

















Figure 1: A representative 2-dimensional, 78200 point
dataset generated from a mixture of 10 Gaussian distri-
butions.

remained constant for experiments with both the uni-
formly and non-uniformly distributed data. In this way,
we can observe the effect of increasing the size of the net-
work without the number of points per node becoming a
confounding factor. For v nodes, first a dataset contain-
ing 649v points was generated, X. Then these points
were assigned to nodes in one of two ways: uniform as-
signment all nodes get the same number of points, non-
uniform assignment the number of points per node fol-
lows a Zipfian distribution with parameter 0.8 (with the
constraint that each node will contain at least K = 10
points).

Experiments are conducted by first running a cen-
tralized K-means on X. Then P2P K-means is run on X
when assigned uniformly over nodes and when assigned
non-uniformly. The initial centroids in all cases are the
same.

We seek to answer the following questions.

e Does our algorithm incur a large error in terms
of assigning points to different clusters than a
centralized K-means?

e Does our algorithm scale well with the size of the
network in terms of communication cost and error?

5.1.1 Accuracy We measure accuracy of P2P K-
means by comparing the final cluster assignments at
each node to the final cluster assignments from the cen-
tralized K-means. Note, we do not measure accuracy
in terms of any intrinsic cluster labeling of the global
dataset X. We do not assume any such labeling ex-
ists. We measure accuracy as the difference between

the cluster assignments produced by P2P K-means and
those produced by K-means run on X after centraliza-
tion. When we refer to the “cluster membership” of
a given point, we mean the cluster to which the point
was assigned by a specified algorithm (K-means run on
centralized data or P2P K-means).

The initial centroids are labeled 1,..., K (the same
centroids for each node and for the centralized K-
means). For each z € X, let Leent(x) denote the
label (cluster membership) of the cluster to which z is
assigned at the end of the centralized K-means. Assume
x appears at node N; i.e. z € X9, Let Li, (z) denote
the label of the cluster at N; to which z is assigned once
the node reaches the termination state after execution
of P2P K-means. We define percentage membership
mismatch (PMM) over a node i as
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Let Avg(PM M) denote the average percentage mem-
bership mismatch over all nodes i.e. Ly PMM i
ilarly, let STD(PM M) denote the standard deviation
in the average percentage membership mismatch.

Once all peers have reached a termination state
we measure Avg(PPM) and STD(PPM). Figure 2
depicts accuracy as the number of nodes increases from
100 to 1000. For uniform node assignment, the average
PMM (“Avg(PMM) U”) does not exceed 3% and,
including three standard deviations, does not exceed
5.4%. For non-uniform node assignment, the average
PMM (“Avg(PMM) NU”)does not exceed 3.1% and,
including three standard deviations, does not exceed
6%. Hence, the error incurred by our algorithm is quite
low.

Moreover, the accuracy appears more or less flat
with respect to the number of sites implying our algo-
rithm enjoys excellent accuracy scalability with respect
to network size.

Finally, the assignment of data to nodes (uniform
vs. non-uniform) has only a small affect on accuracy
(a slight decrease for non-uniform, as expected). As we
see in the figure, the PMM values for data uniformly
distributed and distributed following a Zipfian distribu-
tion with parameter 0.8 are very close to each other.
Experiments with a smaller Zipfian parameter (we ex-
perimented with Zipfian parameter = 0.5 as well) shows
even closer PMM values.

5.1.2 Communication Complexity We measure
the communication complexity of P2P K-means by
counting the number of bytes passed during the simula-
tion. Let Comm? denote the total number of bytes re-
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Figure 2: Variation of the average and standard devia-
tion of PMM with the number of nodes in the network.
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Figure 3: Variation in the average and standard devi-
ation of communication cost with number of nodes in
the network.

ceived by node i during the entire run of P2P K-means.
Let Avg(Comm) denote the average number of bytes

received i.e. M and let STD(Comm) denote
the standard deviation.

Figure 3 depicts the communication cost incurred
by the algorithm. The number of bytes received per
node increases slightly with increase in number of sites
for uniform assignment of points to sites. For non-
uniform assignment, a sharper increase is observed. The
trend appears linear in both cases with small slope
(good communication cost scaling).

5.2 Dynamic Data, Dynamic Network We also
tested our algorithm in a dynamic environment — both
data and network changes. We assume that changes
occur every 7 global clock ticks. We consider both a
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stationary and non-stationary distribution case. In the
former, old data is replaced by new data sampled from
the same distribution. In the later, each time the new
data is sampled from a different distribution.

Next we describe our experimental procedure. Ini-
tially, a network is generated followed by a dataset
which is assigned to nodes just as in the static case with
non-uniform point assignments (Zipfian 0.8). Next, 10
percent are chosen randomly and labeled “inactive”, the
rest are labeled “active”. The centralized K-means is
run on the aggregate data over all active nodes (using
a randomly chosen set of initial centroids). Next, P2P
K-means is run over only the active nodes (each node
uses the same set of initial centroids as the centralized
K-means).

After 7 clock ticks, the communication cost and
accuracy of P2P K-means is tallied. Next, 10 percent of
the inactive nodes are activated and the same number
of previously active nodes are deactivated randomly
from the network. For each of the newly activated
nodes, all of their dataset is replaced by new data.
In the stationary case, the new data comes from the
same distribution as of the original data. In the non-
stationary case, each time a new data generator is
used with updated Gaussian means that vary randomly
within £1 of the previously used distribution means. At
the (7 + 1)-th clock tick, 10 percent of the active nodes
are selected randomly and each of these nodes have 20
percent of their dataset replaced by the new data (in the
non-stationary case, updated Gaussian means are used
as described before). The centralized K-means is run
on the aggregate new data over all active nodes with
initial centroids the same as the final centroids from the
previous run of centralized K-means. Finally, P2P K-
means is run over only active nodes where each node
uses initial centroids the same as the final centroids at
that node from the previous run (provided the node was
active during the previous run, otherwise, the node sets
its initial centroids as described in Section 3.3).

We seek to answer the following questions.

e Does our algorithm incur a large error at the end
of any period?

e How does the accuracy and communication cost
change over time?

e What impact does increasing the network size have
on the previous two?

e What impact does stationary vs.
have on the previous two?

non-stationary

5.2.1 Accuracy Figure 4 shows the accuracy at the
end of each period (three different period lengths, 50,
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Figure 4: Variation of the average and standard devi-
ation of PMM over time (7 = 50,100, and 200), 500
nodes, and stationary data distribution.

100, and 200 global clock ticks) with 500 total nodes
and a stationary data distribution. “Avg PMM (p=50)”
denotes the average PMM with 7 = 50 and “SD
PMM(p=50)" denotes the standard deviation. As
evident from the figure, our algorithm achieves very
good accuracy (less than 3% average PMM) at the
end of each period. Also, the average PMM appears
relatively flat — accuracy does not change much over
time. Moreover, the curves for different time periods
are very similar showing that the frequency of data
change does not seem to affect accuracy. The standard
deviation curves show that a significant amount of
instability exists during the first period, but dampens
down quickly.

Figure 5 shows the accuracy under the same con-
ditions as Figure 4 except a non-stationary distribution
is used. The results are very similar in nature with
PMM values slightly higher. Interestingly, the standard
deviation is slightly lower than in the stationary data
distribution case.

To check the scalability of our algorithm, we ran ex-
periments with uniform and non-uniform node assign-
ments over a network with size varying from 100 nodes
to 1000 nodes. The period size is fixed at 100 ticks and
both a stationary and non-stationary data distributions
are used. Figure 6 shows the accuracy at the end of
eleven periods of length 100 with a stationary data dis-
tribution. “Avg PMM(U)” denotes the average PMM
over a uniform node assignment and “SD PMM(U)” de-
notes the standard deviation. It is evident that our al-
gorithm shows excellent scalability and achieves high
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Figure 5: Variation of the average and standard devi-
ation of PMM over time (7 = 50,100 and 200), 500
nodes, and non-stationary data distribution.

accuracy with respect to centralized K-means even for
dynamically changing data and network irrespective of
network size. Figure 7 shows the corresponding result
when new data is coming from a non-stationary distri-
bution. The average PMM value is slightly higher com-
pared to the stationary distribution case, but scalability
of the algorithm is, once again, very good. These results
provide evidence that our algorithm’s performance is
not affected by the network size.

5.2.2 Communication Complexity We measure,
for each time period, the average number of bytes trans-
mitted over all nodes (“Avg Comm”) and the standard
deviation (“SD Comm”). Figure 8 shows the communi-
cation complexity over each time period (period lengths
50, 100, 200 global clock ticks) with 500 nodes and a
stationary data distribution. The communication cost
is initially very high during the first period, since sites
start from randomly assigned centroids at the beginning
and execute most of their total iterations during this
time, thus needing high volume of message exchange.
After that it decreases sharply and becomes roughly
constant after third period. Except for a start-up spike,
the average amount of communication per node remains
stable thereafter. The relatively high standard devia-
tions are likely due to the fact that some nodes have
many more neighbors than others.

Figure 9 shows the communication cost for a non-
stationary distribution. As was the case with the accu-
racy figures, the result is very similar to the previous
stationary distribution figure.
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Figure 6: Variation of the average and standard devi-
ation of PMM with number of nodes in the dynamic
network: stationary data distribution, 7 = 100.
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Figure 7: Variation of the average and standard devi-
ation of PMM with number of nodes in the dynamic
network: Non-stationary data distribution, 7 = 100.
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Figure 9: Variation of the average and standard devia-
tion of communication cost over time (periods of length
50, 100, 200); 500 sites and non-stationary data distri-
bution.

162



6 Conclusions and Future Work

We have considered the problem of K-means clustering
on data distributed over a large, dynamic network, the
data or the network itself may change. We assume the
network to be peer-to-peer (does not have any special
servers). Centralizing all the data to a single machine to
run a centralized K-means is not an attractive option.
Ideally, the algorithm ought to (1) not require global
synchronization, (2) be communication-efficient, and (3)
be robust to network or data change.

We have described a locally synchronous algorithm
for this environment, P2P K-means. Nodes only com-
municate and synchronize with their topologically im-
mediate neighbors. We conducted experiments using
synthetic, 10D data generated from a mixture of 10
Gaussian distributions with 10% added uniform noise.
We ran P2P K-means over a simulated environment of
up to 1000 nodes.

We first considered a static environment (data and
network do not change) and measured the accuracy
(with respect to K-means run on the data once cen-
tralized) and communication cost of P2P K-means. We
observed high accuracy (less than 3% of points per node
misclassified on average) and very good scalability. We
did not observe the method of assigning data points to
nodes (uniformly vs. non-uniformly) to have significant
impact on accuracy. However, the assignment method
did have a significant impact on communication cost.
The number of bytes received per node increases slowly
with network size for uniform assignment. And, the
cost increases more sharply for non-uniform assignment
(although still appears linear).

We also conducted experiments in a dynamic envi-
ronment. We observed very good accuracy (less than
3.5% misclassified on average) which remained stable
as the network evolved. Moreover, changing the time
period or the data distribution (stationary vs. non-
stationary) did not impact accuracy significantly. In-
creasing the number of peers (from 100 to 1000) did
not appear to affect accuracy significantly providing ev-
idence that the algorithm exhibits good scalability.

In conclusion, we feel that P2P K-means exhibits
very good accuracy and is robust in the presence of
network and data change.
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