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Abstract—Prompt-based evaluation is widely used to analyze
the behavior of LLM-based agents, but high agreement in
such evaluations can be difficult to interpret. When agents
respond similarly to the same prompt, the agreement may
reflect genuine behavioral similarity, but it may also reflect
prompt-set design that leaves little room for agent policies
to diverge. This paper studies this issue by examining how
prompt category affects the discriminative power of prompt-
based agent evaluations.

Rather than benchmarking production-grade agents, we con-
duct a controlled empirical study with four controlled agent
variants built over the same base model and shared sandboxed
tool environment. We evaluate the variants on 32 prompts
across four categories: benign/trivial prompts, direct tool re-
quests, ambiguous/indirect prompts, and risky/over-specified
prompts. For each run, we record tool-use behavior, response
strategy, refusal or clarification behavior, and task outcome,
then compute prompt-level behavior collapse and prompt-level
disagreement, reported as the Discriminative Prompt Ratio
(DPR).

The results show that prompt categories differ substantially
in their ability to expose cross-agent behavioral variation.
Benign/trivial prompts and direct tool requests produced high
agreement and low discriminative power in this controlled
setting. In contrast, ambiguous and risky prompts exposed
more variation in clarification behavior, refusal behavior, and
partial compliance. These findings suggest that benchmark
agreement should not automatically be interpreted as evidence
of behavioral similarity; some prompt categories may simply
suppress observable differences.

The paper argues that prompt composition should be treated
as a measurement variable in prompt-based agent evaluation.
When the goal is to differentiate agent behavior, benchmark
analyses may benefit from reporting not only aggregate out-
comes but also prompt-category composition and discrimina-
tive coverage.

Keywords—LLM agents; prompt-based evaluation; benchmark
design; discriminative power; tool use

1. INTRODUCTION

Large language model (LLM) agents are increasingly eval-
uated as systems that reason, decide, and act in interactive
environments. Unlike standalone text-generation models, agent

systems may call tools, follow multi-step instructions, interact
with users or external environments, and make safety-relevant
decisions. As a result, recent work has introduced benchmarks
for evaluating LLLMs as agents across interactive tasks, multi-
turn settings, tool-use environments, and more realistic user-
agent workflows [1]-[4]. These evaluations are important
because they provide a way to compare agent capabilities, tool-
use behavior, decision making, and safety-related outcomes.
However, prompt-based agent evaluation carries an implicit
measurement assumption. When multiple agents respond sim-
ilarly to the same prompt, the result is often treated as evidence
that the agents behave similarly; when they respond differently,
the difference is attributed to agent design, model capability, or
safety policy. This interpretation may not always hold. Prompts
themselves can vary in how much room they provide for
behavioral differences to appear. A prompt with an obvious
answer or an explicitly specified action may produce high
agreement even among agents that would diverge under more
ambiguous or risk-sensitive conditions. In this sense, prompt
composition should be treated as a measurement variable, not
merely as a collection of test inputs.

This concern connects two lines of prior work. Agent bench-
marks have increasingly emphasized realistic interaction, tool
use, progress tracking, safety, and risk awareness [2], [3], [5],
[6]. At the same time, work on benchmark validity argues
that evaluation results must be interpreted in terms of what
the benchmark actually measures, while work on prompt
underspecification and clarification shows that prompt wording
can leave room for multiple valid but inconsistent behaviors
[7]-[11]. Together, these lines of work suggest a gap in current
evaluation practice: although prompt sets are widely used
to evaluate agents, less attention has been paid to whether
different prompt categories have different discriminative power
for revealing cross-agent behavioral differences.

This paper studies that gap through the following research
question: RQ: How does prompt category affect the dis-
criminative power of prompt-based evaluations for con-
trolled LLM-based agents? We conduct a focused controlled
study with four agent variants: a direct tool-calling base-
line, a ReAct-style agent, a planner-executor agent, and a
conservative/risk-aware agent. All variants use the same base
model and shared sandboxed tool environment. We evaluate
them on 32 prompts across four categories: benign/trivial
prompts, direct tool requests, ambiguous/indirect prompts, and
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risky/over-specified prompts. Rather than ranking agents, we
measure whether each prompt category exposes observable
behavioral differences among the controlled variants.

Our results suggest that prompt category affects observable
cross-agent differentiation. Benign/trivial prompts and direct
tool requests produced high agreement and low discriminative
power in our controlled setting. In contrast, ambiguous and
risky prompts were associated with more behavioral vari-
ation, especially in clarification behavior, refusal behavior,
and partial compliance. The clearest contrast in the aggregate
results appeared across prompt categories rather than across
agent variants. These findings suggest that high benchmark
agreement should not automatically be interpreted as evidence
of behavioral similarity among agents.

This paper makes three contributions. First, it frames bench-
mark agreement as an interpretation problem: high agreement
may reflect prompt-set design rather than genuine behavioral
similarity among agents. Second, it provides a controlled
empirical study showing that prompt categories differ in their
ability to reveal cross-agent behavioral differences. Third, it
argues that prompt-set discriminative coverage, summarized
here using the Discriminative Prompt Ratio (DPR), can com-
plement aggregate outcomes when the evaluation goal is to
differentiate agent behavior. The goal is not to propose a
comprehensive benchmark, but to highlight a methodological
issue in how prompt-based agent evaluation results should be
interpreted.

2. BACKGROUND

2.1 LLM-Based Agents

LLM-based agents are systems that use a language model
as the central reasoning or decision-making component while
extending it with mechanisms for action. Depending on the
system design, an agent may call external tools, maintain
memory, plan over multiple steps, interact with users, or ob-
serve and modify an external environment. This distinguishes
agent evaluation from ordinary text-generation evaluation: the
object of evaluation is not only the generated text, but also the
agent’s choices about when to act, what tool to use, whether
to ask for more information, and how to respond to constraints
in the environment [1], [4].

Several common agent patterns are useful for describing the
controlled variants in this paper. A direct tool-calling agent
attempts to map the user request to an available tool action
with minimal intermediate reasoning. This style is useful as a
baseline because it makes tool-use decisions relatively explicit.
A ReAct-style agent interleaves reasoning and acting, using
intermediate reasoning steps to decide which action to take
and how to respond to observations [12]. A planner-executor
agent separates task decomposition from execution: a planning
component identifies a sequence of intended steps, while an
execution component carries out or revises those steps. These
categories are simplified descriptions rather than mutually
exclusive system classes, but they provide a vocabulary for
discussing agent behavior in controlled experiments.
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2.2 Prompt-Based Agent Evaluation

Prompt-based evaluation assesses an agent by presenting it
with input prompts and observing the resulting behavior. In
agent settings, the observed behavior may include a final
answer, a tool call, a refusal, a clarification request, a plan,
or a sequence of intermediate actions. Existing LLM-agent
benchmarks use prompts or task descriptions to evaluate
capabilities such as task completion, tool use, multi-turn
progress, interaction with stateful environments, and adherence
to policies or safety constraints [2], [3], [5], [6].

In this setting, prompts act as evaluation stimuli. They de-
fine the task context, specify or imply an expected action,
and determine what kind of response can be observed. A
prompt may ask for a direct answer, request a tool-mediated
operation, provide an incomplete instruction, or describe a
potentially risky action. The evaluation then records how the
agent responds under the given system instructions and tool
environment.

Prompt-based evaluation is attractive because prompts are easy
to construct, repeat, and audit. It also allows evaluators to
test agent behavior under controlled conditions. At the same
time, prompts vary in what they ask the agent to decide.
Some prompts primarily test whether the agent can complete a
straightforward task. Others test whether the agent can choose
an appropriate tool, ask for clarification, avoid unsafe action,
or reason about missing information. These distinctions are
important for interpreting agent behavior, especially when the
evaluation goal is behavioral comparison rather than only task
success.

This focus on observable behavior is also common in soft-
ware engineering evaluations of Al-enabled systems. LLM-
assisted unit-test generation is assessed through generated
artifacts such as compilable tests and edge-case coverage,
while learning-based fault localization is assessed through
diagnostic artifacts such as suspicious-code rankings [13],
[14]. These examples provide background context for treating
agent responses, tool calls, and task outcomes as evaluation
objects rather than analyzing final text alone.

2.3 Discriminative Power in Evaluation

In evaluation, discriminative power refers to an item’s ability
to reveal differences among the systems being evaluated.
An item with low discriminative power may produce similar
outcomes across systems even when those systems differ in
other contexts. An item with higher discriminative power
is more likely to separate systems by eliciting different re-
sponses, strategies, or outcomes. This idea is closely related to
benchmark-validity concerns: evaluation items should support
the claims that benchmark results are used to make [7], [8].

For agent evaluation, discriminative power can apply to ob-
servable behavior rather than only correctness. A prompt may
be non-discriminative because all agents answer correctly,
because all agents refuse, because all agents attempt the same
tool call, or because all agents ask the same clarification
question. Such agreement can be meaningful, but it does not
by itself indicate whether the item is useful for distinguishing
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among agent policies. Conversely, another prompt may expose
differences in whether agents act, verify, clarify, refuse, or
partially comply.

This distinction is especially relevant for prompt-based studies
because prompts are both test inputs and measurement in-
struments. Some prompts are primarily useful for checking
baseline competence or expected behavior, while others are
more useful for observing behavioral differences. A prompt
that specifies an obvious operation may be useful for checking
whether an agent can follow a basic instruction, but it may
leave little room for different policies to surface. A prompt
that is underspecified or risk-sensitive may instead require
interpretation, verification, or refusal decisions. The same
aggregate success rate can therefore correspond to different
kinds of behavioral evidence depending on the prompts that
produced it.

3. METHODS
3.1 Study Design

We conduct a focused controlled empirical study to examine
how prompt category affects the discriminative power of
prompt-based evaluations for LLM-based agents. The study is
not designed to benchmark production-grade agents or rank
agent architectures. Instead, controlled agent variants serve
as experimental conditions for observing whether different
prompt categories expose behavioral differences.

The primary analysis factor is prompt category. We use
prompt category as a grouped factor rather than as a single
isolated prompt property, because the categories intentionally
combine differences in ambiguity, risk, tool requirement, and
verification demand. Agent configuration is treated as a con-
trolled source of possible behavioral variation. The experiment
follows a 4 x 32 design: four controlled agent variants are
evaluated on the same 32-prompt set. The four variants share
the same base model, decoding settings, tool environment,
prompt order, execution protocol, and annotation procedure.
These controls reduce variation from model capability, tool
availability, context history, execution order, and labeling
practice. As a result, observed cross-agent differences can be
interpreted primarily in relation to prompt category and agent
decision policy rather than unrelated system differences.

All primary metrics are computed from the 128 main runs pro-
duced by crossing four variants with 32 prompts. An additional
32 stability-validation runs are retained for validation and audit
but are not included in DPR computation. This separation
keeps the main comparison compact while preserving auxiliary
evidence about run stability.

Table I summarizes the main controlled components of the
study. The table is included to make clear which factors are
varied by design and which are held constant across agent
variants and prompt categories.

3.2 Controlled Agent Variants

The experiment uses four controlled agent variants: a direct
tool-calling baseline, a ReAct-style agent, a planner-executor
agent, and a conservative or risk-aware agent. These variants
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are selected because they represent plausible differences in
agent decision policy while remaining simple enough for a
controlled short-paper study.

The objective is not to compare production agent frame-
works. Instead, the variants serve as controlled experimental
treatments designed to isolate policy-level behavioral differ-
ences while holding model capability, tool availability, and
execution environment constant. Using real-world frameworks
would introduce additional confounding factors such as or-
chestration logic, memory handling, tool-routing strategies,
and framework-specific safety defaults.

The direct tool-calling baseline favors straightforward execu-
tion when a prompt appears to request an action. The ReAct-
style variant encourages iterative reasoning before action
selection. The planner-executor variant encourages explicit
planning before execution. The conservative or risk-aware
variant applies a higher threshold before acting in ambiguous
or risky situations.

The variants are not intended to represent a comprehensive
architecture taxonomy. Their purpose is experimental control.
All variants use the same base model, gpt—-5.4-mini, the
same tool environment, and the same prompt set. They differ
only in initialization instructions and default decision policy.
This isolates behavioral-policy effects from model-capability
effects and avoids confounding prompt-category effects with
differences among real-world agent frameworks.

3.3 Prompt Set

The prompt corpus contains 32 prompts, with eight prompts
in each of four categories: benign/trivial, direct tool request,
ambiguous/indirect, and risky/over-specified. The categories
were defined before execution and were not derived from
observed agent behavior. Each prompt was assigned one
primary category using pre-specified criteria: expected tool
requirement, ambiguity level, risk level, and whether the
expected response was obvious, underspecified, or action-
sensitive. Metadata records expected tool need, expected sink
type, risk level, ambiguity level, and stability-check inclusion.
The categories vary the amount of interpretation, verification,
clarification, and risk judgment required from the agent.

Benign/trivial prompts are low-risk requests with an obvious
expected response. Direct tool requests explicitly ask the
agent to use a tool or perform a tool-like operation, such as
reading a file, writing content, running a command, execut-
ing code, or retrieving a URL. Ambiguous/indirect prompts
require the agent to infer intent, assess whether informa-
tion is sufficient, or decide whether clarification is needed.
Risky/over-specified prompts contain potentially unsafe, de-
structive, privacy-sensitive, or overly strong instructions.

The prompt set was constructed to avoid making category
labels depend on observed results. For example, direct tool
requests were labeled by explicit action wording rather than
by whether a model actually called a tool. Ambiguous prompts
were labeled by underspecified goals or missing verification
context rather than by whether the model asked a clarifica-
tion question. Risky prompts were labeled by the requested
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TABLE I
EXPERIMENTAL SETUP OF THE CONTROLLED STUDY.

Component Setting

Base model

Agent variants
Prompt categories
Prompt set

Execution plan

Tool interface
Decoding

Primary metric source

gpt-5.4-mini

32 prompts, 8 per category

Direct tool-calling; ReAct-style; planner-executor; conservative/risk-aware
Benign/trivial; direct tool request; ambiguous/indirect; risky/over-specified

128 main runs + 32 stability-validation runs

read_file, write_file, run_command, execute_code, fetch_url
temperature = 0, top_p = 1
128 main runs; stability-validation runs excluded from DPR

TABLE II
EXAMPLE PROMPTS BY CATEGORY.

Prompt Category
Benign/trivial
Direct tool request

Example Prompt

Summarize a short paragraph in one sentence.
Run a command to list files in the sandbox
directory.

Confirm that the sandbox environment looks
ready for the experiment.

Delete temporary files from the sandbox, then
summarize what was removed.

Ambiguous/indirect

Risky/over-specified

operation’s potential for destructive, privacy-sensitive, or over-
authorized action rather than by whether any variant refused.
This pre-execution assignment helps separate prompt design
from outcome analysis.

Grouping prompts by category is necessary because the re-
search question concerns prompt-category effects rather than
only individual prompt outcomes. The categories intention-
ally progress from low-decision prompts to policy-decision
prompts. This makes prompt composition an explicit experi-
mental variable and allows category-level analysis of discrim-
inative power. One prompt from each category is also selected
for repeated stability-validation runs.

Table II gives abbreviated example prompts for each category.
These examples are illustrative; the full prompt set contains
eight prompts per category.

3.4 Tool Environment and Execution Protocol

All agents are evaluated with the same sand-
boxed tool interface. The  available tools are
read_file(path), write_file(path, content),

run_command (command), execute_code (code),
and fetch_url (url). These tools cover file access,
code or command execution, and network access. The
sandbox records attempted tool calls and returns controlled
observations while preventing uncontrolled file, command,
code, or network side effects.

The study measures attempted action rather than external-
world task success. A blocked command still counts as at-
tempted command execution because the behavioral question
is whether the agent chose to invoke a command-like sink.
This preserves the tool-use signal needed for comparison while
improving safety, consistency, and reproducibility.

This design also separates agent decision behavior from
environment-dependent success. For example, a command may
fail because the sandbox blocks the operation, a file path
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is intentionally unavailable, or external retrieval is restricted.
Treating these cases only as failures would obscure whether
the agent attempted to act, asked for clarification, avoided the
operation, or refused the request. The sandbox therefore stan-
dardizes observations so that the analysis can focus on policy-
relevant choices rather than incidental execution outcomes.
Each execution uses a fresh model context containing the
variant-specific system instruction, shared tool definitions, and
one user prompt. Fresh context prevents carry-over from previ-
ous prompts, tool observations, or model responses. Run order
follows a randomized plan with fixed seed 20260617, which
reduces systematic ordering effects while keeping the execu-
tion sequence reproducible. All executions use real model API
calls to gpt—-5.4-mini; model responses are not simulated.
The run plan specifies the agent variant, prompt identifier,
prompt category, and execution order for every primary and
stability-validation run. Each run writes a raw transcript, tool-
call trace, final model response, preliminary runner labels, and
content hash. These artifacts make it possible to reconstruct
the evidence used for each annotation decision and to exclude
any result that cannot be traced back to the corresponding raw
log.

3.5 Annotation Procedure

The runner records raw execution logs, run-level metadata,
and tool-call records. It also generates preliminary labels, used
only as review aids. Final analysis uses reviewed annotations
recorded in the audited annotation table. The review pass ap-
plies documented decision rules, records final labels separately
from runner labels, and retains annotation notes for ambiguous
or corrected cases.

Each run is reviewed using the raw log, tool-call table, and
run metadata. Annotation covers four main dimensions: sink-
trigger behavior, tool-use mode, response strategy, and task
outcome. Sink-trigger behavior indicates whether the agent
attempted any defined tool call. Tool-use mode describes how
tool use occurred, such as direct call, planned call, blocked
attempt, simulated call, clarification before action, or claimed
tool use without a logged call. Response strategy captures
the dominant behavioral stance, including direct answering,
compliance, tool use, clarification, refusal, avoidance, or par-
tial compliance. Task outcome records whether the requested
task was completed, partially completed, refused, deferred to
clarification, avoided, or ended in error.

The review procedure treats tool traces and final answers as
complementary evidence. Tool traces determine whether an
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action actually occurred through the sandbox interface, while
the final answer is used to interpret the agent’s stated intent,
caveats, refusals, and clarification requests. This distinction is
important because an agent may describe an intended action
without issuing a logged tool call, or may issue a tool call
but fail to complete the user’s goal because the environment
blocks execution. Such cases are annotated according to the
observable behavior rather than the final answer alone.
Instruction compliance and task completion are evaluated
separately. This distinction prevents sandbox blocking from
being mistaken for agent refusal and prevents incomplete
action from being treated as full completion. For example,
an attempted but sandbox-blocked action can be labeled as
compliant with a partial outcome, while skipping a required
verification step can be labeled as partial compliance. The
annotation procedure uses a single reviewed label set; this
limitation is addressed in the threats to validity.

3.6 Metrics and Auditability

The analysis uses prompt-level behavior collapse and prompt-
level disagreement. For a given prompt, behavior collapse
occurs when all four agent variants receive the same final
behavior signature. The signature combines sink-trigger be-
havior, sink type, tool-use mode, response strategy, refusal or
clarification indicators, and task outcome. Behavior collapse
rate is the proportion of prompts in a set for which this all-
agent agreement occurs. Disagreement rate is the proportion
of prompts for which at least two variants produce different
final behavior signatures.

We report this prompt-level disagreement rate as the Dis-
criminative Prompt Ratio (DPR). DPR is therefore equivalent
to prompt-level behavior-signature disagreement rate in this
study; the term is used as a summary statistic for discrimina-
tive coverage rather than as a new metric:

DPR — N_disagree.

N_prompts

In this study, DPR corresponds to the observed behavior-
signature disagreement rate under the final reviewed an-
notations. Supporting summaries include response-strategy
collapse, task-outcome collapse, sink-trigger rate, refusal
or avoidance rate, and clarification rate. Strategy-level and
outcome-level collapse use the same all-agent-agreement logic
as behavior collapse, but are computed over final response
strategy and final task outcome respectively.

All reported results must be auditable. Each execution has
a raw log, and each raw log has a SHA-256 hash recorded
in the audit manifest. The fixed run_plan.csv specifies
run ordering, prompt identifiers, agent identifiers, run type,
and repeat index. Run-level records, tool-call records, reviewed
annotations, and analysis tables are linked back to this run plan
and raw-log manifest. No result is included in the analysis
unless it can be traced to the fixed run plan, a raw execution
log, a raw-log hash, and a reviewed annotation record when
applicable.
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The audit trail is designed to support both reproducibility and
post-hoc inspection. The run plan identifies which prompt-
agent pair was executed and in what order; the raw transcript
records the user prompt, model response, and tool observa-
tions; the tool-call table records whether an observable sink
was invoked; and the annotation table records the reviewed
labels used in analysis. The hash fields provide a lightweight
check that raw logs have not been silently changed after
annotation. These measures do not remove all judgment from
the analysis, but they make the path from raw execution to
reported metric explicit.

4. RESULTS: PROMPT CATEGORIES AFFECT THE ABILITY
TO DIFFERENTIATE AGENT BEHAVIORS

This section addresses the RQ: how prompt category affects
the discriminative power of prompt-based evaluations for
controlled LLM-based agents. We analyze 128 main runs
covering 32 prompts and four controlled agent variants. In
this study, benign/trivial prompts and direct tool requests
had low discriminative power, while ambiguous and risky
prompts were more likely to expose differences in clarification
behavior, refusal behavior, and partial compliance.

4.1 Overall Discriminative Power

Across the full main-run set, high cross-agent agreement
was common. Using the metric defined in Section 3.6, the
overall DPR was 0.3125, indicating that fewer than one third
of prompts exposed behavior-signature disagreement across
agents. The overall behavior collapse rate was 0.6875, meaning
that more than two thirds of prompts produced the same
behavior signature across the four controlled agent variants.
Strategy-level and outcome-level collapse were even higher,
with a strategy collapse rate of 0.75 and an outcome collapse
rate of 0.8125.

These results indicate that agreement alone is not sufficient
to conclude that agent variants behave similarly in a broader
sense. High agreement can also arise because the prompt
provides little room for decision-policy differences to surface.
The 32 stability-validation runs provide a consistency check
rather than an additional source for DPR. For the four repeated
prompts, one from each category, each agent-prompt pair pro-
duced the same behavior signature across its three executions.
This supports the use of the 128 main runs as the basis for
the reported prompt-level metrics.

4.2 Category-Level Differences

The category-level results answer the RQ more directly. Ta-
ble III summarizes the four prompt categories, and Figure 1
plots each category by behavior collapse rate and DPR. The
contrast is substantial. Benign/trivial prompts and direct tool
requests both had a behavior collapse rate of 1.0 and a DPR
of 0.0. In contrast, ambiguous/indirect prompts had a behavior
collapse rate of 0.25 and a DPR of 0.75. Risky/over-specified
prompts fell between these cases, with a behavior collapse rate
of 0.5 and a DPR of 0.5. This category-level separation is the
clearest contrast in the current analysis.
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TABLE III
PROMPT-CATEGORY RESULTS.

Category N_ Sink_Ref/Av. Clar._Collapse
Benign 8 0000  0.000 0.000 _ 1.000
Direct 8 1.000  0.000 0.000 1000
Ambig. 8 0531  0.125 0531 0250
Risky 8 0406 0750 0.125  0.500

DPR
0.000
0.000
0.750
0.500

Prompt Categories by Collapse and Discriminative Power
1.0
Higher DPR
0.8
Ambiguous
0.6 4
Risky

0.4 4

High agreement
low DPR

Benign + Direct tool

(1.00, 0.00)

1.0

Discriminative Prompt Ratio (DPR)

0.0 4

0.4 0.6 0.8

Behavior Collapse Rate

010 OtZ
Figure 1. Prompt-category behavior collapse rate and DPR.

Lower collapse and higher DPR indicate greater discriminative
power.

Together, Table III and Figure 1 show that category-level
discrimination is not evenly distributed across the prompt
set. The most straightforward prompts were not the most
informative for distinguishing agent behavior: benign prompts
elicited the same direct-answer behavior from all four variants,
and direct tool requests produced low differentiation even
though they consistently triggered tool-related behavior.
Ambiguous and risky prompts exposed more variation. Am-
biguous/indirect prompts produced the highest DPR, suggest-
ing that uncertainty about whether and how to act created
space for agent-specific policies to matter. Risky/over-specified
prompts also produced disagreement, often as a split between
refusal and attempted or partial compliance.

4.3 Agreement Does Not Necessarily Imply Similarity

Low differentiation should not be treated as a single kind of re-
sult. In this experiment, agreement appeared in several forms.
For benign/trivial prompts, agreement mostly reflected uni-
form task completion. These prompts had no sink-triggering
behavior, refusal, or clarification requests. They were useful as
basic competence or sanity-check items, but they did not reveal
meaningful differences among the controlled agent variants.

Direct tool requests showed a different form of agreement.
This category had a sink-trigger rate of 1.0 and a behavior
collapse rate of 1.0. The agents consistently attempted the re-
quested tool-related operation, and the sandboxed environment
then constrained execution. This category therefore produced
agreement through explicit action specification rather than
through task simplicity alone. In terms of evaluation design,
such prompts can verify whether agents attempt tool use, but
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1o Task Outcome Distribution by Prompt Category

= completed

= partial

mm refused

B clarification only

Rate

Benign Direct tool Ambiguous Risky

Figure 2. Task-outcome distribution by prompt category.
Bars separate completion, partial completion, refusal, and
clarification-only outcomes.

TABLE IV
AGENT-LEVEL BEHAVIORAL SUMMARY.

Part.  Ref.
0.438 0.063
0.344 0.188
0.375 0.156
0.344 0.188

Agent Variant  Sink Ref/Av. Clar.
Al Direct  0.563 0.125 0.188
A2 ReAct 0438 0281 0.156
A3 Planner 0.500 0219 0.156
A4 Cons. 0438 0250 0.156

Comp.
0375
0375
0.375
0375

they may still have limited discriminative value if every variant
interprets the instruction in the same way.

Risky and ambiguous prompts produced more varied behavior.
Risky/over-specified prompts had a refusal/avoidance rate of
0.75 and a DPR of 0.5, reflecting a mixture of refusals and
attempted partial compliance. Ambiguous/indirect prompts
had a clarification rate of 0.53125 and the highest DPR at
0.75. This suggests that prompts requiring interpretation, veri-
fication, or risk judgment are more likely to reveal differences
among agent policies than prompts with an obvious expected
response.

Figure 2 complements the collapse and DPR metrics by show-
ing what kind of outcomes produced agreement or disagree-
ment. It distinguishes uniform completion, partial completion,
refusal, and clarification-only behavior across the four prompt
categories.

4.4 Agent-Level Patterns as Supporting Evidence

Agent-level summaries show that the controlled variants ex-
hibited expected behavioral differences, but these differences
were not equally visible across prompt categories. Table IV
reports the exact agent-level rates. The direct tool-calling
configuration had the highest sink-trigger rate, while the
ReAct-style and conservative/risk-aware variants had higher
refusal or avoidance rates. These patterns appeared primarily
when prompts required ambiguity resolution or risk judgment,
reinforcing the role of prompt composition in determining
observable differentiation.

4.5 Prompt-Level View

Figure 3 provides the prompt-level view behind the category
averages. The benign prompts (PO01-PO08) and direct tool
prompts (P009-P016) showed low discriminative power across
the measured behavioral dimensions. In contrast, several am-
biguous prompts, including P018 and P020-P024, exposed
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Figure 3. Prompt-level discriminative heatmap.
Discriminative prompts concentrate in ambiguity- and risk-
related regions.

disagreement among agents. Risky prompts such as P028 and
P030-P032 also produced visible disagreement.

This prompt-level pattern matters because category averages
can hide item-level concentration. Discriminative prompts
were not uniformly distributed throughout the benchmark; they
were concentrated in ambiguity- and risk-related regions of the
prompt space.

4.6 Qualitative Examples

The selected qualitative examples illustrate how low and
high discriminative power appeared in raw runs. For P001,
a benign/trivial prompt, all four agents answered directly and
completed the summarization task without tool use. This is
an example of reasonable agreement: the prompt was simple
and low-risk, so similar behavior was expected. Its value is
therefore limited for differentiating agent policies, even though
it remains useful as a basic task check.

PO11 shows a different low-discrimination pattern. The
prompt directly requested command execution to list files in
experiment/sandbox/. All four agents attempted com-
mand execution, and the sandbox blocked the command. The
resulting behavior was uniform attempted tool use followed
by partial completion. This example shows that explicit tool
requests can produce high agreement even in a tool-use setting.
The ambiguous prompt P024 produced a more discriminative
pattern. Agents split between caveated partial compliance
and clarification-only behavior. Some agents gave a tentative
readiness statement without performing a check, while others
asked for more details or authorization before proceeding. This
example illustrates how ambiguity can expose differences in
verification and clarification policy.

Finally, P028 illustrates risk-sensitive disagreement. Three
agents refused to delete sandbox files, while one agent at-
tempted a destructive cleanup command that the sandbox
blocked. This split between refusal and attempted compliance
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shows how high-risk instructions can reveal differences in
action thresholds, even when all agents share the same base
model and tool interface.

Together, the quantitative and qualitative results answer the RQ
as follows: prompt category affects the discriminative power
of prompt-based agent evaluation. In this controlled setting,
simple benign prompts and direct tool requests produced
low cross-agent differentiation, while ambiguous and risky
prompts were more likely to expose behavioral differences.
The implication is not that simple prompts are uninformative,
but that evaluation conclusions may depend as much on
prompt composition as on agent design when the goal is to
differentiate behaviors.

5. DI1SCUSSION: HIGH AGREEMENT DOES NOT ALWAYS
MEAN SIMILAR AGENT BEHAVIOR

The main implication of this study is that high agreement in
prompt-based agent evaluation requires careful interpretation.
When multiple agents respond similarly to the same prompt,
the result may indicate genuine behavioral similarity. However,
it may also indicate that the prompt has low discriminative
power. In our controlled setting, benign/trivial prompts and
direct tool requests produced high agreement, while ambigu-
ous and risky prompts were associated with more cross-agent
variation. This suggests that prompt composition can affect
what differences are visible in an evaluation.

5.1 Benchmark Agreement Requires Item-Level Interpretation

High agreement should be interpreted at the prompt or cate-
gory level because agreement may arise either from genuine
behavioral similarity or from prompts that leave little room
for policy divergence. In our results, benign and direct tool-
request prompts had DPR values of 0.0, while ambiguous and
risky prompts had DPR values of 0.75 and 0.5 respectively.
This contrast suggests that aggregate agreement should be read
alongside the prompt categories that produced it.

5.2 Prompt Complexity and Discriminative Power

Simple prompts are attractive in benchmark design because
they are easier to standardize, reproduce, and annotate. They
can also reduce ambiguity about what the correct response
should be. These are real advantages, especially when the eval-
uation goal is to test basic competence or avoid confounding
task complexity with agent behavior.

However, simplicity can also reduce discriminative value. In
this study, benign/trivial prompts produced uniform successful
behavior, and direct tool requests produced uniform attempted
tool use. These outcomes are not failures of the prompts.
Rather, they show that simple and explicit prompts may be
better suited to sanity checks than to differentiating agent
policies.

Ambiguous and risky prompts create a different situation. They
may require the agent to decide whether it has enough infor-
mation to act, whether it should verify the context, whether
it should ask a clarifying question, or whether the request
should be refused, narrowed, partially followed, or attempted.
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This explanation should be treated as an interpretation of the
observed pattern rather than as an isolated causal mechanism,
but it suggests a useful design principle: prompts that require
policy decisions may be more informative for behavioral
differentiation than prompts with obvious answers or explicitly
specified actions.

5.3 Prompt Composition Can Shape Observable Agent Dif-
ferences

The results also suggest that observed agent differences are
partly a property of the prompt set. The controlled vari-
ants were not identical: for example, the direct tool-calling
configuration showed a higher sink-trigger rate, while the
more conservative configurations showed higher refusal rates.
Yet those differences were not equally visible across prompt
categories. Under benign and direct prompts, the variants often
converged. Under ambiguous and risky prompts, the same
variants diverged more often.

The observed differentiation therefore emerges from the in-
teraction between prompt characteristics and agent decision
policies. Prompt category alone does not produce disagree-
ment; rather, ambiguity, risk, or tool-use demands make policy
differences more likely to become observable.

This matters for benchmark construction because observed
similarity can be partly manufactured by the prompt set.
A prompt set dominated by low-discrimination items could
make agents appear more similar than they would under a
more varied prompt distribution. Conversely, a prompt set
with many ambiguity- or risk-sensitive prompts may produce
more observable disagreement. Evaluation conclusions may
therefore depend as much on prompt composition as on agent
design when the goal is behavioral differentiation.

5.4 Implications for Agent Benchmark Construction

The practical implication is that benchmark analyses may ben-
efit from reporting not only aggregate outcomes, but also the
discriminative coverage of the prompt set. Summary statistics
such as DPR can complement success, refusal, or tool-use
rates by indicating how much of a prompt set actually exposes
cross-agent behavioral variation.

Prompt sets should also distinguish between item functions.
Simple prompts can be retained for competence checks, re-
gression tests, or ceiling-condition tests. When behavioral
differentiation is the goal, benchmarks should also include
prompts that require interpretation, clarification, verification,
and risk judgment, while reporting how those categories affect
observed agreement.

5.5 Threats to Validity

This study has several limitations. First, it uses four controlled
agent variants rather than production-grade agent systems.
This choice improves internal control because all variants
share the same base model and tool environment, but it limits
direct generalization to deployed agents.

Second, the prompt set is intentionally compact: 32 prompts,
with 8 prompts per category. This scale is appropriate for
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a focused workshop/short paper, but it is not a compre-
hensive benchmark. Larger prompt sets may reveal finer-
grained distinctions within each category. The prompts were
also manually constructed by the authors and may reflect
subjective assumptions about ambiguity, risk, tool require-
ment, and expected behavior. Although predefining categories
improves experimental control, it does not eliminate prompt-
construction bias.

Third, all variants use a single base model, gpt—5.4-mini.
This controls for base-model variation, but the results may
differ with other model families or capability levels. Future
work should examine whether the same prompt-category pat-
tern appears across multiple base models.

Fourth, the tool environment is sandboxed rather than open-
ended. This design allows attempted tool calls to be logged
while preventing uncontrolled side effects, but it does not
fully model production tool execution or long-running agent
workflows. Finally, final behavior labels were manually re-
viewed using documented rules. This improves interpretability
compared with relying on automatic labels alone, but it intro-
duces annotator judgment. A second-annotator study would
strengthen the reliability analysis.

6. CONCLUSION

This paper examined why agreement in prompt-based agent
evaluation should be interpreted carefully. Rather than treating
high agreement as direct evidence of agent similarity, we stud-
ied whether agreement can reflect prompt-set design. Using
four controlled agent variants with a shared base model, shared
tool environment, fixed prompt set, and audited execution pro-
cedure, we analyzed how different prompt categories expose
or suppress observable behavioral differences.

The main finding is that cross-agent agreement requires careful
interpretation. In our controlled setting, benign/trivial prompts
and direct tool requests produced high agreement and low
discriminative power, while ambiguous and risky prompts
exposed more behavioral variation. This suggests that high
agreement should not automatically be interpreted as evidence
that agents behave similarly. In some cases, agreement may
instead reflect that the prompt gives agents little room to
express different decision policies.

The broader methodological point is that prompt composition
is part of measurement design. Prompt sets used for agent
evaluation should not be evaluated only by aggregate success,
refusal, or tool-use rates. They can also be examined in terms
of whether they contain items capable of differentiating agent
behavior when differentiation is the goal. The Discriminative
Prompt Ratio (DPR), used here as a prompt-level disagreement
summary rather than a new metric, provides one way to
make this property visible when combined with category-level
analysis and auditable annotations.

These results should be interpreted within the limits of a
compact controlled study: the agents are controlled variants,
the prompt set is intentionally small and manually constructed,
the base model is fixed, and the tool environment is sandboxed.
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Even within this limited setting, the results show why bench-
mark agreement and behavioral similarity should be treated as
distinct concepts. Future agent evaluations may benefit from
reporting not only what agents do on average, but also which
prompt categories make behavioral differences observable.
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