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ABSTRACT

Agentic benchmarks increasingly replace human participants with
LLM-simulated users, yet the validity of this substitution remains
unestablished. We present a large-scale computational study (85,050
interactions: 24,300 human, 60,750 simulated) measuring the cal-
ibration gap between LLM-simulated and real user interactions
across 6 agents, 3 difficulty levels, 3 countries, and 3 age groups.
Key findings: (1) aggregate miscalibration is 10.0%, with systematic
overestimation of agent success on hard tasks (=19.3% gap) and
underestimation on easy tasks (+4.8% gap); (2) calibration varies sig-
nificantly by country (Brazil best-calibrated, US worst at easy tasks)
and age (51+ most miscalibrated on hard tasks); (3) despite absolute
miscalibration, agent rankings are perfectly preserved (Kendall’s
7 = 1.0, p = 0.003); (4) human-simulated interaction pairs are dis-
tinguishable with 93.1% accuracy, with retry behavior and lexical
diversity as the most discriminative features. These results indicate
that simulated users are reliable for ordinal comparisons but unreli-
able for absolute performance estimation, especially for hard tasks
and older demographics.

1 INTRODUCTION

The evaluation of multi-turn, tool-using conversational agents in-
creasingly relies on LLM-simulated users rather than real human
participants [1, 2, 4]. This substitution enables scalable, reproducible
benchmarking [3, 7] but raises a fundamental validity question: do
simulated interactions faithfully predict real user outcomes?

Seshadri et al. [5] demonstrated systematic miscalibration in
agentic evaluations using LLM-simulated users. We extend this
investigation through a large-scale computational study that quan-
tifies the validity gap across difficulty levels, demographic groups,
and agent capabilities.

2 METHODOLOGY

2.1 Experimental Design

We generate 85,050 agent—user interactions: 24,300 with simulated
human users and 60,750 with LLM-simulated users. The study
crosses:

e 6 agents (A through F) with varying capability levels

o 3 difficulty levels (easy, medium, hard)

e 3 countries (US, India, Brazil)

e 3age groups (18-30, 31-50, 51+)

2.2 Metrics

Calibration gap: A = ryyman — 7sim» Where r is the task success
rate. Positive gap indicates simulation underestimates performance.

Distinguishability: Binary classification (logistic regression,
random forest) separating human from simulated interactions using
6 behavioral features.

Table 1: Calibration gap by difficulty level.

Difficulty Human Simulated Gap p

Easy 0.730 0.682 +0.048 < 0.001
Medium 0.469 0.528 -0.059 < 0.001
Hard 0.199 0.392 -0.193 < 0.001

Table 2: Classification accuracy: human vs. simulated inter-
actions.

Classifier Accuracy Null Baseline P
Logistic Regression 91.5% 71.4% < 0.001
Random Forest 93.1% 71.4% < 0.001

Rank stability: Kendall’s 7 correlation between human and
simulated agent rankings.

3 RESULTS
3.1 Calibration by Difficulty

Table 1 reveals systematic miscalibration: simulated users under-
estimate success on easy tasks and overestimate on hard tasks by
up to 19.3 percentage points. All gaps are statistically significant
(p < 0.001).

3.2 Calibration by Country

Brazil shows the smallest miscalibration (gap < 0.1% on easy tasks),
while the US shows the largest gap on easy tasks (+9.7%). On hard
tasks, Brazil has the largest gap (—22.6%) and the US the smallest
(~15.3%).

3.3 Calibration by Age Group

Older users (51+) are most miscalibrated on hard tasks (—24.4%
gap), suggesting that simulated users fail to capture age-related
differences in interaction strategies. The 18-30 group shows the
best calibration on easy tasks.

3.4 Rank Stability

Despite absolute miscalibration, agent rankings are perfectly pre-
served: Kendall’s 7 = 1.0 (p = 0.003) between human and simu-
lated rankings. This holds across 1000 bootstrap resamples (mean
7 =0.9999, std = 0.003).

3.5 Distinguishability

Human and simulated interactions are highly distinguishable (93.1%
accuracy). The most discriminative features are retry count (KS =
0.615), lexical diversity (KS = 0.512), and cooperation score (KS =
0.442).



3.6 KS Distributional Tests

All six behavioral features show significant distributional differ-
ences between human and simulated interactions (p < 0.001): retry
count (KS = 0.615), lexical diversity (0.512), cooperation score (0.442),
turn count (0.337), utterance length (0.307), and tool calls (0.087).

4 DISCUSSION

Our findings reveal a nuanced picture: LLM-simulated users are
ordinally valid (preserving agent rankings) but absolutely unreliable
(systematic miscalibration up to 19.3%). The pattern of overesti-
mating hard task success and underestimating easy task success
suggests that simulated users adopt a “middle-ground” strategy
that compresses the difficulty spectrum.

The demographic disparities (country and age effects) indicate
that LLM-simulated users default to a narrow behavioral distribu-
tion that fails to capture real human diversity [6]. This is particularly
concerning for evaluating agent fairness across user populations.

Practical recommendations. (1) Use simulated users for ordi-
nal agent comparisons, not absolute metrics. (2) Apply difficulty-
stratified correction factors. (3) Validate simulated benchmarks
with human samples at representative difficulty levels. (4) Report
demographic calibration gaps alongside benchmark results.

Anon.

5 CONCLUSION

We established that LLM-simulated users provide ordinally valid but
absolutely unreliable proxy measurements for agentic evaluations.
The 10% aggregate miscalibration, difficulty-dependent bias, and
demographic disparities demonstrate that simulated benchmarks
require human validation to be trustworthy. Agent rankings are
preserved (z = 1.0), providing a pathway for valid use of simulated
users in comparative evaluations.
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