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ABSTRACT
A large-scale data dissemination application is character-
ized by a large number of information flows and infor-
mation consumers. Consumers are interested in different,
yet overlapping, subsets of the flows. Multicast is used to
deliver subsets of the flows to subsets of the consumers.
Since multicast groups are a limited resource, each con-
sumer must filter out a large number of unneeded flows.
We alleviate the end-node filtering load by using hierarchi-
cal clustering of flows to transport-layer sessions, and clus-
tering of sessions to network-layer multicast groups. This
scheme allows for hierarchical filtering of flows at the re-
ceivers. We formulate a cost function that models and em-
phasizes the filtering process, and propose algorithms for
the solution of the hierarchical mapping problem. Perfor-
mance evaluation indicates a significant reduction of end-
node filtering cost compared to a non-hierarchic approach.

KEY WORDS
Multicasting algorithms, multicast mapping, data dissemi-
nation, receiver interest, hierarchical clustering, optimiza-
tion algorithms.

1 Introduction

Consider a large-scale data dissemination application that
is characterized by a large number of information flows (in
the hundreds of thousands), and a large number of informa-
tion consumers (in the thousands). Each information flow
generates messages which must be delivered to interested
consumers. Information consumers display interest hetero-
geneity, that is, consumers are interested in different, yet
overlapping, subsets of the information flows. Naturally,
an individual information flow may be required by many
consumers.

Such a setup is typical of a large financial trading
office, for example, where the flows can be stock quotes,
commodity prices, etc., and the consumers can be traders,
analysts and so on. Each trader or analyst is interested in a
different portfolio — thus displaying interest heterogeneity
across the data consumers. A simplified model of such a
system is shown in Fig. 1. The publisher divides the data
feed into a large number of topics (a synonym to informa-
tion flows), and each consumer subscribes to his topics of

interest. We assume that the publish-subscribe part of the
system is confined to a multicast-enabled enterprize LAN.

The challenge is to deliver the messages generated by
the flows to the interested consumers in an efficient manner.
In a sparse yet correlated subscription pattern [1], such as
the one we assume, flooding is very inefficient as the con-
sumers will be burdened heavily with an enormous amount
of unwanted incoming traffic. Unicast, on the other hand,
is perfect for the consumer, but many messages will travel
multiple times on the common parts of the network, wast-
ing network resources and heavily loading the transmitter.

It was suggested by [2] to solve the message distri-
bution problem by assigning a multicast group per flow.
However, multicast groups are a limited network resource,
because routers must save and maintain state information
for every multicast group used. Moreover, certain end-node
systems pose limitations on the number of multicast groups
one can join. Thus, using a multicast group per flow is im-
practical for large scale systems. An alternative is to map
the large number of flows to a fixed number of multicast
groups, and to assign each receiver with a set of multicast
groups so as to satisfy its flow subscriptions. The problem
is to find these pair of mappings so as to minimize some
cost function that quantifies system performance. This had
been termed the “channelization” problem and shown to
be NP-hard by [3]. Several authors have tried to tackle this
problem by clustering flows into multicast groups [4, 5, 1].

A solution to the channelization problem, accord-
ing to the cost function proposed by [3], aims to strike
a balance between the total bandwidth consumed and the
amount of unwanted information received by consumers.
Thus, in general, even the optimal solution still leaves the
consumers with the need to filter the incoming stream of
messages. It has been found [6] that in a high through-
put messaging application over a fast enterprize network,
it is often the computing power of end-nodes that limits
performance. The fact that the number of flows is orders
of magnitude larger than the practical number of multicast
groups (∼ 105 vs. ∼ 102), together with the large number
of receivers (∼ 103), aggravates this problem.

Our main goal is to further reduce the filtering load
imposed upon the receivers. To that end, we introduce a
hierarchical clustering scheme that allows for hierarchical
filtering of flows at the receivers. We propose to cluster the
flows into transport-layer multicast sessions, and cluster the
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Figure 1. A simplified model of a financial data dissemina-
tion system.

sessions into network-layer multicast groups. We formu-
late a cost function that models and emphasizes the hierar-
chical filtering process, and incorporate it in algorithms for
the solution of the hierarchical mapping problem. A statis-
tical model for consumer interest and message rate, based
on real-life data from the financial domain, is presented.
The statistical model is used to evaluate the performance of
the proposed scheme.

Finally, let us remark that alleviating the filtering bur-
den off the receivers has also been the goal of content-based
messaging. However, central filtering had been deemed
slow, and broker-assist solutions (e.g. [7], [2]) introduce
delays in the data path, which makes them inapplicable
in certain scenarios. On the other hand, multicast is now
widely available and is enabled by default in most LANs.
We thus see an advantage in utilizing multicast capabilities
for high throughput messaging.

2 Problem Description and Model

Let F denote the set of information flows, |F | = K . Flow
Fk produces a sequence of messages with rate λk messages
per second, k ∈ F , and λ = [λ1, · · · , λK ].

Let U denote a set of users (consumers), |U | = N .
Each user Un contributes a binary “interest vector” of
length K , where a 1’ in the k th position denotes his interest
in flow Fk. The rows of the “interest matrix” W = (wnk),
k ∈ F , n ∈ U , are the users’ interest vectors:

wnk =
{

1 user Un is interested in flow Fk

0 otherwise

Each flow is mapped into a session (also referred to
as a “stream”), which is a globally unique transport layer
entity, for example, a transport session in Pragmatic Gen-
eral Multicast (PGM) [8, 9]. Each session is mapped to a
multicast group (see Fig. 2). Let S denote the set of ses-
sions (streams), |S| = L; and G denote the set of multicast
groups, |G| = M .

In the general case, a session might be mapped to
more than one multicast group. However, in order to avoid
the complications associated with stream duplication, in

this work we restrict each session to be mapped to a sin-
gle multicast group. This restriction is in accordance with
the specifications of most reliable multicast protocols (e.g.,
PGM).

The flow-to-session mapping matrix, X = (xkl), k ∈
F , l ∈ S, is defined

xkl =
{

1 flow Fk is mapped to session Sl

0 otherwise

Let the total rate of session Sl be θl messages per second,
and θ = [θ1, · · · , θL]. That is, θ = λ · X . The session-
to-group mapping matrix, Y = (Y lm), l ∈ S, m ∈ G, is
defined

ylm =
{

1 session Sl mapped to group Gm

0 otherwise

A user interested in an information flow must listen to the
appropriate multicast group, pull out the relevant session,
and extract the desired information flow from the session.
See for example Fig. 2, where user U3, interested in flow
F3, might be given the reverse path /Gm/Sl/F3 (note that
there is more than one reverse path from U3 to F3).

The subscription matrix, Z = (znl), n ∈ U , l ∈ S,
specifies to which sessions must each user subscribe

znl =
{

1 user Un subscribes to session Sl

0 otherwise

The group listening matrix, P = (pnm), n ∈ U, m ∈ G,
specifies to which multicast groups must each user join

pnm =
{

1 user Un joins group Gm

0 otherwise

Since each session is mapped to a single multicast group,
P = u (Z · Y ), where B = u(A) is the point-wise step
operator, bi,j = 1 for ai,j > 0, and 0 otherwise.

A legal set of mappings must comply to several re-
quirements. Specifically:
(i) No false exclusion — all the flows a user is interested
in are mapped to one or more sessions to which the user
subscribes. That is,

∑
l∈S

znl · xkl − wnk ≥ 0. ∀ n ∈ U, k ∈ F.

(ii) No dummy sessions or groups — no empty, unmapped,
or un-listened sessions and groups. That is,

∑
k∈F

xkl > 0 ∀ l ∈ S, and
∑
l∈S

ylm > 0 ∀ m ∈ G.

This is a parsimony requirement.
The optimal set of mappings must also minimize a

certain cost function. Thus, the problem can be phrased
in the following way. Given F, λ, S, G, U, W , find a set
of mappings X, Y, Z , that complies with the constraints,
and minimizes the cost function C(X, Y, Z). In this paper
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Figure 2. Mapping between information flows, streams,
multicast groups, and users (with flow duplication).

we propose a cost function that models the filtering cost
incurred upon the users (defined in the sequel).

Let us call the overall three-stage mapping problem
from information flows to users the “channelization prob-
lem”, and the user-to-session mapping the “subscription
problem” (as in [3], see Fig. 2). Note that in our approach,
the mapping from information flows to multicast groups is
a two stage process, whereas in [3] it is a single stage pro-
cess, in which sessions do not exist, or are synonymous
with flows.

The flow-to-session mapping can be constrained to
exclude a mapping that maps a flow to more than one
session, that is,

∑
l∈S xkl ≤ 1. This is called the “no-

duplication” constraint. It has been shown [3] that the
original channelization problem is NP-hard in both the con-
strained and unconstrained cases; whereas the subscription
problem, which is NP-hard in the unconstrained version,
can be solved in linear time in the constrained case. It can
be shown that, despite the differences in structure and cost
function, the above mentioned results also apply to our ver-
sion of the channelization and subscription problems.

3 Mapping Costs

The mapping costs can be classified into two categories:
network resources, and processing resources. Network
costs such as total transmission rate, end node weighted
reception rate, and end node excess rate were treated by
[3]; average receiver goodput was treated by [4, 5]. The
said cost functions implicitly take into account the process-
ing load incurred upon the receivers. As discussed earlier,
our goal is to alleviate the end-node processing load. We
therefor pay a closer attention to the processing costs in the
hierarchical filtering scheme we proposed.

3.1 Processing Costs

The filtering process is made of two stages. Superfluous
sessions that belong to a multicast group the user is listen-
ing to are dropped first. Superfluous flows that belong to

a session the user is subscribed to are dropped second (see
Fig. 3). Note that sessions are filtered by a lower layer than
the flows (transport layer versus messaging layer), and that
it is always better to filter an excess message at the low-
est possible layer. Moreover, messages sent on multicast
groups the user is not listening to are filtered by the net-
work elements and network interface card, with no cost to
the user. The transition to filtering in two stages can in-
crease the filtering speed because filtering streams is faster
than filtering flows. In addition, a substantial reduction in
filtering costs comes from another technique we call mes-
sage aggregation.

3.2 Message Aggregation

In many messaging applications, and in financial data dis-
semination systems in particular, messages are usually
quite short. Message lengths of 100B to 1KB are typical.
Thus, it is possible to aggregate several messages into a
single network packet. This technique had been shown to
produce significant savings in packet processing overhead,
since some of the fixed cost of processing a packet is amor-
tized over all the messages in that packet [6]. Let us assume
each packet belongs to a single session. Denote by h the
“aggregation factor” — the average number of messages
per packet (see Fig. 3). Let us quantify the processing load
per message.

Session filtering cost — For every session a user re-
ceives, a cost α(h) · θl is added.

Ch
1 =

∑
n∈U

∑
l∈S

∑
m∈G

pnm · ylm · α(h) · θl (1)

α(h) = α0 + α1/h (2)

Flow filtering cost — For every flow in a session that
is actually being accepted by the user, a cost β(h) · λk is
added. Thus,

Ch
2 =

∑
n∈U

∑
l∈S

∑
k∈F

znl · xkl · β(h) · λk (3)

β(h) = β0 + β1/h (4)

Given that the messages are of fixed length, α0 and β0

are elements that depend on the packet length, whereas α1

and β1 are elements associated with a fixed cost per packet.
Note that subject to the no-false-exclusion require-

ment, minimizing Cw = Ch
1 + Ch

2 amounts to minimizing
the extra filtering work due to the superfluous streams and
flows received by the users, denoted Cx.

4 Clustering Algorithms

In the general case, one can map a flow to more than one
stream. We limit our attention to the “no-duplication” case,
where a flow can be mapped to a single session. This
makes the subscription problem solvable in linear time [3].
Since messages are not duplicated, transmission rate is kept
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Figure 3. Hierarchic filtering costs.

to a minimum, saving transmitter and network resources.
Moreover, the no-duplication constraint significantly re-
duces the management costs of the system. This is espe-
cially important for a large scale system like the one we
explore.

The “no-duplication” constraint allows mapping
flows to streams to be viewed as clustering flows to
streams, and the same apply for mapping steams to groups.
A simple heuristic for building the clustering hierarchy is
to take the results of clustering in one level as the input of
the next. Several variants of this approach will be presented
in the sequel.

Since the cost functions (1) and (3) of the two hierar-
chies are identical in structure, we describe the clustering
routine for one level only. We now describe a distance mea-
sure derived from Ch

1 and Ch
2 that will form the heart of the

clustering algorithms that follow.

4.1 A “Distance” Measure

Every flow, Fk, is associated with a feature vector Vk and a
message rate λk . The binary vector Vk is defined to be the
kth column of the interest matrix W . The coordinates of Vk

are “users” — thus, flows can be considered to be points in
“user-interest space”. The “distance” between two points
(flows) is defined as

dp(Fi, Fj) = dp(Vi, Vj) =
∑
n∈U

g(Vj(n) − Vi(n), λi, λj)

(5)
where

g(x, λ1, λ2) =

⎧⎨
⎩

0 x = 0
λ1 x > 0
λ2 x < 0

(6)

Function dp(Fi, Fj) quantifies the amount of excess filter-
ing incurred upon the users if Fi and Fj are clustered into

the same stream. (Note that (5) is not a proper distance
measure as it does not maintain the triangle inequality.)

Recall that stream Sl is a set of flows, Sl =
{Fi, Fj , · · · }, the total rate of which is θl. The centroid
of the stream is defined as

Cl{Sl} =
⊕

Fk∈Sl

Vk, (7)

where
⊕

denotes the bit-wise OR of binary vectors Vk. In
other words, Cl(n) = 1 if user n subscribes to stream l,
and 0 otherwise. The distance between flow Fk and stream
Sl is defined as

dg(Fk, Sl) =
∑
n∈U

g (Cl(n){Sl − Fk} − Vk(n), λk, θl)

(8)
where Cl(n){Sl − Fk} means that we remove Fk from
the stream it belongs to in order to calculate the distance
to that stream, and g(·, ·, ·) is defined in (6). This function
quantifies the amount of excess filtering incurred upon the
users if Fk is added to stream Sl. Note that (8) is the “local”
equivalent of (3), given the no-false-exclusion requirement.

4.2 K-Means

We use the K-means clustering algorithm [10], with flows
and centroids (7) as points in “user-space”, and (8) as a
distance measure between them:

1) Initialize: associate each point to a group according
to some policy (e.g. random), calculate the centroid (7) of
each group.

2) Nearest neighbor: pick a point and reassign it to
the closest group, using (8). Do not reassign in case of a
tie.

3) Centroid: update the the centroids of the old and
new groups for that point.

4) Stop: if one pass over all the points does not pro-
duce a group change then stop; else goto step 2.

Note that each step of the algorithm can only reduce
the cost of the partition, as calculated by (3). Thus, con-
vergence is guaranteed. However, the algorithm does not
guaranty convergence to a global minimum [10]. The stan-
dard approach is to restart the algorithm several times (with
random initialization) and choose the best outcome. The
stop condition can be augmented by limiting the number
of iterations, running time, or the improvement rate of the
total cost.

4.3 Hierarchical Clustering Algorithms

Our goal is to cluster flows to streams and streams to
groups. This can be achieved by using a one-level clus-
tering algorithm in two stages. Several variants exist.

Streams First (SF): Cluster flows to streams, and then
cluster the resulting streams into groups.
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Figure 4. A realization of the receiver interest matrix, W ,
and message rate, λ.

Groups First (GF): Cluster flows into groups, and
then treat each group separately and cluster flows into
streams within each group.

An Iterative Approach (IT): Iterative invocation of the
GF and SF: 1) Start with a iteration of GF. 2) Use the re-
sulting X and Y maps as a starting point for an iteration of
SF. 3) Flatten the resulting two level map to a flow-to-group
map and use it as a starting point for an iteration of GF. 4)
Compute the cost of each new map (X ,Y ) and save it if it
is better than the previous best map. 5) Continue to iterate
from step 2, or stop after a prescribed number of iterations.

Random Restart with Annealing (RRA): 1) Fix Pf =
P1, 0 < P0 < P1 ≤ 100 and 0 < µ < 1. Start with
an iteration of GF. 2) Choose randomly Pf percent of the
flows, and reassign them randomly to the streams. 3) Use
the randomized maps (X ,Y ) as a starting point for another
round of GF. 4) Compute the cost of the map (X ,Y ) and
save it if it is better that the previous best map. 5) Reassign
Pf = Pf · µ, and repeat from step 2, or stop if Pf < P0.

5 Performance Evaluation

5.1 Receiver Interest and Message Rate

In order to better understand the real environment in which
a data dissemination application would be required to func-
tion, we studied the number of trades executed on each
symbol (stock) during one day, over a period of one month,
in the New York Stock Exchange (NYSE) [11]. We assume
this number is proportional to the interest of users in the re-
spective stock, as well as the message rate associated with
each symbol. The empirical daily trade distribution was
fitted quite accurately with an exponential curve, with mi-
nor variations from day to day. The normalized cumulative
daily trade distribution indicated that 10% of the symbols
concentrate 55% of the trade.
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Figure 5. Estimation of processing costs as a function of
the aggregation factor.

We assume the existence of several stock markets,
with exponential symbol-interest distribution within each
market. We further assume that the interest in different
markets is distributed according to a Zipf distribution (i.e.,
Pr(i) ∝ 1/i), with the size of each market relative to the
interest in it.

The hierarchical clustering approach was tested us-
ing the model described above. The benchmark system
was comprised of 20000 symbols divided into 10 mar-
kets, and 500 users. Each user was interested in two mar-
kets, and chooses 1% of the symbols in each selected mar-
ket. The average number of symbols per user was 68.85
(max=102,min=15). Figure 4 shows an example of a user
interest matrix (top), and the relative message rate of each
symbol (bottom), according to this model.

5.2 Estimation of Processing Costs

We estimated α(h) and β(h) using the following setup.
Several flows were transmitted on streams S1 and S2, with
message rates θ1 and θ2. Streams S1 and S2, were mapped
to the same multicast group. A receiver was set to accept
only S1. We assume that under medium to high load, the
CPU utilization can be written as

CPUUtil ∝ (θ1 + θ2) · α(h) + θ1 · β(h). (9)

For a given aggregation factor, h, several combinations of
the pair (θ1,θ2) were applied, and the CPU utilization of the
receiver was measured for every combination. This allows
us to estimate α(h) and β(h) by mean square fit to (9). The
resulting α(h) and β(h) estimates were then fit with (2)
and (4). Typical experimental results from a Linux system
and an in-house implementation of a messaging application
[12] are shown in Fig. 5. We therefor choose h = 8, and
α(8) ∼= β(8) ∼= 1 as typical values.
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5.3 Multicast Vs. Unicast and Flooding

It is instructive to compare the performance of the pro-
posed scheme with the conventional methods of unicast and
flooding. Unicast would be perfect in terms of end-node
excess rate — every user receives exactly what he needs.
However, given the interest matrix and message rate gener-
ated by our model (Fig. 4), a unicast transmitter would have
to send each message an average of 10.1 times. Depending
on the total data rate, this may be completely impractical in
some systems.

Flooding means that the transmitter sends all the flows
on the same stream and multicast group. This reduces the
amount of multiplexing the transmitter has to do, and sim-
plifies the system. However, the filtering load on the re-
ceivers increase. For example, given the interest matrix and
message rate generated by our model, the average ratio of
wanted messages to the overall messages received (good-
put) would be only 2%. Let us define the flooding excess-
rate filtering-cost:

Cf =
∑
n∈U

∑
k∈F

(α(h) + β(h)) · (Ik − wnk) · λk,

where Ik = 1 if
∑

n wnk > 0, and 0 otherwise. Cf is
used to normalize the filtering cost of the proposed scheme,
presented in the following subsections.

Note that hybrid solutions are possible. For example,
one could pick all the flows that have only a single inter-
ested user and transmit them by unicast. Moreover, one
could also duplicate some flows on unicast links, subject to
certain limitations on the number of unicast links and trans-
mitter load. However, these options are out of the scope of
this paper.

5.4 The Effect of Hierarchy

The GF algorithm was applied using a varying number of
streams and groups. Fig. 6 shows Cx, the weighted excess-

rate filtering-cost (see Sec. 3.2), normalized by the cost of
flooding, Cf. GF results are shown for various values of α
and β. In general, the results indicate that for a given num-
ber of groups, increasing the number of streams reduces
the total cost; for a given number of streams, increasing the
number of groups also reduces that cost. A similar pattern
had been displayed by the other algorithm variants. The
configuration where the number of streams is equal to the
number of groups, presented as circles in Fig. 6, is equiv-
alent to a non-hierarchical setup, as in [4, 5]. We keep
α + β =const. in order to maintain the cost of the non-
hierarchical setup across (α, β) variations.

The relation between α and β alters the relative ef-
fectiveness of adding groups versus adding streams. When
β < α, as in Fig. 6-right, adding streams becomes less
effective. On the other hand, when β � α, as in Fig. 6-
left, adding streams becomes almost as effective as adding
groups. The typical case according to our measurements
(Fig. 6-middle), is somewhere in the middle, confirming
our basic approach that hierarchical clustering can signifi-
cantly reduce the filtering load incurred upon the receivers,
compared to the non-hierarchical setup.

5.5 Algorithm Comparison

Figure 7 shows the relative filtering cost (Cx/Cf) of the 4
variants of the hierarchical K-means algorithm, for a vary-
ing number of streams, 50 groups, and α = β = 1. Results
show that for a small number of streams there is hardly any
difference between the variants in terms of cost. However,
when a large number of streams is allowed, the GF vari-
ant shows a clear advantage over the SF variant. The IT
and RRA variants shows the best performance in terms of
cost, with minor differences between them (IT: 4 iterations;
RRA: P1=10, P0=0.5, µ=0.8). The same relation between
the algorithms was manifested for 10, 20 and 100 groups
as well.
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6 Conclusion

In this paper we proposed a method for clustering informa-
tion flows into multicast sessions, and clustering sessions
into multicast groups. This approach is an evolvement of
the channelization approach [3], where flows are mapped
into groups directly, and sessions are not defined. This
evolvement is necessitated by two factors. One factor is
the large disparity between the number of flows in a large-
scale data-dissemination system, and the number of prac-
tically usable multicast groups. The second factor is the
observation that in such systems the filtering load incurred
upon the receivers is a major performance consideration.

We formulated a novel cost function that captures the
hierarchical structure of the problem, as well as the intro-
duction of the message aggregation technique. We pre-
sented several hierarchic clustering algorithms and evalu-
ated their performance. The receiver interest and message
rate, which were used in the evaluation, were based on real-
life data from the financial sector. The experimental results
indicate that the hierarchical approach indeed alleviates the
receiver filtering load, compared to a non-hierarchic ap-
proach. According to our perspective, this will increase
the performance of the system as a whole.

We estimated the processing costs (α(h) and β(h)) in
order to justify the additional division into sessions, since
if β(h) � α(h) (i.e., filtering flows in the messaging layer
is relatively cheap, see Fig. 3), the extra level of hierar-
chy does not help much. The relation between α(h) and
β(h) depends on implementation details, and thus it is ad-
visable to reaffirm it on any specific system. In addition,
the results demonstrate the importance of efficient stream-
filtering mechanisms in the implementation of reliable mul-
ticast transport protocols.
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