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Abstract. In the era of Big Data and AI, it is challenging to know all
technical and business advantages of the emerging technologies. The goal
of DataBench is to design a benchmarking process helping organizations
developing Big Data Technologies (BDT) to reach for excellence and
constantly improve their performance, by measuring their technology
development activity against parameters of high business relevance. This
paper focuses on the internals of the DataBench framework and presents
our methodological workflow and framework architecture.
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Introduction

Organisations rely on evidence from the benchmarking domain to provide answers on how their processes are performing. There is extensive information on
how and why to perform technical benchmarks for the specific management and
analytics processes, but there is a lack of objective, evidence-based methods to
measure the correlation between Big Data Technology (BDT) benchmarks and
an organisation’s business benchmarks and demonstrate return on investment
(ROI). New benchmarking approaches are being developed in particular in the
big data domain, which presents new technological challenges. To address these
challenges new benchmark initiatives focusing on machine learning and artificial
intelligence like MLPerf [10, 9, 13] and AIBench [5, 4] are in development. Also,
there are comprehensive studies [7, 6] on the existing Big Data benchmarks that
compare and discuss the different types of benchmarks and assessment metrics. However, to the best of our knowledge, these existing benchmarks focus on
technological aspects and not on business indicators. The DataBench project addresses this significant gap in the current benchmarking community’s activities,
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by providing verifiable benchmarks and evaluation schemes of BDT performance
of high business impact and industrial significance.
The approach followed by DataBench starts with performing a comparative
analysis of existing benchmarking initiatives and technologies. In fact, the goal
of DataBench is not to create another benchmark, but to support an approach
for efficient usage, evolution, extensions, and synergy of the available Big Data
benchmarks from the international Big Data benchmarking community related
to industrial requirements. Based on that, the project will proceed to develop
a methodology and an economic and market analysis to assess the European
and industrial significance of the BDT to be benchmarked. Industrial significance will be assessed through the investigation of the main Big Data use cases,
that will allow the correlation of Big Data technical performance with business
processes. Relying on all these inputs, the project will build the DataBench Toolbox, a tool which will connect and evaluate external benchmarking initiatives.
Using the DataBench Toolbox and the methodology and metrics previously defined, evaluation and benchmarking will be carried out considering both business
relevance and technical aspects. We foresee at least three different groups of potential users. The first group are people with a technical background that are
interested in benchmarking a relevant BDT or application in their company. The
second one are business people that would like to assess the usage of BDTs and
applications from a business point of view. And the third one are providers of
Big Data benchmarks that would like to offer their benchmarks to a broader
audience of users. Currently, the Alpha version of the DataBench Toolbox has
been released as a first attempt to showcase the main functions related to the
Big Data technical benchmarking. More details about the project can be found
in our vision paper [8] or on our DataBench website [2]. In another paper [11], we
reported our initial findings on the relationship between business and technical
performance indicators.
This paper focuses on describing the internal DataBench architecture. In
particular, we divided it into three abstract layers: the methodological workflow,
the framework architecture and the components implementation. In this paper,
we look only at the first two. The Methodological Workflow (Section 2) describes
the internal main processes and operations, while the Framework Architecture
(Section 3) defines the logical components in which DataBench is implemented.
The paper is organized as follows: Section 2 presents the internal DataBench
Methodological Workflow. Section 3 looks at the logical DataBench framework
components. Finally, Section 4 summarizes our paper.

2

Methodological Workflow

This part describes in detail the internal processes and operations taking place
in the DataBench framework and the logic behind this approach.
Figure 1 shows a schema of processes intended to illustrate different elements
of the tooling support to be provided in DataBench to different set of users. A
single user may have different roles, initially the following:

Building the DataBench Workflow and Architecture

3

Fig. 1. DataBench Methodological Workflow

– Benchmarking Providers: Organizations that own a particular benchmark. They can be the actual developers of the benchmark or the organizations that maintain them. These users can register and update their
benchmarks.
– Technical Users: Users that would like to search and potentially execute a
technical benchmark. This includes the possibility of searching, downloading,
executing and giving the results of the execution back to the Toolbox.
– Business Users: Users that would like to search and understand the business value of specific big data solutions. These users would not need to run
technical benchmarks, but rather search for similar cases, business indicators, etc.
– DataBench Admin: People in charge of the administration of the Toolbox.
There are several processes depicted in Figure 1. On the left-hand side of the
figure, the three boxes represent the registration process of two different kinds
of benchmarks:
– The registration of data related to business-oriented big data benchmarks.
The idea of the component located in the upper left corner of the figure
(New Business Benchmark Samples Registration) is to capture domain and
industry specific best practices and blueprints associated to concrete business
key performance indicators (KPIs).
– The registration of technical benchmarks. The two remaining components on
the left represent the way the DataBench Toolbox will capture the necessary
meta data and features about technical benchmarks to enable the search and
recommendation processes (New Big Data Benchmark Registration/Update
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component), and to enable the automation of the deployment and the interpretation of the results of the execution of the benchmarks (Integrating
new Big Data Benchmark component). Note that the registration of the automation provided by the second component is optional, in the sense that
it requires the provision of deployment recipes and rules of interpretation
of the results of the execution of the benchmarks which could prove a difficult task for some of the benchmarks analyzed so far. However, the aim in
DataBench is to automate as many as possible technical benchmarks, so the
documentation of the process to integrate the automation will be also a key
part for future extensibility to other benchmarks.
The components in the center of the Figure 1 show the full process from searching
to executing and visualizing the results of benchmarks. This process is divided
into the following steps:
– Search and Recommendation System: The upper central box shows
the steps to define the search criteria a user could pose to the system with
the aim to select a benchmark that suits their needs. Based on those criteria
(technical, business, application or platform features), the system will offer
a set of potential benchmarks that could fulfill the user needs, as well as
associated material (blueprints, best practices in sectors, etc.) that might
facilitate the decision of the selection of the right benchmark.
– The DataBench Toolbox setup: The middle central box (in green in
Figure 1) represents the process of deploying and enabling the execution
either in cloud or in-premise of the selected benchmark. This could only
happen if the registration of that benchmark provided the necessary recipes
to allow the deployment. After the execution, the results of the benchmark
will be sent back to the Toolbox for post-processing.
– The validation of the metrics: This process will allow in certain cases the
matching of the technical metrics with business insights or key performance
indicators (KPIs). The results of the benchmarks will be then visualized and
compared to others, giving the user a clear added-value in comparison with
the mere technical results that the execution of a technical benchmark may
provide.
– Monitoring and Evaluation: This process gathers multiple metrics and
internal component information with the goal to offer monitoring and evaluation capabilities to the different users of the DataBench framework. All
the gathered information is stored in a central Technical Metrics Database.
The data is prepared, integrated, processed and visualized into a dashboard
web service that can be accessed by the different users. The key functionality
of this process is to enable both DataBench administrators, technical and
business users to monitor how the DataBench framework evolves in time as
well as perform an evaluation of the current framework state.
At the point of writing this document, partners are in the process of defining
and prototyping the look and feel of the different processes listed in this section.
The initial alpha version of the DataBench Toolbox is currently implemented
and will be described in detail in deliverable D3.2 [3].

Building the DataBench Workflow and Architecture

3

5

Framework Architecture

To realize the processes described in the DataBench methodological workflow it
was necessary to define and implement functional modules presented as part of
the DataBench Framework Architecture in deliverable D3.1 [1]. The proposed
modular framework is based on templates which are complemented with a web
interface from where the user can decide and choose the metrics needed. The
web interface will also act as a dashboard where the results of the executions
will be gathered and shown to the user, as seen in Figure 2.

Fig. 2. DataBench Framework Architecture

The proposed modular DataBench Framework Architecture is composed of
the following six interconnected modules described in detail in deliverable D3.1
[1]. The remaining two modules the Metrics DB and Metrics Dashboard are
introduced in deliverable D5.3 [12] covering the functionality necessary for the
DataBench monitoring and evaluation process.
1. Web Interface connects to the backend of the Toolbox and provides the
different users with the functionality to choose which benchmarks they want
to run. It is also in charge of providing a layer of configuration that the users
can fill in to pre-configure the templates and the benchmarks to be run later
on. The web module is also used to show in a dashboard the results of the
executions and the derived metrics and business insights.
2. Benchmark Framework Interface module will be the main point of interaction for the administrator with the Benchmarking Framework, since he
will be in charge of handling the integration, addition and deletion of the
new, updated or modified benchmarks.
3. Results Interface enables the transfer of benchmark results to the framework either automatically by the benchmark run or manually by the user.
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4. Results Parser converts the benchmark results into standardized data
model to enable calculation of the business metrics in the next steps.
5. Metrics Spawner connects to the results DB module, so that it can parse
the corresponding results from the technical data model and calculate the
defined KPIs and at the end, write them back to the results DB.
6. Results DB is a place where the Result Parsers can store the data into
and also have a place from where the web interface can read the results to
show them in the dashboard.
7. Metrics DB is very similar to the Results DB module with the difference
that it will store persistently the collected technical metrics. The goal is to
reuse as much of the available functionality as possible, which means that
the Metric Spawner and the Results Parser will be adapted to gather
and prepare the metrics for the dashboards.
8. Metrics Dashboards offer the monitoring and evaluation functionality of
the DataBench framework, represented as Platform, User (Profile) and Administrator Metrics Dashboards mapped to the different user functionality
and privacy criteria.
The Platform metrics describe the key feature parameters of the DataBench
framework that are used for static monitoring and evaluation. Examples for such
metrics are total number of registered platform users, available registered benchmarks, number of use case scenarios, number of benchmark runs and others.
These metrics will be available to all the different platform users to perform
independent monitoring and evaluation of the platform environment.
The User (Profile) metrics are generated for each specific user and describe his/her activities when using the platform. Example metrics are the number of benchmark searchers, number of downloaded benchmarks, number of submitted benchmark results and history log of all operations performed by the user
in the last 30 days. These metrics will be used by both business and technical
users to monitor their usage of the platform as well as to have a convenient
history of the latest operations.
The Administrator metrics are in a way combination of the above two
categories. The goal of this type of metrics is to enable the full monitoring of
the DataBench framework from the static platform metrics to the user actions
and operations performed in the different profiles. The administrator view will
enable the performance of end-to-end platform analysis on the utilization of the
platform. It will help to discover patterns and trends in the user searches and
most executed operations.

4

Conclusions and Future Work

This paper presents an initial overview of the internal DataBench Toolbox design. We introduce the DataBench Methodological Workflow followed by the
Framework Architecture components as two abstract layers that describe in
detail the functionalities in terms of internal processes, supported operations
and user interfaces. By defining the technical functionality of each framework
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component, the next implementation step of picking the most suitable software
technologies and frameworks becomes clear and easier to realize. The latest news
about the DataBench development are available on the project webpage [2] together with extended documentation of the internal architecture and design presented in this paper.
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