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{57) ABSTRACT

lvaluating multi-dimensional inlormation includes provid-
ing a plurality of initial dimensions. Bach dimension repre-
sents a factor related to performance. It further includes
receiving a lirst selection ol a value for a first dimension in
the plurality of initial dimensions. IU further includes pro-
viding a plurality of potentially significant dimensions from
among a set of dimensions. It further includes receiving a
second selectlon ol a sceond dimension rom among the
plurality ol potentially significant dimensions. 10 further
includes determining the plurality of potentially significant
dimensions based on an indication of presence of outliers in
the potentially significant dimension. A dimension that sig-
nilicanily affects perlormance is identificd.

10 Claims, 11 Drawing Sheets
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1
AUTOMATED SURFACING OF
MULTI-IMMENSIONAL INSIGITTS

BACKGROUND O TTIE INVENTION

Delivery of content such as streaming videos involves
many enrities and many distribution paths. Any entity along
any ol the conlent distribution paths may [ail silently. at any
time. dircetly causing degradation ol the viewing experi-
ence. As such, when an issue occurs, determining relevant
formation 1o determine actions can be challenging.
Improved techniques for identitving actions to address
issues in streaming are needed.

BRIEF SUMMARY OF THE INVENTION

Aulomated surfacing of mulli-dimensional insights is
disclosed. In some cases. a plurality ol initlal dimensions is
provided. In some cases, a first selection of a valve for at
least one of the initial dimensions is received. In some cases,
a plurality of potentially significant dimensions is provided.
In some cases, the plurality ol polentially signilicant dimen-
slons is determined based om an indication ol presence ol
outliers in the plurality of potentially significant dimensions.
In some cases, a second selection of a second dimension
[rom among (he plurality ol potentially significant dimen-
slons 1s received.

BRIEF DESCRIPTION OF THE DRAWINGS

Various embodiments of the invention are disclosed in the
lollowing detailed descriptiom and the accompanying draw-
ings.

FIG. 1 illustrates an embodiment of a svstem for analysis
of multi-dimensional information.

IIGE. 2A-21: illustrate an example ol automated deler-
mination and surlacing ol insights.

FIGS. 3A-3C illustrate embodiments of histograms of
cohort-level performance measures.

I'IGE. 4A-4C illustrale cmbodiments ol distributions (it Lo
histograms of cohort-level performance measures.

IIGE. SA-SC illustrate embodiments of weighted distri-
butions it to histograms of cohort-level performance mea-
sures.

I'IG. 81 illustrates an embodiment of a weighting lune-
Lion.

FIG. 6 is a flow diagram illustrating an embodiment of a
process for automated scanning and surfacing of dimen-
sions.

DIFTATLLED DESCRIPTION

The invention can be implemented in numerous ways,
including as a process: an apparalus: a syslem: a composi-

tion ol matler: a compuler program product embodied on a5

computer readable storage medivm; and/or a processor, such
as a processor configured to execute wmstructions stored on
and/or provided by a memory coupled to the processor. In
this speciiication, these implementations. or any other lorm
that the nvention may lake, may be relorred 1o as lech-
nigues. In general, the order of the steps of disclosed
processes may be altered within the scope of the invention.
Unless stated otherwise. a component such as 8 processor or
a memory deseribed as being conligured 1o perlorm a task
may be implemented as a general component that is wem-
porarily configured to perform the task at a given time or
specific component that is manvfactured to perform the task.

ta

40

45

La

Gl

G5

2

As used herein, the term “processor” refers 1o one or more
devices. cireuits. andior processing cores comligured 1o
process dala, such as computer program instructions.

A delailed description of one or more cmbodiments ol the
invention is provided below along with accompanying fig-
vres that illustrate the principles of the invention. The
invention is deseribed in connection with such embaodi-
menis, but the invention is not limited 1o any embodiment.
The scope of the invention is limited only by the claims and
the invention encompasses numerous alternatives, modifi-
cations and equivalents. Numerous specific details are set
forth in the lollowing description in order lo provide a
thorough understanding of the invention. These details are
provided for the purpose of example and the invention may
be practiced according to the claims without some or all of
these speeilic details. or the purpose ol clarity, technical
malerial that is known n the technical fields related 1o the
invention has not heen deseribed in detail so that the
invention is 0ot unnecessarily obscured.

The following are embodiments of automated surtacing of
insights and analylics [rom mulii-dimensional inlormation.
limbodiments ol the technigues described herein assist users
in diagnosing issues determined from multi-dimensional
event data. As one example, the techniques described herein
may be utilized to diagnose streaming video issues and
problems. limbodiments of the wechniques deseribed herein
assisl users in reducing the time o resolution ol video
streaming issues, as well as reduce the time to identifving an
action to resolve the video streaming issues. As one
cxample, embodiments ol the echnigques deseribed herein
provide intelligence in the streaming issue diagnosis and
resolution work Mlow.

FIG. 1 illustrates an embodiment of a system tor analysis
of multi-dimensional information. In some embodiments,
platform 102 is comfligured (o facilitate evaluation and analy-
sis ol multi-dimensional inlormation collected by the plat-
form. While examples of evalualing and scanning multi-
dimensional information in the context of video streaming
are described herein tor illustrative purposes, the techniques
deseribed herein may be variously adapled o accommodate
analysis of multi-dimensional information and event data
collected in any other contexts, as appropriate.

In this example, ingestion processing engine 104 is con-
figured to ingest and process streams of event data from
various client devices. For example. client devices 106, 108,
110, and 112 are examples ol remole client devices (c.g.,
desktops, laptops, mobile devices, set-top boxes, ete.) that
have installed content plavers that are vsed 10 play or stream
video content (e.g.. live and/or on-demand content). In some
cmbodiments. 1o play conlent. a content player ol a client
device makes a request 10 2 CDN {conlent delivery network)
server through various Internet Service Providers (ISP's). For
example, a request is made 10 a content management system
{CMB). I available. the requested conlent is lelehed rom
cdge servers ol the conlent delivery networks. which act ag
a form of cache laver for the content. If the requested content
item is not available at an edge server, the content may be
pulled from origin servers, which can include encoded
versions ol raw content. 'The origin servers may be owned by
a publisher of the content that provides raw conlent and
encodes the data (e.2., using an encoder).

In some embodiments, each client device has installed a
sensor that continuously monitors the quality ol the viewing
experience for video playback sessions, where the sensor
then periodically sends back measurements (o multi-dimen-
sional streaming information analvtics platform 102 (e.g.,
over a network such as the Internet). As one example, the
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sensor is implemented as a software development It (SDK)
library running on the client device. As one example, the
quality of experience ((Qoll) measurements are sent periodi-
cally in the form ol heartbeats. In some embodiments, the
QoE measurements in the heartheat messages include raw
event data (e.g., sensor measurement samples taken at points
in time) that is senl over time o the platform, lorming a
stream of raw event data that is ingested by event sircam
ingestion engine 114, In some embodiments, event stream
ingestion engine 114 is implemented as a hypertext transter
protocol (HT'TP) gateway server, where heartheat messages
are placed on a queue such as a Kalka queue. In addition o
collecting event streams [rom client devices thal have con-
tent players, streams of raw event data are also collected
from other sources or endpoints such as origin servers, CDN
edge servers. cle. (e.g. in the [orm ol logs).

In various embodiments. a heartbeal message includes a
viewer identifler (ol the viewer ol content). client identifier
{of the client device from which the raw event data is being
collected), as well as a session identifier (of the video
streaming session for which the measurements are taken). In
some cmbodiments. and as will be deseribed in further detail
below, the raw event data that is ingested is used to generate
client or session-level or individual-level performance met-
rigs.

In this example. session-level performance melrics com-
putation engine 116 1s confligured o determine, [rom the
ingested raw event data pertaining to a session, session-level
performance metries, such as rebuffering ratio, video startup

[ailure, exit belore video starl. ele. As one example. quened 3

heartbeals are passed 10 a real-lime computation stack thal is
conligured o summarize incoming raw cvenl dala on a
per-video session basis (e.g., generate summarized session-
level performance metric values per session—as identified
by 4 session identificr in a heartbeat). In some cmbodiments.
a seeond stack is used [or handling historical information
(t.g.. previously caplured session Inlormation).

Ag one example, a heartbeat may contain measurements
of buffering time and plaving time sampled at various points.
The collection of bullering time and playing time measure-
moents in the raw evenl stream perlaming o an individual
session may be agaregated and used to determine a session-
level performance metric. In the tollowing examples, a
composite metric, referred to herein as a streaming pertor-
mance index (SP1), is generated for cach session. As one
example. 8Pl is a composile metric or score (hal is com-
posed based on other metrics, such as rebuffering ratio,
bitrate, video startup failure, exit betore video start, start
time. cle. While examples involving 8P are described

herein lor illustrative purposes. the analylics described s

herein can be used 1o diagnose streaming issues determined
relative to multiple metrics or combinations of metrics.

In this example, the session-level SPPI metric values are
stored Lo session-level performance melrics store 118, As

one example, session-level performance metrics store 118 18 5

wplemented using a high-performance data store.

In some embodiments, the session-level metrics are
tagged with metadata such as associated viewer, client, and
session identifiers. In some embodiments. session-level met-
rics are also lagged or characlerized with multi-dimensional
metadata corresponding to a variety of dimensions, where
each dimension may have numerous dimension values, One
example ol such a dimension is a device name dimension.
where cach possible value ol the device name dimension 1s
4 slring corresponding 10 a dillerent device name that s
reported by a client device. Another example of a dimension
is a geographic region dimension, where the different avail-
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able values under the geograplic region dimension are
dillerent countries. Yel another example of a dimension is an
ISP dimension. where the different values ol the ISP dimen-
sion are dillerent 15Ps {c.g.. dillerent 18P dimension values
such as Comcast, AT&T, Verizon, ete.). (nher examples of
dimensions include content type (with dimension values
such as live or Video-on-Demand), CDN (with dimension
values such as Akamai, Level3d, ele). cle.

In some cmbodiments. mulli-dimensional  sireaming
inlormation analytics platform 102 is conligured (0 monitor
the performance of streaming sessions by evalvating infor-
mation such as the session-level performance metrics. For
example, platform 102 monitors the quality of viewing
experience of video sessions by moniloring the aloremen-
tioned metries (e.g., SPI, rebullering, cle.).

In some embodiments, an analyst user. such as a user ol
device 120, can access the platform via vser interface (UI)
frontend 122 1o view information perfaining to session
traffic. Various entities may vtilize the services of the stream-
ing analylics platform. For example. 15Ps. CDNs. publish-
ors. cle. may be customers thal consume the services pro-
vided by the streaming analytics platform.

Asg one example, platform 102 evaluates the session-level
performance metrics in metrics store 118 1o provide analyt-
ics via a dashboard inlerface that is provided via Ul [rontend
122, Via the dashboard interlaces provided by via the Ul
frontend, the user can view, for example, an overview of the
performance of streaming sessions, as well as perform
analysis (o identily or investigale the cause of any perlor-
mance issues thal oceur. ixamples of interfaces [or viewing
and diagnosing sireaming performance issucs are described
in further detail below,

In the context of video streaming, performance issues
may arise, in which the quality ol the viewing experience is
degraded {e.g.. due Lo large amounts o bullering. video start
up failures. cle.). In some embodiments, platform 102 is
configured 1o identify and surtace anomalous performance
behavior based on monitoring of performance metric values
for streaming sessiom trallic. In the example ol the SPI
metric. anomalous perlormance behavior includes hbehavior
in which the SPI metric for sessions is low.

It would be beneficial it the source of such issues could be
identified quickly so that remedial actions can be pertformed
lo improve the qualily of cxperience. lor example, il would
be helplul il an issue could be localized lo a specilic type of
device running a specific version of the software, or it it
could be determined that the issue is really due to streaming
from a specific CION when using a certain ISP rather than
being specilie 1o any pariicular type ol device. One chal-
lenge that hinders such investigation is the large diversity of
clients that stream video content, as well as the presence of
multiple entities in the content delivery pipeline.

l'or example, as described above. viewing sessions may
be characlerized according o mulliple. numerous dimen-
sions, where each dimension may have many possible
values. As one example, under the device type dimension,
there may be hundreds of different valves for device type.
lior a single device type. clients may be running multiple
dillerent versions ol an operaling syslem. Further. client
devices may be connected to the Internet through various
different ISPs, which again, there may be hundreds of. Client
devices may also be oblaining content [rom various dillerent
CDNs. "Thus, scarching through the performance data [rom
these disparate clients, which can be characterized by hun-
dreds of difterent dimensions, each with hundreds of differ-
ent possible dimension valves, 10 isolate the root of an issue
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10 a specific group of ¢lients that have some shared combi-
nation ol characteristics (c.g.. dimensions and dimension
values) can be challenging.

Ag one example, supposc that a content publisher s a
subscriber of the services provided by platform 102. Sup-
pose that the analvst vser is associated with the publisher.
Suppose that the streaming sessions involving the content
publisher are tagged wilh a hundred dimensions. lixamples
of dimensions include device name, city, ISP, etc. The
automated insights svstem 102 is configured 1o determine, of
those 100 dimensions, which few dimensions have insights
that would help an analylics user (o drill down on a par-
ticular performance problem, as represented in this example
by a low SPI value. That is, the svstem has shown that there
is an aggregate, low SPI for sessions associated with the
publisher. The analylics user would like 10 know why the
SPI value is low. Using embodiments ol the techniques
deseribed herein, platform 102 is conligured 1o delermine.
among, the 100 dimensions, which ot the dimensions would

be vsetul for turther evaluation to provide insight into why 2

the 8P s low. That is. omly a small number ol dimensions
may provide relevant information or a signal o the SPI
problem,

Without the automated insights techniques described
herein, the vser would have to know themselves where to
look next in order o diagnose the surfaced issue. For
example. the user would have o know the numerous difl-
ferent ways or paths of drilling down in the vser wntertace.
For example, the user would have 1o decide what particular

paths lo explore, such as whether it is more important o look 3

al I8P (Inlermet Service Provider). or more important 1o look
al a specilic application version or spocilic model of device.
After making a certain selection based on their own koowl-
edge, they would then drill down further in the Ul in an

allempt o diggnose the issue. There may be mulliple iera- 3

tions ol [iltering and drilling down by the user in their
allempl o diagnose the issue.

Further, while some metadata, such as that identifving a
particular tvpe of device, may be clearly stated, with user-
understandable semantic labeling, other meladala may not
always be as user-interpretable. in which case. the user may
not have as much intuition as to how to drill down further in
exploring the issue.

Using the techniques described herein, embodiments of
the automated insights system delermine optimal explor-
alory paths lor diagnosis ol conlent streaming ssucs, help-
ing the vser to determine how to drill down further into
surfaced issues,

The lollowing are further details and  embodiments

regarding a [ramework lor interactive diagnosis of anoma- s

lics n streams ol multi-dimensional event data.

FIGS. 2A-2E illustrate an example of automated deter-
mination and surfacing of insights. In some embodiments,
providing aulomatic insights includes delermining and rec-

ommending dimensions ol exploration when. lor example. s

havigating and diagnosing issues i content streaming. In
some embodiments, the automated insights, as well as the
interfaces of FIGS. 2A-2E in which those automated
insights are surlaced. are provided by a system such as
analylics platlorm 102 ol UVIG. 1.

FIG. 24 illustrates an example of an analytics dashboard.
In this example, an overview of all traffic (e.g., all streaming
session trallic) is shown. For example. an analyst user (c.g..
user of device 120) starts analysis from a view ol all trallic.

In this example, various aggregate performance melrics
(e.g., streaming performance index (SPI), attempts, video
start tailures, video plavback failures, ete.) determined by
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apgrepating the session-level metric (for all traflic) are
shown al 202, In this example, supposc thal the user is
interested in the streaming perlormance index metric 204,

In this example. based on the seleetion of the 8P melric,
the dashboard provides summary intormation showing
trends in the streaming performance metric across an initial
sel of dimensions. For example. at panel 206 are shown SP1
values lor sesslons grouped according o dillerent values ol
the dimension device name. At panel 208 are shown SI'1
values for sessions grouped by different countries under the
countries dimension. At panel 210 are shown SPI values for
sessions grouped by dillerent [8Ps.

In this example, having started analysis [rom a view ol all
traffic, the user (e.g., of device 120) notices that Epsilon TV
{212 has the poorest performance based on the SPI (stream-
ing performance index) metric under (he device name
dimension. |laving noticed that ipsilon TV is having issucs
relaled 1o sireaming perlormance. suppose that the user
would now like to diagnose the issue further.

In the example of FIGS, 2A-2E, for illustrative purposes,
SPI values are rated according o a three-level scale of poor,
lair. and good. For illustrative purposes, poor SPI values arc
indicated by being both bolded and underlined, tair SP1
values are indicated by being bolded but not underlined, and
good SPI valves are not bolded and not underlined. Other
scales lor rating SPI valucs, as well as other visual indicalors
for SPI value ratings may be ulilized as appropriate.

For example, the user wishes 1o determine it there is some
other characteristic of the Epsilon TV sessions (e.g., browser
version. CION. or any other dimensions) that would he
indicative ol the cause of the observed low SPI value.

In this example. suppose (hat the user seleets ipsilon 1Y
at 212, The user interface of FIG. 2B is generated in
response. In this example, in response to the vser clicking on
lipsilon "IV Lo drill down o Lpsilon TV in the device name
dimension. the entire interlace ol FICG. 2B s now (Tlered on
lipsilon TV (as indicated at 2200, lior example, rather (han
viewing SP’I across all tratlic, the scope of the sessions being
evaluated has now been filtered (down trom all traffic) to
those sessions that were played on Vipsilon TV devices. In
this case, the space ol sessions under consideration has been
constrained 10 a smaller space—that is, a filtered subset of
sesgions that are plaved on Epsilon TV devices.

In this example, the system provides, via the vser inter-
lace al 214, an oplion lo perform aulo-scanning ol dimen-
sions. Without the user having (o explicitly speeily where 1o
20 next (e.g., what next level of dimensions that they would
like 1o filter on), system 102, in response 10 selecting the
option lo perform aule scaming of dimensions. s riggered
Lo perlorm an automaled scan of dimensions (with respect 1o
sessions played on Vipsilon TV devices) and determine. [rom
the numerous available dimensions, recommended dimen-
sions or exploratory paths tor the user to further drill down
inte. "The optimal or recommended exploratory paths are
then presented 1o the user.

In this example, in response 1o clicking on the vser
interface option to auto scan dimensions (214), dimension
scanning and recommendation engine 124 automatically
scans the avallable remaining dimensions (in this example,
as 4 value of the device name dimension has already been
selected for filtering sessions, the device name dimension is
not further evaluated) and recommend dimensions tor fur-
ther exploration {e.g.. 0 view the 8Pl metrics ol).

In some embodiments. perlorming the scan includes
automatically scarching the space ol dimensions. and deter-
mining optimal candidate exploratory or investigatory paths
for navigating and diagnosing content streaming issues. For
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example, in response to the vser’s indication 1o further
explore a particular conlent slreaming issue, polential paths
Lo drill down that have a high likelihood ol providing usclul
information in diagnosing of the particular streaming issue
are identified as surfaced. For example, in response 1o the
user clicking on the option 1o auto scan dimensions, the
syslem s triggered 1o recommend dimensions (o look al that
have the most rélevant information. In some embodiments.
the recommended candidate dimensions or paths are proba-
bilistically determined. Further details regarding dimension
scanning and recomumendation are described below,

In some embodiments, the recommended dimensions
determined by the dimension scanning and recommendation
engine 124 for the next level of exploration are surfaced. For
example, in response to the wser clicking on the option to
perlorm aulo-scanning ol dimensions. the system responds
with top recommended dimensions. or example, the lop
recommended dimensions are surlaced in an updated inter-
face such as the example user interface of FIG. 2C. In this

example, the top recommended dimensions for the next 2

level ol exploration are shown al 222,

In the example interface ol FIG. 2C, at 222. the op [our
potential dimensions/paths to drill down that will provide
relevant intormation on the particular content streaming
issue with respect to SPI are shown. [n this example, the four
potential paths (c.g.. next dimension (o [iller on lor a next
level of exploration) that are surlaced include device model.
device operating svstem, browser version, and app version.
The four potential dimensions have been identified from the

sel ol all possible dimensions (which, lor example, may be 3

in the hundreds).

In (his cxample, cach of the surfaced recommended
candidate paths is presented as a selectable option in the nser
tertace. For example, the vser can click or select each of

the device model or operating system lor [urther evaluation. 3

in which deeper inlormation is provided. In this example.
the system provides the user an oplion o ask the sysiem lor
assistance i exploring and diagnosing a coutent streaming
issve.

In this example, suppose that the user seleels oplion 224
1o [urther explore along the recommended “device model”
dimension. In response, the system performs analytics on the
Epsilon TV streaming sessions according to the various
different tvpes of device models. The system turther pro-
vides an updated user inlerface as shown in the example ol
I"1¢5. 213, In the example inlerface ol VIG. 212, panel 208 is
updated 10 now show SPI valves for the Epsilon TV session
grouped by device model. In this example, the vser can now
sce, al 232, that device maodel HEP43KMX 2000 is the worst
perlorming device model.

In this example interface of UIG. 21, the recommended
top dimensions 222 are shown. The user intertace element or
option to select the recommended dimension of device
model (224) is now unavailable (and grayed oul in this

example o indicate ils unavailability). as il has already been s

selected (and shown at panel 208). If the user would like to
explore another path of investigation, the user can further
select another exploratory dimension recommended by the
aulomated insights system. such as oplion 234 lor exploring
the device operating system dimension.

For example, suppose that the user selects option 234. In
response, the svstem determines analytics tor Epsilon TV
devices along the dimension ol the device operating syslem.
and updates the user interlace o that shown in the example
ol II¢. 215 In this example, in response o clicking on the
recommended device operating sy stem, panel 210 is npdated
1o show SPI valves for Epsilon TV sessions grouped or

[

[
[y

40

45

La

Gl

G5

8

segmented by device operating svstem. From this updated
lable, the user can observe that 1POS 1.1.1 (242) and 8.6.9
{244) arc the worst perlorming device operaling systems. In
the example interlace of VI 211, the user can now view,
side-bv-side, the SP'I metric tor streaming, sessions on Epsi-
lon TVs by both device model (as shown at panel 208) and
device operating svstem (as shown at panel 210). In this
cxample, the device model and device operaling syslem
dimensions were recommended (out ol the possible space of
all available dimensions) o the user by (he syslem. withoul
the vser themselves having to explicitly indicate or know
what dimensions to filter on. This improves the efliciency of
searching and identitving dimensions of interest and poten-
lial importance with respect (o streaming performance.

The following is an cxample of scanning dimensions and
recommending polentially significant dimensions. In the
following, an example of recommending the device model
dimension as a result of scanning of dimensions is described
{e.g., to generate and surface recommendation 224 of FIG.
20,

In this example. the sysiem begins with the sel ol sessions
that are tagged with the device name “lipsilon TV (accord-
ing to the filter scope). The system then scans and evaluates
the SP1 of the filtered set of sessions with respect 10 other
dimensions (Tor example. dimensions other than the device
name dimension, for which the value “lipsilon "IV hag
already been sclecled and used o constrain the space of
sessions that are evaluated).

For example, in addition to scanning the device model
dimension, the system also scans dimensions such as oper-
aling system, CION. origin server. ISP geographic region,
cle.

In the Tollowing example. suppose thal the device model
dimension is being evalvated to see it'it is a dimension that
is potentially significant with respect to streaming perfor-
mance (and should thus be recommended for turther explo-
ralion).

In this example. as part ol performing a scan ol the device
model dimension [or sessions that are lagged with or [all
vider the Epsilon TV device hame, the system evaluates the
performance of different cohorts that correspond to Epsilon
TV sessions grouped by different device model numbers
{which are the values ol the device model dimension).

lor example. the system is conligured o delermine,
among the vardous different device model identifiers, which
device models are outliers with respect to the SPI metric. In
this cxample, an oullier relers Lo a cohorl {corresponding 1o
4 specilie device model identifier) (hal has a cohort-level
measurcd SPI that is below an outlier (hreshold.

In some embodiments, in order to determine the presence
of outliers among the different device models, a distribution
i applied based on the histogram ol empirical 8Pl measures
for the different cohorts ol Vipsilon TV sessions grouped by
device model. The statistics of the fitted distribution are used
to define the conditions for determining owutliers. For
example, an outlier can be defined as any SPI valve that is
lowoer than. lor example. a tail percentile. such as lower than
the [ilth pereentile. or lower than the second percentile.

In this example, a tail percentile (statistical parameter of
the fitted distribution) is vsed as a threshold for determining
the prescnce ol outlier cohorls. As one cxample, the SPI
value thal corresponds 1o the (ail percentile can be used as
the threshold 1o provide a culoll [or delermining which
device models have an SPI value lower than the threshold.
The cutoff threshold includes an SPI value determined based
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on tail percentiles that is wsed to determine whether some
group ol sessions (grouped based on dimension value) is an
outlicr.

In this cxample. the system is conligured o identily
outliers among, the cohort-level SPPI metric valves deter-
mined for each cohort of sessions grouped by device model.
Ag one example, among all ol the device model cohorls Tor
a same period of time (e.g.. the past week, past day, cle.). the
aggreaate, cohort-level metric value corresponding 10 each
device model (which is determined by aggregating the SP’L
metric values for individual sessions in the cohort of ses-
sions that share a common device model) is determined. The
cohorl-level metrics are collected together o Torm a hislo-
gram of cohort-level SPI metric valves. A probability dis-
tribution is fitted over the histogram of cohort-level SPI
metric values. or cxample, il there are 100 dillerent device
model identiflers (cardinality of the device model dimen-
slon). then 100 corresponding cohort-level 8P metric values
are determined. A continvous probability distribution is fit
over the 100 cohort SPI metric values. An outlier threshold
SPI value is delermined. Any cohorts (corresponding o
speeific device model identifiers) that had corresponding
cohort-level S5PI values below the threshold are determined
as being outlier cohorts.

Ag shown in this example, empirical performance metric
dala 1s delermined for cohorts corresponding to different
dimension values ol a dimension being analyzed. A (con-
tinuowus) distribution is fitted 1o the empirical performance
metric data (aggregate, cohort-level performance metric

values determined lor the cohorts). Statistical paramoeters ol 3

the fitled distribution are determined, such as 1ail pereentiles.
In some embodiments. a tail pereentile is used as a threshold
for detecting cohorts that are outliers with respect to the
performance metric. Atfter the distribution is fitted, the

syslem relurns o the empirical data o (ind any cohorls 3

whose corresponding metric value [alls below the tail per-
centile threshold determined [rom the fitted distribution. 11a
cohort’s SPT is below the threshold, then the dimension
value corresponding 10 the cohort is determined to be an
outlier. Presence of an ouwlier in the dimension is also
determined 1o have been deteeted. The presence of an outlier
is indicative of the dimension being potentially significant
with respect to performance.

If the analyzed dimension is found to have dimension
values thal are oullicrs, then the dimension is surfaced, as
was The case [or the device model. which was recommended.
as shown at 224 of FIG. 2D. Further, when the uvser selects
the device model for further exploration, the cohort-level
perlormance measures are also shown. In the example ol

IIC3. 21, the device model identifier that was determined (o 5

be an oullier cohorl (232) is also indicated in the user
intertace.

It may be the case that none of the cohorts have actual
empirical perlormance metrie values that a1l below the

threshold deiermined rom the fitted distribuiion. In some 3

embodiments, it the presence of outliers is not detected for
a candidate dimension, that dimension is not surtaced. For
example, if no outliers were detected tor the CDN dimen-
sion, then the CIIN dimension is nol surlaced. As shown in
this example, the system deseribed herein is conligured (o
automatically recommend dimensions such as device model
10 explore further, without surfacing other dimensions (sueh
a8 CDN in this example) that are not polentially significant.
and which would not provide much insight into observed
streaming perlformance issucs (as measured with respeet Lo
a performance metric SI'1 in these examples). The presence
of outliers in the device model dimension is used as a signal
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for indicating, that this dimension is of potential significance
with respect 1o streaming perlommance.

Ag shown in the examples above. a [irst question (hal the
system answers s whether there are any oulliers in a
candidate dimension vnder evaluation. For example, does
the device model have outliers for the metric of interest
(SPI) within the filter scope (population of Epsilon TV
sessions). In this example scenario, when evaluating the SPI
{metric [or gauging performance) lor Epsilon IV, the sysiem
determines whether dimensions such as the device model
dimension have any outliers, etc. An evalvation is done
across all candidate dimensions (excluding those dimen-
sions for which a specific valve was selected as a filter 10
constrain the set of sesslons whose 8PL perlformance s
cvalualed) o determine which dimensions have oulliers.
This includes [litting a distribution o the cmpirically
observed performance gronped/aggregated according to val-
ves of a dimension. Different dimensions may have different

2 distributions (ot different shapes) fitted 1o the histograms of

cohort-level perlormance measures due o the shape of the
cmpirical data. "The statistical parameters ol the fitled dis-
tribution are used 1o determine any oullier dimension values
among the valves for the dimension.

Any dimensions for which the presence of outlier cohorts
is detected are suggested and surlaced to the user (so that the
user can [urther evaluate the system-recommended dimen-
sions). Dimensions that do not have any outlicrs are nol
surtaced in some embodiments. The user can then select a
dimension (via a UI) and visvally scan throngh the presented
SP1 wvalues for the dimension selected from the recom-
mended dimensions (o delermine what the outlier is. In the
above examples of PIGE. 2A-21, the system delermines that
the device model dimension has an outlier and that it should
be surfaced for the user 10 have the option to turther explore.

As another example of the sutomated dimension scanning
and surfacing described above, suppose that there are 100
dimensions in all. One ol the dimensions is device name. In
this cxample, as shown al 212 of II(r. 2A. the user selecled
the Tipsilon IV value under the device name dimension as
a filter that restricts or constrains the space of sessions that
are evalvated (e.g., sessions that share the characteristic of
having been plaved on Epsilon TVs). Of the remaining 99
dimensions (where the device name dimension is not evalu-
aled again. since the psilon TV value Tor the dimension has
already Dbeen selected as a filter), any dimensions with
outliers are surfaced. For example, at FIG. 2D, in response
lo selecting the recommended device model dimension. the
SPI measured lor dillerent device model identifiers is dis-
played at 208. In this example. the user can then select a
device model 1o further constrain the space or scope of
sessions being evalvated. For example, as part of the itera-
live investigalory process, the user (hen selects the device
model “HP43KMX 20007 at 232, as it has a low 8PI value.
In this example, the investigatory filter scope is updated 10
include the combination of both the Epsilon TV device name
dimension value, and the EP43KMX200C device model
dimension value. This [urther constraing the space ol ses-
sions whose 8PI performance is evaluated 1o those thal were
plaved on Epsilon TVs with device model aumber
EP43KMX 200,

In this example. the (iller scope 13 now updated to he
{device name==l‘psilon TV ANID device
model==]1P43KMX200). That iz, cach time ol ileralion
{e.., selection of a specific dimension value), the filter
scope 18 updated. By expanding the filter scope, the search
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space of sessions is further constrained as conditions are
added. where the [ilier conditions are determined from the
dimensions.

The user can then request for another ileration of dimen-
sion scanning and recommendation 10 be performed. In this
example, the updated filter scope then turther constrains the
space of scssions that is evaluated in the next ileration. In
this example. the added [lier condition is a specilic value lor
a dimension. In the next iteration of scanning of outliers, that
dimension i3 0o longer scanned again, as one value for that
dimension has already been selected. The remaining dimen-
slons arc scannoed.

In some embodiments, the [lter scope can be updated
with multiple dimension values. For example, suppose that
i1 a previous round of iteration, the user had selected the
Ipsilon TV dimension value ([rom the device name dimen-
slon) lor exploration. Suppose that the user then requested
recommended dimensions o explore. In the current ilera-
Tion, suppose that the system recommends the device model
dimension. Suppose that there are three specific device
models (device model dimension values) that are outlicrs
{(with respeet o the SPL metric in (his example). The user
may select all three of the outlier device models for updat-
ing. This results in the filter scope being updated 10 be
Epsilon TV and any of the selected device models (e.g.,
psilon’ IV AND (device_maodel_1 OR device_model_2 OR
device_model_33). Onee (iliering has been perlormed on the
device model dimension (whether filtering on one or more
muliple valves of the dimensions), that dimension is
excluded
example. il during a lirst Wleration, one hundred dimensions
woere scanned. A user then selects a value ol a pariicular
dimension for updating the filter scope. In the next iteration,
hinety-nine dimensions are scanned (the dimension for

which a value was chosen [or fillering in a next round ol 3

scanning is removed). As shown in this example. the filier
scope is an oxpression lor determining whal streaming
sessions 1o include for evalvation when scanning candidate
dimensions.

Asg shown in the above examples, the system provides the
capability lor a user o request [or assislance in diagnosing
content streaming issues. In response to such a request, the
system ig triggered 10 search the space of available dimen-
siops, identify recommended dimensions tor turther evalu-
alion. and relum (e.g., surlace) the recommended dimen-
slons of exploration. This is in contrast 10 [oreing the user Lo
figure out such exploratory dimensions.

In the examples of FIGS. 2A-2E, the capability of auto-

malic scanning ol dimensions o identify recommended

dimensions [or exploration assisted the user o [ind the most s

relevant dimensions (hat will provide the next siep ol
analysis across potentially hundreds of different dimensions,
without the nser having to know what specific path would be
the most optimal 10 explore. For example, the aulo-scanning

leature assisted the user in [inding (he most relevant dimen- 3

sion and relevant dimension valve to identify actions quickly
out of potentially hundreds of dimensions and millions of
values.

Without the aulo-scanning lechnigues deseribed herein.
the user may have o search all of the polentially hundreds
of dimensions when attempting 1o diagnose a content
streaming, issue. For example, the user would have 1o know
[rom experience or chock dimensions one by one Lo (ind
relevant inlormation to delermine actions.

In the example above, device model and operaling system
were explored. The scanning and exploratory techmiques
described herein are applicable 1o any dimension across

from fulure scanningifanalysis. Supposc for 3
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content, delivery (e.g., CDN, ISD*), geographic region, as
well ag custom dimensions provided by users {(c.g., lags sel
by subscribers ol the services provided by the streaming
analytics platform).

While examples of automated scanning and recommend-
ing of exploratory dimensions are provided in the context of
conlent streaming. the techniques deseribed herein may be
variously adapled (o accommodate other Lypes of use cases
and types of data.

In some embodiments, using the techniques described
herein, a framework is provided that facilitates collaborative
and inleractive diagnosis, in which both user experience and
automated insights capabilitics are bridged and inlegrated
with each other. For example, as shown 10 the examples of
FIGS. 2A-2E, the user can use a Ul or other intertace 1o
initiate analysis. Al a cerlain point. the user can then hand ofl
the analysis o platlorm 102 o perlorm automated scanning
ol dimensions o perform Turther analysis and relum results.
The uwser may then continue by selecting from the recom-
mended dimensions. This collaborative investigatory pro-
cess can be iterated muliiple times.

The collaborative [ramework [or inleractive diagnosis
involving teedback-based automated scanning (in which the
plattorm provides the ability for vsers and the platform 1o
provide signals to each other) provides various benefits. For
cxample, given the potentially hundreds of dimensions and
millions of dimension values, it may be compulalionally
intractable for a model 10 process or computationally
explore all possible paths of combinations of dimensions
and dimension values 10 ind what group ol sessions (with
some cerlain speeilic sel ol dimension values as character-
istics) is responsible for observed content streaming issucs.
Using the techniques described herein, the system provides
teedback capabilities in which vsers can provide feedback
aboul analysis they would like 1o perform, where the user
inpul is used as leedback by the syslem model Lo guide or
influence its determinatiom ol recommended dimensions [or
exploration. For example, the system provides a recom-
mended subset of candidate dimensions to explore. The vser
provides inpul such as a sclection ol a surlaced dimension.
The user inpul is used as [eedback by the automated insights
model 1o limit the search space over which the system
processes performance data pertaining to streaming ses-
sions. In this way, by reducing the scope of the search space,
the automated diagnosing by (he model is made more
cllicient and less resource inlensive.

Further, by performing iterative analvsis with user feed-
back interaction, what combination of what dimensions and
dimension values can be cvaluated can be scaled. lior
cxample, suppose thal there are streaming sessions thal can
be segmenied by 500 different dimensions. where cach
dimension can have thousands of values. It would be
impractical and intractable from a computing perspective 10
search all combinations of dimensions and dimension values
lo delermine perlormance (e.g., whether there are streaming
performance issues) of varions different groups or cohorts of
streaming sessions.

While a certain set of cohorts can be selected or pre-
conligured [or a system 1o search through and evaluate (c.g.,
lo reduce the scarch space of sessions o evaluale), this
pre-configured subset of cohorts that is searched through
may only represent a small fraction of the total possible
space ol combinations that exist. Thal is, even il a scarch ol
the pre-configured set of cohorts is performed. Turther
searching through paths ol cohorls may be needed o diag-
nose a problem. Using the techniques described herein, vser
teedback is leveraged and combined with automated insights
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analysis. As one example, suppose that in the example of
IP1¢7. 2A. an initial scan of a cerlain. limiled subscl ol cohorts
indicated that sessions lor which the device name was
Iipsilon TV woere identified as having strcaming perflor-
mance issues with respect to SP’1. The alerting system may
0ot be able to scan the rest of the space (as it would be
intractzble [rom a computational perspective). Using the
lechniques deseribed herein, user feedback is collected and
used as a signal to narrow down the search space for the
automated insights platform to turther explore. Using the
techniques described herein, in talking the user feedback into
account, the system is betler able (o determine and present
a sel ol candidale paths to the user o seleet from. In this way.
the user feedback is directed with the assistance of analysis
of probable paths (which the user may not be aware of). In
this way. the system provides guidance (o the user on
probable paths ol investigation with a high probabilily ol
providing uselul inlormation. The user can then also provide
guidance to the system by selection of a candidate path, in
response 10 which the system can perform scanning on a
narrower scarch space based on the user’s signal. [ere, the
user provides a signal to the system ol the sub-space ol
combinations of dimensions and dimension values within
which to search and evalvate performance. As will be
described in further detail below, in some embodiments, the
determination and surlacing ol candidale or recommended
scarch paths is performed in real-lime, o laeilitate real-time
dynamic querving and searching of a search space. Using the
techniques described herein, vser domain feedback is lev-

craged and combined with auomaled insighis capability (o 2

improve the elliciency and ellicacy of scarching through and
evaluating the space of combinations ol dimensions and
dimensions values to support and tacilitate real-time diag-
hosis of streaming performance issues at a granular level
(narrowing down 1o a speeilic combination of dimensions
and dimension values). Using the lechnigques described
herein, a user is able w0 dynamically provide a search space
for the system, such that the system can react 10 the user
feedback signal when performing analysis of streaming
perlbrmance issucs across slreaming sessions.

Such inleractive search space exploration is in contrast o
pre-programming a search space over which data is evalu-
ated. For example, vsing the techniques described herein,
the system is dvnamically guided by teedback from a vser.
l'or example. the system delermines recommended options
that are provided 1o the user. The user implicitly guides the
system by selecting or drilling down on one of the recom-
mended options, indicating the direction (and search space)
of interest. For example. in the example ol FIG. 2ZA0 by

clicking on Lpsilon TV (212), the user has dynamically s

indicated to the system that the system should Tocus within
the space of Epsilon TV sessions. This eliminates trillions of
combinations that the svstem (which has a global view of
streaming performance ol dala across sessions running on

disparate types of devices with disparale Lypes ol operating s

systems, on different ISDs, ete.) would otherwise have to
evaluate.

Using the techniques described herein, a vser is provided
4 channel by which o guide the aulomated insights platform
on the space over which it perlormms analysis. This s
facilitated by an interactive, and reactive querving frame-
wotk for analysis, utilizing feedback from a user as direc-
tional guidance (o dynamically scarch through the space of
combinalions of dimensions and dimension values. This 1s
also [acilitated by the system providing guidance (c.g.. in the
form of recommended search dimensions for further explo-
ration, in which case the system is also reducing the search
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or evaluation space for the nser) 1o the user, such that the
user can provide their guidance by being able o view resulls
{c.g.. perlormance measurements lor corlain segmoents or
cohorts of sessions) in real-lime. For example, the user
provides guidance as thev are performing analysis based on
the query results data being provided. Using the techniques
deseribed herein. ilerative and collaboralive search space
exploration is [acilitated. where the syslem provides recom-
mended dimensions, helping 1o reduce the search space for
the user, where teedback provided by the uvser also reduces
the search space for the svstem. This back-and further search
gpace narrowing with mulual user-sysiem guidance can be
repeated over mulliple ilerations. As a resull. compared 1o
existing techniques such as those that are pre-configured 10
search in a small percentage of the entire search space,
cmbodiments of the system (along with the user) are able 1o
search the entire space, therehy scaling and improving the
cllicacy ol the results provided {e.g., by increasing the speed
at which a search space can be covered or navigated).
Further details regarding tacilitating real-time dvhamic que-
rying and scarch space exploration are described below.
liurther imbodiments ol Awlomaled 1imension Scanning
and Recommendation

The following are further embodiments of automatic
scanning and recommending of dimensions for diagnosing
igsucs in multi-dimensional streaming inlormation. [n this
cxample, automaled dimension scanning and recommending
to facilitate the diagnosis or analysis of streaming perfor-
mance issues indicated via the SP’T metric are described for
Mustrative purposes. The techniques deseribed herein may
be variously adapied o accommodate debugging and diag-
nosis wilh respect o other melrics as appropriate. such as
rebutfering. In this example, SPI is a composite metric or
score that is composed based on other metrics such as
bullering ratio. bitrate.  failure. start time. cle. While
cxamples involving SPL are described herein Tor llustrative
purposcs, lthe analylics deseribed herein can be used 1o
diagnose streaming issues determined relative to multiple
metrics or combinations of metrics (e.g., buffering, video
starl [ailures, ete.).

In some embodiments, dimension scanning and recom-
mendation engine 124 is confipured 1o provide scan and
recomunended dimensions as suggested or candidate search
paths (e.g., 10 highlight the performance of certain subsets of
sessions with a cerlain sel ol characleristics thal are of
potential significance). In some embodiments. lo lacilitate
querv-time processing (e.g., 1o dvnamically update the inter-
taces shown in FIGS, 2A-2F in response 10 user interactions
in near real-lime). the dimension scanning and recommen-
dation engine 124 is implemented as a microservice access-
ing a high-perlormance database (such as data store 118,
implemented using, for example, Apache Druid, Clickhouse,
etc.) that can be queried quickly.

In some embodiments, a dimension s recommended or
surfaced where the performance of a group ol scssions
sharing a certain value of the dimension is an outlier. In this
example, this includes surtacing, bubbling up, or suggesting
dimensions where the SPI values of at least one cohort
{corresponding o a value of the dimension) are relatively
low within thal dimension  for example, some older
browser versions (where there is a browser version dimen-
sion, a specific browser version is an example valve of the
browser dimension) may have much worse perlormance
compared (0 other browser versions. Diringing dimensions
that have the presence of such outlior dimension values 1o
the attention of users can facilitate diagnosis of the cause of
streaming issues.
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Asg one example, suppose a dimension, “device.” Under
this dimension. there may be tens or hundreds ol different
values. A group ol sessioms (hat share a certain value of the
dimension is relerred Lo herein as a cohorl. Cohorts may also
be determined as a group of sessions sharing a combination
of dimension values.

In the following examples, dimension scanning and rec-
ommendation engine 124 is conligured 1o determine outlicr
cohorts (outlier dimension valves) in terms of the metric,
SPPL This includes determining outlier values of a metric in
groups of sessions matching to specific values of a particular
dimension being scamed. Surlacing of such outlier cohorls
would be benelicial when diagnosing streaming perfor-
mance. For example, it would be beneficial 1o a user if the
system were able to provide an indication of device name
dimension values (cohorts), whose aggregaie SP1 metric lor
the sessioms sharing those dimension values are oulliers. In
this example, dimension scanming and recommendation
engine 124 is configured to identify, out of all of the possible
existing dimensions (which may be in the hundreds), which
dimensions have cnough key outliers in the 8PI metric that
they should be surfaced 10 the user.

The following are examples of reliably scanning a dimen-
sion for the presence of outlier cohorts corresponding to
values of the scanned dimension. In some embodiments,
scanning 4 candidale dimension includes aggregating a set
ol sessioms matching o a filler scope. In some embodiments.
filter scope engine 126 is confipured to determine a set of
streaming, sessions that are filtered according to a filter scope

(t.g.. that maich the conditions ol the filter scope). In some 2

embodiments, the session-level information that is aggre-
galed 15 also determined (o be within a time period ol interest
{e.2., last hour, last day, last weels, etc.).

In some embodiments, a group of streaming sessions
malching 10 a [lter scope is oblained. For example. Ul
[rontend 122 is conligured o receive an indication of a ilier
scope lor sessions o be evaluated. For example, based on
the user selecting Epsilon TV at 212, the scope of sessions
10 be evalvated is filtered to those sessions that were plaved
on Lpsilon TV (c.g.. sessions thal are lagged with meladala
indicating that they were played on devices with the device
name of Epsilon TV). Filter scope engine 126 is configured
10 determine the set of sessions under Epsilon TV in this
example.

A sel ol dimensions is then scanned lo delermine which
dimensions contain oullicrs. In some embodimenis, candi-
date dimension evalvation engine 128 is configured to
evaluate a candidate dimension to deterimine whether it is of
potential significance (and should be surfaced). limbodi-

menis ol the candidale dimension evaluation described =

herein are performed for cach candidate dimension under
consideration. In some embodiments, dimensions whose
values that are included in the filter scope (where specific
values ol dimensions have already been specilied) are not

[urther evaluated. For example, as Lpsilon "IV has been s

selected as a specific device name for filtering sessions, the
“device name” dimension is not further evalvated. The
remaining dimensions are then evalvated as candidate
dimensions. The ollowing are examples of evaluation ol a
candidate dimension.

In some embodiments, evaluating a candidate dimension
includes determining whether the dimension is potentially
significant. As one example. a polentially signilicant dimen-
slon is a dimension that is identified as significantly allecting
slreaming perlormance.

In some embodiments, the set of sessions matching 1o the
filter scope is partitioned or segmented or grouped into
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cohorts of sessions, where a cohort corresponds 1o a value of
the candidale dimension being evaluated. and where the
sessions in the cohorl are tagged or otherwise characlerized
as sharing the dimension value in common.

For example, a candidate dimension of inferest is
obtained. Suppose that the dimension of interest has mul-
tiple dimension values. For example, the “device model”
dimension may have as values many different device model
numbers. The group ol streaming sessions malching o the
[ilter scope 1s Turther partitioned by the different dimension
values, where each dimension value is associated with a
corresponding sub-group of streaming sessions that are
tagged with the same valve of the dimension. For each
sub-group ol streaming sessions malching o a particular
dimension value (also referred (0 herein as a cohort). a
corresponding cohortl-level aggregale perlormance melric
value (aparegate SPP1 metric valve in this example) for the
sub-group is determined.

A cohort-level performance measure is determined for a
given cohorl by aggregating the session-level perlormance
measurcs [or the sessions belonging o the cohorl. In some
embodiments, the cohort-level performance measures are
determined by cohort performance engine 130,

In some embodiments, the cohort-level pertformance mea-
surcs are determined by aggregating the session-level per-
formance measures in slore 118, Lior example. as deseribed
above, ingestion processing engine 104 is confipured 1o
ingest streams of mw event data. For example, at an indi-
vidual session level (from streaming sessions running on a
streamer’s client deviee), a stream of raw events is collected
by platform 102 over lime (c.g. cvery hour, cvery 10
minutes, ete.). In some embodiments, the platform is con-
figured 1o compute actionable metrics on the ingested raw
data. such as SPL rebullering, ele. Vor example, meltrics are
compuiled al a session level by session-level perlormance
metrics computation 116. The session level metrics are then
stored to the high-performance database 118.

Apprepation of session-level data (e.g., 10 determine the
SPI [or a group or subsel of scssions malching a certain sel
ol dimensions/values) is then perlormed al real-time. This is
because the aggrepation could be on any arbitrary combi-
nation of dimension values (e.g., combination of filter scope
and cohort dimension walve). Such pre-computation on
arbilrary combinations ol dimensions would be intraclable
given the number of combinations ol dimensions. As shown
in this example, at a session level, the performance metric
{used 1o evalvate streaming performance) for individual
sesslons i pre-compuled and stored (rather than being
compuied on the [y). The cohort-level aggregate metrics are
compuied on the [y [rom the individual session-level mea-
sures.

For example, composite metrics such as SPI are complex
and intricale, and may involve correlation across ingested
cvents. In some embodimenis, the individual session-level
metric values are pre-computed on the ingested raw event
data and stored to the high-performance data in preparation
for being aggrepated on the fly according to vser nput.

l'or example. lor a perlormance metric such as average
bitrate. clienl devices may nol reporl an average bilrale.
Instead, they mayv report their current bitrate at various
points in time. In some embodiments, determining session
level melrics includes determining a time period or window
ol evaluation (c.g.. last hour. last week, cle.). A session-level
performance metric value lor an individual session lor that
window of time is computed (e.g.. based on raw events
ingested during that period of interest).
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In some embodiments, the system is configured 1o deter-
mine the start and end of streaming sessions (c.g.. from the
evenl stream). The system 102 then determines the metric
lor a session based on compulation across evenls over Lime
{between the determined start and end times), where the
session level metrics are then stored. As shown in this
example. the perlormance melric s pre-computed atl the
session level, During query lime, aggregation across scs-
siops (10 determine performance of certain cohorts) is per-
formed dvnamically. In some embodiments, at query time,
the microservice (e.g., dimension scanhing and recommen-
dation engine 124} accesses the session level melries Lo
delermine aggregale melric values [or cohorts. responsive Lo
a vser’s input,

In some embodiments, the determination of cohort-level
perlormance measures (of the SPL metric in this cxample)
resulls in a histogram of cohort-level SPI values. In some
embodiments, cohorl performance engine 130 is conligured
1o determine a histogram which includes identitving the
unique aggregate performance metric SP'I values that have
heen determined. Por each observed aggregate performance
metric value. a counl ol the limes that the aggregale perfor-
mance metric value has been observed is determined (tor
example, a certain aggregate pertormance metric value may
have been seen multiple times). In some embodiments, the
histogram is normalized.

In some embodiments, a continuous probability disiribu-
tion is fit to the histogram of cohort-level performance
measures. [n some embodiments, distibution fitting engine

132 is conligured (o [it a distribution (o the histogram ol 3

cohorl-level SPI values.

Propertics of the distribution are then used o delermine
whether any of the cohorts are outliers with respect 10 the
SPI performance metric. In some embodiments, outlier

presence detection engine 134 is conligured 1o delermine the 3

presence of oullier cohorts. In some embodiments, a stalis-
tical parameter ol the distribution is wsed as an outlier
threshold. A cohort is determined to be an outlier if' its
corresponding  ¢cohort-level performance measure falls
bhelow the threshold.

One way Lo perform such outlier deleetion is o assume
that there is a certain distribution that the metric, under those
specific dimensions, follows, Outlier detection then involves
defining an outlier threshold, which as one example, is based
on a lail pereentile for that ftted distribution. lior example.
[or $PL. a threshold of the 5™ percentile can be used. As one
example, it the 5* percentile value for SPI is 50, then any
cohort with an SP'I value lower than 50 can be considered an
outlicr.

A dimension may have a large cardinalilty (c.g. large s

number of different values under dimension of interest). In
some embodiments, a distribution is fit based on individual
empirical values (e.g., histopram, as described above, where
the empirical cohort-level perlormance measures may also

be considered as samples)). The threshold (e.g., tail pereen- s

tile) can then be defined based on the fitted distribution.
In some embodiments, it at least one cohort is determined
10 be an outlier according 1o the threshold, then the dimen-
slon is [lagged as being potentially significant. The flagged
dimension is then surlaced. such as via a user interlace.
The following are further embodiments of outlier detec-
tion based on fitting of'a distribution to a histogram of cohort
perlormance.
Generating a [listogram ol Performance ol Cohorls ol a
Dimension
The following are further details regarding determining,
for a candidate dimension, a histogram of performance tor
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different cohorts corresponding to different values of the
candidate dimension. In some embodiments, cohort perlor-
mance engine 130 is conligured (o delermine the histogram
for cach candidate dimension.

In this example, SPI data is pulled (e.g., daily) on several
content publishers (that subscribe 1o the services provided
by the sircaming analylics platlform deseribed herein) and all
ol their dimensions. In some embodiments. cerlain conlent
publisher/dimension values are discarded based on having

3 otoo low a volume (eg., below a threshold volume of

sesgions). For example, client/dimension values with less
than 1000 sessions in volume are discarded. In other
cmbodiments. a percenlage ol olal volume is used as a
threshold to determine whether to discard valves. In some
embodiments, the dimension values with the highest vol-
umes are kepl {e.g.. above a threshold volume, or threshold
lop pereentage).

FIGS. 3A-3C are examples ol the distribution ol SPI
metric values determined for sessions in different cohorts. In

20 this example, in each of the graphs, the X-axis is metric

valucs (c.g. SPI values). The Yeaxis is the histogram {c.g.,
number of sessions thal had a specilic 8P value, or per-
centage of total sessions of the cohort under consideration
that had a particular SPI valve). In this example, S is
normalized 1o be a score between O and 100, with 100
indicating the highest performance, and 0 indicaling the
lowest performance. Other metrics may have dillerent
ranges of values.

In the examples ot FIGS. 3A-3C, a normalized histogram
is determined (where, for example, the counts of the diller-
enl aggregale performance meliric values are divided by the
overall or total number ol dimension values). resulling in a
probability of some specific aggregate performance metric
value occurring (based on empirical data).

FIG. 3A illustrales an example of a hislogram of SPI
values generated lor cohorts of sessions corresponding 1o
dillerent dimension values ol a custom fller dimension (c.g.,
custom dimension that is defined by a content publisher).

FIG. 3B illustrates an example of a histogram ot SP1
values generated lor cohorts of sessions corresponding 1o
dillerent dimension values ol a streaming protocol dimen-
sion. Bxamples of different dimension values of the stream-
ing protocol dimension include HLS, Dash, MDP4, etc.

FIG. 3C illustrates an example of a histogram ot SP1
values generated lor cohorts of sessions corresponding 1o
dillerent dimension values ol a deviee operaling syslem
family dimension. Examples of different dimension values
of the device operating system tamily dimension include
108, Android, Roku O8. lire 8. clc.
limbodiments of Uitting a Distribution 1o a Cohort Perlor-
mance [lislogram

FIGS. 4A-4C illustrate examples of fitting of distributions
to the respective histograms shown in FIGS, 3A-3C. In some
cmbodiments. distribution lilling engine 132 1s conligured 1o
[it a distribution 1o the histogram ol the 8P performance ol
cohorts determined by cohort performance engine 130,

One example challenge of fitting a distribution 10 a
histogram is that different dimensions may exhibit very
dillerent distributions. Seme dimensions may have hundreds
ol unigue values. while others have only a lew. The shape of
their distributions may vary. For example, many dimensions
may display bell shapes that are skewed towards the right,
while others may appear bi-modal.

lor cxample, the graphs/histograms shown in UGS,
3A-3C are shown lor different content publishers with a
specitic filter. For example, FIG. 3B is a histogram of
session data specific to a particular publisher, filtered on the
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protocol dimension. As shown in the example of FIGS.
3A3C, although the same 8P meltric is being evaluated. lor
different dimensions. the shape of the 8Pl data lor the
sessions belonging to dillerent cohorts (dillerent publishers
under different filter dimensions) can be very different.
Further, under different dimensions, there will be a ditterent
number ol sessions that satisly the dimension, which will
lurther inlluence the shape ol the session dala when evalu-
ating a performance metric.

In some embodiments, the platform is confipured to
determine or identity an appropriate disteibution that can fit
the metric value hislograms for cach given dimension. In
this example, the empirical data is used (o lorm a hislogram.
which shows the occurrence of observed SPT values deter-
mined from empirical session data. In these examples, a
probability hislogram 1z shown over the space ol observed
SPI valucs. SPI values can be continuous. In some embodi-
ments. a distribution is applied o the histogram ol perfor-
mance metric valves for cohorts 1o model the probability of
possible 5P outcome values as a continmous probability
distribution {c.g.. conlinuous PD1Y, where (he shape ol the
distribution can be adjusted.

With a continuous probability distribution fied, the
empirical performance metric values become samples from
the distribution. While only a small number of SP'I values
wore aclually observed, the fling ol a continuous distribu-
tion provides the opporlunity o model the probability ol an
SPI value being observed if there were many more samples
taken.

The [ollowing are [urther embodiments of [iting a dis- 3

tribution lor a cohort. One example [it is (0 assume a corlain
distribution (o the dala, such as a (Gaussian distribution.
Another example approach is 1o fit a distribution that fits
each individual data point. There may be trade-offs between

these approaches. or example, overlilling a distribution lo 3

the dala values can result in capluring of noise.

The [ollowing are further embodiments ol selecling a
distribution to fit to a histogram of cohort performance. In
some embodiments, a model is selected or determined that
is (lexible enough (o (it different histogram shapes of the
metric of interest (8P in this example) on all dimensions.
but is not so customized that it readily overfits individual
dimensions. The model is also selected for ease of imple-
mentation and maintenance.

On one cxample end ol the spectrum is a model such as
4 (raussian distribution. "The shape ol the Gaussian distri-
bution is not flexible (it is a fixed bell shape). On the other
hand, the vse of a Gaussian distribution will not result in
overfitting, and s relatively cllicient o implement  lor

example. the use ol a Gaussian distribution Involves caleu- s

lating mean and standard deviation, where the outlier thresh-
old can be determined accordingly. As shown in the
examples of FIGS. 4A-4C, while the Gauvssian is a general
distribution. it dees not [it well for certain dimensions. That
is. the Gaussian resulls in an issue ol underlitling.

On the other end of the spectrum is performing modeling
that includes kernel density estimation. In kernel density
estimation, a Gaussian kernel is applied 1o each value, and
Lail percentiles are determined accordingly. While such an
approach can yield any shape ol distribution. it can resull in
loss of insight of overall structure, in particular when the
number of vnique valves on a dimension is relatively small.
l'or example. the use of kemel density estimation lo deler-
mine a distribution or a P {(probability density Tunction)
may resull in overlitling Lo the metric ol interest (SPTin this
example). Further, such an approach may be more compu-
tationally intensive.
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In some embodiments, a beta distribution is utilized 1o
lacilitale vullier detection. lor example, the beta distribution
iz bounded on both sides. and is appropriate [or percentlage
and ratio variables. In (he [ollowing examples. the use of a
beta distribution to fit the histogram of SPI values deter-
mined for cohorts is utilized for illustrative purposes. The
use of the bela distribution prevents overlilling (where
overliting would cause noise o be captured. resulting in
inaccurate detection of outliers). The beta distribution, a

3 type of scaled Gaussian, provides a good fit. Further, is

computationally inexpensive, and can be computed effi-
cienlly al query lme. That is. the bela distribulion is one
cxample type ol distribution (hat can be used, as it does not
result in overfitting or vnderfitting, and is efficient to com-
pute at query time, allowing real-time traversing of a muli-
dimensional space. The lechnigues described herein may be
variously adapled o accommodate olher types ol distribu-
lions.

In some embodiments, the beta distribution is applicable

20 acrogs multiple dimensions. In other embodiments, different

Lypes of probability distributions are [itted lor diflferent types
ol dimensions. In some embodiments, an oflline training
process is used to determine an optimal type of distribution
to fit 10 abserved data.

Outlier Detection Based on a Distribution Fitted to a Cohort
Performance [listogram

Willh the fitted distribution, outliers can be determined by
thresholding at desired tail percentiles, and bubbling up the
client‘/dimension values that fall below the threshold tail
pereentile.

Ag shown in these examples, the system selects the best
probability distribution that (its whal is obscrved data in the
histograms of the aggregate SP1 metrics across dimension
values/cohorts, The beta distribution is one example of a
distribution that is relatively cllicient o compule and pro-
vides an overall suitable [it 1o the 8Pl metric values of the
cohorl. Once the distribution s [it. tail percentiles are
computed. The tail percentiles are then used to indicate
outlier SP'I metric values. That is, the system determines a
distribution (hat best [its the observed data. Statistical
paramelers ol the fited distribution are then used (o deter-
mine what dimension valves are outliers. As another
example, once a distribution is fit, a user can also be
prompted 1o provide guidance on what the threshold for
outlier determination should be. Vor example, the user can
indicate a different percentile (e.g.. 2% percentile) as a
threshold for determining thresholds. As shown in the above
examples, the determination of the threshold for outliers is
conligurable.

In some embodiments. the distribution [itting and outlier
detection 1s delermined at query time. The elliciency ol the
vse of a distribution such as a beta distribution facilitates
interactive exploration and query-time computation. In some
cmbaodiments. as described above, scssion-level metrics are
stored n a database. Al query time. session-level metrics are
arouped into cohorts corresponding 1o dimension values of
a dimension being evaluated. At a local machine (e.g.,
device 1209, a distribution is fit, thresholds are determined,
and oulliers are detected. The fitting ol a distribution such as
4 bela-distribution removes the need [or large amounts of
pre-compute, and allows for dvnamic computation in a
context in which the svstem does not know ahead of time
which dimension and (iller 1t will be triggered on. liurther,
the use ol eMeient query lime distribution [itting and outlier
detection [acilitates inleractive exploration in which the user
and the system provide each other feedback and perform
investigation of the space of dimensions in an iterative
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manner. In this way, a particular subspace can be quickly
scarched based on user leedback.

In other embodiments. the oullier detection based on
distribution fiting is perlormed as a baich process. For
example, the outlier detection is rn daily, with outliers
highlighted.

As described above, (he models deseribed above are run
1o identily which dimensions have outliers. One example
output of the dimension scanning is a table that includes
dimensions and values that are less than the smaller of the
5% percentile threshold and 5 points below the mean, with
volume more than 10.000. organivzed by conlent publisher
(that subscribe 1o the services provided by the streaming
analytics plattorm) and inversely sorted by volume, Other
outlier thresholds and cutofts may be utilized.

In some embodiments, the system is further conligured Lo
determine or identily which of the dimensions with oullicrs
o surlace. In some embodiments. all dimensions with any
detected outliers (e.g., dimension values that are found to be
outliers) are surtaced. As another example, the dimensions
are ranked by the number ol outliers identificd within the
dimensions. The dimensions with the highest numbers ol
outliers (dimension valvues) are surtaced. In some embodi-
ments, a threshold is set for determining what number of
dimensions are surfaced. In some embodiments, the condi-
tions [or determining what dimensions (that are identified as
having the prescence ol outliers) are surlaced are conligur-
able. For example, one vser can configure the svstem to
ignore {or otherwise not present) a dimension determined to

have at least one outlier iT the aggregate metric lor the outlier 3

dimension value is within a certain percentage ol the “best™
aggregale metric value (e.g., highest cohort-level SPI valuc)
or of the mean aggregate metric value across the dimension
values. In some embodiments, the volume of sessions that

malch 1o a dimension value {determined 1o be an outlier) is 3

used o rank the dimensions lor surlacing. For example. lor
a given oullier dimension value, the one with the largest
corresponding volume of sessions is ranked highest. The
ranldng can also be computed as a function of multiple
leatures. such as corresponding session volume. deviation
[rom mean perlormance metric value. ete. Thresholding can
also be performed to remove noise.

The use of outlier detection via distribution fitting pro-
vides a statistical approach that does not have any assup-
tion on the data. Vor cxample, while examples and embodi-
ments of dimension scanning and recommendation  are
provided in the comtext of diagnosing content streaming
issues for illustrative purposes, the techniques described
herein may be variously adapted (o accommodate ellicient

investigation ol a space of multidimensional data in other s

contexls. or example. the lechnigques described herein may
be adapted for ingested 10T (internet of things) data from
sensors i1 a manufacturing plant, where metrics and dimen-
slons may be surfaced such as (emperalure. pressure. errors.
[ail laulis, cte.

Ag described above, the dimension scanning and recom-
mendation techniques described herein facilitate interactive
analysis of sessions 1o determine issues in content stream-
ing. lor example. the user selects a value of a dimension.
which 1s used as a [lller [or seleeting a subsel of streaming
sessions (that share the dimension value selected tor use as
a filter). The sutomated insights system determines, for that
filicred subsetl ol streaming sessions. dimensions that have
outliers {dimension values that have oullier performance
metric values). Al least some of the dimensions with
detected outliers are recommended or otherwise surfaced to
the user. The vser can then select a recommended dimension,

—
Pl

[
[y

40

45

.t

Gl

G5

22

view the performance metrics for the various values of the
dimension. and seleet a dimension value. The [ller scope
{Tor [iltering a subscl of streaming sessioms) 1s then updated
lo include the new dimension value. The space ol streaming
sesgions is now filtered on the original filter (that was vsed
in the previous iteration), combined with the new dimension
value (resulling in an updated [lter scope). The automated
insights system now [urther cvaluales the subspace ol
streaming sessions that meet the new filter scope. In some
embodiments, the user can again trigger the system to scan
and provide recommendations of further dimensions 1o
explore {and to lurther consirain the space of streaming
sesslons in (urther iterations). This ileralive invesligation
can be repeated multiple times to arrive at a specific group
or cohort of streaming sessions that is problematie, and
determine the root cause {e.g.. dimension or combination of
dimensions) that is indicative ol the issues being observed.
lmbodiments ol Adding Sample Weighling

There may be cases in which low performers (that should
be surfaced) may not be ovtliers (e.g., with respect 10 tail
pereentiles) [rom a stalistical perspective. Consider the
cxample of IIG. 413, There is only a small number ol data
samples, and suppose that because of this, the lowest per-
forming cohort (422) is not below a 5% percentile cutoft
threshold (based on the fitted distribution). In this case, no
outliers would be detected Tor the streaming protocol dimen-
sion. although it would be beneliclal to surface such inlor-
mation 10 a user. While the percentile threshold could be
increased to weclude low performers in these scenarios, this
could also resull in bubbling up or surlacing ol too many
other dimensions (because the bar or detecting an oullier
has lowered).

Put another way, in some cases, the outlier(s) have a large
enough impact on the distribution that they are no longer
outliers. This may happen or occur when the number of
unique values in the dimension is small. or the data is
bi-modal and it would be desirable il the Tower group were
bubbled up.

For example, the number of cohorts under a dimension
will vary by dimension. As one cxample, a stream Lype
dimension may only have two dimension values: live and
VOD (video on demand). That is, there will only be two
cohorts or groups of sessions: a group of sessions that were
live streaming, and a group of sessions that were video on
demand streaming. This would resull in bi-modal data. In the
casc ol dimensions where there is a small number of cohorts,
it can be challenging 1o determine whether any specific
dimension value/cohort is an outlier.

In some embodiments. such issuecs are addressed by
applying a sample weight while filing the distribution. lior
cxample, a distribution 1s [it mostly on the (relatively) high
performers by reducing the impact of low performers.

FIG. 5D illustrates an embodiment of a weighting func-
lion. In this example. the weight is an exponential lunction
sel o be 1oat 0, and 10 at 100 (where 10 is an example
parameter that is adjustable). In this example, the exponen-
tial function ensures that the relative weight is determined
by the distance of the samples (where a sample, for example,
i the perlormance measure for a cohort in the histogram).
The Turther away 2 low performer is [rom (he higher group,
the less weight it receives. Furthermore, if' all values are
shifted by a constant, the fitted distribution is also shiffed,
but not changed otherwise. Thus, in this example. a value 10
i as much an outlier o a group of 40 as 1 value 6010 a group
ol 90.

In some embodiments, weights are applied to each cohort
within a dimension of interest'being analvzed. In some
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embodiments, this has the effect of uplifting the distribution
P curve towards “good™ values ol a metric. “13ad™ valucs
ol the metric are weighled lower. This resulls in a distribu-
tion shape that s closer o the actual distribution. even il
there are only a few dimension valves. In the example of
FIG. 5B, this would result in the dimension value corre-
sponding lo the cohort 502 (in some embodiments, cohort
422) with an 8PI value below the weighted culoll threshold
SPIvalve of 45 (as shown at 504) being labeled as an outlier
dimension value. In this case, it has been determined that
there is an outlier in the protocol dimension. Without
weighting, no oullier would have boen detected (because ol
the different threshold).

In some embodiments, with the weight applied, the fitted
distribution generally shitts upwards toward higher num-
hoers, cxposing lower values. There may be tradeo(Ts beltween
heing more exposed in dimensions with small numbers ol
values, and bubbling up or surfacing more on the tail in other
dimensions. Nevertheless, the weighting allows more 1o be
exposed in the first scenarios while reducing the impact on
the latter.

IIGE. SASC illustrate embodiments ol applying weight-
g when fitting a distribution. In this example, FIGS, SA-5C
correspond 10 FIGS. 4A-4C, and illustrate the distribution
fitting and 5% tail percentile thresholding before and atter
the welghling is applied. lor example, weighted and non-
weighted versions o an applied or (illed distribution are
shown in each of FIGS. SA-5C. The dashed lines indicate
thresholds or cutoffs (e.g., 5 percentile) determined for

weighted versus nom-weighted distributions. Dimension val- 3

ues corresponding Lo groups ol sessions thal have 8P metric
values lower than the cutoll are determined as outliers. That
is, 1f there are any groups of sessions with SP'I metric valves
below the cutoff, then there are outliers in the dimension.

The dimension is then surlaced. 11 there are not groups ol 3

sessions with 8PI melric values below the cutoll, then the
dimension is not surlaced.

In some embodiments, the system determines the number
of cohorts. If the number of different values for a dimension
is helow a threshold, then a distribution is not fted. For
example. il there are only two dillerent cohorts. then il may
101 be possible 1o determine whether one group is an outlier
or not,

For example, consider 5B. The protocol dimension is
heing analyzcd. There are only five dillerent protocols under
the protocol dimension. That 1s, there are only live cohorls
or groups of sessions. With respect to the SPI metric, the
aggregate SP'I metric for each of the five cohorts is deter-
mined. In this example, live different SPI metric values are

delermined. Thal is, there are live dillerent SPI values lor the =

five dillferent cohorts. The distribution that is 1t can be based
on the number of times each empirically determined SIPI
value was computed, as well as the distance between
observed SPI values.

In some cmbodiments. “good” values of the metric are 3

weighted higher than others when fitting a distribution. By
using the weighted distribution of FIG. 5B (with observed
metric values weighted according 1o the weighting function
ol IG5, the updaied threshold 504 (based on percentiles
ol the weighled distribution) will be able (o capture that the
lowest performing cohort is an outlier (whereas it would not
have been flagged as an outlier based on the threshold 506
determined  according o the non-weighted distribution).
Withoul weighling, this dimension would have been deler-
mined o nol have any oulliers. even though ome ol the
cohorts (502) had what would be considered “low™ pertor-
mance,
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By performing the weighting, the distribution is skewed,
lacilitaling oullier detection. A threshold is then determined
basced on the welghled distribution. The 8P value corre-
spomding Lo a specilie tail pereentile is used as a threshold
for determining whether a cohort (corresponding 1o a dimen-
sion valve) is an ouvtlier. For example, cohorts with SPI
values lowoer (han the threshold are designated as oulliers.
Machine |.caming-Based Next Dimension Recommenda-
tion

In the above, the system recommends the most insighttinl
dimensions tor further exploration and investigation bhased
on outlier detection.

In an allernative embodiment. the system recommends
dimensions based on the use of' a machine learning model.
For exammple, a machine learning model is trained based on
how olher users have analyzed or diagnosed a conlent
streaming problem, where recommendations o new users
are recommended by the model at inference time. Based on
where a user is currently in a search process, the model

20 outputs next dimensions to explore,

As one example, historical patierns ol user scarches (e,
sequences ol dimensions explored by experl users) are
recorded and uvsed to construet a training data set. The
sequence or path of dimensions tollowed by the user (drill
down paths) when diagnosing a certain type of problem is
used to train an artificial intelligence/machine leaming
model. Al inlerence lime, when a user is diagnosing a cerlain
type of problem, the trained model provides as output a
recomunendation or prediction of a next dimension 1o
explore. For example. the model is (rained to predict a best
or optimal next slep (e.g.. dimension) Lo explore. based on
the type ol problem diagnosed, as well as the dimensions
that have been explored by the current vser so far.

As one example, the model is trained to perform classi-
flication based on similarity  belween  sequences. “Lhis
includes sequences of dimensions or sequences ol dimen-
sions combined with behavior on certain metrics lor a
specitic problem (e.g., low SPI). Based on a similar kind of
problem being diasgnosed, the model predicts from the
behavior or patlermns of other prior users a sequence of
actions or dimensions thal could be applicd to a speeilic user
at inference time.

In this way, vser domain knowledge is encoded in the
machine learning model. The machine learning model is
trained (o lean pallerns based on sequences ol dimensions
explored by other uscrs.

FIG. 6 iz a tlow diagram illustrating an embodiment of a
process for avtomated scanning and surfacing of dimen-
sions. In some embodiments. process 600 is executed by
platform 102 of FIG. 1.0 AL 602 a plurality of initial
dimensions is provided. Hach dimension represents a factor
related to streaming performance. Examples of initial
dimensions include those shown at 206, 208, and 210 of
I'IGE. 2ZA. In some ecmbodiments. the initial dimensions are
also determined 1o be dimensions ol potential signilicance,
with the filter scope being all session traffic.

At 604, a first selection of a value for at least one of the
initial dimensions is received. An example of a selection of
4 value under the device name dimension is shown in the
cxample of PIG. 2A at 212,

At 606, a plurality of potentially significant dilmensions is
provided. In some embodiments, the plurality of potentially
significant dimensions is determined based on an indicalion
ol presence ol outliers in the polentially significant dimen-
sioms. This includes identilying a dimension that signili-
cantly affects performance. For example, in response 1o
receiving, a request from the user to auto scan dimensions,
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the system determines a filter scope, which is based, for
example. on the selection of the dimension value al 604, A
subscl ol data [alling under the filer scope is determined.
l'or example. a sel ol session-level perlormance measures
corresponding 1o sessions matching the filter scope is
obtained or accessed. In some embodiments, the session-
level perlormance measures are generaled from raw cvent
level data that is streamed and collected/ingested [rom client
devices in varions applications, such as gaming applications,
retail applications, ete. In some embodiments, the scanning
of dimensions is performed as part of disgnosing issves in
multi-dimengional streaming inlormation.

Qudlier detection 1s then performed for cach dimension in
a set of candidate dimensions being evaluated. Each dimen-
sion is associated with a set of dimension values. For
example. for a given candidate dimension. performance ol
cohorls corresponding Lo dilferent values of the dimension is
determined. Vor example, the session-level performance
measures corresponding 1o sessions matching the filter scope
are grouped into cohorts, where each cohort corresponds to
a dimension value of the candidate dimension being evalu-
aled. As ome example, the session-level performance mea-
sures grouped into a cohort correspond 1o sessions that share
the dimension value in common. For each cohort, the
corresponding aroup of session-level performance measures
are aggregaled inle a cohort-level perlormance measure.

In some embodiments, the presence of cohorls with
outlier performance is determined by fitting a distribution to
the cohort performance data, idemritving a threshold for

deteeting outliers based on the [itled distribution. and com- 2

paring cmpirical cohort performance lo the identilicd thresh-
old. As onc cxample, a histogram is generaled [rom the
cohort-level performance measures. A probability distribu-
tion ig firted 1o the histogram of cohort-level performance

measures. Vor example, a continuous distribution such as a3

bela digiribution s (it o the histogram ol cohort-level
perlormance measurcs. An outlier detection threshold s
selected based on the parameters of the fitted distribution.
For example, a tail percentile (e.g., second tail percentile,
filth 1ail percentile, cle.) is selected as an outlier delection
threshold. The cohort-level performance measures are then
returned to. A cohort is identified or otherwise determined as
an outlier by comparing the colort’s cohort-level pertor-
mance measure against the threshold. It a cohort is identified
as am outlier based on the comparison, then the dimension
value corresponding o the cohort 1s delermined as an outlicr.
and presence of an outlier has been detected tor the candi-
date dimension.

lor example. in the context ol video streaming. the subset

of all individual sessions {(or scssion-level performance s

measures) that match to the filter scope is determined. A set
of candidate dimensions is scanned. The following is
another example of scanning a candidate dimension. The
different values of the candidale dimension are determined.

l'or cach dimension value ol the candidale dimension. a 3

corresponding cohort of sessions is determined from the
subset of individual sessions that matches to the filter scope.
For each cohort, a cohort performance wetric valve is
determined based om aggregation of the individual perfor-
mance melric values for the sessions in the cohorl. A
probability distribution is fit across the cohort-level pertor-
mance metric values, A statistical parameter of the prob-
ability distribution fitled (o the cohort perlformance melric
values 1s delermined and used as an outlier threshold. The
presence of any oullier cohorts i determined based on
comparing of each cohort’s performance metric value 1o the
outlier threshold. Any dimensions that have cohorts identi-
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fied as owutliers are designated as potentially significant
dimensions that alleel streaming  performance. As one
cxample, a beta distribution is shaped and it to the histo-
gram ol empirical cohori-level performance metric values.
Tail percentiles of the fitted beta distribution are used as
cutofls or thresholds to perform outlier detection.

In other embodiments, machine learning models are used
lo suggest dimensions that have outliers. lor example, a
machine learning model is trained 1o suggest potentially
significant dimensions based on historical diaghoses by
vsers. For example, training data is generated based on
search paths or sequences ol dimensions explored by users
when diagnosing issues. The suggesied dimensions surlaced
by the machine learning model based on vser search patterns
may be indicative of the presence of outliers in the set of
dimensions (e.g.. dimensions that are likely to have outliers).

AL 608, a sccond sclection ol a seccond dimension [rom
among the plurality of potentially significant dimensions is
received. In some embodiments, intormation pertaining o
the second dimension is provided. Such information
includes perlormance information ol cohorts corresponding
o different values ol the selected dimension. In some
embodiments, the system receives a selection of a value for
the dimension selected from the presented plurality of
potentially significant dimensions, similarly 10 as in step
6. This updales the filer scope of sessions that are under
consideration.

At 610, in response to a user request 1o pertform a turther
scan of dimensions (e.g., 1o trigger another iteration of
automated dimension scaming and recommendation), the
process then returns Lo 606 lor 2 next ileration ol scanning
ol potentially signilicant dimensions. lor example, the plat-
form pertforms another scan of dimensions with the vpdated
filter scope 10 response 10 a user request for further auto-
mated scamming and recommendations ol dimensions. 1 a
request [or [urther scanning of dimensions s not received,
then the process ends (or wails until a request [or further
scanning of dimensions is received).

Ag shown in the above, the system facilitates interactive
search ol the space of streaming scssions. For example. the
system oblains user guidance, as the user may have under-
standing of the semantics of the data, such as the meaning
behind dimensions. The intertaces provided by the system
tacilitate the inputting of vsers” semantic knowledge to the
syslem.

In some embodiments, when querying the session perlor-
mance, the intertace begins with all tratlic (filter scope is all
sesgions, where no valves for any specific dimension on
which (o [ilter the sessions have been spocilied yet). All
dimensions under all traflic are then scanned. The syslem
surfaces which dimensions have outlicrs.

The user then, via the interface, applies their domain
knowledge to select a specific dimension from the suggested
dimensions. For cxample, the user seleets the dimension
thal. based on their domain knowledge, 1s the most impact[ul
or relevant. The interface then presents cohort information
pertaining to cohorts in the selected dimension. The user can
then select a specific dimension valve corresponding to a
cohorl. This narrows down the scarch space o a specilic
cohort in a dimension. This allows the system 1o drill down
at the next level of analysis into the traflic corresponding 1o
that specific cohort. For example, suppose a dimension value
ol a dimension has been sclecled as the filier scope. The
slreaming sessions malching 10 the (Tller scope are oblained.
The remaining dimensions are then scanned for outliers in
the more constrained scope of streaming sessions. The
following is an example of scanning dimensions. A set of
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streaming, sessions that has been filtered according 1o a filter
scope 18 obtained. A candidate dimension is obtained. The
different unigque values ol the individual dimension are
obtained. The set of [liered sircaming sessions 1s partitioned
into cohorts corresponding to the different nnique dimension
values. Outlier cohorts are determined. At this iteration or
level ol scanning, the outllier deloclion processing s
repealed lor the [iltered sel ol streaming sessions lor cach
individual dimension being evaluated. In this way, the
system need not, at query time, evaluate multiple combina-
tions of dimension values. That is, there is not crossing of
dimensions or scanning ol all possible combinations ol
dimensions. which would make it intractable rom a com-
putational perspective 1o evaluate sireaming sessions. In
order 10 make the searching tractable, the system tacilitates
incremental narrowing ol the scope of sessions under evalu-
alion. This resulls in scarching of a space thal is compula-
tionally possible o scan. Iteration is then perlormed using
user knowledge and statistical models.

Ag shown in the above examples, unser knowledge is
caplured al query lime. To support real-time recommenda-
tion of dimensions. the distribution [itting is perlommed as a
closed-form formulation to directly obtain desired values
{e.2., as compared 1o performing a computation that might
require hundreds of iterations to converge). Determining the
bela distribution is an cxample of such a closed-lom
computalion. Vor cxample, when [litling or delermining a
distribution shape to fit 1o the empirical data, a finite set of
paraneters (e.g., two shape parameters) are determined.

Determining a distribulion using such statistical analysis 3

with a closed [orm computation allows real-lime interaction
al query lime to be leasible.

In this way, during diagnosis of streaming performance
issues, vsers are able to quickly and efficiently drill down
inle multiple dimensions {(c.g.. [our. five, len or more).
which can expand with custom dimensions. The dimension
scanning is scalable, where arbitrary levels or ilerations ol
scanning can be facilitated. In this way, a nser can efficiently
determine which specific cohorts (with some specific com-
hinations of dimension values) are of the most relevance (o
streaming issues being observed.

By allowing vsers to quickly explore cohorts at a granular
level, useful actions to take can be determined that can
change an outcome, such as iwproving user experience,
addressing sircaming issucs, Improving engagement, cic. In
addition 10 guiding the scarch for a specilic cohort of
interest, the searching also facilitates determination of an
action to take to address a streaming issue. With more data
and meladata dimensions, cohorls can be determined at a

granular level. Using the techniques deseribed herein. even s

with a large number of sessions and a large number ol
metadata dinensions, exploration and identification of
cohorts with specific characteristics are facilitated.

‘The data ingesled by the system thal is scarched over (Lo

identily cohorts ol interest) can be collected rom various s

sources. For example, in the video streaming coutext, met-
ries are ingested from client endpoints (e.g., sofiware devel-
opuent lits (SDKs) integrated at client devices). Other
sources ol data sets include those perlaining 1o the video
streaming inlrastruciure. such as encoders. origin servers.
CDNs, ete. Such data sets include logs. For example, the
system is scalable to allow ingestion of CDN logs, encoder
logs, origin logs. ISP logs, cle. The ability o explore
ingested data at arbitrary levels of granularity and dimen-
slons allows for the diagnosis of rool causes al highly
granular levels in order 1o arrive at a specific action that will
fix or address a problem.
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For example, suppose there is a buffering issuwe. By
correlaling diagnosis with C1IN logs. a user can identily that
there was some laleney or lag with a specilic CDN server
thal was serving the content [or that player, allowing lor
pinpointing of a specific server at a specific CDN edge that
is the cavse of a particular instance of buffering because the
user is able o determine. with the assistance ol the system,
thal every session conneeled (o that edge (cohort) is having
issues at this time. By isolating the issue or cavse to a
specitic CDN edge server, the user can then take specific
actions, such as replacing the server, etc. By having addi-
lional metadata lor additional points along the conlent
streaming. [urther granularity lor the rool cause can be
determined.
Although the forepoing embodiments have Dbeen
deseribed in some detall Jor purposes of clarity of under-
standing, the invention is not limited (o the details provided.
There are many aliernative ways ol implementing the inven-
tion. The disclosed embodiments are illustrative and not
restrictive,
Whal is claimed is:
1. A gystem [or evaluating multi-dimensional inlormation,
comprising:
one or more processors that:
ingest one or more streams of raw, multi-dimensional
evenl data collected via sensors installed on a plurality
ol remole client devices:

pre-compute session level performance measures at least
i1 part by summarizing the ingested raw, multi-dimen-
sional event data on a per-session basis: and

store the pre-computed session-level perlormance mea-

sures (o a dala siore;

an intertace that:

provides a plurality of initial dimensions, wherein each
dimension represents a laclor related 10 perlor-
mance,

receives, [rom a user. a [irst selection ol a value for a
first dimension in the plurality of initial dimensions;

provides a plurality of potentially significant dimen-
sions [rom among a sel of dimensions. wherein the
sel of dimensions comprises a scarch space deter-
mined based at least in part on the first selection of
the value for the first dimension; and

receives a second selection of a second dimension from
among (he plurality of potentially significant dimen-
sions: and

wherein the one or more processors turther:

determine the plurality of potentially significant dimen-

sions based on an indication ol presence ol outliers

in the plurality ol potentially signilicant dimensions,

wherein a dimension that significantly alTectls per-

tormance is identified, and wherein the dimension

that significantly atfects performance is identified at

least in part by scanning. al query (ime, the scarch

space al least in part by:

determining, a set of performance measures at least in
patt by accessing the data store of precomputed
session level performance measures based at least
in part on the first sclection ol the value by the
user;

grouping the set of performance measures into
cohorts of performance measures, wherein each
cohort correspomds (o a dimension value of the
dimension. and wherein the dimension comprises
a plurality ol dimension valucs;

generating, tor each cohort, a corresponding cohort-
level performance measure at least in part by
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dyvnamically performing, at query tine, an aggre-
galion across pre-computed session-level perfor-
mance measures belonging 1o a given cohorl;

fitting, al query Ume. a bela distribution 0 the
cohort-level pertformance measures; and

detecting a presence of an outlier in the dimension
hased al least in parl on a parameler associated
wilh the beta distribution (ilied. al query lime, o
the cohort-level performance measures, wherein
the detected presence of the outlier in the dimen-
sion ig indicative of anomalous performance
hehavior; and based at least in part on the scan-
ning, al query lime, ol the search space, dynami-
cally update the inrerface, including:

surfacing, as a selectable option, the identified
dimension that significantly allects performance
1o the user as a recommended nexi dimension (o
explore, wherein the second selection is received
in response 10 the user clicking on the identitied
dimension surfaced in the interface as the select-
able option, the second dimension comprising the
identified dimension; and

responsive to the vser clicking on the identified
dimension surtaced in the interface, updating a
panel in the intertace, including visually indicat-
ing ratings ol performance of scssions grouped
according o different values ol the identilicd
dimension clicked on by the vser, wherein the
ratings of pertormance are determined according
1 a mulli-level scale.

2. The system ol claim 1. wherein determining the sel ol
perlormance measures comprises delermining a (iliered sub-
set of performance measures based at least in part on the first
selection of the valve.

3. "The system ol ¢laim 1. wherein [itting the beta distri- 3

bution o the cohort-level perlormance measures compriscs
determining a histogram ol the cohort-level performance
messures, and wherein the beta distribution is fitted 1o the
histogram of the cohort-level performance measures.
4. The system of claim 1. wherein detecting the presence
of the outlier in the dimension comprises:
determining an cutlier threshold based at least in part on
the parameter of the beta distibution fitted o the
cohort-level performance measures; and
deteeting that a cohort corresponding o a dimension
value 1s an outlier based on a comparison ol the
corresponding cohort-level performance measure of the
cohort to the outlier threshold.
5. The system ol claim 4, wherein the outlier threshold is
hased on a tail pereentile ol the fitted beta distribudion.
6. A method, comprising:
ingesting one or more streams of raw, multi-dimensional
event data collected via sensors installed on a plurality
ol remoie client devices;

pre-computing  session-level performance measures al s

least in part by summarizing the ingested raw, multi-
dimensional event data on a per-session basis;

storing the pre-computed session-level performance mea-
surcs 1o a data store:

providing. via an interlace, a plurality of initial dimen-
sions, wherein each dimension represents a tfactor
related to pertformance;

receiving. [rom a user via the interlace, a (irst selection of
a value ol a first dimension in the plurality ol initial
dimensions;

providing, via the interface, a plurality of potentially
significant dilmensions trom among a set of dimensions,
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wherein the set of dimensions comprises a search space
determined based at least in part on the (irst selection of
the value Tor the first dimension:

receiving, via the interlace, a second selection of a second

dimension from among the plurality of potentially
significant dimensions;

determining, by one or more processors, the plurality of

polentially significant dimensions based on an indica-

tion of presence of oulliers in the plurality of polen-

Lially significant dimensions, wherein a dimension (hat

significantly affects performance is identified, and

wherein the dimension that significantly atfects perfor-

mance is identified at least in part by scanning, at query

time, the scarch space at least in parl by:

determining a sel of perlormance measures al least in
part by accessing the data store of pre-compuded
session-level performance measures based at least in
part on the first selection of the value by the vser;

grouping the set of performance measures into cohorts
ol perlormance measures. wherein cach cohort cor-
responds o a dimension value ol the dimension, and
wherein the dimension compriscs a plurality of
dimension values;

generating, for each cohort, a corresponding cohort-
level performance measure al least in part by
dynamically performing, al query lime. an aggrega-
tion across pre-compuled session-level perlormance
measures belonging o a given cohort;

fitting, at query time, a beta distribution to the cohort-
level performance measures; and

detecting a presence of an ouwtlier in the dimension
based al least in parl on a parameler assoclaled with
the bela distribution flited. al query lime, lo the
cohort-level perdormance measures, wherein the
detected presence of the outlier in the dimension is
indicative of anomalous performance behavior; and

hased al least in part on the scanning, al query lime, ol the

scarch space. dynamically updaling the interlace,

including:

surfacing, as a selectable option, the identified dimen-
sion that sighificantly attects performance to the vser
as a recommended next dimension to explore,
wherein the second selection is received in response
lo the wser clicking on the dentified dimension
surfaced in the intertace as the selectable option, the
second dimension comprising the identified dimen-
sion: and

responsive Lo the user clicking on the identified dimen-
sion surlaced in the interface. updating a panel in the
interface, incliding visvally indicating ratings of
performance of sessions grouped according, to dif-
ferent values of the identified dimension clicked on
by the user, wherein the ratings of perlormance are
determined according to g multi-level scale.

7. The method of claim 6, wherein determining the set of
performance measures comprises determining a filtered sub-
sel of performance measures based at least in part on the [irst
selection of the value.

8. The method of claim 6, wherein fitting the beta disti-
bution to the cohort-level performance measures comprises
determining a hislogram ol the cohort-level perlormance
measures, and wherein the bela distribution is fitted (o the
hislogram ol the cohort-level perlormance measures.

9. The method of claim &, wherein detecting the presence
of the outlier in the dimension comprises:
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determining an cutlier threshold based at least in part on
the parameler ol the bela distribulion [fitled o the
cohort-level perlormance measures; and

deteeting that a cohort corresponding o a dimension
value is an outlier based on a comparison of the
corresponding cohort-level performance measure of the
cohort o the outlicr threshold.

1. The meihod of ¢laim Y, wherein the outlier threshold

is based on a tail percentile of the fitted beta distribution.
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UNITED STATES PATENT AND TRADEMARK OFFICE
CERTIFICATE OF CORRECTION

PATENT NO. 112,346,411 B1 Page 1 of 1
APPLICATION NO. 1 18/642480

DATED :July 1, 2025

INVENTOR(S) : Ganjam ct al.

it is certified that error appears in the above-identified patent and that said Letters Patent is hereby corrected as shown below:

In the Specification

In Column 11, Line(s) 41, after “request™, delete “for™.

In Column 16, Line(s) 37, delete “session level” and insert --session-level--, therefor.

In Column 16, Line(s) 62 & 63, delete “session level” and insert --session-level--, therefor.
In Column 17, Line(s) 6, delete “session level” and insert --session-level--, therefor.

In Column 17, Line(s) 12, delete “session level” and insert --session-level--, therefor.

In Column 17, Line(s} 35, after “samples™, delete “))” and insert --)--, thercfor.

In Column 19, Line(s} 36, after “capturing”™, delcte “of .

In Column 20, Linc(s) 10, after “Further.”, inscrt --it--.

In Column 22, Linc(s) 22, delete “is™ and inscrt --are--, therefor.

In Column 22, Line(s) 46, delete “is” and insert --are--, therefor.

in the Claims

In Column 28§, Line(s) 28, Claim 1, delete “session level” and insert --session-leyel--, therefor.

In Column 28, Line(s) 57 & 58, Claim 1, delete “precomputed session level” and insert
--pre-computed session-level--, therefor.

Signed and Sealed this
Twenty—ﬁfth Day of November 2025
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Juhn Al Sqmres
Direcior of the United Stodes Pateri and Trademork Office
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