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ABSTRACT o HIN v HIN schema
name: J. Doe name: uvuli

Heterogeneous information networks (HINs) represent different types g name: L. Salander Lo name: H. Jekyl\ name yeer
of entities and relationships between them. Exploring and mining /
HIN s relies on metapath queries that identify pairs of entities con- / id: P, AP/PA @P

. . . . . . . aper)
nected by relationships of diverse semantics. While the real-time B 2020 BP0 ;l P o k
evaluation of metapath query workloads on large, web-scale HINs AN ‘“
is highly demanding in computational cost, current approaches o5 I E @
do not exploit interrelationships among the queries. In this paper, name: JCDL 4 romevioe
we present ATRAPOS, a new approach for the real-time evalua- name: Digital Libraries (DL) name: Data Management OM) | oo

tion of metapath query workloads that leverages a combination
of efficient sparse matrix multiplication and intermediate result
caching. ATRAPOs selects intermediate results to cache and reuse
by detecting frequent sub-metapaths among workload queries in
real time, using a tailor-made data structure, the Overlap Tree, and
an associated caching policy. Our experimental study on real data
shows that ATRAPOs accelerates exploratory data analysis and min-
ing on HINs, outperforming off-the-shelf caching approaches and
state-of-the-art research prototypes in all examined scenarios.
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1 INTRODUCTION

A heterogeneous information network (HIN) is a Knowledge Graph
where each node and edge is assigned one type [22]. HINs offer
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name: Machine Learning (ML)

Figure 1: An example HIN and its schema.

an intuitive and generic model to encapsulate complex semantic
information via different types of nodes and edges [52], which
both have internal structure including a set of properties. HINs are
increasingly supported by modern data systems [68] or research
prototypes [10, 11] and investigated in research [13, 16, 17, 23, 32,
46, 58-60, 67, 69, 71]. Figure 1 illustrates an example HIN with its
schema (that can be explicitly or implicitly defined). It consists of
nodes representing papers (P), authors (A), venues (V), and topics
(T) and (bidirectional) edges of three types: authors — papers (AP /
PA), papers - topics (PT / TP), and papers — venues (PV / VP).

Indirect relationships between entities are implicitly encoded by
paths in the HIN. All paths that correspond to the same sequence of
node and edge types (i.e., the same ‘metapath’ [60]) encode latent
relationships of the same interpretation between the starting and
ending nodes. In the above example, the metapath (APTPA) relates
authors that have published papers on the same topic (e.g., both ‘7J.
Doe’ and ‘H. Jekyll’ have papers about ‘DL’). Notice that each
metapath corresponds to a path on the schema of the HIN.

Metapaths are instrumental for HIN analysis: the metapath-based
connectivity can be used to define node similarity measures [49,
50, 60, 70] or to rank nodes based on their centrality in a metapath-
defined network [30, 33, 37, 51]. In our example, using (TPT) to
perform a similarity join could reveal that topics ‘ML’ and ‘DL’
are very related since they are involved in two common papers. To
further elaborate the analysis, it is often useful to apply property-
based constraints to metapaths (e.g., to consider only metapath
instances involving papers published later than ‘2020”).

The first step in any metapath-based analysis is to generate a
transformed network that contains edges between all pairs of nodes
connected with one or more paths of a specified type. This is com-
putationally expensive. While various methods aim to speed up the
computation of a single metapath query, which typically involves
a series of matrix multiplications [51], the problem becomes even
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more severe in scenarios calling for the real-time evaluation of mul-
tiple metapath queries. In metapath-based feature selection [36, 47],
different metapaths reveal different associations among entities,
informing tasks like recommendation and link prediction [7, 12, 48].
Such a task requires a large number of metapath queries (i.e., a query
workload), leading to a significant bottleneck in the data analysis
process. Yet, in such a multi-query evaluation scenario, significant
overlaps typically occur among metapath queries [18, 26, 42, 44, 45];
such overlaps are translated into repetitive matrix multiplications.
We may avoid a large portion of these heavy computations using
query materialisation; yet, no existing approach does so.

In this paper, we introduce ATRrAPOs,! a metapath query evalua-
tion approach that detects, in real time, frequent metapath overlaps
within a sequence of queries. To do so, it uses: (i) sparse matrix rep-
resentations, which leverage the fact that matrices involved in meta-
path computations are largely sparse, especially for constrained
metapaths; and (ii) a tailored data structure with a customised
caching policy to materialise reoccurring intermediate results. Our
experimental evaluation demonstrates that ATRAPOs outperforms
traditional, single-query approaches in the evaluation of metapath
query workloads, while it is considerably faster than baseline ap-
proaches. To the best of our knowledge, this work is the first to
study the problem of optimising the real-time evaluation of metap-
ath query workloads. Our contributions are summarised as follows:

e We show how metapath computations can be accelerated
using matrix multiplication algorithms tailored for sparse
matrices along with an appropriate cost model.

e We introduce a new data structure, the Overlap Tree, that re-
veals overlaps among metapaths and a cache insertion policy
using this structure to cache and reuse intermediate results
in real-time while running a metapath query workload.

e We propose a tailored, effective cache replacement policy
that exploits cache item interdependence.

e We conduct a thorough evaluation on real data showcasing
the efficiency of our approach.

2 PRELIMINARIES & PROBLEM DEFINITION

A heterogeneous information network (HIN) [52, 60], is a directed
multigraph that contains multiple types of nodes and edges:

DErFINITION 1 (HIN). A HIN is a tuple H = (V,E,O,R,§,¥),
where V and E are the nodes and edges of a directed multigraph,
respectively; O and R (|O| > 1, |R| > 1) are the sets of distinct node
and edge types, respectively, while¢p : V' — O and{ : E — R are the
mapping functions that determine the type of each nodev € V and
each edge e € E, respectively.

It is often useful to consider that each node type comes with a
set of properties, which capture useful information for the nodes of
that type.? Given a node v € V, we use the notation v.prop to refer
to the value of the property prop on v. All distinct node and edge
types, along with the respective properties, can be easily derived
by the HIN data and we often refer to them as the HIN’s schema.
Finally, it is often convenient to represent the edges of each type

!From Greek &tpamoc, ‘path’, what is frequently trodden.
21t may be useful to assign properties to edges, as well, however for notation simplicity
in this work we do not consider edge properties.
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Figure 2: Evaluation of the m = ((APT), {P.year > 2020}) query
on the HIN of Figure 1.

r = 00, where 0,6 € O and r € R as the adjacency matrix A, i.e.,
a |0| x |6| matrix for which A, [i, j] = 1 if the i*" node of type o
connects to the jth node of type 6, and A, [i, j] = 0 otherwise.

A metapath is a sequence of node types connected by appropriate
edge types, hence corresponds to a path on a HIN schema. Given a
metapath m, every path in the HIN that complies to the sequence
of node and edge types specified by m is an instance of m. Formally:

DEFINITION 2 (METAPATH & METAPATH INSTANCE). Given a HIN
H =(V,E,O,R, ¢, ), ametapath m on H is a sequence m = {01 I,
0y... In, on), whereo; € O, rj € RVi, j, and n is the metapath

length. An instance of m is any path (v N vy... RSN op) for
whichv; € V, ej € E, ¢(v;) = 0, and y(ej) = r;j Vi, j.

By a common simplification [51, 60], we denote a metapath as
m = (0102 . ..0p), without edge types, when there is only a single
edge type between any pair of node types. It should be highlighted
that this convention is followed here solely for the sake of sim-
plicity; all approaches can easily accommodate edges of different
types among the same pairs of nodes (e.g., since they employ sep-
arate adjacency matrices for distinct edge types). Figure 1 shows
an example HIN comprising 14 nodes of 4 types (A, P, V and T)
and 3 edge types (AP/PA, PV /VP, and PT/TP). A simplified meta-
path of length 3 is m = (APV), and an instance of m is the path
(‘Y. Vuouli’ ‘P3’ ‘'VLDB’).

We also consider metapaths enhanced with constraints on node
type properties, which restrict the nodes that may participate in
a metapath instance. We refer to such metapaths as constrained
metapaths. The set of instances of a constrained metapath is a subset
of those of the corresponding unconstrained metapath. Formally:

DEFINITION 3 (CONSTRAINED METAPATH). A constrained metap-
ath is a pair m’ = (m, C) where m = (0102 ...0p) is a metapath and
C ={cy,...,cn} is a set of constraints on the nodes in m.

Recall the metapath (APTPA) of the HIN in Figure 1, which
connects two authors that have published a paper on the same
topic. A data scientist working with this HIN may need to examine
only recent papers, e.g., papers published after 2000, may use the
constrained metapath m’ = ((APTPA), {P.year > 2000}).

We now define the metapath query evaluation (MQE) problem.

ProBLEM 1 (MQE). Given a HIN‘H = (V,E,O,R, ¢,y) and a
(constrained) metapathm = ({0102 . . .0p), C), MQE retrieves all node
pairs (v, vq), such thatv, € 01, vg € op, and v, is connected to vy
based on at least one instance of m. We refer to each such pair, along
with the respective number of instances, as an MQE result for m.

A conventional approach to evaluate a metapath query m is to cal-
culate the matrix product Apm = Ao, 0,40,05--Ao,,_10,> Where Ag,o;
is the adjacency matrix for the relation r = 0;0;. Each non-zero
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element in A, is a response to the corresponding metapath query.
Given a constraint ¢; € C on object o; in relation r = o005, we
apply c¢; in the matrix product via the constrained adjacency ma-
trix Ag’;_of = M, - Ao, 0;, Where Mc, is a |oj| X |o;| diagonal ma-
trix that has element 1 in the diagonal only for nodes o; satisfy-
ing c;. Figure 2 shows an example for the metapath query m =
((APT), {P.year > 2020}). Based on the MQE problem, we define
the metapath query workload evaluation (MQWE) problem:

PrROBLEM 2 (MQWE). Given a HINH = (V,E,O,R,¢,) and a
metapath query workload W = {my, ..., mgq}, MOWE is the task of
efficiently computing all MQEs for the metapaths in W.

We focus on MQWE and elaborate our approach in the following.

3 THE ATRAPOS APPROACH

ATRAPOS, our approach for efficiently evaluating metapath query
workloads, (a) translates metapath query evaluation into a sequence
of multiplications between the adjacency matrices of the edge types
contributing to the respective metapaths, and (b) applies dynamic
programming to identify an efficient order of multiplications (Sec-
tion 3.1). ATRAPOS takes into account the inherent sparsity of the
adjacency matrices to exploit fast sparse matrix multiplication algo-
rithms, and identifies improved execution plans for each metapath
using matrix multiplication cost models tailored for sparse matrices
(Section 3.2). Lastly, ATRAPOs identifies sub-metapaths that reoccur
due to metapath overlaps in a workload and caches the correspond-
ing matrix multiplication results to avoid repeating them. To do so,
it uses a specialised data structure, the Overlap Tree, which keeps
track of metapath overlaps, occurrence frequencies, and cache en-
tries (Section 3.3); ATRAPOS’s cache management policy exploits
the Overlap Tree to optimise cache replacements (Section 3.4).

3.1 Efficient Multiplication Plan Selection

Given a metapath query, ATRAPOs generates a set of alternative
execution plans, each comprising a different sequence of multipli-
cations between the adjacency matrices of the edge types involved,
as in [51]. Due to associativity, there are many such orderings that
produce the same result, and their computational costs may differ.
For example, consider the query m = {(APT), P.year > 2020} in
Figure 2. The result Am = Aap - Mp.year>2020 - Apr can be calcu-
lated as (Aap - Mp_year>2020) - ApT or Aap - (Mp_year>2020 - APT)-
Since Aap, Mp_year>2020, and Apr are of size [4 x 5], [5 x 5], and
[5 % 3], respectively, and a standard multiplication of two matrices
of size m X n and n X [ requires m - n - [ operations, the first option
yields 160 operations, while the second 135, which is preferable.
By this standard implementation of matrix multiplication, the
cost CAi...j of the optimal plan for a multiplication series A; j =
Aj-...-Aj,1<i< jvia dynamic programming (DP) [15], is:

Ca; ; = min {CAi...k + CAk+1...j + CAi...k'Ak+1...j} (1)

bl i<k<j

where C is a p X p matrix of optimal costs and ¢, ,.A,, ; the cost

of multiplying the results of sub-series A; x and A, _;, estimated
by matrix dimensions in the case of standard matrix multiplication.
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3.2 Sparse Matrix Representation

The technique of Section 3.1 has been used to identify the opti-
mal matrix multiplication plan for single metapath query evalua-
tion [51]. However, most adjacency matrices in HINs are sparse (i.e.,
have few non-zero elements). Using a general-purpose matrix mul-
tiplication method on sparse matrices is inefficient. This sparsity is
amplified if there are constraints in the metapath queries, which
are represented by extra diagonal matrices with a small number of
non-zero elements in the diagonal, whose multiplication with other
matrices yields an even sparser result. Unfortunately, previous work
opted for dense matrix representations [51].

By contrast, we use sparse matrix structures to represent ad-
jacency matrices and multiply such matrices taking advantage of
these structures. Still, the cost to multiply sparse matrices cannot
be adequately estimated from their dimensions, as it also depends
on the number of non-zero elements in input and result matri-
ces, implementation details, and memory accesses. An approxima-
tion model [27] estimates the cost of multiplying sparse matrices
X [mxn]andY [nXx []toyield Z=X-Y as:

ex.y~a-(m-n-px)+f-(m-n-px-1-py)+y-(m-1-pz) (2)
- .
nonZero(X) Nop nonZero(Z)

where px and py are the densities of X and Y, nonZero(X) the
number of non-zero elements in X, Nop the estimated number of

operations, p the estimated density of Z, and nonZero(Z) the
estimated number of non-zero elements in Z. Coefficients a, f, y
are determined by multilinear regression using least squares fit.
Assuming that the non-zero elements in X and Y are uniformly
distributed, we compute pz = 1 — (1 — px - py)" as indicated by
the average-case density estimator Eg4¢ [27, 56]. There exist more
accurate estimation algorithms [14, 27, 56, 73], taking into consid-
eration the pattern of non-zero elements in X and Y, yet they incur
a higher computational cost. Appendix A reports experimental evi-
dence that the computational savings of more accurate estimation
does not pay off for the extra computational cost in our scenario.
In a nutshell, our sparsity-aware method produces a multipli-
cation plan for a metapath query by the dynamic programming
approach of Equation 1, while estimating sparse-matrix multiplica-
tion costs by Equation 2. We use an additional p X p matrix D to
hold the densities pz of intermediate results needed to compute
this cost in each step. Besides, since ATRAPOS caches intermediate
matrix multiplication results (Section 3.4), we substitute these esti-
mates with the (negligible) cost of retrieving a result matrix from
the cache, or the cost of recomputing a result matrix if that had been
previously cached and then evicted from the cache (Section 3.3).

3.3 The Overlap Tree

The hitherto discussed techniques focus on a single metapath query.
We further enhance the evaluation of a metapath query workload by
avoiding redundant computations that arise due to query overlaps.
To do so, we introduce the Overlap Tree, a dynamic data structure
that organizes information about frequent metapath overlaps in the
workload and their dependencies. We use this data structure, along
with a cache memory that stores matrix multiplication results for
the indexed overlaps, to further reduce the workload evaluation
time. We provide details on cache management in Section 3.4.
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Figure 3: Example workload and Overlap Tree.
3.3.1 The structure. The Overlap Tree is a dynamic data structure
that keeps track of overlaps and dependencies between the already
evaluated and new queries during the evaluation of a metapath
query workload. It is progressively constructed by parsing query
metapaths, accompanied by a cache memory that stores matrix mul-
tiplication results. At any time, it encodes the overlaps of hitherto
evaluated queries, their constraints, their occurrence frequencies,
and pointers to any corresponding cache entries. We first describe
the structure of the Overlap Tree ignoring query constraints; we
explain how the tree considers constraints in Appendix C.
Each internal node of the tree represents an observed metapath
overlap and contains the following information:

o Frequency (f): The number of occurrences of the respective
overlap in the query workload until the given time point.

e Cache entry pointer (p): A pointer to the cache entry con-
taining the result of the multiplication represented by the
overlap. If this result is not in the cache, the pointer is null.

o Multiplication cost (c): The time required to perform the
matrix multiplication that corresponds to the overlap.

o Matrix density (p): The density of the multiplication result
matrix for that overlap.

In addition, the Overlap Tree contains one leaf node for each
suffix of the metapaths of already evaluated queries (considering the
metapath as a string); the internal structure of each leaf is identical
to that of internal nodes. Each edge of the tree is labelled with a
non-empty string, such that the concatenation of edge labels on a
tree traversal from the root to a node gives the string that encodes
the respective metapath overlap (or suffix in the case of leaves).

The Overlap Tree is inspired from the generalised suffix tree [6,
64], which captures the substrings of a given collection of strings; it
adds pointers to cached items and information on overlap frequency,
query constraints, and matrix multiplication costs. We emphasize
that, as its name suggests, the Overlap tree produces a cache entry,
and, for that matter, a node, only if an overlap is detected.

Figure 3 depicts an Overlap Tree for a workload of three metapath
queries (qo, q1, and g2), defined on the News Articles HIN (used
in Section 4). The highlighted node represents the overlap sub-
metapath ICPA, occurring in all three queries, points to a cache
entry for the multiplication result A;c - (Acp - Apa), and stores the
density p of this cached result and the cost c to calculate it.

3.3.2 Update. We construct an Overlap Tree from a metapath
query workload W = {m1, my, ..., mq} by sequentially inserting into
the tree all metapath queries m; € W.For each m; oflength [; = |mj|,
we insert the entire m; and all its suffixes s; = m;[k : ;] with
0 < k < [;. Starting from the root, we find the longest path that

2490

Chatzopoulos, Vergoulis, et al.

matches a prefix of s;; the match ends either at an existing node
or in the middle of an edge. In both cases, we let an internal node
represent the detected overlap after the last matching character at
position c, corresponding to sub-metapath m;[k : c]; if the match
ends on a leaf node, that node becomes internal, assigned dummy
leaves if necessary. In case that occurs on an edge, we break that
edge in two edges labelled with m;[k : c] and m;[c+ 1 : [;], and
create a new internal node. Lastly, we create a new leaf node that
corresponds to s; and is connected to the last traversed internal
node with a new edge. In this procedure, node frequencies are
updated so as to reflect sub-metapath occurrences.

After this traversal, the cache pointers of the involved nodes
may be updated. In particular, for the node representing the whole
query m;, the update algorithm will attempt to cache the respective
multiplication result, if the node’s cache item pointer is currently
null; cache insertion depends on the cache replacement policy (Sec-
tion 3.4.2). Similarly, a cache insertion will be attempted for any
traversed internal node in case the respective intermediate matrix
multiplication result is calculated according to the selected multi-
plication plan (see Sections 3.1 & 3.2). Yet even if the corresponding
intermediate result is produced, it is not guaranteed to be cached,
as that depends on the cache insertion policy (Section 3.4.1).

This process is described due to its simplicity and it is not the
most efficient approach to build an Overlap Tree. Approaches based
on Ukkonen’s algorithm [66] are significantly faster, yet their de-
scription is beyond the scope of this work. Also note that, the worst
case space complexity of the Overlap Tree is O(A), where A is the
total number of suffixes of all metapaths in the query workload.
Due to lack of space, we elaborate more on this in Appendix B.

3.4 ATRrAPOs-OTree Cache Management

Evaluating a metapath query workload can benefit from caching and
reusing any reappearing intermediate matrix multiplication results.
However, such results are unlikely to all fit in a typical machine’s
main memory. We thus need a cache management policy.

We exploit the Overlap Tree to obtain a two-fold benefit: first,
we use the Overlap Tree to inform a cache insertion policy favoring
the insertion of frequent multiplication results; thereby we avoid
caching matrix multiplications that appear rarely, hence reduce
unnecessary cache evictions (Section 3.4.1); secondly, we use the
Overlap Tree to obtain information on cached items (such as com-
putational cost to produce, size, and dependencies) for a tailored
cache replacement policy (Section 3.4.2). In the following, we elab-
orate on these two uses of the Overlap Tree by ATRAPOS’s cache
management policy, the ATRaPos-OTree policy.

3.4.1 ATrAPOs-OTree Cache Insertion Policy. In any domain of
knowledge, certain informative sub-metapaths are bound to occur
frequently in a query workload. Such metapath repetitions may
lead to redundant matrix multiplications during the evaluation of a
workload. Materialising intermediate multiplication results in cache
can reduce the number of redundant computations, hence improve
performance. However, as there are numerous intermediate results,
we need a cache insertion policy to select which ones to insert.
The Overlap Tree is helpful to that end, as each internal node
thereof encodes a sub-metapath occurring at least twice in the work-
load (Section 3.3.2). Our cache insertion policy attempts to insert a
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Figure 4: Overlap Tree with cache entry dependencies.

cache entry for (i) the whole of m and (ii) the longest part of m that
matches an internal tree node (i.e., has occurred at least twice) and
an intermediate result calculated by the matrix multiplication plan.
Our cache replacement policy (Section 3.4.2) determines whether
this attempt succeeds. Thereby, ATRAPOS reduces cache insertion
attempts, focusing on frequent overlaps, which are likely to reoc-
cur. Moreover, it selects to cache longest qualifying sub-metapath,
which usually has the largest computational cost. For instance, in
Figure 4 although CPA and ICPA are equally frequent and their
intermediate results are available, only the latter is cached.

3.4.2 ATrAPOs-OTree Cache Replacement Policy. A straightforward
way to cache matrix multiplication results is to use a generic policy,
like LRU [3], which discards the least recently used cached item first.
LRU works well when all items have similar (a) cost to fetch and
(b) size. However, neither of these conditions holds for metapath
query workloads, as (i) fetching an item in the cache involves ma-
trix multiplications, whose cost differs among items, and (ii) item
size varies depending on the result matrix density. In effect, one
may adopt a size- and cost-aware cache replacement policy, as in
web server caching [4, 24, 55]. Popularity-aware Greedy Dual-Size
(PGDS) [55] measures the utility of a cache entry e as ue = fe - i—z,
where f, is the frequency of e, c its cost, and s, its size. We may
obtain f, of each cache entry from the corresponding tree counter,
ce as the estimated cost of the corresponding matrix multiplica-
tion, and s, as its size. Let E be all cache entries. Initially, each
entry e; € E has utility value he; = ue,. In case of cache saturation,
we evict the entry with min{h,}, denoted as Hp,j, and reduce
the utility values of all other cache items by Hpjy, . Thus, recently
cached items retain a higher fraction of their initial utility and are
hence less likely to be evicted. To avoid subtracting Hy,i, from
items in the cache, PGDS uses an inflation variable L: it adds Hyyin
to L at each eviction, and increases the utility of any cache hit by L.
We employ an enhanced cache policy that builds on PGDS by
considering cache entry interdependence: the cost c, to re-calculate
and re-fetch an entry e in the cache may be smaller than what
PGDS estimates, because part of the calculation may be obtained by
another cache entry, e, as cache entries follow a hierarchy: given
an internal Overlap Tree node nj, and the set of nodes in its sub-tree,
S(np), the cache entry of each n; € S(np) can exploit that of ny.
Thus, each time we insert a cache entry p in an internal node, we
subtract its cost ¢p from that of cached items in its sub-tree, as these
are cheaper to recompute given p. In reverse, when we evict an
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entry q from the cache, we reinstate its cost c4 to that of items in
its sub-tree. Algorithm 1 in Appendix D outlines this approach.
Figure 4 shows the Overlap Tree of Figure 3 after inserting
a new metapath, ICPALA. Assuming that the pointer p in the
highlighted node for ICPAL was previously null, we insert a new
cache item, containing the respective multiplication result, and
update p to point to it. Still, since the traversal passed through the
node for ICPA, we can use its cached result to calculate the result
for ICPAL. In case the cached item for ICPA is evicted, we reinstate
its cost to that of cached items in its sub-tree, i.e., to ICPAL, to
reflect the cost of its calculation without using the entry for ICPA.

4 EXPERIMENTAL EVALUATION
4.1 Setup

4.1.1 Datasets. For our experiments, we use two datasets: the
Scholarly HIN and the News articles HIN. The former is based on
AMiner’s DBLP Citation Dataset [65], enriched with topics using
the CSO classifier [43] on paper abstracts, and projects funded by
the EU under the H2020 programme, taken from Cordis.? Figure 11a
in Appendix E shows its schema. The latter is based on news arti-
cles published on April 2016 and their associated entities from the
GDELT Project [31], enriched with information for people involved
in the Panama Papers scandal and their related companies as well
as intermediaries from the Offshore Leaks database.? Its schema is
shown in Figure 11b in Appendix E.

To assess scalability, we consider two additional splits of different
sizes for the aforementioned HINs, containing 60% and 80% of their
core entities, i.e. papers and articles, while preserving connected
nodes and edges. Tables 2 and 3 in Appendix E show detailed statis-
tics on the experimental HINs; these are two orders of magnitude
larger than those considered in previous studies (e.g. [51]).

4.1.2  Query Workloads. Due to the lack of available real-world
workloads, we create synthetic query workloads simulating the
query patterns of multiple data scientists posing queries, each ex-
ploring different aspects of a certain entity via consecutive metap-
ath queries related to it. The entity of interest is determined by an
equality constraint. We refer to such a set of constrained metapath
queries as a query session. We generate such queries by randomly
choosing a metapath and a constraint applied on it. In each step, we
either (a) randomly pick a new constraint and start a new session,
with session restart probability p, or (b) continue using the same
constraint and pick a different metapath, with probability 1 — p.
Indicatively, p = 0.1 results in sessions each containing on aver-
age 10 metapath queries. Eventually, we shuffle all queries in a
workload to simulate a real-world environment. For all random
selections we used a uniform or a zipfian probability distribution.
Each query workload contains 500 metapath queries with length
ranging from 3 to 5. We repeat each experiment with 10 different
query workloads,” and report the average evaluation time.

4.1.3 Methods. We juxtapose the following methods:
e HRank: the approach of [51] in its original configuration.

Shttps://data.europa.eu/euodp/en/data/dataset/cordisH2020projects
“https://offshoreleaks.icij.org/pages/database
Shttps://github.com/atrapos-hin/artifacts/tree/main/workloads


https://data.europa.eu/euodp/en/data/dataset/cordisH2020projects
https://offshoreleaks.icij.org/pages/database
https://github.com/atrapos-hin/artifacts/tree/main/workloads
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Table 1: Experimental parameters.

Parameter Range of values

Cache size (MB)
Dataset size (core entity nodes)
Session restart probability
Workload query distribution

1024, 2048, 4096, 8128, 16256
60%, 80%, 100%
0.04,0.06,0.08,0.1,0.12
Uniform, Zipfian

o Neo4j [68]: a well-established graph database. Each metap-
ath query is expressed with Cypher,® using the parameters’
syntax,” enabling effective caching of execution plans.

e HRank Sparse (HRank-S): a version of HRank adjusted to
exploit sparse matrix representations and the cost estimation
for sparse matrix multiplications of Section 3.2.

o Cache-based Baseline-1 (CBS1): an adaptation of HRank-S
using an LRU cache to store final metapath query results.

e Cache-based Baseline-2 (CBS2): an extension of CBSI that
caches all intermediate matrix multiplication results.

e ATRAPOS: our approach, described in Section 3.

HRank and Neo4j are state-of-the-art approaches for single meta-
path query evaluation which we apply on query workloads. Neo4j
has its own internal caching mechanism. As discussed in Section 4.2,
these approaches perform poorly even for small datasets and do
not scale to large HINs. Therefore, we also use the three baselines
(HRank-S, CBS1, and CBS2), which take advantage of sparse matrix
representations and simple caching mechanisms. Note that, all items
evicted from the cache could, in theory, be stored on disk, acting
like a second level cache; however, this applies to all cache-based
methods and, hence, does not impact their relative comparison.

4.14  Evaluation Sefting. We implemented® all methods in C++,
using the Eigen Library [21] for matrix multiplications; we opted
for the compressed sparse column layout (CSC), which stores non-
zero values and their positions in a column-major order. Source
code was compiled with the GNU Compiler (G++ v9.3.0) using
03 level optimisations and the NDEBUG preprocessor directive.
All cache-based implementations are set to never store items that
exceed a size threshold equal to 80% of the available cache size. This
rule safeguards against evicting many useful results to store just a
single large one (indicatively, this rule applied in less than 0.1% of
the queries in both datasets considering the default setup).

All experiments ran on an AMD 3960X CPU machine @ 3.50GHz
with 256GB RAM on Ubuntu 20.04 LTS. All approaches were able
to utilise all available resources. Specifically, since Neo4j (4.2.5 CE)
stores data on disk, it was configured to allocate 31GB of JVM heap
size and 205GB of page size,” allowing it to load most of the data
into main memory. The remaining memory can be allocated to
Neo4j from the OS, hence all 256GB of memory could be utilised
in total (alternative configurations had no significant impact on
performance). In addition, ATRAPOs and its competitors load data
from CSV files into the main memory; this ingestion time is not
included in the reported query execution time. Table 1 lists the
parameters we vary in our experiments, with default values in bold.

®Neo4j’s native query language: https://neo4j.com/developer/cypher-query-language/
"https://neodj.com/docs/cypher-manual/current/syntax/parameters/

8Code available at https://github.com/atrapos-hin/artifacts

9As indicated by Neo4j’s memory recommendations.
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Figure 5: Evaluation against single-query methods.

4.2 Evaluation against single-query methods

First, we assess ATRAPOs against the dense-matrix HRank and
Neo4j, using subsets of the Scholarly HIN (37k nodes, 120k edges)
and the News articles HIN (37k nodes, 210k edges), as HRank and
Neo4j cannot handle the full datasets due to memory require-
ments. 10 Figure 5a presents our results on execution time per
query in logarithmic scale. ATRAPOS surpasses contestants on both
datasets. Neo4;j is over one order of magnitude slower than ATRAPOS,
while HRank is over two orders of magnitude slower than Neo4;.

Then, we examine ATRAPOs against HRank-S (HRank’s variant
with sparse matrices), using full size HINs. Both approaches use
the same sparse matrix representations and multiplication cost
estimation (Section 3.2). However, ATRAPOs leverages metapath
query overlaps using a 4GB cache. Figure 5b shows the execution
time per query. ATRAPOS outperforms HRank-S achieving a speedup
of 27% in the Scholarly HIN and 23% in the News articles HIN.

4.3 Evaluation against baseline caching

While no existing approach exploits a caching mechanism to ac-
celerate the evaluation of a metapath query workload, evaluating
ATRAPOS solely against non-caching approaches cannot be fair.
Thus, we introduce CBS1 and CBS2, two HRank-S variants that
employ basic caching mechanisms (Section 4.1) and assess ATRAPOS
against them. We also include HRank-S for reference.

4.3.1 Varying cache size. Figures 6a-b present the average exe-
cution time per query vs. cache size. As HRank-S is oblivious
to caching, its execution time is independent of cache size. All
cache-based approaches outperform HRank-S, while their advan-
tage grows with cache size. CBS1 is faster than HRank-S by virtue
of exploiting repetitive metapath queries; as it caches only query
results, it is slower than CBS2 and ATRAPOs. ATRAPOS outperforms
other contestants in both datasets, as it leverages the Overlap Tree
to identify frequent metapath overlaps and select matrix multipli-
cation results for caching. Its cache management policy refrains
from inserting all intermediate results into the cache, therefore its
advantage over CBS2 is accentuated in small cache sizes (2 — 4 GB).

4.3.2 Varying dataset size. Figures 6c-d illustrate the average ex-
ecution time per query vs. network size. The x axis contains the
number of edges (in millions) for each dataset split (Section 4.1.1).
All methods scale linearly with the number of edges. All three cache-
based approaches outperform HRank-S, with the difference being

1Neo4j is a fully fledged system (e.g, supporting ACID transactions) so additional
overheads both in terms of query execution times and memory usage are expected.
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Figure 7: Evaluation against baseline caching approaches varying session restart probability and Zipf distribution of queries.

more prominent in the Scholarly HIN. ATrAPOS clearly outperforms
CBS1 and CBS2 in all dataset sizes.

4.3.3 Varying session restart probability p. Figures 7a-b show the
improvement in execution time over HRank-S for CBS1, CBS2 and
ATRAPOS as the session restart probability p falls. As p grows, the
performance of all cache-based methods degrades, as there are fewer
queries per session on average, hence fewer overlaps to exploit.
Overall, ATRAPOS outperforms its competitors. Among the rival
methods, CBS2 surpasses CBS1, as it exploits intermediate results.

4.3.4 Zipfian query workloads. Figures 7c-d show execution times
per query as we vary the distribution from which we select metap-
aths and constraints. Apart from the uniform distribution, used in
other experiments, we consider Zipfian distributions varying the
scaling parameter . HRank-S achieves comparable execution times
in all settings as it does not take advantage of repetitions, while
cache-based approaches improve as a grows. As « rises, the proba-
bility of queries being repeated also increases, while smaller values
indicate a heavier tail in the probability distribution. ATRAPOS
outperforms competitors in all scenarios: it outperforms CBS1 by
exploiting query overlaps on top of the result that CBS1 caches. The
difference is more notable with & = 1.2 and @ = 1.6, yet ATRAPOS
surpasses CBS1 even with @ = 2, whereby a few queries are re-
peated in the workload. CBS2 exhibits significantly larger execution
times with Zipfian distributions, as caching intermediate results
bars it from exploiting all query repetitions. Appendix F shows
times per query against baseline caching as the workload evolves.

4.4 Effect of cache replacement policies

We now benchmark our cache replacement policy, OTREE (Sec-
tion 3.4), against the Least Recently Used (LRU) [3] and Popularity-
aware Greedy Dual-Size (PGDS) [55]. We examine performance
varying cache size (Section 4.4.1), dataset size (Section 4.4.2), session
restart probability p (Section 4.4.3) and distributions for selecting
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queries (Section 4.4.4). All methods utilise the Overlap Tree, hence
they differ solely in the underlying cache replacement policy.

4.4.1 Varying cache size. Figures 8a-b shows our findings with
varying cache size. Standard ATRAPOS outperforms PGDS, the best
performer among the rest on most scenarios; its advantage is more
prominent on Scholarly HIN. Yet, ATRAPOS is marginally faster than
the PGDS policy on News articles HIN; the most notable difference
appears with cache size equal to 4GB; at the same time, both cache
policies incorporating frequency and item size outperform LRU.

4.4.2 Varying dataset size. Figures 8c-d present our results for all
policies as we vary the dataset size. We observe a linear increase in
execution time per query for all approaches as dataset size grows.
LRU performs poorly compared to the other approaches in both
datasets. ATRAPOS is faster than PGDS in most examined settings;
it is marginally faster in the Scholarly HIN, with performance gains
being more apparent when using the full News articles HIN.

4.4.3 Varying session restart probability p. Figures 9a-b present
performance when varying the session restart probability p. The
speedup falls for all methods as p grows, which is reasonable, as
a larger p results in sessions containing fewer queries and thus
fewer overlaps to exploit. ATRAPOs attains larger gains than other
contestants in most examined configurations. More noteworthy
differences appear on the Scholarly HIN, especially for p equal to
0.04, 0.06 and 0.08. In the News articles HIN, ATRAPOS is faster for
small values of p i.e. 0.04 and 0.06, while PGDS achieves comparable
results with ATRaPoOs for larger p. Both of them outperform LRU,
with significant differences in both datasets.

4.4.4 Zipfian query workloads. Figures 9c-d illustrate the perfor-
mance of the examined cache replacement policies using a Zipfian
distribution to generate workloads. all approaches achieve perfor-
mance gains with workloads generated with the Zipfian distribution
compared to the uniform. Moreover, as parameter « of the Zipfian
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Figure 9: Evaluation against cache replacement policies varying session restart probability and Zipf distribution of queries.

distribution grows, gains become more prominent, as larger « indi-
cates a higher probability for query repetitions. PGDS and ATRAPOS
achieve comparable results, with ATrRAPOS being marginally faster
with the uniform distribution and the Zipfian with « equal to 1.6
and 2 on the Scholarly HIN. Still, both approaches outperform LRU
on both datasets. Since all hereby considered approaches utilise the
Overlap Tree, differing only in the cache replacement policy, their
difference in performance is small, as expected. Appendix F reports
results on execution time for individual queries.

5 RELATED WORK

HIN analysis. Several works rank HIN nodes based on their cen-
trality in a metapath-defined network [30, 33, 37]. HRank [51] co-
ranks HIN nodes and relations based on the intuition that important
nodes are connected to other nodes through important relations.
Metapath-based similarity measures among HIN nodes are also
used for similarity search and join [49, 50, 60, 70]. Recent works
incorporate metapath-based connectivity in link prediction and rec-
ommendation [7, 12, 48]. Furthermore, several community detection
algorithms have been proposed for HINs; some approaches detect
clusters that contain nodes of different types [53, 58, 63], while
others generate homogeneous clusters [61, 62, 74]. [17] detects the
community of a given node in a HIN extending traditional metrics
for community cohesiveness to take metapaths into acccount.

Metapath query evaluation. A recent line of work focuses on
metapath query evaluation. Shi et al. [51] apply dynamic program-
ming [15] to reorganize the order of matrix multiplications re-
quired for metapath query evaluation, thereby reducing computa-
tional cost. When small errors can be tolerated, truncation strate-
gies [9, 29] can be applied, zeroing values below a certain threshold.
Another approach follows a Monte Carlo strategy [34] to approxi-
mate the query result via random walkers; the number of which
strikes a balance in the tradeoff between accuracy and computation
cost. Unlike ATRAPOS, these techniques focus on the performance
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of single-query evaluation, incognizant of data exploration work-
loads with naturally emerging overlapping queries. Sun et al. [60]
propose the offline materialisation of short metapaths in a prepro-
cessing stage and concatenate them at query time to make the
online evaluation of a single query more efficient. Lastly, similar
techniques have also been proposed for graph pattern queries in
RDF-triple stores [20, 35, 39].

Cache replacement policies. There is a vast literature on cache
replacement, especially in web server caching [5, 40]. Much of it fol-
lows the Least Recently Used (LRU) policy [3]; LRU-MIN [1] favors
retaining smaller items in cache, while LRU-S [57] incorporates the
size of cached items into a randomised caching mechanism. Size-
adjusted LRU (SLRU)|[2], considers both size and cost. Greedy Dual-
based approaches [8, 72] form another class of cache replacement
policies: Popularity-aware GreedyDual-Size (PGDS) [55] utilises the
frequency, size, and cost of cached items. GreedyDual* (GD*) [24]
adaptively adjusts the significance of recency and frequency infor-
mation over time. Other policies take into account cached item
size and frequency [4, 19, 41, 54]. Yet none of the aforementioned
policies considers the interdependence among cached items that in-
evitably appears in a metapath query workload, as ATRAPOS does.

6 CONCLUSIONS

We introduced ATRrAPOs, a method to evaluate metapath query
workloads in HINs exploiting query overlaps. ATRAPOs accelerates
computations using sparse-matrix multiplication along with an ap-
propriate cost model. Furthermore, it introduces an overlap-aware
cache replacement policy leveraging a tailor-made data structure,
the Overlap Tree, that identifies overlapping query metapaths. Our
thorough experimental evaluation on two large real-world HINs
shows that ATRAPOS outperforms existing approaches in efficiency
across examined scenarios. In the future, we aim to investigate meta-
path query evaluation over compressed network representations
conforming to space [25, 28] and privacy [38] constraints.
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ATRAPOS: Real-time Evaluation of Metapath Query Workloads

A BENEFIT OF COST ESTIMATION

We found experimentally that cost estimation techniques do not
provide significant benefits in our application scenario. Figure 10
illustrates the execution time breakdown of E,. against the MNC
estimator [56], which builds sketches to estimate the sparsity of the
result. This experiment considers 2 000 randomly selected metapath
queries with their length varying from 3 to 5 for the Scholarly and
News article HINs (see Sections 4.1.1 and 4.1.2). Both estimators
achieve very comparable results for the actual matrix multiplica-
tion execution, with E4. requiring a negligible amount of time for
planning compared to MNC. Interestingly, both estimators produce
the same multiplication plans for over 70% of the examined queries.
As we consider constrained metapath queries, very sparse matrices
arise in the multiplication, and the plans produced by E,. are on
par with those of more sophisticated solutions without the added
cost of planning. Since the added cost of more accurate estimators
does not pay off in terms of cost savings for the query types we
examine, we settled for the former best-effort estimation.

Planning ——

10°|

g

Execution time (sec / query)

Eac MNC Eac MNC
Scholarly HIN

Figure 10: MNC vs the average-case density estimator E 4 (log
scale on y-axis).

News Articles HIN

B SPACE COMPLEXITY

Given a metapath query workload W = {m1, ma, .., mg} and the
respective Overlap Tree Tiy. The exact number of leaves in Ty,
is A = |my| + |mz| + ... + [mgl, since each m; € W has exactly |m;|
suffixes. As an internal tree node is created when and only when
a query overlap is detected, each internal node has at least two
children; in the worst case, all internal nodes have exactly two
children, hence Tyy is a full binary tree having 24 — 1 = O(A) nodes.

Based on the internal structure of the Overlap Tree nodes, all
leaves have the same memory footprint: the aggregated size of
integer f, two floating point numbers, ¢ and p, and one pointer p. All
internal nodes, on the other hand, have the same memory footprint
plus the size of the pointers to their children. Since in the worst
case each internal node has two such pointers, the respective worst-
case size can be easily calculated. Finally, the root has a memory
footprint equal to that of two pointers, since none of the four node
variables (f, c, p, p) are included in this node.

It is worth to highlight that for most practical scenarios, like
those examined in our experiments, the size of the Overlap Tree is
negligible compared to the size of the available main memory of
a contemporary server. This means that the structure allows for a
large size of cache to be determined, benefiting the performance of
the workload evaluation process.
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C HANDLING CONSTRAINED QUERIES

In Section 3.3, we have described Overlap Tree operations without
considering query constraints (see Definition 3 for details on con-
strained metapaths). To support constraints, we modify the internal
structure of the tree nodes enriching them with a key-value data
structure, called the constraints index, that holds a given constraint
in the form of a string (e.g., P.year > 2000) as key and the respec-
tive variables (f, p, ¢, and p) as a composite value. The constraint
index of each node can be implemented as a suitable data structure,
such as a hash table index. We adapt the respective operations
accordingly to accommodate this change.

Specifically, upon probing the Overlap Tree for a constrained
pattern, we traverse the tree following the exact same process de-
scribed in Section 3.3.2 until we reach the ending node. Then, we
probe the constraints index of the node to retrieve the respective
entry (or to create it, if there is not one) and we update the corre-
sponding constraints index counters accordingly; if we select to
cache the result, the cache entry pointer should also be updated.

Regarding space complexity, the calculations in Section B remain
valid, yet we should also take into consideration the number of
constraints each node accommodates in the constraint index. In
the worst case, each overlapping metapath query has a different
constraint, hence the number of key-value pairs in a node equals
the node’s frequency f.

D CACHE REPLACEMENT POLICY

Algorithm 1 summarises ATRAPOS’ tailored cache replacement pol-
icy, ATRAPOS-OTree policy, which we elaborated on Section 3.4.2,
that exploits cache item interdependence.

Algorithm 1: ATrRAPOs-OTree cache replacement policy

1 L=0

2 foreach request of cache item p do

3 fp=fp+1

4 if p is in cache then

5 pr=L

6 ‘ hp =fp -cplsp +p1

7 else

8 while not enough space for p in cache do

9 L = min{hg|q € cache}

10 evict q that satisfies hg = L

11 foreach cache entry e in the subtree of q do
12 Ce =Ce *+Cq

13 L he = fe - ce/se + €1
14 insert p in cache
15 pi=L
16 hp =fp-cplsp+p1
17 foreach cache entry e in the subtree of p do
18 Ce =Ce —Cp

19 he = fe - ce/se + e

E DETAILS OF EXPERIMENTAL DATASETS

In our experiments, we used two experimental HINs: Scholarly
HIN and News articles HIN. Figures 11a and 11b show their schema
definitions, respectively. In addition, Table 2 shows some basic
statistics on our experimental datasets, i.e., number of nodes/edges
and average degree. while Table 3 collects the number of nodes
and edges per type for each dataset split considered. Note that, we
consider bi-directional relationships between entities.
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(a) Scholarly HIN

Figure 11: Schema definitions of experimental HINs.

(b) News articles HIN

Table 2: Details of experimental HINs.

Dataset Contained Core Nodes Edges Avg. Degree
Entity Nodes (in millions)  (in millions)
60% 8.65 108.43 25.06
Scholarly HIN 80% 10.44 148.09 28.36
100% 12.15 190.99 31.43
60% 7.71 173.38 44.92
News articles HIN 80% 10.06 233.33 46.37
100% 12.43 298.11 47.95
Table 3: Number of nodes/edges per type.
Node  Million nodes per split | Edge  Million edges per split

Type (60% / 80% / 100%) Type (60% / 80% / 100%)

z P 2.936/3.915/4.894 PP 16.367/29.236/455.641
= A 3.100/3.781/4.398 AP/PA  17.916/23.898/29.869
2 0 2.488/2.608/2.706 0A/A0 14.921/15.976/16.832
E v 0.009/0.009/0.010 VP/PV 5.247/6.994/8.743
E T 0.117/0.125/0.132 TP/PT  53.977/71.974/89.974
3 R 0.001/0.001/0.001 RP/PR 0.008/0.010/0.013
Z A 4.394/5.859/7.324 IC/CT 0.010/0.010/0.010
T 0 1.153/1.486/1.829 OA/A0  25.786/35.186/45.584
ks P 1.953/2.465/2.995 PA/AP  32.902/44.334/57.125
2 L 0.172/0.202/0.229 LA/AL  31.767/42.985/55.319
E T 0.014/0.016/0.17 TA/AT  73.184/97.618/122.750
2 s 0.022/0.025/0.030 SA/AS  9.714/13.185/17.306
2 c 0.005/0.005/0.005 CP/PC 0.014/0.014/0.014
1 0.001/0.001/0.001

F EXECUTION TIME PER QUERY

In our experiments, we presented the average execution time per
query across all query workloads. Here, we investigate the perfor-
mance of individual queries, averaging the reported execution times
by query position across 10 workflows. Figure 12 shows the cumu-
lative time during workload execution; cache-based approaches are
noticeably faster than HRank-S, especially for the Scholarly HIN.
ATRAPOS is also considerably faster than CBS1 and CBS2 with the
difference increasing with the number of queries.
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Figure 12: Evaluation against baseline caching approaches
considering cumulative time per query.
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Then, we investigate the skewness of the query execution times
for the same workloads. Specifically, Figure 13 illustrates the execu-
tion time per querys; it reconfirms previous findings as each quartile
of ATRAPOS starts lower than the respective ones of the competitor
approaches in both box plots.
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Figure 13: Evaluation against baseline caching approaches
considering query execution time skewness.

Figure 14 shows the cumulative times for the different cache
replacement policies during workload execution. ATRAPOs and
PGDS achieve comparable times, yet ATRAPOS is slightly faster on
the Scholarly HIN, as evident in Figure 14a. LRU is slower than
its competitors in both datasets; the difference is visible in the
second half of both query workload executions. Figure 15 plots the
execution time of each metapath query for the same workloads. It
reconfirms that PGDS and ATrAPOs are faster than the LRU as each
quartile in their box plots starts lower than the respective quartile
for LRU for the Scholarly HIN.
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Figure 14: Evaluation against cache replacement policies con-
sidering cumulative time per query.
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Figure 15: Evaluation against cache replacement policies con-
sidering query execution time skewness.
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