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Abstract. RDF self-indexes compress the RDF collection and provide efficient access to the data without a previous decompres-
sion (via the so-called SPARQL triple patterns). HDT is one of the reference solutions in this scenario, with several applications
to lower the barrier of both publication and consumption of Big Semantic Data. However, the simple design of HDT takes a
compromise position between compression effectiveness and retrieval speed. In particular, it supports scan and subject-based
queries, but it requires additional indexes to resolve predicate and object-based SPARQL triple patterns. A recent variant, HDT++,
improves HDT compression ratios, but it does not retain the original HDT retrieval capabilities. In this article, we extend HDT++
with additional indexes to support full SPARQL triple pattern resolution with a lower memory footprint than the original indexed
HDT (called HDT-FoQ). Our evaluation shows that the resultant structure, iHDT++, requires 70−85% of the original HDT-FoQ
space (and up to 48− 72% for an HDT Community variant). In addition, iHDT++ shows significant performance improvements
(up to one level of magnitude) for most triple pattern queries, being competitive with state-of-the-art RDF self-indexes.
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1. Introduction

The World Wide Web is a network of documents, in
which nodes (web pages) contain pieces of information
intended for human consumption, and the edges relate
this information through links, which facilitate navi-
gation among pages. This document-centric informa-
tion architecture does not facilitate access to raw data,
hindering to automate different processes. The Web of
Data arises as a response to this situation and offers,
on the own infrastructure of the Web, mechanisms to
represent and interconnect data with sufficient seman-
tics and level of granularity to allow automatic pro-
cessing [2]. RDF (Resource Description Framework)
[24] plays a fundamental role in the Web of Data.

RDF models and interconnects data using ternary
sentences (triples) formed by a subject (S), a predicate
(P), and an object (O). These RDF triples can be in-
terpreted as directed graphs in which subjects and ob-

jects act as nodes and predicates are the edges between
them. The flexibility of RDF has facilitated its use as
a standard de facto for the publication of raw data on
the Web, and, more recently, Knowledge Graphs [3];
DBpedia or Bio2RDF publish billions of triples, be-
ing a clear example of the volume reached by RDF
collections and, in turn, the scalability challenges that
entail its management and consumption. One of these
scalability problems is the way RDF datasets are seri-
alized. Traditionally, “flat” formats (like XML) have
been used, whose verbosity is a limiting factor when
managing Big Semantic Data. The alternative is to use
binary formats that encode the RDF datasets according
to its structural and/or semantic properties.

HDT (Header-Dictionary-Triples) [7] is positioned
in this scenario and proposes a binary format that ex-
ploits RDF redundancy [14]. HDT obtains compres-
sion ratios comparable to those reached by gzip, and it
reports competitive performance for scan queries and
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subject-based retrieval [8], with no prior decompres-
sion. In addition, HDT-FoQ (Focused on Querying)
[15] adds two indexes (either loaded into memory or
mapped from disk) on top of HDT to allow for full
SPARQL [21] triple pattern (TP) resolution.1

HDT has been adopted in the Web of Data because
of its simplicity and a competitive space/time trade-
off, taking a key role in the development of client-side
query processors such as Triple Pattern Fragments [25]
and SAGE [17]. However, both HDT and HDT-FoQ
are limited by a design that emphasizes simplicity of
representation and disregards other sources of redun-
dancy. HDT++ [11] modifies that design and imple-
ments a reorganization of triples that partially elim-
inates structural redundancies. Specifically, HDT++
takes advantage of the fact that subjects of the same
type are described by similar sets of properties and that
their value ranges have little overlap. HDT++ notably
improves the compression ratios obtained by HDT, as
well as its decoding speed. Yet, it does not provide the
necessary mechanisms to solve SPARQL TPs.

In this paper, we present iHDT++ an enhanced
representation that allows HDT++ files to be effi-
ciently queried. In particular, we extend the existing
HDT++ structures with additional information to re-
solve predicate-based and subject-based TPs (i.e. those
in which the predicate or subject are provided, re-
spectively). Then, we provide a new object-based in-
dex that completes the iHDT++ proposal and enables
full SPARQL TP resolution. Our experiments show
that iHDT++ uses around 70 − 85% of the memory
footprint of HDT-FoQ, largely outperforming most of
the TPs (e.g. the challenging predicate-based retrieval,
(?P?)). The space differences are even more notice-
able with the HDT Community version (48-72%), a
practical proposal to speed up predicate-based issues
(presented in Section 2.3). iHDT++ also shows com-
petitive space/time tradeoffs with state-of-the-art RDF
self-indexes, k2-triples and RDFCSA.

The rest of the article is organized as follows. Sec-
tion 2 presents the background of iHDT++. Section 3
describes the structures added by iHDT++ on top of
HDT++, and explains how these can be used to resolve
SPARQL TPs. Section 4 compares the performance of
iHDT++ with the existing HDT-based solutions and
the most promising RDF self-indexes. Finally, our con-
clusion and future work are discussed in Section 5.

1A TP is an RDF triple in which any of its components can be vari-
able (? is used to indicate components that are variables): (SPO),
(SP?), (S?O), (S??), (?PO), (?P?), (??O), and (???).

2. Background

This section provides the basic background of the
paper. We introduce the notion of compact data struc-
ture [18], with particular attention to those structures
used by the HDT-based approaches and iHDT++.
Compact data structures are also at the core of the
most competitive RDF compressors, including effi-
cient RDF self-indexes. We also review state-of-the-art
RDF compression techniques, and we delve into par-
ticular details of HDT-based approaches, which set the
foundations of our proposal.

2.1. Compact Data Structures

A compact data structure [18] proposes a data ar-
rangement that uses an amount of space close to the
theoretical optimal number of bits (required to pre-
serve the data), while providing efficient functional-
ity with no prior decompression. Thus, a compact data
structure compresses the original data and allows it to
be queried and manipulated in compressed form.

The main blocks of compact data structures are
functional bitsequences, explained as follows.

Bitsequences. A bitsequence B[1, n] is an array of n
bits that provides three basic operations:

– access(B, i) returns B[i], for any 1 ≤ i ≤ n.
– rankv(B, i) counts the number of occurrences of

the bit v ∈ {0, 1} in B[1, i], for any 1 ≤ i ≤ n;
rankv(B, 0) = 0.

– selectv(B, j) returns the position of the j − th
occurrence of the bit v ∈ {0, 1} in B, for any j ≥
0; selectv(B, 0) = 0 and selectv(B, j) =
n+ 1 if j > rankv(B,n).

iHDT++ uses a “plain bitsequence” that implements
Clark’s approach [6], which adds additional structures
on top of B to efficiently resolve rank and select

(access is directly performed on the bit array in con-
stant time). Bitsequences can be compressed [18] to
save space requirements, but none of the RDF com-
pressors analyzed in this paper use them.

Sequences. A sequence S[1, n] is a generalization
of a bitsequence, whose elements S[i] (i.e. symbols)
come from to an alphabet Σ = [1, σ]. They support
the same operations: access(S, i) returns the symbol
stored at S[i], while ranks(B, i) and selects(B, j)
allow any symbol s ∈ Σ to be queried.

The simplest sequence implementation is an array
that encodes each symbol using dlog2(σ)e bits. This
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Fig. 1. Example of adjacency list encoding.

“plain sequence” answers access(S, i) in O(1), by
accessing S[i], but it does not resolve rank and se-

lect efficiently. The wavelet tree [10] proposes an al-
ternative for sequence encoding. It organizes symbols
in a balanced tree of height h = log(σ), comprising
h bitsequences of n bits each. It requires n log2(σ) +
o(n) bits of space, using plain bitsequences, and an-
swers access, rank, and select in O(h).

Sequences of symbols are highly compressible in
many cases; e.g. posting lists in Information Retrieval
or adjacency lists in (Semantic) Web Graphs are usu-
ally gap-encoded [13] to exploit that symbols are
sorted, in increasing order, within the sequence. Differ-
ent forms of variable length compression [23] can also
be adopted to compress the sequence of symbols. They
compress sequences at the cost of slower access, as
the symbols must be previously decompressed.

Adjacency Lists. Adjacency lists are typically used
to encode graphs. Given the RDF scope of this paper,
we hereinafter focus on directed graph encoding. A di-
rected graph G = (V,E) is composed of a set of ver-
tices, V , and the set of edges, E ⊆ V × V . Typically,
the direct neighbors of a vertex v refer to all vertices
that can be reached from v, i.e. {(v, u) ∈ E}. Con-
versely, the set of reverse neighbors of a vertex v con-
tains vertices u such that {(u, v) ∈ E}.

Figure 1 shows the adjacency list encoding for a
graph with n = 6 vertices and a set of e = 10 edges:
E = {(1, 2), (1, 3), (2, 4), (3, 2), (3, 4), (3, 5), (4, 5),
(4, 6), (5, 6), (6, 1)}. Note that the structure AL con-
catenates all adjacency lists into a single sequence, S,
and a bitsequence, B, in which 1-bits mark the last el-
ement of the list of each vertex. In the example, the list
for the first vertex v1 is encoded in S[1, 2], the list for
v2 in S[3], and so on. The direct neighbors of v1 are
{v2, v3}, and the reverse neighbors of v2 are {v1, v3}.

Adjacency lists are optimized to obtain direct neigh-
bors for a vertex v: neigh(G, v), and to check if two
vertices v and u are connected: adj(G, v, u), which
returns the position of u in the list if (v, u) ∈ E, or
-1 otherwise. Both operations are implemented using
select on B and then access to the corresponding
positions in S, but this organization is not well suited
for reverse neighbors queries, unless the transposed
graph is encoded, doubling the required space [18].

Self-Indexes. A self-index is a compressed index that
provides search functionality over a data collection
and contains enough information to reproduce it [19].
Thus, a self-index can replace the original data col-
lection by a compressed representation that also en-
ables efficient retrieval operations to be performed. Al-
though self-indexes were originally designed for text
collections, they are currently used to manage different
types of data, including RDF.

In the scope of this paper, we refer the k2-tree
[5], a highly compressed binary matrix that is used
for graph encoding and supports efficient direct and
reverse neighbors queries, and CSA [22], a fully-
functional compressed suffix array.

2.2. RDF Compression

RDF compressors detect and remove redundancy at
symbolic, syntactic, and/or semantic levels [20], re-
porting impressive space savings, and enabling effi-
cient management of big semantic data [14].

HDT [8] was originally devised as binary serializa-
tion format for RDF, but it has been used as RDF com-
pressor due to its compactness (similar to gzip). HDT
also allows for basic, but efficient retrieval function-
ality. This feature was further improved by HDT-FoQ
[15], a compact data structure configuration that en-
ables full SPARQL TPs resolution to be performed on
top of HDT files, with no prior decompression. This
functionality was rapidly adopted, making HDT a core
component of state-of-the-art client-side query proces-
sors such as Triple Pattern Fragments [25] and SAGE
[17]. More recently, HDT++ [11] revisited HDT to re-
duce its memory footprint, but the resulting approach
did not retain the retrieval capabilities of HDT-FoQ.
More details about HDT are provided in Section 2.3.

RDF self-indexes [14] detect and remove syntactic
redundancy underlying to the graph structure of RDF.
These self-indexes support full SPARQL TPs resolu-
tion, like HDT-FoQ, but their optimized configurations
of compact data structures make them more compet-
itive in terms of space. K2-triples [1] partitions the
RDF dataset by predicate and, for each predicate, it
models pairs (subject, object) as binary matrices where
[i, j] = 1 mean that the i-th subject and the j-th ob-
ject are connected by the given predicate. The resulting
matrices are very sparse and can be effectively com-
pressed using k2-trees [5]. RDFCSA [4] models the
RDF dataset as a text, in which subjects precede lex-
icographically predicates and objects. This “text” is
then indexed using a compressed suffix array (CSA)
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[22], which ensures efficient data retrieval. Neverthe-
less, this organization promotes subject-based queries,
which are more efficient than the remaining SPARQL
TPs. Both self-indexes are included in our experimen-
tal setup and compared to iHDT++ (see Section 4).

Finally, note that other RDF compressors purely fo-
cus on space reduction and disregard search function-
ality [14], which is our core contribution.

2.3. HDT-based Approaches

HDT [8] is a binary serialization format that orga-
nizes the content of an RDF dataset into two com-
ponents (Dictionary and Triples), which are primar-
ily responsible for the effectiveness of HDT. On the
one hand, the Dictionary faces the symbolic redun-
dancy of an RDF graph providing a compressed cata-
log with the terms used in the nodes and edges of the
RDF graph, assigning a unique identifier (ID) to each
of them. These IDs are used to encode the structure of
the graph in the Triples component. In this paper, we
leave aside Dictionary compression and retrieval [16],
as it is orthogonal to our current approach, and we fo-
cus on optimizing the Triples component.

The Triples (in the form of IDs) conform a for-
est with subject-rooted trees and (predicate, object)
sorted branches. As shown in Figure 2, the content
of these trees is stored in two correlated adjacency
lists, that represent the predicates of each subject, and
the objects of each subject-predicate pair.2 The HDT
adjacency list implementations encompass a plain se-
quence (i.e. an integer array) and a plain bitsequence
[9], where 1-bits mark the end of each list; i.e the
last descendent of a branch. This organization makes
triples decompression efficient and facilitates access
per subject (i.e. in SPO order), but prevents the rest of
SPARQL TPs from being efficiently resolved.

2.3.1. HDT-FoQ (Focused on Querying)
HDT-FoQ [15] enhances HDT files with two addi-

tional indexes to provide full TPs resolution. On the
one hand, it replaces the sequence Sp (in the adjacency
list of predicates) by a wavelet tree [10], which pro-
vides indexed access by predicate (PSO order). It adds
a little space overhead, but ensures that all predicate-
based accesses are performed in logarithmic time (with
the number of predicates). On the other hand, HDT-
FoQ defines an object-index in the form of adjacency

2In Figure 2, we highlight the triples involving the predicate
rdf:type, as they will have a special treatment in HDT++.

list (OPS-order). It keeps track of the positions of each
object (in the adjacency list of objects), enabling fast
object-based TPs. However, this object index requires
non-negligible space, reducing the overall HDT-FoQ
effectiveness.

Although HDT-FoQ reports competitive space-time
tradeoffs, it is worth noting that its performance is not
competitive for the TP that only binds the predicate:
(?P?). In this case, predicate occurrences are per-
formed via select operations over the wavelet tree,
which suffer from scalability problems with a medium-
large number of predicates. A community version of
HDT-FoQ, referred to as HDT Community hereinafter,
solve this issue pragmatically. First, it removes the
wavelet tree and restores the original plain adjacency
list of predicates. Then, it uses the transposed version
of this latter to speed up predicate-based queries. Thus,
this alternative improves predicate-based queries, but
increases space requirements.

2.3.2. HDT++
HDT++ [11] proposes an alternative serialization for

RDF datasets that optimizes the HDT effectiveness by
applying the RDF-TR transformation [12]. RDF-TR

preprocesses the HDT Triples component (see Figure
2) to detect and eliminate redundancy at various levels,
using three types of transformations.

Object-based transformation. The ranges of objects
related to different predicates tend to be disjoint, i.e.
an object does not usually relate to more than one
different predicate [11]. This fact enables objects to
be locally identified within the range of each pred-
icate, hence using lower IDs to encode each object.
It reduces drastically the number of bits used to en-
code object occurrences, but requires a mapping struc-
ture (referred to as MapO) to translate the new lo-
cal IDs to the original ones. MapO is an adjacency
list that encompasses (in increasing order) the origi-
nal IDs of the objects related to each predicate. Fig-
ure 3 illustrates the MapO configuration for the triples
in Figure 2: predicate 1 is related to the original ob-
ject IDs {1,4,5,6,8}, predicate 2 with the objects
{7,13,16}, etc. MapO uses the neigh primitive, of
the adjacency list structure, to map local IDs to their
global counterparts.

Predicate-based transformations. RDF does not re-
strict how entities are described, but subjects are usu-
ally described using common sets of properties. For
instance, in the graph in Figure 2, subjects 1, 3 and
6 are described with the same properties {1,3,5,7},
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Fig. 2. Organization of Triples component in HDT (note that only predicates and objects adjacency lists are preserved).

Fig. 3. HDT++ Triples component.

or subjects 4, 5, and 7 use the properties {1,2,4}.
RDF-TR determines these predicate families and as-
signs them a unique identifier in [1,|F|]. In our ex-
ample, there are three families: F1 = {1,3,5,7},
which describes subjects 1, 3 and 6; F2 = {4,5,6},
which describes subject 2; and F3 = {1,2,4}, which
describes subjects 4, 5, and 7. A new adjacency list,
called Families, preserves the families in which each
predicate is used. As shown in Figure 3, the first predi-
cate is present in families {1,3}, predicate 2 is only in
family {3}, etc. Families also uses neigh to retrieve
the list of families for a given predicate.

The repetitions of the predicate families are even
more explicit with the use of the predicate rdf:type.
In these cases, it is quite likely that subjects of the same
type are described using the same set of predicates.
RDF-TR considers the existence of “typed” predicate
families, i.e. families that declare some value for the
predicate rdf:type, and enhances the definition of
the family with the value(s) of this predicate. This de-
cision avoids triples tagged with rdf:type to be ex-
plicitly encoded. Managing typed families requires an
additional adjacency list structure: types, which pre-
serves the type values of each family. Figure 3 illus-
trates this structure and encodes3 that the first family
is typed with the object 9. Finally, note that HDT++

3In this case, the bitsequence implements a slightly different en-
coding to allow empty lists, as some families may not be typed.

also maps rdf:type to the last predicate ID; in our
example, it is identified using the ID |P | = 7.

Subject-based transformation. Each subject can be
now described by a predicate family, hence all subjects
of the same family have the same connection struc-
ture. RDF-TR exploits this by grouping subjects of the
same family, which are now locally re-encoded within
their corresponding family. This decision requires an
additional mapping structure (MapS) to translate the
new local subject IDs to their corresponding counter-
parts. As shown in Figure 3, it is implemented as an
adjacency list that arranges subject IDs per family; e.g.
family 1 is related to subjects 1, 3, and 6, which corre-
spond to local subjects 1, 2 and 3 (for such family).

The previous transformations allow triples to be se-
rialized in the form of Subject-Family-Object trees,
with the local ID objects (per predicate) and local ID
subjects (per family). However, it is a flat representa-
tion in which each subject is connected to a single fam-
ily. RDF-TR proposes a final transformation to obtain
a bushy (and more compressible) encoding in the form
Predicate-Family-Object. Each tree is now rooted by a
predicate, which is connected to objects (in leaves) by
the corresponding family. Subjects are implicitly en-
coded in this representation, thanks to the family-based
grouping and the local subject IDs. The structure Ps is
required to implement this encoding. As shown in Fig-
ure 3, it is a vector of |P | adjacency lists (one per pred-
icate), called Ps in which sequences So preserve local
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object IDs and bitsequences Bo encodes relationships
between local objects and subjects, within the scope of
each predicate. Ps provides the getObjects(p, pos)
operation, which retrieves the list of objects starting in
position pos for the predicate p (see [12] for additional
details).

Finally, note that the inner sequences of MapS and
MapO are gap-encoded (with parameterizable sam-
ples) and then compressed using Elias-Delta [23]. The
remaining adjacency lists are encoded using plain se-
quences and bitsequences. The experiments reported
in [12] showed that HDT++ is faster than HDT for
triple scanning (decompression), while it uses less than
half the HDT space for more-structured datasets. How-
ever, HDT++ does not retain the HDT-FoQ retrieval ca-
pabilities, so it cannot be directly used to replace the
current HDT-based infrastructure in query processors.

3. iHDT++

HDT++ ensures efficient data scan, i.e. it resolves
the (???) TP. In contrast, subject-based and predicate-
based TP can be resolved in a non-efficient manner,
and object-based TPs are practically discarded (they
might require a full scan). iHDT++ transforms HDT++
into a query processor for SPARQL TPs. We enhance
the existing structures with additional information to
ensure subject and predicate-based TPs to be effi-
ciently resolved. In addition, a new index, iObjects,
is proposed to resolve object-based TPs.

3.1. Additional Data Structures

HDT++ uses adjacency lists to implement their com-
ponents. These structures are optimized to obtain di-
rect neighbors for a given vertex v, but are inefficient
to retrieve the reverse neighbors of a v (i.e. vertices
u such that (u, v) ∈ E). However, reverse neighbor
operations are needed to resolve SPARQL TPs, hence
MapS, MapO, and Families must be enhanced with
their transposed structures.

Transposed Structures. MapO arranges object IDs by
predicate, allowing local objects to be mapped to their
original IDs. This operation is useful for decoding pur-
poses, but is not enough for TPs resolution because
triple patterns use global IDs instead. iHDT++ pro-
poses to use the transposed of MapO (referred to as
MapO’) to list the predicate(s) of each object (i.e. usu-
ally just one). MapO’ is implemented as an adjacency

Fig. 4. Transposed structures of iHDT++.

Fig. 5. Indexed Ps (iPs).

Algorithm 1: getObjSubject(pred, fam, subj)

1 posf ← select1(iPs[pred].Bf , fam− 1);
2 rnk ← rank1(iPs[pred].Bo, posf );
3 poss ← 1+ select1(iPs[pred].Bo, subj + rnk − 1);
4 return iPs.getObjects(pred, poss) ;

list, encompassing a plain bitsequence and a plain se-
quence that uses log2(|P |) bits per ID.

The previous reasoning also applies for MapS and
Families. The transposed of these structures, MapS’
and Families’ respectively, are needed to support
subject-based retrieval: MapS’ is used to obtain the
ID of the family related to a given subject (the sub-
ject is referred by its global ID) and Families’ al-
lows the predicate set of a given family to be effi-
ciently retrieved. MapS’ is implemented as an ID ar-
ray, as each subject is only related to a single family;
i.e. MapS’[i] stores the ID of the family correspond-
ing to the i − th subject. It uses log2(|F |) bits per
ID. Families’ is implemented as an adjacency list,
in which each ID is encoded using log2(|P |) bits.

Figure 4 shows the resulting configuration of MapO’,
MapS’, and Families’ for the previous example.

Indexing Ps. The Ps structure encodes Predicate-
Family-Object trees, but the limits of each family
(within each predicate) are not explicitly delimited.
This information is not needed for decoding purposes
because the scan algorithm traverses Ps sequentially
[12]. However, family limits must be explicitly en-
coded to allow random access. An additional bitse-



Hernández-Illera et al. / iHDT++: Improving HDT for SPARQL Triple Pattern Resolution 7

Fig. 6. iObjects configuration.

quence Bf is added on top of each adjacency list to
mark the end of each family within the predicate. The
resulting structure is called iPs.
iPs enhances the getObject primitive to retrieve

the objects related to a given (subject,predicate) pair
within a given family. Algorithm 1 describes this
operation, called getObjSubject, and Figure 5 il-
lustrates the iPs configuration for our current ex-
ample. For instance, if we are looking for the ob-
jects related to the third subject of the second fam-
ily of P1, getObjSubject(1, 2, 3) finds that the
corresponding list is encoded from poss = 7 and
getObjects(1, 7) = {5}.

The iObjects Index. This structure enhances HDT++
for object-based queries, storing the positions in which
each object occurrence is encoded in iPs. The special
value 0 is used to encode that a given object is only as-
sociated with predicate rdf:type. These objects have
a special consideration, as explained below.
iObjects is also implemented as an adjacency list,

which concatenates object positions according to their
global IDs; i.e. positions of O1 are first encoded, then
positions ofO2, and so on. The positions of each object
are internally organized in increasing order for each re-
lated predicate, and 1-bits mark the last object occur-
rence for a given predicate. The resulting iObjects

for our example is illustrated in Figure 6 (we also
show MapO’ for explanation purposes). For instance,
O1 is related to two predicates: P1 and P4, as shown
in MapO’. Thus, iObjects encodes two list of occur-
rences for O1, one for each predicate: L1,1 = {1} and
L1,4 = {1, 2, 4}. To decode the corresponding triples,
the adjacency lists of each predicate must be accessed
in iPs, retrieving the corresponding positions; e.g. po-
sitions 1, 2, and 4 of iPs[4] encodes the (local) subject
IDs of the triples that relate P4 and O1.
iObjects needs a secondary structure (iTypes) to

manage the set of objects that are related to the pred-
icate rdf:type. Note that, in Figure 6, S[15] = 0.

Algorithm 2: pattern_SPO(subj,pred,obj)
1 family ← MapS′[subj];
2 if pred < |P | then // pred is a regular predicate
3 if adj(Families’, family, pred) 6= −1 then
4 localo ←adj(MapO, pred, obj);
5 if localo 6= −1 then
6 locals ←adj(MapS, family, subj);
7 idf ←adj(Families, pred, family);
8 O ←iPs.getObjSubject(pred, idf , locals);
9 if bsearch(O, localo) 6= −1 then return true ;

10 else return false ;
11 end
12 else return false ;
13 end
14 else return false ;
15 end
16 else // pred is rdf:type
17 if adj(Types, family, obj) 6= −1 then return true ;
18 else return false ;
19 end

It means that O9 is related to rdf:type, but the re-
lated family is unknown. iTypes is composed of a
bitsequence (Bt) that marks those objects related to
rdf:type, and an adjacency list that contains the IDs
of the families that are typed with the correspond-
ing object. The corresponding iObjects configura-
tion for our example is depicted in Figure 6 (bottom).
Note that the bitsequence only sets the bits correspond-
ing to O9 and the adjacency list has a single element
that encodes F1, because F1 has the type O9.

3.2. Triple Pattern Resolution

In this section, we explain how iHDT++ can re-
solve all SPARQL TPs, except for (???), which cor-
responds to the scan of the dataset and it is already pro-
vided by HDT++ [12]. Note that we assume that the
bounded terms in queries are IDs (in the HDT Dictio-
nary) that identify the corresponding subjects, predi-
cates, or objects.

3.2.1. Access by Predicate
The organization of iHDT++ promotes predicate-

based operations, as it encodes Predicate-Family-
Object trees that can be efficiently traversed. Thus, be-
sides (???), all TPs binding the predicate can exploit
the iHDT++ organization. In the following, we present
the algorithms to resolve (SPO), (SP?) and (?P?).
Even though (?PO) could be also resolved, but its per-
formance improves notably by accessing by the value
of the object (see Section 3.2.3), as there are generally
fewer triples associated to a particular object than to a
given predicate [7].
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Algorithm 3: pattern_SP?(subj,pred)
1 family ← MapS′[subj];
2 if pred < |P | then // pred is a regular predicate
3 if adj(Families’, family, pred) 6= −1 then
4 locals ←adj(MapS, family, subj);
5 idf ←adj(Families, pred, family);
6 O ←iPs.getObjSubject(pred, idf , locals);
7 res← ∅;
8 for i← 1 to |O| do
9 res← res ∪ neigh(MapO, pred)[O[i]];

10 end
11 return res;
12 end
13 else return false ;
14 end
15 else // pred is rdf:type
16 return neigh(Types, family);
17 end

(SPO) This TP checks the existence of the triple
(subj,pred,obj) in the RDF dataset, as shown in Algo-
rithm 2. First, the family of the subject is retrieved (line
1), and then the predicate is checked (line 2) to de-
termine if it is a regular predicate or it is rdf:type.
The latter case is easily resolved because the requested
triple exists in the dataset only if family and obj are re-
lated in Types (line 17). The former case, which in-
volves a regular predicate, requires a multiple check:
we verify that family includes pred (line 3), and then
obtain the local ID of obj within pred; if pred and obj
are not related (i.e. ID = -1), the triple does not ex-
ist (line 12). The following step maps subj to its local
ID within its family (line 6), and then the position of
family in pred is retrieved (line 7). Line 8 gets the set
of objects related to (subj,pred) and then obj is binary
searched in O (line 9); if localo ∈ O, the triple exists
in the dataset.

(SP?) This TP retrieves all objects associated with
the pair (subj,pred), as shown in Algorithm 3. It first
obtains the family of subj and then evaluates pred, as in
the previous pattern. If the TP asks for rdf:type, the
requested objects are the direct neighbors of family in
Types (line 16). Looking for the objects associated to
a normal predicate also requires checking that family
includes pred, obtaining the local ID of subj, the posi-
tion of family in pred, retrieving the corresponding ob-
jects using getObjSubject (line 6) and finally map-
ping them to their original counterparts (lines 8-10).

(?P?) This TP returns all the pairs (subject,object)
described by pred, which was poorly resolved by
HDT-FoQ. Algorithm 4 illustrates the resolution with
iHDT++. For a normal predicate (lines 2-18), the al-
gorithm proceeds as the decompression process [12],
but for a concrete predicate. First, the families includ-

Algorithm 4: pattern_?P?(pred)
1 res← ∅;
2 if pred < |P | then // pred is a regular predicate
3 ptrSubj ← 1;
4 F ← neigh(Families, pred);
5 for i← 1 to |F| do
6 family ← F [i];
7 S ← neigh(MapS, family);
8 for j ← 1 to |S| do
9 subject← S[j];

10 O ← iPs.getObjects(predicate, ptrSubject);
11 ptrSubj ← ptrSubj + 1;
12 for k ← 1 to |O| do
13 object← neigh(MapO, pred)[O[k]];
14 res← res ∪ (subject, object);
15 end
16 end
17 end
18 end
19 else // pred is rdf:type
20 for i← 1 to |F | do
21 O ← neigh(Types, i) ;
22 ifO 6= ∅ then
23 S ← neigh(MapS, i) ;
24 for i← 1 to |S| do
25 for j ← 1 to |O| do
26 res← res ∪ (S[i],O[j]);
27 end
28 end
29 end
30 end
31 end
32 return res;

ing pred are retrieved (line 4) and iterated (lines 5-17).
For each family, its related subjects are obtained (line
7) and also iterated (lines 8-16). The objects related
to each pair (subject, pred) are obtained (line 10) and
then mapped to their global IDs (lines 12-15), as in the
previous algorithms. The process for rdf:type also
requires a nested loop algorithm. In this case, the algo-
rithm iterates over all families and, for each one, it re-
trieves its type values (line 21). If O is not empty (line
22), the family is typed and its related subjects are re-
trieved from MapS. Finally, we iterate over S and O to
return all the pair combinations from each set.

3.2.2. Access by Subject
As opposed to the original HDT, iHDT++ resolves

only a single TP accessing by subject: (S??).

(S??) This TP looks for all pairs (predicate, ob-
ject) describing a given subject (subj). As shown in Al-
gorithm 5, subj is used to retrieve its related family,
which is then used to obtain the corresponding predi-
cates (lines (2-3). The set of predicates is then iterated
to retrieve all objects related to subj and each predicate.
It is easily resolved by calling pattern_SP? (line 5),
and the returned objects are appended to the result
set (lines 6-8). Finally, we check whether the family
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Algorithm 5: pattern_S??(subj)
1 res← ∅;
2 family ← MapS’[subj];
3 P ← neigh(Families’, family);
4 for i← 1 to |P| do
5 O ← pattern_SP?(subj, P [i]);
6 for j ← 1 to |O| do
7 res← res ∪ (P [i], O[j]);
8 end
9 end

10 O ← neigh(Types, family);
11 ifO 6= ∅ then
12 for i← 1 to |O| do
13 res← res ∪ (|P |, O[j]);
14 end
15 end
16 return res;

Algorithm 6: pattern_S?O(subj,obj)
1 res← ∅;
2 P ← neigh(MapO’, obj);
3 for i← 1 to |P| do
4 if pattern_SPO(subj,P[i], obj) then
5 res← res ∪ P [i];
6 end
7 end
8 return res;

is typed, to add the corresponding pairs (rdf:type,
value) to the result set. In line 10, the possible type
values of the family are retrieved from Types; if there
exist, they are added to the final result set (note that the
ID |P |, in line 13, refers to the predicate rdf:type).

3.2.3. Access by Object
iHDT++ provides efficient object-based search via

MapO’ and iObjects, resolving the TPs (S?O),
(??O), and (?PO).

(S?O) This TP retrieves all predicates that label
the pair (subj,obj), illustrated in Algorithm 6. It uses
MapO’ to get the predicates related to obj (line 2), and
then invokes pattern_SPO to check the combinations
(subj,P[i], obj (line 3), for each retrieved predicate
P [i]. If the triple exists, P [i] is added to the result set.

(?PO) This TP retrieves all subjects characterized
by the pair (pred,obj). It distinguishes between nor-
mal predicates and rdf:type. The process for normal
predicates first checks if obj is related to pred (lines
3-4), and then retrieves the position in which these oc-
currences are encoded in iObjects (lines 5-6). For
each occurrence in Occs, we navigate the adjacency
list of pred in iPs to finally decode the corresponding
subject, which is mapped to its original ID (line 11).
If pred is rdf:type, we also check if obj is related
to such predicate. In this case, we retrieve the families

Algorithm 7: pattern_?PO(pred,obj)
1 res← ∅;
2 if pred < |P | then // pred is a regular predicate
3 posp ←adj(MapO’, obj, pred) ;
4 if posp 6= −1 then
5 pos← posp+select1(MapO’.B, obj − 1);
6 Occs← neigh(iObjects,pos);
7 for i← 1 to |Occs| do
8 idf ← 1+rank1(iPs[pred].Bf ,Occs[i]− 1);
9 family ← neigh(Families, pred)[idf ];

10 locals ← Occs[i]−
select1(iPs[pred].Bf , idf − 1);

11 res← res ∪ neigh(MapS, family)[locals];
12 end
13 end
14 end
15 else // pred is rdf:type
16 if access1(iTypes.Bt, obj) = 1 then
17 object← rank1(iTypes.Bt, obj) ;
18 F ← neigh(iTypes, object) ;
19 for i← 1 to |F| do
20 S ← neigh(MapS,F [i]) ;
21 for j ← 1 to |S| do
22 res← res ∪ S[j];
23 end
24 end
25 end
26 end
27 return res;

Algorithm 8: pattern_??O(obj)
1 res← ∅;
2 P ← neigh(MapO’, obj);
3 for i← 1 to |P| do
4 S ← pattern_?PO(P[i], obj);
5 for j ← 1 to |S| do
6 res← res ∪ (S[j],P[i]);
7 end
8 end

typed by obj from iTypes (line 18). For each family,
we obtain its corresponding subjects, which are added
to the final result set.

(??O) This TP retrieves all the (subject,predicate)
pairs described with the given obj value. The reso-
lution is illustrated in Algorithm 8. It uses MapO’ to
retrieve all predicates P[i] related to obj. Then the
pattern_?PO is invoked for each one, and the re-
turned subjects, and the corresponding P[i], are added
to the result set.

4. Evaluation

This section presents a comprehensive evaluation
that compares iHDT++ to its predecessors, HDT-FoQ
[15] and its Community variant. Our goal is to show
that iHDT++ can replace the existing HDT-based de-
ployments by a more lightweight approach, without
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losing the current HDT performance. We also compare
iHDT++ to k2-triples [1] and RDFCSA [4], to show
that it competes with the state-of-the-art RDF self-
indexes, keeping the standardized features of HDT.

4.1. Experimental Setup

The iHDT++ prototype4 is coded in C++ 11 and
uses the SDSL library5 to implement all compact data
structures. HDT-FoQ and HDT Community prototypes
are publicly available6 and the C-based k2-triples and
RDFCSA have been kindly provided by their authors.
All experiments in this study were run on an Intel
Xeon CPU E5-2470 0 @ 2.30GHz, 8 cores/16 siblings,
64GB RAM, Debian GNU/Linux 9.8 (stretch).

Datasets. Table 1 shows the main features of 4 real-
world datasets used in this evaluation: DBLP (scien-
tific publications), DBTUNE (music data), USCEN-
SUS (census data from U.S.) and LINKEDGEODATA

(geographic data from OpenStreetMap). The selected
datasets differ in size, topic and level of structure.

We only show figures for representative USCEN-
SUS and LINKEDGEODATA due to lack of space,
but all conclusions drawn from them apply to the
other datasets. On the one hand, USCENSUS pro-
vides highly-structured contents, as shown by its low
number of predicate families, 106, which is even less
than the number of different predicates, 429. Note that
USCENSUS does not use the rdf:type predicate.
On the other hand, LINKEDGEODATA is an unstruc-
tured dataset that uses a high number of predicates,
18, 272, including rdf:type. In this case, 1, 081 dif-
ferent classes are related to rdf:type, which are used
to type 440, 035 families. In addition, LINKEDGEO-
DATA has almost 2,000 non-typed families.

Experiments. Our experiments evaluate the space
complexity and query performance of all SPARQL
TPs over the aforementioned datasets. In all cases, we
have randomly chosen 1,000 different query patterns7

that return, at least, one result. The performance time
is averaged over five independent runs. In turn, we re-
port compression ratios for each dataset and technique:
we calculate these numbers as the amount of memory
used by each technique with respect to the original size
of the dataset (expressed in terms of triple-IDs).

4https://github.com/antonioillera/iHDTpp-src
5https://github.com/simongog/sdsl-lite
6https://github.com/rdfhdt/hdt-cpp
7(?P?) is limited by the number of predicates in the dataset.

Figures 7 and 8 show the corresponding space-time
tradeoffs for each dataset and TP. Each graph reports
query times, in µs/pattern, in Y-axis (logarithmic
scale) and compression ratios in X-axis. Note that mul-
tiple space-time tradeoffs are reported for iHDT++,
k2-triples, and RDFCSA, as follows. In our case, MapS
and MapO are configured with different sampling val-
ues tdens = 2i, 1 ≤ i ≤ 7, (better performance is re-
ported for low tdens values, at the cost of less com-
pressed representations). K2-triples has a plane con-
figuration that can be enhanced with two additional
indexes to speed up some TPs. Finally, RDFCSA is
tuned with ψ sampling values tψ = {16, 32, 64, 256}.

4.2. Analysis of the Results

This section analyzes the space-time tradeoffs in
Figures 7-8, comparing iHDT++ with the HDT-based
predecessors and the most efficient RDF self-indexes.

Compression. iHDT++ outperforms HDT-based so-
lutions. Its memory footprint is between≈ 50% and≈
60% of the original size of USCENSUS and 52%−70%
of LINKEDGEODATA, while HDT-FoQ uses 81% and
91%, respectively, and HDT Community more than
100% in both cases. These numbers endorse the RDF-
TR transformation [12], underlying to iHDT++, but
also the lower cost of its additional structures com-
pared to HDT-FoQ and HDT Community ones.

In turn, RDFCSA and iHDT++ report roughly the
same numbers for both datasets, but the comparison
with k2-triples demonstrates that more optimized self-
indexes are clearly superior in space. The plain config-
uration of k2-triples has a memory footprint of 20% of
the original space for both datasets, while enhancing it
with additional indexes just increases to 25% for US-
CENSUS and 30% for LINKEDGEODATA. It is an ex-
pected result as k2-triples is highly-optimized for com-
pression.

Query Performance. The first line of Figures 7 and
8 shows plots for TPs using predicate-based access
in iHDT++, i.e. (???), (SPO), (SP?), and (?P?).
iHDT++ is always faster than HDT-FoQ and HDT
Community. The difference is particularly significant
in (???) and (?P?), in which iHDT++ outperforms
its predecessors by an order of magnitude in USCEN-
SUS. The difference decreases in (???) for LINKED-
GEODATA, but for (?P?) iHDT++is almost two or-
ders of magnitude faster than HDT-FoQ. For (SPO)
and (SP?), iHDT++ is also faster, although the differ-
ence is less than 1µs per pattern in each case. The com-
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Table 1
Dataset features.

Dataset Triples Subjects Predicates Objects Types Families Typed families Triples Size (MB)
DBLP 55,586,971 3,591,091 27 25,154,979 14 283 283 636.14
DBTUNE 58,920,361 12,401,228 394 14,264,221 64 1,047 866 647.29
USCENSUS 149,182,415 23,904,658 429 23,996,813 0 106 0 1,707.19
LINKEDGEODATA 271,180,352 51,916,995 18,272 121,749,861 1,081 441,922 440,035 3,103.41
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Fig. 7. TPs Resolution: USCENSUS
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Fig. 8. TPs Resolution: LINKEDGEODATA

parison to self-indexes also shows that iHDT++ is the
fastest choice. RDFCSA performs in the same order of
magnitude than iHDT++, but it is always slower. Re-
garding k2-triples, it only competes in (SPO), being
one order of magnitude slower for the remaining TPs.

The left-most plots in the second line show the
tradeoffs for (S??), the only TP that is resolved by
subject. HDT-FoQ and HDT Community report the
best time as both leverage their subject-based organi-
zations, but the difference with iHDT++ is not signif-
icant. It needs ≈ 2 − 3 more µs per pattern, reporting

similar numbers than RDFCSA.K2-triples performs 2
orders of magnitude slower than the rest.

Finally, we analyze the TPs in which iHDT++ ac-
cesses by object: (S?O), (?PO) and (??O). These
are the less-favoured queries in iHDT++, but their
performance remain competitive. HDT variants are
slightly faster in USCENSUS, but the difference de-
creases in LINKEDGEODATA, where iHDT++ is the
fastest choice in (S?O). On the other hand, iHDT++
outperforms RDFCSA with roughly the same memory
footprint, while k2-triples only competes in (S?O), be-
ing 2 orders of magnitude slower for other TPs.
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5. Conclusion

Scalable HDT-based technologies have emerged
as the de-facto standard to manage large RDF com-
pressed data in the Web of Data. These systems ex-
ploit the compact data structures of HDT to resolve
SPARQL TPs with an affordable memory footprint.
Despite their success, all these systems are limited
by the simplicity of the HDT encoding, which causes
space overheads and lack of scalability for some
predicate-based TPs. In this paper, we enhance the
existing HDT++ compressor (a variant that leverages
structural redundancies) with additional compact in-
dexes to support full SPARQL TP resolution. Our ex-
periments show that iHDT++ halves the memory foot-
print of HDT Community, the most extended variant
of HDT, while it improves the resolution of the less ef-
ficient predicate-based TP by one order of magnitude.
In addition, iHDT++ speeds up the majority of TPs.
Our experiments also report better space/time trade-
offs than the most competitive RDF self-indexes in the
state of the art, k2-triples and RDFCSA.

These results show that iHDT++ can replace cur-
rent HDT-backends, improving the performance of the
tools relying on HDT-based technology for publication
and consumption. Our current efforts focus on provid-
ing the integration toolset for this purpose.
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