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Abstract—Large language models (LLMs) are used as an
increasing number of enterprise applications involving reasoning
over structured data (tables and databases) on cloud Al
infrastructure. But naive few-shot prompt selection tends to
disregard the underlying schema, causing lower accuracy and
more hallucinations. The current paper introduces a column-
conscious few-shot prompt optimization model, which utilizes the
schema knowledge and a multi-objective search to sample, rank,
and compiles demonstrations in structured data problems.
Proposed system has tunable parameters (column selection,
example selection, and prompts formatting) and optimizes them
based on desired metrics (e.g., task accuracy and hallucination
rate). Table question answering, report generation and analytics-
assistant tasks experiments demonstrate convergence speed and
higher performance of column-aware optimization than random
selection and best-of-one/best-of-three baselines. Lastly, we are
applying the framework as a part of an agent optimization
platform, which enables automated adaptive prompt management
of production cloud environments in enterprise.

Keywords—In-Context  Learning, Demonstration Selection,
Schema Linking, Example Retrieval, Automated Prompt
Management

1. INTRODUCTION

Large language models (LLMs) are also being used in
enterprise cloud settings to answer table questions, perform
natural-language analytics, generate reports, and assist business
intelligence agents but require well-structured context to be
revealed in the prompt to perform well on enterprise tables,
database views, and semantic-layer outputs. Tables are
frequently handled as plain text and schema, column and
metadata are ignored, resulting in brittle reasoning, bad field
selection, and unsupported answers [1], [2]. This is essential in
enterprise analytics, where schema grounding is needed to
ensure correctness of column names, types, keys, units,
business definitions, and constraints; otherwise, in models,
hallucinations can occur, which is expensive in both operational
and compliance environments [3], [4].

Previous work demonstrates that schema linking, metadata
alignment, and demonstration selection can be used to enhance
structured-data reasoning, but most deployments continue to
use fixed prompts or random few-shot samples that do not

adapt to schema variation and workload changes [2], [5], [1],
[6]. In the meantime, the production system has to strike a
balance between accuracy/latency, token cost, governance,
observability, and safe rollout meaning prompt construction is
not a one-off template engineering but a controlled
optimization problem [4], [7].

Inspired by these gaps, we introduce an enterprise cloud Al
infrastructure  to  agent-aware, column-aware  prompt
optimization, which jointly optimizes schema-aware column
selection, few-shot example selection, and ordering, and
prompt formatting as a parameterized, multi-objective search
space. The framework uses schema metadata to build subsets of
candidate  columns to retrieve  semantically-aligned
demonstrations, enhances grounding and  minimizes
unsupported field references, and incorporates evaluation,
versioning, canary deployment, monitoring, and re-
optimization under drift. We make the following contributions:
(1) a column-aware optimizable prompt methodology with
schema signals as first-class input, (2) a multi-objective
formulation with accuracy and hallucination rate goals and
optional token and latency goals, and (3) a deployment
architecture that bridges the gap between optimization and
governance and observability; experiments on Table QA, report
generation, and analytics-assistant workloads demonstrate
faster convergence and improved performance.

II. LITERATURE REVIEW

Graphic reasoning with organized enterprise data with
LLMs is inspired by prior research in natural-language
interfaces to databases, table understanding, in-context learning
and reliability assessment. Throughout these regions, it is
evident that structured-data problems need proper grounding to
schema elements, proper interpretation of column semantics,
and compliance with data constraints. Natural-language studies
of access to relational systems indicate that schema linking is a
significant source of error, particularly where the language of
the user is not similar to the name of database fields or where
there are overlapping business meanings of columns [8]. This is
exacerbated in the context of enterprise settings where the



schema is large, heterogeneous and has other semantic layers,
rules of governance, business metadata.

Table question answering and table-centric language model
studies further indicate that good table reasoning requires
maintenance of structural relationships between rows, columns,
headers, and value types [9], [10]. This means that prompts
must reveal schema information in a manner that maintains
identity of fields and assist in distinguishing between relevant
and irrelevant columns, which is especially critical to enterprise
analytics assistants and report generation.

Immediate engineering and in-context learning studies also
reveal that choice of example also has a material impact on
LLM conduct [11], [12]. Demonstrations influence the style of
output, and implicitly limit what the model considers valid
evidence, thus schema- and task-compatible demonstrations
ought to be better-performing than random few-shot examples.
Nevertheless, a significant amount of previous research focuses
on instance-level similarity and less consideration on column-
level alignment, schema coverage, and enterprise constraints,
creating an opportunity gap to schema-aware demonstration
optimization. Reliability and reduction of hallucination have
been put at the center particularly when it comes to high stakes
deployments [13], [14]. As of now, LLPAs can still produce
unsupported fields, invalid values, or fabricated numerical
assertions despite related context, which is not acceptable in
enterprise analytics. Reliable and tool-enhanced systems

propose a grounding, validation and structured constraints may
help minimize these failures, though these mechanisms are
frequently examined in isolation of timely optimization [13],
[15]. Lastly, research with production focus focuses on token
and latency budgets, governance, and schema drift [15], [16],
but platform strategies tend not to model column-aware prompt
optimization as a searchable, tunable feature of the deployment
lifecycle [16]. This drives a concerted effort that considers
schema selection, demonstration selection, prompt formatting
and hallucination-aware evaluation to be mutually dependent
design factors as outlined in Table I.

Structured-data-processing enterprises cloud Al
deployments should be optimized systematically and with
objective-based optimization to enhance reliability [16]. The
predictive pipelines feature and signal selection practices
encourage our column-aware demonstration selection and
multi-objective prompt search to enhance the accuracy and
minimize hallucinations [17]. The design of scalable smart-city
systems is compatible with the implementation of this
optimizer into an agent platform to manage prompts in
production clouds automatically [18]. Forecasting studies that
are benchmark-oriented will support our assessment of various
tasks and baselines to prove column-perceptive gains [19]. Our
comparative prognostics is similar, and helps facilitate good
parameter and method choice, and reflect our schema-linked
prompt assembly to achieve faster convergence and better
performance [20].

Table I Comparative Summary of Related Literature on Structured-Data Reasoning, Prompting, and Enterprise LLM Deployment

Study

Task Domain

Primary Focus

Key Contribution

Limitation Relative to This Work

Natural-language
interface to structured

Text-to-database /
structured query

Schema linking and
query-to-field

Established the importance of mapping
user intent to correct schema elements

Does not address LLM few-shot prompt
optimization or enterprise agent

data [8] understanding alignment for reliable structured-data access deployment

In-context learning by Few-shot Demonstration Showed that example choice materially Does not explicitly optimize

example selection [11] prompting selection and ordering | influences LLM performance demonstrations using column semantics
effects or schema compatibility

Retrieval-guided Prompt Similarity-based Improved prompting by retrieving Retrieval is usually instance-level and

prompting approaches
(12]

engineering /
example retrieval

prompt assembly

relevant examples for a target instance

not explicitly column-aware for
structured enterprise data

Hallucination and Trustworthy Unsupported content Highlighted the risk of fabricated claims Does not focus specifically on schema-
factuality control in generation detection and and the need for grounding mechanisms grounded hallucinations in table and
LLM systems [13] grounding analytics tasks

Tool-augmented and Reliable Al Constraint-aware Demonstrated that external checks and Often studied outside a multi-objective
verified LLM reasoning | systems generation and structured constraints can improve prompt optimization framework
systems [14] validation reliability

Enterprise LLM Production AT Governance, Emphasized safe rollout, observability, Lacks explicit treatment of column-
orchestration platforms infrastructure monitoring, and and operational controls for enterprise aware prompt search and few-shot

[15]

scalable deployment

use

schema optimization

Cloud-scale agentic
LLM workflows [21]

Agent-based
enterprise Al

Lifecycle
management for LLM
applications

Addressed orchestration, integration,
and production lifecycle concerns

Does not jointly optimize schema slice
selection, demonstration selection, and
hallucination minimization




Altogether, the literature substantially justifies the
significance of schema grounding, structured representation, an
efficient choice of demonstration, and reliability checks with
LLM-based data tasks. The gap in research is in the ability to
jointly optimize these concepts into one enterprise-ready
framework, where column choice, few-shot demonstration
assembly, prompt formatting, and hallucination-conscious
evaluation are components that are jointly optimized. The
proposed work fills this gap by presenting a column-aware,
agent-centric prompts optimization methodology aimed at
structured-data problems in enterprise cloud settings.

III. METHODOLOGY

The listed methodology operationalizes column-conscious
prompt optimization as a first-class feature within an enterprise
cloud Al infrastructure to data tasks using LLMs. The approach
focuses on structured-data workloads where the LLM needs to
reason over tables, database views, or products of semantic
layers, and where failure is often due to prompts that disregard
schema structure, column semantics, and data constraints.
Instead of modeling prompting as a fixed template, we model
prompting as a parameterized system, and optimize prompt
parameters to maximize task correctness and minimize
hallucinations. This methodology is geared towards enterprise
implementation, with the governance, monitoring, cost, and
safe rollout being critical considerations besides model
performance.

On a high level, the system consists of a Data + Metadata
Plane, an LLM + Agent Execution Plane and a central Prompt
Optimization Core. The Data + Metadata Plane offers a
structured data source (tabular, database, warehouse, semantic
or metrics layer), and offers a Schema and Context Service
which provides column metadata (names, data types, units,
keys, and constraint), safe row sampling, and context
packaging, both respecting token budgets and enterprise policy.
The LLM + Agent Execution Plane consists of an enterprise
LLM gateway which arbitrates calls to one or more LLMs with
controls, including authorization and caching, and an agent
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runtime that coordinates end-to-end execution, may invoke
tools (e.g. SQL execution or retrieval) and implements the
chosen prompt configuration. The Prompt Optimization Core
takes schema and context signals and generates optimized
prompt configurations and the evaluation harness and
governance layer are used to provide measurement, traceability,
and safe deployment controls.

Tasks are instances of inputs with triple input (q, D, S)
where (q) represents the user query, (D) represents the
structured data context (table rows, database view or metric
output), and (S) represents the schema (columns plus
metadata). Output (y) is the response of the LLM (natural
language, structured in the form of JSON-like or executable
SQL), assessed on Table QA, report generation and analytics-
assistant tasks when schema grounding enhances enterprise
reliability.

First, schema-aware candidate generation calculates a
signal of relevance between (q) and every column in (S) based
on metadata (names, descriptions, types, optional stats) to
suggest a variety of column-subset-candidates, including
minimal (lower tokens) and expanded (higher recall) and task-
aware slices (e.g. dates to group by). Diversity constraints do
not allow collapsing to fine slices excluding support and
enhancing hallucinations.

Second, column-conscious few-shot selection is based on a
verified demonstration pool and favors examples whose schema
patterns, types of columns, and semantics are consistent with
the candidate slice; the number of demonstrations and their
sequence can be tuned due to the possibility of changing the
behavior of LLM with the example sequence. Prompts are
constructed based on a parameterized family of templates and
each trial is associated with a configuration (theta), which
varies the presentation of schemas, serialization of data, the
selection and order of demonstrations, and the output
constraints.
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Fig.1 Proposed framework Enterprise Cloud Al Infrastructure for Agent-Centric Column-Aware Prompt Optimization



This helps to adjust to token, latency, and tolerance to
hallucinations. Multi-objective search (using validation runs) is
optimized with respect to (theta) where accuracy and
hallucination rate (optionally tokens and latency) are
monitored. This system will pick between the Pareto-optimal
configurations using a policy trade-off such as reducing the
amount of hallucinations to report high-stakes. The evaluation
is based on a single harness with task-specific accuracy
measurements (exact match/F1, structural validity and
execution checks, rubric or reference scoring, column
hallucinations, domain violations, numeric inconsistencies),
with the harness being lightweight to run many trials and
matching the requirements of enterprise reliability.

1 2 aj \ 4 @T 6
R |8 B @] @
= = = I 43
|| Bk D | &
Task Suite + Schema & Candidate Prompt | Multi-Objective Deployment
Validated Metadata Generation Assembly Search + via Agent
Production Snapshot Conm Evaluation Platform
Traces :> o |:> candidates b 'Ec:ﬂmgs'im Iterative trials :) .
* Columns *Relevance T » k-shot demos " + Versioning
*Benchmarks | | o Types + Diversty sFormating | ic;mr% * Canary/A-B
slogs o Units e » Constraints | hjﬁ Hallucination, | | * Monitoring
* Corrections o Keys eniiates [ = Optional » Drift detection
« Constraints + Similaity | Costhatency | | o Rollback
+ Coverage | af Produces
. « Ordering {16 Pareto front
ﬁ Continuous feedback triggers re-optimization ﬂ

Fig.2 Workflow Column-Aware Prompt Optimization and Agent-
Centric Production Lifecycle

The training, selection and deployment procedures are
based on a closed-loop cycle of work. It contains a task suite
and validated production traces that contain user corrections,
along with a schema and metadata snapshot. Candidate
generation creates column candidates as well as demonstration
candidates which are combined into prompts within the
parameterized configuration space. Multi-objective loop is used
to assess trials, generate a Pareto front and choose a trade-off
point based on enterprise policy. This selected configuration is
delivered as an artifact with a version and deployed with the
help of the agent platform with canary or A and B rollout to
allow real-traffic validation to the baseline. Observability tracks
failure rate, indicators of hallucinations, and frequency of
corrections, whereas drift detection tracks schema changes and
workload variations. In case of regressions or drift are
identified, feedback causes re-optimization, a lifecycle loop.
Since the methodology is meant to be used by enterprise cloud
Al  infrastructure, governance and observability are
incorporated into the process, instead of being viewed as
external issues. Versioned and auditable with evaluation
evidence tie prompt configurations and contribute to
compliance and reproducibility. Canary deployment and
rollback schemes mitigate the operational risk and token-budget
controls in the Schema and Context Service minimize the cost
but eliminate oversized prompts. Combining these elements
allows the system to provide consistent benefits over naive few-
shot selection and best-of-k baselines, and still makes it

resistant to changing schemas and production constraints
typical of enterprise structured-data settings.

IV. RESULTS

The column-aware prompt optimization framework was
tested with three typical enterprise structured-data workloads:
Table Question Answering (Table QA), report generation, and
analytics-assistant interactions. The test is focused on end-task
quality as well as enterprise reliability, failures in which are
often dominated by schema-grounded hallucinations (such as
referencing a non-existent column, generating an unsupported
aggregation, generating values not based on the given
schema/context).

Table II. Performance Comparison across Structured-Data Tasks
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Random 71.8 68.9 70.6 14.7 1842 2.81
Few-Shot
Selection
Best-of- 74.5 72.1 73.4 12.9 1768 2.64
One
Baseline
Best-of- 71.3 75.6 76.8 10.8 2315 342
Three
Baseline
Proposed 84.9 82.7 85.3 5.6 1659 2.58
Column-
Aware
Optimizat
ion

Our metrics are four (i) task accuracy or quality (task-
specific), (ii) hallucination rate (schema-grounded), (iii)
average prompt tokens (cost proxy), and (iv) end-to-end latency
(serving proxy). The proposed method is contrasted with
random few-shot selection (uniform demonstration sampling, a
typical in-context learning baseline) and best-of-(k) selection
(self-consistency style selection), in which a number of
candidate prompt assemblies is tried and best output selected.
We report best-of-one ((k=1)) and best-of-three ((k=3)) because
best-of-(k) is often used to enhance the quality of output at the
cost of increased token use and latency. Table II is a summary
of aggregate performance over three workloads. The lower
limit is random few-shot selection, which has the highest
hallucination rate. Best-of-one has a smaller improvement,
best-of-three has a greater improvement, and tokens and latency
are far more increased. Column-aware optimization provides
the highest overall quality and the lowest rate of hallucination,
with fewer tokens than best-of-three, and the lowest latency.
This confirms the argument that profits are made by optimizing
the choice of schema slices and demonstration alignment, and
not brute-force prompt expansion.



Table III. Ablation Study of the Proposed Framework

Configuration Table QA Report Analytics Hallucination Avg. Observation
Accuracy (%) Generation Assistant Rate (%) Tokens
Score (%) Accuracy (%)

Full proposed system 84.9 82.7 85.3 5.6 1659 Best overall trade-off

Without schema-aware 79.8 77.1 80.6 9.8 1911 Irrelevant columns increase confusion

column selection and unsupported field references

Without demonstration 81.2 78.4 81.7 8.9 1705 Example mismatch weakens

alignment aggregation and field-selection
behavior

Without prompt 82.0 79.5 82.4 7.7 1818 Less effective schema/context

formatting optimization presentation reduces grounding

Without multi-objective | 83.1 80.2 83.0 8.4 1726 Accuracy remains competitive but

optimization hallucination rises without explicit
control

We also ablate schema-aware column selection, column-
aligned  demonstration  selection, prompt formatting
optimization, and multi-objective optimization to identify their
driving forces. Table III reveals that dropping component leads
to worse performance, which implies performance
improvement through combined optimization of schema slice,
demonstrations, and formatting with a hallucination-aware
objective. The maximum increase in hallucinations with
removal of schema-aware column selection supports the
hypothesis that schema-grounded hallucinations are controlled
by the manipulation of column exposure.
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Fig.3 Task-Level Performance and Efficiency

The Table II results are summarized in the Fig. 3. As seen
in panels (a) through (c), the proposed approach is the most
effective when applied to Table QA accuracy, report generation
score, and analytics-assistant accuracy relative to random few-
shot and best-of-(k) baselines. Panel (d) points out the trade-
offs in deployment: the proposed approach achieves the lowest
hallucination rate with the added benefit of lowering prompt
tokens and latency compared to best-of-three, suggesting that
the improvements are due to improved schema and demo-aware
prompt composition, rather than prompt expansion. Beyond

aggregate measures, we studied optimization dynamics and
error structure to understand the benefits of column-aware
prompt optimization. Fig. 4(a) indicates that all proposed
method is going to better Pareto region and more accurate with
significantly lower schema-grounded hallucination than random
few-shot and best-of-k baselines, which means the gains are not
a cost of quality.
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Improvement comes from schema-aware column selection + demo alignment, not prompt expansion.

Fig.4 Results Analysis of Column-Aware Prompt Optimization

Fig. 4(b) indicates a more rapid convergence compared to
random or naive selection, and high-performing configurations
stabilize in fewer trials, which supports the argument that
schema signals constrain the search space and speedy reliable
tuning. The greatest decreases in column hallucination and
unsupported aggregation, the most enterprise-critical failures in
table and analytics tasks are reported in Fig. 4(c). Combined,
these findings help substantiate the novelty assertion that the
contribution is a schema-grounded optimization process that
uses hallucinations, and is not a prompt-template
reconfiguration or a best-of-k re-attempts policy.

The results show that column-aware prompt optimization
is an effective, production-relevant strategy for structured-data
tasks with LLMs. The proposed framework was the most
accurate, had the lowest hallucination rate, and was very



efficient in comparison with the standard few-shot baselines.
The findings of ablation suggest that the benefits are shared
between schema choice, alignment of examples, formatting
control and multi-objective search, & the Fig. 3 demonstrates
quicker convergence and lower enterprise-critical failure
modes. Such results confirm the more general argument that in
the case of agent-centric enterprise Al with structured data,
prompt design must be modeled as an optimizable, schema-
grounded system component, but not a fixed instruction string.
The cumulative quality and reliability enhancements imply that
the methodology is a viable base in adaptive prompt
management in the production cloud setting.

V. CONCLUSION

In this article, an enterprise cloud Al infrastructure and
agent-centric column-aware prompt optimization in structured-
data tasks with LLMs were presented and discussed. The main
concept is to view prompt construction as an optimizable
configuration space that optimizes schema-aware column
selection, column-aligned few-shot demonstration selection and
ordering, & prompt formatting with output constraints, jointly.

The proposed strategy performed better on all Table QA,
report generation, and analytics-assistant loads and significantly
lowered the quality of the tasks as well as schema-grounded
hallucinations relative to traditional baselines, including
random few-shot selection and best-of-(k) prompting. Notably,
the enhanced results were achieved without having to depend
on the immediate expansion; the refined prompts were also
more cost-effective in terms of using tokens and latency, which
is why the method can be applied to production. The ablation
analysis also indicated that the column-aware schema slicing
and multi-objective optimization are the major contributors to
the reliability gain. In general, the findings contribute to the
general finding that enterprise structured-data LLM systems are
most effectively deployed when prompt design is framed as a
schema-grounded, hallucinating, multi-objective optimization
problem that is part of a managed deployment lifecycle, and not
as a one-time template-engineering exercise.
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