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Goal: Reliable actionable insights about the stream

Solution: Each event is considered in the context of other

events in the stream

Picture source: http://www.businessxack.com/
how-to-know-the-stock-market-trend/1303
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• Single event = Single stock value

• Event sequence = Stock down trend of fixed length

• Event trend = Stock down trend of arbitrary length
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• Single event = Single stock value

• Event sequence = Stock down trend of fixed length

• Event trend = Stock down trend of arbitrary length under 

the skip-till-next-match semantics
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Algorithmic Trading Ridesharing Service Cluster Monitoring

Number of down-
trends per sector 
ignoring local price 
fluctuations

Skip-till-any-match 
semantics

Average speed of 
Uber trips per district 
ignoring irrelevant 
events

Skip-till-next-match 
semantics

Total CPU load per 
mapper experiencing 
contiguously 
increasing load

Contiguous 
semantics

E.Wu, Y.Diao, and S.Rizvi. High-performance Complex Event 
Processing over streams. SIGMOD, pages 407-418, 2006 
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eExisting 
trends



Worcester Polytechnic Institute

Complexity of Event Trend Analytics 
4

eExisting 
trends



Worcester Polytechnic Institute

Complexity of Event Trend Analytics 
4

Existing 
trends

New 
trends

Real-time event trend aggregation despite 
• Rich event matching semantics
• Exponential number and arbitrary length of trends 
• Complex event inter-dependencies in a trend
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Step 1:
Event Trend
Construction

Exponential
time & space
complexity

Step 2: Event Trend Aggregation

Picture source: http://www.zerohedge.com/news/2015-12-05/dozens-
global-stock-markets-are-already-crashing-not-seen-numbers-these-2008

Event Trend
Aggregation 

Query

Event 
Stream

RETURN sector, COUNT(*)
PATTERN Stock S+
WHERE [company, sector] AND S.price > NEXT(S).price
SEMANTICS skip-till-any-match
GROUP-BY sector WITHIN 30 min SLIDE 1 min

Transaction event
• Sector id
• Company id
• Price
• Time
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Coarse-Grained Online Trend Aggregation
32

Quadratic time
& linear space

complexity
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Cogra:
Coarse-Grained 

Online Trend 
Aggregation

Event Trend
Aggregation 

Query

Event 
Stream

RETURN sector, COUNT(*)
PATTERN Stock S+
WHERE [company, sector] AND S.price > NEXT(S).price
SEMANTICS skip-till-any-match
GROUP-BY sector WITHIN 30 min SLIDE 1 min

Transaction event
• Sector id
• Company id
• Price
• Time
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Let tr.SUM(E.attr) be the sum of values of an attribute attr
of events of type E in a trend tr . SUM(E.attr) corresponds to
the sum of tr.SUM(E.attr) of all trends tr per group. Lastly,
AVG(E.attr) = SUM(E.attr) / COUNT(E) per group.

As discussed in Section 2.2, an event e may appear in k
di�erent trends (k 2 N,k � 0). In this case, e contributes k
times to an aggregate. In contrast, distinct event aggregation
enforces that e contributes at most once to an aggregate.
Distinct event aggregation is subject to future research.

3 COGRA APPROACH OVERVIEW
Problem Statement. To support time-critical streaming ap-
plications, we solve the following event trend aggregation
problem. Given an event trend aggregation query q (Def-
inition 2.9) evaluated under an event matching semantics
(De�nitions 2.4, 2.6, and 2.8) over an event stream I , our goal
is to compute the results of q with minimal latency. Figure 3
illustrates our C���� framework. To select the granularity
at which the aggregates are maintained for a query q (Sec-
tion 3.3), the Static Query Analyzer analyzes the pattern of
q (Section 3.1) and classi�es the predicates of q (Section 3.2).
The results of this query analysis are encoded into the C����
con�guration to guide our Runtime Executor (Sections 4–6).

Figure 3: C���� framework

3.1 Pattern Analyzer
To facilitate the analysis of a pattern P , we follow the tra-
ditional approach that translates P into its Finite State Au-
tomaton (FSA)-based representation [11, 15, 33, 39, 49, 50].
We brie�y describe this translation here. The algorithm can
be found in the literature [39].

Figure 4: FSA representation of the pattern P=(SEQ(A+,B))+

States are labeled by event types in the pattern P . Accord-
ing to our assumption in Section 2.1, a type may occur at
most once in P . Thus, state labels are distinct. The �rst state
is the start type start(P) and the �nal state is the end type
end(P). All other states are labeled by middle types mid(P).
There is exactly one start type, exactly one end type, and any

number of middle types in P [39]. In Figure 4, start(P) = A,
end(P) = B, and mid(P) = ;, meaning that a trend matched
by P always starts with an event a (i.e., an event of type A)
and ends with an event b (i.e., an event of type B).
Transitions are labeled by operators in P . They connect

types of events that are adjacent in a trend matched by P
(De�nition 3.2). If a transition connects a type E 0 with a
type E, then E 0 is called a predecessor type of E, denoted
E 0 2 P .predTypes(E). In Figure 4, P .predTypes(A) = {A,B}
and P .predTypes(B) = {A}, meaning that an event a may be
preceded by previously matched a’s and b’s, while an event
b is preceded by previously matched a’s.

De�nition 3.1 (Finished and Partial Event Trend). Given
a pattern P evaluated under an event matching semantics
S (De�nitions 2.4, 2.6, and 2.8), a trend tr = (e1, . . . , en) 2
trendsS (P , I ) is called a �nished trend of P , while a trend
(e1, . . . , em),m  n, is called a partial trend of P . ⇤

De�nition 3.2 (Adjacent Events, Predecessor Event). Let ep , e 2
I be events such that ep is in a partial trend matched by a
query q and e is new. The events ep and e are adjacent un-
der the skip-till-any-match semantics in a windoww if they
satisfy the following constraints:
(1) Pattern constraint: ep .t�pe 2 P .predT�pes(e .t�pe).
(2) Temporal order constraint: ep .time < e .time .
(3) Predicate constraint: ep and e satisfy the predicates � .
(4) Grouping constraint: ep and e have the same values of

grouping attributes G.
(5) Window constraint: ep and e belong to the same win-

doww .
The events ep and e are adjacent under the skip-till-next-

match semantics in a windoww if constraints 1–5 above and
the relevance constraint hold:
(6) Relevance constraint: öe 0 2 I such that e 0.time <

e .time and ep and e 0 are adjacent in a windoww under skip-
till-any-match.
The events ep and e are adjacent under the contiguous

semantics in a window w if constraints 1–5 above and the
contiguity constraint hold:
(7) Contiguity constraint: öe 0 2 I such that ep .time <

e 0.time < e .time .
If ep and e are adjacent in a windoww , then ep is called a

predecessor event of e in the windoww . ⇤

3.2 Predicate Classi�er
We distinguish between predicates on single events and pred-
icates on adjacent events since they determine the granular-
ity at which aggregates are maintained (Section 3.3).
Predicates on single events either �lter or partition the

stream. For example, query q4 in Appendix A uses the predi-
cate (A.type = passive) to select only passive activities and
the predicate [patient] to partition the stream by patient.

Research 6: Streams SIGMOD ’19, June 30–July 5, 2019, Amsterdam, Netherlands
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COGRA Framework
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Cogra Template

Nested Kleene Pattern 
𝑃 = (𝑆𝐸𝑄(𝐴+, 𝐵)) +
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A B

+

SEQ

+
Start type End type

a’s are preceded 
by a’s and b’s b’s are preceded 

by a’s
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Online Type-Grained Aggregator
for skip-till-any-match semantics
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+

SEQ

+

Event a.count b.count A.count B.count
a1 1

BA
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Event a.count b.count A.count B.count
a1 1 1

+

SEQ

+
BA
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Event a.count b.count A.count B.count
a1 1 1

b2 1

+

SEQ

+
BA
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Event a.count b.count A.count B.count
a1 1 1

b2 1 1

Event trends:
(a1,b2)

+

SEQ

+
BA
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Event a.count b.count A.count B.count
a1 1 1

b2 1 1

a3 3

Event trends:
(a1,b2)

+

SEQ

+
BA
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Event a.count b.count A.count B.count
a1 1 1

b2 1 1

a3 3 4

Event trends:
(a1,b2)

+

SEQ

+
BA
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Event a.count b.count A.count B.count
a1 1 1

b2 1 1

a3 3 4

a4 6 10

b6 10 11

a7 22 32

b8 32 43

Event trends:
(a1,b2)
(a1,a3,b6)
(a1,a3,a4,b6)
(a1,b2,a3,a4,b6)
(a1,b2,a2,b6,a7,b8)
(a1,b2,a2,a3,b6,a7,b8)
…

+

SEQ

+
BA
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Existing Two-Step 
Approaches Cogra

Idea 1. Construct all trends
2. Aggregate them

One aggregate is kept 
per event type

Time 
complexity 

Exponential in #events 
per window

Linear in #events per 
window, i.e., optimal

Space 
complexity

Exponential if all trends 
are stored

Linear in #event types 
in the pattern
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Online Pattern-Grained Aggregator
for skip-next-any-match & contiguous semantics
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Existing Two-Step 
Approaches Cogra

Idea 1. Construct all trends
2. Aggregate them

One aggregate is kept 
per pattern

Time 
complexity 

Polynomial in #events 
per window

Linear in #events per 
window, i.e., optimal

Space 
complexity

Polynomial if all trends 
are stored

Constant

Cogra enables real-time in-memory event trend aggregation
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Experimental Setup

Execution infrastructure: 

Java 8, 1 Linux machine with 16-core 

3.4 GHz CPU and 128 GB of RAM

Data sets:

• New York city taxi and Uber data set (330 GB)
─ Event trend = Taxi or Uber trip

• Physical activity real data set (1.6 GB)
─ Event trend = Sequence of physical activities

• Stock real data set (1.3 GB)
─ Event trend = Stock market trend

• Unified New York City Taxi and Uber data. https://github.com/toddwschneider/nyc-taxi-data
• Historical Stock Data. http://www.eoddata.com
• A.Reiss and D.Stricker. Creating and Benchmarking a New Dataset for Physical Activity Monitoring. 

In PETRA, 2012, 40:1–40:8

12
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Event Aggregation Approaches
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Flink: https://fink.apache.org/

Sase: H.Zhang, Y.Diao, and N.Immerman. On complexity and optimization of expensive queries in 
Complex Event Processing. In SIGMOD, pages 217-228, 2014

Greta: O.Poppe, C.Lei, E.A.Rundensteiner and D.Maier. Greta: Graph-based Real-time Event Trend 
Aggregation. In VLDB, pages 80-92, 2017

A-Seq: Y.Qi, L.Cao, M.Ray, and E.A.Rundensteiner. Complex Event Analytics: Online Aggregation of 
Stream Sequence Patterns. In SIGMOD, pages 229–240, 2014

Approaches Kleene 
closure

Event matching semantics Online 
sequence\trend 

aggregationSkip-till-
any-match

Skip-till-
next-match Contiguous 

Flink + + + + --

Sase + + + + --

Greta + + -- -- +

A-Seq -- + -- -- +

Cogra + + + + +
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Cogra is a win-win solution that achieves up to 106 speed-up and 
up to 107 memory reduction compared to state-of-the-art

Skip-till-any-match 
semantics

Skip-till-next-match 
semantics

Contiguous 
semantics
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We are the first to compute aggregation of Kleene 
pattern matches under rich event matching 
semantics with optimal time complexity

• Cogra incrementally maintains event trend 
aggregates at the coarsest granularity

• Cogra guarantees quadratic time complexity and 
linear space complexity in the number of events in 
the worst case

• Cogra enables real-time in-memory event trend 
aggregation as required by time-critical streaming 
applications
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