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Abstract

With the surge of large language models (LLMs) and multi-agent Al, a paradigm shift in data engineering practice has
started. Enterprise data is growing at an exponential rate, with the number of data schemas increasing. Operational overhead
and maintenance effort for conventional Extract Transform Load (ETL) methods, which involve manually-authored scripts,
poorly-forged dependency graphs and reactive maintenance, are vastly exorbitant. This paper introduces the multi-agent
Al system, the Autonomous Data Pipeline Orchestration (ADPO) framework, where specialised agents can autonomously
generate, deploy, monitor, self-heal and govern different kinds of data pipelines with minimal human oversight. The ADPO
architecture consists of a large language model (LLM) backend of GPT-4 class language models, a langchain based ReAct
agent, Apache Airflow 2.8 for workflow's scheduling, Kubernetes for elastic container orchestration, and Delta Lake to
store the state of machines in an ACID (atomicity, consistency, isolation, durability) compliant way. Empirical testing has
shown that, against 150 real world pipeline scenarios, ADPO decreases pipeline generation time by 78.6% (from 36.4s to
7.8s), decreases mean time to repair (MTTR) by 88.1% (from 41.2 min to 4.9 min), and improves the data quality composite
score from 63.7% to 91.6% as compared to manual baselines. ADPO continues to scale near-linearly up to 500 pipelines
simultaneously and delivers 51,000 records per second for a 3.6x improvement over pipeline rule-based implementations.
These findings make ADPO a leading proprietary solution for autonomous data engineering that have far-reaching impacts
for enterprise reliability, compliance and the transformation of engineering people.

Keywords: Autonomous Data Pipelines; Agentic Data Engineering; ETL Automation; Large Language Models; Multi-
Agent Systems; Apache Airflow; Kubernetes Orchestration; Self-Healing Systems; Data Governance; MLOps

1. Introduction This manual paradigm has four types of technical debt.
For one, pipelines take time to setup: even if someone is

The enterprise datasphere will see 2 TNgR g tigg familiar with the process, it will still take hours or days

growth from different solutions, such as real-time . L.
to design, test and deploy a new pipeline to a new source

of data. Secondly, there's fragility around maintenance:
schema drift, changes in upstream APIs (that pipelines
depend on), unexpected data quality violations lead to
pipeline failures and impact dependent workloads. Third,
it is an inconsistent governance with manually written
codes, compliance issues like GDPR, CCPA and HIPAA
require systematic lineage tracing, access control and
anomaly detection. Fourth, it is not scalable: The more

analytics, machine-learning pipelines and regulatory
reporting systems to a forecasted total of 175 zettabytes
by 2025 across the entire globe [1]. Topping this
consumption is a series of application processes known
as Data Pipelines which ingest, clean, transform and
route raw data to downstream consumers. Even though
these pipelines are critical, they are still mostly manual
efforts where data pipelines are developed by a data
engineer writing Python or SQL, and typically using an
orchestration system like Apache Airflow or dbt
downstream of the data pipeline, and reacting to
problems in the pipeline [2].

pipelines that are added from dozens to thousands, the
more engineers who need to oversee them.
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Recent progress in the fields of LLMs, prompt
engineering and multi-agent orchestration frameworks
provide an opportunity for overcoming these limitations.
LLMs like GPT-4 and Gemini Ultra have shown
amazing capability in that they can execute synthetic
Python or SQL code from a specification written in
natural language [3]. To empower LLMs to plan multi-
step actions, invoke tools, and respond adaptively to
intermediate results, autonomous agents’ frameworks
like LangChain, AutoGen, and CrewAl can be used.
Having elastic infrastructure to deploy and scale the
resulting pipelines with the low operational overhead is
possible with container-native orchestration through
Kubernetes.

However, none of the existing efforts suggest a
completely integrated, end-to-end architecture where
LLM-powered agents can be used to generate and deploy
data pipelines as well as monitor them, automatically
recover from failures, and even enforce data governance
policies. In this paper, we take up this question and make
the following contributions:

(1) The ADPO framework is a multi-agent architecture
of Al for pipeline generation, self-healing maintenance
and governance-by-design.

(2) Reference implementation with Apache Airflow 2.8,
langchain, kubernetes (aws eks) and Delta Lake.

(3) truly practical tests in 150 scenarios that yield huge
gains in generation latency, MTTR, data quality and
throughput scalability.

(4) Analysis of consequences on the engineering
workforce, requirements for regulatory compliance and
limits in safe autonomous deployment.

2. Related Work
2.1 Traditional ETL and Pipeline Automation

Academic research on ETL automation had its
beginnings in the early 2000s with a set of rule-based,
metadata-driven solutions like IBM DataStage and
Informatica PowerCenter, which offered some hints of
automation of data-mapping and data-transformation
logic. The drawback of these platforms is the fact that
they have deterministic rule engines, and a rigid set of
connectors, which makes it hard to adjust to new
schemas or unknown data fluctuations [6]. Declarative
transformation frameworks like dbt make code-reuse and
testability more possible recently, but still require to
write SQL models manually by the engineer [7]. Two
comparative studies [8, 9] by Srivastava et al. and by
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Chen et al., respectively, have verified that the time of
development is reduced by 30 - 40% using a semi-
automated pipeline compared with a fully manual one,
but showed that semi-automated pipelines add new
modes of failure due to templating issues and version
drift.

2.2 Large Language Models for Code Generation

Since the release of the first such models (Codex [3] and
later), using LLMs for software synthesis has surged in
popularity. Recent benchmarks show GPT-4's
performance of more than 85% pass@1 HumanEval [10]
and on par scores for text-to-SQL benchmarks [11]. For
data engineering scenario, Rao et al. [12] demonstrated
that LLM-generated Spark jobs achieve a performance
that is equivalent to that of hand-written counterparts on
72% of the benchmark tasks; Liu et al. [13] showed that
automated schema mapping is achieved with F1 score of
0.89. These studies however, speak of the individual
parts of the pipeline and not integrated lifecycle
management. Moreover, Chatterjee and Malaraju [14]
pointed out the significance of resilient engineering in
cyber-physical systems that holds true with the pipeline
generated by LLMs needing to function in adversarial or
unpredictable environments.

2.3 Multi-Agent Al Systems

Multi-agent systems (MAS) divide up the application
task in specialised agents which cooperate, negotiate or
compete with each other for accomplishing the system
level goals [4]. Language models have been used to
coordinate LLM-based agents to collaboratively debug
and refactor code with AutoGen in the software
engineering domain [15]. In the ReAct paradigm [16]
reasoning and tool invocation are alternated allowing the
agents to make dynamic changes to plans according to
feedback from running plans a predominant feature of
self-healing systems. Kakaraparthi [17] showing how
automated code generation can build deployment
pipelines faster and thus have a direct bearing on an
autonomous pipeline deployment. In addition to that,
Malaraju et al. [5] demonstrated that, Kubernetes
orchestration in a hybrid cloud setup is able to offer the
substrate infrastructure needed to keep agents elastic,
fault tolerant and deployed.

2.4 Data Governance and Quality Automation

Automated data governance includes such things as
schema validation, lineage tracking, access-control
enforcement and anomaly detection. Apache Atlas,
OpenMetadata and DataHub can provide metadata
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management capabilities but need to manually set up
data quality rules [6]. Hassan et al. [18] analysed how
generative Al was performed in enterprise processes and
found that governance represents one of the challenges
for adoption. A malicious session management was
discussed by Arella and Malaraju [19]; Kubam [20]
showed Al-enabled capabilities to assess the attacks at
par with anomaly-detection needs of data pipelines. In
this work, we further build on these with the ability to
bake into the LLM agent prompt a governance logic,
establishing a governance-by-design paradigm over a
governance-as-afterthought paradigm.

2.5 Research Gap

Combining the above, there is work that considers
isolated aspects of pipeline automation (code generation,
agent coordination or governance) but no study that
proposes an integrated architecture that considered all
aspects of the pipeline lifecycle. ADPO addresses this
need by consolidating these functions into a
comprehensive multi-agent framework in a unified way
and offers the first extensive empirical assessment of
end-to-end autonomous pipeline control.

3. Methodology

The research design used is a mixed methods approach
that is based on design-science research (DSR) and
empirical benchmarking. Attached to the artefact
construction phase (rise of the ADPO construction,
which is the design phase and implementation) is DSR,
and on the evaluation phase it is the empirical
benchmarking. The research methodology process
adopted in this study is illustrated in fig.1 and the whole
five layer system architecture of ADPO is shown in fig.2.

S ————
Problem Definition & Literature Review

« Gap analysis of ETL automation
« Survey of 40+ works (2020-2026)

! J

Architecture Design

* Multi-agent system design
* LLM integration for code synthesis

! "

Prototype Implementation

* Python - Airflow 2.8 - LangChain
* Kubernetes on AWS EKS

!

Empirical Evaluation

« 150 real-world pipeline scenarios
* Comparison vs. SOTA baselines

Analysis & Validation

* ANOVA, paired t-test (p < 0.05)
« Expert review by 12 senior engineers

Figure 1. ADPO Research Methodology Framework
illustrating the five-phase research process
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3.2 System Architecture

All of the logical layers of the ADPO architecture are
illustrated in Fig. 2. The Intent and Goal Layer take
natural language and/or structured-specification inputs
from human engineers and leverages the prompt
engineering layer which is trained on 10k annotated
pipeline examples to formally encode the pipeline
objectives. The Al Orchestration Engine is used to run
three specialised agents using a 'supervisor pattern' in
LAngChain. The Pipeline Generation Agent applies
system engineering and Al capabilities to GPT-4 Turbo
with temperature value 0.2 and chain-of-thought (CoT)
prompting to construct executables dbt models, Great
Expectations suites and Airflow DAGs. The Self-
Healing Agent uses Prometheus to watch Live Pipeline
Metrics and automatically kicks off repair flows soar
above anomaly thresholds. The Governance and
Compliance Agent apply decorators to instrument and
add access-control policies to the generated code at
deployment time to enforce GDPR, CCPA and HIPAA
requirements.

Layer I: ntent & Goal
Layer 2: Al Orchestration Al Orchestration Engine
LangChain ReAct Supervisor
Pipeline 5 B At Governance &

Layer 3: Specialist Agerss - | PRNSCHUNYITY g agen Compliance Agent

GPT-4 - CoT + DAG synth Promethes - AutoRepair GDPR - CCPA - HIPAA
Layer 4: Runtime Platform

Data Lake

Layer 5: Storage (Raw/ Silver Zone)

Delta Lake 3.1 - ACID < Hi Redshift RA3 - dbt

Figure 2. ADPO System Architecture showing the
five-layer hierarchy from intent specification (Layer
1) through the AI Orchestration Engine (Layer 2),
Specialist Agents (Layer 3), Runtime Platform (Layer
4), and Storage Zone (Layer 5).

3.3 Implementation Stack

The complete methodology configuration is given in the
Table 2. The heart of the implementation is in Python
3.11, Apache Airflow 2.8.1 (in distributed mode with
CeleryExecutor) and LangChain 0.1.17 to run the agent
orchestration. Kubernetes 1.29 is used on AWS EKS for
the deployment of pipelines with Horizontal Pod
Autoscaling (HPA) based on 65% CPU utilisation and a
replica range of 3-50 nodes. Overall, Delta Lake 3.1 is
used for the raw and silver (intermediate) zones of
storage and Amazon Redshift RA3 for the gold (curated)
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zone of storage. Prometheus 2.51 is used for monitoring
(scrape interval is set as 15 seconds) along with Grafana
10.3 for dashboarding. Continuous deployment is done
with a GitOps based workflow, using GitHub Actions
and ArgoCD 2.9 that features automated rollback, in case
of a health-check failure.

Table 2. Methodology Configuration- Technology
Stack and System Parameters

Component | Technolog | Configuration | Versio

y n
Orchestrati | Apache HA mode - | 2.8.1
on Engine Airflow CeleryExecut
or
LLM GPT-4 Temp=0.2 - | 2025-
Backend Turbo CoT previe
prompting W
Agent LangChain | ReAct agent | 0.1.17

Framework | + AutoGen | pattern

Container Kubernetes | HPA - 3-50 | 1.29
Runtime (AWS replicas
EKS)
Data Delta Lake | ACID - Z-| 3.1 /
Storage + Redshift | ordering RA3
Monitoring | Prometheu | 15 s scrape | 2.51 /
s + Grafana | interval 10.3
CI/CD GitHub GitOps - auto | 3.5 /
Actions + | rollback 2.9
ArgoCD
Data Great 500+ 0.18.1
Quality Expectatio | expectation 2
ns suites

3.4 Experimental Design

The evaluation benchmark is a set of 150 real-life
pipeline scenarios from three enterprise areas financial
services (n=50), healthcare data integration (n=50) and
e-commerce analytics (n=50). Scenarios range from
simply flat tables (Schema Complexity) to deeply nested
JSON (Schema Complexity up to 50+ data fields), 1GB
to 10 TB per day (Data Volume) and from identity,
enrichment  and  aggregation  (Transformation
Complexity) to compliance and GDPR and HIPAA
(Compliance Regime). All the scenarios were performed
in three different conditions — the Manual ETL
(baseline), the rule-based semi-automation (Informatica
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powercenter) condition, and the ADPO condition.
Outcomes measured are pipeline generation time, MTTR
for injected fault conditions, the data quality composite
score and throughput at 10, 50, 100, 200 and 500
concurrent pipelines. Paired t-tests were used to
determine whether there were any significant differences
both between the different ways of measuring walking
and running time for the same video (p<0.05) and for
estimation of effect sizes, Cohen's d was calculated.

4. Results

In this section, the results of the 150-scenario benchmark
evaluation the empirical findings are presented.
Outcomes are grouped by four criteria of performance:
(i) generation of pipeline efficiency, (ii) fault recovery
and self-healing, (iii) data quality and compliance of
governance policy and (iv) concurrent load scalability.
The difference between ADPO and manual baselines are
statistically significant at p < 0.001, unless stated
otherwise. The effect size, Cohen's d for the primary
generation-time metric is d = 2.14 (very large).

4.1 Comparative Performance

Table 1 compares the results of ADPO with 4 reference
systems in detail for the 5 main evaluation metrics.
ADPO delivers highest level of performance across all
metrics and scores especially well with regard to MTTR
(-88.1%) and governance automation rate (+82
percentage points).

Table 1. Comparative Performance of Evaluated
Pipeline Automation Systems

System / Metric Pipeline Gen | MTTR (min) | DQ
(s) (%)
Manual ETL (Baseline) 36.4 41.2 63.7
Informatica (Rule-Based) 24.1 21.7 71.4
dbt + Airflow (Semi-Auto) | 18.3 17.5 76.2
AutoPipe (Zhang et al.) 12.9 11.8 80.1
ADPO (Proposed) 7.8 4.9 91.6

Based on the data in Table 1, the generation time of
pipelines can be reduced from 36.4 s (manual baseline)
to 7.8 s (+78.6% reduction); MTTR from 41.2 min to 4.9
min (+88.1% reduction); governance automation from
12% to 94% (+82 pp). The data quality composite score
improves from 63.7% to 91.6% (+43.8%). The benefits
of such gains are those of parallelised code synthesis of
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LLM, continual automated monitoring and governance-
by-design injection during generation of pipelines.

4.2 Pipeline Generation Latency

Figure 3 shows a comparison of pipeline generation time
and MTTR for all five systems that were analysed.
Paralellized DAG synthesis results in the 7.8-second
generation time for ADPO, as it simultaneously
generates the transformation code, quality suite in Great
Expectations and the task order in Airflow. The 95%
confidence interval for the generation time of ADPO in
the 150 scenarios is [7.1 s, 8.5 s] indicating small
variation and high reliability.

(a) Pipeline Generation Time

(b) Mean Time to Repair (MTTR)

3645 412 min

Manual ETL  Informatica  dbt + Airflow  AutoPipe ADPO
(Baseline)  (Rule-Based)  (Semi-Auto) (Zhangetal)  (Proposed) (Basclive)  (Rule-Based) (Semi-Auto) (Zbangetal) (Proposed)

Manal ETL  Informatica  dbt+ Aiflow  AutoPipe ADPO

Figure 3. Pipeline Generation Latency and Self-
Healing MTTR Comparison. Panel (a) shows
generation time in seconds; panel (b) shows MTTR in
minutes. Green bars indicate ADPO. Percentage
values show reduction relative to manual baseline.

A secondary finding is the generation time of ADPO,
which seems to depend more or less equally on the
complexity of the schemas present in the code, as
indicated by the following F-value and significance level
of the comparison of the 4 sets of schemas (F(3, 146) =
1.24, p = 0.298): Complex nested schemas are handled
no more or less poorly by the LLM backend than simple
flat tables. The manual baseline, however, indicates that
the generation time of a simple schema compared with a
complex schema are multiplied by a factor of 340 (14 s
vs. 48 s, p<0.001), confirming that ADPO removes a
critical tank when it comes to enterprise data engineering
workflows.

4.3 Self-Healing Performance by Fault Category

Finally, 5 types of fault schema drift, null-value floods,
upstream API timeouts, data-type mismatches and
referential integrity violations were inserted both within
the 150 scenarios (n =30 for each of these faults). Figure
4 shows MTTRs for each type of fault, with null-value
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floods being the lowest (2.1 min), since they are so
simple that they don't need any new logic to be turned
into transformation code, and schema drift taking the
longest (8.3 min), where the affected transformation
logic needs to be re-generated, followed by downstream
quality checks.

m= Manual Baseline (min)

Average MTTR reduction: 88.5%
50 = ADPO min) -

Mean Time to Repair — MTTR (minutes)

Schama Null-Value APl Data-Type Raferential
Dt Flood Timeout Mistmateh Integrity

Figure 4. MTTR by Injected Fault Category for
ADPO vs. Manual Baseline. Error bars represent £1
standard deviation across 30 scenarios per category.
Average MTTR reduction across all fault types is
shown in the annotation box.

This is through 3 parts to the Self-Healing Agent’s
recovery protocol: (1) anomaly detection through
Prometheus alert rules, (2) root-cause hypothesis
generation by generation of an LLM fed pipeline logs,
schema history and data-quality reports and (3)
automated patch deployment by ArgoCD. 87% of the
time, the agent was able to maintain an autonomous
resolution of the faults. The other 13% needed human
review mostly for cases where there were changes to
business rules that would be ambiguous "for this agent"
if dealing with mere 90% certainty. Such 87%
Automation rate be contrasted with the by no means
Automation rate of 0% for manual Baseline and 34% for
rule Based systems.

4.4 Data Quality and Governance Compliance

Figure 5 shows a multi-dimensional radar of Quality and
Compliance for the six dimensions of Governance. An
overall score of 88.3% is achieved for ADPO's
governance compliance vs. a manual baseline of 63.7%
(a 38.5% improvement in its performance).
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Anomaly
Detection

Lineage
Tracking

—8— ADPO (avg = 90.0%)
-4~ Manual Baseline (avg = 64.5%)

Data Freshness

Figure 5. Data Quality and Governance Compliance
Radar. ADPO (blue shaded polygon) outperforms the
manual baseline (red dashed polygon) across all six
compliance dimensions. The largest by far is the
conformance of compliance regulations
(GDPR/HIPAA/CCPA), which goes up from 61% at the
baseline manual stage to 92% at the ADPO stage, a gap
of 31 percentage points that is driven by how ADPO
automatically adds to code generated data-masking
decorators, lineage-tracking annotations, and access-
control policies. Interestingly, Data freshness exhibits
the smallest difference (88% vs 71%) as both of them are
limited by source latency (upstream) and not by
orchestration efficiency.

4.5 Scalability Under Concurrent Pipeline Load

Throughput was measured with five simultaneous
pipeline loads and the results shown in figure 6. At peak-
load, ADPO could scale near linearly from 10 to 500
parallel pipelines with a throughput of 51,000 records per
second a 3.64x speed up from the throughput of 14,000
records per second that was seen to saturate the
throughput of the rule-based implementations.

=&~ ADPO (Proposed)

S0000

10000

£ 30000

Z 20000

10000

10 50 100 200 500

Concurrent Pipeline Count

Figure 6. ADPO Throughput Scalability vs.
Concurrent Pipeline Load. ADPO (blue solid)
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sustains near-linear growth to 500 pipelines via
Kubernetes HPA. the bascline is the rule-based (red
dotted) which saturates in the vicinity of 100 concurrent
pipelines. The throughput advantage of ADPO with
respect to the baseline is shown as shaded area.

This near linear (linear for the rest of us!) scaling profile
of ADPO can be explained from the cue to the fact that
Kubernetes HPA configuration seamlessly scales up new
Airflow worker pods as the queue increases. Latency
measurements are now used to measure the end-to-end
latency for the 99th percentile at all the loads tested
which are below that 12-second SLA specified in the
financial-services scenarios. According to cost analysis,
by using the dynamic scaling feature of ADPO, the
compute costs saved due to the reduced idle compute cost
comes to 43% compared to over provisioned static
cluster that is used as a baseline.

5. Discussion

With the results, there is clear evidence of the ADPO
framework being effective in delivering significant
measurable benefits in every dimension of data pipeline
management measured. This 78.6% improvement in the
time to generate the pipeline matches the hypothesis that
tasks like constructing a DAG are well defined,
structured, and can be dramatically sped up using LLM-
based code synthesis. The even more significant decrease
of 88.1% MTTR captures the compounding benefit of
24/7 automated detection and insight through LLM-
based root cause analysis, avoiding detection latency and
the overhead of switching from one incident to another
that is performed by humans.

Of special note, however, is the 91.6% data quality
composite score achieved by ADPO (with a 43.8%
relative improvement), from an enterprise data reliability
point of view. Inconsistent generation of comprehensive
quality suites by the LLM agent fills an important
blindspot in current practice as data quality defects are
estimated to cost U.S. organisations $12.9 million per
year [21]. Good results were found in the near ubiquitous
use and focus on governance by design (94% governance
automation), which opens the door to transform
regulatory compliance from a periodic audit activity to
one of continuous and automated processes.

The ADPO framework represents a transition to a high-
level engineering/supervisory workforce from low level
manual coding. By achieving an 87% automatic fault-
resolution rate, data engineers working with ADPO focus
about 87% of their time on goal definition, system
configuration, and review of escalated edge cases which
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require the input of key domain knowledge and business
judgment instead of doing routine pipeline coding and
debugging. In line with Chatterjee's [22] conception of
disaster recovery planning for utility industries, this
highlights the importance of human supervision focused
at "decision boundaries". In the future, data engineers
will need to be more adept at prompt engineering, agent
supervision, and designing data governance policies and
less at imperative ETL coding.

ADPO outperforms AutoPipe [23] the most comparable
prior system on every metric: generation time (7.8 s vs
12.9 s, =39.5%), MTTR (4.9 min vs 11.8 min, —58.5%),
data quality (91.6% vs 80.1%, +14.4%), and governance
automation (94% vs 63%, +49.2%). When it comes to
architecture, the main significant difference is that
governance code is generated at first and then injected
into the generated code by ADPO via a persistent
Governance Agent, which is based on a governance-by-
design approach (as promoted by Hassan et al. [18]).

The present results have several limitations which
restrict generalisability. The evaluation's backend is
GPT-4 Turbo, which means it is dependent on a closed
source model whose long-term availability and pricing
aren't known. Secondly, the 150 scenario-benchmark
lacks real-time streaming pipelines (< 1 s latency) and
other data modalities (images, audio) that are
unstructured. Third, the escalation rate - in this case, at
13% - also shows that even yet no complex fault
scenarios with murky changes in business rules are
effectively resolved autonomously. Fourth, the existing
implementation does not fully consider security aspects,
specifically prompt injection attacks into the LLM agent
[14] may be possible.

6. Conclusion

The Autonomous Data Pipeline Orchestration (ADPO)
framework, a multi-agent Al system, has been presented
in this paper, which autonomously manages the full life-
cycle of enterprise data pipelines, from natural language
specification and code generation to deployment, self-
healing maintenance and governance enforcement. Real-
world pipeline scenarios (n=150) show that the Phoria
methods can transform pipelines when compared with
manual and semi-automated baselines: 0.25 times longer
time to generate pipelines, 0.11 times MTTR, 0.56 times
lower data quality scores, and 3.64 times higher
throughput at scale.

These findings support the main claim that combining
these three generates a new type of enterprise data
engineering operational model in which human
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engineers are no longer tasked with routine coding, but
act as strategic supervisors, guiding and coordinating the
different components through the use of LLMs and
cloud-native  container orchestration. With the
datasphere expanding and regulatory compliance
increasingly becoming a necessary condition,
autonomous pipeline orchestration, as shown by ADPO,
will become a requirement for organisations aiming to
reliably, effortlessly, and even that's-rightly use their
data assets to deliver business value.

Following the generation of the ADPO framework,
implementation artefacts and benchmark data set will be
published as community open-source contributions to
help with reproducible research and to help fast-track the
autonomous pipeline management adoption.
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