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Abstract. Ranking-aware queries, or top-k queries, have received much atten-
tion recently in various contexts such as web, multimedia retrieval, relational
databases, and distributed systems. Top-k queries play a critical role in many
decision-making related activities such as, identifying interesting objects, net-
work monitoring, load balancing, etc. In this paper, we study the ranking ag-
gregation problem in distributed systems. Prior research addressing this problem
did not take data distributions into account, simply assuming the uniform data
distribution among nodes, which is not realistic for real data sets and is, in gen-
eral, inefficient. In this paper, we propose three efficient algorithms that consider
data distributions in different ways. Our extensive experiments demonstrate the
advantages of our approaches in terms of bandwidth consumption.

1 Introduction

Ranking-aware queries have been studied in various contexts such as web, multimedia
retrieval, relational databases, and distributed systems. This is mainly because they are
needed for decision-making related activities such as identifying interesting objects,
network monitoring, distributed denial-of-service attack detection and load balancing.
For example, in a network monitoring setting, top ranking sources of data packets need
to be identified to detect denial-of-service attacks. Fagin first introduced the ranking
aggregation problem in the context of multimedia retrieval [6]. Assume there are m
subsystems with each maintaining a list of objects together with their ranking scores.
The score of an object can be any value that describes a certain characteristic of the ob-
ject, e.g., its color, shape, etc. Top-k queries over the m subsystems return the objects
with the k highest aggregated scores under a monotonic function. The best known algo-
rithm solving this problem is the Threshold Algorithm (TA) which was independently
discovered by several groups [8, 11, 7]. Based on Fagin’s seminal work [6], many ap-
proaches have been proposed to solve the top-k query processing problem under various
scenarios. In data streams, distributed top-k monitoring was studied in [1]. Supporting
ranking query processing in relational databases from different perspectives has been
studied in [3, 5, 9, 10, 15, 14]. More recently, approximate top-k queries on multidimen-
sional datasets with probabilistic guarantees were studied in [13]. A framework for dis-
tributed top-k retrieval in peer-to-peer networks was proposed in [2], which is mainly
concerned with retrieving the top-k matching objects given the query object, but does
not aggregate scores from all nodes in a distributed system.

In this paper, we are concerned with answering top-k queries efficiently in dis-
tributed systems. In particular, we consider Content Distribution Networks (CDNs),
which are deployed by many companies to avoid network congestion. CDNs typically
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consist of cache servers scattered around the globe for caching bandwidth-intensive
objects from the original server such as images and video clips. This enables fast web
and streaming media applications. When a request is sent to the original server, it is
redirected to one of the cache servers which is closer to the client and/or can serve data
faster. Effective monitoring of activities (by a central manager) over CDNs ensures
successful content distribution. One such monitoring task is a top-k query, e.g., “what
are the top-k most popular URLs across the entire CDN?”. A naı̈ve approach to answer
such a query is to have each cache server send the access statistics about all objects
to the central manager. However, this incurs significant bandwidth consumption if the
number of objects at each cache server is large. Hence bandwidth efficient algorithms
for processing such top-k queries in a distributed environment are needed.

While the Threshold Algorithm (TA) is generally applicable in database applica-
tions, it is inefficient when applied to answer top-k queries in large distributed networks
in terms of bandwidth consumption [4]. This is mainly because the number of rounds
to finalize the answer to a top-k query under TA cannot be predetermined and it varies
with different data distributions among the nodes. Hence, in [4] the first constant num-
ber of round algorithm for calculating top-k objects in distributed systems is proposed
and referred to as the Three-Phase Uniform-Threshold algorithm (TPUT).

However, TPUT does not take data distributions into account and it simply assumes
the uniform data distribution among all nodes, which is not realistic due to the hetero-
geneous nature of distributed systems. Thus, in this paper, we propose different algo-
rithms to calculate top-k queries in constant number of rounds to further enhance the
performance by accounting for varying data distributions. They are referred to as the
Three-Phase Adaptive-Threshold algorithm (TPAT), the Three-Phase Object-Ranking
based algorithm (TPOR) and the Hybrid-Threshold algorithm (HT). TPAT generalizes
TPUT by utilizing summary statistics of the data. However, it could be very expensive
to use summary statistics to accurately estimate data distributions. The main difficulty is
for an algorithm to efficiently estimate data distributions, without a-priori knowledge.
TPOR and HT are devised to overcome this difficulty. TPOR is fundamentally different
from both TPUT and TPAT since it uses object rankings rather than object scores when
estimating data distributions. TPOR is more bandwidth-efficient than TPUT when han-
dling the case that object rankings are similar across all nodes. Nevertheless, TPOR
performs worse than TPUT in the case when object rankings widely vary across all
nodes. To remedy such a situation, HT is proposed to combine the advantages of both
TPUT and TPOR, which is robust under different data distributions.

The rest of the paper is organized as follows. Section 2 formulates the problem.
Section 3 presents our proposed algorithms. Section 4 evaluates the performance of our
proposed algorithms. Section 5 concludes the paper and discusses the future work.

2 Problem Formulation and Performance Metric

We formalize the problem of top-k query processing in distributed systems by abstract-
ing the above CDN example. Assume there are m nodes and one single central manager
in a distributed system. Each node i is connected to the central manager and maintains
a list of pairs 〈O, Si(O)〉, where O is an object and Si(O) is the score of the object.



Furthermore, we assume objects in each list are sorted in the descending order of their
scores. Note that an object does not have to appear in all nodes. If an object does not
appear in the list of a node, its score in that list is zero by default. The central man-
ager initiates a top-k query which retrieves objects from the network with the k highest
f(S1(O), . . . , Sm(O)) where f is a monotonic function such as the sum function SUM
to compute the overall score of an object. For simplicity, we assume the sum function
throughout this paper. In practice, this function could be a weighted sum to account for
the relative importance of cache servers.

The goal of distributed top-k query algorithms is to achieve low bandwidth con-
sumption. We assume that the computation cost in each node is negligible while the
communication cost among nodes dominates the query response time. This is mainly
due to the current trends in technology where the speed and bandwidth of the network
is still a bottleneck. We take the number of 〈object, score〉 pairs transmitted across the
network as our performance metric, which dominates the communication cost.

3 New Ranking Aggregation Algorithms

In this section, we propose three new algorithms for answering top-k queries in dis-
tributed systems. The first algorithm, the Three-Phase Adaptive-Threshold algorithm
(TPAT), generalizes TPUT by exploiting data distributions using summary statistics to
further enhance the pruning power of TPUT. The second algorithm, the Three-Phase
Object-Ranking based algorithm (TPOR), prunes ineligible objects by their rankings
(positions). In contrast, TPUT prunes ineligible objects based on their scores. The
last algorithm, the Hybrid-Threshold algorithm (HT), combines the advantages of both
TPUT and TPOR, and demonstrates that it is very robust to different data distributions.

3.1 Three-Phase Adaptive-Threshold Algorithm

In this subsection, we extend TPUT by relaxing the condition on how to divide the
phase-1 bottom τ1 among all nodes. Please refer to [4] for the details of TPUT due
to the space limit. By dividing τ1 uniformly among the nodes, TPUT assumes object
scores are uniformly distributed among nodes in the network, i.e., each node contributes
approximately the same to the result set. However this assumption does not consider the
case in the real world where some nodes in the systems are hot spots for content-sharing.
This results in non-uniformly distributed data among nodes. That is, some nodes may
have objects with larger score distributions while other nodes may have objects with
smaller score distributions. For convenience, they are referred to as hot and cold nodes
respectively. The probability for a top-k object being from a hot node is much higher
than being from a cold node. Intuitively, hot nodes usually contribute a larger portion of
top-k objects than cold nodes do. Hence, we propose to divide τ 1 to m nodes adaptively
according to their data distributions. In general a threshold lower than τ 1/m for a hot
node allows more objects to be sent to the central manager, and vice versa.

We illustrate the adaptive division of τ1 by using the example lists in Fig. 1. Assume
that the central manager asks for a top 2 query. From Fig. 1., we observe that node 2 has
objects with a larger score distribution as compared to node 1 and node 3. Hence node



node 1 node 2 node 3

<O5, 21> <O4, 34> <O3, 30>
<O2, 17> <O1, 29> <O4, 14>
<O4, 11> <O0, 29> <O0, 9>

1
2
3
4
5
6

<O3, 11> <O3, 26> <O5, 7>
<O6, 10> <O5, 9> <O2, 1>
<O7, 10> <O9, 7> <O8, 1>

Phase-1:
TPUT/TPAT

Phase-2 :
TPUT

Phase-2 :
TPAT

PSUM
O4 : 48
O3 : 30
O1 : 29
O5 : 21
O2 : 17

PSUM
O3 : 67
O4 : 59
O0 : 29
O1 : 29
O5 : 21
O2 : 17
O6 : 10
O7 : 10

PSUM
O3 : 56
O4 : 48
O5 : 30
O0 : 29
O1 : 29
O2 : 17

Phase-1 bottom

Fig. 1. Three example lists and the partial sum lists calculated in phase 1 & 2 of TPUT/TPAT

2 plays an important role to the final scores of top-k objects in the result set with higher
probability than the other nodes. Thus more objects are expected to be sent from node
2 to the central manager and fewer objects from node 1 or node 3. If τ 1 = 30 is non-
uniformly divided into T1 = 12, T2 = 8, and T3 = 10, which are assigned to nodes 1,
2, 3 respectively as the thresholds, then, in phase 2, node 1 sends 〈object, score〉 pairs
up to position 2, node 2 up to position 5, and node 3 up to position 2. As compared
with the uniform threshold T = 30/3, non-uniform thresholds send 3 fewer number of
〈object, score〉 pairs. TPAT algorithm is summarized as follows:

1. Phase 1: same as TPUT.
2. Phase 2: The central manager divides τ1 non-uniformly into T1, . . . , Tm according

to some summary statistics sent from nodes. Then it sends T i to node i as the
threshold. The rest is the same as TPUT except that the upper bound of each object’s
aggregated score calculated by Usum(O) = S′

1(O) + . . . + S′
m(0) where S ′

i(O) =
Si(O) if O has been reported by node i, and S ′

i(O) = Ti otherwise.
3. Phase 3: same as TPUT.

Theorem 1. The TPAT algorithm correctly returns the exact top-k objects for any data
distribution in each node of a two-tier distributed system.1

The motivating example above only develops the general framework for an adap-
tive division of the phase-1 bottom τ1 according to the data distribution in the network.
The main challenge is how the data distribution can be captured approximately using
summary statistics and how they are used to guide the adaptive division of τ 1. Since
histograms have been widely used in various database problems and are the most com-
monly used form of statistics in practice, we now investigate them as a tool to guide the
adaptive division of τ1. In particular, equi-depth histograms [12] are used as an example
to illustrate the framework of our proposed technique. Note that any kind of histograms
can fit in our framework. Equi-depth histograms are constructed by dividing the domain
into b buckets with roughly the same number of tuples in each bucket. This number and
the bucket boundaries are stored. For notational convenience, the equi-depth histogram
for the data in node i is represented by H i = {Bi

1, . . . , B
i
bi
}. Bi

j(1 ≤ j ≤ bi) is in the
form of ([V i

min, V i
max], f), where [V i

min, V i
max] is the boundary of bucket B i

j and f is
the total number of objects in the bucket. Hence, given a score predicate s ≥ p, the total
number of objects within the range can be approximated by examining the overlapped
buckets by assuming a uniform distribution in each bucket.

1 Note that all the proofs for theorems in this paper are omitted due to the space limit and please
refer to [16] for complete proofs.



In general, we need to divide the phase-1 bottom τ1 among the histograms of the
nodes so as to minimize the number of objects retrieved. This is a linear programming
problem, whose complexity increases as the number of buckets in the histogram per
node increases. To simplify the problem, we consider one-bucket histograms. Now the
histogram for node i is represented by H i = {Bi

1 = ([V i
min, V i

max], f i)}, i.e., each
node returns the score range of its objects and the total number of objects at the node.
Assume τ1 is divided into T1, . . . , Tm such that

∑m
i=1 Ti = τ1. Assuming uniform score

distribution at each node, we can approximate the number of objects whose scores are

no less than Ti by using the score range and the number of objects, i.e., fi

V i
max−V i

min
∗

(V i
max − Ti). Assume that this number is fi(Ti). Hence, the goal of adaptive division

of τ1 into T1, . . . , Tm is to minimize
∑m

i=1 fi(Ti) =
∑m

i=1
fi

V i
max−V i

min
∗ (V i

max − Ti)

such that
∑m

i=1 Ti = τ1 and V i
min ≤ Ti ≤ V i

max.
When the score distribution in each node is non-uniform, the selectivity estimation

accuracy using one-bucket histogram cannot be guaranteed. However, using more than
one bucket for each histogram to summarize score distribution makes the optimization
much more complex, which may incur infeasible computation cost. Hence, we intro-
duce alternative techniques without using a priori knowledge on data distributions.

3.2 Three-Phase Object-Ranking Based Algorithm

We now propose a new algorithm, referred to as Three-Phase Object-Ranking based
algorithm (TPOR), that is more likely to capture the heterogeneous nature of distributed
networks without using any summary statistics. Its pruning of ineligible objects is based
on object rankings instead of their scores. In particular, in the second phase of this new
algorithm, instead of assigning a threshold for each node, the central manager sends the
current top-k object list to each node. Upon receiving this list, each node examines its
objects and passes all of its local objects that are ranked higher than any of the objects in
the list to the central manager. In this way, the correlation between the object score and
ranking is captured, which can avoid the case where an inappropriately small phase-1
bottom τ1 is obtained by TPUT. The following example will show how TPOR works.

We again consider the example lists in Fig. 1. and the top-k query still requests
the top 2 objects. As shown in Fig. 1., after the first phase, the objects with the two
highest partial sums are O4 and O3. Hence in phase 2, the central manager sends the
set of objects {O4, O3} to each node. The lowest ranking of these two objects in node
1, 2, 3 are 4, 4 and 2 respectively. Therefore, node 1 sends {O 5, O2, O4, O3}, node
2 sends {O4, O1, O0, O3}, and node 3 sends {O3, O4}. As compared with TPUT, 2
fewer objects are needed to be sent to the central manager. The rest processing is the
same as TPUT and omitted here due to the space limit. TPOR algorithm is summarized
as follows.

1. Phase 1: same as TPUT.
2. Phase 2: The central manager broadcasts the list L of the top-k object IDs from the

partial sum list to all the nodes in the network. Upon receiving the list L, for each
object Oj in L, node i finds its local score Vi,j (if Oj does not occur in the local
list, Vi,j = 0) and determines the lowest local score Ti among all the k objects



in L. Then node i sends the list of local objects whose values are ≥ T i to the
central manager. Now the central manager calculates the partial sums of all the
objects seen so far, and identifies the objects with the k highest partial sums. Let
us call the kth highest partial sum “phase-2 bottom” and denote it by τ 2. Then
the central manager calculates the upper bounds of the objects seen so far using
Usum(O) = S′

1(O)+ . . . +S′
m(0) where S ′

i(O) = Si(O) if O has been reported by
node i, and S ′

i(O) = Ti otherwise, and removes any object Oj from the candidate
set whose upper bound is less than τ2.

3. Phase 3: same as TPUT.

Theorem 2. The TPOR algorithm correctly returns the exact top-k objects for any data
distribution in each node of a two-tier distributed system.

The difference between TPOR and TPUT lies in the fact that in TPOR, during phase
2, the central manager sends the entire top-k object ID list to all the nodes. We argue
this will not incur much overhead since, in practice, the object ID can be hashed to
integers, the value of k is in general not large and the object ID list can be multicast to
all the nodes simultaneously. However, similar to TPUT, the performance of TPOR also
depends on the data distribution. For example, in phase 2, if one node does not have any
object in the object ID list, it will send all its local objects to the central manager.

3.3 Hybrid-Threshold Algorithm

In this subsection, we propose a hybrid algorithm, the Hybrid-Threshold algorithm
(HT), which tries to combine the advantages of both TPOR and TPUT. In the sec-
ond phase of HT, the central manager asks each node to send objects whose scores are
no less than a hybrid threshold, which is calculated as the maximum of the uniform
threshold T = τ1/m from TPUT and the threshold obtained by TPOR. However, this
cannot guarantee the correctness of the algorithm. It is possible that some objects in a
node whose scores are between the uniform threshold by TPUT and the threshold by
TPOR, are top-k objects. Thus, we devise to add a patch phase to make the algorithm
correctly return the top-k objects. After phase 2, the central manager calculates the new
partial sums for all the objects seen so far and identifies the objects with the k highest
partial sums. Let the kth partial sum denote τ2. Then the central manager calculates
Tpatch = τ2/m. Assume Ti is the lower bound of the object scores sent from node i in
phase 2. If Tpatch ≤ Ti, the central manager sends Tpatch to node i and asks node i to
send the objects whose scores are no less than Tpatch. Since Tpatch is greater than T ,
the total number of objects sent by HT is no greater than that of TPUT. If T patch > Ti

for every i, there is no need for this patch phase, i.e., all top-k object candidates have
been considered. HT algorithm is summarized as follows:

1. Phase 1: same as TPUT.
2. Phase 2: The central manager broadcasts the list L to all the nodes in the network

and T = τ1/m as well. Upon receiving the list L, for each object Oj in L, node
i finds its local score Vi,j (if Oj does not occur in the local list, Vi,j = 0) and
determines the lowest local score S i

lowest among all the k objects in L. Then node



i sends the list of local objects whose values are ≥ Ti = max(Si
lowest, T ) to the

central manager. Now the central manager calculates the partial sums for all the
objects seen so far, and identifies the objects with the k highest partial sums. Let us
call the kth highest partial sum “phase-2 bottom” and denote it by τ 2.

3. Phase 3 (patch phase if necessary) : The central manager checks if the threshold
from node i, Ti in phase 2 is greater than Tpatch = τ2/m. If so, the central manager
will send Tpatch to node i as the threshold and ask it to send all the objects whose
scores are no less than Tpatch. Now the central manager calculates the partial sums
for all the objects seen so far, and identifies the objects with the k highest partial
sums. Let us call the kth highest partial sum “phase-3 bottom” and denote it by
τ3. Then the central manager calculates the upper bounds of the objects seen so
far using Usum(O) = S′

1(O) + . . . + S′
m(0) where S ′

i(O) = Si(O) if O has been
reported by node i, and S ′

i(O) = min(Ti, Tpatch) otherwise, and removes any
object Oj from the candidate set whose upper bound is less than τ3.

4. Phase 4: same as TPUT.

Theorem 3. The HT algorithm correctly returns the exact top-k objects for any data
distribution in each node of a two-tier distributed system.

4 Experimental Evaluation

In this section, we experimentally evaluate the performance of our proposed algorithms
TPOR and HT. Note that TPAT is not included here due to the computational overhead
of using multi-bin histograms. However, TPAT is significant in that it provides us the
basic framework which enables us to develop TPOR and HT. We implemented TPUT,
TPOR, and HT in Java and compared their performance over various synthetic and
real data sets. The performance metric we use for the algorithms is the bandwidth con-
sumption. We are mainly concerned with the number of 〈object, score〉 pairs sent from
nodes to the central manager since it is the dominant factor in bandwidth consumption.
The control messages from the central manager to the nodes are broadcast through a
broadcast media. Their size is very small and hence can be ignored.

4.1 Synthetic Data Sets

Various synthetic data sets were generated for performance evaluation as follows. As-
sume there are m nodes, node 0, ..., m− 1, in the network and each node has n objects.
Initially n values v1, . . . , vn are generated, which follow the Zipf’s distribution [17]
with a Zipf factor α. These n values are assigned to the n objects as their scores in
node 0. The scores of an object O in other nodes are generated by using a random walk
model: S[i] = S[i − 1] + si. S[i] represents the score of object O at node i and s i is a
random number in the range [−r, +r]. r is set to c × S[0] where c is a constant which
is less than or equal to 10%. By varying α and c, we can simulate different scenarios
such as the scenario in which the object rankings are similar in different nodes or the
scenario in which the object rankings vary in different nodes.

The experimental results in this section are based on five synthetic data sets. Each
of them has m = 100 nodes and each node has 10000 objects. These five data sets have



α = 0.1, 0.3, 0.5, 0.8, 1.0 respectively. They are referred to as Synthetic-α. Synthetic-
0.1 simulates a scenario where the rankings of objects in each node are quite different.
Since α = 0.1, the initial scores generated for objects are less skewed. Also the constant
c of the random walk model is set to a larger value for those objects which have lower
scores in node 0 and a smaller value for those objects which have higher scores in node
0. This ensures that some objects with higher initial rankings have lower rankings in
other nodes and vice versa. With α increasing, the rankings of objects among all nodes
tend to be similar. When α = 1, the initial scores generated for objects are quite skewed.
Moreover, since c is at most 10%, it is highly probable that the initial rankings of objects
remain approximately the same for the other nodes. Thus, Synthetic-1.0 simulates a
scenario in which object rankings are very similar in different nodes.

Synthetic Data Set (m = 100, Zipf factor = 0.1)
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Synthetic Data Set (m = 100, Zipf factor = 0.5)
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(c) Examine effect of Zipf factor alpha (d) Over the WorldCup98-29 data set

Fig. 2. Performance comparisons of TPUT, TPOR and HT

Fig. 2.(a) and 2.(b) show the performance comparisons of TPUT, TPOR, and HT
over Synthetic-0.1 and Synthetic-0.5 data sets respectively. The queries are for the top-
k referenced objects. From Fig. 2.(a) and 2.(b), we have the following observations:
(1) TPOR and HT outperform TPUT, and the improvement of TPOR and HT is signif-
icant. On average TPUT sends 2 to 3 times more number of 〈object, score〉 pairs than
TPOR and HT do; (2) When the object rankings among nodes become more similar,
i.e., Fig. 2.(b) where α = 0.5, the performance of TPOR and HT over them becomes
relatively stable when k increases while this is not the case with TPUT. This is because,
for such cases, TPOR and HT prune objects mainly based on their rankings, which is
less sensitive to the score variations of objects; (3) For data sets in which the object



rankings among nodes are less similar, i.e., Fig. 2.(a) where α = 0.1, when k increases,
the improvement of HT over TPOR decreases. This is because a higher k results in more
objects sent to the central manager. Thus, the object ID list calculated for TPOR more
accurately captures the true top-k objects. Then more nodes in HT use the thresholds
calculated by the object rankings instead of the uniform threshold calculated by TPUT.
Therefore, fewer 〈object, score〉 pairs are eliminated by using the uniform threshold;
(4) The less the object rankings among nodes are similar, the more 〈object, score〉 pairs
are eliminated by HT as compared with TPOR. The reason is that for data sets in which
the object rankings are less similar, TPOR may calculate a less accurate object ID list
and send more objects in the second phase. However, HT combines the advantages of
both TPUT and TPOR, which can lead to significant gains.

Fig. 2.(c) examines the effect of the Zipf factor on the performance where k is set to
50. As α increases, the object rankings among nodes become more similar and the num-
ber of 〈object, score〉 pairs sent by TPUT, TPOR and HT decreases. This is because
the objects collected from phase 1 provide more accurate information for pruning. Also,
the improvement of TPOR and HT over TPUT becomes more pronounced. In Fig. 2.(c),
for Synthetic-0.8 and Synthetic-1.0 data sets, TPOR outperforms HT. This is because
these two datasets have very similar object rankings in different nodes and hence, most
thresholds calculated in the second phase are actually greater than the threshold calcu-
lated by the TPUT method. Nevertheless, HT requires the patch phase which may have
a lower threshold and thus more objects are sent during the patch phase.

4.2 Real Data Set

We studied the performance of the algorithms on a real data set containing the 2 hour
URL access log from the 29 servers hosting the website for the 1998 World Cup Soccer
on June 18, 1998. It is referred to as WorldCup98-29. The average number of referenced
URLs in each server is about 6082. Fig. 2.(d) shows the performance comparisons of
TPUT, TPOR, and HT over the real data set. The queries are for the top-k referenced
URLs. From Fig. 2.(d), we observe that TPOR and HT outperform TPUT in most cases.
The saving in bandwidth consumption for k = 10 is significant and up to 75%. The
reason is that, for the WorldCup98-29 case, the final top 10 objects have very high
rankings in all nodes. Thus, TPOR and HT can easily avoid returning ineligible objects,
which are possibly returned by TPUT because of the lower value of τ 1. TPOR and HT
perform approximately the same in most cases except for the top 5 case. This is because,
in the first phase of TPOR, each node in the distributed system only returns its local top
5 objects to the central manager. The number of objects returned from all nodes is not
sufficient to capture the final top-k objects. Alternatively, some objects which actually
rank very low in some nodes are included in the object ID list which is calculated in the
first phase. This in turn results in some nodes returning too many objects.

5 Conclusion and Future Work

In this paper, top-k query calculation in distributed networks is studied. Prior research
on distributed top-k query calculation did not take into account data distributions when



pruning ineligible objects. Non-uniformity of data distributions is likely to occur fre-
quently due to the heterogeneous nature of distributed systems. In this paper, we pro-
posed three different distributed top-k query algorithms that consider data distributions
in different ways. We performed extensive experiments over both real and synthetic
data sets to evaluate our proposed algorithms as compared with prior research. Our
experimental results demonstrate that our final algorithm, HT, is more suitable for an-
swering top-k queries in distributed systems when dealing with data with different dis-
tributions. So far, we only considered two-tier distributed systems. One natural step
for our future work is to study the top-k query problem over distributed systems with
hierarchical structures such as peer-to-peer systems.
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