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Abstract. In this paper, we consider the problem of partitioning a $rdata
sample drawn from a mixture &f product distributions. We are interested in the
case that individual features are of low average qualjitgnd we want to use as
few of them as possible to correctly partition the sample.aiealyze a spectral
technique that is able to approximately optimize the totahdsize—the product
of number of data pointa and the number of featurds—needed to correctly
perform this partitioning as a function af/~y for K > n. Our goal is motivated
by an application in clustering individuals according teittpopulation of origin
using markers, when the divergence between any two of thelatipns is small.

1 Introduction

We explore a type of classification problem that arises incthr@ext of computational
biology. The problem is that we are given a small sample o size.g., DNA ofn
individuals (think ofrn in the hundreds or thousands), each described by the values
of K featuresor markers e.g., SNPs (Single Nucleotide Polymorphisms, thinkisof
as an order of magnitude larger thalh Our goal is to use these features to classify
the individuals according to their population of origin.dteres have slightly different
probabilities depending on which population the indivichelongs to, and are assumed
to be independent of each other (i.e., our data is a smalllssingpn a mixture ofk very
similar product distributions). The objective we consigeto minimize the total data
sizeD = nK needed to correctly classify the individuals in the sampla &unction of
the “average quality’ of the features, under the assumption that> n. Throughout

the paper, we usg/ andu{ as shorthandsfqrgj) andul@ respectively.

Statistical Model: We havek probability spaces?y, . . ., 2, over the se{0, 1}%. Fur-
ther, the componentdeature$ of » € (2, are independent anlr,, [z; = 1] = pi

(1 <t <k 1<i< K).Hence, the probability spacés,, ..., {2, comprise the
distribution of the features for each of tliepopulations. Moreover, the input of the
algorithm consists of a collectiom(xture) of n = Zle N, unlabeled samplesy,
points from{2;, and the algorithm is to determine for each data point fronictviof
21,...,8 it was chosen. In general we #ot assume thaiv, ..., N; are revealed
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to the algorithm; but we do require some bounds on theiriveaizes. An important

parameter of the probability ensemlilg, . . ., (2, is themeasure of divergence
i 0k — i)
= = 1
YT K @

between any two distributions. Note thafily measures the Euclidean distance be-
tween the means of any two distributions and thus represesitsseparation. Further,
let N = n/k (so if the populations were balanced we would havef each type) and
assume from now on th&tN < K. Let D = nK denote the size of the data-set. In
addition, letr? = max; ¢ pi(1 — pi) denote the maximum variance of any random bit.

The biological context for this problem is we are given DNAammation fromn
individuals fromk populations of origin and we wish to classify each individiméo
the correct category. DNA contains a series of markersd&MPs, each of which has
two variants (alleles). Given the population of origin ofiadividual, the genotypes can
be reasonably assumed to be generated by drawing allelesendently from the ap-
propriate distribution. The following theorem gives a stiéfint condition for a balanced
(Ny = N») input instance whek = 2.

Theorem 1. (Zhou 06 [25])AssumeN; = N» = N. If K = (%) and KN =

(InNloglog Ny then with probabilityl — 1/ poly(NN'), among all balanced cuts in
the complete graph formed amofgdy sample individuals, the maximum weight cut
corresponds to the partition of th&V individuals according to their population of
origin. Here the weight of a cut is the sum of weights acroksddes in the cut, and the
edge weight equals the Hamming distance between the birgeaftthe two endpoints.

Variants of the above theorem, based on a model that allowsamdom draws from
each SNP for an individual, are given in [3, 25]. In particuteotice that edge weights
based on the inner-product of two individuals’ bit vectomsrespond to the sample
covariance, in which case the max-cut corresponds to theaopartition [25] with
high probability. Finding a max-cut is computationallyrexttable; hence in the same
paper [3], a hill-climbing algorithm is given to find the ceat partition for balanced
input instances but with a stronger requirement on the sizbsth K andn K.

A Spectral Approach: In this paper, we construct two simpler algorithms usingcspe
tral techniques, attempting to reproduce conditions abbvearticular, we study the
requirements on the parameters of the model (namely], &, andK) that allow us to
classify every individual correctly and efficiently withdh probability.

The two algorithms CAssIFY and RRTITION compare as follows. Both algo-
rithms are based on spectral methods originally developepiaph partitioning. More
precisely, Theorem 2 is based on computing the singulaoveetith the two largest
singular values for each of the x K input random matrix. The procedure is concep-
tually simple, easy to implement, and efficient in practi€er simplicity, Procedure
Classify assumes the separation paramegisrknown to decide which singular vector
to examine; in practice, one can just try both singular vects we do in the sim-
ulations. Proof techniques for Theorem 2, however, arecditfito apply to cases of
multiple populations, i.e% > 2. Procedure Partition is based on computing a rank-



approximation of the input random matrix and can cope withigtune of a constant
number of populations. It is more intricate for both implertegion and execution than
Classify. It does not requirg as an input, while only requires that the constaris
given. We prove the following theorems.

Theorem 2. Letw = 22NuN2) gnd ., be a lower bound on. Lety be given.
Assume thal{ > 2nInn andk = 2. ProcedureCLASSIFY allows us to separate two

populations w.h.p., when > {2 ( o? ) whereo? is the largest variance of any

YWminW
random bit, i.eo? = max; ¢ pi(1 — pi). Thus if the populations are roughly balanced,
thenn > s suffices for some constant

This implies that the data required i3 = nK = O (1n"04/72w2w§nn)- Let P, —
(p')i=1....x, We have

[Pr = Pally = Ky =

g

K
> v - ph)? > Inn. (2)
=1

WminW

Theorem 3. Letw = 20NLNi) There is a polynomial time algorithPARTITION

that satisfies the following. Suppose tliat> nlogn andn > C;—Zz for some large
enough constant’, and thatw = (2(1). Then given the empirical x X matrix com-
prising the K features for each of the individuals along with the parametés, PAR-
TITION separates thé populations correctly w.h.p.

Summary and Future Direction: Note that unlike Theorem 1, both Theorem 2 and
Theorem 3 require a lower bound eneven wherk = 2 and the input instance is bal-
anced. We illustrate through simulations to show that thénss not to be a fundamental
constraint of the spectral techniques; our experimengallte show that even when

is small, by increasind( so thatnK = 2(1/+2), one can classify a mixture of two
populations using ideas in Procedure Classify with succagsreaching an “oracle”
curve, which is computed assuming that distributions amnm where success rate
means the ratio between correctly classified individuats/snExploring the tradeoffs
of n and K that are sufficient for classification, when sample sizs small, is both of
theoretical interests and practical value.

1.1 Related Work

In their seminal paper [21], Pritchard, Stephens, and Diypeesented a model-based
clustering method to separate populations using genotgfge @hey assume that ob-
servations from each cluster are random from some paramawiel. Inference for
the parameters corresponding to each population is dongyjaiith inference for the
cluster membership of each individual, alhh the mixture, using Bayesian methods.
The idea of exploiting the eigenvectors with the first twoegigalues of the adja-
cency matrix to partition graphs goes back to the work of leiefll2], and has been
used in the heuristics for various NP-hard graph partitigrproblems (e.g., [13]). The
main difference between graph partitioning problems ared dlassification problem



that we study is that the matrices occurring in graph partitig are symmetric and
hence diagonalizable, while our input matrix is rectangingeneral. Thus, the contri-
bution of Theorem 2 is to show that a conceptually simple dficient algorithm based
on singular value decompositions performs well in the frawordk of a fairly general
probabilistic model, where probabilities for each of tRefeatures for each of thi
populations are allowed to vary. Indeed, the analysis AE3IFY requires exploring
new ideas such as the Separation Lemma and the normalizdttbe random matrix
X, for generating a large gap between top two singular valfidéseoexpectation ma-
trix X and for bounding the angle between random singular vectudstlaeir static
correspondents, details of which are included in SectioiitR analysis in full version.

Procedure Partition and its analysis build upon the spetchniques of McSh-
erry [18] on graph partitioning, and an extension due to €ojsnlan [4]. McSherry
provides a comprehensive probabilistic model and presarggectral algorithm for
solving the partitioning problem on random graphs, prodideat a separation con-
dition similar to (2) is satisfied. Indeed, [18] encompasseonsiderable portion of
the prior work on Graph Coloring, Minimum Bisection, and fimgl Maximum Clique.
Moreover, McSherry’s approach easily yields an algorithat solves the classification
problem studied in the present paper under similar assompas in Theorem 3, pro-
vided that the algorithm is given the parameteas an additional input; this is actually
pointed out in the conclusions of [18]. In the context of draartitioning, an algorithm
that does not need the separation parameter as an input wiaedié [4]. The main
difference betweenARTITION and the algorithm presented in [4] is thatATITION
deals with the asymmetric x K matrix of individuals/features, whereas [4] deals with
graph partitioning (i.e., a symmetric matrix).

There are two streams of related work in the learning comigufne first stream is
the recent progress in learning from the point of view of tdusig: given samples drawn
from a mixture of well-separated Gaussians (componentligions), one aims to clas-
sify each sample according to which component distribuii@omes from, as studied
in[8,9,2,23,1,15,7]. This framework has been extendeddcergeneral distributions
such as log-concave distributions in [1, 15] and heavyethdistributions in [7], as well
as to more than two populations. These results focus maimigeducing the require-
ment on the separations between any two cenfferand P,. In contrast, we focus on
the sample siz®. This is motivated by previous results [3, 25] stating thaabquiring
enough attributes along the same set of dimensions fromaaunponent distribution,
with high probability, we can correctly classify every imiiual.

While our aim is different from those results, whete> K is almost universal
and we focus on casds > n, we do have one common axis for comparison, the
{y-distance between any two centers of the distributions.altiex works [9, 2], the
separation requirement depended on the number of dimessi@ach distribution; this
has recently been reduced to be independeht,adhe dimensionality of the distribution
for certain classes of distributions [1, 15]. This is congide to our requirement in (2)
for the discrete distributions. For example, according kedrem?7 in [1], in order to
separate the mixture of two Gaussians,

17y Pall, = 2 (7 + o/own @3



is required. Besides Gaussian and Logconcave, a genemkthe Theoren® in [1]

is derived that in principle also applies to mixtures of dite distributions. The key
difficulty of applying their theorem directly to our scenais that it relies on a con-
centration property of the distribution (Eqg. (10) of [1])athneed not hold in our case.
In addition, once the distance between any two centers id fixe., oncey is fixed
in the discrete distribution), the sample sizén their algorithms is always larger than
n (% log® K) [1,15] for log-concave distributions (in fact, in Theorgnof [15], they
discard at least this many individuals in order to correcthssify the rest in the sam-
ple), and Iargerthaﬂ?(%) for Gaussians [1], whereas in our cases. K always holds.
Hence, our analysis allows one to obtain a clean boundiorthe discrete case.

The second stream of work is under the PAC-learning framkwehere given a
sample generated from some target distributigthe goal is to output a distributiorh
that is close tdZ in Kullback-Leibler divergencek L(Z||Z;), whereZ is a mixture of
product distributions over discrete domains or Gaussia6sl4, 5, 6, 20, 10, 11]. They
do not require a minimal distance between any two distrimg]j but they do not aim to
classify every sample point correctly either, and in gehemguire much more data.

2 A Simple Algorithm Using Singular Vectors

As described in Theorem 2, we assume we have a mixture of teaugt distributions.
Let N1, N» be the number of individuals from each population class. gaad is to cor-
rectly classify all individuals according to their distitions. Letn = 2N = N; + No,
and refer to the case whée¥;, = N, as the balanced input case. For convenience, let
us redefine K to assume we hav®(logn) blocks of K features each (so the total
number of features is reallp (K log n)) and we assume that each sefofeatures has
divergence at least. (If we perform this partitioning of features into blockswdomly,
then with high probability this divergence has changed bly anconstant factor for
most blocks.) The high-level idea of the algorithm is nowdpeat the following proce-
dure for each block of features: use th& features to create anx K matrix X, such
that each rowX;,7 = 1,...,n, corresponds to a feature vector for one sample point,
across itsK’ dimensions. We then compute the top two left singular veaigru, of
X and use these to classify each sample. This classificatthrc@s some probability
of error f for each individual at each round, so we repeat the procdduesach of the
O(log n) blocks and then take majority vote over different runs. Eaeind we require
K > nfeatures, so we need(n logn) features total in the end.

In more detail, we repeat the following proced@réog n) times. Letl’ = 13X\ /30,17,
wherewy,, is the lower bound on the minimum weighiin{ 2%, 22}, which is inde-
pendent of an actual instance. Lsget X ), so(X) be the top two singular values &f.

Procedure Classify: Given~y, N, wpi,. Assume thatV > %

— Normalization: use thé& features to form a random x K matrix X'; Each indi-
vidual random variabléX; ; is anormalizedandom variable based on the original
Bernoullir.v.b; ; € {0,1} with Pr{b; ; = 1] = p] for X; € P, andPr[b; ; = 1] =

p3 for X; € P,, such thatX; ; = 31,



- Take top two Ieftsmgularvectoni uz Of X, whereu; = [u;1,...,uin],i =1,2.
A s(X) > T = 1:‘,))—2N\/3wmm7, useus to partition the individuals with) as
the threshold, i.e., partitiof € [n] according tous ; < 0 Orus ; > 0.
2. Otherwise, usei; to partition, with mixture mean/ = Z?:l u1n as the
threshold.

Analysis of the Simple Algorithm: Our analysis is based on comparing entries in the
top two singular vectors of the normalized randomK matrix X, with those of a static
matrix X', where each entryt; ; = E[X; ;] is the expected value of the corresponding
entry in X. Hencevi = 1,..., Ni, X; = [uf, 3, ..., pf°], wherep] = 171 vj, and
1+p}
2

Vi= Ny +1,....n, X = [, p3,..., K], wherep) = ,Vj. We assume the
divergence is exactly among thek features that we have chosen in all calculations.

The inspiration for this approach is based on the followiegiina, whose proof
is built upon a theorem that is presented in a lecture note figl®an [22]. For a
n x K matrix A, let s;(A) > s2(4) > ... > s,(A) be singular values ofl. Let

U1, ..., Un, U1, ..., s, D€ then left and right singular vectors oX, corresponding to
51(X), ..., sn(X) such that|u;||, = 1, ||v;]|, = 1, Vi. We denote the set of left and
right singular vectors o&” with @y, ..., 4,, U1, ..., Un.

Lemma 4. Let X be the randomn x K matrix andX its expected value matrix. Let
A = X — X be the zero-mean random matrix. ldete the angle between two vectors:
[ui, vi], [wi, v;], where||[u, vi]||, = [|[wi, vi]]|, = 2 and [u, v] represents a vector that

is the concatenation of two vectaisv.

481 (A)

w; — Uil < ||[ug, vi] — [, V)|l = 20; = 2sin(0;) < ————,
o =l < W, v — [ 9) < gont),

(4)
wheregap(i, X') = minj; |s;(X) — s;(X)].

We first bound the largest singular valsigA) = s;(X — &) of (a; ;) with inde-
pendent zero-mean entries, which defines the Euclideamtyperorm

(@)l :=sup Q> asjayy Y a7 <1,y yi<1y. (5)
i

The behavior of the largest singular value ofrarx m random matrices! with i.i.d.
entries is well studied. Latala [17] shows that the weakestimption for its regular
behavior is boundedness of the fourth moment of the engies) if they are not iden-
tically distributed. Combining Theorem 5 of Latala with tbencentration Theorem 6
by Meckes [19] proves Theorem 7 that we néed

Theorem 5. (Bounded Norm of Random Matrices [17])or any finiten x m matrix
A of independent mean zero r.vis; we have, for an absolute constarit

1

4

Ell(aij)| <C max /ZEa”—i—max /ZE(L” ZEaﬁj . (6)
2%

"10necanals One can also obtain an upper boundfy/n + K) onsi(A) using a theorem on by Vu [24],
through the construction @ + K) x (n + K) square matrix out ofi.



Theorem 6. (Concentration of Largest Singular Value: Boun@d Range [19])For
any finiten x m, wheren < m, matrix A, such that entries, ; are independent r.v.
supported in an interval of length at mast then, for all¢,

Pr(|s1(A) — Ms1(A)| > ] < de~t'/4D%. ©)

Theorem 7. (Largest Singular Value of a Mean-zero Random Matix) For any finite

n x K, wheren < K, matrix A, such that entrieg; ; are independent mean zero r.v.
supported in an interval of length at mast with fourth moment upper bounded By
then

Pr(si(A) > CBY*VK + 4D /7 + t} < get/4 (8)

for all t. Hencel| A|| < C; BY/*V/K for an absolute constardt; .

2.1 Generating a Large Gap ins1(X), s2(X)

In order to apply Lemma 4 to the top two singular vectorsfoAnd X’ through

_ 451(X — X)
[ur = |, < T51(70) = 52 (0] 9)
Juz il < ot (10

min (|s1(X) — s2(X)|,|s2(X)])’

we need to first boungs; (X) — so(X)| away from zero, since otherwise, RHSs on
both (9) and (10) become unbounded. We then anagpé2, X') = min (|s1(X) — s2(X)], |s2(X)]).
Let us first define values, b, ¢ that we use throughout the rest of the paper:

K K K
a=> (u)% b= pkuk, = (uh)> (11)

k=1 k=1 k=1

For the following analysis, we can assume thab, ¢ € [K/4, K], given thatX is
normalized in Procedure Classify.

We first show that normalization of as described in Procedure Classify guarantees
that not only|s; (X) — s2(X)| # 0, but there also exists @(+/ N K) amount of gap
betweens; (X) andsz(X) in Proposition 8:

gap(X) := [s1(X) — s2(X)[ = O(VNK). (12)

Proposition 8. For a normalized random matriX, its expected value matriX’ sat-
isfies 10v2NE < gap(X) < vV2NK, wherecy = zlé)(‘;/f_f) is a constant, given that
a,b,c € [K/4, K] as defined in (11). In addition,

,/% < 51(X) < VANK, andg/g < 51 (X) + 52(X) < VINK.  (13)



We next state a few important results that justify Procedilessify. Note that the
left singular vectorsi;, Vi of X are of the formz;, ..., i, vi, ..., yi]":

ﬂl = [xla s L1, Y1, 'ayl]Ta and 17,2 = [:E21 ey T2,Y2, 7y2]T7 (14)
wherez; repeatdV; times andy; repeatsV, times. We first show Proposition 9 regard-
ing signs ofx;, y;,¢ = 1, 2, followed by a lemma bounding the separatior:efy,. We

then state the key Separation Lemma that allows us to coathad least one of top two

left singular vectors of can be used to classify data at each round. It can be extended
to cases wheh > 2.

Proposition 9. Letb as defined in (11): whelh> 0, entrieszy, y; in 4, have the same
sign whilexs, 2 in 4y have opposite signs.

Lemma 10. |.T2 — y2|2 < %n}\?x Wherecmax = (\/ w1 \/ w ) —  Wmin’ | 2|2

Cax min R 2 Cy min o wr
2N whereCy min = | J WhereCy min = LT 0,

40.)%:3)10.)2; |y2
Lemma 11. (Separation Lemma)K~y = s1(X)? (21 — y1)? + s2(X)? (22 — y2)%.

Proof. Let A := P, — P, asin Theorem 2, anbl = [1,0,...,0,—1,0,...,0]7, where
1 appears in the first and1 appears in théV; + 1! positions. Themd = X7b = [ui —
pi 2 — 3, — uE]. GivenX = s1(X) a7 + s2(X) 01 , we thus rewrited
as:A=XTp= Sl(X)l_)lﬂ{b—FSQ(X)l_)gﬂgb = Sl(X)’L_)l (561 —y1)+SQ(X)1_}2 (xg—yg).
The lemma follows from the fact thgt\ ||, = /K~ andv,, o, are orthonormal. =

Combining Proposition 9, Lemma 10, (13), and Lemma 11, wehav

Corollary 12. s5(X) < # and hencg@ap(2, X) = min(sy(X), |s1(X)—

s2(X)]) = s2(X) for a sufficiently smally.

Finally, we show that the probability of error at each rouaddach individual is at
mostf = 1/10, given the sample size as specified in Theorem 2. Hence by taking
majority vote over the different runs for each sample, ogoathm will find the correct
partition with probabilityl — 1/n2, given that at each round we take a setof> n
independent features. We leave the detailed analysislindtgdion.

3 The Algorithm PARTITION

As in Section 2, by repeating the partitioning procksgsn times, we may restrict our
attention to the problem of classifying a constant fractiéthe individuals correctly.
Let V = {1,...,n} be the set of alh individuals, and let) : V — {1,...,k}
be the map that assigns to each individual the populatioeldrtys to. Further, set
Vi = ¢~ 1(t), defineN; = |V;|, I’ = K~, and\ = vKo. In addition, letA = (a,;)
denote the empirical x K input matrix. Then the assumption from Theorem 3 can be
rephrased ag,;, Ky > Ci)\2.

If X = (xij)lgign,lgjgj{ is an x K matrix, then we IeﬂXH = max|¢|=1 HXgH
signify the operator norm of, while || X||r = (3_, ;27 ) denotes the Frobenius



norm. The algorithm RRTITION computes @ank k approximationﬁ of the input ma-
trix A. Thatis,A is an x K matrix of rank at mosk, and if B is anyn x K matrix of
rank at most, then||A — A|| < ||A — B||. Such anA can be computed in polynomial
time via singular value decomposition. L&t denote the-row of A.

Algorithm 13. PARTITION(A4, k)
Input: A n x K matrix A and the parametér. Output: A partition Sy, ..., S; of V.

1. Compute a rank k approximation A of A.
Forj=1,...,2log K do

2. Let I; = K277 and compute Q) (v) = {w € V : [|Ay, — A,||? < 00112}
forallv e V. v v
Then, determine sets Q“) Q“) as follows: fori = 1,...,k do

3. Pick v € V\ UiZ} @V such that QD )\ UiZI QY| is maximum.

set Q) = QU(w) \ Uil @ and ¢/ = T Do) Au:

4. Partition the entire set V' as follows: first, let Sf” = QE” foralll <i<k.
Then, add each v € V' \ U, Qf”) to a set SY) such that |4, — ¢ is
minimum. R ‘

Setr; =Y, Y, o A0 — 672,
5.  LetJ be such that r* = 7, is minimum. Return 5{”, ... S\,

The basic idea behindARTITION is to classify each individual € V' according
to its row vectorA, in the rankk approximationA. That is, two individuals), w are
deemed to belong to the same populatiofi.iff, — A, |2 < 0.01I'2. Hence, RRTITION
tries to determine setSy, ..., Si such that for any twa, w in the same sef; the
distance| 4, — A4,,| is small. To see why classifying the individuals accordingteir
corresponding row vectors iA is a good idea, we consider an auxiliary matfix=
(E,;) with entriesE,; = pfp(v). Thus, the entries ot equal the expectations of the
entries ofA.

Lemma 14. There is a constar® > 0 such thay", ., | A, — E, ||* < CkA? whp.
Proof. Recall thatd andE both have rank< &, we obtain

D N4, —E,|? = || A - Elf} < 2k|| A - E|| < 8k||A—E|* < Ck)?,
veV

where the last inequality follows from Theorem 7. [ ]

Observe that Lemma 14 implies that fmosty we have||A —E,||? < 107°r, say.
Forlettingz = |{v : | A, —E,|? > 1075I"}|, we getl0 61"z < 3 cv | A, —E, |2 <
CkX?, whencez < npi, due to our assumption tha,i, " > k)\z Thus, most rows
of A are close to the corresponding rows of thgectednatrix E. Sincel” is not given
to the algorithm as an input parametexR?ITION has to estimaté’ on its own.

To this end, the outer loop goes throudjlog K “candidate values!’;. These values

are then used to obtain a partitid){l), ceey (k) in Steps 2—4, which are similar to the

algorithm presented in [18]. In addition, Step 4 computestior parameter;. Finally
Step 5 outputs the partition that minimizes the error patame. More precisely, Step 2



usesI; to compute for eachh € V the setQ(v) of elementsw such that|| A, —
A,|| < 0.01T7. Then, Step 3 tries to compute “big” disjoittl’’, ..., @\, where
eacth.j) results from some&)(v;). Further, Step 4 assigns all elementsot covered
by QY. ..., QY to thatQ!” whose “center vectorz? is closest tad,.

Thus, we need to show that eventually picking the partitidrose error ternr;
is minimum yields a good approximation to the ideal partitid, ..., Vj. The basic

reason why this is true is th@ﬁj) should approximate the expectatiif: for class
V; well iff QZ(.J) is a good approximation df;. Hence, ingj), . Qg) is “close” to

Vi,..., Vi, thenr; = 2% D pes® | A, —gi(J)||2 ~ ||A—E|/% will be about as small
as||K — E||% (cf. Lemma 14). Furthermore, Lemma 16 shows that any pamtiiuch

thatr; is small yields a good approximation uf, . . ., V4. Theorem 3 is an immediate
consequence of Lemmas 15 and 16.

Lemma 15. If 11" < I; < I', thenr; < Cok3A? for a certain constan€, > 0.

Lemma 16. Let Sy, ..., Sk be a partition andsy, . .., £, a sequence of vectors such
that % | Yoves, 16— Ajll? < Cok®X2. Then there is a bijectio® : {1,...,k} —
{1,...,k} such that the following holds.

1. ||& —EV=w]|]2 < 0.001 % foralli=1,...,k and
2. Zf:l |Si AV=(5)] < 0.0017miy.

4 Experiments

We illustrate the effectiveness of spectral techniquesgusimulations. In particular,
we explore the case when we have a mixture of two populatiweshow that when
NK > 1/4%andK > 1/, either the first or the second left singular vectoRoghows
an approximately correct partitioning, meaning that thecess rate is well abovie/2.
The entry-wise expected value matdxis: amongK /2 featuresp! > p} and for the
other half pi < pj such thawi, pi,p} € {132 + £, 152 + £}, wheree = 0.1 Hence
~v = a?. We report results on balanced cases only, but we do obseaveimbalanced
cases show similar tradeoffs. For each populafiyrthe success rate is defined as the
number of individuals that are correctly classified, i.Beytbelong to a group that is
the majority of that group, versus the size of the populatin

Each point on the SVD curve corresponds to an average ratel69drials. Since
we are interested in exploring the tradeoffs\of K in all ranges (e.g., whelV << K
or N >> K), rather than using the threshditin Procedure Classify that is chosen in
case bothV, K > 1/, to decide which singular vector to use, we try bathandu.
and use the more effective one to measure the success ratehatrial. For each data
point, the distribution ofX is fixed across all trials and we generate an independent
Xonwx i for each trial to measure success rate based on the morgiaffetassifier
betweernu; andus.

One can see from the plot that whé&h < 1/, i.e., whenK = 200 and400, no
matter how much we increa9é, the success rate is consistently low. Note &tat100
of success rate is equivalent to a total failure. In contrakenN is smaller than /-,



as we increasé&’, we can always classify with a high success rate, where iergén
NK > 1/4?is indeed necessary to see a high success rate. In partithéacurves

for K = 5000, 2500, 1250 show the sharpness of the threshold behavior for increasing
sample sizex from below1/K~? to above. For each curve, we also compute the best
possible classification one could hope to make if one knevdiaace which features
satisfiedp} > p, and which satisfieg! < p. These are the horizontal(ish) dotted lines
above each curve. The fact that the solid curves are appraathese information-
theoretic upper bounds shows that the spectral technigqurisctly using the available
information.

y=0.0016, Balanced case
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Fig. 1. Plots show success rate as a functiombfor several values of(, wheny = (0.04).
Each point is an average over 100 trials. Horizontal linesgtles”) indicate the information-
theoretically best possible success rate for that valug” ¢ghow well one could do if one knew
in advance which features satisfigfl > p% and which satisfieg! < pi; they are not exactly
horizontal because they are also an average over 100 rugrsical bars indicate the value of
for which NK = 1/42.
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