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Abstract001

Autonomous agents powered by large language002
models (LLM-based agents) are capable of us-003
ing off-the-shelf tools to interact with the envi-004
ronment, solve real-world problems, and boost005
work efficiency. However, current approaches006
to enhancing tool use for LLM-based agents pri-007
marily focus on post-training fine-tuning or test-008
time context extension. These methods over-009
look the fundamental tool knowledge acquisi-010
tion during the early training phase, where mod-011
els actually learn and internalize core knowl-012
edge representations, restricting model perfor-013
mance on out-of-distribution tool usage. To014
solve such a problem, we introduce enhanc-015
ing tool knowledge for LLM-based agents dur-016
ing continuous pre-training (ToolCPT). We017
identify and bridge a key gap in current LLM018
training by shifting focus from tool-calling019
patterns to deep internalization of core tool-020
knowledge representations. We begin by cu-021
rating 5.1 million code artifacts from large-022
scale, high-quality code repositories. These023
artifacts are selected based on a set of crite-024
ria that defines a usable "proxy agent tool",025
thereby forming a comprehensive agent tool026
library. For each proxy tool, we then create027
a detailed playbook covering implementation028
specifications, core functionalities, interaction029
protocols with other tools, and illustrative posi-030
tive and negative examples. This process yields031
a large-scale tool knowledge corpus compris-032
ing 18 billion tokens, which is used to continu-033
ously pre-train our model. Experiments show034
our playbook-enhanced corpus catalyzes deep035
knowledge internalization, driving the model to036
notable performance gains on multiple standard037
benchmarks.038

1 Introduction039

Recent advances in large language models (LLMs)040

have boosted the development of autonomous041

agents capable of using tools and performing rea-042

soning (Li et al., 2025a; Qiu et al., 2025; He043

et al., 2025; Lu et al., 2025), which are termed 044

LLM-based agents. Currently, the development of 045

such agents mainly follows two paradigms. One 046

paradigm of work focuses on the post-training 047

phase (Liu et al., 2024a; Qian et al., 2025), where 048

LLMs learn from curated tool-use trajectories to 049

solve problems using predefined or previously en- 050

countered tools. The second paradigm shifts the fo- 051

cus to the inference stage, optimizing performance 052

by integrating external frameworks and augment- 053

ing the context with retrieved knowledge during 054

task execution (Hu et al., 2025; Yan et al., 2025). 055

Despite their progress, both approaches face 056

limitations. Post-training methods often rely 057

on small-scale, synthetically generated tool sets, 058

which fail to represent the true diversity and distri- 059

bution of real-world tools. Moreover, agents learn 060

tool knowledge implicitly and incompletely from 061

biased interaction trajectories, where some tools 062

are over-represented while others are entirely ab- 063

sent. On the other hand, methods that enhance 064

context during testing (Hu et al., 2025; Yan et al., 065

2025) introduce system complexity and potential 066

safety risks through external retrieval and integra- 067

tion mechanisms (Wang et al., 2025). 068

Although recent efforts (Su et al., 2025; Wu 069

et al., 2025; Zhuang et al., 2025) have attempted to 070

enhance agent capabilities during pre-training, they 071

still lack an effective way to systematically incor- 072

porate tool knowledge.We draw inspiration from 073

an import observation that while tool technology 074

specifically designed for LLM-based agents (Yao 075

et al., 2023) remains in its early stages with a lim- 076

ited set of existing tools, decades of human soft- 077

ware development have created a vast ecosystem of 078

code artifacts that serve as a strong proxy for agent 079

tooling. These real-world code artifacts can be 080

adapted and learned from, providing a rich source 081

of prior knowledge for developing capable tool- 082

using agents. Using this rich repository of real- 083

world code as a proxy offers a powerful way to 084
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Figure 1: Paradigms for tool learning differ markedly across stages. Post-training relies on limited synthetic tools,
resulting in imbalanced knowledge and singular feedback. Testing employs complex frameworks to match tool
knowledge, but introduces high complexity and safety risks. The proposed ToolCPT addresses this by mining
realistic tool functions from large-scale code, synthesizes interfaces and playbook to construct knowledge, and
directly enhances Agent capability during the CPT phase.

bridge the gap between general-purpose LLMs and085

capable, tool-using agents. This is the core motiva-086

tion of our work.087

In this paper, we propose ToolCPT, a method088

that enhances the tool-use capabilities of LLM-089

based agents by infusing explicit tool knowledge090

during continuous pre-training (CPT). Departing091

from the limitations of post-training or test-time092

adaptation, our approach grounds the agent’s foun-093

dational knowledge in a large-scale, real-world094

code corpus. As illustrated in Figure 1, we first095

mine 5.1 million function implementations from096

74 trillion tokens of high-quality code that are com-097

patible with agent invocation. These functions are098

normalized into standardized interfaces, forming099

what we call proxy tools—distinct from agent tools100

specifically designed for LLM-based agents.101

For each proxy tool, we synthesize a compre-102

hensive knowledge playbook covering its imple-103

mentation specifications, core functionalities, inter-104

action protocols, and illustrative positive/negative105

usage examples. This process yields a large-scale106

tool knowledge corpus of 18 billion tokens, which107

serves as the training data for continuous pre-108

training. To assess the quality and relevance of the109

mined proxy tools relative to real-world agent tools,110

we develop a multi-phase validation framework that111

combines heuristic rules and open-source LLMs.112

Rigorous manual annotation of 1,224 Model Con-113

text Protocol (MCP) entries confirms a strong align-114

ment between our proxy tools and actual agent115

tools, as shown in Figure 2. 116

ToolCPT addresses a key limitation of exist- 117

ing methods, which often treat tools as black-box 118

interfaces and conceal their implementation details 119

from the LLM. This superficial approach restricts 120

learning to pattern matching between user instruc- 121

tions and API signatures, limiting the model’s abil- 122

ity to reason about tool functionality or compose 123

tools creatively. In contrast, ToolCPT provides a 124

rich, structured representation of each proxy tool, 125

enabling deeper functional understanding, while 126

deliberate diversification in sequence and style fur- 127

ther enhances learning robustness. The resulting 128

knowledge corpus undergoes rigorous multi-expert 129

review to ensure mining rationality, correctness, 130

and readability. 131

To evaluate the effectiveness of ToolCPT, we 132

design an end-to-end testing scheme. After a stan- 133

dard alignment phase, agents pre-trained with our 134

synthesized corpus are evaluated on multiple bench- 135

marks requiring tool use and environmental interac- 136

tion. Experimental results demonstrate that agents 137

enhanced with ToolCPT achieve notable and con- 138

sistent performance gains, validating that ground- 139

ing continuous pre-training in rich, structured tool 140

knowledge is a powerful and promising direction 141

for building more capable and generalizable LLM- 142

based agents. 143

The main contributions of this paper are as 144

follows: 145

• Large-scale Proxy Tool Extraction: We 146
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Dataset Tool Source SFT Data Scale Number of Tools
Tool Non-

invocation Rate
Maximum Number of

Tool Invocations
Average Number of

Tool Invocations

ToolACE(Liu et al., 2024a) Synthesized 21,875 15,962 34.82% 14 1.11
SealTools(Wu et al., 2024) Synthesized 12,022 3,818 4.16% 36 6.07
ToolAlpaca(Tang et al., 2023) Synthesized 4,089 1,699 7.06% 393 4.49
APIBank(Li et al., 2023) Synthesized 16,708 1,768 16.80% 3,673 3.79
APIGen(Liu et al., 2024b) Synthesized 59,999 3,605 14.40% 921 16.64
Nemotron(Bercovich et al., 2025) Synthesized 309,275 13,895 9.41% 7,179 37.67
Toucan(Xu et al., 2025) Collected 118,347 2,200 36.41% 2,927 62.41

Table 1: From a tool perspective, this table analyzes open-source post-training data, including the number of tools
and their usage in tool-use trajectories.

Figure 2: We classify one million proxy tools into all
predefined subcategories based on the entry statistics
of the MCP. The results show that the tool distribution
is generally balanced and fully covers all predefined
sub-categories.

mine 5.1 million agent-compatible proxy tools147

from extensive, high-quality code reposito-148

ries. Through a multi-phase framework, we149

ensure the quality and functional relevance150

of extracted tools, subsequently standardizing151

their interfaces for agent use.152

• Tool-Knowledge Corpus Construction:153

We enrich the mined proxy tools with a154

comprehensive, multi-perspective play-155

book—including implementation details,156

functional specifications, and practical usage157

examples—to construct a structured, 18-158

billion-token corpus specifically designed for159

continuous pre-training. This enables models160

to develop deep, functional understanding161

rather than superficial interface matching.162

• Enhanced Agent Capabilities: We demon-163

strate that continuous pre-training with our164

synthesized tool knowledge corpus substan-165

tially improves the tool-use capabilities of166

agents. Rigorous end-to-end evaluation on 167

multiple benchmarks confirms consistent per- 168

formance gains and enhanced generalization. 169

2 Related Work 170

Tool Learning in Pre-training The training of 171

LLM-based Agents suffers from a scarcity of nat- 172

ural Agent data, which complicates data fitting in 173

post-training stages (Chen et al., 2024). Some re- 174

search address this issue in continuous pre-training 175

phase (Su et al., 2025; Wu et al., 2025), which is 176

closer to post-training. For instance, certain stud- 177

ies incorporate extensive trajectory data into pre- 178

training (Su et al., 2025; Wu et al., 2025) to en- 179

hance exploration space or chain-of-thought reason- 180

ing capabilities. Beyond using trajectories, other 181

work (Zhuang et al., 2025) also integrates a limited 182

set of real tool playbook that details tool inputs and 183

outputs. 184

Our work incorporates a wide range of tools 185

in continuous pre-training phase. Moreover, we 186

deliver adequate learning materials for each tool, 187

enabling the LLM to develop a comprehensive un- 188

derstanding of every tool. 189

Tool Learning in Post-training In post-training, 190

LLMs learn tool knowledge from human-designed 191

trajectories or through online interaction. 192

Online interaction with tools provides a direct 193

and effective learning approach, typically guided 194

by reward models (Xia et al., 2025). However, 195

this method requires tool authenticity and stability, 196

which restricts current work to a narrow set of tools, 197

such as code and search (Li et al., 2025b; Feng 198

et al., 2025), or to limited sandbox settings (Qian 199

et al., 2025; Singh et al., 2025). 200

Learning from human-designed trajectories 201

lowers the barrier and scales to larger tool sets (Liu 202

et al., 2024a; Wu et al., 2024; Tang et al., 2023; Li 203

et al., 2023; Liu et al., 2024b; Bercovich et al., 204

2025; Team et al., 2025; DeepSeek-AI et al., 2025). 205
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Figure 3: Data Cleaning Pipeline: The process of selecting functions that serve as proxy tools from deduplicated,
high-quality code data.

Still, these studies cover around ten thousand tools,206

and the tools are mostly synthetic, as shown in207

Table 1. As discussed in experiment section, the208

distribution of synthetic tools diverges from real209

tools. As shown in Table1, the trajectory data also210

shows a strong imbalance: in one dataset (Xu et al.,211

2025), a tool receives 2,927 calls, while 36.41%212

tools receive none. The average tool call count213

is 62.41, but each call provides limited different214

information.215

Tool Learning in Testing Due to the low ef-216

ficiency of learning tool knowledge during post-217

training, agents often show limited generalization218

on out-of-distribution tasks. To address this issue,219

some studies retrieve both successful and failed220

trajectories of tool usage during testing (Hu et al.,221

2025; Yan et al., 2025), employing few-shot strat-222

egy to improve invocation accuracy. However, this223

approach not only increases system complexity, but224

also introduces greater safety risks (Wang et al.,225

2025; Dong et al., 2025).226

Our work introduces a large number of real-227

world tools during the continuous pre-training228

phase and enriches tool-related invocation knowl-229

edge. This approach enhances the agent’s general-230

ization ability on out-of-distribution tasks.231

3 Method232

This section outlines the pipeline of ToolCPT. The233

process begins with the collection of a large-scale234

corpus of real-world code artifacts, as detailed in235

Section 3.1. From this candidate pool, we apply a236

heuristic data cleaning method, described in Sec- 237

tion 3.2, to identify and select artifacts suitable for 238

use as proxy tools. These proxy tools are then aug- 239

mented through a data synthesis pipeline, which 240

consists of knowledge generation, element assem- 241

bly, and quality filtering steps, as presented in Sec- 242

tion 3.3. Finally, the mined proxy tools and their 243

synthesized knowledge are combined and format- 244

ted into a continuous pre-training dataset using a 245

templating approach, which is explained in Sec- 246

tion 3.4. 247

3.1 Data Collection 248

To collect data related to tool usage, we gathered 47 249

trillion tokens of code data, comprising 140 billion 250

files. To better approximate how agent tools oper- 251

ate, we focused on self-contained code by filtering 252

out files that rely on external dependencies. Addi- 253

tionally, given that 97% of MCP tools are imple- 254

mented in four programming languages—Python, 255

Go, JavaScript, and TypeScript, we restricted our 256

dataset to code written in these languages. For qual- 257

ity control, we only included Git repositories with 258

more than zero stars. After this filtering process, 259

we obtained 1.3 trillion tokens of data. Following 260

file-level deduplication, we arrived at 183.5 billion 261

tokens of code data. This dataset supported further 262

semantic filtering. 263

We also collected a substantial set of real- 264

world MCP tools for validation. In Section 4.1, 265

we use these real tools to verify the authenticity of 266

proxy tools. Sourced from 2,123 Git repositories 267

hosting MCP implementations, the data is filtered 268
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to include only the four programming languages269

previously mentioned. Tool lists are extracted from270

these MCPs via API calls. To capture implementa-271

tion insights, we then locate and retrieve the rele-272

vant source code segments for each tool from the273

corresponding repositories. Following manual an-274

notation, we obtain 1,224 distinct tool lists, cover-275

ing a total of 10,901 individual agent tools.276

3.2 Proxy Tool Mining277

Although the collected artifacts inherit most charac-278

teristics of agent tools, important differences exist.279

Many code functions only perform simple internal280

operations—they lack complexity and have little281

value for independent user invocation. Therefore,282

we apply LLM-based mining and heuristic rules283

to the filtered code files. The data flow is shown284

in Figure 3. We define six key properties of agent285

tools: 1) a clear calling interface, 2) the ability to286

obtain external information, 3) the ability to change287

the environment, 4) no need for human intervention288

during execution, 5) clear feedback, and 6) usage289

scenarios beyond low-level implementation details.290

Using an open-source LLM, we score tools based291

on these properties and format the output. We show292

an example in Table 2.293

Criterion Score Explanation

Clear Interface ✓ It has interface.
Acquire
External Info ✓ It calls the Spotify API to obtain a user’s recently

played songs.
Change
Environment ✓ It saves the data to a local JSON file.

No Intervention
Needed ✓ The code executes independently.

Clear Feedback ✓ It returns outputs or error messages.
Use Scenarios ✓ It applies to the popular entertainment domain.

Table 2: LLM scoring and assessment of
get_recently_played_songs across six criteria.

Agent tools usually exist as tool lists, with294

dependencies or collaborations among other tools.295

Thus, we assign scores at the level of entire code296

files rather than individual functions.297

To mine the proxy tools more objectively, we298

employ multiple series of open-source LLMs to299

score code files. We first compare human annota-300

tions with model scores on a validation set of 100301

files. After evaluating multiple models, we select302

the Qwen (Qwen et al., 2025) and GPT-OSS (Ope-303

nAI, 2025) series to streamline the screening pro-304

cess with reduced bias. A multi-stage framework305

is adopted to balances speed and accuracy. The306

primary screening stage uses the Qwen3-3B model307

for initial scoring. To ensure high recall, we retain 308

artifacts that meet at least three of the six defined 309

agent tool features. During fine-grained ranking 310

stage we apply the GPT-OSS-120B model with the 311

same instructions to rescore the initial results. Files 312

meeting at least four features are kept. 313

We then post-process the mined artifacts. 314

Code files are decomposed into separate tool func- 315

tions, and helper code segments are removed. 316

Heuristic rules further filter the functions: for exam- 317

ple, we discard tool lists with over 25 tools, remove 318

homogeneous functions like main, __init__, and 319

get_args, and filter out 50% of tools with no input 320

parameters. Finally, this process yields 5.1 million 321

proxy tools with their implementation code. 322

We further generate a tool-calling interface 323

for each tool function. These interfaces follow the 324

MCP-defined tool format, with details on tool capa- 325

bilities, parameter descriptions, and requirements. 326

We also randomly include real tool descriptions as 327

few-shot prompts to guide the model to produce 328

more diverse tool types. 329

3.3 Tool Playbook Generation 330

The interaction between an agent and the real world 331

through tools is a dynamic process. Learning only 332

static knowledge, such as tool interfaces and cor- 333

responding code, does not effectively enhance the 334

tool-calling capability of LLMs. We address this 335

by equipping each tool with a playbook. The play- 336

book uses a structured data format to describe po- 337

tential dynamic issues in the tool-calling process 338

from 5 aspects and 12 perspectives. We present 339

a schematic of the playbook and its organization 340

with code and API in Figure 7. 341

Basic Information This section extends the tool- 342

calling interface. It describes the function of the 343

tool, the parameters and the return format. A key 344

problem is that agents, lacking tool-specific knowl- 345

edge, frequently disregard parameter constraints, 346

leading to parameter hallucination. Explicitly stat- 347

ing the parameter specification rules here tends to 348

mitigate this issue. 349

Background Knowledge This section introduces 350

tool-related knowledge from several perspectives. 351

It first covers the application scenarios of the tool 352

and the relevant terminology, specifying when the 353

tool is appropriate or inappropriate. Then it ex- 354

plains the implementations and data flow of the 355

tool with reference to its code. Finally, if multiple 356
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Figure 4: Feature Space Distribution: The distribution of tool descriptions for proxy tools, synthetic tools, and real
tools in the feature space. Blue points in each subfigure denote real tools. In each title of subfigure, ⋆ represents
proxy tools, † represents synthetic tool, while ♦ represents real tools.

related tools exist in the tool list, it introduces the357

remaining tools.358

Calling Methods Tool calling methods are es-359

sential. We provide at least three correct and three360

incorrect calling examples for each tool. The model361

learns the calling method through comparison and362

explanation.363

Tool Coordination Complex tasks require mul-364

tiple tools to work together. When the tool list365

includes multiple tools, this section explains tool366

coordination. First, we statically analyze relation-367

ships between tools, such as collaboration, mutual368

exclusion, or independence. Then, we list all rea-369

sonable tool combinations. These include differ-370

ent calling sequences, multiple calls of a single371

tool, and their combinations. Unlike planning from372

complex tasks, we start from tool combinations to373

discuss achievable tasks.374

Error Analysis Tool feedback is key for agent-375

environment interaction, but is often overlooked.376

Most trajectory data contain synthetic feedback377

with only correct responses. This section analyzes378

error feedback. Error feedback includes two types:379

feedback from incorrect calls and feedback from380

environment errors.381

Playbook Generation Strategy We use LLMs382

to generate functional descriptions of tools. The383

input includes the tool’s interface and implementa-384

tion code; if adjacent tools exist in the tool list, they385

are also included. After evaluating several open- 386

source LLMs based on metrics such as information 387

completeness, hallucination level, and output di- 388

versity, we employ GPT-OSS-120B for playbook 389

generation. 390

3.4 Templating Proxy Tool Knowledge 391

After obtaining the tool interface, implementations, 392

and relevant playbook, we convert these elements 393

into pre-training documents through rule-based 394

concatenation. The concatenation methods follow 395

two design principles: first, the presentation for- 396

mat resembles a science article about tool knowl- 397

edge; second, the Chinese-to-English content ra- 398

tio is 1:2. Moreover, since rearranging the three 399

elements yields information gain, we design ten 400

permutation sequences for them, including three bi- 401

nary combinations and seven ternary combinations. 402

To enhance the model’s understanding through or- 403

der comparison, 30% of the data incorporate two 404

different permutation sequences. Based on this pro- 405

cedure, we obtain the final proxy tool knowledge- 406

enhanced synthetic data. A complete example can 407

be seen in Appendix B. 408

3.5 Data Generation Overhead 409

Thirty professional code annotators debug and filter 410

2,123 real MCP cases and extract corresponding 411

tool codes over 20 days. A heuristic algorithm 412

first pre-processes 47T of code data using 7 CPU- 413

days. 350K GPU-hours are dedicated to tool min- 414
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ing. Subsequently, 1.3K GPU-hours generate inter-415

faces and playbook for each tool. To ensure data416

quality, nine LLM experts perform multiple rounds417

of sampling inspection. Detected issues help es-418

tablish heuristic cleaning rules and an LLM-based419

quality scoring filter. The process yields enhanced420

synthetic data for agent tool knowledge.421

4 Experiment422

This study evaluates proxy tools and synthesized423

pre-training data via two experiments. Section 4.1424

examines the similarity between mined proxy tools425

and real tools in spatial and label distributions. Sec-426

tion 4.2 uses end-to-end evaluation, post-training427

after continuous pre-training, to measure synthe-428

sized data’s impact on agent performance.429

4.1 Similarity Between Proxy and Real Tools430

We use 10k annotated MCP tools as reference431

and evaluate mined proxy tools’ effectiveness via432

spatial and label distributions similarity. Open-433

source synthetic tools (Liu et al., 2024a; Wu et al.,434

2024; Tang et al., 2023; Li et al., 2023; Liu et al.,435

2024b; Bercovich et al., 2025; Team et al., 2025;436

DeepSeek-AI et al., 2025) and real tools (Xu et al.,437

2025) are included for comparison.438

We first extract all tools’ descriptions, convert439

to uniform language, encode with bge-m3 model440

(Chen et al., 2025b), and visualize tool feature441

space using t-SNE (Maaten and Hinton, 2008). For442

clarity, 100k proxy tools are randomly selected,443

while all open-source tools are fully included. Re-444

sults are shown in Figure 4. Tools with distributions445

well blending with MCP tools are considered closer446

to real tools. The figure shows synthetic tools in447

the first two columns have distinct distributions448

from real tools. The third column performs better449

but remains separable. Toucan achieves the best450

alignment as its tools are also collected from MCPs.451

Proxy tools in ToolCPT completely overlap with452

real tools’ region and supplies tools in sparse areas,453

qualitatively demonstrating proxy tools’ authentic-454

ity and supplement to limited real tools.455

We further quantify tool-type distribution sim-456

ilarity. Following Kimi k2 (Team, 2025) and MCP457

markets’ categorization (mcp, a,c; cur; mcp, b; byt;458

cli; ali; cla; dif) , tools are divided into 12 main cat-459

egories and 58 sub-categories, see Table 7. Using460

an LLM, we collect category distributions for 10k461

real tools and 1M mined tools, presented in Figure462

5 and Figure 6. We further quantify the cosine sim-463

Figure 5: Tool Tag Distribution: The distribution of
proxy tools and real tools across tool tags.

ilarity between the two tool types based on their 464

label distributions. Cosine similarity between the 465

two distributions is 94.5% at main-category level 466

and 70.1% at sub-category level. 467

We report the distribution similarity between 468

other open-source and real tools in Appendix A.3. 469

Proxy tools show notable similar distributions com- 470

pared to synthetic ones. We also investigate in 471

depth why synthetic tools deviate from real ones. 472

4.2 End-to-End Evaluation 473

Agents rely on strong instruction-following capabil- 474

ity for planning and execution during interactions, 475

making their ability difficult to assess directly in 476

the pre-training stage. We design an end-to-end 477

protocol: after continuous pre-training, the model 478

undergoes lightweight instruction alignment, and 479

its performance is then evaluated on open-source 480

agent benchmarks. 481

Experimental Setup Base models are Qwen2.5- 482

7B-Base (Qwen et al., 2025) and Llama3.1-8B- 483

Base (Grattafiori et al., 2024). Continuous pre- 484

training uses 100B tokens from Dolma 3 Dolmino 485

Mix (AllenAI, 2025) as base corpus, with equal 486

token amounts replaced by the proxy tool data. 487

A multi-stage uniform sampling strategy reduces 488

variance (e.g., 5% replacement uses 15% general 489

data from the replaced portion of 20% replacement 490

runs). 491

Post-Training Lightweight instruction align- 492

ment uses 1.7B tokens of in-house general instruc- 493

tion data. To minimize the impact of post-training, 494

agent-related instructions constitute only 7.2% of 495

this data, with no overlap against the test sets. 496

Moreover, an augmented variant adds 7,000 agent 497

data samples from seven public instruction sets, 498

mentioned in Table 1, for comparison. 499

Evaluation Benchmarks We employ two groups 500

of benchmarks for evaluation: (1) 8 agent-related 501
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Model Ratio of
Tool Knowledge

Browse
Comp-ZH

Browse
Comp

GAIA
v2

xBench
v2

ACE
Bench

TauBench
v1

TauBench
v2

BFCL
v3 Avg.

Qwen2.5-7B

0% 4.17% 2.36% 25.00% 26.26% 24.00% 24.24% 20.00% 10.25% 17.04%
0%⋆ 8.33% 1.57% 31.03% 23.47% 30.00% 21.21% 18.05% 16.13% 18.72%
5% 9.72% 3.94% 31.59% 33.00% 40.00% 30.91% 26.98% 13.50% 23.71%

10% 9.03% 3.94% 30.68% 37.00% 43.00% 27.88% 27.00% 15.00% 24.19%
20% 12.50% 5.51% 30.68% 34.00% 42.00% 29.09% 19.13% 10.80% 22.96%

Llama3.1-8B 0% 5.56% 3.94% 25.00% 25.00% 30.00% 29.09% 20.86% 12.64% 19.01%
10% 9.72% 5.51% 32.95% 30.00% 44.00% 36.36% 24.46% 14.52% 24.69%

Table 3: Model Performance: The performance of Qwen and Llama base models on agent-related benchmarks
after pre-training with different ratios of synthetic data and subsequent simple instruction alignment. The symbol ⋆
indicates agent-specific data augmentation during post-training.

Model with
Code

with
API & Playbook

with
Multi-Template

Browse
Comp-ZH

Browse
Comp

GAIA
v2

xBench
v2 ACEBench TauBench

v1
TauBench

v2
BFCL

v3 Avg.

Qwen2.5-7B
✓ 8.05% 2.52% 31.59% 29.00% 31.60% 27.88% 21.80% 12.53% 20.62%

✓ ✓ 9.03% 3.94% 30.68% 37.00% 36.00% 27.88% 21.94% 9.49% 22.00%

✓ ✓ ✓ 9.72% 3.94% 31.59% 33.00% 40.00% 30.91% 26.98% 13.50% 23.71%

Table 4: The contribution of different components within synthetic data to accuracy improvement.

Model Ratio MMLU GSM8k BBH SQA MBPP+ Avg.

Qwen2.5-7B
0% 80.41% 94.40% 83.89% 6.58% 74.31% 67.92%
10% 80.94% 94.60% 83.43% 7.12% 74.60% 68.14%

Llama3.1-8B
0% 78.40% 92.85% 84.45% 8.77% 66.33% 66.16%
10% 78.57% 91.29% 83.76% 8.87% 66.97% 65.89%

Table 5: The impact of training with synthetic data on
the model’s general abilities.

tasks, with 4 AI search: BrowseComp-ZH (Zhou502

et al., 2025), BrowseComp (Wei et al., 2025),503

GAIA v2 (Russell et al., 2025), xBench v2504

(Chen et al., 2025c) and 4 common tool-calling:505

ACEBench (Chen et al., 2025a), TauBench v1 (Yao506

et al., 2024), TauBench v2 (Barres et al., 2025),507

BFCL v3 (Charlie Cheng-Jie Ji); (2) 5 general508

benchmarks related to knowledge, reasoning, math-509

ematics and coding: MMLU (Hendrycks et al.,510

2021), GSM8k (Cobbe et al., 2021), BBH (Suzgun511

et al., 2022), SimpleQA (OpenAI, 2024), MBPP+512

(Liu et al., 2023). Pass@5 average performance is513

reported to reduce variance.514

Main Results Table 3 presents agent-related515

benchmark results under different synthetic data516

mixtures. Introducing 10% tool knowledge data517

improves the average performance of Qwen 7B and518

Llama 8B by 7.15% and 5.68%, respectively. This519

confirms our synthetic data effectively enhances the520

agent’s out-of-distribution tool-use ability. How-521

ever, increasing the mixture ratio to 5%, 10%, and522

20% does not yield linear performance gains. The523

20% ratio causes a performance drop, suggesting524

excessive single-task data dilutes training signals525

from other data. We also find post-training with526

more data yields smaller gains than pre-training 527

with incorporated data, as demonstrated by the sub- 528

optimal performance of the second row (0%*) in 529

Table 3. 530

Ablation Study Table 4 presents the results of 531

an ablation study using a 5% data mixture. The 532

ablation tests the contribution of each stage: pre- 533

training solely on mined proxy tools (Section 3.2); 534

training on proxy tools augmented with synthe- 535

sized knowledge (Section 3.3); and finally, training 536

on the complete ToolCPT dataset, which applies 537

templating to integrate proxy tools and their corre- 538

sponding knowledge (Section 3.4). The results 539

show that both the synthesized tool knowledge 540

and the template designs—including language and 541

structural ordering—contribute to performance im- 542

provements. 543

Analysis on general benchmarks in Table 5 544

shows synthetic data does not harm the model’s 545

other capabilities. This is because the synthetic 546

data contains code and high-quality knowledge, 547

maintaining a quality level comparable to that of 548

general pre-training data. 549

5 Conclusion 550

To address tool-using LLM agents’ insufficient 551

tool knowledge, we propose ToolCPT. This code- 552

grounded paradigm mines proxy tools, synthesizes 553

a tool knowledge corpus, and conducts continuous 554

pre-training to enhance tool understanding. Evalua- 555

tions confirm ToolCPT improves cross-benchmark 556

performance, verifying pre-training with explicit 557

tool knowledge builds robust agents. 558
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Limitations559

This study constructs a proxy tool based on code560

data mining and develops corresponding tool561

knowledge playbook according to the implemented562

code and associated functions. The playbook in-563

cludes possible feedback and error reports for564

single-tool execution, as well as examples of multi-565

tool collaboration. However, these proxy tools re-566

main static simulations without actual execution.567

The immediate feedback and error descriptions are568

inferred reasonably from code analysis, but can-569

not capture the state changes of the environment570

during continuous tool calls. Although multi-tool571

coordination and sequential multi-task execution572

are important capabilities of agents, this work does573

not address these issues. Further research will ex-574

plore them in greater depth.575
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A Appendix846

The appendix provides additional experimental847

details and pretraining data. There is more pre-848

training data in the attachment file. Upon accep-849

tance of the paper, we will release the mining frame-850

work and associated data.851

A.1 Experiments Details852

In this subsection, we present more details regard-853

ing the training parameters in Table 6.854

Stage batch_size warmup_ratio lr lr_decay_ratio seq_len optimizer

CPT 2048 0.10 2.0× 10−5 0.01 32 768 adamw
SFT 128 0.08 2.0× 10−5 0.01 32 768 adamw

Table 6: Training Hyperparameters Configuration.

A.2 Distribution of Proxy Tools855

This section analyzes the distribution of proxy tools856

within the tool-type taxonomy. We randomly sam-857

ple one million proxy tools and label them using858

GPT-oss-120B. Table 7 shows the tool distribution859

and specific label statistics. The results indicate860

that the random sampling covers all long-tail tool861

types with a balanced distribution.862

A.3 Comparison of Proxy, Synthetic, and Real863

Tools864

We further compare the distributions of proxy tools865

and real tools at the second-level labels, as shown in866

Figure 6. Because real tools focus on management867

tasks, proxy tools show small differences on a few868

labels, but the overall distributions remain highly869

similar.870

We also compute the cosine similarity be-871

tween tools from open-source agent training872

datasets and real tools in the label taxonomy,873

shown in Table 7. Among them, the Toucan874

dataset—collected from real tools—exhibits higher875

similarity to real tools than proxy tools. Other876

synthetic tools show noticeably lower similarity877

compared to proxy tools.878

We conduct a detailed analysis of APIBench,879

which has the lowest similarity. Synthetic tools880

show strong homogeneity in tool names and tool881

functions.882

Regarding names, 95.1% of synthetic tool883

names follow a two-word “verb_noun” pattern,884

while most remaining names use a “noun_verb”885

pattern, such as “get_activities” and “medica-886

tion_check.” Tools starting with “Get_xx” alone887

account for 38.7%. This naming pattern hinders888

Table 7: Distribution of Proxy Tools: The distribution
of one million proxy tools within a two-level tool tag
taxonomy.

Primary Category Secondary Category Count
AI AIGC 9856

Computer vision 59,719
NLP 64,813
Multimodal 1723
RAG systems 1507
Speech and audio processing 10,754
Knowledge and memory 9476
Embeddings and vector databases 7070

Automation Application automation 59,389
Web and browser automation 23,421
OS automation 24,362
Robot control 5440
Web scraping 19,228

Cloud Cloud platforms 66,402
Storage and CDN 13,111
Virtualization and containers 10,820
Desktop and remote systems 1423
File systems 50,750

Development Software development 116,508
Package management 5967
Monitoring 26,161
Command line and shell access 29,783
Version control and repos 7919
Search and retrieval 22,484
Databases 43,124

Management Data analysis and visualization 123,810
Business intelligence 1699
Customer data platforms 696
Calendar and schedule 1652
Customer support 505
Marketing and advertising 725
Legal compliance 527
Note taking 1038
Location services 2551

IoT Smart home automation 1904
Manufacturing industrial iot 2468

Communication Messaging and collaboration 12,495
Social media 2158
Mobile Devices 641

Entertainment Art and culture 1447
Entertainment and media 1652
Games and gamification 6942

Specific Agriculture and environmental 309
Ecommerce and retail 1813
Education and elearning 6943
Health and wellness 1158
Real estate property 101
Travel and transportation 801
Logistics and supply chain 417
Weather services 1023

FinTech Blockchain 7894
Cryptocurrency 2607
Financial trading 4889
Payment and settlement 1886

Security Cybersecurity 23,565
IAM 17,002
Data privacy and protection 918

Others Others 74,551
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Figure 6: Distribution Across Secondary Tags: The distribution of proxy tools and real tools across secondary tool
tags.

Model Tool Source Cosine Similarity (%)

ToolCPT Proxy 94.5
Toucan Collected 96.2
ToolAlpaca Synthesized 80.7
API-Gen Synthesized 78.2
ToolACE Synthesized 73.6
Nemotron Agent Synthesized 72.8
SealTools Synthesized 65.9
APIBank Synthesized 28.6

Table 8: The cosine similarity of the distribution in the
first-level label system between the tools in the open-
source dataset and the real MCP tools we collected.

agents in calling out-of-distribution tools. In con-889

trast, proxy tools use real tool names and avoid this890

issue.891

Regarding functionality, synthetic tools are892

not decomposed based on concrete implementa-893

tions, but are mapped from specific user-task data,894

as illustrated in Table 9. Some synthetic tools have895

unclear descriptions, some should be divided into896

clearer sub-functions, and some have overlapping897

or ambiguous functional boundaries. Proxy tools,898

however, correspond to actual code implementa-899

tions, so such problems do not occur.900

A.4 Mining Proxy Tools Prompt901

This section presents the prompt template for min-902

ing proxy tools.903

Table 9: Below are several tools related to symptom in
APIbench along with their corresponding descriptions.

API Name Description

symptom_analysis Retrieve an analysis of a patient’s
medical symptoms over a period of time.
Takes in two parameters: ’patient_id’ to
identify the patient and ’time_period’ to
specify the time period over which the
analysis should be conducted.

symptom_checker Checks symptoms reported by the patient
and provides guidance on whether to
seek medical attention. Contains the
symptom name and severity.

Symptom_Checker Get a list of possible mental health
conditions based on a user’s reported
symptoms.

symptom_entry Log a new record of a medical symptom
with user’s identifier, symptom name,
severity level, and date and time of
occurrence.

symptom_query Search for all symptom records
associated with a user based on start and
end date.

SymptomAnalysis This API is used to analyze the recorded
medical symptoms of a user over a
period of time. ’start_date’ and
’end_date’ parameters are required as
input, which represent the start and end
dates for analyzing the medical
symptoms.

symptomChecker Get medical suggestions based on user
symptoms.

SymptomList Retrieve a list of symptoms that can be
tracked.
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Prompt for Mining Proxy Tools

Please act as a code evaluation expert and assess whether the provided code is suitable to be used as
a tool callable by an Agent based on the following six characteristics. Evaluate the tool’s purpose
and target audience. The assessment must objectively reflect the code’s actual performance. The
output format must be JSON.
I. Tool Evaluation Characteristics and Scoring Criteria
1. Clear Invocation Interface
• Definition: Does the code focus on a single, practical function and provide a clear, directly callable
interface (e.g., function, class method, API endpoint) with unambiguous parameters and invocation
method?
• Definition: Does the code focus on a single, practical function and provide a clear, directly callable
interface (e.g., function, class method, API endpoint) with unambiguous parameters and invocation
method?
• Output: 1 (Yes) / 0 (No). The explanation must clearly state the core function and interface form
(e.g., "Function: Weather query, Interface: get_weather(city: str)").
2. Ability to Acquire External Information
• Definition: Is the tool’s core function to acquire external information or data (e.g., calling an API,
querying a database, web scraping) to serve the Agent’s information needs?
• Definition: Is the tool’s core function to acquire external information or data (e.g., calling an API,
querying a database, web scraping) to serve the Agent’s information needs?
• Output: 1 (Yes) / 0 (No). The explanation must specify the primary data or information source
(e.g., "Acquires data by calling a public weather API").
3. Ability to Alter the Environment
• Definition: Is the tool’s core function to perform operations that change the state of the external
environment (e.g., modifying files, sending emails, controlling hardware, operating a database)?
• Definition: Is the tool’s core function to perform operations that change the state of the external
environment (e.g., modifying files, sending emails, controlling hardware, operating a database)?
• Output: 1 (Yes) / 0 (No). The explanation must briefly describe the primary operation (e.g.,
"Submits data to a specified API endpoint to update system status").
4. No Human Intervention Required During Execution
• Definition: Does the tool require human intervention during the execution of its core process (e.g.,
manual input, confirmation, intervening in logic branches)? An ideal Agent tool should be able to
complete the entire process automatically based on input parameters.
• Definition: Does the tool require human intervention during the execution of its core process (e.g.,
manual input, confirmation, intervening in logic branches)? An ideal Agent tool should be able to
complete the entire process automatically based on input parameters.
• Output: 1 (Yes, can complete automatically) / 0 (No, requires human intervention). The explanation
must indicate any steps requiring human participation (e.g., "requires confirmation in the console",
"process halts due to missing parameters without default values").
5. Clear Feedback
• Definition: After execution, does the tool provide the caller with clear, structured, and parseable
feedback (e.g., a result object, status code, clear success/error messages)? Merely printing logs
without programmatic return is considered unclear.
• Definition: After execution, does the tool provide the caller with clear, structured, and parseable
feedback (e.g., a result object, status code, clear success/error messages)? Merely printing logs
without programmatic return is considered unclear.
• Output: 1 (Yes, feedback is clear) / 0 (No, feedback is missing or unusable). The explanation must
describe the feedback form (e.g., "returns a dictionary containing ’status’: ’success’, ’data’: ..." or
"only prints logs, no return value").

904

14



6. Usage Scenario Beyond Low-Level Implementation Details
• Definition: Does the tool encapsulate business functionality with a certain level of logic, making
it usable for building higher-level tasks (e.g., "schedule planning", "data analysis"), rather than
being merely a low-level technical operation (e.g., "memory address translation", "byte stream
processing")?
• Definition: Does the tool encapsulate business functionality with a certain level of logic, making
it usable for building higher-level tasks (e.g., "schedule planning", "data analysis"), rather than
being merely a low-level technical operation (e.g., "memory address translation", "byte stream
processing")?
• Output: 1 (Yes, applicable to high-level scenarios) / 0 (No, belongs to low-level detail implementa-
tion). The explanation must briefly describe its applicable high-level scenarios or the reason for
judging it as low-level.
II. Audience and Applicability Analysis
• Primary Tool Purpose: Summarize the tool’s core purpose in one or two sentences.
• Primary Tool Purpose: Summarize the tool’s core purpose in one or two sentences.
• Applicable Scenario Analysis: Based on the above scores, briefly analyze the types of Agent tasks
or systems (e.g., information assistant, automated workflow, monitoring system) where this tool is
most suitable, or explain why it is not suitable.
• Applicable Scenario Analysis: Based on the above scores, briefly analyze the types of Agent tasks
or systems (e.g., information assistant, automated workflow, monitoring system) where this tool is
most suitable, or explain why it is not suitable.
III. Output Format

{
"Tool Evaluation Result": {

"Clear Invocation Interface": {
"Score": 0,
"Explanation": ""

},
"Ability to Acquire External Information": {

"Score": 0,
"Explanation": ""

},
"Ability to Alter the Environment": {

"Score": 0,
"Explanation": ""

},
"No Human Intervention Required During Execution": {

"Score": 0,
"Explanation": ""

},
"Clear Feedback": {

"Score": 0,
"Explanation": ""

},
"Usage Scenario Beyond Low-Level Implementation Details": {

"Score": 0,
"Explanation": ""

},
"Tool Total Score": 0,
"Primary Tool Purpose": ""
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},
"Audience and Applicability Analysis": {

"Applicable Scenario Analysis": ""
}

}
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A.5 Constructing Synthetic Tool Playbook907

This section presents the prompt template for gen-908

erating synthetic tool playbook.909
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Prompt for Generating Tool Playbook

You are a professional technical documentation expert. Now you need to generate a comprehensive,
detailed, and complete API technical specification document for an API.
First, the [tool to be introduced] is provided to you:
The interface specification of [tool to be introduced]:
[START_API_DESCRIPTION]{api_description}[END_API_DESCRIPTION]
The implementation code of [tool to be introduced]:
[START_REFERENCE_CODE]{reference_code}[END_REFERENCE_CODE]
The design document of [tool to be introduced]:
[START_DESIGN_DOC]{design_doc}[END_DESIGN_DOC]
Additionally, [other tools in the tool list] are provided:
[START_OTHER_TOOLS]{other_tools}[END_OTHER_TOOLS]
Now you need to provide a detailed introduction to this [API tool to be introduced] from the
following perspectives:
Based on the interface specification, implementation code, and design document of [the API tool
to be introduced], and in connection with [other tools in the tool list], generate a comprehensive,
detailed, and complete API usage specification document. The document content should include
the following, output in markdown format, using {language} language:
(Title derived from API functionality summary)
1. Basic Information Introduction
- a) Please state the name of the tool and its main functions (described in concise and clear language).
For example: Tool name is "File Format Converter", main function is to convert PDF format files to
common formats like Word, Excel.
- b) List all parameters of the tool, including parameter names, data types, and whether they are
required. For example: Parameter "source file path", data type string, required; Parameter "target
format", data type string, required; Parameter "save path after conversion", data type string, optional.
- c) Describe the return value of the tool, including the return value format, field types, meanings,
etc. For example: Return value is in JSON format, containing converted file path, conversion status,
and other detailed information.
2. Background Information
- a) Describe the target audience and relevant background information served by the tool. For
example: What types of files are involved (PDF, Word, Excel), their characteristics, suitable office
scenarios; what frameworks are generally needed to process them.
- b) Explain the code methods used to implement the tool’s functionality. For example: calling
libraries, implementation logic, data flow, format conversion, etc.
- c) Explain the position of this tool within the entire tool list and its relationship with the overall list.
For example: This tool belongs to the "File Processing Tool Group", working together with "File
Compression Tool" and "File Encryption Tool" in the same group to provide users with a complete
file processing solution.
3. Calling Instructions
- a) Indicate when users should call this tool, and list 3 suitable user requirement scenarios for
calling this tool, as well as 3 scenarios that are not suitable for calling this tool.
- b) Introduce the format requirements for parameter filling, design 3 correct parameter filling
examples that meet the requirements, and 3 incorrect parameter filling examples that do not meet
the requirements.
4. Tool Relationships
- a) Briefly introduce other tools in the tool list and explain the relationships between the current
tool and these other tools (such as collaboration, complementarity, substitution, irrelevance, etc.)
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- b) Exhaustively list as many functions as possible that can be achieved by combining this tool with
other tools in the list in different orders, and provide detailed explanations of each combination’s
function and application scenarios.
5. Error Analysis
- a) Analyze scenarios where errors may occur when calling this function, and explain how to correct
the calling method after an error is reported. For example: When calling, if "source file does not
exist" error occurs, it may be due to incorrect source file path; correction method is to check and fill
in the correct absolute path of the source file.
- b) Analyze scenarios where the function returns error messages in the operating environment,
and explain what actions should be adjusted when encountering such situations. For example: If
the operating environment returns "insufficient memory" error, it may be because the files being
converted simultaneously are too large or too numerous; adjustment actions could be closing other
memory-consuming programs or converting files in batches.
Please ensure not to save space, do not delete any content, and do not omit any content due to length
restrictions. Please generate all content of the technical specification document completely and in
detail. Use {language} language for output.
Please think carefully step by step and generate a detailed technical description document.
The following is the generated API technical specification document in {language} language:
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B Data Example912

Figure 7 shows splicing templates and structure913

of the playbook as well as a complete example of914

tool playbook, with specific content presented in915

Markdown format.916
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Figure 7: This figure presents ten splicing orders and examples of multilingual splicing templates, illustrating
various types of knowledge in the playbook.
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Examples of the data

MYPHONEBOOK Tool Complete Handbook: Key Knowledge Points Overview
This article focuses on tool knowledge—the prerequisite for agents to correctly select and call
tools. In LLM-based Agent systems, tools such as myphonebook (functional description: Retrieves
the full phonebook from the backend service. This tool provides a snapshot of all stored contacts,
allowing the caller to view current name-phone mappings) are key to extending agent capabilities.
This article directly presents the source code, documentation, and MCP call interface of the
myphonebook tool to provide a comprehensive understanding.
The source code reveals the tool’s implementation logic and parameter structure, forming the
foundation for understanding.
The following is the source code for the myphonebook tool:
The code is implemented in python language.

def myphonebook():
request = requests.get("http://127.0.0.1:5000/myphonebook")
return request.json()

The tool documentation details the functionality, usage, and constraints of the myphonebook tool,
complementing the source code.
This article presents the documentation for the myphonebook tool to allow comparison and verifica-
tion with the code.
Phonebook Snapshot Retrieval – myphonebook Tool
ONE. Basic Information
a) Tool Name & Primary Function
• Name: myphonebook
• Primary Function: Retrieves the complete phonebook from the backend service in a single request,
returning a snapshot of all stored contacts (name-phone mappings). It is a read-only operation that
provides the caller with a current view of the entire address book.
b) Parameters (Input Schema)
Parameter Data Type Required? Description
None – No The tool does not accept any input parameters. It simply issues a GET request to the
predefined endpoint.
Note: The input schema in the tool definition is an empty JSON object, indicating that the tool is
invoked without any arguments.
c) Return Value
• Format: JSON object (Python dict after requests conversion)
• Typical Structure

{
"contacts": {
"Alice": "+1-555-0100",
"Bob": "+1-555-0101",
"...": "..."

}
}

• Fields
• contacts (object): A mapping where each key is a contact name (string) and each value is the
associated phone number (string).
• Success: HTTP200 with a JSON body as shown above.
• Failure: Non-200 HTTP status codes will raise an exception in the underlying requests.get call
(e.g., requests.exceptions.HTTPError). The tool does not handle errors internally; callers must catch
them.
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TWO. Background Information
a) Service Audience & Context
• Target Users: Applications or agents that need a full view of the phonebook, such as UI dashboards,
analytics modules, or batch export scripts.
• Domain Context: The phonebook is a simple key-value store (name → phone number) hosted
behind a RESTful service at http://127.0.0.1:5000/myphonebook. It is typical for small-scale
contact management systems, internal company directories, or prototype chat-bots.
• Related Data: Each contact is a plain string name paired with a string phone number, no additional
metadata (e.g., email, address) is included in this snapshot.
b) Implementation Details
• Library Used: Python’s third-party requests library for HTTP communication.
• Logic Flow
1. Compose Request – A GET request is sent to the hard-coded endpoint
http://127.0.0.1:5000/myphonebook.
2. Send & Receive – requests.get blocks until the response arrives.
3. Parse JSON – The response body is decoded via response.json(), automatically converting JSON
into a Python dictionary.
4. Return – The parsed dictionary is returned to the caller.
• Data Flow:
myphonebook() → HTTP GET → Backend Service → JSON (name-phone map) → Python dict →
Caller
• No Authentication / Headers: The snippet does not include authentication tokens, custom headers,
or query parameters, implying a trusted local environment.
c)Position in the tool list
The interface definition of the Function Call paradigm for other tools in the tool list is as follows:

[
{

"name": "get_phone",
"description": "Fetches the phone number for a given contact
name from the phonebook. Useful for lookup operations.",
"inputSchema": {
"type": "object",
"properties": {
"name": {
"type": "string",
"description": "The name of the contact whose phone
number is requested. Must match exactly the name
stored in the phonebook; case-sensitivity follows
the backend's rules."

}
},
"required": [
"name"

]
}

},
{
"name": "delete_phone",
"description": "Removes a contact from the phonebook by name.
After successful execution the contact will no longer appear
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in subsequent queries.",
"inputSchema": {

"type": "object",
"properties": {
"name": {
"type": "string",
"description": "The name of the contact to delete.
Must correspond to an existing entry; if the name
does not exist the backend may return an error."

}
},
"required": [
"name"

]
}

},
{
"name": "update_phone",
"description": "Updates the phone number of an existing
contact. If the contact does not exist, the backend may
create it or return an error, depending on its logic.",
"inputSchema": {
"type": "object",
"properties": {
"name": {
"type": "string",
"description": "The name of the contact whose phone
number will be updated. Must be an existing entry
for a pure update operation."

},
"phone": {
"type": "string",
"description": "The new phone number to associate
with the contact. Must follow the same formatting
rules as for adding a contact."

}
},
"required": [
"name",
"phone"

]
}

}
]

• Tool Group: “Phonebook Management Tools”.
• Role: Provides a read-only global view, complementing the other CRUD-type tools (add_contact,
get_phone, delete_phone, update_phone).
• Interaction Pattern:
• Before: Users may call add_contact / update_phone to modify data.
• After: myphonebook can be used to verify the resulting state or to generate reports.
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• Overall Solution: Together, the five tools form a complete API client library for a simple phonebook
service, covering creation, retrieval (single and bulk), update, and deletion.
THREE. Invocation Guidelines
a) When to Use – Suitable & Unsuitable Scenarios
Situation Suitable? Rationale (1 sentence)
Generating a full contact report ✓myphonebook returns the entire dataset in one call.
Synchronizing a local cache with the server ✓The snapshot can replace or merge with local storage.
Displaying all contacts on a UI page ✓Efficient for initial page load; pagination must be handled
client-side if needed.
Fetching the phone number of a single user X get_phone is more efficient (single-record request).
Adding a new contact X Use add_contact which performs a POST/PUT action.
Removing a contact X Use delete_phone which targets a specific name.
b) Parameter Formatting & Examples
Since myphonebook requires no parameters, the focus is on call syntax.
Correct Invocation Examples
1. Direct Call (synchronous)

snapshot = myphonebook()
print(snapshot)

2. Within a Function (with error handling)

def fetch_snapshot():
try:

return myphonebook()
except Exception as e:

print("Failed:", e)
return None

3. As Part of a Workflow (e.g., after adding a contact)

add_contact(name="Carol", phone="+1-555-0123")
phonebook = myphonebook()
assert "Carol" in phonebook["contacts"]

Incorrect Invocation Examples
1. Passing Unexpected Arguments

myphonebook(name="Alice") # TypeError: unexpected keyword argument

2. Calling on a Non-existent Endpoint

# Modified URL inside the function (illegal – function is hard-coded)
requests.get("http://127.0.0.1:5000/wrongpath") # Leads to 404

3. Assuming Asynchronous Return

future = myphonebook() # Returns dict, not a Future; misuse may cause logic errors.

FOUR. Relationship to Other Tools
a) Overview of Companion Tools
Tool Primary Action Relationship to myphonebook
add_contact Create a new name-phone entry (POST/PUT) Complementary – after adding, my-
phonebook can verify the addition.
get_phone Read a single contact (GET) Partial Overlap – myphonebook provides the same data but
for all contacts; get_phone is more efficient for single lookups.
delete_phone Delete a contact (DELETE) Complementary – after deletion, myphonebook shows
the updated list.
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update_phone Update an existing contact’s phone number (PATCH/PUT) Complementary – after
update, myphonebook reflects the new value.
b) Composite Use-Cases & Sequences
Composite Sequence Resulting Functionality Typical Application
1 add_contact → myphonebook Add a new contact, then fetch the full phonebook to confirm
insertion. UI workflow: “AddContact” button followed by refresh of contact list.
2 update_phone → myphonebook Change a phone number, then retrieve the whole phonebook to
view updated mapping. Bulk edit operation that needs to display the final state.
3 delete_phone → myphonebook Remove a contact, then obtain the snapshot to ensure removal.
Administrative cleanup script.
4 add_contact → update_phone → myphonebook Create a contact, immediately change its number,
finally fetch the complete list. Data migration where temporary placeholder numbers are replaced.
5 myphonebook → get_phone (per entry) Pull the whole list, then perform individual lookups
locally (e.g., caching). Offline search feature: cache the snapshot once, then query in-memory.
6 myphonebook → delete_phone (loop) Retrieve all contacts, then iterate to delete a subset based
on criteria. Bulk deletion based on a naming pattern.
7 myphonebook → add_contact (for missing entries) Get the current snapshot, compare with an
external source, add only those not present. Synchronization with an external CRM system.
8 myphonebook → update_phone (batch update) Fetch snapshot, compute new numbers (e.g.,
formatting), then update each contact. Mass phone-number reformatting (adding country codes).
These sequences illustrate how myphonebook serves as a state-validation or bulk-data source that
can be combined with the more granular CRUD tools to build robust workflows.
FIVE. Error Analysis
a) Invocation-Side Errors & Remedies
Error Scenario Likely Cause Fix / Mitigation
requests.exceptions.ConnectionError Backend service not reachable (e.g., server down, wrong
host/port). Verify that http://127.0.0.1:5000 is running; start the Flask (or equivalent) server.
requests.exceptions.HTTPError (e.g., 404, 500) Endpoint /myphonebook missing or server internal
error. Check server logs; ensure the route exists and returns JSON with status200.
json.decoder.JSONDecodeError Server responded with non-JSON payload (HTML error page,
plain text). Confirm that the service sets Content-Type: application/json and returns valid JSON.
TypeError: myphonebook() takes no arguments Caller passed unexpected parameters. Call the
function with no arguments.
Timeout (if a timeout is later added) Network latency or server hung. Supply a reasonable timeout
argument to requests.get or improve server performance.
b) Backend-Generated Errors & Operational Adjustments
Backend Error Description Operational Response
HTTP500 – Internal Server Error Server threw an exception while building the phonebook snapshot
(e.g., database connection failure). Restart the backend, inspect stack trace, ensure the underlying
datastore is accessible.
HTTP401 / 403 – Unauthorized / Forbidden Authentication or permission required (not evident in
current client code). Add required authentication headers or tokens as per API spec.
Large Payload (e.g., >10MB) causing MemoryError Very large phonebook leads to high memory
usage on the client side. Implement pagination on the server, or stream results; on client side,
process entries incrementally.
Rate Limiting (HTTP429) Too many requests in a short period. Implement exponential back-off or
cache the snapshot for a longer interval.
CORS Policy Violation (in browser contexts) Browser blocks cross-origin GET request. Ensure
server includes appropriate Access-Control-Allow-Origin header or use a proxy.
When any of these errors occur, the caller should wrap myphonebook() in a try/except block, log
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the exception, and optionally retry after a delay or fallback to a cached version of the phonebook.
Based on the source code and documentation of the myphonebook tool, this article provides its
structured MCP call interface definition.
This interface clarifies the tool name, parameter specifications, and functional summary.
The following are the interface definition details:

{
"name": "myphonebook",
"description": "Retrieves the full phonebook from the backend service.
This tool provides a snapshot of all stored contacts,
allowing the caller to view current name-phone mappings.",
"inputSchema": {

"type": "object",
"properties": {},
"required": []

}
}
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