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ABSTRACT

Unstructured data is pervasive, but analytical queries demand struc-
tured representations, creating a significant extraction challenge.
Existing methods like RAG lack schema awareness and struggle
with cross-document alignment, leading to high error rates. We pro-
pose REDD (Relational Deep Dive), a framework that dynamically
discovers query-specific schemas, populates relational tables, and
ensures error-aware extraction with provable guarantees. REDD
features a two-stage pipeline: (1) Iterative Schema Discovery (ISD)
identifies minimal, joinable schemas tailored to each query, and
(2) Tabular Data Population (TDP) extracts and corrects data using
lightweight classifiers trained on LLM hidden states. A main contri-
bution of REDD is SCAPE, a statistically calibrated method for error
detection with coverage guarantees, and SCAPE-HYB, a hybrid ap-
proach that optimizes the trade-off between accuracy and human
correction costs. Experiments across diverse datasets demonstrate
REDD’s effectiveness, reducing data extraction errors from up to
30% to below 1% while maintaining high schema completeness
(100% recall) and precision. REDD’s modular design enables fine-
grained control over accuracy-cost trade-offs, making it a robust
solution for high-stakes analytical queries over unstructured cor-
pora.
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1 INTRODUCTION

In many applications, including healthcare, finance, and engineer-
ing, the vast majority of the data produced is unstructured (in the
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form of reports, surveys, clinical trials, etc). Data analytics applica-
tions, however, in these domains require the data to be in a struc-
tured format. Consider, for example, analytical queries on the results
of clinical trials for drug side effects or related queries in a financial
domain to report on the top reasons identified for missed earnings
of public companies in certain sectors. These queries may involve
entity alignment, multi-hop reasoning, and statistical aggregation—
tasks that are particularly difficult in the absence of structured
representations. Structured data is also mandated by the strict accu-
racy requirements in these applications. As a result, unstructured
data has to be processed to yield structured information for further
downstream analytical processing.

Motivating Example. Consider the example in Figure 1, which
depicts a natural language query asking for the average treatment
cost by disease for hospitals in New York in January 2024, alongside
a collection of documents, depicted as document chunks for illustra-
tion purposes. These document chunks vary in focus: some describe
treatment details (e.g., costs and diseases) like D1, others provide
hospital metadata (e.g., location) like D2, and some contain patient
profiles, irrelevant to the query, like D3. Answering this query
requires aligning hospital names across document chunks and ag-
gregating costs, a process complicated by the heterogeneous and
fragmented nature of the data. Moreover, the absence of schemas
or explicit semantic information (e.g., entity relationships) further
hinders query answering. These challenges extend across domains-
beyond medical reports to financial filings, legal documents, and
more. Answering query Q in Figure 1 directly from the data in the
document collection is challenging.

Current methods, such as retrieval-augmented generation (RAG)
[22], based on large language models (LLMs), attempt to answer
queries over unstructured data by retrieving top-ranked documents
based on query similarity and generating a response conditioned on
a limited context. This design makes RAG optimized for precision,
but offers limited control over recall—a property that is often more
critical in database-style queries, such as those involving statistical
aggregation and other analytical tasks, across documents as in
Figure 1. Moreover, RAG lacks schema awareness and struggles with
cross-document entity alignment, such as linking hospital names
across documents [32, 42]. State-of-the-art approaches for text-to-
SQL [12] or traditional information extraction techniques [33], rely
on predefined schemas or explicit semantic information, which is
generally unavailable or undefined in unstructured corpora.
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Q Find the avg treatment cost by disease
for each hospital in New York, based on
treatments conducted during January 2024.
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Figure 1: Overview of the query processing pipeline in REDD. Left: a natural-language query and unstructured document chunks. Right: REDD’s core
workflow: (A) schema discovery, (B) data population, and (C) SQL generation/execution (not the focus here). Component (B) includes error correction for

controllable accuracy.

Recent agentic frameworks for unstructured data analysis, in-
cluding DeepResearch [14, 19, 37], DeepSearch [58], and LangChain
[34], enable query-driven document scanning and analysis. How-
ever, their correctness is typically governed by heuristic or empiri-
cally tuned mechanisms, without formal error detection or statis-
tical guarantees. In contrast, our goal is to extract query-specific
structured data and support error-aware analytical queries with
explicit accuracy control.

Relational Deep Dive (REDD) Overview. In this paper, we present
ReDD, (pronounced ‘ready’) our proposed Relational Deep Dive
framework. We aim for fine-grained accuracy control for the speci-
fied query, bridging the gap between raw documents and structured
query execution. REDD integrates schema discovery (if applicable),
structured data population, with error guarantees, and result syn-
thesis in a cohesive pipeline driven by the input query. REDD focuses
on the backend stages illustrated in Figure 1, namely query-driven
schema discovery and structured data population with error guaran-
tees. Figure 1 provides an illustrative decomposition that highlights
where REDD fits; downstream SQL execution is handled by existing
database engines, and text-to-SQL translation can be supplied by
any state-of-the-art approach [12, 23, 44, 54].

The pipeline begins with Iterative Schema Discovery (ISD), which
processes the collection of documents at a suitable granularity (re-
ferred to as document chunks), iteratively refines a candidate set of
tables and attributes, given a query Q, as more document chunks
are processed. This procedure identifies the minimal schema re-
quired to answer Q, and uncovers latent semantic structures such as
shared entities (join keys) across document chunks. For example, in
Figure 1(A), ISD discovers two tables—Treatments and Hospitals—
along with attributes both directly relevant to the query (e.g., treat-
ment cost and disease) and indirectly necessary for alignment (e.g.,
hospital name), even if not mentioned in the query itself. Once
the schema is in place, REDD proceeds to Tabular Data Popula-
tion (TDP). Each document chunk is parsed and converted into
one or more rows across the discovered tables, depending on its
content and relevance to the query Q. As exemplified in Figure 1(B),
chunk D1 populates the first row of the Treatments table, while D2
contributes a row to Hospitals. In contrast, D3 is irrelevant to the
query and therefore does not populate any table. However, due to
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the ambiguity of natural language and the inherent variability of
LLM outputs, extraction errors remain common—especially when
attributes are implicit, phrased inconsistently, or missing altogether.
To combat these challenges, we introduce a downstream correction
module that proactively detects and corrects extraction errors, and
supports human-in-the-loop intervention when required.

To enable this functionality, REDD supports controlled accuracy.
Rather than treating the LLM as an infallible oracle, REDD quanti-
fies extraction uncertainty and selectively corrects low-confidence
outputs through lightweight classifiers trained on LLM hidden
states and ensemble strategies. Specifically, REDD exploits the hid-
den representations (i.e., intermediate layer states) of LLMs, which
encode rich contextual signals. These hidden representations are
used as features for a suite of classifiers that predict extraction
correctness—e.g., incorrect attribute values, wrongly assigned ta-
bles, or missing entries. These classifiers underpin a set of correction
strategies, including ensemble agreement checks, conformal pre-
diction, and fallback re-extraction. When classifier disagreement
or uncertainty is high, we either reprocess the document chunk or
flag it for human-in-the-loop review. This modular design enables
fine-grained control over the accuracy-efficiency trade-off at query
time as we detail in §5.

Finally, to remain robust when a single logical record is frag-
mented across multiple chunks, REDD introduces a consolidation
mechanism: SCHEMAMERGE for aggregating schema evidence and
RowMERGE for document-level row construction, as detailed in §6.

In our experiments across multiple domains, we observe that di-
rect data extraction by LLMs can yield error rates (measured as the
proportion of incorrectly populated rows) of up to 30% on certain
challenging datasets. With REDD’s correction techniques, these
error rates consistently drop below 1%, without requiring schema
supervision or domain-specific rule engineering. These gains under-
score the effectiveness of our end-to-end backend pipeline (schema
discovery and data population) in achieving not only high accuracy
but also controllable extraction quality, even over large-scale un-
structured document collections. This paper makes the following
contributions:

e We present REDD, a query-specific framework for executing
structured queries over unstructured text. REDD dynamically dis-
covers schemas, populates relational tables, and detects/corrects



extraction errors, enabling accurate query answering without
predefined schemas or annotations.

We develop a two-stage schema discovery pipeline that con-
structs minimal, joinable, and query-complete tables. Experi-
ments show that this approach consistently outperforms single-
phase alternatives in schema accuracy and coverage.

We introduce SCAPE (Spatial Conformal Activation Partitioning
for Errors), a statistically calibrated error detection method that
guarantees error coverage (Theorem 5.1) while asymptotically
minimizing human correction cost (Theorem 5.2). We further
propose SCAPE-HYB, which incorporates conflict-aware signals
into SCAPE, preserving calibration guarantees while enabling
flexible recall-cost trade-offs (Theorem 5.3).

Extensive experiments on real-world datasets show that REDD
scales to large document collections and reduces query error
rates from up to 30% to below 1%, demonstrating its effective-
ness in producing query-ready structured data with provable
guarantees.

2 THE REDD FRAMEWORK

REDD proceeds in two stages and transforms unstructured textual
data into query-ready structured tables. The system accepts as in-
put a natural language query ¢ and a collection of unstructured
documents. These documents are segmented into semantically co-
herent chunks, denoted as D = {d;,d,, . .., d,}, where each chunk
d; is a contiguous span of text bounded by semantic discontinuities
(e.g., paragraph breaks). We treat each chunk as the minimal se-
mantic unit of processing. Depending on its content, a chunk may
yield one or multiple rows! distributed across one or more (initially
unknown) tables. The goal of REDD is to (i) discover the latent
schema Sg required to answer g, and (ii) populate that schema
with tuples extracted from D, supporting accurate and error-aware
query execution.

To answer complex analytical queries over unstructured text,
it is often necessary to recover latent structured representations—
namely, relational tables and their schemas—that are not explicitly
present in the input. In some cases (as exemplified by systems such
as Galois [43] and Palimpzest [30]), the schema may be known
or provided (see §8 for details). Although REDD handles this case
naturally, we take a more general and principled approach by en-
abling automated schema discovery. This process is complicated
by several factors:

!For brevity, we assume that each chunk yields one row for illustration. In prac-
tice, REDD naturally supports both one-to-many and many-to-one mappings without
changing the downstream modules. One-to-many arises when a chunk contains
multiple relevant facts and should populate multiple rows (possibly across multiple
tables); this is naturally handled by emitting multiple row candidates from a single
chunk during TDP (§4). Many-to-one commonly occurs under real-world document
revisions (updates/deletes) and redundant evidence, where multiple chunks refer to
the same entity key and should be consolidated into a single row; such conflicts can
be resolved via simple overwrite/priority rules (e.g., latest-wins when metadata is
available) or human verification when needed. We empirically validate these settings
and their trade-offs in §7.4.1 (one-to-many and many-to-one) and §7.3.1 (overall data
population results). Finally, a distinct source of many-to-one mappings arises from
document chunking, where a single logical record in the original document may be
split across multiple chunks, each containing only partial attribute information, even
when the document-to-record relationship is conceptually one-to-one. We address
this case separately in §6 by introducing a Map Reduce-style consolidation mecha-
nism: SCHEMAMERGE for document-level schema discovery and ROWMERGE for
document-level data population from chunk-level fragments.
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e The number of tables, their schemas, and the mapping from
document chunks to tables are unknown a priori.

e The query g may require aggregating information distributed
across multiple latent tables to produce a complete answer.

This setting reflects real-world scenarios where no external schema,

entity linking, or domain-specific annotations are available, and the

query-specific structured tables must be discovered dynamically

from text.

REDD addresses these challenges through its two-stage pipeline:
ITterative Schema Discovery (ISD) and Tabular Data Population
(TDP), which includes an error correction module (see §4-5). The
entire pipeline is driven by the input query g, while also mining
latent semantics across chunks to construct accurate, structured out-
puts. We first detail the Iterative Schema Discovery (ISD) phase (§3),
which produces the query-specific schema Slq). We then describe
the Tabular Data Population (TDP) phase (§4-5), which populates
the schema with data extracted from documents.

3 ITERATIVE SCHEMA DISCOVERY

The goal of Tterative Schema Discovery (ISD) is to derive a relational
schema S} over a collection of document chunks D that contains
the entities and relationships required to answer the query g. ISD
proceeds in two phases: Phase I induces a general (query-agnostic)
schema S%en, and Phase II adapts it into a minimal, query-complete
schema S}. We defer prompt templates and implementation details

to our technical report [11].

Phase I: General Schema Discovery. ISD scans chunks sequen-
tially and incrementally revises an evolving schema state organized
as relational tables (entities/relationships) with lightweight annota-
tions (e.g., short descriptions and representative evidence). Schema
updates are implemented by a prompt-based function Sg and follow
the iterative update rule in Equation (1):

(1)

SE™ = 8o (SEN k), fork =1L
The resulting S%en serves as a comprehensive abstraction over the
corpus and as the structural basis for query-specific refinement.
Phase II: Query-Specific Schema Discovery. Given S, Phase
1I constructs Sg by removing irrelevant tables/attributes and adding
any missing query-critical elements (including implicit join keys).
This phase uses a second prompt-based function Sp and follows
Equation (2):

$7=So (sg_l, di, g, sff“), fork = 1.n @)

We empirically validate the effectiveness of this two-phase design
in §7.2.

Repair Step. As an optional safeguard, we apply a fallback repair
after Phase II to verify that Slq) suffices to answer g, and to trig-
ger additional iterations when incompleteness is detected (details
in [11]).

Performance Considerations. Our schema discovery pipeline
consists of two sequential passes over the document collection:
Phase I constructs an initial schema, and Phase II refines it to the
query intent. While sampling or selective processing could reduce
computation, such optimizations are orthogonal to this work. Our
focus is on establishing whether accurate, query-specific schema



discovery and extraction are feasible independent of hard com-
putational constraints (e.g., token usage [30, 43]). Answering this
question first, instigates future research directions or engineering
optimizations to derive performance efficiency. A detailed explo-
ration of efficiency-oriented enhancements is left to future work
and falls outside the scope of this paper.

4 TABULAR DATA POPULATION

Given a query-specific schema SqD, the Tabular Data Population
(TDP) stage inserts tuples into the schema by extracting structured
data from document chunks. Each chunk dj, is independently pro-
cessed to yield structured rows aligned with the schema semantics.
The TDP stage follows a fixed, two-step pipeline, in which light-
weight, LLM-guided prompt functions extract and format relevant
data?.

e Table Resolver X7. For every chunk di, the resolver selects the

most semantically compatible table Ty € S7:

T = Xr (dk,Sg)), fork=1..n

®)

where T} denotes the identifier of the selected target table.
Attribute Extractor X4. Given the pair (di, Ti), the extractor
iteratively fills each attribute a; € Tj:

vk =Xa (dx,ai, Tx), fork=1.n, a; € Ty

©

where v ; denotes the value of attribute g; extracted from chunk

di.. The resulting tuple (vg 1, .. ., vkm) forms a single row to be

inserted into table Tj.

This procedure extracts, for each chunk, a semantically aligned table
and a complete attribute-value tuple, yielding one structured row
per chunk as the final output of data population. It also generalizes
to one-to-many settings: the table resolver can return multiple
candidate tables per chunk, and the attribute extractor can extract
multiple tuples per table accordingly.

Due to the inherent ambiguity of natural language and the sto-
chastic behavior of LLM outputs, the chunk-wise extraction of at-
tribute values can lead to extraction inconsistencies and errors, such
as incorrect or incomplete attribute values, or even mis-assigned
rows. Relying solely on an LLM in TDP during table population
yields error rates (measured as the proportion of incorrectly popu-
lated rows) of up to 30% on challenging datasets (see §7.3). The TDP
stage, makes local decisions: it processes each document chunk
during data population, one at a time, mapping it to one or more
tables and extracting tuple(s). Lacking a holistic view, TDP cannot
revise earlier decisions based on broader context, making tuple
extraction inherently error-prone. This limitation instigates the
introduction of additional mechanisms to mitigate such errors.

4.1 Error Detection Approaches

While Tabular Data Population (TDP) extracts tuples and populates
query table(s) whose schema is discovered for a query g during ISD,
it may introduce extraction errors due to the inherent uncertainty
of LLM outputs. In high-stakes settings, even a small number of
erroneous entries may lead to incorrect conclusions in downstream
analyses. REDD operation is geared towards a specific query g and

2Concrete prompt templates and implementation details are provided in the accompa-
nying technical report [11].
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it includes mechanisms to identify and correct data extraction er-
rors, ensuring that each relational table entry is grounded in the
source document. Central to our approach towards error-free data
extraction is assessing the trustworthiness of each extracted value,
utilizing small, open-weight LLMs.? Their compact size allows for
local deployment, while being open-weight enables the develop-
ment of specialized, tunable algorithms around them. Based on this
assessment, we decide when to trigger corrective actions and/or
abstain from extracting the value and trigger a human review to
assist our algorithms with extraction. Thus, REDD incorporates a
human-in-the-loop as a first-class primitive.

Before TDP commences, we construct a small labeled dataset,
denoted as D5, which serves as training data for lightweight clas-
sifiers that predict the correctness of extracted values during TDP.
Each entry in Dy is generated by applying the LLM prompts
and using the same LLM model (denoted as MPF) as in the TDP
stage (as defined in Equations (3)-(4)) to a limited set of document
chunks, producing candidate table rows. The ground-truth labels
for these entries can be obtained through one of the following two
approaches:

(1) Human-Verified Labeling: A user manually verifies each
extracted value against the source text, annotating whether it
is correct or incorrect.

LLM-Committee-Based Labeling: A committee of powerful
LLMs (e.g., OpenAl-o03 [39] and Claude-4 [3]) independently
extracts and evaluates the same tuples. The correctness of a
candidate extraction is determined by the consensus of all com-
mittee members: if the initial LLM’s output disagrees with the
committee’s assessment, the committee’s label is taken as the
ground truth, and the extraction is marked as incorrect?.
Formally, let M={Mj, ..., Mg} denote the committee of K powerful
LLMs. For a candidate tuple t extracted by the initial LLM MTPP,
the label y, is assigned as:

@

if ¢ matches majority of M or human confirms,

1
= 5
v {0 otherwise. ©®)

This hybrid approach ensures high-quality labeled data while mini-
mizing reliance on manual annotation. The required size of Dj; is
small, as we demonstrate in §7.3 by varying its size and measuring
its impact on extraction accuracy. These classifiers (§4.2) enable
error detection during the extraction process.

Following error detection, REDD applies error resolution mea-
sures, such as committee-based inference using more powerful
LLMs, or escalation to human verification for low-confidence cases.
Such error resolution methods incur additional cost (e.g., mone-
tary, time burden, etc), and need to be minimized. We refer to this
overhead as human correction cost or cost interchangeably. This

3A key assumption of our framework is that the underlying Large Language Model
(LLM) is inspectable. Our error detection method relies on access to the model’s internal
signals, in particular token-level log probabilities and (more importantly) hidden
representations, which we use to train lightweight classifiers for predicting extraction
correctness. Consequently, REDD requires the use of open-weight models (e.g., Llama
[49], Mistral [17], Qwen [47]) or deployments that expose these internal states. Closed-
source models accessed via black-box APIs, which typically do not expose hidden
representations (and often do not expose token-level probabilities), are currently
incompatible with our correction pipeline.

4To address potential labeling biases, the committee uses diverse, high-capability
LLMs from different model families: this reduces dependence on M™PF, avoiding a
self-reinforcing loop and mitigating the risk of correlated errors [3, 39, 47].



cost is proportional to the number of entries flagged as erroneous,
i.e., those with predicted error label §=1. Notice that in case error
detection instigates false positives (§=1 but the true label y=0), this
adds extra human correction cost (such as human validation of
already correct extractions). Thus, although correct error detection
is important (to minimize false negatives), reducing false positives
is a major design requirement as well.

Our approach deploys a collection of lightweight classifiers utiliz-
ing the hidden states of the LLM (MTPF) to quantify the correctness
of each token output. We will start by introducing notation and
two baseline methods. The first, MV, utilizes majority voting over
the binary outputs of individual classifiers to quantify token-level
correctness. The second, CF, is a conservative refinement of MV
designed to identify strong disagreement among classifier predic-
tions, thereby reducing false positives. We then introduce our main
proposals SCAPE and SCAPE-HYB in §5.

4.2 Error Detection via Latent Representations

A cornerstone of our approach are lightweight binary classifiers
that determines whether each extracted attribute value is correct,
using the LLM’s own hidden representations. LLM internal states
encode rich signals about output truthfulness and correctness [40].
REDD leverages this property to identify extraction errors, building
on prior work demonstrating that hidden states act as high-capacity
features strongly correlated with factuality and correctness, even
when individual dimensions are not directly interpretable [5, 8, 10,
20].

Leveraging LLM Hidden States. As described in §4, for each
document chunk di, the TDP stage first assigns a target table Ty
via the table resolver X7 (Equation (3)), and then extracts attribute
values vy ; using the attribute extractor X4 (Equation (4)). During
these steps, we have full access to the hidden states of the LLM
MTPP_ All LLM outputs (including the assigned table name Ty and
each extracted attribute value vy ;) are generated as sequences of
output tokens. Let W ape = (wi’table, .. .,wl’c',’table) be the token
sequence corresponding to the assigned table name T, and let
Wiattr-i = (w]lC attei w;";ttrii) be the token sequence correspond-
ing to the extracted value ’vk,i for attribute a; (the i-th attribute) in
T. Let k") (w) denote the hidden state at layer I corresponding to a
token w. To obtain a compact representation of the LLM extraction
outputs (for both table names and attribute values), we apply mean-
max pooling across the token-level hidden states at each layer, then
concatenate the pooled vectors:

A = concat (mejan AC) (“’Iz,table)’ m];_ax r® (le,table)) ,

k,table
" (6)
_ () j (D) j
kattr-i — concat (ms-an h (M/ch,attrfi)’ mjax h (Wli,attrfi)) ’
where B €R?d and h'")  eR? denote the layer-I hidden rep-
k,table k,attr-i y P

resentations for table name Tj and attribute value vy ;, respectively.
Here, d is the size of the hidden state of the underlying LLM MTDP,
Since both vectors are computed through identical mean-max pool-
ing operations, share the same dimensionality, and follow the same
procedure to train the per-layer classifiers (introduced in §4.3), we
adopt a unified notation for simplicity. Specifically, we denote each

1844

concatenated hidden representation as hl(clg, where o stands for ei-
ther extracted table names or attribute values. This simplification
relaxes notation without loss of generality. In addition, we use yi o
to refer to the ground truth label of each extraction, indicating
whether the extracted item (table or attribute value) is erroneous
or not. A value of yx =1 denotes an error, while yi ,=0 indicates
correctness.

Let £ denote the set of LLM layers from which hidden states are
extracted. This set may include all layers or a selected subset®, as
recent studies have shown that certain layers encode richer and
more informative signals than others [16, 35]. The aggregated hid-
den representations obtained using Equation (6) are subsequently
used as input features for binary classifiers that predict whether
the corresponding table assignment or extracted attribute value is
likely to be incorrect. These hidden states capture rich contextual
and semantic cues from both the document and the query, making
them an informative signal for spotting inconsistencies or mistakes
in the LLM’s own outputs [10, 20, 40]. The classifiers are trained
using Ds.

4.3 Voting Based Methods: MV and CF

To detect extraction errors from TDP, we begin with a straightfor-
ward but effective baseline: performing majority voting on predic-
tions from classifiers trained on hidden states from each layer.

Layer-wise Error Classifiers. For each LLM layer l€ L, we train
a lightweight binary classifier® f():R??—0,1] to predict if the

O]

hie

nio =1 (k2).

where 7, | is the predicted probability of an error. The classifier

per layer is trained independently using binary cross-entropy loss.

To convert probabilities into binary decisions, a fixed threshold 0
is applied:

extraction associated with hidden state (as in §4.2) is erroneous:

)
(1)

(1
g = (8)

Here, 0 determines the decision boundary of each classifier. Its
choice is typically set arbitrarily (e.g., 0.5) and ignores classifier-
specific mis-calibrations, as well as classifier dependencies.

()
1 [ﬂk’o > 9] .

Majority Voting (MV). MV aggregates the binary predictions g}jj

(I € £) via majority voting. The idea is that if most classifiers agree
an extraction is wrong, it’s likely to be so:

This simple rule effectively denoises isolated errors from individual
classifiers by requiring consensus across layers. However, majority
voting offers no explicit control over the false positive and false
negative rates, making it hard to balance detection accuracy and
correction cost as application demands vary.

Conflict Filtering (CF). While MV relies on agreement, classifier
disagreement can also be informative. CF builds on this idea by mea-
suring how much conflict exists among the layer-wise predictions.

A0 5 Ll

Z Yo 2

leL

AMV:1

Yko ()

SWhen a subset of layers is used to train classifiers for error prediction, the index
refers to the I-th element in L, not the original layer number in the LLM.
®Each classifier is a multilayer perceptron (MLP) with a sigmoid output.



Intuitively, if different layers disagree about whether an extraction
is erroneous, it likely reflects ambiguity or model hesitation. We
define the conflict score x as the number of classifiers that disagree
with the majority vote:
— Al AMV
c= Yy {a) o}
leL

An extraction is flagged as potentially erroneous if the conflict score
exceeds a tunable threshold 7°F:
{QQA})’ if x < 7°F

1, if k > 7CF

(10)

A~CF _
ko —

Empirically, a higher « value signifies a high-conflict case and often
corresponds to true errors, making CF an effective strategy for
reducing false negatives. In contrast, a small k value signifies low
disagreement and points to more confident decisions. The threshold
7CF controls the sensitivity of the CF strategy: a smaller value flags
potential errors even in low-conflict cases, thereby improving recall
by capturing more true errors than MV, but at the cost of increased
false positives and correction overhead.

Limitations. Both methods lack a principled way to control the
trade-off between detection accuracy and correction cost. While CF
introduces a tunable conflict threshold 7°F, its impact on accuracy
and cost is heuristic, with no calibrated semantics or statistical
guarantees. This motivates the development of a more controlled
algorithm with formal error-rate guarantees to be introduced next.

5 ENABLING ERROR DETECTION TRADEOFFS

To address the limitations of the previous methods and enhance
control over the accuracy of error detection and associated error
correction costs, we present two methods, SCAPE and SCAPE-
Hys, to trade off error-detection recall against human correction
cost by leveraging the continuous probabilities of layer-wise error
classifiers.

SCAPE (§5.1): is a statistically calibrated method that quantifies
prediction uncertainty. Its aim is to reduce false negatives (and
thus undetected errors) but may increase false positives in the
process and thus increase cost (i.e., imposing extra human labour
to check the result of the extraction). It allows adjustment of
correction aggressiveness via a coverage parameter .
SCAPE-HYB (§5.2): enhances SCAPE with CF, allowing a more
flexible balance between accuracy and human correction cost.
In essence, these algorithms enable a tradeoff between prediction
accuracy for erroneous data extractions by the LLM and (human)
correction cost, by introducing two key parameters:

e Coverage Threshold a: Higher values reduce false negatives
(undetected errors) but may increase false positives, leading to
higher correction costs.

Conflict Weight A: Controls how strongly the conflict-aware
algorithm CF influences correction decisions. A higher A gives
greater weight to CF, encourages more conservative decisions,
increasing the chance of flagging potential errors (thus reducing
false negatives), but may also lead to more cautious behavior
and a rise in false positives.

These techniques enable precise and cost-aware control during data
extraction. This is essential in applications where undetected errors
are unacceptable.
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5.1 SCAPE: Spatial Conformal Activation
Partitioning for Errors

The SCAPE framework introduces a novel approach to uncertainty
quantification by leveraging a high-dimensional non-confor-mity
score space [7, 52], in contrast to prior conformal methods that rely
on independent thresholds for binary classifiers [2, 7, 45]. Rather
than treating each classifier’s decision boundary in isolation, SCAPE
constructs a multi-dimensional (spatial) score by aggregating out-
puts from classifiers trained at different layers’. The key idea is to
partition this high-dimensional space into adaptive cells centered
on calibration samples, and to rank these cells by the empirical
ratio of correct to incorrect labels observed among the calibration
data they contain.

By selecting regions with low concentrations of incorrect labels,
SCAPE produces tighter and more informative uncertainty sets
while maintaining guaranteed coverage. This spatial partitioning
avoids rigid thresholding or weighted aggregation, instead exploit-
ing the geometric structure of the multi-dimensional score space
to better separate true from false predictions. As a result, SCAPE
enables coverage (or recall) control for error detection under mild
distributional assumptions, and is particularly effective when classi-
fiers provide complementary information across layers or regions.

Non-Conformity Vectors. For each extracted item (either a table
name or an attribute value) with hidden representations {h]((lZ} les

(as per §4.2), we first obtain the sigmoid outputs leilc)) =f® (hl(ch) €
[0,1] from each layer-wise classifier f(? at layer leL (as detailed
in Equation (7)). We then define a multi-dimensional non-conformity
vector s(c)eRI£! for each candidate label c€{0, 1} (where c=1 de-
notesw erroneous extraction and ¢=0 denotes correct extraction)
as:

-
)

£ ifc=1

s(c) = |si(c , wh = ’
(c) [ 1 ( )]1:1 where s;(c) { feoo. (11)
which reflects how atypical the outputs of the layer-specific error
classifiers are, under the assumption that the extraction is either

erroneous or correct.

Cell Construction and Selection. We leverage a small labeled cal-
ibration dataset Deaj-base = { (x4, Yi)} constructed as in §4.1, where
y; € {0, 1} indicates whether an extraction is erroneous. We ran-
domly split Deal-base into two disjoint subsets: D1, used to par-
tition the non-conformity score space into K cells via k-means
clustering, and Dye_cal, used to rank and select cells for coverage.
Each cell corresponds to a cluster in RI£!, and new score vectors are
assigned by nearest-centroid matching. Each cell C,, groups similar
non-conformity patterns. To identify the most reliable regions of
the score space for detecting true extraction errors, we rank cells
based on their false-to-true ratio on Dye_ca1, that is, for each cell Cp,,
and for c€{0, 1} the number of examples with y;=c whose score
vectors s(1-c) fall into the cell Cp, (i.e., false examples), divided by
the number of examples y;=c whose s(c) also fall into the cell (i.e.,
true examples):

_ Dce{01} [(xj, ¢) € Dre-car : (1 = ¢) € Cpi
pm ZCE{O,l} |(xj: ¢) € Drecal : 8(¢) € Cpil

(12)

"This design avoids relying on the assumption that any single layer has to consistently
behave correctly. Instead, as long as correctness-related signals exist in a distributed
manner within the network, our cross-layer aggregation effectively captures them.



Algorithm 1: SCAPE

Require: Calibration dataset Deyl-pase = { (Xi, Yi) }fi‘iﬂl'b"’se, split
into Deelts and Dhe-cal; Coverage level o € (0,1);
Ensure: Error prediction set Qi%APE c {o0,1};
1: Compute non-conformity vectors using Eq. (11), for all
(i, yi) € Deal-base-
2: Partition non-conformity space to obtain cells Cy, ..., Cx on D

: Rank cells in ascending order of p,,, computed using Eq. (12):

C),Ce,- -+ Cxy.-

4: Select top-ranked cells C, through Eq. (13).
5: For new extraction: inOAPE ={y € {0,1} :s(y) € Cqa}.

We rank the cells in ascending order of p,,, prioritizing those where
non-error examples are least likely to be mistaken as errors.

To guarantee the desired coverage level, we select the small-
est set of top-ranked cells such that the score vectors of the true
labels for at least [(1 — @)(Nye-cal + 1)] examples in Dyecq fall
within the selected cells. Formally, let all cells be re-indexed as
C(1), C(2), - --»C(x), sorted in order of increasing false-to-true ratio.
We define the selected region as C, ¢ RI<l:

.
Co = U €
j=1

where a€(0, 1) is the user-specified miscoverage tolerance.

where q*:min{fyel..K | |{(xj, Yj) € Dre-cal :

13
S(yj) € Ca}| 2 [(1 — @) (Nre-cal + 1)]} ( )

Test-Time Inference. At test time, for each new extraction with
hidden representations {h(lZ}lE r (as per §4.2), we compute the
non-conformity vectors s(y) for both possible labels ye{0, 1} (via
Equation (11)), and define the conformal prediction set as:

{y€{0,1} [ s(y) € Ca}.

We accept an extraction if ﬁiiAPEz{O}; otherwise (if 1 is included)
we flag it for correction. ’

SCAPE is presented as Algorithm 1, where line 1 corresponds
to the computation of non-conformity vectors as defined in Equa-
tion (11), lines 2-3 implement the clustering and ranking procedure
described in Equation (12), line 4 selects cells according to the cov-
erage constraint in Equation (13), and line 5 defines the prediction
set yiiAPE for each new extraction as Equation (14).

~SCAPE _
Y

k,o - (14)

Coverage Guarantee. For any erroneous extraction (i.e., yx 0=1),

THEOREM 5.1 (Coverage Guarantee under Exchangeability). Un-
der the assumption that calibration and test examples are exchange-
able, the conformal prediction set determined by SCAPE satisfies:

~SCAPE

P(yk,o € ko ) >1-a,

where gngPE ={y € {0,1} | s(y) € Cy}.
The proof is available in the accompanying technical report [11].
Set Size Optimality. Theorem 5.2 shows that SCAPE asymptoti-
cally minimizes the expected prediction set size while maintaining
(1-a) coverage; proof details are in [11].

The proof, which leverages the Neyman-Pearson lemma [36, 45]
to show that ranking cells by false-to-true ratio p,, (as Equation (12))
is equivalent to optimizing the likelihood ratio A(s), is provided in
the technical report [11].
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THEOREM 5.2 (Optimal Set Size of SCAPE). Assume that for each
ce{0, 1} the label-conditional densities p(s(c) | y=0) and p(s(c) |
y=1) exist and are continuous (y represents the true label). Then,
SCAPE asymptotically minimizes the expected prediction set size

E[|g,§f)APE | subject to coverage > 1 — a.

Discussion and Limitations. In practice, classifier calibration
and finite-sample effects can impact performance when |Dca1-base |
is small. We also find that inter-layer disagreement provides an
additional signal for errors, motivating the conflict-augmented ex-
tension below (see [11] for further discussion). While the coverage
guarantee of SCAPE (Theorem 5.1) relies only on the exchangeabil-
ity assumption rather than the stronger i.i.d. assumption, it may still
degrade under severe domain shifts [48, 52, 59] when calibration
samples are not representative, which we leave as an important
direction for future work. Specifically, exchangeability is weaker
than i.i.d., allowing for correlated or non-independent samples as
long as calibration and test data are jointly exchangeable. Accord-
ingly, the guarantee requires only this standard assumption, rather
than identical data generation mechanisms, as widely adopted in
the conformal prediction literature [2, 7, 45, 52].

5.2 SCAPE-HysB: Hybrid Method

We now introduce SCAPE-HYB, a unified method that incorporates
the inter-layer conflict signal (§4.3) into the conformal prediction
framework (§5.1). The key idea is to augment the multi-dimensional
non-conformity vector with a scaled conflict term, allowing the
conformal predictor to respond not only to probabilistic uncertainty
but also to internal disagreement among classifiers.

Conflict-Augmented Non-Conformity. The conflict score k in
CF (Equation (10)) is a coarse, thresholded measure of disagreement
and often collapses to small or zero values despite substantial vari-
ation in classifier probabilities. We therefore replace x with a more
informative, real-valued disagreement score A. Let 7)) denote the
predicted probability of erroneous extraction from layer /, and let
T = ﬁ Sier 7D be the average probability across layers. We de-

fine the disagreement score as: A = max;c ¢ |7() — 7|, which reflects
the maximum deviation from consensus among the classifiers. We
then embed it as an additional dimension into the non-conformity
vector by defining a conflict-calibrated representation:

sa(c) = [(1=2) - si(c), ..., (1=A) - 512/ (c), A - A, (15)

where each s;(c) is the layer-wise non-conformity score defined in
§5.1, and A€[0, 1] is a tunable parameter that adjusts the relative
weight of the disagreement signal inside the conformal prediction
pipeline. When A=0, the method falls back to SCAPE (§5.1); on
the other hand, when A=1, the method ignores all layer-wise non-
conformity scores and relies exclusively on the disagreement score
A, effectively acting as a calibrated variant of conflict filtering (§4.3).
Calibration and Prediction. We follow the same calibration pro-
tocol as SCAPE, but operate on s, (-) (Equation (15)) to obtain Cﬁ;
the test-time set is:

~Hyb

gy ={ye {01} Isi(y) €Ch},



We accept the extraction if gfg"={o}; otherwise we flag it. The
coverage guarantee (Theorem’ 5.1) continues to hold under the
same exchangeability assumption.

Conflict-Aware Optimality. SCAPE-HYB inherits the same as-
ymptotic set-size optimality principle as SCAPE, now over the
augmented score space; proof details are in [11].

Advantage of SCAPE-HYB. If conflict is informative (errors tend
to exhibit higher disagreement), SCAPE-HYB can reduce expected
correction cost while preserving coverage.

THEOREM 5.3 (Optimality of SCAPE-HyYB over SCAPE). Assume
that the conflict score provides an additional signal for distinguishing
erroneous from correct extractions, i.e., erroneous examples (y=1) are
more likely to have a higher conflict score than correct ones. Then,
under the same (1—a) coverage constraint, SCAPE-HYB produces a
prediction set with equal or smaller expected size compared to SCAPE:

B [|gf

<elje]

A detailed formal proof of Theorem 5.3 is provided in the accompa-
nying technical report [11]. Our experimental results (§7) empiri-
cally corroborate this theoretical advantage.

SCAPE-HYB can be viewed as a soft generalization of conflict
filtering: conflict is embedded as an extra dimension and calibrated
within the conformal framework, avoiding brittle thresholds while
retaining coverage.

Summary. The parameter A interpolates between SCAPE (1=0)
and pure-disagreement filtering (1=1). In practice, A can be selected
on a validation set; intermediate values often work well (§7.3).

6 CONSOLIDATION OVER DOC CHUNKS

Due to LLM context and cost constraints, long documents must
be processed via chunking. However, the one-to-one assumption
between chunks and table rows used earlier for exposition does not
always hold: a logical record may be fragmented across multiple
chunks, creating a mismatch between chunk-level processing and
row-level table construction.

To address this, REDD adopts a MapReduce-style [46] design
that is robust to arbitrary chunking. Rather than designing new
chunkers, REDD treats chunking as a black box and aggregates
chunk-level signals into document-level structures. For documents
corresponding to a single record, multiple chunks may each contain
partial attributes. REDD resolves this fragmentation via consoli-
dation steps for schema discovery and data population, enabling
stable, query-relevant tables to be constructed from fragmented
evidence. Specifically, we introduce SCHEMAMERGE for document-
level schema discovery and ROWMERGE for document-level data
population.

e SCHEMAMERGE (document-level schema discovery). Chunk-
ing may fragment schema evidence within a single document,
where attributes or join keys become identifiable only when
information from multiple chunks of the same document is con-
sidered jointly. SCHEMAMERGE aggregates chunk-level schema
proposals into a stable, query-relevant schema by normalizing
and consolidating local candidates (Algorithm 2).

ROWMERGE (document-level row construction). When at-
tributes of a record are distributed across chunks, ROWMERGE
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Algorithm 2: SCHEMAMERGE

Input :document set D; query q
Output:final schema S

1 foreach d € D do

2 C « Chunk(d)

3 foreach ¢ € C do

4 L AS) < Schema(ck, q)

5

S¢ «— Sc UASk
6 S « SchemaRepair(Sc,q)

// Update Schema Using Eq.1&2

// Schema Repair
7 return S

Algorithm 3: ROWMERGE

Input :document d; schema S; query gq

Output:populated tables 7~
1 C « Chunk(d); &« 0
2 foreach cx € C do
3 Tk, Ar<Map(ck, S,q) // Table Resolution: Variant of Eq.3
foreach a; € Ay do
5 Uk,q; < Extract(cg,a;)
6 L E — EU{(Tk, a1, vk,0;) }
7 T < MergeToTable(&,ResolveConflict)
8 return 7

// Attr Extraction Via Eq.4

Table 1: Evaluation Datasets Used for Assessing REDD.

Dataset Dataset Source # Queries Avg. Result Rows
SPIDER Spider [60] 86 1733
BIrRD Bird [24] 36 2435
GALOIS Galois [43] 10 497
FDA FDA 510(k) [57] 6 100
CUAD CUAD [46] 15 501

first extracts attribute values independently from individual
chunks (map) and then aggregates them at the document level to
construct complete rows (reduce). By consolidating partial assign-
ments (i.e., (Tk, a;, Uk q;) table Ty, attribute a;, and extracted value
Ukq;) using deterministic resolution rules, as per Algorithm 3,
this process can mitigate extraction failures caused by record
semantics being split across multiple chunks.
Overall, this consolidation mechanism decouples REDD from any
specific chunking strategy. We empirically evaluate robustness
under different chunking methods and validate the necessity of
ScHEMAMERGE and ROWMERGE via ablation studies in §7.4.2.

7 EXPERIMENTAL EVALUATION

7.1 Experimental Setup

7.1.1  Datasets. We evaluate REDD on five datasets that simulate
realistic information extraction and analytical query scenarios over
unstructured or weakly structured document collections. Table 1
summarizes these datasets, detailing the number of queries per
set and the average number of expected output table entries per
query. The first two datasets, SPIDER and BIRD, are derived from
the Spider [60] and Bird [24] benchmarks. Using their original
schemas and tabular data, following [32] we convert tabular rows



into natural language document chunks using a state-of-the-art
LLM (GPT-5 [38]). While we acknowledge that generating natural
language documents from structured data may reduce the difficulty
of populating data back into a schema, we mitigate this by ensuring
that documents are not generated from a uniform template. Instead,
the datasets provided for queries often contain documents derived
from diverse tables and narrative styles, thereby simulating the
complexity of multi-source document aggregation. This ensures
that the model used in REDD (Qwen3-30B-A3B [47]) has not seen
these documents during training, thereby mitigating data leakage
concerns. For each benchmark query, we know the precise result
(ground truth) to evaluate correctness. REDD is evaluated on the
original natural language queries from Spider and Bird datasets, as
well as on newly introduced queries that involve multi-table joins,
aggregation, and multi-hop reasoning. In our evaluation, we do
not account for natural language to SQL translation; instead, we
provide the correct SQL query to execute on the extracted tables.
We do this to isolate our evaluation from text-to-SQL translation
errors; naturally any state-of-the-art text-to-SQL technique can be
adopted. While generating the datasets, we randomly shuffle the
chunks to eliminate any semantic correlations. We also introduce
varying degrees of information density in the document collec-
tion (ratio of relevant vs irrelevant chunks to the query) in §7.4.
The prompts used to generate the documents, due to space con-
straints, are provided in the accompanying technical report [11].
The dataset GaLors is sourced from the FORTUNE and PREMIER
datasets as described in [43]. The dataset FDA is sourced from FDA
510(k) regulatory filings [4, 57], which are long-form and hetero-
geneous, containing narrative summaries, tabular sections, and
metadata. The dataset CUAD is a legal-contract benchmark [46],
whose lengthy documents make single-pass LLM processing infea-
sible due to context limitations [46]. For these datasets, we use both
the original benchmark queries (typically involving a limited set
of documents and attributes) and additional new queries proposed
in this paper. The additional queries are designed to include more
attributes and to incorporate cross-document aggregation as well
as multi-hop reasoning.

7.1.2  Measurements. We evaluate REDD in two stages: schema
discovery (ISD) and data population (TDP). For schema discovery,
we first assess whether the discovered schema for each query is suf-
ficient to answer the query, resulting in an accuracy metric denoted
as ACCqp. Additionally, by comparing the discovered schema with
the ground-truth schema in terms of their attributes, we compute
attribute-level recall (Rec%") and precision (PreZt)’), which measure
the completeness and redundancy of the discovered schema.

For data population, we evaluate the accuracy of the extracted
tabular data by comparing it with the ground truth at the cell (at-
tribute value) level. Specifically, each ground-truth cell (i.e., each
populated value in the ground-truth table) is checked against the
extracted result. We then compute the following accuracy metric
[46]:

# missing cells + # incorrect cells
ACCpop =1 - £

# ground-truth cells (16)
Here, missing cells are those that should have been extracted but
were not, and incorrect cells are those that were extracted but con-
tain erroneous values.
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SCAPE and SCAPE-HYs, identify potentially erroneous cells and
use additional review steps (e.g., human inspection) to validate
and fix extraction errors. If correctly extracted cells are flagged
for inspection, this results in unnecessary correction efforts. To
quantify this, we compute the false positive rate:

FP
FPR,pp = ————,
PP T Fpy TN

where FP (false positives) denotes correctly extracted cells flagged
for inspection and TN (true negatives) denotes correctly extracted
cells not flagged. For a fixed ACCp,y, a higher FPR,,, implies addi-
tional wasted effort inspecting accurate extractions, while a lower
FPRyp, reflects a more efficient process, focusing inspections primar-
ily on erroneous extractions. Thus, FPR,,, quantifies the inefficiency
(unnecessary inspections) in the extraction pipeline.

Finally, we evaluate end-to-end query answering by execut-
ing the ground-truth SQL over the populated tables and checking
whether the query result matches the ground truth, yielding the
query-level accuracy:

ACCyry =

(17)

# correctly answered queries

- (18)
# queries

7.1.3  Experimental Settings. REDD is implemented in Python. We
use GPT-5 [38] for schema discovery and Qwen3-30B-A3B [47] for
data population on an A100 (80GB) GPU. Unless noted otherwise,
A=0.5 (Eq. (15)); classifiers are trained on 50 entries and calibrated
on 150 randomly sampled entries per query.

7.2 Results of Schema Discovery

We evaluate the schema discovery stage (ISD) over all datasets. As
shown in Table 2, the final pipeline (Phase I & II + Repair, see §3)
achieves perfect sufficiency (identifies all required attributes) on all
queries, with zero invalid cases—i.e., every extracted schema con-
tains all necessary attributes required to answer the query, result-
ing in an average recall of Rec?/=1.000. In addition, the extracted
schemas remain concise, with an average precision of Pregé£r=0.956,
meaning only a few redundant attributes are occasionally included—
improving the efficiency of downstream data population.

7.2.1  Ablation Study of ISD Components. We conduct an ablation
study to assess the contribution of each ISD component. Table 2
compares four configurations derived from Section 3:

Phase I Only: A query-independent document-based schema
extraction approach that achieves high recall (0.989)—slightly
below 1.0, as some query-relevant attributes are deeply embed-
ded in the text and not easily surfaced by a general approach.
However, it suffers from very low precision (0.522), as it tends
to include many irrelevant attributes not required by the query.
Phase II Only: A query-specific strategy that improves precision
(0.968) but often misses necessary attributes due to the lack of
contextual information, resulting in many invalid schemas.
Phase I & II: Combining both phases significantly improves
overall effectiveness, achieving high recall (0.991) and precision
(0.952), and greatly reducing invalid extractions.

Phase I & II + Repair: A repair step further eliminates remaining
invalid cases, achieving 100% valid extractions.

These results highlight the effectiveness of the two-phase design in
achieving both schema completeness and compactness, while the
repair step ensures full robustness across diverse query scenarios.



Table 2: Evaluation of Schema Discovery over All Datasets.

Method #Invalids Rec?"  Preti’
ISD (Phase I Only) 2 0.989 0.522
ISD (Phase II Only) 12 0.951 0.968
ISD (Phase I & II) 1 0991  0.956
ISD (Phase I & II + Repair) 0 1.000  0.956

Table 3: Summary of Data Population Accuracy (ACCp,p).

Method SpipER  BmrpD  Garois FDA  CUAD
EVAPORATE [4] - - 0.475 0.516 0.209
Palimpzest [30] - - 0.867 0.924  0.613
ReDD (No Correction) ~ 0.938  0.917 0.926  0.908  0.813
ReDD (SC [53)) 0.947 0927 0934 0916  0.821
ReDD (EC [61]) 0956 0938  0.946  0.927  0.863
ReDD (SCAPE) 0.988 0.985 0.987 0.988 0.924
ReDD (SCAPE-HyB) 0.990 0.988 0.988 0.983 0.979

Table 4: Correction Overhead (FPRy,,) in Data Population.

Method SpipER  Birp  Garois FDA  CUAD
ReDD (SCAPE) 0.063 0.054 0.074 0.081 0.114
ReDD (SC [53]) 0.050  0.051  0.063  0.049  0.075
ReDD (EC [61]) 0.051  0.052  0.068  0.056  0.081
ReDD (SCAPE-HYB) 0.045 0.048 0.052 0.049 0.072

7.3 Results of Data Population and Correction

7.3.1 Accuracy and Correction Cost. Table 3 reports the data pop-
ulation accuracy (ACCp,p, defined in Eq. 16) under multiple ap-
proaches, including: (i) REDD (No Correction), which directly out-
puts the extracted table; (ii) our correction modules SCAPE (SCAPE)
and SCAPE-HyB (SCAPE-HYB) under default parameters (¢=0.15);
(iii) two confidence-based correction baselines, Self-Consistency
Confidence (SC) [53] and Elicited Confidence (EC) [61]%; and (iv)
prior end-to-end baselines, EVAPORATE [4] and Palimpzest® [30,
31]. All metrics are averaged over all queries in Table 1.

Without correction, REDD achieves reasonably high accuracy
(e.g., 0.938 on SPIDER and 0.917 on BIRD), but still leaves a non-
trivial fraction of erroneous/missing cells. Since EVAPORATE and
Palimpzest are not designed to handle schemas involving multiple
tables, we present their evaluation only on Gatrors, FDA, and CUAD
datasets (which do not involve multiple tables). Using the same base
model (Qwen3-30B-A3B [47]), EVAPORATE performs considerably
worse than other approaches, while Palimpzest achieves accuracy
comparable (though slightly lower) than REDDwithout correction.
SC and EC improve accuracy modestly over No Correction across all
datasets (e.g., 0.947/0.956 on SPIDER), with EC consistently stronger

8Both baselines operate on top of REDD’s extracted outputs, replacing SCAPE/SCAPE-
Hyb with confidence scores to trigger corrections on low-confidence cells. SC estimates
confidence via answer agreement across multiple LLM samples, while EC elicits uncer-
tainty and fidelity signals directly from the LLM. We use a fixed confidence threshold
to trigger corrections [53, 61]. These black-box, confidence-only baselines do not
leverage hidden-state classifiers or conflict signals, enabling a direct comparison with
our error-aware design; implementation details are in our technical report [11].
9[43] in their recent evaluation, demonstrated that Palimpzest has superior accuracy
over other prior baselines. For this reason we compare with Palimpzest, without includ-
ing the baselines that [43] demonstrated inferior to Palimpzest. We run experiments
with the same configuration parameters as in [43].
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Figure 2: Trade-off between data population accuracy (ACCp,p) and
correction cost measured by the false positive rate (FPRyp).
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Figure 3: Data population accuracy ACCyp,p for SCAPE-Hys with
different calibration dataset size N ,j.pase O dataset SPIDER, varying
conflict weight A, under FPR;,,=0.2.

than SC. By contrast, applying our correction algorithms yields
substantially larger gains: SCAPE raises accuracy to 0.988/0.985
on SPIDER/BIRD, and SCAPE-HyB further improves to 0.990/0.988,
achieving the best overall accuracy across all datasets.

The CUAD dataset poses unique challenges due to its long-
document nature: a single legal contract (corresponding to one
row in the ground-truth table) can be nearly 100,000 tokens, far
exceeding the context window of Qwen3-30B-A3B [47]. To address
this, we adapt a map-reduce style document chunking strategy
inspired by DocETL [46]. Combined with our correction algorithm,
this chunk-merge (map-reduce) pipeline enables SCAPE-HYB to
reach 0.979 accuracy on CUAD.

Table 4 reports the corresponding correction overhead measured
by the false positive rate (FPR). Overall, SCAPE-HyB keeps over-
head modest and is lower than the confidence baselines (SC/EC)
across all datasets, while also substantially reducing the overhead
of SCAPE on long-document CUAD (0.072 vs. 0.114). These re-
sults demonstrate the effectiveness of our correction module in
improving extraction quality while incurring minimal verification
overhead.

7.3.2  Ablation: Accuracy-Cost Tradeoff. We ablate SCAPE-HYB by
comparing it with MV (§4.3), CF (§4.3), SCAPE, and IndivConfor-
mal (conformal-calibrated base classifiers [2] followed by majority
voting). Figure 2 plots ACCyp,, vs. FPRy,, averaged over all datasets
(gray dashed line: REDD without correction). All methods improve
over the baseline, but MV provides only a single operating point,
IndivConformal is consistently weaker, and CF is dominated by
SCAPE. SCAPE and SCAPE-HYB achieve the best accuracy-cost
trade-offs, with SCAPE-HYB consistently dominating, validating
the benefit of adding conflict information on top of SCAPE.

7.3.3  Effect of Coverage Threshold . Figure 2 (avg. across datasets)
shows the expected trade-off: as o decreases, SCAPE-HYB becomes
more conservative (higher ACC,,p, but higher FPR,,). Even at large
a, SCAPE-HYB attains high initial accuracy (>0.974), while very
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Figure 6: Data population accuracy ACCj,p using human-annotated
vs. LLM committee-generated training data.

small & can approach perfect accuracy at higher cost. On SPIDER
(avg. 1,733 rows/query), =0.5 yields 0.947 accuracy with 4.9% re-
viewed (8 false positives), ®=0.3 yields 0.975 with 9.2% reviewed
(37 false positives), and a=0.01 yields 0.998 with 31% reviewed (608
false positives). Overall, modest review effort suffices for >0.97 ac-
curacy, while achieving 1.0 requires substantially more verification

(§9).

7.3.4  Effect of Conflict Weight ). Figure 3 studies A on SPIDER at
FPRy6p=0.2. Under the default N¢,1base=150 (blue curve), accuracy
peaks at A=0.5 and drops when A is too small or too large, sup-
porting our default 1=0.5: under-weighting misses disagreement
signals, while over-weighting can suppress correct but less frequent
outputs. The same pattern holds across datasets, while the optimal
A shifts with calibration size (e.g., ~ 0.9 at Neal-base =30 and ~ 0.3-0.4
at Neal-base :300)-

7.3.5  Effect of Calibration Dataset Size Nygi-pase- Figure 4 varies
Neal-base (§5.1) and reports ACC,, for SCAPE and SCAPE-Hys
at FPRy,=0.2 (we show SPIDER and BIrp for brevity). Accuracy
improves steadily with more calibration data and plateaus once
Neal-base €xceeds roughly 100-150 examples. This indicates strong
data efficiency (e.g., SCAPE-HYB exceeds 0.99 accuracy on SPIDER
with 150 calibration examples), and SCAPE-HYB is especially robust
when calibration data is scarce by leveraging conflict information.

7.3.6  Effect of Training Dataset Size N;. Figure 5 demonstrates
that data population accuracy (ACC,,,) improves with larger train-
ing set size (Ngs), but plateaus quickly—for example, reaching >0.99
accuracy with just 50 examples. These results suggest that our ap-
proach is label-efficient: high accuracy can be achieved with limited
training data and scales well as more data becomes available. In
deployment, Djs could be bootstrapped via uncertainty-driven sam-
pling rather than uniform labeling, using human or LLM-committee

1850

- W -
24 one chunk - multiple rows 2 multiple chunks - one row
FZ34 one chunk - one row FZ3 one chunk - one row
0.96 XY /71 XXy 7 71 0.96 XY 7 71 XXy /7]

ACCecn ACCpop ACCun ACCpop

(a) One-to-many setting. (b) Many-to-one setting.

Figure 7: Schema discovery accuracy ACCg., and data population
accuracy ACCp,p under different chunk-to-table mapping settings.

supervision (§4.1); a full active-learning treatment is left to future
work.

7.3.7 Impact of Label Source: Human vs. LLM-Synthetic. Human
annotations correspond to manual verification of extraction correct-
ness, where annotators compare the original document text with
the extracted outputs to assess factual consistency. All annotations
in our experiments were performed by members of our research
team using unified criteria, providing a high-quality and trustwor-
thy human reference signal rather than a large-scale crowd-sourced
dataset. These labels are used only for the small supervision sets
required by the correction pipeline (e.g., classifier training and cal-
ibration), and disagreements were resolved by re-examining the
source text and reaching consensus.

Figure 6 compares data population accuracy (ACC,,) when the
training labels used in correction are sourced from either human
annotations or LLM committee decisions. SCAPE-HyB performs
comparably under both label sources, with <1% difference in ac-
curacy. The results show that both sources yield highly consistent
final data extraction accuracy, demonstrating the robustness of the
LLM committee in practice without introducing significant harmful
bias (Figure 6). This suggests that high-quality synthetic labels from
LLM committees can be a viable alternative to human annotations
in training error detection classifiers. Compared to data sourced
from humans, LLM-generated labels are relatively cheaper, easier
to obtain, and more practical for scaling to large datasets.

7.4 Additional Analyses

7.4.1  Results under 1-to-Many and Many-to-1 Chunk-to-Table Map-
pings. We test REDD beyond the default one-to-one chunk/row
assumption under both 1-to-many and many-to-1 mappings, which
commonly arise in real-world corpora. For 1-to-many, we modify
SPIDER by merging two or three chunks with different schemas so
one chunk contributes to multiple rows or tables. Figure 7a shows
unchanged ACCqp, and only a 0.13% drop in ACCp,y. For many-to-1,
Figure 7b injects redundancy and conflicts across chunks referring
to the same logical row; both schema and population accuracy re-
main nearly unchanged. Overall, REDD remains robust without
requiring strict one-to-one chunk/row alignment.

7.4.2  Ablation Study under Document Chunking. Figure 8 sum-
marizes an ablation study evaluating robustness under realistic
document chunking. We evaluate REDD on the long-document
CUAD dataset under semantic chunking and fixed-size chunking,
with and without SCHEMAMERGE +RowMERGE. With consolida-
tion enabled, performance remains high under both strategies
(Rec?ct;l’=l.000/0.989 and ACCp,=0.978/0.969 for semantic/fixed-
size chunking). Without consolidation, performance degrades, espe-
cially under fixed-size chunking (ACC,,, drops to 0.845). Even when
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Table 5: Query-level End-to-End Accuracy (ACCyyy).

Method SpiDER  Bmp  Garois FDA  CUAD
EVAPORATE [4] - - 0.100 0.000 0.067
Palimpzest [30] - - 0.200 0.167  0.133
ReDD (No Correction) 0.116 0.111 0.200 0.167  0.200
ReDD (SC [53]) 0163 0167 0300 0167  0.267
ReDD (EC [61]) 0.209 0.222 0.300 0.333 0.333
ReDD (SCAPE-HyB) 0.988 0.972 1.000 1.000 1.000

semantic chunking preserves accuracy reasonably well, ROWMERGE
still substantially improves token efficiency, reducing end-to-end
token consumption from 2.6 X 10 to 8.3 x 108. These results con-
firm that document-level consolidation is important for recovering
complete rows and schema evidence, especially when attributes are
fragmented across fixed-size chunks.

7.4.3  End-to-End Query Answering Accuracy. We report a strict
end-to-end query accuracy metric (ACCyy) by executing the ground-
truth SQL over the populated tables and comparing results with the
ground truth. As shown in Table 5, prior systems (EVAPORATE and
Palimpzest), despite being provided with the ground-truth schemas,
achieve low query-level accuracy, and confidence-only baselines
(SC/EC) offer only modest improvements. In contrast, SCAPE-Hys
achieves near-perfect query accuracy across all benchmarks (0.988
on SPIDER, 0.972 on BIRrD, and 1.000 on Garors/FDA/CUAD), demon-
strating that our extracted schemas and tables are reliably good
enough to answer the target queries.

7.4.4 Runtime and Token Considerations. We report real-time
query execution latency (wall-clock time from query submission to
result generation) and token usage. In all experiments, total execu-
tion is under 4 hours: about 40 minutes for ISD, 3 hours for TDP on
an 8 A100 GPU cluster, and 20 minutes for error correction. Each
query processes about 1,500 document chunks on average, making
TDP the dominant latency bottleneck at roughly 7.2 seconds per
chunk. TDP already supports batching and parallelism with up to
8 concurrent model inferences, whereas ISD remains sequential
due to schema update dependencies. On GALo1s, average token
consumption is approximately 18M tokens per query, so reducing
token cost remains important future work.

8 RELATED WORK

Document-to-Database/Table. LLMs have enabled systems that trans-
form heterogeneous documents into structured, queryable tables or
database-like representations. Prior work has explored this space
from several complementary angles, including structured extraction
over heterogeneous data lakes [4], ad-hoc querying over document
collections [29], declarative and optimized document-processing
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pipelines through Palimpzest [31], its subsequent systemization [30],
and DocETL [46], and abstractions for querying unstructured data
such as UQE [13] and LOTUS/semantic operators [41]. Other ef-
forts study more specialized settings, including templatized doc-
uments [28], table selection over large document collections [6],
integration-aware database updating [18], query-specific schema
discovery and table-based reasoning in SRAG [26] and DocSage [27],
Doc2Table benchmarking [15], and schema bootstrapping for struc-
tured retrieval [25]. While effective in their target settings, these
systems generally address only part of the pipeline, rather than
end-to-end, query-driven relational schema construction and popu-
lation over heterogeneous document collections with statistically
grounded error detection and correction.

Agentic Prompt/Program Optimization Frameworks. Agentic frame-
works such as DSPy [21] and LangChain/LangGraph [34] focus
on orchestrating multi-step LLM calls and optimizing prompt or
program structures for downstream tasks. These systems primarily
address how to synthesize, tune, and execute LLM pipelines, rather
than the data management challenges of schema discovery, struc-
tured data construction, and reliability. We view them as orthogonal
and composable with our work: such frameworks can be used to
optimize internal LLM calls, while our work targets end-to-end
relational structuring with accuracy guarantees.

Text-to-SQL Models. Text-to-SQL models study the problem of trans-
lating natural language questions into executable SQL queries given
a relational schema. Representative approaches include sequence-
to-sequence and encoder—decoder models over database schemas [54,
60], as well as more recent LLM-based methods that leverage in-
context learning or fine-tuning to improve generalization [23, 44].
These models are complementary to our setting. Once query-ready
relational tables and schemas are constructed, any state-of-the-art
text-to-SQL technique can be used to translate a natural language
query into SQL. However, text-to-SQL methods typically assume
that the target schema already exists and focus on query translation,
rather than addressing query-driven schema discovery or reliable
table population from unstructured documents. As such, they op-
erate downstream of the document-to-table extraction problem
studied in our work.

Query Execution and Optimization. Systems such as ELEET [51],
TAG [9], Unify [55], CAESURA [50], and related LLM-powered
analytics engines [1, 56] focus on query planning and execution
over text or multimodal data. Our work instead targets reliable
relational table construction from unstructured documents and
provides formal accuracy guarantees.

9 CONCLUSION AND FUTURE WORK

This paper introduces REDD, a framework for executing error-
aware analytical queries over unstructured data by combining
query-specific schema discovery, relational table population, and
statistically calibrated error detection. Experiments show that REDD
reduces extraction errors from as high as 30% to less than 1% while
maintaining 100% schema recall. The proposed reliability frame-
work suggests several directions for future work, including inte-
grating REDD with other unstructured data query processing sys-
tems [50], improving performance and monetary efficiency, and
further mitigating bounded extraction errors.
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