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Abstract001

MCP has emerged as foundational infrastruc-002
ture for AI-native applications since its incep-003
tion. The ecosystem’s rapid expansion makes004
it a significant challenge to discover tools005
across thousands of servers precisely. To ad-006
dress it, we propose Protocol-Aware Retrieval-007
Augmented Generation (PA-RAG) for Tool008
Discovery in MCP Ecosystems. PA-RAG uti-009
lizes topology-aware hierarchical indexing to010
model structural relationships between MCP011
servers and tools. This indexing facilitates012
multi-stage cascade retrieval across hierarchi-013
cal layers. PA-RAG adopts a complexity-014
adaptive dual-path execution mechanism to015
handle varying query types. Simple queries016
employ direct RAG. Complex queries follow017
a decomposition-aggregation strategy to max-018
imize functional tool coverage. Extensive ex-019
periments based on lightweight LLMs demon-020
strate that PA-RAG significantly outperforms021
the state-of-the-art, effectively balancing dis-022
covery latency, coverage, and precision. 1023

1 Introduction024

Model Context Protocol (MCP) is an open stan-025

dard (Anthropic, 2024a,b) for connecting Large026

Language Models (LLMs) to external data sources027

and tools, such as local files, databases, and third-028

party services. As the ecosystem expands, the029

proliferation of available MCP servers (Jing et al.,030

2025; Hou et al., 2025) has introduced a critical031

bottleneck in tool discovery: precisely retrieving032

relevant tools from thousands of servers based on033

ambiguous natural language queries (Qin et al.,034

2024). The lack of standardized, high-quality035

corpora for MCP also hinders the development036

of effective retrieval systems. While Retrieval-037

Augmented Generation (RAG) is the dominant038

paradigm for acquiring external tool descriptions039

(Lewis et al., 2020; Guu et al., 2020; Dong et al.,040

1https://anonymous.4open.science/r/PA-RAG-301F/
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Figure 1: Three challenges in existing tool discovery
methods. (a) Neglecting the MCP hierarchy leads to
an incomplete context. (b) Compressing compound
intents into a single vector causes tools to be missed.
(c)Iterative retrieval results in context contamination,
triggering reasoning drift and premature termination
before the task is fully resolved.

2025), its direct application to MCP yields subop- 041

timal performance. The fundamental reason is that 042

existing RAG frameworks are protocol-agnostic; 043

they treat tool retrieval as a general text-matching 044

task, while completely ignoring the structured 045

priors and interaction constraints inherent in the 046

MCP protocol. As shown in Fig.1, this protocol- 047

agnostic leads to three key challenges: 048

Neglect of the Server-Tool hierarchy. MCP 049

explicitly defines a hierarchical organization in 050

which an MCP server encapsulates a set of tools 051

(Anthropic, 2024b). But as illustrated in Fig. 1(a), 052

due to their protocol-agnostic design, existing 053

RAG frameworks disregard this hierarchy, treating 054

MCP tools as a flat list (Wang et al., 2024) or ap- 055

plying fixed-length chunking strategies (Fan et al., 056

2024). This flattening disrupts the semantic and 057

contextual dependencies between tools and their 058
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parent servers, leading to the retrieval of irrelevant059

tools and inefficient use of the context window. In-060

complete tool descriptions increase the risk of rea-061

soning hallucinations (Liu et al., 2024a). More-062

over, retrieval across the entire tool set is O(S×T ),063

where S represents the number of MCP servers064

and T denotes the average number of tools per065

server.066

Single-vector inadequacy for compound in-067

tents. In MCP scenarios, user queries often ex-068

press compound intents requiring coordinated in-069

vocation of tools across diverse servers. However,070

protocol-agnostic RAG frameworks typically per-071

form one-shot retrieval by encoding such queries072

into a single vector (Jiang et al., 2023); the re-073

sulting representation is dominated by the primary074

sub-intent, thereby overshadowing secondary ones075

(Zhou et al., 2023; Liu et al., 2024b). This loss076

of semantic information prevents the framework077

from retrieving the complete set of required tool078

descriptions across disparate servers, as shown in079

Fig. 1(b).080

Context contamination in iterative retrieval-081

reasoning. To address multi-step queries, Agen-082

tic RAG (Singh et al., 2025a; Fan et al., 2024)083

processes them by interleaving reasoning and re-084

trieval (Trivedi et al., 2023), with the ReAct frame-085

work (Yao et al., 2023) being the most common im-086

plementation. However, its state maintenance typ-087

ically relies on a linear accumulation strategy. In088

the dense MCP ecosystem, redundant tool descrip-089

tions and the continuous accumulation of interme-090

diate outputs quickly exhaust the context window,091

leading to context contamination, which in turn in-092

duces reasoning hallucinations and ultimately re-093

sults in premature task termination, as shown in094

Figure 1(c).095

To address these challenges, we propose the096

Protocol-Aware Retrieval-Augmented Generation097

(PA-RAG) for Tool Discovery in MCP Ecosys-098

tems. PA-RAG leverages lightweight, open-099

source LLMs (e.g., 7B parameters) to imple-100

ment its LLM-driven components, thereby en-101

suring both practicality and low latency. PA-102

RAG first aligns its indexing strategy with the103

inherent hierarchical topology of MCP, enabling104

a corresponding cascade retrieval. To optimize105

the performance-correctness trade-off, PA-RAG106

adaptively determines the inference flow via a107

complexity-aware dual-path execution, ensuring108

that simple queries remain rapid. In contrast, com-109

pound queries receive the necessary tool coverage.110

The primary contributions of this paper are sum- 111

marized as follows: 112

Topology-Aware Hierarchical Indexing and 113

Corresponding Cascade Retrieval. We propose 114

a hierarchical dual-layer indexing structure based 115

on the hierarchical MCP Server ⊃ Tool topology. 116

By employing a corresponding cascade retrieval 117

strategy incorporating MCP server pruning and 118

scoped tool selection, we narrow the search space, 119

reduce the retrieval complexity from O(S × T ) 120

to O(S + T ), where S is the number of MCP 121

servers and T denotes the average number of tools 122

per server. By constraining retrieved tools to 123

a minimal number of servers, this coarse-to-fine 124

approach minimizes server heterogeneity. Con- 125

sequently, it suppresses hallucinations in down- 126

stream LLM generation by providing a more fo- 127

cused and consistent context. 128

Complexity-Adaptive Dual-Path Execution. 129

We introduce a complexity-adaptive router to bal- 130

ance inference latency with tool coverage. It 131

routes queries into two paths: a simple path for 132

direct RAG and a complex path that triggers our 133

decomposition and aggregation strategy. This on- 134

demand execution achieves an optimal equilib- 135

rium between response speed and high correct- 136

ness. 137

Decomposition and Aggregation. We introdu- 138

ce a divide-and-conquer-based decomposition and 139

aggregation strategy to address complex, multi- 140

server long-chain queries. The strategy decom- 141

poses compound intents into independent sub- 142

queries, performs targeted retrieval, and synthe- 143

sizes sub-results through an aggregation verifica- 144

tion module. This approach eliminates cross-step 145

noise, significantly improving recall and accuracy 146

in long-chain scenarios. 147

Experimental results on multiple lightweight 148

7B-class LLMs confirm that PA-RAG significantly 149

enhances tool discovery compared to existing 150

methods. Pa-RAG achieves an average recall in- 151

crease of 30% and an average precision gain of 152

18% (up to 38%). Particularly in complex multi- 153

server scenarios, it delivers an average recall boost 154

of 45% and an average precision increase of 25%. 155

2 Related Work 156

Large-Scale Tool Discovery and Standardiza- 157

tion. The shift toward Agentic AI marks a mile- 158

stone in enabling LLMs to interact with external 159

tools (Schick et al., 2023; Wölflein et al., 2025). 160
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As scaling API repositories makes parameter-161

based fine-tuning (Patil et al., 2024) infeasible,162

new approaches, such as ToolLLM (Qin et al.,163

2024; Li et al., 2023) and AnyTool (Du et al.,164

2024), have emerged to manage massive tool li-165

braries. Concurrently, implementation standards166

for tool usage have evolved significantly. OpenAI167

first launched function calling (OpenAI, 2023), en-168

abling LLM to use external APIs. Anthropic fur-169

ther introduced MCP in 2024, establishing a uni-170

fied interface standard. But existing tool discov-171

ery approaches treat tools as isolated units, failing172

to account for the server-tool encapsulation inher-173

ent in the MCP ecosystem. Neglecting this hierar-174

chical domain context leads to contextual inconsis-175

tency and suboptimal performance when applying176

traditional methods to the MCP ecosystem.177

Structural Awareness and Dynamic Routing.178

While standard RAG (Lewis et al., 2020) retrieves179

document chunks based on semantic similarity, re-180

cent advancements incorporate structural aware-181

ness and adaptive mechanisms (Gao et al., 2024).182

For instance, RAPTOR (Sarthi et al., 2024) for183

handling long-context reasoning, TreeRAG (Tao184

et al., 2025) for enhancing global context aware-185

ness, Adaptive-RAG (Jeong et al., 2024), Self-186

RAG (Asai et al., 2024) both introduced dynamic187

routing mechanisms. But these frameworks are188

primarily designed for unstructured text and rely189

on semantic clustering rather than the strict phys-190

ical hierarchies of MCP. Consequently, they fail191

to capture the relationship logic of MCP servers192

and their tools. Their adaptive mechanisms of-193

ten route queries solely on parametric knowledge194

within fine-tuned LLMs, neglecting the explicit195

metadata and functional descriptions of the MCP196

servers and tools.197

Agentic Reasoning and Context Manage-198

ment. Agentic RAG integrates dynamic plan-199

ning and feedback into the retrieval process (Singh200

et al., 2025b; Liu et al., 2024b; Zhuang et al.,201

2024). Agentic RAG leverages planning, reason-202

ing, and memory capabilities to coordinate re-203

trieval from multiple heterogeneous sources, typ-204

ically building on the ReAct (Yao et al., 2023).205

Crucially, these paradigms often employ a linearly206

cumulative state management strategy, appending207

redundant tool descriptions and intermediate re-208

sults to the history. When a large number of MCP209

servers encapsulating different tools are present210

(Jing et al., 2025), this accumulation quickly ex-211

hausts the context window and introduces signifi-212

cant noise, rendering LLMs susceptible to halluci- 213

nations or premature termination. 214

3 Problem Formulation 215

Definitions and Objective. 216

We define the MCP ecosystem as a set of servers 217

S = {Si}ni=1, where each server Si = (nsi , dsi) is 218

characterized by its unique name nsi and a func- 219

tional summary dsi . Each server Si encapsulates 220

a specific toolset Ti = {ti,j}mj=1, where each tool 221

ti,j = (nti,j , dti,j ) comprises a tool name nti,j and 222

a detailed functional description dti,j . The univer- 223

sal tool set is defined as the union of all available 224

tools across all servers, denoted as Tall =
⋃n

i=1 Ti. 225

Given a user query Q, the objective is to identify 226

the optimal tool invocation set Y ⊂ Tall by maxi- 227

mizing the conditional probability P (Y | Q). In 228

cases involving compound intents, the total invoca- 229

tion set is derived as Y =
⋃

k Yk, where each Yk is 230

the set of tools identified for a specific sub-query 231

qk within the set of decomposed intents {qk}. 232

Hierarchical Probability Decomposition. Ex- 233

isting Flat Retrieval methods typically treat tool 234

discovery as a direct matching problem over Tall, 235

modeled as Pflat(t|Q) ∝ Sim(ϕ(Q), ϕ(dt)). Here, 236

ϕ(·) is an encoder mapping inputs to a vector 237

space where Sim(·, ·) measures their proximity. 238

This ignores the intrinsic S ⊃ t topology. To 239

address this, we decompose the retrieval probabil- 240

ity using the chain rule, transforming the global 241

search into a two-stage cascade: 242

Phier(t | Q) = P (Ŝ | Q)︸ ︷︷ ︸
Server Pruning

· P (t | Ŝ, Q)︸ ︷︷ ︸
Scoped Selection

243

MCP Server Pruning computes P (Ŝ|Q) ∝ 244

Sim(ϕ(Q), ϕ(dS)) to identify a candidate subset 245

Ŝ . Subsequently, Scoped Tool Selection com- 246

putes P (t|Ŝ, Q) exclusively within Ŝ , where the 247

probability is proportional to Sim(ϕ(Q), ϕ(dt)) if 248

S ∈ Ŝ , and 0 otherwise. This effectively reduces 249

the retrieval complexity from Tall to a localized 250

subset
⋃

Sik
∈Ŝ Tik . 251

4 Method 252

PA-RAG operates through a coordinated flow 253

involving four primary modules (see Fig. 2): 254

a topology-aware hierarchical indexing, a 255

corresponding cascade retrieval, a complexity- 256

aware dual-path execution, and a complex path: 257

decomposition-aggregation. 258
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Figure 2: Overview of PA-RAG. It consists of three synergetic modules: ¬ Topology-Aware Hierarchical Indexing
builds a dual-layer vector space mirroring the server-tool hierarchy; ­ Cascade Retrieval performs multi-stage
coarse-to-fine retrieval, transitioning from Server Pruning to Scoped Tool Selection; ® Complexity-Adaptive Dual-
Path Execution employs a router to evaluate query complexity with pre-retrieval, adaptively directing the flow
toward either a Simple Path (Direct RAG) or a Complex Path (Decomposition-Aggregation); ¯ Complex Path:
Decomposition-Aggregation.

4.1 Overview259

PA-RAG objective is to efficiently and accurately260

identify relevant tools from a large-scale, hierar-261

chical MCP ecosystem with the given query. It262

begins with topology-aware hierarchical indexing,263

which transforms the MCP server README into264

a hierarchical vector space. The cascade retrieval265

acts as the connected engine, implementing re-266

trieval from the MCP server and pruning to the267

scoped tool selection. Analyzing the query and its268

pre-retrieval results, the complexity-aware router269

determines the execution path. Simple queries ex-270

ecute a rapid direct RAG; complex queries require271

multi-server coordination via decomposition and272

aggregation. Complex queries are decomposed273

into atomic sub-queries by the semantic decom-274

poser, each sub-query invoking multi-pass cascade275

retrieval and a tool selector to acquire a sub-result,276

and then aggregating to the final tool set.277

The router, decomposer, and selector use278

lightweight LLM backbones to ensure the prac-279

tical deployability and privacy of PA-RAG. This280

design choice also addresses the critical need for281

efficient, locally-deployable RAG systems in the282

MCP ecosystem, where low-latency tool discovery283

is paramount.284

4.2 Topology-Aware Hierarchical Indexing 285

The MCP ecosystem inherently exhibits a clear hi- 286

erarchical structure, where tools are subordinate 287

to specific MCP servers. To leverage this struc- 288

ture to optimize both efficiency and accuracy in 289

large-scale tool retrieval, we propose a decoupled 290

dual-layer indexing structure (Module ¬ in Fig. 2). 291

This structure implements the hierarchical proba- 292

bility model. 293

Data Extraction and Semantic-Aware Chu- 294

nking. A structured data extractor parses the col- 295

lected MCP server README files to extract key 296

information, including server names, tool names, 297

and functional descriptions. Building on this, we 298

introduce an MCP server Summarizer that gener- 299

ates a comprehensive functional summary for each 300

server. This step distills a server’s domain exper- 301

tise into a compact representation, ensuring suf- 302

ficient semantic density for subsequent hierarchi- 303

cal retrieval. Finally, the structured information 304

is segmented into standardized metadata based on 305

semantic boundaries. 306

Then we construct two distinct vector index lay- 307

ers to reflect the server ⊃ tool hierarchy: 308

MCP Server Index (Is). We encode the server 309

name and its generated summary into vectors. By 310

identifying candidate servers, this layer effectively 311
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narrows the search space from the global tool set312

to a limited, server-specific tool subset. Scoped313

Tool Index (It). We encode individual tool names314

and tool descriptions into vectors. Crucially, each315

tool vector is tagged with its parent server’s meta-316

data, enabling the following cascade retrieval to317

perform scoped tool selection within the specific318

servers.319

4.3 Cascade Retrieval320

To navigate the proposed hierarchical structure,321

we implement the corresponding two-stage coarse-322

to-fine cascade retrieval. As illustrated by ­ Cas-323

cade Retrieval in Fig. 2, the retriever executes the324

progressive retrieval process from MCP servers to325

tools through two sequential stages, as defined in326

our formulation.327

Stage 1: MCP Server Pruning. Given a query,328

it first retrieves and reranks the server candidates329

from Is. This stage approximates P (Ŝ | Q) by330

filtering out irrelevant servers, reducing the candi-331

date pool from |Tall| to a manageable tool subset,332

which is critical for achieving efficient shrinkage333

of the search space. Stage 2: Scoped Tool Se-334

lection. Within the locked scope of Ŝ , the stage335

performs localized vector distance calculation and336

reranking in It to acquire tool candidates T̂ . The337

Scoped selection is facilitated by the server meta-338

data cataloging its hosted tools.339

4.4 Complexity-Adaptive Dual-Path340

Execution341

To strike a balance between processing efficiency342

and high tool coverage, we introduce a dual-343

path execution mechanism as shown in (Mod-344

ule ® in Fig. 2). The core of this module345

is a complexity-aware router, implemented via a346

lightweight LLM. The router analyzes both the347

query and pre-retrieval results to determine the ex-348

ecution trajectory to a simple path or a complex349

path. The pre-retrieval results are functional de-350

scriptions of initial candidate servers obtained dur-351

ing Stage 1 by cascade retrieval.352

For queries identified as simple, PA-RAG pri-353

oritizes execution speed. Since the complexity-354

aware router has determined that the initial candi-355

date server set Ŝ is likely sufficient to resolve the356

intent Q. Thereby, PA-RAG proceeds with scoped357

tool selection directly, as shown in the Simple Path358

part of Fig. 2.359

In this path, the retriever performs a single-pass360

matching against functional descriptions within361

the scope of Ŝ to identify the tool candidates. 362

These tool candidates T̂ , along with the original 363

query Q, are processed by a lightweight tool selec- 364

tor to generate the final tool invocation set Y . By 365

bypassing query decomposition and multi-round 366

inference, this path minimizes processing over- 367

head and latency while maintaining high precision 368

for atomic tasks. 369

4.5 Complex Path: Decomposition and 370

Aggregation 371

For queries classified as complex, we employ the 372

decomposition and aggregation strategy, as shown 373

in the Complex Path part of Fig. 2. The strategy 374

is specifically designed to resolve the compound- 375

intent task, which requires multiple MCP Servers. 376

The strategy includes the following three phases. 377

Semantic Decomposition. A lightweight se- 378

mantic decomposer partitions the original query Q 379

into a sequence of semantically independent sub- 380

queries {q1, q2, . . . , qn}. This isolation of intents 381

prevents the semantic dilution that typically occurs 382

when a single vector representation is forced to en- 383

code multiple complex sub-queries. The decom- 384

position ensures each sub-intent is explicitly rep- 385

resented. 386

Multi-pass Cascade Retrieval and Tool Selec- 387

tor. For each sub-query qi, we execute the com- 388

plete cascade retrieval process (qi → Ŝi → T̂i). 389

Then, the tool selector filters the tool candidates 390

to produce the optimal tool subset (qi, T̂i → Yi). 391

This multi-pass ensures each sub-query is resolved 392

in a contextually pure environment, effectively 393

mitigating error propagation caused by irrelevant 394

tool noise or semantic cross-contamination. 395

Aggregation and Verification. The aggregator 396

synthesizes the results of sub-queries into the final 397

invocation set Y =
⋃n

i=1 Yi. This module dedu- 398

plicates redundant tool calls and performs a global 399

consistency check to ensure that the aggregated set 400

Y provides comprehensive functional tool cover- 401

age for the compound-intent task without exceed- 402

ing the LLM’s context limits. 403

5 Experiments 404

5.1 Experimental Setup 405

Datasets. Due to the lack of widely recognized 406

open-source datasets for MCP Servers and tools, 407

we develop MCP-ToolBench. We systemati- 408

cally collect and clean README documents from 409

50 real-world MCP servers, covering 400+ tools 410
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Methods Simple Set Complex Set Comprehensive Set

Prec. Rec. F1 Lat.(s) Prec. Rec. F1 Lat.(s) Prec. Rec. F1 Lat.(s)

LLM Backbone: Qwen2-7B-Instruct
Naive RAG (B1) 77.1 81.3 78.3 0.76 47.6 33.6 38.3 1.40 61.2 55.4 56.6 1.03
Agentic RAG based on ReAct (B2) 65.0 63.8 64.2 4.67 43.3 28.7 33.4 8.98 54.2 46.2 48.8 6.82
Adaptive RAG (B3) 68.3 71.3 69.2 1.92 43.3 28.7 33.4 9.42 57.1 51.2 52.5 5.69
PA-RAG (Ours) 93.8 95.0 94.2 2.04 87.5 83.0 84.1 6.36 89.9 88.4 88.5 4.12

LLM Backbone: Qwen2.5-7B-Instruct
Naive RAG (B1) 82.5 82.5 82.5 0.51 49.0 37.8 41.7 1.14 66.2 60.4 62.4 0.85
Agentic RAG based on ReAct (B2) 47.5 48.8 47.9 4.61 32.3 21.6 25.2 9.39 39.9 35.2 36.6 6.99
Adaptive RAG (B3) 83.8 83.8 83.8 1.07 32.3 21.6 25.2 9.76 57.4 52.0 53.9 5.41
PA-RAG (Ours) 92.1 95.0 92.9 1.76 79.7 75.3 75.4 6.59 85.6 84.4 83.8 4.15

LLM Backbone: GPT-4o Mini
Naive RAG (B1) 82.1 87.5 83.8 1.30 68.4 41.8 50.2 1.78 75.5 64.3 67.1 1.59
Agentic RAG based on ReAct (B2) 82.5 85.0 83.3 5.39 59.4 34.3 42.1 10.68 66.4 55.2 58.0 9.00
Adaptive RAG (B3) 79.2 85.0 81.2 3.09 56.7 30.8 38.4 13.06 69.3 58.4 60.4 6.92
PA-RAG (Ours) 88.3 92.5 89.6 3.08 80.4 85.7 81.3 10.55 84.3 88.5 85.2 6.20

LLM Backbone: Llama-3.1-8B-Instruct
Naive RAG (B1) 62.5 81.3 68.3 0.89 40.3 35.0 36.0 1.91 51.5 58.9 52.7 1.35
Agentic RAG based on ReAct (B2) 60.4 68.8 62.4 4.22 32.5 20.8 24.9 6.39 45.8 44.4 43.2 5.23
Adaptive RAG (B3) 69.2 77.5 71.6 1.84 32.5 20.8 24.9 6.77 51.3 50.1 48.9 4.25
PA-RAG (Ours) 78.1 90.0 81.3 4.02 57.4 82.5 66.9 11.62 64.7 86.1 70.7 7.34

Table 1: Main performance comparison on MCP-ToolBench across various lightweight LLM backbones. We
report Precision (Prec.), Recall (Rec.), F1-Score (F1) in percentage (%), and Average End-to-End Latency (Lat.)
in seconds. Best results for each metric within the same backbone are bold.

across domains such as databases, web search, and411

file operations. To assess various capabilities (Liu412

et al., 2024b), we construct the following three413

query evaluation subsets. The simple set consists414

of 40 queries that can be resolved by invoking415

tools from only 1-2 MCP Servers. The complex416

set consists of 40 queries that require coordinating417

tools from at least three different MCP Servers, de-418

signed to simulate multi-hop reasoning challenges419

often found in complex tool-use scenarios (Yang420

et al., 2018; Geva et al., 2021). The comprehensive421

set is the combination of the simple and complex422

sets, used to evaluate overall performance.423

Baselines. We compare PA-RAG against three424

representative retrieval paradigms, Naive RAG425

(B1) Utilizes a one-shot flat retrieval strategy426

combined with a tool selector to generate the fi-427

nal answer (Lewis et al., 2020); Agentic RAG428

based on ReAct (B2) Represents the Agentic RAG429

paradigm based on the ReAct framework (Yao430

et al., 2023; Shao et al., 2023), employing an iter-431

ative process of flat retrieval and reasoning; Adap-432

tive RAG (B3) incorporates a general-purpose433

complexity classifier (Jeong et al., 2024) to route434

tasks to either Naive RAG for simple queries dy-435

namically or Agentic RAG based on ReAct for436

complex queries. 437

Evaluation Metrics. Following the evaluation 438

paradigms in RAG and tool learning (Thakur et al., 439

2021; Li et al., 2023; Qin et al., 2024), we eval- 440

uate the effectiveness of various approaches for 441

tool discovery by comparing the final tool set of 442

our PA-RAG and baselines against the correct tool 443

set. Specifically, we report recall, precision, and 444

F1-score as evaluation metrics. Recall, precision, 445

and F1-score are calculated per query and subse- 446

quently averaged to obtain the final results. As our 447

primary objective is to find the required tool and 448

its hosting MCP server based on a user’s natural 449

language query, we must prioritize coverage of all 450

relevant tools and hosting servers, which makes re- 451

call the primary evaluation metric. We can tol- 452

erate some loss of precision when necessary. Ad- 453

ditionally, we use average end-to-end latency to 454

assess inference efficiency. 455

Implementation Details. PA-RAG and all 456

baselines are implemented using the LangChain 457

framework (Chase, 2022). For cascade retrieval, 458

we employ Qwen3-Embedding-0.6B (Zhang et al., 459

2025) for text embedding and BGE-Reranker- 460

Large (Xiao et al., 2023) for retrieval result rerank- 461

ing. To verify the generalization of PA-RAG, we 462
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implement PA-RAG and baselines using widely463

used open source and closed source LLMs, in-464

cluding Qwen2-7B-Instruct (Yang et al., 2024),465

Qwen2.5-7B-Instruct (Qwen et al., 2025), GPT-466

4o Mini (OpenAI et al., 2024), and Llama-3.1-467

8B-Instruct (Grattafiori et al., 2024). All exper-468

iments using open source LLMs are conducted469

on NVIDIA Tesla V100 GPUs (32GB). To vali-470

date the contribution of each component, we de-471

fine three ablation variants: A1 (w/o Hierarchy),472

A2 (w/o Classifier), including A2.1 (Simple Path473

Only) and A2.2 (Complex Path Only), and A3474

(w/o Reranker).475

5.2 Main Results476

Table 1 presents the performance of PA-RAG and477

baselines across four representative lightweight478

LLM backbones, including open source and479

closed source. We summarize the following four480

key findings.481

Mastery of Complex Multi-Server Scenar-482

ios. PA-RAG consistently outperforms compet-483

itive baselines to achieve state-of-the-art perfor-484

mance on various lightweight LLMs. The perfor-485

mance improvement is particularly significant on486

the complex set. For instance, when using Qwen-487

2.5-7B as the backbone, our framework achieves488

an F1 improvement of 33.7% over Naive RAG489

(B1) and up to 50.2% over Agentic RAG based on490

ReAct (B2). This advantage shows that single vec-491

tor retrieval is challenging to capture cross-server492

dependencies due to semantic information loss.493

Our "decompose and aggregate" strategy effec-494

tively keep the semantic information of the query495

by decomposing the complex query into manage-496

able and fine-grained sub-tasks, thereby achieving497

high accurate coverage.498

The Failure of Iterative Reasoning in MCP. A499

counterintuitive observation is that Agentic RAG500

based on ReAct frequently underperforms even501

Naive RAG in terms of recall and F1-score. This502

degradation stems from protocol-agnostic context503

contamination. Such contamination is driven by504

the linear state maintenance of the ReAct mech-505

anism. The mechanism will accumulate tool de-506

scriptions and reasoning content in the model’s507

context. This dense context will obscure core task508

semantics, thereby triggering reasoning hallucina-509

tions. These hallucinations will lead to prema-510

ture task termination before all necessary tools are511

identified. In contrast, PA-RAG preserves contex-512

tual purity by decomposing tasks into independent513

1 2 3 4 5 6 7 8 9
Average Latency (seconds)
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Figure 3: Performance-Efficiency Pareto frontier on
GPT 4o Mini. PA-RAG (purple star) achieves the op-
timal trade-off, outperforming Agentic RAG based on
ReAct in speed while surpassing Naive RAG in cover-
age.

sub-queries. Such isolation effectively mitigates 514

error propagation inherent in iterative baselines. 515

Universality Across Diverse Lightweight LL- 516

M Backbones. PA-RAG demonstrates consistent 517

superiority across a diverse range of lightweight 518

LLM backbones. These include closed-source 519

GPT-4o Mini and various open-source models. 520

When using Llama-3.1-7B-Instruct as the back- 521

bone, the approach elevates Recall on the complex 522

set from 35.0% to 82.5%. This finding validates 523

the universality of PA-RAG, which integrates 524

topology-aware indexing, cascade retrieval, and 525

complexity-adaptive dual-path execution. This 526

systematic design ensures structural robustness. It 527

reduces the retrieval space noise and the reasoning 528

complexity of compound tasks, thereby alleviating 529

the processing overhead for lightweight LLMs. 530

Balancing Inference Efficiency and Tool Cov- 531

erage. As visualized in Figure 3, we analyze the 532

trade-off between recall and latency. While Naive 533

RAG exhibits the lowest latency due to its one- 534

shot nature, its insufficient recall renders it imprac- 535

tical for reliable tool discovery. In contrast, PA- 536

RAG reduces average latency by approximately 537

30%- 40% compared to the Agentic RAG based 538

on ReAct, and achieves a massive gain in tool cov- 539

erage. Notably, the plot reveals that PA-RAG dom- 540

inates both Adaptive and Agentic RAG based on 541

ReAct (i.e., higher recall and lower latency), es- 542

tablishing a superior performance-latency Pareto 543

front enabled by complexity-adaptive dual-path 544

execution. 545

Additionally, we comprehensively conducted a 546

case study of PA-RAG and all baselines deal- 547

ing with the specific process of a complex query, 548

which requires tools across multiple MCP servers. 549

The detailed analysis are illustrated in (Sec B in 550

Appendix). 551
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Methods Simple Set Complex Set Comprehensive Set

Prec. Rec. F1 Lat.(s) Prec. Rec. F1 Lat.(s) Prec. Rec. F1 Lat.(s)

PA-RAG (Full) 88.3 92.5 89.6 3.08 80.4 85.7 81.3 10.55 84.3 88.5 85.2 6.20
A1: w/o Hierarchy 87.9 91.3 88.3 2.14 69.8 82.5 74.0 9.74 79.0 86.9 81.4 6.16
A2.1: Simple Only 85.0 86.3 85.0 1.54 77.7 56.0 64.1 2.59 80.8 71.1 74.4 1.74
A2.2: Complex Only 61.2 88.8 67.8 8.37 80.9 84.4 80.8 10.18 69.8 84.6 72.8 8.20
A3: w/o Reranker 82.1 87.5 83.8 2.78 78.9 82.8 79.6 8.77 81.4 84.6 82.1 5.86

Table 2: Partial ablation results on MCP-ToolBench on GPT-4o Mini backbone, and complete results of all abla-
tion variants are detailed in Table 3 in the Appendix

5.3 Ablation Study552

To evaluate the contribution of each component553

within PA-RAG, we conduct comprehensive ab-554

lation experiments on the MCP-ToolBench. For555

brevity, we present the ablation analysis using556

GPT-4o-mini as a representative backbone in Ta-557

ble 2. The complete ablation results across all eval-558

uated lightweight LLM backbones are detailed in559

Table 3 in the Appendix.560

Effectiveness of Topology-Aware Hierarchy561

(A1). Removing the hierarchical indexing and562

server pruning (A1) results in a noticeable degra-563

dation across all metrics, particularly on the com-564

plex set, where the F1-score drops from 81.3% to565

74.0%. This performance dip highlights the criti-566

cal role of the server-tool topology, demonstrating567

its effectiveness in noise reduction. By narrowing568

the retrieval space, the hierarchical structure acts569

as an architectural prior, effectively filtering out570

domain-level noise. Without it, the retriever is eas-571

ily distracted by semantically similar but function-572

ally irrelevant tools from incorrect servers, leading573

to a significant drop in precision from 80.4% to574

69.8%.575

The Criticality of Complexity-Adaptive Du-576

al-Path Execution (A2). We analyze the tool cov-577

erage and efficiency trade-off by forcing PA-RAG578

into a single execution path. The simple path579

only (A2.1) achieves the lowest latency (1.54s)580

but suffers from a catastrophic recall collapse on581

the complex set from 85.7% to 56.0%, confirm-582

ing that direct RAG lacks the semantic granular-583

ity for multi-server queries. Conversely, Complex584

Path Only (A2.2) maintains high recall but incurs585

prohibitive computational overhead, increasing la-586

tency by approximately 3× on simple queries. Fur-587

thermore, it causes a severe drop in precision on588

the simple set from 88.3% to 61.2%. This is at-589

tributed to over-decomposition, where straightfor-590

ward intents are fragmented, introducing unnec-591

essary semantic noise. PA-RAG effectively nav- 592

igates this trade-off. Although A2.2 occasion- 593

ally yields marginally higher recall (see Table 3 594

in Appendix), negligible routing errors are toler- 595

able to achieve substantial latency reduction and 596

enhanced precision on simple tasks. 597

The Necessity of Fine-Grained Reranking 598

(A3). Removing the intermediate reranker (A3) 599

leads to a consistent decline in both precision and 600

recall. This exposes the limitations of relying 601

solely on dense vector retrieval of the Bi-encoder, 602

which fails to distinguish subtle semantic varia- 603

tions. By integrating the Cross-Encoder-based 604

BGE-Reranker, PA-RAG leverages deep token- 605

level interactions to capture subtle relevance sig- 606

nals that are missed by vector dot products. This 607

ensures high-fidelity candidates are passed to the 608

next stage, preventing noise propagation in the cas- 609

cade pipeline. 610

6 Conclusion 611

In this paper, we present PA-RAG, a novel ap- 612

proach designed to address the tool discovery bot- 613

tleneck in the MCP ecosystem. PA-RAG effec- 614

tively overcomes the protocol-agnostic limitation 615

of existing approaches. It achieves this through 616

integrating topology-aware indexing, cascade re- 617

trieval, and complexity-adaptive dual-path execu- 618

tion. Extensive experiments with multiple real- 619

world MCP servers across diverse lightweight 620

LLMs confirm that PA-RAG consistently achieves 621

high tool discovery coverage and accuracy. Ulti- 622

mately, PA-RAG provides a scalable and efficient 623

paradigm for tool discovery, serving as a robust 624

foundation for future LLM applications in com- 625

plex MCP environments. 626

Limitations 627

Dependency on Intrinsic Backbone Capabili- 628

ties. The core components of PA-RAG, such 629
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as the adaptive router and semantic decomposer,630

function as soft-coded logic modules driven by631

prompts rather than deterministic algorithms. Al-632

though PA-RAG effectively structures the hier-633

archical indexing and cascade retrieval to min-634

imize ambiguity, the precision of the final out-635

put remains partially influenced by the underlying636

LLM’s reasoning stability. This implies that while637

our PA-RAG ensures high robustness, the system’s638

ability to reach its theoretical optimum, particu-639

larly in strictly adhering to complex constraints,640

is correlated with the backbone’s alignment qual-641

ity. Consequently, limitations in the model’s642

instruction-following capabilities may constrain643

the granularity or optimality of the generated solu-644

tions, rather than compromising the system’s over-645

all functionality.646

Lack of Fine-Grained Parameter Schema647

Alignment. The current retrieval paradigm pri-648

marily focuses on semantic matching between the649

query and the tool’s functional description, with-650

out explicitly verifying the availability and com-651

patibility of specific tool parameters within the652

context. For complex queries involving multiple653

servers, this limitation can create a gap between654

finding the right tool and executing it correctly.655

For instance, the retriever might correctly identify656

a calculate_loan tool. Still, the subsequent gener-657

ation phase might hallucinate missing arguments658

or cause type mismatches due to the lack of an ex-659

plicit schema validation module during the aggre-660

gation stage. This could lead to execution failures661

in rigorous industrial environments.662

Discovery Challenges in a Decentralized Eco-663

system. The MCP landscape is highly de-664

centralized and community-driven, with diverse665

servers developed by independent organizations666

and hosted on disparate platforms, such as GitHub667

repositories and private registries. While PA-668

RAG supports automated indexing given a spe-669

cific server README, it currently lacks a proac-670

tive discovery mechanism to aggregate scattered671

resources in real time efficiently. Consequently,672

the system’s coverage is bounded by the complete-673

ness of the input source list. Developing a scal-674

able crawler or a federated protocol to detect and675

ingest updates from this fragmented ecosystem au-676

tonomously remains an open challenge.677
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A Additional Experiments927

In this section, we provide supplementary empiri-928

cal evidence to further validate the versatility, ro-929

bustness, and efficiency of PA-RAG.930

To demonstrate the comprehensive superiority931

of our method, we present a multi-dimensional932

evaluation in Figure 4. This radar chart high-933

lights that PA-RAG achieves the most balanced934

performance across complex set recall, complex935

set precision, comprehensive F1-Score, and infer-936

ence speed, effectively mitigating the trade-offs937

observed in all baselines.938

We delve into the component-level contribu-939

tions through detailed ablation studies. Figure 5940

illustrates the capability loss ∆. Recall when key941

components are removed, confirming the necessity942

of the topology-aware hierarchy and cascade re-943

trieval, complexity-adaptive router, and reranker.944

To complement this, Figure 6 illustrates the trade-945

off between capability loss and efficiency gain, jus-946

tifying our adaptive routing strategywhile the sim-947

ple only path offers significant speedups (up to948

78%), it incurs unacceptable recall degradation in949

complex scenarios, necessitating the full PA-RAG950

pipeline.951

Finally, to verify the generalization ability of952

our PA-RAG, Figure 7 reports the performance953

across four distinct lightweight LLM backbones:954

Qwen2, Qwen2.5, GPT-4o Mini, and Llama-3.1.955

PA-RAG consistently outperforms all baselines956

on the Comprehensive Set, proving that its effec-957

tiveness is architectural rather than model-specific.958

Notably, we observe that for Llama-3.1, removing959

retrieval constraints, e.g., hierarchy or reranker, in-960

creases latency, suggesting that the structured con-961

text of PA-RAG also helps reduce redundant rea-962

soning tokens in verbose models.963

B Case Study964

To intuitively understand the superiority of PA-965

RAG, we present a real-world case study involv-966

ing a complex, cross-server query: "Find today’s967

top 5 gainers, use Firecrawl to ... and finally create968

a new Excel worksheet to insert the results." This969

task requires coordinating tools across three dis-970

tinct MCP Servers: the investor-agent, Firecrawl,971

and Excel MCP Servers. The process of PA-RAG972

and all baselines to deal with this problem is indi-973

cated in Figs. 8–12.974

Baselines Failure Analysis. As shown in Figs.975

8–10, Naive RAG performs a single flat retrieval,976

fetching a mixture of finance and search tools but 977

completely failing to retrieve the necessary Excel 978

tools, rendering the downstream task impossible. 979

Agentic RAG initiates a ReAct loop and success- 980

fully executes the first two steps, fetching stock 981

data and searching the web. However, it fails at 982

the final "productivity" step. Due to the limited 983

context window and retrieval noise from previous 984

steps, the agent suffers from reasoning hallucina- 985

tions; it attempts to invoke the Excel API > cre- 986

ate_worksheet action without successfully retriev- 987

ing the corresponding tool into its context, caus- 988

ing the process to terminate prematurely. Adaptive 989

RAG, recognizing the query’s complexity, routes 990

it to the Agentic path and suffers the same failure. 991

PA-RAG Success Analysis. In contrast, PA- 992

RAG completes the full workflow, as shown in 993

Figs. 10–12. First, the Semantic Decomposer 994

breaks the complex query into four granular sub- 995

queries (e.g., Sub-query 3: "Create a new Excel 996

worksheet"). Then the Cascade Retrieval Strategy 997

plays a crucial role. For sub-queries 3 and 4, the 998

Server Pruning stage explicitly identifies the Ex- 999

cel MCP Server, filtering out irrelevant noise from 1000

the Finance and Search domains. This allows the 1001

subsequent Scoped Tool Selection to retrieve cre- 1002

ate_worksheet and write_data_to_excel accurately. 1003

While the total inference time (8.70s) is marginally 1004

higher than the failed Agentic attempt (8.05s), PA- 1005

RAG is the only one that correctly orchestrates the 1006

multi-hop process without hallucination, demon- 1007

strating the efficacy of our hierarchical pruning 1008

mechanism in handling multi-server tasks. 1009
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Methods Simple Set Complex Set Comprehensive Set

Prec. Rec. F1 Lat.(s) Prec. Rec. F1 Lat.(s) Prec. Rec. F1 Lat.(s)

LLM Backbone: Qwen2-7B-Instruct
PA-RAG (Full) 93.8 95.0 94.2 2.04 87.5 83.0 84.1 6.36 89.9 88.4 88.5 4.12
A1: w/o Hierarchy 90.4 88.8 88.1 1.19 80.8 78.1 78.4 5.58 84.9 83.1 82.9 3.39
A2.1: Simple Only 87.5 85.0 85.8 0.96 66.0 51.8 56.7 1.76 77.0 68.4 71.4 1.36
A2.2: Complex Only 73.3 81.3 75.4 4.65 86.5 83.7 84.5 5.68 79.8 81.0 79.3 5.02
A3: w/o Reranker 81.3 82.5 81.7 1.92 79.5 72.9 74.5 6.08 82.2 77.1 78.4 3.88

LLM Backbone: Qwen2.5-7B-Instruct
PA-RAG (Full) 92.1 95.0 92.9 1.76 79.7 75.3 75.4 6.59 85.6 84.4 83.8 4.15
A1: w/o Hierarchy 92.5 91.3 91.7 1.03 71.9 72.4 70.1 5.94 81.6 82.3 80.7 3.51
A2.1: Simple Only 89.6 91.3 89.6 1.07 74.3 53.5 60.3 1.85 81.9 72.4 75.0 1.45
A2.2: Complex Only 74.4 81.3 76.0 2.62 80.3 78.6 78.7 6.11 75.8 77.5 75.1 4.36
A3: w/o Reranker 83.8 85.0 84.2 1.78 77.6 73.2 73.5 6.28 80.4 78.5 78.6 4.06

LLM Backbone: GPT-4o Mini
PA-RAG (Full) 88.3 92.5 89.6 3.08 80.4 85.7 81.3 10.55 84.3 88.5 85.2 6.20
A1: w/o Hierarchy 87.9 91.3 88.3 2.14 69.8 82.5 74.0 9.74 79.0 86.9 81.4 6.16
A2.1: Simple Only 85.0 86.3 85.0 1.54 77.7 56.0 64.1 2.59 80.8 71.1 74.4 1.74
A2.2: Complex Only 61.2 88.8 67.8 8.37 80.9 84.4 80.8 10.18 69.8 84.6 72.8 8.20
A3: w/o Reranker 82.1 87.5 83.8 2.78 78.9 82.8 79.6 8.77 81.4 84.6 82.1 5.86

LLM Backbone: Llama-3.1-8B-Instruct
PA-RAG (Full) 78.1 90.0 81.3 4.02 57.4 82.5 66.9 11.62 64.7 86.1 70.7 7.34
A1: w/o Hierarchy 75.0 87.5 78.1 4.31 58.0 78.3 62.3 10.15 60.5 83.8 66.9 8.68
A2.1: Simple Only 68.8 86.3 74.2 1.13 60.2 52.9 54.7 2.05 64.9 70.2 64.8 1.60
A2.2: Complex Only 32.5 77.5 42.1 6.53 55.8 81.3 65.4 7.10 44.7 78.8 54.4 6.66
A3: w/o Reranker 60.5 82.5 66.9 5.59 55.7 79.6 64.3 11.82 56.4 81.2 63.9 8.89

Table 3: Comprehensive ablation studies validating the contribution of each component across various lightweight
LLM backbones. We report Precision (Prec.), Recall (Rec.), F1-Score (F1) in percentage (%), and End-to-End
Average Latency (Lat.) in seconds.
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Figure 4: Multi-dimensional evaluation of PA-RAG and representative baselines across four lightweight LLM
backbones. The radar charts visualize the balance between tool discovery effectiveness (Recall, Precision, and
F1-score) and inference efficiency (Inference Speed). A larger and more balanced polygon area indicates superior
overall performance. PA-RAG consistently demonstrates the highest versatility, effectively mitigating the trade-off
between accuracy and speed that often hampers Naive RAG and Agentic paradigms.
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Figure 5: Ablation analysis showing the performance degradation (∆ Recall) when specific components are re-
moved from PA-RAG. The results cover four backbones and three evaluation subsets. Variations include: A1 (w/o
Hierarchy), A2.1 (Simple Path Only), A2.2 (Complex Path Only), and A3 (w/o Reranker). The significant drop
in Complex Set Recall for the "Simple Only" variant (A2.1) underscores the necessity of the complexity-aware
classifier and the agentic reasoning path for multi-hop tool coordination.
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Figure 6: Detailed trade-off analysis on the Comprehensive Set, comparing the capability loss (∆ Recall) against
the inference efficiency gain (Speedup) for different ablation variants. The visualization justifies the adaptive
cascading architecture of PA-RAG: while simpler paths (e.g., Simple Only) provide substantial speedups, they
incur unacceptable recall losses. PA-RAG achieves an optimal balance by dynamically routing queries to ensure
high coverage while maintaining competitive inference speeds.
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Figure 7: Comparison of PA-RAG and baselines on the Comprehensive Set across four distinct LLM architectures.
Results are reported for Recall (primary metric), Precision, and F1-score. PA-RAG consistently outperforms all
baseline retrieval paradigms by a significant margin across all models, demonstrating robust generalization. The
consistent performance gap indicates that PA-RAG’s superiority stems from its architectural design rather than
from specific backbone optimizations.
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\

Query

Agentic RAG

Naive RAG

Find today’s top 5 gainers. then use Firecrawl to search web of each company and extract the latest 
content of results. Finally, create a new Excel worksheet and insert the crawled results into it.

--------------------------------B1: Naive RAG process begins----------------------------------
Received User Query: Find today's top 5 gainers. then use Firecrawl to search web of each company and 
extract the latest content of results. Finally, create a new Excel worksheet and insert the crawled results 
into it.

Flat Retrieval completed, result:
 1:  MCP Server: investor-agent                Tool: get_ticker_data
 2:  MCP Server: Exa MCP Server                Tool: company_research
 3:  MCP Server: investor-agent                Tool: get_market_movers
 4:  MCP Server: Exa MCP Server                Tool: web_search_exa
 5:  MCP Server: investor-agent                Tool: get_google_trends
 6:  MCP Server: investor-agent                Tool: get_nasdaq_earnings_calendar
 7:  MCP Server: investor-agent                Tool: get_earnings_history
 8:  MCP Server: Firecrawl MCP Server          Tool: Search Tool
 9:  MCP Server: Brave Search MCP Server       Tool: Web Search (brave_web_search)
10:  MCP Server: Firecrawl MCP Server          Tool: Crawl Tool

Total time: 1.50s, final answer: 
[{'mcp_server': 'investor-agent', 'tool': 'get_market_movers'}, {'mcp_server': 'Firecrawl MCP Server', 'tool': 
'Crawl Tool'}, {'mcp_server': 'Brave Search MCP Server', 'tool': 'Web Search (brave_web_search)'}, 
{'mcp_server': 'Firecrawl MCP Server', 'tool': 'Search Tool'}]

--------------------------B2: Agentic RAG based on ReAct  process begins-------------------------
Received User Query: Find today's top 5 gainers. then use Firecrawl to search web of each company and 
extract the latest content of results. Finally, create a new Excel worksheet and insert the crawled results 
into it.

Launch ReAct Agent on an empty toolset ...
 --- ReAct Iteration 1 ---
ReAct Agent newly generated output:
I need to find today's top 5 gainers, search the web for each company, and then create a new Excel 
worksheet to insert the crawled results. I should start by finding today's top 5 gainers.

Action: Tool Search > tool_search
Action Input: top 5 gainers today
Agent Action: Tool Search > tool_search. New Query: 'top 5 gainers today'

Use Flat Retrieval search the candidate toolset of New Query ...
Flat Retrieval completed, result:
  1:  MCP Server: investor-agent                Tool: get_market_movers
  2:  MCP Server: investor-agent                Tool: get_nasdaq_earnings_calendar
  3:  MCP Server: investor-agent                Tool: get_institutional_holders
  4:  MCP Server: investor-agent                Tool: get_ticker_data
  5:  MCP Server: investor-agent                Tool: get_earnings_history
  6:  MCP Server: investor-agent                Tool: get_insider_trades
  7:  MCP Server: investor-agent                Tool: get_crypto_fear_greed_index
  8:  MCP Server: Redis MCP Server              Tool: sorted set
  9:  MCP Server: Exa MCP Server                Tool: company_research
 10:  MCP Server: Brave Search MCP Server       Tool: News Search (brave_news_search)
 
--- ReAct Iteration 2 ---
ReAct Agent newly generated output:
I now have a list of tools to choose from. I should select the 'get_market_movers' tool from the investor-
agent API to find today's top 5 gainers.

Figure 8: Detailed visualization of the Case Study (Page 1). This page illustrates the comparison between Naive,
Agentic, Adaptive RAG, and the proposed PA-RAG across a multi-server query.
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Adaptive RAG

Action: investor-agent > get_market_movers
Action Input: {"category": "top gainers", "session": "regular"}
 Observation: Tool 'investor-agent > get_market_movers' successfully executes and get the right 
result.

 --- ReAct Iteration 3 ---
ReAct Agent newly generated output:
I have the top 5 gainers for today. Next, I need to search the web for each company and extract the 
latest content. I should use Firecrawl for this task.

Action: Exa MCP Server > company_research
Action Input: {"companies": ["Company A", "Company B", "Company C", "Company D", 
"Company E"], "actions": ["web_search"]}
 Observation: Tool 'Exa MCP Server > company_research' successfully executes and get the right 
result.
 
--- ReAct Iteration 4 ---
ReAct Agent newly generated output:
I have the web search results for each of the top 5 gainers. Now, I need to create a new Excel 
worksheet and insert the crawled results into it. I will use the Excel API to accomplish this task.

Action: Excel API > create_worksheet
Action Input: {"worksheet_name": "Today's Top Gainers", "columns": ["Company", "Latest 
News"]}

Agent occur Reasoning Hallucination, generated an Action that was not in the available Toolset: 
Excel API > create_worksheet, the process terminate prematurely

Total time: 8.05s, final answer: 
[{'mcp_server': 'investor-agent', 'tool': 'get_market_movers'}, {'mcp_server': 'Exa MCP Server', 
'tool': 'company_research'}]

--------------------------------B3: Adaptive RAG  process begins-----------------------------------
Received User Query: Find today's top 5 gainers. then use Firecrawl to search web of each company and 
extract the latest content of results. Finally, create a new Excel worksheet and insert the crawled results 
into it.

Use the Classifier to determine the Query’s complexity...
Route to a [Complex Path] process (Agentic RAG based on ReAct)

Launch ReAct Agent on an empty toolset...
--- ReAct Iteration 1 ---
ReAct Agent newly generated output:
I need to find today's top 5 gainers, search the web for each company, and then create a new Excel 
worksheet to insert the crawled results. I should start by finding today's top 5 gainers.

Action: Tool Search > tool_search
Action Input: top 5 gainers today
Agent Action: Tool Search > tool_search. New Query: 'top 5 gainers today'

Use Flat Retrieval search the candidate toolset of New Query ...
Flat Retrieval completed, result:
 1:  MCP Server: investor-agent                Tool: get_market_movers
 2:  MCP Server: investor-agent                Tool: get_nasdaq_earnings_calendar
 3:  MCP Server: investor-agent                Tool: get_institutional_holders
 4:  MCP Server: investor-agent                Tool: get_ticker_data
 5:  MCP Server: investor-agent                Tool: get_earnings_history
 6:  MCP Server: investor-agent                Tool: get_insider_trades
 7:  MCP Server: investor-agent                Tool: get_crypto_fear_greed_index
 8:  MCP Server: Redis MCP Server              Tool: sorted set
 9:  MCP Server: Exa MCP Server                Tool: company_research
10:  MCP Server: Brave Search MCP Server       Tool: News Search (brave_news_search)

Figure 9: Detailed visualization of the Case Study (Page 2). This page illustrates the comparison between Naive,
Agentic, Adaptive RAG, and the proposed PA-RAG across a multi-server query.
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PA-RAG

--- ReAct Iteration 2 ---
ReAct Agent newly generated output:
I now have a list of tools to choose from. I should select the 'get_market_movers' tool from the investor-
agent API to find today's top 5 gainers.
Action: investor-agent > get_market_movers
Action Input: {"category": "top gainers", "session": "regular"}
Observation: Tool 'investor-agent > get_market_movers' successfully executes and get the right result.

--- ReAct Iteration 3 ---
ReAct Agent newly generated output:
I have the top 5 gainers for today. Next, I need to search the web for each company and extract the latest 
content. I should use Firecrawl for this task.
Action: Exa MCP Server > company_research
Action Input: {"companies": ["Company A", "Company B", "Company C", "Company D", "Company 
E"], "actions": ["web_search"]}
Observation: Tool 'Exa MCP Server > company_research' successfully executes and get the right result.

--- ReAct Iteration 4 ---
ReAct Agent newly generated output:
I have the web search results for each of the top 5 gainers. Now, I need to create a new Excel worksheet 
and insert the crawled results into it. I will use the Excel API to accomplish this task.
Action: Excel API > create_worksheet
Action Input: {"worksheet_name": "Today's Top Gainers", "columns": ["Company", "Latest News"]}

Agent occur Reasoning Hallucination, generated an Action that was not in the available Toolset: Excel 
API > create_worksheet，the process terminate prematurely.

Total time: 8.35s, final answer:
[{'mcp_server': 'investor-agent', 'tool': 'get_market_movers'}, {'mcp_server': 'Exa MCP Server', 'tool': 
'company_research'}]

==================== PA-RAG process begins ====================
Received User Query: Find today's top 5 gainers. then use Firecrawl to search web of each company and 
extract the latest content of results. Finally, create a new Excel worksheet and insert the crawled results 
into it.

Pre-retrieval : obtain the candidate MCP Servers for the Complexity-Aware Router
Perform  Stage 1: MCP Server Pruning of Cascade Retrieval  Strategy
 1:  MCP Server: investor-agent                Tool: None
 2:  MCP Server: Context7 MCP - Up-to-date Code Docs For Any PromptTool: None
 3:  MCP Server: Fetch MCP Server              Tool: None

Complexity-Based Dual-Path Execution
Intent classification complete, results: intent='complex', target_servers=[]

Execute the [Complex Path] process
Semantic Decomposer decompose the original query into sub-queries: ["Find today's top 5 gainers.", 
'Use Firecrawl to search web of each company and Extract the latest content of results.', 'Create a new 
Excel worksheet.', 'Insert the crawled results into the Excel worksheet.']

=== Execute sub-query 1: 'Find today's top 5 gainers.' ===
Execute the complete Cascade Retrieval  Strategy for candidate toolset of sub-query 1

Stage 1: MCP Server Pruning： ['Fetch MCP Server', 'Context7 MCP - Up-to-date Code Docs For Any 
Prompt', 'investor-agent']

Stage 2: Scoped Tool Selection:  obtain all the tools of these three MCP sSrvers were  and 10 tools were 
obtained after reranking：

Figure 10: Detailed visualization of the Case Study (Page 3). This page illustrates the comparison between Naive,
Agentic, Adaptive RAG, and the proposed PA-RAG across a multi-server query.
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 1:  MCP Server: investor-agent                Tool: get_market_movers
 2:  MCP Server: investor-agent                Tool: calculate_technical_indicator
 3:  MCP Server: investor-agent                Tool: get_cnn_fear_greed_index
 4:  MCP Server: investor-agent                Tool: get_nasdaq_earnings_calendar
 5:  MCP Server: investor-agent                Tool: get_options
 6:  MCP Server: investor-agent                Tool: get_google_trends
 7:  MCP Server: investor-agent                Tool: get_earnings_history
 8:  MCP Server: investor-agent                Tool: get_crypto_fear_greed_index
 9:  MCP Server: Context7 MCP - Up-to-date Code Docs For Any PromptTool: get-library-docs
10:  MCP Server: investor-agent                Tool: get_ticker_data

Tool Selector select: ["investor-agent > get_market_movers"]

Subquery 1 is completed. Result: [{'mcp_server': 'investor-agent', 'tool': 'get_market_movers'}]  

=== Execute sub-query 2: 'Use Firecrawl to search web of each company.' ===
Execute the complete Cascade Retrieval  Strategy for candidate toolset of sub-query 2

Stage 1: MCP Server Pruning: ['Airbnb Search & Listings - Desktop Extension (DXT)', 'Exa MCP 
Server', 'Firecrawl MCP Server']

Stage 2: Scoped Tool Selection: obtain all the tools of these three MCP sSrvers were  and 10 tools were 
obtained after reranking：
 1:  MCP Server: Exa MCP Server                Tool: company_research
 2:  MCP Server: Firecrawl MCP Server          Tool: Search Tool
 3:  MCP Server: Firecrawl MCP Server          Tool: Crawl Tool
 4:  MCP Server: Firecrawl MCP Server          Tool: Scrape Tool
 5:  MCP Server: Firecrawl MCP Server          Tool: Map Tool
 6:  MCP Server: Firecrawl MCP Server          Tool: Batch Scrape Tool
 7:  MCP Server: Firecrawl MCP Server          Tool: Extract Tool
 8:  MCP Server: Firecrawl MCP Server          Tool: Check Batch Status
 9:  MCP Server: Exa MCP Server                Tool: crawling
10:  MCP Server: Exa MCP Server                Tool: linkedin_search

Tool Selector select: ["Firecrawl MCP Server > Search Tool"]

Subquery 2 is completed. Result: [{'mcp_server': 'Firecrawl MCP Server', 'tool': 'Search Tool'}]

=== Executing sub-query 3: 'Create a new Excel worksheet.' ===
Execute the complete Cascade Retrieval  Strategy for candidate toolset of sub-query 3

Stage 1: MCP Server Pruning: ['Excel MCP Server', 'Airbnb Search & Listings - Desktop Extension 
(DXT)', 'Context7 MCP - Up-to-date Code Docs For Any Prompt']

Stage 2: MCP Server Pruning: obtain all the tools of these three MCP sSrvers were  and 10 tools were 
obtained after reranking：
 1:  MCP Server: Excel MCP Server              Tool: create_worksheet
 2:  MCP Server: Excel MCP Server              Tool: create_workbook
 3:  MCP Server: Excel MCP Server              Tool: copy_worksheet
 4:  MCP Server: Excel MCP Server              Tool: create_table
 5:  MCP Server: Excel MCP Server              Tool: rename_worksheet
 6:  MCP Server: Excel MCP Server              Tool: write_data_to_excel
 7:  MCP Server: Excel MCP Server              Tool: create_chart
 8:  MCP Server: Excel MCP Server              Tool: apply_formula
 9:  MCP Server: Excel MCP Server              Tool: insert_rows
10:  MCP Server: Excel MCP Server              Tool: insert_columns
Tool Selector select：["Excel MCP Server > create_worksheet"]

Subquery 3 is completed. Result: [{'mcp_server': 'Excel MCP Server', 'tool': 'create_worksheet'}] 

=== Executing sub-query 4: 'Insert the crawled results into the Excel worksheet.' ====
Execute the complete Cascade Retrieval  Strategy for candidate toolset of sub-query 4

Figure 11: Detailed visualization of the Case Study (Page 4). This page illustrates the comparison between Naive,
Agentic, Adaptive RAG, and the proposed PA-RAG across a multi-server query.
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Stage 1: MCP Server Pruning: ['Excel MCP Server', 'Firecrawl MCP Server', 'Fetch MCP Server']

tage 2: MCP Server Pruning: obtain all the tools of these three MCP sSrvers were  and 10 tools were 
obtained after reranking：
 1:  MCP Server: Excel MCP Server              Tool: write_data_to_excel
 2:  MCP Server: Excel MCP Server              Tool: insert_rows
 3:  MCP Server: Excel MCP Server              Tool: insert_columns
 4:  MCP Server: Excel MCP Server              Tool: get_data_validation_info
 5:  MCP Server: Excel MCP Server              Tool: read_data_from_excel
 6:  MCP Server: Excel MCP Server              Tool: apply_formula
 7:  MCP Server: Excel MCP Server              Tool: copy_range
 8:  MCP Server: Excel MCP Server              Tool: create_chart
 9:  MCP Server: Excel MCP Server              Tool: validate_excel_range
10:  MCP Server: Excel MCP Server              Tool: format_range

Tool Selector LLM select: ["Excel MCP Server > write_data_to_excel"]

Subquery 4 is completed. Result: [{'mcp_server': 'Excel MCP Server', 'tool': 'write_data_to_excel'}] 

The summary subtask results were completed, and a total of 4 results were found.
----------------------------------- Complex Path complete -----------------------------------------------

Total time: 8.70s,  final answer:
[{'mcp_server': 'investor-agent', 'tool': 'get_market_movers'}, {'mcp_server': 'Firecrawl MCP Server', 
'tool': 'Search Tool'}, {'mcp_server': 'Excel MCP Server', 'tool': 'create_worksheet'}, {'mcp_server': 'Excel 
MCP Server', 'tool': 'write_data_to_excel'}]

Figure 12: Detailed visualization of the Case Study (Page 5). This page illustrates the comparison between Naive,
Agentic, Adaptive RAG, and the proposed PA-RAG across a multi-server query.
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