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1 Introduction and Motivation

Machine learning algorithms often assume we have all our data before we try to learn from
it; however, we often need to learn from data as we gather it over time. In my project I
will focus on the case where we want to learn by clustering. The setting where we have all
the data ahead of time is called “batch clustering”; here we will be interested in “online
clustering.” Specifically, we will investigate algorithms for online clustering when the data is
non-stationary.

Consider a motivating example of a t-shirt retailer that receives online data about their sales.
The retailer sells women’s, men’s, girls’ and boys’ t-shirts. Fashion across these groups is
different; the colors, styles, and prices that are popular in women’s t-shirts are quite different
from those that are popular in boys’ t-shirts. Therefore the retailer would like to find the
“average” set of characteristics for each demographic in order to market appropriately to
each. However, as fashion changes over time, so do the characteristics of each demographic.
At every point in time, the retailer would like to be able to segment its market data into
correctly identified clusters and find the appropriate current cluster average.

This is a problem of online clustering of non-stationary data. More formally, consider d-
dimensional data points which arrive online and need to be clustered. While the cluster
should remain intact, its center essentially shifts in d-space over time.

In this paper I will argue why the standard k-means cost objective is unsuitable in the case of
non-stationary data, and will propose an alternative cost objective. I will discuss a standard
algorithm for online clustering, and its shortcomings when data is non-stationary. I will in-
troduce a simple variant of this algorithm which takes into account nonstationarity, and will
compare the performance of these algorithms with respect to the optimal clustering for a sim-
ulated data set. I will then discuss performance guarantees, and provide a practical, rather
than a theoretical, way of measuring an online clustering algorithm’s performance.

2 Background and Literature Review

Before we delve into online clustering of time-varying data, we will build a baseline for this
problem by providing background and reviewing relevant literature.

As in the t-shirt example, the entire data set to be processed may not be available when we
need to begin learning; indeed, the data in the t-shirt example is not even finite. There are
several modes in which the data may be available and we now define precisely what those are.
In batch mode, a finite dataset is available from the beginning. This is the most commonly
analyzed setting. Streaming mode refers to a setting where there is a finite amount of data
to be processed but it arrives one data point at a time, and the entire dataset cannot be
stored in memory. The online setting, which we will be concerned with here, departs from
the previous two settings in that the there is an infinite amount of data to be analyzed, and



it arrives one data point at a time. Since there is an infinite amount of data, it is impossible
to store all the data in memory.

When clustering data in the batch setting, several natural objectives present themselves. The
“k-center” objective is to minimize the maximum distance from any point to its cluster’s
center. The “k-means” objective is to minimize the mean squared distance from all points
to their respective cluster centers. The “k-median” objective is to minimize the distance
from all points to their respective cluster centers. Depending on the data being analyzed,
different objectives are appropriate in different scenarios.

In our case we will focus on the k-means objective. Even in the batch setting, finding the
optimal k-means clustering is an NP-hard problem [1]. Therefore heuristics are often used.
The most common heuristic is often simply called “the k-means algorithm,” however we will
refer to it here as Lloyd’s algorithm [7] to avoid confusion between the algorithm and the
k-clustering objective.

In the batch setting, an algorithm’s performance can be compared directly to the optimal
clustering as measured with respect to the k-means objective. Lloyd’s algorithm, which is
the most commonly used heuristic, can perform arbitrarily badly with respect to the cost of
the optimal clustering [8]. However, there exist other heuristics for the k-means objective
which have a performance guarantee; for example, k-means++- is a heuristic with an O(logk)-
approximation for the cost of the optimal clustering [2]. Another algorithm, developed by
Kanungo et al. in [6], gives a constant factor 50-approximation to the cost of the optimal
clustering.

However, in the online setting, it is much less clear how to analyze an algorithm’s perfor-
mance. In [5], Dasgupta proposed two possible methods for evaluating the performance of
an online clustering scheme. The first is an approximation algorithm style bound: if at time
t an algorithm sees a new data point x; and then outputs a set of k centers Z; then an
approximation algorithm would find some « > 1 such that Cost(Z;) < o OPT, where OPT
is the cost for the best k centers for xq, ..., x;.

Another type of performance metric is regret, which is a common framework in online learn-
ing. Under a regret framework, an algorithm would announce a set of centers Z; at time ¢,
then recieve a new data point x; and incur a loss for that point equal to the squared distance
from x; to its closest center in Z;. Then the cumulative regret up to time ¢ is given by
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and we can compare this to the regret that would be achieved under the best k centers for
L1y .oy Ly

Dasgupta acknowledges that “it is an open problem to develop a good online algorithm for
k-means clustering” [5] under either of these performance metrics. Indeed, although several
online algorithms exist, almost nothing theoretical is known about performance.



There is a standard online variant of Lloyd’s algorithm which we will describe in detail in
Section 4; like Lloyd’s algorithm in the batch case it can perform arbitrarily badly under
either of the performance frameworks outlined above.

The only existing work that proves performance guarantees for online k-means clustering is
by Choromanska and Monteleoni [4]. They consider a traditional online learning framework
where there are experts that the algorithm can learn from. In their setting, the experts are
batch algorithms with known performance guarantees. To get an approximation guarantee
in the online sense, they use an analog to Dasgupta’s concept of regret defined above [5]
and prove the approximation bounds by comparing the online performance to the batch
performance, which has a known performance guarantee with respect to the cost of the
optimal clustering.

Although [4] is the only paper which provides performance bounds for online clustering, there
is a growing literature in this area which focuses on heuristics for particular applications.
In [3], rather than trying to minimize the k-means objective, Barbakh and Fyfe consider how
to overcome the sensitivity of Lloyd’s algorithm to initial conditions when Lloyd’s algorithm
is extended to an online setting.

As motivated in Section 1, here we will be concerned with developing a heuristic for online
clustering which performs well on time-varying data.

The traditional k-means objective is inadequate in the non-stationary setting, and it is not
obvious what it should be replaced by. In this project, we will propose a performance ob-
jective for the analog of k-means clustering in the the non-stationary setting and provide
justification for the departure from the traditional k-means performance objective. We then
introduce a heuristic algorithm, and in lieu of proving a performance guarantee (which it
should be clear by now is an open, hard problem in the online setting, let alone when the
data is non-stationary) we will test empirical performance of the algorithm on a simulated
non-stationary data set. By using a simulated data set we have ground truth and can there-
fore calculate the optimal clairvoyant clustering of the data with respect to our performance
measure. However, the findings would apply to any real data set which has similar prop-
erties of clusterability and nonstationarity; we discuss this in more detail in Section 4 and
Section 5.

3 Cost objective in the non-stationary setting

The traditional batch k-means cost function is given by

Cost(Cl,...,C’k,zl,...,zk):Z Z |2 — 2|3

k {ZIzECk}

where (1, ..., C}, are the k clusters and zq, ..., z; are the cluster centers @]



In the online setting, we must consider the cost at any point in time. At time t, we have
centers 2!, ..., 2t and clusters C%, ..., Ck. Then

Costt(C'f,...,C’,’;,zi,...,z,i):Z Z \|z; — 2| |3

k {ix;eCt}

I claim that this objective is inappropriate in the non-stationary setting; this objective
implicitly assumes that we want to find the best online clustering for all of the points seen
so far, and at time t all points z1,...,x; contribute equally to the cost of the algorithm.
However, in the non-stationary setting, old data points should not be worth as much as new
data points; the data may have shifted significantly over time.

In order to take this into account, I propose the following cost function for the non-stationary
setting:

Cost(Cloon Gl o) = 30 3 6 — 4l

k {ix;eCh}

where § € (0,1). Under this cost function, we want to find k& clusters which minimize
the weighted squared distance from each point to its cluster center, where the weight is
exponentially decreasing in the age of the point.

4 Algorithms

Since we are in an online setting with a theoretically infinite stream of data, it is impossible
to store all of the data points seen so far. Therefore we assume that from one time period
to the next, we can only keep O(k) pieces of information where k is the number of cluster
centers.

In Online Lloyd’s algorithm, at time step t, each point 1, ..., 2; contributes equally to de-
termine the updated centers. Here is the psuedocode for Online Lloyd’s Algorithm:

initialize the k cluster centers zi,...,2; in any way
create counters ny,....,n; and initialize them to zero
loop
get new data point x
determine the closest center z; to x
update the number of points in that cluster: n; < n;+1
update the cluster center: zié—-zi+-£:CE——zﬁ
end loop

I propose an alternative to updating the centers by the update rule z; < z; + ni(x — 2i).
Instead, I suggest using a discounted updating rule z; < z; + a(z — z;) for a € (0,1).

4



This exponential smoothing heuristic should work well when the data is naturally clusterable
and the cluster centers are moving over time. However, as with Lloyd’s algorithm, it may
perform arbitrarily badly and is particularly sensitive to the initial cluster centers. Also,
it may not be a good choice of algorithm if you do not know the number of clusters a
priori.

5 Empirical Tests

In order to run empirical tests, I simulated a data set. I wanted the data set to have the
properties of having natural clusters and for these clusters to drift over time. Since I needed
a data set with ground truth, I modified the well known data set, iris, in order to have the
time series property. Therefore the modified iris data had four dimensions, with 3 natural
clusters whose centers drift over time.

I tested Online Lloyd’s algorithm on this dataset, as well as my exponentially smoothed
version of Online Lloyd’s. Additionally, I calculated the optimal clairvoyant cost. A plot of
costs appears below for a = 0.5:
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As expected, Online Lloyd’s performs poorly as time goes on, but my exponential smooth-
ing version of Online Lloyd’s forgets the initial points and performs close to the optimal
clairvoyant solution.

6 “Practical Performance Guarantee”

It is a hard, open problem to make performance guarantees for online clustering, let alone
when the data is non-stationary. However, if we can keep track of the cost that an algorithm
is incurring over time, we can give a practical performance guarantee by comparing costs of
different algorithms against each other. I claim that it is possible to keep track of the cost
without holding all points ever seen in memory. Specifically, I give the following result:

Result 1. It is possible to calculate the cost in time period t + 1 recursively with only O(k)
pieces of information from the previous time period.

Proof. We will need to keep track of the following pieces of information:

o Cost® = (Cost}, Cost}, ...CL) = the cost at time ¢ for each center

o z' = (21 2L, ...2}), the cluster centers at time ¢

o sum-delta, = (sum-delta;, ..., sum-delta¥) where sum-delta = 3 (ixseCt) §'~"is a scalar
keeping track of the sum of the discount factors of every point that has ever entered
cluster k up to time period t. At every time period we will multiply this number by §.

e sum-delta-x, = (sum-delta-x;, ..., sum-delta-x}) where sum-delta-x¥ = 3 {izieCt} 6y
is a vector keeping track of the sum of every point that has ever entered cluster k up
to time period ¢, weighted by its discount factor.

Let d be the dimension of the data points.

Note that COStt = Z{i:mEC}C} 5t_i|’$i - zltc+1H§ = Z{i::{:ZEC}z} 5t_i Zj:l(xij - Zli]-)Q for every

center k. Suppose that at time ¢ + 1 a new data point x;,; arrives to cluster k.
First we update:

sum-delta; ;1 < dsum-delta,

sum-deltay, | < Ssum-deltal L+l
sum-delta-x; 1 < dsum-delta-x;
sum-delta-x}, | + dsum-delta-x}, | + ;4

The new center z,’“:“l can be chosen in any way. Then the cost in time period ¢ + 1 is given

by Cost™ + 63 itk Cost}. We can calculate Costi ! as follows.
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Therefore, counting a point as a single piece of information, we can calculate the cost recur-
sively from time t to time ¢ + 1 by storing 2 + 2k = O(k) pieces of information from one
period to the next.

]

Therefore, even without knowing the optimal cost, it is possible to run several online clus-
tering algorithms in parallel, calculate the cost each one is incurring, and choose the best
one for a specific dataset.

7 Conclusion

In this paper we have explored online clustering, specifically for non-stationary data. Online
clustering is a hard problem and performance guarantees are rare. When non-stationarity is
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introduced, there is not even a standard agreed-upon framework for measuring performance.
Here, I have defined a cost function for the non-stationary setting, and demonstrated a
simple exponential smoothing algorithm which performs well in practice. There is lots of
room to invent algorithms for online clustering of non-stationary data, but little theoretical
machinery to give performance guarantees. In lieu of this, I have shown that at the very
least, we can compare algorithms against each other by keeping track of the cost with only
O(k) pieces of information. This gives a “practical performance guarantee.”

This paper scratches the surface of online clustering for non-stationary data. In general, this
corner of clustering research contains many open questions.
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