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Lecture 4: High-Dimensional Spaces (3)

We study the Gaussian mixture model, which is formulated by

p(z) = Z w;p;(T).

Here every p; is a Gaussian density function, and w; is the mixture weight representing the
proportion relative to the other Gaussians. The parameter estimation problem for a mixture
model is the problem that, given access to samples from the overall density p, reconstruct the
parameters for the distribution. In today’s lecture, we will focus on the case of k = 2: we will
study the condition under which data points drawn from two Gaussians can be separated, and
the method for estimating the mean and variance of each Gaussian.

1 Separating Gaussians

The following Gaussian Annulus Theorem will be used in our analysis:

Theorem 1 (Gaussian Annulus Theorem). For a d-dimensional spherical Gaussian with unit
variance in each direction, for any 8 < V/d, all but at most 3¢’ of the probability mass is
within the annulus Vd — 3 < ||| < Vd + B, where ¢ is a fived constant.

Notice that .

E[al*] =Y B[] =d-E[a}] = d,

i=1
so the expected (3-distance of a random point from the centre is d. The Gaussian Annulus
Theorem states that the points are highly concentrated. We call V/d the radius of the Gaussian.
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Figure 1: Point y’s component along z’s direction is O(1) with high probability, which implies
that y is nearly perpendicular to z and ||z — y|| = +/[|z||> + ||y||*.



Now we are ready to derive the condition for which two Gaussians can be easily separated
by some simple algorithm. We first study the locations of two random points drawn from the
same Gaussian. We set the parameter /5 from Theorem 1 as 5 = O(1), and the analysis consists
of the following steps:

1. Pick a point x from a unit-variance Gaussian centred at the origin, i.e., point x is chosen
according to the density function

p() = W exp (_\|562||2) _

2. Rotate the coordinate system to make the first axis align with x, i.e.,

x:(\/Zziﬁ,o,...,o):(\/810(1),0,...,0) (1)

3. Independently pick a second point y from this Gaussian. Since y is almost on the equator
from our previous discussion, we can further rotate the coordinate system so that the
component of y that is perpendicular to the axis of the North Pole is in the second
coordinate. That is,

y = (0(1),\/810(1),0,...,0). 2)
Combining (1) and (2), we have

o = yl* = d+0 (Vd) +d+0 (Vd)

and ||z — y|| = v2d with high probability, i.e., x and y are nearly perpendicular with high
probability. See Figure 1 for illustration.

Now we study the case where x and y are random points drawn from two different spherical
unit-variance Gaussians with centres p and ¢ satisfying ||p — ¢|| = A. We are interested in the
condition on A under which data points drawn from different Gaussians can be easily separated.
Our analysis follows the same technique used before, and is illustrated in Figure 2.

1. Let x be a randomly chosen point from the Gaussian centred at p, and we rotate the
coordinate system so that z is at the North Pole.

2. Let z be the North Pole of the ball approximating the Gaussian centred at q.

3. Let y be a randomly chosen point from the Gaussian centred at ¢. Since x — p,p — ¢ and
q — y are nearly mutually perpendicular, it holds that

2 — y||> ~ A2 + ||lz — p||> + |lg — y||> = A? + 2d.

Hence, in order to separate two Gaussians, we need to ensure that 2d + O(v/d) < 2d 4+ A2,
which holds if A = w(d'/*). We can generalise this argument, and derive the condition on A
under which n points can be separated from each other with high probability. Similar with our
analysis for the Johnson-Lindenstrauss Lemma, we need to apply the union bound for ©(n?)
pair of points to ensure that the n points will be separated correctly. Therefore, we need to
ensure that the error probability from Theorem 1 satisfies 3 - e~%** = O(1/poly(n)), which holds
if 8 = ©(y/logn). Therefore we need to include an extra ©(y/logn) term in the separation
distance.

Our analysis shows that under such condition on A, we have a simple algorithm from
separating points from two Gaussians: (1) Calculate the distances between all pairs of points;
(2) Points whose distances are small come from the same Gaussian, while the points whose
distances are large come from different Gaussians.
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Figure 2: The distance between a pair of random points from two different unit balls approxi-
mating the annuli of two Gaussians.

2 Fitting a Spherical Gaussian to Data

After separating the data points from different Gaussians, we need to find the correct parameters
for each Gaussian. Formally, let x1,...,x, be random samples in d-dimensional space, and we
would like to find the spherical Gaussian that best fits the points.

We assume that f is an unknown Gaussian with mean ;i and variance o2 in each direction.
The probability density for picking these points when sampling according to f is given by
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for some normalisation factor c.

Lemma 2. Let {x1,...,2,} be a set of n d-dimensional points. Then (x1 — u)? + -+ (2, — p)?
1s minimised when p is the centroid of the points xq, ..., z,, i.e., u = % Az . Ty,

Proof. Let h(p) = (x1 — pu)? + -+ (z, — w). Then, it holds that

which equals to 0 if y = % -(z1+ ...+ x,). Since the second derivative of h is positive at point
L. (z1+ ...+ x,), the statement holds. O

Assuming that we know the true mean p, we use the similar but slightly complicated analysis
and obtain the following lemma.

Lemma 3. The mazximum likelihood spherical Gaussian for a set of samples is the Gaussian
with centre equal to the sample mean and standard deviation equal to the standard deviation of
the sample from the true mean.

However, although i = % (1 4+ ...+ x,) is an unbiased estimator of the expected value
of the mean, applying i directly won’t give us an unbiased estimate of the variance, and one
should use p* = ﬁ(ml + ...+ x,) instead when estimating the variance.



