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Abstract—Informed public debate needs high-quality data. In
this context, high-quality statistical data sources are a valuable
category of reference information based on which a claim can
be checked. To facilitate the work of journalists or other fact-
checkers, users’ questions about a specific claim should be
automatically answered based on statistical tables. This task is
complicated by the large number, size, and variety of statistical
datasets. We introduce the statistical table discovery problem
(STD, in short), which aims, given a natural language question
and a set of statistical datasets (multidimensional tables), to find
the tables most relevant for the question. We then describe STAR,
an algorithm for solving the STD problem. Unlike existing table
discovery (TD) solutions aimed at relational tables, STAR is
devised specifically for multidimensional ones. Further, STAR
treats the space and time dimensions of statistical datasets
separately. We experimentally show that these features, together,
make STAR outperform state-of-the-art TD systems adapted to
the STD problem, in terms of scalability, search quality, pre-
processing and question answering time.

Index Terms—statistical tables, table discovery, table retrieval

I. INTRODUCTION

Public debates often involve metrics about a society, a
country, or a region. Sample metrics attracting interest and
controversy include inflation, growth, (un)employment, educa-
tion, life expectancy, etc. Such metrics are typically measured
by national organizations, such as France’s INSEE (Institute
for Economic Studies and Statistics), the Labor and Census
Bureaus in the US, or ministries, such as those of Justice,
Education, etc. International bodies, such as Eurostat in Eu-
rope, the International Monetary Fund, and the UN, also gather
statistics over many countries. Smaller-scale entities, such as
trade unions or NGOs, may also gather statistics on specialized
topics, e.g., work-related health issues for people in a given
job or the presence of wildlife species or pollutants in an area.

The value of a given metric, on a given spatial scale, and
a given point in time, such as “deaths in Belgium in 2021”, is
a useful ingredient for public debate. However, even though
statistical datasets are published as Open Data, finding such
values is not easy. First, statistical data are published in a
variety of formats such as CSV, Excel variants, HTML tables,
RDF graphs, or specific standard formats such as SDMX [1],
an XML vocabulary for statistical (multidimensional) data and
metadata exchange. Further, a statistics file may be very large,
with two consequences: on the one hand, it may be published
compressed, perhaps together with other types of files, thus

search engines may not index its content; on the other hand, it
is cumbersome for users to look up a value in a file of millions
of rows (such as published by Eurostat, as we discuss later on).

To make statistical data more accessible to use, question
answering methods over statistical datasets are needed, where
a sample question is: “How many deaths were recorded in
Belgium in 2021?” The scientific literature comprises a set of
methods that, given a set of tables (usually CSV files) and
a user query (a phrase or set of keywords), find the most
relevant table(s); this is known as the table discovery problem
(TD, in short). State-of-the-art methods include, e.g., Solo [2],
Pneuma [3], and Birdie [4] (see Sec. VI for a more detailed
discussion of prior work). Separately, methods have been
developed to extract question answers from a given table, the
so-called table question answering (TQA, in short) problem.

In recent years, we have been collaborating with journalists
from RadioFrance, the French national public radio broad-
caster, developing the StatCheck system, which solves the TD
problem for statistical datasets. In practice, StatCheck is al-
ready used by journalists at RadioFrance, helping them quickly
find relevant statistics in large datasets and saving valuable
time. Beyond statistics use in journalism, TD for statistical
datasets also arises, e.g., in a business intelligence setting
where numerous spreadsheets hold aggregated numerical data,
in science such as epidemiology, public health, or education
sciences, where outcome (e.g., people with a certain diagnosis,
or students at a certain level of study and performance, etc.)
are counted and presented in aggregate form. Improving over
earlier work [5], StatCheck has been demonstrated in [6]
and recently with a new algorithm, called STAR (see below)
in [7]. StatCheck is based on the observation that a statistical
dataset (table) is an (unordered) set of statistical facts, where
each fact consists of a set of dimensions, together with
their values, and a measure. For instance, in the example
above, the dimensions with their respective values are (“lo-
cation”=“Belgium”), (“year”=“2021”), while the measure is
“number of deaths”. Further dimensions may be present in the
data and/or in users’ search, e.g., (“age”=“toddlers”), (“prior
pathology”=“asthma”), etc.

Understanding a statistical dataset as a set of facts enables
investigating order-independent methods for TD and TQA;
this has also been noted in [2], [3], [5], [6]. In contrast,
several existing TQA methods start by serializing table content
(typically rows) and leveraging Language Models (LMs, in
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short), possibly fine-tuned on these serializations [8]. Such
methods, by design, reflect (or learn) the serialization order of
cells in a row, yet this order is meaningless in statistical tables.
As a consequence, result quality may be negatively impacted.
A second core insight in StatCheck [6], [7], is that the fact
values, which make up a majority of cells in statistical tables,
answer questions but are not part of the questions themselves,
for TD nor for TQA. Only the table cells other than fact values
need to be pre-processed (indexed), so that at query time the
index can lead to the fact values that answer the question.
As we will show, this keeps StatCheck indexes of reasonable
size even on large statistical corpora, on which indexing is
unfeasible (taking excessive time or space) or much slower for
competitor systems [2]–[4]. Finally, the novel insight of [7] is:
statistical data dimensions, time and space, are omnipresent in
statistical data, and frequent also in user queries. Therefore, the
Space- and Time aware STatistic Retrieval (STAR, in short)
method solves the TD problem by extracting space and time
dimension values from the statistics, and from user queries,
and separately processing the time, space, and remaining part
of the search query. As shown in [7], this has significantly
improved the quality of StatCheck results.

In this work, we make the following contributions.
• We formalize the new Statistical Table Discovery (STD,

in short) problem as a variant of TD, adapted to the
particularities of multidimensional statistical tables.

• We detail the STAR method for the STD problem,
only briefly outlined in the demonstration [7]. While the
demonstration provided limited evidence for some core
choices in STAR, this paper details it, and thoroughly
compares it to state-of-the-art TD systems on the STD
task, on a new benchmark (see below).

• We improve over [7] by replacing the popular SBert [9]
phrase embedding model used in [7] with the recent
PEARL [10] model better adapted to short phrases; this
improves result quality by up to 14%. We introduce a
relaxation mechanism that allows STAR to return tables
semantically relevant even when no exact match exists for
the specified time or location. Additionally, we extend
STAR to handle natural language questions, which are
more suitable than keywords for complex queries and
pave the way for combining STAR with TQA systems
for full Statistical Question Answering.

• We generalize STAR’s score to reflect the distance
between a user question and a candidate statistical table,
along three dimensions: space, time, and the measure
itself, enabling it to identify more answers that are
relevant for a given question.

• We present a novel, comprehensive performance com-
parison on the STD task, between STAR, the recent
systems [2]–[4], and the classic BM25 retrieval metric.
Our experiments demonstrate that: (i) when user ques-
tions use the exact terminology of the datasets, the BM25
method outperforms all the others in terms of result
quality, while also providing fast indexing and query
answering; (ii) when questions are reformulated to use

synonyms instead, STAR with PEARL embeddings yield
the highest-quality results, while BM25 result quality
degrades drastically; (iii) the STAR approach scales up to
large statistical corpora, on which Solo [2] and Birdie [4]
are unfeasible (out-of-memory errors) while Pneuma [3]
is 12× slower.

• To support further research on the STD problem, we
share a novel STD benchmark consisting of 7 600
statistical tables from Eurostat, a gold-standard set of
200 questions with carefully curated answers, and nearly
5 000 manually annotated (question, table) pairs. This first
STD benchmark, on high-quality, real, and varied Open
Data, does not suffer from errors in benchmarks used in
prior TD work (see Sec. V-C).

It is also worth noting that StatCheck with STAR is much
more frugal than recent competitors [2]–[4]: STAR does not
rely on large language models (LLMs), reducing the energy
consumption and computational costs incurred by statistical
question answering; also, runnning it does not require a GPU.
While LLMs have unparalleled abilities for text generation,
summarization, etc., training and using them has significant
environmental costs [11], which argues for using them only
for problems that lower-footprint tools cannot address. On
the STD task, StatCheck with STAR significantly outperforms
baselines simultaneously in terms of answer quality, indexing
and query speed, scalability, and low resource use.

This paper is organized as follows. Sec. II defines impor-
tant background concepts and present our problem statement.
Sec. III and IV describe our approach for solving the STD
problem, then Sec. V presents our experimental validation. We
discuss related work in Sec. VI before concluding. Supplemen-
tary material including datasets, labeled evaluation questions,
scripts to compute quality metrics, as well as some extra
experimental results, are available at [12]. The code of STAR
is available at [13].

II. PRELIMINARIES

We describe the datasets we consider, before formally
stating the problem we study.

A. Statistical tables

A statistical dataset, encountered on the Web under the form
of a file in Excel, CSV, SDMX [1] format, etc., comprises
information which we describe in classic data warehouse [14]
and temporal databases [15] terminology below.

A metric is something measured multiple times and reported
in a dataset, e.g., “unemployment”, “food bank beneficiaries”,
“tennis amateur licenses”, etc. A dimension characterizes a
certain property (feature) of a metric. Sample dimensions are
the time and location attached to the facts counted by the
metric; age, gender, or other properties of a population, etc.
A dimension may have multiple granularities, that may be
hierarchically organized in a directed acyclic graph (DAG, in
short). For instance, location can be reported at granularities:
continent, country, region, department, city, etc. Similarly,
time can be reported at granularities: year (Y), quarter (Q),



month (M), week (W), day (D), e.g., child births are counted
per day of the year. A dimension can take different dimension
values. The granularity of a value is the lowest level in the
dimension hierarchy where the value is given. For instance,
“2025”, “March 2025”, and “March 13, 2025” are three
temporal values. Their granularities are, respectively, Y, M, D.
A fact consists of: a metric; a set of (dimension = value)
pairs; a “datum”1 which is a numeric value; optionally, one
or several comments, e.g., “under consolidation”, or “partial
data as of 04/2024”, etc. The datum can be an absolute value,
or a relative one, e.g., a share or percentage. In practice,
the dimension name may be missing, e.g., when deaths are
separately counted among Men and Women (values of the
dimension “gender”), the word “gender” (dimension name)
may be absent.

A table contains a set of facts together with an optional title
and some comments. For example, in Figure 1, the title appears
at the top underlined; below on the left left, we depict some
cubes (with the dimensions: country, branch of the economy,
and year), each of which is characterized by one value for
the (implicit) dimension “age group”. These cubes hold a
set of four-dimensional facts. At the right of this conceptual
representation, we show a statistical table as it appears in an
Excel or CSV file, or HTML table, within a statistical portal.

A statistical source is a provider of tables, such as INSEE,
Eurostat, the US Census Bureau, etc.

B. Problem statement

Let D = {T1, T2, . . . , Tn} be a dataset containing n
tables Ti, 1 ⩽ i ⩽ n. Without loss of generality, we assume
all tables from D come from the same provider (source) P ;
our approach directly generalizes to multiple providers. We
consider natural language questions requesting one or sev-
eral fact values. The question is free text, but we assume
it mentions at least a metric and typically one or several
dimensions values, that may (or may not) be accompanied
by dimension names. In the sample question q1: “How many
US people own a smartphone?” the metric is “people owning
a smartphone” and the dimension is “location”=”US”. In the
sample question q2: “What part of EU agricultural subvention
has been spent on soybean-growing farms in Poland in 2020?”,
the metric is “agricultural subvention” while the dimen-
sions are “location”=”Poland”, “category”=”soybean-growing
farm”, “year”=”2020”. Note that: (i) dimension names are
often implicit, in particular location and time; (ii) some crucial
dimensions may be absent, e.g., the time dimension in q1, even
though it plays an important role in determining the fact (the
percentage of US population owning a smartphone grew from
35% in 2011 to 91% in 2024) (iii) metric names are specified
in varied, flexible ways, characteristic of natural language
questions; in particular, they may differ quite significantly
from the metric names used in D.

We say a fact f , present in table Ti, answers a question q
when the fact’s metric and dimension-value pairs are identical

1While this is the value of the metric, we call it data to avoid a confusion
with the dimension values above.
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Fig. 1: Sample statistical dataset: conceptual multidimensional
view (left); two-dimension serialization (right).

or close to those stated in the question. Several facts may
answer a given question, e.g., if the question specifies fewer
dimensions than the facts have. For instance, high-school
students studying Advanced Maths may be recorded by gender
in a table, while the question does not mention gender. Also,
some facts may answer a question better than others, e.g., a
fact f1 about “job seekers for less than 3 months” answers
a question about “short-term unemployment” better than a
fact f2 about the “long-term unemployed”. We say a table T
answers a question q when T contains at least one fact
answering the question.

The Statistical Table Discovery (STD) problem we con-
sider is: given a question q, find a ranked list of D tables
T q
1 , T

q
2 , . . . , T

q
N , for some integer N , such that each T q

j ,
1 ⩽ i ⩽ N , answers q to some extent, and the tables are
sorted in the decreasing order of their relevance (or score).

Solving the problem requires a scoring method that quanti-
fies how relevant a fact is for a question; given the flexibility
and ambiguity of natural language, the gold standard comes
from human evaluation; prior systems made different proposals
in this area. We will present our ranking method below.
Why TD does not solve (well) STD. One may wonder why
not convert each statistical table T into a relational one, RT ,
then apply existing TD methods on the latter. Assume T is
characterized by the dimensions d1, . . . , dm, where each di
ranges among ni distinct values for some integers 1⩽ i⩽ m,
1⩽ ni. T holds n1 · . . . · nm facts which is also its number
of cells (ignoring one or a few header row(s) and/or line(s)).
RT should have one attribute for each dimension, and one
row for each fact f , of m + 1 cells (one with each di value
characterizing f , and one with the measure value of f ). Thus,
RT has (m + 1) times more cells than T . The actual table
size increase is even higher, due to repeated apperance of
dimension values in all the rows; even though dimension
values are short strings, they still occupy more space than
measure values (numbers). This is problematic even for very
recent TD systems that run out of memory on large tables
(see Sec. V). But even more problematic is the fact that the
relational table will lack many attribute names: these would
be the dimension names, that are often absent in statistical
datasets. Or, that TD methods on relational tables crucially
depend on the attribute names (table schema), see Sec. VI.
This is why below we develop specific STD methods.

https://www.pewresearch.org/internet/fact-sheet/mobile/


III. INDEXING STATISTICAL DATASETS

We now describe our method for analyzing and indexing
the tables prior to question answering: linguistic content
(Sec. III-A), respectively, time and location (Sec. III-B).

A. Indexing the datasets’ linguistic content
The content of a table is described (in human-

understandable terms) in its title, comments, and any text
found in headers. A proper representation and indexing of
these components is crucial for both the retrieval and re-
ranking phases. Accordingly, most TD methods, e.g., [2]–[4],
and modern TQA techniques, e.g., [16], compute from each
table one or several texts, which are then projected in a high-
dimensional space via a Language Model embedding.

Given a table T , several methods can be used to reflect the
linguistic content of T (again, recall that data are numbers and
not text). We call these table representation functions, each
of which returns a set of one or more strings:

• ft(T ) returns the table title;
• fch(T ) returns the concatenation of all column header

cells, which always occupy the first (topmost) row in a
table, and may or may not span over a few more subse-
quent rows. These have been used in many prior works,
e.g., [17], [18], because they intuitively correspond to a
relational table’s schema (attribute names). However, in
statistical tables (Sec. II-A), interesting linguistic content
is also present in row headers, i.e., leftmost column(s).

• f{h}(T ) returns a set of all distinct strings appearing in
a (row or column) header cell of T ;

• fh(T ) returns the concatenation of all row and column
headers, i.e., the concatenation of strings in f{h}(T ).

For instance, in the statistical table in Fig. 1, ft(T ) is
“Number of new jobs created in the European Union”, header
cells include “Industry, DE, 24 to 34 y.o.” and all the cells
below, as well as “1988” up to “2025”. fh(T ) is a single
string starting with “1988”, and ending with “Education, PL,
Above 74 y.o.” with some separator. fch(T ) is simply the
concatenation of column headers “1998” to “2005”, again
with separator. Whatever the choice of a function f , we will
apply an embedding, denoted ϕ, to transform each f(T ) into
a multidimensional vector, which we insert into a multidi-
mensional index providing efficient approximate nearest
neighbor (ANN) look-up. At query time, an embedding ϕ(q)
computed from the question is used as a lookup key, and we
search for the closest vectors, thus, the closest table definitions.

The choice of the string representations, and, to a lesser
extent, the choice of the embedding method, are crucial for the
quality of our solutions. Regarding the string representations,
we make the following remarks.

First, ft may miss a large part of the linguistic content of
a table. For instance, in our example, it does not include the
words “Industry” and “EN” which may lead to the sample
table being (wrongly) considered not very relevant for a
question about “industry in England”.

Second, as mentioned in Section I., functions such as fch
and fh, which concatenate several header cells from a table T ,

impose a certain order over their content, however, this order
is meaningless from the perspective of understanding the data.
For instance, “Belgium” being just before “Bulgaria” in a
sequence of header cells storing countries does not entail
any connection between them. Language models, however, are
strongly sensitive to proximity and order between words, given
that these are crucial in natural language. Thus, the semantic
signal of the concatenated string suffers from some noise.

Third, concatenating dimension values leads to long strings
which may make a table appear not similar to the question.
Considering again the “industry in England” question, if all
economy branches appear in the row headers, fh will include
“Agriculture”, “Tourism & Hospitality”, “Commerce”, etc., as
well as “Industry”. The linguistic signal of the concatenation
may appear to differ significantly from each of the concate-
nated strings, again potentially leading to a false negative.
This has been experimentally demonstrated in STAR [7] and
it has been known under the name “Lost in the middle” in
Natural Language Processing (NLP) research [19].

Fourth, note an important difference with respect to prior
TD or TQA methods for relational (not multi-dimensional)
data. In relational tables, questions can carry over any at-
tribute in any record. For instance, “what is the address of
the city hall of Boston?” needs the “city name” and “city
hall address” attributes from the row describing Boston. In
such settings, indexing f(T ), where f is a table representation
function that does not reflect all the table content (all attributes
from all the rows), risks false negatives: an index look-up
may fail to find an entry matching the question, even when
one exists. This is why recent TQA methods rely on a first
step (typically a TD system) to pre-select a small set of
tables, which are integrally given (at query time) to an LM
that has been trained to extract from each table the most
relevant facts for a question. When the answers are in tables
of hundreds of thousands, or millions of lines, depending on
the LM, it may be impossible to feed them to the model, or
some chunking may be needed, and TQA may be slow. Also,
(i) depending on the LM used, a GPU may be needed, or there
may be significant computational costs; and (ii) LM answers
do not always come with a clear explanation or provenance.
In contrast, in the STD problem, questions only refer to the
linguistic content of tables. This enables us to index this
content only, and not the many other table cells (fact values).

Based on these four observations, the representation f{h},
returning all header cells’ content, is more likely than fh and
fch to avoid false negatives. Further, table titles contain infor-
mation that may be absent from the headers, e.g., typically,
the measure name. For this reason, we decide to also use ft.
Thus, the total set of strings that we need to embed through ϕ
and index for a table T is ft(T ) ∪ f{h}(T ).

B. Separate, exact indexing for locations and time

Directly embedding ft(T ) ∪ f{h}(T ) still has limitations.
First, in short titles, location names may skew the similarity

between titles and questions. For instance, “Jobs in Saint-
Pierre-et-Miquelon” (a French overseas territory) may seem



similar to “Health in Saint-Pierre-et-Miquelon”, even though
the topics are quite different.

Second, when embedding locations, similarity between
ϕ(l1), ϕ(l2) may not correlate well with users’ natural un-
derstanding of location hierarchies (Sec. II-A). For instance,
let l1, l2 be the French regions “Île-de-France” and “Provence
Alpes Côtes d’Azur”, and l3 be the French department “Yve-
lines”, a subdivision of l1. Then, ϕ(l1) may be closer to ϕ(l2)
than to ϕ(l3) because both l1 and l2 are regions thus they
appear in similar contexts in the language’s training data, e.g.,
“the region council has decided”, “the region’s subventions to
high schools”, etc. However, for a question about some facts
from “Île-de-France” (l1), a table with the right facts from
“Yvelines” (l3) is clearly relevant, because l3 is in l1, whereas
the same facts measured in l2 are not (wrong location). Similar
remarks hold concerning time values. For human users, “Q3,
2023” and “November, 2023” are clearly part of “2023”, while
“November 2024” is not, even though linguistically it may
look more similar. Thus, among locations, or among time
values, the meaningful relationship that should be exploited
by question answering is inclusion (parent-child or ancestor-
descendant in the respective DAGs, discussed in Sec. II-A).

For these reasons, we decide to extract location and time
information from ft and f{h} results, as follows. We call
spatial value (or sval, in short) any individual spatial unit, e.g.,
“New York City”, “NY State”, etc. The spatial hierarchy of
all sval in the dataset D is a directed acyclic graph (DAG).
We call temporal value (or tval) any mention of time found in
the data; tvals are also organized in a natural time hierarchy.

Locations on Earth are described by high-quality, Open Data
reference sources, e.g., GeoNames, or dictionaries standard-
ized by statistical institutes, e.g., Cog [20] or NUTS [21].
Building a complete hierarchy of time values over a given
interval and at a given granularity is even easier. Thus, without
loss of generality, we will denote by HS , respectively,

HT the hierarchies of space and time dimension values
that may occur in D. In particular, the geographic reference
HS (also) provides alternate names for a given sval reflect-
ing renaming along the time, shortnames and acronyms, or
different languages. HS may also contain same-name svals,
e.g., “Hamburg” as the name of a German city or of the
corresponding state.

Based on HS, we assign to each statistical source (Sec. II-A)
a default location, e.g., for Eurostat, this is “the 27 EU states”,
for the US Census Bureau, it is “USA”, etc. This will allow
interpreting user questions that do not specify a location, as
we explain below.

We index each table T by its sval and tval values, as
follows. We call spatial scope, respectively, temporal scope
of a table T , denoted σT , respectively, τT , its sval, respectively,
tval sets. To compute σT and τT , first, we extract location
and time occurrences from the table title ft(T ), using a small
trained language model. We also need to extract them from
the many table header cells. However, in contrast with the
title that is a well-formed phrase, each cell usually contains a

very short string, on which extraction performed poorly due to
the lack of context. This happened especially with locations,
which may be confused with dimension values, e.g., Apple is
the name of a location, but can also appear in a header cell to
specify the fruit, e.g., when reporting fruit production.

Thus, we apply the following heuristic: (i) We tentatively
identify svals in header cells by looking for an exact match
with the name (or an alternate name) from the geographic
reference HS. If we find a sval label shared by two differ-
ent spatial reference nodes, such as “Hamburg” previously
mentioned, we include in the table’s spatial scope all such
sval nodes. (ii) We tentatively identify tvals based on pattern
matching. More advanced time value extraction tools exist,
e.g., HeidelTime [22], yet in our experiments HeidelTime did
not improve accuracy, possibly because time values are well-
written in statistical datasets, thus pattern matching is quite
successful. (iii) If at least t% of the values in a given header
column (or row) are time (resp., location) values, we consider
all of them to be of this type.

For instance, in the table in Figure 1, the values in the top
row are all tentatively labeled years and then all validated as
such. In the leftmost column, the country codes DE to PL are
tentatively mapped to HS and then, based on the fact that there
is one in every row, they are all identified as svals. Thus, τt
is {1988, . . . , 2025}, while σT = {DE, EN, . . . , PL}.

For each table T , all the pairs (s, T.id) for s ∈ σT are
inserted in a key-value index IS . Similarly, all (t, T.id) pairs

where t ∈ τT are inserted in a key-value index IT .
Finally, to avoid the undesired impact of location and time

on string embeddings mentioned at the beginning of this
section, from each string s ∈ ft(T )∪f{h}(T ), we remove any
sval and any tval identified as above. We call the remaining
string the stripped version of s, denoted s. We do so carefully
based on a syntactic analysis of s, so that s remains as
natural as possible from a linguistic perspective. For instance,
stripping “premature deaths in Poland in 2022 per maternal
age” yields “premature deaths per maternal age”: we remove
“Poland”, “2022”, and also their leading “in”. A stripped string
may be empty, if it only consisted of location or time values;
this is the case for the header cells on the top row in Fig. 1.

For each non-empty stripped string s obtained from ft(T )
and f{h}(T ), the embedding ϕ(s) is inserted in an ANN
index Lt (linguistic content from titles), respectively, Lh

(linguistic content from headers), paired, in both indices, with
the table ID T.id.

IV. STATISTICAL TABLE RETRIEVAL

To find the tables most relevant for a natural language
question q, we proceed as follows.

We extract possible question time and location values
from q just like we did from table titles during the pre-
processing stage. Because q is a phrase, a language model
yields good results for this task. This leads to zero or more HS

locations, and zero or more time values from HT. The typical
question we expect has one of each; we denote them sq and tq

https://www.geonames.org/
https://en.wikipedia.org/wiki/Apple,_Oklahoma


respectively, and we describe the next steps considering them
present (otherwise, the steps based on the absent sq and/or
tq are skipped). If there are more than one location (or time)
values, we assign them a conjunctive semantics, i.e., we search
for tables containing as many (ideally all) of the question’s sq
and tq values as possible.

1) We look up IS with sq , respectively, IT with tq . Each of
these look-ups yields a set of table IDs; let C1

q , the set of
candidate table IDs for q, be their intersection. If C1

q = ∅,
no table has in its scope both sq and tq; we handle such
cases via question relaxation (see below). For now, we
handle the case when C1

q ̸= ∅.
2) We compute the embedding ϕ(q), where q is the user

question, stripped as described in Sec. III.
3) We then perform a look-up in the ANN index Lt with

ϕ(q) as search key and C1
q as constraint, i.e., we look

for the N1 multidimensional vectors closest to ϕ(q) and
whose associated table IDs are in C1

q . N1 is an integer
larger than N , the number of desired results (recall
Sec. II-B). This finds the C1

q tables whose titles are closest
to the stripped question. Similarly, we look up in Lh with
ϕ(q), to find the header cell(s) most similar to q.

4) Call C2
q the union of the results of the above two look-

ups (in Lt and Lh). Each entry in C2
q is of the form

(ϕ(xT ), T.id) where xT ∈ ft(T )∪ f{h}(T ). The ID of a
given table may appear several times in C2

q , with different
strings xT , e.g., if in a table titled “Student population”,
two header cells contain “college students” and “high
school students”, and the question is about “students”, the
table is returned by the Lt lookup together with its title,
and twice by the Lh lookup, with each of the relevant
header cells.

5) For each table T whose ID appears in some C2
q pairs, we

score T by summing up similarities between q and xT ,
for each string xT that lead to an appearance of T in C2

q .
Question relaxation. We now show how to handle the case
C1

q = ∅, i.e., if no table matches the stated question’s location
and time. First, this may happen if the look-ups in IS and/or
IT have no result. For instance, schoolchildren are not counted
at the granularity of a village. Second, some tables may match
sq , while other tables match tq , but none matches both.

What can be done in such cases? D may hold facts that
answer the question at a different space or time granularity.
For instance, instead of the student count for a village, a
table T ′ may have the count for the department containing
the village. In other cases, the desired facts are absent from
D even at different granularities, but close information exists.
For instance, D may have no facts about students in (FR,
2025), because the year is not over yet, but it may have table
T ′′ about students in (FR, 2024). Such tables T ′, T ′′ can be
seen as best-effort results that come close to the user question
even if they do not exactly match it. To find tables such as T ′

and T ′′, we relax the question as follows.
6) Using the spatial hierarchy HS, we gather all neighbors

of sq (the query location) at distance 1 in a set denoted
(sq)

1, and similarly the neighbors of tq at distance 1 in

HT, the time hierarchy, in the set (tq)1.
7) We repeat the above process (steps (1)-(2)) with (sq, t

1)
for each t1 ∈ (tq)

1: this corresponds to keeping sq
unchanged and relaxing tq . In parallel, we try it also with
(s1, tq) for each s1 ∈ (sq)

1 (relaxing sq and keeping tq
fixed). One or both of these partial relaxations may lead
to relevant tables, which we score as explained at step
(5) above, substracting from the score a fixed penalty p
(a constant empirically determined).

8) If first-level neighbors of sq, tq yield no results, we try
all combinations (s, t) where s ∈ (sq)

1 and t ∈ (tq)
1.

This corresponds to simultaneously relaxing sq and tq at
a distance of 1; results obtained in this way are scored
with a penalty 2 · p.

9) We repeat the process by relaxing further, e.g., (sq)
2

contains the neighbors of sq in S at distance 2, etc.,
increasing the penalty accordingly, until N results have
been found, or all neighbors have been explored.

Note that we do not relax q, the question stripped of the
location and time, explicitly, but implicitly: this is exactly what
the approximate nearest neighbor index over ϕ(q) does (find
the closest existing matches). Further, the actual algorithm has
two more significant aspects:

• If q specifies no sq and no tq , at step (1), we take
the default location of the statistics provider P (recall
Sec. II-B) as sq , and the current year as tq . If D holds
tables from several providers P1, . . . , Pm, we answer q
separately over each D subset produced by one provider,
with the respective default location as sq .

• At step (3), it is important to reject ANN lookup results
that are too far from ϕ(q). If we accept “too distant”
matches, we might return a table with the exact sq, tq
but semantically far from q, which users would consider
irrelevant. To avoid this, at step (3), when the similarity
between an ANN look-up result and ϕ(q) is below a
threshold θ, we discard the result. If, as a consequence,
C2

q has less than N entries, we relax the location and
time dimensions (run steps (6) to (9) above). This ensures
the algorithm returns tables pertinent for the meaningful,
semantic-rich part of the question q, while remaining as
close as possible in the time and space dimensions.

V. EXPERIMENTAL RESULTS

We now present our experimental validation of STAR on
the STD task. We describe the statistical tables we use
(Sec. V-A), and our baselines in Sec. V-B. We present the
evaluation questions and the methodology used to generate
them in Sec. V-C, then our evaluation metrics in Sec. V-D.
We discuss experiment results in Sec. V-E, before concluding
in Sec. V-F. Figure 2 presents the end-to-end pipeline of
the whole experimental process; we discuss it through our
presentation.

A. Dataset of Statistical Tables

We use Open Data statistical tables provided by Eurostat,
the official statistical office of the European Union, for their
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varied and rich content. We detail the Eurostat table structure
to make our discussion self-contained; STAR is not tied to
this structure, e.g., [7], [23] use HTML and Excel tables from
INSEE, which are organized differently.

Each table has d⩾ 1 dimensions (recall the sample table in
Figure 1). The time dimension is always present. The location
dimension is also frequent, unless the table is only about a
specific region (e.g., all facts are at the EU scale): in such a
case, it is in the title. The remaining d−1 dimensions vary
depending on the table topic, e.g., demographic attributes
(such as age or sex), production types or economic indicators.

To give our TD baselines (see next) the best chance at re-
trieval, we transform each statistical table into a relational
one (see Sec. II-B). We chose Eurostat tables also because they
are ideally suited for this transformation: they come with all
dimension names explicit in the first row. This gives optimal
chances to each TD baseline, that has access to a complete,
high-quality relational schema, which they require: in other
datasets, such as INSEE [7], [23], this is never the case.

As of Jan. 2025, Eurostat’s API gave access to 7 678 tables
which we retrieved, together with their metadata (title and
unique identifier). The raw tables encode dimension values us-
ing Eurostat-internal codes. We reconstructed human-readable
tables by mapping the codes into their NL labels using the
Eurostat’s English code dictionary. We then apply two filtering
steps: (i) Duplicate removal: Tables with different identifiers
but identical content are discarded. (ii) Size filtering: Tables
exceeding 1GB in size are excluded for practical processing
reasons (see Sec. V-B). Only 24 such tables were removed.

We thus obtained a cleaned collection of 7 605 distinct
statistical tables, denoted Df . Since some competitors (as
we show below in Sec. V-E) suffered from Out-Of-Memory
(OOM) failure on Df , we extracted from Df its subset Dℓ ,
consisting of the 2 000 smallest tables (in terms of file size).
Table I presents the main characteristics of Dℓ and Df : the
number of tables (#Tables), their size in MB (Size (MB)),
and the mean number of rows and columns per table, with
their standard deviation (respectively, #rows and #columns).
Figure 3 shows the distribution of the number of rows,

TABLE I: Main characteristics of the datasets.
Dataset #Tables Size (MB) #rows #columns

Dℓ 2 000 30.3 111 (± 101) 19 (± 23)
Df 7 605 98 521.7 69 077 (± 318 706) 41 (± 270)

columns, and file sizes in Df , tables sorted by increasing size.
We can see that about 3 000 tables are greater than 1 MB.

B. Systems

On the STD task, we evaluate STAR against several baseline
retrieval models from the literature. Since we are the first to
study STD as a particular flavor of TD, we consider 3 retrieval
systems categories: the classical BM25 which is lexical-only,
and a variant we call BM25+Syn (see below) augmented with
synonyms; two very recent TD systems, Solo and Birdie,
based on language semantics, both demonstrating performance
superior to prior systems (STAR also mostly belongs to this
category); and Pneuma, another very recent hybrid system,
leveraging both lexical and semantic table aspects. The various
steps involved in the processing are shown in Fig. 2. Unless
specified, we used all settings from the original works.

BM25 is a purely lexical retrieval model based on the Term
Frequency–Inverse Document Frequency (TF–IDF) frame-
work [24]. As it was originally designed for textual documents
rather than tabular data, we convert each table into a textual
representation by concatenating: (i) The title of the table;
(ii) The first row of the table, which contains the d−1 non-
temporal dimension names and the associated time points;
(iii) The first d−1 columns of the table (excluding the first row
already included above), representing all combinations of val-
ues for the d−1 non-temporal dimensions. We do not serialize
the fact values, since as explained in Sec. III, this is not needed
for STD. The text obtained as above from each table is indexed
in an ElasticSearch [25] engine, which implements the BM25
algorithm. Given the question q, ElasticSearch returns the IDs
of the N most pertinent tables. BM25+Syn is an extension of
BM25 where each query is extended with synonyms of the
verbs and nouns it contains (1 synonym per verb or noun).

https://insee.fr


Solo [2] is a semantic data discovery system that employs a
self-supervised method to learn meaningful representations of
tabular data. Given a set of CSV tables paired with their titles,
Solo embeds and indexes them in a FAISS ANN index [26].
Once the system is trained and the index is built, users can
submit natural language questions. Solo retrieves the top-N
most relevant tables from FAISS, then it re-ranks them using
a pre-trained teacher retrieval model [27]. We use the authors’
implementation from [28].

Pneuma [3] leverages LLMs for both table representation and
retrieval. It indexes tables based on a combination of their
content (tabular data) and context (title). During indexing,
an LLM generates concise schema summaries and row-level
summaries for a sample of rows from each table. Pneuma
uses a hybrid retrieval strategy, combining lexical matching
(via BM25) and semantic similarity. These two signals are
weighted and combined to get an initial ranking of relevant
tables. This ranking is refined by the LLM acting as a ranking
judge, to give a top-k ranked tables. We use the authors’
implementation from [29].

Birdie [4] integrates indexing and search into a single
encoder–decoder LM. Unlike systems that separately encode
tables into vectors, build an index, and then perform retrieval,
Birdie assigns a unique identifier to tables, and uses an LLM
to generate synthetic queries for each table. It then trains
the encoder–decoder to map (query, table) pairs directly to
their table IDs through supervised learning, using structured
JSON representations of tables as input. The parameters of
the trained model directly embed the data, such that at search
time, it encodes NL queries to generate likely table IDs, from
which the top N results are selected. We used the authors’
implementation [30]. Since the fine-tuned TLLaMA3 [31] used
for query generation is not provided, we ported the system to
OpenAI’s GPT-3.5 Turbo [32] instead. Converting the Eurostat
CSV tables into the required JSONL format increased their
size by approx. 2.75×, resulting in a total size of 267GB.

STAR with SBERT is the system used in [7], to which, for
the experiments in this work we add: the relaxation (steps (6)
to (9)) and the rejection of low-relevance ANN search re-
sults, described in Sec. IV. Experiments in [7] on a smaller,
French-language corpus have shown that the representation
functions ft and f{h}, together, lead to highest-quality results
(as discussed in Sec. III) thus we also use them here. This
system uses the pre-trained SBERT model [9] to represent
(embed) linguistic table content (stripped titles and each
stripped header cell, as discussed in Sec. III). Retrieval is then
performed as described in Sec. IV. We use SpaCy to perform
Named-Entity Recognition (NER) for extracting location and
time information from both table titles and user questions,
QDrant for the ANN indexes Lt, Lh and Redis for the key-
value indexes IS, IT. STAR’s parameters had the values we
determined empirically to work well: t=80 (Sec. III-B), θ=0.6
(limit on the scipy cosine distance), p=0.1 (Sec. IV).

STAR with PEARL is the same as above, but replacing

SBERT with PEARL [10], a more recent embedding model
trained with contrastive learning techniques. Unlike SBERT,
which is designed for sentence-level semantics, PEARL is
optimized for encoding short phrases with little or no context.
This makes it particularly well-suited for statistical tables,
whose titles and especially headers texts are short.

C. Generation of Evaluation Questions

Our evaluation aims to answer the following questions:
Q1. How does each system perform on questions that are

syntactically very similar to the tables they refer to?
Q2. How does each system perform on paraphrased questions,

with the same meaning but different wording?
Q3. How does each system scale facing with a large number

or volume of tables?
Of course, Q1. is of academic interest only, since it allows

to differentiate syntactic from semantic solutions. In practice,
users may formulate things differently, thus Q2. is much more
important. Q3. is of practical interest for real-life statistical
tables such as those we use. While Eurostat tables are quite
large, other providers also publish large tables, e.g., in tables
published by the US Census Bureau, there are on average more
than 600 000 cells per table; in the US Center for Education,
more than 85 000, etc. Thus, scalability is important.

To answer Q1. and Q2., we respectively build two sets: an
initial question set Si (on Dℓ tables) and a paraphrased one Sr.
Since Dℓ ⊂ Df , questions generated on Dℓ remain relevant
for Df , allowing to study performance as the corpus grows.

Si is built semi-automatically, as shown in Figure 4 (a zoom
on the purple box on Figure 2). We randomly sample 100
tables from Dℓ, and prompt GPT-4o [33] to generate five
English question templates per table using only the table’s title,
dimension names, and time range. Templates must include
placeholders ([]) for dimension values, and we provide the
model with an example of five illustrative templates. For each
template, we instantiate five concrete questions by sampling a
row, and replacing the placeholders with its values. A second
LLM call selects the clearest question and may rewrite it for
clarity, without changing the meaning.

However, automatic generation alone proves insufficient.
Many questions are grammatically incorrect or semantically
incoherent, e.g., How many health graduates in Nurses (EU
recognised qualification) were there in Iceland during 2017?
(a correct version could be about “nursing graduates”), or What
was the production volume of Products obtained (1 000 t) milk
powder in Germany for 2021? (a quantity wrongly appears
in the question). Also, most questions simply replicate terms
from the table titles. The core issues we encountered can
be summarized as: (i) LLMs often fail to produce sound,
interesting, and complete questions, especially when the
data is complex or multi-dimensional. As noted in the
Pneuma paper [3], directly prompting LLMs to ask questions
over tables often leads to poor results. Instead, they first
generate SQL queries over tables, and then translate them
into NL using an LLM. However, this still produces many

https://github.com/explosion/spacy-models/releases/tag/en_core_web_sm-3.8.0
https://qdrant.tech/
https://redis.io/
https://docs.scipy.org/doc/scipy-1.12.0/reference/generated/scipy.spatial.distance.cosine.html


low-quality questions: on their Chicago Open [34] dataset,
we find examples such as: Which address corresponds to
the condition that September is 7626?, What is the average
zip code for the state of IL?, or Which gender category is
associated with the total of 97 exits? (from [35]). Many of
their generated questions are of this kind: while grammati-
cally correct, they are semantically incoherent or irrelevant,
limiting their usefulness for training or evaluation. (ii) LLM
outputs are highly sensitive to prompt wording, which
can introduce biases. This is especially problematic when
the generated questions are used to train retrieval models. For
example, the prompt used in Birdie [4] for query generation
specifies that the question should include table context. This
leads the LLM to insert the full table title into many questions,
leading, on our dataset, to outputs like: What is the average
propensity to consume by household type in 2020 based on the
table ’Aggregate propensity to consume by household type -
experimental statistics’? or What is the trend of passenger cars
by unloaded weight from 1996 to 2023 in the table ’Passenger
cars by unloaded weight’?. Such questions offer little value for
training, as the table needed to answer them is already given,
creating a mismatch between training and real-world usage
(users typically do not mention table names in their queries).

To mitigate these problems, we manually curate and sanitize
each question in Si, ensuring that the questions are interesting,
correct, and likely to be asked by a human being.

Sr is built by manually paraphrasing each question
(reformulation in Figure 4) in Si. The goal is to extensively
reword each question, so that they largely differ lexically, but
still have the exact same semantic meaning. This tests model
robustness to lexical variation and shows how over-reliance on
cues like table titles can limit generalization and performance.

Together, Si and Sr form two small but high-quality evalu-
ation sets that, to our knowledge, are the first to systematically
assess the models’ ability to perform over complex and multi-
dimensional tables, beyond surface-level matching.

D. Evaluation Metrics

We use two evaluation metrics that capture different aspects
of retrieval quality.

HitRate@k measures the proportion of questions for which a
system successfully retrieves the table from which the question
was originally generated, within its top-k ranked results, where
1⩽k⩽10. This metric assesses the model’s ability to accurately
and efficiently locate the relevant table. Varying k gives insight
into how quickly the correct table is retrieved: the smaller the
value of k at which the hit occurs, the better the model’s
performance for that metric. HitRate@k (sometimes called
Precision@k) is a standard and widely used metric in table
retrieval evaluation [2]–[4].

Relevance@k measures a system’s ability to return semanti-
cally relevant tables among its top-k results, where 1⩽ k⩽5.
This provides a finer-grained evaluation than HitRate@k, as
it captures the relevance of the retrieved tables beyond the
“originally intended” table. To compute this score, human

TABLE II: Indexing times (in seconds).
Model Dℓ Df

BM25 & BM25+Syn. 13 7 701
Solo 81 847 OOM
Pneuma 45 300 532 020
Birdie 24 135 OOM
STAR - SBERT 371 45 103
STAR - PEARL 208 44 279

TABLE III: Search times (in seconds), for all 100 questions.
Model (Dℓ,Si) (Dℓ,Sr)

(
Df ,Si

) (
Df ,Sr

)
BM25 0.95 0.91 41.83 45.23
BM25+Syn. 3.39 3.34 47.16 51.47
Solo 1 267.05 1 143.06 OOM OOM
Pneuma 3 793.23 3 680.90 1 770.44 1 814.24
Birdie 20.83 20.32 OOM OOM
STAR - SBERT 36.77 37.66 186.62 190.95
STAR - PEARL 29.68 34.83 106.19 116.68

annotators scored each (question, table) pair returned by any
system listed in Sec. V-B with one of three labels: (i) highly
relevant (score of 2), when the table contains one or more
facts that answer the question; (ii) relevant (score of 1), when
the table does not contain the answer but is about the same
or a closely related topic; (iii) not relevant (score of 0), when
the table is unrelated or only distantly related to the question.
For a k ∈ {1, . . . , 5}, we compute the relevance score of the
top-k tables retrieved for each question, aggregated over an
evaluation set S and for a system M:

Relevancek(D,S,M) =
1

|S|
∑
q∈S

k∑
i=1

Score
(
M (q,D)

i
, q
)

where M (q,D)
i is the i-th table returned by system M

on dataset D for question q, and Score(·, q) is the human
relevance score for the corresponding (table, question) pair.

E. Results and Analysis

All experiments were conducted on a server running Alma-
Linux 8.10 with 187 GB of RAM and dual Intel Xeon Gold
5218 CPUs, totaling 64 cores. It is equipped with an NVIDIA
Tesla V100 PCIe 32GB GPU. Note that STAR does not require
a GPU, but the competitors Solo, Pneuma and Birdie do, thus
we run all systems on the same machine.

1) Computational Efficiency: Table II presents the data
pre-processing and/or indexing times for all systems, cov-
ering all steps until the system is ready to answer questions,
including training where applicable (Solo and Birdie). BM25 is
the fastest on both datasets, as a purely lexical retriever. STAR
is the second fastest and leads among hybrid and semantic-
only retrievers: it is 116–393× faster than others on Dℓ,
and over 12× faster than Pneuma on Df . Solo and Birdie
fail to scale to large datasets due to out-of-memory (OOM)
errors: Solo, for Dℓ alone, used more than 43GB of RAM (for
only 30.3 MB of raw data), and Birdie ran OOM during the
embedding phase for files greater than 200MB. Pneuma, like
STAR, avoids RAM issues but requires significantly more time
due to its use of an LLM for schema and row summarization.
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Table III presents question answering time for each set
of 100 questions and all systems, excluding Solo and Birdie
on Df due to the noted OOM errors. BM25 remains the fastest,
for the same reasons as above. On Dℓ, Birdie is the second
fastest, with search times in the same order of magnitude as
STAR. Both outperform Pneuma and Solo by 33–180× on Dℓ.
As Birdie fails on Df , STAR becomes the second fastest on it,
15.5× quicker than Pneuma. Using PEARL instead of SBERT
in STAR reduces both indexing and QA time.

2) Retrieval Performance: We evaluate all models (exclud-
ing those with OOM errors during indexing) on both datasets
and question sets. Note that Solo, Pneuma, and Birdie do not
always return N (10) results. In Solo, the number of results is
impacted by retr_top_n, the upper bound on the number of
entries retrieved from the index. Birdie, which trains a model
to generate (predict) table IDs, sometimes outputs an ID that
does not correspond to any table. In our experiments, Solo
returned on average 9.91 tables per question, Pneuma 9.58,
and Birdie 9.27. STAR returns 10 tables for each question.

HitRates@k. Figures 5 presents the HitRate@k scores (k ∈
{1, . . . , 10}) on Dℓ and Df , excluding Solo and Birdie on
Df . We first observe that BM25 and BM25+Syn. perform
best on (Dℓ,Si), the most lexical-friendly setting, with near-
perfect scores for k=10. However, they perform poorly in
all other evaluations, when relevant tables are surrounded by
numerous others or when questions are lexically different from
table content. This highlights the need for semantic-based
retrieval to ensure generalization. Excluding (Dℓ,Si), STAR
with PEARL consistently achieves the best performance across
all evaluation sets, slightly outperforming its SBERT variant
(ranging from similar results to up to +14%). To answer Q1.,
all systems perform well when the questions are lexically
close to table content: BM25 and its variant lead, followed by
STAR and Birdie. Solo and Pneuma, while being 10% behind
for most k values, still deliver reasonable performance. Q2.
reveals the limitations of lexical models: BM25 suffers a large
performance drop (-45% for k=10 from (Dℓ,Si) to (Dℓ,Sr)),
as expected. BM25+Syn. is slightly better than BM25 and
competes with Birdie at k=10, showing relevance of syn-
onym expansion in some cases. Birdie performance degrades
significantly (-30%), reflecting its training bias toward LLM-
generated questions that often include full table titles (recall
Sec. V-B). Or, Sr questions do not repeat table titles. On

(Dℓ,Sr), STAR with PEARL is best, outperforming Pneuma
by 11% and Solo by 15% at k=10. STAR achieves strong
performance from the top of the ranking: both PEARL and
SBERT variants exceed 60% by k=2, whereas others reach it
only from k=6. Regarding Q3, STAR (with both PEARL and
SBERT) and Pneuma adapt well to larger datasets, Pneuma
even improving from (Dℓ,Si) to (Df ,Si). While they reach
comparable performance at k=10, STAR obtains strong results
quicker: on (Df ,Si), STAR with PEARL exceeds 70% at
k=3, while Pneuma requires k=6. BM25 fails to scale effec-
tively, dropping by 33% at k=10 from (Dℓ,Si) to (Df ,Si).
BM25+Syn. performs significantly worse than BM25, showing
that synonym expansion is not always beneficial: introducing
terms absent from relevant tables only adds noise to the query.

Relevance@k. Figure 6 reports Relevance@k (k ∈
{1, . . . , 5}) on Dℓ and Df , excluding Solo and Birdie on Df .
To compute Relevance@k scores, we manually annotated
the top-5 retrieved table produced by each model, for both
datasets and questions sets. In total, 4 963 (question, table)
pairs were labeled by 9 human annotators. To assess
annotation consistency, 220 pairs (approx. 5%) were randomly
selected for double annotation: 24 received differing labels,
which shows that annotators agreed 89.1% of the time, which
is considered very high. In cases of disagreement, in the
gold standard, we kept the more favorable score. The trends
observed for HitRate@k largely hold for Relevance@k, with
a few exceptions. On (Dℓ,Si), BM25 (+ Syn.) no longer lead:
STAR with PEARL achieves the highest relevance scores,
although BM25 (+ Syn.) remain close. This further shows
BM25’s inability to handle lexical variations. On the other
evaluation settings ((Dℓ,Sr), (Df ,Si), and (Df ,Sr)), STAR
with both PEARL and SBERT outperforms all other models,
with Pneuma usually following at a distance of less than half a
relevance point. Interestingly, while STAR models underwent a
performance drop from Dℓ to Df on HitRate@k, they improve
on Relevance@k. This suggests that, although they sometimes
fail to retrieve the table the question was generated from, they
still succeed in retrieving semantically relevant alternatives.

On both quality metrics considered, STAR outperforms
all competitors, except BM25 (+ Syn.) which perform better
only when questions are phrased almost identically to the data.
Even when its performance is close to that of competitors
(notably Pneuma), STAR remains faster in both indexing and
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Fig. 6: Relevance@k for k ∈ {1, . . . , 5} on both datasets for all systems (except Solo and Birdie for Df ).

search, making it the more practical option overall.
3) Qualitative Analysis: We demonstrate STAR’s relevance

by analyzing outputs for two queries over Dℓ and Df .
On Dℓ, we consider: “In 2020, what was the median saving

rate of employed persons in Bulgaria as a percentage of
disposable income?” (Si) and “In 2020, what was the median
rate of savings among people in employment in Bulgaria,
as a percentage of available revenue?” (Sr). The question is
complex, using economic and demographic information. Lex-
ical baselines perform well on (Dℓ,Si), e.g., BM25 achieves
Relevance@5 (R@5) of 6 via exact overlaps: titles contain
“Median saving rate”, and tables “Percentage of disposable
income” or “Employed persons”. On Sr, R@5 drops to 0, as
only generic words like “median” and “percentage” remain
(other new terms do not match relevant tables), retrieving
off-topic tables (violence statistics, minimum wage, higher-
education researchers). TD systems capture partial semantics
but fail to cover the full meaning of the query (R@5 of 0
or 1 on Si and Sr). Solo returns tables with overlapping
notions (saving rate, employment, population), showing partial
understanding. Pneuma’s titles are barely related (except “rate”
and “people”), though content includes income, percentage,
and people. Outputs are nearly identical between Si and
Sr, showing good semantic proximity detection but poor
weighting. Birdie outputs tables with titles about saving rate,

employment, or compensation (with content partially matching
the questions), but no tables connecting the notions, thus
results irrelevant for the query. In contrast, STAR–PEARL
performs well: for Si it overlaps with BM25 on 4 tables, re-
placing the irrelevant one. For Sr, predictions remain identical
(showing strong semantic proximity), yielding R@5 of 7 for
both. STAR–SBERT is identical on Si, but drops on Sr to a
R@5 of 2, keeping only 2 tables: new ones are about minimum
wage or unemployment rates, lacking core notions.

On Df , we study the (much simpler) query “How many
deaths were recorded in Belgium in 2021?” (Si) and “How
many people died in Belgium in 2021?” (Sr). The quality
of results returned lexical baselines collapses: BM25 retrieves
irrelevant tables (innovation surveys, ICT impact, financing
difficulties), leading to a R@5 of 0 on Si and Sr. In details:
1) On Si, the titles of the top-5 tables returned by BM25
contain no word from the query. The contents of the top-5
returned tables have thousands of occurrences of the words
“were”, “returned”, and “Belgium”; the tables themselves are
irrelevant. These frequent words probably lead BM25 to miss
relevant tables even those containing “death” exactly like the
simpler query above. Note that removing duplicates in table
headers is not an option because word frequencies are needed
by methods such as BM25. 2) On Sr, the titles of BM25’s
results do not match the questions at all, whereas their contents



have many occurrences of “people” and “many”. Pneuma also
performs poorly (R@5 of 1 on Si and Sr); it returns tables
about Belgian railway traffic. In contrast, STAR separately
looks up the meaningful metric (here, death), thanks to the
separate indexing of location and time. One Pneuma result par-
tially fits (transport-accident deaths), but lacks the geographic
restriction. In contrast, STAR–PEARL excels (R@5 of 9 on
Si and Sr), retrieving only highly relevant mortality tables
(overall deaths, deaths by sex or cause), matching location
and time constraints. STAR–SBERT follows closely (R@5 of
8 on Si, 7 on Sr); on Si its result set is almost identical to that
of STAR–PEARL, while on Sr performance slightly drops,
retrieving road accident fatalities or prison capacity data.

F. Conclusion

Our experiments demonstrate that STAR outperforms
both semantic and hybrid models. It is outperformed by
BM25+Syn. on (Dℓ,Si) and Hit-Rate only, when questions
match the terminology used in the tables; however, this method
collapses on a larger dataset and reformulated questions.
In constrast, STAR returns the most semantically pertinent
results, with significantly lower indexing and search times than
those of semantic competitors, no OOM errors, and robust
scalability to large datasets. STAR does not require a GPU,
nor does it rely on costly and potentially slow calls to remote
LLMs, making it a robust and resource-efficient solution.

VI. RELATED WORK

Table discovery (TD) seeks to find the relational table(s)
most relevant to answer user questions. It is a subtopic of
dataset discovery [36], where datasets are tables. [37] builds
a set of representations, syntactic (or statistic) and semantic
(based on word embeddings) for queries and tables, and
combines them with other features into a learning-to-rank
framework. Semantic representations improve retrieval quality,
compared to statistical methods (such as BM25), which fail
to detect synonyms or semantically close words. In [38], the
authors transform the query, and each table (title and all
headers) into a single string, then use BM25 to retrieve the
most relevant tables. To rank them, they introduce a set of
non-neural and neural features, representing the query and the
table based on RNNs; weight features are learned via a forest
of decision trees. In [17], several modalities of each table are
independently embedded, then a joint representation thereof
is learned using Gated Multimodal Units. LLMs use for TD
problem is pioneered in [18], which uses BERT. Because only
limited-length strings can be embedded, their content selectors
extract, from each table, bounded-length fragments. On a very
large table, this still fails to represent most of the content,
leading to missed results. Also, this method needs to embed
each table jointly with the query at query time, which can be
prohibitively slow for datasets of many and/or large tables.
In [39], a table representation is built as in [16], a similar one
for the query, and the tables closest to the query is returned.

Such works have been outperformed by the recent Solo [2],
Pneuma [3], and Birdie [4] (see Sec. V-B), and that STAR out-

performs, due to: (i) its built-in understanding of statistical ta-
bles; (ii) its strategy of representing a table by its title together
with each non-empty stripped header cell; (iii) its separate
indexing and treatment of location and time values, universal
dimensions of any measured human or natural activity (thus, of
any statistical dataset). All the works mentioned above target
relational tables, not multidimensional ones. As described in
Sec. II-B and experimentally shown, even after converting
statistical tables into relational ones, existing TD systems are
either unable to handle large tables, or outperformed by STAR
in terms of efficiency and/or result quality.

For the STD task, we are only aware of prior versions of
StatCheck. In [5], facts were indexed by their dimensions,
and stored in an RDF database; this did not scale to datasets
considered here. [6], [23] improve over [5] by indexing at the
granularity of tables and a more efficient statistics storage; the
demonstration [7] improves result quality over [6] by adopting
SBert, and indexing time and locations separately. The present
work improves over [7] by: (i) pruning low-relevance results
and relaxing queries; (ii) replacing SBert with PEARL em-
beddings Also, we present a novel and extensive experimental
comparison with recent, high-performing TD systems, which
demonstrates STAR’s superiority in both efficiency and result
quality, and provide a large, novel benchmark.

VII. CONCLUSION

We have formalized the Statistical Table Discovery (STD)
problem and introduced STAR, a Space and Time-aware
STatistic Retrieval method tailored to statistical data. STAR
combines structured indexing over spatial and temporal di-
mensions with semantic embeddings of tabular text, leveraging
the PEARL model for improved phrase matching. Relevance
is scored along space, time, and query semantics. Experiments
on a large Eurostat dataset show that STAR consistently
outperforms prior Table Discovery systems as well as simpler
methods based on BM25, especially when questions do not
use the exact words present in the data. We show this on a
novel benchmark of curated and reformulated queries, with
corresponding relevance scores of tables. Competing systems
either fail (OOM) on large datasets or degrade in quality on
lexically diverse queries. Even when close in accuracy, they
are at least 12× slower. Unlike LLM-based systems, STAR
requires no GPU and has a lesser computational cost. In future
work, we plan to extend STAR to more complex questions, and
refine retrieval through user feedback.
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