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Abstract
Empowering large language models (LLMs) with effective tool
utilization capabilities is crucial for enabling AI agents to solve
complex problems. However, current models face two major lim-
itations: (1) unreliable tool planning and invocation due to low-
quality instruction datasets (e.g., widespread hallucinated API calls),
and (2) weak tool reflection abilities (over 90% of errors cannot
be corrected) resulting from static imitation learning. To address
these critical limitations, we propose Tool-MVR, a novel Tool-
Augmented LLM that achieves comprehensive System 2 reason-
ing through two key innovations. Specifically, we first introduce
Multi-Agent Meta-Verification (MAMV), a systematic pipeline
that rigorously validates APIs, queries, and reasoning trajectories
to construct ToolBench-V, a new high-quality instruction dataset
that addresses the limitation of unreliable tool planning and invo-
cation. Second, we propose Exploration-based Reflection Learning
(EXPLORE), which enhances tool reflection capabilities by lever-
aging tool feedback through a dynamic “Error → Reflection →
Correction” learning paradigm, resulting in our reflection dataset
ToolBench-R and addressing the critical weakness in tool reflec-
tion. Finally, we obtain Tool-MVR by finetuning open-source LLMs
(e.g., Qwen-7B) on both ToolBench-V and ToolBench-R. Our ex-
periments demonstrate that Tool-MVR achieves state-of-the-art
performance on StableToolBench, surpassing both ToolLLM (by
23.9%) and GPT-4 (by 15.3%) while reducing API calls by 31.4%,
with strong generalization capabilities across unseen tools and sce-
narios. Additionally, on our proposed RefineToolBench, the first
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benchmark specifically designed to evaluate tool reflection capabil-
ities. Tool-MVR achieves a 58.9% error correction rate, significantly
outperforming ToolLLM’s 9.1%. 1
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1 Introduction
Large language models (LLMs) have shown impressive capabilities
in various tasks, from natural language understanding to complex
reasoning [7, 12, 25, 43, 57, 64–66, 69]. However, general-purpose
LLMs face inherent limitations in accessing real-time data and spe-
cialized expertise [26, 38, 52, 60]. Similar to how humans leverage
tools for problem-solving, the tool learning task enables LLMs to
utilize external tools (e.g., weather forecast APIs, airline reservation
APIs) for accessing real-time information and interacting with the
physical world, expanding their capabilities [36].

Tool learning requires multi-turn interactions between LLMs
and external tools. As shown in the green trajectory of Figure 1, for
a weather query “What’s the weather . . .December 25, 2024?”, the
model involves three key capabilities: (1) Tool planning: The LLM
correctly identifies the need to use the weather forecast API. (2)
Tool invocation: It then generates precise API calls with proper pa-
rameters (city=“London”, date=“2024-12-25”). (3)Tool reflection: It
corrects errors through feedback when tool planning or invocation
1Codes and data are available at: https://github.com/zhymma/Tool-MVR

2078

https://orcid.org/0009-0003-9188-7275
https://doi.org/10.1145/3711896.3736835
https://doi.org/10.1145/3711896.3736835
https://github.com/zhymma/Tool-MVR


KDD ’25, August 3–7, 2025, Toronto, ON, Canada. Zhiyuan Ma et al.

fails [17, 19, 31, 35, 47, 68]. Such a complex tool learning process re-
quires System 2 reasoning - a deliberate, step-by-step approach that
humans use for sophisticated problem-solving [11, 22, 24, 50, 55].

Recent studies have explored two main approaches to tackle
tool learning task [38, 52]. The first approach focuses on build-
ing Tool-Augmented agents using powerful closed-source LLMs
through prompt engineering [4, 13], from ReAct’s “thought-action-
observation” format [59] to more sophisticated frameworks like
ToolChain’s A* search [71]. The second approach aims to enhance
open-source LLMs’ tool utilization capabilities through instruction
tuning. ToolBench [37], currently the most widely-used dataset,
leverages large-scale REST API collections and constructs extensive
tool instruction data through depth-first search annotation. This
dataset has enabled the development of various Tool-Augmented
LLMs [3, 8, 61]. For example, the instruction-tuned ToolLLM achieves
performance comparable to ChatGPT [33].

However, current tool learning research faces two critical limita-
tions. First, mainstream tool instruction datasets (e.g., ToolBench)
used for training Tool-Augmented LLMs suffer from severe quality
issues. Recent analysis [18] reveals that in ToolBench [37], 57.3%
of queries contain unsolvable requests or incomplete information,
and more critically, 74.4% of API call trajectories exhibit halluci-
nation behaviors (detailed in Section 3.2). As illustrated by the
blue trajectory in Figure 1, which shows a typical hallucinated API
call in ToolBench: (1) omitting the required date parameter and
only calling the API with “city: London”; and (2) incorrectly us-
ing current weather data (December 20) to answer a query about
December 25. These poor-quality instructions severely impair the
model’s System 2 reasoning capabilities in both tool planning and
tool invocation [23].

Furthermore, current Tool-Augmented LLMs lack tool reflection
capabilities - a critical weakness is given that API call errors are
inevitable in complex real-world scenarios [20, 44]. The ability to
correct errors based on execution feedback is essential for robust
tool utilization. However, we observe that ToolLLM abandons over
25% of tasks because it falls into local traps when encountering er-
rors, unable to correct wrong actions from multi-turn interactions.
As shown in the red trajectory of Figure 1, when encountering
an incorrect date format error, the model fails to make the sim-
ple correction despite receiving explicit API feedback about the
required YYYY-MM-DD format, and abandons the task. To further
emphasize this phenomenon, we introduce RefineToolBench, the
first benchmark designed to measure tool reflection capabilities
(detailed in Section 4.1.2), which shows that ToolLLM successfully
corrects errors in only 9.1% of cases. This lack of adaptive tool
reflection capability reveals that current Tool-Augmented LLMs
have not yet achieved genuine System 2 reasoning [2].

To address these limitations, we develop a novel two-stage ap-
proach: First, unlike previous instruction construction methods that
lack reliable verification mechanisms, we construct a new high-
quality tool instruction dataset ToolBench-V through Multi-Agent
Meta-Verification (MAMV), a systematic pipeline that validates: (1)
APIs and queries for tool planning - ensuring reliable API function-
ality and complete user requirements; and (2) API-call trajectories
for tool invocation - guaranteeing accurate API call trajectories.
This MAMV pipeline effectively addresses the data quality issues,
establishing solid foundations for tool planning and tool invocation.

Building upon this foundation, we introduce Exploration-based
Reflection Learning (EXPLORE) to enhance models’ tool reflection
capabilities. In contrast to previous training methods that focus
solely on imitating successful expert trajectories while ignoring
error cases [49, 56], EXPLORE actively explores error scenarios to
identify model weaknesses and leverages execution feedback to
construct reflection data. This forms a dynamic “Error → Reflec-
tion→ Correction” learning paradigm, resulting in our reflection
dataset ToolBench-R. Through this process, models learn to reflect
and optimize wrong actions based on tool feedback, addressing the
critical weakness in tool reflection capabilities.

Finally, by finetuning open-source LLMs (e.g., Qwen-2.5-7B [58])
on both ToolBench-V and ToolBench-R, we obtain Tool-MVR that
achieves sophisticated System 2 reasoning with deliberate tool
planning, accurate tool invocation, and adaptive tool reflection.
The main contributions of this work are as follows:

• We propose Tool-MVR, achieving comprehensive System 2
reasoning capabilities with significantly improved perfor-
mance, efficiency and generalization - surpassing GPT-4 by
15.3% on StableToolBench while reducing API calls by 31.4%,
and maintaining strong performance across diverse unseen
tools and scenarios.

• We develop MAMV for systematic instruction data verifi-
cation, achieving substantial improvements in both query
validity (from 52.7% to 98.8%) and trajectory accuracy (from
25.6% to 81.3%) in ToolBench-V.

• We introduce EXPLORE learning algorithm, enabling Tool-
MVR to achieve a 58.9% error correction rate on RefineTool-
Bench, significantly outperforming ToolLLM’s 9.1%.

2 Related Works
2.1 Tool Learning
Tool learning has emerged as a crucial task for expanding LLMs’
problem-solving abilities by enabling interaction with external tools
to overcome inherent limitations such as outdated information and
lack of real-time data access [43, 66]. Prior works have explored two
main approaches. The first approach, focusing on prompt engineer-
ing with closed-source LLMs [4, 13, 46, 53, 62], has evolved from
ReAct’s [59] basic thought-action format to more sophisticated
frameworks. Chameleon [30] enhanced compositional reasoning
by orchestrating multiple tools with GPT-4, while ToolChain [71]
improved efficiency through A* search in action space. The second
approach aims to enhance open-source LLMs through instruction
tuning [5, 15, 46, 54, 63]. Toolformer [45] pioneered this direction
by embedding API calls into text generation. ToolBench [37] made
significant progress by establishing the largest tool learning dataset
to date, encompassing 16,464 real-world APIs, and introduced Tool-
LLM with its depth-first search decision tree strategy (DFSDT) for
trajectory annotation. This work provided a foundation for system-
atic tool learning research but was limited by dataset quality issues.
Building upon ToolBench, TP-LLaMA [3] introduced preference
learning to leverage failed explorations through DPO [39, 40].

Most recently, works such as APIGen [29] and Tool-Ace [27]
have introduced automated data generation frameworks aimed at
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User Query: What's the weather like in London on December 25, 2024?
APIs: `get_weather_forecast`: Providing a required city name and optional date (YYYY-MM-DD), returning temperature, condition and humidity.

Thought: Let me check the weather forecast for
London using API `get_weather_forecast`.
API Name: get_weather_forecast
Arguments: {"city": "London"}

Thought: I'll check the weather forecast for
London on the specified date.
API Name: get_weather_forecast
Arguments: {"city": "London", "date":
"December 25, 2024"}

Observation: {"error": "", "response": {"date":
"2023-12-20", "temperature": 8, "condition":
"Cloudy", "humidity": 75}}

Observation: {"error": "Invalid date format.
Date should be in YYYY-MM-DD format",
"response": "{}"}

Thought: I have found the weather for London.
Final Answer: The weather in London will be
cloudy with a temperature of 8°C and 75%
humidity.

Thought: I cannot correct the date format error
after attempts.
Final Answer:  Finish by Giving Up

Missing Date
Parameter

Wrong 
Date Format

...
Failed Attempts

Thought: I need to check the weather forecast
for London on December 25, 2024.
API Name: get_weather_forecast
Arguments: {"city": "London","data":"2024-
12-25"}

Observation: {"error": "", "response":
{"date": "2024-12-25", "temperature": 2,
"condition": "Snow", "humidity": 85}}

Thought: I have successfully retrieved the
weather forecast.
Final Answer: On December 25, 2024, London
will experience snow with a temperature of 2°C
and 85% humidity.

LLM

Tool

LLM

Input

Hallucinated
Result

Get  Wrong
 Date Weather

Correct Result

Figure 1: Tool learning examples: given user queries and APIs, models generate API calls for answers. The green trajectory shows
correct API calls, the blue trajectory shows hallucinated API calls, and the red trajectory demonstrates failed self-reflection.

improving tool utilization capabilities through methods like multi-
stage API validation and diverse query styles. However, these ap-
proaches primarily focus on single-API instructions. In contrast,
our work aims to enhance tool using and reflexion in complex
multi-tool scenarios.

2.2 Self-Reflection
Recent work has explored feedback-based approaches for LLM self-
reflection through various mechanisms [20, 44, 67]. Self-Refine [32]
uses the same LLM for output generation and feedback-based im-
provements, while Reflexion [48] adds memory mechanisms to pre-
vent recurring errors [34]. For precise reasoning tasks, LeDex [21]
enhances code generation through explanation-based debugging,
and CRITIC [14] leverages external verification for mathematical
reasoning. However, in tool learning, self-reflection remains limited.
Existing approaches like DFSDT [37] and AnyTool [9] handle errors
through simple backtracking or complete restarts, leading to inef-
ficient reasoning. Our work advances feedback-driven reflection
through an exploration-based learning algorithm, enabling direct
error correction from tool feedback.

3 Method
In this section, we first provide a formal definition of tool learn-
ing task in Section 3.1. Then we present our approach to enhance
Tool-Augmented LLMs through two key innovations: (1) develop-
ing MAMV to construct a new high-quality dataset ToolBench-V
with 11,765 multi-turn tool interaction instances (Section 3.2), and
(2) developing EXPLORE, an exploration-based reflection learning
algorithm that enables models to learn from tool feedback and
correct errors in tool interaction (Section 3.3).

3.1 Preliminaries
The tool learning task requires models to effectively utilize external
tools through multi-turn interactions [38, 52]. As shown in Figure 1,

given a user query 𝑄 (e.g., “What’s the weather . . . ?”) and a tool
subset 𝑇 = {𝑡1, . . . , 𝑡𝑛} (e.g., weather forecast APIs), the agent’s
objective is to utilize appropriate tools to acquire information and
derive an answer. Let T denote the tool learning process:

T : 𝑄 ×𝑇 → (𝑆, 𝑟 ), (1)

where 𝑆 represents the reasoning trajectory and 𝑟 the final answer.
The model gradually solves problems through multiple rounds of
interaction. Each round 𝑖 consists of: (1) action 𝑎𝑖 = (𝑡𝑖 , 𝑝𝑖 ): se-
lecting tool 𝑡𝑖 ∈ 𝑇 and generating calling parameters 𝑝𝑖 (e.g., se-
lecting weather API and specifying parameters like city=“London”,
date=“2024-12-25”); (2) observation 𝑜𝑖 = 𝑡𝑖 (𝑝𝑖 ): executing the call
and obtaining API feedback information 𝑜𝑖 (e.g., receiving weather
forecast data or error messages about incorrect date format). Over
the course of interaction, the model forms a reasoning trajectory
and generates the final answer:

(𝑆, 𝑟 ) = ((𝑎1, 𝑜1, . . . , 𝑎𝑡 , 𝑜𝑡 ), 𝑟 ). (2)

Based on the API responses in trajectory 𝑆 , the model synthesizes
a final answer 𝑟 (e.g., “The weather will be . . . ”). The effectiveness
of solution is evaluated by determining whether trajectory 𝑆 and
answer 𝑟 adequately address query 𝑄 (details in Section 4.1).

Unlike System 1’s fast, intuitive thinking process, tool learning
requires sophisticated System 2 reasoning - a deliberate, step-by-
step problem solving approach [11, 17, 35]. Specifically, this involves
three key capabilities: (1) tool planning: analyzing query require-
ments and available APIs to determine the necessary tools; (2) tool
invocation: constructing API calls with appropriate parameters (e.g.,
date=“2024-12-25”); and (3) tool reflection: adjusting tool planning
and invocation based on execution feedback (e.g., modifying date
format or selecting alternative APIs). In this work, we aim to en-
hance open-source LLMs’ System 2 reasoning capabilities through
these three aspects, enabling them to achieve the tool utilization
capability of powerful closed-source models like GPT-4 [1].
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Enhanced 
API Pool

(a) APIOptAgent

Sample Callings
Excution
Observation

Validator

Simulator

DocRefiner

Invalid

Valid

Complete Missing Docs

Fix Invalid Desc

Add Response Schema

API Sever

Refined Doc

Input Parameters

Response JSON

Dataset
ToolBench

(b) QueryVerifyAgent

Feasibility
Checker

Well-Specified and
Solvable Queries

Missing Information
Incomplete Tools
Invalid Content

Semantic
Clarity

Information
Completeness

Question
Difficulty

Qiality Assessment

Rank and Select
Score 1-10

(c) APICallAgent

Action

Observation
LLM Environment

Planning

...

Multi-turn Iterations 

Verified
Queries

Queries

APIs

Format Checker
Semantic Checker
Execution Checker

Step-Level Chcker 
Dataset

ToolBench-V

Figure 2: Overview of Multi-Agent Meta-Verification (MAMV) framework. MAMV creates a new high-quality tool instruction
dataset ToolBench-V via (a) APIOptAgent for API verification and optimization, (b) QueryVerifyAgent for query assessment
and filtering, and (c) APICallAgent for step-level accurate API call trajectory generation.

3.2 Multi-Agent Meta-Verification Pipeline
While instruction quality is crucial for model performance in spe-
cialized domains, existing mainstream tool instruction datasets
primarily focus on quantity over quality [23, 28]. Recent analy-
sis from Quality Matters [18] reveals systematic issues in current
datasets’ construction methodology. These issues arise primarily
from the lack of systematic verification in data collection process.
Specifically, ToolBench [37] relies heavily on ChatGPT [33] for data
generation and employs a depth-first search strategy for trajectory
annotation, without incorporating reliable verification mechanisms.
This leads to the propagation of model hallucinations and annotator
biases into the instruction data.

Specifically, we first analyze the representative dataset Tool-
Bench [37], following the evaluation protocol in QualityMatters [18].
As shown in Table 1, our analysis reveals significant quality issues:
For query quality, approximately 47.3% of queries exhibit three
critical issues: (1) information completeness: queries frequently
omitting essential parameters (e.g., “Recommend romantic venues”
missing location specification); (2) logical consistency: requirements
often containing contradictions (e.g., booking past dates); and (3)
API feasibility: queries requesting operations beyond API capabili-
ties. For API-call quality, about 74.4% of trajectories contain three
systematic problems: (1) parameter accuracy: 47.2% of API calls con-
taining incorrect formats or values; (2) solution completeness: 33.1%
of trajectories missing critical API calls; and (3) trajectory mini-
mality: redundant API calls appearing as repeated queries. Such
hallucination-prone instruction datasets like ToolBench lead to
ToolLLM learning incorrect tool reasoning patterns, fundamentally
limiting its tool planning and invocation capabilities.

To address the severe quality issues in existing tool learning
datasets, we proposeMulti-AgentMeta-Verification (MAMV), a
novel pipeline that systematically validates three meta-components
in tool learning: APIs, user queries, andAPI call trajectories. Through
collaborative verification, MAMV performs: (1) API verification (for
tool planning - ensuring reliable API functionality and clear doc-
umentation), (2) query verification (for tool planning - ensuring

Table 1: Evaluation of instruction dataset quality scores (%).

Query Quality Spec. Coh. Solv. Overall

ToolBench 79.6 77.9 81.8 52.7
ToolBench-V 99.9 99.0 99.9 98.8

API-Call Quality Align. Suff. Min. Overall

ToolBench 52.1 66.4 54.9 25.6
ToolBench-V 90.6 96.5 81.9 81.3

query completeness and feasibility for tool selection), and (3) trajec-
tory verification (for tool invocation - ensuring accurate parameter
generation and efficient execution flow). Using MAMV, we improve
ToolBench to ToolBench-V. Formally, each instance in ToolBench-V
can be represented as:

𝑉 = {(𝑄,𝑇 , 𝑆)}, (3)

where 𝑄 represents the verified queries from ToolBench, 𝑇 the en-
hanced API pool, and 𝑆 the newly constructed API call trajectory
with step-wise verification. MAMV employs multiple agents pow-
ered by GPT-4. Each agent focuses on a specific verification task,
collaboratively ensuring comprehensive quality control.

3.2.1 API Verification. We first focus on verifying and enhancing
both API functionality and documentation. Leveraging RapidAPI
Hub [42], the world’s largest API marketplace, we selected over
12,000 real-world APIs spanning 49 core domains (e.g., social media,
travel services). These professionally maintained APIs support di-
verse practical applications, denoted as𝑇𝑎𝑙𝑙 = {𝑡1, . . . , 𝑡𝑛}. However,
these third-party APIs often present two major challenges: service
instability and inconsistent documentation quality with incomplete
parameter descriptions. To address these challenges, we develop
APIOptAgent as part of our MAMV pipeline (Figure 2(a)). Specifi-
cally, we first employ GPT-4 to generate and execute diverse request
samples for feedback collection. The Validator then assesses API
validity based on these results, identifying common failure cases
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(e.g., “API doesn’t exist”, “ACCESS_DENIED”). For invalid APIs, our
Simulator serves as a virtual API server, responding to requests
with semantically appropriate JSON responses containing simu-
lated data derived from API documentation to ensure continuous
API functionality. For valid APIs, DocRefiner enhances documen-
tation by adding missing parameter specifications (types, defaults,
ranges) and standardizing descriptions based on API response anal-
ysis. Through this process, we transformed 11,302 original APIs
into an optimized pool: validating 6,770 functional APIs, enhanc-
ing 6,334 API documents, and providing simulation alternatives
for 4,500+ unavailable APIs. This verification ensures both API
functionality and clear documentation for effective tool planning
(details in Appendix B.1).

3.2.2 Query Verification. User queries are crucial for accurate user
intent analysis and appropriate tool selection. In ToolBench [37], ap-
proximately 80,000 initial queries were generated by ChatGPT [33],
covering various API usage scenarios. For each query 𝑄 , we select
a relevant subset 𝑇 ⊆ 𝑇𝑎𝑙𝑙 to address it. However, these ChatGPT-
generated queries often contain unsolvable cases that hinder proper
requirement analysis and tool mapping. For instance, queries like
“I’m interested in a famous actor’s career. Could you provide de-
tailed information about their filmography?” lack essential infor-
mation (actor name specification), making it impossible to map to
appropriate APIs and parameters. Such incomplete queries lead to
incorrect tool selection and flawed reasoning patterns, fundamen-
tally limiting the model’s tool planning capabilities. We tackle these
limitations by developingQueryVerifyAgentwith two key compo-
nents, as illustrated in Figure 2(b). The Feasibility Checker utilizes
GPT-4 to filter out unsolvable queries due to missing information,
logical contradictions, or lack of necessary tools. The Quality As-
sessor then evaluates remaining queries across three dimensions:
semantic clarity, information completeness, and reasoning complex-
ity, using a 1-10 scoring scale. We retain only high-quality queries
(scores 8-10) to ensure query solvability, complexity, and complete-
ness (see Appendix B.2 in Appendix). This rigorous filtering process
yielded 23,903 high-quality queries from an initial pool of 62,147
(detailed implementation in Appendix B.2).

3.2.3 Trajectory Verification. The quality of API call trajectories
directly impacts models’ tool invocation capabilities. The previous
DFSDT approach, which combines ChatGPT with DFS algorithm
for API sequence search, results in over 47% parameter errors, 33%
incomplete solutions, and 45.1% redundant trajectories. By focusing
solely on final answer accuracy while ignoring intermediate rea-
soning processes, DFSDT generates numerous intermediate errors
and hallucinated behaviors.

These challenges stem from the absence of verification in existing
methods. To overcome these limitations, we develop APICallA-
gent, a multi-turn interactive framework with step-wise verifica-
tion mechanism. As shown in Figure 2(c), APICallAgent operates
through multi-round interactions among user queries, LLM reason-
ing (GPT-4), and API environment feedback. The agent follows a
systematic cycle of planning (chain-of-thought reasoning for tool
selection), action (parameter generation), and observation (execu-
tion feedback processing) to ensure logical consistency throughout
the reasoning process. Inspired by CodeAct [51], we adopt Python

function calls instead of JSON format to better leverage LLMs’ in-
herent coding capabilities, thereby improving API calling accuracy.

To ensure reliable API call trajectories, we designed a step-
wise verification mechanism with three components: (1) Format
Checker ensures final answer generation through syntax parsing,
(2) Semantic Checker validates comprehensive problem resolu-
tion through constraint verification, and (3) Execution Checker
examines each execution round to ensure positive contribution
while eliminating redundant calls and hallucinated behaviors. This
comprehensive verification ensures high-quality API call trajecto-
ries (detailed implementation in Appendix B.3).

3.2.4 ToolBench-V. Hence, our MAMV pipeline creates ToolBench-
V, a high-quality dataset of 11,765 multi-turn tool interaction in-
stances. Through systematic verification, we effectively address the
quality issues in existing datasets - achieving significant improve-
ments in both query validity (from 52.7% to 98.8%) and trajectory
accuracy (from 25.6% to 81.3%). The well-verified queries enhance
models’ ability to understand user intent and select appropriate
tools, while accurate trajectories guide proper API parameter gen-
eration. This comprehensive meta-verification approach establishes
a solid foundation for System 2 reasoning by ensuring reliable tool
planning and efficient tool invocation capabilities.

3.3 Exploration-based Reflection Learning
Currently, existing Tool-Augmented LLMs rely solely on static imi-
tation learning with correct expert trajectories, inevitably leading to
brittle models that struggle with error recovery [49, 56]. Our analy-
sis reveals that ToolLLM abandons 25% of tasks when encountering
execution failures, failing to recover and continue reasoning. To
systematically verify this limitation, we introduce RefineToolBench,
the first benchmark for evaluating models’ tool reflection capabil-
ities, where ToolLLM achieves only a 9.1% error correction rate
(details in Section 4.6). This poor tool reflection ability significantly
limits models’ practical applications in complex scenarios.

3.3.1 EXPLORE. In response to these limitations, we introduce
EXPLORE, an exploration-based reflection learning algorithm en-
abling systematic error correction through a dynamic “Error →
Reflection→ Correction” learning paradigm. As illustrated in Fig-
ure 3, EXPLORE actively samples step-level error actions online to
identify model weaknesses and leverages tool feedback to construct
reflection data using GPT-4. We categorize tool learning errors into
two types: (1) API Calling errors (execution failures due to miss-
ing parameters, type mismatches, or incorrect API names); and (2)
API Planning errors (successful but task-irrelevant executions due
to incorrect tool selection or parameter content). Unlike previous
approaches that discard failed cases [37], EXPLORE utilizes these
errors as valuable learning signals, enabling models to reflect on
mistakes and improve multi-turn interaction capabilities.

Building upon the foundational capabilities from the first stage,
EXPLORE uses verified ToolBench-V trajectories as references for
self-improvement. For a trajectory 𝑆 = (𝑎1, 𝑜1, . . . , 𝑎𝑛, 𝑜𝑛), we ran-
domly select steps 𝑜𝑡 as exploration points. As shown in Figure 3,
for a weather query, the verified trajectory 𝑆 demonstrates correct
API usage. Through multiple sampling, we construct an exploration
tree where successful explorations (blue) lead to task completion,
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Task

a1

Trajectory S from ToolBench-V
User: What's the current temperature in
New York and what's the weather forecast
for Christmas Day?

Thought: I need to first get  the current...
Action: get_weather(city="New York")
Observation: {"temperature": "8°C",
"humidity": "65%", "date"="2024-12-20"}

Thought: Now I'll ... for Christmas Day.
Action: get_weather(city="New York",
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Observation: {"temperature": "2°C",
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Action: get_weather(...,
date="2024-12-25")

Observation: {"temperature":
"2°C", "conditions": ...}

Based on the observation "Invalid
date format", this is a parameter
error. The correct format should
be ..., so I need to convert
"Christmas Day" to "2024-12-25"

Figure 3: Exploration-based Reflection Learning (EXPLORE):
performs step-level exploration with sampling, enabling
“Error→Reflection→Correction” learning paradigm.

while failed attempts (red) trigger reflection generation. For failed
attempts, the exploration process with 𝑜𝑡 as the starting point can
be formalized as:

𝐸𝑡 = {(wa,wo, ra) |ra = 𝑎𝑡+1}, (4)

where wa represents wrong actions, wo represents the feedback,
and ra = 𝑎𝑡+1 the corresponding correct action. This reflection
process is crucial, enabling models to learn from feedback and
adjust tool planning or invocation.

3.3.2 ToolBench-R. Through this dynamic exploration process, we
construct ToolBench-R, a reflection-oriented dataset:

𝑅 = {(𝑄,𝑇 , 𝑆<𝑡 ,wa,wo, (ref, ra)) |
(wa,wo, ra) ∈ 𝐸𝑡}, (5)

where each instance captures a complete reflection process with
context: the query 𝑄 , tools 𝑇 , and historical interactions 𝑆<𝑡 .

ToolBench-R is constructed by leveraging GPT-4 to generate
structured reflection content for each error case. This involves ana-
lyzing execution feedback for issues, developing correction strate-
gies, and formulating precise execution plans. For example, when
encountering date format errors in weather queries, GPT-4 ana-
lyzes the tool feedback to generate structured reflections that guide
parameter correction from “December 25, 2024" to “2024-12-25".
This structured reflection content forms the basis of ToolBench-R.

The reflection process emphasizes adaptive tool reflection through
active processing and learning from real-time feedback. Each in-
stance in ToolBench-R includes analytical (error analysis, correction
strategy) and practical (concrete execution plans) components, en-
abling comprehensive tool reflection capabilities. This systematic
approach results in ToolBench-R having 3,625 reflection instances

covering diverse error types, robustly handling errors in complex
real-world scenarios (further details in Appendix Appendix B.4).

3.4 Training
We train our model through Supervised Fine-Tuning (SFT) to de-
velop three System 2 reasoning capabilities. The training objective
consists of two components corresponding to tool planning, invo-
cation, and reflection abilities.

For ToolBench-V, which focuses on tool planning and invoca-
tion capabilities, we optimize the action prediction loss at each
interaction step 𝑡 in sequence 𝑆 :

L𝑉 = −
∑︁
𝑥∈𝑉

|𝑆 |∑︁
𝑡=1

log 𝑝 (𝑎𝑡 |𝑄,𝑇 , 𝑎<𝑡 , 𝑜<𝑡 ), (6)

where𝑥 = (𝑄,𝑇 , 𝑆) denotes instances from themeta-verified dataset.
For ToolBench-R, which enhances tool reflection capabilities

through reflection learning, we optimize the joint prediction of
reflection and corrected action:

L𝑅 = −
∑︁
𝑦∈𝑅

log𝑝 ((ref, ra) |𝑄,𝑇 , 𝑆<𝑡 ,wa,wo), (7)

where 𝑦 = (𝑄,𝑇 , 𝑆<𝑡 ,wa,wo, (ref, ra)) denotes instances from the
reflection dataset. The final training objective combines both losses:

L = L𝑉 + 𝜆L𝑅, (8)

where 𝜆 is a hyperparameter balancing the importance between
meta-verified instruction learning and reflection learning.

By jointly optimizing these objectives during SFT, we train Tool-
MVR to master all three System 2 capabilities: (1) reliable tool
planning through high-quality API and query verification, (2) accu-
rate tool invocation through verified trajectories, and (3) effective
tool reflection through feedback-based error correction.

4 Experiments
4.1 Benchmark and Evaluation Metrics
4.1.1 StableToolBench. We evaluate model performance on Stable-
ToolBench [16], an enhanced and more stable test set derived from
ToolBench [37]. It contains 765 carefully curated tasks that sys-
tematically evaluate different aspects of tool learning capabilities.
We examine six test scenarios: G1-Ins., G1-Tool, G1-Cat., G2-Ins.,
G2-Cat., and G3-Ins. These scenarios combine task complexity (G1:
single-tool instructions, G2: intra-category multi-tool instructions,
G3: cross-category multi-tool instructions) with generalization lev-
els (Ins.: unseen instructions, Tool: unseen tools from seen cat-
egories, Cat.: unseen tool categories). Performance is measured
using two key metrics: Pass Rate and Win Rate, evaluating task
completion success and reasoning quality respectively.

4.1.2 RefineToolBench. While existing benchmarks focus primar-
ily on basic tool usage capabilities, they lack systematic assessment
of error recovery - a crucial aspect of System 2 reasoning. To ad-
dress this gap, we introduce RefineToolBench, the first benchmark
specifically designed to evaluate tool reflection capabilities. To en-
sure comprehensive coverage of error scenarios, the benchmark
includes both API-level errors in single-tool scenarios (𝐼1, 𝐼2) and
complex reasoning failures in multi-tool interactions (𝐼3), with
carefully designed test cases that require models to recover from
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errors through reflection. The final dataset contains 344 𝐼1 cases
(testing parameter and API name errors with available APIs), 388
𝐼2 cases (evaluating error handling with simulator-required APIs),
and 178 𝐼3 cases (assessing complex tool selection and interaction
errors). We evaluate using two key metrics: Error Recognition
Rate (ERR) measuring error identification capability, and Error
Correction Rate (ECR) assessing successful error resolution.

The construction process for RefineToolBench varies by scenario
type. For single-tool scenarios (I1 and I2), we use GPT-4 to gener-
ate query-action pairs with deliberate API-level errors, ensuring
coverage of various error types. For multi-tool scenarios (I3), we
first obtain complete reasoning trajectories from StableToolBench
using our Stage 1 multi-agent system, then use GPT-4 to introduce
errors in tool selection and parameter content at randomly selected
steps. All cases undergo rigorous filtering to ensure solvability
and meaningful feedback availability, resulting in a comprehensive
benchmark for evaluating models’ error handling and reflection
capabilities.

Comprehensive and detailed evaluation protocols for both bench-
marks are provided in Appendix Appendix A.

4.2 Baselines and Settings
We compare our Tool-MVR with the following baselines: GPT-
3.5 [33], a widely-adopted closed-source LLM that demonstrates
excellent performance in tool utilization. GPT-4 [1], the current
state-of-the-art closed-source model, exhibits exceptional capa-
bilities in complex reasoning and tool invocation. In the open-
source domain, we select two powerful models: LLaMA-3.1-8B-
Instruct [10] andQwen-2.5-7B-Instruct [58]. Using these as back-
bone models, ToolLLM [37] was developed through supervised
fine-tuning on the ToolBench dataset. Subsequently,TP-LLaMA [3]
represents a strong DPO-optimized baseline that enhances infer-
ence trajectories by leveraging preference data extracted from deci-
sion trees. StepTool [61] introduces an effective PPO framework
that pioneers step-grained reinforcement learning with reward
shaping to improve tool learning capabilities. Note that all base-
lines here are combined with DFSDT for inference.

4.3 Implementation Details
We adopt LLaMA-3.1-8B-instruct and Qwen-2.5-7B-instruct as our
Tool-MVR backbone and develop our training pipeline based on
the LLaMA-Factory [70] framework. For training loss, we set 𝜆 = 1
and maintain a 10:1 ratio between ToolBench-V and ToolBench-R
to balance three System 2 reasoning capabilities. The models are
optimized using full-parameter fine-tuning with a learning rate of
2e-5 and warmup ratio of 0.04. We leverage DeepSpeed ZeRO-3 [41]
optimization and Flash Attention [6] for training acceleration. All
experiments are conducted on a machine equipped with 8 NVIDIA
A800 GPUs (80GB memory each).

For dataset construction in our ToolBench-V and ToolBench-R,
we employ a combination of “gpt-4-turbo”, “gpt-4o”, and “gpt-4”
models. In our baseline comparisons, GPT-4 refers to “gpt-4-turbo”,
while GPT-3.5 refers to “gpt-3.5-turbo”. All evaluation metrics are
computed using “gpt-4-turbo” with temperature set to 0.

4.4 Data Quality Comparison
As discussed in Section 3.2, ToolBench suffers from severe quality is-
sues across two dimensions: query quality and API-call quality, both
of which are evaluated using three key metrics, following the evalu-
ation protocol in Quality Matters [18]. To validate the effectiveness
of our MAMV pipeline in addressing these limitations, we con-
ducted a comprehensive quality assessment comparing ToolBench-
V against the ToolBench dataset, as shown in Table 1. The results
demonstrate substantial improvements with our MAMV approach:
for user queries, MAMV increases the overall quality score from
52.7% to 98.8%, validating our QueryVerifyAgent’s effectiveness in
filtering out problematic queries. Similarly, for API-call trajectories,
our method improves the overall accuracy from 25.6% to 81.3%
through APICallAgent’s comprehensive verification mechanism.
For instance, the Execution Checker effectively eliminates redun-
dant API calls and trial-and-error attempts, raising the trajectory
minimality score from 54.9% to 81.9%. Through these systematic im-
provements, MAMV successfully addresses the critical limitations
in existing datasets: poor query quality, hallucinated API usage,
and establishes a strong foundation for tool learning."

4.5 Main Results on StableToolBench
We evaluate Tool-MVR against various baselines. First, we conduct
comprehensive performance comparisons using Pass Rate and Win
Rate metrics on StableToolBench, with results presented in Tables 2
and 3. Second, we perform ablation studies to analyze the contribu-
tion of each component in our framework, which further highlights
the superior tool planning and invocation capabilities of Tool-MVR.

4.5.1 Pass Rate Analysis. As shown in Tables 2, we first evaluate
models’ performance using Pass Rate, which measures their ability
to successfully complete tool learning tasks. Our Tool-MVR models,
implemented on both LLaMA-3.1-8B (Tool-MVR (L)) and Qwen-2.5-
7B (Tool-MVR (Q)), achieve substantial improvements over existing
baselines. Tool-MVR (Q) attains an average Pass Rate of 83.8%, sur-
passing GPT-4 (by 15.3%), GPT-3.5 (by 39.9%), and ToolLLM (Q)
(by 23.9%). Similarly, Tool-MVR (L) achieves 80.5%, exceeding all
LLaMA-based baselines and GPT-4 by 12%. The superior perfor-
mance of Tool-MVR can be attributed to two key innovations. First,
MAMV’s systematic verification ensures high-quality instruction
data, which directly improves tool planning and invocation capa-
bilities. Second, EXPLORE’s reflection learning mechanism enables
models to effectively adapt to and recover from errors. Beyond per-
formance improvements, our experimental results also demonstrate
Tool-MVR’s advantages in several key aspects: 1) Generalization
Performance: Tool-MVR (Q) achieves its highest Pass Rate of 86.7%
on G1-Tool scenarios with unseen tools from seen categories. 2)
Less is More: Tool-MVR achieves these results with only 15,390
training examples, compared to ToolLLM’s 73,423, demonstrating
that high-quality instruction data matters more than data quantity.
3) Data Quality Impact: While recent approaches like TP-LLaMA
and StepTool focus on advanced optimization techniques (DPO and
PPO), their modest gains over SFT baselines stem from ToolBench’s
low-quality data significantly limiting models’ basic capabilities.
This highlights that improving instruction data quality for SFT is
fundamental for enhancing tool learning capabilities.
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Table 2: Pass Rate (%) comparison in StableToolBench. Bold values indicate the highest scores, underlined values indicate the
second highest. L and Q represent using LLaMA-3.1-8B-Instruct and Qwen-2.5-7B-Instruct as backbone, respectively.

Type Model G1-Ins. G1-Tool G1-Cat. G2-Ins. G2-Cat. G3-Ins. Average

Closed GPT-3.5 49.1 49.4 54.2 29.2 26.6 50.8 43.9
GPT-4 74.2 72.8 60.8 63.2 66.1 75.4 68.5

Base LLaMA-3.1-8B-Instruct 53.4 53.2 54.2 42.5 48.4 49.2 50.8
Qwen-2.5-7B-Instruct 57.7 57.0 58.2 46.2 51.6 54.1 54.8

SFT ToolLLM(L) 60.1 60.1 67.3 50.0 46.8 70.5 58.8
ToolLLM(Q) 63.2 60.1 67.3 51.9 57.3 50.8 59.9

DPO TP-LLaMA(L) 54.0 65.2 78.4 59.4 65.3 60.7 64.3

PPO StepTool(L) 63.8 62.7 66.7 60.4 62.9 54.1 62.7
StepTool(Q) 68.7 72.8 67.3 58.5 65.3 70.5 67.5

Ours

Tool-MVR(L) 79.1 82.9 79.1 79.2 79.0 86.9 80.5
w/o Stage 2(L) 76.1 78.5 80.4 79.2 80.6 78.7 78.8
w/o Stage 1&2(L) 60.7 65.2 60.8 57.5 49.2 70.5 60.1
Tool-MVR(Q) 83.4 86.7 83.0 79.2 85.5 83.6 83.8
w/o Stage 2(Q) 76.1 75.3 74.5 79.2 74.2 82.0 76.2
w/o Stage 1&2(Q) 46.6 43.7 54.2 47.2 47.6 41.0 47.3

Table 3: Win Rate (%) comparison in StableToolBench.

Model Reference G1 G2 G3 Average

GPT-4 GPT-3.5 77.8 83.5 77.0 79.5
ToolLLM(L) GPT-3.5 73.4 77.8 78.7 75.2
ToolLLM(Q) GPT-3.5 72.6 78.3 60.7 73.3
TP-LLaMA(L) GPT-3.5 75.5 80.9 78.7 77.4
StepTool(L) GPT-3.5 75.1 80.0 70.5 76.2
StepTool(Q) GPT-3.5 77.4 83.0 77.0 79.1

Tool-MVR(L) GPT-3.5 84.8 88.7 86.9 86.1
Tool-MVR(Q) GPT-3.5 86.3 89.1 90.2 87.5

Tool-MVR(L) GPT-4 75.5 78.7 78.7 76.7
Tool-MVR(L) ToolLLM 80.4 83.0 80.3 81.2
Tool-MVR(L) StepTool 78.1 80.4 78.7 78.8

4.5.2 Win Rate Analysis. To further evaluate the quality of tool
reasoning beyond simple task completion, we analyze models’ Win
Rate performance. As shown in Table 3, Tool-MVR (Q) and Tool-
MVR (L) demonstrate superior capabilities with Win Rates of 87.5%
and 86.1% against GPT-3.5 respectively. Notably, Tool-MVR (L)
maintains strong performance even against GPT-4 (76.7%), Tool-
LLM (81.2%), and StepTool (78.8%). These results confirm that our
systematic approach to developing tool capabilities - combining
high-quality instruction data with reflection learning - not only
improves task completion rates but also significantly enhances
the quality and completeness of intermediate reasoning processes
characteristic of System 2 Reasoning.

4.5.3 Ablation Study. To analyze how different components con-
tribute to System 2 reasoning capabilities, we conduct ablation
experiments with three configurations. As shown in Table 2, (1)
Tool-MVR (L/Q) represents our complete framework incorporat-
ing both meta-verification and reflection learning. (2) “w/o Stage

2 (L/Q)”, which uses only ToolBench-V without reflection learn-
ing, and (3) “w/o Stage 1&2 (L/Q)”, which employs the base model
with only APICallAgent inference. Results demonstrate the com-
plementary nature of our two-stage approach. Specifically, (1) the
significant performance improvement of “w/o Stage 2 (Q)” models
over ToolLLM (Q) (76.2% vs. 59.9% ) validates MAMV’s effectiveness
in developing tool planning and invocation abilities; (2) the fur-
ther enhancement achieved by the complete Tool-MVR (Q) (83.8%)
highlights EXPLORE’s crucial role in strengthening tool reflection
capabilities; (3) the substantially lower performance of “w/o Stage
1&2 (L)” (47.3%) confirms that both components are essential for
comprehensive System 2 reasoning in tool learning.

4.6 Tool Reflection Results on RefineToolBench
To systematically evaluate models’ tool reflection capabilities, we
conduct experiments on RefineToolBench across three error sce-
narios: single API errors with available APIs (𝐼1), single API errors
requiring simulators (𝐼2), and multi-API interaction errors (𝐼3). As
shown in Table 4, we assess both Error Recognition Rate (ERR) and
Error Correction Rate (ECR) to measure models’ ability to identify
and rectify mistakes.

4.6.1 Limitations of Existing Approaches. Our analysis reveals a
critical limitation in existing Tool-Augmented LLMs: their poor tool
reflection capabilities. ToolLLM(L) and ToolLLM(Q) achieve only
7.8% and 9.1% Error Correction Rate (ECR) respectively. These mod-
els repeatedly make the same mistakes without adaptation when
encountering errors. Notably, base models (LLaMA-3.1-8B-Instruct
and Qwen-2.5-7B-Instruct) show better error handling (29.7% and
35.4% ECR), indicating that static imitation learning on ToolBench
actually impairs models’ inherent error recovery capabilities by
focusing solely on successful examples while ignoring valuable
learning signals from failures.
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Table 4: Error Recognition Rate (%) and Correction Rate (%)
across different error scenarios in RefineToolBench. Note:
LLaMA-3.1-8B and Qwen-2.5-7B refer to instruction versions.

Method Error Recognition Error Correction
I1 I2 I3 Avg. I1 I2 I3 Avg.

GPT-3.5 42.2 45.9 66.3 48.5 39.0 44.6 60.1 45.5
GPT-4 50.0 45.4 81.5 54.2 48.0 44.1 72.5 51.1
LLaMA-3.1-8B 30.8 37.1 24.7 32.3 28.8 34.8 20.2 29.7
Qwen-2.5-7B 46.2 48.2 28.1 43.5 36.3 41.0 21.3 35.4
ToolLLM (L) 6.1 4.1 34.8 10.9 4.9 2.8 24.2 7.8
ToolLLM (Q) 5.2 4.9 36.5 11.2 5.2 4.9 25.8 9.1

Tool-MVR (L) 59.9 57.7 88.8 64.6 51.2 52.3 81.5 57.6
w/o Stage 2 (L) 51.2 50.0 78.1 55.9 43.3 45.9 68.0 49.2
Tool-MVR (Q) 63.7 60.3 90.4 67.5 53.2 54.4 79.8 58.9
w/o Stage 2 (Q) 56.1 53.9 82.6 60.3 46.2 46.6 66.9 50.4

4.6.2 Performance Improvements. Tool-MVR demonstrates sub-
stantial improvements in reflection capabilities across all scenarios.
Tool-MVR(Q) achieves an average ERR of 67.5% and ECR of 58.9%,
significantly outperforming GPT-4 (54.2% ERR, 51.1% ECR), while
Tool-MVR(L) attains 64.6% ERR and 57.6% ECR. These results vali-
date the effectiveness of our dynamic “Error → Reflection → Cor-
rection” learning paradigm, which enables models to systematically
learn from and adapt to execution feedback.

4.6.3 Ablation Analysis. Ablation studies further validate the im-
portance of reflection learning. As shown in Table 4, removing Stage
2 (EXPLORE) leads to significant performance drops: ERR decreases
from 67.5% to 60.3%, and ECR drops from 58.9% to 50.4%, demon-
strating EXPLORE’s crucial role in error handling. The benefits of
reflection capabilities extend beyond RefineToolBench: on Stable-
ToolBench, the pass rate improves from 76.2% to 83.8% through
enhanced tool reflection abilities from Stage 2 (EXPLORE).

4.6.4 Performance Analysis Across Different Scenarios. Tool-MVR
shows varying performance across error scenarios: lower ECR on
single-tool cases (53.2% and 54.4% for 𝐼1 and 𝐼2) compared to multi-
tool scenarios (79.8% for 𝐼3). This pattern aligns with the training
data distribution, as 𝐼3 cases from StableToolBench contain famil-
iar multi-tool tasks, while single-tool scenarios present entirely
novel challenges. Notably, despite this domain gap, Tool-MVR(Q)
maintains strong generalization ability, achieving substantial im-
provements over GPT-4 (48.0%, 44.1%, 72.5%) across all scenarios.

4.7 Efficiency Analysis
As shown in Figure 4, Tool-MVR achieves superior efficiency in
StableToolBench, requiring only 3.48-3.99 API calls per task across
scenarios. This represents a 37.4% reduction compared to ToolLLM
and 31.4% compared to GPT-4, while maintaining state-of-the-art
performance. This significant reduction in API calls substantially
decreases user interaction latency and reduces operational costs
in commercial applications. Our MAMV pipeline achieves this effi-
ciency improvement by significantly enhancing training data qual-
ity, reaching a minimality score of 81.9% compared to ToolBench’s
54.9%, as shown in Table 1. High-quality training examples with
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Figure 4: Average number of API calls required by different
models across test scenarios in StableToolBench.

minimal and accurate API calls enable Tool-MVR to develop effi-
cient tool usage patterns, eliminating redundant operations during
inference. This combination of improved efficiency and effective-
ness demonstrates Tool-MVR’s enhanced capabilities in deliberate
tool planning and precise tool invocation.

5 Conclusions
In this paper, we introduced Tool-MVR, which successfully en-
hanced open-source LLMs’ System 2 reasoning capabilities and
achieved state-of-the-art performance in tool learning through
two key innovations. First, we developed MAMV to establish high-
quality instruction data through meta-verification, addressing the
critical limitation of instruction dataset quality and establishing
strong foundations for deliberate tool planning and accurate tool
invocation. Second, we proposed EXPLORE to enable systematic er-
ror correction through reflection learning, addressing a critical gap
in existing models’ reflection capabilities that resulted from static
imitation learning. Our experiments demonstrated that Tool-MVR
achieved state-of-the-art performance on StableToolBench, surpass-
ing both open-source and closed-source baselines while requiring
significantly fewer API calls, and exhibited strong generalization
capabilities across unseen tools and scenarios. Additionally, on
RefineToolBench - the first benchmark for evaluating tool reflec-
tion capabilities - Tool-MVR achieved the highest error recognition
and correction rates, demonstrating unprecedented adaptive tool
reflection capabilities.
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A Experimental Evaluation Details
We employ four comprehensive metrics to evaluate model per-
formance, with standardized evaluation protocols implemented
through GPT-4:

Pass Rate (PR) evaluates the overall task completion success by
examining both final answers and execution chains. A Pass requires
sufficient query resolution with successful API calls and verifiable
information, while a Fail indicates execution errors or invalid solu-
tions. Cases lacking sufficient validation data or complete reasoning
processes are marked as Unsure:

𝑃𝑅 =
1
𝑁

𝑁∑︁
𝑖=1

𝑠𝑖 , where 𝑠𝑖 =


1.0 if Pass
0.5 if Unsure
0.0 if Fail

(9)

Win Rate (WR) conducts pairwise comparisons between solu-
tions using a comprehensive 100-point scoring system. The evalu-
ation considers answer quality (60%) - assessing completeness of
required information (20pts), accuracy with API responses (20pts),
presentation clarity (10pts), and error documentation (10pts) - and
execution efficiency (40%) - evaluating appropriate tool selection
and usage (15pts), logical progression (15pts), and strategic opti-
mization (10pts):

𝑊𝑅 =

∑𝑀
𝑖=1 I(𝐶 (𝐴𝑖 , 𝐵𝑖 ) = 0)

𝑀
(10)

where 𝐶 (𝐴𝑖 , 𝐵𝑖 ) returns 0 if 𝐴𝑖 is superior to 𝐵𝑖 , with ties resolved
in favor of higher answer quality scores.
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Following the error handling evaluation protocol, we assess two
complementary aspects:

Error Recognition Rate (ERR)measures the model’s ability to
explicitly identify API errors or invalid responses. A Pass requires
clear error acknowledgment, while proceeding without recognizing
errors results in a Fail:

𝐸𝑅𝑅 =

∑𝐾
𝑖=1 I(𝑟𝑖 = Pass)

𝐾
(11)

Error Correction Rate (ECR) evaluates both error recognition
and successful resolution, requiring valid subsequent API calls and
proper error handling. This metric captures the complete error
recovery process:

𝐸𝐶𝑅 =

∑𝐾
𝑖=1 I(𝑟𝑖 = Pass ∧ 𝑐𝑖 = Pass)

𝐾
(12)

Here, 𝑁 denotes the total number of tasks, 𝑀 the number of
comparison pairs, and 𝐾 the number of error cases. All evaluations
require complete execution chains and API responses for compre-
hensive assessment.

B Implementation Details of Tool-MVR
B.1 APIOptAgent Details
APIOptAgent enhances API documentation through three compo-
nents: Validator, Simulator, and DocRefiner. The Validator gener-
ates diverse API calls to obtain real execution observations, which
serve as empirical evidence for API validation and documentation
refinement. For invalid or unstable APIs, the Simulator creates
standardized responses. The DocRefiner then improves documen-
tation quality by leveraging both successful and failed API calls.
The refined documentation follows OpenAI’s function calling for-
mat, structured as a JSON object with standardized fields including
“type”, “function”, “name”, “description”, and “parameters”, ensuring
compatibility with existing LLM tool-use frameworks.

This empirical refinement process effectively transforms vague
documentation into accurate and actionable specifications based on
observed API behaviors. This observation-driven approach signifi-
cantly improves documentation quality by grounding specifications
in empirical evidence, while maintaining strict adherence to Ope-
nAI’s standardized API documentation format.

B.2 QueryVerifyAgent Details
QueryVerifyAgent evaluates query solvability and quality through a
systematic verification process based on four key rules: (1) queries
containing invalid or nonsensical information, (2) queries miss-
ing essential API-required information, (3) queries unmappable to
available tools, and (4) queries with sufficient valid information
solvable by APIs. Each query is also assigned a quality score (1-10)
considering solvability, semantic clarity, information completeness,
reasoning difficulty, and tool compatibility. For instance, a query
seeking transaction volume and webhook notifications might be
deemed unsolvable if API setup requires missing transaction IDs.

Our analysis reveals substantial variations in query solvability
across groups: G3 (50.7% of 14,361 queries), G1 (47.0% of 27,059
queries), and G2 (23.4% of 20,727 queries). To ensure high-quality
instruction data, we retain only queries with quality scores between
8 and 10. This rigorous filtering process resulted in 11,776 queries

from G1 (43.5% retention), 4,347 from G2 (21.0% retention), and
6,664 from G3 (46.4% retention).

The retained high-quality queries demonstrate clear intent, com-
plete information, and strong alignment with available tools, en-
suring our instruction dataset effectively develops models’ tool
planning capabilities by enabling accurate user intent understand-
ing and systematic API selection.

B.3 APICallAgent Details
APICallAgent constructs high-quality API call trajectories through
a two-stage process: trajectory construction and verification. The
construction stage guides the agent to break down complex queries
into sub-problems, solving them iteratively via Python function
calls. This approach enables sophisticated operations like com-
plex data processing, conditional branching, cascading calls, and
adaptive parameter adjustment based on previous results, unlike
traditional JSON formats. For each sub-problem, the agent pro-
vides its reasoning in a <thought> tag before making API calls in
an <execute> block, ensuring transparent decision-making and
flexible adaptation to API feedback.

The verification stage implements a triple-verification mech-
anism with three components. The Format Checker ensures the
presence of a <final_answer> tag and filters out incomplete re-
sponses, ensuring each retained trajectory represents a complete
solution attempt. The Semantic Checker evaluates whether the
answer comprehensively resolves the query, verifying information
completeness, logical consistency, and solution validity. Trajectories
with partial or incorrect solutions are eliminated. The Execution
Checker assesses the accuracy and necessity of each step, ensuring
each API call contributes meaningfully to the final solution and
eliminating redundant or trial-and-error steps, thereby ensuring
trajectory optimality and proper error handling.

This rigorous verification process assigns each trajectory an an-
swer status (“Pass”, “Fail”, or “Unsure”) and validates step necessity.
Only trajectories passing all verification stages are retained, en-
suring the final dataset contains complete, accurate, and efficient
solutions by eliminating common issues like incomplete answers,
partial solutions, redundant API calls, and trial-and-error attempts.

Through this construction and verification pipeline, APICallA-
gent successfully generates reliable and efficient API call trajec-
tories. This combination of Python-based flexibility and rigorous
verification ensures that models learn to generate accurate parame-
ter values and execute APIs in the correct format, leading to precise
and efficient tool invocation during inference.

B.4 Reflection Details from EXPLORE
To systematically develop tool reflection capabilities characteristic
of System 2 reasoning, we implement a structured reflection mech-
anism. This mechanism enables models to dynamically process
execution feedback and adjust their reasoning strategies through
three key steps: (1) Error Analysis: identifying specific issues in
API selection or parameter generation from execution feedback. (2)
Reflection Generation: developing correction strategies through
deliberate analysis of API documentation and previous attempts.
(3) Action Planning: formulating precise execution plans with
corrected API calls.
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