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Abstract001

Text-to-NoSQL aims to extend natural lan-002
guage interfaces (NLIs) beyond traditional003
Text-to-SQL, enabling intuitive querying of004
NoSQL systems such as MongoDB—widely005
adopted in modern data-intensive applications.006
While recent advances in Text-to-NoSQL have007
yielded benchmark datasets, existing systems008
still suffer from erroneous query generation and009
a lack of robust mechanisms for error detection,010
explanation and iterative correction. In this011
paper, we propose MARMo: a novel evidence-012
guided, memory-augmented multi-agent repair013
framework for accurate Text-to-NoSQL pars-014
ing (focusing on MongoDB). The framework015
employs a modular, plug-and-play architecture016
that coordinates multiple specialized agents017
to perform iterative error diagnosis and adap-018
tive refinement. Extensive experiments on the019
TEND benchmark validate that MARMo, as a020
modular and interpretable framework, achieves021
overall improvement on repair accuracy and022
generalization for Text-to-NoSQL. Our work023
not only enhances the reliability of natural024
language-driven NoSQL query systems but also025
paves the way for future research into robust,026
human-in-the-loop NLIs for unstructured and027
semi-structured data management.028

1 Introduction029

Natural language interfaces, by lowering the bar-030

rier to data access for non-technical users, have031

catalyzed significant research interest in NLP and032

databases, particularly in the Text-to-SQL task of033

translating plain-language queries into executable034

statements over structured relational data (Qin035

et al., 2022; Iacob et al., 2020; Katsogiannis-036

Meimarakis et al., 2023). However, despite the037

remarkable progress in Text-to-SQL modeling, ex-038

isting efforts are largely confined to relational039

databases, which presume rigid schemas and nor-040

malized tables (Zhong et al., 2017; Yu et al., 2018).041

In contrast, NoSQL databases such as MongoDB042

Initial MQL
db.Student.find({ $or: [ { Fname: { $regex: /a/i } }, { LName:
{ $regex: /a/i } } ] }, { Fname: 1, _id: 0 });

MongoDB Schema

Student (Fname, LName, StuID, Age, ……)
Faculty (Fname, Lname, FacID, Rank, ……)
Department (DNO, Division, DName, ……)

NLQ

Retrieve the first names of 
students whose first name 
contains the letter “a”.

Error Repair Process

1. Check Error: Semantic; Query incorrectly includes last names; 

violates user intent focused on first names only.

2. Think How to Fix:

• Evidence: Names like "Paul" returned despite lacking "a" in Fname.

• Fix Strategy: Limit field scope to Fname only. Maintain case-insensitive regex /a/i.

3. Repair the Error & Rewrite

Refined MQL

db.Student.find({ Fname: { $regex: /a/i } }, { Fname: 1, _id:
0 });

Figure 1: An illustrative example of the MQL repair
task that simulates a realistic human correction process,
including check errors in the initial query, formulat-
ing repair strategies based on contextual evidence, and
rewriting the query to better align with the user’s intent.

are increasingly adopted in modern applications for 043

their schema-less design, hierarchical data repre- 044

sentation, and flexibility in modeling diverse, dy- 045

namic data. Although several studies have pro- 046

posed benchmarks for the Text-to-NoSQL task, 047

the interaction gap between natural language and 048

NoSQL systems remains significantly underex- 049

plored, as current methods predominantly adopt 050

few-shot generation paradigms with limited diver- 051

sity, hindering the broader vision of democratized 052

access to heterogeneous data platforms (Zhang 053

et al., 2024a,b; Lu et al., 2025; Qin et al., 2025). 054

Recent advances in large language models 055

(LLMs) have demonstrated remarkable capabili- 056

ties in understanding complex instructions and gen- 057

erating structured outputs, including executable 058

database queries (Achiam et al., 2023; Xie et al., 059

2024b; Zhu et al., 2024; Chung et al., 2025). Mean- 060
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while, multi-agent systems have emerged as a061

promising paradigm for decomposing and coor-062

dinating complex tasks through the collaboration063

of specialized agents each responsible for subtasks064

such as planning, reasoning, or correction. Within065

the context of NLIs for NoSQL databases, the syn-066

ergistic combination of LLMs and multi-agent ar-067

chitectures offers a promising solution to the limi-068

tations of one-shot generation (Wang et al., 2025;069

Cen et al., 2025). This hybrid approach not only070

enhances interpretability and modularity, but also071

enables dynamic feedback integration and adap-072

tive repair, paving the way for more robust and073

extensible query generation pipelines.074

In this paper, we propose MARMo, a novel075

evidence-guided and Memory-Augmented Multi-076

Agent Repair framework for accurate Text-to-077

NoSQL parsing (MongoDB), which operates in078

a feedback-driven refinement loop, consisting of079

three key agents: the Error Checker Agent, the080

Feedback Manager Agent and the Error Repair081

Agent. As shown in Figure 1, this repair workflow082

is inspired by the realistic human correction process083

when people find errors. Given a natural language084

query (NLQ), MARMo refines the corresponding085

MQL (MongoDB Querying Language) output, the086

Error Checker Agent first detects different errors by087

leveraging analysis from an MQL execution tool.088

In the setting of MQL application, we categorize089

MQL errors into three main types: the syntax error,090

schema error, and semantic error. The Feedback091

Manager Agent invokes different sub-agents based092

on the error type and generate the feedback based093

on the aggregated information. The Error Repair094

Agent finally leverages this aggregated feedback095

to retrieve and adapt similar error-repair patterns096

from memory to repair and regenerate the refined097

MQL, which is then re-executed for validation, al-098

lowing for iterative correction if necessary. In all,099

MARMo is designed to be pluggable, extensible,100

and generalizable, making it applicable across di-101

verse scenarios for Text-to-NoSQL models and a102

promising step toward robust natural language in-103

terfaces for data system diversity.104

In our experiments, we evaluate MARMo on the105

Text-to-MongoDB benchmark TEND (Lu et al.,106

2025), which contains diverse natural language107

queries paired with corresponding MQL anno-108

tations. We assess the overall performance of109

MARMo and compare it against a set of competi-110

tive baseline methods. Experimental results show111

that our framework consistently outperforms prior112

approaches, highlighting the benefits of multi-agent 113

collaboration and error-aware iterative repair in the 114

context of Text-to-NoSQL generation. The modu- 115

lar design of MARMo enables flexible and robust 116

handling of diverse error types. In particular, the 117

incorporation of database schema and query ex- 118

ecution feedback facilitates more accurate query 119

refinement, contributing to improved structural and 120

semantic alignment between generated queries and 121

gold references. 122

To summarize, the main contributions of this 123

work are as follows: 124

• We introduce MARMo, a modular multi-agent 125

repair framework for Text-to-NoSQL query 126

generation. MARMo systematically inte- 127

grates error diagnosis, feedback, and iterative 128

repair, marking the first framework in this do- 129

main that empowers agents to not only gener- 130

ate but also correct NoSQL queries. 131

• We design a structured error taxonomy and a 132

corresponding feedback mechanism that dis- 133

tinguish syntax, schema, and semantic errors 134

in Text-to-NoSQL tasks. To address schema- 135

related issues, we develop an Evidence Agent 136

for precise error localization and informed re- 137

pair, and a global repair memory tailored to 138

the Text-to-NoSQL setting, which supports 139

iterative corrections and robust MQL regener- 140

ation. 141

• Through extensive experiments on the TEND 142

benchmark, we demonstrate the effectiveness 143

of MARMo and provide empirical insights 144

that point toward promising future directions 145

for robust and accurate Text-to-NoSQL sys- 146

tems. 147

2 Related Works 148

Text-to-SQL has long been a core research prob- 149

lem at the intersection of natural language process- 150

ing and databases (Hong et al., 2024). Early sys- 151

tems were limited to narrow domains and simple 152

schemas, often relying on rule-based grammars or 153

templates (Li and Jagadish, 2014; Kim et al., 2020; 154

Gkini et al., 2021). The introduction of large-scale 155

benchmarks, such as WikiSQL (Zhong et al., 2017), 156

Spider and its variants (Yu et al., 2018; Gan et al., 157

2021a,b), and BIRD (Li et al., 2023), has driven 158

the development of more robust and generalizable 159

models. Pre-trained language models have further 160

advanced the field, enabling improved contextual 161
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reasoning, schema linking, and handling of com-162

plex SQL constructs, including in conversational163

settings (Cao et al., 2021; Li et al., 2021; Scholak164

et al., 2021; Fan et al., 2023). More recently, LLMs165

and multi-agent paradigms have been investigated166

to decompose Text-to-SQL into subtasks such as167

planning, reasoning, and verification, enhancing168

both robustness and interpretability (Pourreza and169

Rafiei, 2023; Zhang et al., 2023; Wang et al., 2025;170

Li et al., 2024a; Ren et al., 2024; Mao et al., 2024;171

Pourreza et al., 2024; Yun and Lee, 2025; Cen et al.,172

2025; Shkapenyuk et al., 2025; Dönder et al., 2025).173

In parallel, growing attention has been given to er-174

ror analysis and repair, with new benchmarks and175

methods targeting error classification and correc-176

tion in SQL generation (Liu and Tan, 2024; Xu177

et al., 2025; Liu et al., 2025; Shen et al., 2025).178

NoSQL Databases play an indispensable role in179

modern infrastructures due to their scalability, flex-180

ibility, and support for semi-structured and het-181

erogeneous data (Dritsas and Trigka, 2025). Un-182

like relational databases, NoSQL systems adopt dy-183

namic, hierarchical representations, spanning docu-184

ment stores, key-value stores, and graph databases185

(Zhang et al., 2024b). Recent efforts have increas-186

ingly addressed Text-to-NoSQL translation, most187

focusing on graph-based systems such as Neo4j188

and Cypher (Zhou et al., 2024; Tran et al., 2024;189

Lin et al., 2024; Gao et al., 2024). A key mile-190

stone is TEND (Lu et al., 2025), which provides191

the first end-to-end pipeline for constructing Text-192

to-NoSQL datasets and introduces a MongoDB-193

specific benchmark. Its multilingual extension,194

MultiTEND (Qin et al., 2025), underscores the sig-195

nificance of cross-lingual generalization. Building196

on these foundations, our work expands the solu-197

tion space by introducing novel architectural com-198

ponents and refinement strategies that improve the199

accuracy and robustness of Text-to-NoSQL parsing200

in MongoDB.201

LLM-based Agents have recently become a domi-202

nant paradigm for complex, multi-step reasoning203

tasks, from programming to document understand-204

ing (Yang et al., 2023; Nunez et al., 2024; Ishibashi205

and Nishimura, 2024; Xiao et al., 2024; Li et al.,206

2024b, 2025; Han et al., 2025). In Text-to-SQL,207

agent-based approaches decompose parsing into208

sub-modules such as intent detection, schema link-209

ing, and query generation (Wang et al., 2025; Xie210

et al., 2024a; Cen et al., 2025; Deng et al., 2025),211

improving modularity and interpretability. Specif-212

ically, recent work in Text-to-SQL and code gen-213

eration has demonstrated that many agent-based 214

approaches combine error detection and self-repair 215

mechanisms with tool-use strategies to achieve 216

further performance improvements. For instance, 217

CRITIC (Gou et al., 2024) introduces a frame- 218

work that enables LLMs to iteratively validate 219

and refine their own outputs using external tools, 220

thereby improving reliability and correctness in 221

tasks such as code generation. MAC-SQL (Wang 222

et al., 2025) introduces a multi-agent, tool-assisted 223

framework that boosts Text-to-SQL performance 224

on large databases, achieving new SOTA results on 225

BIRD. SQLFixAgent (Cen et al., 2025) further en- 226

hances Text-to-SQL reliability by focusing specifi- 227

cally on detecting and repairing semantic errors in 228

generated SQL. 229

However, prior work has largely focused on 230

query construction, devoting limited attention to 231

systematic error detection and repair. We address 232

this gap by introducing a multi-agent repair frame- 233

work that integrates query generation with robust 234

error analysis and iterative refinement for Text-to- 235

NoSQL tasks. This framework not only advances 236

Text-to-NoSQL research but also provides a foun- 237

dation for systematic exploration of natural lan- 238

guage interaction with semi-structured data. 239

3 Overview 240

In this section, we provide an overview of the prob- 241

lem formulation and our proposed framework. We 242

first formalize the Text-to-NoSQL and MQL Re- 243

pair tasks, highlighting the unique challenges posed 244

by MongoDB’s semi-structured data model. We 245

then briefly introduce the overall architecture of 246

MARMo, a modular, agent-based system designed 247

to iteratively detect, diagnose, and repair errors in 248

generated MQL queries. 249

3.1 Task Formulation 250

3.1.1 Text-to-NoSQL 251

The Text-to-NoSQL task aims to translate a natural 252

language question into an executable NoSQL query, 253

conditioned on a target database and its schema. 254

Formally, let the natural language input be denoted 255

as a token sequence x = {x1, x2, . . . , xn}, x ∈ N , 256

where N is NLQ sets. Let the NoSQL database 257

be represented as D = {C1, C2, . . . , Ck}, where 258

each Ci is a collection and consists of a set of fields 259

Fi = {fi1, fi2, . . . , fimi}. The database schema S 260

can thus be viewed as the structural metadata S = 261

{(Ci, Fi)}ki=1. The goal of the task is to generate 262
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Syntax Error

Pred: db.users.find({ age: { $gt: 30 }, $and: { country: “US” } })

Gold: db.users.find({ $and: [ { age: { $gt: 30 } }, { country: "US" } ] })

Schema Error

Pred: db.products.find({ price: { $lt: 100 } }, { name: 1, stock: 1 })

Gold: db.products.find({ price: { $lt: 100 } }, { name: 1, in_stock: 1 })

Semantic Error

NLQ: List all products that are in stock and cost less than $500.

Pred: db.products.find({ $or: [ { in_stock: true }, { price: { $lt: 500 } } ] })

Gold: db.products.find({ $and: [ { in_stock: true }, { price: { $lt: 500 } } ] })

Figure 2: Three error types: Syntax Error: misuse of
$and operator corrected by wrapping conditions in an
array; Schema Error: invalid field stock, replaced with
the correct schema in_stock; Semantic Error: misuse
of $or instead of $and, leading to a mismatch with the
user intent.

a MQL y = {y1, y2, . . . , ym}, where y ∈ Y is a263

sequence of tokens from the target MQLs, such264

that y faithfully captures the semantics of x and is265

executable against D.266

Unlike SQL, NoSQL queries typically operate267

over semi-structured or hierarchical data without268

fixed relational schemas. For MongoDB, espe-269

cially, its nested document-oriented data model270

introduces unique challenges such as inferring col-271

lection names, nested field paths, and handling het-272

erogeneous document structures. As a result, solv-273

ing this task requires not only understanding the274

natural language semantics but also adapting to the275

dynamic, schema-less nature of NoSQL databases.276

3.1.2 MQL Repair Task277

The MQL Repair task focuses on identifying and278

correcting errors in initially generated MongoDB279

queries, with the ultimate goal of producing exe-280

cutable MQL statements that accurately reflect the281

user’s intent.282

Within the context of our framework MARMo,283

the MQL Repair task functions as a plug-and-play284

module that can be integrated with existing Text-to-285

NoSQL systems. By post-editing their generated286

queries, it improves the overall generation accuracy287

and enhances system usability. This modular repair288

mechanism ensures robustness in practical deploy-289

ment, enabling seamless and reliable end-to-end290

workflows.291

3.1.3 Error Types292

To address the challenges in robust MQL repair, we293

design a fine-grained error categorization scheme294

along with corresponding identification and repair295

strategies. Specifically, we classify MQL errors 296

into three primary types: syntax errors, schema 297

errors, and semantic error, as illustrated in Figure 298

2. 299

(1) Syntax Error refers to cases where the gener- 300

ated MQL query violates the formal grammar rules 301

of the query language, rendering it unparsable or 302

unexecutable. 303

(2) Schema Error arises when the structural 304

form of the query does not match the expected tem- 305

plate, such as incorrect nesting, misplaced clauses, 306

or missing components, regardless of specific value 307

content. 308

(3) Semantic Error occurs when the query struc- 309

ture is correct but the intent it conveys deviates 310

from the user’s original question, often due to in- 311

correct predicates, misused operators, or improper 312

value conditions. 313

3.2 Framework Overview 314

MARMo operates in a feedback-driven refine- 315

ment loop comprising three core agents: the Er- 316

ror Checker Agent, Feedback Manager Agent, and 317

Error Repair Agent shown in Figure 3. First, er- 318

ror information is leveraged by the Error Checker 319

Agent to detect and classify MQL failures (e.g., 320

syntactic, schema-related, or semantic). Based on 321

the identified error type, the Feedback Manager 322

Agent selects an appropriate reasoning path to acti- 323

vate different sub-agents and generate targeted re- 324

pair suggestions, selectively incorporating evidence 325

such as schema metadata, domain constraints, or 326

self-reflection strategies. Finally, the Error Repair 327

Agent synthesizes corrected MQL queries guided 328

by this feedback. The algorithm is shown as Algo- 329

rithm 1. 330

This iterative, agent-based design enables pro- 331

gressive query refinement and modular error cor- 332

rection. As a plug-and-play architecture, MARMo 333

enhances MQL generation across diverse upstream 334

systems by enabling fine-grained error resolution 335

and offering transparent diagnostic traces for each 336

repair step. 337

4 Methodology 338

In this section, a detailed description of MARMo 339

is presented by systematically introducing its three 340

main agents, the Error Checker Agent, the Feed- 341

back Manager Agent, and the Error Repair Agent, 342

in the order they operate. Each component is de- 343

signed to emulate distinct stages of a realistic hu- 344
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[Reviewing Exec Results……]

[Reviewing NLQ…….]

Question & Initial MQLs

Execution 

Results

Error detected ！
Type: Syntex / Schema / Sematic

Reason: ……

MongoDB 

Schema

Evidence Finder Sub-Agent

NLQNLQ

NLQs

Error Info

Execution 

Results

MongoDB 

Schema
NLQNLQ

db.Customers.aggregate([
{

$match: {
customer_first_name: 

"Meaghan",
customer_last_name: "Keeling"

} ……

Predicted MQLs

Evidence

Self-Reflection Sub-Agent

Self-Reflection

Error-type based 

Route Selection

Text-to-NoSQL

Models

MongoDB 
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Error

information

Error Repair Agent

NLQNLQ
Feedback:

Error Type: Semantic

Self-Reflection: First, ……

Repair Suggestion: ……

Feedback

Feedback Manager Agent

Recall

NLQNLQ

db.Customers.aggregate([
{

$match: {
customer_first_name: 

"Meaghan",
customer_last_name: "Keeling"

} ……

Predicted MQLs

?

Similar Fix 

Memory
Similar Fix 

Memory
Similar Fix 

Memory

Error Feedback

NLQNLQ

db.Customers.aggregate([
{

$match: {
customer_first_name: 

"Meaghan",
customer_last_name: "Keeling"

} ……

Repaired MQLs

MQL Executor 

Tool

Fix & Generate

Final MQLs

Next

Fix Flow

√

Figure 3: An overview of MARMo (MongoDB-focused, Memory-Augmented, Multi-Agent Repair), an evidence-
guided framework for accurate Text-to-NoSQL parsing. It features an iterative workflow with three specialized
agents: the Error Checker Agent detects errors via execution traces and semantic cues; the Feedback Manager Agent
orchestrates evidence-aware reasoning to produce targeted correction signals; and the Error Repair Agent integrates
feedback and contextual memory to iteratively refine queries toward syntactic validity, schema compliance, and
intent alignment.

man correction process, from error detection to345

guided repair.346

4.1 Error Checker Agent347

The Error Checker Agent is responsible for identi-348

fying and classifying errors in the predicted MQL349

query based on its execution behavior and contex-350

tual information. Given a natural language query351

and a corresponding MQL query generated by an352

external model, the system attempts to determine353

whether the MQL is correct or contains errors.354

Specifically, the Error Checker Agent first in-355

vokes a Python-based executor of MQL to run the356

query against the MongoDB instance. The execu-357

tion result including returned documents or error358

messages is then parsed and analyzed. Upon de-359

tecting a failure, the Error Detector uses a hybrid360

strategy: it combines rule-based inspection of exe-361

cution logs with LLM-based reasoning over both362

the original input and query to determine the error363

type. Errors are categorized into syntactic (e.g.,364

invalid query structure), schema-related (e.g., in-365

correct collection or field names), or semantic (e.g.,366

mismatched intent). The Error Checker Agent per-367

forms comprehensive analysis and validation of368

the generated MQL query against the input ques- 369

tion and schema, ultimately identifying the error 370

type by detecting syntax error, schema mismatch 371

or logical misalignment with the user intent and 372

providing a rationale for the classification. Finally, 373

the agent outputs a structured error report includ- 374

ing the detected error type and contextual clues 375

for downstream repair of the Feedback Manager 376

Agent. 377

The motivation behind this design is to integrate 378

execution-based error detection with the semantic 379

reasoning capabilities of large language models, 380

thereby enhancing the accuracy of query correct- 381

ness assessment. Beyond mere error detection, the 382

agent aims to precisely identify the type and under- 383

lying cause of each error, offering structured feed- 384

back to support downstream repair mechanisms. 385

4.2 Feedback Manager Agent 386

The Feedback Manager Agent is a composite agent 387

composed of two collaborative sub-agents that 388

work in tandem to produce structured and informa- 389

tive feedback for query repair. Taking the original 390

natural language query, the initial MQL and the 391

error type identified by the Error Checker Agent as 392
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Algorithm 1 The Algorithm of MARMo
In: Natural Language Question N , Initial MQL
Query Q̂, MongoDB database D
Out: Correct MQL Q̂c

1: Let iteration i = 0.
2: while i < Max do
3: ExecResult r = ExecTool(D, Q̂).
4: ErrorType e = ErrorChecker(N, r, Q̂).
5: if e = correct then
6: Q̂c = Q̂.
7: Break.
8: end if
9: Feedback f = Feedback(N, e,D, Q̂).

10: MQL Q̂r = ErrRefiner(N, f,D, Q̂).
11: ExecResult r

′
= ExecTool(D, Q̂r).

12: if r′
= PASS then

13: Q̂c = Q̂r.
14: Break.
15: end if,
16: Q̂ = Q̂r (→ Next Iteration)
17: end while
18: return final MQL Q̂c

input, it initiates a reasoning process to analyze and393

contextualize the failure. The Feedback Manager394

Agent selectively determines the processing route395

based on the identified error type, invoking special-396

ized sub-agents to generate type-specific feedback,397

which is subsequently aggregated and integrated398

into a unified correction feedback response.399

(1) Self-Reflection Sub-Agent performs a de-400

tailed, step-by-step inference process on the faulty401

query by leveraging chain-of-thought prompting.402

This approach enables the agent to systematically403

analyze each component of the query and reason404

through potential inconsistencies. The primary405

goal is to accurately localize the source of the error,406

whether it stems from semantic misunderstandings407

or structural flaws within the query.408

(2) Evidence-Finder Sub-Agent is to extract409

schema-related information, such as field types,410

collection names, nesting hierarchies, and field fre-411

quency—from the MongoDB context to facilitate412

schema-aware reasoning. Inspired by the effec-413

tiveness of evidence provided by the BIRD (Li414

et al., 2023; Yun and Lee, 2025) in supporting415

query generation, we introduce this agent to sim-416

ilarly enhance the generation and optimization of417

MQL queries. By grounding reasoning in concrete418

schema evidence, the agent helps improve both ac-419

curacy and robustness of the query construction420

process. 421

Together, these collaborative sub-agents enable 422

the Feedback Manager to deliver precise, context- 423

aware, and actionable feedback, thereby enhancing 424

the effectiveness of downstream query repair and 425

optimization. 426

4.3 Error Repair Agent 427

The Error Repair Agent is tasked with fixing and 428

synthesizing corrected MQL queries based on struc- 429

tured feedback generated by upstream components 430

in the pipeline, primarily the Feedback Manager 431

Agent. Its core objective is to transform faulty 432

queries into executable forms that align with both 433

the database schema and the user intent. 434

To this end, this agent employs a similar fix mem- 435

ory mechanism and execution-guided judgment. It 436

selects past cases that closely resemble the current 437

query failure, and these retrieved examples serve 438

as in-context demonstrations, providing inductive 439

signals to guide the repair process. In parallel, the 440

agent integrates the structured feedback to further 441

constrain and inform the generation of candidate 442

MQL queries, ensuring that the revisions are both 443

semantically appropriate and structurally valid. Fi- 444

nally, each repaired MQL query is evaluated by 445

the MQL executor to determine whether it satisfies 446

the execution criteria as the final output or requires 447

further refinement in the next repair iteration. This 448

design allows the Error Repair Agent to effectively 449

integrate retrieved patterns with contextual reason- 450

ing, enabling accurate and adaptable MQL query 451

correction. 452

5 Experiments 453

In this section, we present the experimental setup 454

and main results of MARMo, our proposed multi- 455

agent repair framework for Text-to-NoSQL query 456

generation. We conduct comprehensive experi- 457

ments on the benchmark TEND to assess the frame- 458

work’s performance in handling erroneous predic- 459

tions, including its ability to detect, classify, and 460

refine faulty queries. The results clearly demon- 461

strate that MARMo improves the accuracy and ro- 462

bustness of the query generation process compared 463

to existing baselines. 464

For implementation of MARMo, the backbone 465

LLM of the whole framework and different agent 466

roles is “DeepSeek-V3” with the parameter setting 467

‘temperature = 0.0’ for relatively more precise and 468

stable generation of MQLs. The number of repair 469
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Method Query-based Metric Results Execution-based Metric Results

EM QSM QFC EX EFM EVM

Instructing LLM 5.91% 50.77% 64.32% 35.06% 53.05% 58.23%
Few-shot LLM 10.41% 48.40% 55.46% 35.82% 66.99% 68.25%
RAG for LLM 16.32% 63.06% 70.05% 53.26% 73.95% 62.02%
Fine-tuned LLaMA 20.54% 56.50% 67.68% 53.12% 84.36% 68.11%
SMART 21.77% 60.65% 72.86% 59.57% 84.90% 69.73%
MARMo (Ours) 22.09% 62.81% 74.52% 62.34% 83.71% 66.88%

Table 1: The overall performance comparison of different methods on the TEND benchmark, including both
query-based and execution-based evaluation metrics.

iterations is set to be 3. The memory mechanism470

is constructed from the training set. Similarity is471

computed via vector-based semantic similarity by472

text-embedding-ada-002.473

5.1 Dataset474

We evaluate our approach on the TEND benchmark475

(Lu et al., 2025), a large-scale benchmark for com-476

plex NoSQL query understanding especially on477

MongoDB. As shown in Table 2, it comprises 154478

MongoDB databases across 105 domains, with 347479

collections and 5,960 unique fields. The dataset in-480

cludes 17,020 natural language and NoSQL query481

pairs, with each NoSQL query aligned to five482

NLQs. This diversity in both schema and query483

structure makes TEND a challenging and compre-484

hensive testbed for evaluating Text-to-NoSQL mod-485

els on tasks that demand nuanced understanding of486

both natural language and structured query genera-487

tion.488

Property Value
Databases 154
Domains 105
Collections 347
Unique fields 5,960
NL-MQL pairs 17,020

Table 2: Basic statistics of the TEND dataset.

5.2 Baselines and Metrics489

We compare our proposed framework MARMo490

against a range of strong baselines which are491

aligned with the experimental configurations in492

(Lu et al., 2025), whose details are available493

in Appendix A.1, ensuring fair and consistent494

evaluation. Our main experiments compare dif-495

ferent paradigms of closed-source LLM utiliza-496

tion, including zero-shot prompting, few-shot in-497

context learning, and retrieval-augmented gener- 498

ation (RAG), as well as domain-adapted open- 499

source LLMs via fine-tuning, alongside the most re- 500

cent SMART framework. Collectively, these base- 501

lines provide a comprehensive spectrum of meth- 502

ods, enabling us to rigorously position MARMo 503

against both prior neural solutions and the latest ad- 504

vances in LLM-based Text-to-NoSQL generation. 505

Meanwhile, to comprehensively evaluate model 506

performance on the Text-to-NoSQL task, we adopt 507

six complementary metrics, which can be broadly 508

categorized into query-based and execution-based 509

evaluations, following the settings of TEND, and 510

details are elaborated in the Appendix A.2. Specif- 511

ically, Query-based metrics emphasize structural 512

fidelity, measuring how well the generated NoSQL 513

queries align with the gold-standard annotations at 514

the syntactic and representational levels. In con- 515

trast, execution-based metrics assess functional cor- 516

rectness, focusing on whether the generated queries 517

return the intended results when executed against 518

the underlying databases. This dual perspective 519

allows us to jointly capture surface-level accuracy 520

and end-task utility. 521

5.3 Experimental Results 522

Table 1 summarizes the performance of MARMo 523

against representative baselines on the TEND 524

benchmark. Evaluation is conducted using six com- 525

plementary metrics that jointly capture query-level 526

fidelity and execution-level correctness. 527

MARMo the method achieves the overall bal- 528

ance across all evaluated metrics, highlighting the 529

effectiveness of its repair-oriented design. In terms 530

of query-based metrics, MARMo achieves an Ex- 531

act Match (EM) of 22.09%, which, despite the 532

strictness of surface-form alignment, demonstrates 533

the framework’s ability to generate queries that are 534

structurally close to gold references. For structural 535
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evaluation, MARMo attains 62.81% Query Stages536

Match (QSM) and 74.52% Query Fields Cover-537

age (QFC), reflecting its strength in reconstruct-538

ing logical steps and correctly referencing schema539

elements. On execution-based metrics, MARMo540

reaches 62.34% Execution Accuracy (EX), show-541

ing robust end-to-end performance in producing542

executable queries. However, the proposed method543

exhibits a certain degradation on the EFM and544

EVM metrics compared to SMART. By analyz-545

ing the execution results of the golden queries546

and the queries predicted by MARMo, we ob-547

serve that this issue may stem from inconsisten-548

cies in field naming introduced during the repair549

process. Specifically, different models may adopt550

non-unified naming conventions when representing551

the same semantic fields. For example, for the ques-552

tion Give me the names of schools and their553

associated drivers for all school bus554

routes., the golden query uses the fields School555

and Name, whereas the repaired predicted query556

employs School and Driver_Name. By explicitly557

using Driver_Name, the repaired query avoids the558

semantic ambiguity associated with the generic559

field name Name. Taken together, these results indi-560

cate that MARMo achieves improvements primar-561

ily at the symbolic and structural levels of query562

formulation, while generally preserving correct-563

ness in execution-based evaluation. The overall564

performance gains validate the utility of its mod-565

ular multi-agent repair strategy, underscoring its566

potential as a foundation for advancing Text-to-567

NoSQL query generation.568

5.4 Case Study569

To illustrate the effectiveness of MARMo in re-570

pairing incorrect Text-to-NoSQL predictions, we571

present a representative case study from our exper-572

imental dataset, as summarized in Table 3. The573

natural language query (NLQ) posed was ’What is574

the predominant age of editors in the dataset?’. The575

initially predicted query computed the average age576

of all editors rather than identifying the most fre-577

quent age. This mismatch demonstrates a typical578

semantic error where the model captures a general579

statistical aggregation rather than the mode, reflect-580

ing a subtle misalignment between the NLQ and581

the predicted aggregation logic. MARMo success-582

fully detected this semantic discrepancy through its583

error classification and feedback generation mod-584

ules. This case highlights MARMo’s capability to585

not only identify incorrect aggregation functions586

NLQ What is the predominant age
of editors in the dataset?

Target
NoSQL

db.editor.aggregate([ { $group: {
_id: "$Age", count: { $sum: 1 } }
}, { $sort: { count: -1 } }, {
$limit: 1 }, { $project: { _id:
0, Age: "$_id" } } ]);

Target: Success to find the most
frequent Age among editors, returns
1 result.

Result: [{"Age": 20}]

Before
Fix

db.editor.aggregate([ { $group: {
_id: null, avg_Age: { $avg:
"$Age" } } }, { $project: { _id:
0, avg_Age: 1 } } ]);

Error: Wrong computing the average
age instead of finding the most
frequent age (mode), leading to
unexpected results.

Result: [{"avg_Age": 32.66666}]

After
Fix by
MARMo
(Ours)

db.editor.aggregate([ { $group: {
_id: "$Age", count: { $sum: 1 } }
}, { $sort: { count: -1 } }, {
$limit: 1 }, { $project: { _id:
0, Age: "$_id" } } ]);

Correction: Find the semantic
mismatch of NLQ and query, fix and
generate the correct query.

Result: [{"Age": 20}]

Table 3: The shown example is a natural language query,
the original incorrect NoSQL query, and the corrected
query by MARMo, along with their execution results.

but also systematically transform the query to align 587

with the user intent expressed in natural language. 588

6 Conclusions 589

In this paper, we propose MARMo, a novel multi- 590

agent repair framework designed to address Text-to- 591

NoSQL query fix generation, with a focus on Mon- 592

goDB. MARMo systematically handles prediction 593

errors by incorporating dedicated agents for error 594

detection, classification, feedback generation, and 595

query refinement. Extensive experiments demon- 596

strate that MARMo enhances the accuracy and reli- 597

ability of query generation overall, outperforming 598

existing approaches. This work highlights the po- 599

tential of collaborative agent-based architectures in 600

improving the interpretability and robustness of nat- 601

ural language interfaces to NoSQL databases. Fu- 602

ture work will explore MARMo to broader NoSQL 603

paradigms, such as document-graph hybrids and 604

multi-modal interfaces. 605
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Limitations606

We propose MARMo, a novel multi-agent repair607

framework for enhancing the accuracy of Text-to-608

NoSQL parsing, inspired by the human process609

of error correction. MARMo employs an efficient610

error detection mechanism coupled with a type-611

aware repair strategy implemented in a plug-and-612

play fashion. Through extensive comparisons with613

competitive baselines and detailed case studies, we614

demonstrate that MARMo consistently achieves a615

high level of repair performance.616

Although the empirical results are promising,617

the current evaluation is primarily conducted on618

the TEND dataset, with a relatively limited set619

of baselines. Due to data availability and incom-620

plete literature preparation, we were unable to621

obtain the complete MultiTEND and DocSpider622

datasets. To ensure reproducibility and consistency,623

these datasets were not included in the main ex-624

periments. MARMo was originally developed and625

implemented with the TEND Benchmark in mind,626

incorporating optimizations specific to MongoDB627

semantics, error types, and repair patterns. Ex-628

tending the framework to other datasets would re-629

quire additional engineering effort. As one of the630

major benchmarks in the Text-to-NoSQL domain,631

TEND’s complexity and diversity allow MARMo’s632

capabilities to be effectively demonstrated. These633

choices allow us to maintain a controlled and fo-634

cused experimental setting, while also emphasizing635

the extensibility of MARMo to Text-to-NoSQL636

parsing tasks and the novelty of integrating multi-637

agent collaboration with error repair in this context.638

Meanwhile, to ensure the accuracy of our evalu-639

ation stability, the current implementation of the640

fixed memory in MARMo relies solely on the train-641

ing set and does not incorporate any data from the642

evaluation set and real-time fix process.643

For future work, we plan to broaden the empiri-644

cal scope by applying MARMo to a wider variety645

of datasets, different NoSQL databases and incor-646

porating more diverse baseline systems, which will647

further assess the generalizability and robustness648

of our framework.649
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A Appendix951

A.1 Baselines952

We compare our proposed framework against sev-953

eral strong baselines, including both traditional neu-954

ral models and recent LLM-based approaches for955

Text-to-NoSQL generation. Baselines settings fol-956

low (Lu et al., 2025).957

• Zero-shot LLM leverages the inherent zero-958

shot capabilities of LLMs to generate contex-959

tually appropriate responses without requiring960

task-specific examples or fine-tuning.961

• Few-shot LLM employs in-context learning962

by incorporating a limited number of static963

task-relevant examples into the prompt, en-964

abling LLMs to adapt to domain-specific tasks965

with context.966

• RAG for LLM enhances LLM perfor-967

mance through Retrieval-Augmented Genera-968

tion, which dynamically incorporates external969

knowledge into prompts, mitigating halluci-970

nations caused by incomplete or ambiguous971

input.972

• Finetuned LLaMA (Grattafiori et al., 2024)973

refers to the LLaMA model finetuned with974

TEND training set to predicted MQL. In prac-975

tice we use LLaMA-3.2-1B-Instruct to imple-976

ment the Text-to-NoSQL task.977

• SMART is the first framework targeting Text-978

to-NoSQL generation, SMART integrates979

SLMs and RAG to enable schema prediction,980

query generation, refinement via retrieved ex-981

amples, and optimization based on execution982

feedback.983

• MARMo is the first solution that applies984

multi-agent collaboration architecture to Text-985

to-NoSQL. It introduces iterative refinement986

process and three dedicated agents responsible987

for error detection and classification, feedback988

synthesis, and query refinement, respectively.989

In addition, its modular and pluggable design990

allows it to be seamlessly integrated into a991

wide range of Text-to-NoSQL systems as an992

auxiliary repair component.993

A.2 Metrics994

To comprehensively evaluate model performance995

on the Text-to-NoSQL task, we adopt six comple-996

mentary metrics, grouped into query-based and997

execution-based evaluations, following TEND. 998

Query-based metrics focus on structural fidelity: 999

• Exact Match (EM) requires the generated 1000

query to exactly match the gold query in both 1001

structure and content. It provides a strict mea- 1002

sure of syntactic and semantic alignment. 1003

• Query Stages Match (QSM) evaluates the 1004

correctness of the query pipeline by compar- 1005

ing stage types (e.g. match, group, lookup) 1006

and order with these of the gold query. 1007

• Query Fields Coverage (QFC) measures 1008

whether all relevant fields—either from the 1009

schema or derived—are correctly included, 1010

reflecting schema comprehension. It evalu- 1011

ates the performance of methods on database 1012

schema coverage. 1013

On the other side, execution-based metrics assess 1014

functional correctness: 1015

• Execution Accuracy (EX) checks if the gen- 1016

erated query yields fully identical results to 1017

the gold query when executed. EX is the 1018

most critical performance metric for evalu- 1019

ating Text-to-NoSQL models. 1020

• Execution Fields Match (EFM) evaluates 1021

whether the field set of output matches the 1022

correct set of field names, as the JSON-like 1023

query result of document-based database like 1024

MongoDB has the field part (key) and the 1025

value part (value). 1026

• Execution Value Match (EVM) verifies the 1027

correctness of output values -. 1028

Together, these metrics offer a holistic view of 1029

model performance, from structural precision to 1030

executable reliability. 1031
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