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Abstract

Modern enterprises store vast, heterogeneous
data across large data lakes, where the central
challenge is shifting from answering an iso-
lated question to discovering and assembling
the tables and documents that together serve
an analytical goal. We refer to such a coher-
ent collection of related assets as a data prod-
uct. Existing table-text benchmarks evaluate
factoid question answering over individual ta-
bles and therefore do not capture this discovery
and assembly problem. We introduce DPDisc,
the first benchmark for data product discov-
ery: given a high-level Data Product Request
(DPR), a system must retrieve the coherent set
of tables and passages that satisfy it. DPDisc is
constructed by DPForge, an automated pipeline
that repurposes table-text QA datasets by clus-
tering related tables and passages into products,
generating DPRs with an LLM ensemble, and
validating them through multi-phase LLM eval-
uation. It comprises 13,076 validated instances
with full provenance, spanning open-domain
and financial sources. Sparse, dense, and hy-
brid baselines establish that the task is feasi-
ble yet reveal large performance gaps across
domains, motivating structure-aware retrieval.
Data and code are publicly available.1

1 Introduction

Modern enterprises increasingly rely on data
lakes (Bogatu et al., 2020) to store large volumes
of heterogeneous data, ranging from structured
relational tables to semi-structured and unstruc-
tured text (Giebler et al., 2019; Ravat and Zhao,
2019; Fang, 2015). While data lakes provide flex-
ibility and scalability, the absence of a unifying
schema, together with the rapid growth of data
assets, makes it increasingly difficult to discover,
understand, and utilize the right data for a given

1https://github.com/ibm/
data-product-benchmark

analytical task (Leek, 2015). As a result, a sub-
stantial portion of analysts’ time is often spent not
on analysis itself, but on locating, assessing, and
assembling relevant data (Chapman et al., 2020).

In many real-world scenarios, data discovery is
driven by high-level analytical or business needs
rather than low-level technical specifications. For
example, an analyst might express a request such
as: “I need data that can help me analyze cus-
tomer retention patterns across different market
segments over time.” Fulfilling such a request typi-
cally requires identifying and combining multiple
related data assets, including transactional records,
customer profiles, segmentation metadata, and ex-
planatory documentation. However, existing data
discovery tools, such as data catalogs and semantic
search systems, primarily operate at the level of
individual tables or documents (Bast et al., 2016;
Mariscal et al., 2010; Konan et al., 2024). While
effective for keyword-based lookup or schema fil-
tering, these approaches struggle to bridge the se-
mantic gap between abstract business requirements
and the concrete data assets needed to satisfy them.

To address this gap, the notion of a data
product has gained traction in both industry and
academia (Machado et al., 2022; Konan et al., 2024;
Goedegebuure et al., 2024). As shown in Figure 1,
a data product is a reusable, discoverable collec-
tion of data assets designed to support a specific
analytical or decision-making use case. Unlike tra-
ditional question answering (QA) (Allam and Hag-
gag, 2012), which typically focuses on extracting
a single factoid answer from a specific table with
text passages, data product discovery entails assem-
bling a coherent set of heterogeneous resources.
For instance, satisfying a request for “data on his-
torical and cultural sites” requires aggregating di-
verse schemas, such as combining Nagasaki sites
with NYC museums, into a unified package. How-
ever, automating this process remains difficult due
to the scale and heterogeneity of modern data lakes.
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Table: List of museums and cultural institutions in New York City

Name Neighborhood Borough Type

Queens Museum

….

Corona

…

Queens … Art

…

Question:

"What event was the building housing the art 

museum in Corona originally built for?"

Text Passage:

…The museum is housed in the New York City Building, which 

was built for the 1939 New York World's Fair and formerly 

housed the United Nations General Assembly…

Traditional QA (Table + Text)
Data Product Discovery

Answer: 

The 1939 New York World's Fair

Data Product Request (DPR):

“Compile data on historical sites and cultural institutions in 

the New York City and Nagasaki Region, including their 

construction dates, locations, and types, to understand the 

historical and geographical…”

Answer: Data Product (Table and Text Set)

Table A: List of museums and cultural institutions in New York City

Name Neighborhood Borough Type

…. … … …

Text Passage 1:

… Manhattan hosts diverse 

types of museums …

Text Passage 2:

... The Oura Church was 

established in 1864 …

Table B: Hidden Christian Sites in the Nagasaki Region

Name Completion Date Location Construction 

Type

…. … … …

…

…

Text
Text

Text

Table
Table

Table
Tables

(Structured)

Text Passages

(Unstructured)

Data Pool

Figure 1: (Left) Traditional table-text QA (e.g., HybridQA) answers a factoid question over a single table and its
linked text. (Right) Data Product Discovery retrieves a coherent data product: a set of heterogeneous tables and
passages satisfying an abstract request, here aligning Nagasaki sites with NYC museums.

We term this challenge the semantic discovery gap:
the fundamental mismatch between abstract user
intent and low-level retrieval mechanisms.

From a research perspective, this problem is at
the intersection of data discovery (Raptis et al.,
2019), information retrieval (Singhal et al., 2001),
and multimodal reasoning over heterogeneous data
sources, including tables and text (Shraga et al.,
2020). Prior benchmarks have studied complex
QA on structured and unstructured sources (Pasu-
pat and Liang, 2015; Chen et al., 2020b; Nan et al.,
2022; Pramanick et al., 2024), showing the feasi-
bility of reasoning across tables and text. How-
ever, these benchmarks evaluate the accuracy of
the response, not the ability to retrieve and as-
semble the underlying data artifacts that a data
product requires. In contrast, while the Data Lake-
house (Harby and Zulkernine, 2022; Machado et al.,
2022; Armbrust et al., 2021) provides the necessary
infrastructure to store and govern vast quantities of
heterogeneous data, it does not inherently solve the
discovery challenge. A Lakehouse organizes data
physically, but not semantically; it lacks the native
capability to map high-level user requests to coher-
ent sets of heterogeneous data assets. This calls
for dedicated efforts to establish a retrieval-centric
benchmark with explicit data-product ground truth,
so that we can systematically evaluate and compare
data discovery methods.

However, constructing such a benchmark from
scratch is difficult. First, real-world data lakes
mix heterogeneous modalities (tables and text), and
the boundary of a coherent data product is often
ambiguous. Second, authentic Data Product Re-
quests (DPRs) express high-level analytical intent
rather than explicit retrieval instructions, so map-
ping abstract goals to concrete assets requires sub-
stantial reasoning. As a result, manual annotation is
prohibitively expensive: asking experts to identify
semantically related assets across a large corpus
and verify their sufficiency does not scale, making
direct construction impractical.

We address this challenge by repurposing exist-
ing table-text QA datasets. Such datasets, including
HybridQA (Chen et al., 2020b), already provide
curated alignments among natural language ques-
tions, focal tables, and supporting passages. Our
key insight is to reinterpret these resources at the
product level: semantically related QA instances
can be clustered into coherent table-text asset sets,
and large language models (LLMs) (Wang et al.,
2023; Yu et al., 2023; Li et al., 2023; Xu et al.,
2023) can abstract their shared intent into high-
level DPRs. This transforms existing QA resources
into a provenance-grounded benchmark for data
product discovery while avoiding the cost of man-
ual construction from scratch.
Contributions. (1) We propose DPForge, an au-
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tomated pipeline that repurposes table-text QA
datasets into data product discovery benchmarks
via clustering, refinement, LLM-based generation,
and multi-phase validation. (2) We release DPDisc,
a benchmark for data product discovery over hybrid
table-text corpora, with 13,076 validated instances
and full provenance to source data. (3) We pro-
vide sparse, dense, and hybrid retrieval baselines
that show the task is feasible yet expose substantial
cross-domain gaps and open challenges.

2 Related Work

From Table-Text QA to Data Discovery. Table-
text QA datasets evaluate answering natural-
language questions over structured tables and
linked text, from HybridQA (Chen et al., 2020b)
and FeTaQA (Nan et al., 2022) to financial bench-
marks such as FinQA (Chen et al., 2021), Con-
vFinQA (Chen et al., 2022), and TAT-QA (Zhu
et al., 2021). These operate in a closed-world set-
ting that supplies the relevant data and scores an-
swer correctness; even multi-table variants such as
OTT-QA (Chen et al., 2020a) evaluate the answer
rather than the completeness of the retrieved as-
sets. Data discovery and dataset search instead aim
to locate relevant assets in large data lakes (Paton
et al., 2023; Halevy et al., 2016), but operate at the
level of individual tables or documents (Choudhary
and Grover, 2019; Brickley et al., 2019; Hu et al.,
2023). The data product abstraction (Goedegebu-
ure et al., 2024; Machado et al., 2022) reframes
discovery around reusable collections of related
assets; the closest benchmark, DP-Bench (Chowd-
hury et al., 2025), studies data product creation
over predefined enterprise schemas, assuming the
relevant sources are known a priori, whereas we
target open-world discovery of those sources. We
extend this discussion in Appendix A.
Retrieval and LLM-based Benchmarking. Our
baselines build on standard retrieval: sparse lex-
ical methods (BM25 (Robertson et al., 2009)),
dense dual-encoders (Karpukhin et al., 2020), hy-
brid fusion (Luan et al., 2021), and neural re-
ranking, including late-interaction models such as
ColBERT (Khattab and Zaharia, 2020). Unlike
QA-driven retrieval, our setting evaluates retrieval
as an end in itself, measuring the coverage and
coherence of the retrieved assets rather than an-
swer accuracy. For benchmark construction we
adopt the LLM-as-a-judge paradigm (Zheng et al.,
2023): we generate DPRs with an ensemble of

five LLMs to maximize linguistic diversity and
validate them by multi-model majority voting (Sec-
tions 3.4 and 3.5), a standard ensemble-and-verify
strategy (Gu et al., 2024; Wang et al., 2023) that
mitigates known judge biases (Wang et al., 2024b).

3 DPForge: Transforming table-text QA
to Data Product Discovery Instances

Real-world corpora mix relational tables and free-
form text that must be semantically aligned at scale,
yet data product boundaries are ambiguous without
explicit user intent. Constructing DPR benchmarks
directly from enterprise data lakes would be ideal
but is prohibitively expensive. Existing table-text
QA datasets offer a scalable alternative, providing
high-quality alignments between questions, tables,
and passages, but at the granularity of single ques-
tions over individual tables rather than the multi-
table products DPRs require. Our key insight is to
repurpose these datasets by clustering related QA
instances into coherent multi-table collections and
abstracting their collective intent into professional
analytical requests.

To this end, DPForge proceeds in four stages
(Figure 2): Topic Clustering groups tables by the
semantic embeddings of their question sets; Data
Product Refinement uses schema embeddings
to split coarse clusters into coherent, structurally
bounded products; Data Product Request Genera-
tion synthesizes high-level DPRs from each cluster
with an LLM ensemble; and LLM-based Vali-
dation applies a two-phase protocol that checks
request quality and clarity before verifying align-
ment with the ground-truth tables and passages. We
detail each below.

3.1 Setup and Notation

From QA to DPR. Existing table-text QA focuses
on narrow, specific questions (e.g., “Which player
scored the most goals?”). In contrast, DPRs are
broader and span multiple related tables and pas-
sages (e.g., “Collect data to analyze team perfor-
mance trends over five seasons”). Bridging this gap
requires moving beyond isolated QA pairs toward
coherent analytical units. To this end, we cluster se-
mantically related table–text QA instances into data
product candidates and generate realistic DPRs that
abstract the underlying analytical intent shared by
the cluster.
Table-Text QA Datasets. We build upon existing
table–text QA datasets as the foundation of our
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Text(Passage)
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Text(Passage)

AQ

AQ
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Text(Passage)

AQ
Text(Passage)

AQ

AQ

Table

Text(Passage)

AQ
Text(Passage)

AQ

Table + Text QA Datasets

Table Schema Embedding

1. Topic Clustering 2. Data Product Refinement

3. Data Product Request Generation

Prompt: Based on the provided data 

product cluster information, generate 

the high-level data product request.

… LLMs

Output:

• Data Product Request

• Table & Text Ground Truth

Data Product Cluster:

Table Schema + Questions

4. LLM-based Validation

… LLMs

DPR Ground Truth

Phase 1: DPR-only Check

(Quality, Clarity)

Phase 2: DPR + Ground Truth

(Alignment)

Questions Set Embedding

Figure 2: The DPForge pipeline for constructing DPDisc. We repurpose existing QA datasets via (1) topic clustering
of questions, (2) schema-based data product refinement, (3) DPR generation using ensemble of LLMs, and (4)
two-phase automated validation.

benchmark. Let T denote the set of tables, Q the
set of questions, and X the set of textual passages.
Each question q ∈ Q and passage x ∈ X is an-
chored to exactly one table t ∈ T , as illustrated in
Figure 2. For a given table t, we denote the asso-
ciated questions and passages by Q(t) ⊆ Q and
X (t) ⊆ X , respectively.

3.2 Topic Clustering

Our goal is to transform isolated table-text QA
instances into coherent data products that reflect re-
alistic analytical scenarios. A key challenge is that
existing QA datasets organize questions around
individual tables scattered across heterogeneous,
often unrelated topics, making it difficult to iden-
tify which tables should be grouped together. We
observe that questions explicitly encode user infor-
mation needs: tables attracting semantically similar
questions likely belong to the same analytical do-
main and can form coherent data products. For
example, tables associated with questions about
“player performance”, “team rankings”, and “sea-
son statistics” collectively support sports analytics.
This question-driven perspective enables us to in-
fer latent topical structure without relying on table
schemas or manual annotations, providing a scal-
able foundation for clustering related tables into
meaningful analytical units.

For each table t ∈ T with at least one ques-
tion, we construct a document by concatenating its
questions, as dt = concat(Q(t)).

Let D = {dt : t ∈ T ,Q(t) ̸= ∅} denote
the collection of such documents, and let femb(·)
be a sentence embedding function. We apply

BERTOPIC (Grootendorst, 2022) to cluster the em-
bedded documents {femb(dt) : dt ∈ D} into Kraw
semantic topics:

ϕtopic : D → {1, . . . ,Kraw} (1)

This yields raw clusters of tables grouped by
question similarity:

Craw = {Ck}Kraw
k=1 ,

Ck = {t ∈ T : ϕtopic(dt) = k}
(2)

These clusters provide an initial question-driven
organization of the corpus, which we later refine
into coherent data products.

3.3 Data Product Refinement
The raw topic clusters Craw from Section 3.2 are
derived solely from question semantics and are
therefore often coarse-grained. A single cluster
may contain heterogeneous tables or be too large
to form a usable data product. For example, a topic
labeled “human” may mix tables about athletes, his-
torical figures, and medical patients, which differ
substantially in schema and analytical use.

To construct coherent and well-scoped data prod-
ucts, we refine raw clusters using table schema
information and explicit size control. The key intu-
ition is that tables within the same topic and with
similar column structures are more likely to sup-
port a shared analytical workflow. Let s(t) denote
the schema of table t, represented by its column
headers, and let et = femb(s(t)) be its schema em-
bedding. For a raw cluster Ck of size nk, we retain
it as a single product if nk ≤ K, where K is the
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maximum number of tables per product; otherwise,
we partition Ck into Mk = ⌈nk/K⌉ subclusters
using k-means over {et | t ∈ Ck}.

This process yields a set of refined data products
P = {Pi}Kprod

i=1 , where each Pi ⊆ T consists of
semantically and structurally coherent tables. The
supporting passages for each product are defined
as

X (Pi) =
⋃

t∈Pi

X (t), (3)

which serve as ground-truth context for down-
stream evaluation.

3.4 Data Product Request Generation
Given a refined data product Pi, we aim to gener-
ate a professional DPR that captures the high-level
analytical intent supported by its constituent ta-
bles and passages. Unlike factoid-style questions,
DPRs should describe realistic analysis tasks re-
quiring joint use of multiple tables and contextual
text. To inform generation, we construct a compact
summary π(Pi) combining table schemas (column
headers) and their associated questions, two com-
plementary signals that together encode both avail-
able structured variables and typical query patterns.
We employ an ensemble of LLMs to translate π(Pi)
into diverse natural-language DPR candidates, as
relying on a single model or fixed templates yields
repetitive phrasing and limited linguistic diversity.
Sampling from multiple models with different train-
ing data and inductive biases produces requests that
vary in structure, terminology, and abstraction level,
more closely reflecting how real analysts articulate
information needs (Majumder et al., 2024). This en-
semble approach also mitigates generator-specific
biases, reducing the risk that benchmark perfor-
mance reflects overfitting to a particular model’s
idiosyncrasies rather than genuine data product dis-
covery capability.

Specifically, we used Llama 3.3 70B (Grattafiori
et al., 2024), DeepSeek V3 (Liu et al.,
2024), GPT OSS 120B (Achiam et al., 2023),
Qwen 2.5 72B (Yang et al., 2025), and Mis-
tral 8×22B (Jiang et al., 2023). Let Mgen =
{Mj}Gj=1 denote the set of generation models. For
each data product Pi, we generate one candidate
request per model:

ri,j = GMj

(
π(Pi)

)
, j = 1, . . . , G. (4)

The resulting candidate set is denoted by

Ri = {ri,1, . . . , ri,G}.

Each generated request is explicitly grounded
by pairing it with the underlying data product and
its supporting passages, yielding the ground-truth
context

GTi =
(
Pi, X (Pi)

)
.

This design ensures end-to-end traceability from
every DPR to concrete tables and textual evidence,
which is critical for reliable benchmark evalua-
tion. The full generation prompt is provided in
Appendix B.

3.5 LLM-based Validation

The DPR generation step produces multiple re-
quests per data product, which inevitably vary in
quality, specificity, and alignment with the underly-
ing data. To ensure retained DPRs are well-formed,
analytically meaningful, and correctly grounded,
we employ a structured validation procedure using
LLMs as automated judges (Gu et al., 2024). We
use the same ensemble of five LLMs from Sec-
tion 3.4 as independent evaluators, each assessing
DPRs without access to other judges’ outputs. Fi-
nal decisions are made by majority voting across
models, mitigating individual model biases and en-
suring robust evaluation. Validation proceeds in
two sequential phases.
Phase 1: DPR-only screening. Each DPR is
first evaluated in isolation, without access to its
associated tables or passages, to assess intrinsic
request quality. Judges rate DPRs along two dimen-
sions: (i) quality: whether the request is high-level,
use-case driven, and actionable rather than trivial,
vague, or overly narrow; and (ii) clarity: whether
the request is coherent, unambiguous, and easy to
interpret. Each dimension uses a fixed ordinal scale.
DPRs whose aggregated scores fall below prede-
fined thresholds on either dimension are discarded,
filtering out ill-posed or low-value requests before
more expensive alignment checks.
Phase 2: DPR–ground truth alignment. Surviv-
ing DPRs are evaluated jointly with their ground-
truth tables and passages. Judges assess whether
the provided data is sufficient to satisfy the request
without external information. Requests exhibiting
semantic mismatch, unsupported requirements, or
underspecification are penalized. Judges also iden-
tify irrelevant components: when a majority agrees
a table or passage does not contribute to the request,
it is pruned from the ground-truth set. After score
aggregation, DPRs failing alignment, quality, or
clarity thresholds are removed. This two-phase val-
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idation yields a curated benchmark of well-formed,
analytically meaningful DPRs tightly grounded in
their corresponding data products.

4 DPDisc Benchmark

Following the systematic transformation pipeline
DPForge described in Section 3, we introduce
DPDisc (Data Product Discovery Benchmark), the
first benchmark specifically designed to evaluate
open-world data product discovery over hybrid
table-text corpora. DPDisc transforms narrow,
single-table QA pairs into comprehensive data
product requests that require assembling multiple
related tables with supporting passages, reflecting
realistic enterprise discovery scenarios.

4.1 Dataset Characteristics

We construct DPDisc by applying our DPForge
framework to three representative table-text QA
datasets: the open-domain HybridQA (Chen et al.,
2020b) and two financial-domain datasets, TAT-
QA (Zhu et al., 2021) and ConvFinQA (Chen et al.,
2022). Through clustering, schema-based refine-
ment, LLM-based generation, and multi-phase val-
idation, we transform thousands of isolated QA
pairs into 13,076 validated data product discov-
ery instances. The resulting benchmark comprises
three dataset variants. We name the resulting
three datasets as DP-HybridQA (8,820 DPRs), DP-
ConvFinQA (3,113 DPRs), and DP-TATQA (1,143
DPRs), respectively.
Complexity and Retrieval Difficulty. Unlike
source table-text QA datasets that focus on sin-
gle tables, DPDisc significantly increases retrieval
difficulty by requiring multi-asset discovery. Each
DPR necessitates retrieving a complete data prod-
uct comprising multiple tables and passages. DP-
HybridQA requests typically require 5–9 tables
and 17–29 passages, reflecting the broad, intercon-
nected nature of open-domain topics. The finan-
cial datasets are more focused but remain challeng-
ing: DP-TATQA requests require 3–4 tables and
6–7 passages on average, while DP-ConvFinQA
requests require 3–7 tables and 6–12 passages.
This multi-asset requirement fundamentally dis-
tinguishes data product discovery from traditional
single-table retrieval.
Topic Diversity. DPDisc reflects real-world data
lake heterogeneity. DP-HybridQA spans enter-
tainment, sports, geography, history, and science,
mirroring its Wikipedia source, whereas the fi-

nancial datasets are domain-concentrated: DP-
TATQA centers on corporate finance (43.9%), and
DP-ConvFinQA splits between financial markets
(22.5%) and corporate finance (21.8%). The bench-
mark thus covers both broad, heterogeneous cor-
pora and specialized, domain-focused collections;
full topic distributions are given in Appendix F.

4.2 Human Quality Assessment

To evaluate the quality of the DPR instances
in DPDisc, we adopted a multi-faceted protocol
assessing the generated DPRs and their align-
ment with the corresponding data products across
datasets. Human annotators rated each DPR along
three key dimensions: (1) Quality: the level of
abstraction and actionability of the DPR (binary
0/1); (2) Clarity: whether the wording of the DPR
is unambiguous, coherent, and implementable (bi-
nary 0/1); and (3) Relevance: the proportion of
ground-truth tables or passages deemed relevant to
the DPR (continuous in [0, 1]).

Annotation Design. We grouped six annotators
into two independent cohorts as a cross-validation
check: consistent trends across rater pools indicate
that DPDisc quality is a property of the framework
rather than of a particular group. The protocol
yields 306 annotations, over which we report inter-
annotator agreement using Mean Absolute Differ-
ence (MAD) with 95% confidence intervals and
Cohen’s κ. Full cohort composition, per-annotator
counts, and metric definitions are given in Ap-
pendix D.

Quantitative Analysis. Empirical results in Ta-
ble 1 supports the quality of the generated DPRs
and their relevance to associated assets. (1) High
Quality and Consistency. Mean scores are high
for Quality (0.88), Clarity (0.90), and Relevance
(0.95). Stability across both rater cohorts, sup-
ported by tight 95% CIs and low MAD, indicates
that the generated DPRs possess an intrinsic pro-
fessional quality independent of the specific rater
group (see Table 1). (2) Agreement Trends. While
κ varied between groups (Group D-E-F showed
moderate agreement on quality and clarity versus
Group A-B-C’s slight agreement), the stability of
aggregate means suggests that, although analytical
requests are more subjective than factoid QA, the
framework consistently produces highly relevant
and clear results. More details are in Appendix D.
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Table 1: DPDisc annotation analysis. (Top) Descrip-
tive statistics: mean (std). (Bottom) Inter-annotator
agreement: MAD [95% CI] and Cohen’s κ. Relevance
binarized (≥ 0.5 → 1).

Subset / Metric Quality Clarity Relevance

Descriptive Statistics: Mean (Std)
Overall (n = 306) 0.88 (.33) 0.90 (.31) 0.95 (.19)
ConvFinQA 0.92 (.28) 0.89 (.32) 0.93 (.25)
HybridQA 0.87 (.34) 0.90 (.30) 0.95 (.23)
TATQA 0.91 (.30) 0.91 (.30) 1.00 (.00)

Agreement: MAD [95% CI] and κ
Gr. A-B-C: MAD 0.15 [.08, .22] 0.20 [.13, .28] 0.04 [.01, .07]

κ 0.11 -0.03 0.33
Gr. D-E-F: MAD 0.15 [.08, .22] 0.11 [.05, .17] 0.11 [.05, .16]

κ 0.48 0.42 0.09

5 Establishing and Benchmarking
Baselines on DPDisc

The goal of our baseline benchmarking is to estab-
lish defensible experiments for data product discov-
ery under a controlled and reproducible protocol.
We focus on evaluating how well different retrieval
strategies can surface relevant tables and passages
that collectively fulfill complex analytical intents.
Unlike conventional document retrieval, data prod-
uct discovery requires assembling multiple hetero-
geneous components—tables, metadata, and tex-
tual descriptions—into a coherent, task-ready unit.
To ensure a fair comparison, we standardize in-
put representations, retrieval backends, and evalu-
ation metrics across all methods. Retrieval effec-
tiveness is primarily assessed using recall-oriented
measures at various cutoff levels, reflecting the
practical need to maximize coverage.

5.1 Retrieval Methods

We employ a standard two-stage architecture im-
plemented in Milvus (Wang et al., 2021). To isolate
metadata utility, tables are indexed solely by title
and header. We evaluate three strategies: (1) BM25:
A sparse lexical baseline (k1 = 1.5, b = 0.75);
(2) Dense Retrieval: Captures semantic intent by
encoding queries and documents with pretrained
sentence transformers2, ranking via cosine similar-
ity; and (3) Hybrid Retrieval: Fuses sparse and
dense ranks via Reciprocal Rank Fusion (RRF), cal-
culated as RRF(d) =

∑
r∈{rBM25,rdense}

1
k+rankr(d)

,
where k = 60 is a smoothing constant. This
parameter-free strategy combines lexical precision
with semantic generalization without requiring
learned weights.

2https://huggingface.co/sentence-transformers

Re-ranking: We include a neural re-ranker base-
line, in which an initial list of top-k candidates
are re-ranked by a specialized model (BAAI/bge-
reranker-v2-m3 (Chen et al., 2024)). Candidate
re-ranking is specific to the query, allowing the
model to produce more accurate relevance scores
at additional computational cost. To avoid wasteful
relevance computations across the entire corpus,
we use the basic retrieval strategies to collect can-
didates to pass to the re-ranker model.
Evaluation Metrics: In our setting, the goal of
retrieval is not to identify a single best-matching
target but to assemble a complete data product: a
coherent set of tables and passages that together
satisfy a higher-level analytical request. Coverage
is therefore more important than precision at rank
one, making recall the most appropriate metric.
Therefore, we report Recall@20 and Recall@100
to simulate practical use cases where analysts in-
spect a small shortlist or a broader candidate set.
To directly capture completeness, we also intro-
duce Full Recall@100, which counts success only
when all required components of a data product
are retrieved. The lower Full Recall reflects the
challenging nature of data product discovery.

5.2 Results and Analysis
Challenge of DPDisc. Retrieval results in Table 2
(Top) show large performance variation across do-
mains. Hybrid retrieval achieves 0.94 Full Re-
call@100 on DP-ConvFinQA but only 0.16 on
DP-HybridQA, a 78-point gap. This reflects a
fundamental challenge: standard retrievers work
well for structured financial queries with consistent
terminology, but fail when user intent is abstract
and poorly aligned with table schemas. Dense re-
trieval outperforms BM25 on semantically complex
tasks (0.44 vs. 0.03 Recall@20 on DP-HybridQA),
capturing conceptual similarity beyond exact term
matches, whereas BM25 stays effective for entity-
centric queries, reaching 0.81 Recall@100 on DP-
TATQA, where dates, company names, and finan-
cial terms match directly. These results indicate
that hybrid methods are needed to balance semantic
and lexical signals across diverse scenarios.
Reranking: An Equalizer, Not a Solver. As
shown in Table 2 (Bottom), neural reranking acts
primarily as an equalizer for weaker baselines. It
mitigates the lexical mismatch of sparse retrieval,
for instance more than doubling BM25 Full Recall
on DP-HybridQA (0.07 to 0.17), indicating that
relevant tables often lie in the long tail of lexical
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Table 2: Retrieval (Top) and Reranker (Bottom) Recall Results. All experiments use granite-125m-english
embeddings.

Tables Text Data Product

Recall@20 Recall@100 Recall@20 Recall@100 Full R@100

Dataset BM25 Den. Hyb. BM25 Den. Hyb. BM25 Den. Hyb. BM25 Den. Hyb. BM25 Den. Hyb.

Retrieval
DP-HybridQA 0.03 0.44 0.49 0.62 0.69 0.71 0.06 0.25 0.28 0.36 0.38 0.49 0.07 0.11 0.16
DP-TATQA 0.02 0.33 0.47 0.81 0.59 0.79 0.04 0.28 0.42 0.73 0.61 0.72 0.38 0.18 0.34
DP-ConvFinQA 0.01 0.89 0.94 0.97 0.96 0.97 0.01 0.86 0.91 0.98 0.94 0.98 0.94 0.89 0.94

Reranker
DP-HybridQA 0.49 0.48 0.48 0.68 0.69 0.69 0.31 0.31 0.31 0.49 0.51 0.52 0.17 0.18 0.20
DP-TATQA 0.53 0.51 0.53 0.81 0.75 0.79 0.42 0.39 0.40 0.74 0.71 0.74 0.38 0.31 0.38
DP-ConvFinQA 0.94 0.94 0.94 0.98 0.98 0.98 0.90 0.90 0.90 0.97 0.97 0.97 0.94 0.95 0.94

Table 3: Impact of Embedding Models on DP-HybridQA.

Model Dim Tables Text Data Prod.

Embedding Model Params Size R@20 R@100 R@20 R@100 Full R@100

Den. Hyb. Den. Hyb. Den. Hyb. Den. Hyb. Den. Hyb.

all-mpnet-base-v2 (Song et al., 2020) 110M 768 0.34 0.45 0.58 0.67 0.19 0.25 0.40 0.47 0.10 0.14
granite-125m-eng (et al., 2025) 125M 768 0.44 0.49 0.69 0.71 0.25 0.28 0.38 0.49 0.11 0.16
m-e5-large-inst (Wang et al., 2024a) 560M 1024 0.44 0.47 0.67 0.70 0.24 0.28 0.47 0.50 0.14 0.17
Qwen3 (Yang et al., 2025) 8B 4096 0.43 0.48 0.66 0.70 0.26 0.28 0.48 0.51 0.17 0.19
KaLM-Gemma3-12B (Zhao et al., 2025) 12B 3840 0.51 0.50 0.74 0.73 0.31 0.30 0.54 0.54 0.22 0.22

results but are penalized by simple TF-IDF scoring.
However, reranking does not raise the ceiling of the
strongest systems (e.g., DP-ConvFinQA remains
saturated at 0.94), exposing a candidate-generation
bottleneck: if the relevant components are absent
from the top-500 first-stage pool, reranking cannot
recover them. Improvements in downstream rank-
ing therefore cannot compensate for recall failures
in the indexing stage, pointing to the need for better
query expansion or dense retrieval.
Effect of Embedding Models. Table 3 compares
a heterogeneous set of embedding models that dif-
fer in architecture and training data, not only in
size. Across this range, hybrid Recall@20 varies
by only about 7%, so within the models we tried,
larger or more recent embeddings do not close the
open-domain gap. We caution that this is not a
controlled scaling study, since the models differ in
more than parameter count; nonetheless, the con-
sistent pattern suggests the bottleneck is structural,
namely the mismatch between abstract requests and
concrete table schemas, rather than embedding ca-
pacity. This motivates structure-aware pretraining
or domain adaptation as a more promising direction
than simply increasing model size.

6 Conclusion

We presented DPDisc, a benchmark for data prod-
uct discovery over table-text corpora, and DPForge,

an end-to-end pipeline that converts QA datasets
into provenance-grounded DPR and data product
pairs through clustering, refinement, LLM-based
generation, and validation. Across open-domain
and financial settings, our sparse, dense, hybrid,
and reranking baselines show that current retriev-
ers struggle to recover complete data products, with
a large gap in the open-domain case. Results point
to structure-aware indexing and retrieval as the key
direction for multi-asset data product discovery.

Limitations

DPDisc is constructed from existing table-text
QA datasets, which enables scalable, provenance-
grounded construction but may inherit the domains
and language of the source data. As the same LLM
ensemble performs both generation and validation,
some self-enhancement bias may persist despite
majority voting. The benchmark evaluates retrieval
of the relevant tables and passages and does not
measure downstream analysis, schema alignment,
or cross-table reasoning. Since high-level requests
admit multiple valid asset sets, we adopt recall-
oriented evaluation rather than claiming exhaustive
completeness. Stronger retrievers, including late-
interaction, LLM-assisted, and fine-tuned methods,
are promising future directions.
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Ethical Considerations

DPDisc is derived from publicly available table-
text QA datasets and follows the access conditions
of the original sources. Human evaluation was con-
ducted by researchers rather than external crowd
workers. As DPForge uses LLMs for both DPR
generation and validation, generated requests may
inherit biases or errors from the underlying mod-
els despite ensemble validation and human quality
assessment. We provide provenance to the source
data and release the benchmark, code, and evalua-
tion scripts for research and reproducibility.
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explicitly incorporate tables as evidence. Hy-
bridQA (Chen et al., 2020b) introduced table-
anchored questions requiring reasoning over linked
Wikipedia passages, while FeTaQA (Nan et al.,
2022) allows free-form answers grounded in tab-
ular content. Financial QA benchmarks, includ-
ing FinQA (Chen et al., 2021), ConvFinQA (Chen
et al., 2022), and TAT-QA (Zhu et al., 2021), com-
bine tables with textual narratives and emphasize
numerical reasoning. Related efforts extend table-
text QA to scanned documents and forms (Ding
et al., 2023; Raja et al., 2023), scientific litera-
ture (Dasigi et al., 2021; Pramanick et al., 2024),
and multi-document reasoning (Zhu et al., 2022;
Hui et al., 2024; Choi et al., 2025). Text-to-SQL
benchmarks such as Spider (Lei et al., 2024) evalu-
ate semantic parsing over known schemas. These
datasets operate in a closed-world setting, explic-
itly providing the relevant data; even multi-table
retrieval datasets such as OTT-QA (Chen et al.,
2020a) evaluate answer correctness rather than the
completeness of discovered artifacts.

A.2 Data Discovery and Dataset Search

Data discovery identifies, curates, and organizes
data assets to support analytical tasks, especially
in enterprise data lakes (Ravat and Zhao, 2019;
Halevy et al., 2016; Paton et al., 2023). Tradi-
tional systems rely on metadata catalogs and key-
word search, which struggle to bridge the gap be-
tween high-level intent and low-level artifacts. Plat-
forms such as Amundsen (Choudhary and Grover,
2019) and DataHub (DataHub, 2025) add meta-
data management, lineage tracking, and user feed-
back, and recent work incorporates automated pro-
filing, semantic metadata representations (Eichler
et al., 2021), and interaction-driven signals (Nar-
gesian et al., 2018). Dataset search addresses
similar challenges in scientific and open-data set-
tings via Google Dataset Search (Brickley et al.,
2019), DataCite (Brase, 2009), and Zenodo (Sicilia
et al., 2017). Analyses show users often express
abstract goals rather than precise identifiers, mo-
tivating semantic matching; benchmarks such as
TableUnion (Hu et al., 2023) and open-domain ta-
ble retrieval (Zhu et al., 2021; Chen et al., 2020b)
study finding relevant tables at scale, and Discov-
eryBench (Majumder et al., 2024) explores multi-
step discovery. LLMs have also been applied to
discovery (Guo et al., 2025; Freire et al., 2025).
In parallel, the data product abstraction (Goedege-
buure et al., 2024; Machado et al., 2022) bun-

dles related assets with metadata, documentation,
and quality guarantees (Armbrust et al., 2021).
The closest benchmark, DP-Bench (Chowdhury
et al., 2025), studies data product creation over
predefined schemas, assuming relevant sources are
known a priori, which is not generally the case.

A.3 Information Retrieval

Traditional methods such as BM25 (Robertson
et al., 2009) and TF-IDF (Sparck Jones, 1972)
are efficient but struggle with vocabulary mis-
match. Pretrained models such as BERT (De-
vlin et al., 2019) enabled contextual embeddings,
and dual-encoder architectures (Karpukhin et al.,
2020) improved scalability via maximum inner
product search, driven by benchmarks such as MS
MARCO (Nguyen et al., 2016) and Natural Ques-
tions (Kwiatkowski et al., 2019). Hybrid meth-
ods (Luan et al., 2021) fuse lexical and seman-
tic signals. Re-ranking refines first-stage candi-
dates: cross-encoders (Nogueira and Cho, 2019)
score query-document pairs jointly, while multi-
vector models (Gillick et al., 2019) such as Col-
BERT (Khattab and Zaharia, 2020) use late inter-
action for a balance of accuracy and efficiency. Un-
like QA-driven retrieval, our setting evaluates re-
trieval as an end in itself, where success is coverage
and coherence rather than answer accuracy.

A.4 LLM-based Benchmarking and
Evaluation

LLM-as-a-judge (Zheng et al., 2023) has emerged
as a scalable alternative to human annotation,
and ensemble approaches (Gu et al., 2024; Li
et al., 2024) aggregate multiple judges via major-
ity voting to mitigate model bias. Agentic bench-
marks such as AgentBench (Liu et al., 2023)and
GAIA (Mialon et al., 2023) evaluate multi-step rea-
soning but focus on action selection rather than
discovered-asset quality. LLMs are also used
for benchmark construction via synthetic gener-
ation (Wang et al., 2023; Yu et al., 2023; Li et al.,
2023; Xu et al., 2023), with multi-stage valida-
tion combining LLM filtering and selective human
verification (Wang et al., 2023), retaining high-
agreement instances (Gu et al., 2024) and auditing
disagreements. Known limitations include position,
verbosity, and self-enhancement bias (Wang et al.,
2024b; Zheng et al., 2023). Our benchmark applies
this paradigm in two phases (Sections 3.4 and 3.5),
combining ensemble generation with multi-model
validation.
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B Prompt Design for DPR Generation
and Validation

This appendix provides the three prompts used in
DPForge for DPR generation and validation. Fig-
ure 3 shows the generation prompt. It takes a re-
fined data product cluster as input, including ta-
ble titles, column headers, and source questions,
and asks the model to produce a high-level Data
Product Request (DPR). The prompt is designed
to encourage abstraction from individual factoid
questions toward a broader analytical request that
reflects the shared purpose of the clustered tables.

Figure 4 shows the DPR quality scoring prompt.
This prompt evaluates the generated DPR itself, fo-
cusing on whether the request is clear, high-level,
actionable, and suitable for downstream data dis-
covery. It helps filter requests that are vague, overly
specific, factoid-like, or difficult to interpret.

Figure 5 shows the table relevance validator
prompt. This prompt evaluates the alignment be-
tween a DPR and its associated tables by identify-
ing tables that do not provide useful information
for the request. This step helps remove weakly
related assets and improves the grounding of the
final DPR and data product pairs.

C Pipeline workflow

C.1 Case Study: From Table QA to Data
Product Request.

Figure 2 illustrates the high-level pipeline. Here,
we describe a specific instance from the open-
domain setting.

We illustrate our framework DPForge through a
detailed walkthrough using source material from
the HybridQA dataset (Chen et al., 2020b). This ex-
ample demonstrates how our framework transforms
granular question-answer pairs into comprehensive
data product requests that integrate multiple struc-
tured and unstructured information sources.
Source Material. The starting point is a Wikipedia
table from the entry “List of UEFA European
Championship winning managers.” This table sys-
tematically records managerial achievements in Eu-
ropean football championships with the schema:
[Year, Winning Manager, Country, Score
in Final, Venue, Opponent]. For instance, one
row documents that in 2012, Vicente del Bosque
(Spain) defeated Italy 4–0 in the final held in Kyiv.

The original HybridQA dataset associates this
table with multiple fine-grained questions, each
targeting a specific cell or relationship:

•“Who was the manager of the winning team in
2008?”

•“Which country did Vicente del Bosque man-
age when he won the title?”

•“What was the score in the 2012 final?”

•“Where was the 1984 championship final
held?”

Each question is paired with a supporting passage
extracted from the linked Wikipedia article. For
example, the passage for the 2012 question states:

“Spain, managed by Vicente del Bosque, defeated
Italy 4–0 in the 2012 UEFA European Champi-
onship final, held at the Olympic Stadium in Kyiv.
This victory marked Spain’s third European Cham-
pionship title.” These passages provide narrative
context beyond what appears in the structured table
cells.
Topic Clustering via Semantic Embeddings.
To identify thematically related tables across the
dataset, we first construct a semantic representa-
tion of each table. Specifically, we concatenate all
questions associated with a table and embed the
resulting text using a pre-trained sentence encoder.
This embedding captures the collective semantic
intent expressed across all QA pairs for that table.

For the UEFA managers table, the concate-
nated questions emphasize themes around “tourna-
ment winners,” “national team managers,” “cham-
pionship finals,” and “historical results.” When we
perform hierarchical clustering over all table em-
beddings in HybridQA, this table naturally groups
with other tournament-focused tables, including:

•“List of FIFA World Cup winning managers”
(schema: [Year, Manager, Country, Host
Nation, Score])

•“List of Copa América winning managers”
(schema: [Year, Manager, Country,
Venue, Final Score])

•“African Cup of Nations winning managers”
(schema: [Year, Manager, Country,
Final Result])

The clustering algorithm reveals that these tables,
despite originating from different Wikipedia arti-
cles, share a common analytical focus: document-
ing managerial success across major international
football competitions. This semantic grouping re-
flects a realistic data analyst’s workflow, where
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Data Product Request Generation Prompt

Role: You are a Data Product Request Generator.

Context: A Data Product is a self-contained, reusable, and consumable data asset designed to deliver
specific value to its users for data-driven use cases. A Data Product Request (DPR) is a high-level
specification of what data and analysis the user needs.

Given: A cluster containing multiple tables, where each table includes:
• a title (short description of the table);
• a list of column headers;
• a set of user questions that can be answered from the table.
Task: Write one DPR that effectively represents the combined data needs across all tables in the
cluster.
Instructions:
• Do not copy or rephrase the input questions; integrate the tables’ information directly.
• Identify distinct analytical goals and write one sentence per goal.
• Use a clear, professional tone suitable for real-world data users.
• Focus on general insights, comparisons, relationships, or patterns that data engineers should
support.

Output format: Return only the final DPR as plain text.
Example DPRs:
1. Gather data on hospital readmission rates for heart failure patients across different regions,

and analyze which patient demographics or treatment protocols are most strongly associated with
reduced readmission.

2. Compile data on the highest-grossing films of the past 15 years and analyze how factors such as
genre, director, production budget, and release season contribute to box office performance.

3. Collect data showing changes in undergraduate admission rates at top U.S. public universities
over the last decade, and assess how SAT scores, tuition, and diversity metrics influence these
trends.

4. Collect data that will allow queries on student and professor performance, including course
satisfaction, grades, and demographics. It should also track student research capability, GPA,
and course difficulty, as well as professor teaching ability and popularity.

5. Compile a dataset that will allow queries on customer spending habits and behavior, including
payment methods, consumption patterns, and average prices paid. It should also track spending
changes over time and across locations (e.g., gas stations) to support segmentation and behavioral
analysis.

Figure 3: Prompt used to generate a Data Product Request from a refined data product cluster.

relevant information is scattered across multiple
sources that must be discovered and integrated.

Notably, the clustering also excludes tables that
superficially mention football but serve different
purposes—such as tables listing “UEFA Champi-
ons League attendance records” or “Player trans-
fer fees by season.” These are filtered because
their questions emphasize different analytical di-
mensions (attendance patterns, financial transac-
tions) rather than managerial achievements.

Schema Refinement and Structural Alignment.
Within the identified cluster, we perform a second
stage of refinement based on schema compatibility.
Not all semantically related tables are structurally
compatible for joint analysis. We compute schema
similarity by comparing column names and types,
retaining only tables that share core attributes nec-
essary for the analytical task.

In this example, the three tournament manager
tables share a compatible structural pattern:

• Core temporal dimension: Year

• Core entity: Winning Manager, Manager

• Geographic dimension: Country

• Outcome measure: Score in Final, Final
Score

• Context: Venue, Host Nation

Although column names vary slightly (e.g., “Score
in Final” vs. “Final Score”), the semantic roles
align, enabling cross-table analysis. A table de-
scribing “Player statistics by tournament” would
be excluded at this stage despite topical relevance,
as its schema ([Player Name, Goals, Assists,
Minutes Played]) does not align with the man-
agerial focus.

For each retained table, we also aggregate all
linked passages. In this case, the data product in-
cludes passages describing:
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Table Relevance Validator Prompt

Role: You are a domain expert knowledgeable in building data products and data catalogues, with
expertise in evaluating DPR quality.

Context: A Data Product is a self-contained, reusable, and consumable data asset designed to deliver
specific value to its users for data-driven use cases. A Data Product Request (DPR) is a high-level
specification of what data and analysis the user needs.

Your task:
Given:
1. A data product request (DPR);
2. A list of tables with each table’s title and columns.
Identify any tables that are not relevant to the DPR.
Definition of irrelevance:
• A table is not relevant if it does not contain information useful to answer the DPR.
• A table need not perfectly match the DPR, but it should contain at least some overlapping or
supporting information.

Output:
• List all tables identified as not relevant.
• For each, provide a short reasoning for the decision.

Figure 4: Prompt used to identify tables that are not relevant to a generated Data Product Request.

• Historical context for each tournament (e.g.,
“The 2008 UEFA Championship was held in
Austria and Switzerland...”)

• Notable managerial achievements (e.g., “Vi-
cente del Bosque became only the third man-
ager to win both the World Cup and European
Championship”)

• Details of specific finals that cannot be fully
captured in tabular format

This aggregation ensures the data product con-
tains both structured data (tables) and unstructured
context (passages), mirroring real-world analyti-
cal workflows where both types of evidence are
consulted.
Data Product Request Generation via LLM En-
semble. Given the refined data product—three
aligned tables and their associated passages—we
now generate a professional-level analytical request
that captures the collective information need. We
employ the same five-model open ensemble de-
scribed in Section 3 to avoid model-specific biases.

The prompt provides:

• A summary of all table schemas with example
rows

• Representative questions from each table

• Key themes extracted from passage content

• Instructions to formulate a realistic analyst
request that requires all tables

For this data product, these models indepen-
dently generate candidate DPRs. After filtering for
quality (coherence, specificity, analytical intent),
the validated DPR selected by majority agreement
is:

“Collect comprehensive data on major in-
ternational football tournaments, includ-
ing the UEFA European Championship,
FIFA World Cup, and Copa América,
with information on each year’s winning
manager, country, match outcome, and
venue. The goal is to analyze patterns in
managerial success across different com-
petitions and time periods, identifying
managers who achieved success in mul-
tiple tournaments and examining how
home-field advantage and regional fac-
tors influence championship outcomes.”

This DPR exhibits several key properties:

1. Scope generalization: It synthesizes dozens
of fine-grained QA pairs (across three tables)
into a single analytical goal

2. Multi-table requirement: Answering re-
quires integrating all three tournament ta-
bles—no single table suffices

3. Analytical depth: It goes beyond simple fact
lookup to specify comparative analysis (“pat-
terns,” “multiple tournaments,” “regional fac-
tors”)
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DPR Quality Scoring Prompt (LLMeval)

Role: You are LLMeval, an expert evaluator of the quality of Data Product Requests (DPRs).

Context: A Data Product is a self-contained, reusable, and consumable data asset designed to deliver
specific value to its users. A Data Product Request (DPR) specifies what data and analysis the
user needs.

Task: Given a DPR, assign a score from 1 to 5 for each evaluation criterion below using the provided
Likert scales.

1. Quality — Level of Abstraction (1–5): Is the DPR phrased in a high-level, actionable manner
suitable for guiding downstream data or analysis tasks?

• 1 = Bad — Ambiguous or factoid; not actionable.
• 2 = Weak — Partially unclear or overly specific.
• 3 = Adequate — Generally appropriate but lacks full abstraction.
• 4 = Strong — Professional, abstract, and actionable with minor lapses.
• 5 = Ideal — Fully professional, concise, abstract, and actionable.

2. Clarity (1–5): Is the DPR clearly and unambiguously written?

• 1 = Unclear — Hard to understand or incomplete.
• 2 = Somewhat unclear — Several ambiguities.
• 3 = Moderately clear — Understandable with minor confusion.
• 4 = Clear — Easy to follow with rare issues.
• 5 = Crystal clear — Fluent and immediately understandable throughout.

Figure 5: Prompt used to evaluate the quality and clarity of generated Data Product Requests.

4. Mixed evidence: It implicitly requires both
structured data (tables) and unstructured con-
text (passages about venues, historical signifi-
cance)

Alternative candidate DPRs generated by the en-
semble included variations emphasizing different
analytical angles (e.g., temporal trends in scoring
patterns, geographic distribution of winning na-
tions). The final DPR was selected based on its
balance of specificity and generality, ensuring it is
neither too narrow (addressable by a single table)
nor too vague (underspecified analytical intent).
Final Benchmark Artifact. The resulting bench-
mark entry consists of: (i) the validated DPR above,
(ii) the corresponding set of tables—here, those
describing winning managers across multiple tour-
naments, and (iii) the linked passages providing
textual explanations of the outcomes. Each com-
ponent maintains full provenance to the original
HybridQA sources.

To validate the benchmark quality, we apply
three checks:

1. Necessity: Human annotators verify that all
three tables are required—removing any sin-
gle table leaves key analytical questions unan-
swerable

2. Sufficiency: The table and passage set con-
tains all information needed to address the

DPR

3. Realism: Domain experts (data analysts with
sports analytics experience) confirm the DPR
reflects a plausible real-world analytical task

This example shows how our pipeline trans-
forms fragmented table-level QA pairs into inte-
grated data product specifications. The resulting
benchmark entry reflects realistic complexity: it
requires discovering multiple relevant tables from
a large corpus, understanding that they address a
shared analytical goal despite structural variations,
and recognizing that both structured and unstruc-
tured evidence contribute to a complete data prod-
uct. This stands in contrast to traditional table QA
benchmarks, where each question targets a single
table and success is measured by cell-level accu-
racy rather than the ability to assemble coherent
multi-table analytical resources.

D Human Evaluation Analysis

This appendix provides the annotator backgrounds,
the annotation protocol, and the per-annotator score
breakdown referenced in Section 4.2.
Annotators. The annotation was conducted as
expert research evaluation by project-affiliated re-
searchers and was not a paid crowdsourcing task.
The six expert annotators: all are PhD-level re-
searchers with backgrounds in natural language
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processing, information retrieval, and data engi-
neering.

Protocol. To promote coverage while testing the
robustness of observed trends (Wang et al., 2024c),
the six annotators (A to F) were split into two in-
dependent cohorts, Group 1 (A, B, C) and Group 2
(D, E, F). Each annotator rated 51 DPRs, strat-
ified by size and dataset; within each cohort, 36
DPRs formed an overlapping set for inter-annotator
agreement and 15 a single set for coverage, yield-
ing 306 annotations (Nan et al., 2022). We report
Mean Absolute Difference (MAD), the average
absolute pairwise difference between annotators’
scores (lower indicates closer agreement, in the
units of the annotation scale), with 95% confidence
intervals, alongside Cohen’s κ, which corrects for
chance (κ ≈ 0 is chance-level; commonly inter-
preted as slight ≈ 0.01 to 0.20, fair ≈ 0.21 to 0.40,
moderate ≈ 0.41 to 0.60, substantial ≈ 0.61 to
0.80, and near-perfect > 0.80).

Dimensions and Completeness. Each annotator
graded the three primary dimensions reported in
the main text (Quality, Clarity, and Relevance) and,
in addition, a Completeness judgment indicating
whether a ground-truth data product is sufficient for
its DPR. We report Completeness here: in an open-
world corpus, several distinct asset sets may satisfy
a single request, so absolute sufficiency is under-
determined and is better treated as motivation for
our recall-oriented evaluation than as a primary
quality metric.

Per-Annotator Scores. Table 4 reports the mean
score for each annotator (n = 51). Quality, Clar-
ity, and Relevance are high and stable across an-
notators, whereas Completeness shows the widest
spread (0.43 to 0.86), consistent with the under-
determined nature of completeness judgments in
open-world discovery and leaving the three primary
dimensions unaffected.

Table 4: Mean score per annotator (n = 51 per annota-
tor) across four quality dimensions.

Annotator Quality Clarity Relevance Completeness

A 0.961 0.961 0.972 0.804
B 0.941 0.902 0.990 0.863
C 0.765 0.765 0.956 0.549
D 0.784 0.863 0.915 0.431
E 0.902 0.961 0.863 0.569
F 0.922 0.922 0.984 0.627

E Extended Experimental Results

We performed extensive ablation studies to evalu-
ate the impact of different model architectures and
embedding strategies on retrieval performance.

E.1 Impact of LLM Choice on Query
Expansion

Table 5 investigates whether larger Language Mod-
els (LLMs) significantly improve the retrieval
of Data Products when used for query expan-
sion (DPR generation). We compare a baseline
(no expansion) against expansions generated by
GPT-OSS-120B and Qwen3-VL-235B.

Interestingly, we observe that retrieval perfor-
mance saturates; the 235B parameter model yields
performance comparable to the 120B model. In
some settings, expansions can even degrade perfor-
mance. This suggests that the quality of the prompt
engineering and the initial clustering (Stage 1 & 2
of DPForge) is more critical than the sheer scale of
the LLM used for generation.

E.2 Embedding Model Benchmarks

We further benchmark various embedding mod-
els to validate the retrieval component of DPDisc.
Tables 6 and 7 detail the performance on the DP-
TATQA and DP-ConvFinQA subsets, respectively.

DP-TATQA Results: As shown in Table 6,
larger embedding models such as Qwen3 (8B) and
KaLM-Gemma3 (12B) significantly outperform stan-
dard baselines like MPNet (110M), particularly in
Dense retrieval settings where semantic understand-
ing of complex table headers is required.

DP-ConvFinQA Results: Table 7 demonstrates
higher overall baseline scores due to the conver-
sational nature of the dataset. Here, the gap be-
tween small and large models narrows, though
KaLM-Gemma3 achieves the strongest results among
the tested models with a Hybrid Full Recall@100
of 0.96.

F Benchmark Characteristics

Figures 6, 7, and 8 show the topic distributions
of DPDisc. DP-HybridQA (Figure 6) exhibits
broad coverage across entertainment, sports, geog-
raphy, history, and science, reflecting its Wikipedia
source. The financial datasets are more concen-
trated: DP-TATQA (Figure 7) is dominated by cor-
porate finance, while DP-ConvFinQA (Figure 8)
splits across financial markets and corporate fi-
nance. Across all three, the clustering preserves
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Table 5: Retrieval performance using different LLMs to expand the DPR prior to retrieval for DP-HybridQA dataset.
Results show Full Recall@100 remains stable across model sizes. All experiments use granite-125m-english
embeddings.

LLM
Tables Text Data Product

Recall@20 Recall@100 Recall@20 Recall@100 Full Recall@100

BM25 Dense Hybrid BM25 Dense Hybrid BM25 Dense Hybrid BM25 Dense Hybrid BM25 Dense Hybrid

No expansion 0.03 0.44 0.49 0.62 0.69 0.71 0.06 0.25 0.28 0.36 0.38 0.49 0.07 0.11 0.16
GPT-OSS-120B 0.03 0.43 0.47 0.61 0.68 0.71 0.06 0.25 0.27 0.36 0.38 0.49 0.07 0.11 0.16
Qwen3-VL-235B 0.03 0.42 0.45 0.58 0.67 0.69 0.06 0.25 0.27 0.34 0.37 0.47 0.06 0.10 0.15

Table 6: Retrieval performance across different embedding models on the DP-TATQA dataset.

Embedding Model Model
Params.

Embed
Dims.

Tables Text Data Product

Recall@20 Recall@100 Recall@20 Recall@100 Full Recall@100

Dense Hybrid Dense Hybrid Dense Hybrid Dense Hybrid Dense Hybrid

all-mpnet-base-v2 (Song et al., 2020) 110M 768 0.32 0.54 0.62 0.79 0.25 0.37 0.54 0.71 0.10 0.35
granite-125m-english (et al., 2025) 125M 768 0.33 0.47 0.59 0.79 0.28 0.42 0.61 0.72 0.18 0.34
multilingual-e5-large-instruct (Wang et al., 2024a) 560M 1024 0.24 0.43 0.55 0.78 0.29 0.40 0.55 0.69 0.09 0.34
Qwen3 (Yang et al., 2025) 8B 4096 0.53 0.59 0.84 0.88 0.42 0.47 0.75 0.79 0.38 0.45
KaLM-Gemma3-12B-2511 (Zhao et al., 2025) 12B 3840 0.44 0.56 0.77 0.83 0.41 0.46 0.75 0.78 0.34 0.47

Table 7: Retrieval performance across different embedding models on the DP-ConvFinQA dataset.

Embedding Model Model
Params.

Embed
Dims.

Tables Text Data Product

Recall@20 Recall@100 Recall@20 Recall@100 Full Recall@100

Dense Hybrid Dense Hybrid Dense Hybrid Dense Hybrid Dense Hybrid

all-mpnet-base-v2 (Song et al., 2020) 110M 768 0.81 0.92 0.94 0.97 0.82 0.91 0.92 0.98 0.85 0.94
granite-125m-english (et al., 2025) 125M 768 - - - - - - - - - -
multilingual-e5-large-instruct (Wang et al., 2024a) 560M 1024 0.88 0.92 0.95 0.97 0.86 0.92 0.95 0.98 0.89 0.93
Qwen3 (Yang et al., 2025) 8B 4096 0.93 0.94 0.98 0.98 0.91 0.94 0.97 0.98 0.93 0.93
KaLM-Gemma3-12B-2511 (Zhao et al., 2025) 12B 3840 0.93 0.95 0.99 0.99 0.92 0.94 0.98 0.99 0.95 0.96

Figure 6: Topic distribution of DP-HybridQA.

the source datasets’ domain structure while reorga-
nizing it into product-centric clusters.

G Artifact Use and Licensing.

DPDisc is constructed from publicly available table-
text QA datasets and follows the access conditions

Figure 7: Topic distribution of DP-TATQA.

of the original source datasets. The released bench-
mark, code, and evaluation scripts are intended for
research and reproducibility.
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Figure 8: Topic distribution of DP-ConvFinQA.
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