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Abstract

Modern Data Lakes contain vast and hetero-
geneous document collections, making table
generation from documents a persistent and
nontrivial challenge. Traditional approaches
are often rigid — i.e. domain-specific, require
extensive supervision, or are limited to set of
pre-defined schemas; LLM-based approaches
are more flexible, but typically suffer from hal-
lucinations, non-determinism, and high com-
putational costs. To overcome these limita-
tions, we introduce Hemolix.TabGen, a novel
scalable LLM-based table generation system
that comprehends documents and generates Bi-
dimensional tables based on the entire docu-
ment content. We evaluated TabGen on 4 pub-
licly available datasets spanning multiple do-
mains and observed an Average Precision delta
up to 30% compared to vanilla LLMs.

1 Introduction

Large enterprise and medical Data Lakes contain
vast collections of different documents (e.g., med-
ical case reports, legal contracts, financial dis-
closures, insurance summaries, research articles,
policy forms, etc.) (Romero and Ventura, 2013;
Bolyen et al., 2019). These documents represent in-
formation in a variety of different modalities, such
as free text, images, tables, graphs, figures, etc.

Information Extraction (IE) (Sarawagi, 2008;
Nargesian et al., 2019; Yafooz et al., 2013; Ca-
farella et al., 2007) is an area that helps solve this
problem by developing approaches that automati-
cally extract structured knowledge from raw docu-
ments (e.g., DOCX, PDF, plain text, etc.). Classi-
cal IE approaches (Lample et al., 2016; Zhong and
Chen, 2021; Lin et al., 2020; Li et al., 2021; Wu
et al., 2022) rely on manually designed templates
or supervised learning models (Lample et al., 2016;
Lewis et al., 2020; Devlin et al., 2019; Lee et al.,
2020). While being reasonably effective within spe-
cific domains, these systems require large, domain-

dependent annotated datasets (Gui et al., 2024) for
training as well as IE accuracy is sensitive to the
domain and starts degrading when it changes. For
example, Text-to-Table (Wu et al., 2022), relies
on labeled data and sequence-to-sequence formu-
lations to extract relatively simple relational tables
from short texts, with several extensions (Li et al.,
2023; Deng et al., 2024; Pietruszka et al., 2024;
Jiang et al., 2024). However, such approaches do
not support longer multi-page documents, require
domain-alignment and are limited in handling com-
plex structured data.

Recent LLM-based table generation sys-
tems, such as Evaporate (Arora et al., 2023b),
ZenDB (Lin et al., 2024), Palimpzest (Liu et al.,
2024), LOTUS (Patel et al., 2024), Doctopus (Chai
et al., 2025), and TabAgent (Wu et al., 2025), lever-
age LLMs to extract tables from semi-structured
documents, offering promising zero-shot capabili-
ties and domain independence. However, they do
not support complex Bi-dimensional tables with
hierarchical metadata, which are essential in many
domains, such as medicine and finance (Wang et al.,
2020; Shrestha et al., 2025; Kandibedala et al.,
2025).

Here, we describe Hemolix.TabGen, a novel
LLM-based domain-independent system designed
specifically for scalable, unsupervised complex ta-
ble generation from heterogeneous document col-
lections. We observe the following contributions:
(1) Domain-agnostic Extraction: We introduce
a novel Table Generation operator that does not
require any domain-specific pre-training. It gener-
alizes across domains, enabling extraction of both
relational (Codd, 1983) and Bi-dimensional tables
(Shrestha et al., 2025; Kandibedala et al., 2025)
through simple task descriptions, eliminating ex-
pensive annotation and pre-training overhead.
(2) Document-wide Comprehension: For multi-
page documents, Hemolix.TabGen employs ad-
vanced LLM-based comprehension. This signif-
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Figure 1: Table Generation in Hemolix.TabGen.

icantly increases the amount of information con-
sidered for table generation compared to classic
solutions such as Text-to-Table, allowing efficient
and accurate extraction from large multi-page doc-
uments.
(3) Adaptive Optimization: Hemolix.TabGen
uses Document Profiles that capture document char-
acteristics, such as language, lexical diversity, etc.,
and LLM Profiles that log the IE runtime metrics,
such as accuracy, cost, latency, throughput, etc
(Ivanov et al., 2026). Both profiles enable learning
and subsequent selection and configuration of a spe-
cific LLM that would be the best fit for the task as
well as selection and configuration of a best fitting
set of Hemolix.TabGen custom optimizations.
(4) Table Generation Optimizer:
Hemolix.TabGen’s supports an Optimizer
that supports a variety of optimization strategies
specifically designed and optimized for table
generation.

We evaluate Hemolix.TabGen on several key IE
tasks across four publicly available corpora span-
ning multiple domains. The system is evaluated
to perform research and information retrieval at
Moffit Cancer Center.

2 Usage Scenario

This section presents the Hemolix.TabGen inter-
face through a Table Generation use case in the
medical domain. Figure 1 shows a screenshot of
the system (opened in the Web browser), where
typical users—such as clinical data scientists, data
engineers, health informatics specialists, and med-
ical data analysts—extract key information (e.g.,
patient characteristics, treatments, adverse events,

and outcomes) from multiple documents and output
it in tabular format for further analysis by down-
stream analytical systems.

The process starts in Step №1, where the user
uploads a document (the system can also process
multiple documents) from the MCR and SCBC on-
cological data lakes (Shrestha et al., 2025). In Step
№2, the user selects "Table Extraction" as action
and uploads a Bi-dimensional table schema to be
used as a Table Template (e.g. in Microsoft Word
format in this example) to format and structure the
extraction results. Next, in Step №3, the user se-
lects the optimization and chooses GPT-OSS-120B
LLM. The Execution Plans are then generated by
the system and presented in Step №4. The user
may select between the optimized plan or the de-
fault plan (without optimization). Estimated met-
rics for execution time, cost, and speed, based on
previous executions, are provided for both plans.
Here the user decided to select and execute the
optimized plan. The extraction results are shown
on the right in Figure 1. They are comprised of
the Extracted Table Data (Step №5) and Extraction
Overview (Step №6). Step №5 presents the gener-
ated table, which matches the schema of the pro-
vided Table Template as well as contains now the
extracted values for the Vertical Metadata variables
(VMDs, marked in blue) and Horizontal Metadata
variables (HMDs, marked in red) (Shrestha et al.,
2025; Kandibedala et al., 2025). This means the ex-
traction was successful - i.e. all desired template at-
tributes were located and extracted from the source
document. SOTA LLM-based solutions and vanilla
LLMs typically fail to preserve hierarchical rela-
tionships in HMD and VMD of Bi-dimensional ta-
bles that are critical for medical domain and might
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resort to flattening and extracting it as a relational
table, which would be inaccurate. Finally, Step №6
reports on the successful execution, showing pro-
filing metrics, such as total cost, overall execution
time, and tokens per second.

3 System Overview

Here, we describe Hemolix.TabGen architecture.
TabGen Engine (TE) takes raw documents, extrac-
tion specifications (e.g., attribute lists or schema
templates), and user-defined optimization prefer-
ences (performance, accuracy, or cost). TE con-
sists of two main components: Profiling module
and Table Generation Operator (EOTAB). The Pro-
filing module computes per-document properties/s-
tatistics (e.g., format, size, word/sentence counts,
domain, etc.) for each input document. These
properties are stored as a Document Profile in a
centralized Profile Repository (Ivanov et al., 2026).
EOTAB generates structured tables with the spec-
ified attributes and their values coming from the
document content. The actual location, where the
variables were found in the document can widely
vary depending on the document. They can be
on different pages, in tables or other document
structures. The generated output can be either a
relational table (Codd, 1983) or a table with Bi-
dimensional hierarchical metadata (Shrestha et al.,
2025; Kandibedala et al., 2025). EOTAB supports
both schema-free and template-driven table gen-
eration. In the schema-free setting, the LLM au-
tonomously identifies the most relevant attributes
from the document, whereas template-driven gen-
eration follows a user-provided schema template.
TabGen Optimizer improves extraction accuracy,
efficiency, and reduces cost by generating an opti-
mized Execution Plan. To achieve this, it applies a
range of optimization strategies (Table 1) that also
help mitigate LLM hallucinations (Huang et al.,
2023; Zhang et al., 2025). The Optimizer main-

tains custom parameterized prompt templates that
define operator logic and available optimizations,
and uses the Document and LLM Profiles to fetch
the information needed for the selected optimiza-
tion. The prompt template varies by LLM type
and optimization setting, and includes placehold-
ers for both user-specified table entities and the
corresponding document content. The number of
templates expands as new LLM types and optimiza-
tion strategies are added.
Execution Plan (EP) is generated by the Optimizer
according to the user preferences (performance,
accuracy, or cost) and the current LLM Profiles. If
no preferences are provided, the system defaults to
a non-optimized execution. Each EP specifies an
ordered sequence of operators and their selected
optimizations, from which the Optimizer generates
executable code, as illustrated in Figure 1.
TabGen Profiler supports adaptive model selec-
tion for table extraction tasks by maintaining the
LLM Profile repository that stores LLM Profiles.
Each LLM Profile accumulates runtime metrics,
capturing variations across IE tasks, LLMs, and
optimization settings. The Profiler provides task-
and document-aware performance monitoring, en-
abling the system to automatically route table ex-
traction tasks according to user-defined priorities.
After each execution, runtime metrics are recorded
in the Execution Statistics table and propagated to
the corresponding LLM Profile, enabling informed
LLM selection for similar future tasks. To sup-
port optimal EP selection, the Profiler employs
three XGBoost models (Chen and Guestrin, 2016),
trained on historical Document Profile and LLM
Profile data, each predicting one optimization ob-
jective (accuracy, cost, or execution time) (Ivanov
et al., 2026). The system thus predicts the optimal
EP for a given workload, forming an adaptive feed-
back loop that continuously adapts to changes in
LLM performance, model updates, and document
domains.

4 Evaluation

We evaluated our system on four datasets using
multiple SOTA LLMs.
Datasets: The Medical Case Reports (MCR)
and Small Cell Bladder Cancer (SCBC)
datasets (Shrestha et al., 2025) comprise
1,500 and 320 open-access medical publications,
respectively, including text, figures, and both
relational (20%) and Bi-dimensional (80%) tables,



Feature Strategy Use Case Observed Gain

Scalability

Document-wide
Comprehension

Comprehension of large multi-page docu-
ments, where using the entire document con-
tent improves table generation quality

BERT Score (BE) improvement
up to 8.9%

Table Validation
Automated quality assurance for generated ta-
bles without manual inspection (Algorithm 1)

Avg. Extraction Precision (AP)
85% (manual) vs. 82% (auto-
mated)

Metadata Tab2JSON
Bi-dimensional tables with hierarchical meta-
data where vanilla LLMs fail to preserve
schema

Metadata Precision (MP) im-
proved from 0% to 100%

Hallucination
Mitigation

Evidence Grounding Extraction with supporting source spans for
verification

AP improvement up to 21.3%

Multi-step
Ambiguous schemas, long documents, or noisy
source text where single-pass extraction is in-
complete

AP improvement up to 8.4%;
hallucinations reduced up to
3.4% (Claude)

KG Augmentation
& Inference

Domain-specific tasks where semantic knowl-
edge can resolve ambiguous or missing at-
tributes

AP improvement up to 10%

Table 1: Specific Use Cases and Gain Observed for Several Optimization Strategies.

Algorithm 1 Table Validation with LLM-based
RAG
1: Input: Table T with m rows and k columns, source docu-

ment D, iterations n (default 10)
2: Output: Average Precision score (Pavg)
3: Initialize Array scores[n] = {} →to store precision

scores
4: Number of iterations i = 1
5: while i < n do
6: Initialize correct_count = 0
7: for each row r in table T do
8: for each value v in row r do
9: if Verify_with_LLM(v,D) then

10: correct_count ++
11: end if
12: end for
13: end for
14: Precision Pi =

correct_count
m∗k ; Store Pi in scores[i]; i++

15: end while
16: Average Precision Pavg = Average(scores)
17: return Pavg

with documents. We also use two Text-to-Table
(Wu et al., 2022) datasets, E2E (Novikova et al.,
2017) and RotoWire (Wiseman et al., 2017) (see
(Wu et al., 2022) for detailed statistics).

Evaluation Metrics: We use task- and dataset-
appropriate metrics to ensure fair comparability
with prior work. BERTScore (BE) is used for E2E
and RotoWire, following Text-to-Table (Wu et al.,
2022). Average Precision (AP) measures cell-level
correctness on MCR and SCBC (where ground-
truth cell values are available). Metadata Precision
(MP) measures structural fidelity i.e., the fraction
of correctly preserved metadata attributes and hi-
erarchical relationships relative to the schema tem-
plate. Finally, the Presence metric (Pr) quantifies
extraction completeness across iterative multi-step
extraction steps.

System E2E Rotowire SCBS
Text-to-Table 98.56 92.97 76.60
LOTUS 56.44 61.04 77.00
Doctopus 58.00 60.02 78.00
TabAgent 83.75 81.34 –
TabGen(Gemini) 92.34 86.00 82.50
TabGen(GPT-4) 94.21 83.72 83.30
TabGen(Llama 3) 89.27 85.76 83.30
TabGen(Claude 3.7) 93.26 75.82 85.50

Table 2: Comparison of Hemolix.TabGen Table Gener-
ation with SOTA. BERT Score (BE) in %.

4.1 Comparison with SOTA Methods

We compare Hemolix.TabGen against four recent
SOTA LLM-based IE systems: Text-to-Table (Wu
et al., 2022), LOTUS (Patel et al., 2024), Docto-
pus (Chai et al., 2025), and TabAgent (Wu et al.,
2025). Table 2 summarizes the results.

On the E2E and RotoWire benchmarks, Text-
to-Table achieves higher BERTScores (BE) due
to task-specific training and fine-tuning, whereas
Hemolix.TabGen generates schemas directly from
input without predefined attributes or domain-
specific training, and supports multi-page docu-
ments. On the E2E benchmark, Hemolix.TabGen
(GPT-4) achieves a higher BE improvement
over LOTUS (37.77%), Doctopus (36.21%), and
TabAgent(83.75%); on the RotoWire bench-
mark, Hemolix.TabGen (Gemini) similarly out-
performs LOTUS (24.96%), Doctopus (25.98%),
and TabAgent (4.66%). On the SCBC dataset,
Hemolix.TabGen (Claude 3.7) achieves BE of
85.5%, surpassing Text-to-Table (76.6%), LOTUS
(77%) and Doctopus (78%), without task-specific
fine-tuning. As TabAgent is not publicly available,
we could not evaluate it on our datasets.

Hemolix.TabGen outperforms vanilla LLM
baselines (i.e., LLMs queried directly without



Hemolix.TabGen’s pre-processing, profiling, and
optimization infrastructure) by up to 30% in AP,
demonstrating the concrete benefit of the system’s
optimizer-driven architecture.

4.2 Ablation Study

Here, first we evaluate Hemolix.TabGen’s ability
to extract information from complex documents
(MCR and SCBC datasets) using the specified ta-
ble schemas in the template files. We tested both
relational and Bi-dimensional tables across MS
Word, HTML, JSON, and XML formats, (see three
schema-templates in Figure 3): two Bi-dimensional
tables with hierarchical metadata (one with Bi-
dimensional hierarchical metadata (Shrestha et al.,
2025), the other with HMD only), and a standard
relational table with 28 attributes.

Figure 3: Sample Schema-Templates.

TabGen (GPT-4) TabGen (Claude 3.7)
Templates Data Metadata Data Metadata
MS Word-Relational 43.03 26 61.57 24
MS Word-HMD 43.82 0 66.39 0
MS Word-HMD_VMD 44.98 48 60.11 26
HTML-Relational 79.90 28 73.30 26
HTML-HMD 61.19 0 65.70 0
HTML-HMD_VMD 67.52 34 63.39 54
JSON (All Types) 82.14 100 84.08 100
XML (All Types) 76.52 100 71.05 100

Table 3: Average Precision (in %) for Different Table
Types and Templates. The best results are in bold.

TabGen (GPT-4) TabGen (Claude 3.7)
Templates STemp. JSON STemp. JSON
Relational Table 74.62 94.94 80.45 94.15
HMD Table 58.20 88.48 74.82 88.33
HMD_VMD Table 64.79 93.50 68.60 95.50

Table 4: Average Precision (in %) for Schema-Template
(STemp.) converted to JSON.

For each experiment, the user provides a doc-
ument, chooses a schema-template file, then
Hemolix.TabGen generates a prompt to extract in-
formation while preserving the template’s structure.
The initial experiments were conducted without
any optimizations using GPT-4 and Claude 3.7 due
to a higher cost incurred with using more LLMs.
We evaluate the extraction based on two criteria:

Precision of the extracted data, measured by the
correctness of cell values (Data columns in Table
3) and the Metadata Precision (MP), which mea-
sures preservation of the correct schema-template
structure i.e. schema/metadata and hierarchical
metadata (Metadata columns in Table 3). MP is
measured by the number of correctly generated
metadata and hierarchical relationships compared
to the template. Table 3 reports Average Precision
(AP) across table types and formats. Results for
MS Word and HTML are reported separately for
each table schema, whereas JSON and XML results
are averaged across different table types, as we ob-
served minimal variation in Precision. MS Word
templates yield the lowest MP (24.67% for GPT-4
and 16.67% for Claude 3.7). HTML templates also
performed poorly, with averages of 20.67% (GPT-
4) and 26.67% (Claude 3.7). Notably, both models
failed entirely to preserve HMD templates in MS
Word and HTML. Errors that lowered MP included
missing attributes, omission of parent-child rela-
tionships, and hierarchy distortions (i.e., the struc-
ture of the extracted metadata hierarchy differed
from the original template). In contrast, JSON and
XML formats preserved the metadata hierarchy ac-
curately. For data extraction, MS Word templates
performed the worst, with AP of 43.94% (GPT-
4) and 62.69% (Claude 3.7), followed by HTML
templates 69.54% and 67.46%, respectively). Both
models achieved the highest Precision with the
JSON template. Similar results were observed in
(Singha et al., 2023), where the authors found that
the JSON outperformed HTML format in struc-
tural table understanding tasks, aligning with our
findings. We hypothesize that JSON and XML
perform better due to their explicit structural en-
coding (e.g., attribute-value pairs, nested hierar-
chies), which aligns closely with schema-templates,
whereas MS Word and HTML rely on inconsistent
visual cues (e.g., merged cells, indentation, font
styling) or tag-based layouts, making extraction
more difficult.

Next we applied the Tab2JSON optimization
(see Table 1), which converts templates to JSON
while preserving structure. Table 4 compares AP
from the previous experiment under the STemp.
column with the new Precision after applying the
Tab2JSON optimization under the JSON column.
This improved AP by 26.43% (GPT-4) and 18.04%
(Claude 3.7). The results suggest that Claude out-
performs GPT for Schema-Template Extraction.

We define the Presence metric to measure gener-



ation completeness:

Pr(di) =
MTi

NT1∪T2...∪Tk

(1)

where Pr(di) (in %) is the Presence for output table
Ti of an individual document di, MTi is the number
M attribute values X stored in the output table Ti,
and NT1∪T2...∪Tk

is the total number N of attribute
values X1 ∪X2... ∪Xk stored across all K output
generated tables T1 ∪ T2, ..,∪Tk.
Multi-step Table Generation: Given an input doc-
ument and a task description specifying the target
attributes and table schema (see PT1 in Appendix C
for a sample prompt template), Hemolix.TabGen
generates tables (Figure 3 shows an example of
the extracted Bi-dimensional schema - Table with
HMD and VMD.) performing a single-pass extrac-
tion. Hemolix.TabGen supports Multi-step Extrac-
tion optimization (Table 1), which improves accu-
racy and reduces hallucination errors (Huang et al.,
2023). We applied Multi-step Extraction over k it-
erations (user defined parameter), logically divided
into k+1 steps. First, a document and task descrip-
tion are submitted to Hemolix.TabGen, producing
"generated Table 1" T1. The next k − 1 steps re-
peat this process, yielding T2 to Tk. In the final
step, these are merged to produce the final table Tf .
Moreover, since too many iterations might lead to
longer processing time and higher monetary costs,
we use k = 3 as suggested (Arora et al., 2023a).

We conducted this experiment with three LLM
configurations: GPT-4, Claude 3.7, and an ensem-
ble of both. On the MCR dataset, the merged table
achieved the highest Presence of 76.1%, while in-
dividually generated tables showed a slight lower
scores, ranging from 67% to 68.5%. This indi-
cates that extracting attribute values using LLMs
is more accurate when the merged table Tf from
Multi-step Extraction is used, rather than relying
on individually generated tables (T1, T2, . . . , Tk).
In terms of cost and runtime, GPT-4 results in an
average cost of $0.83 with a runtime of 137.43 sec
per multi-step table generation, while Claude 3.7
is notably cheaper at $0.093, but slower with a run-
time of 332.28 sec. More detailed error analysis is
summarized in Appendix A.1.
Ablation Summary: We systematically evaluate
each optimization by comparing the system with
and without the optimization. Tab2JSON fully
eliminates metadata hallucinations on HMD tables,
improving MP from 0% to 100%, since the hier-
archical JSON explicitly encodes complex table

Figure 4: LLM-Profile-guided Table Generation. (a)
Accuracy (%); (b) Cost ($); (c) Execution Time (sec.).
‘EO(Tab)’ denotes Table Extraction Operator; ‘+’ de-
notes optimized extraction (see Table 1).

structure. Multi-step extraction reduces hallucina-
tion rates from 5.7% to 3.1% for GPT-4 and from
8.2% to 4.8% for Claude (see Table 6 in Appendix),
by exploiting LLM stochasticity across indepen-
dent runs and fusing outputs via majority-vote-style
selection. The Evidence Grounding yields up to
21.3% higher AP by enforcing explicit ground-
ing through supporting text spans. KG (Knowl-
edge Graph)-augmented extraction additionally im-
proves accuracy up to 10% as shown in Figure 4.
Together, these optimizations substantially reduce
hallucinations and improve extraction quality.

4.3 TabGen Profiler Analysis

The TabGen Profiler selects the most suitable
model for each table extraction task using previous
execution history and user-specified preferences.
As illustrated in Figure 4(a), Mistral achieves the
highest accuracy. In contrast, when the preference
is to optimize cost (Figure 4(b)), Llama 3 provides
the lowest execution cost, though with a small re-
duction in accuracy. The three XGBoost models
underlying the Profiler, trained on 1,500 histori-
cal execution records combining Document Pro-
file and LLM Profile features, achieve F1 scores
of 0.98 (accuracy objective), 0.91 (cost objective),
and 0.90 (latency objective), confirming sufficient
signal for reliable execution plan selection. In our
experiment Profiler improved accuracy by 8–12%
at comparable cost and reduced cost by 10–15% at
comparable accuracy versus static model selection.
To summarize, these results show that our TabGen
Profiler enables effective model selection based on
task-specific priorities such as accuracy, cost, or
execution time.

5 Related Work

Table Extraction (TE) IE task aims to extract struc-
tured knowledge from documents. Converting
text to tables has been approached through super-



vised learning (Smock et al., 2022) and sequence-
to-sequence generation (Wu et al., 2022). Sys-
tems such as (Li et al., 2023; Deng et al., 2024;
Pietruszka et al., 2024; Chen and Koudas, 2024)
primarily handle simple relational tables from short
texts using seq2seq frameworks from Text-to-Table
(Wu et al., 2022), with extensions for parallel row
generation (Li et al., 2023), sports-related table
summarization (Deng et al., 2024), T5-based ap-
proaches (Pietruszka et al., 2024), and retrieval-
augmented enrichment (Chen and Koudas, 2024).
Unlike these, our approach generalizes to both re-
lational and Bi-dimensional tables and supports
documents of varying lengths and structural com-
plexity (Kandibedala et al., 2023; Gubanov et al.,
2009, 2008; Gubanov, 2017; Gubanov et al., 2014).

Prior work, such as (Circi et al., 2024; Pavia
et al., 2022) focuses on domain-specific extraction
from tables in materials science articles, whereas
our system is domain-agnostic. SciDaSynth (Wang
et al., 2024) integrates LLMs (GPT) with retrieval-
augmented generation (RAG) for domain-specific
relational tables extraction. ArxivDIGESTables
(Newman et al., 2024) uses LLMs to automati-
cally generate literature review tables in the sci-
entific domain, but is limited to relational tables
(Gubanov et al., 2017; Khan and Gubanov, 2018b;
Gubanov and Shapiro, 2012; Khan and Gubanov,
2020a, 2018a). In contrast, our method is evaluated
across multiple domains and supports complex Bi-
dimensional table extraction, with optimizations
targeting time, cost, and accuracy (Gubanov et al.,
2024; Villasenor et al., 2017; Chauhan et al., 2023).

Recent systems, such as Evaporate (Arora et al.,
2023b), LOTUS (Patel et al., 2024), ZenDB
(Lin et al., 2024), Doctopus (Chai et al., 2025),
Palimpzest (Liu et al., 2024) and TabAgent (Wu
et al., 2025) leverage LLMs for table extrac-
tion from semi-structured documents, but do not
support complex Bi-dimensional table generation.
TableCoder (Dong et al., 2025) extracts relational
and complex tables by prompting LLMs to gen-
erate executable code (e.g., Python or SQL), but
relies on a prompt-based pipeline rather than an
optimizer-driven, operator-based design and is
not publicly available for comparison. Systems
such as Aryn (Anderson et al., 2024) and Do-
cETL (Shankar et al., 2024) primarily optimize
output quality, our approach jointly optimize cost,
accuracy, and performance. Unlike prompt- or
supervision-based methods such as GPTuner (Lao
et al., 2024) and FieldSwap (Xie et al., 2024), out

solution is unsupervised, does not require domain-
specific pre-training and supports both relational
and Bi-dimensional table generation.

6 Conclusion

Here we described Hemolix.TabGen, a novel,
domain-independent LLM-based system for unsu-
pervised extraction of structured information from
complex documents (Gubanov and Pyayt, 2014;
Simmons et al., 2017; Podkorytov et al., 2017;
Pavia et al., 2021). The system supports the gen-
eration of relational and complex Bi-dimensional
tables, with/without predefined schemas (Gubanov
and Pyayt, 2013; Khan and Gubanov, 2020b). It
performs document-level reasoning to locate and
extract information that may appear across multiple
pages or heterogeneous layouts, and incorporates
several optimization strategies to alleviate typical
SOTA LLMs shortcomings, such as hallucinations.

The current system relies on commercial SOTA
LLMs which exhibit shortcomings standard for all
LLMs including hallucinations. According to our
evaluation, we demonstrated significant progress
in this direction by developing multiple advanced
optimizations for table generation and continue
working to even further increase accuracy and scal-
ability.
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A Experiments

Setup. The experiments were performed on a
server equipped with a 112-core Intel Xeon Plat-
inum 8180 2.50 GHz CPU, 3 NVIDIA V100 GPUs,
1.5 TB RAM, and 16 TB of storage.

A.1 Error Evaluation

In our experimental evaluation of the LLM-based
approaches, we encountered multiple errors and
inconsistencies in the multi-step table generation
involving data extraction and fusion steps. After
thorough analysis, we identified two main types
of errors, which are explained below with specific
examples for each type.

Extraction Errors - These errors occur when
the LLM omits information that was present in the
source document. We distinguish four types of
extraction errors:

• Missed/skipped attributes/variables: For ex-
ample, Physical Exam results (Lungs were
clear to auscultation) were mentioned in the
original case report, but LLM failed to extract
and capture them in the response table.

• Incorrectly extracted attributes/variables: For
example, the LLM recorded in its response 1.5
months instead of capturing 1 month 3 weeks
(Duration).

• Incorrect table structure/categorization: For
example, Case report details category mixed
patient demographics with medical details.

• Hallucinations: For example, patient’s family
and social history was invented, without any
mention in the original document.

Fusion Errors - These errors occurred when
the LLM attempted to merge the three output re-
sponse tables into a consolidated merged table. We
identified five distinct fusion errors:

• Mismatches in merging attributes/variables:
For example, Incidence sub-category mis-
matched with Diagnostic Tests data.

• Missed/skipped attributes/variables in source
tables: For example, several relevant at-
tributes from the three response tables, such
as Initial Symptoms and Key Diagnostic Find-
ings, were omitted in the merged table.

• Duplicate attributes/variables in the merged
table: For example, redundant volume mea-
surements and repeated age range informa-
tion.

• Hallucinations in the merged table: For ex-
ample, merged table introduces a combined
chemotherapy timeline not present in the orig-
inal document.

• Incorrect data transformation/merging: For
example, the final "Follow-up outcomes" sec-
tion transformed the timeline incorrectly. In-
stead of clearly stating the 12-month follow-
up with no tumor recurrence, it generalized
the time frame and created confusion about
the exact period.

We summarized the different types of errors in
Table 6. The table presents both the absolute num-
ber of errors and their corresponding percentages
of the total errors for GPT and Claude. Analysis
reveals that extraction errors significantly outnum-
ber fusion errors across both LLMs. Specifically,
the first three types of extraction errors account
for 70.5% of GPT’s errors and 55.3% of Claude’s
errors. In terms of fusion errors, Claude exhibits
a higher proportion, at 36.6% of total errors, com-
pared to GPT’s 23.8%.

In summary, GPT demonstrates a greater ten-
dency for extraction errors, while Claude shows a
higher susceptibility to fusion errors.

B TabGen Optimizer

B.1 Preserving Metadata Integrity

While out-of-the-box LLMs can manage simple
relational tables (Codd, 1983), they fail to correctly
infer headers (metadata per (Kandibedala et al.,
2025)) in complex, non-relational Bi-dimensional
tables (Shrestha et al., 2025). When such schemas
contain the attributes to extract, Hemolix.TabGen
applies the Tab2JSON optimization to convert
the table into a hierarchical JSON format that pre-
serves both horizontal (HMD) and vertical meta-
data (VMD) correctly. After the schema is con-
verted to JSON, the LLM extracts attribute values
from the document using this structured represen-
tation as guidance. This conversion helps greatly
improve accuracy, as LLMs tend to extract and
align values more accurately when operating over
well-defined hierarchical structures rather than raw,



Category Sub-Category Details
Disease Characteristics Nature of Disease Renal Medullary Carcinoma (RMC) is a rare, aggressive malignancy

predominantly found in young patients of African descent with sickle cell trait.
Incidence and Very poor prognosis, with survival typically less than 1-year post-diagnosis.
Prognosis Most cases present metastasis or local invasion at diagnosis.

Patient Demographics Demographics 29-year-old African female with sickle cell trait.
Medical History No significant medical history prior to current diagnosis.

Clinical Presentation Symptoms Presented with chronic cough, fever, and abnormal chest X-ray showing
and Symptoms mediastinal widening.

Diagnostic Tests CT scans revealed multiple masses in the mediastinum, lungs, liver, and a large
kidney mass. Diagnosis confirmed by pathology with loss of INI1 expression.

Table 5: Sample Ground Truth Table Structure.

Operation Type of Error GPT GPT % Claude Claude %
Missed/skipped attributes/variables 123 33.6 91 27.5

LLM Incorrectly extracted attributes/variables 65 17.8 47 14.2
Extraction Incorrect table structure/categorization 70 19.1 45 13.6

Hallucinations 21 5.7 27 8.2
Mismatches in merging attributes/variables 22 6.0 29 8.8

LLM Missed/skipped attributes/variables in source tables 26 7.1 40 12.1
Fusion Duplicate attributes/variables in the merged table 18 4.9 22 6.6

Hallucinations in the merged table 11 3.0 17 5.1
Incorrect data transformation/merging 10 2.7 13 3.9
Total 366 331

Table 6: LLM Error Types.

complex tables (Singha et al., 2023). Prompt Tem-
plate (PT3) provides a step-by-step description of
the optimization strategy.

B.2 Table Validation

For table validation processes each row by applying
an LLM-based RAG verification (i.e. an LLM-as-
a-Judge (Zheng et al., 2023) approach) to com-
pare attribute values against the source document.
Implementation details to calculate Precision are
provided in Algorithm 1, which takes as input the
table T , the source document D, and an optional
number-of-iterations n parameter, and returns the
average precision (AP) Pavg for the table. The num-
ber of iterations is configurable, allowing users to
balance processing time and cost, although reduc-
ing the number of iterations may impact accuracy.
Importantly, this validation is implemented as an
optional optimization: users can either enable it for
automated checking or rely on manual inspection
when the higher cost is not a concern. Across 500
experiments on relational and Bi-dimensional table
generation (e.g., JSON, HTML), manual evaluation
yields an AP of 85%, while automated validation
achieves 82%, closely approximating the manual
score and enabling the scale up of our evaluation
process.

C Prompts

PT1. Example Table Generation Prompt Template (EOTAB)
<Organize the information from the provided document
into a table with specific categories and sub-categories. For
each main category - Disease Characteristics, Patient Demo-
graphics, ... — please include relevant sub-categories based
on the document’s content. Each section should summarize
key details from the document in a structured manner.>

PT2. Example Merge Tables Prompt Template)
Merge the provided tables into a single table, ensuring con-
sistency and avoiding duplication.

PT3. Tab2JSON Optimization
<instructions>, Extract and convert the schema of each
provided table into a hierarchical JSON format while
preserving its structural relationships.
Analyze the the table schema (i.e., header and sub-header
rows/columns) and identify hierarchical relationships
between attributes. Treat each header or sub-header as a
schema node in the JSON structure.
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