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Abstract

In enterprise applications, document informa-
tion extraction (IE) does not operate in isola-
tion: extracted information must match the
systems of record (SoR) for the process to
work. While reliable IE demands entity ex-
traction, SoR grounding, and iterative refine-
ment, existing methods rely on single-pass in-
ference. To address this gap, we propose a
SoR-grounded agentic pipeline and evaluate
four agentic paradigms (Agentic Workflow, Re-
Act, Plan-Execute-Critic, and Dynamic Agent
Collaboration) on real-world enterprise data.
We focus on the goods receipt and invoice set-
tlement processes as representative use cases,
where delivery notes and invoices must be
matched and verified against purchase order
SoR. Our results show that agentic approaches
generally match or exceed non-agentic base-
lines, with simpler paradigms matching or out-
performing complex alternatives. Paired with
systematic error analysis, this work provides
actionable guidance for deploying agentic doc-
ument AI at enterprise scale.

1 Introduction

Enterprise automation relies on extracting data
from business documents and matching them accu-
rately with Systems of Record (SoR), such as Enter-
prise Resource Planning (ERP) systems. However,
while enterprise processes demand near-faultless
Information Extraction (IE) to automate effectively,
state-of-the-art models typically achieve only 70%
to 90% accuracy on real-world documents (Shen
et al., 2026). This performance bottleneck is driven
by the heterogeneous nature of business documents,
which frequently contain ambiguous fields, abbre-
viated units, or system-specific codes that are unin-
terpretable without context (Wang et al., 2025b).

To bridge this gap, extractions must be grounded
and cross-verified against the SoR, where a data
match can verify correctness and resolve ambigu-
ities. However, executing this cross-verification
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Figure 1: Existing single-pass vs. proposed SoR-
grounded agentic document IE pipelines.

requires dynamic, multi-step reasoning to query
databases, match fields, and resolve discrepancies.
Modern LLM and VLM approaches execute single-
pass IE without iterative inference (Hu et al., 2025;
Cui et al., 2025). Concurrently, while agentic
frameworks are designed for iterative reasoning,
they remain confined to conversational or generic
planning tasks (Han et al., 2025; Yu et al., 2025).
To date, no SoR-grounded agentic paradigm for en-
terprise document IE has been systematically stud-
ied or evaluated. This paper addresses this gap by
answering a critical question: Can SoR-grounded
agentic frameworks improve enterprise document
IE compared to robust non-agentic baselines?

We study the goods receipt and invoice settle-
ment process as a representative enterprise use case:
a buyer creates and records a purchase order (PO)
in their ERP system, and the supplier issues a de-
livery note and invoice referencing that PO. Upon
receipt, the buyer must parse, match, and verify
values across these incoming documents against
the ERP records (Fig. 1). Our central insight is that
automated agentic extraction should mirror the pro-
cess human experts use to parse, match, and verify
document values against SoR. We therefore pro-
pose a SoR-grounded agentic document IE method
instantiated for the goods receipt process.

To our knowledge, this work presents the first
systematic study of grounded agentic paradigms
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on real enterprise documents. We benchmark four
agentic paradigms, i.e., Agentic Workflow (AW),
ReAct, Plan-Execute-Critic (PlanExe), and Dy-
namic Multi-Agent Collaboration (DAC), against
robust non-agentic baselines. Each paradigm is
equipped with enterprise-specific tools: a percep-
tion tool (OCR), an intelligent tool (LLMs), and
execution tools (ERP fetcher and verifier). We re-
port a comprehensive evaluation across F1, latency,
cost, and error modes. Our key contributions are:

• We introduce a novel SoR-grounded agentic
pipeline that uses enterprise context to iteratively
refine document extraction via cross-verification.

• We present a systematic evaluation of four agen-
tic paradigms on production-grade enterprise
documents, demonstrating the strengths of SoR-
grounded agents.

• We quantify paradigm-specific failures and trans-
late them into deployment guidance for deploy-
ing agentic document AI at enterprise scale.

2 Related Work

Document Information Extraction. Conventional
document IE follows a two-stage paradigm: OCR
converts document images to text, followed by pars-
ing text to structured data with CNN or transformer
encoder-based models (Reisswig et al., 2019; Xu
et al., 2020; Appalaraju et al., 2021; Liao et al.,
2023). Recent LLMs have reshaped the landscape:
decoder-based architectures (Wang et al., 2024b;
Liao et al., 2024; Qi et al., 2024) and prompt-driven
extraction (Wang et al., 2023b; Perot et al., 2024;
Zhou et al., 2024) show strong performance. VLMs
further advance document parsing (Poznanski et al.,
2025; Nacson et al., 2025; Wei et al., 2025; Wang
et al., 2024a). While existing works have shown
promising results, they still face significant chal-
lenges in complex enterprise documents.
Agentic Document AI. Agent methods have
shown strong performance on general tasks (Team,
2025). Paradigms like ReAct (Yao et al., 2023)
and Plan-and-Execute (Wang et al., 2023a) en-
able interleaved reasoning and action, while
Toolformer (Schick et al., 2023) and Hugging-
GPT (Shen et al., 2023) coordinate multiple
tools and models for adaptive extraction. Reflec-
tion (Shinn et al., 2023) mechanisms and multi-
agent collaboration further improve reliability and
task specialisation. Studies like MDocAgent (Han
et al., 2025), ChartAgent (Kaur et al., 2025), and
MACT (Yu et al., 2025) demonstrate agent effec-

tiveness on document understanding. However, no
prior work studies agentic pipelines that iteratively
verify and refine extraction against an enterprise
SoR on real business documents.
Benchmarks and Datasets. Existing document
intelligence benchmarks primarily focus on visual
question answering, layout analysis, or isolated IE
tasks, for instance, FUNSD (Jaume et al., 2019).
While recent benchmarks have scaled up in size and
diversity, spanning extensive QA pairs in DocVQA
(Mathew et al., 2021) and MMDocBench (Zhu
et al., 2024), dense layout and recognition anno-
tations in OmniDocBench (Ouyang et al., 2025),
and business-centric tasks in BuDDIE (Wang et al.,
2025a), they fundamentally treat documents as iso-
lated entities, without providing external ground-
ing annotations. Consequently, the evaluation of
agentic pipelines interacting with enterprise envi-
ronments remains unrepresented.

3 SoR-Grounded Agentic Document IE

3.1 Task Formulation

In enterprise processes, parties exchange docu-
ments that reference business objects managed in
SoR. A core IE challenge is that extracted values
must be matched and verified against the SoR. We
study the goods receipt and invoice settlement pro-
cess as an instance of this general pattern, where
a delivery note and an invoice must be matched
against the buyer’s PO in the ERP system.

We formalise enterprise document IE as a struc-
tured extraction problem that maps an unstructured
document image D to a structured output Y con-
forming to a predefined schema S. The output
Y = {Y h, Y li} comprises header field-value pairs
Y h = {(fi, vi)}nh

i=1 and a list of line items Y li =
{Y li

j }nli
j=1, where each item Y li

j = {(fj,k, vj,k)}nf

k=1.
Given optional access to a tool bank T , Y is gener-
ated via one of two pipelines:

Y =

{
Θ(D;S) Non-Agentic
A(D,S, T ) Agentic

(1)

where Θ is a single-pass LLM and A is an agentic
system that iterates over a sequence of steps. At
each step t, the system observes a state st (extrac-
tions, tool results, and history), executes an action
at (planning, tool calls, updates, or inter-agent del-
egation), receives an observation ot, and transitions
to st+1 until a termination condition is met. This
formulation accommodates both single- and multi-
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Figure 2: Overview of the agentic extraction framework. The top pipeline shows how the agentic module is plugged
into the traditional system, and (a–d) illustrate the structures and data flows.

agent control flows, as well as fixed, plan-guided,
or dynamic action schedules.

3.2 Agentic Approaches

Fig. 2 illustrates the paradigm shift from the tradi-
tional pipeline to agentic frameworks, where the
LLM functions as a central controller orchestrat-
ing a tool bank to generate outputs by dynamically
interacting with external ERP databases for iter-
ative verification and refinement. We implement
and evaluate four agentic architectures spanning a
spectrum from structured to flexible:
Agentic Workflow (AW) follows a deterministic
sequential pipeline. It retrieves relevant purchase
order (PO) candidates from the ERP database and
verifies the extracted PO against master data, initiat-
ing a targeted re-extraction loop with verified POs
as exemplars when verification fails. Once the PO
is confirmed, the system fetches master data and
compares extractions against the ERP reference,
conditionally triggering a second re-extraction if
discrepancies are detected.
ReAct (Yao et al., 2023) consists of an agent fol-
lowing a cycle of thought, action, and observation.
At each iteration, the agent reasons about its next
step, decides to execute a task itself or call a tool in
the action phase, and integrates the findings back
into its context. The loop ends when the agent pro-
duces a final answer or reaches the iteration limit.

PlanExe (Wang et al., 2023a) implements a three-
role orchestration loop. A Planner analyses the ex-
traction state and generates a plan. An Executor car-
ries out each step sequentially, invoking tools while
adhering to strict scope discipline. A Critic evalu-
ates the Executor’s output, verifying that changed
values are acceptable. Detected regressions trigger
the Executor to retry with targeted feedback; fun-
damentally flawed plans trigger re-planning. The
loop terminates when the Critic confirms task com-
pletion or a maximum iteration limit is reached.

DAC coordinates multiple specialised agents via a
group-chat mechanism. A Planner agent orches-
trates the task and delegates to specialists. A PO
Specialist verifies the PO against ERP data. A Line-
Item Specialist compares extracted items against
ERP master data. An Extractor is the sole agent
permitted to update the extraction state, writing to
a shared Registry that tracks the current extraction
and update history. Agent selection at each turn is
driven by a Selector.

Tool Bank. To address enterprise-specific chal-
lenges, e.g., external grounding and semantic am-
biguity, agentic systems are equipped with three
tool classes: perception tools (a commercial-grade
OCR to convert raw images into structured text),
intelligence tools (LLMs for planning, disambigua-
tion, and re-extraction), and execution tools (ERP
database interface for grounding and verification).
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All paradigms share a common base extraction
prompt; paradigm-specific prompts govern only
the control flow and role instructions. Representa-
tive prompts are provided in Appendix A.

4 Datasets and Evaluation Metrics

4.1 Datasets

Our evaluation dataset comprises 195 real-world
delivery notes (DNs) from 64 suppliers and 500
invoices (INVs) from 254 suppliers, collected from
enterprise transactions. DN contains 5 header and
7 line-item fields, e.g., deliveryNoteNo, purchase-
OrderNo, li.customerMaterialNo, and li.quantity,
while INV has 33 header and 16 line-item fields,
e.g., invoiceNo, purchaseOrderNo, li.MaterialNo,
and li.TotalAmount. The documents feature hetero-
geneous layouts, multi-column tables, and multi-
lingual content. Ground truth follows an annotate-
then-review protocol, i.e., one annotator and one
reviewer process each document; difficult batches
use three-way consensus, followed by rule-based
validation. The data were privacy-sanitised by re-
placing personal, company, and confidential fields
while preserving document structure; all examples
shown in the appendix are fully synthetic.
ERP Master Data and Augmentation. Due to
privacy restrictions on production ERP access, we
construct synthetic ERP master data from buyer-
side annotations to mirror real-world records. ERP
data are scoped to PO information, i.e., they con-
tain only fields available to the buyer (e.g., material
numbers) but exclude fields that exist only on in-
coming documents (e.g., delivery note number and
invoice date), giving agents a realistic but finite
lookup space. The resulting master data contain
188 and 449 records for DN and INV, reflecting
one-to-many mappings between POs and associ-
ated documents. Accessing the ERP data still re-
quires the agent to identify the relevant PO from
noisy OCR output, validate it by exact matching
against 187 or 448 distractors, and only then re-
trieve the corresponding record. The correct record
is available for every PO-bearing document.

To simulate production-level noise, we apply
two augmentation strategies: (a) Masking: blanks
field values to replicate incomplete records, and (b)
Semantic Rewriting: rephrases natural language
fields and varies units of measure across ISO codes
and abbreviations, e.g., Pieces on the invoice be-
comes EA in the ERP. At least one field is modified
in 69% of DNs and 80% of INVs, preventing direct

copying while preserving an authoritative cross-
check. Appendix B gives the full protocol and
sensitivity analysis.
Experimental Design. Our evaluation follows a
two-stage design. We establish non-agentic base-
lines across six LLMs on DN, identifying Gem-
ini 2.5 Pro as the strongest, and use it as the non-
agentic baseline, then run all four paradigms with
the same six backbones (24 configs). For the INV
study, we use the strongest DN baseline, Gem-
ini 2.5 Pro, and evaluate all paradigms under think-
ing and non-thinking settings, resulting in eight
configurations. To test whether this strong base-
line compresses gains, we use GPT-4o as a weaker
INV baseline and run all paradigms with GPT-4o
and Gemini 2.5 Pro agentic backbones. Finally,
a one-shot context-injection ablation receives the
same deterministically retrieved ERP record as AW
but has no refinement loop, isolating static context
from iterative verification. Appendix C and E re-
ports all configurations and implementation details.

4.2 Evaluation Metrics
Extraction performance is evaluated by the micro-
averaged exact-match F1 score. We assess gains
with paired document-level bootstrap intervals
(B = 10,000), sharing resampled document
indices across the LLMs averaged within each
paradigm. We call a gain significant when the
95% interval for ∆F1 excludes zero; this quanti-
fies document-sampling uncertainty, not run-to-run
model variance. Appendix D.1 reports the full in-
tervals, and Appendix D.4 tests fuzzy matching on
free-text fields. To evaluate operational efficiency,
we measure latency (seconds/doc), aggregate token
consumption (input/output/thinking token counts),
and total cost per document.1 To minimise the im-
pact of outlier API response times, we report the
median for all efficiency metrics.

5 Results

Paradigm-level performance summaries and oper-
ational results are shown in Table 1 and 2. Fig. 3
(a–b) show F1 per paradigm-model configuration.
Detailed results are provided in Appendix E and F.

5.1 Delivery Notes
All paradigms significantly improve on DN. AW
achieves the best average F1 (0.864), while Re-
Act+Gemini 2.5 Pro+Think reaches the best F1

1Costs are calculated based on official provider documen-
tation as of February 2026.
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Figure 3: Performance overview and cost-latency Pareto frontier for all agentic paradigms. (a–b): F1 for each
paradigm-model on DN and INV; the dotted line marks the non-agentic baseline (BL). (c–d): F1 vs. cost and latency
on DN; each point is one paradigm-model configuration (colour = paradigm, marker = backbone model), the dashed
step curve marks the Pareto frontier, and the dotted line is the BL. (e–f): Same cost and latency Pareto plots for INV.

Best Config Across All LLMs Avg. Across All LLMs

Paradigm Best Model F1 (∆BL)↑ F1 (∆BL)↑

Delivery Note (baseline: 0.820)
AW Gem 2.5 Pro+Think 0.876 (+0.056) 0.864 (+0.044)
ReAct Gem 2.5 Pro+Think 0.878 (+0.058) 0.859 (+0.039)
PlanExe GPT-5+Think 0.863 (+0.043) 0.843 (+0.024)
DAC Gem 2.5 Pro+Think 0.870 (+0.050) 0.849 (+0.029)

Invoice (baseline: 0.861)
AW Gem 2.5 Pro+Think 0.868 (+0.007) 0.867 (+0.006)
ReAct Gem 2.5 Pro 0.870 (+0.009) 0.869 (+0.008)
PlanExe Gem 2.5 Pro+Think 0.866 (+0.005) 0.861 (+0.000)
DAC Gem 2.5 Pro 0.862 (+0.001) 0.861 (+0.000)

Table 1: Paradigm-level results, showing the peak F1

across all LLMs and the model achieving it, as well as
the mean F1 over all LLMs.

AW ReAct PlanExe DAC

Models L C T L C T L C T L C T

Gem 2.5 Flash 3.9 0.002 317 13.0 0.012 2,212 13.5 0.013 1,235 15.5 0.011 795
Gem 2.5 Pro 5.7 0.006 279 26.0 0.048 2,021 33.1 0.061 1,883 56.0 0.059 272
Gem 2.5 Pro+Think 23.3 0.028 2,383 45.7 0.073 4,567 116.2 0.171 12,084 85.0 0.085 4,423
GPT-4o 3.5 0.012 208 11.5 0.076 1,161 12.4 0.072 1,126 11.8 0.058 652
GPT-5 7.7 0.009 357 14.7 0.020 740 63.4 0.117 3,844 30.9 0.059 1,367
GPT-5+Think 33.5 0.022 1,949 213.7 0.183 14,649 340.8 0.300 23,239 242.6 0.167 11,308

Table 2: Latency (L), cost per document (C), and
output+thinking token counts (T) on delivery notes.

(0.878). Paired bootstrap confidence intervals for
the average gains exclude zero for every paradigm,
with lower bounds from +1.7 pp (PlanExe) to
+3.2 pp (AW); full intervals are in Appendix D.1.
PlanExe and DAC perform comparably on aver-
age, though DAC has a higher peak configuration.
Notably, paradigm selection impacts performance
more than model choice: switching paradigms
yields greater F1 variance than changing models
within a fixed paradigm.
Simple paradigms dominate the Pareto fron-
tier. Fig. 3(c–d) show the F1 vs. cost and la-
tency frontier. AW+Gemini 2.5 Flash (F1 = 0.866,
$0.002/doc, 3.9s) captures 98.7% of the maximum
F1 at 2.7% of the maximum cost. Conversely, com-

AW ReAct PlanExe DAC

∆F1 Cost× ∆F1 Cost× ∆F1 Cost× ∆F1 Cost×

Delivery Note
GPT-5 −0.005 2.6× +0.003 9.0× +0.021 2.6× +0.012 2.8×
Gem 2.5 Pro +0.017 4.5× +0.007 1.5× +0.003 2.8× +0.042 1.5×

Invoice
Gem 2.5 Pro +0.003 6.0× −0.002 1.4× +0.011 2.4× −0.001 1.3×

Table 3: Thinking impact. ∆F1: Think−No-Think.

plex models introduce high cost and latency penal-
ties for comparable performance.
Extended thinking generally improves perfor-
mance. Thinking-mode variants improve results
in 7 of 8 paradigm-model pairs, with the largest
gains from DAC+Gemini 2.5 Pro (Table 3). The
only regression occurs for AW+GPT-5, where trace
analysis suggests that extra reasoning overwrites
correct values. Crucially, thinking most helps com-
plex paradigms (PlanExe +2.1 pp w/ GPT-5, DAC
+4.2 pp w/ Gemini 2.5 Pro), suggesting it compen-
sates for reasoning gaps in those designs.
ERP-grounded fields drive agentic gains. Se-
lected field-level results are shown in Table 4 (see
Appendix E for full results). Most improvements
originate from PO- and material-related fields.
AW improves purchaseOrderNo by +15.6 pp and
li.customerMaterialNo by +12.7 pp. Meanwhile,
baseline-strong fields (deliveryNoteNo) show neg-
ligible change, and fields absent from the ERP
schema yield marginal or negative ∆ due to schema
omission and over-thinking. The performance drop
in li.unitOfMeasure is an exception, largely caused
by using less capable models like GPT-4o.

5.2 Invoices
AW and ReAct show significant gains. PlanExe
and DAC do not. The invoice baseline from Gem-
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Field AW ReAct PlanExe DAC

Delivery Note
deliveryDate† 0.000 −1.199 −0.476 0.335
deliveryNoteNo† 0.000 0.001 0.001 −0.101
documentDate† 0.000 −4.574 −3.260 −0.180
purchaseOrderNo 15.602 14.187 8.230 9.659
li.customerMaterialNo 12.686 11.300 4.269 7.019
li.purchaseOrderNo 3.193 20.104 22.351 12.227
li.quantity −0.197 0.527 0.488 0.403
li.supplierMaterialNo 8.158 6.901 3.935 4.054
li.unitOfMeasure −0.324 −1.646 −0.503 −1.561

Invoice
purchaseOrderNo 2.994 5.192 3.226 1.994
vendorName 0.000 6.148 5.020 0.000
paymentTerms 0.000 −0.467 −1.033 −0.063
li.purchaseOrderNo −7.013 11.665 −0.142 4.697
li.quantity −0.709 −1.664 −1.702 −0.510
li.description 1.407 0.244 −2.532 −0.998
li.materialNo 3.840 2.428 1.612 1.240
li.unitOfMeasure 0.504 0.386 −1.081 −0.521

Table 4: Per-field ∆F1, averaged across models. †:
fields are not presented in ERP master data.

Agentic Backbone

Paradigm GPT-4o GPT-4o ∆F1 Gem 2.5 Pro Gem 2.5 Pro ∆F1

AW 0.869 +9.2 0.866 +8.9
ReAct 0.854 +7.7 0.873 +9.6
PlanExe 0.859 +8.2 0.862 +8.5
DAC 0.859 +8.2 0.862 +8.5

Table 5: Invoice with GPT-4o initial extractions (Base-
line F1 = 0.777).

ini 2.5 Pro is already strong (F1 = 0.861), leaving
less room for improvement. With the best configu-
ration, AW gains +0.7 pp and ReAct gains +0.9 pp,
with 95% intervals excluding zero; PlanExe and
DAC gains are statistically indistinguishable from
zero: PlanExe’s critic over-corrects during verifi-
cation steps, and DAC exhausts its maximum mes-
sage budget before updating results. Consistent
with DN, simpler paradigms match or outperform
complex multi-agent designs.
A weaker baseline reveals substantially larger
gains. Replacing the initial extractor with GPT-4o
lowers baseline F1 to 0.777. Table 5 shows that
all paradigms then gain +7.7 to 9.6 pp with either
GPT-4o or Gemini 2.5 Pro as the agentic backbone.
Thus, the invoice result with Gemini 2.5 Pro initial
extractions reflects baseline saturation rather than
an inherent lack of value from agentic processing.
AW leads with GPT-4o, while ReAct leads with the
stronger Gemini reasoning backbone.
AW dominates the Pareto frontier. As
shown in Fig. 3 (e–f), AW+Gemini 2.5 Pro
reaches 99.4% of the maximum F1 at 6.4%
of the maximum cost (F1 = 0.865, $0.005/doc,
4.2s). In contrast, more complex paradigms
like PlanExe+Gemini 2.5 Pro+Think require
$0.251/doc and 171s of latency for F1 = 0.866.

Scope BL Context AW Ctx−BL AW−Ctx

Delivery Note
All fields 0.820 0.837 0.859 +1.8 +2.2
purchaseOrderNo 0.818 0.818 0.974 +0.0 +15.6

Invoice
All fields 0.861 0.864 0.865 +0.3 +0.1
purchaseOrderNo 0.851 0.851 0.880 +0.0 +2.9

Table 6: One-shot ERP context vs. iterative AW, using
Gemini 2.5 Pro. Deltas are F1 percentage points.

Extended thinking shows marginal benefit. The
average gain across paradigms is only +0.25 pp
at 2.8× cost and 3.3× latency. Thinking slightly
degrades the strongest paradigm (ReAct, −0.20 pp)
but shows selective benefit for complex, free-text,
and calculation-oriented fields such as li.discount.
Hard fields are free-text fields. The largest resid-
ual errors occur in free-text fields (paymentTerms,
F1 = 0.796), where paradigm choice has limited
impact. ERP-grounded fields show the largest
gains: purchaseOrderNo (ReAct: +5.2 pp) and
li.MaterialNo (AW: +3.9 pp), further supporting
ERP grounding as the main source of agentic value.

5.3 Ablation Study
Agentic iteration adds value beyond one-shot
ERP context. We compare AW with a non-agentic
extractor that receives the same deterministically re-
trieved ERP record in one prompt but performs no
verification loop. Table 6 separates the gain from
static context (Ctx−BL) from the gain added by it-
eration (AW−Ctx). Context injection improves ag-
gregate DN performance, especially on line items
(Appendix D.2), but does not improve the PO field
itself. The loop supplies the full PO gain: +15.6 pp
on DN and +2.9 on INV. On aggregate INV F1,
context injection and AW are nearly tied, consistent
with the saturated regime.

5.4 Systematic Error and Failure Analysis
We categorise extraction errors into three types:
wrong-value: a value is extracted but incorrect,
missing-value: a value should be extracted but is
left empty, and hallucinations: a value is extracted
but should be empty. We also identify persistent
performance ceilings across all paradigms. See
Appendix G for the full analysis.
Wrong-value errors are highly structured. For
DN, 93% of purchaseOrderNo errors are due to
confusing buyer and supplier codes. AW resolves
most via ERP lookup (∆F1 = +0.119). For INV,
purchaseOrderNo errors are dominated by label
ambiguity, and vendorName by truncation. Addi-
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tionally, confusion between deliveryDate and doc-
umentDate accounts for 80% of all deliveryDate
errors, suggesting a prompt-based mitigation.
Missing-value errors are rare but field-specific.
For DN, documentDate has a ∼17% baseline miss
rate due to field ambiguity. No paradigm consis-
tently resolves this because the field is excluded
from ERP data by business logic, preventing exter-
nal grounding. Similarly, li.purchaseOrderItemNo
reaches a 37.5% miss rate simply because it is
nearly absent from the source documents.
Hallucinations are mainly caused by cross-
field leakage. For PO- and material-related
fields, hallucinations are rarely fabricated val-
ues, but header values leak into line-item fields.
This pattern accounts for 83% of hallucina-
tions for DN li.purchaseOrderNo, 54% for
DN li.customerMaterialNo, and 63% for INV
li.purchaseOrderNo. Stricter instructions targeting
null-output discipline would likely improve these.
Performance ceilings arise from metric mis-
match and field confusion. The fraction of error
documents shared across all paradigms highlights
universal challenges. For INV, paymentTerms
(89% error overlap) and li.description (74%) un-
derperform because exact match penalises semanti-
cally equivalent phrasings. Deterministic fuzzy
rescoring raises average li.description F1 from
0.692 to 0.830–0.940 without materially changing
paradigm ordering (Appendix D.4). DN document-
Date (54%) and deliveryDate (43%) errors instead
reflect genuine field confusion.

6 Deployment Guidance for Industry

The following rules translate Section 5 findings
into actionable deployment decisions. Appendix H
provides extended analysis and guidelines.
Deploy agents selectively based on SoR-field
density and baseline performance. Practition-
ers should first measure single-pass performance
and determine what fraction of residual errors can
be checked against the SoR. The strong invoice
baseline gains less than one pp from AW or ReAct,
whereas the weaker baseline gains 7.7–9.6 pp. If a
single-pass extractor is already saturated or most
errors concern fields absent from the SoR, agentic
latency is unlikely to pay off.
Use AW as the default; ReAct with a strong
backbone as a high-accuracy alternative. AW
is the robust default because its fixed control flow
achieves strong Pareto trade-offs across backbones.

ReAct can exceed AW with a strong reasoning
model, but GPT-4o+ReAct skips the master-data
fetch after 98 of 176 successful PO validations
(Appendix D.5). Our findings suggest that Re-
Act should be deployed after held-out validation
of tool sequencing; PlanExe and DAC require a
task-specific benefit to justify their overhead.
Enable extended thinking selectively, not by de-
fault. On DN, thinking generally improves com-
plex paradigms. On INV, the average gain is
marginal at significantly higher cost. This suggests
enabling thinking for PlanExe or DAC on struc-
turally complex or high-ambiguity data, but de-
faulting to non-thinking for AW and ReAct unless
the specific field requirements demand otherwise.

7 Conclusion

We present an agentic document IE pipeline with
enterprise database grounding, and systematically
evaluate four agentic paradigms on real enterprise
documents. Across delivery notes and invoices, the
value of agentic processing is conditional: gains
are large when the single-pass baseline leaves room
and errors concern SoR-resolvable fields, but small
near saturation, and simpler paradigms match or
outperform complex alternatives at substantially
lower cost. Extended thinking selectively bene-
fits complex paradigms but is not justified by de-
fault. Our error taxonomy identifies dominant fail-
ure modes and provides actionable guidance for
deploying agentic document AI at enterprise scale.

Limitations

• Synthetic ERP master data. ERP records are
generated from annotations to comply with pri-
vacy constraints. Masking and semantic rewrit-
ing stress-test shared-provenance shortcuts but
cannot reproduce all production noise. Gener-
alisation to live ERP backends requires further
validation.

• Dataset scope and small field support. The
study covers delivery notes and invoices from
enterprise processes. Generalisation to other doc-
ument types and supplier ecosystems remains
untested. Several low-frequency fields also ex-
hibit high variance and should be treated as in-
dicative rather than definitive.

• Model coverage and ceiling effect. The invoice
evaluation with GPT-4o and Gemini 2.5 Pro ini-
tial extractions shows that a ceiling effect sup-
presses the gains. Most evaluated backbones are
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top-tier LLMs, which sets a high performance
floor and may suppress observable differences be-
tween paradigms. Testing weaker models would
widen performance variance and make paradigm
comparisons more discriminative.

• Exact-match metric. Exact-match F1 penalises
semantically equivalent free-text variants. Fuzzy
rescoring raises these fields substantially with-
out materially changing the observed free-text
paradigm ordering, but its threshold remains an
evaluation choice.

• Annotation agreement. Ground truth uses
annotate-then-review and consensus for difficult
cases, but formal inter-annotator agreement was
not measured.

• Tool bank scope and portability. The evalua-
tion focuses on ERP grounding as the primary
external tool, leaving real-world challenges, e.g.,
handwriting recognition, multi-page table splits,
and cross-document reconciliation unaddressed.
Extending the tool bank with VLM-based per-
ception and domain-customised skills is a clear
direction for future work. Additionally, the ex-
ecution tools are designed for a specific ERP
system; adapting them to a different backend
requires non-trivial schema mapping and API
integration, though the evaluation methodology
itself is reusable.
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A System Prompts and Prompt
Architecture

All four paradigms share a common prompt foun-
dation consisting of two blocks: a task description
and critical extraction rules, injected verbatim into
the assembled prompt of every paradigm. Due to
commercial confidentiality, full prompt configu-
rations cannot be publicly released, but abridged
versions are provided for conceptual replication.

Shared Foundation
Task Description
Validate and refine the initial extraction by cross-checking the OCR text
and ERP master data. Produce a high-accuracy final extraction.

Critical Extraction Rules
1. OCR is the primary source of truth: never infer or reconstruct values
absent from OCR.
2. Schema integrity: do not add or remove field keys.
3. ERP master data is for validation only, never a copy source.
4. No cross-field copying: every field requires independent OCR evidence.
5. No header-to-line-item propagation.
6. Preserve OCR formatting verbatim.

Agentic Workflow (AW)

PO Extraction
You are an expert at extracting purchase order numbers from enterprise
documents.
Examples of valid purchase order numbers: {po_examples}
OCR Text: {ocr_text} Respond with ONLY the PO number, or
NOT_FOUND.

Line-Item Decision
Compare extracted line items against master PO data and decide if
re-extraction is needed.
Criteria: (1) field completeness, (2) value accuracy, (3) data quality,
(4) consistency.

Line-Item Re-Extraction
You are an expert at extracting line items from enterprise documents. Your
task is to extract all line items and return them as a JSON array.
Master PO Data (for reference only): {master_po_data}
OCR Text: {ocr_text} Respond with ONLY valid JSON of results.

ReAct
You are a ReAct agent that validates document extraction data iteratively.
One iteration per response:

Observation: [reflection on last result]
Thought: [next step reasoning]
Action:
- TOOL: {"toolname": "...", "parameter": "..."}
- EXECUTE BY YOURSELF: [instruction]

Answer: {JSON extraction} % when complete

Plan-Execute-Critic (PlanExe)

Planner
Analyse the current extraction state and decide what steps are needed.
Think from first principles; each document is different, so do not follow a
fixed recipe.
Output: {"reasoning": "...", "steps": [{"step_id": 1,
"description": "..."}, ...]}

Executor
Execute exactly the step you are given. Scope discipline: only modify
fields relevant to the current step. When updating the extraction, provide a
complete extraction object covering all header fields and line items.

Critic
Your primary job is to prevent regressions; a change that worsens extraction
is more harmful than a missed improvement. For every changed value,
verify OCR evidence and semantic correctness.

Dynamic Agent Collaboration (DAC)

Planner
Delegate one agent at a time; wait for response before next delegation.
Format: DELEGATE::<AgentName>:: <task>
Final output: current_extraction, followed by TASK_COMPLETE.

PO Specialist
Validate the PO number against ERP. Output: validation purchase order
number against ERP master data.
Output: {"po_number": "...", "validation_result": "...",
"reextraction_guidance": "..."}

Line-Item Specialist
Compare extracted line items against ERP master data. Out-
put: {"po_number": "...", "validation_result": "...",
"reextraction_guidance": "..."}

Extractor
The only agent that updates extraction state. After extracting values from
OCR text, call the state-update tool to commit the result.

Selector
You select who speaks next in a dynamic multi-agent collaboration. Output
only one agent name, nothing else.

B ERP-Grounded Augmentation Protocol

Augmentation Types and Sampling Rates. Two
augmentation operations are applied independently
with document-level sampling. (a) Field masking:
A field is removed from the ERP reference by set-
ting it to an empty string. This simulates incom-
plete master data, e.g., cases where a new supplier
or part has not yet been fully registered in the ERP.
The extraction system must then rely solely on
OCR text. (b) Semantic rewrite: The ERP refer-
ence value for a field is rewritten by an LLM to
simulate how the buyer’s ERP would phrase it, as
opposed to how it appears on the vendor document.

Table 7 summarises the per-field sampling rates.
The resulting augmentation coverage is as follows:
on delivery notes, 69% of documents received at
least one modification; on invoices, 80%. Docu-
ments with no modifications serve as unaugmented
controls.

Field Mask prob Rewrite prob

Delivery Note
li.customerMaterialNo 0.30 —
li.supplierMaterialNo 0.30 —
li.itemNo 0.30 —
li.quantity 0.30 —
li.unitOfMeasure — 1/3
li.description — 1/2

Invoice
paymentTerms 0.10 0.20
subtotalAmount 0.30 —
li.description 0.10 0.20
li.materialNo 0.30 —
li.unitOfMeasure 0.10 0.20

Table 7: Augmentation sampling rates per field and
document type.

LLM Prompts Used for Rewriting. All rewrites
are generated by GPT-5. Below are the system
prompts for each rewrite type.
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Description Rewrite

System: You are a procurement data specialist helping to simulate how a
buyer’s ERP system stores descriptions on a Purchase Order (PO).

Context:
The input text is a product description taken from a vendor <DOC TYPE>.
Your task is to rewrite it as it would appear in the buyer’s own PO or ERP
data, from the buyer’s perspective rather than the vendor’s.

Rules:
1. Keep all technical specifications that the buyer would know at PO
creation time: dimensions, material grade, standard part numbers, weights,
tolerances.
2. Remove or neutralise vendor-internal references that the buyer would
not know before delivery: vendor batch numbers, vendor serial numbers,
vendor-internal production codes.
3. Use buyer-side language: procurement category terminology, buyer’s
own shorthand, ISO/DIN/industry-standard names rather than vendor trade
names where appropriate.
4. You may rephrase, reorder, abbreviate, or expand, but do not invent
specifications.
5. Preserve all numbers that represent measurable properties (size, quantity,
weight, voltage, etc.).
6. Return ONLY the rewritten description, without any explanations or
additional text.

User: Rewrite this vendor invoice description as it would appear in the
buyer’s PO/ERP: <TEXT>

Unit-of-Measure Rewrite
System: You are a procurement data specialist. Your task is to provide an
alternative notation for a Unit of Measure (UoM) as it might appear in
a buyer’s ERP system or Purchase Order, introducing realistic variance
across different notation conventions.

The same physical unit can appear in many forms depending on the system
or country:
1. Has the same or similar meaning as the original
2. Could be an ISO code, ERP standard code, or commonly used
abbreviation
3. Is valid for business/ERP contexts
4. Examples of equivalent representations:
- "PC" ↔ "EA" ↔ "Each" ↔ "piece" ↔ "Pieces" (all mean the same)
- "pcs" ↔ "pcs." ↔ "Pcs" ↔ "PCS" (variations of pieces)
- "M" ↔ "m" ↔ "MTR" (meter variations)
- "Stück" ↔ "ST" ↔ "piece" (German to English)
5. Return ONLY the alternative UoM code/abbreviation, without any
explanations or additional text.

User: Provide one alternative notation for this unit of measure: <TEXT>

Payment-terms Rewrite (Invoice Only)

System: You are an accounts-payable specialist. Your task is to rewrite
a payment terms string as it might be stored in a buyer’s ERP system,
simulating realistic notation variance.

Context:
Payment terms are negotiated on the Purchase Order and stored in the
buyer’s ERP. The same terms can be represented in several ways across
different companies and systems:
- Payment key codes: e.g. NT30, Z001, Z030, 0001
- Structured short form: e.g. "2/10 Net 30", "1/15 Net 45"
- Human-readable EN: e.g. "Net 30 days", "Payable within 30 days", "Due
in 30 days"
- Human-readable DE: e.g. "Zahlbar innerhalb 30 Tagen", "Netto 30 Tage"
- With early-payment discount: e.g. "2% 10 days, net 30", "2% Skonto bei
Zahlung binnen 10 Tagen, netto 30 Tage"

Rules:
1. Preserve all financial values exactly: discount percentages, discount
windows (days), net due dates.
2. Do not add discount terms if none exist in the original, and do not
remove them if they do.
3. Switch the notation style (e.g. short code ↔ human-readable ↔
structured form).
4. The rewritten terms must be unambiguous and valid in a business
context.
5. Return ONLY the rewritten payment terms string, without any
explanations.

User: Rewrite these payment terms in an alternative notation: <TEXT>

Effects on Evaluation: What Augmentation Re-
veals? Augmented and unaugmented documents
achieve similar aggregate F1 across all paradigms,
confirming that OCR text is the primary extrac-
tion signal and ERP reference data is a secondary
grounding source, not a necessary one.

Table 8 reports the per-field F1 delta (masked vs.
unmasked) averaged across paradigms and mod-
els. On invoices, all ∆ are within ±0.01 ex-
cept paymentTerms (−0.008). On delivery notes,
li.customerMaterialNo shows the largest sensitiv-
ity (−0.022 on average across paradigms), con-
sistent with the reliance of AW on ERP cross-
validation. Positive ∆ values for several fields, e.g.,
li.unitOfMeasure +0.026, are selection-effect arte-
facts: masked documents constitute a non-random
subset that happens to contain simpler line items on
average, rather than representing genuine accuracy
gains from masking.

Rewritten ERP references have near-zero im-
pact on extraction accuracy (|∆F1| ≤ 0.02 in all
paradigms), indicating that extraction paradigms
match field values against document-side OCR
rather than by literal string comparison against the
ERP reference. The largest positive ∆ values again
reflect selection effects.

Substituting equivalent unit-of-measure nota-
tions, e.g., PC and EA, has negligible impact on
F1 for all paradigms. Models successfully extract
the document-side unit of measure regardless of
what the ERP reference states.

Field Doc ∆F1 Interpretation

li.customerMaterialNo DN −0.022 ERP cross-check absent
li.supplierMaterialNo DN +0.003 Negligible
li.itemNo DN +0.007 Selection effect
li.quantity DN +0.001 Negligible
li.unitOfMeasure DN +0.026 Selection effect

paymentTerms INV −0.008 Small ERP-hint dependency
subtotalAmount INV +0.001 Negligible
li.description INV +0.100 Selection effect
li.materialNo INV +0.034 Selection effect
li.unitOfMeasure INV +0.011 Selection effect

Table 8: F1 delta from ERP field masking (masked vs.
unmasked, avg over paradigms and models).

C Implementation Details

Iteration budgets. All paradigms use greedy de-
coding (temperature = 0.0). Paradigm-specific iter-
ation budgets are:

• AW: fixed 5-step pipeline with up to 3 retries per
step.
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Paradigm Avg. F1 95% CI ∆F1 95% CI (∆F1) Sig.

Delivery Note
AW 0.8638 [0.8426, 0.8829] +0.0441 [+0.0324, +0.0571] Yes
ReAct 0.8585 [0.8379, 0.8771] +0.0388 [+0.0283, +0.0502] Yes
PlanExe 0.8434 [0.8222, 0.8630] +0.0238 [+0.0171, +0.0316] Yes
DAC 0.8488 [0.8273, 0.8688] +0.0291 [+0.0219, +0.0390] Yes

Invoice
AW 0.8668 [0.8592, 0.8742] +0.0059 [+0.0032, +0.0087] Yes
ReAct 0.8694 [0.8588, 0.8788] +0.0085 [+0.0013, +0.0140] Yes
PlanExe 0.8610 [0.8504, 0.8701] +0.0002 [−0.0066, +0.0052] No
DAC 0.8611 [0.8535, 0.8689] +0.0002 [−0.0016, +0.0020] No

Table 9: Paired bootstrap confidence interval (CI) re-
sults. A gain is significant when its 95% interval ex-
cludes zero.

• ReAct: up to 20 thought-action-observation iter-
ations.

• PlanExe: up to 15 outer iterations, 3 replans, 2
step-retries, and 5 tool rounds per step.

• DAC: up to 25 agent turns (total log messages are
2–3× higher as tool calls are counted separately).

Extended thinking configuration. For Gem-
ini 2.5 Pro, the default non-thinking setting uses a
minimal thinking budget of 128 tokens, while think-
ing mode raises it to 8000 tokens. For GPT-5, the
corresponding settings are minimal and medium.
Gemini 2.5 Flash and GPT-4o have thinking dis-
abled entirely.
Empirical termination. Iteration budgets are up-
per bounds rather than matched compute budgets.
On DN, ReAct completed all 195 documents while
averaging 4.6 messages and 2.1 tool calls, well be-
low its 20-iteration cap. DAC completed 194 of
195 documents and hit its message limit once. The
larger cost and latency therefore reflect paradigm
structure on DN. This does not contradict the INV
failure mode in Appendix H: without thinking,
DAC exhausts its message budget more often on
longer invoice traces.

D Statistical and Ablation Analyses

D.1 Paired Bootstrap Confidence Intervals

We use B = 10,000 paired document-level boot-
strap samples. For paradigm averages, each draw
shares document indices across the K agentic LLM
configurations and compares them with the same
Gemini 2.5 Pro baseline predictions. Table 9 re-
ports the DN and INV experiments with Gem-
ini 2.5 Pro baseline predictions. These intervals
measure sensitivity to the evaluated document sam-
ple. Every model configuration was run once, so
they do not estimate stochastic variation across re-
peated inference runs.

Scope BL CTX AW CTX−BL AW−CTX

Delivery Note
All fields 0.8197 0.8372 0.8593 +1.8 +2.2
Headers 0.7943 0.7943 0.8366 +0.0 +4.2
Line items 0.8356 0.8641 0.8736 +2.9 +0.9
purchaseOrderNo 0.8179 0.8179 0.9740 +0.0 +15.6

Invoice
All fields 0.8608 0.8639 0.8653 +0.3 +0.1
Headers 0.8489 0.8489 0.8505 +0.0 +0.2
Line items 0.8766 0.8839 0.8848 +0.7 +0.1
purchaseOrderNo 0.8509 0.8509 0.8797 +0.0 +2.9

Table 10: Full context-injection ablation with Gem-
ini 2.5 Pro. Deltas are F1 percentage points.

Paradigm F1 ∆BL 95% CI Significant?

GPT-4o Agentic Backbone
AW 0.8693 +9.2 [+8.4, +10.1] Yes
ReAct 0.8536 +7.7 [+6.8, +8.6] Yes
PlanExe 0.8586 +8.2 [+7.3, +9.0] Yes
DAC 0.8594 +8.2 [+7.4, +9.1] Yes

Gemini 2.5 Pro Agentic Backbone
AW 0.8663 +8.9 [+8.1, +9.8] Yes
ReAct 0.8734 +9.6 [+8.8, +10.5] Yes
PlanExe 0.8624 +8.5 [+7.7, +9.4] Yes
DAC 0.8616 +8.5 [+7.6, +9.4] Yes

Table 11: Full low-baseline invoice stress test. CIs are
paired 95% intervals for ∆F1 in percentage points.

D.2 One-Shot Context Injection
The context baseline receives the same determin-
istically retrieved ERP record as AW in a single
extraction prompt, without multi-turn verification
or refinement. Table 10 decomposes Context−BL
as the contribution of static ERP context and
AW−Context as the contribution of the loop.

D.3 Invoice Baseline-Headroom Stress Test
Table 11 uses GPT-4o as the initial invoice extrac-
tor (F1 = 0.7771), then varies the LLM controlling
each agentic paradigm. All intervals exclude zero.
This is a separate regime from Table 9, whose in-
voice baseline is Gemini 2.5 Pro (F1 = 0.8608).

D.4 Fuzzy Evaluation of Free-Text Fields
Free-text fields occur only on INV, where exact-
match evaluation penalises predictions that are se-
mantically correct but differ in superficial ways.
We rescore the nine invoice configurations using
the initial Gemini 2.5 Pro extractions, without addi-
tional inference. An exact-match error is counted
as correct when the string similarity is at least 0.85.
We measure similarity using two complementary
metrics: the normalised Levenshtein ratio, which
operates at the character level and is sensitive to
character order, and the token-set ratio, which com-
pares sets of words regardless of their order. The le-
nient variant takes the maximum of the two scores,
counting a prediction as correct if either metric
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exceeds the threshold, whereas the balanced vari-
ant takes their mean, requiring both metrics to be
reasonably high. Reporting both variants provides
results under permissive and stricter interpretations
of semantic similarity, ensuring that our conclu-
sions do not depend on a single similarity metric
or threshold. Table 12 reports all three scores. Ev-
ery field improves, especially li.description, while
the substantive ordering is stable: ReAct remains
strongest and DAC remains weakest across the free-
text fields; AW and PlanExe differ by less than one
pp.

D.5 GPT-4o+ReAct Failure Analysis

We inspect all 195 DN traces for GPT-4o+ReAct,
whose F1 falls below the non-agentic baseline. All
traces terminate with zero malformed tool calls,
and PO extraction improves when the grounding
chain executes. The failure is therefore not prompt-
format sensitivity. Instead, GPT-4o validates a
PO but omits the subsequent master-data fetch on
98 of 176 successful validations, preferring self-
reasoning over tool use by 3.2:1. Table 13 lists the
detailed events.

Three downstream symptoms explain the re-
gression: tool-sequencing skips, 152 header-
to-line-item PO leakage rows vs. 11 for Gem-
ini 2.5 Pro+Think under the same prompt, and
34 absent deliveryDate fields filled through over-
reasoning. This model–paradigm interaction moti-
vates validating ReAct’s tool discipline on a held-
out set and using AW when the reasoning backbone
is unverified.

E Quantitative Results

Non-Agentic Baselines. Table 14 reports the over-
all and per-field F1 for six non-agentic single-pass
extraction baselines on the delivery notes.
Full Quantitative Results. Tables 15 and 16 re-
port F1, latency, cost per document, and token con-
sumption for all configurations on DN and INV
data. Tables 17 and 18 report overall and per-field
F1 scores, latency, cost per document, and token
consumption for all configurations on DN and INV.
The Baseline row is from the non-agentic Gem-
ini 2.5 Pro extraction.

F Qualitative Results

Table 19 provides detailed single-example cases
with ERP context for the three main win patterns
and one representative failure.

G Error Sub-Pattern Details

Table 20 summarises the structured sub-patterns
identified within each failure type, supporting the
analysis in Section 5.4.

H Deployment Considerations

This appendix extends Section 6 with additional
deployment guidelines and technical details.
Pre-screen the backbone before deploying Re-
Act. Section 6 recommends AW as the safe de-
fault when backbone capability is unverified. This
guideline provides the operational detail behind
that rule. ReAct’s performance collapses below the
non-agentic baseline with weaker backbones: on
DN it achieves F1 = 0.871 with Gemini 2.5 Pro but
falls to 0.794 with GPT-4o, the worst configuration
in the study. We attribute this performance gap to
two primary factors: a general model-quality ef-
fect, as GPT-4o often underperforms on specialised
extraction tasks, and a specific failure of multi-step
chain-of-thought within the ReAct reasoning loop,
as evidenced by our trace analysis. AW does not
exhibit this behaviour; its F1 range is only 1.8 pp
across six backbones. The decision criterion: mea-
sure task-complete rate and mean intermediate step
count on a held-out sample before committing to
ReAct in production. If either metric falls notice-
ably below Gemini 2.5 Flash levels, fall back to
AW.
Audit ERP material-number coverage before de-
ploying AW. AW’s validation loop cross-checks
extracted material codes against ERP master data,
which is the primary source of its gains on material-
number fields (+12.7 pp on li.customerMaterialNo,
+8.2 pp on li.supplierMaterialNo). The same loop
can actively suppress a correct OCR extraction
when the corresponding ERP entry is missing, caus-
ing systematic false negatives. Under field-masking
experiments, AW degrades by −6.9 pp and −3.7 pp
on those fields respectively, while ReAct and DAC
remain flat (|∆F1| ≤ 0.01). The decision criterion:
before deploying AW on a new supplier template,
estimate ERP material-number coverage for that
supplier set. If coverage is substantially incomplete,
route material-number fields to ReAct instead as
a more robust fallback. AW remains the preferred
paradigm for PO-reference fields, where ERP cov-
erage is typically complete.
Do not deploy DAC without extended think-
ing on complex documents. Section 6 rec-
ommends enabling thinking for DAC on struc-
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Field BL AW ReAct PlanExe DAC Average

li.description 0.696 / 0.933 / 0.811 0.710 / 0.939 / 0.839 0.699 / 0.947 / 0.841 0.671 / 0.945 / 0.831 0.686 / 0.932 / 0.817 0.692 / 0.940 / 0.830
buyerAddress 0.807 / 0.979 / 0.811 0.807 / 0.979 / 0.811 0.816 / 0.982 / 0.820 0.797 / 0.976 / 0.800 0.787 / 0.959 / 0.792 0.802 / 0.974 / 0.806
shipToAddress 0.758 / 0.897 / 0.762 0.758 / 0.897 / 0.762 0.770 / 0.902 / 0.772 0.724 / 0.886 / 0.726 0.756 / 0.893 / 0.760 0.753 / 0.895 / 0.756
vendorAddress 0.798 / 0.966 / 0.814 0.798 / 0.966 / 0.814 0.808 / 0.967 / 0.824 0.797 / 0.967 / 0.811 0.785 / 0.953 / 0.804 0.797 / 0.964 / 0.813
paymentTerms 0.796 / 0.863 / 0.809 0.796 / 0.863 / 0.809 0.792 / 0.861 / 0.806 0.786 / 0.860 / 0.802 0.796 / 0.862 / 0.808 0.793 / 0.861 / 0.806

Table 12: Fuzzy re-scoring at threshold 0.85. Each cell is exact/lenient/balanced F1.

Event Count Documents

PO validation called 194 99.5%
PO accepted by ERP 176 90.3%
Master data fetched 79 40.5%
Accepted PO, fetch skipped 98 50.3%
Self-reasoning actions 899 —
Tool-call actions 284 —

Table 13: Tool behaviour in 195 GPT-4o+ReAct DN
traces.

Field G-Flash G-Pro G-Pro+T GPT-4o GPT-5 GPT-5+T Support

All Fields 0.802 0.820 0.813 0.704 0.710 0.712 1661
All Headers 0.774 0.794 0.810 0.687 0.704 0.700 641
All Line Items 0.819 0.836 0.815 0.714 0.714 0.720 1020

deliveryDate 0.533 0.554 0.617 0.513 0.524 0.533 57
deliveryNoteNo 0.942 0.922 0.924 0.896 0.906 0.916 168
documentDate 0.807 0.822 0.821 0.633 0.697 0.693 159
purchaseOrderNo 0.733 0.818 0.822 0.568 0.578 0.532 190
supplierId 0.734 0.710 0.729 0.822 0.817 0.853 67

li.customerMaterialNo 0.746 0.798 0.776 0.590 0.598 0.600 216
li.itemNo 0.800 0.874 0.874 0.858 0.850 0.843 126
li.purchaseOrderItemNo 0.667 0.769 0.769 0.750 0.750 0.667 8
li.purchaseOrderNo 0.667 0.481 0.426 0.214 0.177 0.185 27
li.quantity 0.952 0.941 0.941 0.927 0.935 0.937 277
li.supplierMaterialNo 0.754 0.773 0.741 0.681 0.701 0.707 236
li.unitOfMeasure 0.860 0.905 0.880 0.807 0.771 0.792 130

Table 14: Overall and per-field F1 for non-agentic
single-pass baselines.

turally complex documents. This guideline pro-
vides the operational evidence. Without extended
thinking, DAC exhausts the agent message bud-
get (max_messages_reached) in 61.6% of INV
runs (Gemini 2.5 Pro), with budget-exhausted runs
achieving F1 = 0.857 vs. 0.868 for task-complete
runs (∆=−1.1 pp). The failure is architectural:
DAC’s five-agent orchestration loop generates sub-
stantially more inter-agent messages per docu-
ment than simpler paradigms, and invoices with
many line items exhaust the fixed budget before
extraction is complete, causing silent partial ex-
tractions. Adding extended thinking resolves this:
DAC+Think reaches task_complete on 99.4%
of runs at only 1.3× additional cost on INV.
The decision criterion: treat extended thinking
as mandatory, not optional, for DAC on invoice-
class documents with non-trivial structure; monitor
task_complete rate as a production health metric,
as a low rate signals budget exhaustion rather than
model failure.
Validate per-field paradigm leads on a small
sample before committing to field routing.
The routing recommendations in Section 6

rest on consistent per-field paradigm leads that
are reproducible across models: AW leads
on material-number fields (+1.4 pp margin on
li.customerMaterialNo); ReAct leads on date fields
(deliveryDate, documentDate) where AW has no
ERP reference to anchor against; PlanExe leads on
li.Discount (+2.8 pp over ReAct) due to calculation
reasoning; ReAct leads on vendorName (+1.2 pp
over AW) due to legal-suffix disambiguation. How-
ever, these leads can reverse on structurally dif-
ferent templates: on INV, AW shows −7.0 pp on
li.purchaseOrderNo (vs. ReAct +11.7 pp) because
cross-field leakage from invoice-header PO num-
bers is amplified, not suppressed, by AW’s valida-
tion loop on ambiguous multi-PO layouts. The de-
cision criterion: when onboarding a new document
template, measure per-field F1 across paradigms
on a small validation sample before committing
to the routing table; do not assume that material-
number fields always favour AW on templates with
ambiguous PO structures.
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Model All Fields↑ Header Fields↑ Line-item Fields↑ Latency (s)↓ Cost/Doc ($)↓ Tokens (in)↓ Tokens (out)↓ Tokens (think)↓

Non-Agentic Baseline
Gemini 2.5 Pro 0.820 0.794 0.836 – – – – –

AW
Gemini 2.5 Flash 0.866 0.837 0.885 3.88 0.0020 3,918 317 –
Gemini 2.5 Pro 0.859 0.837 0.874 5.72 0.0063 3,124 110 169
Gemini 2.5 Pro+Think 0.876 0.837 0.901 23.31 0.0284 3,525 227 2,156
GPT-4o 0.861 0.837 0.876 3.46 0.0116 3,661 208 –
GPT-5 0.862 0.837 0.878 7.68 0.0086 3,980 357 –
GPT-5+Think 0.858 0.837 0.871 33.49 0.0224 2,074 221 1,728

ReAct
Gemini 2.5 Flash 0.869 0.831 0.893 12.97 0.0121 21,262 2,212 –
Gemini 2.5 Pro 0.871 0.826 0.899 25.96 0.0477 22,098 1,655 366
Gemini 2.5 Pro+Think 0.878 0.832 0.907 45.71 0.0731 20,658 1,634 2,933
GPT-4o 0.794 0.812 0.782 11.54 0.0761 25,589 1,161 –
GPT-5 0.868 0.828 0.894 14.65 0.0203 10,366 740 –
GPT-5+Think 0.871 0.819 0.904 213.73 0.1828 27,255 1,529 13,120

PlanExe
Gemini 2.5 Flash 0.825 0.801 0.841 13.46 0.0131 32,063 1,235 –
Gemini 2.5 Pro 0.854 0.819 0.877 33.13 0.0607 33,326 1,083 800
Gemini 2.5 Pro+Think 0.857 0.811 0.886 116.22 0.1705 40,137 2,287 9,797
GPT-4o 0.819 0.791 0.837 12.42 0.0721 24,342 1,126 –
GPT-5 0.842 0.798 0.870 63.41 0.1165 61,864 3,844 –
GPT-5+Think 0.863 0.827 0.886 340.81 0.3003 54,791 2,887 20,352

DAC
Gemini 2.5 Flash 0.840 0.820 0.853 15.46 0.0106 28,526 795 –
Gemini 2.5 Pro 0.828 0.801 0.845 56.04 0.0586 44,467 80 192
Gemini 2.5 Pro+Think 0.870 0.826 0.898 84.95 0.0850 31,221 831 3,592
GPT-4o 0.830 0.825 0.833 11.79 0.0575 20,530 652 –
GPT-5 0.856 0.815 0.883 30.88 0.0593 35,473 1,367 –
GPT-5+Think 0.868 0.831 0.892 242.57 0.1666 40,317 1,452 9,856

Table 15: Full results on delivery notes.

Model All Fields↑ Header Fields↑ Line-item Fields↑ Latency (s)↓ Cost/Doc ($)↓ Tokens (in)↓ Tokens (out)↓ Tokens (think)↓

Non-Agentic Baseline
Gemini 2.5 Pro 0.861 0.849 0.877 – – – – –

AW
Gemini 2.5 Pro 0.865 0.851 0.885 4.19 0.0051 2,694 66 90
Gemini 2.5 Pro+Think 0.868 0.851 0.891 27.46 0.0301 3,754 180 2,296

ReAct
Gemini 2.5 Pro 0.870 0.858 0.886 40.48 0.0794 36,838 3,072 383
Gemini 2.5 Pro+Think 0.868 0.862 0.877 68.95 0.1120 32,256 2,478 4,430

PlanExe
Gemini 2.5 Pro 0.856 0.849 0.865 51.56 0.1046 55,934 2,546 926
Gemini 2.5 Pro+Think 0.866 0.856 0.880 170.69 0.2511 59,846 3,254 14,506

DAC
Gemini 2.5 Pro 0.862 0.850 0.877 59.84 0.0895 68,613 289 246
Gemini 2.5 Pro+Think 0.861 0.847 0.878 92.89 0.1148 46,658 1,421 4,082

Table 16: Full results on invoices.

G-Pro G-Flash G-Pro G-Pro+T GPT-4o GPT-5 GPT-5+T

Field Baseline AW PlanExe ReAct DAC AW PlanExe ReAct DAC AW PlanExe ReAct DAC AW PlanExe ReAct DAC AW PlanExe ReAct DAC AW PlanExe ReAct DAC

deliveryDate† 0.554 0.554 0.548 0.556 0.554 0.554 0.524 0.550 0.554 0.554 0.512 0.570 0.562 0.554 0.498 0.485 0.557 0.554 0.613 0.605 0.557 0.554 0.600 0.486 0.560
deliveryNoteNo† 0.922 0.922 0.922 0.922 0.922 0.922 0.914 0.919 0.922 0.922 0.914 0.919 0.922 0.922 0.922 0.922 0.916 0.922 0.922 0.922 0.922 0.922 0.937 0.927 0.922
documentDate† 0.822 0.822 0.787 0.801 0.824 0.822 0.785 0.784 0.829 0.822 0.835 0.784 0.808 0.822 0.816 0.817 0.814 0.822 0.787 0.793 0.822 0.822 0.723 0.676 0.822
purchaseOrderNo 0.818 0.974 0.881 0.966 0.913 0.974 0.974 0.974 0.839 0.974 0.935 0.974 0.945 0.974 0.864 0.955 0.950 0.974 0.813 0.913 0.892 0.974 0.935 0.976 0.948
supplierId 0.710 0.710 0.698 0.720 0.703 0.710 0.698 0.709 0.706 0.710 0.673 0.720 0.702 0.710 0.698 0.702 0.692 0.710 0.717 0.721 0.710 0.710 0.737 0.754 0.710

li.customerMaterialNo 0.798 0.949 0.804 0.927 0.825 0.938 0.861 0.940 0.819 0.964 0.876 0.949 0.942 0.911 0.794 0.803 0.827 0.911 0.834 0.922 0.885 0.878 0.878 0.928 0.914
li.itemNo 0.874 0.876 0.874 0.886 0.886 0.879 0.871 0.879 0.864 0.878 0.886 0.873 0.886 0.866 0.874 0.822 0.846 0.866 0.871 0.864 0.883 0.876 0.854 0.879 0.873
li.purchaseOrderItemNo 0.769 0.625 0.714 0.571 0.769 0.706 0.667 0.640 0.769 0.538 0.778 0.609 0.800 0.706 0.769 0.444 0.714 0.588 0.769 0.667 0.769 0.769 0.769 0.667 0.769
li.purchaseOrderNo 0.481 0.448 0.495 0.619 0.553 0.419 0.722 0.693 0.495 0.591 0.788 0.812 0.581 0.525 0.486 0.254 0.515 0.571 0.842 0.754 0.742 0.525 0.897 0.963 0.735
li.quantity 0.941 0.944 0.941 0.952 0.943 0.938 0.950 0.948 0.948 0.953 0.950 0.952 0.952 0.919 0.941 0.931 0.934 0.926 0.948 0.950 0.945 0.953 0.946 0.946 0.950
li.supplierMaterialNo 0.773 0.865 0.792 0.857 0.793 0.841 0.827 0.863 0.785 0.872 0.832 0.859 0.861 0.870 0.787 0.776 0.781 0.858 0.802 0.847 0.819 0.821 0.834 0.851 0.842
li.unitOfMeasure 0.905 0.905 0.895 0.899 0.901 0.908 0.904 0.895 0.905 0.902 0.899 0.912 0.899 0.889 0.895 0.836 0.835 0.899 0.905 0.892 0.902 0.908 0.902 0.899 0.895

Table 17: Field-level results across agentic paradigms and models on delivery notes. †: fields are not presented in
ERP master data.
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G-Pro G-Pro G-Pro+T

Field Baseline AW PlanExe ReAct DAC AW PlanExe ReAct DAC

buyerAddress 0.806 0.806 0.785 0.814 0.806 0.806 0.808 0.818 0.768
buyerName 0.918 0.918 0.906 0.920 0.920 0.918 0.918 0.918 0.918
country† 0.968 0.968 0.973 0.975 0.968 0.968 0.981 0.982 0.968
currency† 0.988 0.988 0.996 0.994 0.990 0.988 0.995 0.992 0.990
deliveryDate† 0.806 0.806 0.777 0.789 0.806 0.806 0.775 0.794 0.806
deliveryNoteNo† 0.814 0.814 0.807 0.804 0.814 0.814 0.803 0.816 0.814
discount† 0.861 0.861 0.892 0.901 0.861 0.861 0.917 0.930 0.877
dueDate† 0.879 0.879 0.875 0.915 0.881 0.879 0.884 0.920 0.881
employeeName† 0.256 0.256 0.262 0.269 0.256 0.256 0.287 0.282 0.260
invoiceDate† 0.966 0.966 0.966 0.960 0.966 0.966 0.964 0.960 0.966
invoiceNo† 0.968 0.968 0.970 0.966 0.968 0.968 0.966 0.968 0.968
paymentTerms 0.796 0.796 0.787 0.790 0.796 0.796 0.785 0.793 0.795
purchaseOrderNo 0.851 0.880 0.888 0.899 0.863 0.882 0.878 0.906 0.878
shipToAddress 0.758 0.758 0.712 0.763 0.758 0.758 0.736 0.777 0.754
shippingAmount† 0.680 0.680 0.675 0.691 0.680 0.680 0.675 0.711 0.689
subtotalAmount 0.928 0.928 0.934 0.941 0.928 0.928 0.932 0.937 0.930
tax1Amount† 0.928 0.928 0.922 0.926 0.928 0.928 0.925 0.925 0.930
tax1Description† 0.225 0.225 0.220 0.236 0.225 0.225 0.389 0.216 0.228
tax1Rate† 0.869 0.869 0.846 0.851 0.869 0.869 0.842 0.853 0.873
tax2Amount† 0.167 0.167 0.263 0.167 0.167 0.167 0.256 0.216 0.167
tax2Description† 0.061 0.061 0.059 0.059 0.061 0.061 0.111 0.118 0.061
tax2Rate† 0.296 0.296 0.296 0.296 0.296 0.296 0.296 0.231 0.296
tax3Amount† 0.167 0.167 0.240 0.167 0.167 0.167 0.240 0.167 0.167
tax3Description† 0.100 0.100 0.095 0.100 0.100 0.100 0.095 0.100 0.100
tax3Rate† 0.154 0.154 0.154 0.154 0.154 0.154 0.154 0.154 0.154
totalAmount† 0.996 0.996 0.993 0.996 0.996 0.996 0.996 0.996 0.996
vendorAddress 0.798 0.798 0.784 0.801 0.800 0.798 0.810 0.815 0.771
vendorBankAccountNo† 0.914 0.914 0.918 0.941 0.914 0.914 0.929 0.943 0.914
vendorName 0.801 0.801 0.852 0.857 0.803 0.801 0.850 0.869 0.799
vendorTaxId† 0.900 0.900 0.905 0.910 0.898 0.900 0.903 0.912 0.900

li.BatchNo† 0.242 0.250 0.242 0.242 0.267 0.235 0.242 0.235 0.242
li.Description 0.696 0.712 0.672 0.691 0.690 0.708 0.669 0.706 0.682
li.Discount† 0.549 0.573 0.878 0.869 0.575 0.637 0.824 0.931 0.631
li.MaterialNo 0.810 0.860 0.841 0.835 0.810 0.837 0.810 0.833 0.834
li.PurchaseOrderNo 0.550 0.447 0.529 0.672 0.573 0.513 0.568 0.662 0.621
li.Quantity 0.969 0.958 0.935 0.965 0.964 0.966 0.969 0.940 0.964
li.SerialNo† 0.390 0.450 0.400 0.390 0.421 0.524 0.390 0.390 0.410
li.Tax1Amount† 0.912 0.929 0.926 0.917 0.918 0.952 0.913 0.920 0.906
li.Tax1Rate† 0.925 0.940 0.939 0.927 0.926 0.938 0.926 0.928 0.927
li.Tax2Amount† 0.800 0.833 0.667 0.800 0.800 1.000 0.800 0.800 0.800
li.Tax2Rate† 0.533 0.870 0.429 0.533 0.533 0.588 0.533 0.533 0.533
li.Tax3Amount† 0.000 0.480 0.222 0.316 0.105 0.966 0.105 0.105 0.000
li.Tax3Rate† 0.000 0.480 0.222 0.316 0.105 0.966 0.105 0.105 0.000
li.TotalAmount† 0.968 0.971 0.931 0.960 0.970 0.977 0.970 0.933 0.972
li.UnitOfMeasure 0.947 0.950 0.923 0.950 0.945 0.954 0.949 0.951 0.939
li.UnitPrice† 0.973 0.974 0.934 0.966 0.973 0.976 0.972 0.944 0.971

Table 18: Field-level results across agentic paradigms and models on invoices. †: fields are not presented in ERP
master data.
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Document (Cropped and Sanitised) Field / Error Description ERP Master Data Extraction

Document Type: Delivery Note
Field: purchaseOrderNo

The document contains both a supplier PO
and a customer PO. Supplier PO is
followed by Order number, which is a
common key for purchaseOrderNo.
Baseline copies the supplier PO, and
all agentic methods cross-check
against ERP master data and select the
correct customer PO.

"G72K9PL": {
"orderDate":

["06.03.2025"],
"supplierId":

["29403715"],
"Items":

[{. . . }, . . . ],
}

Baseline: 483920
AW: G72K9PL
ReAct: G72K9PL
PlanExe: G72K9PL
DAC: G72K9PL

Document Type: Delivery Note
Field: li.customerMaterialNo

The document contains two material
numbers from customer and supplier
under the same column PRODUCT.
Without ERP data, it is challenging
to distinguish the two.

"609983721": {
"supplierId":

["P982-100-30"],
"Items": [ {

"customerMaterialNo":
["7394012"],

"supplierMaterialNo":
["581204700"],

"description":
["WORKWEAR ITEM"]

} ],
}

Baseline: 581204700
AW: 7394012
ReAct: 7394012
PlanExe: 7394012
DAC: 7394012

Document Type: Invoice
Field: li.materialNo

The document contains two material
numbers from customer and supplier
under the same column CODE.
Without ERP data, it is challenging
to distinguish the two.

"7300001547": {
"buyerName":

["MERIDIAN HOLDINGS"],
"paymentTerms":

[],
...
"Items": [ {

"description":
["4.8M PANEL"],

"materialNumber":
["ITEM500183GBL"],

"quantity":
["32"]

"unitOfMeasure":
["EA"]

} ],
}

Baseline: 4800PANEL3RAIL:
AW: ITEM500183GBL
ReAct: ITEM500183GBL
PlanExe: ITEM500183GBL
DAC: ITEM500183GBL

Document Type: Delivery Note
Field: li.purchaseOrderNo

There are two purchaseOrderNo instances on
this document, but both are header
purchaseOrderNo. Baseline, AW, and
DAC hallucinate li.purchaseOrderNo,
whereas ReAct and PlanExe get the
correct empty output.

"G7291MF": {
"supplierId":

["803714-05"],
"orderDate":

["08.02.25"],
"Items": [ {

"customerMaterialNo":
["8103847"],

"supplierMaterialNo":
["9204 5031"],

"description":
[]

"itemNumber":
["1"],

"quantity":
["3"],

"unitOfMeasure":
["Pc."],

} ],
}

Baseline: G7291MF
AW: G7291MF
ReAct: [’∅’]
PlanExe: [’∅’]
DAC: G7291MF

Table 19: Detailed qualitative examples with ERP master data context. Green = correct extraction, Red = incorrect
extraction.
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Doc Field and Pattern % of type Fix

Wrong-Value Errors
DN purchaseOrderNo: replaced by supplier PO 93% ERP lookup (AW: 27/28 fixed, ∆F1 +0.119)
DN deliveryDate→documentDate swap 80% Field-disambiguation prompt
INV purchaseOrderNo: prefix retained (PO#, Order:) 14% Output normalisation
INV vendorName: truncation at comma / parenthesis 68% Prompt instruction
INV li.quantity: separator confusion (1,500 ↔ 1500) 23% Locale-aware normalisation
INV shipToAddress/buyerAddress: company name omitted 71–83% Prompt instruction

Missing-Value Errors
DN documentDate: visual ambiguity; ReAct/PlanExe reduce misses but raise wrong-

values by similar amount
17% Field-disambiguation prompt

DN li.purchaseOrderItemNo: near-absent in documents (2.8% of line items) 37.5% Low-support field; indicative only
INV li.purchaseOrderNo: field absent in most line items 14.3% Null-output instruction

Hallucinations
DN li.purchaseOrderNo: header PO copied to line item 83% Null-output instruction (∼2pp, ∆F1 +0.145)
DN li.customerMaterialNo: supplier material number copied 54% Null-output instruction (∆F1 +0.088)
DN li.unitOfMeasure: EA injected when field absent avg 15/config Persistent prior; prompt mitigation partial
DN li.purchaseOrderItemNo: ReAct invents sequential item nos. avg 6.2/config ReAct-specific regression (∆F1 −0.078)
INV li.purchaseOrderNo: header PO copied to line item 63% Null-output instruction (∼2pp)
INV vendorName: name injected when field absent 100% Prompt instruction

Performance Ceilings
DN deliveryDate: cross-field confusion with documentDate 43% concordance Field-disambiguation prompt
INV paymentTerms: exact-match penalises semantically equivalent phrasings 89% concordance Fuzzy-match scorer
INV li.description: free-text variation penalised by exact-match 74% concordance Fuzzy-match scorer

Table 20: Systematic error sub-patterns by type, document type, and affected field. % of type: fraction of that error
type on the given field at baseline. ∆F1: avg change vs. baseline across all paradigms and models.
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