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Abstract 

The field of data engineering is currently navigating a pivotal transition from reactive, chatbot-assisted workflows to 

the deployment of proactive, autonomous agents. This survey examines the architectural and socio-technical drivers of 

this evolution, synthesizing recent advancements in large language model (LLM) reasoning and multi-agent 

orchestration. The analysis begins by situating the emergence of autonomous data engineering (ADE) within a global 

context of severe IT talent shortages, where a lack of skilled personnel has become the primary bottleneck for emerging 

technology adoption. The report then details the fundamental architecture of LLM-based agents, categorized into 

profiling, memory, planning, and action modules. Key frameworks such as ReAct and AutoGen are analyzed for their 

ability to synergize reasoning with environmental interaction and to enable complex, multi-turn conversation 

programming. Furthermore, the survey evaluates the state of the art through a rigorous examination of benchmarks such 

as DS-1000, BIRD, and SWE-bench, which underscore the persistent gaps between automated systems and human 

performance in large-scale database environments. Finally, the report explores the technological foundations of self-

healing pipelines and retriever-aware training, providing a roadmap for future research in autonomous, schema-aware 

data orchestration. 
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Introduction 

The information technology sector is witnessing a "Great Talent Reset," characterized by a profound mismatch between 

the demand for sophisticated digital infrastructure and the availability of human expertise.[1] As organizations 

accelerate their digital transformation efforts, the scarcity of technical talent has emerged as a critical impediment. 

According to research from Gartner, IT executives now identify talent shortages as the most significant adoption barrier 

for approximately 64% of emerging technologies, a staggering increase from only 4% in 2020.[3] This crisis is 

particularly acute in data engineering and cloud management, where the complexity of modern data stacks necessitates 

a level of oversight that many firms can no longer sustain through human capital alone. 

In response to this talent gap, the focus of artificial intelligence has shifted from "chatbots"—systems primarily designed 

for text generation and conversational response—to "agents," which are entities capable of autonomous planning, tool 

utilization, and environmental interaction.[6] In the context of data engineering, this shift facilitates the move toward 

Autonomous Data Engineering (ADE), where pipelines are not merely monitored by AI but are built, optimized, and 

repaired by agentic systems. This transition is predicated on the ability of large language models to serve as central 

controllers or "brains" that manage memory and planning modules to execute complex sequences of actions. 

The evolution from reasoning-only models to autonomous agents is best exemplified by the synergy between "thinking" 

and "doing." Early implementations of LLMs in data engineering were limited to generating code snippets or explaining 

schema definitions. However, the introduction of frameworks like ReAct has allowed models to interleave reasoning 

traces with task-specific actions, enabling them to query databases, evaluate the results, and revise their strategies in 

real-time. Furthermore, the rise of multi-agent frameworks like AutoGen has introduced "conversation programming," 

a paradigm where multiple specialized agents collaborate to solve intricate data problems, such as multi-step SQL 

generation or autonomous bug fixing in large codebases.[9] 

As these technologies mature, the industry is increasingly focused on the reliability and efficiency of autonomous 
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outputs. Benchmarks like DS-1000 and BIRD have been developed to rigorously test models on their ability to handle 

real-world data science problems and large-scale, noisy databases.[11] These evaluations indicate that while models 

like GPT-4 and Code Llama have made significant strides, a substantial performance gap remains between AI agents 

and human data engineers, particularly in areas requiring deep domain knowledge and SQL execution efficiency.[13] 

Socio-Economic Catalysts for Autonomy 

The impetus for autonomous data engineering is rooted in a "perfect storm" of rising technical complexity and a 

diminishing labor pool. The pandemic acted as a catalyst, accelerating technology adoption and hiring trends while 

simultaneously causing a reshuffling of the global workforce.[1] By the end of 2021, nearly 72% of tech employees in 

the United States were considering leaving their jobs, exacerbating a shortage that was already affecting cloud adoption 

rates by as much as 64%.[3] 

The Impact of the Talent Shortage on Technology Adoption 

The lack of available skilled labor is not merely an HR challenge; it is a systemic risk to technological resilience. Gartner 

estimates that up to 95% of cloud-based security breaches are the result of human error, such as configuration mistakes 

made by inexperienced or overburdened staff. In the realm of data engineering, where the integrity of data pipelines is 

paramount, the inability to find and retain talent leads to delayed projects and failed digital initiatives.[1] 

 

Adoption Barrier Category 2020 Concern Level (%) 2021 Concern Level (%) 

Talent Shortage 4 64 

Implementation Cost N/A 29 

Security Risks N/A 7 

Table 1: Adoption Barrier Category by Concern Levels 

 

This data illustrates that talent has surpassed both cost and security as the primary concern for IT leaders. Furthermore, 

75% of executives fear that the talent gap specifically risks the adoption of automation technologies that enable 

processes to run with minimal human input. This creates a paradox: organizations need automation to overcome the 

labor shortage, but they lack the labor required to implement the automation. Autonomous agents are increasingly 

viewed as the solution to this deadlock, as they possess the potential to self-deploy and manage themselves with 

decreasing levels of human supervision. 

The Financial and Operational Cost of the Skills Gap 

The financial ramifications of the skills gap are projected to reach $775 billion worldwide by 2022. In the insurance 

and workers' compensation sectors, for instance, leaders report that 65% of IT projects are delayed due to staffing 

shortages, while 64% of existing staff are experiencing burnout. These pressures drive the transition to "AI ProcessOps," 

where the goal is to redesign business processes to be "AI-native" from the ground up. This involves moving away from 

legacy modernization toward new technology stacks that automate traditionally manual data engineering tasks, thereby 

allowing the remaining human workforce to focus on high-value strategic initiatives. 

The Architecture of Autonomous Agents 

The architectural shift from a conversational chatbot to an autonomous agent involves the integration of an LLM with 

several functional modules that simulate human cognitive processes. A unified framework for LLM-based agents 

typically comprises four core pillars: profiling, memory, planning, and action. 
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The Profiling Module 

The profiling module defines the agent's persona and role within the data engineering ecosystem. By establishing a 

specific identity—such as a "Security-Focused Data Architect" or a "Performance Optimization Specialist"—the agent 

can tailor its reasoning and actions to meet specific constraints and objectives. These profiles are often generated through 

a combination of handcrafting, automated LLM generation, and dataset alignment to ensure consistency in behavior. 

The Memory Module: Short-Term vs. Long-Term 

Memory is the component that allows an agent to maintain state and context over long-running operations. In 

autonomous data engineering, this is critical for tasks such as schema migration or pipeline debugging, which may span 

multiple sessions or thousands of files. 

● Short-term Memory: This module utilizes the LLM’s context window to store immediate observations, recent 

reasoning traces (Chain of Thought), and current action plans. 

● Long-term Memory: This often involves external storage, such as vector databases or private knowledge 

bases, which allow the agent to recall past experiences and stable knowledge over extended periods. 

● Hybrid Memory Architecture: Modern agents employ a hybrid approach, explicitly modeling human 

cognition by buffering immediate perceptions in short-term memory while consolidating significant insights into 

long-term storage. 

The Planning Module and Reasoning Traces 

The planning module enables the agent to decompose high-level goals into manageable sub-steps. This process can take 

several forms: 

1. Single-path Reasoning: The agent generates a linear sequence of steps to reach a goal. 

2. Multi-path Reasoning: The agent explores several potential strategies simultaneously, forming a plan 

tree. 

3. Closed-Loop Feedback: The agent adapts its plans based on feedback from the environment, human 

input, or internal self-reflection (e.g., "Where did I go wrong?").[7] 

The Action Module and Tool Execution 

The action module is where decisions are translated into environmental impacts. In data engineering, the action space 

includes: 

● Natural Language: Communicating with human operators or other agents. 

● Code Generation: Writing Python or SQL to transform or query data. 

● Tool Manipulation: Calling APIs (e.g., Wikipedia API, database connectors, or cloud management tools) to 

gather information or trigger workflows.[7] 

Synergizing Reasoning and Acting: The ReAct Framework 

The ReAct (Reason + Act) framework represents a fundamental paradigm shift in how LLMs solve complex tasks. 

Historically, reasoning and acting were studied as separate capabilities. Reasoning models focused on generating logical 

steps (Chain of Thought), while acting models focused on generating sequences of discrete actions. ReAct explores the 

use of LLMs to generate both reasoning traces and task-specific actions in an interleaved manner, allowing for a synergy 

where "thoughts" guide actions and "actions" inform thoughts.[8] 

Mechanism of the ReAct Framework 

In a typical ReAct cycle, the model produces a sequence of thought-action-observation steps. The "thought" component 

serves as a reasoning trace that allows the model to induce, track, and update high-level plans. It also helps in exception 

handling—when an action produces an unexpected result, the model can reason about the discrepancy and adjust its 

plan accordingly.[8] 

The "action" component allows the model to interface with external environments or knowledge bases. For instance, 

instead of relying solely on its internal training data (which may be outdated or incorrect), a ReAct agent can query a 
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Wikipedia API or a database catalog to retrieve grounded information.[8] This integration significantly reduces the rate 

of hallucinations and error propagation, which are prevalent in purely reasoning-based models.[8] 

Performance on Reasoning and Decision-Making Tasks 

Empirical studies demonstrate that ReAct consistently outperforms models that rely on reasoning or acting alone. In the 

ALFWorld interactive decision-making benchmark, ReAct achieved an absolute success rate improvement of 34% over 

traditional imitation and reinforcement learning methods.[8] In the WebShop benchmark, it showed a 10% improvement 

while requiring only one or two in-context examples. 

 

Benchmark ReAct Performance 

(%) 

Baseline 

Performance (%) 

Success Rate 

Improvement 

ALFWorld 71 45 +34% (Absolute) 

WebShop N/A N/A +10% 

HotpotQA 27.4 29.4 (CoT) Lower False Positives 

(6% vs 14%) 

Table 2: ReAct Performance Benchmarks 

 

While ReAct may slightly lag behind Chain of Thought in some specific question-answering tasks (like HotpotQA) due 

to its structural constraints, it provides much higher trustworthiness and interpretability. Humans can inspect the 

reasoning traces to understand why an agent took a specific action and can even intervene by editing the agent's 

"thoughts" to redirect its behavior.[8] 

Multi-Agent Orchestration and AutoGen 

As data engineering tasks increase in complexity, a single agent may become a bottleneck due to context window 

limitations or the inability to handle conflicting requirements. This has led to the development of multi-agent 

frameworks, most notably AutoGen, which simplifies the development of complex LLM applications through the 

composition of multiple "conversable" agents.[9] 

The AutoGen Multi-Agent Paradigm 

AutoGen is built on the concept of "conversation programming," which unifies diverse LLM workflows into a series of 

inter-agent messages. This paradigm relies on three primary components: 

1. Conversable Agents: Every agent in the framework is designed to receive, react, and respond to 

messages. They maintain internal context and can be configured with specific tools or roles.[9] 

2. Customizable Roles: Developers can define specialized agents, such as an AssistantAgent (which 

writes code) and a UserProxyAgent (which executes code and provides human feedback).[9] 

3. Interaction Patterns: AutoGen supports both static (fixed) and dynamic conversation patterns. For 

example, a GroupChatManager can determine which agent should speak next based on the state of the task, 

enabling more flexible problem-solving.[10] 

Benefits for Data Engineering Workflows 

Multi-agent systems provide a natural modularity that is well-suited for data engineering. For example, in a code 

generation task, one agent can be tasked with writing the transformation logic while a second agent acts as a safeguard, 

validating the code for security vulnerabilities or syntax errors before execution. Empirical studies show that this multi-
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agent design consistently performs better than single-agent methods in domains ranging from mathematics and 

operations research to autonomous coding. 

Code Generation Benchmarks in Data Science 

To evaluate the effectiveness of autonomous agents in data engineering, researchers have developed specialized 

benchmarks that reflect the complexity of real-world environments. Two of the most influential are DS-1000 and BIRD. 

DS-1000: Naturalistic Data Science Coding 

The DS-1000 benchmark is a code generation evaluation consisting of 1,000 problems spanning seven essential Python 

libraries: NumPy, Pandas, TensorFlow, PyTorch, SciPy, Scikit-learn, and Matplotlib.[11] Unlike previous benchmarks 

that focused on competition-style programming, DS-1000 targets "everyday" data science tasks sourced from real 

StackOverflow problems. 

DS-1000 incorporates three core features for reliability: 

● Diverse Contexts: Problems include naturalistic intents, diverse formats, error messages, and incorrect code 

snippets provided by users. 

● Multi-Criteria Evaluation: Solutions are checked for functional correctness via unit tests and surface-form 

constraints (e.g., restricting the use of certain APIs).[11] 

● Defense Against Memorization: To ensure models are not simply recalling training data, more than half of 

the problems are perturbed through surface rephrasing or semantic modifications (e.g., changing the reference 

solution’s logic without changing its difficulty).[11] 

At its inception, the benchmark revealed that even high-performing models like Codex-002 only achieved 43.3% 

accuracy, indicating significant room for improvement in autonomous data science agents. 

BIRD: Large-Scale Database and Text-to-SQL 

The BIRD (BIg bench for laRge-scale Database) benchmark addresses the gap between academic text-to-SQL studies 

and real-world industrial applications. It features 12,751 text-to-SQL pairs and 95 databases totaling 33.4 GB, covering 

37 professional domains.[12] BIRD highlights the challenges of "dirty" data, external knowledge grounding, and SQL 

efficiency.[12] 

 

Model Execution Accuracy (EX) % Valid Efficiency Score (VES) 

% 

GPT-4 (with knowledge) 54.89 60.77 

Claude-2 49.02 N/A 

ChatGPT 40.08 N/A 

Human 92.96 90.27 

Table 3: LLM Execution Accuracy and Valid Efficiency Scores 

The benchmark results demonstrate that current LLMs still struggle with database value comprehension—the ability to 

map natural language questions to actual noisy values in a massive database.[13] Furthermore, BIRD introduces the 

Valid Efficiency Score (VES) to promote the generation of efficient SQL, as inefficient queries can lead to massive 

runtime discrepancies in large-scale environments. 
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Foundations of Autonomous Execution and Self-Healing 

The goal of autonomous data engineering is to create pipelines that are not only automated but also "self-healing." This 

requires models to handle long context lengths, understand complex repository-level structures, and execute actions 

with validation. 

Code Llama and Long-Range Reasoning 

The Code Llama family of models, derived from Llama 2, provides essential capabilities for autonomous data 

engineering, including infilling, support for large input contexts, and zero-shot instruction following. A key technical 

innovation in Code Llama is the modification of Rotary Positional Embeddings (RoPE), where the base period  was 

increased from  to . This allowed models to be fine-tuned on sequences of  tokens 

while demonstrating stability and improvement on sequences up to  tokens. This "repository-level" reasoning 

is vital for agents that must understand a data pipeline's dependencies across multiple files and directories. 

Gorilla and Retriever-Aware Training (RAT) 

Autonomous agents must often use APIs with frequently changing documentation. The Gorilla model, a fine-tuned 

LLaMA-7B variant, addresses this through Retriever-Aware Training (RAT).[2] RAT teaches the model to accurately 

incorporate retrieved documentation into its generation process or to ignore it if it is irrelevant. This allows Gorilla to 

surpass GPT-4 in writing accurate API calls while substantially mitigating hallucinations.[2] 

Gorilla’s ecosystem includes the Gorilla Execution Engine (GoEX), which provides a runtime for executing LLM-

generated actions like code or API calls. GoEX features "post-facto validation" and "damage confinement" abstractions 

(e.g., "undo" operations), which are the building blocks of self-healing pipelines that can recover from unintended or 

erroneous autonomous actions. 

 

SWE-bench: The Frontier of Autonomous Maintenance 

The SWE-bench benchmark evaluates an agent's ability to resolve real-world software engineering issues from GitHub. 

It tasks models with generating patches for bug reports across 2,294 problems in 12 Python repositories. Success on 

SWE-bench requires a model to navigate thousands of files to identify and fix specific errors. 

Initial evaluations showed that state-of-the-art models largely fail on this benchmark, with Claude 2 solving only 1.96% 

of the issues and GPT-4 resolving 1.74% in "oracle" retrieval settings. This highlights the immense complexity of 

"frontier" autonomous data engineering, where reasoning over millions of tokens of context and coordinating changes 

across many lines of code remain significant hurdles. 

RAG-Driven Schema Awareness and Knowledge Grounding 

In large-scale data engineering, schema awareness—the understanding of the structure, types, and relationships within 

a database—is often complicated by "context compression" and noisy data. Retrieval-Augmented Generation (RAG) is 

the primary mechanism through which agents maintain this awareness. 

Retriever-Aware Fine-Tuning (RAFT) 

RAFT is a specialized fine-tuning recipe that prepares a base LLM for RAG-focused challenges. By training models to 

distinguish between relevant documents and "distractor" documents, RAFT improves an agent's ability to ground its 

responses in domain-specific schemas and documentation. This is particularly useful for schema-aware text-to-SQL 

tasks where the agent must select the correct tables and columns from a large data catalog. 

External Knowledge Grounding in BIRD 

The BIRD benchmark explicitly demonstrates the impact of external knowledge grounding. When GPT-4 was provided 

with external knowledge (e.g., value illustrations or domain-specific logic), its execution accuracy on BIRD jumped 

from 34.88% to 54.89%—an improvement of 20.01%. This indicates that for autonomous data engineering to be 

successful, agents must have sophisticated mechanisms for retrieving and incorporating context about the data they are 
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processing. 

Future Trajectories and Conclusions 

The evolution from chatbots to autonomous agents in data engineering is driven by a critical need for technical resilience 

in the face of a global talent shortage.[4] Architectural advancements such as the ReAct framework and AutoGen have 

enabled the creation of systems that can think, act, and collaborate to solve complex data problems. However, the 

journey toward fully autonomous, self-healing data pipelines is still in its early stages. 

As revealed by benchmarks like BIRD and SWE-bench, current models still struggle with dirty database values, SQL 

efficiency, and large-scale repository navigation.[14] Future research must focus on improving "retriever-aware" 

training to enhance schema awareness and on developing execution engines with robust validation and "undo" 

capabilities to manage the risks of autonomous operations. 

The financial and operational consequences of the skills gap—projected to cost hundreds of billions of dollars—make 

the perfection of these autonomous systems a commercial imperative.[2] By integrating long-context reasoning with 

multi-agent orchestration and grounded tool usage, the field of data engineering is moving toward a future where AI 

agents act as the primary interfaces and maintainers of our global information infrastructure.[6] 
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