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Abstract

This paper defines and explores the design
space for information extraction (IE) from
layout-rich documents using large language
models (LLMs). The three core challenges of
layout-aware IE with LLMs are 1) data struc-
turing, 2) model engagement, and 3) output
refinement. Our study investigates the sub-
problems and methods within these core chal-
lenges, such as input representation, chunk-
ing, prompting, selection of LLMs, and mul-
timodal models. It examines the effect of dif-
ferent design choices through LayIE-LLM, a
new, open-source, layout-aware IE test suite,
benchmarking against traditional, fine-tuned
IE models. The results on two IE datasets
show that LLMs require adjustment of the IE
pipeline to achieve competitive performance:
the optimized configuration found with LayIE-
LLM achieves 13.3–37.5 F1 points more than
a general-practice baseline configuration us-
ing the same LLM. To find a well-working
configuration, we develop a one-factor-at-a-
time (OFAT) method that achieves near-optimal
results. Our method is only 0.8–1.8 points
lower than the best full factorial exploration
with a fraction (∼2.8%) of the required com-
putation. Overall, we demonstrate that, if
well-configured, general-purpose LLMs match
the performance of specialized models, pro-
viding a cost-effective, finetuning-free alter-
native. Our test-suite is available at https:
//github.com/gayecolakoglu/LayIE-LLM.

1 Introduction

Information extraction (IE) extracts structured data
from unstructured documents, including layout-
rich documents (LRDs) as reports and presenta-
tions that mix visual and textual elements (Park
et al., 2019; Wang et al., 2023b, 2025). LRDs
challenge traditional natural language processing
(NLP) techniques, designed for plain texts (Cui
et al., 2021; Tang et al., 2023).

Figure 1: Design space for IE from layout-rich docu-
ments using LLMs. The goal is to extract information
relevant to the target data schema with correct mapping.

Recent layout-aware models at the intersection
of NLP and Computer Vision (CV) address this
gap by including visual and structural features to
improve IE from LRDs (e.g., LayoutLMv1-v3 (Xu
et al., 2020, 2021; Huang et al., 2022), ERNIE-
Layout (Peng et al., 2022), GraphDoc (Zhang
et al., 2022), DocFormer (Appalaraju et al., 2021)).
While early layout-aware models required substan-
tial dataset-specific fine-tuning, recent generative
document understanding models (Powalski et al.,
2021) have demonstrated strong zero- and few-shot
capabilities on unseen datasets and tasks.

While LLMs exhibit significant potential, there
exist open questions regarding their adoption for
IE from LRDs. In what form should the document
content be provided to the LLM? Which methods
are most effective for in-context learning (ICL) and
instruction tuning? Do large multimodal LLMs as
GPT-4o (OpenAI, 2024) and Qwen 2.5-vision (Bai
et al., 2025) offer advantages over traditional Op-
tical Character Recognition (OCR) and fine-tuned
layout-aware models, and how does their perfor-
mance vary across LLMs of different scales and
sources? How coherent is the LLM output, and
what post-processing is needed?

Studies have individually addressed some of the
aspects (Wang et al., 2023a; Luo et al., 2024a; Blau
et al., 2024). However, there is a lack of a unified
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framework that comprehensively explores and com-
pares these components. This paper fills this gap
by systematically investigating the design space for
LLM-based IE from LRDs. We focus on evaluat-
ing a range of preprocessing, chunking, prompt-
ing, and post-processing techniques, alongside var-
ious ICL strategies, within a unified, reproducible
framework. Additionally, we conduct an exten-
sive comparison of these components, examining
multimodal LLMs, traditional models, open- and
closed-source LLMs, and fine-tuned layout-aware
models. To the best of our knowledge, no existing
research has comprehensively compared the com-
bined impact of these pipeline parameters across
such diverse model categories.

Our results reveal multiple insights. First,
current general LLMs can compete with tradi-
tional fine-tuned models such as LayoutLMv3 and
ERNIE-Layout, without expensive labeling. Sec-
ond, rather than fine-tuning on data, LLMs require
adjustment of the IE pipeline to achieve compet-
itive performance–the performance gap between
a general-practice baseline and the configuration
tuned using our lightweight OFAT method on two
datasets is 13.3 F1 points for VRDU (Wang et al.,
2023b), and 37.5 for FUNSD (Jaume et al., 2019),
only 1.8 points and 0.8 points lower than the best
possible Brute-Force configuration respectively.
Third, while purely text-based LLMs achieve com-
petitive performance with our method, multimodal
LLMs, those that directly integrate textual and
visual features, still outperform them. However,
this advantage comes with increased token usage,
higher API costs, and diminished transparency and
control over individual steps. In summary, our con-
tributions are as follows.

• We introduce the Design Space of IE from
LRDs using LLMs, addressing three core chal-
lenges: 1) Data structuring, 2) Model engage-
ment, and 3) Output refinement (Sec. 2).

• We develop LayIE-LLM, a layout-aware IE test
suite to analyze the impact of: OCR, text-based
inputs, chunk size, few-shot and CoT prompting,
LLM models, decoding strategies, schema map-
ping, data cleaning, and evaluation techniques us-
ing exact, substring, and fuzzy matching (Sec. 3).

• We conduct evaluation of GPT-4o, GPT-3.5, and
LLaMA3, as well as the vision-enabled GPT-4o
and Qwen2.5-vision, and compare them with
traditional, fine-tuned layout-aware models such
as LayoutLMv3 and ERNIE-Layout, highlight-

ing trade-offs between performance and resource
efficiency (Sec. 4).

• We open-source LayIE-LLM and all our experi-
mental results, enabling reproducibility and fur-
ther experimentation by the community: https:
//github.com/gayecolakoglu/LayIE-LLM

2 Design Space of IE from LRDs with
LLMs

Task Definition. IE from LRDs involves identi-
fying and extracting information from documents
where textual content is intertwined with complex
visual layouts and mapping them into structured
information instances such that

IE : (D,S) → E (1)

• D represents the set of LRDs, each with content
and layout information.

• S is the target schema that defines the set
of slots to be filled. Each slot is defined
by an attribute (key) ai and its correspond-
ing data type (domain) Ti, such that S =
{(a1, T1), (a2, T2), ..., (ak, Tk)}.

• Finally, E represents the set of extracted infor-
mation instances, where each instance is a set of
slot-value pairs derived from a document in D,
leveraging both content and layout to determine
the correct values for the slots in S. Each value
in an instance must conform to the data type T ,
specified in the schema for that attribute.

2.1 Using LLMs for IE

LLM-based IE systems have to tackle three chal-
lenge areas: Data Structuring, Model Engagement,
and Output Refinement.
Data Structuring. For multimodal LLMs, LRDs
can be directly given as input. On the other hand,
for purely text-based LLMs, the input documents
must be transformed into textual representa-
tions. This involves converting documents into
machine-readable formats using OCR systems
to extract features such as text, bounding boxes,
and visual elements (Mieskes and Schmunk,
2019; Smith, 2007). Alternatively, a formatting
language such as Markdown can be employed
to represent the document’s layout, allowing the
LLM to understand the structural context of the
text better. The impact of OCR quality on IE
performance has been documented (Bhadauria
et al., 2024), and structured formats tend to yield
better results (Bai et al., 2024). To process larger
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documents efficiently, they are often divided into
smaller, manageable chunks based on page bound-
aries, sections, or semantic units (Liu et al., 2024).
Markdown as an input format compared to raw
OCR outputs remains underexplored, representing
a potential research gap in IE system development.

Model Engagement. Once preprocessed, the doc-
ument is fed to an LLM for IE. Ensuring alignment
between the extracted text and layout information
is crucial for accurate representation (Xu et al.,
2021; Appalaraju et al., 2021). Prompt-driven
extraction leverages general-purpose models, by
using tailored prompts to guide the extraction pro-
cess (Brown et al., 2020; Radford et al., 2021; Zhou
et al., 2022). As such, models must be explicitly
instructed to extract information, typically with an
accompanying schema. This step can involve more
advanced IT and ICL techniques (few-shot, CoT).
The influence of prompting techniques in interac-
tion with various stages of the IE pipeline to en-
hance performance and robustness remains a re-
search gap that requires further investigation.

Output Refinement. After inference, the extracted
information undergoes post-processing to ensure
accuracy and conformity with Schema S. This
step involves refining and validating the outputs
generated by the LLM through tasks such as
mapping extracted entities E to their original
document positions, merging overlapping or
fragmented predictions, and resolving ambiguities
in the results (Xu et al., 2020). Post-processing for
entity extraction has been explored in prior stud-
ies (Wang et al., 2022; Tamayo et al., 2022), and
rule-based entity alignment has demonstrated no-
table improvements in accuracy (Luo et al., 2024b).
However, to our knowledge, there has been no anal-
ysis of post-processing techniques specifically tai-
lored to LRDs in conjunction with LLMs.

3 LayIE-LLM: Test-Suite for IE from
LRDs with LLMs

We implement LayIE-LLM , a comprehensive test
suite to evaluate IE tasks from LRDs. The pipeline,
depicted in Figure 2, systematically transforms
raw inputs into structured outputs through multi-
ple stages, enabling a thorough assessment of the
effectiveness of various design decisions.

3.1 Data Structuring

PDF documents include both textual content and
layout features. The process involves two conver-

sions: 1) Extracting textual content and layout in-
formation using OCR data, and 2) creating a mark-
down representation.
Chunking. We employ three chunk sizes: (1) max:
4096 tokens, (2) medium: 2048 tokens, and (3)
small: 1024 tokens. Documents are segmented
into N chunks based on their length and the se-
lected chunk size. Each chunk is constructed by
sequentially accumulating whole words up to the
token limit, thereby preserving word boundaries
and ensuring a non-overlapping structure. Layout
information is retained by associating each text
segment with normalized and quantized spatial co-
ordinates, which preserve the structural context of
the original document.

3.2 Model Engagement

Model engagement involves constructing input to
the LLM using three primary components: (1) a
task instruction that defines the IE task, (2) the tar-
get schema S, and (3) the document chunk. We
adhere to best practices from NLP for prompt struc-
ture and IE task instruction. The schema S is im-
plemented as a dictionary of key-value pairs, where
values specify the format of the corresponding at-
tribute using regex expressions in Listing 1.

"file_date": r"\d{4}-\d{2}-\d{2}",
"foreign_princ_name": r"[\w\s.,'&-]+",
"registrant_name": r"[\w\s.,'&-]+",
"registration_num": r"\d+",
"signer_name": r"[\w\s '.-]+",
"signer_title": r"[\w\s.,'&-]+",

Listing 1: Schema Definition

We also implement two ICL strategies: (1) Few-
Shot and (2) Chain-of-Thought (CoT) (see Ap-
pendix A.2 for more details). For N prompts, the
LLM performs N completions, with one completion
per prompt. The outputs are collected and stored
as raw predictions, ready for Output Refinement.

3.3 Output Refinement

We refine the raw outputs from the LLM to en-
sure alignment with the target schema, addressing
challenges related to prediction variability, schema
definition differences, and data formatting inconsis-
tencies (e.g., varying date formats). We implement
three techniques inspired by related work in data
integration (Srivastava and Dong, 2013): Decod-
ing, Schema Mapping, and Data Cleaning. This
results in three sets of predictions: initial predic-
tions, mapped predictions, and cleaned predictions.
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Figure 2: LayIE-LLM test suite for extracting information from LRDs using LLMs in six stages. The process begins
with OCR-based text extraction and Markdown conversion with LLM assistance, followed by chunking to manage
token limits, experimenting with different chunk sizes. Each chunk is processed into a prompt using Few-shot and
CoT strategies with varying example counts. Prompts include a document example with key-value pairs, plus a new
document and task. LLMs generate structured JSON outputs, which are decoded and reconciled. Post-processing
includes data cleaning and entity mapping, followed by evaluation using two methods.

Decoding. The decoding step parses each LLM
completion as a JSON object, discarding any that
fail to parse. The process then consolidates predic-
tions for each document by reconciling outputs gen-
erated across individual pages and chunks. With N
completions for N prompts, corresponding to N
chunks, the model generates multiple predictions
for a single document. Reconciliation ensures a uni-
fied document-level output by deduplicating nested
predictions and aggregating unique values. If mul-
tiple unique values exist for a single entity, they
are retained to preserve variability. The outcome
of this step is referred to as initial predictions.

Schema Mapping. LLMs are expected to return
only keys {a1, a2, ..., ak} specified in the target
schema S. However, they may occasionally fail to
return the keys as expected. E.g., ‘file date” is re-
turned instead of “file_date”. Such LLM “overcor-
rection” can hinder strict schema conformance. As
a countermeasure, we implement a post-processing
step that maps the predicted keys to align with
the target schema. Our mapping step integrates
multiple weak-supervision signals, such as exact
matching, partial matching, and synonym-based
logic, inspired by the recent techniques for ontol-
ogy alignment (Fürst et al., 2023). The outcome
of this step is the mapped predictions, where en-
tity keys {a1, a2, ..., ak} are standardized and fully
aligned with the schema S.

Data Cleaning. A common issue concerns the
format of the values Tk of predicted key-value
pairs {(a1, T1), (a2, T2), ..., (ak, Tk)}. We must
standardize formats, such as dates and names, to
align with the target schema S. One source of error
is LLM hallucinations (Ji et al., 2023; Huang et al.,
2025; Xu et al., 2024b), while another problem
is that information is often not aligned to a com-

mon format inside the source data. For instance,
two documents might use two different formats for
dates (“April 1992” vs “1992-04-01”). Additional
issues include capitalization, redundant whitespace,
or special characters. We utilize the regex-defined
data types in our schema to automatically apply
data cleaning functions. The outcome of this step
is the cleaned predictions, representing the final
fully normalized outputs.

Evaluation Techniques. Evaluating IE for LRDs
requires comparing the extracted data against an
annotated test dataset. We implement three metrics
for this evaluation: exact match, substring match,
and fuzzy match.

• Exact Match searches for perfect alignment be-
tween predicted and ground truth values. A
match is valid only when the values are iden-
tical. This strict approach is ideal for extracting
specific, unambiguous entities like dates or nu-
merical identifiers.

• Substring Match checks whether ground truth
values are fully contained within the predicted
values as complete substrings, without being split
or partially matched. It ensures all ground truth
values appear in their entirety within predictions,
making it effective for tasks such as extracting
full names or addresses, where additional contex-
tual details (e.g., titles like Mr. and Mrs.) may be
included in the predictions without making the
extraction incorrect.

• Fuzzy Match uses similarity metrics (fuzz.ratio)
for approximate matches. A match is valid if
the highest similarity ratio exceeds a predefined
threshold (default: 0.8), creating binary decisions
unlike soft similarity metrics (Biten et al., 2019).
This method is well-suited for scenarios with
minor variations caused by OCR errors or for-



matting discrepancies.

4 Experimental Evaluation

4.1 Experimental Design

Methodology. The goal of our experimental
setup is to analyze how different parameters in the
pipeline (Figure 2) influence the performance of IE
from LRDs using LLMs. To examine the design
dimensions, we begin with a baseline configuration
and systematically vary one factor at a time, fol-
lowing a one-factor-at-a-time (OFAT) methodology.
This approach allows us to isolate and understand
the impact of each parameter change on the IE
performance.
Our intuition is that by independently aggregating
the insights gained from each design dimension,
one can develop a deeper understanding of the
design space and potentially identify an effective
overall configuration for IE, without the need for
an exhaustive factorial exploration. To validate this
approach, we compare the OFAT method’s results
with those obtained via a brute-force strategy in-
volving 432 experiments (2×3×2×4×3×3 = 432,
see Table 1).
Dataset and LLMs. We use the Visually Rich
Document Understanding (VRDU) dataset (Wang
et al., 2023b), which includes two benchmarks with
high-quality OCR for assessing data efficiency, due
to its inclusion of three visually diverse template
types – Amendment, Short-Form, and Dissemina-
tion – representing varied and complex layouts,
as well as generalization tasks: Single Template
Learning (STL), Unseen Template Learning (UTL),
and Mixed Template Learning (MTL). For further
details on how this dataset is tailored for our exper-
iments and diverse models, please refer to A.3.
Additionally, to further prove the generalizability
of our approach, we also conducted the same set
of experiments using the FUNSD dataset (Jaume
et al., 2019), which directly provides key-value
pairs in a question-answering format without the
complexity of OCR processing. Due to page limi-
tations and for the sake of clarity, the experimental
results presented in this section are based on the
VRDU dataset. The corresponding experimental
results for the FUNSD dataset are provided in A.5.

We evaluate GPT-3.5, GPT-4o, and LLaMA3-
70B for text-only structured data extraction from
LRDs. Furthermore, we compare their results with
those of GPT-4, LayoutLMv3, and ERNIE-Layout
to assess the performance gap between multimodal

LLMs and domain-specific fine-tuned models.

Table 1: Overall configuration parameters. Baseline
configuration is highlighted with light blue .

Parameter Values

Input Type OCR , Markdown
Chunk Size Category Small, Medium , Max
Prompt Type Few-Shot , CoT
Example Number 0 , 1, 3, 5
Post-processing Strategy Initial , Mapped, Cleaned
Evaluation Technique Exact , Substring, Fuzzy

The Baseline Configuration. The baseline con-
figuration is outlined in Table 1, where the config-
uration is selected based on best practices, such
as in (Perot et al., 2024) for the following reasons:
(1) OCR reflects real-world scenarios for digitized
LRDs. (2) Medium chunk size balances efficiency
and context preservation, addressing token limits
in LLMs. (3) Few-shot prompting combines pre-
trained knowledge with minimal task-specific guid-
ance. (4) Using zero examples provides a clear
benchmark for assessing the model’s raw perfor-
mance. (5) Initial predictions are retained to eval-
uate models’ raw output without modifications, en-
suring a direct assessment of their capabilities. (6)
Finally, exact match provides a stringent measure
of correctness, offering a reliable baseline for com-
parison across configurations.

4.2 The Input Dimension

We substitute OCR input with Markdown and eval-
uate the resulting performance in both STL and
UTL scenarios. The performance differences be-
tween OCR and Markdown inputs vary by model
and context, showing no consistent trend favoring
either input type, as shown in Table 2.

Table 2: Performance results for different LLMs across
STL and UTL levels with different input types. Base-
line configuration in light blue .

Models Level Exact Match (F1)

OCR Markdown

GPT-3.5 STL 0.650 0.647 (-0.003)

UTL 0.645 0.657 (+0.012)

GPT-4o STL 0.670 0.633 (-0.037)

UTL 0.659 0.633 (-0.026)

LLaMA3 STL 0.640 0.657 (+0.017)

UTL 0.640 0.662 (+0.022)

Avg (±stdev.) 0.650 (±0.011) 0.648 (±0.012)



OCR input serves as a stable baseline for IE tasks,
delivering consistent performance across models.
GPT-4o has noticeable performance drops with
Markdown input, indicating its reliance on OCR for
optimal results. In contrast, Markdown marginally
improves performance for LLaMA3-70B at both
STL and UTL scenarios, suggesting its potential
benefits from the additional structure or semantic
cues. GPT-3.5 demonstrates robustness to changes
in input type, with only slight fluctuations in per-
formance. On average, OCR marginally outper-
forms Markdown (0.650 vs. 0.648), but the differ-
ences are minor, with standard deviations indicat-
ing similar stability (see Appendix A.1 for detailed
insights).

4.3 The Chunk Dimension

Table 3: Performance results for different LLMs across
STL and UTL levels with different chunk size cate-
gories. Baseline configuration in light blue .

Models Level Exact Match (F1)

Small(≤ 1024) Medium(≤ 2048) Max(≤ 4096)

GPT-3.5 STL 0.562(-0.088) 0.650 0.645(-0.005)

UTL 0.561(-0.084) 0.645 0.644(-0.001)

GPT-4o STL 0.602(-0.068) 0.670 0.674(+0.004)

UTL 0.600(-0.059) 0.659 0.657(-0.002)

LLaMA3 STL 0.615(-0.025) 0.640 0.647(+0.007)

UTL 0.608(-0.032) 0.640 0.644(+0.004)

Avg(±stdev.) 0.591(±0.023) 0.650(±0.011) 0.651(±0.011)

To evaluate the impact of chunk size, we vary
it while keeping all other parameters constant. Ta-
ble 3 demonstrates how chunk size affects perfor-
mance across STL and UTL levels.

Medium and max chunk sizes provide the most
consistent and stable results across models, with
an average F1 score of 0.650 (±0.011) and 0.651
(±0.011), respectively. Due to insufficient context,
small chunk sizes result in significant performance
drops, particularly for GPT-3.5 and GPT-4o. These
findings suggest that max chunk size is optimal,
but medium can be a good option for LLMs with
limited context lengths.

4.4 The Prompt Dimension

Table 4 shows the impact of prompt type and num-
ber of examples on model performance for STL
and UTL. Surprisingly, in-context demonstrations
do not enhance performance for few-shot or CoT
experiments (see Appendix A.1 for detailed in-
sights). For both experiments, the setting with

Table 4: Different LLMs across STL and UTL levels
with different prompt types and example numbers. Base-
line Configuration is highlighted in light blue .

Models Level Exact Match (F1)

0 1 3 5

few-shot

GPT-3.5 STL 0.650 0.586(-0.064) 0.593(-0.057) 0.548(-0.102)

UTL 0.645 0.566(-0.079) 0.564(-0.081) 0.541(-0.104)

GPT-4o STL 0.670 0.608(-0.062) 0.602(-0.068) 0.595(-0.075)

UTL 0.659 0.597(-0.062) 0.607(-0.052) 0.601(-0.058)

LLaMA3 STL 0.640 0.599(-0.041) 0.606(-0.034) 0.603(-0.037)

UTL 0.640 0.582(-0.058) 0.601(-0.039) 0.597(-0.043)

Avg(±stdev.) 0.650(±0.011) 0.589(±0.014) 0.595(±0.016) 0.580(±0.028)

CoT

GPT-3.5 STL 0.653(+0.003) 0.602(-0.048) 0.544(-0.106) 0.533(-0.117)
UTL 0.650(+0.005) 0.575(-0.007) 0.548(-0.097) 0.516(-0.129)

GPT-4o STL 0.655(-0.015) 0.615(-0.055) 0.612(-0.058) 0.605(-0.065)
UTL 0.659(0) 0.614(-0.045) 0.611(-0.048) 0.607(-0.052)

LLaMA3 STL 0.635(-0.005) 0.603(-0.037) 0.613(-0.027) 0.610(-0.003)
UTL 0.644(+0.004) 0.586(-0.054) 0.601(-0.039) 0.598(-0.042)

Avg(±stdev.) 0.649(±0.008) 0.599(±0.015) 0.588(±0.032) 0.578(±0.042)

zero examples achieves the highest average per-
formance: few-shot 0.650 (±0.011) and CoT 0.649
(±0.008). Performance consistently declines as the
number of examples increase, likely due to noise
that impairs generalization. Overall, there is no
significant difference between few-shot and CoT.

4.5 Output Refinement
We examine two output refinement strategies,
Schema Mapping and Data Cleaning (see Sec. 3.3),
to evaluate their impact shown in Table 5.
Schema Mapping involves mapping the predicted
schema keys to the target schema keys. Our results
show no change in F1 scores compared to the initial
predictions. This suggests that the models already
effectively return the correct attributes, making the
mapping step unnecessary.
Data Cleaning uses the defined data types to per-
form automatic value cleaning, consistently achiev-
ing the highest F1 scores across all models. This
underscores the need for post-processing steps for
IE with LLMs to align the extracted data with the
target format to handle LLM hallucinations and
inconsistent source data formats (see Sec. 3.3).

4.6 Evaluation Techniques
We explore three evaluation techniques to assess
their impact on model performance (see Sec. 3.3).
On average, Fuzzy Match achieved the highest
F1 score (0.733), outperforming Substring Match
(0.676) and Exact Match, as shown in Table 6.



Table 5: Different LLMs across STL and UTL lev-
els with different post-processing strategies. Baseline
configuration is highlighted in light blue .

Models Level Exact Match (F1)

Initial Pred. Mapped Pred. Cleaned Pred.

GPT-3.5 STL 0.650 0.650(0) 0.737(+0.087)

UTL 0.645 0.645(0) 0.733(+0.088)

GPT-4o STL 0.670 0.670(0) 0.749(+0.079)

UTL 0.659 0.659(0) 0.741(+0.082)

LLaMA3 STL 0.640 0.640(0) 0.724(+0.084)

UTL 0.640 0.640(0) 0.725(+0.085)

Avg(±stdev.) 0.650(±0.011) 0.650(±0.011) 0.734(±0.009)

To validate the reliability of these metrics, we man-
ually analyzed cases where Exact Match failed but
Substring or Fuzzy Match succeeded. This review
confirmed that most soft-matched predictions were
semantically correct, with errors largely due to
OCR noise, formatting differences, or annotation
inconsistencies. Notably, fuzzy match (with a strict
0.8 threshold) captured valid predictions that ex-
act and substring match missed, such as truncated
organization names. Our detailed error analysis
in Appendix A.4 shows that fuzzy and substring
matching provide near-perfect precision when man-
ually checked for semantic equivalence, with pre-
cision scores of 0.98 and 1.00, respectively. This
shows Fuzzy Match’s ability to balance flexibility
and precision.

Table 6: Different LLMs across STL and UTL levels
with different evaluation techniques. Baseline configu-
ration in light blue .

Models Level Exact Match Substring Match Fuzzy Match
(F1) (F1) (F1)

GPT-3.5 STL 0.650 0.683(+0.033) 0.730(+0.080)

UTL 0.645 0.682(+0.037) 0.726(+0.081)

GPT-4o STL 0.670 0.690(+0.020) 0.750(+0.080)

UTL 0.659 0.678(+0.019) 0.744(+0.085)

LLaMA3 STL 0.640 0.661(+0.021) 0.727(+0.087)

UTL 0.640 0.662(+0.022) 0.723(+0.083)

Avg(±stdev.) 0.650(±0.011) 0.676(±0.011) 0.733(±0.010)

4.7 Putting it All Together

We investigated the influence of various parame-
ters on model performance along the IE extraction
pipeline, analyzing one factor at a time. Drawing
from the underlying 12 experiments, we identified
the optimal parameter for each step and each model
based on the experimental outcomes (Table 7). To
validate this approach, we conducted an exhaustive

full factorial exploration with 432 configurations
to identify the overall best-performing (Table 8)
and worst-performing parameter combinations per
LLM. For the comparative analysis in Figure 3,
we use a single global OFAT configuration that
achieves the highest average performance across
all models (selection criteria in Appendix A.1). The
performance of these different configurations, in-
cluding the worst, is depicted in Figure 3. We gain
several insights:

• OFAT approximates well the best-performing
Brute-Force configuration with a fraction (∼
2.8%) of the required computation. We see in
Table 7 and Table 8 that they match except for
8 parameter choices (chunk size, prompt and
example No. parameters). Likewise, their F1
scores are close to each other (Figure 3), with
OFAT achieving 0.783 and Brute-Force achiev-
ing 0.801 overall.

• Adapting the IE pipeline to the LLM is cru-
cial for competitive performance. Overall, the
OFAT configuration improves from baseline F1
of 0.650 to 0.783, a 20% improvement. For the
best-performing Brute-Force, the improvement
is 23%. In comparison, the worst configuration
achieves an average score of only 0.5, which is
approximately 64.1% of the best configuration’s
performance.

• Common patterns across LLMs. First, output
refinement and evaluation techniques boost per-
formance for all LLMs. Second, there is a trend
towards larger context sizes. Lastly, larger mod-
els (GPT-4o, LLaMa3) benefit more from exam-
ples, while the CoT pattern generally aids IE.

FUNSD Dataset. We provide the equivalent OFAT
analysis for the FUNSD dataset in Appendix A.5.
While we observed different patterns with respect
to the IE pipeline configuration, our experiments
on FUNSD also show a clear improvement through
output refinement techniques and the use of tol-
erant evaluation metrics. Most importantly, they
show that our OFAT method nearly reaches the best-
performing Brute-Force performance (only 0.8 F1
points lower), and improves 90% from the baseline
IE results. This indicates that our OFAT method
for IE pipeline configuration is generalizable and
can help practitioners and researchers to find the
best configuration for their specific dataset.

Finally, we compare our text-based approach
to IE to (1) GPT-4o-vision and Qwen2.5-vision,
multimodal LLMs, (2) LayoutLMv3 and ERNIE-



Table 7: OFAT configurations on a per-model basis and
corresponding performance results.

Parameter GPT-3.5 GPT-4o LLaMA3

Input Type Markdown OCR Markdown
Chunk Size Medium Max Max
Prompt CoT Few-Shot Few-Shot
Example No. 0 0 0
Output Refin. Cleaned Cleaned Cleaned
Evaluation Fuzzy Fuzzy Fuzzy

Table 8: Best-performing Brute-Force configurations
on a per-model basis and corresponding performance
results.

Parameter GPT-3.5 GPT-4o LLaMA3

Input Type Markdown OCR Markdown
Chunk Size Max Medium Small
Prompt Few-shot CoT CoT
Example No. 0 5 5
Output Refin. Cleaned Cleaned Cleaned
Evaluation Fuzzy Fuzzy Fuzzy

Layout, layout-aware models that we fine-tune to
our dataset (Table 9). Despite fine-tuning, Lay-
outLMv3 and ERNIE-Layout perform worse than
our evaluated LLMs, even on documents that con-
tain the same structure as the fine-tuning data
(STL). We also observe that LLMs remain stable
across template types. The best-performing models
are GPT-4o-vision followed by Qwen2.5-vision,
both multimodal LLMs, where we directly provide
an image of the PDF for IE. These models benefits
from less context loss due to chunking and their
ability to use textual and visual features jointly.
However, when considering token usage and cost,
GPT-4o-vision requires ∼ 2× the tokens compared
to text-only approaches and > 10× the cost under
the current OpenAI pricing scheme (Nov. 2024),
while Qwen2.5-vision uses ∼ 1.4× the tokens with
no API costs when run locally. Therefore, text-only
approaches constitute a good trade-off between per-
formance and cost for practical applications, with
Qwen2.5-vision offering a viable middle ground.

5 Related Work

IE using LLMs. Transformer-based models (De-
vlin et al., 2019; Brown et al., 2020; Liu et al.,
2019b) have advanced NLP with self-attention and
large-scale pretraining but struggle with layout-rich
documents (LRDs). To address this, layout-aware
and multimodal models have emerged (Xu et al.,
2020, 2021; Huang et al., 2022), including gen-
erative approaches (Powalski et al., 2021). Addi-
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Figure 3: F1 scores of different LLMs across three
configurations (Baseline, OFAT, and Brute-Force). Each
bar represents the mean F1 score of a model for the
corresponding configuration. The OFAT configuration
uses a single global parameter set optimized across all
models.

Table 9: Cost (per experiment) and performance of
LLMs across STL and UTL levels for the OFAT con-
figuration. The tokens for LayoutLMv3 and ERNIE-
Layout include the fine-tuning. ∗We run Qwen2.5-
vision, LayoutLMv3, ERNIE-Layout, and LlaMa3 lo-
cally, without API costs.

Models Tokens API Cost STL (F1) UTL (F1)

GPT-3.5 322K $0.18 0.777 0.776
GPT-4o 278K $0.40 0.798 0.788
LLaMA3 239K $0∗ 0.784 0.776
GPT-4o-vision 585K $4.76 0.902 0.897
Qwen2.5-vision 385K $0∗ 0.890 0.891
LayoutLMv3 176.1M $0∗ 0.603 0.194
ERNIE-Layout 240M $0∗ 0.663 0.397

tionally, some models enhance document under-
standing through multimodal learning (OpenAI,
2023; Team et al., 2023). Structural-aware ap-
proaches (Fujitake, 2024; Lee et al., 2022) fur-
ther improve extraction accuracy, while end-to-end
models (Kim et al., 2022) bypass OCR for direct
document image processing. Furthermore, some
approaches adopt a chat-based paradigm for flexi-
ble IE (Xu et al., 2024a), while others (Jiang et al.,
2025) enhance document understanding through
layout-aware pretraining, advancing LLMs for
practical applications.
Strategies for IE from LRDs. Graph-based mod-
els (Liu et al., 2019a; Nourbakhsh et al., 2024)
enhance relation extraction by capturing textual-
visual relationships. A critical factor in layout-
rich document (LRD) processing is maintaining
the reading order, where Token Path Prediction
(TPP)(Zhang et al., 2023) resolves OCR layout am-
biguities, and global tagging(Shaojie et al., 2023)
mitigates text ordering issues, thereby improv-
ing extraction accuracy. For structured data, spe-
cific approaches target various document types:



table extraction (Shigarov et al., 2018) and uni-
fied OCR, preprocessing, and postprocessing for
document IE (Perot et al., 2024). Additionally,
a simple yet effective multimodal and multilin-
gual method for parsing semi-structured forms is
presented in (Cheng et al., 2025). Despite the
variety of models proposed, comparative studies
evaluating text-only, multimodal, and layout-aware
LLMs remain limited (Van Landeghem et al., 2023;
Stanisławek et al., 2021).
Preprocessing, Chunking, Prompting, Postpro-
cessing, and Evaluation Techniques. Chain-of-
Thought (CoT) prompting (Wei et al., 2022) en-
hances reasoning in complex LRD extraction tasks,
while diverse prompt-response datasets (Zmigrod
et al., 2024) improve LLM robustness. Instruction-
finetuned LLMs have also demonstrated effective-
ness in domain-specific applications, such as clin-
ical and biomedical tasks, where zero-shot and
few-shot enable adaptive extraction without exten-
sive fine-tuning (Labrak et al., 2024). Postprocess-
ing techniques, including text normalization and
schema alignment (Fürst et al., 2023).

Despite advances, current studies often focus on
isolated components rather than evaluating com-
plete IE pipelines, leading to an incomplete under-
standing of their interplay. Our findings, quantified
and contextualized within a controlled and repro-
ducible framework. Our study enables structured
evaluation of IE techniques and systematically ana-
lyzes the trade-offs between performance and effi-
ciency across diverse model categories.

6 Conclusion

This paper introduces the design space for IE from
LRDs using LLMs, with challenges of data struc-
turing, model engagement, and output refinement,
considering the design choices within those chal-
lenges. We examine the effects of these choices
on the overall performance through one-factor-at-
a-time (OFAT) and full-factorial (Brute-Force) ex-
ploration of the parameters. We show that well-
configured general-purpose LLMs provide an ef-
fective alternative to specialized models for IE
from LRDs. Our cost-effective OFAT method
(2.8% of required computation) generalizes across
two datasets (VRDU and FUNSD) with a perfor-
mance that is just 0.8–1.8% lower than the best-
possible configuration that can be found through a
full-factorial exploration. This makes our results
and method directly applicable to IE practitioners

who need to configure their IE pipeline for their
dataset. Towards this goal, we have open-sourced
LayIE-LLM, our layout-aware IE test suite (https:
//github.com/gayecolakoglu/LayIE-LLM).
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Limitations

Our experimental evaluation focused on the Vi-
sually Rich Document Understanding (VRDU)
dataset (Wang et al., 2023b) and the FUNSD
dataset (Jaume et al., 2019). VRDU was chosen
for its comprehensive OCR outputs, well-defined
schema, and diverse template types (Amendment,
Short-Form, and Dissemination) that capture com-
plex layouts. It also supports generalization tasks–
Single Template Learning (STL), Unseen Template
Learning (UTL), and Mixed Template Learning
(MTL)–making it suitable for visually rich doc-
ument understanding. In contrast, FUNSD was
selected due to its widespread use in document un-
derstanding tasks, particularly for extracting struc-
tured information from simpler, form-based lay-
outs. While FUNSD does not share the layout
diversity and complexity of VRDU, it serves as a
useful baseline for form-centric document analysis.
This provides a different perspective by offering
insights into scenarios where key-value pairs are
organized within relatively simple templates.

One key limitation arises from the differences
in schema structure between these datasets. The
VRDU dataset has structured templates that facili-
tate consistent key mapping during post-processing
(see Section 3.3), while the FUNSD dataset fea-
tures dynamic, document-specific key-value pairs,
making mapping more challenging. To address this,
we plan to enhance our existing schema-mapping
step by incorporating context-aware strategies that
dynamically adapt to variations and leverage se-
mantic similarity to reduce mismatches.

Another limitation lies in the construction of
few-shot prompts (see Appendix A.3). Currently,
the LLM generates these prompts by condensing
the original OCR data while preserving only text
features, aiming to reduce token usage and cost.
However, in the tested document, both text and lay-
out features are preserved without modification,
embedding spatial structure into text sequences
to enhance model understanding. Improving the
LLM-generated few-shot prompt process by better
integrating spatial features directly into the prompts
could enhance the model’s performance in complex
scenarios.

Our manual investigation (as detailed in Ap-
pendix A.1) demonstrated that fuzzy match is more
tolerant of valid variations while maintaining high
accuracy, as verified through manual evaluation;
however, we acknowledge that it may relax correct-

ness criteria and inflate performance metrics. To
address this, we plan to extend the evaluation with
metrics commonly used in the context of LLMs,
such as ROUGE (Lin, 2004) and BLEU (Papineni
et al., 2002) scores and their adaptations (Yang
et al., 2018). A fair comparison using cost-related
metrics is mostly harder to compute due to their
changing depending on the scenario. For instance,
for Llama3, ERNIE-Layout, and LayoutLMv3, we
listed the cost as 0 due to having a free-to-use ser-
vice; it comes with a cost. Similarly, the cost of
computation can be considered from different per-
spectives, such as the energy usage of a model.

The test suite is currently limited to the steps that
we listed in Fig. 2, whereas one could imagine ad-
ditional steps or factors that affect the performance
and may even deliver more satisfactory outcomes.
We would like to incorporate additional steps that
we learn from the community and incrementally
enlarge the design space, and extend the testing
capabilities for IE from LRDs.

Another limitation stems from the OFAT strategy
used to explore the parameter space. While OFAT
enables systematic tuning with minimal computa-
tional cost, it inherently fails to detect interaction
effects between parameter combinations. To eval-
uate whether this limitation affected our results,
we performed a brute-force search as a benchmark,
directly comparing the OFAT outcomes to the best
results from the brute-force approach. The compar-
ison showed that OFAT approximated the full-grid
results well, indicating that, in our specific sce-
nario, OFAT was sufficient despite its theoretical
limitations. We consider this trade-off acceptable
for our goal of providing a fast, reproducible tuning
method for real-world LLM deployment. Neverthe-
less, future work may incorporate interaction-aware
designs to further uncover parameter synergies.

Last limitation of our study is the variability in
performance between the different types of mod-
els we tested when handling LRDs. While some
models, such as LayoutLMv3 and ERNIE-Layout,
are fine-tuned for layout-aware tasks, others, like
LLaMA3 and GPT-4o-vision, are optimized for
text processing or multi-modal inputs, with their
relative strengths and weaknesses varying across
the evaluated dimensions. This underscores the
need for broader benchmarking with additional
models, such as DocLLM, LayoutLLM, and Re-
Layout, to better understand performance differ-
ences.



Ethical Considerations

Large Language Models (LLMs) can contain biases
that can have a negative impact on marginalized
groups (Gallegos et al., 2024). For the task of
information extraction, this could have the impact
that uncommon names for people and places are
auto-corrected by the LLM to their more common
form. In our experiments, we have encountered
some instances of this and plan to investigate this
further.
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A Appendix

A.1 Discussion & Observations
Effect of Dataset Characteristics on Param-
eter Selection. The differences in parame-
ter selection between the VRDU (OCR–Max–
Few-shot–0–Cleaned Pred.–Fuzzy Match) and
FUNSD (Markdown–Small–Few-shot–0–Cleaned
Pred.–Fuzzy Match) datasets stem from their in-
herent characteristics. VRDU contains long, multi-
page documents extracted via OCR, often resulting
in noisy and fragmented text, where using the raw
OCR output preserves the original structure. In
contrast, FUNSD consists of structured, labeled
question-answer pairs, making Markdown a suit-
able input format for key-value pair extraction.
These differences shape the parameter selection
process, as some models may inherently favor one
format over another due to training data character-
istics—e.g., GPT-4o may handle OCR data more
effectively, while Llama3 shows a preference for
Markdown.

Unexpected Impact of Markdown Representa-
tion on Model Performance. Markdown, while
useful for structuring data, does not always im-
prove performance when applied to noisy and un-
structured inputs like those from the VRDU dataset.
We observed that converting OCR outputs to Mark-
down could introduce inconsistencies, such as mis-
aligned headers, broken paragraphs, or flattened
tables, affecting data representation quality. In con-
trast, retaining the raw OCR output often preserved
the original structure. For structured datasets like
FUNSD, however, Markdown aligned well with the
data format, facilitating key-value pair extraction.
After experimenting with the IE pipeline on VRDU
using purely text input without bounding box loca-
tions from OCR, we achieved an overall F1 score
of 0.632 (with OCR and Markdown results pre-
sented in Table 2). These findings demonstrate that
(1) LLMs can leverage structural information from
both OCR and Markdown, and (2) their perfor-
mance varies depending on the input format. These
results suggest that the effectiveness of Markdown
may depend on both dataset characteristics and
model preferences, as previously discussed.

Insights into the Effects of Few-Shot Examples
and Chain-of-Thought Prompting. Few-shot
prompting with zero examples consistently out-
performs other configurations due to the model’s
ability to generalize without being constrained by

specific instances. In VRDU, the variability and
noise introduced by OCR, along with the lack of
a fixed key-value schema in the FUNSD dataset,
make it challenging for the model to generalize
from a few specific examples. Few-shot examples
often include multiple key-value pairs within a sin-
gle text that may not appear in other documents,
resulting in a mismatch between training and test
data. Chain-of-Thought (CoT) prompting, despite
its usefulness for reasoning tasks, can overcompli-
cate straightforward key-value extraction, as guid-
ing the model to think step by step may distract
from directly mapping structured content. More-
over, few-shot examples often lack layout informa-
tion compared to test documents due to the way
they were created (see A.3), further contributing to
mismatches. Consequently, zero-shot prompting
proves more effective by avoiding template-specific
biases, maintaining prompt brevity, and enabling
better generalization across diverse document struc-
tures.

Potential Optimization Bias in Substring and
Fuzzy Matching Evaluations. During manual
inspection of ground truth and extracted data, we
noticed that exact matching often introduces bias by
favoring the original annotation, leading to false er-
rors. For example, ’signer_title’ in the ground truth
is ’general manager’, while the input file and extrac-
tion have ’general manager, north america’—both
correct, yet exact matching would mark the lat-
ter as wrong. Similarly, for ’signer_name’, the
ground truth has [’Catherine Redman-randell’], but
the extraction includes [’A.j. Maltrentin’, ’Cather-
ine Redman-randell’], which is accurate given the
context.

To assess the reliability of substring and fuzzy
matching, we manually annotated errors, categoriz-
ing them as OCR error, ground truth error, LLM
hallucination, additional/wrong information, hu-
man error, or incomplete prediction. Substring
matching reported zero errors, while fuzzy match-
ing had just one error among 1,730 extractions (see
Appendix A.4). These findings support the use of
fuzzy matching in scenarios where exact matching
would unfairly penalize valid variations.

Selection Criteria for OFAT and Brute-Force
Configurations in Performance Evaluation.
The best case configurations for each model were
determined using a full-factorial (brute-force) ex-
ploration, as detailed in Table 8, since the opti-
mal configuration for one model may not gener-



alize well to others. In contrast, for the OFAT
configurations, we selected the parameter set that
achieved the highest average performance across
comparisons—specifically, OCR–Max–Few-shot–
0–Cleaned Pred.–Fuzzy Match—as shown in Ta-
bles 2–5.

While it might seem inconsistent to use OFAT
for overall results and brute-force for best/worst
cases, the rationale is that OFAT aims to identify
generally optimal parameters with minimal effort,
whereas the brute-force method is necessary to as-
sess each model’s best and worst performance indi-
vidually for comparison purposes.

A.2 Prompt Generation Details

Prompt Template: Few-shot

### Examples ###
(<Document >)
{DOCUMENT_REPRESENTATION}
(</Document >)
(<Task >)
{TASK_DESCRIPTION}
{SCHEMA_REPRESENTATION}
(</Task >)
(<Extraction >)
{EXTRACTION}
(</Extraction >)

### New Documents ###
(<Document >)
{DOCUMENT_REPRESENTATION}
(</Document >)
(<Task >)
{TASK_DESCRIPTION}
{SCHEMA_REPRESENTATION}
(</Task >)
(<Extraction >)

Figure 4: Few-Shot Prompt Structure with 1-shot Ex-
ample.

Document representation in the example section
of the prompt is generated by the LLM, condensing
the original OCR data while retaining information
relevant to the target schema to reduce token usage
and cost. This version integrates only text features.
However, in the new example section, both text and
layout features are preserved without modification,
embedding spatial structure into text sequences to
enhance model understanding. This is the only part
that differs between the example and new document
sections of the prompt. Task descriptions provide
clear extraction guidelines, specifying what infor-
mation to retrieve, while schema representation
defines the expected JSON format to ensure consis-
tency in extracted data. Additionally, CoT prompt-

Prompt Template: CoT

### Examples ###
(<Document >)
{DOCUMENT_REPRESENTATION}
(</Document >)
(<Task >)
{TASK_DESCRIPTION}
{SCHEMA_REPRESENTATION}
(</Task >)
(<Reasoning >)
{REASONING}
(</Reasoning >)
(<Extraction >)
{EXTRACTION}
(</Extraction >)

### New Documents ###
(<Document >)
{DOCUMENT_REPRESENTATION}
(</Document >)
(<Task >)
{TASK_DESCRIPTION}
{SCHEMA_REPRESENTATION}
(</Task >)
(<Reasoning >)
{REASONING}
(</Reasoning >)
(<Extraction >)

Figure 5: Chain of Thought Prompt Structure with 1-
shot Example.

ing includes a reasoning component, guiding the
model through logical steps to improve accuracy
on complex tasks (see Figures 4, 5).

A.3 Tailoring Dataset for our Test-Suite

VRDU dataset includes two benchmarks, each in-
cluding train samples of 10, 50, 100, and 200 docu-
ments. The Registration Form with six entity types
used for this project, see Figure 6.

{
"file_date ": "",
"foreign_principle_name ": "",
"registrant_name ": "",
"registration_num ": "",
"signer_name ": "",
"signer_title ": ""

}

Figure 6: VRDU Registration Form Entities.

The VRDU dataset includes predefined few-shot
splits that consist of train, test, and validation sets.
These splits contain 10, 50, 100, and 200 training
samples, each with three subsets, as shown in Fig-
ure 7. The dataset also includes different levels
(Lv1: Single, Lv2: Mixed, and Lv3: Unseen Type)



and various template types (Amendment, Dissemi-
nation, and Short-Form).

Figure 7: Representation of few_shot_splits from the
VRDU dataset.

For each template-level combination, we se-
lected the first JSON file ending in 0 with 10 train-
ing samples. Since this training data will be uti-
lized for few-shot and Chain-of-Thought (CoT)
prompting, only the first five documents were cho-
sen from the training samples of the selected JSON
files. Each level type (STL, UTL) includes tem-
plate types (Amendment, Dissemination, Short-
Form), each with 0, 1, 3, or 5 examples. In STL,
these categories use the first document for one-
example prompts, the first three for three-example
prompts, and all five for five-example prompts. The
same structure applies to UTL, with examples spe-
cific to its categories. This ensures consistency
across template-level combinations while varying
the number of examples in the prompt. Figure 8
shows an example of few-shot and CoT examples.
This process was repeated for every level, template
type, and example count. The example texts were
generated using a Large Language Model (LLM),
which was instructed to summarize the provided
OCR text for the given document while ensuring
the inclusion of target schemas and entities.

For the test files, to ensure a fair comparison,

few_shot_examples = {
"STL": {

"Amendment ": {
0: [],
1: [

{
"text": "This document is an

amendment to the regis
...",

"entities ": {
"file_date ": "1982 -10 -31" ,
"foreign_principle_name ": "

Japan Trade Center ...",
"registrant_name ": "PressAid

Center",
"registration_num ": "1833" ,
"signer_name ": "Akira

Tsutsumi",
"signer_title ": "Director

General"
}

}
],
3: [

{...},
{...},
{...}

],
5: [

{...},
{...},
{...},
{...},
{...},

]
},
"Dissemination ": {...

Figure 8: VRDU Registration Form Entities.

we selected the first 40 common files from the
chosen JSON files within each template type at
each level. This means that for Lv1 Amendment
and Lv3 Amendment test files, the first common
40 files were selected as test files, and the same
strategy was applied for other template types as
well. Due to the mixed nature of test files in Lv2,
the mixed template type was excluded from this
project.

For GPT-3.5, GPT-4o, and LLaMA3-70B, we
used few-shot and CoT examples, while GPT-4o-
vision used the same test dataset without few-shot
examples, following basic instructions. For Lay-
outLMv3 and ERNIE-Layout, we used the same
training and test datasets as the other models but
included the entire validation set (300 samples).
This consistent setup ensured fair evaluation across
all models.



A.4 Success of Evaluation Techniques

We manually reviewed the results of the baseline
experiment from GPT-3.5, GPT-4o, and LLaMA3-
70B to assess the success of the substring and
fuzzy match metrics. The analysis focused on cases
where the exact match score was 0 but substring/-
fuzzy was 1, highlighting predictions that failed
strict matching but were successfully handled in
other techniques. This created a dataset to test how
well substring and fuzzy matching handle difficult
cases. In total, we examined 91 key-value pairs for
fuzzy match and 37 for substring match.

Figure 9: Comparison of error rates in Substring vs.
Fuzzy Matching.

Based on our intubation, we identified seven
error categories (see Figure 9): OCR errors oc-
cur when handwriting is misinterpreted (e.g., "Jim
Slattery" as "Jim Slatters"). GT errors arise from
incomplete or inaccurate ground truth (e.g., "Om
Saudi Arabia 1" instead of "Kingdom Saudi Ara-
bia"). LLM hallucinations involve predictions not
present in the OCR or document (e.g., predicting
"1992-04-24" instead of "1992-04-21"). Additional
info errors include correct predictions with extra
information (e.g., "Daniel Manatt Todd" instead of
"Daniel Manatt"). Wrong info occurs when LLM
selects an incorrect value despite the correct one
being available (e.g., predicting "2016-10-31" as
the file date instead of "2016-10-08").

Human errors result from physical mistakes,
such as crooked or incomplete scans. Incomplete
predictions occur when the prediction includes part
of the ground truth but misses a segment (e.g.,
"Japan External Trade Organization" instead of
"Japan External Trade Organization Tokyo, Japan").
Figure 9 shows these error types and their rates for
both Substring and Fuzzy match categories, where
exact matches are labeled as 1.

For evaluating the success of Fuzzy and Sub-

string, we labeled data points as 0 only when the
error category is "wrong info"; for other error types,
we accepted them and labeled the ground truth
as 1. Table 10 presents the performance metrics
for Fuzzy and Substring calculated based on these
ground truth labels, where exact match is 0 and
substring/fuzzy is 1.

Table 10: Performance results of substring and fuzzy
evaluation techniques over exact match based on manu-
ally annotated data, considering categorized error types.

Data Evaluation Precision Recall F1Points Techniques

37 Exact Match 0.000 0.000 0.000
Substring Match 1.000 1.000 1.000

91 Exact Match 0.000 0.000 0.000
Fuzzy Match 0.984 1.000 0.992

A.5 Additional Experiments with FUNSD
Dataset

To demonstrate the generalizability of our tech-
niques, we applied the same steps to the FUNSD
dataset as to VRDU.

For the FUNSD dataset, Markdown input con-
sistently outperforms OCR across all models. GPT-
3.5 and LLaMA3 show the most significant im-
provements (+0.100 and +0.103, respectively),
while GPT-4o sees a smaller gain (+0.025). On av-
erage, Markdown performs better (0.490 vs. 0.414),
with lower variability, indicating its effectiveness
for structured data in FUNSD (see Table 11).

Table 11: Performance results for different LLMs on
the FUNSD dataset with different input types. Baseline
configuration in light blue .

Models Exact Match (F1)

OCR Markdown

GPT-3.5 0.357 0.457(+0.100)

GPT-4o 0.498 0.523(+0.025)

LLaMA3 0.387 0.490(+0.103)

Avg (± stdev.) 0.414(± 0.074) 0.490(± 0.033)

Small chunk size yields a slight performance
advantage on FUNSD with average F1 of 0.415
over medium (0.414) and max (0.411), likely due
to its alignment with FUNSD’s short Q&A pairs–
preserving structure, reducing context dilution, and
focusing models on concise, relevant segments (Ta-
ble 12).

Zero-shot prompting consistently yields the best
performance on the FUNSD dataset, with average



Table 12: Performance results for different LLMs on
the FUNSD dataset with different chunk size categories.
Baseline configuration in light blue .

Models Exact Match (F1)

Small(≤ 1024) Medium(≤ 2048) Max(≤ 4096)

GPT-3.5 0.354(-0.003) 0.357 0.352(-0.005)

GPT-4o 0.503(+0.005) 0.498 0.494(-0.004)

LLaMA3 0.390(+0.003) 0.387 0.389(+0.002)

Avg (± stdev.) 0.415(± 0.77) 0.414(± 0.074) 0.411(± 0.073)

F1 scores of 0.414 (±0.074) for few-shot prompting
and 0.404 (±0.109) for CoT. Few-shot prompting
is generally more stable than CoT, especially for
GPT-3.5 and GPT-4o. Adding examples usually
reduces performance, likely due to noise and lim-
ited generalization. LLaMA3 remains more stable
with CoT compared to other models, but overall,
few-shot prompting is better suited for FUNSD’s
short, structured Q&A format (see Table 13).

Table 13: Different LLMs with different prompt types
and example numbers. Baseline configuration is high-
lighted in light blue .

Models Exact Match (F1)

0 1 3 5

few-shot
GPT-3.5 0.357 0.289(-0.068) 0.283(-0.074) 0.316(-0.041)

GPT-4o 0.498 0.467(-0.031) 0.399(-0.099) 0.417(-0.081)

LLaMA3 0.387 0.397(+0.010) 0.398(+0.011) 0.393(+0.006)

Avg (± stdev.) 0.414(± 0.074) 0.384(± 0.089) 0.360(± 0.66) 0.375(± 0.052)

CoT
GPT-3.5 0.327(-0.030) 0.184(-0.173) 0.205(-0.152) 0.218(-0.139)

GPT-4o 0.482(-0.016) 0.396(-0.102) 0.369(-0.129) 0.358(-0.140)

LLaMA3 0.407(+0.020) 0.377(-0.10) 0.360(-0.027) 0.385(-0.002)

Avg (± stdev.) 0.404(± 0.109) 0.290(± 0.149) 0.287(± 0.115) 0.288(± 0.98)

The results indicate that Cleaned Prediction con-
sistently yields better or comparable F1 scores
compared to Initial Prediction, with minor im-
provements due to effective noise reduction, while
Mapped Prediction consistently reduces perfor-
mance due to overgeneralization and key misalign-
ment. This issue arises because the FUNSD dataset
lacks a fixed schema, causing key-value pairs to
vary dynamically between documents, leading to
mapping errors (see Table 14).

The results indicate that Substring Match and
Fuzzy Match consistently outperform Exact Match
across all models, with average F1 scores of 0.488
(±0.060) and 0.497 (±0.092) respectively, com-
pared to 0.414 (±0.074) for Exact Match. This

Table 14: Different LLMs with different post-processing
strategies. Baseline configuration is highlighted in
light blue .

Models Exact Match (F1)

Initial Pred. Mapped Pred. Cleaned Pred.

GPT-3.5 0.357 0.311(-0.046) 0.361(+0.004)

GPT-4o 0.498 0.456(-0.042) 0.496(-0.002)

LLaMA3 0.387 0.348(-0.039) 0.393(+0.006)

Avg (± stdev.) 0.414(± 0.074) 0.371(± 0.075) 0.416(± 0.070)

improvement is due to the more flexible matching
criteria of substring and fuzzy evaluation, which
better accommodate minor variations or partial
matches in predictions. The performance gain is
most pronounced in GPT-4o, highlighting that mod-
els producing slightly varied outputs benefit signif-
icantly from more tolerant evaluation metrics (see
Table 15).

Table 15: Different LLMs with different evaluation
techniques. Baseline configuration is highlighted in
light blue .

Models Evaluation Metric (F1)

Exact Match Substring Match Fuzzy Match

GPT-3.5 0.357 0.440(+0.083) 0.423(+0.066)

GPT-4o 0.498 0.557(+0.059) 0.601(+0.103)

LLaMA3 0.387 0.469(+0.082) 0.468(+0.081)

Avg (± stdev.) 0.414(± 0.074) 0.488(± 0.060) 0.497(± 0.092)

As OFAT, drawing from the underlying 12 ex-
periments, we identified the optimal parameter for
each step and each model based on the experimen-
tal outcomes (Table 16). Also, we conducted an ex-
haustive full factorial exploration with 432 config-
urations to find the best parametrization per LLM
(Table 17). Lastly, we find the worst configuration
on a per-LLM and per-model basis.

Table 16: OFAT configurations on a per-model basis
and corresponding performance results.

Parameter GPT-3.5 GPT-4o LLaMA3

Input Type Markdown Markdown Markdown
Chunk Size Medium Small Small
Prompt Few-Shot Few-Shot CoT
Example No. 0 0 0
Output Refin. Cleaned Initial Cleaned
Evaluation Substring Fuzzy Substring

The performance of these different configura-
tions is depicted in Figure 10. The OFAT method
achieves an average F1 score of 0.789, marking



Table 17: Brute-Force configurations on a per-model
basis and corresponding performance results.

Parameter GPT-3.5 GPT-4o LLaMA3

Input Type Markdown Markdown Markdown
Chunk Size Max Medium Small
Prompt Few-shot CoT Few-shot
Example No. 3 0 0
Output Refin. Cleaned Cleaned Cleaned
Evaluation Fuzzy Fuzzy Fuzzy

a substantial gain of 37.5 points over the baseline
configuration (0.414). In comparison, the full facto-
rial exploration yields a slightly higher average F1
score of 0.797–only 0.8 points more–while evaluat-
ing all 432 configurations. Notably, OFAT achieves
this performance by exploring just 12 configura-
tions, requiring approximately 2.8% of the compu-
tational effort compared to the full factorial search
space. Thus, OFAT captures over 99% of the brute-
force method’s effectiveness, making it a highly
efficient alternative when computational resources
are limited. Overall, OFAT continues to offer a
compelling balance between performance and ef-
ficiency. In comparison, the worst configuration
achieves only 0.226 on average, which is approxi-
mately 28% of the best configuration.

GPT-3.5 GPT-4o LLaMA3
Model
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Figure 10: F1 scores of different LLMs across three
configurations (Baseline, OFAT, and Brute-Force). Each
bar represents the mean F1 score of a model for the
corresponding configuration.The OFAT configuration
uses a single global parameter set optimized across all
models.
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