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ABSTRACT
Continuous queries in a Data Stream Management System
(DSMS) rely on time as a basis for windows on streams
and for deflning a consistent semantics for multiple streams
and updatable relations. The system clock in a central-
ized DSMS provides a convenient and well-behaved notion
of time, but often it is more appropriate for a DSMS ap-
plication to deflne its own notion of time|its own clock(s),
sequence numbers, or other forms of ordering and times-
tamping. Flexible application-deflned time poses challenges
to the DSMS, since streams may be out of order and unco-
ordinated with each other, they may incur latency reaching
the DSMS, and they may pause or stop. We formalize these
challenges and specify how to generate heartbeats so that
queries can be evaluated correctly and continuously in an
application-deflned time domain. Our heartbeat generation
algorithm is based on parameters capturing skew between
streams, unordering within streams, and latency in streams
reaching the DSMS. We also describe how to estimate these
parameters at run-time, and we discuss how heartbeats can
be used for processing continuous queries.

1. INTRODUCTION
There has been considerable recent interest in the problem

of processing continuous queries over data streams [4, 10,
11]. Commonly cited applications include monitoring of net-
work traces, sensor data, stock quotes, web usage logs, call
records, and others. In most of these applications, data is
generated at distributed sources, then streamed to a central
server where a Data Stream Management System (DSMS) is
running. Continuous queries registered with the DSMS are
evaluated over the incoming stream data.

The semantics for continuous queries in a data stream sys-
tem typically assumes timestamps on data stream elements
(hereafter tuples). For example, time-based sliding windows,
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common in stream applications [18], are deflned based on
timestamps [1, 12, 21]. A consistent semantics for multiple
streams and updatable relations relies on timestamps [1].
To achieve semantic correctness, the DSMS query proces-
sor usually needs to process tuples in increasing timestamp
order. That is, the query processor should never receive a
tuple with a lower timestamp than any previously received
tuple; we refer to this property as the ordering requirement.

There are two common ways in which timestamps may be
assigned to stream tuples:

1. Tuples are timestamped on entry to the DSMS using
the DSMS system time. In this case the ordering re-
quirement presents no di–culties.

2. Sources timestamp the tuples before sending them to
the DSMS. Such timestamps deflne a notion of appli-
cation time and are referred to as application times-
tamps.

As an example of application timestamps, consider monitor-
ing sensor readings to correlate changes in temperature and
pressure. Each tuple consists of a sensor reading and an ap-
plication timestamp a–xed by the sensor, denoting the time
at which that reading was taken. In general there may not
be any relationship between the time at which the reading is
taken (the application timestamp) and the time at which the
corresponding stream tuple reaches the DSMS (the system
timestamp). Other similar examples with application times-
tamps are analysis of stock trades, and monitoring packet
traces from network routers. Note that application time
may simply be a sequence number, e.g., orders processed
linearly.

When stream tuples carrying application timestamps ar-
rive at a DSMS from one or more, possibly distributed sources,
their arrival may not be in increasing timestamp order, due
to a number of possible factors:

1. Unsynchronized application clocks at the sources

2. Difierent network latencies from difierent sources to
the DSMS

3. Data transmission over a non-order-preserving channel

To handle out-of-order arrival, we assume an architecture
that includes an input manager (see Figure 1, explained in
Section 2) whose function is to bufier out-of-order stream
tuples, presenting them to the query processor in increasing
timestamp order.



It is not always straightforward to decide how long a tu-
ple should be bufiered by the input manager before it can
be presented to the query processor. For example, consider
our sensor application and suppose there are two separate
streams for temperature and pressure readings. Further,
suppose that the sensors are programmed to generate a tu-
ple only when the new reading difiers from the previously
reported reading. If the pressure is changing while the tem-
perature is constant, there is a steady arrival of tuples on
one stream while the other stream is silent or \paused".
However, it is not clear at the DSMS whether temperature
tuples are delayed, or (as is the case) there is no tempera-
ture data to transmit while application time for the temper-
ature stream nevertheless advances. Without this informa-
tion, the input manager cannot decide whether the tuples
on the pressure stream can be moved to the query processor
without violating the ordering requirement, or whether they
should be bufiered until the arrival of further tuples on the
temperature stream.

In general, each tuple must eventually be moved from the
input manager to the query processor without violating the
ordering requirement, i.e., no tuple should be stalled indefl-
nitely in the input manager. We refer to this property as the
progress requirement. To meet the progress requirement we
propose the use of heartbeats. Informally, at any instant, a
heartbeat ¿ for a set of streams provides a guarantee to the
DSMS that all tuples arriving on those streams after that
instant will have a timestamp greater than ¿ . If the sources
themselves do not provide heartbeats, the DSMS needs to
deduce them, and doing so is a primary topic of this paper.
When a heartbeat ¿ arrives or is generated, the input man-
ager can move all tuples with timestamp • ¿ to the query
processor.

Our approach to heartbeat generation is to quantify cer-
tain properties of the environment as parameters and gen-
erate heartbeats based on these parameters, along with the
stream data seen so far. For example, there may be a bound
on the skew between application clocks at difierent sources,
or the network latency for stream tuples to reach the DSMS
may be bounded. Our algorithm is simple, e–cient, and
general enough to be applicable in a wide variety of envi-
ronments. When parameter values cannot be specifled in
advance, we provide a technique for estimating them from
the stream data seen so far.

The main contributions of this paper are:

† We formalize the problem and deflne the parameters
needed for heartbeat generation (Section 2).

† Under the assumption that parameter values have been
specifled, we give an algorithm for heartbeat genera-
tion and prove its correctness (Section 3).

† We demonstrate our approach on example data stream
application environments (Section 4).

† We discuss implementation and scalability issues of our
heartbeat generation algorithm (Section 5).

† For the case when parameter values cannot be specifled
in advance, we describe how they may be estimated
based on the stream arrival pattern so far (Section 6).

† We show how heartbeats can be used in continuous
query plans for e–cient execution (Section 7).
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Figure 1: The basic environment we consider

Finally we survey related work in Section 8 and conclude in
Section 9.

2. PRELIMINARIES AND PARAMETERS
Figure 1 depicts an abstraction of the environment we con-

sider. Continuous queries (CQ1; CQ2; : : : ; CQm) are regis-
tered with the DSMS. These are executed over input data
streams (S1; S2; : : : ; Sn) and stored relations (not shown).
We assume relation updates also are streamed to the sys-
tem, and hereafter do not consider them separately. Streams
are generated by possibly distributed sources `1; `2; : : : ; `n.
Each stream tuple is comprised of a value v along with
an application-deflned timestamp ¿ from some discrete, or-
dered domain. Streams are transmitted from their respec-
tive sources to the DSMS over a network which may have
some transmission latency, upper-bounded by L1; L2; : : : ; Ln

respectively for each stream. Although a DSMS can be ex-
pected to handle multiple arbitrary time domains, we as-
sume a given query conforms to just one.

We will need to consider two difierent notions of time|
actual or \wall-clock" time, and application-deflned time.
We use difierent notations for them for clarity: We use ¿ to
denote application timestamps and – to denote difierences
in application timestamps. An instant of wall-clock time is
denoted by c and intervals of wall-clock time by t. Network
latency is also an interval of wall-clock time and is denoted
by L. Without loss of generality, for implementation we
assume the DSMS system clock emulates wall-clock time.

Since stream tuples may not arrive at the DSMS in in-
creasing timestamp order, there is an input manager to bufier
tuples until they can be moved to the query processor with-
out violating the ordering requirement (Section 1). The de-
cision as to when a tuple can be moved to the query proces-
sor is based on heartbeats, and our general goal is to deduce
heartbeats for the set of streams S1; S2; : : : ; Sn at the DSMS.



A heartbeat for a set of streams S1; S2; : : : ; Sn

at wall-clock time c is deflned as the maximum
application timestamp ¿ such that all tuples ar-
riving on S1; S2; : : : ; Sn after time c must have
timestamp > ¿ .

To have any hope of deducing heartbeats, we need to as-
sume that the generation and transmission of stream tuples
satisfles certain properties. For example, application clock
skew at the sources, out-of-order stream tuples, and network
latency all must be bounded or we cannot deduce heartbeats
in general. We propose the following general framework to
specify these bounds.

1. Skew bound

We capture the maximum application-time skew be-
tween two sources `i and `j by a pair (tij ; –ij) (tij ‚
0; –ij ‚ 0) which is interpreted as follows: If at time
c, `i emits a tuple with timestamp ¿ , then all tuples
emitted by `j after time c + tij shall have timestamp
> ¿ ¡ –ij .

Intuitively, bound (tij ; –ij) states that source `j lags
behind source `i by at most –ij units of application
time, but this guarantee is delayed by tij units of wall-
clock time. This notion of \delayed" guarantees is a
novel feature of our framework. It allows us to capture
a number of environments precisely, which would not
be possible with more nã‡ve methods of skew bound
speciflcation. We provide examples in Section 4.

Frequently one of these two values may be 0. However,
we will see in Section 3.1 that in some common cases
we do need both parameters to capture an environment
accurately.

In some cases, it may be more appropriate to use a
tuple-based rather than a time-based tij . Also, for ex-
treme generality we could specify a set of pairs (tij ; –ij)
instead of a single pair. These modiflcations and gen-
eralizations are elaborated in Section 3.1.

2. Out-of-order generation

How out-of-order a stream Si is at emission can be
captured conveniently as the application-time skew of
source `i with respect to itself, specifled by (tii; –ii).

Using the deflnition for skew bound above, (0; –ii) spec-
ifles that when source `i emits a tuple with timestamp
¿ , all tuples it emits subsequently must have times-
tamp > ¿¡–ii. That is, the reordering of timestamps is
bounded by –ii. Note that if a stream is in timestamp
order with no duplicate timestamps, then –ii = 0. If
there may be duplicate timestamps but no reordering,
then –ii = 1. Again, a nonzero tii gives a delayed
bound on the reordering.

3. Latency bound

The bound on transmission latency from a source `i

to the DSMS is specifled as Li units of wall-clock time:
If any tuple from `i takes t units of wall-clock time to
be transmitted to the DSMS, then 0 • t • Li.

In this paper, we are assuming that deterministic bounds
are available on the skew, out-of-order generation, and net-
work latency. An alternative, more sophisticated approach

would be to work with probabilistic bounds having a cer-
tain confldence. For example, we could say Li is a bound
on the network latency with confldence 1¡ † if the probabil-
ity that the latency of a tuple from source `i to the DSMS
exceeds Li is at most †. Network latency distributions are
typically light-tailed [14], so we may be able to have a small
high-confldence bound even when the deterministic bound is
very large. However, with probabilistic bounds, some tuples
may arrive at the DSMS after the corresponding heartbeat
has been generated. To preserve the ordering requirement,
these tuples must be dropped. However, if the bounds have
su–ciently high confldence, the fraction of tuples that are
dropped will be very small. In the rest of this paper, we
assume deterministic bounds.

Skew and out-of-order bounds can together be represented
succinctly as a single skew bound matrix B. The entries Bij

(i 6= j) bound the skew between sources `i and `j , and the
diagonal entries Bii bound how out-of order stream Si is
at emission. When no bound can be guaranteed, the cor-
responding matrix entry is empty. In general skew bounds
are not symmetric|source `i certainly need not lag behind
source `j in the same way that `j lags behind `i.

We have considered the case when streams may become
further reordered in the network before reaching the DSMS.
If it is known that streams cannot be reordered en route,
we can incorporate that fact into our heartbeat generation
algorithm, but for generality we assume the possibility of
further reordering. Note that tuples that are lost in the net-
work during transmission (network latency = 1) do not af-
fect our problem. Since these tuples never reach the DSMS,
they do not contribute to query results and cannot violate
the ordering requirement.

The skew bound matrix and latency bounds are treated as
parameters to our heartbeat generation algorithm, specifled
in the next section. There are two ways in which these pa-
rameters may be obtained. If exact or su–ciently accurate
information about the sources and the network is available,
then these parameters may be specifled by the system ad-
ministrator(s). (For modularity and ease of speciflcation,
our framework provides a clean separation between parame-
ters that depend only on the sources and those that depend
only on the network.) However, when information about
the sources or the network is insu–cient, or properties vary
over time, then we need to estimate these parameters based
on the stream data so far. In this case, we use the parame-
ters in a slightly difierent form, in which we do not separate
source-dependent and network-dependent parameters.

We assume parameters are known for now, then we cover
parameter estimation in Section 6.

3. HEARTBEAT GENERATION
Let us consider a system as depicted in Figure 1, and

assume we have an n £ n skew bound matrix B and a
set of latency bounds L1; L2; : : : ; Ln capturing the parame-
ters of the environment as specifled in the previous section.
Our goal is to generate heartbeats for the set of streams
S1; S2; : : : ; Sn. Recall that a heartbeat is the maximum
(application-time) timestamp ¿ such that all future tuples
arriving on any stream S1; S2; : : : ; Sn are guaranteed to have
timestamp > ¿ .

Instead of maintaining a single heartbeat for S1; S2; : : : ; Sn,
we maintain something stronger: a separate heartbeat ¿i

for each stream Si. The heartbeat for S1; S2; : : : ; Sn is then



Input: Skew-bound matrix B, Latency bounds
L1; L2; : : : ; Ln

Output: Heartbeats for Si in array ¿i

1. ¿i[0] = minimum application time ¡ 1 8i 2 f1; : : : ; ng
2. When a tuple with timestamp ¿ arrives on Si at time c:
3. for j = 1 to n do
4. ¿j [c + tij + Lj ] = max(¿j [c + tij + Lj ]; ¿ ¡ –ij)

Figure 2: Heartbeat generation algorithm

min(¿1; ¿2; : : : ; ¿n). Generating separate heartbeats for dif-
ferent streams, rather than a single heartbeat over a set of
streams, can make query plan execution more e–cient as
outlined in Section 7.

The basic heartbeat generation algorithm is specifled in
Figure 2. We assume wall-clock time is measured relative
to a time 0 at which the DSMS is started. ¿i[c] denotes
the heartbeat on stream Si at wall-clock time c. For ease
of presentation, the algorithm assumes the existence of an
inflnite array ¿i for each stream Si, so that ¿i[c] can be
used to store the heartbeat on Si for any time instant c. A
memory-e–cient implementation of array ¿i is discussed in
Section 5. Also, the algorithm does not set ¿i[c] for every
stream for every instant c. By deflnition, heartbeats cannot
decrease over time. Thus, if ¿i[c] is not set for some instant
c, we assume ¿i[c] = ¿i[c ¡ 1].

The algorithm \generates" a heartbeat at a particular in-
stant of time by assigning the appropriate array value. In
an actual system, heartbeats may be implemented as inter-
rupts, or the query processor might perform periodic heart-
beat lookups.

3.1 Extensions
We present two extensions to our basic skew-bound spec-

iflcation framework that allow us to capture a wider variety
of environments:

1. Tuple-based skew bounds

The skew bound (tij ; –ij) for sources `i and `j can
instead be specifled as (nij ; –ij), where nij ‚ 0 denotes
a number of tuples. The meaning is nearly identical,
except that the interval of tij time units is replaced
by a tuple-based interval consisting of emission of nij

tuples by `j .

2. Skew bound as a set

For full generality, the skew bound for sources `i and
`j could be specifled a set of (tij ; –ij) pairs, instead of
just a single pair. For example, it may be that after
a small delay tij we can guarantee a fairly large –ij ,
and then after a longer delay tij we can tighten our
–ij bound. We also can include both time-based and
tuple-based bounds in the set.

To see why these extensions might be useful, consider a
source `i that emits tuples in timestamp order but with up
to k duplicates of each timestamp. This behavior is captured
by the following two tuple-based speciflcations constituting
Bii:

† (0,1): captures sorted order

† (k,0): captures that there can be at most k duplicates

These constraints cannot be captured by time-based specifl-
cations, thus justifying the flrst extension. Further, both the
above speciflcations are required or some heartbeats may be
delayed: If only (0,1) is present, a heartbeat ¿ will be emit-
ted only when a tuple with timestamp ¿ + 1 has been seen,
even if we have already seen k tuples with timestamp ¿ . If
only (k,0) is present, a heartbeat ¿ will be emitted only after
k subsequent tuples after the flrst ¿ have been seen, even if
the next tuple has timestamp ¿ + 1.

All of our discussion and algorithms extend to include
tuple-based skew bounds. Hence, for presentation we shall
assume that B consists only of time-based skew speciflca-
tions. When Bij is a set, we simply execute line 4 of the
algorithm in Figure 2 for each (tij ; –ij) 2 Bij . All other
details remain unchanged.

3.2 Indirect Guarantees
If the parameters used in the heartbeat generation algo-

rithm of Figure 2 are adhered to by the environment, then
the generated heartbeats are never violated. (A heartbeat
is violated if a tuple with equal or lower timestamp arrives
subsequently.) However, the generated heartbeats are not
always the strongest that can be inferred|sometimes we can
infer additional guarantees that are not specifled directly in
B.

As an example, consider a system with three sources where
the skew bound matrix B includes

B =

0

@

¡ (1; 1) (1; 3)
¡ ¡ (1; 1)
¡ ¡ ¡

1

A

Let a tuple with timestamp ¿ be emitted by source `1 at
time c reaching the DSMS at time c0. Then by our algorithm
and matrix B, the only heartbeats inferred are ¿ ¡ 1 on
S2 at time c0 + 1 + L2, and ¿ ¡ 3 on S3 at time c0 + 1 +
L3. However, based on the skew bounds we can logically
generate a \virtual tuple" with timestamp ¿ ¡ 1 emitted
by `2 at time c + 1. Based on this virtual tuple on S2, an
additional heartbeat of ¿ ¡ 2 can be inferred on S3 at time
c0 + 2 + L3, as if (2; 2) 2 B13.

More generally, the guarantees for a pair of sources `i and
`j may not only be those specifled by Bij directly. Source
`i can provide a guarantee regarding `j through any path
`i ! `k1

! : : : ! `km ! `j , and if the guarantee is
nonredundant1 it can be incorporated by adding to Bij the
pair (tik1

+ : : : + tkmj ; –ik1
+ : : : + –kmj).

Only simple acyclic paths can give new, nonredundant
guarantees: by removing any cycle in a path, we get a
stronger guarantee at an earlier time. Thus we only need
to consider paths up to length n (recall n is the number of
streams). Computing indirect guarantees as above for all
source pairs is very similar to computing all-pairs shortest-
paths in a directed graph, where the nodes represent the
sources `1; `2; : : : ; `n and an edge (i; j) represents the direct
guarantees given by `i on `j . Thus, for maximum accuracy
we should compute the transitive closure B⁄ of the matrix
B by raising it to the power n, then use B⁄ instead of B for

1A pair (t; –) is redundant in a skew bound set if the set
already contains a pair (t0; –0) where t0 • t and –0 • –



heartbeat generation. The multiplication operator between
two matrices B and B0 for this closure is deflned as:2

(B ⁄ B0)ij =

2

4Bij [ B0
ij [

0

@

[

1•k•n

(Bik › B0
kj)

1

A

3

5

¡

where for a set of skew bounds S, S¡ denotes the set after
removing redundant pairs, and the › operator is deflned as:

Bik › B0
kj = f(tik + t0

kj ; –ik + –0
kj) j

(tik; –ik) 2 Bik and (t0
kj ; –0

kj) 2 B0
kjg

However, in most cases the matrix B as specifled is idem-
potent, i.e., B2 = B. Intuitively, idempotence occurs when-
ever the indirect guarantees provided are no stronger than
the guarantees already known, a very common case. Idem-
potence can be recognized with one multiplication.

The computation of B⁄ from B is a one-time o†ine cost.
Moreover, it can be avoided altogether if the only require-
ment is that heartbeats are never violated, and we are not
concerned with the possibility that we unnecessarily delay
generating some heartbeats.

3.3 Proof of Correctness
We prove the correctness of our heartbeat generation al-

gorithm. Assume all parameters are adhered to. Recall
¿i[c] is the heartbeat on stream Si at time c. To prove the
correctness of our heartbeat generation algorithm, we must
prove that for every stream Si and for every instant c, the
following two properties hold for ¿i[c]:

1. After time instant c, no future tuples on Si can have
timestamp • ¿i[c].

2. At time c, ¿i[c] is the maximum timestamp that the
DSMS can infer to satisfy property (1).

Properties (1) and (2) clearly hold when the heartbeats
are initialized in step 1 of our algorithm. We show that they
remain true as time progresses.

First let us consider when the DSMS obtains new infor-
mation and may be able to infer a new heartbeat. Given
that the data sources and tuple transmission satisfy only
the three bounds specifled in Section 2, and there is no no-
tion of application-time progress with wall-clock time, a new
heartbeat on any stream can be inferred only when a new
tuple arrives at the DSMS.

Suppose a tuple is emitted by source `i at time c and
arrives at the DSMS on stream Si at time c0. This arrival
places guarantees (direct or indirect) on stream Sj using the
skew bounds (tij ; –ij) 2 B⁄

ij . Since (tij ; –ij) only gives guar-
antees on timestamps of tuples emitted by source `j after
time c + tij , the DSMS must wait until it is ensured that all
tuples emitted by `j before or at time c+tij have arrived on
Sj . The following lemma shows that this guarantee cannot
be placed earlier than c0 + tij + Lj .

Lemma 3.1. If a tuple s emitted by `i at time c arrives
on stream Si at time c0, a tuple s0 emitted by `j before or at
c + tij can reach the DSMS up to time c0 + tij + Lj and no
later.

2Recall that if no skew bound is available, the corresponding
matrix entry is treated as the empty set.

Proof. The maximum interval between the arrivals of s
and s0 is obtained when s0 is emitted at c0 + tij and takes
maximum possible time to reach the DSMS, while s takes
the minimum possible time to reach the DSMS. This interval
between their arrivals at the DSMS is given by tij +Lj ¡0 =
tij + Lj . Thus, if s arrives at time c0, s0 can arrive up to
time c0 + tij + Lj and no later.

Theorem 3.2. If a tuple with timestamp ¿ arrives on
stream Si at time c, the changes in heartbeat are given by
¿j [c + tij + Lj ] = max(¿j [c + tij + Lj ]; ¿ ¡ –ij) for each
(tij ; –ij) 2 B⁄

ij.

Proof. By Lemma 3.1, the guarantee due to any pair
(tij ; –ij) 2 B⁄

ij can be given at time c + tij + Lj and no
earlier. Further, by the deflnition of the skew bound, the
guarantee that can be given is that all subsequent times-
tamps on stream Sj shall be > ¿ ¡ –ij . Thus, heartbeat
updates applied by our algorithm are valid, and by Lemma
3.1 the changes cannot be applied any earlier.

3.4 Ensuring Progress
Recall that progress is deflned as the ability of the input

manager to eventually move every tuple to the query pro-
cessor without violating the ordering requirement. Let us
assume that all entries in B⁄ are nonempty, although bound
values may be arbitrarily large. Then, as long as at least one
stream is sending tuples, our algorithm uses skew bounds to
ensure that all heartbeats are advancing, and progress is en-
sured. However, if all streams pause, heartbeats will cease
and some tuples bufiered in the input manager may remain
stalled indeflnitely.

As a simple example, consider a system with two sources,
and let B⁄ include:

B⁄ =

µ

(¡; 0) (¡; 5)
(¡; ¡) (¡; 0)

¶

(Wall-clock time components in skew bounds are not rele-
vant to the example.) Let ¿ be the maximum timestamp
seen on S1 and ¿ ¡ 5 be the maximum on S2. Suppose
that both streams stop at this time. The strongest heart-
beats that can eventually be inferred on S1 and S2 are ¿
and ¿ ¡ 5 respectively. Thus the overall heartbeat for S1; S2

is min(¿; ¿ ¡ 5) = ¿ ¡ 5, and all tuples on S1 with times-
tamp in the interval (¿ ¡ 5; ¿ ] cannot be moved to the query
processor until at least one stream resumes.

To ensure progress even when all streams have paused,
we assume a user-specifled timeout such that if no tuple
arrives on any stream for ttimeout units of time, then the
DSMS can assume that any tuple arriving subsequently on
any stream will have a timestamp greater than any seen so
far. Thus, if no tuple arrives on any stream for time ttimeout,
a heartbeat equal to the maximum timestamp seen so far is
emitted for all streams, and all tuples can be moved to the
query processor.

The following theorem exactly characterizes the situations
in which a timeout is not required.

Theorem 3.3. Let –min
ij = min f–ij j(tij ; –ij) 2 B⁄

ijg. A

timeout is not needed ifi 8 i; j : –min
ij = 0:

Proof. For any stream Si, let ¿max
i be the maximum

timestamp seen on Si when all streams pause. Suppose
–min

ij > 0 for some i; j. Let ¿max
k • ¿max

i ¡ –min
ij for all

k 6= i. The strongest heartbeat that can be inferred on



Sj due to a tuple on Sk (k 6= i) is at most ¿max
k (since

in any skew bound pair (t; –); – ‚ 0). Also, the strongest
heartbeat that can be inferred on Sj due to tuples on Si is
¿max

i ¡ –min
ij . Thus the heartbeat ¿j (and hence the overall

heartbeat for S1; S2; : : : ; Sn) is no greater than ¿max
i ¡–min

ij .
This means that all tuples on Si with timestamp in the inter-
val (¿max

i ¡ –min
ij ; ¿max

i ] cannot be processed until a stream
resumes. Thus a timeout is needed.

Now suppose –min
ij = 0 for all i; j. Let ¿max be the maxi-

mum timestamp seen when the streams pause, and let it be
seen on Si. Since –min

ij = 0 for all j, eventually a heartbeat
of ¿max can be inferred on each Sj . Thus a timeout is not
needed in this case.

4. EXAMPLE SYSTEMS
In this section we illustrate our approach by applying it to

two example systems. In one system, sources obtain times-
tamps from a shared global counter. In the other, sources
are sensors with deviating clocks.

4.1 Global Counter
The basic setup is the same as shown in Figure 1. Ad-

ditionally, there is some central source from which sources
`1; `2; : : : ; `n obtain tokens or counters and use them to
timestamp their output tuples. A new token is requested
by `i only after the present token has been processed, and
the central source issues tokens in monotonically increasing
order. Let tmin

i and tmax
i bound the time that `i can spend

processing each token and emitting the corresponding tu-
ple, which includes any delay in obtaining the token from
the central source. We assume the bounds on network la-
tency are obtained from network characteristics. The other
parameters required for heartbeat generation in this system
can be specifled as follows:

1. Skew bound : The skew bound for sources `i and `j

(i 6= j) is Bij = f(max(tmax
j ¡ tmin

i ; 0); 0)g. A tuple-
based skew bound of (1; 0) also can be added to Bij .

The maximum skew occurs when `j obtains a token ¿1

at time c followed immediately by `i obtaining a token
¿2 > ¿1. Let `i take its minimum time and emit ¿2 at
time c + tmin

i , while `j takes its maximum time and
emits ¿1 at time c + tmax

j . If tmax
j > tmin

i the tuple
emitted by `j has a lower timestamp (¿1) than the
tuple emitted by `i earlier (¿2). Also, all subsequent
tuples emitted by `j will have a greater timestamp
than ¿2 (because a new token will be requested by
`j). This skew is specifled by (tmax

j ¡ tmin
i ; 0). If

tmax
j < tmin

i , then `j can never emit a tuple with
lower timestamp than one already emitted by `i. In
this case (0; 0) 2 Bij .

In addition, if `i emits a tuple with timestamp ¿1 at
time c and `j has emitted at least one tuple after time
c, all subsequent tuples by `j will have a timestamp >
¿1. Thus we can infer a tuple-based skew speciflcation
(1; 0) 2 Bij .

2. Out-of-order generation: Since each source is emitting
in strictly increasing order, Bii = f(0; 0)g for all i.

3. Timeout : Since the conditions of Theorem 3.3 are
satisfled, a timeout is not needed. Intuitively, if all
streams pause we will see the latest token given by the

central source, which eventually becomes the heart-
beat.

This example illustrates the utility of our novel notion of
\delayed" guarantees. Consider if we could only specify –ij

corresponding to tij = 0. Suppose `j obtains a token ¿ at
time c and takes time tmax

j to process it. At the same time,
all other sources start obtaining tokens and processing them
at their fastest possible rate. When `j flnishes and is ready
to emit its tuple, the other sources may be far ahead of it.
In time tmax

j , `k (k 6= j) can process up to dtmax
j =tmin

k e

tokens. Thus –ij =
P

k 6=j
dtmax

j =tmin
k e for all i. Since the

values of tmin
k may be quite small, even very close to zero,

with tij = 0 we get a very weak bound that is likely to delay
heartbeats considerably.

4.2 Distributed Sensors
Consider a system in which the sources `1; `2; : : : ; `n are

sensors that use local clocks to timestamp tuples. Let us as-
sume the local clocks deviate from a global application clock
by only a bounded amount due to periodic synchronization.
We do not assume any relationship between wall-clock time
and the global application clock. Let di be the maximum de-
viation of source `i’s local clock from the global application
clock. We assume, as before, that the bounds on network la-
tency are obtained from network characteristics. The other
parameters required for heartbeat generation in this system
can be specifled as follows:

1. Skew bound : The skew bound for sources `i and `j

(i 6= j) is specifled by Bij = f(0; di +dj)g. This bound
corresponds to the worst case when both `i and `j

deviate from the global clock by their respective max-
imum amounts, `i is ahead of the global clock, and `j

is behind.

2. Out-of-order generation: Whether a particular source
can emit tuples out of order depends on how periodic
clock synchronization is implemented. If a local clock
that has drifted ahead of the global clock resets itself
to a smaller value, then the source may emit tuples out
of order. Since the clock at source `i can reset itself by
an amount no greater than di, we have Bii = f(0; di)g.

3. Timeout : Since the conditions of Theorem 3.3 are not
satisfled in this case, a timeout ttimeout must be spec-
ifled to ensure progress. However, the timeout is ap-
plied only when all streams pause, a highly unlikely
event in an application involving a large number of
sensors.

However, suppose we know additionally that the ap-
plication clock at any source `j advances at a rate of
at least rj per some unit of wall-clock time. Then we
can add to Bij (8 i; j; i 6= j) the pair (d(di +dj)=rje; 0)
and to Bjj (8 j) the pair (ddj=rje; 0). Now a timeout
is unnecessary.

5. COMPLEXITY AND SCALABILITY
In this section we address several remaining issues. The

time and space complexity of our algorithm is analyzed in
Section 5.1. In Section 5.2 we propose implementation tech-
niques that enable our approach to scale to very large num-
bers of sources. Throughout this section, let k be the maxi-
mum number of pairs in any skew bound (k = maxi;j(jBij j),



let tmax be the maximum wall-clock time component in any
skew bound pair in B (tmax = maxi;j ftij j (tij ; –ij) 2 Bijg).
Let k⁄ and t⁄

max be similarly deflned for B⁄. Let Lmax be the
maximum latency bound across sources (Lmax = maxi(Li)).
Recall that n is the number of streams.

5.1 Time and Space Complexity
We consider the time and space complexity of processing

a single arriving stream tuple in the algorithm in Figure 2.
First consider the case when the skew bound matrix B is
idempotent, i.e., B⁄ = B. For any tuple arrival, we set at
most k heartbeats on each stream. Thus the time complexity
is O(kn) at each arrival. Recall that k = maxi;j(jBij j), so
it is expected to be very small, usually 1.

The matrix B needs to be stored, thus contributing O(kn2)
to space complexity. However, in most applications (as the
examples seen in Section 4), the entries of B are computed
from individual values for each source, so only O(n) infor-
mation is needed. We also require an array for each stream
to store the heartbeats. For simplicity the algorithm in Fig-
ure 2 assumes an inflnite array, but at any time c we do
not need heartbeats for any times earlier than c. Also, the
algorithm cannot set the heartbeat for any time later than
c + tmax + Lmax. Thus only tmax + Lmax contiguous array
entries are used at any point in time. This gives a total
space complexity of O(kn2 + n(tmax + Lmax)).

Notice that the unit of wall-clock time for heartbeats is at
our discretion. We can reduce the space complexity by per-
forming heartbeat generation using a more coarse-grained
unit of wall-clock time. Suppose our original unit was one
clock tick and we increase it to x clock ticks. Then tmax

and Lmax both drop by a factor of x and the space com-
plexity reduces accordingly. However, now a heartbeat may
be delayed unnecessarily by x wall-clock ticks in the worst
case.

If B is not idempotent, we use B⁄ instead of B in Algo-
rithm 2. In the worst case t⁄

max = ntmax (because an indi-
rect guarantee may be obtained through a path of length n)
and k⁄ = t⁄

max (because in general a nonredundant guaran-
tee may be obtained for each time step). We obtain a worst-
case time complexity of O(tmaxn2) and space complexity of
O(tmaxn3 + n(ntmax + Lmax)). If we wish to avoid the cost
of computing, storing, and using B⁄ when B is not idempo-
tent, we can simply use B instead. We are still ensured that
heartbeats will not be violated but some heartbeats may be
unnecessarily delayed.

Of course these time and space complexities for heartbeat
generation are completely unacceptable when n may be very
large, as in typical sensor applications. In the next section
we discuss techniques for scaling in these environments.

5.2 Scaling for Large Numbers of Sources
Our approach so far does not scale well in number of

sources: the time and space complexity is linear in n even for
the best case when B is idempotent and we ignore the space
overhead of storing B. The linear complexity arises from
needing to generate one heartbeat per stream. One possi-
bility is to generate just one heartbeat for the set of streams
S1; S2; : : : ; Sn instead of n separate stream-level heartbeats.
While this approach may work well in some environments,
it prevents us from scheduling parts of query plans indepen-
dently as outlined in Section 7.

We can adopt an intermediate approach to lower the time

and space complexity, and still have some °exibility in schedul-
ing. We aggregate streams into groups, then treat each
group as a single stream, maintaining a single heartbeat for
it. The granularity at which we aggregate determines the
number of groups and can be flxed depending on how much
overhead is acceptable. For lowest overhead, we aggregate
all streams together into a single group, which results in a
single heartbeat for the set of all streams.

The skew bounds for aggregated streams can be derived
o†ine from the skew bounds for the individual streams.
Let our original n streams be aggregated into m groups
G1; G2; : : : ; Gm. Given our usual n £ n skew bound ma-
trix B⁄, we wish to arrive at an m £ m matrix B̂ with skew
bounds for the aggregated streams. Intuitively, entry B̂ab

should specify the weakest guarantee provided by the source
of any stream in Ga on the source of any stream in Gb. We
then use B̂ instead of B⁄ in our heartbeat generation algo-
rithm.

To arrive at a formal expression for B̂, we flrst need some
notation. Let S be a set of skew bound pairs (t; –). De-
flne S+ to be the set S with redundant pairs added so that
the strongest guarantee for each time t 2 f0; 1; : : : ; t⁄

maxg is
mentioned explicitly. For example, if we have (1,2) and (3,1)
in S, we add (2,2) to S. Let S0 and S00 be two skew bound
sets with redundant guarantees added as above. Then we
deflne:

S0 t S00 = f(t; –) j (t; –0) 2 S0; (t; –00) 2 S00; – = max(–0; –00)g

Intuitively S0 t S00 gives, at every time step, the weaker
of the guarantees given by either S0 or S00. Thus the entries
in B̂ are given by the expression:

B̂ab =
G

Si2Ga;Sj 2Gb

(B⁄
ij)+

Let there be na streams in Ga and nb in Gb. Then we need
to combine nanb entries of B⁄ to get B̂ab, which can be
done in O(k⁄nanb) time. Note again that B̂ is computed

o†ine. This method applies to the diagonal entries of B̂ as
well, providing the bound on out-of-order generation within
an aggregated stream. The bound on network latency for
aggregated stream Ga is simply LGa = maxSi2Ga Li.

By aggregating streams together and maintaining a sin-
gle heartbeat for them, some heartbeats may be delayed
compared to individual stream heartbeats. It is an inter-
esting open problem to decide the best way to partition the
n streams into m < n groups such that heartbeat delay is
minimized. Intuitively, sources having similar characteris-
tics should be grouped together so that the corresponding
streams are likely to have similar heartbeats anyway. The
sensor environment is a natural flt for this approach, for ex-
ample, where a large number of sensors may have identical
properties.

6. PARAMETER ESTIMATION
So far we have assumed that the parameter values used by

our algorithm can be specifled statically in advance. How-
ever, obtaining such information may be di–cult in reality.
Thus, we need an approach in which the DSMS itself esti-
mates the parameter values according to the history of the
streams seen so far, and generates heartbeats according to
those.



One possible method is to estimate the skew bound ma-
trix B and the bounds on network latency, then apply the
algorithm in Figure 2 as is. However, the framework of Sec-
tion 2 was meant only for ease of parameter speciflcation by
providing a separation between the network-dependent and
source-dependent parameters. In reality, the skew observed
by the DSMS is a combined efiect of skew at the sources and
network latency. Thus, while estimating the parameters for
heartbeat generation, it is not necessary to estimate these
two factors separately|we need only estimate the resulting
skew at the DSMS.

For this purpose, we deflne a modifled skew bound ma-
trix B0 where each entry B0

ij (i 6= j) gives the maximum
skew between streams Si and Sj at the time of arrival at
the DSMS, rather than at the time of emission as given by
Bij . Similarly, the diagonal entries of B0 give bounds on
out-of-order arrival at the DSMS for single streams. As mo-
tivated above, the skew bounds in B0 incorporate network
latency while the skew bounds in the original matrix B do
not. Given B0, the heartbeat generation algorithm is a slight
modiflcation of the one given in Figure 2: Whenever a tu-
ple with timestamp ¿ arrives on Si at time c, then for each
(tij ; –ij) 2 B0

ij , we set ¿j [c + tij ] = ¿ ¡ –ij .
Of course we still need a user-deflned timeout to ensure

progress in the case when all streams pause, as considered
in Section 3.4. We next consider how B0 can be estimated
based on the stream data seen so far.

6.1 Estimating B0

Now let us discuss how B0 is estimated. We flrst flx
a bound tmax on the maximum time into the future at
which we would like to provide a guarantee. Consider any
i; j 2 f1; 2; : : : ; ng. For each t 2 f0; 1; : : : ; tmaxg, we esti-
mate –ij [t] such that (t; –ij [t]) 2 B0

ij . We start out with an
initial estimate of –ij [t] = 0. Let ¿max

i [c] denote the max-
imum application timestamp seen on Si up to time c. If a
tuple with timestamp ¿ arrives on Sj at time c0, then:

–ij [t] ‚ max(¿max
i [c0 ¡ t] ¡ ¿ + 1; 0)

We simply maintain the maximum of such estimates over
time as our estimate of –ij [t]. Since we are directly measur-
ing the skew between each pair of streams, we do not need
to compute the closure of B0 in this case.

For computing the above estimate, we need to store ¿max
i [c]

for the last tmax time units. This technique operates accord-
ing to the maximum skew seen so far. After initial settings
and stabilization, heartbeats are generated too soon only
when we see skew higher than has ever been seen before.
We will consider a more adaptive approach in the next sec-
tion.

Let us consider the time and space complexity of esti-
mating B0. When a tuple arrives on Sj , we compute new
estimates for each –ij [t], for a time complexity of O(tmaxn)
per arrival. We need O(tmaxn2) for storing B0 and O(tmaxn)
space for storing the ¿max

i ’s for the past tmax time units in a
wraparound fashion. These complexities are essentially the
same as those required for heartbeat generation, thus pa-
rameter estimation does not add any asymptotic overhead.
If n is large, we can again apply the idea of stream ag-
gregation discussed in Section 5.2. We can also reduce the
complexity by using a more coarse-grained unit of wall-clock
time, as discussed in Section 5.1.
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Figure 3: Adaptive estimation of skew bounds: a

schematic view

6.2 An Adaptive Approach
So far we have considered heartbeat generation based on

prespecifled or estimated parameters capturing the worst
case, e.g., the maximum possible skew or latency. In some
applications it may be preferable to generate heartbeats ear-
lier, even if some inaccuracy results, particularly when the
worst case occurs as relatively uncommon spikes (a common
phenomenon in network latency, for example [5]).

To address these environments, we consider adaptive esti-
mation of skew bounds. The estimated bounds should re°ect
the skew the DSMS is currently seeing rather than the worst
it has ever seen. We modify our method of estimating –ij [t]
so that recent estimates are given more importance, and if
a spike was seen long ago, its efiect on our current estimate
is minimized.

The algorithm for estimating –ij [t] adaptively is given in
Figure 4 and depicted graphically in Figure 3. We main-
tain –ij [t] as the overall estimate, and –win

ij [t] which is the
maximum over a window consisting of the last numij [t] es-
timates. If the new estimate (–est

ij ) is larger than the current
estimate, –ij [t] is immediately updated to this new estimate
and the window is reset. If numij [t] exceeds a threshold
W , it signifles that many tuples have been observed with-
out our estimate being exceeded, an indication that our es-
timate of –ij [t] may be too high. Hence we lower our es-
timate by taking a weighted average of –ij [t] with –win

ij [t]:

fi–ij [t] + (1 ¡ fi)–win
ij [t].

Parameters W and fi are a measure of the adaptivity
of our algorithm and can be adjusted to trade ofi latency
against accuracy.

† W : How many low estimates of skew should be ob-
served before we lower our estimate of –ij [t]. W = 1
corresponds to the nonadaptive algorithm of the pre-
vious section. W can also be time-based instead of
tuple-based.

† fi: Weight given to the previous estimate when we are
lowering our estimate of –ij [t]. If fi = 0 the estimate is
updated immediately to the new, lower value. fi = 1
yields the nonadaptive algorithm.

We can also incorporate easily the notion of \adaptive
adaptivity". We observe how often our new estimate –est

ij

exceeds –ij [t], and if this rate is higher than a threshold we
increase W . Similarly, if our estimate of –ij [t] has been con-
tinuously decreasing over many windows, we decrease W .
Finally, notice that we use a rolling window instead of a



Estimate–(W; fi)
1. initialize numij [t] = 0; –win

ij [t] = –ij [t] = 0
8i; j 2 f1; 2; : : : ; ng; t 2 f0; 1; : : : ; tmaxg

2. Whenever a tuple with timestamp ¿ arrives on stream Sj

at time c:
3. for i = 1 to n do
4. for t = 0 to tmax do
5. numij [t] = numij [t] + 1
6. –est

ij = max(¿max
i [c ¡ t] ¡ ¿ + 1; 0)

7. if (–est
ij > –ij [t])

8. –ij [t] = –est
ij ; –win

ij [t] = 0; numij [t] = 0
9. else
10. if (–est

ij > –win
ij [t])

11. –win
ij [t] = –est

ij

12. if (numij [t] > W )
13. –ij [t] = fi–ij [t] + (1 ¡ fi)–win

ij [t]
14. –win

ij [t] = 0; numij [t] = 0

Figure 4: Algorithm for adaptive estimation of skew

bounds

sliding window so that the state required by the algorithm
for estimating a single –ij [t] is reduced from O(W ) to O(1).
Thus, adaptivity does not increase overall time and space
complexity. Detailed experimentation with the adaptive ap-
proach is left for future work.

7. HEARTBEATS IN QUERY PLANS
At Stanford we are developing a general-purpose DSMS

[19]. In this section we show how heartbeats can be incor-
porated deeply into our query processor to decrease latency
while preserving semantics.

When a continuous query is registered with the DSMS, it
is compiled into a query plan for execution. A query plan
consists of operators and inter-operator queues. Operators
are similar to traditional DBMS operators: Each operator
reads tuples from one or more input queues, processes them
according to operator semantics, and writes to a single out-
put queue. Inter-operator queues connect various operators
and deflne the paths along which tuples °ow as they are
being processed.

7.1 Query›Level Heartbeats
The most straightforward way to incorporate heartbeats

is the method we’ve suggested so far in the paper: Let ¿i de-
note the heartbeat on stream Si. We maintain a query-level
heartbeat ¿ = min(¿1; ¿2; : : : ; ¿n). All tuples with timestamp
greater than ¿ are bufiered in the input manager. When
the query-level heartbeat ¿ increases, any bufiered tuples
whose timestamps are now • ¿ are presented to the query
processor in timestamp order. (Recall Figure 1.)

However, this nã‡ve method does not take into account
the structure of the query plan, or the fact that we have
per-stream heartbeats. Consider the query plan in Figure 5
and suppose S1 and S2 are almost synchronized with each
other while S3 is lagging far behind in terms of application
time, i.e. ¿1 … ¿2 À ¿3. Operator O1 can process tuples in-
dependent of ¿3 (up to timestamp min(¿1; ¿2)) without vio-
lating the ordering requirement. However, this nã‡ve scheme

O

O

1

2

S
1

S 2

S3

Figure 5: Example query plan

of using a query-level heartbeat will not permit O1 to pro-
cess tuples with timestamp > ¿3 although min(¿1; ¿2) À ¿3.
Thus the system may be idle even when O1 could be sched-
uled. Not allowing O1 to be scheduled as soon as it is ready
can cause two problems:

† It can reduce overall processor utilization in the case
when multiple queries are being executed in the sys-
tem [9].

† It can increase latency in producing the result tuples:
When ¿3 \catches up", both O1 and O2 need to run,
while if O1 had been scheduled earlier, only O2 needs
to execute to produce result tuples.

7.2 Operator›Level Heartbeats
The scenario in Section 7.1 suggests that heartbeats should

be handled at the operator level rather than at the query
level. Assume ¿O1

; ¿O2
; : : : ; ¿Om are heartbeats on the in-

put streams of operator O. We maintain an operator-level
heartbeat ¿O = min(¿O1

; ¿O2
; : : : ; ¿Om ). Conceptually, each

operator can now be thought of as having its own input
manager. Similar to the query-level case, all tuples on the
operator input streams with timestamp greater than ¿O are
bufiered in the operator’s input manager, while those with
timestamp • ¿O are presented to the operator in timestamp
order for processing.

For this scheme, we must have heartbeats on inter-operator
queues as well as on input streams. Consider a leaf operator
O with input streams S1; S2; : : : ; Sm. Operator O can pro-
cess tuples up to timestamp min(¿1; ¿2; : : : ; ¿m). Once it has
processed all tuples up to timestamp ¿ , it can emit a heart-
beat ¿ on its output stream. The same approach propagates
up the plan tree.

With this new scheme consider the execution of the plan in
Figure 5. Operator O1 will have an operator-level heartbeat
of min(¿1; ¿2). Thus O1 can be scheduled independent of
heartbeats on S3, thereby remedying the problem of Section
7.1.

7.3 Latency›Memory Tradeoff
Operator-level heartbeats aim to reduce latency by allow-

ing operators to be scheduled earlier, but they may result in
higher memory consumption as illustrated by the following
example. Consider again the query plan of Figure 5 with
operator-level heartbeats and ¿1 … ¿2 À ¿3. Further, sup-
pose that O1 is \proliferative", i.e., the size of the result it
produces is greater than the size of the input it consumes.
As mentioned in Section 7.1, with operator-level heartbeats,
the intermediate results produced on O1’s output queue can-
not be used until ¿3 catches up. With a query-level heart-
beat, O1 would not proliferate tuples until O3’s heartbeat




