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ABSTRACT

The rapid adoption of data lakehouse architectures has intensified the need for efficient
Extract-Transform—Load (ETL) mechanisms capable of handling heterogeneous, large-scale
data while supporting adaptive analytics. However, conventional ETL frameworks rely on
static transformation rules and lack semantic awareness, leading to inefficient data integration
and suboptimal query performance. Existing approaches also struggle to leverage unlabeled
data for intelligent transformation, creating a gap in self-supervised and context-adaptive ETL
design. To address these limitations, this study proposes a Dual-Stage Contrastive Self-
Supervised Semantic ETL (DSC-SS-ETL) framework that integrates contrastive learning into
both data and query processing stages. The first stage learns semantic embeddings of
heterogeneous data through self-supervised contrastive representation learning, while the
second stage aligns query patterns with data representations for adaptive transformation and
optimized scheduling. The framework incorporates a semantic encoder, dual-stage contrastive
module, adaptive transformation engine, and intelligent scheduler. Experiments were
conducted using TPC-DS benchmark datasets and real-world cloud warehouse workloads
under varying query conditions. The proposed model achieves 96.8% semantic alignment
accuracy, 95.4% transformation precision, and a 33.7% reduction in ETL latency compared to
baseline methods. These results demonstrate the effectiveness of contrastive self-supervised
learning in enhancing ETL efficiency and adaptive analytics.

Keywords: Data Lakehouse, Semantic ETL, Contrastive Learning, Self-Supervised Learning,
Query Optimization, Adaptive Data Processing

1. INTRODUCTION

The increasing complexity of modern data ecosystems has driven the transition from traditional
data warehouses to data lakehouse architectures, enabling unified processing of structured and
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unstructured data. These systems play a crucial role in real-world applications such as business
intelligence, healthcare analytics, and large-scale decision support, where timely and accurate
data processing directly impacts organizational performance. However, the efficiency of these
systems heavily depends on the effectiveness of ETL pipelines, which remain a critical
bottleneck in handling heterogeneous and high-velocity data streams [1].

Recent studies have explored query-aware optimization and Al-driven orchestration to improve
ETL performance, yet most approaches rely on predefined rules and supervised learning
mechanisms [2]. Such methods often fail to generalize across dynamic workloads and cannot
effectively utilize unlabeled data. Furthermore, existing ETL frameworks lack semantic
understanding of data relationships, leading to inconsistencies in transformation and reduced
query efficiency [3]. While contrastive learning has shown promise in representation learning,
its integration into ETL processes remains largely unexplored in current literature [4].
Additionally, the absence of joint optimization between data representation and query behavior
limits the adaptability of ETL systems in real-time environments [5].

To overcome these limitations, this paper introduces a Dual-Stage Contrastive Self-Supervised
Semantic ETL framework that leverages contrastive learning at both data and query levels. The
proposed approach enables automatic semantic alignment, adaptive transformation, and
efficient scheduling without reliance on labeled data.The main contributions of this work are
as follows:

e A novel dual-stage contrastive learning mechanism for joint data and query
representation

e A self-supervised semantic encoding strategy for heterogeneous data integration

e An adaptive ETL transformation engine driven by learned embeddings

e An intelligent scheduling module for query-aware optimization

e Comprehensive evaluation demonstrating improved accuracy, efficiency, and
scalability

The remainder of this paper is organized into five sections. Section 2 reviews related work.
Section 3 describes the proposed methodology. Section 4 presents experimental results and
analysis. Section 5 concludes the paper with future research directions.

2. RELATED WORKS

Recent advancements in ETL optimization have focused on improving performance and
scalability in data lakehouse environments. A study in [6] introduced an adaptive ETL
framework leveraging workload-aware scheduling, demonstrating improvements in query
response time but lacking semantic integration. Similarly, [7] proposed a machine learning-
based ETL optimization technique that enhances transformation efficiency, though it depends
heavily on labeled training data.
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Research in [8] explored semantic-aware data integration using ontology-driven approaches,
achieving better data consistency but suffering from high computational overhead. In [9], a
deep learning-based ETL pipeline was developed to automate transformation processes;
however, it lacks adaptability to dynamic query patterns. Another work in [10] presented a
context-aware ETL system for cloud environments, improving resource utilization but not
addressing semantic alignment.

Contrastive learning has gained attention for representation learning, as shown in [11], where
it was applied to large-scale data embedding tasks. However, its application in ETL pipelines
remains limited. A hybrid framework in [12] combined reinforcement learning with ETL
scheduling, achieving performance gains but failing to incorporate semantic understanding. In
[13], a knowledge-driven ETL system improved data interoperability, though it required
extensive manual rule definition.

Further, [14] proposed a self-supervised data processing model for analytics systems,
demonstrating improved learning efficiency but not integrating with ETL workflows. Finally,
[15] introduced a multi-stage ETL optimization approach for lakehouse systems, achieving
scalability but lacking joint data-query learning mechanisms.

Overall, existing works highlight significant progress in ETL optimization and semantic
processing; however, none effectively integrate self-supervised contrastive learning with dual-
stage semantic and query-aware ETL optimization, which is addressed in this study.

3. METHODOLOGY

The proposed Dual-Stage Contrastive Self-Supervised Semantic ETL (DSC-SS-ETL)
framework is designed to address the limitations of conventional ETL systems by introducing
semantic representation learning and query-aware adaptive processing within a unified
pipeline. The model integrates self-supervised contrastive learning at both data and query levels
to enable automatic semantic alignment, efficient transformation, and intelligent scheduling in
data lakehouse environments. The framework operates in two major stages: (i) semantic
embedding of heterogeneous data using contrastive learning, and (i1) adaptive query-aligned
ETL optimization. This dual-stage design ensures that both data representation and query
behavior are jointly optimized, improving transformation accuracy and reducing processing
latency.
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Fig. 1. Dual-Stage Contrastive Self-Supervised Semantic ETL Architecture

Fig. 1 illustrates the proposed dual-stage semantic ETL framework integrating self-supervised
contrastive learning and query-aware optimization. The architecture captures semantic
representations of heterogeneous data and aligns them with query workloads for adaptive
transformation and scheduling. The framework enables efficient data processing, improved
semantic consistency, and optimized query performance in data lakehouse systems.

3.1 Problem Definition

Consider a set of heterogeneous data sources represented as D = {Dy, D,, ..., D,,;}, where each
dataset contains structured or unstructured data with varying schemas. The goal is to transform
and load this data into a unified lakehouse system while preserving semantic consistency and
optimizing query performance. The transformation function can be expressed as:

T:D-L (1)
where Ldenotes the target lakehouse storage. The challenge lies in learning an optimal
transformation T *that minimizes semantic loss and processing cost. This objective is
formulated as:
T* = arg m7i,n (Lsem(T) + ALost(T)) (2)
where L, represents semantic inconsistency and L.,s.denotes computational overhead, with

Aas a balancing parameter.

Additionally, query workload Q = {q4, q2, ..., @ }influences ETL efficiency. The optimization
must therefore consider query relevance:

m
O = arg max Z Perf(q;, T) 3)
i=1
where Perf(q;, T)measures query execution efficiency after transformation.
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3.2 Stage I: Self-Supervised Semantic Representation Learning

To capture semantic relationships across heterogeneous data, a self-supervised contrastive
learning mechanism is employed. Each data instance x € D;is transformed into two augmented
views x;and x;, and passed through an encoder fg(-):

z; = fo(x:), 21 = fo (%)) 4)
where z;and zjare latent embeddings. The similarity between embeddings is computed using
cosine similarity:
) zi " Zj
SN %) = ©)
A contrastive loss function is then defined to maximize agreement between positive pairs while
minimizing it for negative pairs:

exp (sim(z;, z;) /1)

N .
2 k=1 XP (sim( z;, 2 ) /7)
where 7is a temperature parameter and Nis the batch size.

(6)

Leont = _log

To ensure semantic consistency across datasets, embeddings are regularized using a clustering
constraint:

K
Leuster = z Il z—pe 112 (7)
Z€C,
c=1
where C.is the set of embeddings in cluster cand p.is the cluster centroid. The final
representation loss is:

Lrep = Leont + BLcwuster (8)
3.3 Stage II: Query-Aligned Contrastive Optimization

In the second stage, query patterns are embedded and aligned with data representations. Each
query qis encoded as:

hg = 9¢(@) ©)
where g (-)is a query encoder. The alignment between query and data embeddings is defined
as:
lign(hg,2) = — 9~ (10)
align(hy,z) = ———
S ) =z

A query-aware contrastive loss is formulated to prioritize relevant data transformations:
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lign(h,,z*
Ly = exp (align(hy, 2)/7) )

log S (align(hy, z+)/7) + Yexp (align(hg,z-)/7)

where zTand z~denote relevant and irrelevant data embeddings, respectively.

To optimize scheduling, a priority score is assigned:

P(q;) = a - freq(q;) + (1 — ) - cost™'(q;) (12)
where acontrols the trade-off between frequency and cost.

3.4 Adaptive ETL Transformation and Scheduling

Based on learned embeddings and query alignment, the ETL transformation function is
dynamically adapted. The transformation mapping is defined as:

y=T(x;0,¢) (13)
where fand ¢are parameters learned from previous stages. The transformation accuracy is
evaluated as:

N
1
A= Aw=9) (14
i=1
where ¥;is the ground truth.

The scheduling optimization minimizes total processing time:

n

Totar = ) tiw  (15)
i=1
where t;is execution time and w;is the priority weight. Resource utilization is modeled as:

nor
i=17i
U="= (16)
max
where r;represents resource consumption.

3.5 Overall Objective Function
The final objective combines all components:

Liotar = Lrep + VLquery + 6Ttotar (17)

where yand dare weighting factors. Optimization is performed as:

0" = arg min Lty (18)
The final ETL output is represented as:
Loutput =T"(D,Q) (19)
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ensuring semantic consistency, efficient transformation, and optimized query performance.
Algorithm: Dual-Stage Contrastive Self-Supervised Semantic ETL

Input: Heterogeneous datasets D, query workload Q
Output: Optimized ETL transformation and loaded data £

1. Initialize encoder parameters 6, query encoder ¢
2. For each dataset D; € D:
o Generate augmented views x;, x;
o Compute embeddings z;, zjusing encoder
o Calculate contrastive loss using Eq. (6)
3. Apply clustering regularization using Eq. (7)
4. Update representation model minimizing Eq. (8)
5. Encode query workload Qusing Eq. (9)
Compute query-data alignment using Eq. (10)
Optimize query contrastive loss using Eq. (11)
8. Assign priority scores using Eq. (12)
9. Perform adaptive ETL transformation using Eq. (13)
10. Optimize scheduling using Eq. (15) and resource model Eq. (16)
11. Minimize overall objective function Eq. (17)
12. Output optimized ETL results Ly pyt

The proposed algorithm integrates dual-stage contrastive learning to jointly optimize semantic
representation and query-aware ETL processing. It enables adaptive transformation and
intelligent scheduling by aligning data embeddings with query patterns. The framework
significantly improves semantic consistency, transformation accuracy, and overall ETL
efficiency in data lakehouse environments.

4. RESULTS AND DISCUSSIONS

The performance of the proposed Dual-Stage Contrastive Self-Supervised Semantic ETL
(DSC-SS-ETL) framework was evaluated through extensive experiments conducted in a
controlled data lakehouse environment. The implementation was carried out using Python 3.10
with TensorFlow and PyTorch libraries for deep learning components, while Apache Spark and
Delta Lake were used for distributed ETL processing. The experiments were executed on a
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workstation equipped with an Intel Xeon processor (3.2 GHz), 64 GB RAM, and an NVIDIA
RTX 4090 GPU to accelerate contrastive learning operations. The system was deployed on a
hybrid cloud-local setup to simulate real-world data lakehouse conditions. Performance was
assessed under varying workloads, including batch and real-time query scenarios, to analyze
scalability, adaptability, and efficiency.

4.1 Dataset Description

The experimental evaluation utilized the widely accepted TPC-DS Benchmark Dataset [16],
which is specifically designed for evaluating large-scale decision support systems and ETL
workflows. The dataset includes diverse schemas, complex query patterns, and multi-
dimensional data distributions, making it suitable for testing semantic ETL frameworks in
realistic scenarios. The dataset was scaled to 100 GB to simulate enterprise-level workloads
and includes both structured and semi-structured data formats as given in Table 1.

Table 1: Dataset Features and Description

Feature Name Description Data Type
Customer ID Unique identifier for each customer Integer
Transaction ID Unique transaction record identifier Integer

Product Category | Category of purchased product Categorical
Sales_ Amount Total transaction value Float
Transaction Date | Timestamp of transaction Date-Time
Store Location Geographic location of store Categorical
Promotion_Flag Indicates promotional activity Boolean
Web_Click Stream | User interaction logs from web platforms | Semi-structured

The dataset contains over 24 relational tables and supports complex analytical queries, enabling
comprehensive evaluation of ETL transformation accuracy, semantic alignment, and query
performance. The inclusion of both structured and semi-structured attributes allows the
proposed model to demonstrate its capability in handling heterogeneous data integration.

4.2 Performance Evaluation

To validate the effectiveness of the proposed DSC-SS-ETL framework, it was compared with
several state-of-the-art models from recent literature, including workload-aware ETL [6],
machine learning-based ETL optimization [7], ontology-driven integration [8], deep learning
ETL pipelines [9], context-aware ETL frameworks [10], and reinforcement learning-based
scheduling [12]. The evaluation metrics considered include semantic alignment accuracy,
transformation precision, ETL latency reduction, and query response efficiency as given in
Table 2.
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Table 2: Performance Comparison of ETL Models

Model Accuracy Precision Latency Query Efficiency
(%) (%) Reduction (%) (%)

Workload-Aware 88.4 87.9 18.6 85.2

ETL [6]

ML-Based ETL [7] | 90.1 89.5 21.3 87.6

Ontology-Based 91.2 90.7 19.8 88.9

ETL [8]

Deep Learning | 92.6 91.8 24.5 90.3

ETL [9]

Context-Aware 93.4 92.9 26.1 91.7

ETL [10]

RL-Based ETL | 94.2 93.6 28.4 92.8

[12]

Proposed  DSC- | 96.8 95.4 33.7 95.9

SS-ETL

The results clearly indicate that the proposed model outperforms existing approaches across all
evaluation metrics. The improvement in accuracy and precision is attributed to the dual-stage
contrastive learning mechanism, which effectively captures semantic relationships and reduces
transformation ambiguity. The significant reduction in ETL latency is achieved through query-
aligned adaptive scheduling, while enhanced query efficiency results from better alignment
between data representations and query workloads.
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Fig. 2. Comparative performance evaluation of ETL models across multiple metrics
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Fig. 2 presents a comprehensive comparison of ETL models based on accuracy, precision,
latency reduction, and query efficiency. The proposed DSC-SS-ETL model, highlighted in red,
consistently achieves superior performance across all evaluation metrics. The results
demonstrate the effectiveness of dual-stage contrastive learning in improving semantic
processing and ETL efficiency.

Overall, the DSC-SS-ETL framework demonstrates superior performance in handling large-
scale heterogeneous data, making it a robust and scalable solution for modern data lakehouse
environments.

5. CONCLUSION

The study introduced a Dual-Stage Contrastive Self-Supervised Semantic ETL framework for
adaptive and efficient data lakehouse processing, addressing key limitations of conventional
ETL systems in handling heterogeneous data and dynamic query workloads. By integrating
self-supervised contrastive learning at both data and query levels, the proposed model achieved
enhanced semantic alignment, adaptive transformation, and optimized scheduling.
Experimental results demonstrated that the framework attained a high accuracy of 96.8%,
outperforming existing approaches in terms of precision, latency reduction, and query
efficiency. These findings confirm the effectiveness of the proposed approach in improving
overall ETL performance and scalability in modern data lakehouse environments. Future work
will focus on extending the framework with federated and privacy-preserving contrastive
learning mechanisms for distributed data processing scenarios.
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