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Abstract. Dataset search aims to find datasets that are relevant to
a keyword query. Existing dataset search engines rely on conventional
sparse retrieval models (e.g., BM25). Dense models (e.g., BERT-based)
remain under-investigated for two reasons: the limited availability of la-
beled data for fine-tuning such a deep neural model, and its limited input
capacity relative to the large size of a dataset. To fill the gap, in this pa-
per, we study dense re-ranking for RDF dataset search. Our re-ranking
model encodes the metadata of RDF datasets and also their actual RDF
data—by extracting a small yet representative subset of data to accom-
modate large datasets. To address the insufficiency of training data, we
adopt a coarse-to-fine tuning strategy where we warm up the model with
weak supervision from a large set of automatically generated queries and
relevance labels. Experiments on the ACORDAR test collection demon-
strate the effectiveness of our approach, which considerably improves the
retrieval accuracy of existing sparse models.
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1 Introduction

As data plays an increasingly crucial role in many domains, the capability to
search for relevant datasets has become critical [5]. To satisfy this need, dataset
search engines such as Google Dataset Search [2,3] have emerged. The Semantic
Web community is particularly interested in RDF dataset search, and has also
developed a few such solutions [6, 24,30] and made benchmarking efforts [18].

Motivation. Existing RDF dataset search solutions employ conventional
sparse models (e.g., BM25 [26]) to retrieve lexically relevant datasets, which can-
not capture the semantic relationships between query and dataset. By contrast,
building on the semantic matching capability of pre-trained language models
(e.g., BERT [10]) to understand text, dense ranking models (e.g., DPR [12])
have achieved remarkable performance in document retrieval [33]. It inspires us
to study dense models for RDF dataset search and investigate their effectiveness.
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Challenges. Applying dense models to RDF dataset search is a nontrivial
task. Indeed, we identify the following two challenges. Note that these difficulties
also face dataset search in general, not limited to RDF dataset search.

– Unlike documents, (RDF) datasets are structured and commonly very large,
e.g., containing thousands or millions of RDF triples. It remains unclear how
to effectively feed such a huge amount of data into a dense ranking model
which typically allows a maximum input length of only 512 tokens, and we
should not simply drop the data but rely solely on the metadata of a dataset
since this has been proven to hurt accuracy [6, 18].

– Unlike document retrieval which is an established research task with many
large test collections, (RDF) dataset search is relatively new and is now ac-
companied by only a few relatively small test collections [13,18]. The limited
labeled data in these test collections is insufficient for tuning a dense ranking
model having at least hundreds of millions of trainable parameters.

Our Work. We propose to study dense ranking models for RDF dataset
search and address the above two challenges. Our approach adopts a popular
retrieval-then-reranking architecture, and we use dense models in the re-ranking
step. To feed the metadata and content of an RDF dataset into the model, we
concatenate metadata fields as well as a small subset of RDF triples extracted
from the data as a representative data sample. To tune the model, besides the
limited labeled data provided by existing test collections, we adopt a coarse-to-
fine tuning strategy and we propose two methods for automatically generating
a large amount of possibly noisy labeled data to weakly supervise the model in
the preliminary coarse-tuning phase. We refer to our approach as DR2, short
for Dense Rdf Dataset Re-ranking. To summarize, our contributions include

– the first research attempt to adapt dense ranking models to RDF dataset
search, by encoding representative RDF triples extracted from large datasets,

– two methods for automatically generating labeled data to coarse-tune the
model, one based on distant supervision and the other based on self-training,

– experiments on a public test collection, empirically comparing a variety of
triple extraction methods, dense ranking models, and tuning strategies.

Outline. The remainder of the paper is organized as follows. Section 2 intro-
duces our retrieval-then-reranking approach for RDF dataset search. Section 3
details our coarse-to-fine tuning strategy. Section 4 presents evaluation results.
Section 5 discusses related work. Section 6 concludes the paper with future work.

2 Dense Re-Ranking for RDF Dataset Search

In this section, we describe our retrieval-then-reranking approach for RDF dataset
search. We begin with an overview of the approach. Then we detail its two major
steps: compact document representation and dense re-ranking.
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Fig. 1: Our retrieval-then-reranking approach for RDF dataset search.

2.1 Overview

Fig. 1 presents an overview of our approach for RDF dataset search. We follow
best practice [17] to adopt a retrieval-then-reranking design. Specifically, given a
keyword query q and a collection D of RDF datasets, the first step is to perform
a normal retrieval by using a conventional off-the-shelf method for RDF dataset
search to retrieve k top-ranked RDF datasets from D that are the most relevant
to q, denoted by Ds = hd1; : : : ; dki. For each retrieved RDF dataset di 2 Ds, the
second step is to construct its compact document representation to be fed into
the downstream dense re-ranking model. We construct two pseudo documents
in this step: pm

i representing the metadata of di, and pc
i representing the content

of di, i.e., the actual RDF data in di. The last step is to employ a dense ranking
model to re-rank each RDF dataset di 2 Ds based on the relevance of pm

i and pc
i

to q, and output the re-ranked results denoted by Dr = hd′
1; : : : ; d′

ki.
The retrieval model in the first step is out of our research focus. In the

experiments we will use existing implementations provided in the literature [18].
In the following we will focus on the second and the third steps.

2.2 Compact Document Representation

An RDF dataset contains RDF data and typically has metadata description.
Both metadata and RDF data are structured. They need to be linearized into
pseudo documents so that they can be processed by the downstream dense re-
ranking model. We call them compact documents because, relatively to the pos-
sibly large size of an RDF dataset (e.g., millions of RDF triples), the length of
such a document has to be bounded to fit the maximum input length of the
downstream dense model which is usually a small number (e.g., 512 tokens).

Metadata Document For a retrieved RDF dataset di 2 Ds, we construct its
metadata document pm

i , i.e., a pseudo document representing its metadata.
Specifically, recall that metadata commonly consists of a set of fields. Follow-

ing [18], we choose four fields that should contain human-readable information
and hence are used in the computation of query relevance: title, description,
tags, and author. The values of these fields are concatenated into pm

i as illus-
trated in Fig. 2, where [CLS] and [SEP] are standard separating tokens used
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Fig. 2: Compact document representation for an RDF dataset.

in BERT-based models [10]. They can be replaced by their counterparts when
other families of language models are used as a substitute for BERT.

Metadata is usually short enough to fit the maximum input length of a dense
model. If exceeded, the metadata document will be truncated to the maximum
input length in a normal way, i.e., its end will be cut off.

Data Document For a retrieved RDF dataset di 2 Ds, we construct its data
document pc

i , i.e., a pseudo document representing its RDF data content.
Specifically, recall that RDF data consists of a set of RDF triples. An RDF

dataset may easily contain too many triples to fit the maximum input length of
a dense model. Indeed, a median of 2k RDF triples was observed in the liter-
ature [18]. Instead of performing arbitrary truncation, we want to identify and
keep the most important information in RDF data by extracting a representa-
tive subset of RDF triples. This resembles the research objective of RDF dataset
snippet generation [29]. Therefore, we choose and implement two state-of-the-art
solutions to this research problem: IlluSnip [8,19] and PCSG [28]. In a nutshell,
IlluSnip computes a ranking of the RDF triples in an RDF dataset such that
the top-ranked triples cover the most frequent classes, properties, and entities
in the data. PCSG relies on entity description pattern (EDP) which is a set of
classes and properties used to describe an entity in an RDF dataset. It selects a
smallest number of subsets of RDF triples—each subset covering an EDP—such
that the selected subsets of triples cover all the EDPs in the data. We further
rank these subsets by the frequency of covered EDP.

From a possibly large RDF dataset di, subject to the maximum input length
of a dense model, we extract the largest possible number of top-ranked RDF
triples returned by IlluSnip, or the largest possible number of top-ranked subsets
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