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Abstract 

Natural-language query generation has become important for enterprise data warehouses, but 

generated SQL often contains incorrect joins, missing filters, aggregation errors, inefficient 

execution plans, and schema hallucinations. This study investigates reliable SQL generation 

through agentic query validation and optimization. We propose SQLAgent-Opt, a multi-agent 

model consisting of a schema interpretation agent, a query drafting agent, an execution validation 

agent, a semantic checking agent, and a cost optimization agent. The schema interpretation agent 

extracts table relationships, primary keys, foreign keys, column types, and business constraints 

from database metadata. The query drafting agent converts natural-language questions into 

executable SQL. The execution validation agent checks syntax, runtime errors, and empty-result 

anomalies. The semantic checking agent verifies whether selected columns, joins, grouping rules, 

and filtering conditions match the original question. The cost optimization agent rewrites queries 

using index-aware predicates, join reordering, subquery simplification, and aggregation pruning. 

Experiments were conducted on 1,540 natural-language query tasks from finance, healthcare, 

retail, and logistics data warehouses, covering 326 relational tables, 4,870 columns, and 18.6 

million records. Compared with a single-agent SQL generator, SQLAgent-Opt improved 

exact-match accuracy from 58.9% to 73.6% and execution accuracy from 66.4% to 82.1%. The 

rate of incorrect join paths decreased from 19.7% to 7.8%, while aggregation-related errors 

decreased by 34.5%. On large tables containing more than one million records, the optimized 

queries reduced average execution time by 41.2% and temporary memory usage by 26.8%. These 

results show that agentic SQL generation can improve both semantic correctness and execution 

efficiency in data warehouse automation. 
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1. Introduction 

Enterprise data warehouses integrate large volumes of financial, clinical, retail, logistics, and 

operational records across many interconnected tables. Natural-language interfaces provide an 

attractive way for analysts and business users to access these data without manually writing 

complex SQL statements. However, generating executable SQL is only part of the problem. A 

query may pass syntax checking and run successfully while still producing an incorrect result. It 

may follow an inappropriate join path, omit a necessary business constraint, aggregate records at 

the wrong granularity, confuse two semantically similar columns, or apply a condition to the 

wrong stage of the query. These errors are particularly difficult to detect because the returned table 

may appear plausible even when its business meaning is incorrect. Earlier Text-to-SQL research 

reduced syntactic failures through constrained decoding, grammar-based generation, and 

structured parsing [1-3]. Subsequent studies placed greater emphasis on schema linking, 

compositional generalization, and evaluation under changed questions or database schemas [3]. 

Related research has also shown that learned models may rely on multiple shortcut signals rather 

than the underlying task-relevant structure, and that explicitly identifying and removing such 

shortcuts can improve robustness [4-6]. This issue is highly relevant to enterprise Text-to-SQL 

because superficial similarities in field names, table structures, or previously observed query 

patterns may encourage a model to generate SQL that looks appropriate but does not reflect the 

actual business intent. Robust enterprise query generation therefore requires semantic verification 

in addition to syntactic correctness. 

Large language models have substantially expanded the capabilities of Text-to-SQL systems. 

SQL-PaLM, DIN-SQL, DAIL-SQL, and CodeS introduced prompting strategies, task 

decomposition, model adaptation, demonstration selection, and execution feedback to improve 

SQL generation [7-10]. These approaches showed that language models can reason over schemas, 

decompose complicated questions, and revise generated queries based on intermediate feedback. 

Research communities in China have also contributed extensively to schema matching, large-scale 

database benchmarks, open Text-to-SQL models, and practical database reasoning [7,8]. At the 

same time, evaluation settings have gradually moved beyond small academic databases. BIRD 

introduced database values, realistic schema information, and query-efficiency considerations into 

Text-to-SQL evaluation [9]. BEAVER collected queries from enterprise data-warehouse 

environments, while Spider 2.0 extended the task toward complex enterprise workflows, multiple 

SQL dialects, cloud database platforms, and large schemas [11-14]. These developments 

demonstrate that performance measured on conventional benchmarks does not necessarily transfer 

directly to enterprise warehouses. The difference arises from both schema complexity and 

business semantics. Public Text-to-SQL datasets commonly provide relatively stable schemas, 

explicit foreign-key relationships, concise questions, and well-defined table meanings. Enterprise 

databases are much less uniform. A warehouse may contain hundreds of tables created by 

different departments over many years, duplicated or abbreviated field names, historical tables, 



derived indicators, undocumented relationships, and organization-specific naming conventions. 

The same concept may be represented differently across systems, while columns with similar 

names may encode different accounting or operational definitions [15-18]. Business questions 

may also contain implicit assumptions that are not directly stated in the schema. A request for 

“monthly active customers,” for instance, may depend on an internal definition of activity, 

customer status, cancellation handling, and reporting period. In this setting, schema linking cannot 

be reduced to lexical similarity between question terms and database fields. The system must infer 

which tables and attributes represent the intended business concept and determine how those 

concepts should be connected before SQL generation begins [19-22]. Enterprise environments 

introduce additional difficulties after the relevant schema has been identified. Join paths are a 

major source of semantic error because several technically valid paths may connect the same 

tables. A longer but semantically correct relationship can be replaced accidentally by a shorter 

path that changes the meaning or duplicates records [23-27]. Aggregation introduces another 

source of failure. Applying a filter before or after aggregation, using an inappropriate grouping 

key, or joining one-to-many tables before computing totals can substantially distort the result. 

Similar problems occur with temporal conditions, null handling, deduplication, nested queries, and 

derived business indicators. These failures are not always detected through execution-based 

validation because the database engine only verifies whether the SQL statement is executable 

[28-31]. A successful execution therefore provides weak evidence that the query correctly 

represents the natural-language request. Enterprise Text-to-SQL systems need validation 

mechanisms that consider the intended semantics of joins, filters, aggregation levels, and selected 

attributes rather than treating execution success as the final correctness criterion. Multi-agent 

approaches provide a promising way to introduce such validation and repair processes[32-35]. R³ 

uses agent discussion to revise candidate queries, SQLFixAgent focuses on identifying and 

correcting semantic SQL errors, and Tool-SQL targets queries that execute successfully but fail to 

satisfy the requested conditions [20]. MAG-SQL, CHESS, and CHASE-SQL further incorporate 

schema selection, decomposition, candidate generation, iterative refinement, and query evaluation 

into multi-stage workflows [21,22]. These systems indicate that separating generation from review 

can improve Text-to-SQL reliability, particularly for complex questions. Nevertheless, most 

existing approaches still evaluate success primarily through execution accuracy, exact matching, 

or selection among candidate queries. The internal causes of semantic errors are often not 

separated explicitly. Schema misunderstanding, incorrect join selection, inappropriate aggregation, 

missing filters, and business-rule violations may all lead to an incorrect answer, but they require 

different repair strategies[36-38]. A general retry prompt may correct some failures while 

introducing new ones elsewhere. Query efficiency creates another important requirement in 

enterprise environments. Large data warehouses often contain tables with millions or billions of 

records, so two semantically equivalent SQL statements can have substantially different execution 

costs. Poor join ordering, unnecessary scans, repeated subqueries, inappropriate intermediate 



materialization, or missing filter pushdown may increase latency and temporary memory 

consumption even when the final answer is correct[39-41]. Database research has addressed 

performance optimization through learned query-planning and diagnosis systems. Bao uses 

learned guidance to select query-optimizer hints, while Panda applies language-model agents to 

database performance diagnosis. Recent studies have also shown that improvements in learned 

cost estimation do not necessarily translate directly into better final execution plans [42,14]. This 

distinction is important for Text-to-SQL. Query correctness and query efficiency are related but 

separate objectives. Optimizing execution cost before semantic correctness is established can 

preserve or even strengthen an incorrect query structure, whereas checking only correctness may 

produce SQL that is technically usable but unsuitable for repeated enterprise workloads. These 

limitations motivate an architecture in which schema understanding, SQL generation, semantic 

validation, and performance optimization are treated as connected but distinct stages. A system 

should determine the business meaning of the requested entities and measures before selecting 

tables and join relationships. Generated SQL should then be validated not only by successful 

execution but also by examining whether its joins, predicates, grouping structure, and returned 

attributes are consistent with the natural-language request. Performance tuning should begin only 

after the query has passed these semantic checks. Such separation provides clearer diagnostic 

signals: schema mismatches can be returned to the interpretation stage, incorrect SQL logic can be 

revised by a semantic repair component, and expensive but correct queries can be passed 

independently to a cost-optimization component. This structure also reduces the risk that one 

optimization objective interferes with another. 

To address these challenges, this study proposes SQLAgent-Opt, a multi-agent framework 

that integrates schema interpretation, SQL drafting, execution validation, semantic checking, 

error-specific repair, and query-cost optimization within a unified workflow. The framework 

begins by interpreting the natural-language request together with database metadata and 

identifying the tables, attributes, relationships, and business constraints that are most relevant to 

the task. A SQL-generation component then constructs an initial query using this structured 

interpretation. The generated statement is executed to detect syntax, reference, and runtime 

failures, after which a separate semantic-checking component evaluates whether the join paths, 

filters, grouping levels, aggregation functions, and selected fields are consistent with the intended 

question. Queries that fail these checks are repaired according to the identified error type rather 

than being regenerated through an undifferentiated retry process. Once semantic correctness has 

been established, a dedicated optimization stage evaluates execution behavior and revises the 

query to reduce unnecessary computation and resource consumption while preserving its result 

semantics[43]. SQLAgent-Opt is evaluated on 1,540 natural-language querying tasks drawn from 

four enterprise data-warehouse domains. The experiments measure not only overall SQL accuracy 

but also join-path errors, aggregation errors, execution time, and temporary memory consumption. 

This design allows the study to examine whether explicit schema interpretation reduces structural 



query errors, whether independent semantic validation can detect executable but incorrect SQL, 

whether error-specific repair improves reliability over direct regeneration, and whether cost 

optimization can improve execution efficiency without changing query meaning. The purpose of 

the proposed framework is therefore broader than increasing benchmark execution accuracy. It 

seeks to establish a more reliable workflow for natural-language access to enterprise data in which 

correctness is evaluated at the level of business semantics and efficiency is evaluated after 

semantic validity has been confirmed. By separating interpretation, generation, validation, repair, 

and optimization, SQLAgent-Opt aims to reduce the risk of plausible but incorrect analytical 

results while also limiting unnecessary database resource consumption. This capability is 

particularly important in enterprise reporting, financial analysis, clinical data exploration, retail 

operations, and logistics management, where a syntactically valid query can directly influence 

downstream reports and decisions. The study consequently provides both a methodological 

contribution to multi-agent Text-to-SQL research and a practical framework for developing 

natural-language database systems that are more accurate, interpretable, and suitable for 

deployment in complex enterprise data environments. 

 

2. Materials and Methods 

2.1. Dataset Sample and Study Scope 

This study used 1,540 natural-language SQL tasks from finance, healthcare, retail, and 

logistics data warehouses. The datasets contained 326 relational tables, 4,870 columns, and 18.6 

million records. Each task included a user question, schema metadata, and an executable reference 

SQL query. Tasks were included when the question had a clear analytical target and the reference 

query ran successfully on a read-only database copy. The task set covered joins, filters, 

aggregation, grouping, sorting, subqueries, and date conditions. Data-changing statements, 

including INSERT, UPDATE, and DELETE, were excluded. Direct personal identifiers were not 

included in the test data. 

 

2.2. Experimental Design and Control Setting 

SQLAgent-Opt was evaluated as the experimental system. It included five agents for schema 

interpretation, SQL drafting, execution validation, semantic checking, and cost optimization. The 

control system used one SQL-generation agent. Both systems used the same language model, 

prompt content, schema metadata, token limit, database engine, and hardware setting. Two 

ablation settings were also tested. The first removed semantic checking, and the second removed 

cost optimization. Tasks from the same warehouse were assigned to the same data split. This 

prevented similar schemas and business rules from appearing in both development and test sets. 

 



2.3. Measurement Methods and Quality Control 

Generated SQL queries were executed on read-only database copies. Exact-match accuracy, 

execution accuracy, incorrect join paths, aggregation errors, execution time, and temporary 

memory use were recorded. SQL strings were standardized before exact comparison. This process 

normalized aliases, keyword format, and nonmeaningful spaces. Result sets were sorted before 

comparison. Numerical outputs were rounded to six decimal places when needed. Two database 

reviewers checked the reference SQL queries, table relations, and expected outputs before the 

experiments. Tasks with unclear conditions or unstable reference outputs were removed. The 

system saved the generated SQL, execution plans, runtime logs, error messages, and agent records 

for each task. 

 

2.4. Data Processing and Evaluation Formulae 

Schema metadata were converted into structured descriptions of tables, columns, primary 

keys, foreign keys, data types, indexes, and business rules. Physical table and column names were 

retained during SQL execution. Execution accuracy was defined as the proportion of generated 

queries that produced the same result set as the reference query. 

EX=
1

N
∑ I

N

i=1
(Result(q̂i)=Result(qi

ref)) 

In this formula, N is the number of test tasks, q̂i is the generated SQL query, and qi
ref is 

the reference SQL query. The function I(⋅) equals 1 when the two result sets match and 0 

otherwise. Runtime reduction was calculated for tasks involving tables with more than one million 

records. 

TR=
1

NL
∑ (

ti
base−ti

opt

ti
base )

NL

i=1
×100% 

Here, NL is the number of large-table tasks, ti
base is the runtime before optimization, and 

ti
opt

 is the runtime after optimization. 

 

2.5. Reproducibility and Statistical Analysis 

Each valid query was executed five times under the same database and hardware settings. 

The first run was removed to reduce cold-cache effects. The median value from the remaining four 

runs was used for runtime and memory analysis. All systems were tested on the same tasks. 

Exact-match and execution outcomes were compared with paired tests. Runtime and temporary 

memory differences were assessed with bootstrap confidence intervals. Statistical significance was 

set at p<0.05. Database versions, schema files, index definitions, prompts, model settings, random 

seeds, generated SQL queries, and execution logs were retained for later review. 

 



3. Results and Discussion 

3.1. Overall SQL Accuracy 

SQLAgent-Opt achieved 73.6% exact-match accuracy and 82.1% execution accuracy. The 

single-agent generator achieved 58.9% and 66.4%, respectively. Exact-match accuracy increased 

by 14.7 percentage points, and execution accuracy increased by 15.7 percentage points. Execution 

accuracy was higher than exact-match accuracy in both systems. Some generated SQL queries did 

not have the same text as the reference query but returned the same records. This difference is 

common in Text-to-SQL evaluation [1, 3]. Fig. 1 shows a related comparison of execution 

accuracy across query difficulty levels. Methods such as SQL-PaLM and DIN-SQL improve SQL 

drafting and self-correction [25,26]. SQLAgent-Opt also checked schema relations, query 

meaning, and query cost. 

 

Fig. 1. Execution accuracy for simple, moderate, and difficult queries with different numbers of 

SQL candidates. 

 



3.2. Join and Aggregation Errors 

The incorrect join-path rate fell from 19.7% to 7.8%, a relative reduction of 60.4%. 

Aggregation errors decreased by 34.5%. Wrong joins and aggregation rules may still produce 

valid SQL statements. They can also return plausible results. Therefore, successful execution does 

not always mean that a query is correct. The schema agent checked table relations, primary keys, 

and foreign keys. The semantic agent checked selected columns, join conditions, grouping fields, 

and filters against the user question. Earlier agent-based methods also used query review and 

repair. However, their results cannot be directly compared with those reported here because the 

datasets and database settings were different [27,28]. 

 

3.3. Query Cost on Large Tables 

For tasks containing tables with more than one million records, SQLAgent-Opt reduced 

average execution time by 41.2% and temporary memory use by 26.8%. The cost agent placed 

filters earlier, reordered joins, simplified subqueries, and removed unneeded aggregation steps. 

These changes were applied after the SQL statement passed semantic checking. Fig. 2 presents a 

related comparison of execution accuracy and query efficiency on the BIRD benchmark. Bao and 

Panda focused on plan selection and database performance diagnosis [29,30]. SQLAgent-Opt 

linked query optimization to checks of schema use and query meaning. Runtime results still 

depend on the database engine, indexes, hardware, and data size. 

 

Fig. 2. Execution accuracy and valid efficiency scores of Text-to-SQL methods on the BIRD 

benchmark. 

 

3.4. Practical Meaning and Study Limits 

The results show that SQL drafting, query checking, and query optimization should be 

handled as separate steps. SQLAgent-Opt reduced both output errors and execution cost. However, 

the study used tasks with reference SQL queries and fixed database copies. It did not test schema 

changes, concurrent users, access-control rules, cache effects, or all SQL dialects. A query may 

also match the reference result while failing to answer an unclear business request. Enterprise 

datasets such as BEAVER and Spider 2.0 contain more complex schemas and workflows. Later 



work should test the system on changing production-like databases and include expert checks of 

query meaning. 

4. Conclusion 

This study tested SQLAgent-Opt for natural-language SQL generation in data warehouses. In 

1,540 tasks, exact-match accuracy increased from 58.9% to 73.6%, and execution accuracy 

increased from 66.4% to 82.1%. Incorrect join paths, aggregation errors, execution time, and 

temporary memory use also decreased. Unlike the single-agent control system, SQLAgent-Opt 

used separate steps to read schemas, write SQL, run queries, check query meaning, and reduce 

query cost. This structure reduced errors that may remain after a query runs successfully, such as 

wrong joins and grouping rules. The system may support reporting and data analysis in finance, 

healthcare, retail, and logistics. The study used fixed database copies and known reference queries. 

It did not assess changing schemas, simultaneous users, access controls, or all SQL dialects. Later 

studies should test the system on live enterprise databases and ask domain experts to check 

whether each query answers the intended business question. 
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