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Abstract

We consider the problem of semantic load shedding for
continuous queries containing window joins on multiple
data streams and propose a robust approach that is effec-
tive with the different semantic accuracy criteria that are
required in different applications. In fact, our approach can
be used to (i) maximize the number of output tuples pro-
duced by joins, and (ii) optimize the accuracy of complex
aggregates estimates under uniform random sampling. We
first consider the problem of computing maximal subsets of
approximate window joins over multiple data streams. Pre-
viously proposed approaches are based on multiple pair-
wise joins and, in their load-shedding decisions, disregard
the content of streams outside the joined pairs. To overcome
these limitations, we optimize our load-shedding policy us-
ing various predictors of the productivity of each tuple in
the window. To minimize processing costs, we use a fast-
and-light sketching technique to estimate the productivity
of the tuples. We then show that our method can be gener-
alized to produce statistically accurate samples, as needed
in, e.g., the computation of averages, quantiles, and stream
mining queries. Tests performed on both synthetic and real-
life data demonstrate that our method outperforms previous
approaches, while requiring comparable amounts of time
and space.

1. Introduction

There is growing research interest in supporting and pro-
cessing efficiently high level queries on continuous data
streams [2]. This interest is motivated by a growing num-
ber of applications, such as network monitoring [12, 14],
security, sensor networks [4], web logs, click-streams,
telecommunication data management [6] and many others.
The UCLA Stream Mill project [11] is developing a data
stream management system (DSMS) designed to support
efficiently a wide range of applications and streaming data,
including very advanced applications such as data stream
mining [11, 10].

Many data stream applications require real-time, or near
real-time, response and are characterized by very high ar-
rival rates. Often it is not possible to provide exact real-
time answers to all continuous queries currently running on
the DSMS. Moreover, many data stream tasks do not ac-
tually require exact answers: they only require statistically
accurate approximate answers. Typical examples of such
tasks include stream mining queries, continuous aggrega-
tion queries, and queries involving sampling. For these
queries, we want to provide useful answers that approx-
imate the exact ones as best as possible given the avail-
able system resources and current (over)load conditions. To
achieve this, the DSMS will apply load shedding techniques
to lower-priority queries to reduce the system overload and
return very useful approximate answers [15, 7, 13].

In this paper, we focus on the problem of semantic load
shedding for continuous queries that contain window equi-
joins on multiple data streams. This problem is important
since multijoins on data streams are among the most expen-
sive operators, both in terms of computation cost and mem-
ory usage; thus, the availability of effective load shedding
strategies for such operators is critical for a DSMS.

Since a fast response is required, the system must make
load shedding decisions very fast, in order to optimize the
expected outcome according to sensible approximation cri-
teria. Two types of approximation that have been suggested
are [13]: (1) Max-Subset results and (2) Sampled results.
For (1), the objective is to maximize the size of the result-
ing join. For (2), the system must generate a random sample
of the join result, since randomness is required to achieve
accuracy in aggregate queries and stream mining queries
computed on the results generated by such joins. We will
address both problems in this paper.
Related Work. One semantic approach for making a load-
shedding decision is based on the statistics or frequency dis-
tribution of the streams. In [7], Das et al. proposed an al-
gorithm called Prob which keeps the tuples with most fre-
quent value and an algorithm called Life which keep the
tuples whose frequency multiplied by lifetime is highest, in
order to produce the maximum subset of the exact result. In



[13], a solution was given to optimize the memory alloca-
tion across joins for producing a max-subset and a random
sample of the result. However, both of them mainly focused
on the binary join problem.

An important problem that deserves further attention is
the problem of joining multiple streams. Recently there
are many studies of multi-join processing in continuous
queries. For instance, in [9], Golab et al. have ana-
lyzed multi-way join algorithms and developed a join order
heuristics to minimize the processing cost per unit time. In
[16], Viglas et al. have completed a prototype implemen-
tation of a multi-way join operator ‘MJoin’ which maxi-
mizes the output rate of the join queries. However, there
is no focusing study of finding load shedding policies for
computing multi-join. The closest discussion to this prob-
lem can be found in [7]. Das et al. mentioned a trivial
m-approximation to the problem when the systems need to
delete ki tuples from join relation Ai, where 1 ≤ i ≤ m.
The idea is to independently choose ki tuples from Ai for
deletion which produce the fewest output tuples, says pi.
Then the optimal algorithm at least loses max p1, . . . , pm

and the approximation algorithm at most lose
∑m

i=1 pi tu-
ples. Therefore, it is an m-approximation. However, the de-
scription was very sketchy. There are many problems such
as how can we find the tuple productivity over the whole
join, which have not been discussed in details. In fact, even
the m-relation static (i.e. the content of the joined relations
are known) join load shedding problem is not a trivial prob-
lem as it is NP-hard [7]. In this situation, load-shedding
decision of one stream should depend on the result of the
join of the remaining streams. The current approach to this
problem is to use multiple binary join instead. For instance,
users first convert a multi-join query to a multi-binary join
query and use the idea of Prob to make load shedding deci-
sions of each pair of streams. However, this cannot guaran-
tee that the utility of the storage space is optimized because
it disregards the content of streams outside the joined pair
in load shedding decisions. We will show in the experiment
section that the multiple binary join approach is not effec-
tive as the multi-join approach.
Paper Main Results and Outline. In this paper, we present
novel techniques for approximating window joins; our tech-
niques adapt quickly to changing data distribution and sup-
port joins on multiple data streams. The paper is organized
as follows:

• In §2, we describe our model for computing approxi-
mate sliding window joins over multiple data streams.

• In §3, we propose two different tuple priority measures
used in load shedding decisions for max-subset prob-
lem and random sampling problem, based on our anal-
ysis of the tuple expected gain (productivity). We then
propose a method for estimating the productivity using
a sketching technique.

• Our load shedding algorithm for computing approxi-
mate multi-join is then given in §4. It can achieve dif-
ferent objectives by using different priority measures.

• In §5, we compare the new algorithm on both syn-
thetic and real-life data sets. The results of these exten-
sive experiments, suggest that our newly proposed ap-
proach will outperform existing multi-binary join ap-
proach.

• Finally, §6 presents our conclusions and suggestions
for future work.

2. Model

First we study a model of processing multi-way join op-
erations. Let S1, . . . , Sn be n streams and assume that the
current average arrival rate is k tuples per second. The ba-
sic query we consider is a p-seconds sliding-window join
among n streams defined by the conjunction of some equi-
join constraints θ. Note that our method can be directly gen-
eralized to handle the case when every stream has different
pi-seconds sliding window. For simplicity, we restrict our
discussion to the case of equal window for all streams, i.e.
p = pi for all i. We denote T = W1 ./ . . . ./ Wn, where
Wi is the current window of Si. We also consider windowed
aggregation queries Σ over the join result.

There are two main parts in the model shown in Figure
1: a join operator and a queue. The join operator processes
multi-way join and allocates a fixed amount of memory to
each Wi to store the internal state. For simplicity, we as-
sume that it can only process one tuple at every moment
and the average join processing rate is l tuples per second.
When a new tuple ti of Si arrives, first the expired tuples in
all the windows are deleted. Then, the join result produced
by ti is computed and ti is added into Wi.

 

Input queue 

Tuple t 
Resulting Join 
probed by t 

Measure of value 
for each tuple in 
each window. 

Measure of value 
for each tuple in  
the queue. 

Queue Full: shed tuples 
with least value in the 
queue. 

Entering rate ≤ Join processing rate l 

Window Full: dismiss 
tuples with least value, 
before they expired. 

New tuples arrive 
with rate k 

Σ

Figure 1. Model of Multiple-Join Operation.



The second part of the model is the queue. It is used to
store the input tuples waiting for entrance. When the join
operator is free, we push a tuple from the queue to the join
operator for computing the join tuples produced by it.

If the available memory is smaller than p ·min(k, l), the
system is not able to keep the entire window for providing
the exact join result. If the buffer is full, we make a decision
whether we keep the new tuple by dismissing one tuple in its
buffer before it expires, or just drop the new tuple, accord-
ing to priority of each tuple in the buffer. If a queue forms,
it is soon filled to capacity. So, we need to make a load
shedding decision to keep the tuples with highest priority in
the queue. Note that load shedding decisions in the window
and the queue need a priority measure. Therefore, in the
following sections, we will analyze the expected tuple gain
and propose a priority measure to optimize our decisions.

3. Load Shedding Decision
The productivity of a tuple determines its contribution to

the multi-way join. In this section, we estimate the contri-
bution to the multi-way join of each tuple in the window and
in the queue. Then, we propose a shedding decision proce-
dure for maximum subset or random sampling based on the
tuple productivity measure so derived. For simplicity, we
denote by TWi={t} the join of all windows except Wi with
the set {t}.

3.1. Productivity of Tuples

• Window Tuples. Consider a tuple t ∈ Si. Dur-
ing its lifetime p seconds in Wi, there is a set of
input tuples Ij arriving to each stream Sj for j =
1, . . . , i − 1, i + 1, . . . , n. For each Ij , its content can
be estimated as Wj . Then for the arrival of Ij , t pro-
duces |TWj=Ij ,Wi={t}| tuples, which can be estimated
as |TWi={t}|. Since there are n− 1 sets of input tuples
Ij , the total number of join tuples produced by t in Wi

is (n− 1)× |TWi={t}|.
• Tuples from Queues. For a tuple t ∈ Si in the queue,

at the moment that it reaches the join operator, there
will be |TWi={t}| join tuples produced. Moreover,
when t is stored in window Wi, the expected num-
ber of join tuples that t produces is (n−1)×|TWi={t}|.

Note that the productivity of a tuple t ∈ Wi either in
the windows and in the queue depends on the quantity
|TWi={t}|. There are two observations: (1) the arrival rate
of each stream except Si is implicitly involved in this ex-
pression as the size of each window Wj is a product of the
arrival rate of Sj and p; (2) the productivity of a tuple will
not be affected by the arrival rate of its own stream. This
assures fairness across different streams with very different
arrival rates.

3.2. Two Priority Measures
Maximum Subset. To provide a maximum subset of the
true result, we should shed the tuple with least produc-
tivity in order to minimize the loss caused by load shed-
ding. Therefore, to maximize the output size of the ap-
proximate join result, we should pick the one such that
arg min

t
|TWi={t}| for load shedding decision.

Random Sampling. To provide a random sample of the
true result, one may control the fraction of the tuples pro-
duced by each tuple: For each tuple t ∈ Wi, we record
the number of tuples that have been produced by t so far
and estimate the number of tuples probed by t as (n− 1)×
|TWi={t}|. Then the fraction of tuples that not yet produced
by t can be obtained by

1− |tuples produced by t|
(n− 1)× |TWi={t}|

.

An efficient way to produce a statistically accurate ran-
dom sample of the true result is to drop the tuple with the
least percentage of tuples produced in its remaining life-
time when the window is full. An intuitive reason is that
this can give equal opportunity for each tuple in the win-
dow to produce certain fraction of tuples and avoid the case
that the memory will be dominated by the tuple with high
productivity. For each tuple in the queue, its priority is al-
ways equal to 1. In this case, we can employ some advanced
methods [5] to make load shedding decisions. However, for
simplicity, when the queue is full, we randomly pick a tuple
from the queue for load shedding.

To compute these two different priorities, we need to ob-
tain the quantity |TWi={t}|, which is the cardinality of the
multi-way join where Wi = {t}. However, the time and
space for computing the exact cardinality of a join are very
expensive [8]. Therefore, a significant amount of previous
research has focused on the problem of estimating the car-
dinality of a join result [1, 8]. Next, we apply a sketching
technique that is capable of estimating this measure for each
tuple with minimal demands on computing resources.
Estimating Productivity. In [8], Dobra et al. extended the
sketching techniques from [1] to find approximating com-
plex query answers. The class of queries that they consid-
ered is of the form:

SELECT AGG FROM R1, . . . , Rr WHERE θ
where AGG is an arbitrary aggregate operator such as
COUNT, SUM or AVERAGE and θ represents the con-
junction of equi-join conditions. The idea is to compute
small sketch summaries of the streams that can then be used
to provide approximate answers with approximation error
guarantees. Its low time and space complexities make it
practical for solving this kind of problems. However, no
previous work further applied this method to query process-
ing problems. And we will show that this can be effectively
used to estimate tuple productivity.



First we discuss the key idea of this technique as
follows: For each pair of join attributes j ∈ θ, we
build a family of four-wise independent random vari-
ables {ξj,i : i is an element in the domain of j} where each
ξj,i ∈ {−1, +1}. For each relation Rk, its atomic sketch
Xk for Rk is defined as

Xk =
∑

i∈D

(fk(i)
∏

j∈Rk

ξj,i),

where fk(i) is the frequency of i in Rk and the COUNT es-
timator random variable is defined as X =

∏
Xk. Note that

each atomic sketch Xk can be efficiently computed when tu-
ples of Rk are streaming in. First Xk is initialized to 0 and
for each tuple t in Rk comes in, the quantity

∏
j∈Rk

ξj,t[j]

is added to Xk, where t[j] denotes the value of attribute j
in tuple t. As shown in [8], the random variable X is an un-
biased estimator for the result of COUNT query QCOUNT ,
i.e. E[X] = QCOUNT . To improve the accuracy, we may
construct several random variable X . Indeed, the final esti-
mate Y is chosen to be the median of s2 random variables
Y1, ...Ys2 , where each Yi is the average of s1 iid random
variables Xij , 1 ≤ j ≤ s1. Each Xij is constructed iden-
tical to the construction of the random variable X above.
Hence, the size for this sketch synopsis is

O(s1 × s2 ×
∑

Ai∈A

log |(dom(Ai)|)

where A is the set of join attributes. As shown in [8], the
values of s1 and s2 can be selected to achieve a prescribed
degree of accuracy with high probability.

For our problem, our aim is to compute the cardinality
of the multi-way join where the j-th stream window only
contains t, i.e. |TWj={t}|. This quantity in fact is the answer
of the query:

SELECT COUNT
FROM W1, . . . , Wj−1, {t},Wj+1, . . . ,Wn WHERE θ

and can be estimated by the sketching technique. This is the
productivity of tuple t and denoted as prod(t). Now we can
use it to compute the priority of each tuple w.r.t. different
objective as described in §3 for load shedding decisions.

4. Approximating Multi-Join Using Sketching
Techniques

Our main algorithm MSketch is based on the multi-join
model described in §2. There are two parts in the model:
join operator and queue. They operate separately and si-
multaneously. The details of our algorithm are as follows:

Algorithm MSketch

0. Set up:
0.1 Assign a family of four-wise independent random vari-

ables ξ as described in [8].

0.2 For each relation Rk, the tumbling sketch Xk is initial-
ized to 0.

1. Join Operator:
While the queue is non-empty{
1.1 Pull a tuple from the head of the queue. (Assume that

ti is this input tuple and is from stream Si.)
1.2 Update the current tumbling sketch Xi of Ri by

Xi = Xi +
∏

j∈Ri

ξj,ti[j].

For each Rj , we expire its atomic sketch Xj by replac-
ing the atomic sketches of the last window X last

j to be
the current one Xj and resetting Xj to be 0 for every
n seconds. Also, we reset all the priority queues to be
empty.

1.3 Delete the expired tuples of every window.
1.4 Compute the join result produced by ti and compute

prod(ti):

prod(ti) =
∏

j∈Ri

ξj,ti[j] ×
∏

k 6=i

X last
k

to obtain the priority value based on our objective, then
insert into the priority queue.

1.5 If Wi is not full, store ti in Wi

Else remove the tuple with lowest priority and in case
of tie, pick arbitrarily.}

2. Queue: (for Max-Subset)
While a new tuple ti ∈ Si arrives in the queue {
2.1 compute prod(ti):

prod(ti) =
∏

j∈Ri

ξj,ti[j] ×
∏

k 6=i

X last
k

to obtain the priority value for Max-Subset, then insert
into the priority queue.

2.2 If queue is not full, store t in the queue
Else remove the one with lowest priority and in case
of tie, pick arbitrarily.}

Algorithm 1: MSketch for Join Operator and Queue.

The main idea of our algorithm is to make load shedding
decisions using the priority measures proposed in §3. For
estimating such measure, we compute an atomic sketch of
each stream. To capture the up-to-date distribution, we use
the atomic sketch of a recent tumbling window to estimate
the productivity of a tuple. The idea of a tumbling window
was introduced in [3] and its definition is as follows: For a
predefined quantity n, tumbling window is a window con-
taining tuples of every n seconds. It effectively partitions
a stream into disjoint windows. Tumbling window is more
practical than sliding window because sliding window re-
quires extra memory buffer to store the data of the most cur-
rent window, especially when the system is running out of



memory. In our experiments, we set the size of the tumbling
window to be the size of the join window, i.e. n = p. To
compute each tuple productivity, we simply use the atomic
sketch of the current window of each stream. However, the
content of these atomic sketches change when a new tuple
arrives. Therefore, we have to recompute the productivity of
each tuple in the window for each new arrival and hence the
time spent will be very large. Instead, we can use the atomic
sketch of the last tumbling window to estimate the produc-
tivity of a tuple. This can save much computation time. To
speed up the searching of a minimum, we employ a tech-
nique called priority queue to store the estimated produc-
tivity. Priority queue is a data structure which is preferable
for extracting the minimum of a subset and for inserting a
new element. When a new tuple arrives, we first update
the atomic sketch of its current window. We then compute
its priority and insert into the priority queue. If the win-
dow is full, we extract the minimum one from the priority
queue and drop it from the window. For the case of the first
window, since there is no information of the last tumbling
window, we will use the current window instead. However,
for simplicity, we will omit this case when we discuss our
algorithm.
Complexity. To compute the exact size of the result
for the multi-binary join approach mentioned in §1, we
need to store the frequency of each value in the do-
main of join attributes. Therefore, the space required is
O(

∑
Ai∈A |(dom(Ai))|) where A is the set of join at-

tributes. For our algorithm, the space required for storing
s1 × s2 groups of sketch synopsis is

O(s1 × s2 ×
∑

Ai∈A

log |(dom(Ai))|).

Therefore, our algorithm needs much less space than the
multi-binary join approach. Moreover, the number of
atomic sketches constructed can be conveniently reduced
when the available memory is so tense. For the time com-
plexity issue, there are three main parts for both algorithms:

1. Updating the sketches for MSketch or the frequency
array for multi-binary join for every new arrival.

2. Obtaining the priority value for each tuple.

3. Searching for the least priority tuple for load shedding.

For multi-binary join, the time spent on (1) and (2) are
constant. For MSketch, the time spent on (1) is also con-
stant since it is only a computation of a product of k inte-
gers where k is the number of attributes of the new tuple.
For (2), MSketch spends constant time for each input tu-
ple since the estimated productivity is only a product of n
atomic sketches. In fact, because each tuple will only stay
in the system at most two consecutive tumbling windows,
we only need to compute its productivity at most twice dur-
ing its lifetime. For (3), both algorithms should spend equal

time on that. Therefore, MSketch and multi-binary join have
the same time complexity. However, MSketch requires less
space. To verify this, we will compare the time spent for
different algorithms in the experiment section. We will also
show the fact that MSketch does not add much time over-
head for the whole multi-way join computation.

4.1. Tuple-Based Window Joins

Our algorithm is able to handle tuple-based window joins
by a simple extension. We can model a tuple-based window
join by a time-based window join where a single tuple ar-
rives to its window every time unit. This can be obtained
by assigning a sequence number as its timestamp when a
tuple arrives to its window. Moreover, we modify the steps
of MSketch for resetting the atomic sketch (Step 1.2) and
for expiring tuples (Step 1.3). Indeed, when a tuple ti ar-
rives to its window Wi, we only check whether the atomic
sketch of Wi is expired. For a tuple-based window, we reset
its atomic sketch for every n input tuples. Also, we only
expire tuple(s) in Wi.

5. Experimental Results

Algorithms for Multi-Joins. We compare our algorithm
with the state of the art:

• MSketch: We dropped the tuple with lowest productiv-
ity in the window(queue) when it(queue) is full.

• MSketch RS: We dropped the tuple with largest frac-
tion of tuples produced in the window when it is full.

• MSketch∗Age: Similar to MSketch, the priority of a
tuple r with remaining lifetime t is computed by t ·
prod(r).

• BJoin: We convert the multi-join query to be a multi-
binary join query. Then we dropped the tuple with
the least partner frequency in the window(queue) when
it(queue) is full, as mentioned in §1.

• Rand: We randomly dropped tuples in the win-
dow(queue) when it(queue) is full.

• Aging: We dropped oldest tuples in the window
(queue) when the window (queue) is full.

For each algorithm, we allocate the same amount of mem-
ory for each window. For the algorithms that use sketching
technique, we construct 100 random variables and return
their average, i.e., s1 = 100, s2 = 1. When a new tuple
arrives, we keep it if the window or the queue is not full.
Otherwise, we make a load shedding decision based on dif-
ferent measures for different methods.

As described in §5.1 and §5,2, we tested these algorithms
on both synthetic and real-life data sets. An in-depth discus-
sion of the experiments so obtained is presented in §5.3.



Table 1. Description of the Synthetic Data.
Relations R1(A1, A2), R2(A1, A2),

R3(A1, A2)

Size of each dataset ≈ 30000
(10000 for each relation)

Size of each domain 1024
Number of regions 10
Volume 100
z-inter 1
z-intra 0.1–0.5, 0.6–1.0,

1.1–1.5, 1.6–2.0

5.1. Synthetic Data Sets

We used the synthetic data generator employed in [17]
to produce a wide variety of synthetic datasets using dif-
ferent skews and frequency distribution shifts as follows: it
produces several rectangular regions that are uniformly dis-
tributed in the multi-dimensional attribute space of each re-
lation by randomly picking a set of points in the attribute
space as their centers. Tuples are then generated using
a Zipfian distribution with parameters z-inter and z-intra,
across different regions and within the same region, respec-
tively. The frequency of a value depends on the distance
from its center, where the one near the center is more fre-
quent. We generate four data sets with different centers of
regions and different range of z-intra. Each data set con-
tains three relations. Table 1 summarizes the setting of our
data sets.

To simulate distribution drifts, we input the tuples to the
system from the sources alternatively in a prescribed order.
Within each region, we input the data tuples in a random
order. The average input rate is 1 tuple per second. We
evaluate all the algorithms using a multi-join query

R1 ./ R2 ./ R3|R1.A1=R2.A1,R2.A2=R3.A1

with time-based sliding window w = 500 seconds. For this
simple query, there are two different join attributes—one for
R1 and R2 and other for R2 and R3. Therefore, this query
is able to test the effect of the frequency distribution of a
stream outside the joined pair in order to conclude whether
this should be considered when making load shedding deci-
sions.

For the algorithm BJoin, there are several ways to imple-
ment the multi-join as a sequence of binary joins. However,
we found that the results obtained by different sequences of
binary joins are nearly the same. So, we will only report the
results for (R1 ./ R2) ./ R3.

5.1.1 Max-Subset
To study the performance of our max-subset approach, we
compare the output size produced by our algorithm MSketch
with other algorithms under different situations. We first

study the case that the input rate is smaller than the join
processing rate. Hence, the queue is always empty.
¦ Effect of Buffer Size. Our first set of experiments is
aimed to study the effect of memory sizes for different algo-
rithms. Figures 2(a) and 2(b) show the performance of each
algorithm for different buffer sizes, shown as number of tu-
ples (or percentages with respect to the full window). For
each of the following window sizes, 8 (5%), 42 (25%), 84
(50%), 126 (75%) and 167 (100%), we tested data sets with
z-intra = 0.1–0.5, 0.6–1.0, 1.1–1.5, and 1.6–2.0. Since the
results for the last three ranges are similar, we only report
one of them.
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Figure 2. Dataset with z-intra = (a) 0.1–0.5 (b)
1.6–2.0.

In Figure 2(a), the result of every algorithm is almost
the same. That can be explained by the fact that the intra-
Zipfian parameter for this data set is small. Therefore, the
distribution of each value is nearly uniform and hence ev-
ery tuple is equally important. When we increase the value
of the intra-Zipfian parameter, some value near the center is
more frequent. Figure 2(b) shows that our algorithm MS-



ketch is quite effective at determining the productivity of
each tuple. Also, observe that the algorithms MSketch and
Bjoin are the best while Rand and Aging perform poorly on
these data sets.

Moreover, in Figure 3, we recorded the whole process-
ing time(for making load shedding decisions and processing
joins) spent by each algorithm for the data set with z-intra
= 1.6–2.0. Note that the computation time for MSketch and
BJoin are almost the same. Also, this is expected that Rand
is the fastest one because it does not need to do any com-
putation for making load shedding decisions. However, we
observe that the difference is not large. Time spent by MS-
ketch for making load shedding decisions is relatively small,
comparing with join processing time. This shows that MS-
ketch does not add much time overhead for the multi-way
join computation.
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Figure 3. Time for Dataset with z-intra = 1.6–
2.0.
The experimental results discussed so far were obtained

by a fixed memory allocation for each window. We also
compared the performance for the case when the memory
allocation to each window can vary while the overall total
memory used by the windows remains fixed. To achieve
this, we simply computed the measure for every tuple in
every window and drop the tuple with the least value (in
Step 1.5 of MSketch). However, we found that the improve-
ment is not so significant but the time spent for making load
shedding decisions grew accordingly. Therefore, in the fol-
lowing experiments, we allocated equal amount of memory
to each window.
¦ Effect of Skew. We now fix the amount of memory to
be 42(25%) and vary the skew of the data sets by setting
z-intra = 0.1–0.5, 0.6–1.0, 1.1–1.5, 1.6–2.0. Figure 4 shows
that, when the Zipfian parameter is small (near 0.1), all the
algorithms have almost identical performance because ev-
ery tuple is equally important. However, as the value of the
Zipfian parameter increases, our algorithm MSketch outper-
forms others because it is able to distinguish between tu-

ples that have different priority values. Therefore, when the
skew in the input data becomes larger, the gap between MS-
ketch and other algorithms increases rapidly.
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Figure 4. Different z-intra with 25% Memory.

¦ Effect of Concept Drift. We now use the data set with z-
intra = 1.6–2.0 and fix the amount of memory to be 75%. In
Figure 5, we record the number of output tuples produced
for every 250s. The vertical dotted lines represent the exis-
tence of concept drifts. Observe that all the three algorithms
have a suddenly drop when concept drift occurs. This is due
to the fact that the distribution of the tuples in the windows
and that of the incoming tuples should be different when
there is a concept change, which will affect any kind of al-
gorithms. Besides this, we expect that Rand will have no
other effect caused by concept drifts because its load shed-
ding decisions do not depend on any historical data. How-
ever, we find that our algorithm recovers as quick as Rand,
which indicates that our algorithm did not suffer from the
existence of concept drifts.
¦ Effect of Arrival Rate. In this experiment, we used the
data set with z-intra = 1.6–2.0 and assumed that the input
rate is 5 times faster than the join processing rate to study
the behavior of the join algorithms MSketch, BJoin, Aging,
Rand. As a result, the queue is formed and it only keeps
10 tuples. Figure 6 shows the performance of each algo-
rithm with different buffer size. We found that our algo-
rithm MSketch works much better when a queue is formed.
This shows that our measure is also suitable for making load
shedding decisions for the queue.
5.1.2 Random Sampling
In this set of experiments, we demonstrate the ability of our
algorithm MSketch to provide a statistically accurate ran-
dom sample of the true result. In this case, we use the frac-
tion of the produced join tuples of each tuple as a priority
measure and we simply call it as MSketch RS. We will com-
pare it with two algorithms:
• BJoin, which depends only on the distribution of the

pairwise relation.
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Figure 6. Performance with Queue Formed.

• Rand, which randomly drop the load from the input
relations.

To study the performance of our sampling approach, we
perform a windowed average over the sampled join result,
which is a typical application of uniform random sample.
We compare those algorithms in terms of aggregation error.
In this experiment, we use the data set with z-intra = 1.6-
2.0 with window size = 500. We choose A2 of R1 to be our
aggregated attribute. However, in general, it can be chosen
from any relations. At each step, the value of the windowed
average over the true result AV G and the sampled result

ˆAV G are computed. The relative error is
|AV G− ˆAV G|

AV G
.

Then we return the average relative errors under different
amount of memory allocation. Figure 7(a) shows that the
errors produced by our sampling algorithm MSketch RS are
much smaller than the errors produced by other algorithms.

To further test the performance of MSketch RS, we com-
pute the quartiles of the join result of each window and re-
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Figure 7. (a)Average relative errors in aggre-
gates (b)Average quantile differences.

turn the average differences of the quartiles of the true re-
sult and the sampled result. This test can effectively show



the statistically accuracy of each sampled result, i.e., how
similar is the frequency distributions of the sampled result
to that of the true result. In figure 7(b), we observe that the
average quartile differences of the sampled result produced
by MSketch RS and the true result is much smaller than pro-
duced by Bjoin and random sampling Rand.

Note that MSketch RS beats the existing algorithms.
From these two experiments, we learn from the poor per-
formance of Rand that a random sample of each input re-
lations may not produce a random sample of the join result
in general. Moreover, the performance of BJoin shows that
the information of the pairwise relation is not enough for a
good load shedding decision.

5.2. Tests on Real-Life Data Sets

In these experiments, we used the census data sets from
www.bls.census.gov. This data set was taken from
the Current Population Survey (CPS) data, which is a
monthly survey of about 50,000 households conducted by
the Bureau of the Census for the Bureau of Labor Statistics.
There are about 135,000 tuples with 361 attributes for each
month. In our experiments, we pick three attributes: Age,
Income, Education. The domain of Age, Income, Edu-
cation is discretized as 1–90, 1–16, 1–46 respectively. We
used the data of October 2003(Oct03), April 2004(Apr04)
and October 2004(Oct04). We remove all the tuples with
missing value and get about 65000 tuples for each data set
of each month. Therefore, the total number of tuples in this
experiment is about 200k.
¦ Effect on Window Size. This set of experiments was de-
signed to study the effects of window size on a real-life data
set. In our experiments, we joined three data streams Oct03,
Apr04, and Oct04, on their attributes Age (shared by Oct03
and Apr04) and Education (shared by Apr04 and Oct04).
We tested for windows of size 500 and 1000. Figures 8(a)
and 8(b) show the output size of the join using different al-
gorithms for window size 500 and 100, respectively, under
different memory allocation: for window size of 500, we
allocated 5%, 25%, 50%, 75% and 100% memory for the
buffers. For window size of 1000, we allocated 2.5%, 5%,
25%, 50% and 100% memory. In this application, we found
that the performance of every algorithm is not affected by
the size of the window. Our algorithm MSketch outperforms
others for both settings.

5.3. Discussion

In the above experiments, we investigated the perfor-
mance of the various algorithms under different settings of
the following parameters: buffer size, intra-Zipfian skew
parameter, window size, load shedding from the queue.
For the max-subset problem, our algorithm MSketch out-
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Figure 8. Window Size= (a) 500s (b) 1000s.

performs all other algorithms in all the experiments. Like-
wise, in the random sampling problem, the algorithm MS-
ketch RS provides more accurate results for windowed ag-
gregates and a statistically accurate random sample of the
true result.

Some interesting observations on the various algorithms
can be made from these experimental results. In the exper-
iments of the max-subset problem, we observe that the al-
gorithms Aging and Rand have similar performance. Now,
Aging assigns a higher productivity to tuples with longer re-
maining lifetime, and therefore is less likely to drop them;
however, Rand just makes random choices. The fact that the
two algorithms deliver similar performance suggests that
the remaining lifetime of tuples might not be critical in op-
timizing load shedding decisions.

The poor performance of MSketch∗Aging is consistent
with the results obtained by Das et al. in [7]. They ex-
plained this by conjecturing that tuples with low probability
of appearing in the other stream are unlikely to survive until
they expire. Hence, the product of remaining lifetime and



probability is not a good measure. Moreover, the remain-
ing lifetime of a tuple increases its productivity at the same
rate in which it increases the cost of keeping it in the buffer
(and bringing about other load shedding decisions). This
confirms the experimental observations on the behavior of
Aging, and let us conclude that the remaining lifetime of a
tuple should not be considered as a critical factor in setting
the priority of that tuple.

For the algorithm BJoin, its performance is always worse
than the performance of our algorithm MSketch. This con-
firms that, in making load shedding decisions, it is not
enough to consider the frequency distribution of joined
streams pairs and disregard the other streams in the multi-
way join.

In the experiments of random sampling problem, the per-
formance of our algorithm MSketch RS is significantly bet-
ter than that of Rand. This confirms that, in general, random
samples of the input tables, do not produce a random sam-
ple of the join result: a specialized semantic load shedding
technique is instead required. Moreover, the poor perfor-
mance of BJoin confirms once more that it is not sufficient
to consider only pairwise relations. We must consider all the
other relations in the multi-way join. Thus, the load shed-
ding problem of multi-joins must be viewed as a new prob-
lem that cannot be reduced to multi-binary joins. Therefore,
our algorithm MSketch RS uses a fraction of the tuples pro-
duced by each tuple to control the output result in order to
provide a random sample of the true result. The effective-
ness of this method was confirmed by many experiments.

6. Conclusion and Future Work
Computing multi-way joins on high speed data streams

represent a serious challenge for a DSMS since this opera-
tion can significantly overburdens its resources. Therefore,
it is important for DSMS to be able to provide effective
load shedding strategies for multi-way joins. Previous ap-
proaches converted the query into multiple binary joins and
disregarded the content of streams outside each joined pair
when taking load-shedding decisions. In this paper, we have
provided a thorough analysis of the expected tuple contribu-
tion over the whole join, and introduced a sketching-based
technique to estimate such contribution. Using this measure
to determine the priority of the tuples, our algorithm MS-
ketch realizes a a very effective load-shedding policy, where
only minimal time and space overheads are required. Exper-
iments on synthetic and real-life data sets and a thorough
study of different algorithms demonstrate that MSketch out-
performs other approaches in terms of maximizing the out-
put size and achieving randomization.

Random sampling is used in many different ways in ad-
vanced database and business intelligence applications. We
are particularly interested in the application of random sam-
pling for the purpose of mining data streams [11]. A statisti-
cally accurate random sample is usually sufficient to answer

stream mining queries such as clustering and classification:
this approach ca save much computation time and memory.
Therefore, one promising direction for future work is to ex-
tend the load shedding techniques proposed in this paper for
computing a wide range of stream-mining queries.
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