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Abstract

Certain document automation scenarios, such
as intelligent form infilling and privacy-strict
parsing, require models to comprehend un-
populated templates. Yet existing bench-
marks mainly use content-filled tables, leav-
ing the template side of document understand-
ing under-evaluated. To bridge this gap, we
introduce NEST, a benchmark of 828 Native
Empty Structural Templates from real-world,
born-digital forms. NEST removes filled con-
tent while preserving complex hierarchical lay-
outs and guided selection options in authen-
tic administrative workflows. Through Struc-
tural Schema Parsing, Cell-Header Alignment,
and Generative Infilling, NEST directly evalu-
ates structural reasoning without content-based
shortcuts. Experiments reveal a clear template–
instance gap: state-of-the-art LLMs drop by
9.5 percentage points on average when eval-
uated on unpopulated templates rather than
populated instances. We further show that
Generative Infilling is a data-efficient tuning
signal for template completion, raising in-
filling accuracy by 16.37 percentage points
and the three-task average by 8.19 percentage
points with only 662 (80%) training templates.
NEST thus provides a benchmark for measur-
ing template-level understanding and highlights
a data-efficient route for improving template
completion. The code, data, and results for this
paper are available at https://github.com/
cpeng-research/NEST-Benchmark.

1 Introduction

Certain document automation tasks, including in-
telligent form infilling and privacy-strict parsing,
require LLMs to understand blank templates be-
fore user data is introduced. Agents must locate
input primitives for automated data entry (Toles
et al., 2026; Xie et al., 2025); privacy-sensitive
document workflows further motivate minimizing
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Figure 1: Representative unpopulated template from
NEST. The form contains irregular key-value mapping,
merged regions, checkable options, and nested lists,
illustrating challenges beyond standard relational grids.

data sent to remote services and using local tools
where possible (Li et al., 2023; Maiya, 2025). Thus,
empty-template understanding is central to secure
and autonomous document intelligence.

Existing table understanding benchmarks mostly
use content-filled tables and QA/FV-style tasks.
Filled values can provide additional anchors for
interpreting table relationships: for example, a
value such as “Male” may make the corresponding
field easier to infer as “Gender”. Real administra-
tive forms contain irregular key-value mappings,
merged regions, nested item lists, and hybrid input
primitives, as illustrated in Figure 1. Without con-
tent, these templates require genuine spatial and
topological reasoning.

We introduce NEST, a benchmark of 828 Na-
tive Empty Structural Templates from authentic
administrative workflows, collected as originally
unpopulated templates rather than redacted from
filled instances. As shown in Figure 2, NEST evalu-
ates three complementary abilities on unpopulated
forms: recovering the logical schema, grounding
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{"Name":"", 
 "Age":"", 
 "Gender":"",
 "[NULL1]":[
   {"Date":"", "Weight":""},
   {"Date":"", "Weight":""}]}

Name John Doe 
Age 32 Gender M 
Date Weight 
2026/1/1 90kg 
2026/2/1 100kg 

 

QA/FV-based Evaluation
Q1: What is John Doe's gender?  A1: Male
Q2: What is John Doe's weight on 2026/1/1? A2: 90kg
F1: John doe’s age is 32 on 2026/1/1. V1: TRUE
F2: John doe’s gender is female. V2: FALSE

Name  
Age  Gender  
Date Weight 
  
  

 

Name [Name] 
Age [Age] Gender [Gender] 
Date Weight 
[Date1] [Weight1] 
[Date2] [Weight2] 

 

Patent John Doe is a 32-
year-old male, weighed 
90kg on 2026/1/1, and 

100kg on 2026/2/1.

Name John Doe 
Age 32 Gender Male 
Date Weight 
2026/1/1 90kg 
2026/2/1 100kg 

 

Task 1 (SSP)
Task 2 (CHA)

Task 3 
(Infilling)

+

(Context)

NEST Evaluation
(Ours)

Figure 2: Template-level evaluation in NEST versus
conventional filled-instance evaluation. Conventional
QA/FV evaluates populated tables, while NEST evalu-
ates the underlying empty template through SSP, CHA,
and Generative Infilling.

empty fields to their governing headers, and using
the template structure to fill values from context.
We operationalize these abilities through Struc-
tural Schema Parsing (SSP), Cell-Header Align-
ment (CHA), and Generative Infilling.

Experiments show that performance on popu-
lated instances does not fully transfer to empty
templates: state-of-the-art LLMs drop by 9.5 per-
centage points on average under the template-only
setting. In other words, understanding a filled
form instance is not equivalent to understanding
the reusable template from which it is instantiated.

Beyond evaluation, empty templates also pro-
vide a privacy-preserving training substrate, since
template-to-instance supervision can be synthe-
sized from public templates without collecting pro-
prietary user-filled records. We therefore use Gen-
erative Infilling as a fine-tuning objective that trains
models to project plausible content into blank topo-
logical boundaries. With only 662 (80%) training
templates, it raises infilling accuracy by 16.37 per-
centage points and improves the three-task aver-
age by 8.19 percentage points, although transfer
to schema parsing and cell-header alignment is
weaker and model-dependent. NEST offers both
a rigorous benchmark for template understanding
and a data-efficient path for improving template
completion.

2 Related Work

Existing research on table understanding mainly
follows three paradigms: visual structure recogni-
tion, downstream reasoning, and fine-grained struc-
tural probing. Table 1 summarizes representative
benchmarks and how NEST differs from them.

2.1 Visual Structure and Information
Extraction

Visual approaches treat tables and forms as doc-
ument images, aiming to recover either physical
layouts or semantic entities. For regular tables,
early TSR benchmarks such as ICDAR 2013 and
cTDaR established table detection settings (Göbel
et al., 2013; Gao et al., 2019), while PubTabNet,
FinTabNet, and PubTables-1M scaled supervision
for grid reconstruction, hierarchical headers, align-
ment normalization, and canonicalization (Zhong
et al., 2020; Zheng et al., 2021; Smock et al., 2022).
However, these datasets mainly target regular rela-
tional grids from scientific or financial documents,
rather than irregular administrative templates.

A related line studies Key Information Extrac-
tion (KIE) from visually rich forms. FUNSD and
XFUND evaluate entity recognition and key-value
linking in filled scanned forms (Jaume et al., 2019;
Xu et al., 2022), and SIBR extends this direction to
more challenging real-world documents with hier-
archical entity linking (Yang et al., 2023). These
tasks resemble our cell-header alignment setting,
but their links are grounded in populated values,
making them unsuitable for testing empty-template
understanding. Moreover, many real workflows
operate on born-digital documents with directly ex-
tractable markup; RealHiTBench reports higher
average performance for text-form table inputs
than image inputs on its hierarchical-table bench-
mark (Wu et al., 2025a). NEST therefore focuses
on high-fidelity markup and evaluates templates
before value instantiation.

2.2 Markup-Based Benchmarks and
Downstream Reasoning

Markup-based benchmarks usually assess table un-
derstanding through downstream QA or Fact Veri-
fication over populated tables. They have evolved
from flat-table reasoning in WikiTableQuestions
and TabFact (Pasupat and Liang, 2015; Chen et al.,
2020) to hierarchical and numerical reasoning in
HiTab and MultiHierTT (Cheng et al., 2022; Zhao
et al., 2022). IM-TQA further introduced form-like
tables (Zheng et al., 2023), while recent LLM-era
benchmarks such as TableBench, RealHiTBench,
TableEval, and MULTITAT expand scale, layout
complexity, and multilingual coverage (Wu et al.,
2025b,a; Zhu et al., 2025; Zhang et al., 2025).

Despite this progress, these benchmarks differ
from NEST in both representation and objective.
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Table 1: Evaluation scope of representative table and form benchmarks.

Benchmark Year Input Data Core Evaluation Capabilities

State Content Structural Cell-Header Generative
Reasoning Parsing Alignment Infilling

Visual Structure & Info Extraction (Section 2.1)
PubTabNet 2020 Image Filled – ✓ ✓ –
FUNSD 2019 Image Filled – – ✓ –

Markup Downstream Reasoning (Section 2.2)
WikiTableQuestions 2015 HTML Filled ✓ – – –
HiTab 2022 HTML Filled ✓ – ∆ –
IM-TQA 2023 JSON Filled ✓ – ∆ –
TableBench 2025 HTML/MD Filled ✓ – – –
RealHiTBench 2025 Image/HTML Filled ✓ ∆ ∆ –

Markup Structural Probing (Section 2.3)
Table-Meets-LLM 2024 HTML/MD Filled – ◦ ◦ –
Singha et al. 2023 HTML/MD Filled – ∆ – –

NEST (Ours) 2026 Native HTML Empty – ✓ ✓ ✓

Most remain tied to strict grid-like layouts, and
even form-like resources such as IM-TQA seri-
alize structure into abstract JSON, losing native
interactional cues such as guided input placehold-
ers and checkable options. More importantly, their
tasks measure reasoning over filled values, whereas
NEST evaluates whether models can recover the
template structure before user content is present.

2.3 Fine-Grained Structural Probing on
Markup

Recent work also probes LLMs’ structural sensitiv-
ity beyond standard QA. Table-Meets-LLM intro-
duces SUC, a set of atomic structural tasks such as
dimension detection and merged-cell recognition
over multiple formats including HTML (Sui et al.,
2024). Other studies use perturbations: Singha et al.
(2023) analyze robustness under row/column trans-
formations, while RealHiTBench tests whether
structural variants, such as swapped sub-tables,
change model predictions appropriately (Wu et al.,
2025a).

These efforts are valuable but still limited in two
ways. First, they evaluate structure either atomi-
cally (Sui et al., 2024) or indirectly through down-
stream/perturbation QA (Pasupat and Liang, 2015;
Cheng et al., 2022; Zheng et al., 2023; Wu et al.,
2025b,a), rather than requiring explicit reconstruc-
tion of a holistic logical topology. Second, because
they operate on populated tables, their results pri-
marily reflect filled-instance understanding; NEST
complements them by evaluating template-level un-
derstanding. As shown in Table 1, NEST is the
first benchmark to enforce explicit structural gener-

ation across SSP, CHA, and Generative Infilling on
genuine unpopulated administrative templates.

3 Dataset Construction

3.1 Structural Complexity and
Representation

Atomic Cell Types. To enable fine-grained struc-
tural evaluation, we define five atomic value cell
types: Simple Input (SI), Guided Input (GI), Sim-
ple Option (SO), Guided Option (GO), and List
Input (LI), as illustrated in Figure 3. Detailed defi-
nitions and examples are provided in Appendix A.
We further identify Multi-Key Cells (MKC) as com-
posite containers that pack heterogeneous atomic
units, such as a guided input and a checkbox option,
into a single physical boundary. During evaluation,
MKCs are logically decomposed into their con-
stituent atomic units so that each key–value target
can be verified independently. Within an MKC, co-
located fields that require distinct values are classi-
fied as GI; LI is reserved for genuinely repeatable
fields across list rows or entries. This same-cell
MKC rule takes precedence over repeated-key and
numeric-suffix heuristics.

Structural Taxonomy. For the statistics reported
in Table 2, we operationally assign each template
to one of three structural-complexity levels accord-
ing to its detected atomic cell types. Level 1 con-
tains templates with no detected type other than
SI; Level 2 contains at least one GI and no LI,
SO, or GO; and Level 3 contains at least one LI,
SO, or GO. We refer to these operational groups
as flat tables, hierarchical tables, and composite
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Name Marital Status ▢ Married   ▢ Single

Simple Input (SI)
Header/Key: 'Name'

Standalone empty cell

Simple Option (SO)
Header/Key: 'Marital Status'

Standalone options

Phone Number: Gender：▢ Male   ▢ Female

Guided Input (GI)
Key: 'Phone Number'

Instruction + input area in one cell

Guided Option (GO)
Key: 'Gender'

Instruction + options in one cell

From to Organization Job Title

List Input (LI) within Nested Item List
Headers/Keys: 'Work Experience', 'From 

to', 'Organization', 'Job Title'
Repeating rows representing list of items

Height: ___________
Weight: ___________

Blood-Type: ▢ A ▢ B ▢ O

Multi-Key Cells (MKC)
Example: 'Height'(GI), 

'Weight'(GI), 
Blood-Type(GO)

Composite container with 
multiple key-value pairs

Work Experience

From to Organization Job Title
From to Organization Job Title

Figure 3: Taxonomy of structural units in NEST.

forms, respectively. Most NEST templates fall into
Level 3, reflecting our focus on complex adminis-
trative forms. Formal definitions are provided in
Appendix A.3.

Logical Representation. We represent template
structure as JSON key–value schemas that capture
semantic hierarchies independently of visual lay-
out variations. This abstraction supports consistent
evaluation, such as Tree Edit Distance, by treating
templates with equivalent logical structures as iden-
tical even when their spatial presentations differ.

3.2 Dataset Statistics

As summarized in Table 2, NEST contains 828
curated templates, evenly split between Chinese
and English and covering six real-world do-
mains. Structurally, the benchmark is dominated
by Level 3 composite forms, with List Input re-
gions accounting for over half of its 27,305 atomic
cells. This distribution reflects NEST’s focus on au-
thentic empty administrative templates with nested,
guided, and checkable structures beyond conven-
tional relational grids.

Native/Scanned 
PDF Files

Converted 
DOCX Files

Native 
DOCX Files

Extracted DOCX 
Templates (Tables Only)

Raw HTML Templates

Standardized HTML 
Templates

</>

</>

lossless
docx2html

clean style & 
format

Public Web 
Resources

Figure 4: Data acquisition and normalization pipeline.

Table 2: NEST dataset statistics. Panel A reports do-
main coverage; Panel B reports structural counts and
atomic cell composition.

Panel A: Domain Distribution

Domain Chinese English Total %

Workplace/HR 205 65 270 32.6
Business 107 95 202 24.4
Finance 40 98 138 16.7
Gov./Public 20 95 115 13.9
Education 25 29 54 6.5
Healthcare 17 32 49 5.9

Total 414 414 828 100.0

Panel B: Structural Statistics

Metric Flat Hierarchical Composite Total %

# Templates 74 82 672 828 –
# Cells 840 1,133 25,332 27,305 –

Simple Input 840 637 5,498 6,975 25.5
Guided Input 0 496 2,200 2,696 9.9
Simple Option 0 0 2,124 2,124 7.8
Guided Option 0 0 1,122 1,122 4.1
List Input 0 0 14,388 14,388 52.7
Note: Percentages in Panel A are domain-level template shares. The % column
in Panel B reports global cell-type shares; structural-level template shares for
Flat, Hierarchical, and Composite are 8.9%, 9.9%, and 81.2%, respectively.

3.3 Data Acquisition and Normalization

We collect public, unfilled templates to preserve
authentic administrative layouts without exposing
private user data. Figure 4 summarizes our nor-
malization pipeline: native DOCX files, PDFs, and
images are unified into editable documents, target
table regions are extracted into a DOCX pool, and
the results are converted to topology-preserving
clean HTML. All templates are manually checked
against the originals, with details in Appendix B.
Source provenance and release policies are summa-
rized in Appendix B.2.

3.4 Semi-Automated Data Synthesis

We use a schema-driven, LLM-augmented syn-
thesis pipeline based on a human-verified Root
Schema (Jroot), as shown in Figure 5. Following
a “root-and-propagate” strategy, Jroot serves as the
SSP ground truth and seed for all synthetic artifacts.
The pipeline produces two value-distinct streams:
TA

filled for deriving the infilling context CA
ctx and

alignment map MA
align, and TB

filled for non-leaking
few-shot demonstrations. Appendix C details the
workflow and five annotation artifacts.

Annotation Quality. Because the human-
verified Root Schema (Jroot) serves as the ground
truth for SSP and the seed for downstream artifacts,
we measure annotation reliability through iterative
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Schema-Driven Data 
Synthesis Pipeline

LLM 
Synthesis Filled 

JSON-A
<latexit sha1_base64="q5+4PGousyAv7rzuOL/Sg7DMmlk=">AAAB/HicbVDLSgNBEJz1GeNrNUcvi0GIIGFXgnqMeBFPEcwDkjXMTnqTIbMPZnrFsMRf8eJBEa9+iDf/xkmyB00saCiquunu8mLBFdr2t7G0vLK6tp7byG9ube/smnv7DRUlkkGdRSKSLY8qEDyEOnIU0Iol0MAT0PSGVxO/+QBS8Si8w1EMbkD7Ifc5o6ilrlko3XQ7CI+Y+lwI6I3vL4+7ZtEu21NYi8TJSJFkqHXNr04vYkkAITJBlWo7doxuSiVyJmCc7yQKYsqGtA9tTUMagHLT6fFj60grPcuPpK4Qran6eyKlgVKjwNOdAcWBmvcm4n9eO0H/wk15GCcIIZst8hNhYWRNkrB6XAJDMdKEMsn1rRYbUEkZ6rzyOgRn/uVF0jgtO2flym2lWD3J4siRA3JISsQh56RKrkmN1AkjI/JMXsmb8WS8GO/Gx6x1ychmCuQPjM8fTraUfg==</latexit>

(JA
filled)

(Step 2)

Source Context
<latexit sha1_base64="GtHblKdZF+uXaumNdN6/eJWAyfg=">AAAB+XicbVBNS8NAEN34WetX1KOXxSJUkJJIUY+VXjxWsB/QxrLZbtqlm03YnZSW0H/ixYMiXv0n3vw3btsctPXBwOO9GWbm+bHgGhzn21pb39jc2s7t5Hf39g8O7aPjho4SRVmdRiJSLZ9oJrhkdeAgWCtWjIS+YE1/WJ35zRFTmkfyESYx80LSlzzglICRurZdrD7ddTvAxpBSGE8vunbBKTlz4FXiZqSAMtS69lenF9EkZBKoIFq3XScGLyUKOBVsmu8kmsWEDkmftQ2VJGTaS+eXT/G5UXo4iJQpCXiu/p5ISaj1JPRNZ0hgoJe9mfif104guPVSLuMEmKSLRUEiMER4FgPuccUoiIkhhCpubsV0QBShYMLKmxDc5ZdXSeOq5F6Xyg/lQuUyiyOHTtEZKiIX3aAKukc1VEcUjdAzekVvVmq9WO/Wx6J1zcpmTtAfWJ8/B8CTOA==</latexit>

(CA
ctx)

(Step 4)

Ref. Placeholder
Table

<latexit sha1_base64="dgUFnon/1gvPoKBKUmw9WCNk+Hs=">AAAB+HicbVBNS8NAEN34WetHox69LBahgpREinqsePFYoV/QxrDZbtulm03YnYg19Jd48aCIV3+KN/+N2zYHbX0w8Hhvhpl5QSy4Bsf5tlZW19Y3NnNb+e2d3b2CvX/Q1FGiKGvQSESqHRDNBJesARwEa8eKkTAQrBWMbqZ+64EpzSNZh3HMvJAMJO9zSsBIvl0o1f0usEdI4+Hk/vrUt4tO2ZkBLxM3I0WUoebbX91eRJOQSaCCaN1xnRi8lCjgVLBJvptoFhM6IgPWMVSSkGkvnR0+wSdG6eF+pExJwDP190RKQq3HYWA6QwJDvehNxf+8TgL9Ky/lMk6ASTpf1E8EhghPU8A9rhgFMTaEUMXNrZgOiSIUTFZ5E4K7+PIyaZ6X3Yty5a5SrJ5lceTQETpGJeSiS1RFt6iGGoiiBD2jV/RmPVkv1rv1MW9dsbKZQ/QH1ucPRYSSyA==</latexit>

(TA
ph)

(Step 5)

Tel [Tel]
Skills

[Skills]
[Skills]

(0,0)
(0,1)Tel

Skills
(1,0)

(1,0)

(2,0)

Value 
Cell Offsets

Key & 
Pos

Spatial Alignment
Map

<latexit sha1_base64="0He2bbd0ynd/B4qbJ246yqE3qBM=">AAAB+3icbVBNS8NAEN34WetXrEcvwSJUkJJIUY8VL16ECvYD2hg22027dLMJuxNpCfkrXjwo4tU/4s1/47bNQVsfDDzem2Fmnh9zpsC2v42V1bX1jc3CVnF7Z3dv3zwotVSUSEKbJOKR7PhYUc4EbQIDTjuxpDj0OW37o5up336iUrFIPMAkpm6IB4IFjGDQkmeWKndeD+gYUszZQGSP16eeWbar9gzWMnFyUkY5Gp751etHJAmpAMKxUl3HjsFNsQRGOM2KvUTRGJMRHtCupgKHVLnp7PbMOtFK3woiqUuANVN/T6Q4VGoS+rozxDBUi95U/M/rJhBcuSkTcQJUkPmiIOEWRNY0CKvPJCXAJ5pgIpm+1SJDLDEBHVdRh+AsvrxMWudV56Jau6+V62d5HAV0hI5RBTnoEtXRLWqgJiJojJ7RK3ozMuPFeDc+5q0rRj5ziP7A+PwBjgeUEg==</latexit>

(MA
align)

(Step 6)

Phase 2: Primary Evaluation Pipeline (Instance A - The Hub)

Evaluation 
Instance

(Step 3)

<latexit sha1_base64="MzJTF8EnpepZzCUR6w8aTQHNE1c=">AAAB/HicbVDJSgNBEO1xjXEbzdHLYBAiSJiRoB4jXjxGyAbJOPR0apImPQvdNWIY4q948aCIVz/Em39jZzlo4oOCx3tVVNXzE8EV2va3sbK6tr6xmdvKb+/s7u2bB4dNFaeSQYPFIpZtnyoQPIIGchTQTiTQ0BfQ8oc3E7/1AFLxOKrjKAE3pP2IB5xR1JJnFkp1r4vwiFnAhYDe+P761DOLdtmewlomzpwUyRw1z/zq9mKWhhAhE1SpjmMn6GZUImcCxvluqiChbEj70NE0oiEoN5seP7ZOtNKzgljqitCaqr8nMhoqNQp93RlSHKhFbyL+53VSDK7cjEdJihCx2aIgFRbG1iQJq8clMBQjTSiTXN9qsQGVlKHOK69DcBZfXibN87JzUa7cVYrVs3kcOXJEjkmJOOSSVMktqZEGYWREnskreTOejBfj3fiYta4Y85kC+QPj8wdeiJSI</latexit>

(TA
filled)

Algorithm
(Extraction)

LLM
(Reverse)

LLM 
Synthesis

Phase 3: Auxiliary Demonstration Pipeline
(Instance B)

{...}

{...}

Reference constraint

Artifact generation for
    Task 1 (SSP): Step 1
    Task 2 (CHA): Step 5       
    Task 3 (Infilling): Step 3            , Step 4
    Probe/Auxiliary: Steps 2, 6-8

<latexit sha1_base64="M4ojHjxYD/cw7B5cuelPM8hk9Qw=">AAAB+HicbVBNS8NAEN34WetHox69LBahgpREinoseBFPFewHtCFstpt26SYbdidiDf0lXjwo4tWf4s1/47bNQVsfDDzem2FmXpAIrsFxvq2V1bX1jc3CVnF7Z3evZO8ftLRMFWVNKoVUnYBoJnjMmsBBsE6iGIkCwdrB6Hrqtx+Y0lzG9zBOmBeRQcxDTgkYybdLlVu/B+wRMiUlTE59u+xUnRnwMnFzUkY5Gr791etLmkYsBiqI1l3XScDLiAJOBZsUe6lmCaEjMmBdQ2MSMe1ls8Mn+MQofRxKZSoGPFN/T2Qk0nocBaYzIjDUi95U/M/rphBeeRmPkxRYTOeLwlRgkHiaAu5zxSiIsSGEKm5uxXRIFKFgsiqaENzFl5dJ67zqXlRrd7Vy/SyPo4CO0DGqIBddojq6QQ3URBSl6Bm9ojfryXqx3q2PeeuKlc8coj+wPn8AqvKTCw==</latexit>

(Jroot)
<latexit sha1_base64="dgUFnon/1gvPoKBKUmw9WCNk+Hs=">AAAB+HicbVBNS8NAEN34WetHox69LBahgpREinqsePFYoV/QxrDZbtulm03YnYg19Jd48aCIV3+KN/+N2zYHbX0w8Hhvhpl5QSy4Bsf5tlZW19Y3NnNb+e2d3b2CvX/Q1FGiKGvQSESqHRDNBJesARwEa8eKkTAQrBWMbqZ+64EpzSNZh3HMvJAMJO9zSsBIvl0o1f0usEdI4+Hk/vrUt4tO2ZkBLxM3I0WUoebbX91eRJOQSaCCaN1xnRi8lCjgVLBJvptoFhM6IgPWMVSSkGkvnR0+wSdG6eF+pExJwDP190RKQq3HYWA6QwJDvehNxf+8TgL9Ky/lMk6ASTpf1E8EhghPU8A9rhgFMTaEUMXNrZgOiSIUTFZ5E4K7+PIyaZ6X3Yty5a5SrJ5lceTQETpGJeSiS1RFt6iGGoiiBD2jV/RmPVkv1rv1MW9dsbKZQ/QH1ucPRYSSyA==</latexit>

(TA
ph)

<latexit sha1_base64="MzJTF8EnpepZzCUR6w8aTQHNE1c=">AAAB/HicbVDJSgNBEO1xjXEbzdHLYBAiSJiRoB4jXjxGyAbJOPR0apImPQvdNWIY4q948aCIVz/Em39jZzlo4oOCx3tVVNXzE8EV2va3sbK6tr6xmdvKb+/s7u2bB4dNFaeSQYPFIpZtnyoQPIIGchTQTiTQ0BfQ8oc3E7/1AFLxOKrjKAE3pP2IB5xR1JJnFkp1r4vwiFnAhYDe+P761DOLdtmewlomzpwUyRw1z/zq9mKWhhAhE1SpjmMn6GZUImcCxvluqiChbEj70NE0oiEoN5seP7ZOtNKzgljqitCaqr8nMhoqNQp93RlSHKhFbyL+53VSDK7cjEdJihCx2aIgFRbG1iQJq8clMBQjTSiTXN9qsQGVlKHOK69DcBZfXibN87JzUa7cVYrVs3kcOXJEjkmJOOSSVMktqZEGYWREnskreTOejBfj3fiYta4Y85kC+QPj8wdeiJSI</latexit>

(TA
filled)

<latexit sha1_base64="GtHblKdZF+uXaumNdN6/eJWAyfg=">AAAB+XicbVBNS8NAEN34WetX1KOXxSJUkJJIUY+VXjxWsB/QxrLZbtqlm03YnZSW0H/ixYMiXv0n3vw3btsctPXBwOO9GWbm+bHgGhzn21pb39jc2s7t5Hf39g8O7aPjho4SRVmdRiJSLZ9oJrhkdeAgWCtWjIS+YE1/WJ35zRFTmkfyESYx80LSlzzglICRurZdrD7ddTvAxpBSGE8vunbBKTlz4FXiZqSAMtS69lenF9EkZBKoIFq3XScGLyUKOBVsmu8kmsWEDkmftQ2VJGTaS+eXT/G5UXo4iJQpCXiu/p5ISaj1JPRNZ0hgoJe9mfif104guPVSLuMEmKSLRUEiMER4FgPuccUoiIkhhCpubsV0QBShYMLKmxDc5ZdXSeOq5F6Xyg/lQuUyiyOHTtEZKiIX3aAKukc1VEcUjdAzekVvVmq9WO/Wx6J1zcpmTtAfWJ8/B8CTOA==</latexit>

(CA
ctx)

Phase 1: The Root of Trust
(Human-in-the-loop)

Empty 
Template

<latexit sha1_base64="956+bCJXmpev2esNbuCA+cPuXGk=">AAAB+XicbVBNS8NAEN3Ur1q/oh69BItQPZREinosePFYoV/QhrDZTtulmw92J8UQ+k+8eFDEq//Em//GbZuDtj4YeLw3w8w8PxZcoW1/G4WNza3tneJuaW//4PDIPD5pqyiRDFosEpHs+lSB4CG0kKOAbiyBBr6Ajj+5n/udKUjFo7CJaQxuQEchH3JGUUueaVaaXh/hCTMIYkxnl55Ztqv2AtY6cXJSJjkanvnVH0QsCSBEJqhSPceO0c2oRM4EzEr9REFM2YSOoKdpSANQbra4fGZdaGVgDSOpK0Rrof6eyGigVBr4ujOgOFar3lz8z+slOLxzMx7GCULIlouGibAwsuYxWAMugaFINaFMcn2rxcZUUoY6rJIOwVl9eZ20r6vOTbX2WCvXr/I4iuSMnJMKccgtqZMH0iAtwsiUPJNX8mZkxovxbnwsWwtGPnNK/sD4/AGHNZOI</latexit>

(Tempty)
Root Schema

<latexit sha1_base64="M4ojHjxYD/cw7B5cuelPM8hk9Qw=">AAAB+HicbVBNS8NAEN34WetHox69LBahgpREinoseBFPFewHtCFstpt26SYbdidiDf0lXjwo4tWf4s1/47bNQVsfDDzem2FmXpAIrsFxvq2V1bX1jc3CVnF7Z3evZO8ftLRMFWVNKoVUnYBoJnjMmsBBsE6iGIkCwdrB6Hrqtx+Y0lzG9zBOmBeRQcxDTgkYybdLlVu/B+wRMiUlTE59u+xUnRnwMnFzUkY5Gr791etLmkYsBiqI1l3XScDLiAJOBZsUe6lmCaEjMmBdQ2MSMe1ls8Mn+MQofRxKZSoGPFN/T2Qk0nocBaYzIjDUi95U/M/rphBeeRmPkxRYTOeLwlRgkHiaAu5zxSiIsSGEKm5uxXRIFKFgsiqaENzFl5dJ67zqXlRrd7Vy/SyPo4CO0DGqIBddojq6QQ3URBSl6Bm9ojfryXqx3q2PeeuKlc8coj+wPn8AqvKTCw==</latexit>

(Jroot)

(Task 1 GT / Seed)

Human
Verification

(Step 1)

Legend: Wavy Arrow = Generative/Synthesis (LLM);
Solid Arrow = Deterministic (Algo/Human);
Dashed Arrow = Reference/Constraint.

Demonstration
Table

<latexit sha1_base64="sqxgfSIBkEIWnL3dkRyQ4P9us0o=">AAAB/HicbVDJSgNBEO1xjXEbzdHLYBAiSJiRoB6DXjxGyAbJOPR0apImPQvdNWIY4q948aCIVz/Em39jZzlo4oOCx3tVVNXzE8EV2va3sbK6tr6xmdvKb+/s7u2bB4dNFaeSQYPFIpZtnyoQPIIGchTQTiTQ0BfQ8oc3E7/1AFLxOKrjKAE3pP2IB5xR1JJnFkp1r4vwiFnAhYDe+P761DOLdtmewlomzpwUyRw1z/zq9mKWhhAhE1SpjmMn6GZUImcCxvluqiChbEj70NE0oiEoN5seP7ZOtNKzgljqitCaqr8nMhoqNQp93RlSHKhFbyL+53VSDK7cjEdJihCx2aIgFRbG1iQJq8clMBQjTSiTXN9qsQGVlKHOK69DcBZfXibN87JzUa7cVYrVs3kcOXJEjkmJOOSSVMktqZEGYWREnskreTOejBfj3fiYta4Y85kC+QPj8wdgDZSJ</latexit>

(TB
filled)

Demonstration
JSON

<latexit sha1_base64="nZnxdmNGqb64YbnjryY+bpiMaiY=">AAAB/HicbVDLSgNBEJz1GeNrNUcvi0GIIGFXgnoMehFPEcwDkjXMTnqTIbMPZnrFsMRf8eJBEa9+iDf/xkmyB00saCiquunu8mLBFdr2t7G0vLK6tp7byG9ube/smnv7DRUlkkGdRSKSLY8qEDyEOnIU0Iol0MAT0PSGVxO/+QBS8Si8w1EMbkD7Ifc5o6ilrlko3XQ7CI+Y+lwI6I3vL4+7ZtEu21NYi8TJSJFkqHXNr04vYkkAITJBlWo7doxuSiVyJmCc7yQKYsqGtA9tTUMagHLT6fFj60grPcuPpK4Qran6eyKlgVKjwNOdAcWBmvcm4n9eO0H/wk15GCcIIZst8hNhYWRNkrB6XAJDMdKEMsn1rRYbUEkZ6rzyOgRn/uVF0jgtO2flym2lWD3J4siRA3JISsQh56RKrkmN1AkjI/JMXsmb8WS8GO/Gx6x1ychmCuQPjM8fUDuUfw==</latexit>

(JB
filled)

(Steps 7-8)

Figure 5: Schema-driven data synthesis pipeline. Starting from a human-verified root schema Jroot, the pipeline
follows a “root-and-propagate” strategy to produce benchmark artifacts for SSP, CHA, and Generative Infilling, as
well as a value-distinct demonstration stream for non-leaking few-shot experiments.

inter-annotator agreement (IAA) analysis. We
report the two validated post-pilot rounds and
focus on node-level agreement, which directly
reflects consistency over schema elements. In the
final audit, node-level macro agreement reaches
83.20%, improving from 76.92% in the refinement
round. Appendix B.4 details the agreement
protocol, common annotation failure types, and
the operational rules used to resolve structural
ambiguities.

4 Evaluation Methodology

Our framework introduces three complementary
tasks for evaluating template-level document under-
standing, ranging from schema recovery to value in-
filling. Unlike conventional benchmarks that evalu-
ate populated instances, NEST evaluates models on
empty templates before user values are introduced.
Details are provided in Appendix D.

4.1 Task 1: Structural Schema Parsing (SSP)

Definition. This task assesses the model’s abil-
ity to convert raw HTML table skeletons into a
hierarchical logical representation, independently
of any user-filled values. Models must generate a
single JSON object where keys represent headers
(including instructional text) and values correspond
to one of the five atomic types defined in our tax-
onomy (e.g., SI, GO). This structure must strictly
preserve the header hierarchy (nesting) while re-

maining agnostic to the specific semantic content of
user inputs. Detailed definitions of the permissible
JSON value types are provided in Appendix D.1.

Eval: JEDIS Score. To quantify structural fi-
delity, we propose JEDIS (JEDI Similarity), a nor-
malized metric derived from JEDI (JSON Edit Dis-
tance) (Hütter et al., 2022). Unlike flat text metrics
(e.g., BLEU) which fail to capture topological er-
rors, JEDIS operates directly on the JSON tree
structure. Formally, the normalized per-table struc-
tural score Accstruct is calculated as:

Accstruct = JEDIS(Tpred, Tref)

= λ ·
(
1− JEDI(Tpred, Tref)

|Tpred|+ |Tref|

)
(1)

Here, |T | denotes the tree size (node count). To
handle imperfect JSON syntax common in LLM
outputs, we introduce a syntax-robustness factor
λ, which is set to 1.0 if the output is valid (or
syntactically repairable) JSON, and 0.0 otherwise.
Furthermore, we modify the standard JEDI opera-
tions by incorporating a content-aware substitution
cost: substitution costs for string nodes utilize nor-
malized Levenshtein distance, thereby penalizing
character-level typos less severely than structural
hallucinations.

4.2 Task 2: Cell-Header Alignment (CHA)
Definition. This task evaluates fine-grained spa-
tial reasoning: can the model identify the spe-
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cific governing header for every empty value cell?
Given an HTML template, the model must explic-
itly link each empty cell to its header. For in-
put fields, this is achieved by injecting an HTML
<input> tag with a name attribute matching the
header; for selection options (e.g., checkboxes),
the model must attribute the existing tags to their
corresponding header text.

Eval: Coordinate-Guided Anchoring (CGA).
To strictly validate alignment despite potential
layout shifts in generated HTML, we employ a
Coordinate-Guided Anchoring (CGA) protocol. We
first anchor the expected semantic key using its
ground-truth coordinates. Validity is then deter-
mined by spatial logic: (1) For separate cells, the
injected placeholder must exactly match the ground
truth; (2) For shared cells (e.g., GIs), the place-
holder must appear strictly adjacent to the anchored
key text in the correct relative direction. The final
Accuracy (Accalign) is the micro-average of valid
alignments across all target cells.

Worked example. Suppose row 3, column 1 con-
tains the label “Applicant Name” and row 3, col-
umn 2 is its blank field. CGA represents the target
by the filling-cell coordinate (3, 2) together with
the local key “Applicant Name.” The prediction
is correct only when the corresponding input is
placed at (3, 2) and linked to that key: placing it
in another blank cell, or placing an “Address” field
at (3, 2), is incorrect. For same-cell fields such as
“Name: ____ Date: ____,” CGA additionally uses
the local labels to distinguish the two fields rather
than accepting either input anywhere in the row.

4.3 Task 3: Generative Infilling

Definition. This task represents the end-to-end
application scenario, requiring both structural com-
prehension and semantic reasoning. Models are
provided with an empty template, a specific in-
struction, and a context paragraph containing all
necessary information. The objective is to populate
all empty cells with precise values derived from the
context, without modifying the underlying template
structure.

Eval. Evaluation follows the same CGA proto-
col as Task 2, ensuring that values are filled in the
correct spatial locations. The critical distinction
is the verification target: rather than checking for
a placeholder, we compare the predicted and gold
semantic content at each annotation-defined physi-

cal filling cell using a deterministic source-faithful
matcher. Performance is reported as Infilling Accu-
racy (Accinfill).

Formalization. Let G and P denote the gold
filled table and model output, and let C be the
annotation-defined set of physical filling-cell co-
ordinates with an observable text or form-control
target. For table T and coordinate c, let S(T, c)
contain the normalized full-cell text when text is
a target, together with the ordered values or states
of the targeted HTML controls in that cell. Text
normalization ignores case, whitespace, and fixed
punctuation, but otherwise requires the complete
cell content to match. Then

Accinfill =
1

|C|
∑

c∈C
1[S(P, c) = S(G, c)] . (2)

Matching is performed only at the annotated co-
ordinate c, so content placed elsewhere receives
no credit. Full-cell text is used because a filled
value may share an HTML cell with labels or other
static text; short fragments and partial values there-
fore receive no credit. When several fillable ele-
ments share one physical cell, that cell is scored
once using its ordered full text and control values.
This coordinate requirement reflects administrative
workflows in which a value must appear in the cor-
rect field, not merely somewhere in the table.

Aggregation. CHA and Infilling are target-level
rather than template-level metrics. For each model
and condition, CHA micro-averages field–header
alignment relations (10,460 English and 16,835
Chinese targets), whereas Infilling micro-averages
annotation-defined physical filling cells with ob-
servable text or form-control content (11,881 En-
glish and 15,312 Chinese targets, each across 414
tables). Correct and total target counts are first
pooled across English and Chinese for each model;
Table 3 then averages the eight bilingual model-
level scores. Thus, Overall CHA and Infilling are
not arithmetic means of the displayed English and
Chinese percentages. Their target totals differ be-
cause one physical cell can define multiple field–
header alignment relations but is evaluated once as
an ordered full-cell Infilling target.

Metric scope. NEST’s automated metrics prior-
itize structural correctness. Infilling explicitly re-
quires source-faithful extraction and placement of
context-provided values, so paraphrased content
or a correct value in the wrong field is counted as
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incorrect. SSP and CHA may still under-credit se-
mantically valid alternative hierarchies, markup, or
label wording; semantic-equivalence scoring and
rendered-form integrity checks are complementary
dimensions rather than substitutes for structural
evaluation.

5 Experiments

5.1 Experimental Setup

We evaluated a diverse suite of eight state-of-the-art
LLMs from proprietary (e.g., GPT-5, GPT-4o) and
open-weight (e.g., Llama-3.1, Qwen2.5) families.
We additionally evaluated GPT-5.4, GPT-5.4-mini,
and GPT-5.4-nano with rendered table images as
a separate modality-reference block. Performance
is reported using the task-specific metrics defined
in Section 4: Accstruct, Accalign, and Accinfill. De-
tailed model specifications, citations, and hyperpa-
rameters are provided in Appendix E.1.

5.2 Exp I: The Template–Instance Gap

We quantify the gap between perceived perfor-
mance on populated tables versus actual structural
understanding of empty templates. Table 3 presents
the comparative results across all tasks.

Performance Shift from Instances to Templates.
The results reveal a clear and substantial template–
instance performance gap: evaluation on empty
templates yields an average drop of 9.5 percent-
age points compared with their filled counterparts.
While top-tier models remain relatively stable, sev-
eral smaller open-weight models show much larger
declines, led by Mistral-7B on Alignment and In-
filling, with Llama-3.1-8B also dropping sharply
on Infilling. This suggests that filled-instance eval-
uation alone may not fully characterize a model’s
ability to understand reusable form templates.

Task Sensitivity. The template–instance gap is
pronounced but not uniform across tasks. Task 3
(Infilling) shows the largest and most consistent
gap, with empty-template performance trailing
filled-instance performance by 21.1% on average.
This indicates that value generation becomes sub-
stantially more difficult when models must first
ground each value in an unpopulated template. By
contrast, Task 2 (Alignment) shows a smaller aver-
age drop of 1.8%, but with heterogeneous model
behavior: most models decline, while Qwen2.5-7B-
Instruct improves by 13.3% on empty templates.

Together, these results indicate that populated in-
stances and empty templates test related but distinct
capabilities.

Fine-Grained Atomic Analysis. To further lo-
calize where models struggle, we analyze perfor-
mance across the five atomic cell types defined
in Section 3, as shown in Table 4. The results
show that the template–instance gap is not a uni-
form degradation across all cell types. CHA is
mixed: GI has the largest decline (−9.8 points),
whereas GO and LI improve slightly. Infilling de-
clines for every type and is especially difficult for
GI (−42.4) and GO (−33.2), whose local instruc-
tions or option semantics must be grounded before
values can be placed. Thus, the gap is largest for
guided structures rather than being explained only
by field length or repetition.

Domain and Multi-Key Cell Effects. The six-
domain breakdown in Appendix Table 10 shows
SSP declines in every domain, while Infilling varies
more strongly: Gov./Public and Finance have the
largest gaps (−28.6% and −22.5%), consistent
with their dense administrative sections, repeated
fields, checkbox groups, and conditional entries.
CHA is more mixed because removing values can
either remove useful field-boundary cues or reduce
clutter in dense layouts. Multi-Key Cell (MKC)
analysis in Appendix Table 13 yields a small CHA
shift (49.2% to 48.2%) but a large Infilling drop
(85.0% to 59.0%). Typical MKC failures omit in-
ternal fields or confuse keys within the same cell
for CHA, and produce partial overlaps, empty cells,
or values in neighboring cells for Infilling.

Rendered-Image Reference Study. As an aux-
iliary study, we evaluate three GPT-5.4 variants
on PNGs rendered from the normalized HTML;
these rows are reported separately and excluded
from the main averages. Image-input accuracy is
lower than the strongest HTML-input results, es-
pecially on Infilling: GPT-5.4 and GPT-5.4-mini
decline on templates, whereas GPT-5.4-nano re-
mains near parity; SSP and CHA shifts are mixed
and model-dependent. Because these renderings
exclude native source styling, scans, handwriting,
and OCR noise, they serve only as a controlled
reference.

5.3 Exp II: Template-to-Instance Tuning

A key advantage of empty templates is that they
support model training without exposing propri-
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Table 3: Comparative performance on filled tables vs. empty templates. Reported values correspond to the task-
specific metrics defined in Section 4: Accstruct (Task 1), Accalign (Task 2), and Accinfill (Task 3). ∆ denotes the
percentage-point difference between empty-template and filled-instance performance. Image-input baselines are
included as reference rows and excluded from averages.

Task 1: Schema Parsing Task 2: CHA Task 3: Infilling

Model Filled Templ. ∆ Filled Templ. ∆ Filled Templ. ∆

Proprietary Models
GPT-5 60.3% 62.1% +1.9% 95.6% 93.9% -1.7% 98.8% 92.6% -6.1%
GPT-4o 49.4% 50.1% +0.6% 73.8% 72.9% -0.9% 95.6% 83.7% -11.8%
GPT-4o-mini 52.4% 47.3% -5.1% 75.2% 72.6% -2.6% 99.0% 82.2% -16.9%
GPT-3.5-turbo 52.3% 47.5% -4.8% 75.6% 74.5% -1.1% 99.0% 82.1% -16.9%

Open-Weight Models
Llama-3.1-8B-Instruct 48.7% 35.3% -13.4% 39.2% 36.4% -2.8% 94.0% 61.3% -32.7%
Qwen2.5-7B-Instruct 50.6% 39.4% -11.3% 32.7% 46.0% +13.3% 85.1% 58.5% -26.7%
Gemma-2-9B-it 54.1% 51.5% -2.6% 46.0% 38.8% -7.3% 94.3% 70.6% -23.7%
Mistral-7B-Instruct-v0.3 39.0% 28.9% -10.2% 17.9% 6.7% -11.2% 76.7% 42.3% -34.4%

Task Average 50.9% 45.2% -5.6% 57.0% 55.2% -1.8% 92.8% 71.7% -21.1%

Global Average ∆ (Templ. − Filled): -9.5%

Image-input baselines (reference)
GPT-5.4 (Image) 53.7% 54.2% +0.4% 77.6% 77.0% -0.5% 51.0% 44.7% -6.3%
GPT-5.4-mini (Image) 55.2% 54.7% -0.5% 53.4% 64.9% +11.5% 42.6% 37.3% -5.2%
GPT-5.4-nano (Image) 42.1% 35.8% -6.3% 43.4% 45.2% +1.7% 15.6% 15.7% +0.1%

Table 4: Average accuracy by atomic cell type across
the eight HTML-input models in Table 3. ∆ is the
percentage-point difference (Template minus Filled).
Task 1 is omitted because SSP is evaluated at the whole-
template schema level rather than per cell. For Task 3,
each physical filling cell is scored once and associated
with each distinct atomic type present in that cell.

Cell Type Filled Templ. ∆

Task 2: CHA
Simple Input (SI) 63.9% 58.2% -5.7%
Guided Input (GI) 59.8% 50.1% -9.8%
Simple Option (SO) 60.3% 57.0% -3.3%
Guided Option (GO) 52.9% 53.3% +0.4%
List Input (LI) 52.9% 54.6% +1.7%

Task 3: Infilling
Simple Input (SI) 91.5% 68.9% -22.6%
Guided Input (GI) 92.2% 49.8% -42.4%
Simple Option (SO) 93.1% 76.2% -16.9%
Guided Option (GO) 86.8% 53.6% -33.2%
List Input (LI) 94.4% 77.0% -17.4%

etary user-filled data. The template-to-instance su-
pervision used here is synthesized from the empty
templates through our data synthesis pipeline,
rather than collected from original user-filled
records. We therefore study whether template-to-
instance supervision from Generative Infilling can
improve not only infilling itself, but also related
template-level tasks.

Setup. We split NEST at the template level, us-
ing 662 templates for training and the remaining
166 templates for testing, with a balanced Chinese–

English distribution in both splits. For Infill-FT,
open-weight student models are fine-tuned on the
Task 3 (Generative Infilling) instances from the
training split. This gives each training template a
synthetic template-to-instance supervision signal,
without requiring proprietary user-filled records or
separate supervision for SSP and CHA. To exam-
ine whether the learned signal transfers beyond
its training objective, we evaluate the fine-tuned
models on all three tasks using a held-out test set.

Results. Table 5 shows that Infill-FT raises Gen-
erative Infilling from 57.99% to 74.36% (+16.37
percentage points), driving the overall three-task
average from 42.72% to 50.91% (+8.19 percent-
age points). Transfer is task- and model-dependent.
Across tasks, Infilling is directly optimized; CHA
additionally requires local-header anchoring, while
SSP requires generation of the full schema hierar-
chy, consistent with the smaller average changes
of +5.78 and +2.41 points, respectively. Across
models, Llama, Qwen, and Mistral improve over-
all, while Gemma declines by 3.25 points and also
falls on the trained Infilling objective. Mistral’s
CHA rises from 5.92% to 20.33%, whereas Gemma
falls from 40.10% to 32.19%. This pattern is con-
sistent with model-dependent task-specific over-
adaptation, but does not establish the underlying
mechanism.
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Table 5: Base vs. fine-tuned models across three NEST tasks. Models are fine-tuned only on Task 3 using the NEST
training split of 662 templates (80%, balanced Chinese/English) and evaluated on a 20% test split. ∆ reports the
Infill-FT–Base percentage-point difference in average score.

Model Method Task 1 (SSP) Task 2 (CHA) Task 3 (Infilling) Avg. ∆ Avg.

Llama-3.1-8B-Instruct Base 35.32% 34.10% 60.33% 43.25% –
Infill-FT 38.14% 44.22% 66.76% 49.71% +6.46%

Qwen2.5-7B-Instruct Base 38.15% 50.14% 55.76% 48.02% –
Infill-FT 44.11% 56.66% 79.47% 60.08% +12.06%

Gemma-2-9B-it Base 51.37% 40.10% 72.79% 54.75% –
Infill-FT 51.33% 32.19% 70.98% 51.50% -3.25%

Mistral-7B-Instruct-v0.3 Base 25.57% 5.92% 43.10% 24.86% –
Infill-FT 26.46% 20.33% 80.22% 42.34% +17.47%

Average Base 37.60% 32.57% 57.99% 42.72% –
Infill-FT 40.01% 38.35% 74.36% 50.91% +8.19%

Table 6: Human alignment analysis. Each cell reports
Pearson’s r between per-table automated and human
scores; human scores average Completeness and Cor-
rectness for Template-input Task 3 outputs.

Model T1: SSP T2: CHA T3: Infilling

Proprietary
GPT-5 0.20 0.38 0.66
GPT-4o 0.22 0.35 0.62
GPT-4o-mini 0.28 0.38 0.59
GPT-3.5-turbo 0.22 0.37 0.64

Open-Weight
Llama-3.1-8B 0.20 0.35 0.57
Qwen2.5-7B 0.24 0.40 0.65
Gemma-2-9B 0.18 0.37 0.64
Mistral-7B-v0.3 0.22 0.40 0.55

Average 0.22 0.38 0.62

5.4 Human Alignment Analysis

To assess alignment with human judgment, anno-
tators evaluate the visually inspectable Template-
input Task 3 outputs. For model m and table j, the
human score is hm,j = (Cm,j +Rm,j)/2, averag-
ing 1–10 Completeness (required cells populated)
and Correctness (accurate values and intact ren-
dering) scores. For τ ∈ {SSP,CHA, Infilling},
sm,τ,j denotes, respectively, the task-specific ac-
curacy Accstruct, Accalign, or Accinfill for model
m on table j, as defined in Section 4. Table 6 re-
ports rm,τ = Pearson({hm,j}, {sm,τ,j}) for each
model–task pair.

Results. Task 3 correlates most strongly with hu-
man judgment (avg. r ≈ 0.62), reflecting its fo-
cus on visible completion quality; imperfect agree-
ment partly arises because annotators also penalize
rendering defects that automated value-placement
scores do not capture. SSP and CHA show lower
correlations (avg. r ≈ 0.22 and 0.38) because they

provide complementary diagnostics of schema hi-
erarchy and cell–header relations that may be less
apparent from surface inspection but still affect
downstream processing.

6 Conclusion

This work introduces NEST, a benchmark for eval-
uating template-level understanding on native, un-
populated administrative forms with nested regions,
guided inputs, and checkable options. By compar-
ing empty templates with their populated coun-
terparts, NEST reveals a clear template–instance
performance gap: empty-template evaluation is 9.5
percentage points lower on average across tasks.
We further show that Generative Infilling provides
an effective template-to-instance tuning signal for
template completion, with strong gains on infilling
and partial, model-dependent transfer to schema
parsing and cell-header alignment. Overall, NEST
complements existing filled-table benchmarks and
supports privacy-preserving document automation
workflows that must reason about forms before sen-
sitive values are introduced.

Limitations

Scope and representation. NEST currently cov-
ers public, born-digital administrative templates
represented as normalized HTML; its findings
should not be generalized to all institutions, lan-
guages, domains, or document formats. It does not
claim coverage of native scans, handwriting, OCR
noise, dynamic web forms, proprietary templates,
or low-resource-language forms. The rendered-
image study uses PNGs produced from the same
normalized HTML and is a controlled modality ref-
erence rather than a native-document benchmark.
Although our root schemas are human-verified, the
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annotation of complex templates can still involve
judgment calls, especially for dense multi-key cells
and ambiguous section boundaries. Our synthe-
sis pipeline relies on LLM-generated contexts and
filled instances, which may be cleaner and more
self-contained than noisy real user-information con-
texts; this can limit transfer to deployment inputs.

Deployment, privacy, and use boundaries. In-
accurate schema recovery or value placement can
propagate errors to downstream document automa-
tion systems. NEST is therefore a diagnostic bench-
mark, not a deployment-safety guarantee. High-
stakes use requires schema and field validation,
escalation of ambiguous mappings, privacy con-
trols, audit logs, and human approval before form
submission or downstream action. Although NEST
does not use real user-filled records, deployed sys-
tems may process sensitive information and require
consent, access controls, retention limits, and ap-
plicable data-governance safeguards. Benchmark
scores should not authorize fully autonomous pro-
cessing or imply fitness for institutions, languages,
or document formats outside NEST’s evaluated
scope. Finally, our metrics emphasize template-
level schema recovery, cell-header grounding, and
exact value placement; they may under-credit se-
mantically equivalent outputs with different valid
markup or wording. Potential future directions
include more robust, privacy-preserving template-
to-instance tuning and broader evaluation across
input conditions and structural tasks.
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A Detailed Structural Definitions

A.1 Atomic Cell Types

We define five atomic value cell types that consti-
tute the fundamental building blocks of complex
templates. This taxonomy strictly classifies the
target regions requiring user input, distinct from
header or static text cells.

• Simple Input (SI): Basic empty fields desig-
nated for freeform data entry. These cells
physically separate the key (header) from the
value (input area) and typically appear in stan-
dard grid layouts.

• Guided Input (GI): “Hybrid” cells containing
instructional text paired with blank input ar-
eas within the same cell boundary (e.g., “Full
Name: ”).

• Simple Option (SO): Cells presenting stan-
dalone selection choices, such as checkboxes
or radio buttons, without embedded instruc-
tional text.

• Guided Option (GO): Hybrid cells combining
instructional text with selection options within
a single boundary (e.g., “Payment Method: [ ]
Credit Card [ ] Bank Transfer”).

• List Input (LI): Cells within structured lists
where rows typically denote individual en-
tities and columns represent their attributes.
Though visually similar to SI cells, they func-
tion as repeatable elements, evaluating the
model’s ability to differentiate implicit list
boundaries from standalone fields.

A.2 Multi-Key Cells (MKC)

Real-world forms frequently exhibit high-density
layouts that aggregate multiple independent key-
value pairs within a single physical cell boundary.

We define MKC not as a distinct atomic type, but as
a composite container housing a heterogeneous mix
of atomic primitives. For example, a cell containing
“Gender: [ ] M [ ] F Age: ” is decomposed
into one GO unit and one GI unit. In our evaluation,
we validate each constituent unit independently.

A.3 Structural Taxonomy Definitions
The three-tier taxonomy used in Table 2 is oper-
ationally assigned from the detected atomic cell
types in each template:

• Level 1 (Flat Tables): Templates with no de-
tected value-cell type other than SI.

• Level 2 (Hierarchical Tables): Templates con-
taining at least one GI and no LI, SO, or GO;
SI cells may also occur.

• Level 3 (Composite Forms): Templates con-
taining at least one LI, SO, or GO; SI and GI
cells may also occur.

B Data Collection Details

This appendix details the acquisition and normal-
ization pipeline described in Section 3.3.

B.1 Source Distribution
We observed distinct distribution norms across re-
gions: the Chinese corpus consists primarily of
native DOCX files (standard in the local adminis-
trative ecosystem), whereas the English corpus was
largely sourced from PDF documents common in
Western institutional archives.

B.2 Source Provenance and Release Policy
The artifact provides a provenance manifest for
all 828 research records, with exact source URLs
where recoverable and otherwise the known source
websites. Original third-party PDFs, source im-
ages, and Office documents are not redistributed.
Detailed artifact scope and licensing terms are pro-
vided in the project repository.

B.3 Normalization Pipeline
All source documents were processed through the
following stages:

1. Format Unification: PDF documents and im-
ages were first converted to editable DOCX
format using WPS Office1 to recover underly-
ing text and table structures.

1https://www.wps.cn/
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2. HTML Conversion: Native and converted
DOCX files were processed through the word-
tohtml.net service. This step performs com-
prehensive HTML cleanup, removing propri-
etary styling tags while maintaining structural
integrity.

3. Human Verification: The resulting HTML
representations underwent rigorous manual
verification. Annotators visually compared
the rendered HTML output against the origi-
nal source documents to ensure the complete
preservation of structural semantics, including
hierarchical headers, merged cells, and nested
sections.

B.4 Annotation Quality Protocol

We compute node-level IAA as macro-averaged
node-label F1 over extracted schema nodes; the
corresponding micro F1 is also tracked for diag-
nostics. For the final audit, each annotator re-
annotated sampled gold tables that they had not
originally annotated, and we compare each re-
annotation against the human-verified gold schema.
In Table 7, Tbl. Comp. denotes the number of
valid table-level annotation–reference JSON com-
parisons. The main disagreement types are alterna-
tive nesting choices for multi-key cells, ambiguous
section-header boundaries, and inconsistent decom-
position of guided input or option primitives.

Resolution protocol. We apply four operational
rules when verifying the Root Schema.

1. Target preservation and local anchoring. An-
notators first retain every independently fill-
able value or option group as a separate target,
then attach it to the nearest explicit governing
local header. A broader section title supplies
nesting context but does not replace a nearer
field label.

2. Guided-input and option decomposition. A
text-entry target is SI when its label and blank
occupy separate cells, and GI when the cue
and blank share a cell. A selection target is
SO when its choices are separate from the gov-
erning prompt, and GO when the prompt and
choices share a cell. Choices answering one
prompt form one option group; choices gov-
erned by different prompts remain separate
targets.

Table 7: Node-level inter-annotator agreement in the
two validated annotation refinement rounds. In the fi-
nal audit, three annotators re-annotated sampled gold
tables that they had not originally annotated; IAA com-
pares each re-annotation against the human-verified
gold schema.

Round Breakdown Tbl. Comp. Node IAA

Refinement round Overall 6 76.92%

Final audit Auditor A 30 77.27%
Auditor B 30 78.12%
Auditor C 30 94.21%
Overall 90 83.20%

3. Dense MKC nesting. A same-cell composite
is split whenever it encodes distinct values or
option groups. For example, under “Appli-
cant Details,” the cell “Height: ___; Weight:
___; Blood Type: [ ] A [ ] B” yields three
sibling targets, GI(Height), GI(Weight), and
GO(Blood Type), nested under that section.

4. Section-header boundaries. A section header
governs the smallest contiguous region that
follows it or is enclosed by its merged span
and contains its dependent targets; its scope
ends at the next header of equal or higher vi-
sual rank or at an explicit full-width or merged
separator. If wording and geometry conflict,
field-level anchoring follows the nearest ex-
plicit local label, while the broader header is
retained only as nesting context.

These priorities resolve conflicts in the order inde-
pendently fillable target > nearest local header >
enclosing section. Any residual disagreement is
adjudicated against the original rendering before
the agreed structure is frozen as Jroot.

C Data Synthesis Details

This appendix provides a detailed breakdown of the
“root-and-propagate” synthesis pipeline described
in Section 3.4 and illustrated in Figure 5.

C.1 Pipeline Execution Phases

The synthesis process proceeds in three sequential
phases:

Phase 1: The Root of Trust (Schema Verifica-
tion). The process begins with the raw empty
HTML templates Tempty. We convert these into an
initial Hierarchical JSON. Critically, this step in-
volves strict human intervention: expert annotators
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rigorously verify and correct this JSON to ensure
that it perfectly reflects the logical structure. The
resulting Root Schema (Jroot) serves as the ground
truth for Task 1.

Phase 2: Primary Evaluation Pipeline (Instance
A). Using Jroot as the seed, the pipeline generates
the core benchmarking dataset:

1. Instance Synthesis: The LLM hallucinates re-
alistic values to produce a filled JSON (JA

filled)
and renders it into the Evaluation Instance
(TA

filled).

2. Reverse Context Generation: For Task 3, we
employ a “reverse generation” strategy where
the LLM writes a natural language source
context (CA

ctx) based strictly on the values in
TA

filled.

3. Alignment Map Extraction: A deterministic
algorithm parses the table to extract the Spa-
tial Alignment Map (MA

align), recording the
precise grid coordinates for every value cell.

Phase 3: Auxiliary Demonstration Pipeline (In-
stance B). To support few-shot prompting with-
out data leakage, the LLM generates a parallel
Demonstration Instance (TB

filled). This instance
shares the exact structure of Instance A but contains
divergent data values.

C.2 Annotation Artifacts Definitions

Standardizing the outputs, our dataset provides five
distinct categories of artifacts for each template:

• Logical Schema (Jroot): The human-verified
hierarchical tree capturing the structural logic
(Task 1 Ground Truth).

• Generative Infilling Suite (TA
filled & CA

ctx): The
evaluation pair for Task 3. CA

ctx serves as the
natural language input, while TA

filled is the se-
mantic target.

• Spatial Alignment Map (MA
align): The core

metadata structure for Task 2, providing abso-
lute (r, c) coordinates and relative positional
offsets for verification.

• Reference Placeholder Table (TA
ph): A visual

reference table containing semantic placehold-
ers (e.g., [Name]) used as an intermediate log-
ical ground truth.

• Demonstration Set (TB
filled & JB

filled): The aux-
iliary instance pair used strictly for in-context
learning demonstrations (1-shot), ensuring no
ground truth values are leaked to the model.

D Evaluation Task Details

This appendix supplements the methodology de-
scribed in Section 4 with detailed definitions of
JSON types, metric formulations, and implementa-
tion constraints.

D.1 Task 1: JSON Value Type Definitions
For the Structural Schema Parsing task, models
must map template cells to specific JSON value
types. Table 8 defines the five permissible atomic
types and their corresponding JSON representa-
tions.

D.2 Task 2: Alignment Implementation
Protocols

For the Cell-Header Alignment task, models must
modify the HTML specifically as follows:

• Input Fields (SI, GI, LI): Insert an
<input> tag. The name attribute must
match the governing header (e.g., <input
name="Header-Text">).

• Selection Options (SO, GO): Locate
existing option tags (e.g., <input
type="checkbox">) and inject the name
attribute corresponding to the header into
every tag in the group.

D.3 Coordinate-Guided Anchoring (CGA)
The CGA protocol verifies spatial validity using
two rules:

• Separate-Cell Values: When the key and value
are in distinct cells, the cell content must ex-
actly match the expected placeholder.

• Same-Cell Values: When they share a cell
(e.g., GI, MKC), verification enforces a di-
rectional context check. The placeholder is
valid only if it appears immediately adjacent
to the anchored key text in the correct relative
direction (e.g., to the right of "Name:").

E Experiment I Details: Models and
Analysis

This appendix supplements the “Template–Instance
Gap” experiment (Section 5.2) with detailed model
specifications and fine-grained structural analysis.
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Table 8: JSON Value Type Definitions for Task 1.

Type JSON Schema Description & Example

Simple Input (SI) "" Standalone blank cells. Key is the header text.
Guided Input (GI) "" Instructional text paired with underscores. Key is the

instruction.
Simple Option (SO) {"choices": [...],

"value": ""}
Standalone checkboxes/radios.

Guided Option (GO) {"choices": [...],
"value": ""}

Hybrid instructional text with options.

List Input (LI) {"Key": ["",""], ...} Arrays representing repeatable list rows.

E.1 Model Specifications
We evaluated the following models:

• Proprietary: GPT-5 (OpenAI, 2025),
GPT-4o-2024-11-20 (OpenAI, 2024b),
GPT-4o-mini (OpenAI, 2024a), GPT-3.5-
turbo-0125 (OpenAI, 2026a).

• Open-Weight: Llama-3.1-8B-
Instruct (Llama Team, AI @ Meta, 2024),
Qwen2.5-7B-Instruct (Qwen, 2024),
Gemma-2-9B-it (Gemma Team, 2024),
Mistral-7B-Instruct-v0.3 (Jiang et al., 2023).

• Rendered-Image References: GPT-5.4 (Ope-
nAI, 2026b), GPT-5.4-mini, and GPT-5.4-
nano (OpenAI, 2026c) receive PNG render-
ings of the normalized HTML used by the
benchmark. Their rows are not included in the
eight-model averages.

E.2 Source-Filtered Robustness Analysis
To test whether the main finding depends on tem-
plates from commercial source sites, we reaggre-
gated the existing predictions over 250 templates
whose recorded sources are government or selected
public institutions. Table 9 uses the same task-
specific metrics as Table 3; image-input reference
models are excluded from this HTML-input robust-
ness analysis. The average Template-minus-Filled
gaps remain negative for all three tasks (SSP: -
2.9; CHA: -7.3; Infilling: -30.4 percentage points),
showing that the central template–instance gap per-
sists under this conservative source filter.

E.3 Domain Analysis
Table 10 reports the Filled-to-Template comparison
across all six NEST domains. SSP declines consis-
tently across domains, suggesting that the global
schema-recovery gap is not driven by a single
source category. Infilling is more domain-sensitive:
Gov./Public and Finance show the largest drops,

whereas Business has the smallest. CHA changes
direction across domains, with small gains for Busi-
ness and Education but declines elsewhere.

E.4 Language and Qualitative Analysis

Table 11 separates the Filled-to-Template compar-
ison by language. Both languages show lower
SSP and Infilling accuracy on templates, with the
larger decline in Infilling. CHA decreases by 5.0
points in English but is nearly unchanged in Chi-
nese (+0.2 points). This contrast is sensitive to
corpus composition: the Chinese split is concen-
trated in Work/HR and Business, where domain-
level CHA is stable or positive, whereas the English
split contains more Finance and Gov./Public forms,
where CHA declines. It should therefore not be
interpreted as an intrinsic language advantage.

Qualitatively, removing values can occasionally
reduce interference in dense List Input layouts. For
Qwen’s CHA predictions, an English bill-of-sale
table (#55) changes from 0/44 to 44/44 correct
targets and a Chinese inventory table (#115) from
0/70 to 70/70. These examples illustrate one source
of the small LI gain in Table 4, while the aggregate
results show that the effect is not uniform across
structures.
Table 11: Language-specific accuracy averaged over
eight HTML-input models. ∆ denotes Template minus
Filled.

English Chinese

Task Filled Templ. ∆ Filled Templ. ∆

SSP 34.4% 30.6% -3.8% 67.3% 59.9% -7.4%
CHA 58.3% 53.2% -5.0% 56.2% 56.4% +0.2%
Infilling 90.6% 65.9% -24.6% 94.6% 76.1% -18.4%

E.5 Task 1 Schema Error Analysis

Task 1 cannot be placed in the cell-type accuracy ta-
ble because SSP evaluates a whole-template JSON
schema. We therefore classify its erroneous pre-
dictions separately in Table 12. The categories are
non-exclusive: one prediction may omit keys, add
spurious keys, and misnest others. The dominant er-
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Table 9: Source-filtered robustness analysis over 250 government and public-institutional templates. Reported
values correspond to the task-specific metrics defined in Section 4. ∆ denotes the percentage-point difference
between empty-template and filled-instance performance. Image-input reference models are excluded.

Task 1: Schema Parsing Task 2: CHA Task 3: Infilling

Model Filled Templ. ∆ Filled Templ. ∆ Filled Templ. ∆

Proprietary Models
GPT-5 30.8% 31.3% +0.4% 92.2% 91.4% -0.8% 98.9% 92.8% -6.1%
GPT-4o 23.1% 22.4% -0.7% 63.0% 61.5% -1.5% 93.7% 70.1% -23.6%
GPT-4o-mini 23.9% 20.7% -3.3% 67.0% 65.0% -2.0% 98.2% 71.7% -26.5%
GPT-3.5-turbo 24.0% 21.0% -2.9% 68.0% 65.1% -3.0% 98.4% 71.1% -27.3%

Open-Weight Models
Llama-3.1-8B-Instruct 23.2% 20.0% -3.2% 46.9% 36.3% -10.7% 92.8% 47.7% -45.1%
Qwen2.5-7B-Instruct 23.1% 15.9% -7.2% 33.1% 39.7% +6.6% 82.8% 49.2% -33.6%
Gemma-2-9B-it 25.7% 25.6% -0.1% 44.3% 31.1% -13.2% 88.8% 54.2% -34.6%
Mistral-7B-Instruct-v0.3 21.6% 15.4% -6.3% 40.9% 7.0% -33.9% 80.6% 34.5% -46.1%

Task Average 24.5% 21.5% -2.9% 56.9% 49.6% -7.3% 91.8% 61.4% -30.4%

Global Average ∆ (Templ. − Filled): -13.5%

Table 10: Six-domain performance across the eight HTML-input models in Table 3. Domain counts are numbers of
templates; ∆ is the percentage-point difference (Template minus Filled).

Task 1: SSP Task 2: CHA Task 3: Infilling
Domain n Filled Templ. ∆ Filled Templ. ∆ Filled Templ. ∆

Work/HR 270 58.0% 51.4% -6.5% 56.9% 56.0% -0.9% 91.4% 69.2% -22.2%
Business 202 59.4% 53.4% -5.9% 55.7% 56.3% +0.6% 95.2% 78.2% -17.0%
Finance 138 47.7% 41.6% -6.2% 57.4% 52.6% -4.8% 91.5% 69.0% -22.5%
Gov./Public 115 26.7% 22.6% -4.1% 56.3% 50.5% -5.9% 92.6% 63.9% -28.6%
Education 54 50.0% 44.9% -5.0% 55.3% 55.4% +0.1% 94.2% 74.9% -19.3%
Healthcare 49 43.3% 41.4% -1.9% 63.7% 59.2% -4.5% 93.0% 75.4% -17.6%

rors concern schema coverage and hierarchy, while
invalid JSON is uncommon.
Table 12: Task 1 schema-error rates across eight HTML-
input models. Categories are non-exclusive; ∆ denotes
Template minus Filled.

Schema Error Filled Templ. ∆

Invalid/non-dict JSON 4.3% 4.7% +0.3%
Omitted gold keys 91.7% 90.8% -0.9%
Extra keys 93.1% 91.9% -1.2%
Misnested keys 71.5% 66.1% -5.4%
Container type mismatch 23.4% 20.5% -2.8%
List cardinality mismatch 0.7% 2.7% +2.1%
Value/content mismatch 7.1% 1.7% -5.4%

E.6 Multi-Key Cell Analysis
Table 13: Multi-Key Cell analysis across eight HTML-
input models: localized Task 1 schema-error rates and
Tasks 2–3 region accuracy. ∆ denotes Template minus
Filled.

Measure Filled Templ. ∆

Task 1: SSP (localized schema-error rates)
Omitted gold keys 43.2% 44.3% +1.1%
Misnested keys 42.5% 39.4% -3.1%
Extra keys 30.8% 21.4% -9.5%
Container type mismatch 5.0% 4.1% -0.9%
Value/content mismatch 2.1% 0.5% -1.6%

Tasks 2–3: MKC region accuracy
Task 2: CHA 49.2% 48.2% -1.0%
Task 3: Infilling 85.0% 59.0% -26.0%

An MKC is a physical cell or merged region
containing multiple guided input or guided op-
tion fields. For Task 1, we instead map schema
errors back to MKC constituents and report the
share of paired MKC regions affected by each non-
exclusive error category. For Task 2, an MKC’s
score is the fraction of its alignment targets han-
dled correctly. For Task 3, an MKC’s score is the
fraction of its filling targets handled correctly. The
reported results average these region scores over
the same MKC regions in the Filled and Template
conditions.

For Task 1, omitted, misnested, and extra keys
are the most frequent schema errors localized to
MKCs. MKCs remain difficult for CHA in both
conditions, but their Filled-to-Template difference
is small. Their Infilling accuracy instead drops by
26.0 points on templates, mirroring the task-level
pattern. Within failed MKC regions, common CHA
errors omit one or more internal fields or confuse
keys that share a physical cell. Infilling errors most
often show only partial text overlap, leave the target
cell empty, or place a value in a neighboring cell.
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