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With our tool we seek to enable users to seamlessly interact
with large scale heterogeneous networks, performing ad-hoc SNA
at different granularities, either through our APIs, or through
native graph/search-engine query languages.

Overall, we hope to encourage the audience to use our tool
for multiple purposes. We aim to: 1) help the audience in identi-
fying relevant publications and perfoming SNA tasks; 2) receive
feedback to improve Hermes; 3) introduce to the audience the
key indexing solutions that improve the performance of Hermes;
and 4) employ Hermes for user studies to investigate what could
constitute representative SNA workloads. Based on our work, we
intend to publish corresponding anonymous datasets of usage
patterns as open-source artifacts—thus providing data for work-
load characterization to the research community. Furthermore,
our tool will be freely available.

2 HERMES

In this section we describe the current architecture of our tool,
and we present two techniques we currently explore in Hermes
for improving its data access.

2.1 Architecture

For indexing and primary storage, Hermes relies on a search en-
gine, i.e., Elasticsearch, and a database, i.e., Cassandra. These
two components are integrated through a property graph data-
base, JanusGraph2—which can also be configured to other back-
end indexes and storages. JanusGraph uses the TinkerPop33
framework, and the corresponding Gremlin query language.
Data access in Hermes is provided via a web-interface with data
management supported by Gremlin and Elasticsearch servers.

JanusGraph provides three predefined types of indexes:
• Composites are traditional indexes tuned for point-queries.
They rely on the primary storage. They cover one or mul-
tiple keys of either vertexes or edges of the stored graph.
• Mixed indexes are based on the search engine. They enable
inexact querying, and relevance boosting.
• Vertex-centric indexes are supported by the primary stor-
age. They are included in the same storage space of a ver-
tex. Instead of indexing all entries in the database (global)—
as the former two indexes—they only index the set of edges
attached to a vertex (local). This allows to traverse faster
through edges while filtering on labels and properties.

Apart from these predefined indexes, users of property graph
databases can also use the "graph itself as an index". This is a
straight-forward approach, which we, for lack of a better term,
call GRAIN (graph as an index) [8]. In GRAIN meta-vertexes are
added to the modeled data, acting as roots and nodes of a search
tree, such that they lead within limited hops to a set of expected
entities. A practical enhancement is to denormalize properties
of the target vertexes unto the linking edges, such that filtering
can be applied on the edges without visiting any vertex. In our
system, the GRAIN approach is additionally adopted by using a
set of meta-vertexes with temporal expiration. They serve as a
cache for previous query results.

Within Hermes, we adopt a comprehensive indexing strategy
that exploits all these opportunities. In Figure 1, we show an
overview. We remark that the numbering corresponds only to
the order in which we introduced each index.

2http://janusgraph.org/
3http://tinkerpop.apache.org/

Listing 1: Alternative temporal queries with Gremlin.

titanGraph.V().
hasLabel("journal").
has("retiredAt", P.gte(year0)).
has("createdAt", P.lte(year0)).count().next();

titanGraph.V().
hasLabel("journal").
has("createdAt", year0+i).count().next();

2.2 Incremental Processing for Temporal

Queries

Analyzing the evolution of publication networks can yield in-
teresting findings. For example, studies on theMicrosoft Aca-
demic Graph [18] have found the number of publications per
year to be following an exponential growth for the last century—
doubling every 12 years, with the top 1% of publications contin-
uously accounting for around a quarter of citations each year
[7]. Similar analyses with more localized perspectives can have
practical value for researchers. For instance, they could help to
assess the impact of given conferences over time or to identify
high impact research topics.

Several works consider the formalization and evaluation of
temporal graph queries—both, in graph databases [17], and in
processing engines [13, 14]. Building on studies in this area [9],
we design our temporal queries in Hermes by creating a type of
meta-vertex, which we call logger vertexes. The set of edges in
such vertexes provide a relative time-line for when items appear
in the world represented by a graph. Analyzing the sequence
of edges in a logger vertex allows reconstructing a graph from
a certain point in time to another. Through this, it is possible
to implement incremental computation of temporal data over a
graph model that accumulates several snapshots.

We achieve incremental computation in Hermes by hand-
tuned query rewriting. In Listing 1, we provide an example of a
Gremlin query for identifying the number of journals on a year-
by-year basis throughout a specified period. Instead of adding
up the number of items for all years within the interval, we only
compute the existing journals for the first year. Then, we keep a
rolling total, based on the number of journals created or retired
in each successive year.

Recently, authors have considered automated rewriting of
multi-snapshot queries for co-scheduling tasks by their common
steps—in a style similar to SIMD processing [21]. The authors
call this approach Single Algorithm Multiple Snapshots. Unlike
their work, we do not store separate snapshots, and we do not
include automated rewrites in our tool.

In other study, groundwork for incremental view maintenance
on property graph databases has been proposed, over a formaliza-
tion of OpenCypher [19]. In contrast, the rewrites for incremental
processing illustrated with our current prototype are hand-tuned,
and require further standardization.

2.3 Query Rewrites Across Graph and Search

Engine Representations

Similar to other graph databases, such as Neo4j4, JanusGraph
can integrate a search engine to support full-text queries. This
provides a set of search engine functionalities, which are either

4https://neo4j.com/developer/elastic-search/





Figure 3: Exploring networks with Hermes.

Following this, we take the user to a Jupyter notebook, where
we submit alternative versions (with different optimizations) of
a single query. For the queries we observe different execution
times in spite of them achieving the same task. This provides
insights into the practical, positive impact of the optimizations.

As a takeaway, we expect the user to understand the different
indexing and incremental processing techniques, which can be
used to build efficient prototypes based on mainstream graph
databases. We hope to encourage them to use our tool when
searching for literature, due to its supportive features.

4 CONCLUSION

In this paper we introduce Hermes, a tool for exploring and ana-
lyzing large scholarly datasets building upon on a graph database
and an integrated search engine. While in an early phase, it al-
ready comprises a range of functionalities that motivate us to
share our work with the community.We seek to encourage others
to use our tool, helping us to improve it and, through user stud-
ies, contributing to the understanding and characterization of
SNA workloads. For future work, we will enhance Hermes with
additional analysis options and automated query rewrites. Other
target features include support for cross-dataset exploration and
for connecting to more data sources (e.g., ORCIDs). Potentially,
we can also extend our tool to the purpose of supporting system-
atic literature reviews and research exploration, addressing the
lack of suitable tools in these research areas [11, 16].
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