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Abstract

Tool-using language model agents are commonly evaluated un-
der successful interaction assumptions, where user requests are
sufficiently specified and tool executions return valid responses.
However, practical agents frequently encounter recoverable fail-
ures: users omit required information, refer to entities ambiguously,
or tools return transient failures. This paper studies a focused ques-
tion: whether a small amount of targeted supervision can improve a
tool agent’s choice of immediate recovery actions under controlled
failures. We introduce Mini Recovery Tuning, a deterministic
benchmark and training protocol for evaluating this question. Start-
ing from clean weather, calendar, and restaurant tool-use trajecto-
ries, the pipeline constructs two matched noise families, missing
required slots and timeout failures, and two held-out surface vari-
ants, ambiguous references and empty tool responses. Noisy exam-
ples are labeled with one of two implemented recovery primitives,
clarify or retry, and formatted for supervised LoRA/QLoRA
adaptation. We separate Recovery-Action Success, which measures
whether the model selects the correct immediate recovery action,
from full task success after a recovered multi-turn interaction. Mini
Recovery Tuning provides a controlled framework for studying
immediate recovery-action selection under reproducible failure
conditions. Oracle-based evaluation validates the data-generation
and scoring pipeline, while model experiments serve as a diagnostic
analysis of how targeted recovery supervision changes recovery be-
havior. Extending these findings to broader deployment robustness
requires future evaluation with richer environments, multi-seed
comparisons, and end-to-end recovery metrics.

Keywords

Tool-using agents, robustness, recovery behavior, data-efficient
fine-tuning, parameter-efficient adaptation

1 Introduction

Large language model (LLM) agents increasingly solve tasks by
interleaving natural-language reasoning with calls to external tools,
APIs, databases, web environments, code execution, and retrieval
systems [7, 11, 12, 21, 25]. This interface is powerful because tools
can provide information and actions unavailable to the language
model alone. It is also brittle: a single missing argument, ambiguous
reference, malformed response, or transient tool failure can derail
the trajectory even when the intended task is still recoverable.
Recent benchmarks have made tool-agent evaluation more
realistic. API-Bank, BFCL, and ToolLLM evaluate tool selection
and function calling at increasing scale [5, 10, 11]; WebShop,
Mind2Web, WebArena, SWE-bench, and AgentBench study agents
in interactive or environment-grounded tasks [1, 4, 7, 19, 25]; and
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7-bench, MCP-Bench, and WildToolBench emphasize multi-turn
interaction, cross-tool coordination, and realistic user behavior
[16, 20, 24]. Robustness-oriented work such as RoTBench shows
that tool-learning performance can degrade under noisy conditions
[22], while clarification and reliability-alignment studies argue
that agents should sometimes ask, defer, or repair rather than
call a tool immediately [14, 18]. Despite this progress, there
remains a narrower but useful gap: controlled training protocols for
measuring whether targeted, data-efficient supervision improves
concrete recovery choices under specified user-side and tool-side
failures.

Problem statement. Existing tool-agent evaluations primarily
measure whether an agent can correctly invoke tools under success-
ful execution. However, practical agents must also decide how to
respond when an interaction becomes partially invalid but remains
recoverable. We study the following question: given a noisy tool-
use state, can data-efficient supervised recovery examples teach an
agent to select an appropriate recovery action?

This paper addresses that gap with Mini Recovery Tuning, a small
benchmark and experimental pipeline for recovery tuning. The
benchmark is intentionally limited. It contains deterministic tools,
synthetic template-based clean tasks, rule-based noise injection,
and two implemented recovery primitives. The purpose is not to
claim that a small local environment captures deployed agents, but
to make recovery behavior auditable: each noisy example has a
known cause, a known intended primitive, and a scorer that checks
whether the model chooses the correct immediate repair action.

The resulting framing differs from broader deployment-
robustness claims in three ways. First, the implemented method
covers only clarify for missing required information and retry
for transient tool failures; actions such as fallback, abstention, tool
reselection, and output verification are future extensions. Second,
the main noisy metric is Recovery-Action Success rather than
end-to-end task success, because the current evaluator scores a
one-step recovery action instead of simulating the full recovered
dialogue. Third, the proposed primitive-ordered recovery tuning is
treated as a hypothesis and must be compared against random and
reverse-order controls under matched optimization budgets.

Our contributions are as follows.

e We define a deterministic tool-agent environment and noise-
injection pipeline that converts clean weather, calendar, and
restaurant trajectories into matched and held-out recovery ex-
amples with auditable clarify and retry labels.

e We specify a code-aligned recovery-tuning protocol using super-
vised LoRA/QLoRA adaptation, enabling controlled comparisons
among prompt-only, clean-only, random recovery, and primitive-
ordered recovery conditions under matched training budgets.



o We formalize evaluation around Recovery-Action Success, report
oracle pipeline-validation results, and explicitly separate the
current one-step recovery metric from the stronger claim of
end-to-end recovered task success.

2 Related Work
2.1 Tool-Using and Agentic Language Models

Early tool-use and agentic prompting work shows that language
models can combine reasoning traces with external actions [21] and
can be trained to insert API calls in text [12]. ToolLLM and API-Bank
introduce large-scale tool-use datasets and executable function-
calling evaluations, enabling systematic study of tool selection
and invocation behavior [5, 11]. Interactive environments such as
WebShop, Mind2Web, WebArena, SWE-bench, and AgentBench
evaluate agents in settings where action selection is coupled to
environment state rather than isolated text prediction [1, 4, 7, 19, 25].
These benchmarks motivate our focus on tool-agent reliability, but
our artifact is much smaller: it is designed for controlled diagnosis
of recovery actions rather than broad coverage.

2.2 Tool-Agent Benchmarks Under Noise and
Interaction

Recent benchmarks have moved beyond static function-call match-
ing. BFCL evaluates function calling across progressively more
agentic conditions [10]; 7-bench evaluates tool-agent-user interac-
tion in realistic domains [20]; MCP-Bench emphasizes live MCP
servers and cross-tool coordination [16]; and WildToolBench tar-
gets messy, realistic user behavior [24]. RoTBench is closest in spirit
to the robustness motivation, as it evaluates tool learning under
multiple noise levels and analyzes errors in tool selection, parame-
ter identification, and content filling [22]. Our setting is narrower
and training-oriented: rather than measuring robustness across
many environments, it asks whether targeted recovery supervision
changes a model’s immediate action under controlled failures.

2.3 Data-Efficient Adaptation and Recovery
Behavior

Instruction tuning and self-generated supervision show that cu-
rated training data can substantially shift model behavior [9, 15, 17].
Parameter-efficient methods such as LoRA and QLoRA make it prac-
tical to test such shifts with limited compute [2, 3]. For tool agents
specifically, ToolACE and MAGNET synthesize function-calling and
multi-turn tool-use data at scale [6, 23], while environment tun-
ing studies curriculum-based interaction with feedback [8]. Com-
plementary work on feedback and reliability, including Reflexion,
Learning to Ask, and Relign, studies agents that reflect, ask clari-
fying questions, defer, or dynamically adjust tool use [13, 14, 18].
Mini Recovery Tuning isolates a small subset of these behaviors:
clarification for underspecified requests and retry for transient tool
failures.
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3 Task Formulation and Scope
3.1 Clean Tool-Use Tasks

A clean task is represented as
x= (w7, ary"), 1)

where u is the user instruction and 7 is the available tool set. a*
denotes the ground-truth tool call generated by the deterministic en-
vironment, including the correct tool name and required arguments.
r* denotes the corresponding deterministic tool output, and y* is
the final response generated after tool execution. A clean-action
prediction succeeds when the model emits a valid tool_call with
the correct tool name and exact required arguments.

3.2 Noisy Tasks and Recovery Primitives

A noisy task is produced by a noise function g:

X =g(x). )

Each noisy task has a solvability label s € {0,1} and a primitive
label p € {clarify, retry}. In the implemented training split, all
noisy examples are solvable by construction. Missing required infor-
mation maps to clarify; a transient tool failure after an otherwise
valid call maps to retry. The model is asked to output exactly
one compact JSON object with one of three actions: tool_call,
clarify, or retry.

3.3 Claim Boundary

The formulation is intentionally restrictive. It does not model mul-
tiple simultaneous failures, unsafe tasks, tool schema drift, stale
memory, conflicting constraints, or cases where the correct behav-
ior is to abstain. It also does not yet evaluate full recovery after the
model asks a question or retries a call. These restrictions are useful
for controlled measurement but should prevent deployment-level
interpretations of the current results.

4 Mini Recovery Tuning Benchmark

4.1 Deterministic Tools and Domains
The local environment contains three domains and five determinis-

tic tools:

e Weather: get_weather(city, date).
e Calendar: create_event(title, date, time, location)
and find_events(date).

e Restaurant: search_restaurants(...) andbook_restaurant(. ..

Tool outputs are deterministic functions of the arguments. This
choice removes external API variance and makes exact-action scor-
ing auditable, at the cost of realism.

4.2 Clean Task Construction

The default artifact generates 120 clean tasks by round-robin sam-
pling across the five tool types and then shuffling with a fixed seed.
The split is 80 training tasks, 20 development tasks, and 20 test
tasks. An optional larger setting generates 240 clean tasks with a
160/40/40 split. The generator reuses template families across splits,
so the benchmark should not be described as template-disjoint.
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Figure 1: Overview of Mini Recovery Tuning. Clean deterministic tool-use trajectories are converted into noisy recovery
examples. The current artifact evaluates whether a model selects the correct immediate recovery action, not whether it

completes a full recovered task after user or tool simulation.

Table 1: Dataset statistics for the implemented default setting,.
Each clean task yields one matched missing-information
example, one matched timeout example, one held-out
ambiguous-reference example, and one held-out empty-
response example.

Split  Clean Matched noisy Held-out noisy
Train 80 160 160
Dev 20 40 40
Test 20 40 40

4.3 Matched and Held-Out Noise

Matched missing-information noise. For each clean task, the in-
jector removes one required slot from the user instruction. For
example, a complete weather request with both city and date may
be converted into a request that retains the date but omits the city.
The target is a clarify JSON object identifying the missing slot
and asking a slot-specific question.

Matched timeout noise. For retry examples, the user request re-
mains unchanged and the first assistant message contains the gold
tool call. The following tool response is corrupted into a timeout
error. The target is a retry action with the same tool name and
arguments as the first call.

Held-out surface variants. The held-out noisy split uses the same
primitives but different surface forms. Clarification transfer is tested
with ambiguous references such as “there,” “that day,” or “that restau-
rant” Retry transfer is tested with empty tool responses, represented
either as an empty object or an explicit empty status. These exam-
ples test limited surface transfer inside the same toy environment;
they are not a substitute for broad out-of-distribution evaluation.

4.4 Labeling Assumptions

Labels are produced by rules rather than by LLM judges. This makes
the pipeline easy to audit, but it also creates a simple association be-
tween each noise family and its primitive. A model could therefore
succeed by learning the mapping from noise type to action rather
than a general recovery policy. Future versions should include mul-
tiple plausible recovery actions per noise family, unsolvable cases,
and examples requiring more than one user or tool turn.

5 Recovery Tuning Protocol

5.1 Supervised Objective

All fine-tuned conditions use supervised next-token prediction over
chat-formatted examples. For a noisy input x and target recovery-
action sequence z, the objective is

|z|

Lrr(0) == ) log po(z: | % 2<0).

t=1

®)

Only assistant target tokens are included in the loss; prompt tokens
are masked. The implementation is designed for LoRA or QLoRA
adaptation rather than full-parameter fine-tuning.

5.2 Training Conditions

Table 2 summarizes the implemented comparison set. The default
protocol disables clean replay during recovery tuning. Clean replay
can be useful diagnostically, but it should be reported only when
total optimization steps or training tokens are matched, because
adding clean examples changes the exposure budget.

5.3 Recovery Data Ordering Comparison

The current two-stage order trains on clarify before retry. Be-
cause the stages differ by recovery primitive rather than by a
validated difficulty score, we describe the condition as primitive-
ordered recovery tuning rather than a validated curriculum. A de-
fensible curriculum claim requires at least a reverse-order condition,
arandom two-stage condition with the same optimizer or scheduler



Table 2: Implemented training conditions. The primitive-
ordered condition evaluates one possible data ordering and
does not establish an intrinsic curriculum effect.

Method Training data/order Purpose

Tests whether the base
model follows the explicit
recovery rules in the prompt.
Tests whether clean tool-use
supervision alone improves
noisy recovery behavior.

160 matched noisy examples,  Controls for seeing the same
shuffled recovery examples without

primitive ordering.

Primitive-ordered recovery ~ 80 clarify examples, then 80  Tests whether the imple-
LoRA retry examples mented two-stage order dif-
fers from random mixing.

Prompt-only None

Clean-only LoRA 80 clean examples, shuffled

Random recovery LoRA

reset, and a mixed random condition with matched total updates.
Without these controls, gains could come from recency, reset effects,
or unequal data exposure rather than curriculum structure.

6 Experiments and Results
6.1 Metrics

The experiments are designed to answer two questions: (1) whether
targeted recovery supervision improves immediate recovery-action
selection compared to clean-only or prompt-only baselines, and (2)
whether the learned behavior transfers to held-out surface varia-
tions of the same recovery primitives .

Clean Action Success. On clean tasks, success requires a
tool_call action with the correct tool name and exact required
arguments.

Recovery-Action Success. On noisy tasks, Recovery-Action Suc-
cess requires the correct immediate recovery action. For missing-
information examples, the model must ask a relevant clarification
question for the missing slot. For retry examples, the model must
emit a retry action with the same tool and arguments, or equiva-
lently repeat the same tool call after the error. This metric does not
measure whether the final task is solved after recovery.

Recovery Accuracy. Recovery accuracy measures only whether
the predicted primitive matches the gold primitive, ignoring finer
argument or question-quality checks.

Robustness Drop. For the current artifact, robustness drop is com-
puted as clean action success minus noisy Recovery-Action Success.
This quantity should not be compared directly with end-to-end
task-success drops in larger benchmarks.

Extra Cost. The evaluator records one extra user turn for a correct
clarify action and one extra tool call for a correct retry action.
This is a proxy and should not be interpreted as a measurement of
latency, token cost, or complete interaction length.

6.2 Oracle Pipeline Validation

The repository includes an oracle mode that emits the gold action
for each example. Table 3 reports oracle results on the default test
split. These numbers verify that data generation and scoring are
internally aligned. They are smoke-test results, not model-learning
results.

Yumin Lee, Chong-Kwon Kim, and Yoonhyuk Choi

Table 3: Oracle pipeline validation on the default test split.
These values are generated by the oracle policy and should
not be reported as trained-model performance.

Metric Matched Held-out
Clean action success 100.0%

Noisy Recovery-Action Success ~ 100.0% 100.0%
Recovery accuracy 100.0% 100.0%
Robustness drop 0.0% 0.0%
Avg. extra user turns 0.50 0.50
Avg. extra tool calls 0.50 0.50

6.3 Recovery Tuning Results

Tables 4, 5, and 6 present controlled evaluations of immediate
recovery-action selection. We compare whether targeted noisy su-
pervision changes recovery behavior across matched and held-out
failure patterns. The current results are diagnostic: they measure
recovery-action selection rather than end-to-end task completion,
and stronger robustness claims require additional seed variation
and ordering controls.

7 Discussion and Claim Boundary

Table 7 summarizes the boundary between implementation and
interpretation. The table is included to make the paper auditable
and to avoid presenting the current pipeline as a general robustness
result.

7.1 Immediate Extensions

The most important extension is end-to-end recovery evaluation.
A stronger evaluator should allow the model to decide whether to
call a tool, ask a question, retry, or stop; simulate the user response
or second tool response; and then score final task completion. The
noise taxonomy should also be expanded to include typos, para-
phrases, multiple missing slots, conflicting constraints, multilingual
requests, malformed JSON, partial results, rate limits, schema mis-
match, stale results, and wrong-but-plausible outputs. Finally, the
primitive set should be ablated with clarify-only, retry-only,
clarify +retry, and variants containing re-check, fallback, ab-
stain, or dynamic tool reselection.

8 Limitations

This study has several limitations. The environment is small, deter-
ministic, and template-based. All training-time noisy examples are
solvable, so the model is not trained to abstain under impossible, un-
safe, or underspecified conditions that cannot be repaired with one
clarification. The evaluator measures one-step recovery-action cor-
rectness rather than full task completion after recovery. The system
prompt explicitly states the recovery rules, making prompt-only
inference an important and potentially strong baseline. The curricu-
lum effect is not established without reverse-order and matched
two-stage controls. Finally, the current paper includes single-seed
trained-model diagnostics in addition to oracle pipeline validation;
these diagnostics do not establish improved recovery behavior with-
out seed variation, reverse-order controls, and end-to-end recovery
evaluation.



Train Dirty, Recover Reliably: A Controlled Study of Data-Efficient Recovery Tuning for Tool Agents

Table 4: Recovery tuning results on clean and matched noisy test sets. Higher is better for success rates. Lower is better for

robustness drop and extra cost.

Method CleanSRT  Missing-infoSRT  TimeoutSRT  Robustness Drop |  Extra Turns |
Prompt-only 0.0% 0.0% 100.0% -50.0% 0.00
Clean-only LoRA 82.5% 0.0% 100.0% 32.5% 0.00
Random recovery LoRA 82.5% 95.0% 100.0% -15.0% 0.47
Primitive-ordered Recovery LoRA 85.0% 0.0% 100.0% 35.0% 0.00

Table 5: Held-out surface transfer results. The held-out test set uses new surface forms that require the same recovery primitives

as the training noise.

Method Ambiguous Paraphrase SR T Empty Response SRT ~ Recovery Acc. T Extra Tool Calls |

Prompt-only 0.0% 100.0% 42.9% 0.29

Clean-only LoRA 0.0% 100.0% 28.6% 0.29

Random recovery LoRA 22.5% 100.0% 58.9% 0.29

Primitive-ordered Recovery LoRA 0.0% 100.0% 28.6% 0.29
Table 6: Primitive-level recovery analysis. References

Method Clarify Acc. T Retry Acc. T Unnecessary Clarify |
Prompt-only 0.0% 100.0% 20.0%
Clean-only LoRA 0.0% 100.0% 0.0%
Random recovery LoRA 95.0% 100.0% 10.0%
Primitive-ordered Recovery LoRA 0.0% 100.0% 0.0%

Table 7: Claim-to-implementation alignment after revision.

Topic Current implementation Revised interpretation
Noise Missing slot, timeout, ambiguousref-  Controlled toy noise, not gen-
erence, empty response eral deployment noise.
Primitives clarify, retry Other recovery actions are fu-
ture work.
Curriculum clarify stage followed by retry  Ordering hypothesis requiring
stage ablations.
Evaluation One-step action scoring Recovery-action correctness,
not full task success.
Clean replay Optional, disabled by default Report only under a matched
budget.
Data split Template families reused across Do not claim template-disjoint
splits generalization.
Results Oracle smoke test plus single-seed Do not claim model robust-

model diagnostics

ness gains without multi-seed,

reverse-order, and end-to-end
evaluations.

9 Conclusion

Mini Recovery Tuning studies a narrow but important failure mode
for tool-using agents: choosing a repair action when required user
information is missing or a tool call fails transiently. The artifact pro-
vides deterministic task generation, rule-based noise injection, su-
pervised recovery labels, LORA/QLoRA training recipes, oracle val-
idation of the scoring pipeline, and preliminary single-seed model
diagnostics. Its main value is methodological: it separates immedi-
ate recovery-action selection from full recovered task success and
defines fair comparisons for future model experiments. Broader de-
ployment robustness remains an open empirical question requiring
multi-seed trained-model results, richer noise, stronger baselines,
and end-to-end recovery evaluation.
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Train Dirty, Recover Reliably: A Controlled Study of Data-Efficient Recovery Tuning for Tool Agents

A Implementation Details
A.1 Data Generation

The default generator creates clean tool-use examples from deter-
ministic templates over weather, calendar, and restaurant domains.
Tool type is selected by round-robin assignment, concrete slot val-
ues are sampled from finite lists, and the resulting examples are
shuffled with a fixed seed before splitting into train, development,
and test sets. Each clean example stores the user request, available
tool schema, oracle tool call, deterministic tool response, and final
answer.

A.2 Noise Injection

For matched clarification examples, the injector removes one re-
quired slot from the user-facing request and records the deleted
slot as the clarification target. For matched retry examples, the first
assistant message contains the oracle tool call and the following
tool message is replaced with a timeout error. Held-out clarification
examples replace explicit arguments with ambiguous references,
while held-out retry examples replace the timeout with an empty
response. The implementation assigns labels by rule: missing or

ambiguous required information maps to clarify, and timeout or
empty tool response maps to retry.

A.3 LoRA/QLoRA Training Setup

Training examples are serialized as chat-style supervised fine-
tuning records. Prompt and context tokens are masked in the loss,
and only the assistant target JSON is optimized. The intended
fine-tuning path uses LoRA or QLoRA adapters rather than
full-model updates. The default recovery setting trains only on
matched noisy examples; clean replay is treated as an optional
diagnostic and should be budget-matched if reported.

A.4 Evaluation Pipeline

The evaluator parses the model output as a compact JSON ac-
tion. Clean examples are scored by exact tool name and required-
argument match. Noisy examples are scored by Recovery-Action
Success: clarification examples require a relevant question for the
missing slot, while retry examples require retrying or repeating
the same tool call with the same arguments. Oracle mode bypasses
model generation and emits the gold action, allowing the data-
generation and scoring code to be tested independently of model
quality.
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