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Abstract. The rapid growth of tabular datasets in data lakes, data
spaces, and open data portals makes effective dataset search essential
for reuse and analysis. Existing search systems rely mainly on metadata,
which is often incomplete or low quality, especially for tables whose
meaning depends on both schema and cell values. Recent advances in
Large Language Models (LLMs) enable richer, content-based represen-
tations of tables. However, prior LLM-based retrieval methods have fo-
cused on Table Question Answering, where the goal is to select a sin-
gle table to answer a question, rather than retrieve and rank relevant
datasets. We propose PIPER, a content-driven retrieval method for tab-
ular datasets that uses table profiles and LLM-generated queries embed-
ded for dense retrieval. Designed for dataset search in poor-metadata set-
tings, PIPER outperforms both classical metadata-based baselines and
strong TableQA retrieval methods, demonstrating the value of LLM-
based content modeling for tabular dataset search.

Keywords: tabular data retrieval - dataset search - content-based re-
trieval - large language models - data profiling - semantic reranking.

1 Introduction

Large-scale data ecosystems, including data lakes [16], data spaces [I], and open
data portals, are increasingly used to support data sharing and analysis across
organizational boundaries. As these environments grow in scale and heterogene-
ity, identifying relevant datasets becomes increasingly difficult. Dataset findabil-
ity is therefore a fundamental requirement for data integration, analytics, and
governance.

This challenge is closely related to the FAIR principles [34], which emphasize
that data must be findable before it can be effectively accessed, interoperated
with, and reused. In practice, however, dataset discovery still relies largely on
metadata catalogs [8I2416], where datasets are indexed through titles, descrip-
tions, and tags. While this paradigm is scalable and easy to deploy, it is funda-
mentally limited by metadata quality, which is often incomplete, inconsistent, or
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only weakly descriptive [5], especially in decentralized and cross-organizational
settings [23].

These limitations are particularly evident for tabular data, which constitutes
a large share of structured datasets. For tables, semantics are not expressed only
through textual descriptions, but also through the interaction between schema
and values. Column names may be ambiguous, metadata may omit important
context, and the meaning of a dataset often emerges only from its content. As
a result, metadata-driven retrieval can fail to capture the actual informational
capabilities of a table [I83].

Recent advances in large language models (LLMs) [30] and dense retrieval
provide new opportunities for addressing this problem. Rather than relying ex-
clusively on metadata, tabular datasets can be represented through content-
derived descriptions that expose statistical properties, semantic cues, and likely
information needs supported by the table. In this setting, LLMs can help trans-
form table content into richer retrieval representations, for example by summariz-
ing structure, interpreting column semantics, and generating synthetic natural-
language expressions of what a dataset can answer [28§].

Although related ideas have been explored in table retrieval for TableQA
[ITU13], dataset search poses a broader retrieval problem. The objective is not
only to find one table that answers a question, but to retrieve candidate datasets
that may support downstream analytical tasks, integration, or reuse. This re-
quires representations that go beyond exact keyword matching and capture mul-
tiple aspects of table content.

In this paper, we propose PIPER: a content-based retrieval method for tab-
ular dataset findability that reduces dependence on metadata by indexing tables
through content-derived representations. Our approach combines profiling sig-
nals extracted from table content with LLM-generated pseudoqueries that rep-
resent the types of information a dataset can support. These representations are
embedded for retrieval, while user queries can be reformulated and expanded to
better match dataset content. Candidate tables are then reranked semantically
to improve final retrieval quality. The goal is not to replace metadata when it is
informative, but to improve dataset discovery in settings where metadata alone
is insufficient.

Our contributions are:

— A content-based formulation of tabular dataset search that highlights the
limitations of metadata-only retrieval in heterogeneous data ecosystems.
— A retrieval pipeline for tabular dataset search that combines table profiling,

LLM-generated pseudoqueries, query reformulation, and semantic reranking.

2 Related Work

2.1 Dataset Search and LLM-based Table Retrieval

Dataset search has traditionally been approached as keyword-based retrieval
over metadata catalogs [8]. Queries are matched against publisher-provided de-
scriptions in settings such as Open Data Portals and web-indexed repositories
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[6]. This paradigm is simple and scalable, but its effectiveness is constrained by
metadata quality, which is often incomplete, ambiguous, or poorly aligned with
user intent. Similar limitations also arise in heterogeneous data lakes and data
spaces, where discovery typically relies on metadata filtering [33I21].

To reduce lexical mismatch, later work introduced neural retrieval mod-
els that encode queries and datasets into dense representations, including ap-
proaches such as Octopus [7], TRSS [36], and TSBERT [I0]. Related methods
exploit schema matching, column mapping, or structural alignment signals [25].
These approaches improve semantic matching beyond exact keyword overlap,
but many still depend primarily on metadata, schema tokens, or shallow struc-
ture, which is limiting when the meaning of a dataset is carried by both tabular
content and organization.

Recent advances in Large Language Models (LLMs) have strengthened ta-
ble understanding in tasks such as TableQA and fact verification [I3]. This has
motivated table linearization strategies, specialized tabular language models,
and joint query-table encoders [I2ITT0I35I29]. More recent work uses LLMs to
contextualize schemas, rewrite queries, enrich metadata, and support retrieval
pipelines for datasets and tables [3TUI32I26/T5TABIT27I374]. These directions
also include RAG-style settings. However, most of these systems either target
single-table selection for downstream question answering or continue to rely
mainly on metadata-level representations. In contrast, our setting treats each
candidate dataset as a table and focuses on ranked dataset retrieval grounded
directly in table content and structure.

3 Methodology

We address the problem of content-based dataset search for tabular data in
settings where metadata are absent, incomplete, or unreliable. In our setting,
each dataset corresponds to a single table. Given a collection of tables D =
{D1,...,Dp} and a natural language query ¢, the goal is to return a ranked
list of relevant datasets. Unlike traditional dataset search systems, our method
does not rely on metadata and operates only on dataset content.

The proposed approach is organized into two phases: (i) an offline phase,
which indexes each dataset through synthetic user-oriented pseudoqueries gen-
erated from its content, and (ii) an online phase, which transforms a user query
into optimized subqueries, retrieves candidate datasets by similarity search, and
reranks them with an LLM. The overall intuition is to bridge the gap between
how datasets are represented internally and how users express information needs
in natural language.

Formally, the offline phase maps each dataset D; to a statistical profile P;
and then to a set of pseudoqueries

Qi = {sih .- ~,S¢T}7

where T is the number of synthetic questions generated per dataset. Each pseu-
doquery is embedded and stored in a vector database together with the identifier
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and profile of the originating dataset. At query time, the online phase maps the
user query ¢ to a set of optimized subqueries

U(q) = {ul,...,uN},

retrieves the most similar pseudoqueries for each subquery, aggregates matches
at dataset level, and reranks the resulting candidates.

This design is motivated by two assumptions. First, dataset publishers may
not provide high-quality metadata, making metadata-centered retrieval brittle in
practice. Second, users typically formulate information needs in natural language
rather than through a controlled schema-aware query language. Our method
therefore replaces metadata-dependent indexing with content-derived pseudo-
queries and supports free-form user queries through LLM-based query optimiza-
tion.

3.1 Offline phase

The offline phase transforms each raw dataset into a searchable representation
derived only from its content. Its output is a set of pseudoqueries that approxi-
mate the kinds of requests a user might issue to retrieve the dataset. The struc-
ture of the offline phase is illustrated in Fig.

Statistical profiling Directly encoding large real-world tables with an LLM
is often impractical due to input size constraints and the structured nature of
tabular data. Rather than passing raw tables or only a small row sample, we
summarize each dataset through a statistical profile computed over the full table.
This avoids sampling bias and produces a compact representation of the dataset
content suitable for downstream LLM processing.

Formally, let a dataset be a table

Di - {Cila"'acimi}7

where m; is the number of columns and each c¢;; denotes the j-th column of
dataset D;. The statistical profile of D; is defined as

Pi = Proﬁle(Dl) = {¢(Ci1), ceey ¢(Cim1)}7

where ¢(c;;) is a column-level summary function that maps each column to a
set of descriptive statistics.

For each column, the profile includes a set of statistics that depends on
the column type. In general, we compute attributes such as datatype, number
of unique values, missing-value information, and value coverage. For numeri-
cal columns, the profile may additionally include statistics such as minimum,
maximum, mean, and median. Hence, for a column ¢;;, we can write

d(ciz) = {tij, uij, M?}issv%jﬂ/)(cij)}’
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Fig. 1. Architecture of the offline phase of the proposed method.

**Glucose**: Data is of type integer. There are 136 unique values. This
column is numeric. Mean: 120.89453125, Max: 199, Min: 0. Coverage
spans from O to 196.0.

Listing 1.1. Snippet of statistical profile of a single column.

where t;; denotes the detected datatype, u;; the number of distinct values, ,u?;iss
the missing-value information, -;; the value coverage, and 9(c;;) the set of type-
specific statistics. For instance, if ¢;; is numerical, then

¥ (cij) = {min(c;;), max(c;;), mean(c;; ), median(c;;)}.

A snippet of such a profile is shown in Listing The resulting profile
does not aim to preserve cell-level detail; rather, it captures the main statistical
properties of the dataset that are useful for retrieval.

Pseudoquery generation Given the statistical profile P;, we generate a fixed
set of synthetic pseudoqueries that approximate the ways in which a user may
search for the dataset in natural language. The goal of this step is to bridge
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Search for a diabetes dataset with patient attributes like age and BMI.

Listing 1.2. Example of synthetic question.

the gap between the internal content-based representation of a table and the
external linguistic formulations used at query time.
Formally, for each dataset D;, the pseudoquery generation step is defined as

Q; = GeneratePseudoqueries(P;) = {s;1,..., Sir},

where T is the number of pseudoqueries generated for the dataset and each s;; is
a natural language pseudoquery intended to represent one possible user-oriented
access path to D;.

The generation is performed in a single LLM call. The prompt includes the
statistical profile, and explicitly instructs the model to produce pseudoqueries
that: (i) resemble realistic dataset search requests, (ii) cover the dataset broadly
rather than focusing on a small subset of attributes, and (iii) mention relevant
relationships among variables whenever these are inferable from the profile. In
this way, the generated pseudoqueries are not simple reformulations of column
names, but compact natural language descriptions of potentially relevant infor-
mation needs associated with the dataset.

This design is motivated by the target task itself. Since users typically search
for datasets by expressing requests or questions in natural language, indexing
a dataset through multiple pseudoqueries reduces the mismatch between user
phrasing and indexed content. Moreover, representing each dataset through sev-
eral pseudoqueries allows different semantic facets of the same table to be ex-
posed separately, which is beneficial for retrieval in heterogeneous search scenar-
ios.

An example of synthetic questions is shown in Listing [T.2]

Embedding and indexing Each pseudoquery s;; is independently embedded
using an embedding model and stored in a vector database. For each embed-
ding, we retain as metadata the identifier of the corresponding dataset and its
statistical profile. Similarity search is then performed with L2 similarity over the
pseudoquery embeddings.

As a result, each dataset is represented not by a single vector but by a set of
vectors corresponding to alternative user-oriented views of the same table. This
multi-query indexing strategy increases the chances of matching heterogeneous
user formulations that refer to the same dataset content.

3.2 Online phase

The online phase takes as input a natural language query g and outputs a ranked
list of datasets. It consists of three steps: query optimization, candidate retrieval,
and listwise reranking. The overall structure is shown in Fig. [2]
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Fig. 2. Architecture of the online phase of the proposed method.

Comprehensive diabetes datasets with 5+ years follow-up HbAlc levels
treatment outcomes

Listing 1.3. Examples of subquery obtained after query optimization.

Query optimization User queries may be incomplete, ambiguous, or phrased
with terminology that does not align directly with the indexed pseudoqueries. To
improve retrieval, we apply a two-step LLM-based query optimization procedure
composed by (i) internal expansion and (ii) decomposition.

Given the original query ¢, the LLM first generates a short background docu-
ment B(q) containing contextual information, relevant terminology, and domain
concepts useful for interpreting the query. The purpose of B(g) is not to retrieve
documents directly, but to enrich the representation of the user need before
decomposition.

In a second step, the LLM receives both the original query ¢ and the back-
ground document B(q) and generates a set of optimized subqueries

U(q) ={u1,...,un},

where N is dynamically determined by query complexity. These subqueries are
short, explicit, and retrieval-oriented. Their role is threefold: to reduce ambigu-
ity, to improve recall for multi-faceted information needs, and to bridge vocab-
ulary mismatch between user phrasing and indexed pseudoqueries. An example
is shown in Listing|[l.3

Only the generated subqueries are used for retrieval, while the original query
is preserved for the final reranking stage.
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Candidate retrieval For each optimized subquery u,,, we retrieve the top-K
most similar pseudoqueries from the vector database according to L2 similarity.
Since each retrieved pseudoquery is associated with a dataset identifier, retrieval
is performed at pseudoquery level and then aggregated at dataset level.

Let R(uy) denote the top-K retrieved pseudoqueries for subquery w,. The
candidate score of a dataset D; is computed as the number of times pseudoqueries
belonging to D; appear across all retrieved sets:

N
score(D;, q) = Z Z 1[dataset(s) = D,].

n=1seR(un)

In other words, a dataset is favored when multiple pseudoqueries associated with
it are matched by one or more subqueries. This simple aggregation strategy is
consistent with the indexing design: datasets represented by pseudoqueries that
repeatedly align with different aspects of the user request are promoted in the
candidate set.

After aggregation, duplicate dataset identifiers are removed and the top can-
didates are retained for reranking.

Listwise reranking The retrieval stage provides a candidate pool with coarse
relevance estimates, but it does not fully exploit the richer dataset-level evi-
dence available in the metadata associated with each pseudoquery. To refine the
ranking, we apply a listwise LLM-based reranker.
Given the original query ¢ and a candidate list, where each candidate is
defined as:
Clg) = {Ps,score(Ds, q)},

the reranker jointly evaluates the candidate datasets and outputs a refined
ranked list. For each candidate, the LLM receives the dataset identifier, its sta-
tistical profile, and the retrieval score. The original natural language query is
used in this stage instead of the decomposed subqueries, so that the final rank-
ing is aligned with the user’s initial information need rather than only with its
retrieval-oriented reformulations.

The reranker is implemented in a listwise unsupervised setting with fixed
candidate size and its main role is to exploit the statistical profile to distinguish
datasets that may receive similar retrieval counts but differ in actual relevance
to the original query.

4 Evaluation

4.1 Evaluation Setup

We evaluate the proposed method in two stages. First, we use TARGET [I§] as a
controlled benchmark for table retrieval. Second, we evaluate on a tabular subset
of NTCIR-15 Data Search [2] in order to assess the method in a dataset-search
setting with more heterogeneous tables and queries.
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Table 1. Datasets statistics for FetaQA, OTT-QA, and the NTCIR-15 tabular subset.

Statistic FetaQA OTT-QA NTCIR-15 subset
Rows (avg) 13.8 15.7 73.7K

Cols (avg) 5.9 44 25.5
Tables 2K 789 111
Queries 2K 2.2K 10

For the first stage, we consider FetaQA [22] and OTT-QA [9], two bench-
marks included in TARGET and adapted there for table retrieval. Although our
task is dataset search rather than table question answering, both settings re-
quire retrieving the relevant table from a query. FetaQA and OTT-QA involve
relatively small and fairly homogeneous tables; Table [l|summarizes this contrast
with the NTCIR-15 subset used in the second stage.

For the second stage, we use NTCIR-15 Data Search, which includes het-
erogeneous datasets, search queries, and human relevance judgments. Since the
current prototype operates directly on tabular dataset content, we restrict the
evaluation to datasets that can be processed as tables. We therefore construct a
subset consisting of 111 tabular datasets and 10 queries for which the majority of
relevant results are tabular, so that metrics can be computed consistently within
the intended retrieval setting.

On NTCIR-15, we consider two query settings: the original keyword queries
provided by the benchmark and natural-language reformulations generated by
an LLM. For each keyword query, the model was prompted to generate a more
complex natural-language query expressing the same information need.

4.2 Implementation Details

Experiments on both TARGET and NTCIR-15 were conducted with the same
overall setup. We used gpt5—miniE| for semantic representation, pseudoquery
generation, query optimization, reranking, and the generation of natural-language
reformulations of the NTCIR-15 keyword queries. For both benchmarks, all gen-
erated texts were embedded with text-embedding-3-small and indexed in a
persistent Chromaﬁ vector store with an HNSW nearest-neighbor index using
L2 distance. The same prompt-building functions were reused across datasets
rather than designing benchmark-specific prompt templates. Preprocessing and
type detection followed the same shared logic across benchmarks, using datamart

prof ilelﬂ

3 https://developers.openai.com/api/docs/models/gpt-5-mini
4 https://www.trychroma.com/
® https://pypi.org/project/datamart-profiler/
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Table 2. Comparison of Recall@10 of PIPER and methods proposed in TARGET and
QGpT on FetaQA and OTT-QA.

Method Benchmark
OTT-QA FETAQA

Sparse Lexical Repr. (BM25) [18] 0.967 0.082
w/o table title 0.592 0.084
Sparse Lexical Repr. (TF-IDF) [18] 0.963 0.083
w/o table title 0.583 0.039
Dense Metadata Embedding [18] 0.820 0.436
Dense Table Embedding [18] 0.963 0.741
column names only 0.658 0.208
Dense Row-level Embedding [18] 0.951 0.711
pT [20] 0.867 0.573
pT + QGpT |20] 0.915 0.586
PIPER 0.729 0.784
w/o query optimization 0.780 0.783

Table 3. Recall on FetaQA and OTT-QA. Best results are in bold; second best are
underlined.

FetaQA OTT-QA
Method R@10 R@5 RQ@1 R@10 R@5 R@1
pT[20] .b73 .508 353 .867 .781 .515
pT + QGpT|20] .586 .522 372 915 .844 .608
PIPER .784 .660 .401 729 .619 .336
w/o q. opt. .783 .654 .395 .780 .648 .356

4.3 Results on TARGET

On TARGET, we evaluate the proposed method on FetaQA and OTT-QA using
Recall, which is the metric reported in prior work for these benchmarks. Table
compares PIPER with the retrieval methods reported in TARGET.

We also compare PIPER with QGpT [20], which uses synthetic questions for
retrieval. For this comparison, we use the same benchmark setting and the results
reported in the original QGpT work. Table [3| reports Recall@10, Recall@5, and
Recall@1 for both approaches.

4.4 Results on NTCIR-15 Data Search

We next evaluate PIPER on the tabular subset of NTCIR-15. All compared
methods were run on the same subset in order to ensure a fair comparison.
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Table 4. Results on NTCIR-15 for PIPER and baseline retrieval models. Best results
are in bold; second best are underlined.

Complex NL Keyword
Model MAP P@10 R@10 nDCG@10 MAP P@10 R@10 nDCG@10
TAPAS-base .035 .110 .104 128 .089 .160 .161 177
BM25 192 250 .347 .336 204 260  .301 .330
SPLADE 234 280  .373 .386 253 270 .339 .379
ColBERTv2 242 280  .389 .389 263 270 .369 .398
Dense-BGE  .364 .360  .468 .510 342  .360  .480 .487
PIPER .560 .480 .647 .676 .483 .430 .563 578
w/o0 q. opt. .161 .150 188 233 .200 .150 .220 327

We report MAP, Precision@10, Recall@10, and nDCG@10 for both the original
keyword queries and the gpt-5-mini-generated natural-language reformulations.
The results are shown in Table [4l

For NTCIR-15, we additionally computed 95% bootstrap confidence inter-
vals for the evaluation metrics. Figure [3| reports the corresponding intervals for
nDCG@10.

5 Discussion

Sensitivity to metadata quality. The results suggest that the proposed method is
most useful in retrieval settings where metadata is weak, incomplete, or poorly
aligned with the query. This pattern is visible in FetaQA and in the NTCIR-15
subset, where retrieval must rely more directly on dataset content and where
our approach is consistently competitive or superior. By contrast, on OTT-QA,
where titles and metadata provide strong lexical cues, metadata-aware methods
remain stronger. In our view, this is not a contradiction but a clear indication
of the role of the method: it should be understood primarily as a content-based
alternative for metadata-poor environments, rather than as a universal replace-
ment for metadata-driven retrieval.

Profiles instead of partial table views. The comparison with QGpT also high-
lights an important design choice. Both approaches use synthetic questions, but
QGpT benefits from metadata and partial table views, whereas our method re-
lies on semantic profiles derived from full dataset content. The results indicate
that profile-based representations can be more robust when metadata is unre-
liable, since they capture broader signals about what a dataset is about rather
than depending on a few exposed fields or textual descriptors. At the same time,
the stronger OTT-QA performance of QGpT suggests that partial-table and
metadata-based signals remain highly effective when those signals are informa-
tive. This points to complementarity rather than clear dominance of one strategy
over the other.
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Fig. 3. 95% bootstrap confidence intervals for nDCG@10 on the NTCIR-15 tabular
subset. Full stands for full PIPER system. QOpt stands for no query optimization
ablation.

When query optimization helps. The ablation results suggest that query opti-
mization is not uniformly beneficial. On TARGET, where queries are already
tightly aligned with the target tables, its effect is small and can even be slightly
negative, likely because additional reformulation introduces mild query drift. In
contrast, the stronger results on natural-language queries in NTCIR-15 suggest
that query optimization becomes more useful when information needs are ex-
pressed more freely and lexical overlap with the relevant dataset is less direct.
We therefore see query optimization as an adaptive component: valuable in real-
istic dataset search, but less necessary in tightly controlled benchmark settings.

Implications. Overall, the discussion points to a simple conclusion: dataset re-
trieval is not governed by a single best representation, but by the interaction be-
tween query formulation, metadata quality, and how much of the dataset content
is actually exposed to the retriever. The main strength of the proposed method
is that it shifts retrieval toward content-derived semantic evidence, which is par-
ticularly important in real collections where metadata cannot be assumed to be
sufficient. At the same time, the results also make clear that informative meta-
data should not be ignored. For this reason, the most promising direction for
future work is not a stronger content-only model, but hybrid retrieval strategies
that can adaptively combine metadata, semantic profiles, and synthetic questions
depending on the characteristics of the collection.
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6 Conclusion

This paper introduced a profiling-based indexing method for table and dataset
search in which table summaries are used to guide the generation of LLM-based
pseudoqueries for content-driven retrieval. The method is intended for settings
where user needs are expressed in natural language and where metadata alone
is insufficient to support effective discovery. The experimental results on TAR-
GET show competitive performance against established baselines, especially in
metadata-poor scenarios, while the evaluation on a subset of NTCIR-15 indi-
cates that the approach remains effective in a more realistic dataset-search set-
ting. These findings highlight the value of integrating table understanding and
retrieval to improve tabular data findability. They also suggest that the most
effective search systems will likely combine metadata-aware and content-driven
retrieval, with future work needed on adaptive strategies, efficiency, and broader
evaluation across heterogeneous collections.
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