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ABSTRACT
While natural-language interfaces have advanced significantly in
structured data querying, analyzing heterogeneous data remains
a challenge due to the diversity in data formats and processing
methods. To tackle these challenges, we introduce AgenticData,
an agentic data system that enables natural-language (NL) query
analytics over heterogeneous data sources. AgenticData employs
a data profiling agent to generate a semantic data catalog for het-
erogeneous data and implements both relational operators and
semantic operators to handle such data effectively. For an NL query,
AgenticData utilizes an agentic planner to identify relevant data
sources and generate a semantic query plan composed of relational
and semantic operators. To enhance the quality of the query plan,
AgenticData incorporates a validator that provides feedback on
semantic plan checks (e.g., grammar validity and semantic con-
sistency). Additionally, AgenticData introduces an optimizer to
improve execution efficiency by reducing the cost and latency as-
sociated with LLMs. To further enhance the system, AgenticData
includes a memory manager that maintains historical feedback
and insights, offering contextual guidance to the planner. We im-
plemented AgenticData and demonstrated its effectiveness and
efficiency using real-world benchmarks. Furthermore, we show-
cased AgenticData in two distinct scenarios, illustrating its ability
to handle diverse data sources accurately and efficiently.
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1 INTRODUCTION
Organizations today manage and process data in a growing variety
of formats. While structured data is typically stored in relational
databases and tabular files, a substantial amount of valuable infor-
mation is found in unstructured documents, including reports, man-
uals, and online resources. In many real-world scenarios, gaining
meaningful insights requires integrating and analyzing multiple
heterogeneous data sources [4, 6, 7, 9, 11, 15, 16, 19, 21, 23–25].
However, performing analytics across such diverse sources is chal-
lenging due to differences in data organization, access methods,
and processing techniques.
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Large Language Models (LLMs) have demonstrated exceptional
capabilities in natural-language understanding, information extrac-
tion, and semantic reasoning. These capabilities enable systems
to process vast collections of textual documents, offering new op-
portunities for analyzing unstructured data. Recent systems such
as [5, 6, 11–13, 17] have leveraged LLMs to build analytical pipelines.
However, these systems typically require users to write specific
declarative programs to orchestrate data processing, which de-
mands domain expertise. As a result, natural-language interfaces
for data analytics are becoming increasingly popular.

Beyond NL2SQL systems [3, 8, 20], which allow users to query
relational databases using natural language, recent work has ex-
tended natural-language interfaces to unstructured document col-
lections [15, 16, 18, 19]. However, these systems are generally de-
signed to work with a single data source or access interface. In
practice, analysts often need to integrate and analyze data from
multiple heterogeneous sources [14]. Supporting natural-language
analytics across heterogeneous data sources presents several key
challenges:
Challenge 1: How can relevant data be discovered and selected
from a vast number of heterogeneous sources? Heterogeneous data
sources vary significantly in representation. Relevant information
is often distributed across multiple sources and may require prelim-
inary synthesis to facilitate query planning. Identifying relevant
data sources while filtering out irrelevant ones is non-trivial, par-
ticularly given the limited context capacity of LLMs.
Challenge 2: How can complex queries be understood and trans-
lated into a high-quality data analytics pipeline? Natural-language
queries frequently describe complex analytical tasks involving mul-
tiple reasoning steps. It is challenging for an LLM to fully interpret
the query, understand the capabilities of supported operators, and
correctly orchestrate a data analytics pipeline.
Challenge 3: How can efficient execution be ensured for analytics
over large-scale heterogeneous data, minimizing cost and latency?
Analyzing heterogeneous data often involves computationally ex-
pensive operations, such as semantic operators. Striking a balance
between reducing costs and latency while maintaining analytical
accuracy is a significant challenge.

To address these challenges, we propose AgenticData, an agen-
tic data analytics system over heterogeneous data. AgenticData in-
cludes a data profiling agent that interprets data sources and gener-
ates a semantic catalog of the heterogeneous data [19]. AgenticData
designs an agentic planner that parses an NL query into a semantic
data query plan. It discovers, understands, selects relevant data
sources using the data profiles. It then comprehends the query,
plans query steps, and generates a semantic query plan. To ensure
accuracy, an agentic validator detects grammatical and semantic
errors in the query plan before execution. A memory manager
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maintains historical context by tracking previous errors and accu-
mulating insights, providing guidance to avoid similar mistakes
in the future. An optimizer is designed to reduce the costs and la-
tency associated with semantic operations while ensuring efficient
execution. AgenticData is designed as a self-evolving system that
continuously improves its data understanding, planning strategies
and optimization decisions through historical tasks and execution
feedback.

In summary, we make the following contributions.
(1) We propose AgenticData, a feedback-driven, agentic data ana-
lytics system that supports natural-language queries over hetero-
geneous data sources and performs analytics automatically.
(2) We introduce a planning framework that incorporates seman-
tic profiling, query plan validation, and memory management to
ensure accurate query plan generation and automatic correction.
(3) We present query optimization techniques at both plan and op-
erator levels, enabling efficient execution of semantic query plans.
(4) We demonstrate AgenticData’s versatility and effectiveness
through real-world scenarios including financial rule analysis and
conflict-of-interest detection for paper review. These examples high-
light AgenticData’s ability to handle diverse application domains
accurately and efficiently.

2 SYSTEM DESIGN
2.1 Problem Formulation
We address the challenge of analyzing heterogeneous data sources,
including structured databases, tabular files, and document collec-
tions, using natural-language (NL) queries. To meet these require-
ments, AgenticData provides a comprehensive set of relational
operators (e.g., Join, Filter, Project, Aggregate, Sort, etc.) alongside
semantic operators such as Semantic Scan, Semantic Join, Semantic
Filter, and Semantic Aggregate, which are specifically designed for
processing unstructured data or textual columns [6, 10]. Upon re-
ceiving an NL query, AgenticData identifies relevant data sources
and orchestrates an analytical pipeline comprising a sequence of
relational and semantic operators. The system then optimizes the
pipeline to minimize the token cost associated with the use of LLMs
and efficiently executes the pipeline to generate the final result.

2.2 System Architecture
To enable autonomous analytics over heterogeneous data, AgenticData
leverages a multi-agent collaborative framework. The overall ar-
chitecture is depicted in Figure 1. Offline, AgenticData includes
a data profiling agent that constructs a semantic catalog for the
heterogeneous data. This agent identifies semantic concepts and
maps them to the corresponding data sources. Online, AgenticData
operates through several specialized agents: An agentic planner
interprets the data and translates natural-language (NL) queries
into logical semantic plans. A validator checks the plans for gram-
matical errors and ensures semantic equivalence with the original
query. A memory manager retains historical steps and integrates
relevant guidance into the planner’s context. An agentic optimizer
rewrites the query plan to minimize LLM token costs and reduce
latency. Finally, an executor executes the plan across the hetero-
geneous data sources. This collaborative system ensures efficient,
accurate, and automated analytics for diverse and complex data

environments. Rather than following a predefined execution work-
flow, AgenticData dynamically orchestrates agents according to
the current execution state, intermediate results and feedback sig-
nals. Besides, AgenticData continuously evolves by incorporating
execution feedback to refine data profiles, update long-term mem-
ory and adjust optimization strategies.
Data Profiling. The data profiling agent analyzes the data sources
and generates comprehensive data profiles. These profiles are rep-
resented as a graph structure, where each node contains schema in-
formation, data descriptions, and sampled values from each dataset,
while each edge describes the relationships between datasets. For
structured data, nodes include schemas, descriptions, and sample
tuples, with edges representing join relationships. For unstructured
documents, the agent identifies core semantic dimensions and their
interrelationships to construct a semantic catalog. Additionally,
it builds a semantic index that maps relationships between docu-
ments and semantic concepts [19]. After initializing node profiles,
the system encodes their descriptive summaries into vector repre-
sentations to retrieve candidate related datasets. It then iteratively
uses an LLM to infer semantic relationships among the candidates,
and updates each node profile along with its vector representa-
tion using contextual information from its neighbors. These steps
improve data understanding and facilitate cross-source analytics.
Furthermore, AgenticData supports external web documents and
incorporates Web APIs into data profiles, enabling seamless inte-
gration of web-based resources.
Agentic Planner. The planner converts an NL query into an exe-
cutable pipeline composed of relational and semantic operators. It
begins by selecting relevant data based on the data profiles. Next,
the plan generation agent breaks down the query into simpler
sub-steps using LLM-based reasoning and constructs a high-level
semantic plan. This high-level plan preserves the original query’s
intent while simplifying the generation of specific query plans for
each step. Guided by the high-level plan, the agent orchestrates
the operators for each sub-step and merges them into a complete
tree-based query plan. The planner is further enhanced by a data
validator that provides feedback on the generated plan, allowing for
iterative improvements. Additionally, the planner is supported by a
memory system that retains historical plans and error information.
This memory system helps guide the planner to correct previous
mistakes in subsequent iterations, optimizes the use of context to
maintain high performance, and recalls prior experiences to prevent
similar errors during task planning and query plan generation.
Agentic Validator. Query plans generated by LLMs may contain
errors due to hallucinations or inaccuracies. To promptly identify
faulty plans and improve planning accuracy, we introduce a val-
idator that detects grammatical issues and logical deviations from
the original query. The validation process starts with a rule-based
checker that examines the plan for basic errors. First, a parser
converts the raw JSON into a structured representation, verifying
operator types and required parameters. Next, a semantic analyzer
infers the output schema for each node and checks the correctness
of column references within the operators. During these stages,
any validation failures and error locations are recorded to support
subsequent plan refinement. If the rule-based checks are successful,
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Figure 1: AgenticData Overview Design

an LLM-based logical checker is used to further assess the seman-
tic alignment between the NL query and the generated plan. This
advanced checker evaluates the logical correctness across several
dimensions, including the appropriateness of data source selection,
the fulfillment of all query conditions, and the consistency of the
output schema with the original query’s intent. If any grammatical
or logical errors are identified during the validation, the validator
stores the error types and detailed information in memory. These
insights are then relayed to the planner, enabling it to address the
issues and refine the query plan in the next planning iteration.
Agentic Optimizer. In heterogeneous data analytics scenarios, the
cost associated with LLM invocations in semantic operators often
accounts for the majority of execution expenses. To reduce both
cost and latency while preserving accuracy, AgenticData incorpo-
rates an optimizer that transforms the logical query plan into an
optimized physical plan for execution. The optimization process be-
gins with rule-based logical optimization, which includes strategies
such as filter pushdown and pruning. These steps are followed by
reordering the operators based on cost estimations to improve effi-
ciency. Next, physical optimization is applied to further minimize
the costs associated with semantic operators. The optimizer selects
appropriate models based on task complexity and estimated context
length, striking a balance between accuracy and cost. It also finds
opportunities to replace expensive LLM calls with more efficient
user-defined functions, such as using regular expressions to extract
specific fields. These optimizations ensure that our system remains
cost-effective and efficient while maintaining accuracy.
Agentic Executor. The execution component runs the optimized
query plan to generate the final result. It begins by retrieving data
from various data sources through their respective interfaces, such
as SQL queries for databases, the Pandas DataFrame API for local
tabular files, and HTTP requests for online resources. During data

retrieval, selection and filtering operations are applied whenever
possible to reduce the data volume before further processing. Next,
the component follows a bottom-up strategy to execute each opera-
tor in the plan in a systematic manner. Operators that do not have
dependencies can be processed in parallel to improve efficiency.
For runtime exceptions arising from APIs or internal operators, the
executor aborts the task and logs the error details in memory for
future analysis and troubleshooting.
Memory Manager. In agentic systems, the memory manager is re-
sponse for the persistent storage, retrieval, and maintenance of his-
torical experiences throughout agent execution, enabling the agent
to compress long interaction histories while retaining key informa-
tion across LLM invocations[22]. Specifically in AgenticData, the
memory manager has two primary responsibilities: (1) maintaining
a history of planning steps and feedback, and (2) synthesizing in-
sights from past experiences to guide the current planning process.
Compared to traditional ReAct-style frameworks, where historical
actions and observations are simply appended to the context, our
memory manager offers two key advantages. First, it compresses
historical information to prevent the dilution of the LLM’s atten-
tion while still providing clear guidance for the next planning step.
Second, it enables the system to learn from past experiences and
avoid repeating errors during planning. At each planning step, the
validator and executor record the query plan along with the corre-
sponding feedback. The memory manager analyzes these records
to identify the root causes of errors and stores the entries as tu-
ples ⟨query, plan, feedback, cause⟩ in a short-term memory buffer.
Outdated entries in the buffer are periodically removed to main-
tain efficiency. Additionally, the memory manager groups records
with similar error causes and identifies frequently recurring issues.
When such patterns are detected, an LLM is employed to summarize
query patterns, problematic plan segments, error causes, and the
insights derived from them. These summarized records are then
stored in a vector database with semantic indexes based on query
patterns, forming the system’s long-term memory. During subse-
quent planning iterations, the memory manager retrieves the latest
plans and feedback from short-term memory to assist in immediate
plan refinements. Simultaneously, long-term memory records are
retrieved from the vector database by matching the semantic simi-
larity between the current query and stored query patterns. This
dual-layer memory approach guides the planner to avoid repeating
similar mistakes and ensures more efficient and accurate planning.

3 EXPERIMENTS
Weevaluate AgenticData on two real-world benchmarks, Real-Bank
(https://anonymous.4open.science/r/AgenticData-benckmark-Real-
Bank) and Wikipedia (https://dumps.wikimedia.org/), and compare
it with state-of-the-art baselines. Real-Bank is a real-world cus-
tomer dataset from a bank, consisting of 50 commonly asked data
analytics questions related to banking business analysis. It includes
a masked dataset of real deposits and loans, organized into 9 tables,
along with 1 document describing the business rules. Wikipedia
contains 100 natural-language queries on 1000 textual documents,
and queries typically involve semantic filtering and aggregation
over documents, such as counting documents related to a given con-
cept and comparing the frequency of different topics. The results
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Table 1: Accuracy Comparison on Real Benchmarks (%).

Dataset Systems LLM Accuracy

Real-Bank AgenticData Qwen3 70.00
ReFoRCE Qwen3 50.25

Wikipedia AgenticData Qwen3 95.00
Code Agent + Palimpzest Qwen3 68.00

are shown in Table 1. On Real-Bank, AgenticData outperforms
ReFoRCE [1] by 19.75% in accuracy. This improvement is mainly
attributed to our enhanced data profiling and planning capabilities,
which enable better understanding of ambiguous attributes and
more accurate data source selection. On Wikipedia, we compare
with a code agent (built on smolagents https://huggingface.co/
docs/smolagents/index, a multi-step agent framework) combined
with Palimpzest [6] (a Python library integrating semantic op-
erators). Since Palimpzest focuses on semantic data processing
rather than natural-language query understanding, the code agent
translates natural-language queries into executable Python pro-
grams using the Palimpzest APIs. AgenticData achieves higher
accuracy than the baseline. This demonstrates the effectiveness of
our semantic query planning framework in handling unstructured
data, where relevant information must be extracted and organized
before analysis. Overall, these results show that AgenticData can
generate accurate query plans across both structured and unstructured
data, while effectively integrating heterogeneous data sources.

4 DEMONSTRATION SCENARIOS
We present the implementation and scenarios of AgenticData. Our
demonstration aims to demonstrate the capability of AgenticData
to perform joint analytics across heterogeneous data sources.
Financial Rule Analysis. We demonstrate the data analyzing
workflow through a task in DABStep [2], a dataset concerning het-
erogeneous data analytics in a financial payment setting. It models a
pricing system for payment processing, where fees are determined
based on merchant attributes and transaction characteristics.

The data consists of both structured and unstructured sources.
Four structured tables include history transaction records, fee rules,
and lookup tables describing other dimensions. In addition, two
textual documents provide essential business knowledge. They ex-
plain transaction characteristics such as merchant account types
and Authorization Characteristics Indicators (ACIs), specify how
transactions are matched to fee rules based on their characteris-
tics, and describe how processing fees are calculated according to
matched rules and transaction volumes.

Consider a query "For a credit transaction of 1 euro on NexPay,
what would be the most expensive Authorization Characteristics
Indicator (ACI)? In the case of a draw between multiple ACIs, return
the ACI with the lowest alphabetical order." AgenticData performs
the analysis and displays the execution progress through an inter-
active Web interface, as shown in Figure 2.

During the process, the planner first profiles the data sources
(❶), identifying fee rule entries in fees.json, a description of how
fees are evaluated in a chunk of manual.md, and a summary of
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Figure 2: Financial Rule Analysis

ACI in another chunk of manual.md. Based on these profiles, the
planner performs reasoning to understand the scenario, recognizing
that ACI information is not explicitly available in structured tables
but defined in the document, and that fee computation follows
rule-based matching. After this understanding and locating the
relevant data sources, the planner generates a query plan (❷), whose
skeleton is shown on the page. However, the plan encounters an
error that references a non-existent input. The validator detects
it (❸) and the feedback is stored in memory. In the next turn, the
previous plan and its error are loaded into the planner’s context,
guiding the planner to refine the plan until it passes validation. The
final plan is then executed to produce the final result (❹). During
the process, the details of each operator can be shown by clicking
the corresponding node.

This scenario shows AgenticData’s flexible approach to an-
alyzing unstructured files. On the one hand, unstructured files
can serve as background knowledge for the planner; on the other
hand, AgenticData can extract relevant information through se-
mantic operators and transform it into structured representations
(as shown in step (❹) of Figure 2), avoiding the need for the LLM
to ingest large volumes of raw text.
Conflict-of-Interest Detection.We consider a conflict-of-interest
(COI) detection task to assist authors in identifying potential con-
flicts when submitting a paper. Given one or more target authors
and a conference, AgenticData retrieves a reviewer list (e.g., from
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Figure 3: Conflict-of-Interest Detection

a provided URL or conference name) and preprocesses it into struc-
tured data. Users can flexibly define COI criteria in natural lan-
guage, such as affiliation overlap or prior co-authorship, and query
conflicts for one or multiple authors. AgenticData then identi-
fies reviewers with conflicts and provides the corresponding de-
tails. For demonstration, we use the PVLDB reviewer list(https://
vldb.org/pvldb/volumes/17/review-board/) and a paper submission
(https://dl.acm.org/doi/10.1145/3722212.3725091), and ask: "Identify
which reviewers have conflicts of interest with this submission (e.g.,
co-authorship or same affiliation)". The corresponding workflow is
illustrated in Figure 3. During the data profiling stage, AgenticData
identifies a suitable Web API provided by DBLP according to the
query intent, and builds profiles of them including the request spec-
ification and the format of returned results. Based on the input data
and the API specification, the planner generates a query plan to
detect the two types of conflicts. For affiliation-based conflicts, the
plan directly joins the list of reviewers and authors on affiliation.
For co-authorship conflicts, the plan issues Web queries for each
author name, and uses a SemanticAggregate operator to identify
the most likely scholar profiles by considering contextual signals
such as affiliation, resolving ambiguity caused by homonyms. The
retrieved profiles are then used to collect publication and co-author
information, which are matched against the reviewer list to identify
overlaps. Finally, the results from different conflict types are merged
and aggregated into a table, where each reviewer is associated with
a list of detected conflicts and supporting evidence.
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