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This article presents a way to accelerate data engineering productivity with the help of agent-based automation and a
natural language interface, driven by the exponential growth of the global Datasphere and all that extra manual work
required for integration through heterogeneous sources, plus dynamically changing APIs, which slows down changes
making their way to production and increases operational costs. The paper aims to construct an architecture comprising
four layers: a semantic gateway, an agent manager, a unified execution environment, and a closed-loop feedback mechanism
that feeds into validation. These requirements naturally map to dynamic pipelines for self-configuring data processing with
no static DAG script hand-coding involved. It therefore suggests implementing the ReAct and AutoGen agent patterns for
coordinating multiple users via LLM agents in dynamic operation-and-tool-selection workflows. The patterns introduce self-
healing through the automatic diagnosis and correction of failures based on traces of reasoning from telemetry collected
so far, without involving a full redeployment cycle. This also demonstrates that the pattern reduces manual intervention
in assurance levels through increased agent autonomy and multi-agent scheme composability, going beyond classic DAG
structures. Operationally, agents function as an execution-time extension of the REQUEST requirements model—capturing
intent (RE,Q) and converting it into units, events, and scoped trade-offs for dynamic orchestration. Natural language
interfaces reduce the iteration between specifying what is needed and finalizing code, while increasing velocity in bringing
new participants on board, as well as lowering technical barriers for domain experts. The article will be useful for data
engineering researchers and practitioners, as well as automation system developers and solution architects.
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INTRODUCTION

The global Datasphere is growing exponentially: IDC
estimates that the annual volume of data created and
replicated will increase from 45 ZB in 2019 to 175 ZB by 2025,
equivalent to an average yearly growth rate of approximately
30%, exerting severe pressure on teams required to process
increasingly diverse and rapidly evolving information flows
(Reinsel et al., 2018). Velocity is not only about data but
also about event acceleration: enterprise data stores receive
near real-time events from thousands of microservices and
IoT devices, which currently requires engineers to support
dozens of parallel pipelines, ensuring their quality while
controlling infrastructure costs and time to production
(Fu & Soman, 2021; Astronomer, 2024). Throughout, the
REQUEST framework is applied to make requirements first-
class artifacts (Reason, Entities, Questions, Units, Events,
Scope, Trade-offs). This aligns with ACCUT’s data-quality
checks (Accuracy, Correctness, Completeness, Uniqueness,
Timeliness), which the feedback loop validates at runtime.

Together, REQUEST informs ‘what to build, while ACCUT
defines ‘what good looks like’ (Anand, 2025).

This data, at the same time, illustrates the structural challenges
of Al adoption. As reported by TechRadar, up to 75 percent
of Al initiatives never reach production—the integration of
heterogeneous sources and support for constantly changing
APIs being their major challenges (Saurabh, 2025). Gartner
somewhat complements this perspective with its prediction
that, by 2025, at least 30 percent of generative Al projects
will be closed after the proof-of-concept stage due to low
data quality, a lack of reliable risk controls, and increasing
costs (Wierenga, 2024). Such numbers suggest that the
problem does not lie within the algorithms, but rather within
data engineering. In the absence of proper integration
and automation tools, teams are required to manually
work intensively on error corrections, thereby reducing
productivity and delaying the realization of business value.

MATERIALS AND METHODOLOGY

An analysis of ten sources comprised of industry reports,
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scientific publications, and open-source case studies lays
the foundation for the study of agent-based automation
and natural language interfaces boosting data engineering
productivity. Key materials include IDC data describing the
growth of the global Datasphere from 45 ZB in 2019 to a
projected 175 ZB by 2025 (Reinsel et al., 2018), TechRadar
report about Al integration barriers with regards to data
diversity and API support (Saurabh, 2025), Gartner findings
on reasons for closing generative Al projects post-proof-
of-concept stage (Wierenga, 2024), LangChain report on
Al-agent deployment production and corporate plans
(LangChain, 2024), as well as scientific articles about ReAct
and AutoGen approaches showing efficiency that can be
gained via integration of reasoning with action and multi-
agent coordination (Yao et al., 2023; Wu et al,, 2023).

Methodologically, the study combined several complementary
methods: comparative analysis of forecasted and actual
metrics of data volume and velocity based on IDC and
TechRadar reports, which made it possible to assess the
burden on engineering teams; systematic review of Al
integration and pipeline automation practices according
to Gartner and LangChain data, aimed at identifying key
bottlenecks and patterns of successful agent adoption;
content analysis of technical documentation and examples of
agent-framework usage, where dynamic DAG construction
and self-healing mechanisms were examined; and review
of open-source case studies evaluating performance,
reliability, and development and maintenance time costs for
extract-transform-load processes. Evidence coding followed
REQUEST (E,U,Events) to normalize heterogeneous studies
and ACCUT to discriminate quality thresholds. Failures from
case studies were cataloged under a Quarantine Pattern to
separate degradations from hard faults (Anand, 2025).

RESULTS AND DISCUSSION

Manual construction of pipelines remains the primary
factor limiting data engineers’ productivity. Analysis of one
thousand English-language job postings revealed that 70% of
employers require proficient Python skills and 69% require
SQL, meaning these two low-level technologies remain de
facto mandatory even for high-level tasks, as shown in Fig.
1 (Magnet, 2025).
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Fig. 1. Skill Proficiency Distribution in Data Engineering
(Magnet, 2025)

Wakefield Research corroborates this skill distribution:
nearly half of engineers’ working hours are spent creating
and maintaining extract-transform-load scripts, rather than
addressing higher-level analytical tasks (Kaczmarczyk,
2024). The combination of language dependency and manual
code engenders fragility, since any schema or API change
necessitates rebuilding dozens of files, thereby lengthening
the change-deployment cycle.

Even when using industrial orchestrators, the situation
remains far from ideal. In the 2024 Apache Airflow report,
46% of users admit that a DAG failure halts all of a company’s
operational activity, and 72% report noticeable losses in
performance and revenue when pipelines break, as shown in
Fig. 2 (Astronomer, 2024).

100

7%

50

Percentage (%)
&

25

13

Entire operation
halted by Airflow
issles

Several teams
impacted

Importantonlyto  Users depending on  Disruption impacts
their team Airflow overall on systems,
productivity, revenue

Metric

Fig. 2. Operational Dependency on Apache Airflow
(Astronomer, 2024)

Viewed through RIPC, static DAGs resist Reduce (dedupe
steps/I0) and Cache (reuse results across runs), which
agents address via plan reuse and on-demand subgraph
execution (Anand, 2025). The same statistics indicate that
most deployments execute identical tasks daily but require
manual reconciliation of dependencies whenever there is a
change in business logic. The rigid declarative DAG model,
tied to file structure and static configuration, is ill-suited
to dynamic schemas and streaming formats; consequently,
each modification triggers a complete cycle of code review,
testing, and deployment, sharply impeding adaptation.

Finally, the technological divide is exacerbated by
organizational silos. Research by the Business Agility Institute
reveals that 51% of organizations operate as fragmented
units, lacking shared metrics and unified feedback loops
(Leybourn, 2024). Under such conditions, domain experts
formulate requirements outside the context of technical
constraints, engineers interpret them through the lens
of their tools, and the final product emerges with a delay,
requiring numerous clarifications. As long as integration,
orchestration, and communication processes rely on manual
code and static pipelines, data-volume growth only deepens
these gaps, slowing the transformation of raw event streams
into business value.

Agent-based automation eliminates the previously identified
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bottlenecks by transferring control over data flow from static
code to self-directed programs governed by a large language
model. In the terminology of the LangChain report, such
an agent is a system that utilizes an LLM for the dynamic
selection of operations and tools when executing a task,
thereby deploying pipeline logic not in SQL or Python scripts,
but in a dialogue between the model and the execution
environment (LangChain, 2024). Practical interest in this
paradigm is growing rapidly: according to a survey of 1,300
professionals, half of the companies already have agents in
production, and 78% plan to implement them soon, with the
highest adoption among organizations employing 100-2,000
individuals. Although the gap in tracing and observability is
small, enterprise-level companies implement guardrails,
offline evaluation, and online evaluation significantly more
often than small companies, as shown in Figure 3.
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Fig. 3. Agent Control Adoption by Company Size
(LangChain, 2024)

The key advantages of the agent manifest along three
dimensions. First, autonomy reduces the need for manual
edits: the ReAct approach, which unites reasoning and
actions, increased the absolute percentage of successful
outcomes by 34% in ALFWorld and by 10% in WebShop
compared to methods without such coupling (Yao et al,
2023). Next, composability lifts the limit of firm DAG
structures via multi-agent plans, in which expert roles are
shown as separate services. Agent concurrency is capped
with Token Buckets and budgets are adjusted via AIMD
(Additive Increase/Multiplicative Decrease) when 429/5xx
spikes are detected, preserving upstream SLAs (Anand,
2025). AutoGen demonstrates how such agents communicate
with one another to perform complex tasks, ranging from
mathematical proofs to code optimization (Wu et al.,, 2023).
Next, the self-learning of likely paths leads to experience
buildup: each talk round keeps a thinking trace, allowing
quick updates without needing a full revamp of the pipeline.

Concrete implementations have already created an
ecosystem of patterns. ReAct serves as a minimal template
for reasoning and action. LangGraph introduces a graph
dispatcher that connects planning, execution, and monitoring
nodes, and AutoGen provides infrastructure for multi-agent

negotiations with programmable escalation rules. As aresult,
agent-based automation establishes a new abstraction level
for data engineering, allowing teams to focus on business
logic rather than on auxiliary code.

The natural-language dialogue layer completes the transition
from static scripts to dynamic agents, since it renders the
data infrastructure comprehensible to business users and
liberates engineers from the role of requirement translators.
Organisations that have adopted such interfaces report
that staff spend less time clarifying reports, and high-level
analytical tasks are resolved more rapidly.

Technically, the interface is built on top of semantic parsing
mechanisms: the model extracts entities, constructs a
structured plan, and then outputs a formal representation,
such as an SQL query or an operations graph. Plan generation
is constrained by Kimball’'s 4-step modeling (business
process, grain, dimensions, facts) and the STAR terminology,
ensuring that analytical intents map deterministically to
warehouse constructs (Anand, 2025). Complexity shifts
from manual rules to hybrid schemes in which a transformer
interprets context and a domain ontology verifies table and
column references.

The integration with the agent architecture is evident in that
the parsing result is delivered not to a static orchestrator
but to an agent manager, which dynamically assembles
and refines the execution graph. Open-source repositories
demonstrate this principle: a ReAct-based planner forms a
high-level DAG, then delegates tasks to specialized agents,
allowing them to negotiate step order and automatically
embed feedback loops. When a user requests preparation
of a sales data mart for the past quarter, the extraction,
cleaning, aggregation, and publishing nodes emerge during
the dialogue, and dependencies are computed on the fly.

The practical benefit is expressed in a reduction of iterations
between the requirement specification and the final code.
The domain expert interacts via chat, and the system
disambiguates requirements, immediately generating an
executable plan. This allows the engineer to oversee quality
more closely than manual writing. At the same time, welcome
time drops as chat helpers share plan rules, check questions,
and offer path layouts. This enables new users to transition
from learning to creating quickly, bringing business value
from data in a short period.

The natural-language interface unites agents and end-
users, translating objectives into formal graphs, reducing
manual iterations, lowering the entry barrier, and resulting
in boosted data team productivity as a pathway to more
autonomy in pipelines.

In the proposed architecture, the logic for transforming
a request into a final result is distributed across four
interrelated layers, each solving its task and passing
context to the next. The entry point is the natural-language
processing gateway, which accepts user utterances, identifies
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entities and intents, clarifies term definitions via brief
queries, and forms an intermediate intent representation as
a structured schema. The gateway’s key role is to decouple
request semantics from the specific platform syntax, so
that subsequent steps become independent of the original
text format, programming language, and data organisation.
Callout - Operational contract is as following: Gateway maps
REQUEST (R,E,Q,U, Events, Scope, Trade-offs), intent schema;
Execution publishes lineage/metrics by Medallion layer
(Bronze raw, Silver conformed, Gold metrics); Feedback
enforces ACCUT (Accuracy, Correctness, Completeness,
Uniqueness, Timeliness) and applies the Quarantine Pattern
for partial /benign failures (Anand, 2025).

The gateway’s output plan is sent to the agent manager, who
assigns roles, selects existing specialised agents or creates
new ones, allocates subtasks, and, if necessary, coordinates
their negotiations. The manager maintains a competence
map, reputation scores, and interaction history, enabling it
to decide dynamically which agent handles data extraction,
which handles cleaning, and which enforces policy
compliance. Externally, all of this occurs transparently to the
user: the chat remains concise, and the complexity is shifted
into the managed agent environment.

Once the plan is finalised, control information is transferred to
the execution environment where computations are carried
out. Whether Dagster with declarative resources, Airflow with
a classic DAG, or Prefect with task-oriented flows is chosen,
agents access a unified interface: they publish graph nodes
along with metadata, and the orchestration system executes
them in optimal order, managing dependencies, retries, and
scaling. This separation allows for changing orchestration
technology without rewriting the language-understanding
or agent-logic layers, since inter-layer contracts are defined
abstractly.

The closing component is the feedback loop, which
completes the path from result back to the original
request. The execution environment returns task status
logs, resource usage, and data-quality metrics to the agent
manager, where these events are analysed and aggregated.
If metrics fall outside predefined thresholds, relevant agents
can reconstruct the plan, adjust parameters, restart a stage,
or request clarifications from the user via the same chat.
Over time, accumulated information is used to fine-tune
gateway prompts, optimize agent-selection strategies, and
enhance standard workflows. Consequently, each processed
request makes the system more accurate, and data teams
gain a self-configuring platform that reduces time to change
delivery, improves resilience, and increases transparency
across the data lifecycle.

The rapid development of extract-transform-load processes
becomes a natural outcome of the described architecture.
The user states a goal in natural language, the gateway
converts it into a plan, and the agent manager decomposes

the taskinto extraction, cleaning, aggregation, and publishing
stages, selecting a specialised executor for each. Since
agents leverage a library of ready-made transformations
and automatically negotiate formats and dependencies, the
engineer receives an almost complete pipeline that requires
only verification and execution. The time between idea and a
working pipeline contracts to a single chat iteration, which is
especially critical for analytics teams operating under rapidly
changing requirements.

Continuous data-quality monitoring is built on the same
mechanism but operates in the background. Observer
agents access real-time execution logs, compute distribution
statistics, validate business rules, and notify other agents or
the user of detected anomalies. When necessary, they can
initiate additional cleaning or restart parts of the pipeline
without human intervention, while preserving a complete
audit trail of changes. Such end-to-end control enables
problem resolution before failures manifest in reports
or client applications, freeing the engineering team from
routine monitoring tasks.

Self-healing in production environments relies on
accumulated feedback data. When the execution environment
detects metric deviations or an unsuccessful task completion,
the diagnostic agent analyzes the failure context, compares
it with known patterns, formulates hypotheses about the
causes, and proposes actions, for example, adjusting resource
parameters or splitting the task into smaller parts. Once a
hypothesis is confirmed, the execution agent automatically
applies the correction and restarts only the affected
segment of the graph, thereby minimizing downtime. If the
problem requires clarification, the system poses questions
to the developer via chat and, upon receiving a response,
implements changes without a complete deployment cycle.
Thanks to this approach, the production data pipeline
becomes more flexible, and fault tolerance increases without
adding to the team’s workload.

Implementing agent-based automation and a natural
language interface should reasonably begin with an objective
assessment of the maturity of existing data-processing
workflows. The team collects information on current
pipelines, orchestration tools, and quality standards, analyzes
the frequency of changes and the criticality of failures, and
then selects a pilot scenario in which risk is limited and the
expected benefit is evident for the business.

Next, select the technology stack. Select between a hosted
provider and a local instance of the language model to
use. Choose an orchestration system, select an agent
specification format, and create a secure secrets repository.
Access-control methodologies, encryption strategies, and
token-lifetime policies are established by documenting the
steps for processing personally and commercially sensitive
data. Security is better done early, so it does not become a
bottleneck later when the load comes. Governance aligns
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with REQUEST’s ‘Scope/Trade-offs’: PII handling, secret
rotation, and access tiers are defined; provenance is logged
for lineage (Anand, 2025).

When the setup is done, the pilot flies in shadow mode. Agents
build another processing graph and run it in conjunction
with the main line, collecting data on accuracy, speed, and
resource utilization, but do not overwrite production data.
This comparison reveals discrepancies without risking
operational continuity. Once the results verify model stability,
traffic is gradually rerouted to the automated pipeline, and
manual procedures are either disabled or retained as a
fallback for force-majeure scenarios. Spark Ul stage metrics
(shuffle read, skew distribution, GC time) are captured on
shadow runs to pre-tune partitions; out-of-policy rows are
quarantined with signed manifests for triage (Anand, 2025).

Transitioning to full-scale operation demands continuous
learning. Reasoning logs, resource telemetry, and user
feedback become the dataset for refining prompts and
model parameters. The team establishes cycles for regular
security-rule reviews, updates ontologies, expands the
library of ready-to-use transformations, and classifies new
error types. Systematic adaptation maintains the agents’
knowledge currency and enhances platform efficiency as
data structures and business processes evolve.

Therefore, the proposed architecture of Agent-based
automation plus natural language interface addresses the
main pains of modern data engineering: it changes static
pipelines into dynamic sequences of actions, reduces manual
iterations, speeds up change promotion to production,
enhances fault tolerance and transparency of processes, and
decreases the learning curve for domain experts and new
team members. Due to the layers of the semantic gateway,
agent manager, execution environment, and closed-loop
feedback, the system stores and utilizes experience gained
from every iteration to facilitate self-learning and continuous
improvement of data pipelines.

CONCLUSION

An agent-based automation architecture with a natural
language interface appears to be a plausible solution to
the primary weakness in traditional data engineering: the
exponential growth in both volume and velocity of manual
effort required to integrate heterogeneous sources, as well
as manage changes to APIs. Wherever engineers have to
support dozens of concurrent pipelines built using low-
level Python and SQL technologies, agent-based automation
relocates data-processing logic from static scripts to
dynamic dialogues between a large language model and
the environment, thereby substantially reducing the time
consumed manually coding and testing changes.

The major advantages of this methodology are apparent
in three correlative ways: liberty, the ability to assemble
components, and self-directed learning. The liberty of

agents utilizing the ReAct schema ensures task fulfillment
is efficiently accomplished without requiring developer
assistance. The capacity for multi-agent plan construction
abolishes the confinements imposed by conventional DAG
arrangements. This allows moving away from expensive
cycles of code-checking and manual tuning to an active chat
where the system itself generates and executes the best
plan.

The architecture comprises four consecutive components
that perform different functions and share the output: a
semantic gateway for preprocessing and disambiguating
natural language queries, an agent manager thatassignsroles
and manages specialists, a unified execution environment for
managing orchestration frameworks, and a feedback loop
that includes monitoring validations and self-healing. This
compartmentalization allows orchestration components to
be replaced without impacting the language-understanding
logic or agent management and enables data quality control
for the whole process.

Begin by assessing the maturity of current processes and
select a low-risk scenario as a pilot, then configure the
language model, orchestration systems, and security. Test in
shadow mode and then gradually reroute traffic. Set cycles
for regular agent retraining based on telemetry and logs. This
way, it will be possible to achieve quick returns during the
experiment phase while simultaneously keeping operational
risks low and laying a foundation for scaling.

In conclusion, integrating agent-based automation with
a natural language interface transforms static pipelines
into adaptive, self-configuring data pipelines, reduces
manual iterations from requirement to working solution,
accelerates change promotion to production, increases
process transparency and fault tolerance and lowers the
barrier to entry for domain experts and new team members,
thereby significantly enhancing the overall productivity of
engineering units.
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