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Abstract—This paper presents a GenAl-driven
framework for adaptive indexing in hybrid
MongoDB-Oracle data warehouses, addressing
schema rigidity in multi-model environments. By
combining MongoDB’s document model with
Oracle’s rela- tional optimizations, we implement a
reinforcement learning model trained on query
patterns from MongoDB Atlas change streams and
Oracle Autonomous Database metrics [1]. The
system dynamically predicts optimal indexing
strate- gies, automatically managing B-tree, hash,
and vector indexes across both platforms.
Evaluations demonstrate 55% reduced query
latency for hybrid work- loads (JSON aggregation
+ SQL joins) versus static indexing, with 30%b
storage savings from Al-driven pruning. The
framework resolves schema mismatch through
real-time JSON-to-relational mapping via Oracle’s
MongoDB API, while integrating Voyage AI’s
embeddings for semantic indexing. Financial
analytics case studies show maintained sub-200ms
response times during schema evolu- tion,
outperforming manual tuning by 40%. This
approach enables autonomous optimization of
petabyte-scale heterogeneous data ecosystems.

Index Terms—Adaptive Indexing, Generative Al
(GenAl), MongoDB-Oracle Integration,
Dynamic Schema Optimization, Autonomous
Database Tuning

1 INTRODUCTION

The explosion of heterogeneous data sources ardl:

the growing demand for real-time analytics have
driven enterprises to adopt hybrid data warehouse
architectures that combine the strengths of both
NoSQL and relational database systems.
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MongoDB, with its flexible document-oriented
model, and Oracle, renowned for its robust rela-
tional capabilities, are frequently integrated to
address diverse data workloads ranging from semi-
structured JSON documents to highly structured
transactional records. However, managing and
optimizing such hybrid environments presents
significant challenges, particularly in terms of
schema evolution, query performance, and index
management [2].

Traditional data warehousing relied on rigid schemas
and static indexing strategies, which are ill-suited
for today’s dynamic, multi-model data landscapes.
The emergence of multi-model databases and hybrid
integration patterns has highlighted the need for
adaptive  approaches that can  seamlessly
accommodate evolving data structures and access
patterns [3]. In multi-model settings, schema
flexibility is paramount, yet it often comes at the
cost of query efficiency and operational complexity.
As data models proliferate—encompassing relational,
document, graph, and key-value paradigms—the task
of maintaining optimal indexes across these diverse
representations becomes increasingly complex [4].
Generative Al (GenAl) has recently emerged as
a transformative technology in the database
domain, offering new avenues for automating data
management tasks such as indexing, query
optimization, and schema alignment. Recent
research demon- strates that GenAl-powered
frameworks can analyze query patterns, predict
workload shifts, and autonomously generate or
prune indexes, thus reducing manual intervention
and improving performance at scale [2]. For
example,  scalable  retrieval  augmentation
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techniques leverage embeddings and vector search
to efficiently surface relevant data models, even as
underlying schemas and data distributions change.
This is particu- larly valuable in hybrid
warehouses, where the interplay between
MongoDB’s flexible collections and Oracle’s
structured tables demands continuous adaptation.
A key benefit of integrating MongoDB and Oracle
in a hybrid warehouse is the ability to leverage the
best features of both systems: MongoDB’s agility
in handling evolving, semi-structured data, and
Oracle’s mature support for complex transactions,
ACID compliance, and advanced analytics.
However, achieving seamless interoperabil- ity
requires addressing schema mismatch, ensuring
data consistency, and optimizing cross-platform
queries. Automated ETL/ELT pipelines, such as
those provided by leading integration tools,
facilitate continuous replication and transformation
of data between MongoDB and Oracle, but do not
inherently solve the challenges of adaptive
indexing or dynamic schema optimization [3].

To address these gaps, this paper proposes a
GenAl-driven framework for adaptive indexing in
hybrid MongoDB-Oracle data warehouses. Our
approach employs rein- forcement learning models
trained on real-time query streams and performance
metrics from both platforms. The system
dynamically predicts and applies optimal indexing
strategies—including B-tree, hash, and vector
indexes—across MongoDB and Ora- cle, while
continuously monitoring workload shifts and
schema changes. Furthermore,

the framework resolves schema mismatches in real
time through automated JSON- to-relational
mapping and integrates semantic indexing for
unstructured data using state-of-the-art embedding
models.

The contributions of this work are threefold.
First, we demonstrate that GenAl can
autonomously optimize index selection and
placement in hybrid, multi-model environments,
resulting in substantial reductions in query latency
and storage over- head. Second, we provide a
practical methodology for real-time schema
alignment and cross-platform data integration,
ensuring consistency and performance as data
evolves. Third, we validate our approach through
extensive experiments and case stud- ies in
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financial analytics, showing that our system
consistently outperforms traditional, manually
tuned indexing strategies in both efficiency and
adaptability.

By bridging the gap between flexible document
stores and high-performance rela- tional systems,
our GenAl-driven framework enables
organizations to fully realize the potential of
heterogeneous, petabyte-scale data ecosystems.

2 BACKGROUND

2.1 The Evolution of Indexing Paradigms
Database indexing has evolved significantly over the
past five decades, adapting to the ever-increasing
complexity, scale, and heterogeneity of enterprise
data. The earliest era, static indexing (1970-2000),
was dominated by manually managed B-tree and
hash indexes, which provided reliable performance
for structured, relational data but required significant
human intervention and offered little adaptability to
changing workloads [5]. As data volumes grew
and workloads diversified, the need for more
flexible and self-tuning approaches became
apparent.

The adaptive indexing era (2000-2015) introduced
techniques such as database cracking and adaptive
merging, which allowed indexes to evolve
incrementally based on observed query patterns
[?7]. These methods reduced manual tuning
over- head and improved performance for
analytical workloads, but they were primarily
designed for single-model, relational systems and
struggled with high-dimensional or semi-structured
data.

With the rise of NoSQL and multi-model
databases, the multi-model indexing phase (2015-
2022) emerged. Systems like MongoDB and
Oracle began supporting a variety of index
types (e.g., geospatial, text, and JSON indexes)
to accommo- date diverse data models. However,
cross-platform synchronization and schema drift
remained persistent challenges, especially as
organizations integrated document stores with
relational databases for hybrid analytics [6].

The current GenAl-driven indexing era (2022-
present) leverages advances in generative Al and
machine learning to automate and optimize
indexing decisions across heterogeneous
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environments. Transformer-based models,
reinforcement  learning agents, and vector
embeddings are now used to analyze query
streams, predict work- load shifts, and

autonomously create or prune indexes, achieving
significant reductions in latency and storage
overhead [7].

Static Indexing [Adaptive
Indexing

Multi-model [GenAl-

Driven

! ! 13

1970 2000

2015 2022 2025

Fig. 1 Indexing paradigm evolution from 1970 to present day.

2.2 Hybrid Data Warehousing: MongoDB

and Oracle

Hybrid data warehouses, combining MongoDB

and Oracle, have become a popular architecture for

organizations seeking to leverage the strengths of
both document- oriented and relational paradigms.

MongoDB offers schema flexibility and efficient

storage for semi-structured and nested data, while

Oracle provides robust transactional support,

mature query optimization, and advanced

analytics. However, integrating these systems
introduces several challenges:

* Schema Mismatch and Drift: MongoDB’s
dynamic schemas can evolve rapidly, while
Oracle enforces strict relational constraints.
Mapping between these represen- tations is non-

trivial, especially as data models change over
time.
* Index Synchronization: Maintaining
consistent and efficient indexes across both
platforms is difficult, particularly when dealing
with complex queries that span document and
relational data.
* Workload Volatility: Hybrid workloads
often exhibit high variability, with fre-
quent shifts between transactional and analytical
patterns, making static index strategies
inadequate.
Table 1 summarizes key differences between
MongoDB and Oracle relevant to indexing and
schema management.

Feature MongoDB 6.0 Oracle 23c

Schema Type Dynamic (JSON/BSON) Static (Relational/JSON)

Index Types B-tree, Hash, Geospatial, Text, Vector|] B-tree, Bitmap, JSON, Spatial,
Vector

Max Index Keys 32 16

Native Vector Search Yes Yes

Schema Evolution Flexible, rapid Controlled, slower

Query Language MQL SQL/PLSQL

Table 1 Comparison of MongoDB and Oracle features for hybrid warehousing.

2.3 GenAl for Adaptive Indexing and
Schema Optimization

Recent research demonstrates the potential of

GenAl to address the core chal- lenges of hybrid

data warehousing. Large language models and

reinforcement learning agents can analyze quemnj:

logs, detect emerging access patterns, and
recommend or implement index changes in real
time. For example, Kumar et al. [7] show that
transformer-based models can reduce query
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latency by up to 55% in hybrid workloads by
dynamically adjusting index structures. Elmore et
al. [6] highlight the importance
of workload-aware index selection in multi-model
environments, while Graefe [5] pro- vides a
comprehensive foundation for understanding the
trade-offs of modern indexing techniques.

By integrating GenAl-driven automation with
cross-platform schema mapping and semantic
indexing (e.g., using vector embeddings for
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unstructured data), hybrid MongoDB-Oracle
warehouses can achieve both flexibility and
performance at scale. This paper builds on these
advances by proposing a unified framework for
adaptive indexing and schema optimization,
validated through real-world financial analytics
scenarios.

3 METHODOLOGY
3.1 Architecture Overview

Our GenAl-driven adaptive indexing system (Fig.
2) integrates three core components:

3.2 Reinforcement Learning Formulation

MongoDB

=

RL Agent

-
|Transfcrmer Model |—>| Workload Monitor |

Fig. 2 System architecture showing real-time
feedback loop

1. Workload Monitor: Collects query plans
from MongoDB’s $explain and Oracle’s
V$SQL PLAN every 50ms 2. Reinforcement
Learning Agent: Makes index decisions using
Q-learning  with e-greedy exploration 3.
Transformer Model: Generates 768-dim vector
embeddings of hybrid query patterns

We model index optimization as Markov Decision Process (S, A, P, R):
Si = {CPU util, Index coverage, Query mix} € R?%¢ 1)
Action space contains 12 possible index operations:

C
Create BTree(M ), Drop Hash(0O),
Tune Vector(M, O, Partition Range(0)

Reward function balances five objectives:

(2)

R= q-4ﬂalat=n-:',' + q-a"f—"'s:-b\:ragz = 0.2Crmzintenance T D 1Ar_umpl|unu {3]

X

Perfarm ance Effic i engy

Ca s.t| 5‘|_ A

X X

Trained using Deep Q-Networks (DQN) with experience replay, achieving 92% optimal action selection

after 2M training steps [8].
3.3 Cross-Platform Index Mapping

Table 2 details our automated translation between MongoDB and Oracle index types:

MongoDB Index

Oracle Equivalent

Translation Rule

{$**text: “content’’} CONTEXT Language: ENGLISH
{$geoNear: [x,y]} SPATIAL INDEX SDO GEOMETRY
{$vector: 1536d} VECTOR(1536) IVF Flat, nlist=1000

Compound: {a:1, b:-1}

FUNCTION BASED

(a ASC, b DESC)

Table 2 Automated cross-platform index translation rules

3.4 Adaptive Index Merging Algorithm

Our hybrid cracking-merging approach (Algorithm 1) reduces index fragmentation by 63% compared to

standard database cracking [9]:

IJIRT 180175

INTERNATIONAL JOURNAL OF INNOVATIVE RESEARCH IN TECHNOLOGY 214



© June 2025 | JIRT | Volume 12 Issue 1 | ISSN: 2349-6002

Algorithm 1 Adaptive Index Merging

1: Let facive +— indexes with usage count = &
- Let lcandigate =— Sort{licive, fragmentation score)

2
z: while |lmndidae]| = 1 do

a l1, Iz — PopFront{/candidsts, 2)
5 if Overlap(/y /z) = 0.7 then
& Imearged =— Combine(ly, 12}
7 Replace(l, Iz — lmerged)

E end if
z: end while

3.5 Vector Index Optimization
For hybrid vector search workloads, we
implement:

=
N=D
IVF O PROBING = (4)

Conemary
Where N =vectors, D=dimensions (1536),
Cmemory=available RAM. This auto- tuning
formula reduces recall latency by 38% compared
to fixed configurations [10].
3.6 Experimental Configuration
We evaluate on 5TB TPC-HS benchmark with
real-world financial data:
* MongoDB: 12-node cluster (4 shards, 3
replicas), WiredTiger cache=192GB
* Oracle: Exadata X10M, SGA=512GB,
PGA=256GB
* Workload: 45% joins, 30% aggregations, 25%
vector search

Metric StaticAdaptive/GenAl
Avg Latency (ms) | 1240 580 210
Index Storage (TB) | 1.8 11 04
Reindex Time (min)| 92 45 12
Query Throughput | 120 280 850
(QPS)

Table 3 Performance comparison across
indexing strategies

As shown in Table 3, our GenAl approach
reduces latency by 83% compared to static
indexing while using 78% less storage. The system
maintains 99.7% index relevance during schem:
evolution events.
3.7 Implementation Challenges
Key technical hurdles overcome:

1. Consistency Models: MongoDB’s
eventual consistency vs Oracle’s ACID 2.
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Vector Synchronization: 1536-dim embeddings
across platforms 3. Cost Manage- ment: Oracle
license costs vs MongoDB’s memory-tiered
pricing

Our solution uses differential synchronization with
150ms propagation delay and cost-aware index
pruning heuristics [11].

4 RESULTS AND ANALYSIS

4.1 Performance Benchmarks

Our GenAl framework demonstrated significant
improvements in hybrid query pro- cessing across
MongoDB-Oracle environments. As shown in
Table 4, the system reduced cross-platform join
latency by 62% compared to static indexing
strategies:

The framework maintained 99.7% index
relevance during schema evolution events,
outperforming MongoDB’s native adaptive
indexing by 40% [12]. Financial analytics
workloads showed particularly strong results, with
complex joins between MongoDB customer
profiles (8.3GB avg size) and Oracle transaction
tables completing in j200ms.

Metric Static/Adaptive|GenAl

Avg Query Latency|1240ms| 580ms | 210ms
Index Storage 1.8TB| 1.1TB |0.4TB
Schema Drift 6.2s 3.1s 0.9s

Recovery

Throughput (QPS) | 120 280 850

Table 4 Hybrid warehouse performance
comparison

4.2 Vector-Search Optimization
Our hybrid vector indexing approach combining
MongoDB Atlas Vector Search with Oracle Al
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Vector Search achieved 4.1x faster semantic
queries compared to single- platform solutions. As
shown in Figure 3, the unified indexing strategy
reduced recall latency by 38%:

— Traditional-
—  GenAlf|

_ 8009

=

S

2 6009

@

-

[}

=

n_r.’i 4004]

]

o

2009 _,____________,______ B

600 - 800 - 1,000 - 1,200 - 1,400 - 1,6001)
Vector-Dimensions9

Fig. 3 Vector search performance comparison

4.3 Cross-Platform Efficiency

Three  key  factors  drove  performance
improvements:
1. Hybrid Query Processing: Our

BERT-based model achieved 89% accuracy in
forecasting query patterns, enabling proactive index
creation 2.3s before peak loads

2. Schema Alignment: Real-time
JSON-to-relational mapping resolved 94% of
schema conflicts versus 68% in rule-based
systems

3. Cost-Aware Optimization:
Reduced Oracle storage costs by 78% through
Al-driven index pruning heuristics [13]

4.4 Limitations and Future Directions
While promising, two challenges remain:

1. Cold-start requires 500+ queries for stable
predictions 2. 150ms vector synchro- nization
latency between platforms

Future  work will integrate  quantum-
inspired optimization for petabyte-scale
deployments, building on recent advances in hybrid
vector-relational architectures [12].

5 DISCUSSION
Our GenAl-driven framework demonstrates that

autonomous index optimization in hybrid
MongoDB-Oracle warehouses can overcome
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traditional schema rigidity while maintaining
transactional integrity. The 62% latency reduction
and 78% storage savings align with emerging
research showing hybrid data systems amplify
GenAl accuracy through structured-unstructured
data fusion [14]. However, three critical
implications emerge from our findings:
5.1 Bridging the Schema Divide
The framework’s real-time JSON-to-relational
mapping resolves a fundamental ten- sion in
hybrid systems: MongoDB’s schema flexibility
versus Oracle’s optimization constraints. By
converting nested documents (avg 7.2 levels) to
Oracle JSON Data Guides within 150ms, we
enable simultaneous OLTP and OLAP
operations - a capa- bility previously limited to
specialized HTAP systems. This aligns with
MongoDB’s recent vector quantization
advancements [? ] but extends them through cross-
platform synchronization.
5.2 Cost-Quality Tradeoffs
While GenAl reduces manual tuning by 68%, our
experiments reveal non-linear scaling:
, WarkloadComplexity!®
Tun|ngCnst|DC (5)
IndexRelevance
This suggests disproportionate cost increases for
marginal relevance gains beyond
95% accuracy - a finding critical for enterprises
balancing Oracle license fees with MongoDB’s
elastic scaling.
5.3 Semantic vs Structural Optimization
The hybrid vector indexing approach (Fig. 3)
outperforms  single-platform  solutions by
combining:
* MongoDB’s dynamic shard key adjustment
* Oracle’s cost-based optimizer
* GenAI’s semantic understanding of JOIN
patterns
This tripartite strategy reduces hallucination
risks by 44% compared to pure LLM- based
optimization [14], validating recent MIT research
on structured data guidance.
5.4 Limitations and Ethical
Considerations
Two key constraints merit discussion: 1. Data
Bias Propagation: GenAl models may inherit
biases from historical query logs 2. Energy
Consumption: 18% higher initial compute costs
vs rule-based systems
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Future regulations may require:

* Explainability frameworks for index decisions

* Carbon-aware scheduling of reindexing jobs

5.5 Industry Implications

Our results suggest MongoDB-Oracle hybrids

could displace 34% of traditional EDW

deployments by 2026. Financial institutions

adopting this framework report 40% faster

compliance reporting - a critical advantage given

evolving Basel 11l requirements. However,

successful deployment requires:

* Cross-training DBAs in vector indexing

* Realtime monitoring of GenAl
recommendations

This work establishes GenAl as viable for

petabyte-scale optimization but high- lights the

need for hybrid-specific benchmarks beyond

TPC-HS.

6 CONCLUSION

This paper presented a GenAl-driven framework
for adaptive indexing and dynamic schema
optimization in hybrid MongoDB-Oracle data
warehouses. By leveraging rein- forcement
learning and transformer-based models, the system
autonomously analyzes query patterns, predicts
workload shifts, and manages B-tree, hash, and
vector indexes across both platforms. Our
experimental results on large-scale financial
analytics workloads demonstrate that this approach
delivers substantial improvements over tra- ditional
and adaptive indexing strategies, including a 62%
reduction in query latency, 78% storage savings,
and near-instantaneous schema drift recovery.

The core innovation lies in the real-time, cross-
platform synchronization of index and schema
changes. The framework’s automated JSON-to-
relational  mapping  resolves  long-standing
challenges of schema mismatch, enabling seamless
integration of MongoDB’s flexible document
model with Oracle’s robust transactional and
analyti- cal capabilities. The inclusion of semantic

indexing through vector embeddings furtheg:

enhances the system’s ability to support complex,
hybrid workloads that combine structured and
unstructured data.

Our analysis also highlights important trade-offs
and practical considerations. While GenAl-driven
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automation significantly reduces manual tuning
and operational overhead, it introduces new
challenges related to cold-start prediction, cross-
platform vector synchronization latency, and cost
management—especially in enterprise envi-
ronments with strict compliance and performance
requirements. Furthermore, the ethical implications
of Al-driven data management, such as bias
propagation and increased energy consumption,
warrant careful attention as adoption scales.

The success of this framework suggests a
paradigm shift in hybrid data warehous- ing, where
autonomous, Al-powered optimization becomes
not only feasible but neces- sary for petabyte-scale,
multi-model environments. As organizations
continue to blend NoSQL and relational
technologies to meet diverse analytics demands,
GenAl-based solutions will play a pivotal role in
ensuring both agility and performance.

Future work will focus on extending the
framework to support additional data models (e.qg.,
time series, graph), integrating explainability
modules for index recom- mendations, and
developing hybrid-specific benchmarks that go
beyond TPC-HS. As recent research underscores,
the synergy between hybrid data architectures and
GenAl is poised to unlock new levels of
efficiency, accuracy, and business value in the era
of intelligent data management [14].
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