to
avoid the human beings and to just en-
gage in the beauty of the space.”

The gold interviewer follow-up is:

“So they’re in resorts. They’re lying in
the sun. They’re drinking tropical, rum-
infused drinks, but they’re not necessar-
ily there for the culture or to talk to the
people who live there?”

This is a targeted confirmatory follow-up. It
does not merely continue the broader Hurricane
Irma topic; instead, it operationalizes the respon-
dent’s broad claim about Caribbean tourism into
concrete tourist behaviors and checks whether this
is the intended meaning. The case is useful for
diagnosing focus errors: a model may choose or
generate a locally plausible follow-up while miss-
ing the specific evidence span that the interviewer
should probe next.

MCQ options and errors. The MCQ asks which
follow-up question is most appropriate. The gold
answer is option B. Two models in this representa-
tive subset select option D instead.

The table reports a representative subset of cal-
ibration models used for the shared case analysis,
not the full current main-table model set.
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Condition Workflow Q2 final answer Q2 strict / lenient  Full strict / lenient  Turns
Clean Agentic Strongly agree 1.0/1.0 0.889/0.889 11
Event Agentic Strongly agree after clarification 1.0/1.0 0.889/0.889 12
Event Probing Agree, still cause-focused 0.0/0.0 0.778 1 0.778 9
Event Structured No structured answer 0.0/0.0 0.778 /0.778 9

Table 48: Paired dynamic case under a question-misunderstanding event. Probing corresponds to the implementation
workflow no_workflow; Structured corresponds to single_pass_no_recovery.

Option Text

A What were the specific economic conditions in the
islands in 19177

B So they’re in resorts ... but not necessarily there for
the culture?

C So you’re saying residents lack federal representa-
tion?

D So how has that impacted this response to Irma?

Table 49: Options for the shared MCQ-QA case. Option
B is the gold follow-up.

Model MCQ choice  Correct
Claude Sonnet 4.6 B yes

Gemini 2.5 Pro D no
Qwen3.5-27B B yes

DeepSeek V4 Pro B yes

DeepSeek V4 Flash B yes

GPT-40 D no

Table  50: Model choices for  case

mcq_fol_0e98887063.

The error is interpretable. Option D is not ir-
relevant: it connects the respondent’s claim to the
broader Irma response. However, it skips the im-
mediate interview opportunity. The respondent has
just made a broad generalization about American
tourism in the Caribbean; the gold follow-up tests
that generalization before returning to policy con-
sequences. The wrong option therefore reflects
a common failure: choosing a topically plausible
continuation instead of the best local follow-up
technique.

QA generations. In the conditioned QA version,
several models produce fluent and mostly appro-
priate follow-ups. One high-scoring conditioned
generation asks:

“You mentioned that Americans see the
Caribbean as a place to escape from peo-
ple, unlike how they engage with Eu-
rope’s cultural history—can you compare
how U.S. tourists interacted with Virgin
Islanders before Hurricane Irma versus
how they’ve responded or been repre-

sented in the aftermath?”

The judge assigns it a composite score of 93.9,
with 95 trigger match and 95 technique match. By
contrast, GPT-4o generates:

“How would you compare the way cul-
tural history is preserved and presented
in the Virgin Islands versus how it’s done
in European destinations?”

The judge gives this answer a lower composite
score of 74.4. Since the question being asked is
fluent the main issue lies in focus. It shifts from
the respondent’s generalization about tourist per-
ception to the separate topic of cultural preserva-
tion. DeepSeek V4 Pro shows a similar pattern,
receiving 71.1 because it shifts toward compar-
ing disaster responses and not probing the tourist-
generalization claim.

Trigger /
Generation Comp.  Tech. Main issue
High-scoring 93.9 95795 Probes  tourist-
conditioned perception claim
example
GPT-40 744 —/- Shifts to cultural

preservation

DeepSeek V4 71.1 -/- Shifts to disaster-
Pro response compar-

ison

Table 51: Conditioned QA scores for the shared MCQ-
QA case. Dashes indicate sub-scores not reported in the
case excerpt.

This case explains the aggregate MCQ and QA
findings. Models can often produce polished inter-
viewer language, and they may even use a broadly
correct technique such as comparison. The remain-
ing challenge is to apply the technique to the exact
evidence span that matters in the dialogue.

F Prompts

The pipeline uses separate prompt families for
static core-decision construction, static model in-
puts and QA judging, short-dialogue event recov-
ery, and dynamic long-dialogue interviewing. The
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dynamic prompts cover case construction and audit,
interviewer control, interviewee simulation, struc-
tured backfilling, satisfaction judging, and support-
ing summaries.

For dynamic evaluation, the interviewee simula-
tor receives the case-specific persona, answer mem-
ory, current question, dialogue history, and event
plan when applicable. It is instructed to remain con-
sistent with the available evidence and not to reveal
the answer memory as a record. This makes the
prompt family central to the controlled-simulator
design described in Appendix C.

The prompt bodies below are English-only
ASCII renderings for pdfLaTeX. The maintenance
index records each canonical source file and any
presentation-only normalization.

F.1 Static Local-Decision Prompts

This group covers core construction, model in-
puts, and QA judging for local interviewer-decision
tasks.

Core construction.

You are a quality controller for interview
data. Decide whether this interviewer
utterance is a substantive interview action
or irrelevant content that should be
filtered.

## Filter out (label = "skip")

- Consent procedures or signatures.

- Opening greetings or administrative
explanation of the study.

- Closing remarks, thanks, or farewells.

- Technical interruptions or equipment
adjustments (for example, "please wait” or
"the signal is bad").

- A stand-alone transition with no substantive
content (for example, "okay,” "mm-hmm,” or "I
see”).

- Small talk wholly unrelated to the interview
topic.

## Keep (label = "keep")

- Questions, whether new questions or
follow-ups.

- Substantive responses to the respondent,
such as summaries, encouragement,
reflections, or acknowledgments.

- A transition that substantively redirects
the topic.

## Decision rules

- If an utterance contains both irrelevant and
substantive material, judge its primary
function.

- Do not remove useful material; choose ‘keep‘
when uncertain.

Return exactly one JSON object and no
Markdown:

{{

"label”: "keep|skip”,

"confidence": 0.9,

"reason”: "One-sentence justification”
1}

Item to assess:

{payload_json}

You are an analyst of interviewer behavior.
Classify the interviewer utterance into one
interview-action type.

## Definitions

**questioning*x

The interviewer asks a **newx* question that
opens a new topic or direction. It begins a
new direction rather than extending the
respondent’s immediately preceding answer.
**%followup**

The interviewer anchors on a specific concept,
event, or view in the respondent’s
immediately preceding turn and probes it
further. A concrete anchor must be
identifiable in that preceding respondent
turn.

*kresponsex*

The interviewer gives non-questioning
feedback to the respondent: encouragement,
repetition/paraphrase/summary, neutral
acknowledgment, or brief appropriate
self-disclosure. Its central purpose is not
to obtain new information. A sentence with a
question mark can still be a response when
its main purpose is to confirm understanding
rather than solicit new information.
**x0therx*

Opening or closing remarks, administrative
procedures, program logistics, or other
material outside the three categories above.
## Decision notes

- The key difference between ‘followup‘ and
‘questioning‘ is the explicit anchor in the
immediately preceding respondent turn.

- If uncertain between ‘followup‘ and
‘questioning‘, prefer ‘followup‘ as the more
conservative decision.

Return exactly one JSON object and no
Markdown:

{{

"turn_type"”: "questioning|followup|response|
other”,

"confidence”: 0.85,

"anchor_quote”: "For followup, quote the

specific respondent span being probed;
otherwise use an empty string”,
"brief_reason”: "One-sentence justification”
1

Item to assess:

{payload_json}

You are an interview-question type annotator.
Classify an interviewer ‘questioning‘ turn
along three dimensions and assign its primary
function.

## Type-vector definitions

- *xopenness**: ‘open‘ allows a free response
without a prescribed answer frame; ‘closed‘
constrains the answer to yes/no, a choice, or
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Setting Prompt family

Role

Static construction core / event recovery

Static model input
MCQ / Event-QA
Static QA judge core / event recovery

Dynamic long dialogue  case construction and audit

interviewer control
interviewee simulation

Dynamic long dialogue
Dynamic long dialogue
Dynamic long dialogue  backfilling and satisfaction

Dynamic long dialogue  supporting summaries

Core-MCQ / Core-QA / Event-

Construct, verify, and calibrate static instances and dis-
tractors
Select, diagnose, or generate the next interviewer move

Assess generated interviewer actions with task-specific
rubrics

Build questionnaires, gold records, personas, and event
plans

Plan, choose actions, ask, probe, repair, and close
Produce persona-, memory-, and event-grounded re-
spondent turns

Recover questionnaire fields and assess respondent ex-
perience

Summarize questionnaire state and completed inter-
views

Table 52: Prompt families used across the static and dynamic components of INTERVIEWBENCH.

a number.

- *xspecificity*x: ‘specific‘ targets a
concrete fact, event, experience, or detail;
‘abstract‘ targets opinions, attitudes,
values, or a broad concept.

- *xclarityx*: ‘clear‘ is simply structured
and has one readily understood meaning;
‘ambiguous‘ is complexly worded, carries
multiple meanings, or embeds the
interviewer’s assumptions.

## Primary function

Choose one:

- ‘opening‘: open or introduce a topic

- ‘information_gathering‘: request factual
information

- ‘opinion_probing¢: elicit a view or position
- ‘experience_eliciting‘: invite an
experience or narrative

- ‘clarification‘: request explanation or
clarification

- ‘elaboration_request‘: ask for further
detail

- ‘transition‘: move between topics

- ‘closing‘: close the interview

Return exactly one JSON object and no
Markdown:

{{

"type_vector”: {{

"openness”: "open|closed”,

"specificity”: "specific|abstract”,
"clarity"”: "clear|ambiguous”

1},

"function”: "opening|information_gathering|

opinion_probing|experience_eliciting]|
clarification|elaboration_request|transition]|
closing”,
"brief_reason”:
3}

Question to annotate:
{payload_json}

"One-sentence justification”

You are an annotator of follow-up triggers.
Identify what feature of the respondent’s
answer prompted the interviewer’s final
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follow-up.

## Trigger types

- ‘missing_information‘: the account omits an
important step, actor, cause, consequence, or
expected dimension.

- ‘evasive_or_unanswered‘: the respondent
avoided the question, changed topic, or
supplied a mismatched/indirect answer.

- ‘overgeneral_or_narrowness‘: the answer is
vague, sweeping, overly narrow, unsupported
by detail, or unrepresentative.

- ‘contradiction_or_ambivalence‘: statements
or attitudes are inconsistent, conflicting,
or contain unresolved tension.

- ‘story_with_implicit_theme‘: a narrative
contains an unarticulated theme, turning
point, conflict, or meaning worth probing.

- ‘unclear_concept‘: a term or expression is
undefined, ambiguous, or has a
context-specific meaning requiring
clarification.

- ‘incomplete_or_unsupported_themes‘: a theme
has appeared but lacks development, examples,
scope, explanatory support, or
counterevidence.

- ‘new_relevant_idea‘: an unexpected but
relevant idea, practice, phenomenon, or
mechanism has been introduced and merits
exploration.

Use the multi-turn dialogue to determine
which trigger best explains the final
interviewer follow-up.

Return exactly one JSON object and no
Markdown:

{{

"trigger_type"”: "missing_information|evasive_
or_unanswered|overgeneral_or_narrowness |
contradiction_or_ambivalence|story_with_
implicit_theme|unclear_concept|incomplete_or_
unsupported_themes|new_relevant_idea”,
"brief_reason”: "One-sentence justification”
1}

Item to annotate:

{payload_json}



You are an annotator of interviewer response
strategies. Classify a non-questioning
interviewer feedback turn.

## Valid response strategies (usable = true)
- ‘encouraging‘: positive affective feedback
conveying listening, acceptance, or
invitation to continue; it does not judge
content or introduce new information.

- ‘repeat_or_reorganize‘: repeat, paraphrase,
organize, or summarize the respondent’s
content to confirm understanding without
adding the interviewer’s judgment.

- ‘self_disclosure‘: briefly share a relevant
personal experience, feeling, or position to
build rapport without taking over the
respondent’s space.

- ‘acknowledgment‘: neutrally accept or
confirm the respondent’s factual or emotional
expression without elaboration, judgment, or
self-disclosure.

## Invalid response strategies (usable =
false)

- ‘evaluative‘: subjectively praises or
criticizes the respondent’s answer.

- ‘didactic‘: explains, corrects, or lectures
the respondent, displacing their perspective.
Only the four valid strategies above receive
‘usable: true‘. Use ‘other‘ if none applies.
Return exactly one JSON object and no
Markdown:

{{

"response_type": "encouraging|repeat_or_
reorganize|self_disclosure|acknowledgment |
evaluative|didactic|other”,

"usable": true,

"key_signal”: "Verbatim key span that
supports the classification”,

"brief_reason”: "One-sentence justification”
3}

Item to annotate:

{payload_json}

You are designing multiple-choice interview
questions. Generate three distractors for a
‘followup‘ item.

The gold answer is the interviewer’s actual
follow-up. Its annotations identify the
trigger type, technique type, evidence quote,
and evidence description.

## Trigger types

‘missing_information‘, ‘evasive_or_
unanswered‘, ‘overgeneral_or_narrowness‘,
‘contradiction_or_ambivalence‘, ‘story_with_
implicit_theme‘, ‘unclear_concept®,
‘incomplete_or_unsupported_themes, and ‘new_
relevant_idea‘ respectively denote missing
content, avoidance/non-answer, overgeneral or
narrow content, contradiction/ambivalence,
implicit narrative theme, unclear concept,
underdeveloped/unsupported theme, and a new
relevant idea.

## Technique types

¢

‘ask_how*, ‘ask_for_comparison‘, ‘echo_back‘,
‘offer_alternatives‘, ‘ask_for_components®,
‘ask_about_exceptions‘, ‘play_devils_

advocate‘, ‘pose_puzzle‘, ‘ask_how_common,

‘use_hypothetical‘, and ‘ask_meaning*
respectively probe process, comparison, a
repeated keyword, alternatives, components,
exceptions, a contrary view, a puzzle,
prevalence, a hypothetical, and meaning.

## General requirements

- Each distractor must sound natural in the
given interview and be plausibly tempting,
but not be the best next follow-up.

- The reason each distractor is wrong must be
different.

#i## Distractor A: wrong trigger, mentioned in
dialogue

Ask about material actually mentioned in the
dialogue, but target a different trigger type
from the gold answer. Set ‘mentioned_in_
dialogue‘ true and quote the source text.

### Distractor B: wrong evidence focus,
mentioned in dialogue

Ask about material actually mentioned in the
dialogue and related to the same broad
trigger, but focus on evidence different from
the gold ‘evidence_quote‘. Set ‘mentioned_in_
dialogue‘ true and quote the source text.

### Distractor C: wrong technique

Use a different follow-up technique. Prefer a
real item in ‘nearby_same_dimension‘;
otherwise generate one. Set ‘source‘ to
‘adjacent_real‘ or ‘generated‘.

Return exactly one JSON object and no
Markdown:

{

"distractor_a": {{

"text": "Distractor A follow-up text”,
"mentioned_in_dialogue"”: true,

"source_quote”: "Relevant verbatim dialogue
span”,

"brief_reason”: "Why it is not the best
follow-up”

1Y

"distractor_b": {{
"text": "Distractor B follow-up text”,
"mentioned_in_dialogue": true,

"source_quote”: "Relevant verbatim dialogue
span”,

"brief_reason”: "Why it is not the best
follow-up”

1}

"distractor_c": {{

"text": "Distractor C follow-up text”,
"type": "ask_how|ask_for_comparison|echo_
back|offer_alternatives|ask_for_components|
ask_about_exceptions|play_devils_advocate|
pose_puzzle|ask_how_common|use_hypothetical|
ask_meaning”,

"source”: "adjacent_real|generated”,
"brief_reason”: "Why this technique is
inappropriate here”

1

1}

Current item:
{payload_json}

You are the final quality controller for an
interview-benchmark ‘followup*
multiple-choice item.



Verify follow-up MCQ items (continued)

Assess:

- Does the gold answer’s ‘target_type‘ /
follow-up type accurately describe it?

- Does distractor A ask about material
mentioned in the dialogue but use the wrong
trigger type?

- Does distractor B ask about mentioned
material but focus on the wrong evidence span?
- Does distractor C use a technique different
from the gold answer while remaining
plausibly tempting?

- Is the respondent anchor clear enough to
support the decision?

- Are all four options distinct, with exactly
one logically best answer?

- Is the gold follow-up the most appropriate
move after the respondent’s current answer?
## Overall quality (1-5)

- 5: precise follow-up design; distinctive
distractors; ready to include

- 4: broadly usable with minor issues

- 3: marginally usable; revise before use

- 1-2: unusable

Return exactly one JSON object and no
Markdown:

{{

"label_correct”: true,

"distractors_valid": true,
"distractor_check”: {{

"B": {{"valid": true, "issue": ""}3},
"C": {{"valid": true, "issue": ""}3},
"D": {{"valid": true, "issue": ""}}
%

"answer_unique”: true,

"context_sufficient”: true,
"overall_quality": 4,

"issues”: [],

"brief_verdict”: "One-sentence overall
assessment”

13

MCQ item to verify:

{payload_json}

Model-input prompts.

Core-MCQ answer selection

You are taking an interviewing skills
assessment. Read the dialogue and choose the
best answer.

## Dialogue Context

{context_text}

## Question

{stem}

A. {option_a}

B. {option_b}

C. {option_c}

D. {option_d}

Output a single JSON object only, no Markdown:
{{"answer”: "A|B|C|D", "confidence": 0.9,
"reasoning”: "one-sentence reason"}}

Core-QA unconditioned: questioning

You are participating in a qualitative
research interview as the **interviewer*x.
The following is the conversation context so
far, containing all turns between the

Core-QA unconditioned: questioning (continued)

interviewer and the interviewee.

## Interview Context

{context_turns}

## Your Task

The conversation ends at turn {target_turn_
index}. It is now the interviewer’s turn to
ask a question.

Based on the conversation above, generate the
single most appropriate question the
interviewer should ask next.

Requirements:

- The question must directly address something
the interviewee just said, or explore an
aspect not yet discussed in depth

- Use natural phrasing, as a real interviewer
would speak — not like a survey or exam
question

- Output only one question, with no additional
explanation

Output format (single JSON object, no
Markdown code block):

{

"question”: "the interviewer’s question text”

}

Core-QA conditioned: questioning

You are participating in a qualitative
research interview as the *xinterviewer*x.
The following is the conversation context so
far, containing all turns between the
interviewer and the interviewee.

## Interview Context

{context_turns}

## Your Task

The conversation ends at turn {target_turn_
index}. It is now the interviewer’s turn to
ask a question.

You must generate a question of the following
specific type:

> *xxTarget type:** ‘{target_type_label}*

> xxDefinition:*x {target_type_definition}
Based on the conversation above, generate
exactly one question that (a) matches the
specified type and (b) naturally fits the
current conversational moment.

Requirements:

- The question *xmustx* conform to the target
type as defined above — this is the primary
constraint

- It must connect to what the interviewee has
said, not be a generic question

- Use natural phrasing, as a real interviewer
would speak

- Output only one question, with no additional
explanation

Output format (single JSON object, no
Markdown code block):

{

"question”: "the interviewer’s question text”

}
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Core-QA unconditioned: follow-up

You are participating in a qualitative
research interview as the **interviewer*x.
The following is the conversation context so
far, containing all turns between the
interviewer and the interviewee.

## Interview Context

{context_turns?}

## Your Task

The conversation ends at turn {target_turn_
index}. The interviewee has just given a
response. It is now the interviewer’s turn to
ask a x**follow-up questionxx*.

A follow-up question probes deeper into
something the interviewee just said — it does
not introduce a new main topic.

Based on the conversation above, generate the
single most appropriate follow-up question
the interviewer should ask next.
Requirements:

- The follow-up must respond to something
specific in the interviewee’s most recent
answer

- Use natural phrasing, as a real interviewer
would speak

- Output only one follow-up question, with no
additional explanation

Output format (single JSON object, no
Markdown code block):

{

"question”: "the interviewer’s follow-up
question text”

}

Core-QA conditioned: follow-up

You are participating in a qualitative
research interview as the **interviewer*x.
The following is the conversation context so
far, containing all turns between the
interviewer and the interviewee.

## Interview Context

{context_turns}

## Your Task

The conversation ends at turn {target_turn_
index}. The interviewee has just given a
response. It is now the interviewer’s turn to
ask a x*follow-up questionxx*.

You must generate a follow-up question with
the following specific profile:

> *xTrigger** (what in the respondent’s
answer to respond to):

> ‘{target_trigger_type}‘ — {target_trigger_
definition}

>

> *xxTechnique*x (how to probe):

> ‘{target_technique_type}‘ — {target_
technique_definition}

The trigger tells you *what* to focus on in
the respondent’s last answer; the technique
tells you *how* to construct your probe.
Based on the conversation above, generate
exactly one follow-up question that (a)
responds to the specified trigger in the
interviewee’s most recent answer and (b)
applies the specified technique.
Requirements:

Core-QA conditioned: follow-up (continued)

- The follow-up **mustx* implement the
specified trigger and technique — this is the
primary constraint

- It must be anchored in something specific
the interviewee actually said, not be a
generic probe

- Use natural phrasing, as a real interviewer
would speak

- Qutput only one question, with no additional
explanation

Output format (single JSON object, no
Markdown code block):

{

"question”: "the interviewer’s follow-up
question text”

}

Core-QA unconditioned: response

You are participating in a qualitative
research interview as the **interviewer#x.
The following is the conversation context so
far, containing all turns between the
interviewer and the interviewee.

## Interview Context

{context_turns}

## Your Task

The conversation ends at turn {target_turn_
index}. The interviewee has just given a
response. It is now the interviewer’s turn to
give a x*non-questioning responsexx.

A non-questioning response does not ask a new
question. Instead, it uses verbal behavior —
such as showing acknowledgment, reflecting
content, or expressing rapport — to maintain
the conversation, build trust, or confirm
understanding.

Based on the conversation above, generate the
single most appropriate response the
interviewer should give next.

Requirements:

- Do not ask a question

- Do not evaluate or judge the correctness of
what the interviewee said

- Keep it brief and natural, as a real
interviewer would speak after listening to a
response

- Output only one response, with no additional
explanation

Output format (single JSON object, no
Markdown code block):

{

"response”: "the interviewer’s response text”

3

Core-QA conditioned: response

You are participating in a qualitative
research interview as the *xinterviewer*x.
The following is the conversation context so
far, containing all turns between the
interviewer and the interviewee.

## Interview Context

{context_turns}

## Your Task

The conversation ends at turn {target_turn_
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index}. The interviewee has just given a
response. It is now the interviewer’s turn to
give a **non-questioning responsexx.

You must produce a response of the following
specific type:

> *xxTarget response type:*x ‘{target_
response_type}*

> x*xDefinition:** {target_response_
definition}

Based on the conversation above, generate
exactly one response that (a) matches the
specified type and (b) naturally follows from
what the interviewee just said.

Requirements:

- The response **mustx* conform to the target
type as defined above — this is the primary
constraint

- Do x*not** ask a question

- Do **not*x evaluate or judge the correctness
of what the interviewee said

- Keep it brief and natural, as a real
interviewer would speak after listening

- Output only one response, with no additional
explanation

Output format (single JSON object, no
Markdown code block):

{
"response”: "the interviewer’s response text”
3

QA-judge prompts.

You are an expert evaluator of qualitative
research interviewing skills. Your task is to
assess the quality of an interview question
generated by an AI model.

## Type System

An interview question (questioning) is
described along two dimensions: x*type_
vectorx* and *xfunctionxx.

### Type Vector (three-dimensional
combination)

Format: ‘{openness}_{specificity}_{clarity}‘
**Dimension 1: Openness**

- ‘open‘: allows the respondent to answer
freely, without a predetermined answer
framework

- ‘closed‘: restricts the answer range,
typically yes/no, choice, or a number
**Dimension 2: Specificity**

- ‘specific‘: targets a concrete fact, event,
experience, or detail

- ‘abstract‘: targets an opinion, attitude,
value judgment, or broad concept

*xDimension 3: Clarity*x*

- ‘clear‘: simple and unambiguous structure,
easy to understand

- ‘ambiguous‘: complex structure, or carries
multiple meanings or personal bias

### Function (question function)

- ‘opening‘: warm-up or topic introduction

- ‘information_gathering‘: collecting
specific facts, data, or experiential details
- ‘opinion_probing‘: eliciting opinions,
views, or attitudes
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- ‘experience_eliciting‘: inviting the
respondent to narrate a personal experience
or story

- ‘clarification‘: clarifying something
ambiguous in the respondent’s account

- ‘elaboration_request‘: requesting expansion
or elaboration on something already mentioned
- ‘transition‘: changing topic or advancing
the interview

- ‘closing‘: closing the interview or wrapping
up a topic

## Scoring Criteria

#i## 1. trigger_type_match (continuous 0-100
score)

First judge the model’s type_vector
independently, then compare with gold (three
dimensions: openness x specificity x
clarity):

- *%90-100**: All three type_vector
dimensions match gold exactly

- *x%60-89%x: Minor borderline difference
(e.g., clear/ambiguous boundary); overall
very close to gold

- *%35-59%x: Exactly one type_vector
dimension differs from gold

- *%1-34%x: Two or more type_vector dimensions
differ from gold

- *xQ*x: The question direction is completely
unrelated to gold, or not a valid interview
question

### 2. technique_type_match (continuous 0-100
score)

First judge the model’s function
independently, then compare with gold:

- *%90-100**: function matches gold exactly or
is functionally equivalent

- *%60-89%x: Minor functional deviation;
actual usage highly overlaps with gold

- *%35-59x*x: function differs from gold, but
is a reasonable functional substitute in the
same interview segment

- *x1-34xx: function clearly differs from
gold; some interviewing intent remains
visible

- *%@xx: function completely contradicts gold,
or the question lacks any interview function
### 3. language_quality (continuous 0-100
score)

Independent of category match, assess the
linguistic quality of the question. Output
three sub-scores; the framework will compute
the mean:

**xSub-dimension definitions:#*x

- **naturalness*x: Whether the language sounds
like a real interviewer speaking — natural,
avoids mechanical or formulaic phrasing;
appropriate register for interviewing

- *xfluencyx*: Whether sentences are
grammatically correct and read smoothly
without effort

- *xaccuracy*x: Whether the response
accurately addresses the conversational
context (closely tied to what the respondent
just said); logically sound, appropriately
polite, non-evaluative and non-didactic
*xScoring ranges (same standards for all
three sub-dimensions):*x



- *%x90-100**: Excellent — almost no room for
improvement; reaches the level of a skilled
interviewer

- *x75-89%x: Good — suitable for direct use in
a real interview; quality is consistent

- *x%50Q-74xx: Adequate to usable — notable
weaknesses but basic communication is not
impaired

- *%25-49xx: Poor — clear problems that would
affect interview quality

- *%@-24%x: Unusable — severe defects; cannot
be used in a real interview

## Content to Evaluate

### Interview Context

{context_turns}

### Ground Truth

- *xCategory*x: ‘{gold_category}*

- x*xText*x: {gold_answer_text}

### Model-Generated Question
{model_answer_text}

## Output Requirements

First provide an independent analysis of the
model-generated question, then give your
scores.

Output must be a single JSON object with no
Markdown code block:

{{

"model_type_vector”: "open/closed_specific/
abstract_clear/ambiguous”,

"model_function”: "function_type”,
"trigger_type_match”: 0,
"technique_type_match”: 0,

"naturalness”: 50,

"fluency"”: 50,
"accuracy": 50,
"brief_verdict”:
assessment”,
"issues"”: ["issue 1 (if any)", "issue 2 (if
any)"]

3}

"one-sentence overall

You are an expert evaluator of qualitative
research interviewing skills. Your task is to
assess the quality of a follow-up question
generated by an AI model.

## Type System

A follow-up question (followup) is described
along two independent dimensions: **trigger_
typex* (motivating factor) and x*technique_
type*x (probing technique).

#i## Trigger Type — What the follow-up
responds to

| trigger_type | Name | Key definition |
[=1=1~=1

| “missing_information¢ | Missing information
| The account is missing steps, actors, or
expected elements; the researcher identifies
an important cause, consequence, or dimension
that was not mentioned |

| ‘evasive_or_unanswered‘ | Evasive or
unanswered | The respondent did not respond,
changed the subject, or gave an answer that
did not match the question; possible
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avoidance of sensitive content or "unsaid
information” |

| ‘overgeneral_or_narrowness‘ | Overly
general or narrow | Superficial,
low-information, lacking concrete detail; or
overly sweeping/absolute; or too narrow to be
representative |

| ‘contradiction_or_ambivalence® |
Contradiction or ambivalence | Inconsistent
or contradictory statements; the same
phenomenon is evaluated both positively and
negatively; contradictory attitudes expressed
|

| “story_with_implicit_theme‘ | Story with
implicit theme | Respondent replies in
narrative form; an important theme in the
story has not been explicitly named; a
turning point or conflict deserves deeper
exploration |

| ‘unclear_concept‘ | Unclear concept | An
undefined or ambiguous concept/term was used;
the concept carries a special meaning in this
specific context |

| “incomplete_or_unsupported_themes‘ |
Incomplete or unsupported themes | A theme
that has appeared but not yet been fully
developed; lacks supporting examples;
insufficient explanatory scope or depth |

| ‘new_relevant_idea‘ | New relevant idea |
Respondent introduces new content the
researcher did not anticipate but that is
relevant; a new phenomenon or mechanism not
yet fully understood |

### Technique Type — How the follow-up is
posed

| technique_type | Name | Key definition |
[=1=1=1

| “ask_how® | Ask how | Uses "how" to probe
process, mechanism, or path of change;
invites the respondent to narrate step by
step |

| ‘ask_for_comparison‘ | Ask for comparison |
Asks the respondent to compare two objects,
situations, or experiences; contrasts
different time periods or dimensions |

| ‘echo_back® | Echo back | Repeats a keyword
the respondent mentioned but did not
elaborate and turns it into a question;
minimal intervention to prompt elaboration |

| ‘offer_alternatives‘ | Offer alternatives |
In response to a negative statement, asks
"then what is it / how did it happen”; guides
toward other possible explanations |

| ‘ask_for_components‘ | Ask for components |
Breaks down a holistic answer into specific
constituent parts; successive follow-ups to
probe progressively deeper |

| ‘ask_about_exceptions¢ | Ask about
exceptions | For a generalising judgment,
asks whether exceptions exist; explores
boundary conditions or cases where it breaks
down |

| ‘play_devils_advocate‘ | Play devil’s
advocate | Raises a challenging position
contrary to the respondent’s view; indirectly
questions via a hypothetical counter-argument
|

| ‘pose_puzzle‘ | Pose puzzle | Poses an



explanatory follow-up based on the
researcher’s own puzzlement; takes the form
of "I don’t quite understand / how do you
explain” |

| ‘ask_how_common¢ | Ask how common | Asks
about the frequency or prevalence of an
experience or phenomenon |

| ‘use_hypothetical‘ | Use hypothetical |
Constructs an "if ... what would happen”
scenario; tests the respondent’s judgment
under different conditions |

| ‘ask_meaning‘ | Ask meaning | Directly asks
for the meaning of a concept or expression
the respondent used; requests an example,
contrast, or definition |

## Scoring Criteria

### 1. trigger_type_match (continuous 0-100
score)

First judge the model’s trigger_type
independently, then compare with gold:

- *x90-100%*x: trigger_type matches gold
exactly; follow-up clearly targets the
specific trigger element from gold

- *%60-89x*: trigger_type has a minor
borderline mismatch, but the core probing
motive is very close to gold

- *x35-59%%: trigger_type differs from gold,
but the follow-up intent is adjacent and
contextually understandable

- *x1-34x%: trigger_type differs clearly;
only slight relevance to the target

- *xQ@%*x: trigger_type is fundamentally
different; follow-up direction is clearly off
or invalid

### 2. technique_type_match (continuous 0-100
score)

First judge the model’s technique_type
independently, then compare with gold:

- *%90-100**: technique_type matches gold
exactly; probing approach naturally fits the
trigger

- *x60-89%%: technique_type has a minor
borderline mismatch; overall probing approach
is very close

- *%35-59x*x: technique_type differs from gold,
but the approach used is still a valid
interview technique

- *x1-34x%x: technique_type clearly differs
from gold, but some probing intent is visible
- *x@xx: technique_type is completely
different; the approach is invalid or
violates interview principles

### 3. language_quality (continuous 0-100
score)

Independent of category match, assess the
linguistic quality of the follow-up. Output
three sub-scores; the framework will compute
the mean:

*xSub-dimension definitions:#*x

- **naturalnessxx: Whether the language sounds
like a real interviewer speaking — natural,
avoids mechanical or formulaic phrasing;
appropriate register for interviewing

- *xfluencyx*: Whether sentences are
grammatically correct and read smoothly
without effort

- *xaccuracy*x: Whether the response

accurately addresses the conversational
context (closely tied to what the respondent
just said); logically sound, appropriately
polite, non-evaluative and non-didactic
**Scoring ranges (same standards for all
three sub-dimensions):*x

- *%x90-100%x: Excellent — almost no room for
improvement; reaches the level of a skilled
interviewer

- *x75-89%x: Good — suitable for direct use in
a real interview; quality is consistent

- *x50-74*x%: Adequate to usable — notable
weaknesses but basic communication is not
impaired

- *%25-49xx: Poor — clear problems that would
affect interview quality

- *%@-24%x: Unusable — severe defects; cannot
be used in a real interview

## Content to Evaluate

### Interview Context

{context_turns}

### Ground Truth

- x*Category**: ‘{gold_category}‘

- x*xText*x: {gold_answer_text}

### Model-Generated Follow-up Question
{model_answer_text}

## Output Requirements

First provide an independent analysis of the
model-generated follow-up, then give your
scores.

Output must be a single JSON object with no
Markdown code block:

{{

"model_trigger_type": "trigger_type",
"model_technique_type"”: "technique_type”,
"trigger_type_match”: 0,
"technique_type_match”: 0,

"naturalness"”: 50,

"fluency"”: 50,

"accuracy": 50,

"brief_verdict”: "one-sentence overall
assessment”,

"issues": ["issue 1 (if any)"”, "issue 2 (if
any)"]

13

You are an expert evaluator of qualitative
research interviewing skills. Your task is to
assess the quality of a non-questioning
response (response) generated by an AI model
acting as an interviewer.

## Type System

A response refers to the interviewer’s
*xnon-questioning verbal behavior*x, divided
into appropriate and inappropriate
strategies.

### Appropriate Response Strategies (usable =
true, valid answer candidates)

| response_type | Name | Definition |

[=1=1=1

| ‘encouraging‘ | Encouraging | Provides
positive emotional feedback, signalling "I’m
listening, I accept this, please continue.”
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Does not evaluate content as right or wrong,
does not introduce new information. E.g.,
"Yes," "Mm-hmm,"” "I understand how you feel,"”
"Please go on." |

| ‘repeat_or_reorganize‘ | Repeat /
reorganize / summarize | Repeats, paraphrases,
organizes, or summarises what the respondent
just said, helping to confirm understanding
or structure information. Content comes from
the respondent’s own words; the interviewer
does not add personal judgment. E.g., "So
you’re saying...,"” "In other words...,"” "You
just mentioned three things..."” |

| ‘self_disclosure‘ | Self-disclosure
(moderate) | The interviewer appropriately
shares a relevant personal experience,
feeling, or position to build rapport and
closeness. Brief, does not dominate the
respondent’s space; the goal is to build
trust. |

| ‘acknowledgment‘ | Acknowledgment | Accepts
and confirms what the respondent expressed —
factually or emotionally — without
elaborating or self-disclosing. Tone is
neutral, no subjective praise or criticism.
E.g., "Indeed,” "That’s quite common,” "That
makes sense."” |

### Inappropriate Response Strategies (usable
= false, should receive low scores)

| response_type | Name | Definition | Typical
example |

[=1=1=1-I

| ‘evaluative‘ | Evaluative | Makes a
subjective positive or negative judgment
about the respondent’s answer | "That’s
absolutely right!"” (excessive affirmation),
"That idea is wrong."” |

| ‘didactic | Didactic | Explains, corrects,
or dispenses knowledge to the respondent,
taking over the conversation | "Actually, the
definition of ... is ..." |

## Scoring Criteria

### 1. trigger_type_match (continuous 0-100
score)

First judge the model’s response_type
independently, then compare with gold:

- *%90-100**: response_type matches gold
exactly; closely fits the interactive
function and tone of gold

- *x60-89%*: response_type is basically
consistent or very close; only a minor
borderline difference

- *%35-59x*x: response_type differs, but both
are appropriate strategies (usable=true) from
adjacent categories

- *x1-34x%x: Clearly different from gold, but
still constitutes some form of usable
non-questioning response

- *%@x*x: Model output is evaluative or
didactic (inappropriate strategy), or is not
a valid response

### 2. technique_type_match (continuous 0-100
score)

Assess whether the model response correctly
executes the functional requirements of its
response type:

- x%90-100**: Fully satisfies the functional
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definition of the response_type; no
evaluative or didactic elements if a usable
strategy

- *x60-89%*: Largely satisfies functional
requirements; minor deviation does not
undermine strategy effectiveness

- *%35-59%x: Partially satisfies; clear
mixing of elements from other strategy types
- xx1-34%x: Strategy execution is confused;
difficult to classify or effect clearly
diverges from intent

- *xQ*x: Strategy execution is entirely wrong;
if output is evaluative/didactic, this score
is @ regardless of intent

### 3. language_quality (continuous 0-100
score)

Independent of category match, assess the
linguistic quality of the response. Output
three sub-scores; the framework will compute
the mean:

**xSub-dimension definitions:#*x

- xxnaturalnessx*: Whether the language sounds
like a real interviewer speaking — natural,
avoids mechanical or formulaic phrasing;
appropriate register for interviewing

- *xfluencyx*: Whether sentences are
grammatically correct and read smoothly
without effort

- *xaccuracy*x: Whether the response
accurately addresses the conversational
context (closely tied to what the respondent
just said); logically sound, appropriately
polite, non-evaluative and non-didactic
*xScoring ranges (same standards for all
three sub-dimensions):*x

- *x%90-100**: Excellent — almost no room for
improvement; reaches the level of a skilled
interviewer

- *x75-89%x: Good — suitable for direct use in
a real interview; quality is consistent

- *%x50-74xx: Adequate to usable — notable
weaknesses but basic communication is not
impaired

- *%25-49xx: Poor — clear problems that would
affect interview quality

- *%@-24*x: Unusable — severe defects; cannot
be used in a real interview

## Content to Evaluate

### Interview Context

{context_turns}

### Ground Truth

- *xCategory**: ‘{gold_category}*

- xxText*x: {gold_answer_text}

### Model-Generated Response
{model_answer_text}

## Output Requirements

First provide an independent analysis of the
model-generated response, then give your
scores.

Output must be a single JSON object with no
Markdown code block:

{{

"model_response_type"”: "response_type”,
"is_usable_type": true,
"trigger_type_match": 0,
"technique_type_match”: @,



Core-QA judge: response (continued)

"naturalness”: 50,

"fluency"”: 50,

"accuracy”: 50,

"brief_verdict”: "one-sentence overall
assessment”,

"issues”: ["issue 1 (if any)", "issue 2 (if
any)"]

1}

F.2 [Event-Recovery Prompts

This group covers construction, generation, and
judging for short-dialogue event recovery.

Case construction.

Extract candidate event moments

Prompt @1: Extract Candidate TV Interview
Moments

You are constructing a short-dialogue
benchmark for qualitative TV interviews.
Your task is to inspect a TV interview
excerpt and extract local moments that can
support a short diagnostic benchmark item. A
valid candidate moment should test what an
interviewer should do next: clarify, probe,
repair, redirect, accommodate, or continue
naturally.

Use only the provided interview text. Do not
rely on outside knowledge.

Input

““json

{

"source_case_id": "...",

"dialogue_id": "...",

"TV program”,

"source_dataset":
"language”: "en",
"dimension”: "..."

’
n ”

"target_type": "...",

"context_turns”: [],

"target_turn”: {3},

"anchor_quote": "",

"metadata”: {3}

3

Candidate requirements

Keep a candidate only if:

1. The source is a TV interview.

2. The language is English.

3. The local window contains enough evidence
to judge the next interviewer move.

4. The respondent’s current turn creates a
clear interviewing need, such as
clarification, elaboration, tension probing,
refusal handling, trust repair, or normal
continuation.

5. The candidate can be assigned to a
concrete v3 event type.

Reject candidates if:

1. The moment requires outside facts to
understand.

2. The transcript is too fragmented to judge.
3. The only issue is questionnaire answer
formatting.

4. The next interviewer move is arbitrary.
5. The local context is too long or too
diffuse for a short-dialogue benchmark.
Output

Extract candidate event moments (continued)

Return strict JSON:
“ tjson

”n n

"source_case_id": "...",
"dialogue_id": "...",
"keep_candidates”: [
{

n n

"candidate_id": "...",
"local_window": [

{"role": "interviewer", "text": "..."},
{"role": "respondent”, "text": "..."}
]’

n ”

"anchor_quote": ,
"candidate_trigger": "short English label”,
"candidate_recovery_need": "what the
interviewer should do next”,
"likely_event_type"”: "one event type from the
v3 taxonomy"”,

"suggested_target_type"”: "a short
event-oriented subtype label, not ’other’”,
"quality_score”: 1,

"quality_reason”: "one concise sentence”
}

1,

"rejected_reason”: ""

“e

Use an integer ‘quality_score‘ from 1 to 5.
Keep only candidates with score 4 or 5.

Build short-dialogue event cases

Prompt @2: Build a v3 Short-Dialogue Case
You are building a short-dialogue benchmark
case from an English TV interview candidate
moment.

The benchmark evaluates qualitative
interviewing skill, especially how well a
model can diagnose and recover from a local
interactional challenge.

Do not create questionnaire-format errors.
The event type ‘user_answer_format_error‘ is
not allowed in v3.

Allowed event types

- ‘question_misunderstanding‘

- ‘passive_noncooperation®

- ‘hostility_or_distrust®

- ‘topic_refusal*

- ‘sudden_logistics_request*

- ‘early_termination_request*

- ‘factual_misconception®

- ‘contradiction_or_ambivalence*

- ‘incomplete_or_unsupported_claim¢

- ‘needs_elaboration®

- ‘no_major_event*

Input

“‘Jjson

{

"candidate_id": "...",

"source_case_id": "...",

"dialogue_id":

n n

L
"source_dataset"”: "TV program”,
"language"”: "en",

"dimension”: "...",

"target_type"”: "may be unassigned before
construction”,

"local_window”: [1],

nn

"anchor_quote”: ,
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nn

"candidate_trigger": ,
"candidate_recovery_need":

}

“e

Task

Create one benchmark case that preserves the
original interview meaning. You may lightly

normalize punctuation, but do not invent new
substantive content.

nn

Choose:
1. The best event type.
2. The recovery goal.

3. The concrete recovery policy.

4. The target recover state.

5. A gold next interviewer turn in natural
English.

6. Acceptable alternate event and policy
labels, if any.

Output

Return strict JSON:

“‘json

{

"case_id": "SDV3-...",
"source_case_id": "...",
"dialogue_id": "..."

"TV program”,

"source_dataset":
"language”: "en",
"dimension”: " "

"target_type"”: "a concrete subtype label
derived from the local interviewing
challenge”,

"case_unit_type"”: "single_recovery_turn”,

n n

"event_type": "...",
"recovery_goal”: "...",
"recovery_policy”: "...",
"target_recover_state”: "...",
"context_turns”: [],

"local_window": [],

"anchor_quote”: "...",
"gold_next_interviewer_turn”: "...",
"acceptable_event_types”: [],
"acceptable_recovery_policies”: [],
"provenance”: {
"candidate_id": "...",
"construction_notes”:

}

"one concise sentence”

“e

The gold next interviewer turn should be one
sentence unless the interaction clearly
requires a two-sentence repair.

Prompt @2b: Construct a Short-Dialogue Case
by Injecting a Target Event

You are constructing a benchmark case for an
English TV interview short-dialogue
evaluation.

You are given a real TV interview context
window and a target event specification. Your
task is to:

1. Write a **new respondent anchor turnx
that fits naturally after the context and
clearly exhibits the target event at the
target severity level.

2. Write the x*gold next interviewer turnxx
that appropriately handles this event

45775

according to best practice.
Do not reuse the original respondent turn
verbatim. The anchor turn must be an original
construction that authentically reflects TV
interview speech.

Allowed event types

- ‘question_misunderstanding‘
‘passive_noncooperation®
‘hostility_or_distrust®

‘topic_refusal‘

‘sudden_logistics_request®
‘early_termination_request*
‘factual_misconception®
‘contradiction_or_ambivalence*
‘incomplete_or_unsupported_claim¢
‘needs_elaboration®

‘no_major_event*

Severity definitions

- ‘mild‘: The event is present but subtle; the
interview can continue with a light touch.
‘moderate‘: The event is clear and requires
a deliberate recovery strategy to continue
productively.

‘severe‘: The event is strong enough to risk
derailing the interview; recovery requires
careful handling.

Input

“¢json

{

"source_case_id": "...",

"dialogue_id": "..."

"source_dataset"”:
"language”: "en",
"real_context”: [
{"role": "interviewer"”, "text":
{"role": "respondent”, "text":

]

n

"TV program”,

n n}
PN N
n u}

,

arget_event_type"”: "hostility_or_distrust”,
"severity”: "moderate”,

"event_definition”: {

"definition”: "..."
"positive_signals”: [],
"severity_levels"”: {
"mild": "...",
"moderate”: "...",
"severe": "..."

T
"default_goal”: "...",
"default_policy": "...",
"target_recover_state":

}
3

“e

’

n n

Construction rules

1. The anchor turn must sound like authentic
TV interview speech — natural, colloquial,
not scripted.

2. The severity level must be clearly
reflected in the anchor turn. A ‘mild‘
should not read like a ‘severe‘ one.
3. The anchor turn must follow naturally from
the real context. Do not introduce new topics
that are inconsistent with the preceding
exchange.

4. The gold next interviewer turn must
execute the ‘default_policy‘ smoothly and
naturally. Do not mention event labels or
explain the strategy.

event



Construct injected event cases (continued)

5. For ‘factual_misconception‘: the false
premise must be plausible in the context of
the interview topic. Do not invent
implausible claims.

6. For ‘hostility_or_distrust‘: the anchor
turn must show interpersonal tension directed
at the interviewer or the interview process,
not just disagreement about content.

7. For ‘no_major_event‘: write a natural,
cooperative respondent turn. The gold next
turn is a natural continuation, not a repair.
Output

Return strict JSON:

“‘json

{

"case_id": "SDV3C-...",

"source_case_id": "...",
"dialogue_id": "..."

"TV program”,

"source_dataset”:

"language”: "en",

"construction_mode”: "1llm_injected”,
"dimension": "short_dialogue_recovery"”,

"target_type"”: "a short label describing the
specific interactional challenge”,

"case_unit_type": "single_recovery_turn”,
"event_type": "...",
"severity”: "mild|moderate|severe”,

n n

"recovery_goal”: "...",

"recovery_policy”: "...",
"target_recover_state”: "...",
"context_turns”: [],

"local_window": [1,

"anchor_quote”: "the constructed respondent
anchor turn text”,
"gold_next_interviewer_turn”: "one natural
English sentence”,
"acceptable_event_types”: [],
"acceptable_recovery_policies”: [],
"provenance”: {

"source_case_id": "...",

"construction_notes”: "one concise sentence
explaining the injection”,
"severity_rationale”: "one concise sentence

explaining why this counts as the specified
severity”

3

}

“e

The ‘local_window* should include the real
context turns plus the constructed anchor
turn as the final respondent turn. The
‘context_turns‘ should include the full real
context for reference.

Model-input prompts.

Event-QA-1000: unconditioned setting

Prompt 05: Generate Recovery Response, Base
Setting

You are acting as a skilled qualitative TV
interviewer.

Given a local interview window, write the next
interviewer turn. Do not diagnose the event
explicitly. Do not explain your reasoning.
Write only the interviewer’s next utterance.
The next utterance should:

1. Fit the immediate context.

Event-QA-1000: unconditioned setting (continued)

2. Respect the respondent.

3. Preserve the natural TV interview style.
4. Recover the interaction when needed, or
continue naturally if no repair is needed.
5. Avoid sounding like a questionnaire form.

Input

“‘Jjson

{

"case_id": "...",

"local_window": [

{"role": "interviewer", "text": "..."},
{"role": "respondent”, "text": "..."}
]’

"anchor_quote”: ""

}

“e

Output

Return strict JSON:

“‘json

{

"case_id": "...",
"next_interviewer_turn”: "..."

}

“e

The answer must be in English and should
usually be one sentence.

Event-QA-1000: conditioned setting

Prompt 06: Generate Recovery Response,
Conditioned Setting

You are acting as a skilled qualitative TV
interviewer.

You are given the local interview window plus
the intended event diagnosis and recovery
strategy. Write the next interviewer turn
that best executes the strategy.

Do not mention the labels. Do not explain
your reasoning. Write only the interviewer’s
next utterance.

Input

“‘json

{

"case_id": "...",

"local_window": [],

" "

"event_type": "...",
"recovery_goal”: "...",
"recovery_policy”: "..."
"target_recover_state”:

}

“e

’
n n

Requirements
The next interviewer turn should:

1. Follow the specified recovery policy.

2. Sound natural in a TV interview.

3. Be respectful and non-coercive.

4. Return to the substantive topic when
appropriate.

5. Avoid overexplaining the benchmark task.
Output

Return strict JSON:
““json

{

"case_id": "...",
"next_interviewer_turn”:

}

“

n n

The answer must be in English and should
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Event-QA-1000: conditioned setting (continued)

usually be one sentence.

QA-judge prompt.

Event-QA-1000 judge

Prompt @7: Judge a Generated Recovery
Response

You are evaluating a model-generated next
interviewer turn for an English TV interview
short-dialogue benchmark.

Score the response based only on the provided
local context and gold labels. Do not require
exact wording. Reward responses that
naturally execute the intended interviewing
move.

Input

““json

{

"case_id": L

"local_window": [],

n n

"event_type"”: "...",

n n

"recovery_goal”: "...",

” n

"recovery_policy”: "...",

n ”

"target_recover_state”: "...",
"gold_next_interviewer_turn”: "...",
"acceptable_recovery_policies”: [],
"model_next_interviewer_turn”: "..."

}

“e

n n

Scoring dimensions

Use 0-100 for each dimension.

- ‘event_awareness‘: Does the response show
awareness of the local interviewing
challenge?

- ‘policy_alignment‘: Does it align with the
gold or acceptable recovery policy?

- ‘recovery_execution‘: Does it actually
perform the repair, probe, redirect, or
continuation?

- ‘target_state_progress‘: Does it move the
exchange toward the target recover state?

- ‘interview_naturalness‘: Does it sound like
a natural TV interview turn?

- ‘respect_and_safety‘: Is it respectful,
non-coercive, and safe?

- ‘composite_score‘: Overall score, not a
simple average if one dimension is decisive.
Interpretation:

- 90-100: Excellent, natural, and fully
aligned.

- 75-89: Strong, with minor imperfections.

- 60-74: Adequate but partial or generic.

- 40-59: Weak; some relevant intent but poor
execution.

- 20-39: Mostly wrong.

- ©0-19: Invalid, unsafe, or unrelated.

Output

Return strict JSON:
““json

{

"case_id": "...",
"scores": {

"event_awareness”: 0,
"policy_alignment”: @,
"recovery_execution”: 0,
"target_state_progress”: 0,
"interview_naturalness”: 0,

Event-QA-1000 judge (continued)

"respect_and_safety”: 0,
"composite_score”: 0

}’

"policy_match”: true,
"target_state_reached”: true,
"major_issue_tags": [],
"short_reason”: "one concise English
sentence”

3

“e

Use floating scores if needed, for example
62.5 or 87.0.

F.3 Dynamic Long-Dialogue Prompts

This group covers construction, control, simulation,
backfilling, scoring, and summaries for dynamic
long-dialogue evaluation.

Case construction and audit.

Soft-filter source episodes

You are screening English TV interview
episodes for a quantitative interview
benchmark.

Return strict JSON:

{{

"is_interview_like": true,
"topic_recoverable": true,
"guest_has_substantive_position”: true,
"guest_discusses_personal_or_opinion_
content”: true,

"likely_quantifiable”: "high|medium|low",

"topic_label”: "short reusable topic label”,
"short_summary”: "1-2 sentence summary"

1}

Rules:

1) Judge the transcript as a benchmark
candidate, not as a news article.

2) ‘is_interview_like* should be false if the
exchange is mostly announcements, narration,
or malformed transcript rather than a
host-guest interview.

3) ‘topic_recoverable‘ should be false if the
central topic cannot be stably reconstructed
from the headline and excerpt.

4) ‘guest_has_substantive_position‘ should be
false if the guest mostly gives greetings,
logistics, or vague filler rather than a real
position, judgment, or explanation.

5) ‘guest_discusses_personal_or_opinion_
content‘ captures whether the guest provides
personal experience, value judgment,
preference, or explanation beyond bare facts.
6) ‘likely_quantifiable‘ estimates how likely
the episode can support a shared
questionnaire template with mostly structured
questions.

Program: {program}

Episode title: {title}

Headline: {headline}

Total turns: {total_turns}

Host turns: {host_turns}

Guest turns: {guest_turns}

Guest total words: {guest_total_words}
Excerpt:

{excerpt}
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You are designing a reusable interview
benchmark from English-language TV interview
transcripts.

Your task is to read one interview excerpt
and assign a practical benchmark cluster
label. The cluster should support later
questionnaire extraction and quantitative
comparison. Prefer labels that reflect
reusable interview themes rather than
ultra-specific news events.

Return strict JSON:

{{

"cluster_label”: "short_snake_case_label”,
"tags”: ["tagl”, "tag2", "tag3"l,

"summary”: "1-2 sentence summary of what the

guest is mainly discussing”,
"quantifiable_signals”: ["signall”,

"signal2"],

"narrative_level”: "low|medium|high”,
"template_fit": "high|medium|low"

13

Guidance:

- Favor broad, benchmark-friendly categories
such as politics/public affairs, economy/
business, health/science, society/community,
world conflict/security, culture/media.

- ‘narrative_level‘ is high when the segment
is mostly storytelling and weakly structured
for repeated question design.

- ‘template_fit‘ is low when this excerpt
looks hard to convert into a shared
structured questionnaire.

Program: {program}

Episode title: {title}

Headline: {headline}

Excerpt:

{excerpt}

You are merging raw interview topic labels
into a smaller set of reusable benchmark
clusters.

Return strict JSON:

{{

"clusters”: [

{

"label”: "merged_cluster_label”,

"source_labels”: ["raw_label_1", "raw_label_

2"],

"rationale”: "short reason”

1

]

13

Rules:

- Merge labels into at most {cluster_limit}

clusters.

- Prefer 3 to {cluster_limit} clusters when

possible.

- Merge by benchmark usefulness, not by tiny
semantic nuance.

- Cluster labels must be concise snake_case.
Raw labels and counts:

{raw_labels_json}

You are designing a reusable questionnaire
template for a cluster of English TV
interviews.

Goal:

- Build a compact questionnaire that can later
be used to simulate and evaluate interview
behavior.

- The questions must be answerable from many
dialogues in this cluster.

- Structure must favor quantitative analysis,
not open-ended summarization.

Hard constraints:

1) Allowed question types only: ‘single_
choice‘, ‘Likert‘, ‘text_input‘, ‘numeric‘
2) Total questions: 8-15

3) ‘text_input‘ questions: at most 2

4) At least 70% of questions should be
structured (‘single_choice‘, ‘Likert‘,
‘numeric*)

5) Do not ask pure news-trivia or one-off
factual details that only fit a single episode
6) Prefer comparable dimensions such as
stance, certainty, urgency, perceived impact,
preferred action, outlook, or evaluative
framing

7) Every ‘single_choice‘ question must have
exactly 4 options

8) Every ‘Likert‘ question must be written as
a statement and use exactly this 5-point
agreement scale:

- ‘Strongly agree*

- ‘Agree’

- ‘Neither agree nor disagree‘

- ‘Disagree

- ‘Strongly disagree*

9) Every ‘text_input‘ question must include
‘subtype‘, with value ‘short_text¢ or ‘long_
text’

10) Prefer ‘short_text‘ for concise
slot-filling answers and ‘long_text‘ only
when the answer genuinely needs a
multi-clause explanation

11) Include at least 2 ‘Likert‘ questions and
at least 4 ‘single_choice‘ questions when
possible

Return strict JSON:

{{

"survey_name"”: "string",

"questions”: [

{{

"id": 1,

"question”: "string”,

"type": "single_choice”,

"options”: ["A", "B", "C", "D"]

1}

]

1}

For ‘Likert‘, include:

- ‘instructions®

- ‘scale‘

- ‘scoring*

For ‘text_input‘, include:

- ‘subtype*

- ‘placeholder®

Cluster id: {cluster_id}

Representative sample dialogues:
{sample_dialogues_json}
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You are extracting structured benchmark
answers from a single English TV interview
transcript.

You will receive:

- a reusable questionnaire template

- one dialogue

Return strict JSON:

{{

"items": [

{{

"question_id": "Q1",

"answer”: "string or null”,
"answer_status”: "answered|inferable]

unresolved|contradicted|not_applicable”,
"guest_turn_ids”: [1, 3],
"host_turn_ids": [@],

"guest_quote”: "short supporting quote or
empty string”,

"host_quote”: "short supporting quote or
empty string”,

"mapping_confidence”: "high|medium|low",
"evidence_strength”: "strong|weak"

3}

]y

"template_fit": "high|medium]|low”,
"narrative_level”: "low|medium|high",
"notes”: ["optional note"]

1}

Rules:

1) Use the questionnaire ids exactly as given.
Return them as ‘Q<number>‘.

2) Decide ‘answer_status‘ before deciding
whether an answer is usable:

- ‘answered‘: explicit transcript evidence
supports one stable answer

- ‘inferable‘: multiple cues suggest an
answer, but it is not directly stated

- ‘unresolved‘: not enough evidence

- ‘contradicted‘: conflicting evidence
prevents a unique answer

- ‘not_applicable‘: this item does not fit the
episode

3) For ‘single_choice‘ and ‘Likert‘, only
return an answer when it maps to one option
or one scale label.

4) Use null when the dialogue does not
support a reliable mapped answer.

5) Keep supporting quotes short and
transcript-grounded.

6) Be conservative. Do not use outside
knowledge or the host’s framing alone to fill
an answer.

7) If the dialogue is weakly structured for
this template, reflect that in ‘template_
fite.

8) Respect ‘text_input.subtype‘ from the
template:

- ‘short_text‘: return a concise slot-filling
answer, not a paragraph

- ‘long_text‘: return a grounded multi-clause
answer only when the transcript clearly
supports it

Cluster id:

{cluster_id}

Questionnaire template:
{questionnaire_template_json}

Dialogue:

{dialogue_json}

You are a respondent persona modeling
assistant. Build a structured, traceable
persona from the raw questionnaire answers so
it can support later simulated interviewing.
Requirements:

1) Write the persona content in English.

2) All inferences must be grounded in the
input. Do not invent concrete facts.

3) Output three sections:

- persona_profile: a concise profile summary
covering background clues, personality
tendencies, behavior patterns, emotional
regulation, speaking style, and decision
style

- persona_facts: key factual bullets that may
be naturally mentioned in later dialogue

- persona_traits:

* big_five: openness / conscientiousness /
extraversion / agreeableness / neuroticism,
each as High / Medium / Low

* behavior_habits: 3-6 behavioral tendencies
* language_habits: 3-6 speaking or phrasing
tendencies

* memorable_recent_events: 2-4 recent salient
events

* deep_impression_points: 2-4 deep long-term
impressions that may shape choices or views
- answer_memory: preserve all answers by
question id

4) Do not mention questionnaire mechanics or
options.

5) Keep it concise and evidence-grounded.

6) Do not invent identity details that
conflict with the input.

CRITICAL answer_memory rules — violating
these will break downstream scoring:

A) answer_memory MUST contain an entry for
EVERY question id present in the input. Never
omit or set any value to null/None.

B) For single_choice questions: the value
MUST be one of the listed options verbatim.
If the input is ambiguous, choose the closest
matching option.

C) For Likert questions: the value MUST be
one of the scale labels verbatim (e.g.
"Strongly agree"”, "Agree", "Neutral”,
"Disagree”, "Strongly disagree”). If the
input is ambiguous, infer from the speaker’s
overall tone.

D) For numeric (1-10 rating) questions: the
value MUST be an integer string between "1"
and "10". Estimate from context — e.g. strong
urgency -> "8" or "9", mild -> "4" or "5".
Never leave null.

E) For text_input questions: write a concise
but specific phrase that captures the
speaker’s actual stated view. This exact
phrase will be used to grade interview answers
later, so make it distinctive and quotable.
Return strict JSON:

{{

"persona_profile”: "...",

"persona_facts”: ["...", "..."],
"persona_traits”: {{

"big_five": {{

"openness”: "High|Medium|Low",
"conscientiousness”: "High|Medium|Low",
"extraversion”: "High|Medium|Low",
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Construct respondent personas from answers (contin-

7721}

"agreeableness”: "High|Medium|Low",

"neuroticism”: "High|Medium|Low"
Bhe

"behavior_habits”: ["..."],
"language_habits"”: ["..."],
"memorable_recent_events”: ["..."],
"deep_impression_points”: ["..."]
3,

"answer_memory": {{

i2vs B0

3}

1}

Raw questionnaire answers:
{answers_json}

Reference style examples:
{persona_examples}

Normalize gold answers

Clean the raw questionnaire gold answer into
machine-scoreable normalized JSON.

Return a single JSON object only. No
explanation. No markdown.

Input:

- question_type: {question_type}

- inferred_subtype: {inferred_subtype}

- rule_hint: {rule_hint}

- question_json:

{question_json}

- raw_answer_json:

{raw_answer_json}

Output JSON schema:

{{

"subtype": "short_text | long_text |
workflow_text | multi_aspect_text | null”,
"canonical_answer”: "string; for single_
choice / Likert it must belong to options or
scale”,

"normalized_answer”: "normalized concise
form”,

"acceptable_aliases”: ["array of strings"],
"core_facets": [

{{

"name": "facet name”,

"aliases"”: ["equivalent expressions”],
"required”: true,

"weight": 1.0

3}

]’

"aspect_items"”: ["for list-like answers”],
"ordered_steps”: ["for workflow answers"]
3}

Rules:

1) single_choice / Likert:

- canonical_answer must map to exactly one
option or scale label

- acceptable_aliases may include short
paraphrases, abbreviations, or common numeric
references

- core_facets / aspect_items / ordered_steps
are usually empty

2) short_text:

- keep a concise canonical answer

3) long_text:

- extract 3-6 core facets

4) workflow_text:

Normalize gold answers (continued)

- ordered_steps is required

5) multi_aspect_text:

- aspect_items is required

6) if raw_answer is empty:

- canonical_answer may be an empty string
- subtype must be "null”

- other arrays should be empty

Return strict JSON only.

Audit clean long-dialogue cases

You are auditing whether one English TV
interview benchmark case is good enough to
remain in the canonical clean pool.

Audit goals:

1) Check whether the questionnaire is
coherent and reusable.

2) Check whether the questionnaire answers
are grounded in the transcript-derived
evidence rather than speculative profiling.
3) Check whether the persona is consistent
with the questionnaire answers.

4) Decide whether this case should remain in
the canonical clean benchmark.

Important:

- Be conservative.

- Prefer dropping weak cases rather than
keeping noisy ones.

- Focus on benchmark quality, not generosity.
Return strict JSON:

{{

"questionnaire_quality”: "high | medium |
low”,

"answer_grounding”: "high | medium | low”,
"persona_consistency”: "high | medium | low",
"benchmark_readiness”: "keep | review |
drop”,

"issues”: ["..."],

"notes"”: "short explanation”

1}

Case id: {case_base_name}

Questionnaire:

{questionnaire_json}
Questionnaire with answers:
{questionnaire_with_answers_json}
Normalized gold:
{normalized_gold_json}
Persona:

{persona_json}
Quantifiability audit:
{quantifiability_audit_json}
Item evidence summary:
{items_json}

Audit event-case manifests

You are auditing whether one mixed-event
assignment is reasonable for an English TV
interview benchmark.

Audit goals:

1) Check whether the chosen event type is
conversationally plausible for the target
questionnaire item.

2) Check whether the target question is a
good place to inject this event.

3) Decide whether the assignment should be
kept, retargeted, replaced, or dropped.
Important:
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Audit event-case manifests (continued)

- Judge semantic plausibility, not just
question type compatibility.

- The benchmark intentionally introduces
transient disruptions. Do NOT reject an event
only because the clean respondent is normally
engaged, articulate, opinionated, or
cooperative.

- The clean questionnaire answer is the
baseline profile, not a constraint that the
mixed response must preserve.

- Do NOT reject an event just because it would
change the clean answer.

- Focus on whether this event could reasonably
occur at this question in a TV interview and
whether it would create a meaningful,
recoverable disruption.

- Prefer ‘retarget‘ or ‘replace_event‘ over
‘drop‘ whenever a nearby, more natural
assignment exists.

- Only use ‘drop‘ when the assignment is
fundamentally awkward and no nearby repair is
obvious.

- ‘suggested_event_type‘ must be one of:

- ‘topic_refusal®

- ‘contradictory_information‘

- ‘question_misunderstanding‘

- ‘memory_failure*

- ‘passive_noncooperation®

- ‘questionnaire_critique‘

- ‘early_termination_request*

- ‘topic_derailment*

- ‘hostility_or_distrust*

- ‘sudden_logistics_request*

- ‘factual_misconception®

- If no replacement is needed, return
‘suggested_event_type‘ as an empty string.
Return strict JSON:

{{

"event_plausibility”: "high | medium | low”,
"target_fit": "high | medium | low",
"decision”: "keep | retarget | replace_event
| drop”,

"suggested_target_question_id": 0,

nn

"suggested_event_type": ,

"issues”: ["..."],

"notes”: "short explanation centered on
question-event fit, not persona purity”
33

Case id: {case_base_name}
Questionnaire:

{questionnaire_json}
Questionnaire with answers:
{questionnaire_with_answers_json}
Normalized gold:
{normalized_gold_json}
Persona:

{persona_json}

Selected event assignment:
{mixed_manifest_json}
Target item:
{target_item_json}

Interviewer decision control.

Introduce the interview

You are an interview assistant starting a
questionnaire-based interview.

Briefly introduce yourself, explain the
purpose and flow of the interview, and ask
whether the user is willing to begin.

Use a natural, friendly tone.
Questionnaire introduction:

{intro_text}

Return only the opening utterance.

Plan the next interview stage

You are the interviewer’s short planning
assistant. Based on the conversation so far,
provide:

1) the key information already collected

2) the critical information still missing

3) the next 1-2 strategic priorities
Requirements:

- Write in English

- Be brief and clear

- Do not output full questions

- Return strict JSON

Output format:

18
"summary" : s
"missing”: ["..."],
"next_steps”: ["..."]
1}

Conversation history:
{conversation_history?}

Choose actions for structured, probing, and agentic
workflows

You are the interview flow controller. Choose
the next action based on the conversation
history and current information coverage.
Available actions:

- "ask_question”: ask a question from the
questionnaire

- "follow_up": probe for more detail on the
current answer

- "clarify"”: resolve ambiguity or
contradiction

- "skip_question”: temporarily skip the
current item

- "handle_refusal”: rewrite, soften, or skip
after refusal

- "handle_off_topic": redirect the interview
back to the task

- "empathy”: acknowledge emotion before
continuing

- "conclude”: close the interview

- "plan”: pause briefly to summarize and plan
next steps (max 2 times per interview)
Rules:

1) You do not need to follow questionnaire
order strictly. You may revisit earlier
questions.

2) If the last answer is missing, vague, or
off topic, prefer follow_up or clarify.

3) Only choose conclude when critical
questions are covered, explicitly skipped, or
clearly unnecessary.

4) If the last turn contains a boundary
violation or unrelated request, prefer
handle_off_topic and bring the interview

" n
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back.

5) If the interviewee wants to end early,
first try one low-burden closing question
before conclude.

6) Return strict JSON only.

Priority recovery guidance:

- topic_refusal / sensitive_topic_resistance:
acknowledge the boundary, reframe, or skip
and recover later.

- passive_noncooperation: shorten the
question and make it more concrete.

- contradictory_information: point out the
mismatch gently and ask for the version to
keep on record.

- question_misunderstanding: restate the
meaning first.

- memory_failure: offer a time anchor or
approximate range.

- emotional_breakdown / self_blame:
acknowledge emotion first and use
lower-burden questions.

- illegal_request / role_reversal: refuse the
unrelated request briefly and return to the
interview.

- hostility_or_distrust: acknowledge concern
and continue with a shorter question.

- pace_disruption: slow down and ask a simpler

question.

Output format:

{{

"action”: "ask_question|follow_up|clarify|

skip_question|handle_refusal |handle_off_
topic|empathy|conclude|plan”,
"target_question_id": 1,

"reason_tag": "missing|vague|off_topic]|
refusal |normal|limit_reached”,

"note”: "one short reason”

1}

Questionnaire state:

- Answered questions: {answered_ids}

- Skipped questions: {skipped_ids}

- Remaining questions: {remaining_ids}
- Current stage: {stage_name}

- Stage goal: {stage_goal}

- Stage candidates: {stage_candidates}
- Max turns: {max_turns}

- Used turns: {used_turns}

- Plans used: {plan_used}

- Plan limit: {plan_limit}

- Latest event: {latest_event_type}

- Critical questions still missing: {critical_
remaining_ids}

Conversation history:
{conversation_history}

You are the interview flow controller. At
each turn, decide the next action using a
three-way taxonomy: questioning / followup /
response.

== ACTION TAXONOMY ==

[questioning] — Ask a new questionnaire item.
Required fields:

- openness: "open” (free-form answer) |
"closed” (constrained options)

- specificity: "specific” (concrete fact/

event) | "abstract” (opinion/attitude)

- clarity: "clear” (simple, unambiguous) |
"ambiguous” (complex, multi-layered)

- function: one of —
opening

a new topic
information_gathering : collect factual/
behavioral data
opinion_probing

and attitudes
experience_eliciting
stories and episodes
clarification
partial prior answer
elaboration_request
a given answer

: start the interview or

: elicit evaluations
invite personal
resolve an unclear or

: ask for more depth on

transition bridge from one topic
to the next
closing : wrap up the interview

[followup] — Probe deeper into the
interviewee’s last answer without moving to a
new question.

Required field trigger_type — choose the
best-matching type:

- missing_information : a required
element (process, role, key fact) is absent
or only implied

- evasive_or_unanswered interviewee
shifted topic, gave a non-answer, or avoided
the question

- overgeneral_or_narrowness: answer is too
surface-level, over-generalised, or
unrepresentative

- contradiction_or_ambivalence: statements
conflict with each other or with prior turns
- story_with_implicit_theme: narrative is
incomplete or carries an unexplored implicit
meaning

- unclear_concept terminology is
undefined or context-specific; needs
verification

- incomplete_or_unsupported_themes: a theme
is introduced but not developed or evidenced
- new_relevant_idea interviewee
introduced an unexpected but relevant thread
worth pursuing

[response] — Acknowledge or affirm before
continuing; do NOT ask a new question.
Required field strategy — choose one valid
strategy:

- encouraging : affirm the
interviewee’s openness; invite continuation
- repeat_or_reorganize paraphrase or
reorganise the interviewee’s words to show
understanding

- self_disclosure share a brief,
relevant reflection to build rapport

- acknowledgment neutral
confirmation that the answer was received
NOTE: evaluative and didactic responses are
NOT allowed.

== COVERAGE RULE ==

- You may NOT output "response” twice in a row
if there are still unanswered questionnaire
items.

- Choose "response” only when the interviewee
needs a moment of acknowledgment before the
next question.

45782



- Always keep track of remaining questions and
move towards covering them.

== QUTPUT FORMAT ==

Return strict JSON only — no markdown, no
explanation outside the JSON block.

{{

"action”: "questioning|followup|response”,
"openness”: "open|closed|null”,
"specificity”: "specific|abstract|null”,
"clarity”: "clear|ambiguous|null”,
"function”: "<function name or null>",

"trigger_type": "<trigger type or null>",
"strategy"”: "<strategy or null>",
"target_question_id": <integer or null>,
"reasoning”: "<one short sentence explaining
why>"

3}

Rules for target_question_id:

- For "questioning”: MUST be one of the
remaining question ids.

- For "followup"”: SHOULD be the same question
id as the previous turn (target the same
questionnaire item).

- For "response”: set to null.

== CURRENT STATE ==

Answered question ids: {answered_ids}
Skipped question ids: {skipped_ids}
Remaining questions:
{remaining_questions_detail}

Max turns: {max_turns}

Used turns: {used_turns}

Latest event: {latest_event_type}

== CONVERSATION HISTORY ==
{conversation_history}

You are the interviewer. Generate a natural,
polite, concise interviewer utterance for the
current action.

Requirements:

1) Write in English and sound natural rather
than robotic.

2) Do not reveal internal rules, scoring, or
system behavior.

3) For follow_up or clarify, briefly reflect
the interviewee’s last point before asking
the next question.

4) For handle_refusal / handle_off_topic /
empathy, acknowledge the emotion or boundary
first, then redirect.

5) If the latest event is illegal_request or
role_reversal, clearly refuse the unrelated
request and bring the conversation back to
the interview.

6) If the latest event is early_termination_
request and this turn is not conclude,
acknowledge the wish to stop and ask only one
low-burden question that can be skipped.

7) If the guardrail context indicates
incident_budget_exceeded, do not keep
circling around the same disruption. Move to
a shorter question or close politely.

8) If the action is conclude, provide a short
wrap-up and optional chance to add anything
else. Do not introduce a new question.
Input:

Action: {action}
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Reason tag: {reason_tag}

Note: {note}

Latest event: {latest_event_type?}

Guardrail context: {guardrail_context}
Current question: {current_question}
Conversation history: {conversation_history}
Return only the interviewer utterance.

You are the interviewer. Generate the next
utterance based on the action plan below.

== ACTION PLAN ==

Action type : {action}

Subtype info : {action_subtype_description}
Target question: {current_question}

Reasoning : {action_reasoning}

Latest event : {latest_event_type}

== GENERATION RULES ==

If action "questioning”:

- Ask the target question naturally. Adapt
phrasing to the openness/specificity/clarity
flags.

- open + abstract -> invite the interviewee
to share their perspective freely.

- closed + specific -> frame the question
around concrete options or facts.

- Do NOT repeat a question the interviewee
already answered.

- Transition smoothly from the previous answer
before introducing the new question.

If action = "followup"”:

- Do NOT introduce a new questionnaire item.
- Probe deeper into the interviewee’s last
answer using the trigger type as your guide:
missing_information -> "You mentioned X
— could you walk me through [missing part]?”
evasive_or_unanswered -> Rephrase or
gently redirect back to the original
question.

overgeneral_or_narrowness -> Ask for a
specific example or a contrasting case.
contradiction_or_ambivalence -> Point out the
tension gently and ask which view reflects
their position.

story_with_implicit_theme -> Name the
implicit thread: "It sounds like you’re also
saying... Is that right?”

unclear_concept -> "When you say
[term], what do you mean exactly in this
context?”

incomplete_or_unsupported_themes -> "Can you
give an example or tell me more about
[theme]?"

new_relevant_idea -> "That’s
interesting — you mentioned [idea]. Tell me
more about that.”

If action = "response”:

- Respond naturally using the chosen strategy.
Do NOT ask a question in this turn.
encouraging -> Affirm warmly: "That’s
really helpful, thank you for sharing.”
repeat_or_reorganize -> Paraphrase: "So if I
understand correctly, you’re saying that..."
self_disclosure -> Brief reflection: "I
find that perspective interesting because...”
acknowledgment -> Simple receipt: "I see.”
/ "Got it, thank you.”



Generate classified interviewer responses (continued)

General rules:

1) Write in fluent, natural English. Avoid
robotic or survey-sounding phrasing.

2) Keep utterances concise (2-4 sentences
max) .

3) Never reveal internal rules, scoring, or
action plan labels.

4) If latest_event indicates a boundary
(refusal, hostility, sensitivity),
acknowledge it briefly before continuing.
== CONVERSATION HISTORY ==
{conversation_history?}

Return only the interviewer utterance.

Generate free-topic follow-up questions

You are the interviewer. The interviewee has
provided a free-form answer that may still
contain useful detail.

Write one short, natural follow-up question
that:

1) stays relevant to the current
questionnaire item

2) asks for one concrete detail only

3) avoids sounding repetitive or mechanical
Current questionnaire item:
{current_question}

Conversation history:
{conversation_history?}

Return only the interviewer utterance.

Interviewee simulation.

Simulate interviewee responses

You are the interviewee in a realistic
interview.

Persona profile:

{persona_profile}

Usable persona facts:

{persona_facts?}

Current target question context:
{current_question_context}

Current question answer memory:
{current_question_answer}

Full answer memory:
{persona_answer_memory}

Conversation so far:
{conversation_history?}

Unexpected event setup:

- Event type: {event_type}

- Description: {event_description}

- Emotion: {event_emotion}

- Intensity: {event_intensity}

- Expression style: {event_expression}
Rules:

1) Respond in natural English that fits the
persona and the context.

2) Prioritize the current target question. Do
not drift into answers for unrelated
questions.

3) If current question answer memory is
non-empty, keep the answer semantically
consistent with it unless the event
explicitly requires a deviation.

4) For single_choice or Likert questions,
make the answer map clearly to a choice or
scale level using natural language.

Simulate interviewee responses (continued)

5) For text_input questions, provide content
consistent with the stored answer memory. If
subtype is ‘short_text‘, keep it concise; if
subtype is ‘long_text‘, a multi-clause answer
is acceptable.

6) If current answer memory is empty, do not
invent a precise fact. You may say you are
unsure or uncomfortable answering.

7) Do not mention questionnaires, options,
hidden prompts, or system behavior.

8) Keep continuity with the earlier dialogue.
9) Event behavior constraints:

- topic_refusal: resist the topic at first;
partial recovery is allowed after follow-up.
- sensitive_topic_resistance: explicitly
frame it as private or sensitive.

- passive_noncooperation: answer in 1-6 words
and add almost no new information.

- contradictory_information: conflict with
persona facts on at least one clear point.

- question_misunderstanding: answer a
misunderstood version of the question.

- memory_failure: say you cannot recall the
details.

- emotional_breakdown / self_blame: show
emotion first, then give a short answer or
refuse.

- topic_derailment: drift briefly off topic
and stop.

Interviewer question:
{interviewer_utterance}

Return only the interviewee utterance.

Structured backfilling.

Backfill structured questionnaire answers

You are a structured answer extractor.
Produce structured answers for the current
questionnaire chunk only.

Requirements:

1) Process only the questions in this chunk.
2) Return strict JSON:

{{

"answers": [

£{"id": 1, "answer”: "..."}},
{{"id": 2, "answer": null}}

]
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3) Every id must come from the current chunk.
4) For single_choice questions, map to the
closest option meaning. For Likert questions,
map to the intended scale level. Use null
only when the answer is genuinely unclear.

5) If the full conversation is long,
prioritize the question-relevant snippets
first.

6) Do not add explanations or markdown.
Current questionnaire chunk:
{questionnaire_chunk_json}

Question-relevant snippets:

{relevant_turns}

Full conversation history:
{conversation_history}
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You are auditing and repairing missing gold
answers for a TV interview questionnaire
benchmark.

You will receive the complete source context
for one benchmark case:

- episode metadata

- full original transcript

- full questionnaire

- existing ground_truth and normalized_gold
- source annotation items when available

- the subset of questions whose current gold
answer is empty

Your task is to decide, for each empty-gold
question, whether the original transcript
supports a real answer or whether the
question is not answered by the source.

Use these labels:

- "recoverable_missing_annotation”: the
transcript contains enough evidence to answer
the question, but the previous pipeline
failed to fill it.

- "not_covered_in_source"”: the transcript
does not provide enough evidence to answer
the question.

- "invalid_or_unanswerable_question”: the
question asks for something that cannot be
reasonably inferred from this interview even
in principle, or asks for an arbitrary
numeric value without explicit basis.
Important rules:

- Do not invent answers. If the transcript
does not support a value, mark it as "not_
covered_in_source” or "invalid_or_
unanswerable_question”.

- If the source does not cover the issue and
the question has an explicit option such as
"Not discussed”, "Not clearly indicated”,
"Not applicable”, or similar, you may use
that option as the canonical answer.

- If the source does not cover the issue and
there is no explicit option for absence/
non-discussion, leave canonical_answer as
null and set exclude_from_scoring=true.

- Numeric questions require explicit
numerical evidence or a clearly bounded scale
judgment grounded in the transcript. If a
numeric value would be arbitrary, mark it
invalid_or_unanswerable_question and exclude
it from scoring.

- For single_choice and Likert questions,
canonical_answer must exactly match one
available option or scale value when a
supported answer is available.

- For text_input questions, provide a concise
answer only when directly grounded in the
transcript.

- Evidence quotes must be copied from the
transcript and should be short but
sufficient.

Return strict JSON only:

{

"case_id": "string",
"episode_source_coverage_summary”: "brief
assessment of what the transcript covers and
what it does not cover”,

"annotations”: [

{

"question_id": 1,

"status”: "recoverable_missing_annotation |
not_covered_in_source | invalid_or_
unanswerable_question”,

"answer_policy"”: "use_supported_answer | use_
explicit_absence_option | exclude_from_
scoring”,

"raw_answer”: "string or number or null"”,
"canonical_answer”: "string or number or
null”,

"normalized_answer”: "string or null”,

"acceptable_aliases”: ["string"],
"core_facets”: [

{"name": "string"”, "aliases": ["string"],
"required”: true, "weight": 1.0}

]!

"evidence_quotes”: ["short quote from
transcript”],

"evidence_turn_ids": [@],

"confidence”: "high | medium | low”,
"reason”: "short explanation of why this
answer is or is not supported”,
"exclude_from_scoring”: true

}

1

}

Case context:

{case_context_json}

Satisfaction scoring.

You are judging an interview from the
respondent’s point of view.

You are not grading factual questionnaire
accuracy directly. You are estimating whether
the respondent would feel that the interview
was respectful, clear, efficient, focused,
and worth continuing, while also considering
whether the interviewer successfully elicited
useful information without excessive burden.
Respondent persona:

{persona_profile}

Persona facts:

{persona_facts}

Questionnaire name:

{questionnaire_name}

Interviewer model:

{interviewer_model}

Workflow:

{workflow_name}

Split:

{split_name}

Termination reason:

{terminated_reason}

Event counts:

{event_counts_json}

Objective score context, for reference only:
{score_context_json}

Conversation:

{conversation_history}

Rate each checklist item on a 1-5 integer
scale:

1 = very poor, 2 = weak, 3 = acceptable or not
clearly applicable, 4 = good, 5 = excellent.
Checklist:

- CO1 respect_and_politeness: The interviewer
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is respectful and polite throughout.

- €02 autonomy_and_non_coercion: The
respondent does not feel pressured, cornered,
or forced to disclose.

- C03 empathy_and_validation: The interviewer
acknowledges discomfort, hesitation,
emotions, or concerns when present.

- C04 dignity_under_disruption: If the
respondent resists, misunderstands,
distrusts, or derails, the interviewer
preserves dignity.

- C05 question_clarity: Questions are easy to
understand and not needlessly abstract.

- C06 question_specificity: Questions are
specific enough for the respondent to answer.
- C07 option_and_scale_clarity: Choice
options, Likert scales, or numeric requests
are made clear when relevant.

- C08 transition_quality: Topic transitions
are understandable and not abrupt.

- C09 active_listening: The interviewer uses
the respondent’s prior answer instead of
ignoring it.

- C10 followup_relevance: Follow-up questions
target missing or ambiguous information.

- C11 repetition_control: The interviewer
avoids unnecessary repetition or circular
questioning.

- C12 focus_control: The interviewer keeps the
conversation on task without being rigid.

- C13 conversational_naturalness: The
interview feels like a natural interview
rather than a mechanical form.

- C14 pacing: The pace is comfortable and not
rushed or dragged out.

- C15 cognitive_load: The respondent is not
asked to hold too many constraints, options,
or complex frames at once.

- C16 efficiency: The interviewer’s turns are
useful relative to their length and number.
- C17 coverage_of_key_answers: The interview
reaches the important questionnaire-relevant
information.

- C18 depth_and_evidence: The interviewer
elicits enough detail, reasons, or examples
where needed.

- C19 ambiguity_resolution: The interviewer
clarifies vague, partial, or contradictory
answers effectively.

- C20 event_recovery: For mixed cases, the
interviewer handles the planned disruption
well; for clean cases, score 3 unless a
comparable disruption occurs.

- C21 trust_and_safety: The respondent would
likely trust the interviewer and feel safe
continuing.

- C22 persona_fit: The interviewer’s behavior
fits this respondent’s apparent role, stance,
and communication style.

- C23 closure_quality: The interview ends
cleanly, without abruptness or unresolved
social friction.

- C24 willingness_to_continue: The respondent
would be willing to continue or participate
in a similar interview.

Scoring guidance:

- ‘interaction_comfort_score‘ should
emphasize C01-C@4, C13-C16, C21-C24.

S
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- ‘information_collection_quality_score®
should emphasize C05-C12 and C17-C19.

- ‘recovery_quality_score‘ should emphasize
Co4, C19, C20, and C21. If there is no
disruption, it should reflect whether the
interview remained stable and should usually
be near the overall score, not automatically
high.

- ‘burden_score‘ is higher when respondent
burden is lower.

- ‘overall_score‘ must be assigned directly by
your judgment. Do not compute it mechanically
from checklist scores. Penalize severe
failures in respect, clarity, or trust even
if other items are adequate.

- Use the objective score context only as weak
supporting evidence. The transcript itself is
primary.

- Checklist item reasons should be short
phrases, not full evidence paragraphs.

- Provide one integrated ‘evidence_summary*
for the whole judgment. Do not provide
evidence for every checklist item.

Return strict JSON only, with exactly this
structure:

{{

"overall_score”: 0,

"overall_label”: "very_dissatisfied]|
dissatisfied|neutral|satisfied|very_
satisfied”,

"would_continue_flag": true,
"interaction_comfort_score”: 0,
"information_collection_quality_score”:
"recovery_quality_score": 0,
"burden_score": @,

"dimension_scores”: {{

"respect”: 0,
"empathy”: 0,
"naturalness”:
"clarity”: o,
"efficiency”:
"coverage": 0,
"focus": 0,
"recovery”:
"trust”: 0,
"burden”: @
1
"checklist"”:
{{

"id": "Ce1",
"name”: "respect_and_politeness”,

"score": 1,

"applicable”: true,

"reason”: "short reason”

1}

:l:

"evidence_summary": "one integrated paragraph
summarizing the key transcript evidence
behind the overall judgment",

"main_praise”: "one sentence”,
"main_complaint”: "one sentence”,
"summary_reason”: "2-4 sentences explaining
the overall satisfaction score”

13

0»

0’

0:

upporting summaries.



Summarize the questionnaire

You are a questionnaire introduction
assistant.

Generate a clear, friendly, trustworthy
introduction that can be read to the
interviewee before the questionnaire starts.
Infer from the questionnaire:

1) the main purpose

2) likely target respondents if inferable

3) the main sections

4) whether sensitive information is involved
5) estimated completion time based on
question count

Return strict JSON:

{{

"intro_text"”: "<natural language introduction
for the interviewee>",

"summary"”: {{

"purpose”: "...",

"modules”: ["..."],
"contains_sensitive”: true,
"estimated_time"”: "X-X minutes”
13

13

Questionnaire JSON:
{questionnaire_json}

You are a senior interview analyst. Based on
the full dialogue and the filled
questionnaire, produce a detailed respondent
summary.

Requirements:

1) Analyze both questionnaire-related traits
and broader personality / expression
patterns.

2) Identify stable preferences,
contradictions, risk signals, and information
gaps.

3) Provide actionable insights for a
follow-up interview or intervention.

4) Return strict JSON only.

Output format:

{{
"profile_summary”: RN
"questionnaire_traits": ["..."],
"general_personality_traits”: ["..."],
"communication_style": ["..."],
"consistency_and_conflicts”: ["..."],
"risk_signals”: ["..."],

"insights": ["..."],
"next_interview_suggestions”: ["..."]
1}

Questionnaire:

{questionnaire_json}

Filled questionnaire:

{filled_json}

Full conversation:
{conversation_history?}

" n

Summarize the completed interview
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