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Abstract. The rapid adoption of Large Language Models (LLMs) has revo-
lutionized Text-to-SQL systems, yet translating queries in complex enterprise
environments remains challenging due to schema hallucinations and domain-
specific jargon. We propose a multi-agent architecture that replaces internal
generative self-correction with a database-driven self-repair loop and a two-
tier Retrieval-Augmented Generation (RAG) system. We evaluate multiple plan-
ning and tool-use methods using a real-world corporate dataset. Our findings
reveal that dual-system reasoning architectures provide an optimal balance of
syntactic precision and user intent alignment. Furthermore, heavy iterative self-
refinement introduces latency without proportional execution gains. This work
establishes guidelines for designing reliable Text-to-SQL agents by decoupling
cognitive planning from deterministic technical execution.

1. Introduction

The rapid adoption of Large Language Models (LLMs) has revolutionized natural
language interfaces for relational databases, widely known as Text-to-SQL systems
[Chen et al. 2023]. In complex enterprise environments, translating user queries into pre-
cise SQL statements remains a challenge [Katsogiannis-Meimarakis and Koutrika 2023].
These systems frequently struggle with domain-specific jargon, complex table structures,
and a high susceptibility to schema and value hallucinations [Talaei et al. 2024]. Ensu-
ring correctness and operational robustness requires more than just zero-shot generation;
it demands an alignment between the user’s intent and the underlying database archi-
tecture [Shi et al. 2025]. In this context, Text-to-SQL transitions from being an isolated
generation to a specialized tool within a broader multi-agent workflow. This architectural
shift requires agents to not only comprehend natural language but also to effectively plan
tool invocations, manage arguments, and navigate the syntactic constraints of structured
query languages [Pourreza et al. 2025].

A critical component of Agentic Text-to-SQL is the underlying planning mecha-
nism, often categorized into System 1 (fast, intuitive) and System 2 (deliberative, analyti-
cal) reasoning [Kahneman 2011]. While baseline models like ReAct interleave reasoning
and acting [Yao et al. 2023], they often fail to grasp the holistic schema required for com-
plex queries. Conversely, decoupled planning architectures like ReWOO separate strate-
gic planning from execution [Xu et al. 2023], and dual-system approaches like SwiftSage
dynamically route queries to either a fast-response node or a deliberate planning node
[Lin et al. 2023]. Understanding how these distinct cognitive blueprints impact the accu-
racy and latency of SQL generation is vital for deploying reliable industrial applications.



Furthermore, reliability in LLM-driven systems is frequently pursued through
iterative refinement techniques, such as Reflexion [Shinn et al. 2023] and Self-Refine
[Madaan et al. 2023], which utilize internal critique loops to improve outputs. However,
applying these introspective methods to Text-to-SQL introduces a significant challenge:
cognitive conflict and latency overheads. When an agent attempts to self-correct based on
its own internal reasoning, it often conflicts with the execution-based feedback provided
by the database management system itself. This redundancy can propagate errors rather
than resolve them, highlighting the need for pragmatic self-repair loops [Liu et al. 2025].

In this paper, we propose and evaluate a robust Text-to-SQL architecture designed
for agentic environments. Our system implements a two-tier Retrieval-Augmented Gene-
ration (RAG) approach: a structural layer that injects dynamic few-shot SQL examples
[Brown et al. 2020], and a semantic layer that utilizes extraction and similarity matching
for precise value grounding [Zhang et al. 2026]. Instead of relying on the LLLM’s internal
critique for error correction, the architecture employs a self-repair loop that feeds actual
database execution errors back into the prompt, fortified by strict pre-execution guardrails.

Leveraging this architecture, we conduct an empirical analysis to evaluate
the efficacy of various planning and tool-use paradigms—including ReAct, ReWOO,
SwiftSage, Multiplan (Self-Consistency-based methods) [Wang et al. 2023], Refle-
xion, Self-Refine, Dynamic Few-Shot Learning [Brown et al. 2020], and Tool Verifier
[Mekala et al. 2024]—in generating correct and executable SQL queries. By asses-
sing metrics such as SQL Correctness [Shi et al. 2025], Relaxed Execution Accuracy
[Pinna et al. 2025], Human Evaluation, and Latency, our objective is to isolate the im-
pact of cognitive planning quality from technical execution. Our findings reveal that
while dual-system reasoning provides an optimal balance of low latency and high syn-
tactic precision, heavy iterative self-correction imposes prohibitive computational costs
without yielding proportional execution gains.

The main contributions of this work are fourfold. First, we introduce a production-
ready Text-to-SQL architecture featuring two-tier RAG and database-driven self-repair.
Second, we provide a comparative evaluation of System 1 and System 2 planning para-
digms, demonstrating the superiority of dual-reasoning models for precise SQL genera-
tion. Third, we empirically identify and map the cognitive conflicts and latency overhe-
ads associated with LLM-guided iterative refinement when applied to structured query
tasks. Finally, we establish evidence-based guidelines for designing reliable, low-latency
Text-to-SQL agents in enterprise environments, emphasizing the necessity of decoupling
cognitive planning from deterministic technical execution, validated through a case study
in a consulting company.

2. Related Works

2.1. Agentic Planning and Schema Assimilation

Traditional agentic paradigms, such as ReAct [Yao et al. 2023], often struggle when ap-
plied directly to complex database environments. Recent industry insights highlight that
simple reactive loops frequently fail because they attempt to execute queries before fully
validating the schema or determining the correct operational order [Eckmann et al. 2025].
To mitigate these errors, recent research has shifted towards multi-agent workflows. A
primary strategy to reduce schema and value hallucinations is the explicit separation of



cognitive planning from SQL generation. For instance, SQL-of-Thought demonstrates
that decoupling the generation of an execution plan from the actual SQL writing redu-
ces hallucinations and imposes logical structure [Chaturvedi et al. 2024]. This is aligned
with the investigation into whether decoupled planning and dual-reasoning architectures
outperform baseline reactive models by isolating schema complexity made in this pa-
per. Furthermore, assimilating complex corporate schemas requires targeted approaches.
Recent works have proposed agentic exploratory models, such as APEX-SQL, which acti-
vely validate database schemas through hypothesis-checking loops rather than relying on
static definitions [Cao et al. 2026]. Similarly, efforts focused on Small Language Models
emphasize that rigorous schema-linking is essential for reducing table-level hallucinations
[Cao et al. 2026].

2.2. RAG Constraints in Corporate Environments

Deploying NL2SQL in enterprise settings introduces requirements for context retrieval
and data governance. Traditional RAG methodologies often fail to capture the com-
plex relational nature of corporate databases. Research by Baptista & Garcia (2025)
[Baptista and Garcia 2025] highlights these failures, specifically in complex domains,
suggesting that purely semantic RAG must be augmented or replaced by relation-aware
approaches. Additionally, corporate environments demand rigorous orchestration to pre-
vent unauthorized data access. Martinelli & Ponti (2025) [Martinelli and Ponti 2025] ar-
gue that secure Retrieval-Augmented Generation requires complex role-based access con-
trol (RBAC) to prevent LLM data leaks. These findings justify our architectural choices:
instead of naive document retrieval, our system employs a two-layer RAG approach to
maintain deterministic control over the prompt context.

2.3. Iterative Refinement and Cognitive Conflicts

A critical challenge in modern agentic Text-to-SQL is error recovery [Chen et al. 2023].
While purely generative self-correction frameworks have gained popularity, their efficacy
in rigid environments like SQL execution is debated. Recent studies analyzing the degra-
dation of self-refinement models provide an explanation for this phenomenon. The Er-
rorLLM framework demonstrates that when LLMs attempt to self-correct SQL over mul-
tiple iterations without deterministic external guidance, they often generate false-positive
error detections [Hong et al. 2026]. This leads to widespread query corruption, where the
model generates false-positive error detections and breaks previously valid logic. This
directly correlates with the cognitive conflicts explored in this work. When agent-guided
iterative correction operates simultaneously with native Database Management System
(DBMS) error feedback, the LLM’s verbal reflection often attempts to reinterpret the
user’s intent rather than simply fixing minor syntax errors [Kamoi et al. 2024].

3. Methods
3.1. Proposed Method

In this section, we present an agentic Text-to-SQL architecture designed to navigate com-
plex enterprise databases, presented in Figure 1. Unlike traditional reactive loops that
often struggle with premature execution, our system employed an implicit planning fra-
mework orchestrated by an event-driven agent model. Acting as a specialized data analyst,
the base agent leveraged dynamic context and followed a structured heuristic (interpret,
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Figura 1. Proposed agentic Text-to-SQL architecture for complex enterprise da-
tabases

decompose, retrieve, analyze, and present) to process natural language queries without
relying on a rigid planning loop. Based on this baseline architecture, we incorporated the
various explicit planning paradigms and tool-use techniques to conduct our experiments.

A core component of our architecture is the Dynamic Context Orchestrator, which
aggregates and injects layers of information into the prompt prior to LLM inference. This
orchestrated context goes beyond basic prompting by embedding project-specific busi-
ness rules and behavioral memories retrieved via RAG to guide the model using histori-
cal correction patterns. Crucially, it injects the permitted database schema formatted as
pseudo-DDL, which is enriched with table comments, column descriptions, data types,
and foreign key relationships, while strictly enforcing access control through a policy to
prevent unauthorized data exposure. Furthermore, the orchestrator appends operational
guardrails, including explicit SQL safety instructions and dynamic language directives
derived from session HTTP headers to enforce the final output language. By providing
this multi-faceted state, the orchestrator reduces schema hallucinations and ensures the
LLM’s reasoning aligns with both the business logic and the structural reality of the un-
derlying database environment.

The generation of SQL is decoupled from the main conversational agent and en-
capsulated within a dedicated tool interface. This component enforces a programma-
tic contract: it accepts natural language inputs and outputs structured execution results
alongside the generated SQL. To address the challenges of value grounding and structural
mapping within complex schemas, our system implements a two-tier RAG approach. The
structural layer mitigates syntax errors by injecting Dynamic Few-Shot SQL examples
[Brown et al. 2020]. Specifically, it computes vector embeddings for the user’s natural
language query and matches them against a memory bank of validated queries, selecting
up to K examples based on a ¢ cosine similarity threshold. Simultaneously, the semantic
layer ensures precise value grounding by extracting candidate entities from the user’s in-
put via a LLM call and matching them against actual database contents. To achieve this,
the system targets text-based columns within authorized tables, extracting distinct values
up to a predefined limit. The entity matching is executed through a multi-stage pipe-
line: it begins with normalized string comparisons (NFKD) and MinHash [Broder 1997]
algorithms for lexical filtering, followed by a deeper semantic refinement using vector



embeddings bounded by a specific threshold 7". The resulting dictionary of verified lite-
rals is injected directly into the LLM’s system prompt with explicit directives to restrict
generation to these concrete values.

Recognizing the cognitive conflicts associated with purely generative self-
correction models [Hong et al. 2026], our architecture employs a self-repair loop that
feeds actual database execution errors back into the prompt. If the database manage-
ment system returns an execution error, the system initiates a retry mechanism, capped
at k iterations. The exact execution error is injected back into the prompt, anchoring the
model’s refinement process in deterministic technical feedback.

3.2. Evaluated Strategies

In order to improve the efficiency of the Text-to-SQL system, in the scope of both latency
and correctness, we performed tests based on databases describing Statement of Ope-
rations metrics about companies. In our tests, we evaluated different planning and tool
use techniques, isolated and combined. The evaluated planning strategies were ReAct
[Yao et al. 2023], ReWOO [Xu et al. 2023], Reflexion [Shinn et al. 2023], Self-Refine
[Madaan et al. 2023], Multiplan (a long version and a shorter one) [Wang et al. 2023],
and two versions of the SwiftSage architecture [Lin et al. 2023]. For the tool use te-
chniques, we tested the absence of strategies (Default), Dynamic Few-Shot Learning
[Brown et al. 2020], and the ToolVerifier [Mekala et al. 2024] framework.

The ReWOO (Reasoning Without Observation) [Xu et al. 2023] technique isola-
tes the plan generation step from the tool calls by first generating a complete plan and
then executes all its steps, gathering the results and reasoning about them to construct
the final answer. Another type of architecture is that of the self-refinement loop. Both
Self-Refine [Madaan et al. 2023] and Reflexion [Shinn et al. 2023] implement a loop of
generation and improvement of the answer through critique and constructive feedback,
the difference being that Reflexion implements a dialog between a critic node, whose cri-
tiques are used as feedback by the generator node to improve the quality of the answer,
while Self-Refine has the same agent generate, decide whether the response is satisfactory
and apply improvements to the final answer without calling external nodes.

The Multiplan [Wang et al. 2023] method tries to enhance the quality of the
agent’s response by giving it degrees of freedom to generate different responses and then
choosing the most fitting one. This can be done by generating multiple plans varying
the LLM’s temperature or by generating an initial plan and then using the same agent to
create different derived plans from it. In our tests, we also used a short version of the Mul-
tiplan strategy, which consists of using only two candidate plans with LLM temperatures
of 0 and 1 so as to maximize variability and minimize latency gain. Finally, we tested
the SwiftSage architecture [Lin et al. 2023], which emulates the two systems of human
reasoning described in [Kahneman 2011]: one is faster and intuitive (mimicked by a we-
aker LLM, called the Swift node) and one is slower but more deliberative and preciser
(mimicked by a more powerful LLM, called the Sage node). Additionally, we tested a
version of SwiftSage with specific directives involving field specialties and good practice
instructions, to which we refer as the revised version.

The Few-Shot strategy [Brown et al. 2020] is widely known and consists of injec-
ting examples of correct tool calls responding to user questions as well as the reasoning



behind them. In this paper, we evaluated the Dynamic Few-Shot. The second tool use
strategy used was the Tool Verifier framework [Mekala et al. 2024], which is implemen-
ted by adding a verification step after the generation of the tool calls by the agent and their
execution. By validating the type signatures of the tools’ arguments, this node prevents
syntactically incorrect and semantically inconsistent tool calls from being executed.

3.3. Experimental Details

We conducted an empirical analysis grounded in a real-world enterprise scenario. Spe-
cifically, the system was deployed and validated through a case study in a consulting
company. The experiments utilized complex relational databases describing Statement
of Operations metrics for various companies. The dataset encompasses over 10 conse-
cutive years of historical records for more than 15 distinct corporate entities, structured
within a normalized relational schema of 5 interconnected tables, comprising over 35
total columns and approximately 10,000 records (e.g., Companies, Chart of Accounts,
Historical Values). Furthermore, the curated dataset, comprising a total of 240 natural
language queries paired with their gold-standard SQL scripts, was partitioned into two
sets to prevent data leakage: a ’Validated Query Bank’ containing 20 pairs utilized exclu-
sively as a retrieval pool for Dynamic Few-Shot prompting, and an isolated ’Evaluation
Pool’ of 220 queries that served as the blind test set to assess execution accuracy and
intent alignment. To characterize our benchmark, these 220 queries were categorized by
structural and functional complexity: 20% require simple aggregations and basic filtering
(Low Complexity), 30% involve multiple JOINs and cross-temporal grouping (Medium
Complexity), and 50% demand advanced analytical constructs such as Common Table
Expressions (CTEs) and Window Functions (High Complexity).

This environment provided a realistic testbed, characterized by complex sche-
mas, domain-specific financial terminology, and the strict data governance requirements.
While standardized Text-to-SQL benchmarks excel at evaluating structural mapping and
schema linking, they lack the domain-specific analytical complexity required in enter-
prise environments. Corporate data querying extends beyond retrieving explicit columns;
it demands pragmatic reasoning to infer implicit mathematical formulas, cross-temporal
aggregations, and advanced window functions. As illustrated in Table 1, our proprietary
dataset encapsulates these real-world cognitive challenges.

For the language modeling components, the orchestrator agent utilized the Ge-
mini 3 Flash model to interpret user intent, manage dynamic context, and decide on tool
invocations. The specialized generative tasks were also delegated to the Gemini 3 Flash
model. For Dynamic Few-Shot Learning, empirical testing established that retrieving
K = 3 contextual examples, using a cosine similarity threshold of ¢ = 0.6, yielded the
best results. While Gemini 3 Flash served as the model for general agent orchestration
and low-latency SQL generation, strategies demanding deeper analysis employed more
robust setups. Specifically, the Multiplan technique was configured to evaluate either two
or four distinct plans to assess the impact of reasoning diversity on overall accuracy. For
the dual-system SwiftSage architecture, task allocation followed fast and slow thinking
paradigms: Gemini 3 Pro powered the deliberative ”Sage”’node, and Gemini 3 Flash han-
dled the intuitive "Swift’node. Similarly, in the Reflexion strategy, Gemini 3 Pro acted as
the critic, leveraging its advanced reasoning to provide the introspective feedback neces-
sary to refine the base model’s outputs.



Tabela 1. Analytical Complexity of Enterprise NL2SQL Tasks

Q1: Calculate % CAGR of Gross Revenue (2020-2025).

Analytical Challenge: Requires cross-temporal aggregation and the inference of implicit financial for-
mulas not stated in the prompt.

SELECT ROUND ( (POWER (MAX (v25) /MAX (v20), 1/5.0)-1)*100, 2)

AS cagr_pct...

Q2: Calculate the Degree of Operating Leverage (2024-2025).

Analytical Challenge: Demands multi-step Common Table Expressions (CTEs) to isolate metrics be-
fore calculating dynamic ratios.

SELECT ROUND ( (var_ebit / NULLIF (var_rec_liq, 0)) ::numeric, 2)

AS op-leverage...

Q3: Build a Pareto curve for Net Income in 2025.

Analytical Challenge: Relies on advanced PostgreSQL window functions to compute cumulative dis-
tributions dynamically.

SELECT SUM(lucro) OVER (ORDER BY lucro DESC ROWS UNBOUNDED

PRECEDING AND CURRENT ROW) AS acum...

Note: Standard structural syntax (e.g., JOINs, WHERE clauses) is omitted to highlight the mathematical and declarative reaso-
ning gap between enterprise queries and standard benchmarks.

The Text-to-SQL generation was executed with a low temperature setting of 0.1.
This aimed to minimize variance and reduce the likelihood of hallucinations. Further-
more, before any query was sent to the database, it was processed using the sqlparse
library [Albrecht 2009] to guarantee readability and lexical normalization. Robust er-
ror handling and iterative refinement were central to the experimental setup. We confi-
gured the self-repair loop with a maximum of three retry attempts for the Text-to-SQL
module. Finally, the automated evaluation of the generated SQL queries prioritized se-
mantic accuracy and analytical validity over rigid syntactic comparisons. To achieve
this, we employed the DeepEval framework [Ip 2023], specifically leveraging the G-Eval
[Liu et al. 2023] metric for SQL Text2SQL Correctness with Gemini 3 Pro. This approach
evaluated whether the generated query accurately captured the user’s underlying analyti-
cal intent—such as applying the correct filters, aggregations, joins, and columns—rather
than demanding an exact textual match against a human-written ground-truth script.

This automated assessment, alongside metrics for execution success and proces-
sing latency, provided an evaluation of the architecture. To overcome the limitations of bi-
nary evaluation methodologies, we incorporated a Relaxed Execution Accuracy (Relaxed
EX) metric [Pinna et al. 2025]. This approach provides a granular evaluation by quan-
tifying the degree of difference between the result tables. By calculating the normalized
edit distance between the columns of the generated table and the gold-standard reference
table, the metric generates a similarity score ranging from O to 1 [Pinna et al. 2025].

To establish a rigorous evaluation baseline, a custom test dataset was constructed
for this study. This dataset comprises natural language queries paired with their corres-
ponding gold-standard SQL scripts and expected textual answers, alongside a framework
for the human evaluation of the generated outputs. The curation and assessment of this
dataset were conducted by domain experts from the case study company. These professio-
nals underwent specific training to guarantee strict adherence to corporate standardization
guidelines, data governance protocols, and SQL best practices, thereby ensuring a reliable



valid benchmark for our empirical analysis.

Complementing the automated metrics, we implemented an human evaluation
protocol to assess the correctness of the system’s final outputs. For every query in the
test dataset, two independent, trained domain experts evaluated the system’s performance,
assigning a binary score to indicate whether the generated response accurately satisfied
the user’s intent. To make these informed judgments, the evaluators cross-referenced the
original natural language question, the gold-standard SQL, the expected gold response,
the model-generated SQL, and the final textual output. Furthermore, to ensure the consis-
tency and reliability of this manual assessment, inter-rater agreement was measured using
Cohen’s Kappa, yielding a score of 0.82 prior to the final scoring.

4. Results and Discussions

The experimental evaluation of our proposed Text-to-SQL architecture aimed to isolate
the impact of different cognitive planning strategies and tool-use techniques in naviga-
ting complex enterprise databases. Table 2 presents a comprehensive comparison of these
paradigms across four key metrics: Latency, Human Evaluation, Relaxed Execution Ac-
curacy (Relaxed EX), and SQL Correctness. By analyzing these dimensions, we can ef-
fectively delineate the trade-offs between syntactic precision, pragmatic intent alignment,
and computational cost.

Tabela 2. Experimental Results of Tool Use and Planning Techniques

Tool Use Planning Latency Human Relaxed SQL

Technique  Technique (s) Eval. (%) EX (%) Correct. (%)
Default ReAct 94.17 £1.25 7857 +1.43 75.00+1.05 72.11 & 2.07
Tool Verifier ReAct 112.69 £2.31 7857 £ 1.51 75.00 &+ 1.12 75.56 &= 1.92
Few Shot ReAct 107.69 +1.42 82.14 £1.20 78.57 +1.02 73.58 £1.88
Default ReWOO 90.87 +1.94 67.86 £2.03 75.00£1.77 78.02+2091
Few Shot Reflexion 200.95 +£2.51 75.00£1.92 75.00 4+ 1.63 8244 £1.73
Default Self Refine 168.05 £ 1.59 67.86 =1.70 75.00 &= 1.30 77.96 & 1.52
Default Multiplan 127.86 £ 1.67 8571 =1.08 75.00 & 1.36 82.53 £ 2.04
Few Shot Multiplan 141.35 +1.02 89.29 +£2.93 75.00 £ 1.68 81.30 £2.11
Few Shot Multiplan (Short) 130.19 +2.84 89.29 +£2.57 78.57 £1.04 7943 £1.72
Few Shot SwiftSage 84.34 237 82.14+1.22 7143 +290 83.59 + 1.44
Few Shot SwiftSage (Revised) 101.04 +1.92 89.29 +£1.72 75.00 + 1.90 80.03 4+ 1.66

Starting with the ReAct paradigm, the baseline implementation utilizing Default
tool use achieved a Latency of 94.17 seconds, a Human Evaluation score of 78.57%, and
a Relaxed EX of 75.00%. When augmenting ReAct with the Tool Verifier framework,
we observed a marginal increase in SQL Correctness to 75.56%, but this came at the
cost of increased Latency (112.69 seconds) without yielding tangible gains in execution
or human alignment. Conversely, integrating Dynamic Few-Shot learning with ReAct
elevated the Relaxed EX to 78.57% and improved Human Evaluation to 82.14%. This
indicates that injecting contextually relevant structural examples significantly aids the
model in pragmatic value grounding, outperforming strictly technical verification steps.

Analyzing the decoupled planning architecture, the ReWOO strategy combined
with Few-Shot learning demonstrated a competitive Latency of 90.87 seconds and a rela-



tively strong SQL Correctness of 78.02%. However, this configuration suffered a degra-
dation in both Human Evaluation and Relaxed EX. This suggests that while completely
separating strategic plan generation from tool execution helps the model adhere to rigid
SQL syntax, it impairs the agent’s ability to dynamically adapt to the schema and fulfill
the user’s actual analytical intent.

Our findings regarding iterative self-correction frameworks, specifically Reflexion
and Self-Refine, provide crucial empirical evidence of the cognitive conflicts introdu-
ced in agentic Text-to-SQL workflows. Reflexion achieved a high SQL Correctness of
82.44%, but imposed a prohibitive Latency of 200.95 seconds. Self-Refine exhibited si-
milar operational hurdles, with a Latency of 168.05 seconds and a sharp drop in Human
Evaluation to 67.86%. These heavy computational overheads did not translate into pro-
portional execution gains; in fact, the Relaxed EX for both Reflexion and Self-Refine re-
mained stagnant at 75.00%. This behavior corroborates our hypothesis that when an LLM
attempts to self-correct based on its own internal reasoning rather than deterministic exter-
nal feedback, it frequently generates false-positive error detections during self-evaluation,
degrading previously valid logic [Hong et al. 2026]. The redundancy of internal critique
loops often leads the agent to reinterpret the user’s intent incorrectly, highlighting why
our architecture’s reliance on database-driven self-repair is a more stable approach.

In contrast, the Multiplan strategies demonstrated exceptional performance in alig-
ning generated queries with pragmatic user intent. The Default Multiplan configuration
yielded a strong SQL Correctness of 82.53% alongside a Human Evaluation of 85.71%.
When augmented with Few-Shot examples, the standard Multiplan reached the highest
peak Human Evaluation score of 89.29% , indicating that generating and evaluating mul-
tiple execution paths significantly reduces hallucinations. To mitigate the inherent latency
overhead of generating multiple extensive plans (which peaked at 141.35 seconds for
Few-Shot Multiplan), we tested an ablated version: Multiplan (Short). This abbreviated
version remarkably maintained the peak Human Evaluation score of 89.29% and achie-
ved the highest overall Relaxed EX of 78.57%, while reducing Latency to 130.19 seconds.
This ablation demonstrates that restricting the generation to a smaller, highly variable set
of candidate plans effectively optimizes the trade-off between generative diversity and
response speed.

The most compelling results for enterprise deployment emerged from the dual-
system reasoning architectures. The base SwiftSage model paired with Dynamic Few-
Shot learning achieved the lowest overall Latency (84.34 seconds) and the highest SQL
Correctness (83.59%) among all tested configurations. This suggests the claim that emu-
lating human cognitive blueprints—dynamically routing queries to either a fast intuitive
node or a deliberative analytical node —provides an optimal framework for navigating
strict syntactic constraints efficiently.

Furthermore, the SwiftSage (Revised) configuration, which incorporated specific
directives involving domain specialties and best practice instructions, successfully brid-
ged the gap between raw syntactic precision and pragmatic alignment. While its Latency
slightly increased to 101.04 seconds compared to the base model, it secured the top-tier
Human Evaluation score of 89.29% and maintained a solid SQL Correctness of 80.03%.

Ultimately, these empirical results map out evidence-based guidelines for desig-



ning reliable Text-to-SQL agents. Traditional reactive loops and heavy internal self-
refinement methods introduce either execution instability or unacceptable latency in com-
plex corporate environments. Conversely, strategies that decouple cognitive planning th-
rough targeted candidate paths (Multiplan Short) or utilize dual-reasoning routing (Swift-
Sage Revised) consistently deliver the highest operational reliability. By offloading error
correction to deterministic DBMS feedback rather than LLLM introspection, and by struc-
turing the reasoning process through frameworks like SwiftSage, our proposed architec-
ture effectively mitigates cognitive conflicts. This synthesis of structured planning, dyna-
mic two-tier RAG context, and programmatic guardrails successfully transitions Text-to-
SQL from an isolated generative task into a robust multi-agent workflow.

Despite the promising empirical results regarding dual-system reasoning and
database-driven self-repair, this study presents certain limitations that warrant considera-
tion. First, the experimental evaluation was conducted entirely on a proprietary, domain-
specific dataset centered around financial Statement of Operations metrics within a cor-
porate consulting environment. Consequently, the absence of evaluation on standardized,
publicly available Text-to-SQL benchmarks, such as Spider or BIRD, limits the verifiable
generalizability of the proposed architecture across diverse and open-domain schemas.
Second, the system’s performance and the observed cognitive conflicts were measured
using a single family of Large Language Models (specifically the Gemini 3 series); fu-
ture research must evaluate whether these planning paradigms exhibit similar efficacy and
behavioral patterns when deployed with other frontier and open-weight models. Finally,
while this work provides a rigorous analysis of computational overhead through the lens
of latency, it omits a comprehensive assessment of the financial costs associated with
token consumption. Given that multi-agent frameworks and multi-plan generative strate-
gies inherently demand higher token throughput, a detailed cost-benefit analysis remains
essential to fully validate their viability for high-volume enterprise deployments.

5. Conclusions

In conclusion, this study proposed and evaluated a multi-agent Text-to-SQL architecture
tailored for the strict demands of complex enterprise environments. By replacing purely
generative self-correction with a database-driven self-repair loop and implementing a two-
tier RAG approach, the system mitigates the cognitive conflicts and latency overheads
inherent to introspective models like Reflexion and Self-Refine. Our empirical findings
suggest that dual-system reasoning architectures, particularly the SwiftSage framework
augmented with Dynamic Few-Shot learning, provide a favorable balance of low latency,
high syntactic precision, and pragmatic intent alignment within the evaluated context.
Ultimately, this research highlights that decoupling cognitive planning from deterministic
technical execution appears to be a critical factor for transitioning Text-to-SQL from an
isolated generative task toward a more reliable corporate tool within the evaluated context.

Building upon these foundational insights, future work should prioritize valida-
ting the proposed architecture across benchmarks to confirm its generalizability beyond
proprietary schemas. Furthermore, investigating the efficacy of these planning paradigms
using a diverse array of open-weight and alternative frontier models will be crucial for
understanding how different underlying cognitive capabilities impact structural mapping.
Finally, to address the computational and financial overhead associated with generating
multiple candidate paths or orchestrating heavy dual-reasoning loops, subsequent research



should explore dynamic routing mechanisms. By developing lightweight classifiers that
assess query complexity in real-time, systems could adaptively trigger resource-intensive
planning strategies only when strictly necessary.
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