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Abstract

Bank statements are the primary evidentiary
record in financial auditing, yet they reach
auditors as heterogeneous PDFs—some dig-
itally typeset, others scanned—transcribed by
hand into spreadsheets and interrogated with
brittle macros. We describe a system, built
with and deployed for an industry partner, that
replaces this workflow with (i) a multi-tier
parser—a relational data conversion pipeline
that routes digital pages to a deterministic ta-
ble extractor (PyMuPDF) and scanned pages
to an OCR/layout service (LlamaParse), stan-
dardizes column headers to a canonical schema,
and repairs extraction errors with a balance-
equation reconciliation engine; and (ii) a
natural-language-to-SQL query layer over the
resulting database, whose design choices we
evaluate by varying context injection. On 23
real statements (20 banks, 1,672 transactions)
the pipeline attains 0.9952 transaction-level
accuracy. We compare five context-injection
strategies across two model generations on 150
auditing queries with hand-authored gold SQL,
scored by execution accuracy. Grounding the
model on our parser’s structured context con-
sistently helps, whereas raw-text context can
degrade accuracy below the Zero-Context base-
line; the benefit of self-correcting scaffolding
and retrieval, while real, shrinks as the base
model improves, so model choice often domi-
nates agent complexity on simple schemas. We
release code, two privacy-preserving sample
statements, and a sample query set.!

1 Introduction

In financial auditing, a client’s bank statements are
treated as ground truth: they are the record against
which ledgers are reconciled, anomalies are inves-
tigated, and compliance is checked. Before any of
that analysis can begin, however, the statements
must be turned into data. In practice this first step

1https://github.com/ahemtiaz/
auditing-bank-statement-pdfs

anindya_igbal@yahoo.com

is done manually: working with an industry part-
ner that audits companies, we observed auditors
copying tables out of statement PDFs—or running
third-party PDF-to-Excel converters—and query-
ing the resulting spreadsheets with Excel macros
and formulas. The approach is slow, it scales poorly
to multi-page statements, and its reliability depends
on the individual auditor’s spreadsheet skill; small
layout or scanning artifacts silently break macros
and corrupt the transaction log on which conclu-
sions rest, and nothing verifies that the transcribed
ledger is internally consistent.

Two distinct technical problems are entangled
in this workflow. The first is ingestion: statements
arrive in many bank-specific layouts and in two
modalities—digitally typeset PDFs with selectable
text, and scanned images—so no single extraction
method suffices, and raw extraction alone is not
enough: optical character recognition introduces
sign, decimal, and column-ordering errors that vi-
olate the statement’s arithmetic. The second is
access: auditors are domain experts, not SQL pro-
grammers, and the questions they ask (dormancy
gaps, recurring disbursements, clearing narratives)
are awkward to express as spreadsheet formulas
and error-prone to compute by hand. Large lan-
guage models offer a natural interface for the sec-
ond problem, but using them to compute answers
directly is unattractive—numerical reasoning over
long contexts is unreliable (Chen et al., 2021), and
an auditor needs an answer that can be re-derived
and inspected, not a free-text claim.

We address both problems with a single design
principle: convert first, then query. Stage 1 is a
multi-tier parser that transforms statement PDFs
into clean, validated rows in a relational database;
Stage 2 exposes that database to auditors through a
natural-language-to-SQL (NL-to-SQL) query layer,
so that every answer is the result of an executable,
auditable query rather than a generated assertion.
The parser is the system’s central engineering arti-
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fact; the query layer is built from standard compo-
nents, which makes it a controlled setting in which
we ask a question of independent practical interest:
how much does it actually matter where and how
we inject context into an NL-to-SQL agent? We
evaluate five strategies that differ only in the place-
ment of context—Zero-Context generation, a self-
correction loop driven by execution feedback, re-
trieval of parsed structured context, retrieval of raw-
text context, and a self-correcting parsed-retrieval
combination—and we measure their effect on an-
swer correctness across two model generations.
This paper makes the following contributions.

* A multi-tier parser for heterogeneous real-
world bank statements that combines scan-
aware tier selection, header standardization to
a canonical relational schema, and a balance-
equation reconciliation engine that repairs
OCR artifacts; on 23 real statements it at-
tains 0.9952 transaction-level accuracy (Sec-
tion 6.1).

* An execution-based evaluation harness for
NL-to-SQL over noisy financial data, using
rounding-free maximum-bipartite row match-
ing, alias-robust column alignment, and tie-
tolerant order checking (Section 5).

* An empirical evaluation of five context-
injection strategies across two model gener-
ations on 150 auditing queries, yielding two
transferable findings: parsed structured con-
text helps while raw-text context can hurt, and
the marginal value of self-correcting scaffold-
ing shrinks as the base model improves (Sec-
tions 6.3 and 7).

* A released artifact: the pipeline and query-
ing code, two privacy-preserving sample state-
ments, and a sample query set, together with a
qualitative analysis of failure modes observed
on real audit queries (Section 6.4).

2 Background and Related Work

Document and table extraction. Extracting ta-
bles from PDFs is a long-standing problem with
two regimes. For digitally typeset documents, ge-
ometric tools recover cell structure from text and
ruling lines; PyMuPDF (Artifex Software, Inc.,
2024) and Camelot (Mehta et al., 2021) are rep-
resentative. For scanned documents the problem
becomes image-based table detection and structure

recognition, studied through benchmarks such as
TableBank (Li et al., 2020) and PubTabNet (Zhong
et al., 2020b) and layout-aware models such as Lay-
outLM (Xu et al., 2020); document-image question
answering is benchmarked by DocVQA (Mathew
et al., 2021). Our pipeline does not introduce a
new extraction model; it composes a determinis-
tic extractor and a commercial OCR/layout service
behind a scan-aware router, and contributes a recon-
ciliation stage that exploits the arithmetic of bank
statements to detect and repair extraction errors.

Financial document understanding. Ques-
tion answering over financial documents—
FinQA (Chen et al., 2021) and TAT-QA (Zhu et al.,
2021)—has shown that numerical reasoning over
tabular and textual content is difficult for language
models, motivating our decision to push computa-
tion into SQL rather than have the model compute
answers. The closest prior work is El Bachyr et al.
(2026), who empirically evaluate PDF parsers and
chunking strategies for financial question answer-
ing with retrieval-augmented generation. We share
their domain and their interest in how parsing
choices affect downstream accuracy, but rather
than answering questions by retrieval over parsed
text, we convert statements into a queryable rela-
tional database and study NL-to-SQL agents over
it. Their findings on parser and embedding choices
inform our unstructured-retrieval baseline.

Text-to-SQL and execution-based evaluation.
NL-to-SQL is benchmarked by Spider (Yu et al.,
2018), BIRD (Li et al., 2023), and the earlier Wik-
iSQL (Zhong et al., 2017). Because semantically
equivalent queries can differ syntactically, the field
evaluates with execution accuracy, comparing the
result sets of predicted and gold queries rather than
strings; distilled test suites further reduce false neg-
atives (Zhong et al., 2020a). BIRD in particular tar-
gets large, noisy real-world databases, the regime
our statements occupy. Our evaluation follows this
execution-based tradition and adapts it to the nu-
meric, order-sensitive results that auditing queries
return.

LLM SQL agents, self-correction, and retrieval.
Recent NL-to-SQL systems prompt large language
models with decomposition and in-context exam-
ples (DIN-SQL (Pourreza and Rafiei, 2023), DAIL-
SQL (Gao et al., 2024), C3 (Dong et al., 2023)),
add self-correction from execution feedback (Self-
Debugging (Chen et al., 2024b)), or orchestrate
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multiple roles (MAC-SQL (Wang et al., 2023),
CHASE-SQL (Pourreza et al., 2024)), building on
general agentic patterns of iterative self-feedback
and reasoning-with-acting (Madaan et al., 2023;
Yao et al., 2023; Shinn et al., 2023). Retrieval-
augmented generation (Lewis et al., 2020) with
dense retrieval (Karpukhin et al., 2020) and strong
multilingual embeddings (Chen et al., 2024a) is the
standard way to ground a model in external context.
Our five strategies form a controlled ablation over
these ideas—validator loop on/off, retrieval on/off,
structured vs. unstructured corpus—so that indi-
vidual contributions can be measured rather than
bundled into a single best system.

3 The Multi-Tier Parser

The parser (Stage 1) transforms a statement PDF
into a table of validated transactions in four steps—
per-document metadata extraction, scan-aware
multi-tier ingestion, header standardization, and
balance reconciliation—and loads the result into a
relational database equipped for text search.

3.1 Metadata extraction

From the first page the parser extracts document-
level metadata with a vision-capable model
(gemini-2.5-flash): the bank name, account
number, the exact column headers of the trans-
action table, the headers denoting credit, debit,
and running balance, and the opening balance.
These values drive the remaining steps: the header
set fixes the expected column count, and the
credit/debit/balance identification and opening bal-
ance drive reconciliation.

3.2 Scan-aware multi-tier ingestion

Each page is routed to one of two extractors (Al-
gorithm 1). A page is treated as scanned if its
first embedded image covers ~100% of the page
area or if it contains no extractable text. Digital,
tabular pages are handled by Tier 1, a determin-
istic grid extractor (PyMuPDF’s ruling-line table
finder), which recovers cell structure exactly when
the layout is clean and the recovered column count
matches the metadata header set. When Tier 1
yields no usable table—a scanned page, or a digi-
tal page whose layout defeats grid extraction—the
page falls back to Tier 2, a commercial OCR/layout
service, LlamaParse (Llamalndex, Inc., 2024), run
in an agentic mode, instructed with the known num-
ber and names of columns; it uses a stronger back-
bone for scanned pages (anthropic-sonnet-4.0)

Algorithm 1 Multi-tier statement parsing

Require: statement PDF D
Ensure: standardized transaction table T’
1: M < EXTRACTMETADATA(pagey(D)) ©
headers, credit/debit/balance, opening balance
2: pages <+ ||
3: for each page pin D do
4: if "-ISSCANNED(p) and GRIDTABLES(p)
has a table with |cols| = |M .headers| then

5: R < PARSEGRID(p, M) > Tier 1:
deterministic
6: else
7: R < PARSEOCR(p, M) > Tier 2:
OCR/layout
end if
R < DROPINVALIDROWS (R, M)
10: if R starts with a continuation row (no nu-

meric columns) then

1: merge R[0] into last transaction of
pages; drop R|0]

12: end if

13: append R to pages

14: end for

15: T <~ STANDARDIZE(FLATTEN(pages)) >
Section 3.3

16: T' < RECONCILE(T, M.openingBalance) >
Algorithm 2

17: T' <~ POSTPROCESS(T)
rows; normalize debit sign

18: return T'

> drop null-date

than for digital pages (anthropic-sonnet-3.5).
A transaction description that wraps across a page
boundary (a leading row with text but no numeric
columns) is merged back into the previous page’s
final transaction.

3.3 Header standardization

Banks label the same concept differently—
Withdrawal, Dr, and Debit Amount all denote a
debit; Deposit and Cr denote a credit; Narration,
Particulars, and Description denote the same free-
text field. The pipeline maps each raw header
to a canonical column by matching it against a
library of header patterns, and supports compos-
ite headers (e.g., “Date and Time”) and combined
debit/credit columns. The canonical schema col-
lects the transaction fields actually present across
our corpus—date and value date, time, serial,
cheque and several instrument/reference identifiers,
transaction type and code, description, debit, credit,
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bank name, branch, and account number—and
discards columns no bank populates. Standard-
ization makes a single schema—and hence a sin-
gle query interface—possible across heterogeneous
statements.

3.4 Balance reconciliation

Extraction is not trusted blindly. Every statement
satisfies the running-balance identity

Balance; = Balance;—1 + Credit; — Debit;, (1)

and the reconciliation engine (Algorithm 2) uses it
as an internal consistency check on the extracted
rows. When a row violates Eq. (1) the engine at-
tempts a fixed sequence of targeted repairs, each
motivated by a recurring OCR failure: sign inver-
sion (a misread minus sign on a credit, debit, or
balance), decimal-position correction (a comma
read as a thousands separator rather than a decimal
point, or vice versa), and a credit/debit swap (two
adjacent money columns transposed). A repair is
accepted only if it restores Eq. (1). Rows that can-
not be reconciled are then tested against benign
explanations—an opening-balance line with no ac-
tivity, or a fragment with no date—and dropped if
they match; anything still unreconciled is flagged
rather than silently kept. This stage is the pipeline’s
main defense against extraction errors passing
silently into the audit record.

3.5 Relational store and text search

Reconciled transactions are loaded into a Post-
greSQL table. To support the substring and key-
word matching that auditing queries require, the
schema adds a generated column concatenating
the textual fields, normalized to lower case with
accents removed; a trigram GIN index on this col-
umn makes substring search efficient. Crucially,
only this derived search column is normalized; the
base columns retain the casing produced by extrac-
tion. This has a direct consequence for the query
layer—queries that filter base columns by exact
string value are exposed to casing mismatches—
which we return to in the failure analysis (Sec-
tion 6.4).

4 Design Choices in the NL-to-SQL
Query Layer

Stage 2 answers a natural-language question by
generating and executing SQL over the database,
returning every answer together with the query

Algorithm 2 Balance reconciliation and recovery

Require: ordered transactions 7', opening balance
bo
1: prev < by
2. for each row r in T with credit ¢, debit d, bal-
ance b do
3: ifc=0Ad=0o0rc>0Ad> 0 then
drop r; continue

4: end if

5: exp < prev+c—d

6: if b % exp then

7: if 3 sign flip (¢, d’, ') of (¢, d, b) with
b’ = prev + ¢ — d’ then apply it

8: else if 3 decimal-shift variant (¢/, d’, b')
with b/ = prev + ¢ — d’ then apply it

9: else if b ~ prev + d — c then swap
credit and debit

10: else if r is the first row A b =~ by then
drop r > opening balance

11: else if r has no date-convertible cell
then drop r > header/margin noise

12: else mark r as failing validation

13: end if

14 end if

15: prev < b

16: end for

17: return T’

that produced it so that it can be re-derived and
inspected. Each strategy is built from standard NL-
to-SQL components; the design choice we evalu-
ate is where contextual information enters the sys-
tem. We hold the underlying model, schema, and
database fixed and vary context injection along
three axes: whether a self-correction loop con-
sumes execution feedback; whether retrieved con-
text is supplied to the generator; and, when it is,
whether that context comes from our parser out-
put or from raw statement text. The five resulting
strategies are summarized in Table 1.

4.1 The self-correction loop

The self-correcting strategies wrap generation in
a bounded self-correction loop (Algorithm 3). A
generator proposes a query; the system executes it
safely (write statements are rejected, and the pro-
posed query is first run as a row-limited subquery
together with a count) and passes the query, its pre-
view rows, and the row count to a validator. The
validator either approves the query—in which case
it is executed in full and its result returned—or re-
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Strategy Validator Retrieval Corpus
Zero-Context SQL - - -
Unstructured RAG-SQL - gen.  raw text
Structured RAG-SQL - gen.  parsed rows
Self-Correcting SQL loop - -
Self-Correcting loop  gen.+val. parsed rows

Structured RAG-SQL

Table 1: The five context-injection strategies, cate-
gorized by execution paradigm (single-shot vs. self-
correcting) and retrieval source. Parsed rows are our
Stage 1 parser output; raw text is pdfplumber text over
the same PDFs.

jects it and optionally supplies a corrected query,
which is executed and adopted if it succeeds. Ex-
ecution errors and validator feedback accumulate
across iterations, and the loop runs for at most five
attempts before returning a best-effort result. The
single-shot strategies omit the loop entirely: the
generator’s single query is executed once and re-
turned. We omit the generator’s and validator’s in-
ternal prompt rules, which are low-level and not the
object of study; the loop structure in Algorithm 3
is what differentiates the strategies.

4.2 Structured and unstructured retrieval

The retrieval strategies supply the generator with
the top-k chunks most similar to the question, re-
trieved by a dense embedding model, BAAl/bge-
m3 (Chen et al., 2024a), over a FAISS index (John-
son et al., 2021); the Self-Correcting Structured
RAG-SQL strategy additionally exposes the re-
trieved context to the validator. The two retrieval
corpora are built to be identical in every respect
except their source. The structured corpus chunks
our parser output directly: transaction rows are se-
rialized to CSV, grouped by statement and page,
and packed into fixed-size chunks. The unstruc-
tured corpus chunks the raw text extracted from
the same PDFs by a general-purpose text extractor,
pdfplumber (Singer-Vine et al., 2024). Because
the embedding model and index are shared, any
difference in downstream accuracy between the
two retrieval strategies is attributable to the corpus
alone; this controlled contrast is the basis for the
parser-quality claim we test in Section 6.2.

5 Evaluation Methodology

Dataset. Our evaluation data come from the in-
dustry partner. The corpus comprises 23 statements
drawn from 20 banks, totaling 75 pages and 1,672
transactions; of these, 11 statements (8 banks) are

Algorithm 3 Generator—validator self-correction
loop (self-correcting strategies)

Require: question ¢, schema .S, optional retrieved
context X; max attempts =5
needGen < TRUE; ¢* <+ L
for attempt =1... K do
if needGen then
g < GENERATE(q, S, X, history) >
returns reasoning, query

B s

5: (ok, rows,n) —
SAFEEXECUTE(g.query)
6: if —ok then log error; needGen <
TRUE; continue
end if
q* < g.query; needGen < FALSE
: end if
10: v <— VALIDATE(q, ¢*, rows,n, X)
11 if v.approved then return EXECUTE(q")
> full result
12: end if
13: q <+ v.correctedQuery if present else ¢*
14: (ok, rows,n) < SAFEEXECUTE(q')
15: if ok then ¢* < ¢'; needGen < FALSE
16: else log error; needGen < TRUE
17: end if
18: end for

19: return best-effort result

digitally typeset and were parsed by Tier 1, and 12
statements (12 banks) required Tier 2. Because the
statements contain confidential financial informa-
tion, neither the raw documents nor the full ques-
tion workload can be released; for reproducibil-
ity we instead release the full code, two sample
statements (one per tier) whose identifying con-
tent is mutated to preserve privacy, and a sample
query set, at https://github.com/ahemtiaz/
auditing-bank-statement-pdfs. The query
workload is 150 natural-language auditing ques-
tions, each paired with a hand-authored gold SQL
query; some questions were contributed by the part-
ner’s auditors, and eighteen are order-sensitive (a
ranking or chronological sequence). Gold result
sets are produced by executing the gold SQL once
against the database.

Metric. We evaluate at the level of query result
sets, following the execution-accuracy tradition of
Spider (Yu et al., 2018; Zhong et al., 2020a) and
BIRD (Li et al., 2023). For a predicted result Dyeq
and gold result Dy, we count true positives as the
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size of the maximum bipartite matching between
predicted and gold rows, where two rows match if
their non-numeric cells are equal and their numeric
cells agree within a tolerance of 0.01; tolerance
matching, rather than rounding, avoids boundary
errors. Columns are aligned by name when the
predicted and gold header sets coincide and posi-
tionally otherwise, so that a model is not penalized
for harmless alias differences; a mismatch in col-
umn count is a full miss. From the matching we
report set-based precision, recall, F1, and Jaccard
index. Our primary metric is execution accuracy:
a binary indicator, per question, that the predicted
result is identical to the gold result as a multiset
and, for order-sensitive questions, respects the gold
ordering up to ties. We aggregate each metric as an
unweighted mean over the 150 questions.

Models and configuration. We run
the full evaluation on two  model
generations, gemini-2.5-flash and
gemini-3.5-flash-preview, under identical
prompts and agent configurations. Generation
is configured for determinism (temperature 0, fixed
seed, no auxiliary “thinking” budget, structured
JSON output). The retrieval depth is k=3 for
the single-shot retrieval strategies and k=1 for
the Self-Correcting Structured RAG-SQL strat-
egy. Jurisdiction-specific localization assumptions
(weekend days, fiscal-year boundary) are supplied
as configuration rather than hard-coded.

Parsing ground truth. Extraction accuracy is
assessed by a manual, row-level check (in most
cases cell by cell) of each parsed transaction against
the source statement. We report accuracy weighted
by transaction.

6 Results

6.1 Parser extraction accuracy

Table 2 summarizes Stage 1 accuracy. Across
all 1,672 transactions the parser correctly extracts
1,664, for an overall transaction-level accuracy of
0.9952. The deterministic Tier 1 (PyMuPDF) is
exact on every digital statement (702/702 trans-
actions), confirming that for clean, ruled layouts
a geometric extractor needs no probabilistic com-
ponent. The OCR Tier 2 (LlamaParse) reaches
0.9918 (962/970), accounting for all eight errors
in the corpus: six transactions missed on one state-
ment, and two spurious rows (an opening-balance
line and one stray row) introduced on two others.

Tier Statements Transactions Accuracy
Tier 1 (PyMuPDF) 11 (8) 702 1.0000
Tier 2 (LlamaParse) 12 (12) 970 0.9918
Overall 23 (20) 1,672 0.9952

Table 2: Stage 1 extraction accuracy, weighted by trans-
action. Parenthesized counts are distinct banks.

System Macro F;
Self-Correcting SQL 0.998
Zero-Context SQL 0.888
Structured RAG 0.732
Unstructured RAG 0.509

Table 3: Preliminary study (50 questions): NL-to-SQL
agents vs. pure retrieval QA, macro I} . RAG systems
emit a free-text answer; SQL agents emit an executed
query. Structured RAG retrieves from our Stage 1 parser
output, Unstructured RAG from pdfplumber text over
the same PDFs; embedder and index are identical, so
the gap isolates corpus quality. Best in bold.

Two points follow: routing clean pages to a deter-
ministic extractor, rather than sending everything
to OCR, removes a large class of potential errors
at no cost; and the reconciliation engine matters
precisely in the OCR regime, where the residual
errors concentrate. A granular per-bank breakdown
of extraction performance across all 23 statements
is provided in Appendix A (Table 5).

6.2 SQL agents vs. retrieval QA

We first ask whether NL-to-SQL is the right tool at
all, and whether our conversion pipeline helps. We
ran a preliminary study on a 50-question subset cho-
sen to be answerable by pure retrieval-augmented
question answering: each question needs only a
handful of context chunks and little arithmetic, so a
text-based RAG system that emits an answer rather
than a query is not handicapped by context-window
limits or numerical reasoning. We compare two
NL-to-SQL agents against two pure RAG systems
by macro F; (Table 3). This study preceded the
main experiment and is reported as motivating evi-
dence rather than a controlled comparison on the
full workload.

Two results emerge. First, even on questions
deliberately chosen to favor retrieval QA, the NL-
to-SQL agents (Zero-Context and Self-Correcting
SQL) are far more accurate than answering from
retrieved text: pushing computation into an exe-
cutable query avoids the numerical and aggrega-
tion errors that plague free-text answers. Second,
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structured RAG (0.732) substantially outperforms
unstructured RAG (0.509). Because the two sys-
tems differ only in their corpus, this gap is evidence
that the structured representation our pipeline pro-
duces is a markedly better grounding source than
raw statement text. These two findings justify the
design of the main system: query, rather than an-
swer; and ground on parser output.

6.3 Context injection across model
generations

Table 4 reports the five strategies on the full 150-
question workload under both model generations.
The Self-Correcting Structured RAG-SQL strategy
achieves the highest execution accuracy under both
models (88.67% and 95.33%), and every database-
backed strategy improves substantially from the
older to the newer model. Three patterns hold
across both models.

Parsed structured context helps; raw-text con-
text can hurt. Adding parsed structured context
to the zero-context baseline raises execution ac-
curacy in both generations (Zero-Context SQL
— Structured RAG-SQL: 84.67 — 87.33 and
92.67 — 94.67). Unstructured text context does
the opposite at the newer generation: Unstructured
RAG-SQL (92.00%) falls below the Zero-Context
SQL baseline (92.67%). Injecting raw statement
text introduces layout noise and irrelevant tokens
that can mislead the generator, whereas the clean,
schema-aligned parsed context reinforces correct
value and column choices—mirroring Section 6.2
and again pointing to the conversion pipeline as the
source of value.

Self-correction helps. The self-correction loop
improves the zero-context strategy under both mod-
els (Zero-Context SQL — Self-Correcting SQL:
84.67 — 88.00 and 92.67 — 93.33). The val-
idator’s main value, as the failure analysis shows,
is catching queries that execute without error but
return logically wrong or empty results.

The margins are small and shrink as the model
improves. The gap between the simplest database-
backed strategy (Zero-Context SQL) and the most
elaborate (Self-Correcting Structured RAG-SQL)
is only 4.00 points of execution accuracy under
gemini-2.5-flash, and it narrows to 2.66 points
under gemini-3.5-flash-preview. Because a
single bank statement is naturally represented as
one flat table, the schema is simple and even the
zero-context generator gets most queries right on
the first attempt; as the base model’s out-of-the-box

reasoning improves, the headroom that scaffolding
can recover shrinks.

6.4 Failure modes

Four failure cases explain the bulk of the diver-
gence between strategies and tie directly back to
design decisions in Stages 1 and 2.

Case A (all strategies fail). Asked to detect re-
curring identical disbursements (the same account
paying the same description the same amount three
or more times, a ghost-vendor check), every strat-
egy failed under both models. The cause is a data-
quality issue rather than a reasoning failure: the
parser records missing description cells as the lit-
eral string ’None’, and all strategies grouped those
rows together as a real payee instead of excluding
them. No amount of context injection helped, be-
cause every strategy shared the same flawed view
of the data: the ultimate ceiling is set by data clean-
liness, not by agent architecture.

Case B (casing; Zero-Context SQL fails, others
recover). Asked for per-account dormancy gaps
at a specific bank, the Zero-Context SQL strategy
filtered with an exact-case equality (bank_name
= ’Bank Alpha PLC’) while the database stores
the name in upper case, returning zero rows. The
Self-Correcting SQL strategy detected the empty
result and rewrote the filter to be case-insensitive;
the Structured RAG-SQL strategy retrieved context
showing the stored upper-case value and generated
the correct filter on the first attempt. The same
bug is thus fixed by two different mechanisms—
execution feedback or grounding—and traces to
the Stage 1 decision to normalize only the derived
search column.

Case C (semantics; Structured RAG-SQL’s
grounding wins). Asked for the total “fund trans-
fer” value at a bank, the Self-Correcting SQL strat-
egy summed all credits and missed the require-
ment that the transaction be a fund transfer; Self-
Correcting Structured RAG-SQL, grounded in re-
trieved examples of the relevant narratives, added
the correct text filter: retrieval supplies domain
knowledge that execution feedback alone cannot.
Case D (validation catches a logical error).
Asked to catalogue clearing-related narratives, the
Structured RAG-SQL strategy grouped the rows
but failed to exclude the ’None’ placeholder; the
Self-Correcting Structured RAG-SQL strategy’s
validator inspected the result, recognized the place-
holder rows, and added the exclusion: the valida-
tor’s value lies in scrutinizing results that execute
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gemini-2.5-flash

gemini-3.5-flash-preview

Strategy EX Fy Jacc. Prec. Rec. EX Fy Jacc. Prec. Rec.
Zero-Context SQL 84.67 92.43 9146 9231 95.15 9267 97.77 97.17 97.64 98.46
Unstructured RAG-SQL 8533 91.92 91.24 92.60 9224 92.00 96.42 9598 96.20 97.78
Structured RAG-SQL 87.33 9393 93.25 9437 9496 94.67 98.77 98.41 99.30 99.11
Self-Correcting SQL 88.00 9532 94.04 9547 9692 9333 9839 97.87 98.38 98.82
Self-Correcting Structured RAG-SQL  88.67 94.73 93.99 94.83 9495 9533 98.34 97.99 9857 98.75

Table 4: Main results: five context-injection strategies on 150 auditing queries, under two model generations.
Structured strategies retrieve from our Stage 1 parser output; Unstructured retrieves from pdfplumber text over the
same PDFs. EX = execution accuracy; remaining columns are macro-averaged. Best EX per model in bold.

cleanly but are logically incomplete, a failure no
syntax check would catch.

7 Discussion

Our results suggest practical guidelines for teams
building LLM-backed querying over converted doc-
uments. The first concerns representation: both the
preliminary study and the main experiment show
that grounding the model on our parsed relational
representation outperforms answering over, or re-
trieving from, raw text, and that raw-text context
can actively hurt; the investment in faithful con-
version therefore pays off twice, in answer quality
and in auditability. The second concerns how much
scaffolding to add. On a simple, flat schema the
Zero-Context generator is already strong, and the
incremental value of retrieval and self-correction
shrinks as base models improve. For such schemas,
upgrading the model is often a better use of ef-
fort than elaborate scaffolding; retrieval and the
validator earn their keep on specific failure modes—
casing mismatches, which grounding fixes, and
logically wrong or empty results, which the val-
idator catches—rather than as a uniform accuracy
gain. The third concerns data quality: the failures
that defeated every strategy stemmed from a place-
holder value in the extracted data, not any model’s
reasoning; cleaning the conversion output would
lift every strategy at once.

8 Conclusion

We presented a system that turns heterogeneous
bank-statement PDFs into an auditable relational
database and lets auditors query it in natu-
ral language. The conversion pipeline—scan-
aware tier selection, header standardization, and
balance-equation reconciliation—reaches 0.9952
transaction-level accuracy on 23 real statements.
Evaluating five agent configurations over that
database, we found that grounding on parsed struc-

tured context reliably helps, raw-text context can
hurt, and the benefits of self-correction and re-
trieval, though real, shrink as the base model im-
proves; on simple schemas the investment is best
spent on faithful conversion and data quality, with
scaffolding reserved for the failure modes it demon-
strably fixes. Future work includes extending de-
terministic extraction to more layouts, generalizing
beyond one jurisdiction, and a generator of syn-
thetic yet reconciled statements for privacy-safe
benchmarking.

Limitations

Execution accuracy can over-credit a query that
returns the right rows for the wrong reason, and
under-credit harmless formatting differences. We
mitigate the latter with alias-robust column align-
ment and tie-tolerant ordering, and the former by
requiring exact multiset identity of results; still,
the metric measures answer correctness, not query
intent.

Commercial LLMs behind an API can be up-
dated over time and are not perfectly deterministic;
we fixed temperature and seed and ran both model
generations under identical agent configurations,
but did not perform repeated runs or significance
testing; small differences between strategies are
suggestive rather than conclusive.

The study covers one domain, one jurisdiction,
one industry partner’s data, and two closely re-
lated closed models. The flat single-table schema
is what makes the Zero-Context baseline so strong
and the self-correction gains so small; on richer
multi-table schemas the balance may shift and our
ceiling-effect claim should not be extrapolated. The
pipeline’s geometric and reconciliation heuristics
are likewise tuned to the layouts we observed.
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Bank / Institution Files Pgs Tx  Acc.
Tier 1: Deterministic Grid (PyMuPDF)

Al-Arafah Islami Bank 1 6 148  1.000
Bank Asia 1 3 62 1.000
NRB Bank 1 6 191 1.000
Premier Bank 1 3 48  1.000
Social Islami Bank 1 3 53  1.000
Sonali Bank 1 8 162 1.000
Standard Bank 4 4 19 1.000
United Commercial Bank 1 2 19 1.000
Tier 1 Subtotal (8 banks) 11 37 702 1.0000
Tier 2: OCR / Layout (LlamaParse)

Agrani Bank 1 2 100 1.000
Citizens Bank 1 3 12 1.000
Dutch-Bangla Bank' 1 11 273 0978
EXIM Bank 1 2 41  1.000
IFIC Bank 1 2 11 1.000
Islami Bank Bangladesh 1 6 196 1.000
Janata Bank 1 3 148  1.000
NCC Bank 1 3 73 1.000
NRBC Bank 1 2 31 1.000
Pubali Bank? 12 32 0970
Shahjalal Islami Bank® 1 2 32 0970
Uttara Bank 1 2 21 1.000

Tier 2 Subtotal (12 banks) 12 38 970 0.9918
Total / Overall (20 banks) 23 75 1,672 0.9952

Table 5: Stage 1 extraction accuracy across the 23-
statement corpus (20 institutions). Errors: T6 missed
transactions on an 11-page statement due to faint grid
rulings; *1 spurious row from balance carryover header;
§1 spurious row from multi-line wrapped narration.

A Per-Bank Extraction Accuracy

Table 5 reports per-bank extraction accuracy across
the 23-statement corpus (20 banks in Bangladesh),
expanding upon Section 6.1 (Table 2). Each state-
ment was manually verified row-by-row against
the original PDF for date, description, debit, credit,
and running balance arithmetic. Across all 1,672
transactions, 1,664 were extracted exactly (0.9952
accuracy). Tier 1 (PyMuPDF) was exact on all 8
digital institutions (702/702 transactions).

All eight errors occurred in Tier 2 (Llama-
Parse), concentrated in three banks: (i) Dutch-
Bangla Bank (6 omissions on an 11-page scan
where faint rulings merged multi-line narrations);
(ii) Pubali Bank (1 spurious row from an opening-
balance banner); and (iii) Shahjalal Islami Bank
(1 spurious row from a split multi-line narration).
These motivate Stage 2 SQL running-balance val-
idation (Balance; = Balance;—; + Deposit, —
Withdrawaly).

B Data Statement: PII and Mutation
Protocol

To prevent disclosure of proprietary client infor-
mation while ensuring reproducibility, the two re-
leased sample statements (PUBALI BANK for Tier 1;
UTTARA BANK for Tier 2) were sanitized under an
exact protocol:

Customer Identities. Account holder, business,
and signatory names were replaced with synthetic
dummy identities (John Doe & Sons, Alexander
Smith). Account numbers, customer addresses, and
telephone/mobile numbers were substituted with
fictitious valid-length data. Public bank and branch
names were retained.

Transaction Narrations. Counterparty accounts,
cheque serials, and inter-bank electronic tracking
IDs (IBFTIN-Tr#) were masked with repeating
dummy digits (e.g., 99999999999, 888888).

Benchmark Fidelity. Original transaction dates,
debit/credit amounts, running balances, vector
line geometries (Tier 1), and scanned OCR noise
(Tier 2) were strictly preserved so that parsing and
NL-to-SQL evaluations remain mathematically and
empirically representative.
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