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Abstract—Traditional data analytics involves manually identi-
fying and downloading relevant distributed datasets of interest
to a common server/cluster where the analytics processes are
executed. For very large distributed datasets, this slows down
the analytics process, and for extremely large datasets it is often
impractical to download such massive volumes due to bandwidth
limitations. In such cases, data scientists need to be provided
explicit access to the remote servers hosting the datasets, and
possess detailed knowledge of the server infrastructure and en-
vironments, in order to send their analytics packages to the data
owner. This alternative poses considerable challenges and has not
been adequately addressed to date. In this paper, we describe
a novel approach to addressing this challenge called Virtual
Information Fabric Infrastructure (VIFI) which seamlessly allows
users to conduct analytics-in-place by distributing analytics to the
distributed repositories without moving the underlying datasets
to a common location. By allowing automated analytics scripts
to be sent to the data and orchestration of distributed infras-
tructure, VIFI allows users to conduct, execute and coordinate
complex analytics activities in-place with the data on multiple
data repositories. VIFI uses Docker containerization technology
along with open-source workflow tool NIFI to achieve automated
orchestration and distributed analytics without requiring users
to posses detailed knowledge of the distributed repositories and
their underlying infrastructure. We demonstrate and evaluate
VIFI on a Earth Science use-case for evaluation of precipitation
over the Great Plains involving analytics on massive distributed
data repositories.

I. INTRODUCTION

Data is increasingly used in science and technology, and
other areas, to derive insights, initiate discoveries, and make
decisions [1]. This is a consequence of improvement and con-
vergence of many capabilities, including lower cost of storage,
higher bandwidths, increased digitization capability through
the prevalence of digital sensors and digital records (compared
to paper-based storage), and parallel processing and compute
capabilities. Social and behaviorial habits have changed in
the last decade, making available online information about
individual preferences, habits, events, and their opinions via
social networks, blogs, twitter, and other avenues. This has im-
mensely improved the potential of deriving knowledge, trends,
patterns, and correlations through data, than was previously
possible.

Many of the insights and discoveries that could be possible
often reside not in a single dataset but in multiple datasets
that are often distributed [2]. Therefore, the true power of
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data-driven insights can be leveraged when the disparate
datasets are aggregated and combined, thereby allowing accu-
rate and reliable extraction of complex correlations, patterns,
and anomalies that may not be possible with a single data
source alone. There are abundant examples of the value of
aggregating data, ranging from science and technology to
defense. In Earth science, climate predictions at a regional
and global scale require the assimilation of multiple satellite
and in-situ measurements, which is a tedious and non-trivial
task since datasets are distributed across sites. In defense and
security, insights into threats are often obtained by combining
intelligence feeds from multiple sources, aggregated with
publicly available open data including twitter and media. In
biology, experimental data in one lab, while valuable, can be
combined with those from other labs to yield insights that
would not be possible by individual experiments.

In this context, data aggregation is often achieved by manual
processes where the data scientist downloads all datasets
of interest into a single repository, prior to doing analysis
and discovery. Data aggregation is a tedious, time consum-
ing process, and is increasingly posing a challenge as data
volumes increase in size thereby making it impractical to
move massive repositories across the network. Furthermore,
as datasets increasingly exhibit streaming characteristics with
dynamic, real-time updates, downloading the massive datasets
from repositories for analysis becomes impractical and low-
value due to the “staleness” of downloaded information.

A complementary approach is the development of domain-
specific, collaborative data-fabric solutions where teams of
collaborators share data via common repositories or make
their datasets available via interoperable solutions and APIs.
This is often a tedious process, involving establishments of
agreements, development of custom tools specific to the team,
and data standards that make the collections of data amongst
the teams interoperable with each other.

While the data fabric approach offers solutions for collabo-
rative teams to mutually benefit from each other’s datasets,
such solutions are not generally scalable across domains.
Furthermore, this often disadvantages data scientists and orga-
nizations that may not own large datasets of interest but may
benefit from having access to the datasets owned by other
institutions. In this paper, we offer a novel, complementary,
Virtual Information Fabric Infrastructure (VIFI) that enables



analytics at the data sources, when the datasets are distributed
and do not need to be moved across the network. This novel
capability allows for practical implementation of data science
solutions when massive datasets make it difficult for data
movement, and when the datasets change at a rate that makes
regular downloads from separate sites tedious and infeasible.
The remainder of the paper is organized as follows: a com-
parison to state of art is discussed in Section II, and the earth
science use-case used for evaluation of our virtual information
fabric is detailed in Section III. The VIFI proof of concept
architecture and implementation is described in Section IV,
followed by a discussion of the VIFI results on the earth
science climate modeling evaluations in Section V. Ongoing
and future planned enhancements to VIFI are discussed in
Section VI.

II. RELATED WORK

Current data-driven inquiry often involve identifying and
assembling relevant data from disparate locations to one
repository, prior to conducting analysis. To overcome this
manual process, alternate solutions have been proposed in-
volving data sharing using high-speed network solutions, and
cloud-based approaches to host repositories, while others focus
on providing shared computing resources. DataONE [3], [4]
is a project focused on earth and environment sciences by
providing easier access, search and discovery to multiple data
repositories in these domains. The Open Science Grid [5], [6]
enables scientific research by providing distributed computing
resources. Few projects aim to develop research infrastruc-
ture. XSEDE (Extreme Science and Engineering Discovery
Environment) [7] integrates data, supercomputers, and analytic
tools thereby allowing end-users to share computing resources
and data repositories. Globus [8], [9], [10] is software-as-a-
service that makes it easy to discover, replicate, and access big
data resources at different locations. Globus is used to deliver
scalable research data management services in a secure manner
to a variety of stakeholders. Some Globus features, like data
publication and managed endpoints, needs Globus starter or
standard subscription. SciServer [11] is a cyber-infrastructure
system providing a suite of tools and services (including
storage, access, query, and processing of Bigdata). SciServer
aims to provide solutions for discovery, access, and query
to data from different disciplines with different data formats
and models. SciServer attempts to minimize data movement
by collecting data from remote resources to the server that
contains the majority of the required data. Finally, SciServer
sends the analytics to the server using Jupyter Notebook [12].
In contrast to the existing solutions, VIFI aims to have “truly
distributed analytics” where analytics are executed at data-
owners’ resources without data movement. SciServer adds
new infrastructure for additional data and/or computational
resources rather than integrating with existing data-owners’
infrastructure. SciServer performs computations using Jupyter
Notebook [12], whereas VIFI uses Docker [13] to provide
more flexibility over the analytics tools and analytic environ-
ments that can be used by the data scientists in conducting
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Fig. 1. Object model for the Earth Science use case: nodes, network, data
and algorithms.

Fig. 2. Total rainfall estimates of GPM IMERG analysis for the contiguous
US on June 1st, 2015.

data-driven inquiries (e.g., programming languages are not
limited by what is provided by Jupyter). Additionally, some
components of SciServer are not open-source, which may be
a disadvantage in certain applications.

In contrast to previous projects, VIFI does not require data to
be physically moved to a common location; rather, it provides
a framework for analytics at the data source. VIFI will
support authorization control for data and metadata access, and
execution of models for end-users without exposing private
datasets. VIFI aims to integrate with existing infrastructure of
data owners and uses data owners’ policies for resource access.
Thus, VIFI considers two types of users: the data-scientist
and the data-owner. VIFI aims to develop and use only open-
source components (e.g., NIFI [14] and Docker Swarm [13])
and have free access to all its features (i.e., no subscription
needed to use specific features of VIFI). This will also allow
users to develope, reuse, and customize VIFI for their purpose
as needed.

III. EARTH SCIENCE USE CASE: EVALUATION OF
PRECIPITATION OVER THE GREAT PLAINS

As climate science continues to generate a massive amount
of data, the process of climate model evaluation critically
rests on data science and technology infrastructure, including
storage, computation, networking, model evaluation tools and



metrics, and visualization capabilities. Both observational and
model data are extremely distributed and managed by different
institutions. Observational data are originated from a variety of
sources, such as ground stations, flight missions, and satellites
and independently stored and processed by different agencies.
Climate models are developed and maintained by many coun-
tries around the world, and all of the models generate outputs
in their own formats. The movement and analysis of these
massive and distributed data, without any scalable data and
computational infrastructure, is limiting the scientific yield that
will result from the capture of these distributed datasets. Thus,
the current Earth Science use case shows how VIFI provides
shared cyber infrastructure with focused services, capabilities,
and resources to facilitate data-driven research and decision
making in climate science without moving massive datasets.
The Earth Science Use Case is illustrated in Figure 1. The
observation data used in this study are from the Integrated
Multi-satellite Retrievals for Global Precipitation Measure-
ment (GPM IMERG, hereafter GPM [15]). By combining
multiple satellites and ground gauge observations, GPM has
provided a gridded precipitation over the globe every 30
minutes since 2014. Figure 2 displays daily total rainfall over
the contiguous United States on June 1st, 2015. The GPM
data for the 2015 summer (from June Through August) are
stored at 0.1° resolution on a remote server (Data Site 2). The
GPM data’s size is about 11 Gigabytes. Climate simulation
output from NASA Unified WRF (NU-WREF, [16]) at multiple
resolutions (4km, 12km, and 24km) are stored on a different
remote server (Data Site 3). For one summer, the size of
NU-WRF output files with 24 km resolution is about 21
Gigabytes. A climate scientist user uses a local computer (Data
Site 1) to evaluate simulated characteristics of precipitation
in the simulations against observational data for the summer.
This use case of simulated rainfall evaluation against GPM is
illustrated in Figure 2. Our analysis domain shaded with red
color in Figure 2 is the Northern Great Plains defined in [17].
Inspired by [18], we adapted the joint probability distribution
function of rainfall intensity and duration (JPDF), which is ap-
plied independently to the observational and model data. This
rainfall JPDF from observational data characterizes hourly
precipitation data over the Great Plains and allows us to
evaluate simulated rainfall in the models through the compar-
ison of JPDFs between observational and model datasets. To
quantify the performance of climate simulations, we defined
the following evaluation metric, which measures the overlap
ratio between the observed (Fy(x,y)) and simulated (Fi(z,v))
JPDFs.

400
overlap = // minimum(Fo(z,y), Fi(z,y))dzdy (1)

The larger overlap is, the better performance of a simulation.
Minimum and maximum values of the overlap are 0 and 100%
respectively. The Earth Science Use Case in Section IV-C
shows how VIFI will leverage data-driven discovery in climate
science.

IV. VIFI: VIRTUAL INFORMATION FABRIC
INFRASTRUCTURE

VIFI will significantly reduce the time for data-driven
inquiry by bringing the analytics (lightweight) to locations
containing massive amounts of data. VIFI will provide an
opportunity for aggregate analysis of a large number of opera-
tional datasets. Users will be able to perform emergent analysis
as VIFI allows users to reuse data owned by others to perform
an integrated analysis. VIFI allows virtual sharing of different
types of testbeds that generate experimental data without
necessarily moving the raw data that may be excessively large
to move easily.

A. VIFI Architecture

Our VIFI architecture, as shown in Figure 4, is designed
to address the Distributed Orchestration of Federated Infras-
tructure and Portable Analytics without requiring the user to
possess detailed knowledge of the infrastructure, platforms,
and environments at each data site or directly accessing and
manually coordinating the analytics processes at each data site.
Modern data science is inherently collaborative due to the now
common practice of federating heterogeneous and disparate
data to gain synergistic insight. At an extreme scale, the VIFI
system proposes to orchestrate such collaborative federation
for both data and analytics methodology. The VIFI Orches-
trator, acting as a client/server interface between distributed
partner infrastructures, will serve as the primary system com-
ponent enabling federation functionality and managing dis-
tributed interactions. The VIFI Orchestrator is designed in an
extensible manner composed of modular service components
that provide functionality through a sustainable framework,
thus allowing integration of new technologies as they become
available. The proposed orchestrator extension will enable
1) distributed workflow optimization and coordination over
widely distributed and loosely federated infrastructure. 2)
Automated and dynamic provisioning of distributed processing
infrastructure by providing a framework to provision guest
processing on multiple local infrastructure hosting data via
portable analytics containers (PACs).

B. Implementation

VIFI is an open-source platform that can be deployed on any
infrastructure. While the final VIFI version will be deployed on
open-source repository, we currently used Amazon EC2 [19],
[20] infrastructure for VIFI initial development, testing and
evaluation of proof of concept. Each AWS EC2 machine
configuration is shown in Table 1. The current VIFI proof-of-
concept implementation has the following main components
to allow automated analytics in-place on distributed data:
Portable Analytic Container (PAC): PAC is a containerized
environment to execute users’ analytic scripts. The analytics
environment offers standardized, easy-to-use functionality for
end-users to write, edit, and deploy analytics scripts to the
distributed data repositories without assembling associated
environments that are needed to run the analytics scripts. Each
PAC is implemented as a Docker Image that contains the
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Fig. 4. VIFI architecture framework.

most common dependencies for running the required analytics
(e.g., Python Docker Image with Open Climate Workbench
libraries). This offers several advantages for distributed ana-
Iytics: it facilitates lighweight containers that can be easily
sent across the network, even under severe bandwidth lim-
itations (since only the scripts, and not entire environments
are transferred); and it makes it possible for novice users
who may not possess in-depth data science knowledge or
expertise to easily conduct data-driven experiments, since it
absolves the need for the end-user to put together and install
complex software environments in their local machines. We
use Dockers for the PACs since it gives users more flexibility
over the analytics tools and analytic environments that can be
used by the data scientists in conducting data-driven inquiries,
in contrast with Jupyter notebooks that have limited analytics
environment support).

Registry Service: Registry is a repository that hosts different
PACs to enable users to store, use and share PACs. In the
current implementation, Docker repository [21] is used to im-
plement the Registry Service. Future VIFI enhancements will

include addition of distributed registery services to optimize
download and upload time of PACs; this will enable greater
efficiencies in creation and distribution of of PACs, especially
as the size of VIFI users and application domains scales up.
Orchestrator: Orchestrator automates communication be-
tween different workflow components and orchestration of
infrastructure at different sites. Each component can be as
simple as a single process running on a host, or the host itself.
Currently, NIFI [14] is used to implement orchestration and
workflow design between workflow components. Workflow
components can reside on the same host or on distributed
hosts through NIFI site-to-site communication [14]. The VIFI
orchestration services involves loosely coupled NIFI interac-
tion and coordination between sites that enables fault tolerance
and seamless scalability as the number of data-sites and users
grow.

User Node: The user node is the access point for the user to
interface with the VIFI system. The User node is a node with
a user interface, network, and basic compute capabilities. It
can be a PC or a server. NIFI is installed at each user node
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to enable communication with other workflow components, as
well as workflow initiation. Users prepare, edit, and submit
analytic scripts, as well as other required inputs and interact
with VIFI capabilities through a NIFI web interface and
customized user-interfaces to edit, deploy PACs and review
data analytics results returned after completion of the analytics
processes from distributed repositories.

Data-Site: Partner Data-sites in the VIFI fabric host different
aspects of heterogeneous data from various sources and mod-
els. Each VIFI-enabled data-site has NIFI [14] and Docker
Swarm installed [13]. While NIFI enables distributed orches-
tration and communication between each data-site and the
rest of workflow, Docker Swarm executes users’ scripts using
specified PACs as Docker services (e.g., user Python script
run within Python Docker Image). Docker Swarm deploys a
cluster at each data-site for parallel analytics execution auto-
matically without requiring users to possess any knowledge of
the infrastructure, platforms and environments at each Data-
site.

In the traditional centric approach (Figure 3-A), required
(massive) data must be downloaded to user’s node first (step 1)
before the user can run the required analytics at the user’s node
(step 2). In the VIFI approach (Figure 3-B), users submit their
analytic requests to different data-sites (steps 1). Each data-site
(and user node if some analytics will run locally) downloads
required PAC from registery service (steps 2), then executes
user’s analytic request (step 3). Finally, each data-site sends
analytic results back to user’s node (steps 4). Figure 5 shows
the current VIFI implementation. NIFI automates the workflow
between user’s node and different data-sites. Users submit
their analytic requests, consisting of scripts, dependencies and

configuration file through NIFI web interface. Users specify
main scripts, dependencies, results, PAC, and other configu-
ration parameters in the configuration file. Upon receiving
a request, the data-site initially checks the configuration file
to ensure all specified inputs exist. Otherwise, the data-site
moves to the next request. Requests with incomplete inputs
are checked periodically to ensure all inputs are satisfied.
Data-site downloads nonexisting required PAC (i.e., Docker
Image) from PAC registry (i.e., Docker repository). Users’
main scripts are executed within the specified PAC as Docker
Swarm services, then outputs results to AWS S3 bucket [20].
Future VIFI implementations will send results directly to
user’s node or another place specified by the user (e.g., FTP
server). The Execution time of each analytic script is upper
bounded by a specified threshold to ensure that the data-
site is not completely consumed by one script. VIFI sets
a default threshold value if one is not already specified by
the user. The timestamp of requests’ events (e.g., request
received, processing started, succeeded, failed) are logged for
monitoring. Finally, the Docker services configured for the
analytics process are removed.

C. VIFI Proof-Of-Concept Implementation on Earth Science
Use Case

To overcome the challenges raised by conducting analysis in
the centralized architecture, VIFI will enable a new paradigm
for executing scalable analytics optimized for distributed data
systems similar to one in Figure 6, whereby an Orchestration
Engine (deployed at each Node) is responsible for tasks
on VIFI-enabled remote servers. The first steps in the
centralized architecture (1 and 2 in Figure 6) are downloading
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observational and model data to a central location (User
Node). After completing the downloading, the science
algorithms to compare simulation output with observations,
calculation of JPDFs and their overlap, are executed (steps 3,
4 and 5 in Figure 6). The workflow in the VIFI architecture
(Figure 7) consists of the following steps: 1) VIFI Client
running on User Node contacts the local VIFI Orchestrator
to search and/or create suitable Portable Analytics Containers
(PACs) to run user’s scripts. 2) VIFI Client on User Node
(i.e., Data Site 1) contacts the VIFI Orchestrator running
on Obs Node (i.e., Data Site 2), asking to deploy and
execute a Portable Analytics Container (PAC) that regrids
the observational data to the desired model resolution (if
necessary), and to calculate the observed JPDF using the
newly regridded or original observational data. 3) VIFI Client
on User Node contacts the VIFI Orchestrator on Model Node
(i.e., Data Site 3), requesting to deploy a PAC to calculate

simulated JPDFs with different spatial resolutions. 4&5) VIFI
Client transfers the JPDF results from Obs Node and Model
Node to User Node. 6) VIFI Client contacts the local VIFI
Orchestrator to deploy a PAC on User Node that computes
the overlap for comparing the observed and simulated JPDFs.

V. RESULTS

Our focus for the VIFI framework in this paper is on
evaluating the general-purpose VIFI POC architecture on
a Earth science use-case for climate model prediction as-
sessment. Specifically, comparing JPDFs between GPM and
NU-WRF simulations improves our understanding of rainfall
characteristics including duration and intensity of rain events.
The main challenge in comparing regional precipitation char-
acteristics using the JPDFs from observational (GPM) and
model (NU-WRF) datasets is the massive size of datasets
archived remotely on Data Sites 2 and 3, and slow data transfer
speed between the servers and a user’s local node (Data Site
1). For example, the NU-WRF simulation at 4 km horizontal
resolution generates 756 gigabytes of two-dimensional hourly
datasets over the contiguous United States for one season.
Reducing the cost of archiving and transferring such a Big
data is a key issue in the current study to be addressed by
VIFI. As an alternative topology to the centralized case in
Figure 4, we designed and implemented some experimental
evaluation of precipitation simulated by NU-WRF with 24-km
resolution in the distributed architecture. Figure 7 presents the
distributed architecture implemented via VIFL [22] simulated
efficiency of the two workflows similar to those in Figure 1
and 6, and conclude that executing the model evaluation
process in the distributed architecture offers a significant
improvement in efficiency and run-time without compromising
accuracy when evaluating climate models with high spatial and
temporal resolutions. In this study, we take a step forward from
simulating efficiency of the workflows in [22] by scheduling,
executing, and monitoring a series of processes on local (Data
Site 1) remote servers (Data Sites 2 and 3).

Figure 8 shows the VIFI results on climate model evaluation
for precipitation; specifically, JPDFs difference between GPM
and NU-WREF for the Northern Great Plains in summer. Over-
all, NU-WRF simulates reliable precipitation characteristics
with the 24-km spatial resolution by showing the overlap ratio
of 88 % for the two JPDFs from GPM and NU-WRF. The neg-
ative biases (brown-colored squares in Figure 8 indicate that
short-duration downpour rain events whose peak rainfall rate
is more intense than 5 mm/hour are less frequently simulated
by NU-WRF compared to the GPM-observed precipitation.
There are several key benefits offered by the VIFI architecture.
First, all phases of the scientific analysis lifecycle for the
climate model evaluation (e.g., compute and data transfer) are
executed by a single agent (the VIFI Orchestrator), without
any manual intervention or apriori knowledge on the scientist’s
part. Second, the science algorithms including summarizing
each dataset and calculating the evaluation metric are en-
capsulated in re-usable portable containers, which can be
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seamlessly deployed and run on any VIFI-enabled Node.
Third, computation can be efficiently distributed onto multiple
servers, which have direct access to the data. Lastly, only a
very small subset of the data (the JPDF results) whose sizes
are less than 1 megabytes are transferred over the network,
drastically reducing the data transfer time and saving storage
capacity on the User Node.

In contrast, the traditional information fabric shown in
Figure 3-A and 6 has many disadvantages including: 1) Large
portions of time and network resources are taken up by
transferring and downloading massive datasets (much of which
may not be relevant to analysis), to the user’s node. 2) High
storage capabilities are required at the user’s node to store
the massive data size during analysis. 3) All computations
are done at user’s node which limits concurrency to user’s
node parallelism capability. 4) Users must install required
algorithms and related dependencies on their machines. On
the other hand, VIFI alleviates traditional data fabric problems
and constraints as shown in Figures 7, 4, 3-B and 5.

Table II compares transmission and execution times between
the traditional centric architecture (Figure 6) and the VIFI-
enabled architecture (Figure 7) for the Earth Science use
case when implemented on the AWS EC2 machines whose
specifications are given in Table 1.

As shown in Table II, downloading model and observational
data from remote data sites (Data Sites 3 and 2 in Figure 6)
to a user node (Data Site 1 in Figure 6) took 246.088 sec,
and 126.934 sec, respectively, even with a high bandwidth
connection between servers located in the same cloud network
in our POC implementation. The download time of model
data is about double the download time of the observation
data, since the size of the model data (= 21 GB) is about
double the size of the observation data (= 11 GB). The
total data transfer time for model and observation data to
a central user node is therefore 372 sec., even when data

sites are within the same cloud network with a 750 MBps
bandwidth interconnectivity. In most practical situations, data
sites will be distributed across networks and regions (and even
across countries) with significantly lower bandwidths, thereby
resulting in slower data transfer rates between the sites.

In contrast to the traditional data-centric architecture in Fig-
ure 6, the VIFI-enabled architecture in Figure 7, and as
explained in Section IV-B, requires the user to submit only
the required scripts and configuration files from user node
(Data Site 1 in Figure 7) to the remote observation and model
nodes (Data Sites 2 and 3 in Figure 7). As shown in Table II,
the transmission times of user’s scripts and configuration files
from user’s node (Data Site 1 in Figure 7) to observation
node (Data Site 2 in Figure 7) and model node (Data Site
3 in Figure 7) are only 0.183 sec and 0.145 sec, respectively,
because of the small size of the user’s scripts and configuration
files (= 8 KB). The evaluation script (i.e., comparison between
observation and model data) executes at the user’s node (Data
Site 1 in Figure 7). Thus, the evaluation script does not
need to be downloaded to user’s node. Data Sites 1, 2 and
3 download the required PAC (i.e., Docker Image) from the
PAC registery only if the required PAC does not already
exist at Data Sites 1, 2 and 3. For fair comparison against
the traditional centeric approach, we set up an AWS EC2
Container Registery (ECR) [23] to host PACs for our POC.
PAC size is small (578.13 MB) compared to the model and
observation data (21296 MB and 11373.308 MB, respectively).
Thus, PAC download times to each of Data Sites 1, 2 and 3 in
Figure 7 (0.156 sec, 0.128 sec, and 0.135 sec, respectively) are
small compared to model and observation data download times
to user’s node (246.088 sec, and 126.934 sec, respectively).
Most importantly, the PAC download only occurs when PAC
does not already exist at the Data Site; therefore, the time
taken to transfer a Docker image is a one-time cost and
need not be taken into account for benchmarking evaluation
purposes. Users and data scientists typically use common
environments and therefore can resue existing PAC Docker
images, with only the scripts being updated for new data
analytics needs. Therefore, the benchmarking evaluation
using data transfer time metrics shows that VIFI is about
three orders of magnitude faster than the solution using
the traditional data-centric architecture (0.34 sec. vs 372
sec.), even when the data sites in our evaluations are in the
same intranet with 750MBps bandwidth interconnectivity. As
datasets get larger and distributed across networks, regions,
and countries, the VIFI-enabled architecture is expected to
show much faster improvements in efficiencies, in comparison
to the traditional data-centric approach that require movement
of large data repositories across networks.

VI. CoONCLUSIONS AND FUTURE WORK

This paper presents the Virfual Information Fabric Infras-
tructure (VIFI) for Data-Driven Decisions from Distributed
Data . The paper discusses how VIFI avoids the problems
inherent in traditional data fabric approaches e.g., inability to
move massive amounts of data, impracticality to move con-



TABLE I

TABLE I

COMPARISON OF TRANSMISSION TIMES BETWEEN TRADITIONAL CENTRALIZED AND

AWS EC2 MACHINES SPECIFICATIONS FOR VIFI POC

VIFI-ENABLED ARCHITECTURES

Model md Xlarge Data_type [Size MB) | St | Dest | Time (Seo)
CPU g - — - -
_ Traditional Centralized Architecture
Mem(GB) 16 WRE24 (model) 77206 | Data Site 3 | Daia Site T | 246.08%
SSD Storage | EBS-only GPM (observation) 11373.308 | Data Site 2 | Data Site 1 126.934
Stor ?ge(GBJ 50 VIFI-Enabled Distributed Architecture
BW(Mbps) 750 Docker Image (one-fime fransfer) | 578.13 | AWS ECR | Data Site 1 0.156
0s Ubuntu Docker Image (one-fime fransfer) | 578.13 | AWS ECR | Data Site 2 0138
Data sites are in the same cloud network for the POC with very high Docker Image (one-time transfer) 578.13 AWS ECR | Data Site 3 0.135
bandwidth interconnectivity (750MBps) between data sites; in most User script & config file 0.008 Data Site 1 | Data Site 2 0.183
practical situations, data sites will be distributed with internet User script & config file 0.008 Data Site 1 | Data Site 3 0.145
connectivity and significantly lower bandwidths, thereby resulting in Result files 0.156 Data Site 2 | Data Site 1 0.186
slower data transfer rates between sites Result files 0.156 Data Site 3 | Data Site | 0.246

tinuously updated data by bringing analytics to data locations
to enable information discovery that could not be previously
explored. The paper also evaluates and provides benchmarks of
VIFI impact on a real Earth Science use case. VIFI is expected
to show much faster workflow runtimes as datasets get larger
and more widely distributed. The overall VIFI architecture is
immediately scalable to new data-sites by simply installing the
VIFI components and registering required PACs.

Future enhancements to VIFI includes providing resource
management and scheduling based on current and expected
workloads to optimize concurrent request processing, extend
logging and monitoring capabilities, improved user interfaces,
data management, and security capabilities and encryption,
and evaluations on other application domains. The Earth
Science use case will be extended by including additional
observational data or output models, integration with other
teams like the Earth System Grid and Coupled Model Inter-
comparison Project (CMIP) Phase 6, and scaling data and
computational approaches across distributed modeling and
observational data centers.
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