
framework remain the same as the point-based framework.

PROOF. Since we use the same method to compute the NELT, it
is the same under two frameworks. First we show that when we re-
move a point by NELT in the point-based framework, the point will
not appear in the valid range of the event in the event-based frame-
work. From the definition, this is obvious. In the other direction,
after we shrink the valid upper bound by the NELT, of course we
will not pick points after the NELT to build the point match. Since
we prove the correctness of time range and window constraints with
the assumption that we already have the valid ranges, and the NELT
operation only shrinks the valid ranges, the correctness proof will
still hold for the remaining part after shrinkage.

B.2 The Any State Evaluation Method
The any state evaluation method is an incremental algorithm that

runs directly on the event stream, without the assumption that events
are presented in query order. Given an evente, a runγ, and the set
of eventsm selected inγ , this method proceeds as follows:

1. Type and Value Constraints: Check ife can match any new
pattern componentEj based on the event type and predicates.

2. Temporal Constraints: LetEi, . . . , Ej, . . . , Ek denote the con-
tiguous matched pattern components involvingEj, i ≤ j ≤ k.
Computee’s valid lower bound usingemj−1 ’s valid lower bound
if existent, ore’s lower bound otherwise. Computee’s valid
upper bound usingemj+1 ’s valid upper bound if existent, ore’s
upper bound otherwise. Update the valid lower bound of the
subsequent eventsemj+1 , . . . , emk if present. Update the valid
upper bound of the preceding eventsemi , . . . , emj−1 if present.
If these updates cause any of the events to have an empty valid
interval, i.e.,vlb > vub, skip e. If e is retained, check the
time window between the events matching the current two
ends of the pattern to further filtere.

3. If e is retained, cloneγ to γ′ and selecte to matchEj in γ′.
The pseudocode and the correctness proof of this method is given in
our tech report [23].

Example. Fig. 3(d) shows the any state evaluation method for the
three eventsa1, c2, andb3. It lists the runs created as these events
arrive: a1 causes the creation of the run denoted by (a1,−,−).
Thenc2 causes two new runs, (a1,−, c2) and (−,−, c2), to be cre-
ated. The arrival ofb3 clones all three existing runs, then extends
them with b3, and add a new run (−, b3,−). Now consider the
run (a1, b3, c2). Fig. 3(d) also shows the computation of the valid
intervals of these events. Beforeb3 came, the valid intervals ofa1
andc2 were simply set to their uncertainty intervals because they
are not adjacent in the match. Whenb3 arrives, four updates occur
in order: (1)b3.vlb = max(a1.vlb + 1, b3.lower) = 3; (2) b3.vub
= min(c2.vub − 1, b3.upper) = 4; (3) c2.vlb = max(b3.vlb +
1, c2.lower) = 4; (4) a1.vub = min(b3.vub− 1, a1.upper) = 3;
These updates give the same result as in Fig. 3(b) assuming the
events in query order.

Pruning runs. We observe that the any state evaluation method
can create many runs. For efficiency, we prune nonviable runs using
the window. Consider a runγ and the set of eventsm selected. At
any point, we consider the smallest valid upper bound of the events
in m. The run can be alive at most untilminj(emj .vub) + W, called
the time to liveγtll . As more events are selected byγ, γtll will
only decrease but not increase. Recall from§4 that our system has
a notionnow = [maxn

i=1(ei.lower), maxn
i=1(ei.upper)] defined on

all the events we have seen, and the maximum uncertainty interval
sizeUmax. Further, the arrival order constraint in our system implies
that any unseen event must start afternow.lower−Umax. So, a run
γ can be safely pruned ifγtll < now.lower−Umax.

Another pruning opportunity arises when a runγ has part of
the prefix unmatched; i.e., there is a pattern componentEj such
asEj is matched butEj−1 is not. We can pruneγ based on the
arrival order constraint betweenemj and a future event matching
Ej−1. Since any unseen event must start afternow.lower−Umax,
whenemj .upper < now.lower −Umax, we know that no future
event can matchEj−1, and hence can safely pruneγ.

B.3 Sorting for Query Order Evaluation
We propose an optimization for sorting for query order evaluation:

We sort events such that if two events match two different pattern
components,Ei andEj (i < j), and overlap in time, the one matching
Ei will be output before the other matchingEj, despite their arrival
order. To do so, we create a buffer for each pattern componentEj
except the first (j > 1). We buffer each evente matchingEj until a
safe time to output it. Depending on the information available, the
safe output time fore can be: (1) If we only have the arrival order
constraint, then it is safe to outpute if all unseen events are known
to occur aftere.upper, that is,e.upper < now.lower−Umax ( the
earliest time of an unseen event given the arrival order constraint ).
(2) Many stream systems use heartbeats [18] or punctuations [13,
20] to indicate that all future events (or those of a particular type)
will have a timestamp greater thanτ. If we know that every event
that can match a pattern component precedingEj will have a start
time aftere.upper, then it is safe to outpute.

C. EXPERIMENTAL SETUP
All of our experiments were obtained on a server with an Intel

Xeon 3GHz CPU and 8GB memory and running Java HotSpot 64-bit
server VM 1.6 with the maximum heap size set to 3GB.

Synthetic streams. We implemented an event generator that
creates a stream of events of a single attribute. The events form a
series of increasing values from 1 to 1000 and once reaching 1000,
wrap around to start a new series. Events arrive in increasing order
of time t but each have an uncertainty interval [t− δ, t + δ], with δ
called the half uncertainty interval size. Each stream contains 0.1 to
1 million events. Queries follow the following pattern:

SEQ(E1, . . ., E`) WHERE E1%v1 = 0, . . ., E`%v` = 0 WITHIN W
Query workloads are controlled by the following parameters: the

time window sizeW (default 100 units), the pattern length` (default
3), the event selection strategy (skill to any match or skip till any
match), and the selectivity of each pattern component controlled by
the valuevj (1 ≤ j ≤ `).

Case Study. Our case study of MapReduce cluster monitoring
ran a Hadoop job for inverted index construction on 457GB of web
pages using a 11-node research cluster. This job used around 6800
map tasks and 40 reduce tasks on 10 compute nodes and ran for 150
minutes. The Hadoop system logs events for the start and end times
(in us) of all map and reduce tasks as well as common operations
such as the pulling and merging of data in the reducers. For this
job, the Hadoop log contains 7 million events. In addition, this
cluster uses the Ganglia monitoring tool [11] to measure the max
and average load on each compute node, once every 15 seconds.

Our monitoring queries study the effects of Hadoop operations
on the load on each compute node. These queries require the use of
uncertainty intervals. The first reason is the granularity mismatch be-
tween Hadoop events (inus) and Ganglia events (once 15 seconds).
The second reason is that the the start and end timestamps in the
Hadoop log were based on the clock on the job tracker node, not the
actual compute nodes that ran these tasks and produced the Ganglia
measurements. Thus, there is a further clock synchronization issue.
So we generated uncertainty intervals as described in §6.
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