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Abstract

Extracting structured information from visu-
ally rich documents at enterprise scale de-
mands both the reasoning capability of large
language models and the efficiency of deter-
ministic execution. Current approaches either
deploy LLMs as instance-level analysts, incur-
ring per-document inference costs that are pro-
hibitive for repetitive templates, or rely on man-
ually authored vendor-specific prompts that do
not scale beyond a handful of high-volume
vendors. We present CACHE-ED?2, a frame-
work that repositions the LLM as a system-
level developer: given a novel document for-
mat, a multimodal ReAct-based agent synthe-
sizes a reusable Document Extraction DSL (Do-
cExDSL) program encoding the complete ex-
traction logic (strategies, disambiguation, trans-
forms, and automated reasoning validation),
then caches it for deterministic, LLM-free exe-
cution on all subsequent documents of the same
format. A contrastive Document Format En-
coder routes incoming documents to cached
programs with perfect hit rates, and a HITL
Feedback Analysis Agent incorporates analyst
corrections to refine programs over time. On
public benchmarks (CORD v2, FATURA) and
production streams spanning seven business
verticals (580,000+ documents, 11,500+ ven-
dors), CACHE-ED2 achieves near-perfect ex-
traction accuracy (~0.99) with a 1.0 extrac-
tion rate on document-present fields and per-
fect format matching across 50+ benchmark
templates, matching or exceeding manually au-
thored vendor-specific prompts, while reducing
cumulative token consumption by ~2.6x over
first 1,000 documents.

1 Introduction

Large Language Models (LLMs) have evolved into
trillion-parameter reasoning engines with zero-shot
generalization, multi-step deduction, and agentic

task orchestration capabilities (Wang et al., 2025).

In document information extraction (IE), the task of

converting unstructured documents into structured,
schema-conforming data, LLMs are predominantly
deployed as instance-level analysts: each document
is individually queried for field values, incurring
3-5 seconds latency and $4-5 per page at inference
(Bhoi, 2026). With over 80% of enterprise data in
unstructured formats (Kurowski et al., 2025), this
per-instance paradigm is economically untenable
at production scale.

Two problems motivate this work. First, doc-
ument templates follow a skewed vendor-volume
distribution: few high-volume vendors dominate
while thousands of tail-end vendors each contribute
sparse instances. Manual SOPs scale for head ven-
dors but are infeasible for the tail, and invoking
an LLM per document across millions of monthly
instances is a massive resource misallocation. Sec-
ond, production extraction is not straightforward
reading; analysts follow business-specific SOPs re-
quiring derivation of information absent from the
document. A due date may be computed as in-
voice date plus agreed payment terms; an “account
number” may refer not to a bank account but to
an internal business identifier for vendor resolu-
tion. Such domain-specific reasoning (deriving,
disambiguating, and overriding based on business
context) demands LLM inferential capacity and
Human-in-the-Loop (HITL) learning that smaller
models cannot provide.

We propose repositioning the LLM from
instance-level analyst to system-level developer
that synthesizes deterministic extraction code in
a Document Extraction DSL (DocExDSL). Given
a novel template, the LLM reasons once over the
document’s visual and semantic structure, incor-
porates HITL-provided SOPs, and generates an
executable DocEXDSL program. After validation
through automated reasoning constraints, the pro-
gram is cached against the template identifier; all
subsequent matching instances are processed by
the deterministic execution engine, completely by-
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passing the LLM, reducing cost and latency to
compiled-code execution amortized across the en-
tire document volume per template.

Template-based caching was introduced in
CACHE-ED (Bhoi and S, 2025), demonstrating
8% extraction improvement over industry baselines
and 50% cost reduction. However, three critical
limitations emerged in production: fragile graph
matching causing frequent cache misses under mi-
nor scan perturbations, a text-only representation
without visual context that cemented OCR errors,
and a single-pass agent unable to self-verify, requir-
ing multiple instances to converge.

We present CACHE-ED?2, resolving these limi-
tations through four contributions:

1. DocExDSL: A Document Extraction DSL
(83.1). The first imperative, executable DSL
for document IE, encoding extraction strate-
gies, derived field computation, and auto-
mated reasoning validation as a determinis-
tic code artifact that executes at sub-second
latency without model inference.

2. Contrastive Document Format Encoder
(83.3). A learned encoder replacing frag-
ile Template Representation graph matching
with format-level embeddings, achieving per-
fect cache hit rate, a 2.1 x improvement over
CACHE-ED, and eliminating the primary fail-
ure mode of template-based caching.

3. Multimodal ReAct-based DocExDSL Gen-
eration Agent (§3.5). A code generation
agent that synthesizes DocExDSL programs
through iterative self-debugging: generating,
executing via the deterministic engine, and
verifying against its visual reading of the full
document image. This execution-in-the-loop
design achieves near-perfect extraction from
the first encounter with a new format, eliminat-
ing CACHE-ED’s multi-instance convergence
requirement.

4, HITL Feedback Analysis Agent (§3.6). A
critic agent translating analyst corrections into
program-level changes rather than instance-
level overrides, enabling continuous Do-
cExDSL refinement while filtering transient
human errors from systematic SOP updates.

2 Related Work

Document IE has evolved from grid-based and
GNN methods through Document Transformers

(DocTr (Liao et al., 2023)) and Vision-Language
Models (LayoutLMv3 (Huang et al., 2022), Donut
(Kim et al., 2022), FormNet (Lee et al., 2022))
to frontier LLMs (Wang et al., 2025). Special-
ized models offer computational efficiency but
lack cross-page reasoning, while frontier LLMs
close this gap at significantly higher inference cost
(Huang et al., 2025; Stahlberg et al., 2025).

To inject domain knowledge, vendor-specific
prompting provides visual SOPs indicating where
and how to extract each field (Yang et al., 2023),
but requires manual creation per vendor and is un-
scalable for tail-end distributions. Automated al-
ternatives, including in-context learning (Brown
et al., 2020), meta-prompting (Suzgun and Kalai,
2024), retrieval-augmented generation (Lewis et al.,
2020; Gao et al., 2024), and declarative pipeline op-
timizers like DSPy (Khattab et al., 2024), improve
per-call quality but share a fundamental limitation:
every method still invokes the LLM for each doc-
ument instance, producing no reusable extraction
artifact for recurring templates.

Within document IE, Markdown has emerged
as a quasi-standard intermediary (Microsoft, 2025;
Li et al., 2025), but it is declarative: it lacks loop-
ing, conditionals, and executable traversal logic.
We bridge this gap with an imperative, executable
DSL for document IE, where the LLM synthe-
sizes deterministic extraction programs rather than
merely formatting content. Synthesizing extrac-
tion programs in a DSL originates in programming-
by-example systems such as FlashExtract (Le and
Gulwani, 2014), which learn text-extraction pro-
grams from user-highlighted examples; we extend
this lineage to visually rich documents with zero-
example, LLM-driven synthesis and production
HITL repair. Template-level regularity has also
been exploited for structure recovery: TWIX (Lin
et al., 2025) infers the visual template underlying
templatized documents to reconstruct their records
at high accuracy and low cost, and is complemen-
tary to our approach, which synthesizes schema-
driven extraction programs over exactly such recov-
ered structure. Agentic frameworks for document
understanding, including CACHE-ED (Bhoi and
S, 2025), have demonstrated the value of multi-
agent orchestration with actor-critic mechanisms
and HITL feedback for production-scale extraction
(Sapkota et al., 2025).
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Figure 1: CACHE-ED2 Framework. On a cache

, the stored DocExDSL program Py is executed deterministi-

cally by R without LLM involvement. On a miss, Agen synthesizes a new program via ReAct reasoning using R as
a tool. Analyst corrections trigger Ay, which recommends program changes fed back to A,,. Validated programs

are cached in M for deterministic reuse.

3 Approach

CACHE-ED2 comprises six components: a
purpose-built extraction language (DocExDSL,
§3.1), a deterministic Execution Engine R (§3.2),
a Document Format Encoder F (§3.3), a persistent
DocExDSL Store M (§3.4), and two agents: a Do-
cExDSL Generation Agent Agep (§3.5) for program
synthesis, and a HITL Feedback Analysis Agent
Anig (§3.6) for incorporating human corrections.
The complete pipeline is formalized in Algorithm 1
and illustrated in Figure 1.

3.1 DocExDSL: Document Extraction DSL

DocExDSL makes extraction a code artifact: a
human-readable, machine-executable program cap-
turing how extraction is performed, including de-
rived information, anchor-based spatial search, dis-
ambiguation, and automated verification. Imple-
mented as a Python-embedded language with Py-
dantic models and fluent method chaining, it lever-
ages the innate Python proficiency of frontier rea-
soning models (Chen et al., 2021; Rozi¢re et al.,
2024), enabling generation from schema specifica-
tions without fine-tuning.

A program Py is a Schema of Field declara-
tions, each passing through a five-stage pipeline:
Strategies — Candidates — Disambiguation —

Transforms — Validation. Five strategy types are
chained as ordered fallbacks: key-based matching
(exact, contains, fuzzy, regex against KEY—VALUE
associations), anchor-based spatial search, table
extraction, region-based extraction, and derived
fields. Disambiguation resolves multiple candi-
dates via single-pick (e.g., highest_confidence,
nearest_to_anchor) or aggregate methods (e.g.,
sum, concat). Transforms apply post-processing
(date arithmetic, substring extraction, string format-
ting) before the validation layer enforces automated
reasoning constraints: regex patterns, range checks,
and cross-field consistency assertions (Amazon
Web Services, 2024, 2025). Derived fields are
resolved after all direct fields via topological or-
dering over the dependency DAG Gep. Refer to
Appendix C for the complete specification and Ap-
pendix F for examples.

3.2 DocExDSL Execution Engine

The engine R deterministically executes a pro-
gram Py on a Document Representation D, or-
ganized as a typed document graph G = (V, E)
with KEY, VALUE, TEXT, TABLE, and CELL nodes con-
nected by association, contains, and bidirec-
tional adjacency edges (extending CACHE-ED1’s
representation (Bhoi and S, 2025)). The engine con-
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Algorithm 1 CACHE-ED2 - Document Field Ex-
traction Algorithm

Require: Document d, Extraction Schema Z,
Business Vertical v
1: D, < GenerateDocumentRepresentation(d)
2: f <« IdentifyFormat(d)
3: if f is present then > Cache hit: reuse stored
program
P <+ StoreLookup(M, v, f)
o + ExecuteDSL(P, D,)
6: else > Cache miss: generate via ReAct loop
with DSL execution as tool
: 'P,O — .Agen(d, Z)
8: end if
9: 0" < Value from Analyst (HITL)
10: if o matches o* then

11: Update field scores,
StoreUpdate(M, v, f, P)

12: return o

13: end if

14: Invoke Feedback Agent: AP +—

Apin (P, 0,0%,d,s) > Critic with field-level
scores

15: if AP # NO_CHANGES_NEEDED then

16: P,0  Agen(d, Z,AP)

17: Reset scores for changed fields

18: end if

19: StoreUpdate( M, v, f, P)

20: return o

structs the dependency DAG Gep, topologically
orders fields, and for each field executes the fall-
back strategy chain, disambiguation, transforms,
and validation, achieving sub-second processing
entirely without model inference. When invoked as
a tool by Agen during program synthesis, R returns
structured per-field diagnostics, including extracted
value, strategy outcome, disambiguation reasoning,
and validation errors, providing actionable signals
for iterative DSL refinement.

3.3 Document Format Encoder

The Document Format Encoder F produces format
embeddings e; = F(d) € R™ to determine which
cached program applies. Built on LiLT (Wang
et al., 2022) with a lightweight projection head h(-)
trained via margin-based triplet margin loss (Equa-
tion 1) with online semi-hard triplet mining, the
encoder maps same-format documents into tight
clusters. At inference, ed is compared against clus-
ter centroids C = ¢q,...,ck via cosine similar-

ity; matches above threshold 7 route to Mv, f],
while unmatched documents trigger Agen. Be-
cause vendors and formats arrive continuously in
production, this matching must remain reliable on
vendor formats outside the encoder’s training distri-
bution, without per vendor or per-format retraining.
We achieve this by keeping the pretrained LiLT
backbone frozen, so its general text-and-layout
representations transfer to unseen vendors, while
the lightweight projection head shapes them into
a format-discriminative embedding space. Since
every cached format is represented by a centroid
built from the documents that created its cache en-
try, the encoder’s contribution is out-of-distribution
generalization to vendors unseen in training, rather
than recognition of formats not yet cached: the first
document of an uncached format correctly falls
below 7 against all existing centroids and triggers
program synthesis, rather than false-matching an
existing program. The model encodes the first page,
as format is recognizable from it in the vast major-
ity of enterprise documents.

1

Lisiplet = ﬁ Z max(O, Op — On + a) )]

(a,p,n)eT

where 0, = [|h(za) — h(zp)ll2, on = [[P(za) —
h(xy)||2, h(-) is the projection head, (z4, zp, zn)
are anchor-positive-negative document triplets
drawn from the semi-hard set 7 = {(z4, zp, zp) :
0 2a,xp) < 0(Xa,Tpn) < 6(xq,xp) + a} and « is
the margin.

3.4 DocExDSL Store

The store M indexes validated programs by format,
partitioned by business vertical v to prevent cross-
contamination of extraction SOPs. Each field p;
in a stored program carries a document-processed
score sgpf ) € 77T, incremented per successful
extraction match against human-validated output.
This score provides Ay with a confidence signal,
ensuring that high-score fields are not overridden
by single potentially erroneous corrections, and
enables accuracy degradation detection over time.

3.5 DocExDSL Generation Agent

The agent Age, is a ReAct-based (Yao et al.,
2023) code generator, not a value extractor: it
writes programs describing extraction logic and
never extracts values directly. It delegates ex-
traction entirely to R via tool calls, using the
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full-resolution document image 7 as visual ref-
erence to judge correctness. Given d (includ-
ing its image 7) and schema Z, the agent itera-
tively generates a candidate Py, invokes R to ob-
tain o with per-field diagnostics, compares against
its visual reading of Z, and refines mismatched
fields, effectively debugging its own code. Be-
yond direct extraction, the agent derives business-
specific SOPs not explicitly present in the docu-
ment: for instance, synthesizing a service period
date range as start_of_month/end_of_month of
the invoice date via DocExDSL’s derive_from
and date_component transforms. The agent also
accepts feedback AP from Ap;y to regenerate spe-
cific fields via P} = Agen(d, Z, AP). Refer to Ap-
pendix E for example and Appendix B for prompt
structure.

3.6 HITL Feedback Analysis Agent

The critic agent Ay analyzes mismatched fields
Afegs = {J | o # o;f} between ex-
tracted output o and human-corrected output o*,
producing SOP-level program changes AP =
Apia(Py,0,0*,d,s), such as adjusting anchor di-
rections, adding derivation rules, or modifying dis-
ambiguation strategies. The field-level scores s
guard against incorporating erroneous corrections:
high-score fields have proven track records and
are not overridden by single edits. If AP #
NO_CHANGES_NEEDED, changes are forwarded to
Agen for resynthesis and scores for changed fields
are reset. Unlike CACHE-ED, verification logic
is now embedded in DocExDSL’s validation layer,
enabling fully deterministic, LLM-free validation
even during cache-hit processing. Refer to Ap-
pendix B for prompt structure.

4 Experiments

We evaluate CACHE-ED?2 against three baselines:
(1) a multimodal LLM without extraction SOPs,
mimicking mid-to-tail vendor behavior, (ii) multi-
modal LLM with vendor-specific prompts with man-
ually authored per-vendor SOPs, and (iii) CACHE-
EDI (Bhoi and S, 2025). All methods use Claude
Sonnet 4.6 for consistency.

4.1 Extraction Quality

We first evaluate on CORD v2 (Park et al., 2019),
a public receipt-parsing benchmark of 11,000+ im-
ages with structured field annotations across totals,
subtotals, and payment-type breakdowns. Since

all CORD fields require no SOP-based deriva-
tion, this isolates raw extraction capability; we
omit the vendor-SOP baseline accordingly. Ta-
ble 1(a) reports results across eight fields. Both
CACHE-ED variants improve over the single-pass
LLM (0.91 average) through closed-loop refine-
ment, with CACHE-ED?2 achieving 0.99 average
accuracy entirely through the deterministic Do-
cExDSL engine at inference, demonstrating that
compiling extraction logic to DocExDSL preserves
fidelity without LLM involvement.

For  context, models  fine-tuned on
CORD’s training split report entity-level
F1 of 96.56 (LayoutLMv3gasg) to 97.46
(LayoutLMv3; arge) (Huang et al., 2022) and
97.64 (UDOP-Dual) (Tang et al., 2023), while the
OCR-free Donut reports 84.1 field-level F1 (Kim
et al.,, 2022). These figures are not directly
comparable to ours: they measure F1 after super-
vised fine-tuning on CORD, and none publishes
per-field results, whereas CACHE-ED?2 reports
per-field value accuracy with no CORD-specific
training and no gradient updates at any point. The
operational differentiator is the maintenance path:
corrections update a cached program rather than
requiring re-annotation and fine-tuning.

Real-world invoice processing demands
business-rule reasoning that separates the methods.
We curate 5,000 production invoices (1,000 per
vendor, 5 vendors, single vertical) and select
seven fields spanning three difficulty tiers: easy
fields (Invoice Number, Invoice Date, Invoice
Currency), SOP-dependent fields where business
rules override the raw value (Account Number,
Service Period Start/End Date), and derived fields
computed from other fields (Vendor Provided
Due Date). Table 1(b) reports extraction rate and
accuracy per method. The multimodal LLM drops
sharply on SOP-dependent fields (0.64 average
accuracy) and derived fields (0.59 extraction rate
for Due Date), confirming that business context is
essential.

CACHE-ED?2 achieves near-perfect performance
across all fields (0.99 average accuracy, 1.0 extrac-
tion rate). On derived fields, CACHE-ED2 sur-
passes vendor prompts by 9 percentage points on
Due Date (0.97 vs. 0.88) for two reasons: the agent
initially absorbs minor human variations (e.g., =1
day adjustments in date derivations) and learns the
correct SOP over time as the scoring mechanism
stabilizes, and the format-aware caching handles
multiple vendor formats independently rather than
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Table 1: Extraction quality on CORD v2 receipts and real-world invoices. Results reported as Extraction Rate /
Accuracy; best per field in bold.

(a) CORD v2 Receipts

[Total] [Total] [Total] [Total] [Subtotal] [Subtotal] [Subtotal] [Subtotal]
Method Price Cash Price Credit Card E-Money Price Tax Service Charge Discount
Multimodal LLM 1.0/0.90 0.99/0.87 0.97/0.86 1.0/1.0 1.0/0.92 0.88/0.89 1.0/0.89 1.0/0.92
CACHE-ED1 1.0/097 1.0/0.95 0.99/70.97 1.0/1.0 1.0/0.98 0.99/0.97 1.0/0.96 1.0/1.0
CACHE-ED2 (Ours) 1.0/099 1.0/0.98 1.0/0.97 1.0/1.0 1.0/1.0 0.99/0.97 1.0/1.0 1.0/1.0
(b) Real-World Invoices
Invoice Account Invoice  Vendor Provided Service Period Service Period Invoice
Method Number Number Date Due Date Start Date End Date Currency
Multimodal LLM 1.0/099 099/054 1.0/0.95 0.59/0.92 0.97/0.69 0.97/0.69 0.82/1.0
+ Vendor SOP 1.0/098 1.0/097 1.0/0.99 1.0/0.88 1.0/0.96 1.0/0.96 1.0/1.0
CACHE-EDI1 0.96/0.87 0.96/0.89 0.90/0.84 0.89/0.66 0.87/0.69 0.91/0.70 0.87/1.0
CACHE-ED2 (Ours) 1.0/1.0 1.0/097 1.0/0.99 1.0/0.97 1.0/0.99 1.0/0.98 1.0/1.0
Table 2: Cache hit rate on FATURA (50 layouts, <107 Cumulative Token Consumption
grouped by visual variance) and real-world invoices I R B A IO I
. ; 1.25 L = CACHE-EDI R
(5 vendor formats). Higher is better. —— - CACHE.ED2 e :
é 10O | oo Multimodal LLM :
Format CACHE-ED1 CACHE-ED2 (Ours) & (.o ’ :
Z :
(a) FATURA (50 templates, grouped by difficulty) k= 050 £ :
. g .
Group 1 (Easiest) 0.89 1.0 3 025 :
Group 2 0.72 1.0 ’ 2 :
Group 3 0.57 1.0 0.00 | : —— i i i —
Group 4 0.44 1.0 0 200 400 600 800 1000
Group 5 (Hardest) 0.25 1.0 Documents Processed
(b) Real-World Invoices Figure 2: Cumulative token consumption over 1,000
Vendor Format 1 0.14 1.0 documents (lower is better). CACHE-ED2 achieves
Vendor Format 2 0.29 1.0 ~62 reduction; CACHE-ED1 achieves ~31.
Vendor Format 3 0.70 1.0
Vendor Format 4 0.70 1.0
Vendor Format 5 0.52 1.0

sending all format SOPs to the LLM simultane-
ously. These performance gains are consistent
across the entire vendor-volume distribution, in-
cluding long-tail vendors with sparse instances (Ap-
pendix G). Refer to Appendix F for SOP compar-
isons and Appendix E for representative programs.

4.2 Format Detection

We first evaluate on FATURA (Limam et al., 2023),
a public benchmark of 10,000 invoice images
across 50 distinct layouts. We rank templates by
intra-class visual variance, group them into five
difficulty tiers of 10 templates each, and report
average cache hit rate per group. All hit rates fol-
low a vendor-held-out protocol: the evaluated ven-
dors are excluded from encoder training, each for-
mat’s centroid is built from its own documents, dis-

joint from those scored, and matching runs against
all cached-format centroids (threshold sensitivity
and near-miss margins: Appendix A). Table 2(a)
compares CACHE-ED1’s graph matching against
CACHE-ED2’s contrastive Document Format En-
coder.

CACHE-ED1 averages 0.47 due to fragile graph
matching under minor visual perturbations and
NER-based value masking failures. CACHE-ED2
achieves perfect hit rate here as well (2.1x im-
provement), confirming that learned embeddings
generalize across dataset scale, domain, and docu-
ment type. Refer to Appendix A for t-SNE visual-
izations.

4.3 Token Efficiency and Learning Dynamics

We measure cumulative token consumption on the
real-world invoice corpus as documents are pro-
cessed sequentially (Figure 2). The single-pass
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Cumulative Accuracy Over Time

10_ 777' I 'H' '”I ' "77 IH ' "‘ 1 N | -
> 09 -
Q -
g z
g 08F =
< :
207F =
& :
2 o6k :
3 -
© osk —— CACHE-EDI :

—=- CACHE-ED2 -

0.4 1 1 1 1 1 I

0 200 400 600 800 1000

Documents Processed

Figure 3: Cumulative accuracy for a single real-world
vendor (higher is better). CACHE-ED2 reaches near-
perfect accuracy from the first document.

LLM baseline consumes ~13,360 tokens per doc-
ument, totaling ~13.4M tokens for 1,000 docu-
ments. Both caching methods surpass the baseline
within the first ~50 documents, after which cached
formats are served at zero token cost. At 1,000
documents, CACHE-ED2 consumes ~5M tokens
(~62% reduction vs. baseline), while CACHE-
ED1 consumes ~9M tokens (~31% reduction),
~1.8x higher than CACHE-ED2. The gap is
driven by CACHE-ED1’s lower cache hit rate: fre-
quent misses trigger repeated program generation
for formats that should already be cached. At pro-
duction scale (36,093 documents), cached serving
cuts LLM spend 6 x versus invoking the synthesis
agent per document (Appendix I).

We track cumulative accuracy over time for a sin-
gle real-world vendor to isolate learning behavior
(Figure 3). CACHE-EDI starts at low accuracy and
plateaus well below acceptable levels, requiring
multiple document instances to converge. CACHE-
ED?2 achieves near-perfect accuracy from the first
document instance and maintains it throughout, as
the ReAct agent’s execution-in-the-loop design en-
ables accurate SOP derivation in a single encounter
with a new format.

4.4 Production-Scale Evaluation

Beyond the five-vendor comparative study, we eval-
uate CACHE-ED?2 across seven business verticals
in three regions, on production document streams
totaling more than 580,000 documents from over
11,500 vendors. The streams exhibit the heavy-
tailed vendor concentration typical of enterprise
document processing: per-vertical vendor counts
range from 50 to 5,220, the top vendor alone con-
tributes between 4.3% and 94.5% of a vertical’s
volume, and covering 90% of volume requires any-

Table 3: Production-scale evaluation across seven
anonymized business verticals (ordered by volume).

Vertical Docs Vendors Ext. (%) Acc. (%)
A 321,197 5,220 99.89 99.58
B 135,971 4,049 99.12 96.84
C 92,692 710 99.41 94.52
D 12,318 50 99.99 99.96
E 9,196 295 98.67 98.94
F 6,249 637 99.96 99.01
G 3,630 599 99.87 97.98
All 581,253 11,560 99.56 98.12

where from a single vendor to 639. Table 3 reports
the measured per-vertical results. Correcting for
audited annotation deltas (ground-truth entries that
are mis-keyed or contain values absent from the
source document) yields a 100% extraction rate on
document-present fields and approximately 99%
field accuracy. For a per-field deep dive and Pareto
volume analysis over one vertical’s full vendor dis-
tribution, see Appendix G. These results address
the scope of generalization directly: the mecha-
nism is format-level, and its economics improve
with every additional format cached.

Component ablations. Leave-one-out ablations
on a 1,000-document production cohort (96 ven-
dors, 115 formats) separate each component’s con-
tribution: removing visual grounding collapses
completion to 0.270 of the full system (the syn-
thesis agent fails to converge without page im-
ages), removing execution-in-the-loop or HITL
feedback lowers accuracy retention to 0.947 and
0.829 respectively, and the contrastive encoder
guards the 39.7% of documents from multi-format
vendors that vendor-level routing can misroute. Ap-
pendix H details the protocol and full results.

5 Conclusion

We presented CACHE-ED2, a framework that repo-
sitions the LLM from an instance-level analyst to a
system-level developer synthesizing reusable Do-
cExDSL programs for document extraction. By
coupling a contrastive Document Format Encoder,
a multimodal ReAct-based Generation Agent with
execution-in-the-loop, and a score-guarded HITL
Feedback Agent, the framework achieves near-
perfect extraction accuracy while eliminating LLM
inference at serving time and reducing cumula-
tive token consumption by ~62% over 1,000 docu-
ments.
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Limitations

Two limitations of the current framework warrant
discussion. First, each new vendor format requires
independent program synthesis from scratch; the
framework does not yet leverage cross-template
transfer. A concrete path is warm-start synthesis:
retrieving the nearest cached program via the Doc-
ument Format Encoder’s embedding space and sup-
plying it to Ay, as a first-guess draft, which would
cut ReAct iterations and cold-start cost precisely
where the vendor long tail makes per-format syn-
thesis most expensive. Second, DocExDSL’s gram-
mar is fixed at design time: when Ag., encounters
extraction patterns inexpressible in the current lan-
guage (e.g., recursive table structures or conditional
multi-page joins), these remain unresolvable until
manual DSL expansion. An automated capabil-
ity discovery mechanism that identifies such gaps
from agent failures and proposes grammar exten-
sions would allow the extraction language to grow
alongside production complexity.

Ethics Statement

The real-world corpora comprise enterprise in-
voices processed by the authors’ organization’s
production document pipelines, used for this re-
search under internal data-use authorization. All
multimodal LLM inference (Claude Sonnet) was
executed inside a contractually isolated Amazon
Bedrock enterprise environment within the orga-
nization’s secure cloud perimeter, under the ser-
vice’s documented commitments that prompts and
outputs are not stored, not shared with the model
provider, and not used for model training, mitigat-
ing rather than eliminating third-party processing
risk; no document images or extracted values were
sent to public API endpoints. Human-in-the-loop
signals are field-level corrections produced by pro-
fessional analysts within their standard verification
workflow; no additional annotation labor was com-
missioned for this work. All figures reproducing
document content are uniformly de-identified, with
account identifiers, names, addresses, and derived
values masked.
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A Document Format Encoder: LiLT
Architecture and Training

This appendix details the architecture and training
of the Document Format Encoder introduced in
Section 3.3.

A.1 LiLT: Language-Independent Layout
Transformer

The format encoder builds on LiLT (Wang et al.,
2022), a dual-stream Transformer with separate
text and layout flows connected via Bi-directional
Attention Complementation (BiACM). The text
flow initializes from RoBERTa at 768 hidden di-
mensions; the layout flow uses a compact 192-
dimensional representation, keeping layout-only
parameters to 6.1M. BiACM shares attention scores
between flows at every layer, enabling cross-
modal interaction without stream fusion. Pre-
trained on 11M English documents (II'T-CDIP)
using Masked Visual-Language Modeling, Key
Point Location (7 x7 grid), and Cross-modal Align-
ment Identification, LiLT has been fine-tuned
for entity recognition, relation extraction, and
document classification across eight languages
on FUNSD, CORD, EPHOIE, RVL-CDIP, and
XFUND. Its lightweight layout encoding, joint text-
layout awareness, and availability of a public check-
point (nielsr/lilt-roberta-en-base) make it
a natural backbone for our format similarity task.
Figure 4 illustrates the architecture.

A.2 Training Configuration

We freeze the full LiLT encoder (~125M parame-
ters) and train only a 3-layer MLP projection head
(768—512—256—256, ReLLU, L2-normalized out-
put) — 590K trainable parameters (0.47% of to-
tal). The model is trained with triplet margin loss
(a=0.2) using online semi-hard mining, which se-
lects negatives harder than the positive but within
the margin boundary. A balanced sampler con-
structs batches of 4 format classes x 4 samples

each. Training runs 30 epochs with AdamW (Ir=1e-
3), linear warmup and decay. Inputs are a com-
mercial OCR engine-extracted words with bound-
ing boxes normalized to [0, 1000], tokenized via
RoBERTa., truncated to 512 tokens with dynamic
padding.

A.3 Embedding Quality

Documents are encoded into 256-dimensional L2-
normalized vectors and matched against stored
format centroids via cosine similarity (7=0.95).
Held-out evaluation yields intra-class similarity of
0.9954 (std=0.0109) versus inter-class similarity of
0.3704 (std=0.2004) — a gap of 0.6250 — confirm-
ing tight, well-separated format clusters. Figure 5
visualizes these clusters.
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Figure 4: LiLT dual-stream architecture. The text flow
(RoBERTa, 768-dim) and layout flow (192-dim) run in
parallel with BIACM sharing attention scores bidirec-
tionally at each layer.
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Figure 5: t-SNE projection of 256-dimensional format
embeddings for ten sampled vendors (ten documents
each): five drawn from the training split (circles) and
five from the held-out document split (triangles). Clus-
ters remain tight and well separated in both halves.

Routing Threshold Sensitivity. Routing is
precision-critical: a false match silently sends a
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document to the wrong cached program, whereas a
miss merely triggers synthesis, so 7 is set to max-
imize precision at the expense of recall. Figure 6
shows pairwise cosine similarities over the test
embeddings; format-level labels are unavailable,
so vendor identity labels the pairs (8,550 same-
vendor, 8,524 different-vendor). Different-vendor
pairs are reliably different formats, making preci-
sion and false-match measurements sound; same-
vendor pairs can cross formats, making measured
recall a pessimistic bound (the low-similarity same-
vendor tail in the figure). The F1-optimal threshold
is 7 = 0.594 (precision 0.985, recall 0.942); we
operate at the stricter 7 = 0.95, where the false-
match rate falls to 0.05% (four pairs) at precision
0.999, at the cost of pair-level recall (0.440). The
band just below the operating point, [0.93,0.95),
holds 11.1% of same-vendor pairs but only two
different-vendor pairs. Pair-level recall understates
the deployed hit rate twice over: same-vendor pairs
may cross formats, and production routing matches
each document against format centroids rather than
individual documents; deployed hit rates are re-
ported in the main text.
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Figure 6: Pairwise cosine-similarity distributions of
same-vendor and different-vendor pairs over the test
embeddings, with the routing operating point 7 = 0.95
marked.

B DocExDSL Generation Agent and
HITL Feedback Analysis Agent:
Prompt Architecture

This appendix details the prompt structures of the
two LLM agents: the Generation Agent (actor) that
synthesizes DocExDSL programs, and the HITL
Feedback Analysis Agent (critic) that diagnoses
extraction errors and recommends program-level
refinements.

B.1 Generation Agent (Actor) Prompt

The actor prompt operates in two modes — ini-
tial generation and revision — sharing a common
structure with an optional feedback section acti-
vated during revision cycles.

System Instructions. The LLM acts as a code
generation agent writing declarative DSL logic —
never extracting values directly. It follows a Re-
Act loop (generate, execute, inspect, revise) with
a strict no-hardcoding constraint ensuring all pro-
grams generalize across same-format documents.

Document Context. Multi-page document im-
ages (base64-encoded) enable visual inspection
of layout, labels, and spatial relationships — the
multimodal grounding absent in CACHE-ED] that
enables accurate SOP derivation from a single in-
stance.

Field Definitions. Each target field is specified
with name, data type, description, valid and invalid
label identifiers, and derivation hints for computed
fields, scoped to required outputs plus intermedi-
ates necessary for derivation chains.

DSL Specification. The complete DocExDSL
language reference is provided in-context: five ex-
traction strategies (key-based, anchor-based, de-
rived, table, region) as ordered fallback chains,
disambiguation, transforms, and validation. This
leverages frontier LLMs’ code proficiency without
fine-tuning.

Strategy Selection Guidelines. Explicit guide-
lines map layout observations to strategy choices
— label-adjacent values to key-based, spatially ref-
erenced values to anchor-based, computed values
to derivation, tabular data to table extraction, fixed-
position values to region-based — with fallback
chains encouraged for robustness.

Revision Context (Optional — Critic Feedback).
When critic feedback is available, the previous
DSL code and per-field diagnostics are injected.
The agent reasons through each flagged field’s root
cause, maps the recommendation to a DSL change,
and leaves unflagged fields untouched. This tar-
geted revision prevents regression in proven logic
while correcting only deficient fields.

Tool-Calling Workflow. An execute_dsl tool
parses generated code, runs extraction against the
document graph, and returns per-field diagnostics:
extracted value, strategy outcome, candidate count,
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and validation errors. The agent must invoke this
after every generation, inspect for null or implausi-
ble outputs, and iterate — this self-debugging loop
drives first-encounter accuracy.

Output Format. A Python code block contain-
ing DSL imports, Schema definition with extraction
logic, strategy rationale as inline comments, and
(during revision) documented reasoning for each
change.

B.2 HITL Feedback Analysis Agent (Critic)
Prompt

The critic is a single-turn LLM call (no tool-calling)
producing structured diagnostic feedback. It ana-
lyzes extraction errors and provides generalizable
recommendations — never extracting values or
writing DSL code.

System Instructions. The critic diagnoses mis-
matches between extracted and human-provided
values by reasoning about underlying business
logic, not surface-level value matching. All
recommendations must be generalizable (no
hardcoded values; only relative operations).
NO_CHANGES_NEEDED is a valid verdict when ex-
isting DSL is correct.

Rule Confidence Calibration. Each DSL rule’s
validation score — documents successfully pro-
cessed — calibrates trust. Score 0 assigns high
weight to human feedback; scores above 5 war-
rant skepticism toward contradicting corrections, as
the human may be wrong or the document anoma-
lous. This score-weighted mechanism prevents
erroneous corrections from corrupting stable pro-
grams.

Document Context. Multi-page images enable
visual verification of where values appear and what
labels surround them, grounding the critic’s diag-
nosis in the actual document layout.

Extraction Comparison. A structured table
presents each field with human value, extracted
value, and match status. The critic focuses exclu-
sively on incorrect fields, determining whether the
issue lies in DSL logic or the human correction
itself.

Current DSL Code. The actor’s existing code is
provided so the critic identifies the specific strat-
egy or parameter needing adjustment rather than
reasoning abstractly.

Failure Pattern Taxonomy. Ten common failure
patterns guide diagnosis: wrong keys, untagged
values, derived value errors, wrong disambiguation,
subset extraction, wrong spatial direction, table ex-
traction issues, wrong page scope, date/transform
errors, and business logic overrides. This taxonomy
constrains output to actionable categories mapping
directly to DSL modifications.

Output Format. Two-part response: (1) over-
all verdict (NO_CHANGES_NEEDED with reasoning,
or CHANGES_RECOMMENDED), and (2) per-field diag-
nostics with the business rule revealed, root cause
category from the taxonomy, and a generalizable
DSL fix. Instance-specific mismatches are marked
human_likely_wrong with no DSL change.

C DocExDSL: Detailed Specification

This appendix supplements Section 3.1 with the
complete DocExDSL specification — the docu-
ment graph substrate, strategy parameters, disam-
biguation, transforms, validation, and the struc-
tured result model enabling the Generation Agent’s
self-debugging loop (Section 3.5).

Document Graph Substrate. The DSL oper-
ates on a typed directed graph G = (V, E) built
from OCR output, with coordinates normalized
to [0,1]. Nodes are typed as ROOT, KEY, VALUE,
TEXT, TABLE, and CELL — each carrying text,
confidence, page, and bounding-box geometry.
Edges encode association (KEY—VALUE pair-
ings), contains (TABLE—CELL hierarchy), and
bidirectional adjacency (spatial proximity, thresh-
old 0.1). This abstraction decouples the DSL from
any specific OCR provider.

Strategy Parameters. Key-based extraction
accepts label strings with match modes (exact,
contains, fuzzy at SequenceMatcher > 0.7,
regex) and optional confidence thresholds.
Anchor-based extraction takes reference text,
directional search (right, left, above, below,
nearest), maximum offset distance, and filterable
node types. Table extraction identifies columns
by header matching or explicit row/column index.
Region-based extraction targets an absolute
bounding box on a specified page, collecting all
nodes whose centers fall within.

Fallback Chains. Strategies chain as ordered fall-
back sequences — the engine tries each in decla-
ration order and uses the first returning candidates.

1581



Request Tracker

< [140100092170312.pdf
My Files
Q 209% @ A Page1of2 v O o o D By ov/cvNa
sk
40100092170312.pdf
ey Last modified: 23-Apr-2026 11:43AM IST
Due Upon Metadata Attachments Audit
$5,109.94 | receint
Doc State Doc Type
Completed Invoice

AM; LLC Service delivered to: Service Type Invoice Source
Account: 237 -1 Prior Account: 29 Next Billing Date: Monday, May 18, 2026 s e —
Your bill breakdown Your average daily electric usage

Service Related To Priority Invoice

kwh temp*
Last billing period 2500 100 Electricity Select value..
Your billing summary as of Apr 20, 2026 . - 7
Your previous charges and payments.
Total charges from your last bill $6,249.09 1,156.45 1250 < 50 CVAM Account UUID Account Number
Payments through Apr 19, thank you -$6,249.09 kWh 625 l »a B = I
25 237. -1

Balance fom previous bi None SEIIRNEEN] | I

Your new charges

Billing period: Mar 19, 2026 to Apr 17, 2026

Electricity charges - for 29 days. $5,016.20
Late payment charges $93.74
Total from this billing period $5,100.94
Total amount due $5,109.94

Payment is due upon receipt of this bill. To avoid a late payment charge of 1.5%,
please pay the total amount due by May 12, 2026.

Messages For You

Sl To save on energy and heating costs with energy efficiency solutions,
visit /Savings.

=<3 YOUR DOLLAR FOR CAN MAKE A DIFFERENCE
helps eligible residential customers struggling to pay their
bills with a grant of up to $300. Pay the total amount of this bill and
exactly $1.00 more, and that dollar will go towards the fund.
will match each contribution.

AprMay Jun Jul Aug Sep Oct Nov Dec Jan Feb Mar Apr

Invoice Supplier Name @ Payee Site Name

CVAM Supplier Name Invoice Number @

237¢ 1APR26

Invoice Date Vendor Provided Due Date @

17-Apr-2026 12-May-2026

Credit Amount @

5109.94

Invoice Currency @

Invoice Amount

5109.94

Service Period Start Date @

usD 19-Mar-2026

Service Period End Date @ Invoice Description

17-Apr-2026

3

Figure 7: The human-in-the-loop validation interface used by analysts to verify and correct extracted values.
Extracted fields are color-coded by confidence level to direct analyst attention, with bounding-box overlays

providing spatial grounding for each extraction.

This is central to OCR robustness: broken key-
value associations fall back to anchor-based spatial
search; truncated anchor text falls back to fuzzy
key matching.

Disambiguation. Eight single-pick  meth-
ods (highest_confidence, largest_area,
first/last_occurrence, nearest_to_anchor,
longest, shortest, most_frequent) and five
aggregate methods (sum, average, min, max,
concat) resolve multiple candidates, with optional
tiebreakers.

Transforms. Transforms execute in fixed or-
der after disambiguation: Subset (regex, split,
line selection) — Date (offset arithmetic, com-
ponent extraction like start/end_of_month) —
String (templates with schema context, case conver-
sion, find-replace) — Custom (arbitrary callables).
Chain order enables multi-step post-processing.

Validation. Five constraint types: pattern
(regex), length (min/max), range (numeric
bounds with automatic number extraction from for-
matted strings), allowed_values (enumeration),
and custom (arbitrary predicates). Cross-field
checks — line totals summing to header total, issue

date < due date — are custom validators referenc-
ing other schema fields. Failed validations flag
fields for review without halting execution.

Scope Filtering. Fields restricted via on_pages
or in_region (normalized bounding box) con-
strain all strategies on that field — both source
nodes (KEYs, anchors) and candidates (VALUEs,
CELLs). Essential for multi-page documents
where identical labels appear across pages.

Structured Result Model. Each field returns an
ExtractionResult exposing: final value, all pre-
disambiguation candidates (with geometry and con-
fidence), disambiguation reasoning, validation sta-
tus with errors, and the successful strategy. This
diagnostic output is what enables the Generation
Agent’s ReAct loop — the agent inspects candi-
dates, strategy outcomes, and validation errors to
iteratively refine DSL code without ground-truth
labels.
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D CACHE-EDI1 Failure Analysis:
Template Fragility and Cryptic
Representations

This appendix provides concrete evidence for the
CACHE-EDI1 limitations discussed in Sections 4.1
and 4.2.

Template Fragility Under OCR Variance.
CACHE-EDI1 constructs templates by anonymiz-
ing VALUE nodes and computing structural fin-
gerprints via graph isomorphism. Figure 8 shows
two instances of the same vendor format where
the document parser detects the site identifier as
“AMAAAA SITE” in one and “AMAAAA FC SITE”
in the other. This single-word KEY difference
produces structurally distinct anonymized graphs,
triggering a cache miss and redundant program
generation. Such variations are the root cause of
CACHE-ED1’s 0.47 average cache hit rate on pro-
duction data and its degradation from 0.89 to 0.25
across increasing layout difficulty on FATURA (Ta-
ble 2). CACHE-ED2’s learned format encoder
(Section 3.3) absorbs these into tight embedding
clusters, achieving perfect hit rates across both
datasets.

Cryptic Graph Paths Obstructing LLM Reason-
ing. CACHE-EDI1 passes linearized graph paths
to the LLM without the original document image.
Figure 9 illustrates the consequence: the document
displays “831-NNN-NN86 317” as a single account
number, but the parser splits it into two entities due
to whitespace — associating “Account Number”
with only “317”. The LLM extracts this partial
value and encodes the error into the cached pro-
gram, with no visual context to detect that both
segments are spatially adjacent. CACHE-ED2
provides the full document image to the Gener-
ation Agent (Section 3.5), enabling visual verifi-
cation and correct program synthesis across OCR-
fragmented regions.

E Sample End-to-End Document
Extraction

This appendix traces a single document through the
CACHE-ED? pipeline (Algorithm 1), illustrating
how the Generation Agent, HITL Feedback Anal-
ysis Agent, and field-level scoring collaborate to
achieve correct extraction. Figure 11 summarizes
the stages.

Figure 8: Template fragility under OCR variance. Two
instances of the same format where a single-word
KEY difference (“AMAAAA SITE” vs. “AMAAAA
FC SITE”) produces distinct anonymized graphs, caus-
ing a cache miss.

Figure 9: Cryptic path representation failure. The parser
splits “831-NNN-NN86 317" into two entities; the LLM
extracts only “317” from the direct KEY association,
missing the full value apparent from the document im-
age.

Stage 1: Initial Extraction. On encountering a
new vendor format, the Generation Agent synthe-
sizes a DocExDSL program via its ReAct loop.
For service_period_start, the agent extracts
the raw billing period “Nov 19 — Dec 18” as a
single value and derives the start date as “Nov 19”
using a substring transform. The execution engine
returns “Nov 19”.

Stage 2: Human Correction and Critic Analysis.
The analyst corrects service_period_start to
“Dec 17 in the Verifier UL. The HITL Feedback
Analysis Agent receives this correction alongside
the current DSL and document image, and identi-
fies an underlying SOP: the service period start is
the first day of the month of the billing period end
date. It issues CHANGES_RECOMMENDED, advising
replacement of the key-based strategy with a de-
rived field applying start_of_month to the billing
period end date.

Stage 3: Program Regeneration and Score-
Guarded Stability. The Generation Agent
incorporates the critic’s feedback, regenerating the
DSL as: derive_from(billing_period_end)
.transform(date_component=

"start_of_month”).  The engine now cor-
rectly extracts “Dec 1”. The field score resets to 0
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and accumulates with each subsequent match.

Figure 10 demonstrates the complementary
case for the Stage 2. After 78 successful val-
idations, the vendor_provided_due_date rule
(invoice_date + 45 days) carries a score
of 78. An analyst submits “3/14/2026” for in-
voice date “1/27/2026” — one day off from
the computed “3/13/2026”. The critic issues
NO_CHANGES_NEEDED: adjusting to +46 days would
match this correction but break 78 validated docu-
ments. The scoring mechanism correctly identifies
a likely human error over a systematic SOP change,
preserving program stability.

#i## Verdict: NO_CHANGES_NEEDED

— xxReasoningxx: The current DSL derives “vendor_provided_due_date’
as invoice_date + 45 days , which correctly reflects the "Net 45"
payment terms printed on the document. Mathematically, 1/27/2026 + 45
days = 3/13/2026, which matches the extracted value. The human-
provided value of 3/14/2026 appears to be an off-by-one error on the
human's part. This rule has been validated successfully against 78
documents with a 78/78 success rate, making it highly reliable.
Changing the offset to '+46 days’ to match this single human
correction would break the logic for all other documents where the
rule has been validated correctly. The current DSL is correct and
generalizable.

Figure 10: Critic verdict: NO_CHANGES_NEEDED. The
vendor_provided_due_date rule (invoice_date +
45 days) has a 78/78 validation record. A one-day
discrepancy (3/13 vs. 3/14) is identified as a likely hu-
man error; changing the offset would break all prior
validations.

F Agent-Derived vs. Human-Curated
SOPs Across Failure Modes

This appendix supplements Section 4.1 by compar-
ing CACHE-ED2’s autonomously derived SOPs
against human-curated vendor-specific instructions
across three failure modes where business logic
must be inferred. Figure 12 presents the full com-
parison.

Context. A significant class of extraction fields
cannot be read directly from a labeled value — ana-
lysts instead follow vendor-specific SOPs encoding
rules for locating unlabeled values, deriving absent
fields, or disambiguating duplicate labels. These
SOPs are traditionally authored manually per ven-
dor. CACHE-ED?2 derives equivalent logic from
analyst corrections alone, without SOP documenta-
tion as input.

Unlabeled Information. When the target field
(e.g., account number) lacks an explicit label, the
human SOP locates it by position relative to known
landmarks. CACHE-ED2’s Generation Agent iden-
tifies the same spatial relationship via document

image visibility and encodes it as an anchor-based
strategy with directional search — producing equiv-
alent logic without prior instruction.

Derived Information. When a field must be con-
structed from other fields (e.g., invoice number
derived by concatenating account number with
month/year of invoice date), the human SOP spec-
ifies the formula explicitly. The HITL Feedback
Analysis Agent infers this rule from analyst correc-
tions and recommends a derived field with appro-
priate string and date transforms — matching the
human-authored derivation.

Disambiguation. When multiple values share
the same label (e.g., invoice number in both
header and line items), the human SOP specifies
which instance to use. CACHE-ED?2 resolves this
through scope filtering and disambiguation (e.g.,
first_occurrence with page restriction), arriv-
ing at the same selection logic from corrections
alone.

Across all three modes, CACHE-ED?2 derived
functionally equivalent SOPs, demonstrating that
the actor-critic loop with visual grounding can au-
tonomously discover vendor-specific business rules
without explicit SOP authoring.

G Vendor Distribution and Long-Tail
Performance

This section studies the performance of CACHE-
ED2 on a real-world invoice distribution span-
ning the full vendor spectrum for a representative
business vertical, including long-tail vendors with
sparse document instances.

Corpus Composition. The evaluation corpus
comprises 11,774 documents across 159 distinct
vendors spanning a single business vertical. Fig-
ure 13 illustrates the cumulative volume distribu-
tion: the top 10 vendors account for 48.5% of all
documents, the top 25 for 66.1%, and the top 50
for 81.0%, confirming the sharp Pareto concen-
tration typical of enterprise invoice streams. The
remaining 109 vendors collectively contribute 19%
of volume, with individual counts ranging from
single-digit to low double-digit instances per ven-
dor.

Aggregate Performance. Table 4 reports extrac-
tion rate and accuracy across all seven header
fields evaluated over the full 159-vendor corpus.
CACHE-ED?2 achieves 100% extraction rate across
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Input (Document/HITL)

Agent

Output (DocExDSL/Feedback)

Extracted
Value

DocExDSL
Generation Agent

# billing_period_raw: intermediate — extracts "11/19/25-12/18/25" from
"Billing Period:"
Field{"billing_period_raw", type="string") # intermediate: needed to
derive service_period_start_date and service_period_end_date
.extract_by_key("Billing Period”, “Billing Period:",
match="contains")
.disambiguate("first_occurrence"),

# service period_start_date: first part of billing period before "
Field("service_period_start_date", type="date", required=True)
.derive_from("billing_period_raw")
.subset(split_by="-", split_index=0)
.format ("MM/DD/YYYY"},

11/19/25

Dec @1, 2025

HITL Feedback
Analysis Agent

### Field: service_period_start_date

— *#Human Valuess: Dec 01, 2025

- xxExtracted Valuexk: Nov 19, 2825

- =xBusiness Logickx: The billing period printed on the document is
"11/19/25-12/18/25", but the human expects Dec 1, 2025 — the first day of
the month containing the billing period end date. This indicates a
business rule: the service period start date should be the start of the
calendar month of the billing peried end date, not the literal start date
from the billing period string.

- x#Root Causexx; needs_derivation (business logic override — derive
start—of-month from billing period end date)

- x#Recommended Fix#*: Derive "service_period_start_date’ from
*billing_period_raw' by extracting the end date portion (after "-"),
parsing it as a date, then applying a "date_component("start_of_month")"
transform. This generalizes to any billing period where the service month
is defined by the end date's calendar month

DocExDSL
Generation Agent

# billing_period_end_raw: intermediate — extracts end date portion after

Field("billing_period_end_raw", type="date") # intermediate: needed to
derive service_period_start_date and service_period_end_date
.derive_from("billing_period_raw")
.subset (split_by="-", split_index=1),

# service_period_start_date: start of calendar month of billing period

end date

Field("service_period_start_date", type="date", required=True)
.derive_from("billing_period_end_raw")
.transform(date_component="start_of_month")
format ("MM/DD/YYYY"),

12/01/2025

Figure 11: End-to-end extraction flow through the CACHE-ED2 pipeline. Stage 1: Generation Agent extracts
initial values. Stage 2: Human correction triggers critic analysis revealing an SOP. Stage 3: Agent regenerates DSL

incorporating the learned derivation rule.

Table 4: CACHE-ED?2 extraction performance across
159 vendors (11,774 documents). All fields achieve
100% extraction rate.

Field Ext. Rate Accuracy
Account Number 1.0 0.9797
Invoice Currency 1.0 1.0
Invoice Date 1.0 0.9931
Invoice Number 1.0 0.9932
Service Period Start 1.0 0.9978
Service Period End 1.0 0.9980
Vendor Provided Due Date 1.0 0.9975
Aggregate 1.0 0.9942

all fields and 99.42% aggregate accuracy, with no
field falling below 97.97%. This performance is
maintained uniformly across the vendor-volume
distribution: tail vendors with fewer than 10 docu-
ments receive the same cached program quality as
head vendors, since the ReAct-based Generation
Agent synthesizes a correct DocExDSL program
on first encounter regardless of expected future vol-
ume.

H Per-Component Ablation Study

We quantify each component’s marginal contribu-
tion with leave-one-out ablations on a real-world
cohort, removing exactly one component per con-
figuration while holding everything else fixed.

Protocol. The cohort is drawn from one produc-
tion vertical by vendor-volume scaling filtration:
each vendor’s monthly volume v; is scaled to | v;-s|
documents, vendors retaining fewer than two doc-
uments are dropped, and s is the largest factor
for which the retained total stays within a 1,000-
document budget. This preserves the shape of the
vendor volume distribution (96 vendors retained;
per-vendor counts from 2 to 115) while guarantee-
ing every vendor contributes at least one post-cold-
start document. Documents replay chronologically
within each vendor, and every configuration, in-
cluding the unablated reference, runs against its
own empty program cache under identical con-
ditions. Ablated arms: visual grounding off (no
page images in any agent prompt), execution-in-
the-loop off (single-pass generation without the
execute-verify-refine tool loop), HITL feedback off
(the first synthesized program is final), and encoder
routing off (one program per vendor, ignoring for-
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Failure Mode Human Curated SOP

CACHE-ED?2 Derived SOP

Field("account_number", type="string", required=True)

Extract Month and Year from Involce Date Eg. Dec 1, 2025

4. Gat Involce Number using the Account Number + Month Yoar
of Invoice Date Eg. 408! BISB0EC2025 (Note: no
space batween he month and ccount number)

To find Account Number use the highlighted area - - .extract_by_anchor("Am: =", direction="nearest", offset=0.0,
e T—— freredgtrore) match="contains")
No Label Prer— Pe— .on_pages{2)
= S — .subset(pattern=r"[A-Z]{3} [A-Z0-9]+")
.disambiguate("first_occurrence")
Field("invoice_month_abbr", type="string")
.derive_from("invoice_date_raw")
o find Involce Number == .subset(pattern=r"~[A-Za-z]{3}")
. = = .transform(case="upper")
1. Gheck i Invaice Numbar is explicitly mentioned in the PP ’
document, Onyolow bekow sape I NOT expicty resart Field("invoice_year_2digit", type="string")
Derived .derive_from("invoice_date_raw")
Information §u Ismos Acsou Rumomr 5. 408 st .subset(pattern=r"\d{4}$")

.subset(pattern=r"\d{2}$"),
Field("invoice_number", type="string", required=True)
.derive_from("account_number_digits", "invoice_month_abbr",
"invoice_year_2digit")
.transform(template="{account_number_digits}{invoice_month_abbr}
{invoice_year_2digit}")}

To find Invoice Number

1. Consider the highlighted header level
umber and NOT the
line lavel accurrences

Disambiguation

Field("invoice_number", type="string", required=True)

.extract_by_key("INVOICE NUMBER", "invoice number",
match="contains")

.or_extract_by_anchor{"INVOICE NUMBER:", direction="right",
offset=0.3)

.disambiguate("first_occurrence")

Figure 12: Human-curated vs. CACHE-ED?2 derived SOPs across three failure modes: unlabeled information,
derived information, and disambiguation. The framework produces functionally equivalent extraction logic from

analyst corrections alone.
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Figure 13: Cumulative document volume distribution
across 159 vendors. The top 10 vendors account for
48.5% of volume; the top 50 cover 81.0%.

mat identity).

Results. Each cell is the fraction of the full sys-
tem’s performance retained after removing one
component; lower means a larger contribution. Vi-
sual grounding is the reliability component: with-
out page images the agent retains only 0.270 of
baseline completion, failing on three quarters of
the cohort, with quality high on the surviving docu-
ments. Execution-in-the-loop and HITL feedback

Table 5: Leave-one-out ablation of CACHE-ED2 com-
ponents on a 1,000-document real-world cohort (96 ven-
dors, 115 formats). Each cell reports the ablated con-
figuration relative to the full system: lower means the
removed component contributes more. Full-system ab-
solutes: completion 0.875 (share of documents yielding
a final program under the framework’s fixed agent-step
cap), accuracy 0.980 and extraction rate 0.998.

Configuration Compl. Accuracy Ext. rate
— visual grounding 0.270 0.973 0.994
— execution-in-the-loop 1.000 0.947 0.955
— HITL feedback 1.000 0.829 0.897
— contrastive encoder 1.000 0.999 0.999

are the quality components: single-pass genera-
tion retains 0.947 of accuracy and 0.955 of ex-
traction, most first drafts being correct given Do-
cExDSL’s schema-driven specification, with the
execute-verify-refine loop repairing the drafts that
fail; removing HITL is the largest quality loss
(0.829 and 0.897), since fields governed by busi-
ness operating procedures rather than the document
surface (the introduction’s due-date and account-
number cases) are corrected only through analyst
feedback. Completion cells capped at 1.000 mark
ablations that complete at least as often as the full
system (less agentic work, fewer step-cap failures);
their cost surfaces in the quality columns. The
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encoder’s near-unit retention masks substantial ex-
posure: 21 of the 87 vendors completing docu-
ments, including the cohort’s largest, expose mul-
tiple formats and hold 39.7% of completed docu-
ments; a vendor-level program still serves the dom-
inant format, and the oscillation it invites across
the remaining formats concentrates in production’s
high-volume head, where the main text measures
the encoder’s contribution. All results come from
one vertical’s cold-start cohort under a fail-fast step
cap; in production, across seven verticals with dif-
fering extraction requirements and far larger per-
format volumes, each effect compounds, paid on
every subsequent document of the affected format,
with non-completing documents served by retry
and analyst fallback.

I End-to-End Cost and Latency

All calculations use three classes of inputs. Mea-
sured inputs come from a 36,093-document produc-
tion run: serving rates (hit 0.960, miss 0.040, repair
0.313), per-path token means, and the zero-LLM
property of the hit path, verified as zero LLM to-
kens across all 23,937 clean-hit documents. Priced
inputs are on-demand list rates, accessed: the pro-
duction model (Bedrock Claude Sonnet, $3/$15
per million input/output tokens) and OCR (Ama-
zon Textract forms analysis, $0.05 per page; the
run’s documents average 3.5 Textract-billed pages,
measured over 23,481 completed documents un-
der the pipeline’s ten-page processing cap, raw
mean 3.8 pages, median 3).! Latency figures are
serialized single-document anchors and are order-
of-magnitude. Structurally, LLM cost arises only
on the miss path: program synthesis is paid once
per format, and HITL repair is paid per correction
event, and both produce program-level artifacts
reused by every subsequent document of the for-
mat.

Discussion. Every LLM expense is format-level
work while document volume recurs: the $0.46
synthesis event amortizes to $0.00015 per docu-
ment at the observed 3,008 documents per format,
and repair amortizes likewise, since a repaired pro-
gram serves all subsequent documents of its format
and the 31% event rate of this onboarding-heavy
window declines as programs mature. OCR never

"Provider public pricing pages (AWS Bedrock, AWS Tex-
tract) and the Ardent Partners 2025 accounts-payable bench-
mark, accessed 2026-08-29; on-demand list rates without
batch or prompt-caching discounts.

Table 6: Per-document cost and latency by serving path.
Token counts (input/output) are measured means over
the production run; latency figures are serialized single-
document anchors (order of magnitude); costs use the
production model’s list prices; OCR is priced at the
measured mean of 3.5 billed pages per document.

Path / component Latency Tokens Cost
Cache hit (the 96.0% path)
OCR (3.5 pages) seconds n/a $0.174
Encoder inference <1s n/a < $0.01
Deterministic execution ~1s 0 ~$0
End to end ~12s 0 $0.174
Cache miss with synthesis (new format)
ReAct synthesis (~8 calls) 80-128s 117.6K/7.2K $0.461
End to end 2-4 min 117.6K/7.2K $0.634
HITL repair event
Critic analysis 10-16s  8.5K/0.7K  $0.036
Regeneration (~5 calls) 50-80s 32.7K/3.1K  $0.145
Repair total 1-1.6 min 41.2K/3.8K  $0.181

amortizes: $0.17 per document at the measured
page mix, 70% of expected cost against 23% for
repair and 7% for synthesis. The registry was al-
ready warm: only 3.8% of misses required live
synthesis, so the average miss incurred $0.02 of
LLM cost against $0.46 for a genuinely new for-
mat (the table reports the latter). The amortized
expected cost is $0.249 per document ($249 per
1,000; an independent bucket-mixture computa-
tion agrees within $0.01), 38x below the $9.40
manual invoice-processing average, and the steady-
state cache-hit document ($0.17, zero LLM) is 54 x
below. Running the agentic path on every doc-
ument at the same verification rigor would cost
$0.46 of LLM per document, six times the cached
system’s $0.075, which falls toward zero as for-
mats mature, the compounding mechanism of Sec-
tion 4.3. Provider choice moves the result only
within $0.18 to $0.25 per document because OCR,
not model price, dominates. The remaining levers
split: LLM-side, steady-state repair rates, batch
and prompt-caching discounts (up to 50% and 90%
of list prices), and smaller or fine-tuned synthesis
and repair models (DocExDSL constrains their out-
put space); OCR-side, lighter analysis tiers (text
detection at $0.0015 per page versus $0.05 forms
analysis) and page-selective processing.
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