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(57) ABSTRACT

A computing platform may obtain observed data vectors
related to the operation of a topology of nodes that repre-
sents a software application running on an uncontrolled
platform, wherein each observed data vector comprises data
values captured for a given set of operating variables at a
particular point in time. After obtaining the observed data
vectors, the computing platform may apply an anomaly
detection model to the observed data vectors and then based
on the anomaly detection model, may identify an anomaly in
at least one operating variable. In turn, the computing
platform may determine whether each identified anomaly is
indicative of a problem related to the application, and based
on a determination that an identified anomaly is indicative of
a problem related to the software application, cause a client
station to present a notification.
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SYSTEMS AND METHODS FOR DETECTING
AND REMEDYING SOFTWARE ANOMALIES

BACKGROUND

As technology progresses, it is becoming increasingly
common for software applications to be provided to users
according to a Software as a Service (SaaS) model where
software applications are hosted at a central computing
platform and accessed by a user via the Internet, as opposed
to a traditional software model where software applications
are installed directly onto a user’s computer. Software
applications that are provided according to a SaaS model
may sometimes be referred to as on-demand software,
web-based software, or hosted software.

When the SaaS model first emerged, software providers
typically hosted their on-demand software in a physical
computing infrastructure (e.g., servers, storage devices, net-
work infrastructure, etc.) that was owned and operated by
the software providers themselves. However, it is now
becoming increasingly common for software providers to
host their on-demand software in an Internet Area Network
(IAN), such as a public, private, or hybrid cloud, that is
owned and operated by a third-party provider. One well-
known provider of IANs is Amazon Web Services (AWS),
which offers on-demand hardware resources that can be used
by software providers to host their on-demand software.

For a software provider, there are several benefits to
hosting on-demand software in an IAN provided by a third
party, rather than in a physical computing infrastructure
owned and operated by the software provider. For instance,
by using an IAN provided by a third party, a software
provider can avoid the need to purchase, manage, and
support its own physical computing infrastructure. Relat-
edly, when a software provider uses an IAN provided by a
third party, hardware resources (e.g., compute resources,
storage space, etc.) may be dynamically assigned to the
software provider on an as-needed basis rather than being
preassigned to the software provider in a dedicated manner,
which typically reduces cost for the software provider and
leads to a more efficient use of such resources overall.

Overview

While hosting software applications in an IAN offers
many benefits, there are also some challenges associated
with hosting software applications in an IAN. One such
challenge is that, when a software application is hosted in an
IAN, it can be difficult for a software provider to diagnose
the root cause of a problem that occurs while the software
application is running, such as a software crash or the like.
This is primarily because the specific hardware resources on
which the software application is running are owned and
operated by a third-party provider and are typically assigned
to the software provider dynamically (i.e., on an as-needed
basis), which means that the software provider has limited
information regarding the hardware resources that are run-
ning the software application at any given time. This lack of
information regarding the hardware resources running the
software application at the time that a software problem
occurs make it difficult for a software provider to determine
whether that software problem was caused by an anomaly in
the software application itself (e.g., a software bug or other
issue caused by software aging) or whether the software
problem was caused by an issue with the hardware resources
that were running the software application at the time the
problem occurred (e.g., a malfunctioning server).
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2

To help address this issue, disclosed herein is a technique
for detecting anomalies in a software application that is
running on a computing platform that is not controlled by the
provider of the software application (e.g., an IAN provided
by a third party such as AWS), which may be referred to
herein as an “uncontrolled platform.” In practice, the dis-
closed technique may be carried out by a computing plat-
form that is controlled by the software provider, which may
be referred to as a “controlled platform,” but it should be
understood that the disclosed technique may be carried out
by various other systems or devices as well.

In accordance with the disclosed technique, a given
software application may be represented as a topology of
nodes, where each node comprises a self-contained compo-
nent of a software application. In general, there may be at
least three different types of nodes that can be included in
such a topology: (1) a “source node,” which is a node in the
software application that receives data from a source that is
external to the given software application and then passes
the data to one or more downstream nodes in the topology,
(2) a “processor node,” which is a node that receives data
from one or more upstream nodes, performs one or more
processing operations on the data, and then passes the
resulting data to one or more downstream nodes in the
topology, and (3) a “sink node,” which receives data from
one or more upstream nodes and then makes the data
available to other software applications that are external to
the given software application. In practice, a downstream
node in such a topology may receive data from an upstream
node as a result of “subscribing” to the upstream node’s data
output. However, the topology of nodes that represents the
given software application may take various other forms as
well. (While the disclosed technique is described below in
the context of a single software application, it should be
understood that two or more interconnected software appli-
cations may be represented as a single topology of nodes,
and in this respect, the disclosed technique may be used to
detect anomalies across two or more interconnected soft-
ware applications as well).

While the given software application is running, data then
flows between and among the nodes in the topology repre-
senting the given software application. To evaluate the
operation of the given software application, one or more
different types of metrics related to the operation of the
nodes in the given software application’s topology may then
be captured. These types of metrics may take various forms.

As a first example, the types of metrics captured for the
given software application’s topology may include cache-
related metrics, such as the percentage of cache memory
usage and/or the percentage of unused cache. As a second
example, the types of metrics captured for the given soft-
ware application’s topology may include cluster-related
metrics, such as consumer offset lag, number of offline
cluster nodes, number of healthy dependencies, number of
retries during recovery, and/or number of unhealthy tasks.
As a third example, the types of metrics captured for the
given software application’s topology may include virtual-
machine metrics, such as virtual machine RAM/memory
usage and/or virtual machine CPU/GPU usage. A given node
or software application may query the virtual machine, such
as a hypervisor or a programming language virtual machine,
via an API (Application Programming Interface) to obtain
the virtual-machine metrics, as one possibility. As a fourth
example, the types of metrics captured for the given soft-
ware application’s topology may include user-interface met-
rics, such as user input validation failure and/or number of
user requests waiting in a queue (e.g. for processing by the
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software application). As a fifth example, the types of
metrics captured for the given software application’s topol-
ogy may include database-query-related metrics, such as a
number of pending/executing queries, query running time,
records processing time, query CPU/memory usage, number
of query results, and/or number of outputs persisted/written
to a database. As a sixth example, the types of metrics
captured for the given software application’s topology may
include failure-type metrics, such as data replication failure,
task backup failure, task execution exception, invalid output
exception, and/or invalid input exception. As a seventh
example, the types of metrics captured for the given soft-
ware application’s topology may include software-lifecycle
metrics, such as healthy/unhealthy session length, crashes,
successful/unsuccessful launches, and/or monthly/daily
engaged users. As an eighth example, the types of metric
captured for the given software application’s topology may
include application-created metrics. For instance, a given
node of a software application may include specific logic to
generate and/or capture metrics associated with the appli-
cation’s performance behavior such as a counter that tracks
a number of transactions that the given node has processed
or that increments when the given node receives an incom-
ing data sample. The application-created metric capturing
may be customizable and may enable the capture of more
detailed and application-specific metric data as compared to
a traditional dedicated or controlled server, which may only
capture certain built-in metrics. The given set of metrics
related to the operation of the nodes in the topology that
represents the given software application may take other
forms as well.

In practice, a given type of metric may be captured for
each node in the given software application’s topology (or at
least a given subset of the nodes). For example, if the metrics
to be captured for the given software application’s topology
include a cache-related metric, then that cache-related met-
ric may be captured for each node in the given software
application’s topology. In this respect, the metric as captured
for each different node may be considered a separate oper-
ating variable for the given software application’s topology.
In other words, if the given software application’s topology
includes 5 nodes and a single type of metric is captured for
those 5 nodes (e.g., a cache-related metric represented as
“C”), then there may be a total of 5 operating variables for
the given software application’s topology (e.g., C,, C,, C;,
C,, Cy). Similarly, if the given software application’s topol-
ogy includes 5 nodes and two types of metrics are captured
for those 5 nodes (e.g., a cache-related metric represented as
“C” and a virtual-machine metric represented as “V”), then
there may be a total of 10 operating variables for the given
software application’s topology (e.g., C,, C,, C5,C,, C5, V,
V,, V3, V,, V5). The operating data variables for the given
software application’s topology may take various other
forms as well.

In accordance with the disclosed technique, a given set of
operating data variables for the given software application’s
topology may be selected for use in evaluating the operation
of the given software application. Once the given set of
operating variables are selected, an anomaly detection
model that is based on a unsupervised machine learning
technique may be applied to data values that are captured for
the given set of operating variables while an instance of the
given software application is running in an uncontrolled
platform, in order to detect anomalies in the given software
application’s topology. This process may be carried out in
various manners.
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According to an example embodiment, the disclosed
process may begin with a “training phase” (or “test phase”)
during which the given software application is run on the
software provider’s controlled platform and is used in a
manner that is intended to simulate normal operation of the
given software application (e.g., a set of common use cases).
While running the given software application, the software
provider’s controlled platform then captures values for the
given set of operating values at various points in time,
thereby producing a time-sequence of multivariate data
vectors where each multivariate data vector in the sequence
comprises a snapshot of the values captured for the given set
of operating variables at a particular point in time. In turn,
the controlled platform may compile a subset of the captured
multivariate data vectors into a set of training data vectors
that are reflective of the normal operation of the given
software application.

Depending on the form of unsupervised learning tech-
nique on which the anomaly detection model is based, the
software provider’s controlled platform may then perform
certain pre-processing of the set of training data vectors. For
instance, in one implementation, the anomaly detection
model may be based on a component analysis technique
such as Principal Component Analysis (PCA), which gen-
erally involves transformation of observed data vectors from
their original “observed coordinate space” to a “transformed
coordinate space” that is defined by variables that are
uncorrelated from each other. In such an implementation, the
training phase may involve applying a component analysis
technique to the set of training data vectors to define a new
“transformed coordinate space” for use in detecting anoma-
lies in observed data.

For example, the training phase may involve applying a
PCA technique to the set of training data vectors to define a
new PCA coordinate space comprising a set of uncorrelated
variables referred to as principal components (PCs), where
the variance in the PCs “explains” the variance and cova-
riance in the observed coordinate space. In this respect, the
covariance of the multivariate data in the observed coordi-
nate space may effectively be removed by transforming that
data to a new set of PCs having no covariance. In addition,
PCA may also order the variables of the PCA coordinate
space in order of their variance, and may remove PC
variables that do not have a large contribution based on their
respective covariance. Depending on the component analy-
sis technique used, the function of defining the transformed
coordinate space may take other forms as well.

In addition to defining the transformed coordinate space
for the component analysis technique, the training phase
may also involve defining a set of anomaly thresholds for the
anomaly detection model, which generally specify how
much deviation from the predicted version of an observed
data vector is acceptable in each dimension of the observed
coordinator space (e.g., for each operating data variable).
For instance, once the transformed coordinate space has
been defined, the controlled platform may (1) transform (or
“project”) each training data vector from the observed
coordinate space to the transformed coordinate space and
then (2) inversely transform (or “project”) each training data
vector from the transformed coordinate space back to the
observed coordinate space, thereby producing a predicted
version of each training data vector. In turn, the controlled
platform may evaluate the difference between the original
and predicted versions of the training data vectors for each
operating data variable in the observed coordinate space to
define the acceptable deviation for each operating data
variable.
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In another implementation, the anomaly detection model
may be based on linear regression. In such an implementa-
tion, the training phase may involve applying linear regres-
sion to the set of training data vectors to produce a predictive
function that is representative of normal operation of the
given software application, and then comparing each train-
ing data vector in the set to the predictive function to define
a set of anomaly thresholds for the anomaly detection model
(which generally specify how much deviation from the
predicted function is acceptable for each operating data
variable).

The anomaly detection approach may be based on other
unsupervised learning techniques as well. It should also be
understood that instead of performing these functions during
a preliminary training phase, the controlled platform may
perform one or more of these functions “on the fly” while
evaluating observed data vectors. Other implementations are
possible as well.

After the set of training data vectors has been compiled
and the training phase has completed, the software provid-
er’s controlled platform may then engage in an “execution
phase” during which the controlled platform may apply the
anomaly detection model to observed data for an instance of
the given software application that is running on an uncon-
trolled platform (e.g., an IAN such as a public, private, or
hybrid cloud) to monitor for anomalies in the instance of the
given software application.

For instance, the controlled platform may first obtain a set
of'observed data vectors that each comprise a snapshot of the
values captured for the given set of operating variables at a
particular point in time while the instance of the given
software application is running on the uncontrolled plat-
form. In turn, the controlled platform may apply the
anomaly detection model to each such observed data vector
to determine whether the data values for any of the operating
data variables are anomalous. Depending on the form of
unsupervised learning technique on which the anomaly
detection model is based, this function may take various
forms.

In line with the discussion above, in one implementation,
the anomaly detection model may be based on a component
analysis technique such as PCA. In such an implementation,
applying the anomaly detection model may involve (1)
transforming (or “projecting”) each observed data vector
from the observed coordinate space to the transformed
coordinate space (e.g., the PCA space) and then (2) inversely
transforming (or “projecting”) each observed data vector
from the transformed coordinate space back to the observed
coordinate space, thereby producing a predicted version of
each observation data vector that comprises an estimate of
what the values of the observed data vector should have been
had the given software application been operating normally.

According to this implementation, the controlled platform
may then evaluate the predicted values of the observed data
vectors as compared to the original values of the observed
data vectors, to determine whether the deviation between the
observed and predicted values of any operating variable
exceeds the anomaly thresholds for the anomaly detection
model.

In another implementation, the anomaly detection model
may be based on linear regression. In such an implementa-
tion, applying the anomaly detection model may involve
comparing the observed data vectors to a predictive function
to determining whether the deviation between the observed
and predicted values of any operating variable exceeds the
anomaly thresholds for the anomaly detection model.
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The function of applying the anomaly detection model to
observed data for an instance of the given software appli-
cation may take other forms as well.

As a result of applying the anomaly detection model, the
software provider’s controlled platform may identify an
anomaly in one or more of the operating variables for the
given software application, which may correspond to one or
more nodes of the given software application’s topology.
Once the software provider’s controlled platform identifies
any such anomaly, the controlled platform may evaluate
whether the root cause of the identified anomaly is likely a
problem in the given software application (e.g., a bug), or
instead, whether the root cause of the anomaly is likely some
other problem that is unrelated to the given software appli-
cation (e.g., a problem with the uncontrolled computing
platform). This evaluation may take various forms.

As one possibility, after the controlled platform identifies
an anomaly in an operating variable that corresponds to a
given node of the given software application’s topology, the
controlled platform may then evaluate the operating vari-
ables corresponding to other nodes in the topology that share
dependencies with the given node, such as the given node’s
child nodes and/or sibling nodes. If the operating data
variables corresponding to these other nodes appear to be
normal (i.e., non-anomalous), then the controlled platform
may determine that the root cause of the anomaly is likely
a problem with the given node in the given software appli-
cation. On the other hand, if at least some of the operating
data variables corresponding to these other nodes are also
anomalous, then the controlled platform may determine that
the root cause of the anomaly is likely a problem that is
unrelated to the given software application.

As another possibility, after the controlled platform iden-
tifies an anomaly in an at least one operating variable for the
given software application, the controlled platform may then
re-run the given software application on the controlled
platform under the same conditions that led to the anomaly
being identified (e.g., by inputting the same source data into
the given software application). In this respect, the con-
trolled platform may attempt to replicate the anomalous
operation of the given software application each time an
anomaly is identified in the instance of the given software
application running on the uncontrolled platform, or alter-
natively, may attempt to replicate the anomalous operation
of the given software application only after first performing
some other root cause analysis of the identified anomaly
(e.g., by evaluating other nodes that share dependencies with
an anomalous node). In either case, if a similar anomaly is
identified after re-running the given software application on
the controlled platform under the same conditions that gave
rise to the anomaly at the uncontrolled platform, the con-
trolled platform may determine that the root cause of the
anomaly is likely a problem with the given software appli-
cation (and in particular, with the node that corresponds to
the operating variable exhibiting the anomaly). On the other
hand, if no anomaly is identified after re-running the given
software application on the controlled platform under the
same conditions that gave rise to the anomaly at the uncon-
trolled platform, the controlled platform may determine that
the root cause of the anomaly is likely a problem that is
unrelated to the given software application.

The controlled platform’s evaluation of the likely root
cause of an identified anomaly may take various other forms
as well.

Once the controlled platform determines the likely root
cause of an identified anomaly in the given software appli-
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cation, this determination may trigger the controlled plat-
form to take various one or more remedial actions, which
may take various forms.

For instance, if the controlled platform determines that the
root cause of the anomaly is likely a problem with the given
software application, the controlled platform may cause a
notification to be provided to an individual responsible for
developing and/or testing the given software application,
such as a quality assurance engineer. This notification may
take various forms. In one example, the notification may
include an identification of the given software application
for which an anomaly has been identified and perhaps also
an identification of the particular node(s) in the given
software application’s topology that correspond to the iden-
tified anomaly. The notification may include other informa-
tion and take other forms as well. Further, the controlled
platform may cause a notification to be provided in various
manners. As one example, the controlled platform may
transmit the notification to a client station associated with an
individual responsible for developing and/or testing the
given software application, which may in turn present the
notification to the individual.

Once the individual responsible for developing and/or
testing the given software application receives this notifica-
tion, the individual may then conduct further evaluation of
the issue to determine if there is indeed a problem with the
given software application.

On the other hand, if the controlled platform determines
that the root cause of the anomaly is likely a problem
unrelated to the given software application, the controlled
platform may cause the uncontrolled platform to re-run the
given software application (e.g., by sending an instruction to
the uncontrolled platform).

Based on its determination of the likely root cause of an
identified anomaly in the given software application, the
controlled platform may take various other remedial actions
as well.

One of ordinary skill in the art will appreciate these as
well as numerous other aspects in reading the following
disclosure.

Accordingly, in one aspect, disclosed herein is a method
for identifying anomalies that involves: (a) obtaining
observed data vectors related to the operation of a topology
of'nodes that represents a given software application running
on an uncontrolled platform, wherein each observed data
vector comprises data values captured for a given set of
operating variables at a particular point in time, (b) applying
an anomaly detection model to the obtained observed data
vectors, wherein the anomaly detection model is based on an
unsupervised learning technique that is used to evaluate
whether the deviation between observed and predicted val-
ues for each operating variable of the given set of operating
variables is indicative of an anomaly, (c) based on the
anomaly detection model, identify an anomaly in at least one
operating variable in the given set of operating variables, (d)
determine whether each identified anomaly is indicative of
a problem related to the given software application, and (e)
based on a determination that an identified anomaly is
indicative of a problem related to the given software appli-
cation, cause a client station to present a notification indi-
cating the identified anomaly.

In another aspect, disclosed herein is a computing plat-
form comprising a network interface, at least one processor,
a non-transitory computer-readable medium, and program
instructions stored on the non-transitory computer-readable
medium that are executable by the at least one processor to
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cause the computing system to carry out functions associ-
ated with the disclosed method for detecting anomalies.

In yet another aspect, disclosed herein is a non-transitory
computer-readable medium having instructions stored
thereon that are executable to cause a computing system to
carry out functions associated with the disclosed system for
detecting anomalies.

One of ordinary skill in the art will appreciate these as
well as numerous other aspects in reading the following
disclosure.

BRIEF DESCRIPTION OF THE DRAWINGS

FIG. 1 depicts an example network configuration in which
example embodiments may be implemented.

FIG. 2 illustrates components that may be included in an
example computing platform.

FIG. 3 is an illustration of an example topology of nodes
that represents a given software application.

FIG. 4 is a flow diagram that depicts an example method
of detecting and evaluating anomalies in a given software
application.

DETAILED DESCRIPTION

The following disclosure makes reference to the accom-
panying figures and several exemplary scenarios. One of
ordinary skill in the art will understand that such references
are for the purpose of explanation only and are therefore not
meant to be limiting. Part or all of the disclosed systems,
devices, and methods may be rearranged, combined, added
to, and/or removed in a variety of manners, each of which is
contemplated herein.

1. EXAMPLE NETWORK CONFIGURATION

Turning now to the figures, FIG. 1 depicts an example
network configuration 100 in which example embodiments
may be implemented. As shown, the network configuration
100 includes a controlled platform 102, an uncontrolled
platform 104, and a plurality of client stations, such as
representative client station 106, all of which may be com-
municatively coupled via a communication network 108 or
the like. It should be understood that the network configu-
ration may include various other entities as well.

In general, controlled platform 102 may be any comput-
ing platform that is under the control of a given software
provider. Broadly speaking, such a computing platform may
take the form of one or more computer systems that are
configured to carry out one or more functions related to the
disclosed process for detecting anomalies in a given soft-
ware application that has been developed by the given
software provider, such as software application 110. For
instance, controlled platform 102 may include one or more
servers (or the like) having hardware components and soft-
ware components that are configured to carry out one or
more functions related to the disclosed process for detecting
anomalies in software application 110. Further, controlled
platform 102 may include one or more user interface com-
ponents that enable a platform user to interface with the
platform. Further yet, controlled platform 102 may be
arranged to receive and transmit data according to datatlow
technology, such as TPL Dataflow or NiFi, among other
examples.

In practice, the one or more computing systems that make
up controlled platform 102 may be located in a single
physical location or may be distributed amongst a plurality
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of locations, and may be communicatively linked via a
system bus, a communication network (e.g., a private net-
work), or some other connection mechanism. In this respect,
controlled platform 102 may be located at least partially on
premises (e.g. datacenters, server rooms, etc.) that are under
the control of the software provider, and/or are at least
physically accessible to the software provider, such as a
server room under control of the software provider, a data-
center owned by the software provider, and/or a datacenter
owned by a hosting provider that offers co-location. Further,
controlled platform 102 could comprise dedicated physical
servers that are under the control of a software provider
and/or virtual private servers (VPSs), which are physical
servers owned by a hosting provider and may be leased by
a software provider for purposes of running virtual
machines. Controlled platform 102 may take various other
forms as well.

In turn, uncontrolled platform 104 may be any computing
platform that is not under the control of the provider of the
given software application 110, but is nevertheless config-
ured to run instances of software application 110. Broadly
speaking, such a computing platform may take the form of
any one or more computer systems that are configured to run
instances of software application 110 and carry out one or
more other functions related to the disclosed process for
detecting anomalies in software application 110 (e.g., pro-
viding operating data for software application 110 to con-
trolled platform 102). For instance, uncontrolled platform
104 may include one or more servers (or the like) having
hardware components and software components that are
configured to carry out one or more of the functions dis-
closed herein for running instances of software application
110 and also potentially carrying out one or more other
functions related to the disclosed process for detecting
anomalies in software application 110. Further, uncontrolled
platform 104 may include one or more user interface com-
ponents that enable a platform user to interface with the
platform. Further yet, uncontrolled platform 104 may be
arranged to receive and transmit data according to datatlow
technology, such as TPL Dataflow or NiFi, among other
examples.

In practice, the one or more computing systems that make
up uncontrolled platform 104 may be located in a single
physical location or distributed amongst a plurality of loca-
tions, and may be communicatively linked via a system bus,
a communication network (e.g., a private network), or some
other connection mechanism. In one particular implemen-
tation, uncontrolled platform 104 may comprise the com-
puting infrastructure of an Internet Area Network (IAN),
such as a public, private, or hybrid cloud), and this owned
and operated by a third-party provider of on-demand hard-
ware resources (e.g. storage, processing, virtual machines,
etc.) that can be used by software providers to host software
(e.g., Amazon Web Services (AWS)). In another implemen-
tation, uncontrolled platform 104 may comprise one or more
dedicated servers, VPSs, or the like that are configured to
run instances of software application 110. Uncontrolled
platform 104 may take other forms as well.

Referring again to FIG. 1, client station 106 may take the
form of a computing system and/or device that enables a
user to interact with controlled platform 102 and/or uncon-
trolled platform 104. To facilitate this, client station 106 may
include hardware components such as a user interface, a
network interface, a processor, and data storage, among
other components. Additionally, client station 106 may be
configured with software components that enable interaction
with controlled platform 102 and/or uncontrolled platform
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104 via a graphical user interface or the like, such as a web
browser that is capable of accessing software application
110 or a native client application associated with controlled
platform 102 and/or uncontrolled platform 104, among other
examples. Representative examples of client stations may
include a desktop computer, a laptop, a netbook, a tablet, a
smartphone, a personal digital assistant (PDA), or any other
such device now known or later developed.

As discussed above, controlled platform 102, controlled
platform 104, and client station 106 may be communica-
tively coupled via communication network 108, which may
generally include one or more computing systems, network
infrastructure, and/or communication links that are config-
ured to facilitate transferring data between these computing
systems and/or devices. In practice, communication network
108 may be or may include one or more IANs (such as
public, private, or hybrid clouds), Wide-Area Networks
(WANSs) (such as the Internet or a cellular network, Local-
Area Networks (LLANs), and/or dedicated communication
links, which may be wired and/or wireless and may support
secure and reliable communication. Further, communication
network 108 may operate according to one or more com-
munication protocols, such as LTE (Long Term Evolution),
CDMA (Carrier Division Multiple Access), GSM, LPWAN,
WiFi (e.g. the 802.11x family of protocols from the Institute
of Electrical and Electronics Engineers (IEEE), Bluetooth,
Fibre Channel, Ethernet (e.g. the IEEE 802.3x family of
standards), WDM (Wavelength Division Multiplexing),
HTTP/S (Secure/Hypertext Transport Protocol), TLS
(Transport Level Security), TCP (Transmission Control Pro-
tocol), UDP (Universal Datagram Protocol), ATM, FDDI,
CoAP (Constrained Application Protocol)/DTLS (datagram
Transport Layer Security), and/or the like. Communication
network 108 may include other types of networks and/or
operate according to other communication protocols as well.

Although communication network 108 is shown as a
single network, it should be understood the communication
network 108 may include multiple, distinct networks that are
themselves communicatively linked. Further, although not
shown, the communication path between controlled plat-
form 102, uncontrolled platform 104, and/or client station
106 may include one or more intermediate devices. Many
other configurations are also possible.

In this configuration, the given software provider may use
controlled platform 102 to develop and test software appli-
cation 110, and may then deploy software application 110 to
uncontrolled platform 104 for execution, such that uncon-
trolled platform 104 serves as the production environment
for software application 110. As described in further detail
below, controlled platform 102 may then monitor instances
of software application 110 running on uncontrolled plat-
form 104 (e.g., based on operating data received from
uncontrolled platform 104) to determine whether there are
any anomalies in the given software application 110 that
need to be remedied.

It should be understood that the network configuration
100 is one example of a network in which embodiments
described herein may be implemented. Numerous other
arrangements are possible and contemplated herein. For
instance, other network configurations may include addi-
tional components not pictured and/or more or fewer of the
pictured components.

II. EXAMPLE COMPUTING PLATFORM

FIG. 2 is a simplified block diagram illustrating some
components that may be included in an example computing
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platform 200 from a structural perspective, which could
serve as a controlled platform (e.g. controlled platform 102)
or an uncontrolled platform (e.g. uncontrolled platform
104). In line with the discussion above, platform 200 may
generally comprise one or more computer systems (e.g., one
or more servers), and these one or more computer systems
may collectively include at least a processor 202, data
storage 204, network interface 206, and perhaps also a user
interface 210, all of which may be communicatively linked
by a communication link 208 that may take the form of a
system bus, communication network such as an IAN (e.g., a
public, private, or hybrid cloud), or some other connection
mechanism.

Processor 202 may comprise one or more processor
components, such as general-purpose processors (e.g., a
single- or multi-core microprocessor), special-purpose pro-
cessors (e.g., an application-specific integrated circuit or
digital-signal processor), programmable logic devices (e.g.,
a field programmable gate array), controllers (e.g., micro-
controllers), and/or any other processor components now
known or later developed. In line with the discussion above,
it should also be understood that processor 202 could
comprise processing components that are distributed across
a plurality of physical computing devices connected via a
network, such as a computing cluster of an IAN (e.g., a
public, private, or hybrid cloud).

In turn, data storage 204 may comprise one or more
non-transitory ~ computer-readable  storage  mediums,
examples of which may include volatile storage mediums
such as random-access memory, registers, cache, etc. and
non-volatile storage mediums such as read-only memory, a
hard-disk drive, a solid-state drive, flash memory, an optical-
storage device, etc. In line with the discussion above, it
should also be understood that data storage 204 may com-
prise computer-readable storage mediums that are distrib-
uted across a plurality of physical computing devices con-
nected via a network, such as a storage cluster of an IAN
(e.g., a public, private, or hybrid cloud) that operates accord-
ing to technology such as AWS for Elastic Compute Cloud,
Simple Storage Service, etc.

As shown in FIG. 2, data storage 204 may be provisioned
with software components that enable the platform 200 to
carry out the functions disclosed herein. These software
components may generally take the form of program instruc-
tions that are executable by the processor 202 to carry out
the disclosed functions, which may be arranged together into
software applications, virtual machines, software develop-
ment kits, toolsets, or the like. For instance, in accordance
with the present disclosure, data storage 204 may be provi-
sioned with instances of the given software application 110
as well as software components related to the disclosed
process for detecting anomalies in software application 110.

Further, data storage 204 may be arranged to store data
related to the functions carried out by platform 200 (e.g.,
operating data for the given software application 110) in a
database or the like. In one implementation, the data storage
204 may store data using a broadly-distributable and highly-
scalable multi-node technology such as Elasticsearch and/or
MongoDB shards. However, the data storage 204 may store
data in other manners as well.

Network interface 206 may be configured to facilitate
wireless and/or wired communication between platform 200
and various network components coupled to communication
network 108, such as another computing platform and/or a
client station. Additionally, in an implementation where
platform 200 comprises a plurality of physical computing
devices connected via a network, network interface 206 may

10

15

20

25

30

35

40

45

50

55

60

65

12

be configured to facilitate wireless and/or wired communi-
cation between these physical computing devices (e.g.,
between computing and storage clusters in an [AN). As
such, network interface 206 may take any suitable form for
carrying out these functions, examples of which may include
an Ethernet interface, a serial bus interface (e.g., Firewire,
USB 2.0, etc.), a chipset and antenna adapted to facilitate
wireless communication, and/or any other interface that
provides for wired and/or wireless communication. Network
interface 206 may also include multiple network interfaces
that support various different types of network connections,
some examples of which may include Hadoop, FTP, rela-
tional databases, high frequency data such as OSI PI, batch
data such as WL, and Base62. Other configurations are
possible as well.

In some embodiments, platform 200 may additionally
include one or more physical interfaces 210 that facilitate
user interaction with platform 200. For example, the plat-
form’s one or more physical interfaces may take the form of
ports, short-range wireless transceivers, or the like that
provide connectivity with external user-interface equipment
(sometimes referred to as “peripherals™) such as a keyboard,
a mouse or trackpad, a display screen, a touch-sensitive
interface, a stylus, a virtual-reality headset, speakers, etc. As
another example, the platform’s one or more physical inter-
faces may take the form of user-interface components that
are physically integrated into platform 200, such as an
integrated keyboard, trackpad, display screen, and/or a
touch-sensitive interface. The platform’s one or more physi-
cal interfaces may take other forms as well.

It should also be understood that, instead of interacting
with the computing system 200 via physical interface(s)
210, a user may interact with the computing system 200 via
a client station that is communicatively coupled to the
computing system 200 via a communication network and the
computing system’s network interface 206.

In either case, platform 200 may provide a user with a
graphical user interface (GUI) that enables the user to
perform administration functions for platform 200 (e.g.,
functions for managing and monitoring a cloud infrastruc-
ture).

III. EXAMPLE TOPOLOGY OF A SOFTWARE
APPLICATION

As discussed above, a given software application may be
represented as a topology of nodes, where each node com-
prises a self-contained component of a software application.
Examples of such a self-contained component may comprise
a thread, process, a container (e.g., a Docker container or
similar), or any combination thereof. The component rep-
resented by a given node may take various other forms as
well.

The topology of nodes that represents a given software
application may take various forms. As one possibility, the
topology of nodes may comprise a hierarchical tree-like
structure, but other configurations are possible as well.
While the given software application is running, data may
then flow between and among the nodes in the topology
representing the given software application. More particu-
larly, data may flow from upstream nodes, which are located
at higher levels of the hierarchy, to downstream nodes,
which are located at lower levels of the hierarchy.

In general, there may be at least three different types of
nodes that can be included in such a topology: (1) a “source
node,” which is a node in the software application that
receives data from a source that is external to the given
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software application and then passes the data to one or more
downstream nodes in the topology, (2) a “processor node,”
which is a node that receives data from one or more
upstream nodes, performs one or more processing opera-
tions on the data, and then passes the resulting data to one
or more downstream nodes in the topology, and (3) a “sink
node,” which receives data from one or more upstream
nodes and then makes the data available to other software
applications that are external to the given software applica-
tion. In practice, a downstream node in such a topology may
receive data from an upstream node as a result of “subscrib-
ing” to the upstream node’s data output. However, the
topology of nodes that represents the given software appli-
cation may take various other forms as well. (While the
disclosed technique is described below in the context of a
single software application, it should be understood that two
or more interconnected software applications may be rep-
resented as a single topology of nodes, and in this respect,
the disclosed technique may be used to detect anomalies
across two or more interconnected software applications as
well).

An example topology of nodes 300 that represents a given
software application will now be described with reference
FIG. 3. For purposes of illustration, this topology will be
described with reference to software application 110
described above in connection with FIG. 1.

As shown in FIG. 3, example topology 300 may comprise
a hierarchical structure of nodes that includes a source node
302, 304, 306, 308, 310, 312, 314, 316, 318, and 320. Each
node is connected to at least one other node via a link (which
may be referred as an “edge” in graph theory). For example,
node A (302) is connected to node B (304) via a first link,
and node A is connected to node E (310) and node J (320)
via second and third links, respectively.

In topology 300, a source node is indicated by a solid bold
border, a processor node is indicated by a solid (non-bold)
border, and a sink node is indicated by a dashed border.
Thus, as shown, node A (302) is a source node, nodes B
(304), C (306), E (310), and F (312) are processor nodes, and
nodes D (308), G (314), H (316), 1 (318), and J (320) are sink
nodes.

Additionally, as shown, each node may belong to a given
level of the hierarchy of topology 300. For instance, node
302 is at the highest (i.e., first) level of the hierarchy, nodes
B (304), E (310), and J (320) belong to the next highest (i.e.,
second) level of the hierarchy, nodes C (306) and F (312)
belong to next highest (i.e., third) level of the hierarchy, and
then lastly, nodes D (308), G (314), H (316), and 1 (318)
belong to the lowest (i.e., fourth) level of the hierarchy. In
topology 300, data generally flows from upstream to down-
stream nodes based on the level of the hierarchy to which
each node belongs, where node A is the upstream-most node
and nodes D, G, H, and I are the downstream-most nodes.

An example data flow that may take place in topology 300
while software application 110 is being executed will now
be described in greater detail. The example data flow may
begin at source node A (302), which may receive input from
various sources. Examples of such sources may comprise
user input, file input, stream input, and may take various
other forms as well. Source node A may ingest and process
the received input, and may pass some or all of the ingested/
processed input to its child nodes, i.e., processor node B
(304), processor node E (310), and/or sink node I (320).
Although only a single source node is illustrated in topology
300, it should be understood that a topology may have
multiple source nodes and may take various other forms.
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Responsive to receiving data from source node A (302),
processor node B (304) may process the received data and
may output processed data, to processor node C (306).
Processor node C (306), responsive to receiving processed
data from processor node B, may perform further process-
ing, and output processed data to sink node D (308). Sink
node D may process data received from node C, and may
output the data to another software application.

Turning now to processor node E (310), processor node E
receives data from source node A (302), processes some or
all of the received data, and outputs the processed data to
processor node F (312). Processor node F may perform
additional processing and may output its processed data to
sink nodes G (314), H (316), and I (318). Sink nodes G, H,
and I, in turn may each process and output data to another
software application.

Referring back to source node A (302), in addition to
outputting data to processor nodes B (304) and E (310),
source node A (302) may also output data to sink node J
(320). Sink node J, in turn, may output data to another
application.

To evaluate the operation of the given software applica-
tion, one or more different types of metrics related to the
operation of the nodes in the given software application’s
topology may be captured for each node as data flows
through the given software application. These types of
metrics may take various forms.

As a first example, the types of metrics captured for the
given software application’s topology may include cache-
related metrics, such as the percentage of cache memory
usage and/or the percentage of unused cache.

As a second example, the types of metrics captured for the
given software application’s topology may include cluster-
related metrics, such as consumer offset lag, number of
offline cluster nodes, number of healthy dependencies, num-
ber of retries during recovery, and/or number of unhealthy
tasks.

As a third example, the types of metrics captured for the
given software application’s topology may include virtual-
machine metrics, such as virtual machine RAM/memory
usage and/or virtual machine CPU/GPU usage. A given node
or software application may query the virtual machine, such
as a hypervisor or a programming language virtual machine,
via an API (Application Programming Interface) to obtain
the virtual-machine metrics, as one possibility.

As a fourth example, the types of metrics captured for the
given software application’s topology may include user-
interface metrics, such as user input validation failure and/or
number of user requests waiting in the queue.

As a fifth example, the types of metrics captured for the
given software application’s topology may include data-
base-query-related metrics, such as number of pending/
executing queries, query running time, records processing
time, query CPU/memory usage, number of query results,
and/or number of outputs persisted/written to a database.

As a sixth example, the types of metrics captured for the
given software application’s topology may include failure-
type metrics, such as data replication failure, task backup
failure, task execution exception, invalid output exception,
and/or invalid input exception.

As a seventh example, the types of metrics captured for
the given software application’s topology may include soft-
ware-lifecycle metrics, such as healthy/unhealthy session
length, crashes, successful/unsuccessful launches, and/or
monthly/daily engaged users.

As an eighth example, the types of metric captured for the
given software application’s topology may include applica-
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tion-created metrics. For instance, a given node of a soft-
ware application may include specific logic to generate
and/or capture metrics associated with the application’s
performance behavior such as a counter that tracks a number
of transactions that the given node has processed or that
increments when the given node receives an incoming data
sample. The application-created metric capturing may be
customizable and may enable the capture of more detailed
and application-specific metric data as compared to a tradi-
tional dedicated or controlled server, which may only cap-
ture certain built-in metrics.
The given set of metrics related to the operation of the
nodes in the topology that represents the given software
application may take other forms as well.
In practice, a given type of metric may be captured for
each node in the given software application’s topology (or at
least a given subset of the nodes). For example, if the metrics
to be captured for the given software application’s topology
include a cache-related metric, then that cache-related met-
ric may be captured for each node in the given software
application’s topology. In this respect, the metric as captured
for each different node may be considered a separate oper-
ating variable for the given software application’s topology.
In other words, if the given software application’s topology
includes 5 nodes and a single type of metric is captured for
those 5 nodes (e.g., a cache-related metric represented as
“C”), then there may be a total of 5 operating variables for
the given software application’s topology (e.g., C,, C,, C;,
C,, Cs). Similarly, if the given software application’s topol-
ogy includes 5 nodes and two types of metrics are captured
for those 5 nodes (e.g., a cache-related metric represented as
“C” and a virtual-machine metric represented as “V”), then
there may be a total of 10 operating variables for the given
software application’s topology (e.g., C,, C,, C5,C,, C5, V,
V,, V,, V,, VJ). The operating data variables for the given
software application’s topology may take various other
forms as well.
In the example of FIG. 3, there are variables shown next
to the nodes in topology 300 to indicate some representative
examples of metrics that may be captured for such nodes.
For example, as shown in FIG. 3:
A first cache-related metric C, and a first virtual-machine
metric V, may be captured for node A;

A second cache-related metric C, and a second virtual-
machine metric V, may be captured for node B;

A third cache-related metric C; and a first database-query-
related metric D, may be captured for node C;

A fourth cache-related metric C, may be captured for
node D;

A third virtual-machine metric V; and a second database-
query-related metric D, may be captured for node E;

A fourth virtual-machine metric V, may be captured for
node F;

A fifth cache-related metric C5 may be captured for node
G;

A sixth cache-related metric C; and a third database-
query-related metric D; may be captured for node H;

A seventh cache-related metric C,, a fourth database-
query-related metric D,, and a fifth virtual-machine
metric V5 may be captured for node I; and

A first user-interface metric U, and a sixth virtual-ma-

chine metric V¢ may be captured for node J.

As described above, each metric captured for each node
may be considered to be a separate operating variable, and
the combination of captured operating variables may be
collectively define a set of operating variables the given
software application’s topology. In the example illustrated in
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FIG. 3, the set of operating variables for topology 300 may
comprise the following set of 18 operating variables: {C,,
C. Cs, Cay Cs, oy V1, Vi Vi, Vi, Vi, Vi, D, D, Dy,
D,, U,}, which may be represented as a vector. (While the
example in FIG. 3 shows different types of metrics being
captured for different nodes, it should be understood that the
same types of metrics may be capture for each respective
node in the topology).

In addition to capturing metrics at a node level, it is also
possible that certain metrics may be captured for topology
300 as a whole. For instance, user-interface metrics, data-
base-query-related metrics, etc. may be captured for topol-
ogy 300 as a whole. In such an example, these topology-
wide metrics may then also be included in the set of
operating variables for topology 300. The operating vari-
ables for topology 300 may take various other forms as well.

While capturing data for one or more of the metrics
discussed above, software application 110 may also output
the captured metric data to a database or the like for
persistence, so that controlled platform 102 may later access
the captured metric data. In one possible implementation,
the captured metric data may be reported (e.g. output) by
each node of topology 300 to a software service that controls
execution of software application 110, and the software
service may in turn direct (i.e. output and/or commit) the
reported captured metric data to a database for persistent
storage. Thereafter, controlled platform 102 may query the
database to retrieve the captured metric data (e.g., via a
query interface). The captured metric data may be persisted
and be made accessible to controlled platform 102 in various
other manners as well.

The data values captured for a given set of operating
variables for a given software application may then be used
to carry out the disclosed process for detecting anomalies in
the given software application’s topology. This process may
be carried out in various manners, and is described in greater
detail with respect to FIG. 4 below.

IV. EXAMPLE OPERATIONS

As discussed above, disclosed herein is a process for
detecting anomalies in a given software application running
on an uncontrolled platform. In general, the disclosed pro-
cess involves applying an anomaly detection model that is
based on a unsupervised machine learning technique to data
values that are captured for a given set of operating variables
while an instance of the given software application is
running in an uncontrolled platform, in order to detect
anomalies in the given software application’s topology.

An example of the disclosed process for detecting anoma-
lies in a given software application running on an uncon-
trolled platform will now be described with reference to
FIG. 4. In FIG. 4, each block may generally represent a
module or portion of program code that includes instructions
that are executable by a processor to implement specific
logical functions or steps in a process. The program code
may be stored on any type of computer-readable medium,
such as non-transitory computer-readable media. In other
cases, each block may represent circuitry that is wired to
perform specific logical functions or steps in a process.

For the purposes of illustration, the example functions are
described as being carried out in the network configuration
100 illustrated in FIG. 1, where controlled platform 102
functions to monitor for and detect anomalies in an instance
of software application 110 that is running on uncontrolled
platform 104. However, it should be understood that the
example functions may be carried out in various other
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network configurations as well. Likewise, it should be
understood that the flow diagram in FIG. 4 is provided for
sake of clarity and explanation and that numerous other
combinations of functions may be utilized to detect anoma-
lies in a given software application running on an uncon-
trolled platform—including the possibility that example
functions may be added, removed, rearranged into different
orders, combined into fewer blocks, and/or separated into
additional blocks depending upon the particular embodi-
ment.

At block 402, according to an example embodiment, the
disclosed process may begin with a “training phase” during
which an instance of software application 110 is run on
controlled platform 102 and is used in a manner that is
intended to simulate normal operation of the given software
application (e.g., a set of common use cases). While running
the given instance of software application 110, controlled
platform 102 then captures values for a given set of oper-
ating values at various points in time, thereby producing a
time-sequence of multivariate data vectors where each mul-
tivariate data vector in the sequence comprises a snapshot of
the values captured for the given set of operating variables
at a particular point in time.

In turn, at block 404, controlled platform 102 may com-
pile a subset of the captured multivariate data vectors into a
set of training data vectors that are reflective of the normal
operation of software application 110.

Depending on the form of unsupervised learning tech-
nique on which the anomaly detection model is based, the
software provider’s controlled platform may then perform
certain pre-processing of the set of training data vectors. For
instance, in one implementation, the anomaly detection
model may be based on a component analysis technique
such as Principal Component Analysis (PCA), which gen-
erally involves transformation of observed data vectors from
their original “observed coordinate space™ to a “transformed
coordinate space” that is defined by variables that are
uncorrelated from each other. In such an implementation, the
training phase may involve applying a component analysis
technique to the set of training data vectors to define a new
“transformed coordinate space” for use in detecting anoma-
lies in observed data.

For example, the training phase may involve applying a
PCA technique to the set of training data vectors to define a
new PCA coordinate space comprising a set of uncorrelated
variables referred to as principal components (PCs), where
the variance in the PCs “explains” the variance and cova-
riance in the observed coordinate space. In this respect, the
covariance of the multivariate data in the observed coordi-
nate space may effectively be removed by transforming that
data to a new coordinate space based on the set of PCs
having no covariance. In addition, PCA may also order the
PCs of the PCA coordinate space in order of their covari-
ance. Depending on the component analysis technique used,
the function of defining the transformed coordinate space
may take other forms as well.

After ranking the variables of the PCA coordinate space
in order of their covariance, controlled platform 102 may
also reduce the dimensionality of the transformed coordinate
space by removing a number of PCs that have the lowest
contribution, i.e. the lowest respective covariance. As some
examples, controlled platform 102 may remove a PCs from
the set if its respective covariance is less than a threshold
level of covariance. Controlled platform 102 may determine
PCs for removal in various other manners as well.

In addition to defining the transformed coordinate space
for the component analysis technique, the training phase
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may also involve defining a set of anomaly thresholds for the
anomaly detection model, which generally specify how
much deviation from the predicted version of an observed
data vector is acceptable in each dimension of the observed
coordinator space (e.g., for each operating data variable).
For instance, once the transformed coordinate space has
been defined, controlled platform 102 may (1) transform (or
“project”) each training data vector from the observed
coordinate space to the transformed coordinate space and
then (2) inversely transform (or “project”) each training data
vector from the transformed coordinate space back to the
observed coordinate space, thereby producing a predicted
version of each training data vector. In turn, the controlled
platform may evaluate the difference between the original
and predicted versions of the training data vectors for each
operating data variable in the observed coordinate space to
define the acceptable deviation for each operating data
variable.

In another implementation, the anomaly detection model
may be based on linear regression. In such an implementa-
tion, the training phase may involve applying linear regres-
sion to the set of training data vectors to produce a predictive
function that is representative of normal operation of the
given software application, and then comparing each train-
ing data vector in the set to the predictive function to define
a set of anomaly thresholds for the anomaly detection model
(which generally specify how much deviation from the
predicted function is acceptable for each operating data
variable).

The anomaly detection approach may be based on other
unsupervised learning techniques as well. It should also be
understood that instead of performing these functions during
a preliminary training phase, the controlled platform may
perform one or more of these functions “on the fly” while
evaluating observed data vectors. Other implementations are
possible as well.

After the set of training data vectors has been compiled
and the training phase has completed, controlled platform
102 may then engage in an “execution phase” during which
controlled platform 102 may apply the anomaly detection
model to observed data for instances of software application
110 that are running on uncontrolled platform 104 to moni-
tor for anomalies in the instances of software application
110.

For instance, at block 406, controlled platform 102 may
first obtain a set of observed data vectors that each comprise
a snapshot of the values captured for the given set of
operating variables at a particular point in time while
instances of software application 110 are running on uncon-
trolled platform 104. In line with the discussion above,
controlled platform 102 may obtain the set of observed data
vectors for an instance of software application 110 in various
manners. As one possibility, an instance of software appli-
cation 110 may output observation data vectors to a database
or the like for persistence, and controlled platform 102 may
then query the database to obtain the observation data
vectors. The observation data vectors may be captured and
then obtained by controlled platform 102 in various other
manners as well.

At block 408, controlled platform 102 may then apply the
anomaly detection model to each such observed data vector
to determine whether the data values for any of the operating
data variables are anomalous. Depending on the form of
unsupervised learning technique on which the anomaly
detection model is based, this function may take various
forms.
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In line with the discussion above, in one implementation,
the anomaly detection model may be based on a component
analysis technique such as PCA. In such an implementation,
applying the anomaly detection model may involve (1)
transforming (or “projecting”) each observed data vector
from the observed coordinate space to the transformed
coordinate space and then (2) inversely transforming (or
“projecting”) each observed data vector from the trans-
formed coordinate space back to the observed coordinate
space, thereby producing a predicted version of each obser-
vation data vector that comprises an estimate of what the
values of the observed data vector should have been had the
instance of software application 110 been operating nor-
mally. Techniques related to transforming an observed data
vector from an observed coordinate space to a transformed
coordinate space and then inversely transforming the
observed data vector back to the observed coordinate space
are described in further detail in U.S. patent application Ser.
Nos. 15/367,012 and 15/788,622, which are incorporated
herein by reference in their entirety.

According to this implementation, controlled platform
102 may then evaluate the predicted values of the observed
data vectors as compared to the original values of the
observed data vectors, to determine whether the deviation
between the observed and predicted values of any operating
variable (e.g., an operating variable corresponding to a given
node in the topology) exceeds the anomaly thresholds for the
anomaly detection model. As discussed above, these
anomaly thresholds may be defined during the “training
phase” of the process, and may generally specify how much
deviation from the predicted version of an observed data
vector is acceptable in each dimension of the observed
coordinator space (e.g., for each operating data variable).

In another implementation, the anomaly detection model
may be based on linear regression. In such an implementa-
tion, applying the anomaly detection model may involve
comparing the observed data vectors to a predictive function
to determining whether the deviation between the observed
and predicted values of any operating variable exceeds the
anomaly thresholds for the anomaly detection model (which
generally specify how much deviation from the predicted
function is acceptable for each operating data variable).

The function of applying the anomaly detection model to
observed data for an instance of the given software appli-
cation may take other forms as well.

At block 410, as a result of applying the anomaly detec-
tion model, controlled platform 102 may identify an
anomaly in one or more of the operating variables for a
given instance of software application 110, which may
correspond to one or more nodes of the software applica-
tion’s topology.

At block 412, once any such anomaly is identified,
controlled platform 102 may determine whether the root
cause of the identified anomaly is likely a problem in
software application 110 (e.g., a bug), or instead, whether
the root cause of the anomaly is likely some other problem
that is unrelated to software application 110 (e.g., a problem
with the uncontrolled computing problem). This evaluation
may take various forms.

As one possibility, after controlled platform 102 identifies
an anomaly in an operating variable that corresponds to a
given node of the software application’s topology, con-
trolled platform 102 may then evaluate the operating vari-
ables corresponding to other nodes in the topology that share
dependencies with the given node, such as the given node’s
child nodes and/or sibling nodes. If the operating data
variables corresponding to these other nodes appear to be
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normal (i.e., non-anomalous), then controlled platform 102
may determine that the root cause of the anomaly is likely
a problem with the given node in software application 110.
On the other hand, if at least some of the operating data
variables corresponding to these other nodes are also anoma-
lous, then controlled platform 102 may determine that the
root cause of the anomaly is likely a problem that is
unrelated to software application 110.

As an example, referring back to the example of FIG. 3,
if controlled platform 102 identifies an anomaly in operating
variable V, of node F (312), controlled platform 102 may
then evaluate the operating variables of nodes E, G, H, and
and/or 1, which are either parent or child nodes of node F. If
the operating data variables corresponding to these other
nodes of nodes E, G, H, and/or I appear to be normal (i.e.,
non-anomalous), then controlled platform 102 may deter-
mine that the root cause of the anomaly is likely a problem
with node F.

As another possibility, after controlled platform 102 iden-
tifies an anomaly in an at least one operating variable for
software application 110, controlled platform 102 may then
re-run an instance of software application 110 on controlled
platform 102 under the same conditions that led to the
anomaly being identified (e.g., by inputting the same source
data into the instance of software application 110). In this
respect, controlled platform 102 may attempt to replicate the
anomalous operation of software application 110 each time
an anomaly is identified in the instance of software appli-
cation 110 running on uncontrolled platform 104, or alter-
natively, may attempt to replicate the anomalous operation
of software application 110 only after first performing some
other root cause analysis of the identified anomaly (e.g., by
evaluating other nodes that share dependencies with an
anomalous node).

In either case, if a similar anomaly is identified after
re-running an instance of software application 110 on con-
trolled platform 102 under the same conditions that gave rise
to the anomaly at uncontrolled platform 104, controlled
platform 102 may determine that the root cause of the
anomaly is likely a problem with software application 110
(and in particular, with the node that corresponds to the
operating variable exhibiting the anomaly). On the other
hand, if no anomaly is identified after re-running the
instance of software application 110 on controlled platform
102 under the same conditions that gave rise to the anomaly
at uncontrolled platform 104, controlled platform 102 may
determine that the root cause of the anomaly is likely a
problem that is unrelated to software application 110.

The controlled platform’s evaluation of the likely root
cause of an identified anomaly may take various other forms
as well.

At block 414, once controlled platform 102 determines
the likely root cause of an identified anomaly in software
application 110, this determination may trigger controlled
platform 102 to take various one or more remedial actions,
which may take various forms.

For instance, if controlled platform 102 determines that
the root cause of the anomaly is likely a problem with
software application 110, controlled platform 102 may cause
a notification to be provided to an individual responsible for
developing and/or testing software application 110, such as
a quality assurance engineer. This notification may take
various forms. In one example, the notification may include
an identification of software application 110 for which an
anomaly has been identified and perhaps also an identifica-
tion of the particular node(s) in the software application’s
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topology that correspond to the identified anomaly. The
notification may include other information and take other
forms as well.

Further, controlled platform 102 may cause a notification
to be provided in various manners. As one example, con-
trolled platform 102 may transmit the notification to a client
station associated with an individual responsible for devel-
oping and/or testing software application 110, which may in
turn present the notification to the individual. Once the
individual responsible for developing and/or testing soft-
ware application 110 receives this notification, the indi-
vidual may then conduct further evaluation of the issue to
determine if there is indeed a problem with software appli-
cation 110.

On the other hand, if controlled platform 102 determines
that the root cause of the anomaly is likely a problem
unrelated to software application 110, the controlled plat-
form may cause uncontrolled platform 104 to re-run soft-
ware application 110 (e.g., by sending an instruction to the
uncontrolled platform).

Based on its determination of the likely root cause of an
identified anomaly in software application 110, controlled
platform 102 may take various other remedial actions as
well.

V. CONCLUSION

The description above discloses, among other things,
various example systems, methods, apparatus, and articles
of manufacture including, among other components, firm-
ware and/or software executed on hardware. It is understood
that such examples are merely illustrative and should not be
considered as limiting. For example, it is contemplated that
any or all of the firmware, hardware, and/or software aspects
or components can be embodied exclusively in hardware,
exclusively in software, exclusively in firmware, or in any
combination of hardware, software, and/or firmware.
Accordingly, the examples provided may not be the only
way(s) to implement such systems, methods, apparatus,
and/or articles of manufacture.

Additionally, references herein to “embodiment” means
that a particular feature, structure, or characteristic described
in connection with the embodiment can be included in at
least one example embodiment of an invention. The appear-
ances of this phrase in various places in the specification are
not necessarily all referring to the same embodiment, nor are
separate or alternative embodiments mutually exclusive of
other embodiments. As such, the embodiments described
herein, explicitly and implicitly understood by one skilled in
the art, can be combined with other embodiments.

The specification is presented largely in terms of illustra-
tive environments, systems, procedures, steps, logic blocks,
processing, and other symbolic representations that directly
or indirectly resemble the operations of data processing
devices coupled to networks. These process descriptions and
representations are typically used by those skilled in the art
to most effectively convey the substance of their work to
others skilled in the art. Numerous specific details are set
forth to provide a thorough understanding of the present
disclosure. However, it is understood to those skilled in the
art that certain embodiments of the present disclosure can be
practiced without certain, specific details. In other instances,
well known methods, procedures, components, and circuitry
have not been described in detail to avoid unnecessarily
obscuring aspects of the embodiments. Accordingly, the
scope of the present disclosure is defined by the appended
claims rather than the forgoing description of embodiments.
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When any of the appended claims are read to cover a
purely software and/or firmware implementation, at least
one of the elements in at least one example is hereby
expressly defined to include a tangible, non-transitory
medium such as a memory, DVD, CD, Blu-ray, and so on,
storing the software and/or firmware.

To the extent that examples described herein involve
operations performed or initiated by actors, such as
“humans”, “operators”, “users” or other entities, this is for
purposes of example and explanation only. Moreover, the
claims should not be construed as requiring action by such
actors unless explicitly recited in the claim language.

What is claimed is:

1. A computing system comprising:

a network interface;

at least one processor;

a non-transitory computer-readable medium; and

program instructions stored on the non-transitory com-

puter-readable medium that are executable by the at

least one processor to cause the computing system to:

obtain a set of observed data vectors indicating opera-
tion of a topology of nodes that represents a given
software application while the given software appli-
cation is running on a first computing platform that
is not controlled by a provider of the given software
application, wherein each observed data vector in the
set comprises data values captured for a given set of
operating variables at a particular point in time;

apply an anomaly detection model to the obtained set of
observed data vectors, wherein the anomaly detec-
tion model is: (i) defined by applying an unsuper-
vised learning technique to a set of training data
vectors indicating operation of the topology of nodes
that represents the given software application while
the given software application is running on a second
computing platform that is controlled by the provider
of the given software application, and (ii) configured
to evaluate whether a deviation between observed
and predicted values for each operating variable of
the given set of operating variables is indicative of an
anomaly;

based on the anomaly detection model, identify an
anomaly in at least one operating variable in the
given set of operating variables;

evaluate whether any identified anomaly is indicative
of a problem related to the given software applica-
tion and thereby determine that at least one identified
anomaly is indicative of a problem related to the
given software application; and

based on the determination that the at least one iden-
tified anomaly is indicative of a problem related to
the given software application, cause a client station
to present a notification indicating the at least one
identified anomaly.

2. The computing system of claim 1, wherein the com-
puting system is part of the second computing platform, and
wherein the computing system further comprises program
instructions stored on the non-transitory computer-readable
medium that are executable by the at least one processor to
cause the computing system to:

run an instance of the given software application under

conditions intended to simulate normal operation of the
given software application;

while running the instance of the given software applica-

tion, capture data values for the given set of operating
variables at various points in time, thereby producing
the set of training data vectors, wherein each training
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data vector in the set comprises data values captured for
the given set of operating variables at a particular point
in time; and

use the set of training data vectors to define the anomaly

detection model.

3. The computing system of claim 2, wherein the unsu-
pervised learning technique comprises a principal compo-
nent analysis (PCA) technique, and wherein the program
instructions that are executable by the at least one processor
to cause the computing system to use the set of training data
vectors to define the anomaly detection model comprise
program instructions stored on the non-transitory computer-
readable medium that are executable by the at least one
processor to cause the computing system to:

use the set of training data vectors to define transformed

coordinate space comprising a set of principal compo-
nents; and

use the set of training data vectors to define a set of

anomaly thresholds that specify whether the deviation
between observed and predicted values for each oper-
ating variable of the given set of operating variables is
indicative of an anomaly.

4. The computing system of claim 1, wherein the unsu-
pervised learning technique comprises a principal compo-
nent analysis (PCA) technique, wherein the set of observed
data vectors are originally represented in an observed coor-
dinate space, and wherein the anomaly detection model uses
the PCA technique to evaluate whether the deviation
between observed and predicted values for each operating
variable of the given set of operating variables is indicative
of an anomaly by:

transforming each observed data vector from the observed

coordinate space to a transformed coordinate space
comprising a set of principal components;

inversely transforming each observed data vector from the

transformed coordinate space back to the observed
coordinate space, thereby producing a predictive data
vector that corresponds to each observed data vector;
and

comparing the observed data vectors to the predictive data

vectors to determine whether the deviation between
observed and predicted values for each operating vari-
able of the given set of operating variables is indicative
of an anomaly.

5. The computing system of claim 1, wherein the unsu-
pervised learning technique comprises a linear regression
technique, and wherein the anomaly detection model uses
the linear regression technique to evaluate whether the
deviation between observed and predicted values for each
operating variable of the given set of operating variables is
indicative of an anomaly by:

applying linear regression to the set of training data

vectors that are indicative of normal operation of the
topology of nodes that represents the given software
application while the given software application is
running on the second computing platform and thereby
defining a predictive function; and

comparing each observed data vector to the predictive

function to determine whether the deviation between
observed and predicted values for each operating vari-
able of the given set of operating variables is indicative
of an anomaly.

6. The computing system of claim 1, wherein the program
instructions that are executable by the at least one processor
to cause the computing system to determine that at least one
identified anomaly is indicative of a problem related to the
given software application comprise program instructions

15

20

25

30

35

40

45

50

55

60

65

24

stored on the non-transitory computer-readable medium that
are executable by the at least one processor to cause the
computing to:

determine that a given identified anomaly corresponds to

a given node of the topology that represents the given
software application;

evaluate operation of one or more other nodes in the

topology that share dependencies with the given node
to determine whether the one or more other nodes
appear to be anomalous; and

determine that a root cause of the given anomaly is likely

a problem with the given node in the given software
application if the one or more other nodes do not appear
anomalous.

7. The computing system of claim 1, wherein the com-
puting system is part of the second computing platform, and
wherein the program instructions that are executable by the
at least one processor to cause the computing system to
determine that at least one identified anomaly is indicative of
a problem related to the given software application comprise
program instructions stored on the non-transitory computer-
readable medium that are executable by the at least one
processor to cause the computing system to:

run an instance of the given software application at the

computing system under conditions that are selected to
replicate those that led to a given anomaly being
identified; and

determine that the given anomaly is replicated at the

computing system.

8. The computing system of claim 1, wherein the program
instructions that are executable by the at least one processor
to cause the computing system to determine that at least one
identified anomaly is indicative of a problem related to the
given software application comprise program instructions
stored on the non-transitory computer-readable medium that
are executable by the at least one processor to cause the
computing system to:

instruct the first computing platform to re-run the given

software application under conditions that are selected
to replicate those that led to a given anomaly being
identified; and

determine that the given anomaly is replicated at the first

computing platform.

9. The computing system of claim 1, wherein the client
station is associated with an individual responsible for the
given software application.

10. The computing system of claim 1, wherein the topol-
ogy of nodes that represents the given software application
comprises at least one source node, at least one processor
node, and at least one sink node.

11. The computing system of claim 1, wherein the given
set of operating variables comprises at least one respective
operating variable for each node in the topology.

12. The computing system of claim 11, wherein the at
least one respective operating variable for each node in the
topology comprises one or more of a cache-related metric,
a cluster-related metric, a virtual-machine metric, a user-
interface metric, a database-query-related metric, a failure-
type metric, a software-lifecycle metric, or an application-
created metric.

13. A method executed by a computing system, the
method comprising:

obtaining a set of observed data vectors indicating opera-

tion of a topology of nodes that represents a given
software application while the given software applica-
tion is running on a first computing platform that is not
controlled by a provider of the given software appli-
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cation, wherein each observed data vector in the set
comprises data values captured for a given set of
operating variables at a particular point in time;

applying an anomaly detection model to the obtained set
of observed data vectors, wherein the anomaly detec-
tion model is: (i) defined by applying an unsupervised
learning technique to a set of training data vectors
indicating operation of the topology of nodes that
represents the given software application while the
given software application is running on a second
computing platform that is controlled by the provider of
the given software application, and (ii) configured to
evaluate whether a deviation between observed and
predicted values for each operating variable of the
given set of operating variables is indicative of an
anomaly;

based on the anomaly detection model, identifying an

anomaly in at least one operating variable in the given
set of operating variables;

evaluating whether any identified anomaly is indicative of

a problem related to the given software application and
thereby determining that at least one identified anomaly
is indicative of a problem related to the given software
application; and

based on determining that the at least one identified

anomaly is indicative of a problem related to the given
software application, causing a client station to present
a notification indicating the at least one identified
anomaly.

14. The method of claim 13, wherein the computing
system is part of the second computing platform, the method
further comprising:

running an instance of the given software application

under conditions intended to simulate normal operation
of the given software application;

while running the instance of the given software applica-

tion, capturing data values for the given set of operating
variables at various points in time, thereby producing
the set of training data vectors, wherein each training
data vector in the set comprises data values captured for
the given set of operating variables at a particular point
in time; and

using the set of training data vectors to define the anomaly

detection model.

15. The method of 14, wherein the unsupervised learning
technique comprises a principal component analysis (PCA)
technique, and wherein using the set of training data vectors
to define the anomaly detection model comprises:

using the set of training data vectors to define transformed

coordinate space comprising a set of principal compo-
nents; and

using the set of training data vectors to define a set of

anomaly thresholds that specify whether the deviation
between observed and predicted values for each oper-
ating variable of the given set of operating variables is
indicative of an anomaly.

16. The method of claim 13, wherein the unsupervised
learning technique comprises a principal component analy-
sis (PCA) technique, wherein the set of observed data
vectors are originally represented in an observed coordinate
space, and wherein the anomaly detection model uses the
PCA technique to evaluate whether the deviation between
observed and predicted values for each operating variable of
the given set of operating variables is indicative of an
anomaly by:
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transforming each observed data vector from the observed
coordinate space to a transformed coordinate space
comprising a set of principal components;
inversely transforming each observed data vector from the
transformed coordinate space back to the observed
coordinate space, thereby producing a predictive data
vector that corresponds to each observed data vector;
and
comparing the observed data vectors to the predictive data
vectors to determine whether the deviation between
observed and predicted values for each operating vari-
able of the given set of operating variables is indicative
of an anomaly.
17. The method of claim 13, wherein the unsupervised
learning technique comprises a linear regression technique,
and wherein the anomaly detection model uses the linear
regression technique to evaluate whether the deviation
between observed and predicted values for each operating
variable of the given set of operating variables is indicative
of an anomaly by:
applying linear regression to the set of training data
vectors that are indicative of normal operation of the
topology of nodes that represents the given software
application while the given software application is
running on the second computing platform and thereby
defining a predictive function; and
comparing each observed data vector to the predictive
function to determine whether the deviation between
observed and predicted values for each operating vari-
able of the given set of operating variables is indicative
of an anomaly.
18. A non-transitory computer-readable medium having
instructions stored thereon that are executable by at least one
processor to cause a computing system to:
obtain a set of observed data vectors indicating operation
of a topology of nodes that represents a given software
application while the given software application is
running on a first computing platform that is not
controlled by a provider of the given software appli-
cation, wherein each observed data vector in the set
comprises data values captured for a given set of
operating variables at a particular point in time;

apply an anomaly detection model to the obtained set of
observed data vectors, wherein the anomaly detection
model is: (i) defined by applying an unsupervised
learning technique to a set of training data vectors
indicating operation of the topology of nodes that
represents the given software application while the
given software application is running on a second
computing platform that is controlled by the provider of
the given software application, and (ii) configured to
evaluate whether a deviation between observed and
predicted values for each operating variable of the
given set of operating variables is indicative of an
anomaly;

based on the anomaly detection model, identify an

anomaly in at least one operating variable in the given
set of operating variables;

evaluate whether any identified anomaly is indicative of a

problem related to the given software application and
thereby determine that at least one identified anomaly
is indicative of a problem related to the given software
application; and

based on the determination that the at least one identified

anomaly is indicative of a problem related to the given
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software application, cause a client station to present a
notification indicating the at least one identified
anomaly.

19. The non-transitory computer-readable storage
medium of claim 18, wherein the computing system is part
of the second computing platform, and wherein the non-
transitory computer-readable storage medium further com-
prises program instructions that are executable by the at least
one processor to cause the computing system to:

run an instance of the given software application under 1o

conditions intended to simulate normal operation of the
given software application;

while running the instance of the given software applica-
tion, capture data values for the given set of operating
variables at various points in time, thereby producing
the set of training data vectors, wherein each training
data vector in the set comprises data values captured for
the given set of operating variables at a particular point
in time; and

use the set of training data vectors to define the anomaly
detection model.
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20. The non-transitory computer-readable storage
medium of claim 18, wherein the program instructions that
are executable by the at least one processor to cause the
computing system to determine that at least one identified
anomaly is indicative of a problem related to the given
software application comprise program instructions that are
executable by the at least one processor to cause the com-
puting system to:

determine that a given identified anomaly corresponds to

a given node of the topology that represents the given
software application;

evaluate operation of one or more other nodes in the

topology that share dependencies with the given node
to determine whether the one or more other nodes
appear to be anomalous; and

determine that a root cause of the given anomaly is likely

a problem with the given node in the given software
application if the one or more other nodes do not appear
anomalous.



