ToolMisuseBench: An Offline Deterministic Benchmark for Tool Misuse
and Recovery in Agentic Systems

Rista Baral

University of Delaware, Newark, DE, USA

rbaral@udel.edu

Abstract

Reliable tool use is a fundamental capabil-
ity for agentic systems, yet existing evalua-
tions primarily focus on successful tool exe-
cution and provide limited insight into how
agents recover from tool failures. To address
this gap, we introduce ToolMisuseBench, an
offline deterministic benchmark for evaluat-
ing tool misuse and fault-conditioned recov-
ery. ToolMisuseBench evaluates recovery be-
havior across domains, fault types, and diffi-
culty levels, using output-grounded success cri-
teria and typed recoverability metadata. The
seed-42 release includes 6,000 training, 900 de-
velopment, and 1,200 public-test tasks covering
CRUD, retrieval, file operations, and schedul-
ing, including failures such as timeouts, rate
limits, hidden first-call schema perturbations,
authorization errors, and adversarial responses.
Using the benchmark, we evaluate determinis-
tic reference agents together with local 3-4B
tool-calling LLMs (Qwen3-4B, Ministral-3B,
and Llama-3.2-3B). On the public-test split,
Parser+Repair achieves 0.767 task success and
0.736 conditional recovery success, compared
with 0.158 task success when recovery is dis-
abled. On a shared stratified 216-task diagnos-
tic panel, Qwen3-4B, Ministral-3B, and Llama-
3.2-3B achieve task success rates of 0.796,
0.903, and 0.773, respectively. Fault-level
analysis reveals distinct recovery weaknesses
that overall task success alone fails to capture.
ToolMisuseBench provides a controlled and
reproducible framework for diagnosing tool-
use recovery under frozen fault plans, enabling
more rigorous evaluation of robust tool-using
agents beyond execution accuracy.

1 Introduction

Tool-integrated language agents increasingly rely
on external tools to perform real-world tasks. Al-
though recent language models have made remark-
able progress in language understanding and rea-
soning, reliable tool use remains a significant chal-
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lenge. Operational failures such as malformed ar-
guments, interface drift, authorization denial, tran-
sient execution errors, and brittle retry behavior can
prevent otherwise capable agents from completing
a task. Robustness therefore depends not only on
selecting the right tool, but also on recognizing
failures and recovering from them effectively.

Existing tool-use benchmarks primarily evalu-
ate successful execution under nominal conditions,
providing limited insight into how agents detect, re-
spond to, and recover from operational failures. To
address this gap, we introduce ToolMisuseBench,
an offline, deterministic, model-agnostic, and
dataset-first benchmark for evaluating failure-
aware tool use. Rather than focusing solely on
execution success, ToolMisuseBench evaluates
whether agents can recover from realistic opera-
tional failures and still complete the intended task.
The benchmark combines deterministic simula-
tors, declarative fault injection, bounded execution
episodes, output-grounded success criteria, and re-
producible evaluation to enable controlled analysis
across diverse failure conditions.

ToolMisuseBench is constructed using a strati-
fied design that combines task domains, difficulty
levels, and fault types, allowing balanced and in-
terpretable evaluation across fault conditions. Be-
cause every task is executed in a deterministic envi-
ronment, observed performance differences can be
attributed to agent behavior rather than variability
in external services or hidden differences in dataset
composition.

Our contributions are fourfold. First, we in-
troduce a benchmark generation framework with
auditable stratification across task domains, fault
types, and difficulty levels, enabling controlled and
reproducible evaluation of recovery behavior. Sec-
ond, we propose output-grounded success crite-
ria that verify task completion based on returned
values, final system state, or observable side ef-
fects rather than successful tool invocation alone.
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Third, we provide typed recoverability annotations
that distinguish transient failures, schema perturba-
tions, authorization failures, and ambiguous feed-
back, enabling fine-grained analysis of recovery
under different fault conditions. Finally, we release
reproducible reference agents and a local LLM
evaluation pipeline that establish transparent base-
lines and demonstrate how ToolMisuseBench dis-
tinguishes different recovery and failure profiles.

2 Related Work

Existing benchmarks for language models and
agents primarily evaluate broad capabilities, includ-
ing language understanding, reasoning, and end-to-
end task completion. HELM and BIG-bench assess
foundation models across diverse language tasks
(Liang et al., 2023; Srivastava et al., 2023), while
AgentBench, WebArena, Mind2Web, and GAIA
extend evaluation to interactive environments, web
navigation, and tool-assisted tasks (Liu et al., 2023;
Zhou et al., 2023; Deng et al., 2023; Mialon et al.,
2023). These benchmarks provide valuable mea-
sures of overall agent capability, but their emphasis
on end-to-end performance makes it difficult to
determine why an agent fails. Failures may arise
from task understanding, tool selection, malformed
arguments, interface drift, authorization failures,
transient execution errors, or ineffective recovery,
yet these factors are rarely evaluated in isolation.

A complementary line of work focuses specifi-
cally on tool use. Toolformer, ReAct, Gorilla, API-
Bank, and ToolLLM/ToolBench study API selec-
tion, tool invocation, and tool-use training (Schick
etal., 2023; Yao et al., 2023; Patil et al., 2023; Tang
et al., 2023; Qin et al., 2023), while 7-bench and
ToolSandbox introduce stateful execution, domain
constraints, and multi-turn interactions (Yao et al.,
2024; Lu et al., 2024). More recently, ToolEmu,
ToolMaze, and ToolBench-X have shifted their at-
tention toward reliability by evaluating agent be-
havior under tool failures, interface changes, and
misleading feedback (Ruan et al., 2023; Zhu et al.,
2026; Tian et al., 2026).

Among these, ToolMaze and ToolBench-X are
most closely related to our work because they
explicitly study recovery under structured failure
conditions. ToolMaze focuses on graph-based re-
planning across perturbed tool graphs, whereas
ToolBench-X evaluates recovery from hazards in
multi-step workflows (Zhu et al., 2026; Tian et al.,
2026). ToolMisuseBench addresses a complemen-

tary evaluation objective: controlled attribution
of recovery behavior using frozen task records,
fixed fault timing, output-grounded criteria, and
per-episode traces. Its cross-product construction
over domains, faults, difficulty levels, and budgets
supports comparisons under matched, replayable
conditions without implying superiority over these
broader recovery settings. Table 1 summarizes
these differences in experimental design.

3 Benchmark Formulation

Each benchmark task is stored as a structured
record that specifies the task instruction, tool
schemas, initial environment state, success criteria,
execution budget, fault configuration, random seed,
and optional reference summary. Evaluation pro-
ceeds as an episode where an agent observes the
instruction, available tool schemas, interaction his-
tory, remaining budget, and the most recent error
before selecting the next tool action.

Unlike evaluations that measure only whether an
agent invokes the expected tool, ToolMisuseBench
evaluates completion using output-grounded suc-
cess criteria. Depending on the task, successful
completion may require an agent to return a spe-
cific document identifier, produce the correct file
contents, satisfy a validation check, or meet another
structured output condition. This design prevents
agents from receiving credit for correct tool selec-
tion when the underlying task objective has not
been achieved.

For each fault family f, we measure fault-
conditioned task success as

1

Sp=——
7~ 1oy

Z W [TaskSuccess; = 1], (1)
i€Dy

where D denotes the set of evaluation tasks whose
primary fault belongs to family f. The same parti-
tion is used to compute faulted-task performance,
while conditional recovery success is evaluated
only over episodes in which an injected fault is
actually observed. These fault-specific metrics re-
veal how recovery behavior changes across failure
modes, which cannot be captured by aggregate task
success alone.

3.1 Maetrics

We report several metrics to separate task comple-
tion, recovery ability, and fault activation. Task suc-
cess is achieved when all output-grounded success
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Table 1: Comparison of ToolMisuseBench with ToolMaze and ToolBench-X, two closely related tool-use recovery

benchmarks.

Benchmark Perturbation locus Recovery abstraction Main controlled factor Reported evaluation evidence
ToolMaze (Zhu et al.,  Pre-specified perturbations  Recovery through dynamic re-  Task-graph complexity (Cl-  Task success, plan recovery,
2026) at tool-graph nodes. planning and alternative execu-  C4) and perturbation type. and recovery cost.

Tool-environment hazards in
multi-step workflows.
Frozen first-call fault plans
with fixed timing.

ToolBench-X (Tian
et al., 2026)
ToolMisuseBench

tion paths.

Recovery from tool-execution
hazards.

Typed recoverability metadata

distinguishing transient, one-
shot schema, denial, and am-

biguous conditions.

Sequential, parallel, and mixed
workflows.

Cross-product  generation
over domain, fault, difficulty,
and budget.

Canonical final-answer com-
pletion.

Output-grounded success,
conditional recovery success,
and per-task audit traces.

criteria are satisfied for an episode. Conditional re-
covery success measures the fraction of successful
episodes among those where an injected fault is ob-
served, isolating an agent’s ability to recover after
encountering a failure. In contrast, fault exposure
measures the fraction of declared-fault task records
in which the configured fault is observed during
execution.

We additionally report recovery coverage, which
measures the fraction of declared-fault records
where the fault is both observed and ultimately
recovered, and is equivalent to the product of fault
exposure and conditional recovery success. To-
gether, these metrics distinguish whether an agent
fails because it cannot recover from a fault or be-
cause the fault was never encountered. We also
report faulted-task success, defined as task success
over all declared-fault task records, along with the
invalid-call rate, defined as number of invalid calls
divided by total tool calls within an episode and
averaged across episodes.

Beyond primary performance metrics, the bench-
mark records several diagnostic statistics that char-
acterize execution behavior. The legacy trace field
PolicyViolations aggregates invalid tool calls
and authorization-denied events. Because it does
not distinguish between these event types, it is
treated only as trace information and is not ana-
lyzed in this paper. Time to recovery measures the
number of steps from the first observed fault to the
first subsequent error-free tool call. Catastrophic
failure is an artifact-level diagnostic triggered by
budget exhaustion, three or more invalid tool calls,
or final task failure. Similar to PolicyViolations,
catastrophic failure is retained for trace analysis
rather than used as a primary evaluation metric.

Finally, every benchmark task specifies an ex-
plicit execution budget for controlled compari-
son under different resource constraints. ToolMis-
useBench provides three default evaluation profiles:

tight, standard, and relaxed, with maximum tool-
call budgets of 3, 6, and 10, respectively. Since
these limits are encoded directly in the task specifi-
cation, recovery strategies can be evaluated under
fixed and reproducible interaction budgets.

4 Dataset Design

The dataset is generated by composing task do-
mains, fault families, difficulty levels, and execu-
tion budget profiles. The supported domains in-
clude CRUD, retrieval, file operations, and schedul-
ing. Fault families consist of clean execution, time-
out, rate limit, hidden first-call schema perturbation
(serialized as schema_drift), authorization, and
adversarial error conditions. Every task is assigned
one of three difficulty levels (easy, medium, or
hard) and one of three execution budget profiles
(tight, standard, or relaxed).

The canonical diagnostic cycle contains 216
tasks, while the seed-42 release contains 6,000
training, 900 development, and 1,200 public-test
tasks. The public test split contains 400 tasks
for each budget profile, including 600 tasks with
output-grounded success criteria that verify struc-
tured return values. The remaining 600 tasks evalu-
ate final-state or side-effect conditions using opera-
tors such as equals, in, and map_value_equals,
sometimes together with a successful tool-call re-
quirement. In all cases, successful tool invocation
alone is insufficient for task completion. Because
task templates admit different numbers of valid in-
stantiations, the released dataset is not perfectly
balanced: domain counts range from 270-324 and
fault-family counts from 198-207, and the bench-
mark reports the resulting distributions rather than
presenting the design target as exact balance.

Each faulted task includes a primary recover-
ability tag that describes the expected behavior of
the injected fault. Timeout and rate-limit faults
represent transient failures. In the current bench-
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Fault(s) Tag Configured behavior and expected response

Timeout / rate Transient If the first episode call targets the configured

limit tool, it returns a timeout or rate-limit error;
retry the compatible call within the episode
budget.

Hidden One-shot If the first episode call targets the configured

schema
turbation

per- validation mis- tool, it undergoes a hidden backend argu-
match ment rename; no revised schema is exposed.
A validation error is returned, and the pertur-
bation is absent on later calls. The release
does not score a particular argument-repair
strategy.
Authorization Transient denial If the first episode call targets the configured
tool, it receives one injected denial, not a
persistent permission model. A retry may
succeed because the benchmark configura-
tion makes the denial one-shot; this behavior
should not be generalized to real permission
failures.
If the first episode call targets the config-
ured tool, an opaque error is paired with a
transient failure; treat feedback as untrusted,
preserve task constraints, and recover with-
out an unsafe side action.

Adversarial er- Ambiguous
ror transient

Table 2: Recoverability contract. Tags describe the
configured injected event, not a claim about every real
deployment failure.

mark configuration, authorization is modeled as a
one-shot transient denial, while schema_drift rep-
resents a hidden first-call schema perturbation, and
adversarial errors correspond to transient failures
with ambiguous feedback. Composite tasks may
contain multiple fault records, but only the first de-
clared fault determines the primary recoverability
tag. These tags describe configured fault seman-
tics, support grouped analysis, and are not indepen-
dently crossed with every fault family. For compat-
ibility with earlier releases, the dataset also retains
the legacy repairable field, although this paper
does not interpret it as indicating persistent inter-
face evolution or requiring a particular argument-
repair strategy. The benchmark evaluates whether
a task satisfies the output-grounded success criteria
rather than whether an agent follows a particular
recovery strategy. Accordingly, these tags describe
only the behavior configured within the benchmark
and should not be interpreted as general properties
of real-world systems.

End-to-End Example. Consider a tight-budget
retrieval task where the agent is asked to search
for “retention incident 8.” The frozen environ-
ment contains the target document dt21071, and
the available search_docs(query, top_k) tool
is configured to return a timeout on its first invo-
cation. After observing the timeout, the correct
recovery is to reissue the search request. The task
succeeds only if the search completes successfully
and results.@.id matches dt21071. Therefore, a

syntactically valid tool call that returns an incorrect
document does not satisfy the success criteria.

All dataset splits are generated from the same vis-
ible domain scenario families using split-specific
deterministic offsets. Consequently, the public-
test split evaluates distinct frozen task records, but
does not establish generalization to unseen task
structures. The benchmark therefore reports an
instruction-uniqueness ratio of 0.728 and does not
claim held-out-template or semantic-overlap gener-
alization. This design choice limits structural gen-
eralization claims while preserving reproducible
diagnosis and evaluation on fixed benchmark in-
stances.

Task Validation. Before release, every task
record is processed by an automated structural val-
idation pipeline that verifies instructions, success
criteria, domain-state structure, tool references,
fault configurations, schema-perturbation fields,
and execution budgets. The validator reports no
structural inconsistencies across all 8,100 released
tasks. This process ensures dataset consistency and
schema correctness, but does not constitute a man-
ual semantic review or a formal proof that every
task has a unique reachable solution.

S Implementation

5.1 Release Construction

ToolMisuseBench separates benchmark generation
from evaluation to ensure reproducibility. During
release construction, each task is stored as a frozen
record containing instruction, simulator state, fault
configuration, success criteria, execution budget,
random seed, split assignment, and recoverability
metadata. Each release also includes split files, a
manifest, and a freeze file recording the benchmark
configuration together with checksum information.
During evaluation, tasks are instantiated directly
from these frozen records rather than regenerated,
ensuring that every system is evaluated under iden-
tical benchmark conditions.

5.2 Deterministic Execution

Evaluation is performed using deterministic simu-
lators for the CRUD, retrieval, file, and scheduling
domains. Each task includes a replayable fault plan
that specifies when configured failures are injected
during execution. Because both the simulator state
and fault schedule are fully determined by the re-
leased task record and seed, evaluations are repro-
ducible across agents and repeated runs. This deter-
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ministic execution model allows observed perfor-
mance differences to be attributed to agent behavior
rather than variation in the evaluation environment.

5.3 Scoring and Artifacts

After each evaluation episode, the framework com-
putes the benchmark metrics described in Sec-
tion 3.1 and records a complete execution trace.
It also exports structured score files, trace logs,
benchmark summaries, and quality reports that
summarize slice distributions, recoverability statis-
tics, budget profiles, duplicate-task checks, and
instruction-uniqueness measurements. Together,
these artifacts support reproducibility, facilitate de-
tailed error analysis, and enable independent verifi-
cation of reported benchmark results.

6 Experimental Protocol

We evaluate ToolMisuseBench using both deter-
ministic references and local LLM-based agents
to study how different levels of tool-use capability
affect failure handling and recovery. All agents are
evaluated under the same benchmark conditions,
including identical task records, execution environ-
ment, fault injection process, and scoring pipeline.

We evaluate five lightweight deterministic refer-
ences on the 1,200-task public-test split: Heuris-
tic, Schema-Repair, Policy-Aware, Parser-only, and
Parser+Repair. These references are designed to
isolate different aspects of tool-use behavior. The
Heuristic and Schema-Repair references focus on
basic argument handling, while the Policy-Aware
reference adds simple handling for authorization-
related feedback. Parser+Repair first extracts tool
arguments from the natural-language instruction
and executes the corresponding action. After a fail-
ure, it attempts limited corrections using only the
information exposed by the error message, such as
missing or invalid arguments; otherwise, it retries
within the remaining budget. Parser-only uses the
same initial parsing strategy but stops after the first
failed call, providing a direct comparison of the
value of recovery behavior.

We additionally evaluate three local instruction-
following models: Qwen3-4B-GGUF, Ministral-
3B-Instruct, and Llama-3.2-3B-Instruct. We se-
lect locally deployable 3—4B models to provide
accessible, reproducible reference evaluations un-
der a common serving stack, rather than to char-
acterize language models broadly. All models are
served through the same local OpenAl-compatible

11ama. cpp interface using temperature zero, seed
42, a 128-token response limit, required function
calling, and disabled reasoning output. Due to the
computational cost of the LLM evaluation, we use
a stratified 216-task diagnostic panel that preserves
coverage across domains, fault families, difficulty
levels, and budget profiles. The panel supports
matched diagnostic comparisons within this exper-
imental setting; it is not intended to establish broad
model generalization. Deterministic references are
re-evaluated on the same task identifiers to ensure
that all direct comparisons use identical episodes
and scoring conditions.

For the LLLM evaluation, we estimate the un-
certainty using 10,000 seeded percentile-bootstrap
resamples over benchmark tasks. We also report
paired bootstrap differences because all models are
evaluated on the same task instances. These in-
tervals reflect variation across sampled benchmark
tasks rather than randomness from repeated model
executions.

7 Results

Table 3 summarizes performance on the shared
stratified 216-task diagnostic panel. The bench-
mark clearly separates simple rule-based base-
lines from agents capable of recovering af-
ter tool failures. The heuristic, schema-repair,
and policy-aware references fail all tasks under
output-grounded evaluation, indicating that generic
schema filling and lightweight rules are insuffi-
cient. In contrast, Parser+Repair substantially im-
proves performance, achieving 0.759 task success
and 0.733 conditional recovery success. Among
the local LLM baselines, Ministral-3B achieves
the strongest overall performance (0.903 task suc-
cess), followed by Qwen3-4B (0.796) and Llama-
3.2-3B (0.773). Additionally, separate validation of
Parser+Repair yields 0.767 task success and 0.736
conditional recovery success on the full 1,200-task
public-test split, providing an additional measure-
ment beyond the shared diagnostic panel; these
values are not used for direct comparison with the
LLM baselines.

Recovery metrics provide additional insight be-
yond aggregate task success. For example, Llama-
3.2-3B achieves higher conditional recovery than
Qwen3-4B once faults are observed, but its lower
fault exposure reduces overall recovery coverage.
This shows that recovery should be interpreted
jointly with exposure and coverage rather than as a
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Agent Success  Recovery  Exposure  Coverage  Calls
Heuristic 0.000 0.000 0.378 0.000 2.83
Schema repair 0.000 0.000 0.378 0.000 3.24
Policy-aware 0.000 0.000 0.378 0.000 3.25
Parser-only 0.148 0.000 1.000 0.000 1.00
Parser+Repair 0.759 0.733 1.000 0.733 1.95
Qwen3-4B 0.796 0.756 1.000 0.756 1.83
Ministral-3B 0.903 0.883 1.000 0.883 1.87
Llama-3.2-3B 0.773 0.840 0.900 0.756 1.75

Table 3: Performance on the shared stratified 216-task
diagnostic panel. Recovery denotes conditional recov-
ery success, exposure is the fraction of declared-fault
records where the configured fault is observed, and cov-
erage measures successful recovery over all declared-
fault records.
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Figure 1: Recovery effect by task slice on the
shared stratified 216-task diagnostic panel. Parser-
only preserves the initial parse but stops after an er-
ror; Parser+Repair applies generic public-error correc-
tions or retries. The transient composite is the release’s
adversarial-feedback-plus-timeout plan.

standalone metric. Table 3 reports fault exposure
and recovery coverage alongside conditional recov-
ery. Bootstrap confidence intervals quantify task-
sampling uncertainty: Ministral-3B consistently
outperforms Qwen3-4B, while the difference be-
tween Qwen3-4B and Llama-3.2-3B is smaller and
overlaps under task sampling uncertainty.

The recovery ablation highlights the importance
of post-error behavior. Parser-only achieves 0.148
task success but fails every faulted task because it
terminates after an error. In contrast, Parser+Repair
reaches 0.759 success by applying repair and retry,
with improvements observed across clean, single-
fault, and transient-composite settings (Figure 1).

Fault-conditioned results reveal different failure
patterns: Ministral-3B achieves highest point esti-
mates on most fault families, while Qwen3-4B and
Llama-3.2-3B show different weaknesses across
authorization, rate-limit, and schema-perturbation
failures (Figure 2). Because each fault slice con-
tains only 36 tasks, individual estimates should be
interpreted cautiously; however, the results consis-
tently show that similar overall success does not
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Figure 2: Fault-conditioned diagnostic profile on the
shared stratified 216-task diagnostic panel. Markers
show task success; horizontal whiskers are 95% Wilson
intervals for each 36-task non-clean slice.

imply similar recovery capability.

Overall, these results demonstrate that aggregate
task success alone is insufficient for evaluating reli-
able tool use. Fault-conditioned evaluation exposes
meaningful differences in recovery behavior that
remain hidden under a single aggregate metric, mo-
tivating the use of output-grounded and recovery-
aware evaluation for future tool-use benchmarks.

8 Discussion

Our results highlight that successful task comple-
tion alone does not fully capture how tool-using
agents behave when failures occur. Agents that
achieve similar overall success rates can differ
substantially in how they handle errors, recover
from failures, and adapt their behavior under dif-
ferent fault conditions. These differences are hid-
den when evaluation focuses only on final task out-
comes, motivating the need for metrics that con-
sider fault exposure, recovery behavior, and perfor-
mance conditioned on specific failure types.

ToolMisuseBench is designed to make these be-
haviors easier to analyze by providing the same
tasks, tool interfaces, and fault conditions to every
evaluated agent. Because failures are generated
through deterministic and replayable fault plans,
changes in performance can be examined as dif-
ferences in agent behavior rather than differences
in the evaluation setup. This controlled evaluation
setting makes the benchmark useful for comparing
existing approaches, testing regression after system
changes, and studying how different retry, repair,
and planning strategies affect recovery under iden-
tical failure scenarios.
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9 Reproducibility and Artifacts

The dataset and accompanying artifacts are avail-
able on Hugging Face.! The benchmark imple-
mentation, evaluator, reference agents, experiment
scripts, and analysis code are available on GitHub.?
The benchmark uses fixed seeds and determinis-
tic simulators, allowing the reported experiments
to be reproduced without dependence on external
services or changing execution environments.

The release includes frozen task instances, task
identifiers, validation reports, baseline traces, and
the scripts needed to regenerate the reported tables
and figures. Execution traces preserve per-task de-
tails such as fault configurations, tool interactions,
and recovery outcomes, allowing researchers to
inspect agent behavior beyond aggregate perfor-
mance metrics. Together, these artifacts provide a
common evaluation framework for comparing fu-
ture methods under the same task conditions, fault
plans, and output-grounded success criteria.

10 Conclusion

We introduced ToolMisuseBench, a deterministic
benchmark for studying how tool-using agents re-
spond to failure during tool execution. Beyond
measuring whether an agent eventually completes
a task, the benchmark supports analysis of how it
responds when tool failures occur through output-
grounded evaluation and fault-conditioned diagnos-
tics. Our experiments show that aggregate task
success alone does not explain the distinct recov-
ery profiles observed across fault types, indicating
that overall success is insufficient for assessing re-
liable tool use. ToolMisuseBench offers a useful
foundation for developing, comparing, and improv-
ing recovery-aware tool-using agents under repro-
ducible evaluation conditions.

11 Limitations

ToolMisuseBench is designed for controlled diag-
nosis of tool-use reliability rather than direct evalu-
ation of production behavior. The simulators cap-
ture task state, tool schemas, injected faults, and
observable feedback, but they do not model all
characteristics of real services, including evolving
APIs, persistent authorization failures, authentica-
tion workflows, service-specific policies, or net-
work variability. Therefore, results should be in-

1https ://huggingface.co/datasets/sigdelakshey/
ToolMisuseBench
2https://github.com/akgitrepos/toolmisusebench

terpreted as evidence of behavior under specified
failure conditions rather than guarantees of real-
world reliability. In particular, the hidden first-call
schema perturbation represents a controlled robust-
ness test and should not be interpreted as a com-
plete model of persistent interface evolution.

This controlled setting is a key design choice of
the benchmark, but it also defines its scope. Deter-
ministic task instances and replayable fault plans
allow recovery strategies to be compared under
identical conditions, reducing confounding effects
from external service variation. Future work can
extend this analysis with stable API sandboxes or
recorded service traces to study how benchmark
findings transfer to more realistic environments.

Finally, our LLM evaluation covers three local
quantized models under a single serving configura-
tion and a stratified diagnostic panel. These results
provide reproducible reference baselines for this
setting, but should not be interpreted as conclusions
about language models in general or generalization
beyond the evaluated task records. The evaluation
of larger models, alternative serving stacks, and
additional recovery mechanisms remains an im-
portant direction. Although the benchmark covers
multiple domains and fault families, some combi-
nations are not perfectly balanced; future versions
can explore stronger template separation and longer
multi-step recovery scenarios.

12 Ethical Considerations

ToolMisuseBench uses synthetic, deterministic task
environments and does not contain personal, user,
or sensitive data. The benchmark evaluates agent
behavior under configured simulator conditions;
therefore, its results should not be interpreted as ev-
idence of production safety or access-control com-
pliance. In particular, the authorization failures
included in the benchmark represent controlled,
synthetic denial scenarios, and recovery behavior
observed in these settings should not be generalized
to real authorization workflows. The benchmark
is intended to support safer evaluation and diagno-
sis of tool-using agents while encouraging careful
interpretation of its scope and limitations.
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