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ABSTRACT

With the increasing amount of unstructured documents in var-
ious domains, extracting structured data from such sources has
become critical for efficient data management and advanced analyt-
ics. However, existing methods for structured table extraction face
challenges: (1) the complexity and implicitness of semantic context
and patterns in unstructured documents hinder accurate informa-
tion extraction, and (2) limited adaptability to evolving user intents
and requirements for strict schema alignment and structural con-
straints. To address these limitations, we propose TabAgent, a novel
multi-agent collaborative framework for structured table extraction
from unstructured documents. TabAgent integrates four special-
ized agents, Schema Agent, Extraction Agent, Semantic Agent, and
Validation Agent with a shared memory repository to iteratively
refine extraction results. By leveraging collaborative reasoning and
iterative self-checking cycles, TabAgent enables accurate, adaptive,
and robust table extraction across diverse document domains and
user instructions. Extensive experiments on two datasets demon-
strate that TabAgent consistently outperforms several baselines,
including pure LLM extractors and LLM-based systems, highlight-
ing the effectiveness of this collaborative framework. Our work
represents one of the first multi-agent frameworks for structured
table extraction, offering an applicable solution for real-world ap-
plications.
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1 INTRODUCTION

With the rapid development of information technology, unstruc-
tured data has become increasingly common across many fields,
bringing both challenges and opportunities for data processing and
analysis. Large volumes of unstructured documents such as news
articles, financial reports, and social media posts, are generated
daily, containing valuable information that needs to be extracted
accurately and efficiently for downstream analytical tasks.

Compared to unstructured formats, structured data offers signif-
icant advantages in storage, querying, and analysis. Entities with
the corresponding attributes mentioned in the source documents
can be extracted and organized to form a structured view. Tabular
data, as a highly structured and standardized format, provides addi-
tional benefits over other forms of structured representations such
as relational triples. By extracting entities and their attributes from
raw text and organizing them into tables, data can be more easily
integrated with databases, analytical tools, and machine learning
systems. However, unstructured documents often contain scattered
and mixed information, requiring conversion and efficient extrac-
tion to form structured tabular data.

In the task of extracting structured tables from unstructured
documents, several key challenges arise. First, the complexity and
implicitness of semantic information and patterns in unstructured
documents significantly affect the accuracy and completeness of
the extracted information. This requires extraction frameworks
with advanced understanding and reasoning capabilities, as well
as adaptability to diverse contexts, ambiguous expressions, and
evolving user intents. Existing solutions can be broadly catego-
rized into rule-based systems and supervised learning pipelines.
Rule-based systems [13, 20, 24, 30] attempt to detect predefined
structural linguistic patterns to extract key information from docu-
ments. Supervised learning approaches are based on ML/DL mod-
els [12, 15, 21, 22] or pre-trained language models fine-tuned on
domain-specific data [6, 10, 31]. However, these methods suffer from
relatively high training costs and limited adaptability to unseen
data formats and diverse user intents in real-world applications.
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Figure 1: The table extraction workflow in TabAgent.

The emergence of large language models (LLMs) has opened new
possibilities for structured information extraction [3, 26]. However,
we identify the second key challenge: transforming unstructured
content into highly structured tabular data requires precise align-
ment with predefined or dynamically generated schemas, along
with validation of structural constraints. Although LLMs excel at un-
derstanding and generating natural language, directly using them
as extractors struggles with enforcing strict schema compliance
and structural consistency. Some existing systems [16, 23] adopt a
single-stage extraction module without sufficient output validation.
The multi-agent frameworks leveraging LLMs offer better perfor-
mance on complex tasks. Recent studies [7, 25] provide compre-
hensive and adaptive information extraction approaches through
the collaboration of multiple LLM agents. However, few studies
have specifically explored the design of multi-agent framework
tailored for structured table extraction. Therefore, it is essential
to carefully design specific modules that effectively address the
unique challenges of table extraction.

To address the above challenges, we propose TabAgent, an LLM-
based multi-agent framework for structured table extraction from
unstructured documents. As in the table extraction workflow shown
in Fig. 1, TabAgent receives the input document and user instruc-
tions, then performs table extraction through interactions among
collaborative agents and their shared memory. Finally, it generates
the output table as the response.

TabAgent comprises four agents with distinct roles: (1) The
Schema Agent generates candidate table schemas by analyzing
the input document and user instructions, while also referencing
historical schema patterns stored in the memory repository. (2) The
Extraction Agent carries out table extraction based on the generated
schemas. (3) The Semantic Agent performs semantic check on the
extracted table and provides revision suggestions based on histori-
cal error patterns, serving as feedback for iterative refinement with

the Extraction Agent. (4) The Validation Agent ensures that the final
table output satisfies strict schema and formatting constraints. In ad-
dition, the memory repository is integrated as a shared knowledge
base to support the coordination among agents. This repository
can be dynamically updated during execution, improving the adapt-
ability of the framework. By combining specialized agents with
the shared memory module, TabAgent addresses both the semantic
complexity of unstructured documents and the constraints required
for structured table generation, delivering an accurate, adaptive
and robust solution for real-world table extraction tasks.
In short, we make the following contributions:

(1) We propose TabAgent, a multi-agent framework for struc-
tured table extraction from unstructured documents to
achieve high accuracy, adaptability and robustness. To the
best of our knowledge, this is one of the first LLM-based
multi-agent frameworks in structured table extraction tasks.

(2) We introduce the self-checking cycle between table extrac-
tion and semantic validation process to iteratively refine
extraction results.

(3) We evaluate TabAgent on two datasets and demonstrate
that it achieves better table extraction quality than several
baselines, including pure LLMs and LLM-based information
extraction systems.

2 FRAMEWORK DESIGN

2.1 Overview

TabAgent is an LLM-based multi-agent framework designed for
structured table extraction from unstructured documents, utilizing
collaborative agents to combine schema-aware generation, iterative
self-checking, and structural validation mechanisms to achieve high
accuracy, generalizability and robustness in table extraction. In the
task of structured table extraction, we aim to identify and extract
potential tables from unstructured documents. Each table consists
of entities belonging to the same class, each associated with a set
of common attributes. As shown in Figure 2, TabAgent framework
employs four specialized agents to perform extraction, iterative
refinement and validation, along with the memory repository that
provides auxiliary knowledge for query assistance. First, we will
give a brief introduction on the key components of TabAgent.

Schema Agent. Before executing table extraction, the Schema
Agent generates candidate schema for tables as extraction guidance
based on the input documents by analyzing user instructions and
referencing historical schema templates from related tasks stored
in the memory repository. This enables the Schema Agent to adapt
to varying data domains and user requirements.

Self-checking Cycle of Extraction and Semantic Agent.
The Extraction Agent performs initial table extraction based on the
generated schema, while the Semantic Agent conducts semantic
validation on these tables through a self-checking cycle. In the cycle,
the Semantic Agent leverages historical error patterns from the
Memory Repository to refine extracted tables and provides revision
suggestions, which are fed back into the Extraction Agent for itera-
tive refinement. This self-checking cycle ensures that the extracted
table maintains semantic accuracy and factual consistency with the
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Figure 2: The overall framework of TabAgent. TabAgent performs table extraction through the collaboration of specialized

agents, supported by a shared memory repository.

source documents. Additionally, these mechanisms enhance robust-
ness of the framework against variations of document context and
potential errors introduced by generative models.

Validation Agent. The Validation Agent obtains the refined
tables resulting from the iterative refinement process and generates
the final structured table output. It conducts structural validation to
guarantee that the extracted table adheres to the specified schema,
data types, and formatting constraints. This ensures that the output
is not only semantically accurate but also ready for downstream
applications such as database integration and automated analytics.

Shared memory repository. The memory repository acts as a
centralized knowledge base, storing task-related schema templates
and reflections on past errors patterns to support schema generation
and iterative refinement during extraction. The repository supports
dynamic update during execution, ensuring adaptation to diverse
user queries.

Next, more design details of TabAgent framework will be pre-
sented in the following sections.

2.2 Schema Agent

The Schema Agent is designed to identify potential tables that
can be extracted from unstructured documents and to generate
the corresponding data schema for table extraction, ensuring both
accuracy and adaptability across diverse user queries. The agent
generates candidate table schema based on the input text, user
instructions and historical knowledge. The generated schema of
a table consists of the table name, a set of attributes, each defined
by a name with its data type, and constraints such as primary keys
or unique identifiers. The specification of table schema is critical
for precise table extraction, as it ensures that extracted data aligns
with the expected structure and semantic relationships.

For schema generation, the agent combines contextual reason-
ing with the memory repository as its knowledge base. The agent
leverages task-related historical schema patterns and extraction
outcomes from previous executions to better infer the implicit
structure of the target table. As TabAgent supports user-provided

extraction instructions, the agent first determines whether the user
query explicitly defines the desired attributes (e.g., "Extract a table
with attributes: product name, price, and sales volume."). In such
cases, the agent directly maps the specified attributes to the input
text using predefined rules. For general or exploratory queries with-
out specific attributes (e.g., "Find all sales-related information in
the document."), the agent consults its knowledge base to identify
similar historical tasks. By analyzing these historical examples, the
agent collects commonly observed attributes with their correspond-
ing data types and infers potential schema candidates according to
the user query.

In cases where the repository lacks relevant experiences, the
Schema Agent updates the memory dynamically based on the final
extraction results validated by other agents. The query and the as-
sociated schema from the extracted tables will be stored in memory.
The framework progressively enhances its schema generation capa-
bilities through the update mechanism, adapting to new domains
and evolving user requirements.

2.3 Self-checking Cycle of Extraction and
Semantic Agent

The self-checking cycle of the Extraction and Semantic Agent is de-
signed to iteratively refine extracted tables through schema-guided
extraction, semantic verification, and memory-augmented error
resolution. Only extraction without verification may fail to en-
sure semantic consistency due to the inherent variability of LLMs,
particularly in scenarios with ambiguous or implicit contextual
patterns. Inspired by the ReAct paradigm [34], which integrates
reasoning and acting in a loop and outperforms chain-of-thought
(CoT) reasoning [29], the proposed self-checking cycle in TabAgent
coordinates the Extraction and Semantic Agent within an iterative
framework. The agents automatically determine whether further
verification is needed, continuing the cycle until the extraction
results meet the quality criteria. Through iterative refinement, the
extracted data aligns with the predefined schema while upholding
semantic accuracy and factual correctness.



During each iteration, the Extraction Agent generates prelimi-
nary tables based on schema definitions provided by the Schema
Agent. These initial tables are then passed to the Semantic Agent,
which performs a comprehensive verification process. This includes
checking for semantic alignment with the original document, identi-
fying missing or redundant attributes, and detecting inconsistencies
in data representation. Detected errors are first categorized into
predefined types, followed by detailed analysis to determine their
root causes. Based on this analysis, the Semantic Agent provides
revision suggestions that guide the next round of extraction. To
enhance error detection capabilities, the Semantic Agent also re-
trieves historical error patterns stored in the memory repository
according to the error type and task similarity. These error records,
along with the revision suggestions, are injected back into the cycle
as reflective feedback to enable iterative refinement.

Overall, by combining schema-guided extraction with semantic
verification and memory-augmented error resolution, the frame-
work gradually improves its performance over time, enabling accu-
rate and robust table extraction.

2.4 Validation Agent

The Validation Agent performs the final validation step in the struc-
tured table extraction task. It obtains the refined table from the
self-checking cycle as input and generates the final extraction re-
sult after validation, ensuring compliance with both the schema
and formatting constraints. Since the table follows strictly defined
schema and structural format, it imposes several specific extrac-
tion requirements, which can be categorized into two classes: (a)
Structural validity and schema compliance issues, such as data type
mismatches (e.g., the value "five" in an integer-type cell), duplicate
rows or columns, and missing primary key values; (b) Data com-
pleteness and formatting constraints, such as incomplete records
(e.g., empty rows or columns) and structural formatting errors (e.g.,
mismatched header-cell alignment).

To address these issues, the Validation Agent evaluates whether
the extracted table satisfies the structural constraints in both rule-
based logic for deterministic checks and LLM-assisted reasoning
for more context-sensitive validations. These validation steps are
critical for downstream tasks, as incomplete, inconsistent, or struc-
turally flawed tables may introduce biases in data-driven models, or
degrade the performance of subsequent data processing pipelines.
By producing high-quality output after structural validation, the
Validation Agent plays an important role in maintaining the relia-
bility of the extracted tables.

2.5 Interaction among the agents and memory
repository

The memory repository of TabAgent framework serves as a cen-
tralized knowledge base storing historical task-related schema tem-
plates and error patterns, which supports schema generation and
iterative refinement process in table extraction. In view of agent-
environment interaction, the memory repository functions as a
repository of historical experiences, enabling agents to learn from
past interactions and optimize their decision in dynamic environ-
ments, thereby enhancing the quality and robustness of table ex-
traction process.

For the Schema Agent, the memory repository stores predefined
schema templates from prior tasks. These templates are initially
populated from user-defined templates, historical task logs, or ex-
ternal data sources. During execution, the Schema Agent queries
the repository to retrieve relevant schema templates by computing
embeddings of the input text and selecting the top-k most seman-
tically similar extraction tasks with their schema templates. The
retrieved schema templates serve as auxiliary knowledge to guide
schema generation for the input documents, ensuring alignment
with historical patterns and user expectations. As described in 2.2,
the memory for schema templates supports dynamic update when
lacking relevant experience.

Similarly, the repository also stores categorized error patterns,
which are leveraged in the self-checking cycle of the Extraction
and Semantic Agent. When the Semantic Agent generates revision
suggestions, it retrieves associated error patterns from the repos-
itory based on the detected error type and task similarity. These
historical error patterns, combined with the current revision sugges-
tions, enable the Extraction Agent to learn from past mistakes and
prevent the recurrence of similar errors in subsequent extraction
cycles. The framework maintains a dynamically updated memory
of error patterns, which supports the continuous evolution of its
error-handling capabilities.

By integrating with multiple collaborative agents, the memory
repository plays an important role in accurate and robust table
extraction. It enables the overall framework to dynamically adapt
to contextual variations in user queries and effectively reduce errors
during the extraction process.

3 EXPERIMENTS
3.1 Basic Settings

Datasets. We have conducted extensive experiments to validate
the effectiveness of the proposed framework, TabAgent, on the
following two datasets.

(1) E2E [31] consists of a collection of texts of different restau-
rants. Each text is a description of a restaurant including
its characteristics.

(2) Rotowire [31] consists of a collection of reports on basket-
ball games. Key game information is presented in these
reports, encompassing both team and player statistics. For
each instance, two multi-rows tables can be extracted.

For these two datasets, we evaluate the extraction capability of
TabAgent in scenarios where the user provides only unstructured
text and general instructions without specifying the target attributes
to be extracted. This setting corresponds to an open-attribute table
extraction task. To initialize the memory repository, we gather doc-
uments from the relevant domain and perform table extraction. We
then identify extraction errors and summarize potential refinement
suggestions to form the initial set of error patterns.

Evaluation Metrics. In our experiments, we adopt two metrics
to measure the semantic and structural accuracy of the extracted
tables. First, we adopt the F1 score following [31]. For each cell in
the table, we use BERTScore [37] to evaluate similarity, as LLMs
may generate different but semantically equivalent descriptions
for the same entity. The metric is denoted as "F1" in the following



experimental results. In addition to the F1 score, we leverage the
reasoning capability of LLMs to assess the accuracy of generated
tables. Similarity-based metrics may inaccurately penalize cases
where the output is semantically correct but inconsistent with
the reference. To address this, we prompt the LLM to evaluate
the accuracy, consistency, and formatting correctness between the
generated and ground truth tables, and assign a corresponding
evaluation score. The score ranges from 0 to 10, in which score
with 0 indicates no similarity and score with 10 indicates complete
equivalence between the tables. This metric is denoted as "LLM" in
the following experimental result and we use GPT-40 as the LLM
evaluator.

Baselines. We compare TabAgent with various baselines in the
following experiments, including current information extraction
systems and pure LLM extractors.

(1) Lotus [23]. We leverage the semantic operators in Lotus,
including sem_map and sem_extract to extract attributes
from the unstructured text. For open-attribute extraction
task, we prompt the LLM to determine the attributes before
extraction.

(2) Evaporate [3]. We first perform schema identification and
synthesis, then filter and extract the attributes following
the implementation of Evaporate-Direct.

(3) Pure LLM extractors. We leverage the reasoning capability
of LLMs to extract tables directly from the documents. In
our experiments, we employ LLMs of varying scales, includ-
ing GPT-4o [1] as a large-scale model, and Qwen3-32B [2]
as a comparatively smaller model. All models are accessed
via API services.

(4) TabAgent. In our proposed framework TabAgent, we use
GPT-40 model as our LLM backbone for the agents.

Table 1: Comparison of TabAgent and baselines on E2E and
Rotowire datasets.

E2E Rotowire/Player Rotowire/Team
F1 LLM F1 LLM F1 LLM

Methods

GPT-40 55.18 7.55 65.85 5.02 51.67 4.30
Qwen-32B  46.46 6.52 59.51 4.45 45.32 3.61
Lotus 5644 7.58 67.89 5.51 54.18 4.42
Evaporate 68.72 8.01 72.13 6.19 63.30 5.27
TabAgent 83.75 8.59 84.29 7.35 78.38  6.53

3.2 Main Results

In this section, we evaluate the proposed framework, TabAgent,
with other information extraction baselines on the two datasets. We
find that TabAgent outperforms all the baselines across all metrics.

Table 1 presents results on the E2E and Rotowire datasets, which
correspond to the open-attribute extraction task. In these datasets,
users do not specify target attributes, so agents must automat-
ically identify key attributes that comprehensively describe the
entities. Pure LLM-based solutions, which adopt a straightforward
end-to-end extraction approach, perform poorly due to the lack

of specialized mechanisms to ensure extraction quality. Although
system like Lotus incorporates carefully designed extraction op-
erators, it shows limited improvement over pure LLMs, primarily
due to weak schema identification, particularly in settings where
target attributes are not predefined. Evaporate improves upon this
by introducing schema identification mechanism before extraction.
However, it lacks robust mechanisms for verifying semantic and
structural constraints, which limits its performance in complex
scenarios like Rotowire, where the number of tables and entities
varies.

Overall, TabAgent achieves the best performance among all base-
lines and shows significant improvements in open-attribute extrac-
tion tasks. Its collaborative agents are respectively responsible for
schema generation, semantic refinement based on past errors, and
structural validation. This modular design ensures both the accu-
racy of the extracted tables and adaptability to diverse user tasks.

3.3 Ablation Study

In this section, we evaluate the effectiveness of the specialized
agents in TabAgent through an ablation study. The study includes
four settings: the full TabAgent and three variants without the
Schema Agent (-w/o Schema), Semantic Agent (-w/o Semantic), and
Validation Agent (-w/o Validation). The Extraction Agent, which
handles core extraction tasks, is not ablated. We use the Rotowire
dataset for evaluation, where each document is a report summa-
rizing a basketball game and includes two associated tables. Each
table contains multiple entities along with a set of attributes and the
user instruction does not specify target attributes. This complexity
highlights the difficulties involved in table extraction task by LLMs.

As shown in Table 2, each agent plays a critical role in TabAgent’s
overall performance. Removing the Schema Agent causes the largest
performance drop, highlighting its role in predicting candidate
schemas based on historical tasks. Accurate schema identification
is essential for capturing fine-grained details and structuring table
content. On the other hand, the absence of the Semantic and Valida-
tion Agents also leads to performance degradation. The Semantic
Agent captures contextual and semantic relationships between ta-
ble entries and input documents, offering revision suggestions for
iterative refinement. The Validation Agent enforces schema and
formatting constraints, as reflected by the performance drop when
omitted. Due to the strong reasoning and generation capabilities of
LLMs, removing these two agents has a relatively smaller impact,
as the model can still produce reasonably accurate outputs.

Overall, TabAgent consistently outperforms its ablated variants,
validating the effectiveness of collaborative agents in table extrac-
tion tasks.

3.4 Parameter Tuning Study

In this section, we evaluate the impact of parameter k, which con-
trols the number of memory samples used by TabAgent during
schema generation and table refinement. These samples from the
memory include task-related schema templates and past error pat-
terns. Specifically, TabAgent retrieves the top-k most relevant sam-
ples from the memory repository, including schema templates and
semantic error patterns. We vary k from 1 to 7 and assess its effect
across the datasets.



Table 2: Ablation study results for the modules in TabAgent.

Methods Rotowire/Player Rotowire/Team

F1 LLM F1 LLM

TabAgent -w/o Schema 71.22 6.22 60.53 4.99
TabAgent -w/o Semantic 80.67 7.07 73.24 6.13
TabAgent -w/o Validation = 78.81 6.51 72.36 5.88

TabAgent 84.29 7.35 78.38 6.43

On the E2E and Rotowire datasets, user queries typically contain
general or exploratory extraction instructions. As shown in Figure 3,
for E2E and the Team table in Rotowire, TabAgent achieves the best
performance when k=7, while for the Player table in Rotowire, the
optimal performance is observed at k=5. The initial performance
gain stems from the increased contextual support provided by a
larger number of memory samples. Knowledge retrieved from the
memory repository enables the agents to generate accurate table
schema and enhances their capacity for effective self-refinement.
However, in the Player table of the Rotowire dataset, performance
begins to degrade beyond a certain point, as redundant or noisy
information may mislead the agents and negatively impact extrac-
tion accuracy. This indicates that more knowledge does not always
lead to better outcomes; beyond a threshold, it can become a source
of interference.
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Figure 3: Effect of top-k values on E2E and Rotowire datasets.

4 RELATED WORK
4.1 Structured Information Extraction

Structured information extraction aims to identify and organize
structured data from unstructured or semi-structured text. Early
approaches relied on rule-based systems to extract entities and
attributes by detecting structural linguistic patterns [13, 20, 24,
30]. To improve generalization over complex sentence structures,
learning-based methods emerged, leveraging the capabilities of
sequence-based and generative models. For example, CharNER [12]
applied BiLSTM to named entity recognition, OpenIE6 [11] adopted
a BERT-based grid labeling approach for relational triple extraction,
and AdaTag [33] introduced adaptive decoder parameterization for
multi-attribute extraction. However, these methods often struggle
with capturing implicit relationships.

With the advancement of pre-trained models, information ex-
traction has made measurable progress. In particular, when dealing

with complex texts with long-term dependencies, pre-trained lan-
guage models can effectively capture deep semantic information.
Text-To-Table [31] fine-tunes the BART [14] model for the table
generation task. UIE [17] proposes a unified structure generation
framework with a pre-trained large-scale text-to-structure genera-
tion model. LasUIE [6] adopts a three-stage LM training procedure
to enhance structure-aware generation ability. ODIE [10] is a struc-
tured information extractor guided by human instructions, built on
LLaMA [28] architecture and fine-tuned via LoRA [9] technique. Al-
though current methods [35, 36] are designed to select valuable data
and enhance training efficiency and quality, these training-based
models often exhibit limited adaptability, as their performance is
constrained by training distributions and predefined schemas. This
makes them less flexible when faced with diverse attributes and
varying user requirements.

The advent of large language models (LLMs) has introduced new
possibilities for information extraction. Empirical results from prior
studies [27] demonstrate the capabilities of LLMs in end-to-end
table extraction. Systems such as Lotus [23] and Palimpzest [16]
exemplify LLM-based frameworks for querying unstructured data,
supporting attribute extraction through declarative language. Be-
yond serving as extractors, LLMs can also play an auxiliary role in
extraction tasks. For instance, Revilio [26] employs LLMs to con-
struct table sketches as guiding representations for downstream
extraction. Evaporate [3] leverages synthesis code generated by
LLMs to perform information extraction from heterogeneous docu-
ments. However, their performance is sensitive to factors such as
prompt design. These issues can be improved through collaborative
mechanisms based on multi-agent systems.

4.2 Multi-Agent LLM System For Information
Extraction

The integration of multi-agent systems with LLMs has emerged as
a promising paradigm for addressing complex tasks. A multi-agent
system operates through the collaboration of multiple autonomous
agents, each with distinct roles and capabilities. LLM agents demon-
strate strong capabilities in diverse scenarios, such as multi-robot
system [19], game simulation [32], scientific research [4] and soft-
ware development [8].

Recently, several studies have introduced multi-agent LLM sys-
tems for information extraction and analysis tasks. KARMA [18]
decomposes the knowledge graph enrichment pipeline from un-
structured text into multiple stages, each managed by specialized
agents assigned to distinct roles. Additionally, multi-agent systems
can integrate with retrieval-augmented generation frameworks to
enhance information extraction by leveraging collaborative rea-
soning and dynamic knowledge retrieval. MAIN-RAG [5] employs
multiple agents to score and filter retrieved documents from knowl-
edge graph before generating responses to user queries. Agen-
tRE [25] proposes an agent-based relation extraction framework,
where agents interact with retrieval, memory, and extraction mod-
ules to improve relation extraction tasks. MDocAgent [7] performs
multimodal extraction and reasoning on textual and visual inputs
through the collaboration of several specialized agents. However,
these methods face challenges in table extraction tasks due to a lack
of explicit mechanisms for schema-aware reasoning, fine-grained



cell-level interactions, and strict format verification, which are crit-
ical for achieving high precision in structured data processing.

5

CONCLUSION

We introduce TabAgent, an LLM-based multi-agent framework de-
signed for structured table extraction from unstructured documents.
TabAgent integrates schema generation, iterative self-checking, and
structural validation mechanisms via four specialized agents sup-
ported by a shared memory repository. Extensive experiments on
diverse datasets demonstrate its superior performance compared
to existing table extraction methods. Our findings highlight the
potential of multi-agent systems in complex structured information
extraction tasks. Future work may adapt the framework to various
unstructured document formats, including PDFs and image files.
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