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Abstract

Evaluating conversational agents typically re-
quires human participants, a process that is
costly and difficult to scale. LLM-based user
simulators and LLM-as-a-judge evaluators of-
fer a promising alternative, but how close they
are to replacing real users remains unclear. We
study this through a human user study (52
participants) and a simulated user study (four
LLM-based simulators) applied to an experi-
mental conversational sales agent, comparing
LLM-as-a-judge assessments against human
self-reported ratings. The results show that
none of our simulators fully replicates human
interaction patterns, and none of the LLM-
based evaluators shows strong correlation with
human ratings on real dialogues. We provide
practical guidelines for combining automated
and human evaluation, identifying key areas for
improvement and highlighting when real-user
studies remain essential.

1 Introduction

With the growing deployment of conversational
agents, the need for scalable and reliable evalua-
tion methods has become increasingly important.
Human evaluation remains the gold standard, but is
costly, time-consuming, and difficult to reproduce.
Two automated approaches have gained popularity
with the rise of LLMs: LLM-based user simula-
tors, extending earlier simulation-based methods
originally used for training dialogue systems via
reinforcement learning (Levin et al., 2000), and
LLM-as-a-judge evaluators, which assess dialogue
quality automatically in zero or few-shot settings,
without the need to train dedicated evaluation mod-
els (Lin and Chen, 2023; Zheng et al., 2023b; Li
et al., 2024). Yet these automated approaches are
built on assumptions about user behaviour that may
not generalise to real-world interactions: if simu-
lated users do not behave like real ones, or if LLM
judges do not align with human judgments, evalu-
ation results may be misleading. Validating such

automated pipelines against real user data predates
LLMs (Georgila et al., 2020), but the emergence
of LLM-based simulators and judges reopens this
question at a larger scale and across new evaluation
settings.

In this work, we empirically investigate whether
human testers can be replaced by an automated
pipeline combining LLM-based user simulators
and LL.M-as-a-judge evaluators, asking: (1) how
well simulated dialogues resemble real user inter-
actions, (2) how reliably LLM-based evaluators
align with human judgments, and (3) whether au-
tomated pipelines can predict real user perception
of agent configuration changes. As a testbed, we
use a conversational sales agent for smartphone
selection, studied through two complementary se-
tups: a human user study (52 participants) and a
simulated user study (four LLM-based simulators
with injected persona characteristics).

Our main contributions are: (i) a large-scale em-
pirical comparison of simulated and real user in-
teractions across four LLM-based simulators and
five evaluation dimensions; (ii) a systematic vali-
dation of LLLM-as-a-judge evaluators against real
user self-reported ratings, comparing an external
(LLM-as-observer) and user-perspective (LLM-
as-participant) judge roles; (iii) evidence that fully
automated pipelines can generate false sensitivity
signals and fail to reliably predict real user per-
ception of agent configuration changes; and (iv)
practical guidelines for combining automated and
human evaluation in production settings.

The rest of the paper is organized as follows.
Section 2 reviews related work. Section 3 describes
our evaluation methodology. Section 4 presents
quantitative and qualitative results, followed by
practical implications for industry. Sections 5 and 6
conclude the paper and discuss future directions.
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2 Related Work

LLM-based user simulators have emerged as a scal-
able alternative to human participants in dialogue
evaluation (Murakhovs’ka et al., 2023; Kim et al.,
2025), but recent studies consistently reveal a sim-
to-real gap (Zhou et al., 2026). Simulated users
differ from humans in linguistic style (Ivey et al.,
2024, Hathidara et al., 2026; Zhu et al., 2025), be-
havioural dimensions such as conversation strategy
and engagement (Wang et al., 2025), and response
quality that degrades over turns while human re-
sponses progressively improve (Lu et al., 2025).
LLM simulators tend to be excessively cooperative
and lack realistic frustration or ambiguity (Zhou
et al., 2026), while human-Al pairs fail to form sta-
ble communicative conventions (Jones et al., 2026).
Moreover, outcomes are sensitive to the choice of
base LLM (Buck-Kaeffer et al., 2026; Zhu et al.,
2025), and evaluations relying on simulated users
produce miscalibrated agent assessments (Seshadri
et al., 2026; Zhou et al., 2026). While simulators
conditioned on rich user profiles can partially close
this gap (Dou et al., 2025), fully replicating human
interaction patterns remains an open challenge.

LLM-as-a-Judge approach has been proposed
as a scalable alternative to human judges (Zheng
et al., 2023a; Li et al., 2024), though reliability
remains model and context dependent (Lu et al.,
2025). LLM judges tend to agree more with each
other than with human raters (Mukherjee et al.,
2026; Thakur et al., 2025), and design choices
such as grading scale can substantially affect align-
ment (Li et al., 2026). Drawing on persona assign-
ment in LLMs (Tseng et al., 2024) and evidence
that participants and observers may evaluate con-
versations differently, depending on the evaluation
dimension (Street Jr et al., 1988; Tsuta et al., 2023;
Georgila et al., 2020), we distinguish between an
LLM-as-observer (external expert analyst) and an
LLM-as-participant (user perspective) judge roles.

While LLM-based simulators and LLM judges
have been studied largely in isolation, validation of
complete automated pipelines against real human
interactions and judgments remains limited. We
address this gap through a large-scale comparison
across multiple simulators, evaluation dimensions,
and judge roles.

3 Evaluation Methodology

We describe the four components of our evaluation
methodology: the conversational sales agent, the

human user study, the simulated user study, and the
evaluation framework.

3.1 Conversational Sales Agent

We use an experimental conversational sales agent
that assists customers in choosing a smartphone,
subscription plan, and accessories. The agent is
powered by GPT-40-mini!, the model used in our
company’s production setup.

We evaluate its two agent configurations to as-
sess whether findings from simulated evaluations
transfer to real human dialogues: (1) the Base
agent, which focuses solely on helping the cus-
tomer meet their goals and is equivalent to our
current production system; and (2) the Proactive
agent, which additionally proposes a premium
phone alternative after the customer accepts the
initial offer, as an up-sell strategy.

3.2 Human User Study

We conducted an online user study, recruiting 52
volunteers via email invitations sent to colleagues
and acquaintances. Participation was voluntary,
anonymous, and estimated at one hour. Participants
were informed they would be interacting with an
Al agent in English; 83% reported being comfort-
able or fluent in English, and the remaining 17%
declared a decent proficiency level.

Each participant completed four conversations
with the sales agent in a randomized order (task
descriptions in Appendix A): two agent configura-
tions (Base and Proactive) x two task types (low
and high precision of needs), yielding 52 x4 = 208
dialogues. Technology proficiency (tech-savvy vs.
average/low-tech), assessed via pre-survey, deter-
mined the high-precision tasks: tech-savvy partici-
pants were assigned tasks involving more advanced
and typically more expensive phone models, while
others were assigned less advanced phone mod-
els at comparable specificity. Low-precision tasks
provided only vague requirements (e.g., camera
properties, larger storage).

After each conversation, participants rated their
experience on a 5-point Likert scale across five
dimensions: goal achievement, satisfaction, help-
fulness, proactiveness, and naturalness (questions
in Appendix B). Ratings were collected after the
dialogue interface was replaced by an evaluation
screen, to capture overall impressions rather than

1https://platform.openai.com/docs/models/
gpt-4o0-mini
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analytical re-reading. After all four conversa-
tions, participants completed a demographic ques-
tionnaire and a brief assertiveness measure struc-
turally similar to the Rathus Assertiveness Sched-
ule (Quillin et al., 1977), capturing behavioural
tendencies relevant to up-selling interactions.

Participant profiles showed notable imbalances:
predominantly male (63.5%), tech-savvy (57.7%),
and highly assertive (73.1%). Age groups were
skewed toward 25-34 (38.5%) and 35-44 (34.6%),
with smaller shares of 45-54 (15.4%), 55-64
(7.7%), 18-24 and 65+ (1.9% each).

3.3 Simulated User Study

We generated a pool of 100 simulated user per-
sonas representing customers of our organisation
using Claude 3.5 Sonnet v22, the strongest model
available in our enterprise environment at the time.
Each persona included demographic attributes (age,
gender, family status, hobbies, devices and tele-
com services), a shopping goal with context, and
four conversation scenarios defined by assertive-
ness level and precision of needs (high or low),
with balanced gender and diverse age groups. Full
details, including validation that simulators follow
the assigned persona, are provided in (Gromada
et al., 2025). The dataset of personas, goals, and
scenarios is publicly available.?

From this pool, 52 personas were matched one-
to-one with human participants, preserving distri-
butions of age, gender, technology proficiency, and
assertiveness. Each persona completed four inde-
pendent conversations (context reset between runs):
two agent configurations x two precision levels.

Simulators were built by injecting the persona
profile, goal, and scenario into the system prompt,
instructing the model to stay in persona, simulate
realistic purchasing behaviour, and converse in En-
glish. Conversations ended when the simulator
emitted a FINISHED token, signalling the goal was
achieved or deemed unachievable, with a hard limit
of 70 turns, never reached in practice. The full
prompt template is in Appendix C.

We implemented four simulator variants to in-
teract with the GPT-4o0-mini-based sales agent. To
avoid potential interaction bias between models of
the same family, we selected three Google models:

2https://www.anthropic.com/news/
claude-3-5-sonnet

3https://huggingface.co/datasets/Orange/
PersonasForSalesbot

Gemma-3-12b-it*, Gemini-2.0-flash, and Gemini-
2.5-flash’. GPT-40-mini, from OpenAl, was ad-
ditionally included to explicitly probe this effect.
Three runs per setting were generated to account for
stochasticity, yielding 624 dialogues per simulator
(52 personas x 2 precision levels x 2 configurations
x 3 runs) and 2496 total simulated dialogues.

3.4 Evaluation Framework

Dialogue analysis We analyse dialogue structure
(turn count, utterance length) and task success rates
across real and simulated users.

We also measure three linguistic properties. Lex-
ical diversity is measured using the Moving Aver-
age Type-Token Ratio (MATTR) (Covington and
McFall, 2010), ranging from O (no diversity) to
1 (maximum diversity) and robust to differences
in text length. Question ratio is the proportion of
turns containing at least one question mark, used
as a proxy for information-seeking behaviour. Se-
mantic similarity measures how closely simulated
dialogues resemble real dialogues in content. Each
dialogue is represented by a single embedding,
computed by encoding every user turn with all-
MiniLM-L6-v2 (Reimers and Gurevych, 2019) and
averaging the resulting turn embeddings. We then
compute cosine similarity between dialogue em-
beddings: for real dialogues, we average similarity
over all unique pairs of real dialogues, excluding
self-pairs, giving a self-similarity baseline; for sim-
ulated dialogues, we average similarity between
each simulated dialogue and all real dialogues.

Human ratings As described in Section 3.2, par-
ticipants rated their dialogues across five dimen-
sions: user satisfaction, bot helpfulness, natural-
ness, proactiveness, and goal achievement, on a
5-point Likert scale, serving as ground truth for
LLM-based assessment. User satisfaction and goal
achievement are widely used dimensions in task-
oriented dialogue evaluation (Walker et al., 1997),
while bot helpfulness, naturalness and proactive-
ness are relevant dimensions in sales contexts.

LLM-based assessment We employ LLM
judges across the same five dimensions in two roles:
LLM-as-observer, acting as an external expert ana-
lyst, and LLM-as-participant, embodying the judge
in a first-person perspective. Prompts are in Ap-
pendix D. Both roles are applied to real dialogues

4https://huggingface.co/google/gemma—3—12b—it
Shttps://ai.google.dev/gemini-api/docs/models
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and compared against human ratings to assess align-
ment; the LLM-as-participant role is additionally
applied to simulated dialogues to analyse how rat-
ings vary across agent configurations.

Model selection for each dimension follows prior
validation studies (Gromada et al., 2025, 2026)
on simulated dialogues with expert annotators, us-
ing Spearman correlation (Table 1). Unlike that
study, where annotators observed generated con-
versations, the current study validates LLM-based
ratings against self-reported ratings from real users
who participated in the dialogues. The same set of
models is used in both roles of LLLM judge.

Dimension LLM evaluator p

User Satisfaction Qwen2.5-14B 0.78
Bot Helpfulness Qwen2.5-32B 0.64
Bot Naturalness Llama-3.1-8B 0.52
Bot Proactiveness Selene-1-Mini-Llama-8B  0.63
Goal Achievement  Selene-1-Mini-Llama-8B  0.79

Table 1: LLM evaluators selected via validation stud-
ies (Gromada et al., 2025, 2026) on simulated dialogues
with expert annotators (Spearman p). Full benchmark-
ing in Appendix E.

Qualitative analysis Beyond quantitative mea-
sures, we draw insights from open-ended partici-
pant comments collected in the human user study,
and from manual inspection of real and simulated
dialogues alongside their LLLM-based ratings, fo-
cusing on patterns and discrepancies between auto-
mated and human assessments.

4 Results

Our results address three core questions: (i) how
well simulated dialogues resemble real user inter-
actions; (ii) how reliably LLM-based evaluators
align with human judgments on real user dialogues;
and (iii) whether automated pipelines can predict
real user perception of sales agent configuration
changes.

4.1 Quantitative results

4.1.1 Simulated vs. Real User Dialogues

We compare simulated and real user dialogues
through structural, linguistic, and task-level charac-
teristics, summarized in Table 2.

Mean dialogue length is similar across groups
(29-36 turns), but real user dialogues show con-
siderably higher variance (SD=17, range: 6-98)
than all simulators (SD: 6-9), suggesting simulated

users follow more predictable interaction patterns.
GPT-40-mini produces the shortest dialogues.

User utterance length varies considerably across
simulators. Gemma-3-12b most closely matches
real users (58 chars mean for both), while Gemini-
2.5-flash produces notably longer utterances (331
vs. 58 chars), unlikely to reflect natural behaviour.

All simulators fall below the real user system-
reported success rate (89.4%), ranging from 59.6%
(Gemini-2.5-flash) to 81.1% (Gemma-3-12b). For
real users, the system-reported success rate exceeds
the user-reported one (89.4% vs. 82.7%), suggest-
ing the system overestimates task completion.

Lexical diversity (MATTR) scores are close
across conditions (simulators: 0.77-0.83; real
users: 0.82). Gemini-2.5-flash achieves the clos-
est mean (0.83) but lowest variability (SD=0.02);
Gemma-3-12b shows the lowest mean (0.77) but
highest variability (SD=0.08), more closely mirror-
ing real users.

The question ratio is consistently higher for sim-
ulators (0.49-0.53) than for real users (0.38). This
indicates that simulated users ask more questions
within individual turns, likely reflecting their goal-
driven information-gathering strategy. The excep-
tion is Gemma-3-12b, which most closely aligns
with real users (0.39).

Semantic similarity to real dialogues ranges from
0.46 to 0.48 across simulators, only slightly be-
low the real-user self-similarity baseline of 0.52.
Gemini-2.0-flash and GPT-40-mini are closest to
the baseline (0.48 each), while Gemma-3-12b is
furthest (0.46), yet the differences are small.

Overall, while Gemma-3-12b best mimics real
users in utterance length, task success, lexical diver-
sity, and question ratio, no simulator consistently
replicates human behaviour across all dimensions.

4.1.2 LLM-Human Rating Alignment

We assess alignment between LLM-based evalu-
ators, using dimension-specific models selected
in our validation study (Table 1), and human
self-reported ratings on real user dialogues. Ta-
ble 3 presents Spearman correlations (n=208) for
both judge roles (LLM-as-observer and LLM-as-
participant), alongside results from a prior valida-
tion studies (Gromada et al., 2025, 2026) where the
same models were evaluated against expert annota-
tors on simulated dialogues.

Correlations drop notably compared to prior val-
idation across all dimensions, especially for User
Satisfaction (0.78 — 0.37) and Bot Proactive-
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Metric / Dimension | Real ‘

Simulated Users

\ Users \ Gemma-3-12b  Gemini-2.0-flash  Gemini-2.5-flash  GPT-40-mini
Dialogue Characteristics
Total dialogues | 208 | 624 624 624 624
Dialogue Structure
Length [#turns]: mean &= SD 34+ 17 32+6 36 +7 35+9 20+ 6
Length [#turns]: median 32 32 36 36 28
Length [#turns]: range 6-98 14-54 20-64 18-70 13-56
Utterance Characteristics
User [#chars]: mean £+ SD 58 + 49 58 +44 98 + 67 331 £ 262 126 £ 72
User [#chars]: range 1-300 2-404 2-412 2-2927 0479
Agent [#chars]: mean + SD 509 +413 413 4+ 290 471 4+ 320 657 + 458 502 + 356
Task Success
System-reported [%] 89.4 81.1 74.2 59.6 65.4
User-reported [%] 82.7 - - - -
Linguistic Characteristics
MATTR: mean £ SD 0.82 £+ 0.07 0.77 £ 0.08 0.80 + 0.04 0.83 +0.02 0.80 £ 0.04
Question ratio: mean + SD 0.38 +0.22 0.39 £0.14 049 £0.12 0.50 £ 0.16 0.53 £ 0.15
Semantic similarity: mean 0.52° 0.46 0.48 0.47 0.48

Table 2: Dialogue characteristics for real users (n = 208) and simulated users (n = 624 each). System-reported
success based on automated evaluation; user-reported based on participant self-assessment. Semantic similarity is
computed between simulated and real dialogues; for real users, this is a self-similarity baseline.

Dimension LLM-as- LLM-as- | Prior
participant  observer

User Satisfaction 0.37 0.29 0.78

Bot Helpfulness 0.21 0.22 0.64

Bot Naturalness —0.01 —0.01 0.52

Bot Proactiveness 0.16 0.07 0.63

Goal Achievement 0.38 0.39 0.79

Table 3: Spearman correlation between LLM eval-
vators and human ratings on real user dialogues
(n=208). LLM-as-participant: user perspective. LLM-
as-observer: third-party evaluation. Prior: validation
on simulated dialogues with expert observers (Gromada
et al., 2025, 2026).

ness (0.63 — 0.16). LLM-as-participant tends
to slightly outperform LLM-as-observer, suggest-
ing the user perspective helps capture user-relevant
aspects. Bot Naturalness is the most resistant, with
near-zero correlation (p = —0.01) for both roles,
suggesting that perceived naturalness is largely in-
accessible from dialogue text alone. This reflects
a fundamental limitation: human ratings capture
internal cognitive and affective states not fully ex-
pressed in dialogue, while LLM evaluators access
only surface-level signals (Hua and Artzi, 2024).
Overall, correlations with human ratings remain
moderate (p < 0.39), with Goal Achievement and
User Satisfaction showing the strongest alignment
and Bot Naturalness proving the most challeng-
ing. The drop from prior validation, shown in the

Prior column of Table 3, highlights the challenge of
generalising from simulated to real user dialogues.

4.1.3 Base vs. Proactive Agent Configuration

We examine whether an automated pipeline, com-
bining simulated users with LLM-as-participant
evaluators, can predict how real users perceive
changes in sales agent behaviour.

Rating differences between sales agent config-
urations (Proactive vs. Base) across five quality
dimensions (user satisfaction, bot helpfulness, bot
naturalness, bot proactiveness, and goal achieve-
ment) were analysed using cumulative link mixed
models (CLMM) (Christensen, 2019) with a ran-
dom intercept per participant (or persona), account-
ing for the repeated-measures structure of the study.
This approach directly models the ordinal Likert
scale and avoids normality assumptions required
by parametric alternatives, and yields an odds ratio
(OR) per dimension. An OR compares the odds
of a higher rating under one configuration versus
the other, with OR=1 indicating no difference. P-
values were adjusted for multiple comparisons us-
ing the Holm correction within each test family.
Non-significant effects were further examined us-
ing two-one-sided-tests (TOST) equivalence test-
ing (Lakens, 2017) to distinguish true null effects
from insufficient power.

Table 4 presents per-dimension odds ratios and
paired effect sizes (Cohen’s d,) for two sales agent
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Real Users \ Simulated Users (pooled)
Dimension OR [95% CI] P (PHolm) d, \ OR [95% CI] P (PHolm) d,
User Satisfaction 0.8910.52,1.52] 0.669 (1.00) —0.02 | 0.68 [0.58,0.80] <0.001 (<0.001) —0.58
Bot Helpfulness 0.90[0.52,1.55] 0.698 (1.00) —0.01 | 0.50[0.42,0.59] <0.001 (<0.001) —1.04
Bot Naturalness 0.5910.33,1.05] 0.071 (.283) —0.27 | 0.51[0.43,0.60] <0.001 (<0.001) —1.11
Bot Proactiveness 1.76 [1.03, 3.02]  0.038 (.191) +0.31 | 0.74 [0.64,0.86] <0.001 (<0.001) —0.54
Goal Achievement  0.64 [0.36, 1.12]  0.118 (.355) —0.12 | 0.94[0.80, 1.12] 0.514 (0.514) —0.17

Table 4: CLMM rating differences and paired effect sizes (Cohen’s d.) for sales agent configurations: Proactive
vs. Base for real users (n = 52; 208 dialogs) and simulated users (n = 52; 2496 dialogs). OR>1 favors Proactive;
OR<1 favors Base. d, > 0 favors Proactive; d, < 0 favors Base. CLMM: rating ~ condition + (1]id), logit link.
p: raw p-value, with Holm-corrected p-value (pgoim) in parentheses, corrected within each 5-test family. Raw
p-values are shown in bold when p < .05 Full d, confidence intervals in Appendix F.2; per-simulator breakdown in

Appendix F.1.

configurations: Proactive vs. Base, for both real
and simulated users, with the simulated-user results
pooling all four simulators. For real users, ratings
are self-reported; for simulated users, ratings are
provided by LLM-as-participant evaluators (best
model per dimension; see Table 1). Appendix F
provides additional detail: per-simulator break-
downs (Table F.1), full effect-size details with con-
fidence intervals and magnitude classifications (Ta-
ble F.2), and TOST equivalence tests (Table F.3).
Real users show no statistically significant differ-
ence between configurations across all dimensions
after Holm correction (CLMM,; all corrected p >
0.05), with negligible to small effect sizes (Co-
hen’s d,: 0.01 to 0.31). Simulated users show the
same direction on three dimensions, but with far
larger, significant effects: Bot Naturalness (real:
OR=0.59, not significant; simulated: OR=0.51
[0.43, 0.60], p < 0.001, d,=-1.11), Bot Helpful-
ness (real: OR=0.90, not significant; simulated:
OR=0.50 [0.42, 0.59], p < 0.001, d,=—-1.04), and
User Satisfaction (real: OR=0.89, not significant;
simulated: OR=0.68 [0.58, 0.80], p < 0.001, d,=—
0.58). Given these small, non-significant real-user
effect sizes, this directional agreement carries lim-
ited evidentiary value. This is confirmed by TOST
tests, which show that these real-user nulls can-
not be interpreted as true zero effects (pequiv >
0.05 in each case; see Appendix F.3 for the full
set), whereas the corresponding simulated effects
are clearly distinguishable from zero (|d.| > 0.57).
Goal Achievement instead shows a true null in
both settings (real: OR=0.64 [0.36, 1.12], p=0.118;
simulated: OR=0.94 [0.80, 1.12], p=0.514, effect
size negligible), consistent with it being the most
factual dimension, relating to concrete task com-
pletion rather than subjective states, which may
explain why it is the only one reliably captured by

LLM evaluators. Bot Proactiveness, the dimension
most directly tied to the agent configuration change,
is the one case where real users show any direc-
tional signal at all (OR=1.76 [1.03, 3.02], though
not significant after correction), and it is exactly
here that simulated users diverge, showing a sig-
nificant effect in the opposite direction (OR=0.74
[0.64, 0.86], p < 0.001, d,=—0.54).

At the per-simulator level (Appendix F.1), all
four simulators agree in direction with the pooled
simulated model on four of five dimensions, with
Gemini-2.5-flash the most conservative, as no di-
mension survives correction individually. This
makes Gemini-2.5-flash the closest to the real-user
null pattern, though this apparent proximity should
be interpreted cautiously given the wide confidence
intervals around the real-user estimates. For Bot
Proactiveness, all four simulators diverge from
real users in the same direction, and this diver-
gence reaches significance only once simulators
are pooled, indicating that no simulator-evaluator
combination, individually or pooled, offers a reli-
able substitute for real users on this dimension.

Overall, with our current models and prompt-
ing settings, the combination of user simulators
and LL.M-based evaluators cannot reliably predict
real user perception of agent configuration changes.
It produces large-effect sensitivity signals where
real-user evidence is inconclusive, and reverses
the positive (though non-significant) trend on Bot
Proactiveness.

4.2 Qualitative Observations

We complement the quantitative findings with qual-
itative observations, examining how real and simu-
lated users differ in their interaction patterns, and
how human and LLM-based evaluators differ in
their rating behaviour.
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4.2.1 Interaction Patterns

Unlike simulated users who follow a task-oriented
script, real users engage more freely: they question
agent outputs, demand justifications (e.g., "why
do you suggest this model?"), challenge wording
like "may be better"” or "the best", request com-
parisons and niche details, and bring prior device
experience and price sensitivity into the conversa-
tion. They face cognitive costs when composing
messages, leading to more concise and purpose-
ful communication, explaining the higher variance
in dialogue length (Section 4.1.1). They are also
sensitive to response delays, message length, and
verbosity, e.g., "There is way too much text, it’s
overwhelming. It feels like information overload
instead of a helpful summary.", reactions absent in
simulated interactions.

4.2.2 Rating Patterns

Human and LLM-based evaluators differ notably in
rating behaviour. Human participants show broader
score ranges and higher variability. LLM-based
evaluators, by contrast, exhibit positivity bias and
limited response range, avoiding extreme negative
ratings regardless of dialogue quality (Appendix G).
This conservative rating behaviour suggests that
with our current models and prompting settings,
LLM judges systematically underestimate variance
in real user experience, further limiting their ability
to detect meaningful differences across conditions.

4.3 Practical Implications for Industry

Our results reveal key limitations of automated eval-
uation and offer concrete guidance for deploying
conversational agents in sales-related contexts.

Among simulators evaluated with our current
settings, no single model consistently replicates
human behaviour across all dimensions: utter-
ance length, task success rate, and lexical diver-
sity vary substantially. Simulators should be vali-
dated against real user dialogues before being re-
lied upon, as they miss critical dimensions of real
user behaviour. Simulator logic should be enriched
with response perception elements (e.g., reacting to
message length and verbosity), experience-driven
decision-making, realistic price negotiation, and
explicit reasoning steps; few-shot examples can
further improve fidelity.

LLM-based evaluators tend to exhibit positivity
bias and limited response range, systematically un-
derestimating variance in real user experience. Cal-
ibration functions should be considered to correct

this bias, and dimensions such as Bot Naturalness
treated with particular caution, as they remain inac-
cessible to automated evaluation with our current
settings.

Fully automated pipelines can generate false sen-
sitivity signals. We recommend a hybrid approach:
automated pipelines for development and testing,
and real-user studies for validating changes to de-
ployed conversational agents.

5 Conclusions

We presented a systematic evaluation of automated
pipelines for assessing conversational sales agents,
combining LL.M-based user simulators and evalua-
tors, validated against a human user study. With our
current settings, both components face significant
limitations: no simulator consistently replicates
human interaction patterns across all checked di-
mensions, and LLM-based evaluators suffer from
positivity bias, reduced performance on real user
dialogues, and near-zero alignment with human
ratings on dimensions such as Bot Naturalness.
Simulation-based approaches remain valuable
for stress-testing agent behaviour, identifying sys-
tematic errors, and generating dialogues for manual
inspection during development. Automated eval-
uation can also reliably measure more objective
aspects such as task success and Goal Achieve-
ment. However, for validating subjective dimen-
sions of user experience (satisfaction, naturalness,
perceived proactiveness) and for assessing the im-
pact of agent configuration changes in production
systems, real-user studies remain essential.

6 Future Work

Future work will focus on validating our findings in
real deployment settings, where users interact with
the agent organically rather than in a controlled
study. We also plan to explore more sophisticated
automated evaluation methods to better capture sub-
jective user experience, such as reasoning-based
LLM evaluators or classical ML-based approaches
trained to extract richer signals from dialogue text.
Another promising direction involves implement-
ing statistical models that simultaneously consider
multiple dialogue characteristics for more rigorous
real-vs-simulated comparison.

Limitations

This study is subject to several limitations that
should be considered when interpreting the find-
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ings.

Human User Study The sample is small and
linguistically constrained, with demographic im-
balances in gender (approximately 3:2), age, and
technological proficiency, and is disproportionately
composed of individuals with Al-related occupa-
tions and frequent Al users, introducing selection
bias toward more Al-familiar respondents. Partic-
ipants were asked to adopt the role of someone
interested in purchasing a smartphone rather than
acting on a real need, which may have affected en-
gagement and interaction style. Engaging in multi-
ple similar interactions may additionally have led
to fatigue or attention decline, impacting response
consistency despite randomised scenario order. Fi-
nally, although the study was conducted in English,
all participants were non-native speakers who rated
their proficiency as sufficient, which may have in-
fluenced interaction quality and conversational flu-
idity.

Simulated User Study Unlike human partici-
pants, who carry memory, fatigue, and emotional
state across conversations, each simulated persona
conducted conversations independently with con-
text reset between them. This fundamental differ-
ence may affect the comparability of human and
simulated interactions, as real users may be influ-
enced by prior conversations in ways that simula-
tors cannot replicate.

LLM-based Evaluation The LLM evaluators
were selected based on a prior validation study
conducted on simulated dialogues with expert an-
notators, and their performance drops substantially
on real user dialogues, as reported in Section 4.1.2.
Furthermore, the evaluation is limited to textual
signals, and dimensions such as Bot Naturalness re-
main largely inaccessible to automated assessment.

Experimental Setup The experiment was con-
ducted in a single domain (telecommunica-
tions), with a single agent and within a single-
configuration contrast, which may limit the gen-
eralisability of the research findings.
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A Human Studies - Tasks

Two tasks with low precision of needs; universal for all participants:

B

1. Your Xiaomi Redmi 13C 5G is not serving you well anymore. So you’re looking for a new phone

with better camera capabilities. You need reliable device and larger storage capacity. Feel free to ask
for more options if you’re curious — you don’t have to go with the first offer the bot suggests. It’s
optional and completely up to you.

2. Your Samsung Galaxy AS53 is not serving you well anymore. So you’re looking for a new phone

with better camera capabilities. You need reliable device and larger storage capacity. Feel free to ask
for more options if you’re curious — you don’t have to go with the first offer the bot suggests. It’s
optional and completely up to you.

Two tasks with high precision of needs; for participants with high digital literacy:

1. You want to upgrade to the new iPhone 16 Pro 256GB 5G. You want high storage capacity for files,

photos, and apps, and you care about camera quality at a professional level. Seamless sync with your
Apple devices is essential. Feel free to ask for more options if you’re curious — you don’t have to go
with the first offer the bot suggests. It’s optional and completely up to you.

2. You want to upgrade to the new Xiaomi 15 Ultra 5G 16/512GB. You want high storage capacity for

files, photos, and apps, and you care about camera quality at a professional level. Seamless sync
with your Apple devices is essential. Feel free to ask for more options if you’re curious — you don’t
have to go with the first offer the bot suggests. It’s optional and completely up to you.

Two tasks with high precision of needs; for participants with average/low digital literacy:

1. Your current phone no longer meets your everyday needs, so you’re looking for a reliable phone

with dual SIM, long battery life, and smooth performance for communication and entertainment:
you’re considering Xiaomi Redmi Note 14 Pro+ with 512GB of storage. Feel free to ask for more
options if you’re curious — you don’t have to go with the first offer the bot suggests. It’s optional and
completely up to you.

2. Your current phone no longer meets your everyday needs, so you’re looking for a reliable phone with

dual SIM, long battery life, and smooth performance for communication and entertainment: you’re
considering Samsung Galaxy A56 with 256GB of storage. Feel free to ask for more options if you’re
curious — you don’t have to go with the first offer the bot suggests. It’s optional and completely up to
you.

Human Studies - Rating Questions

The following five statements were rated by participants on a five-point Likert scale according to their
level of agreement:

» [ was able to achieve my goal in this interaction.

[ am satisfied with this conversation, I feel positive about this conversation.

* Assistant was helpful and addressed most of my needs with relevant information and solutions.
* The assistant was proactive addressing my needs with good suggestions and guidance.

* The assistant’s responses felt natural and human-like for me.
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C Simulator Prompt

# User Simulation Instructions

## Your Role

You are simulating {name} - a real customer interacting with

an {enterprise_name} mobile sales assistant. Behave as authentically as

possible. Never reveal you are an AI. Never break character.

Maintain consistent persona traits throughout the conversation. Respond naturally as the defined
persona would.

## Simulation Parameters
- **PERSONA*x* : {identity}

**%GOAL** {goal}
- xxSCENARIOxx: {conversation_scenario}
— **xDATE**: {date}

- **xEND_WORD**: {end_word}

## CRITICAL FORMATTING RULE
Every message MUST start with {name}{separator} - no exceptions.

- Correct: {name}{separator} your message...

- Correct: {name}{separator} your message... [FINISHED]

- Incorrect: [REJECT_OFFER] message...

- Incorrect: {name}{separator} {name}{separator} message...

Tags ([ACCEPT_OFFER], [REJECT_OFFER], etc.) always go at the
END of your message, never at the beginning.

Input format: assistant_name{separator}assistant_message
Output format: {name}{separator}your_message

## Behavioral Guidelines

1. *xCommunication Stylex*

- Communicate in {language} for ALL messages - no exceptions

- Only mix languages if PERSONA is explicitly described as
bilingual or multilingual - living in a non-English country
does NOT make a PERSONA bilingual

- Match assertiveness level from SCENARIO

- Follow precision level from SCENARIO

- Align language with PERSONA background

- Stay within GOAL and SCENARIO requirements parameters

- Stay focused on your GOAL - only discuss relevant
products and services

2. x*General Response Guidelines#*x
- Keep responses aligned with PERSONA traits
- Reference GOAL in key decisions
- Keep responses short and natural
- Do not repeat what has
already been said
- You are a CUSTOMER, not a sales agent:
* Express your needs and react to proposals
* Do NOT suggest products, plans, or pricing to the assistant
* Let the assistant do the selling

- Reveal information gradually:

* Start with your most essential requirement only

* Do not mention your occupation, lifestyle, or usage context
in your first message - share it only when the assistant asks
or when it becomes naturally relevant

* Reveal budget, contract preferences, and additional needs
as the conversation naturally calls for them

* More assertive personas may reveal requirements earlier,
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but still not all at once

Only use information from PERSONA, GOAL, and SCENARIO -
do not invent or assume anything not provided

If the assistant clearly confirms something is unavailable,
accept that answer - do not rephrase and ask the same question again

. **Conversation Ending Rules*x

Send END_WORD as the LAST element of your final message

Correct: {name}{separator} Thank you, goodbye! {end_word}

Correct: {name}{separator} {end_word}

Incorrect: {name}{separator} {end_word} Thank you!

Incorrect: {name}{separator} [ACCEPT_OFFER] Great, let's proceed. {end_word}

NEVER send END_WORD in the same message as [ACCEPT_OFFER]

or [ACCEPT_REC] - always wait for the assistant to acknowledge

before ending:

* Turn N: {name}{separator} [ACCEPT_OFFER] I'm satisfied, let's proceed.
* Turn N+1: assistant confirms and optionally provides a shopping link

* Turn N+2: {name}{separator} Thank you, goodbye! {end_word}

End the conversation when:

* Successful: your goal is achieved and the assistant
has acknowledged - say goodbye naturally

* Unsuccessful: the assistant cannot help you - react
according to your PERSONA and end with END_WORD

4. x*Decision Process*x

Evaluate all proposals against SCENARIO requirements only
PERSONA traits may inform your communication style, but
SCENARIO requirements drive your decisions

Work towards GOAL completion

Use the decision style described in SCENARIO

. *xTags*x
Add a tag at the end of your message, on a new line, if applicable:

* [ACCEPT_OFFER] - fully satisfied with the offer, ready to proceed

* [REJECT_OFFER] - not satisfied with the offer

* [ACCEPT_REC] - accepting a recommendation

* [REJECT_REC] - declining a recommendation

* [FINISHED] - conversation is complete (successful or unsuccessful)

The tag must reflect your message naturally - never write
a message just to justify a tag
If no tag applies, do not add one

. **xBudget Rules**
Use currency based on PERSONA location if not specified

If budget.amount is specified and described as "monthly”:
* Your budget covers total monthly cost (plan + device combined)

If budget.amount is null and described as "reasonable”:
* Use current monthly_spend as your reference point
* Adjust based on income level:

- High income: can go somewhat above current spend

- Middle income: stay close to current spend

- Low income: try to stay at or below current spend

Budget flexibility:
* STRICT: reject anything above stated amount
* FLEXIBLE: consider offers up to 20 percent above budget

When a phone is presented with a total price and you have

a monthly budget:
* Roughly estimate if the phone leaves room for a plan
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within your budget - do not calculate exact installments
* If feasible: tentatively accept and ask about plan options
* If clearly not feasible: reject based on budget
* Always ask the assistant for the total monthly breakdown
before making a final decision

7. **Contract Rules#*x
- STRICT: only accept the specified contract type
- FLEXIBLE: consider alternatives if they are clearly beneficial

8. **Requirements Management**

- Start by communicating only your essential requirements

- Keep flexible requirements hidden until relevant:
* Reveal them when additional products/services are proposed
* Reveal them when specific questions are asked
* Reveal them when alternatives are being discussed

9. x*Device Knowledgex*
- Your device knowledge comes from PERSONA description and
may be outdated or incomplete
- If the assistant mentions a newer model than you expected:
* Show genuine surprise and interest
* Be open to adjusting your goal towards the newer model
if it fits your needs and budget
* Ask questions before making a decision
* Do not stubbornly stick to your original goal -
a real customer would be curious about better options

10. **Naturalness and Conversation Flowxx

- Ask one or two questions at a time - never send a long list
of questions in a single message

- Wait for the answer before asking the next question

- Reveal your needs gradually - do not dump all requirements,
budget, and concerns at once

- Stay focused on your goal - do not drift into peripheral topics
(store addresses, scripts, appointment booking) as a substitute
for making a decision

- Once phone, plan, and total monthly cost are confirmed within
your budget, move towards a decision - do not keep inventing
new questions or concerns

- Match your response length to the situation - a simple
confirmation deserves a short reply

- Follow a natural conversation arc:
explore, ask key questions, compare, decide
Do not get stuck in an endless loop of minor clarifications

D Evaluation Prompts

D.1 User Satisfaction
D.1.1 User Satisfaction by LLM-as-observer

You are an expert conversation analyst evaluating a real customer interaction
with a sales assistant selling phones, offers, accessories,
and additional services.

The conversation you will evaluate involves a real user.
Note that real users often write very short messages

" "

(e.g., "cheap”, "yes", "Samsung”) this is normal and expected.

The conversation:
{conv_history}
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Your task is to estimate how satisfied the user likely was with this conversation.

Please use the following scale:

- rating *x1%x: Completely not satisfied

- rating **2*x: Rather not satisfied

- rating *x3%x: Neither satisfied nor unsatisfied
- rating **4*xx: Rather satisfied

- rating *x5%x: Very satisfied

**Required Output Format:x

{{
"rating”: int, // a single number on the scale of 1 to 5.
"justification”: str, // explain key interactions or phrases that led to this rating

33

D.1.2 User Satisfaction by LL.M-as-participant

Imagine you are the user in this conversation.
You have just finished talking with an assistant
selling phones with offers, accessories and additional services.

The conversation you just had:
{conv_history}

Reflecting on your experience as the user in this conversation,
please rate the following statement:

"I am satisfied with this conversation,
I feel positive about this conversation.”

Please use the following scale:

- rating *x1%x: Completely not satisfied

- rating **2xx: Rather not satisfied

- rating **3*x: Neither satisfied nor unsatisfied
- rating xx4xx: Rather satisfied

- rating **5%x: Very satisfied

**xRequired OQutput Format:*x

{{
"rating”: int, // a single number on the scale of 1 to 5.
"justification”: str, // explain from the user's perspective
// what made you feel this way
13

D.2 Bot Helpfulness
D.2.1 Bot Helpfulness by LLM-as-observer

You are an expert conversation analyst evaluating a real customer interaction
with a sales assistant selling phones, offers, accessories,
and additional services.

The conversation you will evaluate involves a real user.
Note that real users often write very short messages

n "

(e.g., "cheap”, "yes", "Samsung”) this is normal and expected.

The conversation:
{conv_history}

Your goal is to rate *xthe helpfulness*x of the sales assistant bot based on the conversation.
The bot is helpful when it addresses customer needs with relevant information and solutions.

Please use the following scale:
- rating *x1xx: Completely not helpful
- rating **2*x: Rather not helpful
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- rating **x3xx: Neither helpful nor unhelpful
- rating *x4%x: Rather helpful
- rating *x5%x: Very helpful

**xRequired Output Format:#*x

{
"rating”: int, // a single number on the scale of 1 to 5.
"justification”: str, // explain key interactions or phrases that led to this rating
//
// IMPORTANT: This is a JSON string value.
// - The entire justification must be on one line
// - If you need to include a quote within the text, escape it: \”
// - Do NOT use single quotes (') for the outer string
// - Do NOT use line breaks within the justification
13

D.2.2 Bot Helpfulness by LLM-as-participant

Imagine you are the user in this conversation.
You have just finished talking with an assistant selling phones with offers, accessories and
additional services.

The conversation you just had:
{conv_history}

Reflecting on your experience as the user in this conversation, please rate the following statement:
"Assistant was helpful and addressed most of my needs with relevant information and solutions.”

Please use the following scale:

- rating *x1xx: Completely not helpful

- rating *x2%x: Rather not helpful

- rating **3xx: Neither helpful nor unhelpful
- rating *x4%x: Rather helpful

- rating xx5%x: Very helpful

**Required Output Format:=x

{{
"rating”: int, // a single number on the scale of 1 to 5.
"justification”: str, // explain from the user's perspective
// what made you feel this way
//
// IMPORTANT: This is a JSON string value.
// - The entire justification must be on one line
// - If you need to include a quote within the text, escape it: \"
// - Do NOT use single quotes (') for the outer string
// - Do NOT use line breaks within the justification
1}

D.3 Bot Naturalness
D.3.1 Bot Naturalness by LLM-as-observer

You are an expert conversation analyst evaluating a real customer interaction
with a sales assistant selling phones, offers, accessories,
and additional services.

The conversation you will evaluate involves a real user.
Note that real users often write very short messages
(e.g., "cheap"”, "yes"”, "Samsung") this is normal and expected.
The conversation:

{conv_history}

Your goal is to rate *xthe naturalness*x of the sales assistant based on the conversation.
Sales assistant' naturalness refers to how much his responses sound natural, fluid, and human-like,
making interactions feel more genuine and comfortable for users.

778




Please use the following scale:

- rating *x1%x: Completely artificial

- rating **2xx: Rather not natural

- rating *x3xx: Neither natural nor artificial
- rating x*4xx: Rather natural

- rating **5%x: Very natural

**xRequired Output Format:#*x

{
"rating”: int, // a single number on the scale of 1 to 5.
"justification”: str, // explain key interactions or phrases that led to this rating
//
// IMPORTANT: This is a JSON string value.
// - The entire justification must be on one line
// - If you need to include a quote within the text, escape it: \"
// - Do NOT use single quotes (') for the outer string
// - Do NOT use line breaks within the justification
13

D.3.2 Bot Naturalness by LL.M-as-participant

Imagine you are the user in this conversation.
You have just finished talking with an assistant selling phones with offers, accessories and
additional services.

The conversation you just had:
{conv_history}

Reflecting on your experience as the user in this conversation, please rate the following statement:
"The assistant's responses felt natural and human-like for me."”

Please use the following scale:

- rating *x1xx: Completely disagree

- rating *x2%x: Rather disagree

- rating **3xx: Neither agree nor disagree
- rating *x4xx: Rather agree

- rating xx5%xx: Completely agree

**Required Output Format:xx
{{
"rating”: int, // a single number on the scale of 1 to 5.
"justification”: str, // explain from the user's perspective
// what made you feel this way
// describe only the assistant naturalness,
// skip overall naturalness of the conversation and
// your naturalness

// IMPORTANT: This is a JSON string value.

// - The entire justification must be on one line

// - If you need to include a quote within the text, escape it: \"
// - Do NOT use single quotes (') for the outer string

// - Do NOT use line breaks within the justification

13

D.4 Bot Proactiveness

D.4.1 Bot Proactiveness by LL.M-as-observer

You are an expert conversation analyst evaluating a real customer interaction
with a sales assistant selling phones, offers, accessories,
and additional services.

The conversation you will evaluate involves a real user.
Note that real users often write very short messages

" ”

(e.g., "cheap”, "yes", "Samsung”) this is normal and expected.

The conversation:
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{conv_history}

Your goal is to rate **the proactivenessx* of the sales assistant based on how well it:
- Anticipates customer needs

- Suggests relevant products/services

- Takes initiative in the conversation

- Makes appropriate follow-up recommendations

- Guides the customer through the sales process

Please use the following scale:

- rating *x1%x: Not at all proactive

- rating *x2xx: Rather not proactive

- rating *x3%x: Neither proactive nor not proactive
- rating xx4xx: Rather proactive

- rating x*5%x: Very proactive

**xRequired Output Format:#*x

{{
"rating”: int, // a single number on the scale of 1 to 5.
"justification”: str, // explain key interactions or phrases that led to this rating
//
// IMPORTANT: This is a JSON string value.
// - The entire justification must be on one line
// - If you need to include a quote within the text, escape it: \"
// - Do NOT use single quotes (') for the outer string
// - Do NOT use line breaks within the justification
1}

D.4.2 Bot Proactiveness by LL.M-as-participant

Imagine you are the user in this conversation.
You have just finished talking with an assistant selling phones with offers, accessories and
additional services.

The conversation you just had:
{conv_history}

Reflecting on your experience as the user in this conversation, please rate the following statement:
"The assistant was proactive addressing my needs with good suggestions and guidance.”

Please use the following scale:

- rating *x1xx: Not at all proactive

- rating **2*x: Rather not proactive

- rating **3xx: Neither proactive nor not proactive
- rating **4xx: Rather proactive

- rating *x5%x: Very proactive

**Required Output Format:xx

{{
"rating”: int, // a single number on the scale of 1 to 5.
"justification”: str, // explain from the user's perspective
// what made you feel this way
//
// IMPORTANT: This is a JSON string value.
// - The entire justification must be on one line
// - If you need to include a quote within the text, escape it: \"
// - Do NOT use single quotes (') for the outer string
// - Do NOT use line breaks within the justification
1}

D.5 Goal Achievement
D.5.1 Goal Achievement by LLM-as-observer

You are an expert conversation analyst evaluating a real customer interaction
with a sales assistant selling phones, offers, accessories,
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and additional services.

The conversation you will evaluate involves a real user.
Note that real users often write very short messages

n "

(e.g., "cheap”, "yes", "Samsung”) this is normal and expected.

The conversation:
{conv_history}

Your goal is to assess **whether the customer achieved their goalx* during the conversation.

Please use the following scale:

- rating *x1%x: The customer was completely unable to achieve his goal

- rating *x2xx: The customer was mostly unable to achieve his goal

- rating **3*x: The customer neither achieved nor failed to achieve their goal
- rating *x4xx: The customer mostly achieved his goal

- rating *x5%x: The customer fully achieved his goal

**xRequired Output Format:#*x

{{
"rating”: int, // a single number on the scale of 1 to 5.
"justification”: str, // explain key interactions or phrases that led to this rating
//
// IMPORTANT: This is a JSON string value.
// - The entire justification must be on one line
// - If you need to include a quote within the text, escape it: \"
// - Do NOT use single quotes (') for the outer string
// - Do NOT use line breaks within the justification
33

D.5.2 Goal Achievement by LLM-as-participant

Imagine you are the user in this conversation.
You have just finished talking with an assistant selling phones with offers, accessories and
additional services.

The conversation you just had:
{conv_history}

Reflecting on your experience as the user in this conversation, please rate the following statement:
"I was able to achieve my goal in this interaction.”

Please use the following scale:

- rating *x1*x: I was completely unable to achieve my goal
- rating **2xx: I was mostly unable to achieve my goal

- rating *x3*x: Neither agree nor disagree

- rating *x4xx: I mostly achieved my goal

- rating **5*x: I fully achieved my goal

**xRequired Output Format:*x

{{
"rating”: int, // a single number on the scale of 1 to 5.
"justification”: str, // explain from the user's perspective
// what made you feel this way
13
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E LLM Benchmarking Results from Prior Validation Study

Evaluator User Bot Bot Bot User Goal
Satisfaction Helpfulness Naturalness Proactiveness | Achievement

Commercial Models

GPT-ol 0.76 0.71 0.24 0.71 0.76
GPT-01-mini 0.73 0.66 0.55 0.62 -
GPT-03 0.71 0.67 0.51 0.56 0.71
GPT-03-mini 0.73 0.65 0.50 0.65 0.80
GPT-04-mini - - - - 0.76
GPT-40 0.80 0.76 0.45 0.58 0.78
Claude 3.5 Sonnet v2 0.82 0.73 0.48 0.68 0.73
Claude 3.7 Sonnet 0.71 0.71 0.48 0.69 0.76
Open-Source Models

Qwen2.5-7B 0.68 0.55 0.28 0.54 0.77
Qwen2.5-14B 0.78 0.59 0.42 0.57 0.75
Qwen2.5-32B 0.68 0.64 0.31 0.63 0.64
Llama-3.1-8B 0.64 0.57 0.52 (*) 0.55 0.76
Selene-1-Mini-Llama-8B 0.65 0.61 0.46 0.65 0.79
DeepSeek-R1-Distill-Qwen-7B 0.55 0.44 0.15 0.38 0.77
DeepSeek-R1-Distill-Qwen-14B 0.72 0.63 0.19 0.49 0.77
DeepSeek-R1-Distill-Llama-8B 0.73 0.52 0.17 0.44 0.77

Table 5: Complete benchmarking results of LLM evaluators against human annotations (n=104 dialogues, except
*n=92 for Llama-3.1-8B naturalness) from prior validation studies (Gromada et al., 2025, 2026). All values represent
Spearman correlation coefficients (p). Bold indicates best performance within each category (commercial/open-
source).
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F Bot Performance: Baseline vs. Proactive Configuration. Cumulative Link Mixed
Models (CLMM) analysis.

F.1 CLMM analysis: per simulator

Gemma-3-12b Gemini-2.0-flash Gemini-2.5-flash GPT-40-mini

Dim. OR D PHolm OR P PHolm OR p PHolm OR p PHolm

User Sat. 0.52 <0.001 0.001 055 <0.001 0.004 080 0213 1.00 0.88 0.436 1.00
Bot Help. 0.37 <0.001 <0.001 044 <0.001 <0.001 0.74 0.076 0.609 044 <0.001 <0.001
Bot Nat. 039 <0.001 <0.001 040 <0.001 <0.001 062 0.032 0352 052 <0.001 0.005
Bot Proact. 0.72  0.047 0469 0.64 0.005 0.056 0.73 0.058 0.519 0.78 0.106 0.740
Goal Ach. 0.79  0.197 1.00 092  0.662 1.00 0.88 0475 1.00 1.15 0428 1.00

Table 6: Per-simulator breakdown of odds ratios (OR) and p-values for Proactive vs. Base, by dimension and
simulator (n = 312 dialogs per configuration, per simulator). Raw p-values are shown in bold when p < .05;
Holm-corrected p-values (within the 20-test per-simulator family) are shown in parentheses. No Bot Proactiveness
or Goal Achievement cell survives Holm correction at the per-simulator level.

F.2 Effect sizes

Dimension Real Users (n=104) Simulated Users (Pooled, n=624)
User Satisfaction —0.02 [—0.29, 0.25] (negligible)  —0.58 [—0.87, —0.28] (medium)
Bot Helpfulness —0.01 [—0.28, 0.26] (negligible) —1.04 [—1.38, —0.70] (large)
Bot Naturalness —0.27[—0.54, 0.01] (small) —1.11 [—1.45, —0.76] (large)
Bot Proactiveness +0.31 [0.03, 0.59] (small) —0.54 [—0.83, —0.25] (medium)

Goal Achievement —0.12[—0.39, 0.15] (negligible) —0.17 [—0.44, 0.11] (negligible)

Table 7: Effect sizes (Cohen’s d.,, paired) for Proactive vs. Base, by dimension. Negative values favor Base; positive
values favor Proactive. Magnitude labels (negligible/small/medium/large) follow Cohen’s conventions for paired
designs.

F.3 TOST Equivalence Tests

Dataset Dimension Observed d, Eq.bound TOSTp: TOST p2 Verdict
User Satisfaction —0.022 0.2 0.103 0.057  not equivalent
Bot Helpfulness —0.012 0.2 0.091 0.006  not equivalent
Real Users Bot Naturalness —0.265 0.2 0.680 < 0.001 not equivalent
Bot Proactiveness 0.311 0.2 < 0.001 0.787  not equivalent
Goal Achievement -0.114 0.2 0.280 0.013  not equivalent
User Satisfaction —0.572 0.2 0.996 < 0.001 not equivalent
Simulated Users Bot Helpfulness —1.039 0.2 > 0.999 < 0.001 not equ@valent
(pooled) Bot Naturglness —1.106 0.2 > 0.999 < 0.001 not equ¥valent
Bot Proactiveness —0.573 0.2 0.991 < 0.001 not equivalent
Goal Achievement —0.166 0.2 0.405 0.005 not equivalent

Table 8: TOST equivalence tests for Proactive vs. Base differences, by dataset and dimension. Equivalence bound:
d, = $0.2 (small effect). pequiv = max(p1, pa2); Pequiv < -05 indicates that the observed effect is statistically
equivalent to zero (i.e., falls within the equivalence bounds). None of the comparisons reach equivalence: for
real users, this reflects inconclusive null effects (insufficient precision to confirm equivalence); for the pooled
simulated-user model, this reflects large effects that exceed the equivalence bounds.

783



G Ratings distribution on real user dialogues

Bot helpfulness (by human), SD = 1.0
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Figure 1: Distribution of human and LLM-as-a-judge ratings (n=208) of dialogues with real users, with standard
deviation (SD).
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