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Description

BACKGROUND

[0001] Numerous techniques have been employed to
detect the presence of flaws in a computing system.
Some of these techniques include detecting specific flaw
signatures, for example in log messages, back-traces
and core dumps. While such techniques may properly
detect the presence of flaws, often flaws go unnoticed.
A computing system may operate with poor performance
and the operator of the computing system may be left
wondering whether the poor performance is due to a
readily fixable flaw that manifests itself under his/her spe-
cific circumstances, whether the poor performance is due
to the saturation of a hardware resource (e.g., CPU, drive
bandwidth, etc.) due to genuine high system usage or
whether the poor performance is due to some combina-
tion of the former and latter causes.
[0002] US2008/0262822 discloses an arrangement in
which operational resource modeling is usable to analyze
application and computer system performance over a
wide range of hypothetical scenarios. Operational re-
source modeling involves creating and training one or
more resource models, and/or simulating hypothetical
scenarios using resource models.
[0003] WO2016/077089 describes self-healing charg-
ing devices and techniques for identifying and/or trouble-
shooting causes of performance degradation in user de-
vices. The self-healing charging devices can leverage
performance logs associated with user devices to identify
problems on the user devices while the user devices are
charging. Additionally or alternatively, the self-healing
charging devices can leverage predictive models learned
from a collection of data derived from a plurality of users
associated with a network to identify usage and/or per-
formance patterns for predicting issues that can arise
based on usage patterns of the user of the user device.
[0004] US9465548 discloses methods and systems for
managing resources in a networked storage environ-
ment. One method includes using a queuing model for a
resource that processes a plurality of requests at a net-
worked storage environment for predicting a relationship
between latency and utilization of the resource. The
queueing model uses inter-arrival time and service time
to determine latency, where inter-arrival time is a duration
that tracks when requests arrive at the resource and the
service time tracks a duration for servicing the requests
by the resource. The method further includes identifying
optimum utilization of the resource using the predicted
relationship between latency and utilization, where the
optimum utilization is an indicator of resource utilization
beyond which throughput gains for a workload is smaller
than increase in latency; and determining available per-
formance capacity for the resource using the optimum
utilization and actual utilization of the resource.
[0005] According to the invention, it is defined an ap-
paratus, a computer program product and a method for

analyzing flaws in a computer system in accordance with
the appended independent claims 1, 6 and 7, respective-
ly.

BRIEF DESCRIPTION OF THE DRAWINGS

[0006]

Figure 1 depicts a system diagram in which a plurality
of computing systems transmit sensor measure-
ments to a monitoring/analysis server, which stores
and analyzes the sensor measurements, according
to one embodiment.
Figures 2A-2C depict example user interfaces for
reporting the performance of a computing system
and remediation measures (if any) for addressing
poor performance of the computing system, accord-
ing to one embodiment.
Figure 2D depicts a user interface for reporting any
computing systems and/or enterprises operating the
computing systems which would benefit from a hard-
ware upgrade, according to one embodiment.
Figure 2E depicts a user interface for reporting any
computing systems which should be investigated for
possible performance affecting flaws, according to
one embodiment.
Figure 3 depicts an overview of three phases of a
process for classifying whether a computing system
contains a flaw, according to one embodiment.
Figure 4 depicts the training of an expected resource
utilization model, according to one embodiment.
Figure 5 depicts the training of a flaw classifier model,
according to one embodiment.
Figure 6 depicts an application of the expected re-
source utilization model and the flaw classifier mod-
el, according to one embodiment.
Figure 7 depicts a root cause analyzer that may be
employed in conjunction with the flaw classifier mod-
el, according to one embodiment.
Figure 8A depicts the training of the flaw classifier
model, when limited to data gathered during time
periods with resource saturation, according to one
embodiment.
Figure 8B depicts the application of the expected
resource utilization model and the flaw classifier
model, when limited to data gathered during time
periods with resource saturation, according to one
embodiment.
Figure 9 depicts a table illustrating various resource
utilization scenarios (e.g., excess resource utiliza-
tion with and without resource saturation, normal re-
source utilization with and without resource satura-
tion), according to one embodiment.
Figure 10 depicts data points formed by two dimen-
sions of possible training data for the flaw classifier
model, according to one embodiment.
Figure 11 depicts the flaw classifier model’s classi-
fication superimposed on the data points of Figure

1 2 



EP 3 477 477 B1

3

5

10

15

20

25

30

35

40

45

50

55

10, according to one embodiment.
Figure 12 depicts data points formed by two dimen-
sions of possible training data for the flaw classifier
model (limited to data collected during time periods
with resource saturation), according to one embod-
iment.
Figure 13 depicts the flaw classifier model’s classi-
fication superimposed on the data points of Figure
12, according to one embodiment.
Figure 14 depicts several plots showing the pairwise
combination of several input variables to the flaw
classifier model, according to one embodiment.
Figure 15 depicts histogram visualizations of the da-
ta points of one of the plots of Figure 14 replotted on
a single axis using a dimensionality reduction tech-
nique (e.g., linear discriminant), according to one
embodiment.
Figure 16 depicts example components of a compu-
ter system in which computer readable instructions
instantiating embodiments described herein may be
stored and executed.

DETAILED DESCRIPTION

[0007] In the following detailed description of embod-
iments described herein, reference is made to the ac-
companying drawings that form a part hereof, and in
which are shown by way of illustration of embodiments.
It is understood that other embodiments may be utilized
and structural changes may be made. Description asso-
ciated with any one of the figures may be applied to a
different figure containing like or similar compo-
nents/steps. While the sequence diagrams each present
a series of steps in a certain order, the order of some of
the steps may be changed.
[0008] The embodiments described herein relate to
methods and systems for identifying occurrences of per-
formance affecting flaws in a computing system, and
more particularly relates to performing such determina-
tion using a flaw classification model cascaded with an
expected resource utilization model. These flaws can be
hardware or software in nature and can be due to over-
sights in either the computing system’s design or imple-
mentation and are often colloquially referred to as bugs.
[0009] Described herein are techniques to discover
flaw signatures for computing systems with varying hard-
ware configurations, and detect the presence of flaws in
the computing systems based on the discovered flaw sig-
natures. The discovery of flaw signatures takes place
during the training of a flaw classifier model (or more
generally, one or more flaw classifier models) and the
detection of flaws takes place during the application of
the flaw classifier model. Inputs to the flaw classifier mod-
el may include an actual resource utilization percentage,
an expected resource utilization percentage, and possi-
bly other inputs. The actual resource utilization percent-
age being much higher than the expected resource uti-
lization percentage is one factor that could indicate the

presence of a flaw. In one embodiment, a requirement
for the detection of a flaw by the flaw classifier model is
that the flaw manifests itself comparatively rarely so that
the flaw can be detected as a significant enough outlier
from the computing system’s normal operation.
[0010] The expected resource utilization percentage
may be determined by an expected resource utilization
model, and hence the flaw classifier model may be cas-
caded with the expected resource utilization model. In-
puts to the expected resource utilization model may in-
clude workload description parameters (e.g., input/out-
put operations per second (IOPS), bandwidth or through-
put measured in megabytes per second (MBPS), number
of reads, number of writes, whether encryption is enabled
or disabled, whether deduplication is enabled or disa-
bled, snapshot and replication schedules, whether an of-
floaded data transfer (ODX) mechanism like XCOPY is
being employed, etc.) and hardware description param-
eters (e.g., CPU core count and type, hard disk drive
(HDD) count and type, solid state drive (SSD) count and
type, random access memory (RAM) amount and type,
a series of a computing system, etc.). The expected re-
source utilization model may be trained across various
hardware configurations, and may be trained using re-
gression techniques.
[0011] The flaw classifier model being cascaded with
the expected resource utilization model causes the train-
ing of the models to be carried out in a certain manner.
First the expected resource utilization model is trained
over various workloads and hardware configurations.
Such training of the expected resource utilization model
enables the expected resource utilization model to pre-
dict the expected resource utilization over a wide range
of workloads and hardware configurations. Upon the ex-
pected resource utilization model being sufficiently
trained, the trained expected resource utilization model
is cascaded with an untrained flaw classifier model. The
flaw classifier model is then trained over various input,
some of which is human classified as characteristic of a
computing system that is experiencing a flaw (and more
generally, one or more flaws) and some of which is hu-
man classified as characteristic of a computing system
that is not experiencing a flaw (and more generally, not
experiencing one or more flaws). The training data for
the flaw classifier model could be from a single computer
system, computer systems with similar hardware config-
urations or computer systems with different hardware
configurations. As a consequence of the expected re-
source utilization model being trained across various
hardware configurations, the flaw classifier model may
be applicable across various hardware configurations,
even if the flaw classifier model is not trained across var-
ious hardware configurations.
[0012] A computing system may be classified into one
out of four regimes, depending on whether a flaw is sus-
pected (i.e., whether the flaw classification model indi-
cates a flaw to be present or not) and whether the com-
puting system is resource saturated. Resource satura-
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tion occurs when the actual resource utilization has
reached or exceeded a level over which a degradation
in the performance (e.g., measured in terms of the read
latency, the write latency or both) of the computing sys-
tem is present. Each of the four regimes may be handled
in a certain manner. If the computing system is classified
as not experiencing a performance affecting flaw and be-
ing resource saturated, a system administrator of the
computer system may receive the recommendation to
stagger the workload and/or upgrade the hardware. If the
computing system is classified as experiencing a per-
formance affecting flaw and being resource saturated,
the system administrator of the computer system may
receive the recommendation to stagger the workload,
contact customer support and/or apply a fix to the flaw if
such a fix is known. If the computing system is classified
as not experiencing a flaw and not being resource satu-
rated, no recommendation may be provided (as no re-
mediation measures may be needed). Lastly, if the com-
puting system is classified as experiencing a flaw and
not being resource saturated, the computing system may
be flagged for internal investigation (i.e., investigation by
a support/engineering representative of a computing sys-
tem manufacturer) with no customer-facing action (i.e.,
no remediation measures for the system administrator).
[0013] In accordance with one embodiment, data used
to train one or more of the expected resource utilization
model and the flaw classifier model may be restricted to
time durations for which the computing system experi-
ences resource saturation. Similarly, when the expected
resource utilization model and the flaw classifier model
are applied, they may be restricted to time durations with
resource saturation. This is particularly beneficial as it
can remove some of the noise and complexity from the
dataset, providing the machine learning models with a
more targeted, less open-ended problem to manage. In
general, the simpler the pattern that a model needs to
recognize, the easier it is to implement the model to solve
the classification problem effectively.
[0014] Figure 1 depicts an environment 10 within which
embodiments described herein may be instantiated. In
environment 10, a number of computing systems (12,
14, 16) may be communicatively coupled with monitoring
server 20 via network 18. A computing system may in-
clude a combination of components, including a combi-
nation of physical components, such as compute, net-
working and storage components (separate or integrat-
ed), operating together with software such as hypervi-
sors, container managers, operating systems, and other
elements in order to support computer programs and ap-
plications. A computing system can in many instances
be one of multiple interoperating computing systems
which support multiple applications.
[0015] Computing system A (labeled as element 12)
may be operated by enterprise A; computing system B
(labeled as element 14) may be operated by enterprise
B; and computing system C (labeled as element 16) may
be operated by enterprise C. It should be understood that

Figure 1 has been depicted in a simplified fashion. In a
more general context, one or more computing systems
may be operated by each of the enterprises, and a single
computing system may be operated a plurality of enter-
prises (e.g., the resources of the computing system being
shared by a plurality of virtual machines which are each
operated by an enterprise). Network 18 may comprise
any form of electronic communications link(s) and, in
some cases, may be individual communications links, or
one or more communications networks (e.g., computer
networks), including private networks, public networks
and/or virtual private networks over public networks.
[0016] Each of the computing systems may be instru-
mented with a number of sensors that measure one or
more workload description parameters, resource utiliza-
tion and additional measurements associated with com-
ponents and/or processes of the computing system. The
workload description parameters may include input/out-
put operations per second (IOPS), bandwidth or through-
put measured in megabytes per second (MBPS), number
of reads, number of writes, whether encryption is enabled
or disabled, whether deduplication is enabled or disa-
bled, snapshot and replication schedules, etc. Resource
utilization may include a percentage of utilization of a
central processing unit (CPU), a percentage of utilization
of solid state drive (SSD) bandwidth, percentage of uti-
lization of hard disk drive (HDD) bandwidth, etc. Addi-
tional measurements may include how a resource of the
computing system is being used (e.g., the proportion of
CPU usage by specific sub-modules of the operating sys-
tem), machine state variables, activity of a background
task, etc.
[0017] Measurements may be taken on a periodic ba-
sis (e.g., every second, every minute, every 5 minutes,
etc.) or recorded for every operation and reported peri-
odically such that a time series of measurements may
be generated by each sensor. In one embodiment, meas-
urements may be transmitted in real-time from each of
the computing systems to monitoring server 20, while in
another embodiment, measurements may be stored lo-
cally at each computing system, before being periodically
transmitted in batches from each computing system to
monitoring server 20 (e.g., once every hour, once every
day, etc.) so that measurements do not constantly flood
network 18. A large quantity of measurements may be
taken at each computing system. In one embodiment,
approximately 30 million measurements are transmitted
from each computing system to monitoring server 20 eve-
ry day.
[0018] Upon receiving the sensor measurements,
monitoring server 20 may store the measurements in
measurement datastore 22, which is accessible to anal-
ysis server 24. Analysis server 24 may analyze the meas-
urements associated with each of the computing systems
in order to determine an expected utilization of a resource
of a computing system, determine whether a computer
system is operating with a performance affecting flaw
(e.g., a software flaw or a hardware flaw), provide reme-
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diation measures to address poor performance of a com-
puting system, determine any computing systems and/or
enterprises operating the computing systems which
would benefit from a hardware upgrade, etc. A flaw can
be due to oversights in either the computing system’s
design or implementation and may cause the computing
system to behave in unexpected ways (e.g., consume
resources in excess of what is expected). Flaws of par-
ticular interest are those that negatively impact the per-
formance of a computing system. While monitoring serv-
er 20 and analysis server 24 are depicted as separate
components in the embodiment of Figure 1, monitoring
server 20 and analysis server 24 could, in another em-
bodiment, be configured as a single component. Alter-
natively, monitoring server 20 and analysis server 24 may
each be constructed as a network-connected cluster of
servers.
[0019] The analysis generated by analysis server 24
may be reported to various client devices via network 26.
Similar to network 18, network 26 may comprise any form
of electronic communications link(s) and, in some cases,
may be individual communications links, or one or more
communications networks (e.g., computer networks), in-
cluding private networks, public networks and/or virtual
private networks over public networks. For example, rec-
ommendations to remediate poor performance of com-
puting system A may be reported via client device 28 to
a system administrator of enterprise A; recommenda-
tions to remediate poor performance of computing sys-
tem B may be reported via client device 30 to a system
administrator of enterprise B; and recommendations to
remediate poor performance of computing system C may
be reported via client device 32 to a system administrator
of enterprise C (such reporting further described below
in Figures 2A-2C). Further, sales representatives of a
computing system manufacturer may be notified via cli-
ent device 34 of any computing systems and/or enter-
prises operating the computing systems which would
benefit from a hardware upgrade (such reporting further
described below in Figure 2D). Further, support and/or
engineering representatives of a computer system man-
ufacturer may be notified via client device 36 of any com-
puting systems which should be investigated for possible
performance affecting flaws (such reporting to support
and/or engineering representatives further described be-
low in Figure 2E).
[0020] Figures 2A-2C depict example user interfaces
for reporting the performance of a computing system and
remediation measures (if any) for addressing the poor
performance of the computing system, according to one
embodiment. Figure 2A depicts an example user inter-
face that may be presented on client device 28 to the
system administrator of enterprise A. The user interface
may include heat bar 40 which displays the CPU satura-
tion level over a period of time (darker color indicating
more CPU saturation, lighter color indicating less CPU
saturation). Time period indicator 42 may label a portion
of heat bar 40 with particularly high CPU saturation. The

scenario depicted in Figure 2A may be determined by
analysis server 24 to be indicative of computing system
A (element 12) experiencing CPU saturation with no un-
derlying performance affecting flaws, and as such, the
recommended remediation measures may be for the sys-
tem administrator of enterprise A to apply input/output
operations per second (IOPS) limits to computing system
A, stagger the workload of computing system A and/or
upgrade the CPU of computing system A.
[0021] In addition to displaying remediation measures
for addressing the poor performance of computing sys-
tem A, the user interface may also include one or more
user interface elements (e.g., selectable buttons) for the
user (i.e., user of the user interface) to select the one or
more remediation measures or perform activities asso-
ciated with the one or more remediation measures. For
example, selection of button 43a (i.e., "Fix-it: Go to IOPS
Limit Planner") may result in the display of the predicted
effects on the resource consumption of various compo-
nents of computing system A when different IOPS limits
are applied. As another example, selection of button 43b
(i.e., "Fix-it: Go to Workload Schedule Planner") may re-
sult in the display of the predicted effects on the perform-
ance of computing system A when various workloads are
staggered. As another example, selection of button 43c
(i.e., "Fix-it: Go to New-Hardware Sizing Tool") may result
in the display of the predicted effects on the performance
of computing system A when computing system A is up-
graded with new hardware. As another example, selec-
tion of button 43d (i.e., "Fix-it: Open Sales Engagement")
may result in the opening of a sales engagement, the
sales engagement facilitating the purchase of one or
more CPUs.
[0022] Figure 2B depicts an example user interface
that may be presented on client device 30 to the system
administrator of enterprise B. The user interface may in-
clude heat bar 44 which displays the CPU saturation level
over a period of time. Time period indicator 46 may label
a portion of heat bar 44 with particularly high CPU satu-
ration. The scenario depicted in Figure 2B may be deter-
mined by analysis server 24 to be indicative of computing
system B experiencing a performance affecting flaw, and
as such, the recommended remediation measures may
be for the system administrator of enterprise B to apply
IOPS limits, stagger the workload and/or contact custom-
er support.
[0023] In addition to displaying remediation measures,
one or more user interface elements (e.g., selectable but-
tons) may be provided for allowing the user to select the
one or more remediation measures or perform activities
associated with the one or more remediation measures.
For example, selection of button 48a (i.e., "Fix-it: Go to
IOPS Limit Planner") may result in the display of the pre-
dicted effects on the resource consumption of various
components of computing system B when different IOPS
limits are applied. As another example, selection of but-
ton 48b (i.e., "Fix-it: Go to Workload Schedule Planner")
may result in the display of the predicted effects on the
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performance of computing system B when various work-
loads are staggered. As another example, selection of
button 48c (i.e., "Fix-it: Open Support Case") may result
in the opening of a support case for addressing the per-
formance issues of computing system B.
[0024] Figure 2C depicts an example user interface
that may be presented on client device 32 to the system
administrator of enterprise C. The user interface may in-
clude heat bar 48 which displays the CPU saturation over
a period of time (darker color indicating more CPU sat-
uration, lighter color indicating less CPU saturation). The
scenario depicted in Figure 2C may be determined by
analysis server 24 to be indicative of computing system
C experiencing a performance affecting flaw which caus-
es only a moderate degree of CPU saturation. No reme-
diation measures may be offered to the system admin-
istrator of enterprise C, and instead the computing sys-
tem may be flagged for investigation by support/engi-
neering representatives of the computing system manu-
facturer (as described in Figure 2E below).
[0025] Remediation measures are now described in
more detail. One remediation measure may include up-
grading the software of the computing system or the soft-
ware of a component (or product) the computing system
interacts with (e.g., a separate storage appliance, net-
working appliance, compute appliance, or hypervisor).
Another remediation measure may include upgrading the
firmware of a subcomponent (e.g., a hard drive, solid
state drive, a network interface card, etc.) of the comput-
ing system or another component (or product) that the
computing system interacts with (e.g., a separate storage
appliance, networking appliance, compute appliance, or
hypervisor). Another remediation measure may include
modifying the configuration of volumes, resource pools,
virtual machines, datastores, vmdks, or other virtual ob-
jects within the computing system. These configuration
changes could include, for example, enabling or disabling
the caching of data or changing the caching policy on a
specific volume or set of volumes (if volume performance
is suffering due to a lack of access to the cache or com-
petition for the cache), enabling or disabling deduplica-
tion on a specific volume or set of volumes (if the volume
is not deduping well and the overhead of the deduplica-
tion process is deemed not worth the benefit), or chang-
ing IOPS or MBPS limits (imposing a limit on certain low-
er-priority volumes so other volumes can experience im-
proved performance).
[0026] As another example, a remediation measure
may include modifying system configurations, for exam-
ple, the modification of operating system parameters that
determine the relative priorities of background process-
es, the modification of operating system parameters that
determine the parallelism of background processes, the
modification of operating system parameters that deter-
mine the conditions under which certain background
processes occur, and the modification of other internal
operating system parameters that govern the behavior
of the computing system.

[0027] As another example, a remediation measure
may include moving the contents of a volume, virtual ma-
chine, or similar virtual objects from one computing sys-
tem or resource pool (i.e., a logical abstraction for flexible
management of resources) to another computing system
or resource pool with more resources available. As an-
other example, a remediation measure may include al-
tering a data protection schedule to make it more or less
aggressive with more or less data retention. As another
example, a remediation measure (or an activity associ-
ated with a remediation measure) may include opening
a support ticket to resolve a performance issue. As an-
other example, a remediation measure (or an activity as-
sociated with a remediation measure) may include open-
ing a sales engagement to purchase additional hardware.
[0028] As another example, a remediation measure (or
an activity associated with a remediation measure) may
include providing the user with a "what-if’
or "planner" interface that allows the user to see the pre-
dicted effects of various remediation measures, allows
the user to modify the remediation measures where nec-
essary, and allows the user to subsequently press "fix-
it" to enact the remediation measures. In the case of an
IOPS limit planner (referenced above in Figures 2A and
2B), this planner could take the list of volumes (or virtual
machines) and their current IOPS limits and predict the
resource consumption of those objects and the latencies
of input/output on those objects with different IOPS limits
applied. The IOPS limit planner could also accept a list
of relative priority scores for a set of volumes and provide
the user with a starting point that they could then modify
or not as desired. Upon finishing with the IOPS limit plan-
ner, the user could instruct the computing system to ac-
cept the proposed changes. The computing system
would apply the changes and report back on how much
deviation was observed from its predictions.
[0029] In the case of a workload schedule planner (ref-
erenced above in Figures 2A and 2B), this planner could
take the volumes (or virtual machines) and using the time
when they each are busy, attempt to offset the times at
which those workloads run to minimize overlap and the
use of specific compute resources. An "apply" button
might not be available for this function, because it could
be up to the person or persons running the applications
themselves to stagger when those applications are being
accessed and used (and not all scenarios would allow
this to change - e.g. people logging on during daylight
hours are not going to be convinced en-mass to log in at
a different time), but for those volumes where the activity
represents separately scheduled jobs, this workload
schedule planner could provide some guidance as to
what those schedules should be. Since some workloads
may be inherently immobile, which workloads are al-
lowed to be rescheduled could be received as an input
from the user. The IOPS limit planner and workload
schedule planner may be integrated into a single tool
since the timing of workloads and the IOPS limits may
affect one another.
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[0030] To summarize, the recommendation logic of
analysis server 24 may direct a system administrator
down one of two principal paths: In the first case, when
analysis server 24 determines that a performance affect-
ing flaw is not likely to be present, the recommendation
logic can notify the system administrator to either: (a)
manage the workload (e.g. throttle or otherwise attenuate
the workload’s requirements - potentially by staggering
co-incident activities to operate at different times) or (b)
purchase more hardware. In the second case, when anal-
ysis server 24 determines that a performance affecting
flaw is likely to be present, the recommendation logic can
either: (a) if a remediation measure to fix the flaw is
known, recommend applying that remediation measure
(e.g., a software update) or (b) if a remediation measure
is not known, indicate to the system administrator that
he/she should not purchase additional hardware until
he/she has first reached out to customer support to in-
vestigate his/her issue further. If the system administrator
is interested in performance issues that are occurring for
specific workloads during specific period(s) of time, the
system administrator can adjust the scope of the recom-
mendation by either selecting a specific time range or
adjusting the sensitivity of the recommendation logic
(e.g., the latency or latency severity score cutoff for in-
cluding sensor measurements in the diagnostic assess-
ment) to have the analysis server 24 focus its analysis
on the desired workloads and/or time periods.
[0031] Figure 2D depicts a user interface for reporting
any computing systems and/or entities operating the
computing systems which would benefit from a hardware
upgrade, according to one embodiment. Such a user in-
terface may be viewed by a sales representative of a
computing system manufacturer. In one embodiment,
analysis server 24 only sends the sales representative a
list of computing systems for which poor performance
has been observed and a performance affecting flaw has
been ruled out. In the examples of Figure 2A-2C, only
computing system A was determined to be experiencing
poor performance without a performance affecting flaw,
so only computing system A is included in the list of Figure
2D for a sales representative to follow up with. The re-
porting of computing systems for which hardware up-
grades are recommended by analysis server 24 to sales
representatives may occur in an automated fashion (e.g.,
bypassing any need for the support/engineering repre-
sentative to assess the computing system’s health, the
sales representative to provide any input, etc.). More par-
ticularly, the only input that analysis server 24 processes
in order to generate the list of computing systems that
need hardware upgrades may be the telemetry (i.e., sen-
sor measurements) automatically received from the com-
puting systems.
[0032] Figure 2E depicts a user interface for reporting
any computing systems which should be investigated for
possible performance affecting flaws, according to one
embodiment. Such a user interface may be viewed by a
support/engineering representative of a computer sys-

tem manufacturer. In the example of Figures 2A-2C,
computing systems 2 and 3 were determined to be ex-
periencing performance affecting flaws, so these com-
puting systems (along with any associated resources that
were identified to be saturated) are identified in Figure
2E as systems which should be investigated for possible
performance affecting flaws. As before, the support/en-
gineering representative need not provide inputs in order
to generate the list of systems in Figure 2E, and analysis
server 24 can automatically and continuously maintain
an updated list of computing systems that need to be
investigated.
[0033] Figure 3 depicts an overview of three phases
of a process for classifying whether a system contains a
flaw, according to one embodiment. In a first phase, an
expected resource utilization model may be trained.
Phase 1 is described below in association with Figure 4.
In a second phase, the expected resource utilization
model may be applied while a flaw classifier model is
trained. Phase 2 is described below in association with
Figure 5. In a third phase, both the expected resource
utilization model and the flaw classifier model may be
applied. Phase 3 is described below in association with
Figure 6. While phases 1 and 2 may employ fully super-
vised machine learning, later phases of training (not de-
picted) may employ semi-supervised machine learning,
in which a human reviews a subset of model outputs and
corrects the models as appropriate.
[0034] Figure 4 depicts the training of expected re-
source utilization model 50, according to one embodi-
ment. Inputs to expected resource utilization model 50
may include workload description parameters (and their
associated values) and hardware description parameters
(and their associated values). Workload description pa-
rameters may include input/output operations per second
(IOPS), bandwidth or throughput measured in mega-
bytes per second (MBPS), number of reads, number of
writes, whether encryption is enabled or disabled, wheth-
er deduplication is enabled or disabled, snapshot and
replication schedules, whether an offloaded data transfer
(ODX) mechanism like XCOPY is being employed, etc.
As described in Figure 1, the values of workload descrip-
tion parameters may be measured via sensors embed-
ded into the computing systems. Hardware description
parameters may include CPU core count and type, HDD
count and type, SSD count and type, RAM amount and
type, a series of a computing system, etc. Hardware de-
scription parameters may also be received from the com-
puting systems by monitoring server 20. Alternatively,
hardware description parameters may be recorded at the
time of sale of a computing system, and such hardware
description parameters may be associated with a serial
number of the computing system.
[0035] An output of expected resource utilization mod-
el 50 may include an expected resource utilization (i.e.,
an expected utilization of a resource of a computing sys-
tem). An expected resource utilization may include an
expected percentage of utilization of a CPU, an expected
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percentage of utilization of SSD bandwidth, an expected
percentage of utilization of HDD bandwidth, etc.
[0036] In one embodiment, expected resource utiliza-
tion model 50 may be a multivariate regression model
(using supervised learning) that translates details of the
hardware configuration and current operating workload
into an estimate of the expected utilization levels of the
resources of the system. Such a model can be imple-
mented using linear or non-linear functional forms and
optimization of the model can be performed using a va-
riety of functions including but not limited to L1 (lasso)
regularization or L2 (ridge) regularization or a combina-
tion thereof (e.g., ElasticNet regularization). The selec-
tion of the best functional form, optimization function, and
thus the model parameters is subject to the size, scope,
quality and other characteristics (e.g., covariance) of the
training data set being used. In this way, any regression
model form with its associated learning algorithm could
be chosen to serve as an expected resource utilization
model. What is important is that this model serves to col-
lapse the complexity of assessing the performance of
any specific computing system into a single variable (i.e.,
the expected resource utilization) relative to its peer
group, allowing anomalies in resource utilization to be
readily identified and acted upon.
[0037] During the training (i.e., human supervised
training) of expected resource utilization model 50, a set
of input (e.g., workload description parameters and val-
ues, hardware description parameter and values) with its
associated output (e.g., expected resource utilization) is
used to train the model parameters of expected resource
utilization model 50. Therefore, while the expected re-
source utilization is an output of expected resource utili-
zation model 50, it is shown as an input during the training
phase (i.e., left side of Figure 4). If a computing system
is known to be free of performance affecting flaws, the
actual resource utilization of the computing system may
be used as the expected resource utilization during the
training of expected resource utilization model 50. The
trained version of expected resource utilization model 50
is depicted on the right side of Figure 4, in which the
specific implementation of the model (e.g., linear vs. non-
linear, regularized vs. non-regularized optimization, etc.)
and its trained parameters (e.g., the coefficients in the
regression model’s function form) have been learned
from the data.
[0038] In one embodiment, training of expected re-
source utilization model 50 may leverage machine-gen-
erated data, which may include the actual level of re-
source utilization, the details of the hardware configura-
tion and current operating workload. This machine-gen-
erated data is collected either from internal systems (i.e.,
computing systems operated by a manufacturer of the
computing system) undergoing QA (quality assurance)
using synthetic workloads or from deployed customer
systems in the field (i.e., computing systems operated
by an enterprise) reporting their telemetry to analysis
server 24. The training may include typical machine-

learning processes: identifying the best specific regres-
sion model to use to attain the greatest accuracy, which
is often performed through assessing the goodness of fit
of many distinct regression models and picking the best
model.
[0039] Further, it is noted that the expected resource
utilization model 50 may be trained across various hard-
ware configurations. In other words, the training data may
include a system with 10 CPU cores, a system with 20
CPU cores, a system with 40 CPU cores, and so on. As
a result, expected resource utilization model 50 may be
used to predict the resource utilization for computing sys-
tems with various hardware configurations (and not just
for a computing system with a specific hardware config-
uration).
[0040] Figure 5 depicts the training of flaw classifier
model 52, according to one embodiment. Flaw classifier
model 52 may receive as input a measurement of the
actual utilization of a resource of a computing system
(i.e., the "actual resource utilization"). For example, flaw
classifier model 52 may receive the actual CPU utiliza-
tion, the actual SSD bandwidth saturation, the actual
HDD bandwidth saturation, etc. Flaw classifier model 52
may additionally receive as input the expected resource
utilization (i.e., the output of expected resource utilization
model 50). For clarity in presentation, any output of mod-
els, such as the expected resource utilization, is depicted
in bold font. If not already apparent, each actual resource
utilization would correspond with an expected resource
utilization (i.e., for each resource being analyzed, an ac-
tual utilization and an expected utilization would be pro-
vided for that resource). More generally, flaw classifier
model 52 could receive a transformation of the actual
resource utilization and the expected resource utilization
(e.g., a difference of these two quantities, a ratio of these
two quantities, etc.), instead of these two inputs. Flaw
classifier model 52 may receive additional inputs, such
as how a resource of the computing system is being used
(e.g., the proportion of CPU usage by specific sub-mod-
ules of the operating system of the computing system),
machine state variables, activity of a background task,
etc. Using regularization, flaw classifier model 52 can
also identify certain variables to exclude as inputs in order
to avoid overfitting the model.
[0041] An output of flaw classifier model 52 may indi-
cate whether or not the computing system contains a
performance affecting flaw. More generally, the classifi-
cation need not be binary, and could be expressed as a
likelihood or probability that the computing system con-
tains a performance affecting flaw. Intuitively, the flaw
classifier model is designed to classify the computing
system as containing a flaw whenever the actual re-
source utilization is substantially higher than the expect-
ed resource utilization. In a simplistic scheme, a simple
threshold could be utilized (e.g., determine a flaw to be
present if the actual resource utilization minus the ex-
pected resource utilization is greater than a threshold).
Such a simplistic scheme, however, would not capture
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any complexities that may be present (e.g., the informa-
tion contained in the additional inputs which could indi-
cate whether a flaw is present or not). Therefore, in the
more comprehensive approach of Figure 5, a flaw clas-
sifier model (trained via machine learning) is used to gen-
erate the classification of whether the computing system
contains a flaw.
[0042] In one embodiment, a flaw classifier model is a
classification model that can, among other inputs, utilize
both the actual resource utilization and expected re-
source utilization (as provided by expected resource uti-
lization model 50) as an input. The flaw classifier model
can be implemented using a variety of supervised learn-
ing methods including but not limited to linear discrimi-
nant analysis, logit, naive Bayes, random forests, support
vector machines and various neural network topologies.
Similar to the expected resource utilization model, the
selection of the best functional form, optimization func-
tion, and thus the model parameters is subject to the size,
scope, quality and other characteristics (e.g. covariance)
of the training data set being used. In this way, any clas-
sification model form with its associated learning algo-
rithm could be chosen to serve as a flaw classifier model.
What is important is that the flaw classifier model serves
to make a binary decision as to whether or not the specific
set of signals it receives constitutes a potential corner-
case flaw in the computing system under investigation.
[0043] More specifically, two types of flaw classifier
models may be employed: "a general flaw classifier mod-
el" and "a specific flaw classifier model". A purpose of
the "general flaw classifier model" is to identify whether
any corner-case (i.e., uncommon) anomaly is impacting
the performance of the computing system, while a pur-
pose of the "specific flaw classifier model" is to identify
whether a specific, known, corner-case anomaly is im-
pacting the performance of the computing system.
[0044] During the training (e.g., human supervised
training) of flaw classifier model 52, a set of input (e.g.,
actual resource utilization, expected resource utilization,
additional inputs) and a human provided classification of
whether the computing system contains a performance
affecting flaw are used to train the model parameters of
flaw classifier model 52. Therefore, while the classifica-
tion of whether the computing system contains a per-
formance affecting flaw is an output of flaw classifier mod-
el 52, it is shown as an input during the training phase
(i.e., left side of Figure 5). The trained version of flaw
classifier model 52 is depicted on the right side of Figure
5, in which the model parameters have been determined.
[0045] The training data for flaw classifier model 52
could be from a single computer system, computer sys-
tems with similar hardware configurations or computer
systems with different hardware configurations. Flaw
classifier model 52, however, need not take hardware
description parameters (e.g., the number of CPU cores
as an input), because each computing system reports its
actual resource utilization as a percent, and expected
resource utilization model 50 presents the expected re-

source utilization also as a percent. Because flaw clas-
sifier model 52 is primarily using the deviation between
the expected resource utilization percentage and the ac-
tual resource utilization percentage (potentially in con-
junction with information about how the resource’s total
utilization is being partitioned among various sub-proc-
esses), the variations in hardware configurations need
not be explicitly modeled in flaw classifier model 52. After
all, these variations have been accounted for in expected
resource utilization model 50.
[0046] In one embodiment, training of flaw classifier
model 52 may utilize, in addition to the data described
above, a repository of example time intervals of telemetry
labeled by customer support (i.e., a support/engineering
representative of a computing system manufacturer) as
representing a manifestation of one or more performance
affecting flaws. These expert provided labels serve as
the information that is being learned by the flaw classifier
model. Because in any set of flaws there is often a sig-
nificant variance in how often the flaws are observed, the
more frequently observed flaws may constitute enough
of a training set for a "specific flaw classifier model" to
be created that classifies that event with sufficient accu-
racy to be productized. In contrast, many of the other
flaws will not be observed a sufficient number of times
for a "specific flaw classifier model" to be generated for
each one. Because each of these more rarely occurring
flaws will have a decrease in performance as part of how
they manifest themselves, the whole collection of less
commonly observed flaws (in conjunction with the more
common ones) can be used to train a more "general flaw
classifier model" that captures the general pattern of a
performance-impacting flaw, without being overly specif-
ic. In this way, a "general flaw classifier model" can be
used to indicate that a flaw is expected to exist even when
the specific flaw cannot be identified. Indeed, a "general
flaw classifier model" has a good likelihood of also iden-
tifying that a flaw exists even in cases where the specific
flaw manifesting in that case has not previously been
identified or labeled.
[0047] Figure 6 depicts an application of expected re-
source utilization model 50 and flaw classifier model 52,
according to one embodiment. The left side of Figure 6
depicts various input parameters being supplied to ex-
pected resource utilization model 50 and flaw classifier
model 52. The right side of Figure 6 depicts respective
outputs (in bold) generated by expected resource utiliza-
tion model 50 and flaw classifier model 52. Expected re-
source utilization model 50 generates an output of ex-
pected resource utilization which is provided as an input
to flaw classifier model 52. In turn, flaw classifier model
52 generates a classification of whether the computing
system contains a flaw. In the example of Figure 6, the
computing system is classified as not containing a flaw
(i.e., as depicted, "System contains flaw = False"). Be-
cause flaw classifier model 52 classifies rare events, the
efficacy of the model’s classification may be quantified
using precision-recall curves (PR curves). A precision-
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recall curve enables the user of a classifier to select a
threshold for the classifier’s probabilistic output, so that
its continuous 0-1 interval output can be converted into
a binary output based upon the appropriate tradeoff be-
tween precision and recall for the particular use case.
[0048] Figure 7 depicts root cause analyzer 54 that
may be employed in conjunction with expected resource
utilization model 50 and flaw classifier model 52, accord-
ing to one embodiment. Root cause analyzer 54 may
receive as input any of the data signals depicted in Figure
7 (e.g., workload description parameter values, hardware
description parameter values, actual resource utilization,
expected resource utilization, additional inputs), and may
identify the root cause of a flaw. More generally, root
cause analyzer 54 may provide information (e.g., a cor-
related anomalous condition) that might assist a sup-
port/engineering representative determine the root
cause of the flaw. As a specific example, the actual CPU
utilization being substantially in excess of the expected
CPU utilization may be due to a specific background task.
Root cause analyzer 54 may detect a correlation between
the activity of this background task (as measured by sen-
sors and provided as "additional inputs" in Figure 7) and
the degree to which the actual CPU utilization exceeds
the expected CPU utilization, and as a result report the
background task as a root cause or a correlated anom-
alous condition of the excess CPU utilization.
[0049] Figure 8A depicts the training of the flaw clas-
sifier model and Figure 8B depicts the application of the
expected resource utilization model and the flaw classi-
fier model, when limited to data gathered during time pe-
riods with resource saturation, according to one embod-
iment. Resource saturation occurs when the actual re-
source utilization has reached or exceeded a level over
which a degradation in the performance (e.g., measured
in terms of the read latency, the write latency or both) of
the computing system is present. Quantitatively, this level
may be computed as the resource utilization percentage
at which P(unhealthy | resource utilization percentage)
(i.e., the probability of the computing system being un-
healthy given the resource utilization percentage) is
greater than 50% (or another threshold value). The notion
of a computing system as being "unhealthy" is defined
with respect to the performance of a computing system
relative to the performance of similar computing systems
(i.e., called peer performance). The performance of a
computing system in the top 10% of the peers may be
defined as healthy, whereas the performance of a com-
puting system in the remaining 90% of the peers may be
defined as unhealthy.
[0050] More specifically, P(unhealthy|’x’) may be cal-
culated as (P(’x’|unhealthy)*P(unhealthy))/P(’x’), where
’x’ may represent a performance characteristic such as
the resource utilization percentage. Based on the defini-
tion of healthy vs. unhealthy, a performance character-
istic will either fall into the healthy or the unhealthy cat-
egory. It follows that P(healthy)+P(unhealthy) = 0.1 + 0.9
= 1 and that P(’x’) = P(’x’|healthy)P(healthy) + P(’x’|un-

healty)P(unhealthy). By substituting the expression for
P(’x’) into the previous expression for P(unhealthy|’x’),
P(unhealthy|’x’) may be calculated as (P(’x’|un-
healthy)*P(unhealthy))/(P(’x’|healthy)P(healthy) +
P(’x’|unhealthy)P(unhealthy)). Therefore, P(un-
healthy|’x’) is now expressed in terms of known quantities
and/or quantities that can be measured: P(’x’|unhealthy),
P(’x’|healthy), P(unhealthy) and P(healthy).
[0051] As depicted in Figure 8A, the training of the flaw
classifier model may be limited to data gathered during
time periods when the computing system experiences
resource saturation. The limiting of the data may be per-
formed by modules 56a, 56b and 56c which only pass
workload description parameter values, actual resource
utilization and additional inputs, respectively, that are
gathered during time periods when the computing system
experiences resource saturation. In the example of Fig-
ure 8A, each time period for data collection is one minute
in duration, and hence the data gathered over a one-
minute time period is referred to as a "system-minute" in
Figure 8A.
[0052] As depicted in Figure 8B, the application of ex-
pected resource utilization model 50 and flaw classifier
model 52’ (for which the model parameters may be dif-
ferent than flaw classifier model 52) may likewise be lim-
ited to data gathered during time periods when the com-
puting system experiences resource saturation. Such
limiting of input data may also utilize modules 56a, 56b
and 56c. Since system resource saturation can often fluc-
tuate from minute-to-minute even if the longer time inter-
val is generally representative of either "resource under-
provisioning" or "resource saturation due to a flaw or oth-
er system anomaly", it can be important to remove data
collected during certain minutes during which the re-
source is not saturated to remove noise from the signal.
The inventors find this to be a superior method of cleans-
ing the training data than unsupervised methods, since
exclusion of data can be based on an explicit signal. In
the example of Figures 8A and 8B, it is noted that the
training of expected resource utilization model 50 was
not limited to data gathered during time periods with re-
source saturation. In other words, it was assumed that
expected resource utilization model 50 was trained fol-
lowing the approach of Figure 4. However, it is possible
that the training of expected resource utilization model
50 to likewise be limited to data gathered during time
periods with resource saturation.
[0053] Figure 9 depicts a table illustrating various re-
source utilization scenarios (e.g., excess resource utili-
zation with and without resource saturation, normal re-
source utilization with and without resource saturation),
according to one embodiment. Row (a) illustrates a sce-
nario in which excess resource utilization is absent (since
the actual resource utilization is only slightly higher than
the expected resource utilization), but resource satura-
tion is present (since the actual utilization is within the
shaded band - representing the range of resource utili-
zation characterized as being resource saturated). If the
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scenario of (a) were analyzed by flaw classifier model
52, the flaw classifier model might classify the computing
system as not containing a flaw, since the actual utiliza-
tion is comparable to the expected resource utilization.
In response to the computing system being classified as
not containing a flaw and the computing system exhibit-
ing resource saturation, analysis server 24 may recom-
mend the operator of the computing system to apply
IOPS limits, stagger the workload and/or upgrade the
hardware (i.e., similar to the recommendation provided
in Figure 2A).
[0054] Row (b) illustrates a scenario in which excess
resource utilization is present (since the actual resource
utilization is much higher than the expected resource uti-
lization), and resource saturation is also present (since
the actual utilization is within the shaded band). If the
scenario of (b) were analyzed by flaw classifier model
50, the flaw classifier model might classify the computing
system as containing a flaw, since the actual resource
utilization is much higher than the expected resource uti-
lization. In response to the computing system being clas-
sified as containing a flaw and the computing system
exhibiting resource saturation, analysis server 24 may
recommend the operator of the computing system to ap-
ply IOPS limits, stagger the workload, and/or contact cus-
tomer support. Such recommendation is similar to the
recommendation provided in Figure 2B.
[0055] Row (c) illustrates a scenario in which excess
resource utilization is absent (since the actual resource
utilization is less than the expected resource utilization),
and resource saturation is also absent (since the actual
utilization is outside of the shaded band). If the scenario
of (c) were analyzed by flaw classifier model 50, the flaw
classifier model might classify the computing system as
not containing a flaw, since the actual resource utilization
is comparable to the expected resource utilization. In re-
sponse to the computing system being classified as not
containing a flaw and the computing system not exhibit-
ing resource saturation, analysis server 24 may provide
no recommendation, as no remediation measure is need-
ed.
[0056] Row (d) illustrates a scenario in which excess
resource utilization is present (since the actual resource
utilization is much higher than the expected resource uti-
lization), but resource saturation is absent (since the ac-
tual utilization is outside of the shaded band). Such a
scenario might be associated with "headroom" loss.
Headroom generally refers to the amount of resource
that is left unconsumed (i.e., a buffer in resources for the
computing system to grow into). As such, headroom loss
refers to a loss in this buffer of resources, which would
occur prior to the computing system suffering any notice-
able performance degradation. If the scenario of (d) were
analyzed by flaw classifier model 50, the flaw classifier
model might classify the computing system as containing
a flaw, since the actual resource utilization is much higher
than the expected resource utilization. In response to the
computing system being classified as containing a flaw

and the computing system not exhibiting resource satu-
ration, analysis server 24 may provide the operator of
the computing system with no remediation measures
(similar to Figure 2C), but would flag the computing sys-
tem for internal investigation (i.e., investigation by a sup-
port/engineering representative of the computing system
manufacturer).
[0057] Figure 10 depicts data points formed by two di-
mensions of possible training data for the flaw classifier
model (i.e., expected resource utilization percentage and
actual resource utilization percentage), according to one
embodiment. Diamond shaped data points correspond
to "system-minutes" (i.e., data points generated by sen-
sor measurements measured over a minute of time) la-
beled by support (i.e., a support/engineering represent-
ative) as experiencing a flaw consuming excess resourc-
es (i.e., more resources than expected). In the example
of Figure 10, data points correspond to sensor measure-
ments collected over a minute of time, but it is understood
that sensor measurement may be collected over another
period of time greater or shorter than a minute. Circular
shaped data points correspond to system-minutes la-
beled by support as not experiencing a flaw consuming
excess resources.
[0058] As expected, the diamond shaped data points
(flaw = True) all lie far to the right of the dashed line
denoting the expected resource utilization being equal
to the actual resource utilization. In other words, all of
the diamond shaped data points correspond to the sce-
narios in which the actual resource utilization was sub-
stantially higher than the expected resource utilization.
Also expected are circular shaped data points (flaw =
False) on the right side of and proximate to the dashed
line. These circular shaped data points correspond to
scenarios in which the actual resource utilization was on-
ly slightly higher than the expected resource utilization,
and no flaw was detected. Less expected are circular
shaped data points (flaw = False) far to the right side of
the dashed line. These circular shaped data points cor-
respond to scenarios in which the actual resource utili-
zation was substantially higher than the expected re-
source utilization, and no flaw was detected. Such unex-
pected data points illustrate the need for a flaw classifier
model, as opposed to relying upon a simple threshold-
based scheme to classify flaws.
[0059] Also illustrated in Figure 10 is a dotted vertical
line separating data points with resource saturation from
data points without resource saturation. In other words,
data points with an actual resource utilization percentage
greater than a certain threshold are considered to be re-
source saturated, whereas data points with an actual re-
source utilization percentage less than the threshold are
considered to be not resource saturated.
[0060] Figure 11 depicts the flaw classifier model’s
classification superimposed over the data points of Fig-
ure 10. In some instances like the example in Figure 11,
the flaw classifier model will be a non-linear model (i.e.,
classification is not a straight line). In this example, all of
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the system-minutes classified as experiencing a flaw by
a human are also classified as experiencing a flaw by
the flaw classifier model (i.e., all diamond shaped data
points are located to the right of the dashed line). On the
other hand, a few system-minutes classified as not ex-
periencing a flaw by a human are classified as experi-
encing a flaw by the flaw classifier model (i.e., a few circle
shaped data points are located to the right of the dashed
line). This is not surprising as models, in general, may
have some degree of error (e.g., since models may not
have access to all inputs that a human has available).
Further, it is possible that the human classification had
errors (i.e., some of the circle shaped data points should
have actually been diamond shaped).
[0061] The four quadrants formed by the dotted vertical
line (delineating saturated from non-saturated data
points) and the dashed line (delineating data points clas-
sified as experiencing flaws from data point not experi-
encing flaws by the flaw classifier model) compactly il-
lustrate the four scenarios of Figure 9 in a single plot.
The upper right quadrant of Figure 11 corresponds to
row (a) of Figure 9 in which the flaw classifier model de-
termined a flaw to not be present, but resource saturation
was present. The lower right quadrant of Figure 11 cor-
responds to row (b) of Figure 9 in which the flaw classifier
model determined a flaw to be present, and resource
saturation was present. The upper left quadrant of Figure
11 corresponds to row (c) of Figure 9 in which the flaw
classifier model determined a flaw to not be present, and
resource saturation was likewise not present. Finally, the
lower left quadrant of Figure 11 corresponds to row (d)
of Figure 9 in which the flaw classifier model determined
a flaw to be present, and resource saturation was not
present.
[0062] Figure 12 depicts the same data points as Fig-
ure 10, except limited to data collected during time peri-
ods with resource saturation. Such data points may be
used to train the flaw classifier model of Figure 8A.
[0063] Figure 13 depicts the flaw classifier model’s
classification superimposed on the data points of Figure
12. If not already apparent, the flaw model’s classification
in Figure 13 is different from the flaw model’s classifica-
tion in Figure 11, because the respective flaw models
were trained with different data (i.e., flaw model of Figure
11 was trained over data points of Figure 10, whereas
flaw model of Figure 13 was trained over data points of
Figure 12). The two regions of Figure 13 formed by the
flaw classifier model correspond to rows (a) and (b) of
Figure 9. More specifically, the top region of Figure 13
corresponds to row (a) in which the flaw classifier model
determined a flaw to not be present, but resource satu-
ration was present. The bottom region of Figure 13 cor-
responds to row (b) in which the flaw classifier model
determined a flaw to be present, and resource saturation
was also present.
[0064] Figure 14 depicts plots showing the pairwise
combination of several input variables (e.g., x, y, z, q, r,
s, ...) to the flaw classifier model, according to one em-

bodiment, x may represent the actual CPU utilization mi-
nus the expected CPU utilization; y may represent the
actual drive bandwidth minus the expected drive band-
width; z may represent the CPU allocated to task number
1; q may represent the CPU allocated to task number 2;
r may represent the drive input-output (IO) allocated to
task number 1; s may represent the drive IO allocated to
task number 1; and so on. Plot 60 is a scatter plot of the
actual drive bandwidth minus the expected drive band-
width versus the actual CPU utilization minus the expect-
ed CPU utilization. Plot 62 is a scatter plot of the CPU
allocated to task number 1 versus the actual CPU utili-
zation minus the expected CPU utilization versus. Plot
64 is a scatter plot of the CPU allocated to task number
1 versus the actual drive bandwidth minus the expected
drive bandwidth. Additional plots for other pairings of var-
iables could likewise be generated.
[0065] As in the previous figures, diamond shaped data
points correspond to system-minutes labeled by support
as experiencing a flaw consuming excess resources and
circular shaped data points correspond to system-min-
utes labeled by support as not experiencing a flaw con-
suming excess resources. Any non-uniformity present in
how the diamond data points are distributed as compared
to how the circular data points are distributed may indi-
cate a pairing of variables that could be useful as inputs
to a flaw classifier model. In plots 60 and 62, there is
some non-uniformity in how the diamond data points are
distributed as compared to how the circular data points
are distributed, indicating that the pairing of x and y, and
the pairing of x and z could be useful inputs for the flaw
classifier model. In contrast, in plot 64, the diamond data
points and the circular data points are distributed quite
uniformly (i.e., mixed together), indicating that the pairing
of y and z (at least without other input variables) would
not likely be useful inputs for the flaw classifier model.
[0066] Figure 15 depicts histogram visualizations of
plot 62 replotted on a single axis through a dimensionality
reduction technique (e.g., linear discriminant), according
to one embodiment. In a simplified explanation, one can
imagine plot 62 being rotated and the data points being
projected downward onto a single axis to form histogram
66, which displays a count of the number of diamond
data points and a count of the number of circular data
points over this single axis. The meaning of the trans-
formed axis is not important (and hence it is not labeled),
but what is important is whether any bifurcation (or other
non-uniformity) exists in the distribution of diamond data
points versus the distribution of circular data points. If a
bifurcation exists, then the pairing of variables could be
useful as input to the flaw classifier model. Histogram 68
is similar to histogram 66, except for the manner in which
the histogram is presented (using stacks of data points
to represent a count instead of using a line plot).
[0067] Figure 16 provides an example of system 100
that is representative of any of monitoring server 20, anal-
ysis server 24, or client devices 28, 30, 32, 34 and 36
depicted above in Figure 1 (i.e., any processor-based
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system). Note, not all of the various processor-based sys-
tems which may be employed in accordance with em-
bodiments described herein have all of the features of
system 100. For example, certain processor-based sys-
tems may not include a display inasmuch as the display
function may be provided by a client computer commu-
nicatively coupled to the processor-based system or a
display function may be unnecessary.
[0068] System 100 includes a bus 102 or other com-
munication mechanism for communicating information,
and a processor 104 coupled with the bus 102 for
processing information. System 100 also includes a main
memory 106, such as a random access memory (RAM)
or other dynamic storage device, coupled to the bus 102
for storing information and instructions to be executed
by processor 104. Main memory 106 also may be used
for storing temporary variables or other intermediate in-
formation during execution of instructions to be executed
by processor 104. System 100 further includes a read
only memory (ROM) 108 or other static storage device
coupled to the bus 102 for storing static information and
instructions for the processor 104. A storage device 110,
which may be one or more of a floppy disk, a flexible disk,
a hard disk, flash memory-based storage medium, mag-
netic tape or other magnetic storage medium, a compact
disk (CD)-ROM, a digital versatile disk (DVD)-ROM, or
other optical storage medium, or any other storage me-
dium from which processor 104 can read, is provided and
coupled to the bus 102 for storing information and in-
structions (e.g., operating systems, applications pro-
grams and the like).
[0069] System 100 may be coupled via the bus 102 to
a display 112, such as a flat panel display, for displaying
information to a user. An input device 114, such as a
keyboard including alphanumeric and other keys, may
be coupled to the bus 102 for communicating information
and command selections to the processor 104. Another
type of user input device is cursor control device 116,
such as a mouse, a trackball, or cursor direction keys for
communicating direction information and command se-
lections to processor 104 and for controlling cursor move-
ment on the display 112. Other user interface devices,
such as microphones, speakers, etc. are not shown in
detail but may be involved with the receipt of user input
and/or presentation of output.
[0070] The processes referred to herein may be imple-
mented by processor 104 executing appropriate se-
quences of processor-readable instructions stored in
main memory 106. Such instructions may be read into
main memory 106 from another processor-readable me-
dium, such as storage device 110, and execution of the
sequences of instructions contained in the main memory
106 causes the processor 104 to perform the associated
actions. In alternative embodiments, hard-wired circuitry
or firmware-controlled processing units (e.g., field pro-
grammable gate arrays) may be used in place of or in
combination with processor 104 and its associated com-
puter software instructions to implement functionalities

described herein. The processor-readable instructions
may be rendered in any computer language.
[0071] System 100 may also include a communication
interface 118 coupled to the bus 102. Communication
interface 118 may provide a two-way data communica-
tion channel with a computer network, which provides
connectivity to the plasma processing systems dis-
cussed above. For example, communication interface
118 may be a local area network (LAN) card to provide
a data communication connection to a compatible LAN,
which itself is communicatively coupled to other compu-
ter systems. In embodiments, any suitable communica-
tion paths may be used for system 100 to send and re-
ceive messages and data through the communication
interface 118 and in that way communicate with other
controllers, etc.
[0072] It is to be understood that the above-description
is intended to be illustrative, and not restrictive. Many
other embodiments will be apparent to those of skill in
the art upon reviewing the above description.

Claims

1. An analysis server (24) for analyzing a first comput-
ing system, comprising:

a processor (104);
a memory (106) communicatively coupled to the
processor (104); and
instructions on the memory that, when executed
by the processor (104), cause the processor
(104) to:

determine, using an expected resource uti-
lization model (50), an expected utilization
of a resource of the first computing system
based on workload description parameter
values and hardware description parameter
values regarding the first computing sys-
tem;
receive a measurement of an actual utiliza-
tion of the resource of the first computing
system;
classify, using a flaw classifier model (52),
the first computing system as one which
contains or does not contain one or more
flaws that affect a performance of the first
computing system, the classification based
on the expected utilization of the resource
and the actual utilization of the resource;
when the resource of the first computing
system is saturated, determine which of
multiple different recommendations to pro-
vide depending on whether the first comput-
ing system is classified as one which con-
tains one or more flaws; and
when the resource of the first computing
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system is not saturated, determine whether
to flag the first computing system for internal
investigation depending on whether the first
computing system is classified as one which
contains one or more flaws.

2. The analysis server of claim 1, wherein the expected
resource utilization model is trained over a plurality
of computing systems having differing hardware
configurations.

3. The analysis server of claim 1, wherein training data
provided to the flaw classifier model include human-
labeled measurements of the first computing sys-
tem, at least one of the human-labeled measure-
ments being characteristic of the first computing sys-
tem experiencing one or more flaws, and at least one
of the human-labeled measurements not being char-
acteristic of the first computing system experiencing
one or more flaws.

4. The analysis server of claim 1, wherein the workload
description parameter values and the actual utiliza-
tion of the resource are measured during one or more
time periods in which the resource of the first com-
puting system experiences saturation.

5. The analysis server of claim 1, further comprising
instructions that cause the processor to:

(i) if the resource of the first computing system
is saturated and the first computing system is
classified as one which does not contain one or
more flaws, recommend one or more of a hard-
ware upgrade and a workload attenuation to an
operator of the first computing system;
(ii) if the resource of the first computing system
is saturated and the first computing system is
classified as one which contains one or more
flaws, recommend the operator of the first com-
puter system to contact customer support to re-
ceive remediation steps;
(iii) if the resource of the first computing system
is not saturated and the first computing system
is classified as one which does not contain one
or more flaws, provide no recommendation; and
(iv) if the resource of the first computing system
is not saturated and the first computing system
is classified as one which contains one or more
flaws, flag the first computing system for inves-
tigation by a manufacturer of the first computing
system.

6. A non-transitory machine-readable storage medium
comprising instructions that, when executed by a
processor (104) of an analysis server (24) for ana-
lyzing a first computing system, cause the processor
(104) to:

determine, using an expected resource utiliza-
tion model (50), an expected utilization of a re-
source of the first computing system based on
workload description parameter values and
hardware description parameter values regard-
ing the first computing system;
receive a measurement of an actual utilization
of the resource of the first computing system;

classify, using a flaw classifier model (52),
the first computing system as one which
contains or does not contain one or more
flaws that affect a performance of the first
computing system, the classification based
on the expected utilization of the resource
and the actual utilization of the resource;
when the resource of the first computing
system is saturated, determine which of
multiple different recommendations to pro-
vide depending on whether the first comput-
ing system is classified as one which con-
tains one or more flaws; and
when the resource of the first computing
system is not saturated, determine whether
to flag the first computing system for internal
investigation depending on whether the first
computing system is classified as one which
contains one or more flaws.

7. A method for analyzing a first computing system, the
method comprising:

determining, using an expected resource utili-
zation model (50), an expected utilization of a
resource of the first computing system based on
workload description parameter values and
hardware description parameter values regard-
ing the first computing system;
receiving a measurement of an actual utilization
of the resource of the first computing system;

classifying, using a flaw classifier model
(52), the first computing system as one
which contains or does not contain one or
more flaws that affect a performance of the
first computing system, the classification
based on the expected utilization of the re-
source and the actual utilization of the re-
source;
when the resource of the first computing
system is saturated, determine which of
multiple different recommendations to pro-
vide depending on whether the first comput-
ing system is classified as one which con-
tains one or more flaws; and

when the resource of the first computing system
is not saturated, determine whether to flag the
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first computing system for internal investigation
depending on whether the first computing sys-
tem is classified as one which contains one or
more flaws.

8. The method of claim 7, wherein the expected re-
source utilization model is trained over a plurality of
computing systems having differing hardware con-
figurations.

9. The method of claim 7, wherein training data provid-
ed to the flaw classifier model include human-labeled
measurements of the first computing system, at least
one of the human-labeled measurements being
characteristic of the first computing system experi-
encing one or more flaws, and at least one of the
human-labeled measurements not being character-
istic of the first computing system experiencing one
or more flaws.

10. The method of claim 7, wherein the expected utili-
zation of the resource exceeding the actual utilization
of the resource is a factor that indicates one or more
flaws in the first computing system.

11. The method of claim 7, wherein the resource com-
prises one or more of a central processing unit
(CPU), solid state drive (SSD) bandwidth or a hard
disk drive (HDD) bandwidth.

12. The method of claim 7, wherein the workload de-
scription parameter values and the actual utilization
of the resource are measured during one or more
time periods in which the resource of the first com-
puting system experiences saturation.

13. The method of claim 7, wherein the classification is
further based on information regarding how the re-
source is being used, the information including one
or more of proportions of the utilization of the re-
source by sub-modules of an operating system of
the first computing system, or state variables of the
first computing system.

14. The method of claim 7, wherein:

(i) if the resource of the first computing system
is saturated and the first computing system is
classified as one which does not contain one or
more flaws, recommending one or more of a
hardware upgrade and a workload attenuation
to an operator of the first computing system;
(ii) if the resource of the first computing system
is saturated and the first computing system is
classified as one which contains one or more
flaws, recommending the operator of the first
computer system to contact customer support
to receive remediation steps;

(iii) if the resource of the first computing system
is not saturated and the first computing system
is classified as one which does not contain one
or more flaws, providing no recommendation;
and
(iv) if the resource of the first computing system
is not saturated and the first computing system
is classified as one which contains one or more
flaws, flagging the first computing system for in-
vestigation by a manufacturer of the first com-
puting system.

15. The method of claim 7, wherein the activities asso-
ciated with the one or more remediation measures
include at least one of upgrading a software of the
first computing system, upgrading a firmware of the
first computing system, modifying a volume config-
uration of the first computing system, modifying an
operating system configuration of the first computing
system, moving contents of a volume from a first
resource pool of the first computing system to a sec-
ond resource pool of the first computing system,
modifying a data protection schedule of the first com-
puting system, opening a support ticket for the first
computing system, or opening a sales engagement
to purchase additional hardware for the first comput-
ing system.

16. The method of claim 7 further comprising:
in response to classifying the first computing system
as one which contains one or more flaws that affect
the performance of the first computing system, dis-
playing a user interface with (i) one or more suggest-
ed remediation measures to address the one or more
flaws, and (ii) one or more user interface elements
which, when selected by a user, cause activities as-
sociated with the one or more remediation measures
to be performed.

Patentansprüche

1. Analyseserver (24) zum Analysieren eines ersten
Computersystems, der Folgendes umfasst:

einen Prozessor (104);
einen Speicher (106), der kommunikativ mit
dem Prozessor (104) verbunden ist; und
Anweisungen im Speicher, die, wenn sie vom
Prozessor (104) ausgeführt werden, den Pro-
zessor (104) veranlassen zum:

Bestimmen, unter Verwendung eines er-
warteten Ressourcenauslastungsmodells
(50), einer erwarteten Auslastung einer
Ressource des ersten Computersystems
auf der Grundlage von Arbeitslast-Be-
schreibungsparameterwerten und
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Hardwarebeschreibungsparameterwerten
bezüglich des ersten Computersystems;
Empfangen einer Messung einer tatsächli-
chen Auslastung der Ressource des ersten
Computersystems;
Klassifizieren, unter Verwendung eines
Fehlerklassifizierungsmodells (52), des
ersten Computersystems als eines, das ei-
nen oder mehrere Fehler enthält oder nicht
enthält, die eine Leistung des ersten Com-
putersystems beeinflussen, wobei die Klas-
sifizierung auf der erwarteten Auslastung
der Ressource und der tatsächlichen Aus-
lastung der Ressource beruht;
wenn die Ressource des ersten Computer-
systems gesättigt ist, Bestimmen, welche
von mehreren verschiedenen Empfehlun-
gen bereitzustellen ist, abhängig davon, ob
das erste Computersystem als eines klas-
sifiziert ist, das einen oder mehrere Fehler
enthält; und
wenn die Ressource des ersten Computer-
systems nicht gesättigt ist, Bestimmen, ob
das erste Computersystem für eine interne
Untersuchung markiert werden soll, abhän-
gig davon, ob das erste Computersystem
als eines klassifiziert ist, das einen oder
mehrere Fehler enthält.

2. Analyseserver nach Anspruch 1, wobei das erwar-
tete Ressourcenauslastungsmodell über eine Viel-
zahl von Computersystemen mit verschiedenen
Hardwarekonfigurationen geschult wird.

3. Analyseserver nach Anspruch 1, wobei Schulungs-
daten, die dem Fehlerklassifizierungsmodell bereit-
gestellt werden, vom Menschen markierte Messun-
gen des ersten Computersystems umfassen, wobei
mindestens eine der vom Menschen markierten
Messungen für das erste Computersystem charak-
teristisch ist, das einen oder mehrere Fehler auf-
weist, und mindestens eine der vom Menschen mar-
kierten Messungen nicht für das erste Computersys-
tem charakteristisch ist, das einen oder mehrere
Fehler aufweist.

4. Analyseserver nach Anspruch 1, wobei die Arbeits-
last-Beschreibungsparameterwerte und die tatsäch-
liche Auslastung der Ressource während einer oder
mehreren Zeitperioden gemessen werden, in der
bzw. in denen die Ressource des ersten Computer-
systems eine Sättigung erfährt.

5. Analyseserver nach Anspruch 1, der ferner Anwei-
sungen umfasst, die den Prozessor zu Folgendem
veranlassen:

(i) falls die Ressource des ersten Computersys-

tems gesättigt ist und das erste Computersys-
tem als eines klassifiziert ist, das nicht einen
oder mehrere Fehler enthält, einem Bediener
des ersten Computersystems eine oder mehre-
re Hardware-Aktualisierungen und eine Arbeits-
lastdämpfung zu empfehlen;
(ii) falls die Ressource des ersten Computersys-
tems gesättigt ist und das erste Computersys-
tem als eines klassifiziert ist, das einen oder
mehrere Fehler enthält, dem Bediener des ers-
ten Computersystems zu empfehlen, sich an
den Kundendienst zu wenden, um
Abhilfemaßnahmen zu erhalten;
(iii) falls die Ressource des ersten Computer-
systems nicht gesättigt ist und das erste Com-
putersystem als eines klassifiziert ist, das nicht
einen oder mehrere Fehler enthält, keine Emp-
fehlung bereitzustellen; und
(iv) falls die Ressource des ersten Computer-
systems nicht gesättigt ist und das erste Com-
putersystem als eines klassifiziert ist, das einen
oder mehrere Fehler enthält, das erste Compu-
tersystems zur Untersuchung durch einen Her-
steller des ersten Computersystems zu markie-
ren.

6. Nichtflüchtiges maschinenlesbares Speichermedi-
um, das Anweisungen umfasst, die, wenn sie von
einem Prozessor (104) eines Analyseservers (24)
zum Analysieren eines ersten Computersystems
ausgeführt werden, den Prozessor (104) veranlas-
sen zum:

Bestimmen, unter Verwendung eines erwarte-
ten Ressourcenauslastungsmodells (50), einer
erwarteten Auslastung einer Ressource des
ersten Computersystems auf der Grundlage von
Arbeitslast-Beschreibungsparameterwerten
und Hardwarebeschreibungsparameterwerten
bezüglich des ersten Computersystems;
Empfangen einer Messung einer tatsächlichen
Auslastung der Ressource des ersten Compu-
tersystems;
Klassifizieren, unter Verwendung eines Fehler-
klassifizierungsmodells (52), des ersten Com-
putersystems als eines, das einen oder mehrere
Fehler enthält oder nicht enthält, die eine Leis-
tung des ersten Computersystems beeinflus-
sen, wobei die Klassifizierung auf der erwarte-
ten Auslastung der Ressource und der tatsäch-
lichen Auslastung der Ressource beruht;
wenn die Ressource des ersten Computersys-
tems gesättigt ist, Bestimmen, welche von meh-
reren verschiedenen Empfehlungen bereitzu-
stellen ist, abhängig davon, ob das erste Com-
putersystem als eines klassifiziert ist, das einen
oder mehrere Fehler enthält; und
wenn die Ressource des ersten Computersys-
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tems nicht gesättigt ist, Bestimmen, ob das erste
Computersystem für eine interne Untersuchung
markiert werden soll, abhängig davon, ob das
erste Computersystem als eines klassifiziert ist,
das einen oder mehrere Fehler enthält.

7. Verfahren zum Analysieren eines ersten Computer-
systems, wobei das Verfahren Folgendes umfasst:

Bestimmen, unter Verwendung eines erwarte-
ten Ressourcenauslastungsmodells (50), einer
erwarteten Auslastung einer Ressource des
ersten Computersystems auf der Grundlage von
Arbeitslast-Beschreibungsparameterwerten
und Hardwarebeschreibungsparameterwerten
bezüglich des ersten Computersystems;
Empfangen einer Messung einer tatsächlichen
Auslastung der Ressource des ersten Compu-
tersystems;
Klassifizieren, unter Verwendung eines Fehler-
klassifizierungsmodells (52), des ersten Com-
putersystems als eines, das einen oder mehrere
Fehler enthält oder nicht enthält, die eine Leis-
tung des ersten Computersystems beeinflus-
sen, wobei die Klassifizierung auf der erwarte-
ten Auslastung der Ressource und der tatsäch-
lichen Auslastung der Ressource beruht;
wenn die Ressource des ersten Computersys-
tems gesättigt ist, Bestimmen, welche von meh-
reren verschiedenen Empfehlungen bereitzu-
stellen ist, abhängig davon, ob das erste Com-
putersystem als eines klassifiziert ist, das einen
oder mehrere Fehler enthält; und
wenn die Ressource des ersten Computersys-
tems nicht gesättigt ist, Bestimmen, ob das erste
Computersystem für eine interne Untersuchung
markiert werden soll, abhängig davon, ob das
erste Computersystem als eines klassifiziert ist,
das einen oder mehrere Fehler enthält.

8. Verfahren nach Anspruch 7, wobei das erwartete
Ressourcenauslastungsmodell über eine Vielzahl
von Computersystemen mit verschiedenen Hard-
warekonfigurationen geschult wird.

9. Verfahren nach Anspruch 7, wobei Schulungsdaten,
die dem Fehlerklassifizierungsmodell bereitgestellt
werden, vom Menschen markierte Messungen des
ersten Computersystems umfassen, wobei mindes-
tens eine der vom Menschen markierten Messungen
für das erste Computersystem charakteristisch ist,
das einen oder mehrere Fehler aufweist, und min-
destens eine der vom Menschen markierten Mes-
sungen nicht für das erste Computersystem charak-
teristisch ist, das einen oder mehrere Fehler auf-
weist.

10. Verfahren nach Anspruch 7, wobei die erwartete

Auslastung der Ressource, die die tatsächliche Aus-
lastung der Ressource übersteigt, ein Faktor ist, der
einen oder mehrere Fehler in dem ersten Compu-
tersystem anzeigt.

11. Verfahren nach Anspruch 7, wobei die Ressource
eine oder mehr einer zentralen Verarbeitungseinheit
(CPU), einer Festkörperlaufwerk(SSD)-Bandbreite
oder einer Festplattenlaufwerk(HDD)-Bandbreite
umfasst.

12. Verfahren nach Anspruch 7, wobei die Arbeitslast-
Beschreibungsparameterwerte und die tatsächliche
Auslastung der Ressource während einer oder meh-
rere Zeitperioden gemessen werden, in der bzw. in
denen die Ressource des ersten Computersystems
eine Sättigung erfährt.

13. Verfahren nach Anspruch 7, wobei die Klassifizie-
rung ferner auf Informationen darüber basiert, wie
die Ressource verwendet wird, wobei die Informati-
onen einen oder mehrere von Anteilen der Auslas-
tung der Ressource durch Submodule eines Be-
triebssystems des ersten Computersystems oder
Zustandsvariablen des ersten Computersystems
enthalten.

14. Verfahren nach Anspruch 7, wobei:

(i) falls die Ressource des ersten Computersys-
tems gesättigt ist und das erste Computersys-
tem als eines klassifiziert ist, das nicht einen
oder mehrere Fehler enthält, einem Bediener
des ersten Computersystems eine oder mehre-
re Hardware-Aktualisierungen und eine Arbeits-
lastdämpfung empfohlen werden;
(ii) falls die Ressource des ersten Computersys-
tems gesättigt ist und das erste Computersys-
tem als eines klassifiziert ist, das einen oder
mehrere Fehler enthält, dem Bediener des ers-
ten Computersystems empfohlen wird, sich an
den Kundendienst zu wenden, um
Abhilfemaßnahmen zu erhalten;
(iii) falls die Ressource des ersten Computer-
systems nicht gesättigt ist und das erste Com-
putersystem als eines klassifiziert ist, das nicht
einen oder mehrere Fehler enthält, keine Emp-
fehlung bereitgestellt wird; und
(iv) falls die Ressource des ersten Computer-
systems nicht gesättigt ist und das erste Com-
putersystem als eines klassifiziert ist, das einen
oder mehrere Fehler enthält, das erste Compu-
tersystem zur Untersuchung durch einen Her-
steller des ersten Computersystems markiert
wird.

15. Verfahren nach Anspruch 7, wobei die Aktivitäten,
die mit der einen oder den mehreren
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Abhilfemaßnahmen verbunden sind, mindestens ei-
ne der Folgenden umfassen: Aktualisieren einer
Software des ersten Computersystems, Aktualisie-
ren einer Firmware des ersten Computersystems,
Modifizieren einer Volumenkonfiguration des ersten
Computersystems, Modifizieren einer Betriebssys-
temkonfiguration des ersten Computersystems,
Verschieben des Inhalts eines Volumens aus einem
ersten Ressourcenpool des ersten Computersys-
tems in einen zweiten Ressourcenpool des ersten
Computersystems, Modifizieren eines Datenschutz-
plans des ersten Computersystems, Öffnen eines
Support-Tickets für das erste Computersystem oder
Eröffnen einer Verkaufsverpflichtung zum Kaufen
zusätzlicher Hardware für das erste Computersys-
tem.

16. Verfahren nach Anspruch 7, das ferner Folgendes
umfasst:
als Reaktion auf die Klassifizierung des ersten Com-
putersystems als eines, das einen oder mehrere
Fehler enthält, die die Leistung des ersten Compu-
tersystems beeinträchtigen, Anzeigen einer Benut-
zeroberfläche mit (i) einer oder mehreren vorge-
schlagenen Abhilfemaßnahmen zur Behebung des
einen oder der mehreren Fehler und (ii) einem oder
mehreren Elementen der Benutzeroberfläche, die,
wenn sie von einem Benutzer ausgewählt werden,
die Ausführung von Aktivitäten in Verbindung mit der
einen oder den mehreren Abhilfemaßnahmen bewir-
ken.

Revendications

1. Serveur d’analyse (24) permettant d’analyser un
premier système informatique, comprenant :

un processeur (104) ;
une mémoire (106) couplée de manière com-
municative au processeur (104) ; et
des instructions sur la mémoire, qui, lorsqu’elles
sont exécutées par le processeur (104), amè-
nent le processeur (104) à :

déterminer, à l’aide d’un modèle d’utilisation
de ressource prévu (50), une utilisation pré-
vue d’une ressource du premier système in-
formatique sur la base de valeurs de para-
mètre de description de charge de travail et
de valeurs de paramètre de description de
matériel concernant le premier système
informatique ;
recevoir une mesure d’une utilisation réelle
de la ressource du premier système
informatique ;
classer, à l’aide d’un modèle de classifica-
tion de défauts (52), le premier système in-

formatique comme un système qui contient
ou ne contient pas un ou plusieurs défauts
qui affectent les performances du premier
système informatique, la classification étant
basée sur l’utilisation prévue de la ressour-
ce et sur l’utilisation réelle de la ressource ;
déterminer, lorsque la ressource du premier
système informatique est saturée, laquelle
des multiples recommandations différentes
à fournir, selon que le premier système in-
formatique est classé comme un système
qui contient un ou plusieurs défauts ou non ;
et à
déterminer, lorsque la ressource du premier
système informatique n’est pas saturée, s’il
faut signaler le premier système informati-
que pour une enquête interne selon que le
premier système informatique est classé
comme un système qui contient un ou plu-
sieurs défauts ou non.

2. Serveur d’analyse selon la revendication 1, dans le-
quel le modèle d’utilisation de ressource prévu est
formé sur une pluralité de systèmes informatiques
ayant des configurations matérielles différentes.

3. Serveur d’analyse selon la revendication 1, dans le-
quel les données de formation fournies au modèle
de classification de défauts comprennent des mesu-
res marquées par l’homme du premier système in-
formatique, au moins l’une des mesures marquées
par l’homme étant caractéristique du premier systè-
me informatique subissant un ou plusieurs défauts,
et au moins une des mesures marquées par l’homme
n’étant pas caractéristique du premier système in-
formatique subissant un ou plusieurs défauts.

4. Serveur d’analyse selon la revendication 1, dans le-
quel les valeurs de paramètre de description de char-
ge de travail et l’utilisation réelle de la ressource sont
mesurées pendant une ou plusieurs périodes dans
lesquelles la ressource du premier système informa-
tique subit une saturation.

5. Serveur d’analyse selon la revendication 1, compre-
nant en outre des instructions qui amènent le pro-
cesseur à :

(i) recommander à un opérateur du premier sys-
tème informatique une mise à niveau matérielle
et/ou une atténuation de charge de travail, si la
ressource du premier système informatique est
saturée et que le premier système informatique
est classé comme un système qui ne contient
pas un ou plusieurs défauts ;
(ii) recommander à l’opérateur du premier sys-
tème informatique de contacter le service client
pour recevoir les étapes de réparation, si la res-
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source du premier système informatique est sa-
turée et que le premier système informatique est
classé comme un système qui contient un ou
plusieurs défauts ;
(iii) ne donner aucune recommandation si la res-
source du premier système informatique n’est
pas saturée et que le premier système informa-
tique est classé comme un système qui ne con-
tient pas un ou plusieurs défauts ; et à
(iv) signaler le premier système informatique
pour enquête par un fabricant du premier sys-
tème informatique si la ressource du premier
système informatique n’est pas saturée et que
le premier système informatique est classé com-
me un système qui contient un ou plusieurs dé-
fauts.

6. Support de stockage non transitoire lisible par ma-
chine, comprenant des instructions qui, lorsqu’elles
sont exécutées par un processeur (104) d’un serveur
d’analyse (24) permettant d’analyser un premier sys-
tème informatique, amènent le processeur (104) à :

déterminer, à l’aide d’un modèle d’utilisation de
ressource prévu (50), une utilisation prévue
d’une ressource du premier système informati-
que sur la base de valeurs de paramètre de des-
cription de charge de travail et de valeurs de
paramètre de description de matériel concer-
nant le premier système informatique ;
recevoir une mesure d’une utilisation réelle de
la ressource du premier système informatique ;
classer, à l’aide d’un modèle de classification de
défauts (52), le premier système informatique
comme un système qui contient ou ne contient
pas un ou plusieurs défauts qui affectent les per-
formances du premier système informatique, la
classification étant basée sur l’utilisation prévue
de la ressource et sur l’utilisation réelle de la
ressource ;
déterminer, lorsque la ressource du premier
système informatique est saturée, laquelle des
multiples recommandations différentes à four-
nir, selon que le premier système informatique
est classé comme un système qui contient un
ou plusieurs défauts ou non ; et à
déterminer, lorsque la ressource du premier
système informatique n’est pas saturée, s’il faut
signaler le premier système informatique pour
une enquête interne selon que le premier sys-
tème informatique est classé comme un systè-
me qui contient un ou plusieurs défauts ou non.

7. Procédé d’analyse d’un premier système informati-
que, le procédé consistant à :

déterminer, à l’aide d’un modèle d’utilisation de
ressource prévu (50), une utilisation prévue

d’une ressource du premier système informati-
que sur la base de valeurs de paramètre de des-
cription de charge de travail et de valeurs de
paramètre de description de matériel concer-
nant le premier système informatique ;
recevoir une mesure d’une utilisation réelle de
la ressource du premier système informatique ;
classer, à l’aide d’un modèle de classification de
défauts (52), le premier système informatique
comme un système qui contient ou ne contient
pas un ou plusieurs défauts qui affectent les per-
formances du premier système informatique, la
classification étant basée sur l’utilisation prévue
de la ressource et sur l’utilisation réelle de la
ressource ;
déterminer, lorsque la ressource du premier
système informatique est saturée, laquelle des
multiples recommandations différentes à four-
nir, selon que le premier système informatique
est classé comme un système qui contient un
ou plusieurs défauts ou non ; et à
déterminer, lorsque la ressource du premier
système informatique n’est pas saturée, s’il faut
signaler le premier système informatique pour
une enquête interne selon que le premier sys-
tème informatique est classé comme un systè-
me qui contient un ou plusieurs défauts ou non.

8. Procédé selon la revendication 7, dans lequel le mo-
dèle d’utilisation de ressource prévu est formé sur
une pluralité de systèmes informatiques ayant des
configurations matérielles différentes.

9. Procédé selon la revendication 7, dans lequel les
données de formation fournies au modèle de clas-
sification de défauts comprennent des mesures mar-
quées par l’homme du premier système informati-
que, au moins l’une des mesures marquées par
l’homme étant caractéristique du premier système
informatique subissant un ou plusieurs défauts, et
au moins une des mesures marquées par l’homme
n’étant pas caractéristique du premier système in-
formatique subissant un ou plusieurs défauts.

10. Procédé selon la revendication 7, dans lequel l’utili-
sation prévue de la ressource dépassant l’utilisation
réelle de la ressource est un facteur qui indique un
ou plusieurs défauts dans le premier système infor-
matique.

11. Procédé selon la revendication 7, dans lequel la res-
source comprend une unité centrale de traitement
(CPU) et/ou une largeur de bande de disque à cir-
cuits intégrés (SSD) et/ou une largeur de bande de
disque dur (HDD).

12. Procédé selon la revendication 7, dans lequel les
valeurs de paramètre de description de charge de
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travail et l’utilisation réelle de la ressource sont me-
surées pendant une ou plusieurs périodes dans les-
quelles la ressource du premier système informati-
que subit une saturation.

13. Procédé selon la revendication 7, dans lequel la clas-
sification est en outre basée sur des informations
concernant la façon dont la ressource est utilisée,
les informations comprenant une ou plusieurs des
proportions de l’utilisation de la ressource par des
sous-modules d’un système d’exploitation du pre-
mier système informatique, ou par des variables
d’état du premier système informatique.

14. Procédé selon la revendication 7, consistant à :

(i) recommander à un opérateur du premier sys-
tème informatique une mise à niveau matérielle
et/ou une atténuation de charge de travail, si la
ressource du premier système informatique est
saturée et que le premier système informatique
est classé comme un système qui ne contient
pas un ou plusieurs défauts ;
(ii) recommander à l’opérateur du premier sys-
tème informatique de contacter le service client
pour recevoir les étapes de réparation si la res-
source du premier système informatique est sa-
turée et que le premier système informatique est
classé comme un système qui contient un ou
plusieurs défauts ;
(iii) ne donner aucune recommandation si la res-
source du premier système informatique n’est
pas saturée et que le premier système informa-
tique est classé comme un système qui ne con-
tient pas un ou plusieurs défauts ; et à
(iv) signaler le premier système informatique
pour enquête par un fabricant du premier sys-
tème informatique si la ressource du premier
système informatique n’est pas saturée et que
le premier système informatique est classé com-
me un système qui contient un ou plusieurs dé-
fauts.

15. Procédé selon la revendication 7, dans lequel les
actions liées à la mesure ou aux mesures de répa-
ration consistent à mettre à niveau un logiciel du pre-
mier système informatique et/ou à mettre à niveau
un micrologiciel du premier système informatique
et/ou à modifier une configuration de volume du pre-
mier système informatique et/ou à modifier une con-
figuration du système d’exploitation du premier sys-
tème informatique et/ou à déplacer le contenu d’un
volume d’une première réserve de ressources du
premier système informatique vers une seconde ré-
serve de ressources du premier système informati-
que et/ou à modifier un programme de protection
des données du premier système informatique et/ou
à soumettre un ticket d’assistance pour le premier

système informatique et/ou à soumettre un engage-
ment de vente pour acheter du matériel supplémen-
taire pour le premier système informatique.

16. Procédé selon la revendication 7, consistant en outre
à :
afficher, en réponse à la classification du premier
système informatique comme un système qui con-
tient un ou plusieurs défauts affectant les performan-
ces du premier système informatique, une interface
utilisateur comprenant i) une ou plusieurs mesures
de réparation suggérées pour réparer un ou plu-
sieurs défauts, et ii) un ou plusieurs éléments d’in-
terface utilisateur qui, lorsqu’ils sont sélectionnés
par un utilisateur, entraînent l’exécution des actions
liées à la mesure ou aux mesures de réparation.
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