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WITH SeekAsPlayerStatefT, P) ag {
SELECT T, P FROM heartbeats WHERE P IS NOT NULL
UNION SELECT T, ™“Seek st” FROM heartbeats WHERE A IS NOT NULL
UNION SELECT T + 5, "Seek od” FROM heartbeats WHERE A IS NOT NULL },
IgnoreBufBeforePlay (T, P) as |
SELECT T, P FROM |
SELECT T, P, Max{If{P == ‘play’, 1, §)) OVER {PARTITION BY i QRDER BY T)
“> a8 E
FROM SeekAsPlayerState) WHERE E == True },
DuringBuiferTable(T, P, JB} as ({
SELECT T, P, LAST({tmpl) L1GNORE NULLS OVER (PARTITION BY 1 ORDER BY T}
FROM {
SELECT T, P,
CRSE P WHEN ‘buffer’ THEN True WHEN ‘Seck st' THEN NULL WHEN ‘SEEK ed'
> THEN NULL ELSE FALSE END as tmpl
From IgncreBufBeforePlay ) },
DuringSeekTeble(T, P, DB, DS} as {
SELECT T, P, DB,
(T - Max(IF(P == ‘Seek st', T, 0}) OVER (PARTITION BY 1 ORDER BY T)
“> } <35 as tmpl
FROM DuringRufferTable },
IgnoreBufInSeek(T, P} as (
SELECT T, P FROM |
SELECT T, PS, IF (P == 'Seek ed' and UB, 'buffer', P) as P
FROM DurirgSeekTable ) WHERE NOT (P == 'buffer' AND LS} },
WithCDNAndQuerry(T, P, C} as |
SELECT T, P, NULL FROM IgnoreBuflnSeek
UNION SELECT T, NULL, C FROM heartbeats where C IS NOT NULL
UNION SELECT 2022-07-21 10:05, NULL, NULL s},
Intervais{Ed, St, State, CDN) as {
SELECT T, LEAD(T, 1) OVER (PARTITION BY 1 ORDER BY T}, P, C
FROM |
SELECT T,
LAST{P) IGNORE NULLS OVER (PARTITION BY 1 ORDER BY T} as P,
LAST{C) IGNORE NULLS OVER (PARTITION BY 1 ORDER BY T) as C,
FROM WithCDNAndQuerry ) )
SELECT SUM(St FEd} as resuit FROM Intervals
WHERE £d < 2022-07-21 10:05 AND State == 'buffer' AND CDN == 'CDN1'

FlG. 1B
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Timeline generalizations of classical Operators
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Receive a stream of raw data values of an attribute
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1204
Convert the received stream of raw data values into a )_
timeline representation of the attribute
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Determine, according to a timeline request configuration, a )‘ 1206
time-state metric by performing at least one timeline
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TIMELINE FRAMEWORK FOR TIME-STATE
ANALYTICS

CROSS REFERENCE: 10O (TR
APPLICATIONS

This application is a continmation of TS, patent applica-
tion Ser. No. 18241121, entitled TIMILINIE TRAMII-
WORK FOR TIMIE-STATT ANALYTICS filed Aug. 31.
2023 which is incorporated herein by reference for all
purposes, which claims priorty to U.S. Provisional Appli-
cation No. 63/403.262. entitled TIMELINE FRAMIWORK
FOR TIME-STATTE ANALYTICS filed Sep. 1, 2022 which
is incorporaled herein by relerence lor all purposes.

BACKGROUND OF THE INVENTION

lor serving workloads that involve conlext-sensitive
statetul computations over continvously-evolving system

and user/machine state, existing data processing systems 2

entail high development lime and complexity, as well as
poor cost-perlormance tradeolls. 1 would be benelicial o
reduce development complexity and improve cost-perfor-
mance tradeofts when serving such a class of workloads.

BRIV DESCRIPTION OF TTIE DRAWINGS

Various embodiments ot the invention are disclosed in the
following detailed description and the sccompanying draw-
ings.

IFICT. 1A illustrales an embodiment of raw measurements
[rom a video session.

FIG. 1B illustrates an embodiment of g tabular represen-
tation of events.

I'I¢1. 1C illusiraies an embodiment of dala o be deter- 3

mined.

IIG. 113 illustrales an embodiment ol delermining a
Time-state condition.

FIG. 1E illustrates an example of an SQL query.

I'IC. 2 illustrales an embodiment of a system lor perform-
ing time-stale analylics.

FIG. 3 illustrates an embodiment of a system for deter-
mining time-state metrics.

FIG. 44 illustrates an embodiment of a visuvalization of
discrele events.

I'IG. 413 illustrales an embodiment ol a timeline repre-
sentation of an attribute.

FIG. 4C illustrates an embodiment of a timeline.

IIG. 5A illustrates an embodiment ol evenis al discrele
poinls in time.

IIGr. 813 illustrates an embodiment ol a player stale
timeline.

FIG. 5C illustrates an embodiment of a Boolean timeline.

I'IG. A illustrales an embodiment of manipulating time-
line representations ol attribules.

FIG. 6B illustrates an embodiment of a context timeline.

FIG. 6C illustrates an embodiment of a duration timeline.

FIG. 7 illustrates an embodiment of a time-state metric
dirceted acyclic graph.

I'IG. 8 illustraies an embodiment of merging Gme-stale
metric graph representations.

FIG. 9 illustrates an embodiment of a timeline configu-
ration file.

I'IG. T illustrates an embodiment of time-stale operalors.

I'IG. 11 illustrates an embodiment of a (imeline operalor.

FIG. 12 illustrates an embodiment of determining a time-
state metric.

[

1

[
[y

ta

40

45

Gl

G5

2

FIG. 13 illustrates an embodiment of performing multi-
dimensional aggregation ol ime-slale metrics.

DITATLED DESCRIPTION

The invention can be implemented in numerous ways,
including as a process; an apparalus; 2 syslom: 4 composi-
lion of mailer; a compuler program product embodied on a
computer readable storage medinm; and/or a processor, such
as a processor configured 10 execute instructions stored on
and/or provided by a memory coupled 1o the processor. In
this speeilication. these implementations, or any other lorm
that the invention may lake. may be referred o as wech-
niques. [n general, the order of the steps of disclosed
processes may be altered within the scope of the invention.
Unless staled otherwise. 1 component such as a processor or
a moemory described as being conligured o perlorm a lask
may be implemented as a general component thal is lem-
porarily confisured 1o perform the task at a given time or a
specitic component that is manutactured 1o pertorm the task.
As used herein, the lerm “processor’ relers 0 one or more
devices. cireuits. andior processing cores comligured 1o
process data, such as computer program instructions.

A detailed description of one or more embodiments of the
invention is provided below along with accompanying fig-
ures that illustrale the principles of the invention. "The
invention is deseribed in connection with such embaodi-
ments, but the invention is not limited to any embodiment.
The scope of the invention is limited only by the claims and
the invention encompasses numerous allernatives, modili-
calions and equivalents. Numerous specilic details are sel
forth in the lollowing description in order lo provide a
thorough vnderstanding of the invention. These details are
provided for the purpose of example and the invention may
be practiced according (o the claims withoul 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 been described in detail so that the
invention is 0ot unnecessarily obscured.

Deseribed herein are embodiments ol a imeline rame-
work for lime-state analylics thal arise across several real-
world domaing including operational management of large-
scale systems and digital infrastuctures. Embodiments of
the techniques described herein may be used to solve a class
ol problems referred to herein as time-statle analytics. lime
stale analylics appear in various applications and conlexls,
such as fitness tracking, healthcare data, mobile app data,
video streaming data, infrastructure monitoring, and many
other operatiomal analylics and monitoring use cases.

l'or example. (ime stale analylics are applicable 1o data
that comes in [rom real world tracking measurements ol
particular entities, such as a uvser, device, video playback
sesgion, ete. In an example vse case such as fitness tracking,
various bypes ol status events are collected [rom data mea-
sured with respeet 10 a user. such as when the subject woke
up, when they went for a run, various sensor measurements
such as heart rate, etc. over time.

For entities being measured, whether devices, users, ses-
sioms, cle., suppose thal various allribules and values are
being measured over time. [ would be benelicial o be able
to perform analytics on such data collected over time.
Examples of such tvpes of analytics include summaries,
such as the amount of Ume spent resting, average slross
level, cle.

It would be [urther benelicial 1o be able o perlorm deeper
analyties to vnderstand the behavior of an entity, such as the
vser i a particular status or particular context. This includes
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determining insights based on both time and state context. In
4 health and/or fiiness example. this includes delermining
how long a user was in deep sleep, how long the user was
in a high siress state. how long the user was in an acroblc
range (for heartbeat) when running, was the average VO2
increasing when ronning, ete. This includes determining
measures thal are conditioned on the entity alse being in a
particular context or sl of stales.

Described herein are techniques for performing time-state
analytics, which includes determining time-state metrics. In
various embodiments, the tine-state metrics are measured in
the context ol ime and state thal an enlily was in, beyond
coarse aggregales (c.g.. counls or averages). The lime-stale
metrics include measures of interest of a particular data
stream caleulated in a particular statetul context. This
includes tracking the stale or the behavior ol a syslem over
time. including measuring statistics and durations of that
particular entily over Lime. For example. delermining lime-
state metrics includes determining, from streaming event
data, statistics or measures for entities that are calculated
while an enlity is in a particular context or stale. Other
complex  examples ol time-stale metrics and  analytics
include determining an amount of time or duration that an
entity spent in a particular status, the amount of time spent
i1 @ certain status while another event was occurring, (e.g.,
how long {(duration) a subject was in an acrobic hearl range
(state) while running (another stale)). ele. In such a complex
statetul metric example, various states of a user are being
tracked, such as whether they are running, the state of the
heart rate (e.g., whether it is in an acrobic range). cle.

In some embodiments, delermining 2 Gme-stale melric
includes delermining measurcments or slatistical summarics
of measurements when in a particular status, such as a count
of the number of times events of a certain Tvpe occurred

when Ina particular stale. In some embodiments. the lime- 3

slale melrics include behavioral measures (c.g., counts.
slatislics. duratioms) or metrics [or entilics caleulated in a
particular context (e.g., status/states, time periods). Time-
state metrics are beneficial to understand behaviors in a
varicly ol applications, examples ol which are described
helow.
Time-State Metrics for Food Delivery

The tollowing is an example of determining time-state
metrics in the context of a food delivery service. Suppose a
user orders Tood via the [ood delivery service via an appli-
catiom such as a mobile app. A strecam of cvenl data s
generated by a platform associated with the food delivery
service, where the event stream includes various event
information such as when the order was placed. when the

order was received by the restaurant. when the order was s

picked up lor delivery. when the chel staried making par-
ticular items in the order, whether a modification to the order
oecurred during making of an item, when the order was
delivered. ete. Por example, the event stream includes [ood

delivery data that is collected and associaled with corre- s

sponding date/timestamps.

The following is an example data model for the food
delivery example described above. There are various differ-
enl entilics whose behaviors can be tracked. such as the
order, cach item in the order, the user, the restauranit. cle. or
each entity over tine, various types of attributes (which may
have various types of values) are determined. In various
embodiments, allributes thal are tracked over time include
slatuses, cvenls, measurcmenls, cle.

In this lood delivery example, dillerent entities may have
different types of statuses, events, and measurements. For
example, for an order or item entity, example statuses
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include ready, delivered, prepared, etc. Examples of events
pertaining 1o an order or item enlity include whether a
modification {a type ol event) occwrred with respeet o the
order/itern entity. An example ol a measurement perlaining
to the restaurant entity includes the busyness level of the
restavrant. In some embodiments, attribute valves (eg.,
measurements, status, events, efc.) perfaining 10 various
cnlilies are extracled rom event streams.

3y cvalualing an event stream and tracking attributes [or
cnlilies over lime using such a data model as deseribed
above, varions tine-state wetrics related 1o food delivery
may be determined. The following are examples of such
time-state metrics for food delivery. As described above, the
lime-stale metrics may be used 10 understand the behavior ol
an enlity (c.g.. user or ordery in a contextual manner over
lime. This allows patlerns ol behavior for entilics o be
efficiently determined.

One example tvpe of time-state metric behavior pattern is
how much time an entity spent in a certain status. o a tood
delivery contexit, this includes, lor example. determining
how lomg an order {entity) that is ready (example of status
of order) was waiting to be picked up by a delivery driver
{where the waiting is another example status).

Another example tvpe of time-state metric behavior pat-
lern 1s how much time did an entity spend in a particular
slatus when a certain type ol event also occurred. In a lood
delivery conrext, this includes, for example, determining the
amount of delay (duration measure) that was introduced due
o a modilication {event) o an order (entity). Delermining
such behavior would allow the food delivery service 1o
understand why delays ocewred, and allow them 1o debug
such issues to avoid them going forward.

Another example tvpe of time-state metric behavior pat-
lern is how many ocewrences of events ol a certain type
happened in a given status ol an entity. In a [ood delivery
conlexl. this includes. lor example, determining what is the
number (measure) of modifications {event type) requested
before/atter the restaurant (entity) started preparing tood
{status).

Time-State Metrics Tor Uitness Tracking

The following is an example of determining time-state
metrics in a fitness tracking context described above. One
example is a fitness tracker that collects fitness data for a
user. As one example, the [itness tracker generated an evenl
stream ol data indicaling various information. such as out-
purting, over time, siress level, activity status, sleep status,
etc. For example, the event stream inecludes fitness data that
is collected and associated with corresponding dale/time-
slamps,

The [ollowing is an example data model [or structuring
event stream data 10 generate Time-state metrics for fitness
tracking. Inn this example, time-state metrics are modeled for
an enlily, which 1s the wser in this cxample. Values lor
allribules ol various Lypes are exiracled from the event
stream from the tracker over time. Examples of such tvpes
of attributes include statuses, events, and measurements.

Examples of statuses for the vser (entity) include whether
they are asleep. stressed. ele. Bxamples of events include
waking up, slarling a run, cle. xamples of measurcments
include heart rate, VO2, etc,

Ags described above, the various time-state metrics corre-
spomding (o dilferent behavior patlerms lor entities may be
tracked using the dala modeling and time-stale metric com-
putation wechniques deseribed herein.

One example time-state metric pattern is how much time
did the entity spend in a certain status. In the context of a
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fitness tracker, this includes determining how long a user
{enlity) was in deep sleep (status) por day.

Another example lime-slale metric pattern is how much
time did the entity spend in a certain status when an event
or status of a certain type also happened. In the context of
a fitness tracker, this includes determining how long the nser
(enlity) was in an “acrobic” heart rale range (slalus) when
running (cvent Lype).

Another example time-state metric pattern is an (aggre-
gate) measure (e.g., average, peal, minimum, ete.) of a
particular attribute when the entity was in a certain status. In
the context of a fitness tracker, (his includes delermining
what is the peak heart rale (attribule measure) when (he user
(entity) was running (also an example tvpe of status).

Another example time-state metric patterd is how many of
a cerlain Lype ol event ocewrred when the enlily was in a
certain status. In the context ol a fliness tracker, this includes
determining how many stress level ransitions (where the
transitions are examples of a type of event) occurred when
the user (entity) was resting (status).

Time-Stale Melrics lor Video Streaming

The lollowing is an cxample ol delermining (ime-stale
metrics in the context of video streaming. Suppose a client
device (e.g., user’s smartphone, set top box, gaming device,
laptop, ete.) collects video streaming data for video sessions
played on the client device. As one cxample, a video
streaming application on a mobile device generales an event
stream of data indicating, various information, such as the
oecurrence of events, status changes, quality metrics, etc. in

heartbeal messages, where the collected video streaming 3

dala 1 associaled with corresponding date/imestamps.

The lollowing is an example imeline data model Tor
structuring event stream data to generate time-state metrics
for video streaming. In this example, time-state metrics are
modeled for an cnlity, such as a video scssion. Values lor
allributes ol various (ypes are extracled [rom the event
stream [rom the tracker over time. Hxamples ol such types
of attributes include statuses, events, and measurements over
time.

Ixamples ol staluses or stales for the video streaming
session (entity) include the player state (playing. bullering.
seeldng), the current network state of the device (e.g., WiFi
ve, cellular), the current delivery service being used (e.g.,
content distribution network A vs. B), etc. Examples of
evenls include user aclions (c.g., play. pausc, scek), he
player aclions (c.g., bitrate level changes), network changes
(e.g., switching 1o cellular), and service provider actions
(e.g., switching the content delivery server). Examples of
measurements include the current bitrate level. the current

slate ol the player, the current [rames per second, network s

errors il any. cle.

In some embodiments, the different data tvpes that attri-
butes mayv take are encoded in different tvpes of timeline
representations. In some embodiments. timeline objects

{generated [rom observed data values) may be ol different s

Timeline types.

Asg described above, various time-state metrics corre-
sponding to different behavior patterns for entities may be
tracked using the data modeling and lime-stale metric com-
putation lechnigues deseribed herein.

Ag described above, one example rime-state metric pat-
tern is how much time did the entity spend in a certain status
when an evenl or status ol a certain type also happened. In
the context of video streaming, (his includes delermining
how much time the streaming sesslondplayer {entily) was
buffering (status) when vsing a particular tvpe of network or
app (event types).
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Ag shown in the examples above, time-state problems are
pervasive in a variely ol conlexts in which data is colleeted,
cxample domains ol which include [itness, lood, video,
apps, [inance. cle.

Embodiments of the time-state metric generation and
computation techniques described herein facilitate the deter-
mination of time-state wetrics in various Tvpes of contexts,
allowing lor the construction of melrics thal are measured in
# conlext thal is n lerms ol ime and stale, beyond coarse
aggregales or counls or averages. l'mbodiments ol the
time-state metric techniques described herein facilitate
actionable insights contextualized in time and status. As will
be described in further detail below, the time-state metrics
caplure behavior measures ol interest for entitics thal are
caleulaled in a specilic Uime and stale conlext. ixample
patlerns of behavior that are determined using the time-state
metrics described herein include:

How much time did the entity spend in Status X?

How much time did the entity spend in Stamis X when ¥

also happened?

What 15 (he average/peakimin of measurement Vowhen

entity was i Status X7

How many of Type-X event occurrences happened when

status of Y was Z7

Ag shown In the examples deseribed above, lime-stale
metrics such as those deseribed herein are benelicial in a
variety of contexts, including fitness, tood delivery, video
streaming, e-commerce, fintech, apps, avtomotive domains,
cle. The time-stale metrics deseribed above, which include
behavioral measures ol interest caleulated in a limefstale
conlexl. are benelicial for delermining actionable insights in
a variety of applications.

Embodiments of the time-state metric techniques
deseribed herein provide improvements over existing basic
summary slatistics. which may be loo coarse-grained (o be
aclionable. Purther. the techniques deseribed herein Lacili-
tate the determination of time-state metrics in a manner that
is more efficient than existing techniques to determine
similar types of actionable insights.

l'or cxample, cxisting dala processing lechniques are
based on a tabular or relational model of computation.
Suppose a database and collected data. The collected data is
placed in a table. The collected data stored in the database
i queried using a structured language such as 8QI1. (Sirue-
lured Query [anguage). Such a relational model is benelicial
for manipulating and querving tabular data such as indi-
vidval records in rows, where queries are made 1o, for
cxample, aggregate propertics ol a population ol interest
across 2 column or multiple columns (e.g., by sclecting,
grouping-by, [ilicring, cle.).

However, it is challenging 10 vse such a relational or
tabular model of computation, which does not inherently
have a notion of (ime or state. o track evenl streams over
lime. lior example. implementing time-stale metrics such as
those described above using an existing relational or tabular
model would result in the use of complicated and expensive
queries that are prone 1o errors.

The lollowing is an example ol atlempling o implement
a4 lime-slale metric using queries ol existing relational or
tabular databases. An example involving video streaming is
described herein for illustrative purposes.

FI1G. 1A illusirales an embodiment ol raw measurements
from a video session. Vor example. the raw measurements
are events received [rom a client content player. A visual
representation of the events over time is shown in the
example of FIG. 1A, Shown in this example are various
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events such as plaver state changes, bitrate changes, seek
evenls, and CDN (content delivery network) switches that
oceur over Hme.

I'IG 113 illustrates an embodiment of a tabular represen-
tation of events. In this example, a tabular representation of
the raw events described in conjunction with FIG. 14 is
shown. In this example. cach row corresponds o a lime-
slamp. The events associaled with a given Limeslamp are
populated with corresponding, valves from the raw event
stream. In this example, raw measurements for the attributes
such as plaver state, bitrate, CDN, and seek are shown,

In (his cxample, the collected raw events have been stored
in a lable. The table in this cxample includes various
columus, such as a timestamp column. The columns also
eclude columns for attributes present in the raw event data,
such as a player stale column. a bitrale column, a CDN
column, and a seck column. lor cach event lype. a column
is created. where values [or the varlous (ypes of cvenls are
stored in the appropriate locations within the table (e.g.,
appropriate column at cell corresponding 1o associated time-
slamp).

Suppose that in this video streaming scenario. the lollow-
g metrie is desired 1o be determined:

How much time did a session spend in a connection-
induced rebutfering state while using CDN C17

Such a metric 1s an example ol a lime-stale metric, where
a measure ol a duration of time in a specilic conlext is o be
evaluated. For the measure of duration, the temporal and
state context includes four sub-components, such as that the

player is in a bullering stale, the player had already started 3

playing, (he user has not recently secked, and CDN C1 s
heing used.

That is, in order to determine this time-state metric, a
count of duration (example of a measure) is determined
while in the context of the [bllowing [our conditions:

1. Currently bulTering & &

2. Play has alrcady initialized &&&

3. User has not seeked in last 5 seconds &&

4. Using CDN C1

Asg shown in this example, determination of the ime-stale
metrie 15 dependent on mulliple conditions, where delermi-
nation of when the conditions are met is based on the
tracking of the occurrence of multiple tvpes of events that
may be occurring at ditferent times, and are separated over
Lime.

(Given the tabular representation of the raw event dala
shown in the example of FIG. 1B, in order 1o generate the
connection-induced rebutfering measure given the desired
contexUstale. a complex combination ol queries would need

1o be implemented 1o ensure that the metric is compuled only s

in the appropriate context. which includes numerous condi-
tions, each of which may be complex to compute in a
relational of tabular model.

l'or example, consider the (irst state component: that the

player was cwrently bullering. UIG. 1€ illusirales an s

embodiment of data to be determined. In this example, to
determine the duration of buffering, a query would have to
be written 1o determine the time when the plaver was in the
bullering state {e.g., condition 1 above). As shown in this
example. this would involve scanning the values of the
plaver state column, and determining the amount of time that
the plaver was in the buttering state, which in this example
includes delermining the sum ol (4=, 16=15. 19=18, and
114-112, all ol which are non-contiguous enlitics. As shown
in this example. the value for the player attribule is only
provided when the plaver changes state, where the plaver
attribute value is only populated for specific timestamps.
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Thus, determining the amount of time that the player was
within a specilic stale requires a number ol queries o be
wrillen (e.g., 10 [ind the timestamp when the player—buller,
o find the next point in Gme when a change in the player
value occurred, and then finding the difference between the
two timestamps, repeating such processing, and aggregating
such ime periods in which the player was in the buller
slaie).

In this case, it would be beneficial to model time in a table,
as well as model differences in time when a particular state
is occurring. However, existing relational or tabular tech-
nigucs provide insullicient mechanisms (o do so. resulling in
complex, lime-consuming. and crror-prone query code.

In addition to generating a complex query to determine
the above plaver state, given the desired constraints/state,
lurthermore, the bullering state belore the first play would
have o be ignored (Lo salisly condition 2 of the contexl,
which is that the player has alrcady initialized). which would
in trn involve writing a complex query to track whether

20 play has started, and ignoring buffering (as every plaver will

buller at start). That is, lurther code would need (o he wrillen
o discount bullfering belore play started. oing so in a code
language such as SQL code is challenging, as there is not a
mechanism by which to track the play state, and remove the
butfering before the play. That is, in a tabular or SQL-like
model or language, it 1s dilficult 10 express such inlents.

FIG. 11 illustrates an embodiment of determining a
time-state condition. In this example, determining when
CDN C1 was being used (e.g., condition 4, above) is shown.
As shown in this example, iCis desired (o be able 10 track
whoen C1 was in use. While the tabular representation can be
queried o delermine in which rows (he CDN column value
was equal to Cl, it is more challenging 1o determine the
collection of rows (timestamps) or interval in which the
CDN was (1 until switching occurred.

Ag shown in the above example. determining lime-stale
metrics using tabular representations ol collecied event data
is challenging, as, for example, determining intervals or
petiods in which a svstem is in a cerfain state can be
challenging. Further. it can be complex (o delermine logic
when mulliple conditions are present in the desired time-
state metric and are to be combined.

FIG. 1E illustrates an example of an SQL query. In the
example of F1G. 1E, a complex SQL query to implement the
lime-stale metric above (with [our conditions) is shown. "The
complex queries resull in inellicient compulation, in par-
ticular, it being scaled for numerous video-playing sessions
and many time-state metrics. That is, there is significant
compuie effort (o Implement Gime-stale melrics when the
data is maintained in a tabular or relational model. Turther,
significant clTort is needed to develop and debug such code,
in which there may be difficult to discern semantic errors.

The tollowing are embodiments of techniques that facili-
late ellicient conliguration and compulation. al scale, ol
lime-stale metrics. which are usable lo delermine slate and
behavior of a svstem in context. The techniques described
herein provide various benefits over existing data processing
toals that are based on tabular frameworks. Using embodi-
ments of the time-stale ramework or model deseribed
herein, the evolution ol aliributes over lime is modeled in
what is referred to herein as a timeline representation,
tacilitating eflicient configuration and computation of time-
state metrics. Modeling the evolution ol attribules includes
tracking values ol atlribules over lime, rather than, lor
cxample, al specilic points in time. Further. the (echnigues
described herein include computational operations that oper-
ate on the timeline representations described herein, where
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such timeline operations are vsed o determine how attri-
butes change in rclation o other variables, cevents. and
entitics. This includes determining. or example. the evolu-
tion of a columm. and then also understanding the evolution
of that column in the context of other columns, which are
also evolving over time. The techniques described herein
[urther allow understanding of group and aggregate behav-
iors over an enlire population, as well as over windows ol
time. This is an improvement over existing tabular or time
series models, which do not track such stateful evolution
over time, or require high computational cost and effort in
order to implement such a class ol lime-stale analylics.
Compared to existing relational-based systems. the lech-
nigues described herein are more flexible and efficient.

In addition to being more computationally efficient as
compared lo exisling dala processing technigues, the tech-
nigques deseribed herein Lacilitate configuration of time-stale
metrics withoul requiring coding or writing SQ1. or other
Tvpes of code,

The tollowing are embodiments of modeling and com-
puting lime-slate analylics. I'mbodiments ol the lime-stale
analylics lechnigques deseribed hercin include a number of
components, including syvstem architecture and integration
of time-state metrics, further details of which will be
described below.

Time-stale analylics are a class of big dala compulation
problems for actionable insights that require statelul con-
Text-sensitive processing over event streams. As shown in
the examples above, time-state analvtics are important for a
varicly ol applications. l'or example, in video sireaming.
many qualily ol experience {Qol?) metrics such as connec-
tion induced buflering. exil belore start, average bitrate. cle.
are statetul and context-sensitive, falling vnder the time-
state analytics ¢lass of computational problems.

Deseribed herein are embodiments of a specialived data/ 3

compute model [or supporting time-state analytics. | imbodi-
ments ol the data/compule model] are also relerred 10 herein
as a timeline model implementation. When determining
Time-state analytics, the timeline processing techmiques
deseribed herein provide improvements over existing dala
processing systems. which are based on legacy labular.
relational, or SQL computation models. The timeline pro-
cessing techniques described herein support fine-grained
metrics in real time, at scale. As described above, example
henelits provided by the timeline processing lechnigues
deseribed herein include providing actionable (ine-grained
metrics at reduced cost, with reduced development time, and
increased visibility and clarity.

While embodiments of timeline processing and Gme-state

analylics are described below in the context ol video stream- 5

ing, the lechniques described hercin may be varlously
adapted 10 accommaodate any other Type of time-state metrics
as appropriate.

System Architeclure

I'IC. 2 illustrales an embodiment of a system lor perform- s

g time-state analytics. Embodiments of queries to the
timeline processor described herein include two compo-
nents-types of metrics of inrerest, and types of dimensional
aggregalions o be perlormed. For example. a query may
include an intent 1o understand aggregale propertics ol a
stateful metric in the context of some metadata. Embodi-
ments of the time-state analytics platform desecribed herein
support stalelul metrics, as well as dimensional summari-
zalioms.

In this cxample. time-stale analylics platform 200
icludes a compositional system  architecture, In this
example, sensor feed ingestion engine 202 is configured to
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ingest feeds or streams of sensor data from client devices. In
the example ol video streaming, content players on various
devices (c.g. laplops. mobile phones, lablets, deskiops,
sel-lop boxes, game consoles, ele.) are conligured Lo siream
sensor data (collected by the content plaver for a video
streaming session) 1o plattorm 200, For example, various
event data or values measured by the content plaver are
transmitled In messages thatl are transmilled 1o platform 200
over a network such as the Intermnet.

Statelul session melrics delermination engine 204 is con-
figured 10 determine statetul session metrics (e.g., time-state
metrics) on the feed of sensor data ingested by ingestion
engine 202, In some embodiments, stateful session metrics
determination engine 204 is conligured lo convert the siream
ol raw session data, which may include measures and events
collected lor multiple types of altributes. into Gmeline
representations of attributes. In some embodiments, the
timeline representations tor attributes are updated as new
values for the atiribute are ingested. Further details regard-
ing conversion of a stream ol ingesled values of an aliribute
inte a timeline representation ol the attribule are deseribed
below.

In some embodiments, stateful session metrics determi-
nation engine 204 is turther configured to determine time-
stale metrics by applying a set of timeline operators om the
limeline operations. This includes logically combining time-
line representations of multiple attributes in order to deter-
mine the context in which a time-state metric is computed.
liurther details regarding timeline operators and combining
ol timeline representations 1o compule a lime-stale moelric
are described below.

In some embodiments, the time-state metrics that are
computed (e.g., for a video streaming session) by statefnl
session melrics determinalion engine 204 are stored (o data
storage layer 2086,

In some embodiments, a lime-stale metric is computed [or
events that are included within a certain scope. One example
of such a scope i3 a streaming session (e.g., in the context of
video streaming). In some embodiments, lime-stale metrics
are delermined on an individual session-level basis. In some
embodiments, analyvtics on cohorts of sessions may be of
interest. For example, an individval session is associated
with a set of metadata dimensions, such as the ISP (Internet
Service Provider. such as Comcast. AT&T, cle) ol ihe
session. the operating system of the session (e.g., 108,
Android, ete.), device type, etc. In some embodiments,
multidimensional analytics engine 208 is configured 1o
perform aggregations or rollups on groupings ol metrics thal
share a sel ol dimensions.

In some embodiments, lime-stale meltrics and aggrega-
tions of such time-state metrics are provided as output of
platform 200 via frontend interfaces 210,

In this example system 200 & sysiem decomposition is
shown in which statelul session melrics are compuled when
sensor feeds come in, and where multidimensional analytics
are performed in a backend. In this example, there is a form
of decoupling of the two tasks of determining statefnl
session metrics and delermining multidimensional analytics.
In this example. stale session metrics are precomputed, with
multidimensional analyvtics performed on the backend. In
some embodiments, the time-state metrics are computed in
real-lime, as a stream ol data is ingesied. In other embaodi-
menis, the timeline representation conversion and manipu-
lation o determine time-stale metrics is perlommed as a
batch process (e.g., as a backend process, not only during
streaming ).
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Timeline Representation Transtormation and Time-State
Melric Computation

The [bllowing are cmbodiments of compuling statelul
session metrics. In some embodiments, the compuling ol
statetul session metrics is based on embodiments of the
rnmeline data‘compute model for time-state analvtics
described herein. Using the timeline data structure and
computalion models deseribed herein, data is processed as a
timeline. allowing [or modeling ol attribules with values that
vary over lime. As will be shown below. the use ol such a
timeline data structure and computation model as described
herein facilitates the inwitive configuration of queries and
metrics, reduces development effort, and allows for various
oplimizations to reduce resource usage.

In some cmbodiments. ime-slale melrics are compuled
based on timeline representations ol altributes. The timeline
representations of attributes represent the change in state of
values of attributes over time. The timeline representation of
an attribute is generated by transforming the raw event data
collected Tor an aliribute (which is indicated al points in
lime. or limeslamps) inlo a slate represcrntation that models
the change in the values ol the allribule over spans of ime.
In some embodiments, time-state metrics are computed on a
session level. For example, raw events for a session are
collected. The raw events collected lor a session are rans-
lormed, using operalors. inlo limeline representations of the
changes in values for atiributes during thal session. A
session-level time-state metric i then computed by uvsing a

set of timeline operators on the generated timeline repre- 7

sentations of one or more attributes, further details of which
will be described below.

I'IG. 3 illustrales an embodiment of a system for deler-

mining lime-stale metrics. In this example, time-stale met-

ries system 300 is an embodiment of statetul session metrics
determination engine 204,

In this example, time-state metrics svstem 300 includes
timeline request comliguration engine 302 and Gimeline pro-
cessor 3100 In this example. imeline request conliguration
engine 302 includes conliguration (ile(s) 304, compiler 306.
and operator library 308. In this example, timeline processor
310 includes streaming laver 312, operator graph executor
engine 314, and message laver (1o database) 316. Further
delails regarding time-stale melrics syslem 300 and its
various components are deseribed below.

In some embodiments, the timeline processor 310 is
configured 10 implement tine-state operators and time-state
dala structures and model representations. In o various

embodiments, this includes generating limeline representa- s

tions ol attributes and computing tlime-stale metrics by
applving a chain of timeline operstors. In some embodi-
ments, the timeline processor is inplemented vsing pro-
gramming languages such as Scala. Rust, cle. In other

embodiments, the timeline processor is implemented as an s

application programming intertace (APL) on top of existing
analytics databases. Other implementations may be utilized,
as appropriate.

In some embodiments, the Umeline processor lakes as
inpul a data stream {c.g., via message layer o input 318).
computes tine-state metrics, and outputs the time-state
metrics to a database.

In this example, the inpul data stream (e.g., ingesled via
moessage layer 318, which is an cxample ol sensor [eed
ingestion engine 202) includes session data provided in the
form of heartbeats, which as one example is implemented in
a format such as JSON (JavaScript Object Notation). In
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some embodiments, the stream is trom a source such as
Amavon 83, where the stream s processed through the
limeline processor.

In some emboediments. the timeline processor recelves as
input a timeline request confipuration from configuration
files (304). In some embodiments, the timeline request
confliguration is a conliguration lile lor individual lime-siale
metrics. Dillerent metrics may be writlen lor processing the
data, where each different metric is associated with a cor-
responding timeline request configuration file. The time-
state metrics are to be computed on the stream of raw data
received for a session. An cnsemble ol multiple lime-stale
metrics may be comfligured o be compuled lor the session.

In some embodiments, the time-state metric configuration
files are consolidated through compiler 306. For example,
the sysiem includes an operator library through which
melrics are wrillen. In some embodiments. a lime-state
metric is implemented as a collection of timeline operalors
that are applied and combined in a particular sequence. In
some embodiments, each time-state metric is represented as
a graph. such as a DAG (dirccled acyclic graph). The
collection or cnsemble o 12AGs is provided (o the compiler.
The compiler, based on the DAGs, refers 10 the operator
library to obtain the code needed to execute the operators
specitied on the DAGS,

In some embodiments. o0 execule a Ume-slale melric {(e.g.,
apply a 1A [or every session thal comes in). the compiler
reads the configuration file for a time-state metric. The
compiler then instantiates code 1o execute the graph of
operators thal form the lime-stale metric. The compiler
synthesives code for the DAG runtime o execule. lor
cxample, (he compiler [ollows the limeline operalor graph,
identifies the operators to be performed in sequence, as well
as retrieves the code for executing the operators and includes
any specilied operator paramelers. lior example, the com-
piler instantiales runtime objects for the runtime 10 exceule.
In some embodiments. the runtime has implementations ol
the operators in a time-state metric configuration.

In some embodiments, the timeline configuration file is in
# machine-readable formal such as YAMI .. As one example,
the configuration is in a JSON lormal. In some embodi-
ments, the configuration file is the output of an editor, such
as a visual Ul (user interface) editor vsed by a metric-
designer to configure a time-state metric.

In this example, the compiler generates the runtime code
corresponding Lo the DAG representation specified n the
timeline configuration file. The operator graph executor
engine 314 (also referred to herein as a DAG executor) is
confligured 10 exeeule the code provided by the compiler.
The DAG exeeulor 1s applied o data processed by the
streaming layer 312, which is conligured lo receive a siream
of raw data. For example, there is a message queue (e.g.,
message laver 1o input 318) that takes heartbeats and ingests
them inlo the system. For example. the message layer is
configured 10 stream raw dala into the platlorm. lior
example, the DAG executor is configured to traverse the
nodes of the DAG, and execute the operators at each node
according to the parameters and specification of the node
{e.g.. inpul arguments. paramelers. cle). Lurther details
regarding graphs of imeline operators used o implement a
time-state metric are described below.

In some embodiments, the streaming laver 312 is config-
ured to supporl complex evenl processing by performing
various lasks such as faull olerance, choeckpoinling. water-
marking, cle.. or any olher data qualily processing as appro-
priate. For example, in the real-world, events may not
always arrive in sequence due 1o network delays, failures,
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data drops, etc. The streaming layer provides a canonical or
cleaned up stream of event data that the 12AG exceulor runs
on.

In some cmbodiments. every heartbeat of raw dala that is
ingested passes through the DAG of operators, end-to-end.
For example, the time-state metric is updated for every
heartbeat (or message with a set of raw event data). In some
cases. (he heartbeal may nol have events that are of interest
1o the lime-stale metric, and may in part be ignored (where
the value of the hearlbeal may not be changed, since the raw
data is not of interest to the operators in the time-state metric
and computations are not performed on them, although the
span of a timeline may be updated 1o extend the span range
in some cmbodiments. Turther details o which are deseribed
helow).

In some embodiments. (he inpul o an operalor is 4
timeline, and the output of a timeline operator in the operator
library is a timeline. In some embodiments, the ovtput
provided 1o the database is in a format that is appropriate for
the oulpul database. or example. the message layer Lo the
database is conligured 1o (ranslale or convert the timeline
output of the time-state metric into a format applicalble 10 the
output database. This includes encoding information in
formats acceptable by the ountput database.

In some cmbodiments. the message layer o database 316
is conligured o [ormal me-stale metric oulpuls inlo an
output database. In some embodiments, the message laver
also performs summarizations. For example, for a session, 1t

may be desired to have a value ol the metric on a periodic 2

bagis. such as every minule or every thirly seconds. In some
embodiments, when reporting the session o the database, a
summary is generated based on aggregated session valve
metrics and converted to a format applicable to the database.

In this example, whal is reporied (o the dalabase is a 3

“real-lime”™ metric. where the current value of the metric 1s
reporied according 1o some [requency or period. Another
example type of metric that is reported is an end-of-litetime
metric. For example, at the end of a session, values for the
time-slale melrics thal were applied are reported o the
datubasc.

In some embodiments, the messaging laver is an interface
10 an output database that is configured to report the results
of the time-state processing. In some embodiments, the
interface is conligured o delermine. for a metric. whal Lo
report based on the lime-stale metric value. when o send the
report, how 10 package the report, ete.

The following are embodiments of determining what
outpul data is o be senl. In some embodiments, not only the
(inal resull of the metric 1s provided as outpul. lor example.
any node in a DAG (not only the (inal node) may be lapped.
and the corresponding data from that node provided as
output,

As one example. suppose thal the output of the linal node

in the 1DAG is tapped into. "The output ol the Gme-state s

metric may be values, as well as timelines themselves (if
supported by the database).

The following are embodiments of determining when to
send or transmil oulpul based on a compuled lime-stale
metric. In some embodimenis, the results ol the meiric.
which are being applied to data as it is ingested, are nsed to
generate an updated value over time as well. The output of
the time-state metric may be provided al the end ol a sesslon.
The values generated by the metric may also be reported
periodically 1o the database (c.g., cvery thirly scconds).
Metric valves may also be provided on demand, as the
session raw data is streaming in and processed in real-rime.
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In some embodiments, the processing described herein
oceurs in 4 streaming layer. in real-lime, operaling on raw
cvenl data thal is being ingested and collected.

As described above, the context in which a metric is
computed may be based on the combination of measured
allribules being in cerlain respeelive stales. [n some embaodi-
ments, meladata associaled with a scssion (whose stream of
raw data 10 which the time-state wetric is being applied) is
stored along with the metric values. For example, when the
lime-stale processor perlorms a computation on raw data
corresponding 1o lime =X, the lime-slale processor gener-
ates an output valve corresponding to time t X, A row with
a timestamp corresponding to t X is sent to the database
with the metric value computed at that timestamp along with
meladala deseribing the session whose raw sensor data the
time-state metric was applied to.

It multiple metric valves are being computed, then, for
cxample, the oulput row includes mulliple columns, one lor
cach type of metric. Lach row corresponds 10 a particular
timestamp, and the output valves computed for the various
time-state metrics tor that timestamp are included as column
valucs In (he row ol data provided (o the database.

In some embodiments, aggregations or rollups can he
performed 1o aggregate intormation across different time
windows. For example, providing output values as they are
compuied lor every Ume slep may be resource intensive. In
some embodiments. samples of lime-slale metric values
{which are potentially being updated as new session raw
data is received) may be provided periodically. Rollups can
also be perlormed 1o determine. lor example, averages ol the
outpul of a ime-slate melric. where the average is delivered
periodically. This is an example of providing a summary of
the metric valve. In other embodiments, raw timelines are
provided as oulpul Lo the database. As another example, the
lime-stale melric data siruclure representation is sent Lo the
database.

In some embodiments, the reported data is packaged as
raw dala or senl in a “session summary”-like data struclure
composed of the session altributes and the associated time-
state metrics of interest.

In the above example of FIG. 3, the timeline processor
lacilitales the use ol timeline data models in existing data-
processing syslems. In some embodiments. the tmeline
processor is confligured o translate the events stored in the
svstem's original format to one or more timeline objects/
representations. In some embodiments, producing a timeline
object includes determining an encoding of an input and
identilying the imestamp or Lime range associaled with cach
piece of incoming data.

The timeline processor is configured to then apply time-
line operators. In some embodiments, the timeline operators
are seleeted from a timeline library ol pre-defined operators.

The timeline processor is alse conligured (o translate the
resulting timeline objects 1o another data format appropriate
for exporting,. In some embodiments, digesting or translating
the timeline objects includes caleulating final oulpuls {e.g.,
statelul metrics such as connection-induced rebullering) by
cvalualing [inal imeline object data atl specilied Umestamps
or time ranges. In some embodiments, digesting timeline
oljects includes encoding and exporting results of timeline
data evaluation in a [ormal appropriate for downsiream
consumers (e.g., lables. summary stalistics. cle.).

Example Time-State Metric Determination

The ollowing s an example of compuling a lime-state
metric. In some embodiments, the processing described in
this example is implemented by tine-state metrics system
300 of FIG. 3.



Us 12,549,460 Bl

15

In this example, suppose that the following time-state
metric is o be compuled for cach video session:

How much time did cach video session spend in comnee-

tion-induced bullering when using Cellular?

In this example, the amouvnt of time that the video session
spent in buttering is determined within the context of when
the player was using cellular.

Suppose the [ollowing received hearibeats  that  are
streamed trom a countent plaver, where heartbeats are sent

out eluding sensor data that is measured for various
attributes:

{timestamp™ 17, “Userl)™ “U17. “Sesslonl] )™ “81™
“Bitrate™  “720p7. “Network™  “Wil'T,  “Player™
“Tnie”)

{“timestamp™: “3™; “UserID™ “Ul", “Sessionl)”; “S1™,
*Player™ “Init”}

{timestamp™ *77 “Userl)™: “UT™ “Session]1 )™ “817
*Bitrate™: “1080p™}

{“timestamp™: “&", “UserID)”: “U1", “Sessionl)”; “S1™,

“Network™: “Cellular”}
{timestamp™ *107, “Userl] )™
*Player™ “13uller”™)
{“timestamp™: “12”, “UserlD™:
“Bitrate™; “480p™, “Player™:
{“timestamp™: “14”, *“UserlD™:
HPlayer™ “Play™}

ST “Kessionl 177 <817,
“UJ17, “SessionlD™:
“Butter™)

“UJ17, “SessionlD™:

“Sl”,

“Sl”,

Ag shown in this example, an arbitrary sequence of events
or raw or observed or reported data values is received.

While in this example. a heartbeal is shown correspond- 3

ing Lo 4 certain limestamp. in some embodiments. hearlbeals
are balched together and may include multiple heartbeats.
each corresponding 10 some particular time (indicated by a
Timestamp).
Timeline Representalion o Raw Measurement Data

In order o determine the duration metric deseribed above.
two durations or ranges of lime are o be determined. The
first duration is the span(s) of time in which the plaver was
in the buffering state. The second duration to be determined
is the span(s) ol Gme in which the nelwork was in the
cellular state. The end-lo-cnd or overall duration is the
amount of time in which the plaver being in the witering
state overlaps with the network being in the cellular state.
That is, the final duration of interest is the amount of time
in which the player is in the bullering stale AN the network
is cellular.

In order to determine the time-state metric, two durations
are 1o be determined: (1) when the plaver is in the witering
slate; and (2) when the network s in (he cellular stale. A

logical ANIY operation is performed lo determine the over- 5

lap in time. which in turn is wsed 0 delermine the inal
duration metric value.

The following is an example of determining the portion of
the context slale thatl corresponds 1o “when using Cellular™

This includes modeling when the player was using a cellular s

networl (versus, for example, WiFi).

In this example, the network events are extracted from the
above example raw data for the session. FIG. 4A illustrates
an embodiment ol a visualization of discrele events. In this
example. a visualization of the values ol the network atiri-
bute at their corresponding timestamps in the raw event
stream is shown.

While the value of the nelwork altribule is shown at
sclected points in lime that correspond (o when a sensor
measurement {determination ol network stale) was trans-
mitted, it would be beneficial to determine a timeline of
when the plaver was using WiFi or Cellular. FIG. 4B
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illustrates an embodiment of a tineline representation of an
allribule. In this example. (he raw nelwork event data is
passcd through a timeline operator that reconstructs the
“network state™ of when the player was using Wil'i or
cellular. In this example, the player transitioned to cellular at
timestamp 8. In this example, a state timeline of the status
of the network being, vsed is constructed. As shown in the
cxample ol UGG, 413, the network state is now modeled as
spans ol time in which the network stale was a cerlain value
{rather than at discrele points corresponding (o (imestamps
in the raw data).

In the example of F1G. 4B, the network state over time is
constructed, where in this case, the network state is either
cellular or Wil'l With respect Lo the metric under consid-
cration. the particular context with respeet 1o network state
ol inlerest is whether or not the network stale was cellular,
As shown in this example, the discrete networl events have
been transformed into a state function over time.

In this example, 1o facilitate determination of when the
network state was cellular, as well as Lo facilitale combining
with the other conlext 10 be determined {(when the player was
butfering), the network state timeline of FIG. 4B is passed
through another timeline operator 1o generate a new Boolean
timeline representation/model whose valve is either True
{corresponding (o when the network state is cellular) or
lialse {correspomding 1o when the network stale i nol
cellular). For example, a timeline operator is vtilized on the
timeline of FIG. 4B, where a True/False valve is assigned
basced on whether the network state value lor a span ol ime
was Cellular or Wil FICG. 4C illustrates an embodiment of
a timeline. As shown in the example of FIG. 4C. the imeline
of FIG. 4B is evaluated 1o determine that “Is Using Cellu-
lar?” is true after timestamp t 8, and false prior.

As will be shown below, translorming (he raw network
cvenls o a “lruedlalse imeline Facilitales manipulation of
mulliple imelines in order o delermine the overall time-
state metric of interest.

The following is an example of determining the portion of
the ime-state metric context that corresponds Lo conneclion-
induced bullering.

FIG. 54 illustrates an embodiment of events at discrete
points in time. The example plot of FIG. SA visualizes the
value of the plaver events at times corresponding 1o time-
stamps in the received raw data above.

IF1G. 513 illustrates an embodiment ol a player stale
timeline, In some embodiments, the plaver state timeline
representation is construeted from raw  plaver events
extracted from the raw evenl data recelved in heartbeal
messages. [n this example, the player evenls have been
converted 1o stales, where the player state is represented via
spans of time in which the plaver has a certain state.

In order to facilitate determination of the final duration
metric. the timeline ol VIG. 513 is lurther converled inlo
another BBoolean timeline that indicales whether the player is
in the connection induced buffering state.

In this example, the new timeline has Boolean values of
either True or False (whereas there were at least three
dillerent player states). In this example, the player stale
limeline is passed through another timeline operator 1o
generate the new Boolean timeline representation/model of
FIG. 5C, whose value, for a given span of time, is either True
{corresponding (o when (he playoer stale is bullering) or alse
{corresponding o when (he player state is anything other
than bullering).

Ag shown in the example of FIG. 5C, the timeline of FIG.
5B is evalvated to determine that “Is Connection Induced
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Buffering?” is true between timestamp t 10 1o timestamp
1=14. and [alse otherwise (in the lime range ol imestamp 1=1
1o 1=13).

The lollowing is an example ol determining the end-lo-
end metric, which is the duration of time when conduction-
induced buffering and vsing cellular are performed. In this
example. (o determine the time-state metrie, first the context
is delermined. In this example. the conlext is connection-
induced buftering when vsing cellular. In order 1o do this, the
plaver state and the nerwork state are combined via a logical
AND operator. For example, the tinelines of FIGS. 4C and
5C are combined by applying a logical operation (ANIY) at
cach point in time.

The following is an example of vsing timelines to efli-
clemtly determine the context by manipulating timeline
representations ol aliributedvariable states. FIG. 6A illug-
trates an embodiment of manipulaling timeline representa-
tions ol altributes. As shown in the example ol FIGS. 4C and
5C, Boolean timeline representations were generated from
the raw events. In the example of FIG. 6A, the Boolean
timelines corresponding 10 “ls Using Cellular™ and “ls
Conneetion Induced Bullering?” shown in PIGS. 4C and 5C
are reproduced. In this example, by generating Boolean
timeline representations for the context of interest, the
overall context is determined by determining when both
timelines were equal 1o true.

In this example. the timelines ol FIGS. 40 and 5C are
ANDed together 10 generate a new timeline representing
when there was comnection-induced buffering AND when

the player was using cellular. IIG. 613 illustraies an embodi- 2

menl o a coniext timeline. As desceribed above, the context
timeline ol UVIGE. 613 is the ANDD of the timelines ol PIGS. 40
and 5C. In this example, the timelines of FIGS. 4C and 5C
have been combined by applyving a logical AND operation at
cach point in time.

Now thal a imeline representation ol the overall conlext
hag been determined (e.g., when the overlap in time was
1rue), the metric of duration is computed as the summation
ot the duration where the overlap was true. In some embodi-
ments. the duration is determined using the context timeline
representation of FIG. 613 In this example, the summation
is represented also as a timeline. FIG. 6C illustrates an
embodiment of a duration timeline. As shown in the example
of FIG. 6C, if the value of duration were measured at time
1=4, then the duration value will be 4 seconds spent in
bullering time when alse using cellular, The timeline rep-
resentation of FIG. 6C is generated by determining the
cumuvlative duration of where the state of the input timeline
(that o UIG. 613) was True.

Asg shown in this example, a lime-slale metric is compuled =

by manipulating imeline representations of altribules. Gen-
erating the time-state metric includes the user of various
operators to implement the various desired logical functions.
Ag shown in the above example. in order o determine the

end-lo-end meiric of conneclion-induced bullering when s

using cellular, a logical overlap of the buffering Boolean
timeline of FIG. SC and the network Boolean timeline of
FIG. 4C was determined. Computing the end-to-end dura-
tion meltric then in urm involves delermining an inlegral ol
the combined bullering/network timeline.

In some embodiments, time-state metrics are specitied
through the vse of various operators. In some embodiments,
the operators are included n a library ol operators such as
operator library 308,

As shown in this example. evenls woere converled Lo
rimeline representations. The timeline representations were
then passed through a sequence of timeline operators. For
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example, the timeline operators talke timelines as input and
generale outpul timelines. Some timeline operators also ake
mulliple timelines as inpul and combine them inlo one or
more culpul timelines. which may in um be fed as inpul 10
vet other timeline operators. As shown in this example, 10
determine a time-state metric, raw events are converted 10
limeline representations and then passed through a chain ol
limeline operators that are applicd in a sequence (e.g., graph
of operators as described above).

One example tvpe of operator is one that manipulates raw
event data into timeline representations of states. Another
cxample type ol operalor is one that manipulates the time-
line representation ol slales inlo a manipulatable imeline
representation (.., to define Boolean values conditioned on
a desired logical operator). Further operators for determin-
ing cerlain lypes ol metrics over time (e.g., duration) arc also
included. The various types ol operators thus provide an
cllicient mechanism by which (o creale compact querics lor
desired time-state metrics.

In some embodiments, the specification of specific opera-
lors is composed based on the type ol alribute (0 he
converted. or example. o determine the player stale Bool-
ean timeline of FIG. 5C, a first operator is used 10 extract the
raw plaver state events and generate the plaver state timeline
representation of the player attribute of FIG. 5B. To generate
the BBoolean timeline representation, the Gmeline represen-
tation ol IG. 513 is passed through a logical operator which
is contigured 1o determine, over time, when the value of the
plaver attribute is equal to butter. If the valve of the plaver
allribule al some (ime was equal © bufler. then the oulput
value [or thal time is sel 10 'True. 1] the value ol the player
allribule atl thal lime was not equal o buller. then the oulpul
value for that time is set to False. Applving the logical
operator over the timeline of FIG. 5B results in the timeline
ol IilG. 5C.

In this example, the use of timeline representations pro-
vides various benelits. Such benelits include more ellicient
manmpulation of data to determine complex state over time,
as well as more intuitive visnalization of data over time. The
use ol the representations described herein also simplifies
the sel ol operations used 0 compose deline complex
time-state metrics, as compared 1o vsing existing relational
or tabular techniques.

Ag shown in the above example, determining a time-state
metric lrom raw evenls includes multiple components. One
component is a data struclure/mode] in which raw events are
converted into timeline representations. The timeline repre-
sentation is a data model for data that appears in time-state
problems, such as events, step [unclions, and measuremenls.
A sccond component is a computation model which includes
cxeculing various operalors 10 manipulale such Gmeline
representations (e.g., combine them) in order to determine
the end-to-end time-state metric of interest.

In some embodiments, the computation model includes
whal are referred to herein as lime-stale operators. [n some
embodiments, time-state operators are configured 1o take as
input one or more input tmelines, and produce as output one
or more output timelines, according to the specification of
the lime-slale operator. The timeline operators of the com-
putation model are conligured (o manipulate the aloremen-
tioned timeline representation, and provide an efficient
mechanism by which to express logic that would be more
dillicult o implement in tabular models such as 8QI ..

The following are Turther embodiments regarding lime-
stale operators. As deseribed above. lime-state operalors are
vsed to manipulate time-state timelines to construct metries.,
In some embodiments, Time-state operators are configured 1o
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take as input one or more timelines, apply one or more
trans [ormations. and produce one or more oulpul timelines.

In some embodiments, a confliguration of a Gme-stale
metric involves specilication ol a chain ol ime-stale opera-
tors 10 be applied in a particular sequence. For example, the
Time-state operators are primitives from which time-state
metrics are composed. In some embodiments, a composi-
tional language is provided that allows users 1o combine the
alorementioned  operators inle a direcled acyelic graph
(1PAGY o implement the desired or inlended  (ime-stale
metric.

One example type of operator is to extract a field or
attribute from a heartbeat and add a field or atiribute value
1o a limeline representation of the attribule. As one example.
1o generale the Gmeline representation of UG, 413, an
exlraction  operator lor  the network  [ieldfattribule s
executed. In the example of heartbeats in the JSON format,
the network extraction operator is configured to identify the
network key in the heartbeat message (e.g., as it is ingested)
and extract the corresponding value for thal key name.

The extracted atiribule value 1s then added 1o a timeline
representation lor the attribute. For example. network values
are extracted trom heartbeats and added 1o a network time-
line.

The [ollowing are embodiments of a timeline represen-
tation ol an attribute. In some embodiments, raw cvenls arc
converted into a tmeline representation. For example. the
raw event values are encoded as spans. In some embodi-

ments, the timeline representation includes a representation

of the states (e.g., corresponding, 1o different values) that an
allribule can be in.

In the example ol the neltwork altribule, the network
allributle may be ome of two values. Willi or Cellular In this
example, these event valves are 1reated as the two states that
the petwork attribute can be in at any given time. In
heartbeats, network events include indications of when the
player was using Wil'i or Cellular, along with corresponding
timestamps. In some embodiments, a network evenl oceurs
when the network attribule value changes. Por example.
suppose that at time t 1, the network value was Wikl At
time1 8, the network valve changed 1o Cellular. This change
in networlk value is an event thatis included in the heartbeat.
owever, between lime 1=1 and =8, no nelwork valucs were
sent (as the value was Willi during that period). This is
shown in the example of FIGS, 44 and 4B.

In some embodiments, the network field is tracked over
time. where the extracled network values from heartbeats are

encoded as spans. In some cmbodiments. a span includes a s

slarl lime, an end time. and a valuce that the attribule had
between the start time and the end time.

In some embodiments, the timeline representation is a
data structure that includes a set of span data structlures. For

example. an evenl-lo-stale operalor is exceuled o converl s

the raw events shown in FIG. 4A (which is based, for
example, on the raw heartheat data shown above) to the
representation shown in FIG. 4B. In some embodiments, the
timeline processor is configured o converl raw cvenls
recorded al discrele points in lime into state lunclions over
time (also reterred to herein as a timeline state representa-
tion of an attribute, where the timeline representation is
generated by performing a translormation on the raw event
data).

lor example, the timeline representation of HICG. 413 1s
encoded as a set of spans, where each span is determined
when a change in the value of the network attribute was
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detected from the raw data. For example, the timeline
representation o PIG. 413 is implemented with the [bllowing
spans:

Span_1: {starl_time: =1, end_time: (=7, valuer Wilill,
Span_2: {start_time: 1 &, end_time t 14, value: Cel-
lular}.

In some embodiments of the timeline data model repre-

senlation, the siart and end times are inclusive.

In some embodiments. the tmeline representation of FIG.
4A s also encoded as a sel ol spans, where cach span
represents zere or more raw events. In some embodiments,
ole spal contains a list of events (here in this example
denoted as a comma-separated list of event values enclosed
in square brackets) that happened at (he end_time of the
span. Ior example, the timeline representation of VG 4A s
implemenied with the lollowing spans:

Span_l: {start_time: t 1, end_time: 1 1, value: [WiFi]},
Span_2: {start_time: t 2, end_time 1 8, value: [Cellu-
lar]}, Span_3: {start_time: t 9, end_time: t 14, valve:
L1}

The above example is an example event-lype timeline

olyject in which events are encoded.

In some embodiments, timeline data structures include
lists of spans, such as in the example shown above, storing
the “span” s ol interest where the timeline had a particular
value. Various other semantically cquivalent cncodings ol
the timeline data structure may be used as appropriate, such
as using discretized vector measurements in time, columnar
representations akin 1o colummnar analylics databases, and
other compressed  represcnlations as well. The above
cxample representalions arc usable dircetly as data strue-
tures (in addition to other semantically equivalent data
structures).

In some embodiments, new spans are created, and current
spans are closed when a raw evenlt indicates a change in state
ol the attribute. For example. a new span is generated when
an event indicating a change in the value of an atiribute is
encountered. The now-previous span is closed. For example,
al lime (=8, a change in the network stale value is determined
{as il has changed From Wil 1o Cellular). 13ased on this
change, the first span is closed, where its end time, which
had previously been unspecified and open, is now setto 1 7,
or the time step just prior to the time of the newly observed
value (as this indicates when the network stale value stopped
being Wilii), thereby closing the span. Vor example. il the
new value was received at time T, then the previous span’s
end time is now T-1. As one example, the time is modeled
discretely, at a granularity ol nanoscconds, or any other
granularily ol unils of time or ime sleps as appropriate.

A new span is crealed Lo track the span ol time that the
network attribute is in its new state of Cellular. The start time
is set 10 be when the new network state was detected, which
i 1=H. The end time [or this new span s not sel until the next
limestamp al which the stale ol the network changes yel
again. In another embodiment, the end time of a current span
is set to be the timestamp of the most recent heartbeat. It a
heartheat comes at the next timestamp, and the atiribute
value has not changed, then the span 1s exlended by updaling
the end time ol the span (o be that next Umestamp. This is
to account for the fact that the timeline processing is
occurring in real time, as raw or observed or reported data
samples are being streamed (in real-time) and ingested. In
this example, the new span is added 1o or otherwise included
in the sequence of spans of (he limeline representing the
atiribute, and the new span is temporally subsequent to the
previous span in the sequence.
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Ag shown in the example above, a timeline object repre-
senting the attribute over ime includes a sequence ol spans
or span clements. Nach span speciiics an interval of lime and
an associated value of the allribule over thal lime interval.
The spans are created and vpdated as observed values of the
attribute (which are associated with corresponding time-
slamps ol when the eventls ocewrred, were sampled. were
reporied. cle.) are streamed in.

In one embodiment, a span element includes a span start
Time, a span end time, and a span valve. For example, the
span start time and the span end time specity a time interval
of the span. In some embodiments, the span value is an
encoding of the value(s) ol the attribute over that time
iterval specified by the start time and end time. For
example, while raw data values for the network attribute
may be recelved intermittently (e.g.. when changes in the
nelwork allribute oceur) as shown in the above example.
such as al time (=] and lime =8, spans arc created that
specity the value of the network attribute over all time. For
example, the span value in the first span of the sequence
encodes that the network altribute is the constant stale value
ol “Wili” during the entire interval ol time speeilied [rom
the start time 1o the end time of the span. In this way, the
span representation may be queried for the valve of the
networle attribute at any time, such as at time 1 5, which
would relumn the span value of “Wil'i”, cven though a
nelwork sample corresponding o ime 1=5 did not exist in
the stream of raw data.

Performing such a conversion of observed attribute

samples inlo a compactl timeline representation using the 2

lechnigques deseribed herein provides various benelits. For
example. specilying an encoding of value(s) of an altribule
that is valid over an interval of time that is determined by a
start time and end time specified in a span element allows tor
4 compacl represcntation ol the varying of the atiribule over
time. in contrast o explicit cnumerating ol the value at cach
possible timestamp. This provides an improvement in the
amount of storage needed to maintain information pertaining
to the evolution of values of the attribute over time. The
encoding ol time-varying aliribule values in the compact
span representation deseribed herein reduces the amount of
storage needed to maintain the information about the attri-
bute over continnous time. Further, the compact represen-
tation provides tor the benefit of indicating a valve for the
allribule al points in time where samples were nol laken or
observed (g, al intermediale points in time between limes
at which samples were taken).

The following are further embodiments of determining
the parameters (starl Ume. end time, and encoded value) of

a span. In the above example. the end time ol a mosl recent s

span. and a start Gime ol 2 next span in the sequence ol spans
i a timeline representation were determined based on
receiving of updated values ot an attribute. For example, the
end time ol a current span is updated until an event lime-

slamp corresponding Lo a change in stale of the altribule s 5

received, where the end time is no longer updated for the
current span element, and a new span is created in the
sequence 1o encode the new attribute state and the interval
ol time over which the new allribute slale value is valid.
In some cmbodiments. the end times andfor start times ol
spans are determined nsing other types of time markers. One
example of such a marker of time is based on watermarks
that are determined when processing real-lime streaming
data. lior example, while a dala poinl or evenl may be
received by the platform atl a certain time, the actual event
timestamp of a raw data point (timestamp of when the event
oecurred) would be some time prior. Due to delays, lateness
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in receipt of data may result in that data not being appro-
priately incorporated {e.g., where it should have been incor-
poraled based on evenl lime, bul was recelved by the
processing system o lale o be included). Walermarking
may be vsed 10 determine thresholds tor accounting tor late
receipt or arrival of events.

In some embodiments, the startéend limes of spans may be
sel o Umestamps determined based on walermarks. Lor
cxample, a span end tme may be sel Lo a timestamp that is
determined according to a watermark threshold (which
specities, for example, an expected or allowed amount of
lateness belween evenl Ume and receiptl Gme), such that lor
that interval of time specified lor the span, no lale arrivals ol
data points are expected (which could potentially indicate
changes or updates to the attribute state value that would
require, tor example, the end time of the span to be retro-
actively changed based on the lale-arriving event). A new,
subsequent span clement is also created in the sequence ol
spans, where the start time is based on the timestamp
generated according 1o the watermark threshold, where the
value [or the new span is sel Lo the value ol the prior span
{in the case where a new evenl data value was nol received).
lixisling spans may be closed {e.g.. end lime is sel and no
longer changed), and new spans created based on new
watermark-based timestamps being determined (which may
oceur 45 4 balch process over Lime).

In some embodiments. the value of the altribute al a given
timestamp or point in tine is determined by querving the
timeline with the given queried-for timestamp and deter-
mining which span (which has a corresponding time span)
the queried for timestamp is included in. The value ol the
allribule al thal span is retumed.

Ags described above, it would be beneficial to determine
wlen a timeline for an attribute has a certain value. In some
embodiments, this is performed by vsing what is referred 10
as an “Liquals” operator, which lakes as inpul an allribule
limeline, and generates a Boolean (c.g., true-lalse timeline
such as that shown in the examples of FIGS, 4C and 5C). For
example, each of the spans in the timeline representation is
accessoed, and the value lor cach span is compared against a
value ol interesl. A new Umeline is generaled that has the
same spans. bul [or cach span, now has a true or [alse value
based on the comparison berween the attribute valve tor that
span and the value of interest.

Time-Stale Metrie Request Conliguration

Ag shown in the above example of determining how much
lime did a video session spend in connection-induced bull-
cring when using cellular. the computation of the lime-state
metric involved the executlon of a chain ol operators applicd
in a particular sequence to transtorm raw events to timeline
representations, manipulate timeline representations (e.g.,
perform logical operations on limelines o combine themy,
as well as determine measures (e.g., cumulative duration) on
timelines.

In some embodiments, the chain or sequence of operators
vsed as primitives to construet or build the time-state metric
i expressed as a direeled acyelic graph (DAG) of operators.
The processing logic represented by the 1DAG of operalors
is registered as a configuration for the time-state wetric.
Such processing logic is used to perform computations on
the event slream in @ slreaming manner.

P16, 7 illustrales an embodiment o a time-stale metric
directed acyclic graph. VIG. 7 shows an example composi-
tion of operators 1o create a metric DAG for the time-state
metric above (How much time did each video session spend
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in connection-induced buffering when wvsing Cellular?). In
this example. (el operators 704 and 706 are used o extract
speeified altribules (network and player attribules. respoc-
tively) from the session data 702 (thal may be streaming in).
Timeline representations are generated by vsing the “Lat-
estEventToState” operators 708 and 710 to generate the
timelines shown in the examples of VIGS. 413 and SB.
respectively. In this example. the “GIVT™ operatlors are
conligured 1o extract specilied information (c.g.. specilic
fields, or according 1o a function) from raw data (e.g., JSON
format heartbeats, or any other raw data format such as
C8VY). The “Latestivent'ToBlate™ operator is conligured (o
lake the extracted values [or the field and comvert the raw
events into a timeline representation with the encoding of
spans as described above (and update the timeline represen-
Tation as new events are received).

liquals operators 712 and 714 are used 10 generate the
TruePalse tmelines shown in the examples ol FIGS. 4C and
5C, respectively. For example, the equals operator is con-

figured to compare each update or state with a fixed valve or 2

parameter specilied Tor the parameler (metwork=1ruc and
player=buller), producing ‘True or lialse.

‘The output timelines provided as oulputs of operators 712
and 714 are logically ANDed together vsing timeline AND
operator 716 to create the timeline shown in the example of
115, 613, "The timeline of FIG. 613 is then passed as inpul Lo
duralion operator 718, which 1s conligured 10 perlorm inle-
gration and create the tineline shown in the example of FIG.
6C.

The DAG representation of a time-state metric is used to 3

caplure the sequence of operations o be exceuled. as well as
the combining ol sub-operations, which models the com-
bining of multiple contexts in multiple states.

As shown in this example, a nade of a DAG representa-

tion of g time-state metric is an operator (selected form the ¥

operator library) with (oplional) corresponding parameloers.
The directionality ol the edges between nodes indicates the
put 1o an operator node, and where the output of the
operator node proceeds 10 (e.g., another node in the graph of
operators). Further details regarding (imeline operators are
deseribed below.

Operator Graph Optimizations

In some embodiments, new metrics are registered Lo the
timeline analylics system. For example, an ensemble ol
metrics may be registered or configured, where each time-
state metric is represented as a DAG.

In some embodimenis, the DAGs ol the melrics in an

ensemble are evaluated, and DAG consolidation s per- 5

lormed. lor example. graphs or subgraphs ol operators that
are comon to multiple metrics are identified so that they
are only determined once (rather than being computed
multiple times and repealed lor the enlire ensemble). This is

one example type of DAG oplimization. The [ollowing are s

further details of performing such operator graph optimiza-
o0,

Ag described above, a compiler is configured to read
timeline melric conligurations and execute the metric by
implementing the operators in the DAG representation of the
timeline metric configuration. In some embodiments, mul-
tiple time-state metrics are to be applied to the stream of raw
data for a session (where the collection ol lime-stale metrics
is relomred o herein also as an censemble ol Gme-state
metrics). In some ecmbodiments. the compiler is configured
1o perform optimizations such as consolidation, which
includes determining whether there are any common or
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overlapping portions of the graph representations of the
collection ol lime-stale metrics being computed. When a
portion of a graph that is common Lo (wo or more lime-state
metrics is identified. the sequence ol operations (c.g.. sub-
araph of nodes) identified in the common portion of the
sraph is performed once, rather than being repeated for each
metric computation. For example, one global sub-DAG of
operators can be perlormed. For cxample, by representing
lime-stale metrics as a dirceted graph ol operators. graph

) optimizations are performed to prevent common hodes

{where nodes are operators, and the common nodes are those
operators thal are being performed across mulliple metrics)
from being repeated. Rather, that portion of lime-stale
processing is reused. In some embodiments, such graph
optimizations are pertormed by the compiler. This improves
computation efficiency and reduces computation cost.

l'or example. the compiler is conligured to identily sub-
graphs (hal are common o graph representations ol two or
more time-state wetrics 10 an ensemble of muliple time-
state metrics to be applied 10 an incoming session’s raw data.
In some embodiments. the conselidation perlormed by the
compiler includes perfomming merging ol DAGs.

I1G. 8 illustrales an embodiment ol merging lime-state
metric graph representations. In this example, suppose two
time-state metric graph representations 802 and 804 are in
an ensemble of metrics Lo be applicd (o a session®s stream of
raw dala. As shown in the DAG representations ol the
metrics, the two metrics’ graphs share common subgraph
portions, such as the subgraph 808 with the node for the
operator Get with the same parameter of “Event” to get, as
well the next node being the “TwoliventDurations operator,
also with the same paramelers “page_view™ and “naviga-
tion start.” At the end of both metrics is also the EvaluateAr(
) operator.

Asg shown in this example, the compiler is configured 10
cvaluaie the 1DAGs ol both Metrie DACG 1 and Metric DAG
2 and identily overlapping portions of the timeline graph
representations 1o be executed. As an optinization, the
compiler merges the two DAGs to generate merged DAG
B06. As shown in this example, by having graph represen-
lations of Ume-stale metrics (which are composed ol
sequences ol operalors), various lypes ol graph oplimiva-
tions may be pertormed to reduce computation cost. For
example, the subgraph with nodes Ger (“Event™) and Two-
lventDurations (“page_view™, “navigation_start’™) need nol
be perlormed {e.g.. cxeculed) twice.

Timeline Configuration File Example

1G9 illustrates an embodiment ol a timeline conligu-
ration [ile. In this example. (he conliguration lile s in a
JSON tformat from a particular host. The confipuration file
may be written in other formats, as appropriate. In this
cxample, at M2, an identifier ol the computation scope
{session identifier path o events [or the session) Lo which the
time-state metric will be applied is shown. At 904, the data
that will be used to designate timestamps is also indicated,
as different data may be encoded ditferently.

The DAG portion 906 includes named nodes, such as
“rawlivents™ (Y08), “events” (9103, “allemptlue” (9123,
“timeToFirstAttept™ (914), “evaluatedlnRealtime™ (906},
etc. For each node, the following node parameters are
specilied:

op: the limeline operator o be perlormed

in: the inpul o (he node that (he Umeline operator will

operate on. The input may be the outpur of another
node, the logical combination of multiple outputs, ete.
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In some cases, multiple metrics may share portions of
their respeclive 12AGs.

In the example ol the raw]ivents node 908. the operalor is
“eventBource limeline”™ which s applied o the source raw
data included in heartbeats.

Following the node specifications of the inputs, outputs,
and operators lorms a dirceled-acyclic graph ol a processing
chain ol operations. 1lach operator relers 0 what the input
node is. For example, the operation called “get” refers to the
output “rawBvents.”

In this example, the “rawEvents” node is configured to
use the operator “eventSourcdlimeling” o converl the
source data from the heartbeat Tormat (o a limeline compat-
ible tormat. The heartbeats for a session (identified by the
session identifier path) specified in the source parameter are
treated @s an event source. The “events”™ node includes a
“ge1” opl{eration) that takes as inpul the raw evenl limeline
[rom the “rawlivents™ node (where the “S symbaol refers Lo
the output of a node in the DAG).

In some embodiments, the node specifies a parameter to
be used in conjunction with the operator. which includes. Tor
example. a licld name in a data set.

Some operators, such as the “attemptTrue,” take as input
mwotimelines. Thatis, an operator may be configured to take
in multiple inputs. Operators may also provide multiple
timelines as oulpul.

In this example. the time-stale metrics conliguration also
includes a taps section 918. In some embodiments, the taps
portion is a specification of where (e.g., output of particular

node) in the 1A that outpul data is (o be oblained. For 3

example. the oulput of any node may be tapped and provided
as oulpul. In this example. the oulpul of node 916 {(“cvalu-
atedlnRealtime™) is 10 be obtained. A specification of where
and how the tapped output is to be provided is shown at

destination portion 920. For example. a protocol and server 3

location lor the oulpul o be sent 1o 15 specilicd. The outpuls
ol multiple nodes of the 12AG may be specilied and provided
as output.

Operator Taxonomy

The [ollowing is an example laxonomy ol lime-stale

operalors:

Extract: Take in as input raw data or a time-state object
{object with timeline representation) and perform
manmpulations (e.g., get by field, filter by value) to
produce lime-stale objects (c.g.. imclines).

Transform: Take in as inpul one or more tmelines and
apply different types of arithinetic (e.g., add, subiract,
multiply, divide), logic (e.g., AND, OR, Not, etc.),

comparisons (e.g., =lquals. < .ess than, >(rreater than.

==(jrealer than or equal lo, <=l.css than or cqual . =

cle)), accumnulations (c.g. counl. duration). statelul
operations (.2, Tine between events) to produce new
timeline objects. Example types of transtorm operators
include logic, arithmetlic. comparison, stalelul model.
accumulator, cle.

In some embodiments, applving a transtormation to a
timeline includes evaluating each span in a timeline, and
applyving the transformation 1o the span value in a given
span. An oulput Limeline 1s generated with a corresponding
sel ol spans. bul with the span values including (ranslormed
versions of the span valves of the input timeline. In some
embodiments timeline operations are configured to combine
lwo or more Umelines and generale a third Gmeline as
outpul. In some cmbodiments. the value lor the oulput
timeline al a given point in (ime is determined by accessing
the spans of the input timelines, determining which spans of
the input timelines the given point in time belongs, and
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determining the values of the spans that the given point in
lime is included in. The translormation is then applied 1o the
valucs oblained from the inpul timelines. The result of the
trans [ormation is then included in the output timeline. In this
way, tor the output timeline, the valve of the output timeline
at all points in time for the session is determined. For
example, for every point in tine, an input timeline is
queried. The value of the atiribute at the queried-lor time is
relurned. For example. querying a timeline al a queried-lor
lime includes identilying a span in which the queried-Tor
time is included. The span valve for the identified span in
which the queried-for time is included is returned. It the
span valve is a function, then the value at the queried-for
lime is determined according (o the Tunction specilied in the
span value. A translormation s applied 1o the value retumed
based on the querying ol the input timeline with the quericd-
for time. It there are multiple input timelines, then each of
the input timelines is queried at a queried-for time, as

2 described abowve, and the returned values are combined in

accordance with an operator o be performed. An oulpul
limeline s then updated based on the combining of the
values returned from the querving of the input timelines.

Asg shown in the example above, in some embodiments,
the output of the timeline operator is also a timeline, which
also includes a sequence ol spans. where the parameters of
cach span (start time, end lime, and cncoded value for the
interval of time specified by the start and end times) in the
output sequence are determined based on the transformation
applied o the span clements ol the input Gmeline.

The number ol spans In the output sequence need not
malch the number of spans in the Inpul sequence. or have the
same start/end times. For example, when a timeline operator
evaluates a span in the input sequence of spans, this may
resull in splitting ol the mpul span into mulliple spans in the
oulpul sequence.

Ag one example, suppose an operalor thal checks whether
a condition is True if a value is above a threshold, or False
it the valve is below the threshold. Suppose a span in the
inpul sequence of spans with the Tollowing span paramelers:

Inpul_span:  {starl_time: (1, end_lime: 3:  value:
¥ m¥time+h)

Suppose that based on the encoded value of the input
span, which is a linear finction of time in this example, the
operator delermines that the condition is False (value is
below the threshold) until 12, and True onfalier 12, where
time 12 15 berween t1 and 13.

This results in the operator splitting the input span into
two oulpul spans. such as the [ollowing:

Output_span_1:  {start_time: tl, cnd_time:  (2-1,
value=l"alse}. Oulpul_span_2: {start_time: (2, end-
_time: 13, value True)

Export: Take in as input one or more timeline objects
and repackage them inle a [ormalischema that is
amenable or compatible lor a downstream consumer
{e.g., file, database, stream, etc.).

Ags described above, in some embodiments, metrics are
implemented as a DAG of time-state operators. The opera-
lors are implemented lo operate in the domain of timeline
representations/dala models. where the operators may then
be composed in a variety of ways 1o create Time-state metrics
as desired. For example, the set of operators (except for
G and “Lalest ivent ToStale,” which encode raw events
measurcd al poinis in (me inlo spans) lakes Umelines as
inpud, and oulpuls timelines. "This allows the oulpul ol one
operator 10 become the input of the next or subsequent
operator.
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The following are further embodiments of timeline opera-
LOT laXonomy.

In some embodiments, operalors are classificd along the
lollowing dimensions:

Stateful vs. Stateless Operation

Number of Inputs: Unary vs. Binary vs. K-ary

Type ol Inpul/Output Timelines specilied by the lemporal

type. value type. ele. [or impul and outpul timelines

Computation: Mathematical/Algebraic function to apply

FIG. 10 illustrates an embodiment of time-state operators.
One example of such an operator is referred 1o herein as
“LatestlvenCloState™ In some embodiments. the latest
evenl 1o stale operator is conligured o perform statelul
modeling, including treating event updates as state machine
values. This includes interpreting raw event data as a state
machine. where updates o events (changes in allribule
values) are (riggers that are inlerpreted as slate or stalus
changes.

In some embodiments, generating a tineline request
configuration includes selecting a set of timeline operators
and specilying an arrangement (e.g.. chain or sequence) ol
the timeline operators lo form a lime-stale metric. In some
embodiments, a library of tineline operators is provided tor
selection by a designer, where the tineline operators pro-
vided form a set of primitives from which time-state metrics
are composed.

In some embodiments, cach limeline operalor is associ-
ated with a set of code to inplement the timeline operator.
FIG. 11 illustrates an embodiment of a timeline operator. In

this example. the code shown is conligured Lo take a timeline 2

ol cvents as inpul and produce a timeline of states, which
may be used, lor example, to compule a cumulative count of
events, or interpret events as state changes.

Handling of Arntributes with Continuous Values and Discrete
livenis

The network attribute deseribed above is an example of a
slep [unction or slale [unction-type cvenl data. where the
value tor the attribute is one of a finite set of discrete states.
The events related to the nerwork attribute are converted into
slales in a tmeline representation.

Nol every event is convertible into a state change (where.
for example, the value of an attribute is constrained to being
one of a finite set of values). For example, frame rate is a
continuous weasurement. When a change in frame rate value
is received in a heartbeal. this does not necessarily mean that
the frame rale was the same value belween the current
timestamp and the last time a frame rate measurement was
received. For example, it at timestamp 1 1, the frame rate
was reporled as 60 frames per second. and al timestamp

1=10. it is reported that the frame rale was measured 10 be 30 5

[rames per second. this does nol necessarily mean that the
frame rate had staved at 60 frames per second betweent 1
andt 10. That is, for attributes with continuous values, what
is received in the raw data may include samples ol mea-

surcments, which are not necessarily translatable into a finile

set of states. That is, not every piece of raw data can
lecessarily be translated from an event to a state machine.

The tollowing are embodiments of operators for trans-
lorming atliributes with continuous measurement values (ol
which samples are received over time) inlo a limeline
representation, including encoding continuous measurement
values into spans.

As one example, suppose thal a bandwidth sample mea-
surcment 15 recelved in heartheal messages. The timestamp
al which a bandwidth sample was taken is recorded. In some
embodiments, for each measurement sample, a span is
created and/or a previous span is closed. For example, the
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timestamp corresponding with a received measurement
sample is used w0 mark the end ol one span and the start ol
# nexl span. In some embodiments, or the period between
two bandwidith samples, interpolation i perlommed. Lor
example, the values of the attribute during the interval of
time are encoded as a time-dependent function.

Az one example, linear interpolation is performed
between the bandwidth values. In this way, according lo the
linear [unction. the interpolated bandwidth at a time between
the two Umestamps is delermined. This resulls in a tmeline
that has piecewise linear spans. For example, the bandwidth
samples are treated as events at discrete points in time. The
value for the atiribute at intermediate points in time within
the span between the Gmes ol two bandwidth samples is
determined based on interpolation (e.g., lincar interpolation,
polynomial interpolation, or any other type ol interpolation
as appropriate). For example, in the data structure for a
timeline representation of an attribute with continuous val-
ves, the value for a span (e.g., tor timestamps in the span
between (wo samples) is specified as a [unction of the
sample values received al the beginning and end ol the span.
In some embodiments, the sample iself is recorded as a
Zero-width span, for example, with the start time set 1o be the
same as the end time, and with the value of the zero-width
span being the sample measurement that was received in the
raw dala. In some embodiments, the samples themselves are
encoded in an event-type timeline,

Duration is another example of a cominuously changing
value, which may be a natlive value [rom raw data. or a
derived messurement. Consider lor example FIG. 6C. In
some embodiments, such a continuous value that changes
over time is represented or encoded in a numerical-type
timeline object. As one example, the timeline representation
for the timeline ol VI, 6C has the following data struclure
representalion:

{star_time: 0. end_time: 9, value: 0} {start_time: 10,

end_time: 14, valve: duration (time-10)}

In this example, the possible valves of the attribute within
the span or interval ol ime are encoded in a Tunction thal,
as one example, is determined based on linear extrapolation!
interpolation, where the value within a span (start time 1o
end time) is determined according to a linear function of
time. In the span trom 1 0 10 t 90, there was no change in
value, the slope was 0, and the value is 0. In the span [rom
=10 (o =14, the value is encoded as a lincar function ol the
form v m*rime+b, where the slope 1 is 1 and the intercept
b is -10.

In some embodiments. time s modeled in a discrele
mamner, such as in the examples deseribed herein, lior
cxample, inclusive spans and discrele time are used in
various embodiments of the timeline data model described
herein. In other embodiments, time is modeled continuously.
That is. the timeline implementation deseribed herein may
be variously adapled (o scecommodate diserele or conlinuous
models tor time.

Another tvpe of timeline is an event-type Timeline that is
vsed 10 encode discrete events. Examples of discrete events
include indications ol an occurrence ol an action. lior
cxample, a user clicking on a bullon is an example of an
occurrence of a discrete event, where there is not an asso-
ciated state. The button press is recorded as a discrete event
and provided as raw dala. The lollowing is an example of
generaling a timeline representation of discrele events. Lior
such discreie evenis, the start time and the end time of the
span are the same. In this way, the event is recorded. If the
timeline is queried for a time in between the times at which



Us 12,549,460 Bl

29

the event was recorded, a null set may be returned (as that
evenl was not known Lo have oceurred in those in-between
times).

Asg deseribed above, example types ol limelines include
event timeline objects for encoding discrete events, state-
dynamic-type timelines for encoding step (state) function,
and numerical-type timelines for representing conlinuously
evolving values. Span representations are generated [or cach
tvpe of event timeline. In the example of attributes with
continuous values, while samples are received at discrete
points in time, the value for spans (in the mumerical-tyvpe
timeline representation used o encode such continuous
values) is delermined as a [unclion of the received samples.
For example, rather than treating continuous values such as
temperature measurements or humidity lweasurements as
discrete values, they are treated as continuously cvolving
values, where samples are received. and (he continuous
nalure of the attribule over Ume is represented by inlerpo-
lation (where the valve over time in some span is computed
as a fonction rather than a specific value).

As shown in the above. three example types ol limelines
supporied by the platform deseribed herein include:

StateDynamiecs: embodiments of this type of tineline
capture a state having a value at each point in continu-
ous Time but changing at discrete points: e.g., plaver
slate and CIIN stale in the above examples. In some
cmbodiments. this (ype of timeline caplures stale/slep
tunctions. For example, a step function-based timeline
is generated and vpdated based on the latest measure-
ment.

Numerical: embodiments ol this type ol timeline repre-
sent {eontinuous) values varying over lime. Such lypes
of timelines may also arise as intermediate representa-
tions—tor example, the cumulative time spent in the

comeclion-induced rebullfering  state. Iixamples ol 3

span values lor such a type ol timeline representation
include time-dependent Tunctions.

Event: embodiments of this type of timeline capture a
sequence of discrete evenrs. As one example, user seek
cvenls. player stale updales, and CDN updales are
cncoded as Lvenl-type timelines.

Event-type timeline objects may entail sparse encodings,
where instead of tracking whether events occurred at each
rimestamp/window, an event-type timeline object stores
when events oceur.

For Stale])ynamics and Numerical objecls, in some
embodiments, spans are defined. In some embodiments, a
span is an event time interval associated with either the value
over (hat imerval (lor State] ynamics-type timelines) or an

encoding of its evolving numerical values (Tor Numerical- s

Lype timelines. such as encoding via lime-dependent func-
tons). In some embodiments, StateDvnamics and Numeri-
cal-type timeline olyjects are represented as a compact list of
span clements (rather (han. Tor example, enumeraling cach
timestamp/window).

Ag shown in the above examples, different types of
timeline objects are used for representing different types of
attributes, or are vsed to determine different types of encod-
ings of values thal vary over time. Dilferent types ol timeline
objects are also assoclated with different ways ol determin-
g span starts‘ends and encoding values.

The use of such compact data structures facilitates the
ellicient implementation ol semaniic-aware operalions over
such cncodings.

Multidimensional Analytics

The following are embodiments of performing multi-

dimensional aggregations and analytics.
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As described above, in some embodiments, time-state
metrics are compuled within a certain scope. such as on a
session-level basis. Aller session-level metrics have been
compuied and stored. aggregations over meladata may then
be pertormed. For example, agarepations of the time-state
metric across sessions that share one or more characteristics
{e.g.. device Lype. operating system Gype. location, cle.) may
be perlormed. lixamples ol such roll-ups or aggregations
include averages, counts, ete.

For example, the svstem performs pre-computing the
per-sessiol metric (as a stream of raw event data is ingested)
using the limeline representation described above. A user
may then perlorm an aggregation o determine what that
metric was 10 aggregate for all sessions that happened for
Android in San Francisco, or for any other segiuent, as
desired. That is. in a (rst stage. individual, per-session
metrics are compuled. A second stage ol processing includes
performing aggregalion across 2 scgment ol sesslons thal
share a set of characteristics.

FIG. 12 illustrates an embodiment of determining a time-
stale: metrie. In some embodiments, process 12000 s
executed by lime-stale metrics system 300 ol IG. 3. The
process begins at 1202 when a stream of raw or observed
data values of an attribute is received. Each raw data value
is associated with a timestamp (e.g., event timestamp of
when an allribute value was measured. collected. reported,
sampled, cle.).

At 1204, the received stream of raw data values is
converted i1to a timeline representation of the atribute over
lime. In some embodiments, the converling includes encod-
ing the received stream ol raw data values inlo a sequence
ol one or more spans or span clements. In some embodi-
ments, a span element includes a span start time, a span end
time, and a span value. In some embodiments, the span value
includes an encoding ol the value (or values) ol the aliribute
over a time interval delermined by the start time and the end
lime ol the span. lior cxample, a span is an evenl Ume
interval associated with either the value over that interval
{e.g., for attributes with finite states), or an encoding of its
cvolving {over (ime) numerical values {e.g. lor allribules
with continuous valucs).

Az one example, the value associated with a span is
{semantically) encoded as a constant value (e.g., state) for
the interval of time. For example, raw events with observed
valucs al sparse. discrele points in lime are converted or
cncoded into values specilied over intervals of Gme. allow-
ing for the value of the attribute to determined over all time
fand not just at the tinestamps corresponding to when
cvenls were observed or reported).

Ag another cxample, the value associated with 2 span is
cncoded as a Ume-dependent [unction that is valid over. or
otherwise applicable 10, the interval of time (e.g., function
that determines, as a fonction of time, the value of the
allribule al points in time within the span’s specilied (ime
interval).

In some embodiments, the timeline objects representing
atiributes over time are represented as a sequence of spans.
As one example, a timeline object is represented as a
compact list of span clements. As another example. a
limeline objoct is represenied as a lable. where cach row
represents a span, and the table includes columns for span
parameters, such as span start time, span end time, and span
value. Further details regarding encoding ol raw or observed
data values inlo spans ol a timeline representation are
described above.

At 1206, a time-state metric is computed according to a
timeline request configuration. The timeline request con-
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figuration includes one or more timeline operations. The
lime-slale metric is compuled at least in parl by perlorming
a timeline operation on the Umeline representation of the
allribute. Purther details regarding timeline request conligu-
rations, composing of Time-state metrics vsing a set of
timeline operators, graph representations of time-state met-
rics, cle. are deseribed above. In some embodimenis, deler-
mining the lime-stale metric includes performing compula-
Tions on, or otherwise combining, tineline representations of
muhiple different attributes whose values may vary over
time (and where the attributes may be of different data
Lypes).

I'IG. 13 illustrates an embodiment of performing mulii-
dimensional aggregation of time-state metrics. In some
embodiments, process 1300 is executed by multidimen-
slonal analylics engine 208 ol PIG. 2. The process begins at
1302 when a (irst value of a (ime-stale metric compuled lor
a lirst entity is received. In some embodiments. the (st
value of the time-state metric is computed vsing process
1200 of FIG. 12. For example, the first value of the time-
slale metric 1s computed al least in part by perlorming.
according Lo a timeline request conliguration, one or more
timeline operations on a first tineline representation of an
attribute for the first entity, where the first timeline repre-
sentation is generated at least in part by converting a first
stream ol raw data values of the atiribule associaled with the
first entity inte a first set of span dala siruclures comprised
in the first rimeline representation of the attribute for the first
entiry.

AL1304, a second value ol the time-state metric compuled 3

lor a second entity is received. In some embodiments, the
socomd value of the time-state metric is computed using
process 1200 of FIG. 12. For example, the second value of
the time-state metric is computed at least in part by per-
lorming. according o the timeline request conliguration. the
one or more Umeline operations on a second limeline
representation of the allribule associaled wilh the sccond
entity generated at least in part by converting a second
stream of raw data values of'the attribute associated with the
socomd entity inlo a sceond sel of span data structures
comprised in the second tlimeline representation ol the
attribute for the second entity

At 1306, an aggrepate valve for the time-state metric is
determined at least in part by combining the first value of the
time-state metric and the second value ol the lime-stale
metric compuled. respectively, for the first entity and the
second entity. For example, the first entity and the second
entity are grouped together into a segment based at least in
parl on one or more shared dimensional atiribuies. For

example. the first entity and the sceond entity are two video s

slreaming sessions thal are grouped ogether based on the
first and second sessions sharing dimensional attributes in
common (e.2., common CDN, ISD, device type, etc.). Based
on the grouping ol the first entity and the seeond entity into

the segment, an aggregale value for the ime-slale melric s 5

determined by pertorming an aggregation on the first and
second values of the time-state metric.

Althovgh  the foregoing embodiments have been
deseribed in some detail Tor purposes ol clarity ol under-
standing. (he invention is not limited to the details provided.
There are many alternative ways of implementing the inven-
tion. The disclosed embodiments are illustrative and not
restriclive.

What is claimed is:
1. A svstem, comprising:
ole or more processors configured 1o:
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receive a stream of raw data values of an atiribute
recorded al discrele points in lime. wherein cach
received raw dala value ol the altribule is associated
wilh a limestamp;

convert the received stream of raw data values into a
timeline representation of the attribute over time,
wherein the timeline representation comprises a
sequence ol spans. wherein 4 span comprises 2 span
start time, a span end time, and a span value, and
wherein the span value comprises an encoding of one
or more values of the attribute over a time interval
delermined by the span starl lime and the span end
lime, and wherein when a change in value of the
attribute is detected from the stream of raw data
values, a current span is closed and a new span is
generaled; and

determine a lime-state metric according o a tmeline
request conliguration. wherein the timeline request
configuration comprises one or more timeline opera-
tions, and wherein the time-state metric is computed
al least in part by performing a timeline operation on
the timeline representation ol the atiribule; and

a memory coupled to the one or more processors and

configured to provide the one or more processors with
nstructions.

2. "The system recited in claim 1, wherein the stream of
raw dala values comprises a [irst value of the allribule
associated with a first time and a second value of the
attribute associated with a second time.

3. "The system reciled in claim 2. wherein based al least in
part on a determination that the seeond value ol the atiribute
i dillerent from the first value. the one or more processors
are configured to update the current span, wherein the span
start Time comprises the first time, the span end time
comprises a lime value prior o the second lime, and the span
value comprises (he [irst value.

4. "The system reciled in claim 2. wherein based al least in
part ona determination that the second value of the attribute
is different trom the first value, the one or more processors
are conligured o generate (he new span. wherein a span starl
lime of the new span comprises the second time.

5. The system recited in ¢laim 1, wherein the one or more
processors are turther configured to encode and export a
metric value of the time-state metric.

6. "T'he system reciled in claim 1, wherein the one or more
limeline operations comprised in the timeline request con-
figuration are represented using a graph representation.

7. The swvstem recited in claim &, wherein the graph
representalion comprises a plurality of nodes, and wherein a
node comprises the timeline operation.

8. The system reciled in claim 6. wherein the graph
representation comprises a directed acycelic graph.

9. The swstem recited in claim 1, wherein the timeline
operation is conligured (o take as inpul one or more inpul
limeline representations and provide as outpul one or more
output timeline representations.

10. The svstem recited in claim 1, wherein determining
the time-state metric comprises combining timeline repre-
sentations ol two or more dilferent atiribules.

11. A method. comprising:

receiving a stream of raw data values of an attribute

recorded at discrete points in time, wherein each
received raw data value of the aliribute is associated
wilh & limeslamp:

converting the received stream ol raw data values inlo a

timeline representation of the attribute over time,
wherein the timeline representation comprises a
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sequence of spans, wherein a span comprises a span
slart time, a span end Ume. and a span value, and
wherein the span value comprises an encoding of ome
or more values of the attribuie over a time inlerval
determined by the span start time and the span end
time, and wherein when a change in valve of the
allribule is deteeted from the siream of raw data values.
a current span 15 closed and a new span s generated:
and

determining a time-state metric according to a timeline

request confipuration, wherein the timeline request
confliguralion comprises one or more Umeline opera-
lions, and wherein the time-stale metric is computed at
least in part by performing a timeline operation on the
timeline representation of the attribute.

12. The method ol claim 11, wherein the stream of raw
data values comprises a [irst value ol the attribule associated
with a [irst ime and a second value ol the altribule associ-
ated with a second time.

13. The method of claim 12, wherein based at least in part
on a determination that the second value ol the allribute 1s
different from the [irst value, updating the current span.
wherein the span start time comprises the first time, the span
end Tine comprises a time value prior to the second time,
and the span valve comprises the first value,

14. The method of claim 12, wherein based at least in part
on a determination that the second value ol the allribute 1s
different from the first valve, generating the new span,
wherein a span start time of the new span comprises the
socond time.

15. The method ol claim 11, further comprising encoding
and exporting a melric value ol the ime-state metric.

16. The method of claim 11, wherein the one or more
timeline operations comprised in the timeline request con-
figuration are represented using a graph representation.

17. The method ol claim 16. wherein the graph represen-
Lation comprises a plurality of nodes. and wherein a node
comprises the timeline operation.
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18. The method of ¢laim 16, wherein the graph represen-
lation comprises a direeled acyclic graph.

19. The method of claim 11, wherein the timeline opera-
tion is conligured 1o lake as inpul one or more input tmeline
representations and provide as oulpul one or more oulpul
limeline represenlations.

20. The method of claim 11, wherein delermining the
time-state metric comprises combining timeline representa-
tions of two or more different attributes.

21. A computer program product embodied in a non-
transitory computer readable medium and comprising com-
puter instructions [or

receiving a stream of raw data values of an attribute
recorded al discrele poinls in lime, wherein cach
received raw data value of the attribule is associated
wilh & limeslamp:

converting the received stream ol raw data values inlo a
timeline representation of the attribute over time,
wherein the timeline representation comprises a
sequence of spans. wherein a span comprises a span
starl ime. & span cnd lime, and a span value. and
wherein the span value comprises an encoding ol one
or more values of the attribute over a time interval
determined by the span start e and the span end
time, and wherein when a change in value of the
atlribule is detecied [rom the stream ol raw dala values,
a current span is closed and a new span is generated;
and

determining a tine-state metric according to a timeline
request configuration, wherein the timeline request
conliguralion compriscs one or more limeline opera-
tioms. and wherein the lime-slate metric is compuled al
least in part by performing a timeline operation on the
timeline representation of the attribute.
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