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Abstract 
Data engineering, as the foundation of modern data-driven systems, often grapples with repetitive 

workflows, data quality issues, and real-time scalability challenges. This paper proposes a novel self-

learning artificial intelligence (AI) framework aimed at optimizing data engineering pipelines through 

dynamic adaptation and task automation. By integrating reinforcement learning and meta-learning into 

traditional data workflows, our model enables intelligent scheduling, anomaly detection, and schema 

evolution management without human intervention. Experimental evaluations on open-source 

benchmark datasets including TPC-H, MovieLens, and Kaggle IoT logs show up to 47% improvement 

in pipeline execution time, 35% reduction in data cleaning overhead, and 28% enhancement in 

anomaly correction accuracy compared to baseline systems. This work demonstrates the potential of 

self-learning AI to revolutionize data engineering by significantly increasing adaptability, robustness, 

and throughput in big data environments. 
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Introduction 

In the contemporary landscape dominated by big data ecosystems and AI-driven decision-

making, the importance and complexity of data engineering have grown exponentially. No 

longer limited to simple data handling tasks, modern data engineers are now expected to 

architect and manage intricate data pipelines that facilitate the seamless flow, transformation, 

validation, and storage of massive volumes of heterogeneous data. These pipelines are 

foundational to both analytical platforms and machine learning systems, enabling timely 

insights, predictive modeling, and real-time decision support across a wide array of 

industries including finance, healthcare, retail, and manufacturing. 

However, this evolving responsibility brings with it a host of challenges. Schema changes, 

which occur when the structure of incoming data shifts unexpectedly, can break automated 

workflows and require immediate manual intervention. Data drift, where the statistical 

properties of input data change over time, often leads to degraded model performance and 

untrustworthy analytics. Additionally, the presence of dirty data—in the form of missing 

values, duplicates, inconsistencies, and outliers—significantly hampers the quality and 

reliability of downstream processing. Compounding these issues is the demand for system 

scalability, as organizations increasingly need to process data across distributed 

environments while maintaining high throughput and low latency. 

Traditional data engineering tools and platforms, while robust in static settings, often fall 

short in dynamically adapting to these evolving data environments. These systems typically 

rely on rule-based automation, which lacks the intelligence to modify behaviors or learn 

from new patterns without human reprogramming. As a result, engineering teams spend 

considerable effort in pipeline maintenance, data validation, and reactive troubleshooting—

tasks that could otherwise be streamlined through intelligent automation. 

To address these limitations, this paper explores the integration of self-learning AI 

algorithms into data engineering pipelines. Specifically, it focuses on reinforcement learning 

(RL) and meta-learning as core techniques to enable pipelines that can self-optimize, adapt, 

and evolve based on continuous feedback from data behavior and system performance. 

Reinforcement learning provides the capability to learn optimal pipeline configurations 

through interaction with the environment, rewarding sequences of actions that improve  
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performance metrics such as latency, accuracy, and data 

quality. Meta-learning, on the other hand, allows models to 

generalize knowledge from past experiences and adapt 

quickly to new domains or data sources with minimal 

retraining. Together, these approaches enable the creation of 

adaptive, resilient, and intelligent data engineering systems 

that minimize human intervention, reduce operational 

overhead, and enhance data reliability across varying 

contexts. 

 

Recent Survey  
The integration of Artificial Intelligence (AI) into data 

engineering has profoundly transformed traditional 

workflows by introducing automation, operational 

efficiency, and intelligent adaptability. Recent literature 

highlights AI's growing role in addressing critical 

challenges such as data quality management, pipeline 

optimization, schema matching, anomaly detection, and 

orchestration. Zaharia et al. emphasize the importance of 

DataOps in modern data engineering pipelines, advocating 

for automated systems that ensure consistent data reliability. 

Building on this, Gulati et al. demonstrate the use of 

reinforcement learning (RL) to optimize ETL (Extract, 

Transform, Load) processes, resulting in a reduction in 

execution time by up to 30%. To address manual 

bottlenecks in data integration, Zhang and Lee propose deep 

neural networks (DNNs) for automated schema matching, 

significantly decreasing human effort. 

Meta-learning is gaining traction for its ability to generalize 

across data domains. Tuli et al. apply meta-learning 

strategies to automate cross-domain data cleaning, enabling 

models to self-adjust in varied environments. Similarly, 

Amershi et al. present a real-time anomaly detection 

mechanism powered by AI, improving streaming data 

reliability. In terms of orchestration, Klein et al. introduce 

intelligent agents capable of dynamically rerouting data 

based on system load and demand patterns, thus optimizing 

performance and reducing latency. 

A growing body of research also supports hybrid human-AI 

frameworks. Liu et al. propose a human-in-the-loop 

validation system for high-stakes decision-making, ensuring 

that critical data errors are caught and corrected with expert 

oversight. Complementing this, Patel et al. explore active 

learning strategies in data labeling, demonstrating how 

querying the most informative samples can drastically 

reduce annotation costs without sacrificing accuracy. 

As data privacy becomes increasingly critical, federated 

learning is emerging as a secure solution for distributed AI 

in data engineering. Wang et al. showcase its application in 

privacy-preserving pipelines that process data across 

multiple organizations without exposing raw inputs. Further, 

Chen and Zhang integrate graph neural networks (GNNs) 

for tracking data lineage, enhancing transparency and 

auditability across large, distributed data systems. 

Language-based AI interfaces are also making data more 

accessible to non-experts. Brown et al. utilize large 

language models (LLMs) to facilitate natural language 

queries over structured data sources, while Feurer et al. 

review the application of AutoML to streamline complex 

ML pipelines and automate feature engineering. These tools 

reduce the cognitive and technical load on data engineers, 

allowing for more focus on strategic tasks. 

Fundamental AI technologies continue to bolster these 

capabilities. Groundbreaking contributions in deep learning, 

word embeddings, and attention mechanisms have enabled 

more accurate and scalable models across data tasks. For 

instance, transformer architectures are now commonly 

applied in both structured and unstructured data processing. 

Complementing these developments, tools like Wrangler 

have made interactive data transformation more intuitive, 

while learned index structures promise to replace 

conventional database indexing with AI-optimized 

alternatives. 

Data quality evaluation frameworks have also evolved. Raza 

et al. discuss multidimensional metrics for assessing data 

integrity and usability, which are essential for measuring the 

impact of AI interventions. Liang et al. extend the notion of 

responsive data engineering with edge intelligence for real-

time pipeline monitoring. Finally, Sharma and Singh 

explore how AI and knowledge graphs are enabling next-

generation data lakes with semantic reasoning and 

automated metadata management. 

Despite these advancements, a critical research gap remains: 

the majority of these solutions offer modular improvements 

rather than unified, end-to-end self-learning AI systems. 

Most current frameworks cannot adapt simultaneously to 

data distribution shifts, evolving task complexity, and 

fluctuating computational resources. This motivates our 

work on developing a self-learning AI-powered data 

engineering assistant, integrating reinforcement learning, 

meta-learning, AutoML, anomaly detection, and intelligent 

orchestration into a single cohesive framework capable of 

autonomous optimization. 

 

Proposed Methodology 

 The proposed framework consists of the following layers: 

 

Data Ingestion and Profiling Layer: Monitors incoming 

data streams and extracts meta-features. 

 

Reinforcement Learning Engine: Learns optimal task 

execution paths (e.g., cleaning → transformation → 

validation) based on rewards like latency, quality, and error 

rates. 

 

Meta-Learning Module: Adapts anomaly detection and 

schema matching models to new domains with minimal 

retraining. 

 

Policy Optimizer: Uses Proximal Policy Optimization 

(PPO) to adjust pipeline configurations in real-time. 

 

Monitoring and Feedback Loop: Continuously evaluates 

pipeline output and updates model policies. 

The architecture of the proposed self-learning AI framework 

for data engineering is designed as a layered system, 

enabling end-to-end automation, adaptability, and 

continuous learning across dynamic data pipelines. At the 

core of this system lies the Data Ingestion and Profiling 

Layer, which serves as the entry point for all incoming 

datasets. This layer is responsible for real-time monitoring 

of data streams and the extraction of critical meta-features 

such as missing values, data types, outliers, schema 

inconsistencies, and anomaly scores. These extracted 

features are essential for downstream learning and decision-

making processes, forming the basis for the current state 

representation of the dataset. 

Once the data is profiled, it is passed to the Reinforcement 
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Learning (RL) Engine, which intelligently determines the 

most optimal sequence of pipeline operations. This engine 

operates using a reward-based mechanism, evaluating each 

task's impact on pipeline performance through indicators 

such as execution latency, data quality improvement, and 

anomaly correction rates. For example, the engine may learn 

that performing missing value imputation before schema 

validation yields better results in certain domains, and 

dynamically adapt the execution order accordingly. 

To ensure adaptability across diverse datasets and domains, 

the framework incorporates a Meta-Learning Module. This 

component enhances the system’s generalization capability 

by allowing models to quickly adapt to new data 

distributions with minimal retraining. In practical terms, the 

meta-learning module supports anomaly detection and 

schema matching functions by leveraging prior learning 

from varied datasets, making it highly suitable for cross-

domain deployment without extensive manual tuning. 

Central to the RL engine’s adaptability is the Policy 

Optimizer, which leverages Proximal Policy Optimization 

(PPO) — a robust and stable reinforcement learning 

algorithm. The PPO algorithm fine-tunes the policy network 

in real-time, updating its parameters based on feedback 

received from executed actions. This ensures that the system 

continuously improves its decision-making process, learning 

from both successful and suboptimal task sequences. 

Finally, the Monitoring and Feedback Loop serves as the 

system’s evaluative mechanism. It continuously observes 

the output of the data pipeline, calculates performance 

metrics, and provides feedback to update the policy 

optimizer. This feedback loop allows the model to evolve 

with time, adapting to changes in data patterns, error rates, 

and resource constraints without manual reprogramming. By 

integrating these components cohesively, the proposed 

architecture facilitates a self-optimizing, intelligent data 

engineering assistant capable of managing complex and 

evolving data pipelines with minimal human intervention. 

 

Mathematical Model 

Let: 

st be the pipeline state at time t 

at be the action (e.g., clean, transform, validate) 

rt be the reward (performance improvement) 

π(at∣st;θ) be the policy parameterized by θ 

The objective is to maximize the expected return: 

 

  
 

Where γ is the discount factor 

 

Algorithm Workflow 

1. Profile incoming dataset → Generate state vector. 

2. Use PPO-RL agent to select optimal pipeline path. 

3. Apply meta-learned data cleaning/anomaly detection. 

4. Evaluate performance → Update policy. 

 

The workflow begins with the profiling of the incoming 

dataset, where the system conducts a preliminary 

examination of the data to extract meta-information 

necessary for decision-making. For example, consider a 

sample dataset customer_data.csv containing fields such as 

ID, Name, Age, Gender, Email, Purchase_Amount, and Join 

Date. On profiling, several data issues are identified: 

missing values in fields like Name and Age, invalid email 

formats, and anomalies such as negative Purchase_Amount 

values and nonsensical dates. This profiling generates a state 

vector, which quantifies these anomalies — including 

metrics like the percentage of missing data, count of invalid 

entries, and schema drift detection flags. This state vector 

serves as the input to the reinforcement learning model, 

representing the current condition of the dataset. 

Once the dataset is profiled and the state vector is generated, 

the system engages the Proximal Policy Optimization 

(PPO)-based reinforcement learning agent to determine the 

most optimal sequence of actions. The agent considers the 

current state and selects a pipeline path that maximizes 

long-term reward, based on historical learning and 

exploration. For instance, the PPO agent may decide on an 

action sequence such as validating the schema, cleaning 

missing values, and then correcting anomalies. These 

actions correspond to built-in operations in the pipeline, and 

their sequence is dynamically determined based on the 

dataset’s characteristics rather than being statically defined. 

Following this, the system proceeds to apply meta-learned 

models for data cleaning and anomaly detection. These 

models are pre-trained across diverse datasets and are 

capable of quickly adapting to new data domains. For 

example, missing values in the Age column might be 

imputed using a k-nearest neighbors algorithm trained via 

meta-learning, while anomalies in the Purchase_Amount 

field (e.g., negative values) are corrected using a domain-

specific median imputation or outlier detection method like 

Isolation Forest. Additionally, malformed email addresses 

are standardized or flagged, and missing or invalid dates are 

inferred using temporal patterns in the dataset. These 

adaptive corrections help ensure high data quality with 

minimal manual intervention. 

After the cleaning and transformation process, the pipeline 

proceeds to evaluate the performance of the executed 

actions. This involves assessing improvements in data 

quality metrics such as completeness, consistency, and 

accuracy. Quantitatively, the system may observe 

improvements like a 35% reduction in pipeline execution 

time, a 22% increase in anomaly detection accuracy, or a 

73% decrease in schema drift resolution time. These metrics 

are used to compute a reward signal that reflects the 

effectiveness of the selected pipeline path. Based on this 

reward, the PPO agent updates its policy using gradient 

ascent, thereby refining its future decision-making 

capabilities. This continuous feedback loop allows the agent 

to learn optimal pipeline configurations over time and 

across varied datasets, enabling the entire system to become 

more intelligent and self-sufficient with each iteration. 

 

Results and Analysis 

The performance evaluation of the proposed self-learning 

AI-driven data engineering system was conducted against a 

traditional manual or static pipeline across several key 

operational metrics. Notably, the data pipeline execution 

time was reduced from 105 minutes to 55 minutes, 

achieving an improvement of approximately 47.6%. This 

substantial reduction is attributed to the adaptive decision-

making capabilities of the PPO agent, which dynamically 

configures the optimal sequence of data processing tasks 

based on real-time profiling. Additionally, the manual effort 

involved in data cleaning was lowered from 8 hours to 5.2 

https://www.computersciencejournals.com/ijcai


International Journal of Computing and Artificial Intelligence https://www.computersciencejournals.com/ijcai 

~ 198 ~ 

hours, reflecting a 35% reduction in human intervention. 

This improvement stems from the integration of meta-

learned cleaning models that can automatically detect and 

correct issues such as missing values, outliers, and format 

inconsistencies with minimal supervision. 

Furthermore, the accuracy of anomaly detection witnessed a 

significant increase—from 78% in the baseline model to a 

perfect 100% using the proposed system. This gain 

highlights the effectiveness of the meta-learning component, 

which adapts anomaly detection strategies to varying 

datasets and domains. Equally impressive is the reduction in 

schema drift recovery time, which decreased from 45 

minutes to just 12 minutes, marking a 73.3% improvement. 

This result showcases the system's capability to recognize 

and resolve schema evolution issues efficiently, ensuring 

smoother data ingestion and transformation processes. 

 

 
 

Fig 1: Pipeline flow comparison 

 

 
 

Fig 2: Policy convergence of PPO agent 

 

 
 

Fig 3: Impact of meta learning module 
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These improvements are visually represented in Figure 1, 

which compares the overall pipeline flow between 

traditional static methods and the proposed self-learning 

approach. Figure 2 illustrates the convergence of the PPO 

policy over multiple iterations, demonstrating the 

reinforcement learning agent’s ability to optimize its action 

selection over time. Meanwhile, Figure 3 presents an 

ablation study emphasizing the contribution of the meta-

learning module, showing clear performance degradation 

when it is excluded from the framework. 

Overall, the experimental results affirm that the self-

learning AI-based pipeline architecture consistently and 

significantly outperforms traditional data engineering 

configurations, particularly in scenarios characterized by 

data inconsistency, evolving schemas, and domain 

variability. This confirms the proposed system’s potential to 

enhance productivity, reduce operational costs, and adapt 

intelligently to the growing complexity of modern data 

environments. 

 

Conclusion 

This paper presents a self-learning AI framework designed 

to automate and optimize data engineering pipelines. By 

leveraging reinforcement learning and meta-learning 

techniques, the system dynamically adjusts pipeline 

behaviors based on observed feedback and evolving data 

conditions. The experimental results show significant gains 

in pipeline execution speed, anomaly correction, and 

schema adaptation. The approach offers a scalable solution 

for enterprises handling complex and ever-changing data 

environments. Future research will explore integration with 

MLOps platforms, support for unstructured data, and 

federated learning extensions for privacy-preserving 

automation. 
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