
Proceedings of the 64th Annual Meeting of the Association for Computational Linguistics (Volume 3: System Demonstrations), pages 108–118
July 2-7, 2026 ©2026 Association for Computational Linguistics

IDP Accelerator: Agentic Document Intelligence from Extraction to
Compliance Validation

Md Mofijul Islam, Md Sirajus Salekin, Joe King, Priyashree Roy, Vamsi Thilak Gudi
Spencer Romo, Akhil Nooney, Boyi Xie, Bob Strahan, Diego A. Socolinsky

Amazon Web Services

Abstract

Understanding and extracting structured in-
sights from unstructured documents remains
a foundational challenge in industrial NLP.
While Large Language Models (LLMs) enable
zero-shot extraction, traditional pipelines often
fail to handle multi-document packets, complex
reasoning, and strict compliance requirements.
We present IDP (Intelligent Document Process-
ing) Accelerator, a framework enabling agentic
AI for end-to-end document intelligence with
four key components: (1) DocSplit, a novel
benchmark dataset1 and multimodal classifier
using BIO tagging to segment complex docu-
ment packets; (2) configurable Extraction Mod-
ule leveraging multimodal LLMs to transform
unstructured content into structured data; (3)
Agentic Analytics Module, compliant with the
Model Context Protocol (MCP) providing data
access through secure, sandboxed code execu-
tion; and (4) Rule Validation Module replacing
deterministic engines with LLM-driven logic
for complex compliance checks. The interac-
tive demonstration enables users to upload doc-
ument packets, visualize classification results,
and explore extracted data through an intuitive
web interface. We demonstrate effectiveness
across industries, highlighting a production
deployment at a leading healthcare provider
achieving 98% classification accuracy, 80% re-
duced processing latency, and 77% lower oper-
ational costs over legacy baselines. IDP Accel-
erator is open-sourced2 with a live demonstra-
tion3 available to the community.

1 Introduction

Unstructured data, including forms, emails, and
scanned images, constitutes an estimated 80% to
90% of the world’s global data assets (Harbert,
2021). This vast repository of information holds

1https://huggingface.co/datasets/amazon/doc_split
2https://github.com/aws-samples/sample-genai-idp
3https://github.com/aws-samples/sample-genai-

idp/blob/main/docs/demo-videos.md

immense strategic value, yet organizations struggle
to extract actionable insights from it. Traditional
document processing approaches have proven in-
adequate: manual processing remains slow and
costly, rule-based automation fails when data devi-
ates from predefined templates, and Optical Char-
acter Recognition (OCR) extracts raw text without
understanding meaning, structure, or intent (Pingili,
2025). These limitations result in operational
bottlenecks such as slow loan approvals, delayed
claims processing, compliance gaps, and increased
exposure to fraud. The banking and finance indus-
try alone processes thousands of documents daily,
where a single loan application can span hundreds
of pages requiring manual validation at multiple
stages (Jansen et al., 2023).

With the emergence and evolution of Large
Language Models (LLMs) starting in 2020, doc-
ument intelligence has become one of the fastest-
growing and most active research areas (Ke et al.,
2025). Interest surged dramatically from mid-
2023, driven by foundational breakthroughs such
as the extension of LLM context windows enabling
practical long-document understanding. Commer-
cial platforms like Azure Document Intelligence
and Amazon Textract with Bedrock now integrate
LLMs into document workflows at scale, facilitat-
ing intelligent question answering, summarization,
and structured information extraction. Domain-
adapted models like DocLLM (Wang et al., 2024b),
TableLLM (Zhang et al., 2025), and InstructDoc
(Tanaka et al., 2024) have emerged for specialized
tasks including table reasoning and layout compre-
hension, while practical pipelines such as RagFlow
(InfiniFlow Team, 2024) and MinerU (Wang et al.,
2024a) have operationalized LLMs for document
chunking, retrieval, and question-answering over
multimodal documents (Ke et al., 2025). Industry
adoption has accelerated accordingly. IDP (Intelli-
gent Document Processing) adoption in financial
services grew from 18% in 2020 to 45% in 2023
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and a projected 72% by 2025, with similar trajecto-
ries across insurance, healthcare, and government
sectors (Kapula, 2025). Organizations deploying
IDP report processing time reductions exceeding
65%, data entry error reductions of up to 90%, and
70% less manual review effort enabled by NLP and
human-in-the-loop designs (Kapula, 2025).

Despite these advances, bridging the gap from
prototype to production remains challenging, as
systems effective on small document sets often fail
at enterprise scale due to inadequate error handling,
cost inefficiencies, and unmet security require-
ments. We introduce the IDP Accelerator (Strahan
et al., 2025), an open-source framework2 that en-
ables Agentic AI for production-grade document in-
telligence, providing the research community with
a robust platform for agentic document research
and reproducible experimentation. Rather than
a one-size-fits-all solution, the system provides a
modular, customizable platform with four key ca-
pabilities: 1. DocSplit: Segments multi-document
packets into constituent documents using BIO tag-
ging (Ramshaw and Marcus, 1995). 2. Entity Ex-
traction Module: Leverages multimodal LLMs to
extract structured fields via customizable attribute
definitions. 3. Agentic Analytics Module: En-
ables natural language querying over processed
documents via RAG and MCP integration. 4. Rule
Validation Module: Applies LLM-driven logic to
complex compliance checks beyond deterministic
rule engines. Additional capabilities are detailed
in the Appendix. We demonstrate efficacy through
real-world deployments across healthcare, finance,
marketing, and technology sectors.

2 Real-world Impact

The IDP Accelerator is deployed at scale across
healthcare, marketing, finance, and legal industries.
A leading genetic testing and precision medicine
provider previously processed thousands of medi-
cal documents daily using Amazon Comprehend,
achieving 94% classification accuracy at high cost
and latency. With the IDP Accelerator and Ama-
zon Nova models, they achieved 98% accuracy
while reducing costs by 77% and latency by 80%,
saving 300 hours monthly across 9, 000 prior au-
thorizations and projecting $132K in annual sav-
ings (Roy et al., 2025). The healthcare success
story reflects a broader pattern of impact across
diverse sectors. In marketing intelligence, a com-
petitive intelligence firm faced the challenge of

processing about 45, 000 campaigns daily while
maintaining a searchable archive of 45 million cam-
paigns spanning 15 years. Using our IDP Acceler-
ator, they achieved 85% classification and extrac-
tion accuracy, removed critical operational bottle-
necks and reached production deployment in just
8 weeks (Strahan et al., 2025). For enterprise doc-
ument management, a global technology services
company implemented the system to serve their
healthcare clients, processing over 10, 000 docu-
ments monthly with potential to scale to 70, 000.
Their deployment yields savings of over 1, 900
person-hours annually while automating grievance
and appeals classification, demonstrating how the
system’s modular architecture adapts to specialized
industry requirements (Strahan et al., 2025). At
continental scale, North America’s largest commu-
nity management company used the IDP Acceler-
ator to organize 48 million documents across 26
terabytes spanning 300+ branch offices. The sys-
tem now automatically classifies homeowner asso-
ciation documents including bylaws, contracts and
meeting minutes, achieving 95% accuracy across
nine document types while reducing processing
time from hours to seconds (Meredith et al., 2026).

These deployments demonstrate the IDP Accel-
erator’s versatility and production readiness across
varying scales and industry requirements. Be-
yond classification and extraction, the Analytics
Agent further extends this impact by enabling
non-technical users to query processed documents
through natural language. From healthcare compli-
ance to marketing analytics to community manage-
ment, the IDP Accelerator provides a foundation
for organizations to unlock the strategic value em-
bedded in their document workflows.

3 Related Systems

Large language models have been widely used in
document processing (Ke et al., 2025; Wang et al.,
2025). Proprietary software systems (e.g., Azure
Document Intelligence (Microsoft), Google Doc-
ument AI (Google Cloud)) provide pre-built solu-
tions with limited information about implementa-
tion details and offer limited customization. IDP
Accelerator is an open-source solution with a mod-
ular architecture that enables researchers and prac-
titioners to extend, customize, and reproduce the
system for their specific requirements.

Agentic AI improves the agility of workflow
automation and introduces versatile toolkits to ex-
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Figure 1: IDP Accelerator system architecture showing the serverless orchestration layer, modular processing
patterns, and human-in-the-loop integration points.

ecute a range of IDP tasks (Vignesh et al., 2025;
B.Bhuvaneswaran et al., 2025) while enhancing
document understanding in long context (Sun et al.,
2025). Building on this paradigm, IDP Acceler-
ator dynamically classifies, splits, extracts, and
validates document content, combining an agen-
tic analytics module with LLM-driven components
for classification, extraction, and compliance vali-
dation, reducing reliance on pre-defined templates
or instructions. It also provides enterprise-grade
infrastructure with high scalability, allowing users
to focus on business logic.

Scientific experimentation toolkits such as Hug-
ging Face (Wolf et al., 2020), spaCy (Honnibal
et al., 2020), and scikit-learn (Pedregosa et al.,
2011) enables research community to experiment
with machine learning and LLMs. IDP Acceler-
ator advances this mission by providing a Com-
mand Line Interface (CLI) and Test Studio with
built-in human-in-the-loop capabilities, enabling
researchers to conduct large-scale IDP experiments
that accelerate research and experimentation in doc-
ument processing.

4 System Architecture

IDP Accelerator is built on a cloud-native, server-
less architecture designed for scalability, cost effi-
ciency, and operational simplicity. Figure 1 illus-

trates the high-level system architecture.
Serverless Orchestration: The system lever-

ages AWS Step Functions as the central orches-
tration engine, coordinating document processing
workflows as state machines. Individual processing
tasks execute as AWS Lambda functions, provid-
ing automatic scaling and pay-per-invocation pric-
ing. Asynchronous communication between com-
ponents is mediated through Amazon SQS queues,
enabling decoupled processing stages that can in-
dependently scale based on workload. Process-
ing state and extracted data persist in Amazon Dy-
namoDB, ensuring durability and enabling work-
flow resumption after failures. Amazon Cloud-
Watch provides comprehensive monitoring with
detailed metrics and logs for operational visibility.

Modular Processing Patterns: IDP Accelerator
implements a pattern-based architecture where doc-
ument processing workflows are composed from
reusable, pre-built processing patterns. The system
provides a few core patterns that address different
document processing requirements. For example,
the Bedrock Data Automation (BDA) pattern lever-
ages Amazon BDA for end-to-end packet and me-
dia processing. BDA provides native multimodal
understanding, enabling direct processing of com-
plex document formats without intermediate OCR
steps. On the other hand, the OCR + Bedrock
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pattern combines OCR with Amazon Bedrock’s
large language models for extraction. OCR han-
dles text extraction and structural analysis (tables,
forms, key-value pairs), while LLMs perform se-
mantic extraction and field mapping. This pattern
excels for text-heavy documents requiring precise
character-level extraction. Each pattern can be in-
dependently configured and combined to address
diverse requirements. Organizations can select ex-
isting patterns or extend the system with custom
patterns implemented as Lambda functions.

Human in the Loop (HITL): The architec-
ture incorporates a built-in human review system
integrated directly into the Web UI. When doc-
ument processing confidence falls below config-
urable thresholds with human review enabled, the
system routes documents to the review portal. The
system supports role-based access control with Ad-
min and Reviewer personas, enabling organizations
to leverage internal domain experts for validation
tasks. Review outcomes feed back into the pro-
cessing pipeline, both completing the immediate
workflow and contributing to continuous improve-
ment through correction history and quality metric
updates.

Web Interface and API Layer: The solution
includes a web interface delivered through Cloud-
Front. Amazon Cognito provides secure authen-
tication with role-based access control, while an
AppSync GraphQL API connects the UI to back-
end services with real-time data subscriptions. The
interface supports document upload, status track-
ing, results visualization, and configuration man-
agement. Lambda resolvers handle complex op-
erations including document status lookups and
evaluation result retrieval.

Monitoring and Observability: The solution
creates integrated CloudWatch dashboards and
alerts combining metrics from both core infrastruc-
ture and pattern-specific resources. Dashboards
track queue performance, workflow statistics, er-
ror rates, and resource utilization. Pattern-specific
metrics include OCR performance, classification
accuracy, and extraction statistics. Centralized log-
ging with correlation IDs enables tracing individual
document processing steps.

Resilience and Security: The architecture im-
plements comprehensive error handling with retry
strategies in Step Functions state machines. Dead
letter queues capture failed messages for manual
intervention, while DynamoDB state tracking en-

ables workflow resumption after transient failures.
Concurrency management prevents overwhelming
downstream services while maximizing through-
put. Security follows defense principles with S3
encryption using customer-managed KMS keys,
least-privilege IAM roles for all Lambda functions,
and optional VPC endpoints for private connectiv-
ity. Cognito enforces strong password policies with
optional multi-factor authentication. All API calls
are logged to CloudTrail for audit purposes, and
the architecture supports deployment in isolated
VPCs for highly regulated environments.

5 Key System Capabilities

The IDP Accelerator provides a comprehensive
suite of capabilities for enterprise document pro-
cessing. We highlight the core features below, with
emphasis on the NLP and multimodal understand-
ing components that enable robust document intel-
ligence.4

Multimodal Document Understanding: IDP
Accelerator employs multimodal language mod-
els to jointly reason over textual content and vi-
sual layout features. The system processes docu-
ments as images through Amazon Bedrock-hosted
or open-source models to capture spatial relation-
ships, formatting cues, and visual elements that
convey semantic information beyond raw text. This
multimodal representation enables accurate pro-
cessing of forms, tables, and multi-column lay-
outs where traditional OCR pipelines lose struc-
tural context. For document classification, the sys-
tem performs page-level analysis to identify docu-
ment types and boundaries within multi-document
packets, enabling automatic segmentation of com-
posite files containing heterogeneous documents.
Classification schemas support both predefined tax-
onomies and custom natural language definitions,
allowing domain adaptation without model retrain-
ing. The extraction module generates structured
JSON output conforming to user-defined schemas,
with each field localized through bounding box co-
ordinates, and supports few-shot learning for rapid
customization through example-based prompting
without fine-tuning. To rigorously evaluate the
document splitting capability, we developed Doc-
Split, a comprehensive benchmark dataset along-
side novel evaluation metrics for document packet
recognition and splitting tasks (Islam et al., 2026b).

4Detailed documentation is available at https://github.
com/aws-samples/sample-genai-idp/tree/main/docs
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Confidence Estimation: The system employs
a multi-layered confidence scoring mechanism
across three processing stages. At the OCR layer,
AWS Textract generates per-line confidence scores
(0–100%) based on document resolution, font char-
acteristics, and handwritten versus printed con-
tent. After the extraction phase, an LLM analyzes
each extracted attribute against both OCR-derived
text and document imagery, producing granular
confidence scores (0.0–1.0) with justifications and
spatial localization via bounding box coordinates.
When attribute-level confidence falls below a con-
figurable threshold (default: 0.8), the system trig-
gers alerts that may initiate a human-in-the-loop
review workflow, ensuring quality assurance for
low-confidence extractions.

Automated Evaluation Framework: The sys-
tem provides an evaluation pipeline for document
splitting and field extraction, powered by Stick-
ler5, our open-source library for structured object
comparison. For extraction, Stickler provides ex-
tensible attribute-level comparators supporting ex-
act and fuzzy string matching, threshold-based nu-
meric comparison, and bounding box IoU evalu-
ation for spatial elements. We designed Stickler
with field-level weighting for prioritizing business-
critical attributes and Hungarian algorithm-based
list matching for accurate comparison of table rows
and repeated structures. Results aggregate across
document collections as both micro-averaged (field-
level) and macro-averaged (document-level) statis-
tics, enabling systematic comparison of model con-
figurations and prompting strategies. For document
splitting, the framework evaluates page-level clas-
sification accuracy, ordered splitting accuracy with
exact page sequence preservation, and unordered
splitting accuracy based on section grouping cor-
rectness.

Agentic Analytics: Beyond extraction, IDP Ac-
celerator provides agentic analytics capabilities that
enable natural language querying over processed
document repositories. Users can pose questions
about their document collections through a Doc-
ument Knowledge Base Query interface, which
leverages retrieval-augmented generation (RAG)
to synthesize answers from relevant extracted con-
tent. The RAG pipeline indexes extracted fields
and document text, enabling semantic search across
document collections followed by LLM-powered
answer synthesis. The system integrates with the

5https://github.com/awslabs/stickler

Model Context Protocol (MCP), enabling external
applications such as Amazon Quick Suite to ac-
cess IDP data and analytics through AWS Bedrock
AgentCore Gateway. This extensibility allows orga-
nizations to incorporate document intelligence into
broader enterprise workflows, business intelligence
dashboards, and decision-support systems.

Rule Validation: The IDP Accelerator auto-
mates compliance verification by validating docu-
ments against configurable business rules, such as
policy requirements, threshold limits, or eligibility
criteria. The validation operates in two steps: first,
the system curates facts for each rule from indi-
vidual document sections; second, it consolidates
section-level findings and evaluates whether the
facts satisfy the rule conditions, generating a deter-
mination, supporting evidence, recommendations,
and explanatory reasoning. This separation of fact
extraction from rule evaluation improves precision
and enables comprehensive analysis across very
large documents. The domain-agnostic design re-
duces validation time from hours to seconds while
ensuring consistent rule application.

Test Studio: IDP Accelerator includes a web-
based Test Studio that provides an interactive en-
vironment for developing, testing, and validating
document processing configurations. The interface
offers real-time visualization of processing results,
enabling rapid iteration on classification rules and
extraction prompts. Users can upload sample doc-
uments, execute processing pipelines, and inspect
intermediate outputs including OCR results, classi-
fication decisions, and extracted fields.

6 Experimental Evaluation

We evaluate the IDP Accelerator’s extraction ca-
pabilities using the RealKIE-FCC-Verified bench-
mark dataset (Amazon, 2026), which contains 75
FCC invoice documents. All experiments are con-
ducted using the Test Studio in the IDP accelerator.
We compare three Claude 4.5 model variants (Son-
net, Opus, Haiku) and two open-source models
(Qwen3-VL, Gemma-3) across three input modal-
ity configurations (OCR, Image, OCR+Image). Ta-
ble 1 reports extraction score, latency, cost, and
failure count for each configuration.

Sonnet 4.5 achieves the highest extraction score
of 0.7991 using both OCR and image modalities,
followed closely by Qwen3-VL at 0.7805 and Opus
4.5 at 0.7804 under the same multimodal setting.
Haiku 4.5 matches Sonnet 4.5’s OCR-only score
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Table 1: Model performance comparison on the RealKIE-FCC-Verified benchmark across two input modalities.
Claude Sonnet 4.5 achieves the highest extraction score with OCR+Image, while OCR-based input consistently
outperforms image-only across all models, and open-source models (Qwen3-VL, Gemma-3) offer competitive OCR
accuracy at substantially lower cost but exhibit high failure rates and latency degradation with image-only input.

Model Modalities Extraction
Score Latency Cost FailedOCR Image

Claude
Sonnet 4.5

✓ ✗ 0.7914 2m 4s $5.56 0
✗ ✓ 0.7295 1m 47s $5.49 0
✓ ✓ 0.7991 1m 53s $7.18 0

Claude
Opus 4.5

✓ ✗ 0.7782 2m 20s $7.28 0
✗ ✓ 0.7860 2m 17s $7.71 0
✓ ✓ 0.7804 2m 3s $10.26 0

Claude
Haiku 4.5

✓ ✗ 0.7554 1m 31s $2.83 1
✗ ✓ 0.6680 1m 33s $2.82 0
✓ ✓ 0.7782 1m 37s $3.39 1

Qwen3-VL
✓ ✗ 0.7650 2m 41s $2.08 0
✗ ✓ 0.7450 200m 8s $1.71 4
✓ ✓ 0.7805 3m 1s $1.90 4

Gemma-3
✓ ✗ 0.7636 3m 14s $1.64 0
✗ ✓ 0.5359 200m 17s $1.36 5
✓ ✓ 0.7694 2m 47s $1.35 4

when combining both modalities (0.7782), demon-
strating that multimodal input can help smaller
models close the gap with larger variants.

Across all models, OCR-based input consistently
outperforms image modality, with the gap being
most pronounced for smaller models: Haiku 4.5
scores 0.7554 with OCR versus 0.6680 with image-
only, and Gemma-3 drops sharply from 0.7636 to
0.5359. Combining OCR and image modalities
yields marginal improvements over OCR-only in
most cases, suggesting that OCR provides the dom-
inant signal for text-heavy invoice extraction while
visual features offer complementary information.

Model selection involves meaningful trade-offs
among accuracy, cost6, and reliability. Claude Son-
net 4.5 delivers the highest accuracy but at higher
cost ($7.18 for OCR+Image), while Haiku 4.5 of-
fers a compelling balance at $3.39 with competitive
scores. Qwen3-VL and Gemma-3 achieve com-
petitive OCR scores (0.7650 and 0.7636, respec-
tively) at substantially lower cost ($2.08 and $1.64),
making them viable for cost-sensitive applications
where moderate accuracy is acceptable. However,
both models exhibit high failure rates when process-
ing image inputs directly, with Gemma-3 failing on
5 of 75 documents in image-only mode and high
latency degradation exceeding 200 minutes. These
failures and latency are primarily attributed to in-
valid output structure, where model responses did
not conform to the required JSON schema.

OCR-based extraction remains the most reliable
6Costs reflect Feb 2026 pricing and are subject to change.

configuration overall, with zero failures across all
Claude variants and open-source models. These
results underscore the importance of structured out-
put enforcement and highlight that the choice of
model and modality should be guided by the spe-
cific accuracy, latency, cost, and reliability require-
ments of the target deployment.

7 Conclusion

We presented IDP Accelerator, an open-source
framework for production-grade intelligent doc-
ument processing. The system introduces four core
components: DocSplit for multimodal document
segmentation, a configurable extraction module
that leverages multimodal LLMs with customiz-
able prompting strategies and few-shot learning for
structured information extraction, an agentic ana-
lytics module with RAG and MCP integration, and
an LLM-driven rule validation module for com-
pliance verification. Experimental evaluation on
the RealKIE-FCC-Verified benchmark using Test
Studio demonstrates extraction performance across
multiple foundation models and modality config-
urations, revealing meaningful trade-offs among
accuracy, latency, and cost. Real-world deploy-
ments across healthcare, finance, marketing, and
community management validate the framework’s
production readiness. As an open-source project,
IDP Accelerator provides the research community
and practitioners with a modular, extensible plat-
form for advancing document intelligence and con-
ducting reproducible experimentation.
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8 Broader Impact

The IDP Accelerator addresses a fundamental bot-
tleneck in the global information economy: the
inability to efficiently extract structured knowl-
edge from the estimated 80% to 90% of enterprise
data that remains unstructured (Harbert, 2021). By
open-sourcing the complete framework, we aim to
catalyze progress across industry, academia, and
the public sector.

Research Community Impact: By releasing
the full codebase, CLI tooling, Test Studio, and
automated evaluation framework, we provide the
research community with infrastructure that has
been absent from prior work. Proprietary platforms
offer limited customization and no access to imple-
mentation details, hindering reproducibility. IDP
Accelerator enables researchers to (1) benchmark
extraction, classification, and compliance valida-
tion methods under controlled, reproducible condi-
tions using standardized metrics; (2) conduct large-
scale experiments across model families, modali-
ties, and extraction paradigms as demonstrated in
our evaluation of six models across 24 configura-
tions; and (3) extend the modular architecture with
novel components without rebuilding production
infrastructure. The human-in-the-loop capabilities
and few-shot learning support further lower barri-
ers to experimentation with limited labeled data,
a persistent challenge in document understanding
research.

Industry and Societal Impact: Intelligent Doc-
ument Processing adoption has grown rapidly
across regulated industries, from 18% to a pro-
jected 72% in financial services between 2020 and
2025, with parallel trajectories in healthcare, in-
surance, and government (Kapula, 2025). Orga-
nizations deploying IDP systems report process-
ing time reductions exceeding 65%, data entry er-
ror reductions of up to 90%, and 70% less man-
ual review effort (Kapula, 2025). Our production
deployments substantiate these trends: a leading
healthcare provider achieved 98% classification ac-
curacy with 77% cost reduction and 80% latency
improvement, saving 300 hours monthly in prior
authorization processing alone (Roy et al., 2025).
At continental scale, the system classified 48 mil-
lion documents across 26 terabytes for a commu-
nity management organization, reducing process-
ing time from hours to seconds (Meredith et al.,
2026). These efficiency gains carry direct societal
benefits, particularly in healthcare, where faster

document processing accelerates patient care de-
cisions, and in finance, where reduced processing
latency improves loan approval timelines and com-
pliance verification.

Limitations and Risks We acknowledge poten-
tial risks including automation bias, where users
may over-rely on high-confidence extractions with-
out adequate verification, and equitable access con-
cerns, as cloud-based deployment requires infras-
tructure that may not be uniformly available. The
framework’s content guardrails and configurable
confidence thresholds provide partial mitigation,
but responsible deployment requires organizational
governance aligned with domain-specific regula-
tory requirements.

9 Ethics Statement

The IDP Accelerator is designed and released with
careful consideration of ethical responsibilities in-
herent in deploying LLM-driven systems for docu-
ment intelligence across sensitive domains.

Privacy and Data Protection: Enterprise doc-
ument processing inherently involves sensitive in-
formation, including personally identifiable infor-
mation (PII) and protected data in domains such as
healthcare and financial services. Responsible de-
ployment of such systems demands robust data pro-
tection measures. The IDP Accelerator implements
defense-in-depth security including S3 encryption
with customer-managed KMS keys, least-privilege
IAM roles, optional VPC endpoints for private con-
nectivity, and Cognito-enforced authentication with
multi-factor support. All API calls are logged to
CloudTrail for audit purposes, and the architecture
supports deployment in isolated VPCs for highly
regulated environments. Organizations retain full
control over their data through the open-source,
self-hosted deployment model, ensuring that doc-
uments are processed within the customer’s own
AWS environment without transmission to third
parties.

Bias and Fairness: LLM-based extraction and
classification systems may exhibit biases inherited
from foundation model training data, potentially
leading to differential accuracy across document
types, languages, or demographic groups. We mit-
igate this risk through the automated evaluation
framework, which computes precision, recall, and
F1 scores at both field-level and document-level
granularity across document categories, enabling
organizations to systematically identify and quan-
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tify performance disparities before production de-
ployment. The framework supports any foundation
model available through Amazon Bedrock, includ-
ing proprietary models from multiple providers,
and as the asset is open-source, organizations can
further incorporate other providers’ models, open-
source models, or domain-specific fine-tuned mod-
els, allowing practitioners to select and compare
models to minimize bias for their specific use cases.

Human Oversight and Accountability: We
explicitly design the system to augment rather than
replace human judgment. The confidence scor-
ing mechanism routes uncertain extractions to hu-
man reviewers, and the built-in human-in-the-loop
verification workflow ensures that domain experts
maintain oversight over automated decisions. This
is particularly critical for the Rule Validation Mod-
ule, where compliance determinations carry legal
and regulatory consequences. The system pro-
vides supporting evidence, explanatory reasoning,
and pass/fail/information-not-found status for each
rule, ensuring transparency and auditability of au-
tomated compliance checks.

Intended Use and Misuse Prevention: The
IDP Accelerator is intended for legitimate enter-
prise document processing tasks including clas-
sification, extraction, summarization, and compli-
ance validation. The framework integrates Amazon
Bedrock Guardrails to define content boundaries
for model outputs, reducing the risk of generating
inappropriate or harmful content. We acknowledge
that, as with any document processing system, out-
puts should not be treated as ground truth without
appropriate verification, particularly in high-stakes
domains such as healthcare and legal compliance.

Reproducibility and Transparency: By releas-
ing the complete codebase as open-source software,
we enable full transparency of system behavior and
support independent auditing of processing logic.
The Test Studio and CLI tooling facilitate repro-
ducible evaluation, allowing researchers and practi-
tioners to verify claims and assess system behavior
on their own data.
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A Lesson Learned

Through deployments across various industries, we
identified insights that shaped the IDP Accelera-
tor’s evolution from prototype to production-ready
framework.

Document quality impacts processing strat-
egy: Early deployments revealed that documents
with embedded text require minimal processing,
while scanned documents demand careful OCR
strategy decisions. This led to advanced configu-
rations for OCR with Amazon Textract and VLMs
along with adjustments in image resolution.

Page splitting addresses multi-document
packet scenarios: While simple documents can
be handled with holistic document classification,
many real-world IDP use cases involve large files
containing multiple documents within a single
packet. The IDP Accelerator provides flexible con-
figurations: page-level splitting, holistic classifica-
tion, and configurable section splitting strategies
to enable different approaches based on document
complexity and use case requirement.

Evaluation frameworks are critical for suc-
cess: IDP developers consistently struggle with it-
eration velocity when trying to improve document
classification and extraction quality. This insight
drove investment in the IDP Accelerator’s Test
Studio automated evaluation capabilities, enabling
rapid accuracy assessment across document types
and attributes at scale. The evaluation framework
evolved to include semantic evaluation approaches
that handle LLM output variability more effectively
than solely traditional exact-match methods.

Feature requirements emerge from opera-
tional realities: Real world deployments revealed
critical gaps such as: extending assessment features
(e.g., bounding box information) for human verifi-
cation workflows, discovery capabilities for under-
standing document composition, multi-queue archi-
tectures for balancing near real-time and batch pro-
cessing priorities, and comprehensive monitoring
across performance, cost, and quality dimensions.
Each addition reflected lessons from transitioning
solutions from proof of concept to production.

IDP systems transform rather than eliminate
human roles: Successful deployments of the IDP
Accelerator shift effort from manual data entry to
quality analysis and exception handling, requiring
architectural support for human-in-the-loop work-
flows, confidence scoring visibility, and feedback
loops that enable continuous improvement from

human corrections.
These lessons underscore that production-ready

IDP requires iterative refinement driven by diverse
requirements. These requirements shaped the Ac-
celerator’s extensible architecture and comprehen-
sive feature set.

B Extended System Capabilities

Production deployments revealed additional re-
quirements that shaped the following extended ca-
pabilities supporting diverse enterprise workflows.

IDP-CLI (Command Line Interface): The
command-line interface provides programmatic
batch processing capabilities for high-throughput
document workflows. The CLI supports manifest-
based processing where users specify document
sources and evaluation baselines in CSV or JSON
format, enabling automated testing and continuous
integration pipelines.

Document Schema Discovery: The discovery
module employs LLMs to automatically analyze
document samples and infer structural schemas, in-
cluding field types, organizational hierarchies, and
extraction attribute definitions. This capability ac-
celerates onboarding of new document types by
generating initial processing blueprints from rep-
resentative examples, reducing the manual effort
required to define document classes and extraction
schemas. For organizations with existing labeled
data, the system offers ground-truth-guided discov-
ery that refines schema definitions based on known
field values and relationships.

Document Splitting Benchmark and Dataset:
We integrate the DocSplit dataset (Islam et al.,
2026a) containing 500 synthesized multi-document
packets with 13 document types across 7,330 pages,
with ground-truth annotations for page-level clas-
sifications and boundaries. The benchmark mea-
sures three accuracy dimensions: page-level clas-
sification correctness, section grouping accuracy
(unordered), and strict accuracy with exact page
sequence preservation, enabling systematic evalua-
tion of document boundary detection and classifi-
cation models across heterogeneous collections.

Chat with Document: The system includes
conversational document understanding through
a retrieval-augmented generation interface that en-
ables natural language queries about individual doc-
uments. Users can interactively explore document
content by asking questions such as "What is the
invoice total?" or "Who signed this contract?", with
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responses generated from the document’s extracted
text and metadata. This capability leverages prompt
caching to maintain document context across mul-
tiple queries within a session.

Document Summarization: The summariza-
tion module generates concise document overviews
using configurable Bedrock models, with support
for both extractive and abstractive approaches.
Summaries can be customized through prompt en-
gineering to emphasize specific aspects such as
key financial figures, action items, or compliance-
relevant information. Generated summaries are
accessible through the Web UI alongside extracted
structured data, providing human reviewers with
quick document context without reading full con-
tent.

Document Knowledge Base: The system in-
tegrates with Amazon Bedrock Knowledge Base
to provide semantic search capabilities across pro-
cessed document collections. Documents are auto-
matically indexed using vector embeddings, en-
abling retrieval based on conceptual similarity
rather than keyword matching. This supports
question-answering and related document discov-
ery with source citations.

Bedrock Guardrails: Amazon Bedrock
Guardrails integration enables organizations to en-
force content safety policies and prevent model
misuse across all LLM interactions. Guardrails can
filter harmful content, block personally identifiable
information, restrict discussion of specific topics,
and apply custom content policies aligned with or-
ganizational compliance requirements. These con-
trols apply uniformly to extraction, classification,
summarization, and knowledge base operations,
providing centralized governance over model be-
havior.

Post-Processing Hooks: The architecture sup-
ports event-driven integration with downstream sys-
tems through EventBridge-triggered Lambda func-
tions. Upon successful document processing, the
system publishes completion events containing ex-
traction results, confidence scores, and output lo-
cations, enabling custom workflows such as ERP
integration, approval routing, or notification dis-
patch. This extensibility mechanism allows organi-
zations to incorporate IDP Accelerator into existing
business processes without modifying core system
components.

Model Context Protocol Integration: The sys-
tem exposes IDP analytics capabilities to external

applications through MCP-compliant interfaces, en-
abling tools like Amazon Quick Suite to access
processed document data. External applications
authenticate via OAuth through AWS Cognito and
connect to an AgentCore Gateway that routes nat-
ural language queries to the IDP analytics engine.
This standardized integration approach facilitates
incorporation of document intelligence into broader
enterprise toolchains.

Few-Shot Learning and Prompt Engineering:
A distinguishing capability of IDP Accelerator is
its support for in-context learning through few-shot
example prompting. Users can improve extraction
and classification accuracy by providing represen-
tative document examples, which the system in-
corporates into prompts without requiring model
fine-tuning. This approach enables rapid adaptation
to new document types: domain experts provide a
small number of annotated examples, and the sys-
tem generalizes to similar documents through ana-
logical reasoning. The platform includes prompt
template management, allowing organizations to
version, test, and compare prompt variations sys-
tematically. This few-shot learning capability sig-
nificantly reduces the barrier to deploying docu-
ment processing workflows for novel document
types, as it eliminates the need for large labeled
datasets or specialized ML expertise.

Open Source License and Extensibility: IDP
Accelerator is released as open-source software un-
der the MIT license, with the complete codebase
available on GitHub. The system is designed for ex-
tensibility at multiple levels: organizations can add
custom processing patterns implemented as AWS
Lambda functions, define new document schemas
through configuration, and integrate additional
LLM providers through the modular architecture.
Deployment is automated through Infrastructure-
as-Code templates supporting both AWS CDK
and Terraform, enabling reproducible deployments
across development, staging, and production envi-
ronments. This open-source approach facilitates
community contributions, enables academic repro-
ducibility, and allows organizations to customize
the system for their specific requirements.
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