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Abstract

We test whether two sequences are generated by the same distribution or by two different
ones. Unlike previous work, we make no assumptions on the distributions’ support size.
Additionally, we compare our performance to that of the best possible test. We describe an
efficiently-computable algorithm based on pattern maximum likelihood that is near optimal
whenever the best possible error probability is < exp(—14n?/3) using length-n sequences.

1. Introduction

We consider the problem of testing whether two sequences are generated by the same
distribution or by two different ones. There is an extensive amount of literature on this
problem and several of its variants in the framework of hypothesis testing [5, 21, 7, 11, 12],
which primarily considers asymptotic error performance when the sequence lengths tend to
infinity.

For non-asymptotic lengths, significant progress has been made recently under distribu-
tion property testing [2, 3, 17, 19], which provide efficient algorithms for closeness testing
and other problems like entropy estimation and support size estimation using a number
of samples that is sublinear in the support size. Nonetheless, these algorithms and their
error performance guarantees require a priori knowledge of upper bounds on the support
size. In this paper, we present closeness-testing algorithms that are competitively optimal
when the best possible error probability is small. The algorithms do not require knowledge
of the underlying support size. Our methods extend the technique of pattern maximum
likelihood (PML) used in [14, 15] for estimating large alphabet distributions in the context
of universal compression.

1.1. Problem definition

Let (p1,p2) be a pair of unknown distributions over an alphabet A = {a1,a9,...,a;} of
size k. Two length-n sequences X1, X are generated 4.7.d. and independently of each other
according to p; and ps respectively. The problem is to decide whether p; and py are same
or different given only X1 and Xo. A closeness test A for sequences in A" is a mapping
A A" x A" — {same, diff} that labels each sequence pair as same or diff, indicating
whether the distributions that generated them are believed to be same or different. The

© 2011 J. Acharya, H. Das, A. Jafarpour, A. Orlitsky & S. Pan.



ACHARYA DAS JAFARPOUR ORLITSKY PAN

error probability of A for any (pi,p2) is the probability that it labels a sequence pair they
generate incorrectly, i.e.,

n def Pr(A(Yl,Yg) = diff) if p1,p2 are same,
P (A prp2) = - : .
Pr(A(X1,X2) = same) if p1,ps are different.

The goal is to design a test A that uses few samples and yet has a low error probability,
both when (pi1,p2) are same, i.e., p; = po and when (p1,p2) are sufficiently different to be
distinguishable by some test.

1.2. A closeness test based on empirical-frequency distributions

The closeness problem is closely related to hypothesis testing. In simple hypothesis testing
problems, one of two known distributions p and ¢ is chosen at random and generates a
random sequence T. Based on the sequence, we are asked to determine which of the two
distributions generated it. It is well known that the likelihood ratio test (LRT) [5, 16] which
decides on p or ¢ depending on whether p(Z)/q(%) is larger or smaller than 1 has the lowest
error probability.

In composite hypothesis testing problem [16] there are two known distribution classes
P and Q. One of the two classes is chosen at random and an unknown distribution from
that class generates the observation. Based on the observation, we need to decide which
class the generating distribution came from. As noted in [2], the closeness problem can be
regarded as a composite hypothesis testing problem where the two distribution classes are
Psame containing all pairs of identical distributions (p, p), and Pgs5; containing all pairs of
significantly different distributions (p1, p2).

For composite hypothesis testing, we do not know which distribution to select from each
class, hence often the most likely distribution in each class is estimated. The actual distri-
butions in the LRT are replaced by their maximum likelihood estimates taken from their
respective classes, and the test thereby obtained is known as the generalized likelihood ratio
test (GLRT) [16]. Since the sequences are generated i.i.d., the empirical-frequency distri-
bution is the maximum likelihood distribution, and is known to be a good estimate of the
underlying distribution when the sequence length n is large relative to the alphabet size k.

Specifically for closeness testing, let (a) be the number of appearances of a symbol a in

Z, and let P(7) def max, p(T) = [[.ca (#)“ @) be the maximum likelihood of a sequence
T € A" under all possible i.i.d. distributions. Note that for all (71, 72),

N ~ A~

P(71)P(T2) = max p1(T1)p2(T2) > max pi(T1)p2(T2) = P(T172),
p1,p2 pP1=p2

hence P(%1)P(Z2)/P(T172) > 1. A modified empirical-frequency based GLRT test was
therefore used in [10], where for all (7,72) € A" x A",

. if 15(?1)15(52) ntk—1\2
AP (T, Tg) &f afy P(z172) > ( n ) ™
same  otherwise.
They showed that when k = o(n), if p; = py then P(X)P(X3)/P(X1X3) is small and
< (”+k_1)2n with probability > 1—%. And when the L; distance |p; —pz2| > € for some € > 0,

n
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then P(X,)P(X3)/P(X1X>) is large and > 27<°/6 > ("+§71)2n with probability 1 — o(1).
Hence when the alphabet size k is sublinear in n, then A®™P has low error probability, both
when p; = po and when |p; — p2| > € for some constant € > 0.

However, when the alphabet size is larger than n, empirical distribution may not be a

good estimate of the underlying distribution and A®™P may not have low error probability,
as shown in an example in [10] and in the following, simpler, example.
Example 1 For large n and k = n3, let pi(a;) = 1 and py(az) = ... = p1(a,) = 0, and
let pa(a1) = 1/2 and pa(az) = ... = pi(a,) = 1/(2(k — 1)). The two distributions are
clearly very different and [p; — po| = 1. If X; and X are length-n sequences generated
i.i.d. according to p; and p respectively, then X1 = a} and Xo = afagag'--agﬂ are
typical sequences. In particular, by the Birthday problem, with high probability no symbol
in {ag,as,...,ar} appears more than once in Xs. It follows that typically,

3n

P(X)P(Xy) _ Pla})P(afasag---az1) 1" x (5)F(1)F (4> ~ 1.547
3n 3n - ~ L. 9
2

P(X1X5) P(a}? agaz - any) (%)T(ﬁ)%

suggesting as it should that the sequences where generated by different distributions.
However, when both X; and X5 are generated according to the same distribution,

p2, then typically X1 = afagag - Sanyy and Xy = afagw -+ +Gp4+1 Where no symbol in

{as,as,...,ax} appears more than once in X1X5. Then,
P(X)P(X,) _ P(afasag---any1)P(afan g -any1) _ Bz xd)z(d)2 o
P(X1X2) P(a?a2a3...an+1) (%)n(ﬁ)n

an even higher ratio than when the distributions were different.
N A N . diff
Therefore, for any choice of the threshold ¢, the GLRT test P(X1)P(X2)/P(X1X2) 2 t

will have a high error for at either (p1, p2) or (pa,p2). Furthermore, note that when X1, X
are both generated according to ps, the sequences X1, X9 have very different empirical
distribution estimates than X{X5. O

1.3. Related work on estimating large alphabet distributions

Batu et al [2] developed a test that distinguishes between two distributions that are close
and those that are well separated in L; distance using sequences whose length is sublinear in
size of the underlying alphabet. Using sequences of length n = (’)(kQ/ 3logk-e*-log %), their
algorithm outputs same when [p1 — po| < max(s557, ;ziz) and diff when |p; — pa| > €
with error probability < ¢ for both cases. Since the empirical frequency is a good estimate
for large probabilities, the algorithm estimates the L1 distance contribution of only the high-
probability symbols using their empirical frequencies. The contribution of low probability
symbols is estimated using a test for Lo distance that relies on the number of collisions (also
known as coincidences or repetitions) in the sequences. They establish a corresponding lower
bound by showing pairs of distributions (p1, p2) such that |p; —p2| > € and that no algorithm
can distinguish it from the identical pair (p1,p1) using n = o(k?/3 - €=2/3) samples. Valiant
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[19] further showed that distinguishing distribution pairs with L; distance less than a from
those with distance greater than § for 0 < o < 8 < 2 requires n = k'~°) samples and
can be done using n = O(k) samples by [2] or by another test shown in [19]. Although no
assumptions are made on the structure of distributions, the tests in [2, 19] and their sample
complexities still depend on the knowledge of an upper bound on the alphabet size k of the
unknown underlying distributions. Moreover, as in Example 1, there are many distribution
pairs that can be tested for closeness in much less than O(k%/?) samples.

The related problem of classification was considered by many researchers, including
recently by Kelly et al [10]. Here, one is given training sequences X1 and X € A" generated
1.1.d. and independently according to unknown distributions p; and po that are separated in
Ly distance. A third sequence Y € A" is generated i.i.d. and independently of each other
according to either p; or py with equal probability and the problem is to decide whether
Y is generated according p; or ps. They show a test that has low error probability when
(p1, p2) belong to a restricted class of distributions such that the probabilities of all symbols
are O(7) and k = O(n®), for any fixed a € [0,2). Their test uses the Ly distance between
the empirical frequency distributions, of the sequences to determine which one of the pairs
(X1,Y) or (X2,Y) are closer and classify accordingly.

The problem of estimating the probability multiset of large alphabet distributions was
also studied in the context of universal compression of large alphabet sources in [14, 15].
The main idea is to consider the pattern of a sequence, which conveys only the structure of
the sequence and the order in which symbols appear in the sequence, and not the identities
of the actual symbols. The pattern contains all the information that is needed to test
symmetric properties like entropy that depend only on the probability multiset and not
on the way in which the probabilities are associated with the symbols of the alphabet.
In [14], several estimators based on the maximum likelihood of patterns were shown that
estimate the pattern probabilities (that are usually exponentially small in n) to within a
factor that is subexponential in the sequence length n, regardless of the alphabet size and
the structure of the underlying distribution. Preliminary results on application of such
estimators to the problem of classification were shown in [18]. Partial results on classifiers
based on maximum likelihood estimation of the joint pattern of two or more sequences were
shown in [1]. In this paper, we show closeness tests based on maximum likelihood of joint
patterns that perform almost as good as any test can, without making any assumptions on
the underlying distributions. These tests can be used as good classifiers as well.

1.4. Closeness tests based on pattern maximum likelihood

The pattern of a sequence is defined as follows. Let ¥ = xj2z2- -2, = 2] € A" be a
sequence of length n and A(T) denote the set of symbols that appear in Z. The index 1z(a)
of a symbol a € A(Z) is

1z(a) def min{|A(z%)|: 1 <i<n and z; = a},

i.e., one more than the number of distinct symbols that have appeared before the first
appearance of a in T. The pattern of T is the sequence
_ def
V() = 1z )iz (@s) - 1z(2n)
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obtained by replacing the symbols in T by their respective indices. For example, if
T = abracadabra, then iz(a) = 1, (b)) = 2, (r) = 3, (c) = 4 and 1z(d) = 5.
Hence, VU(abracadabra) = 12314151231. The set of all possible patterns of different
length-n sequences is represented by ¥™. For example, U! = {1}, ¥? = {11,12} and
o3 = {111, 112,121,122, 123}.

We extend the definition of patterns to two or more sequences. The joint pattern of
a pair of sequences (Z1,T2) € A™ x A™ is U(Z1,72) e (11, 15), where ¥, = ¥(7;) and
Uiy = (T T2). For example, for bab and abca, the first pattern is ¥(bab) = 121
and that of the concatenated sequence is ¥(bababca) = 1212132, hence the joint pattern is
U(bab, abca) = (121,2132). Clearly, the joint pattern conveys the patterns of the individual
sequences and the association between the symbols of the sequences. The joint pattern
of a list of three or more sequences is defined similarly. We use ¥™"2 to denote the
set of all possible joint patterns of pairs of sequences of length (nj,n2). For example,
U2 ={(11,1),(11,2), (12,1), (12,2),(12,3)}.

The probability of a single pattern ¢ € U™ under a distribution p is the probability that
a length-n sequence X generated i.i.d. according to p has pattern v, i.e.,

p@)Ep(X)=v)= > p@).

T (T)=1

Similarly, the probability of a joint pattern (1,,15) € U™1"2 under a pair of distributions
(p1,p2) is the probability that two sequences X; and Xo of length n; and ng generated
i.i.d. according to p; and py respectively have joint pattern (¢;,1,) and is denoted by

p12(t1, ¥g) = P12 (W (X1, X2) = (¥1,1y)) = Z p1(T1)p2(T2)-
(T1,Z2):

U (T1,T2)=(¢1,¢2)
For example, if A = {a,b,c,d} and p = (pa, Pv, Pc, Pa), then the probability of the pattern
1213 is

p(1213) = p(abac) + p(abad) + p(acab) + - -- = pi}DbpC +p§pbpd —i—pgpcpb + e

Similarly, if p1 = (pa, P, Pc,pa) and p2 = (pL, pt, pL,pl), then probability of the pattern
(12,13) is

p1.2(12,13) = p12(ab, ac) + p12(ab,ad) + p1a(ba,be) + - -+ = PapoPaPe + PaPoPaly + -« - -

Notice that if @1,@2) € wnt"2 then Pithy € W2 Also, if p; = py = p, then
p12(¥1,¥2) = P1,1(¥1,¥2) = p1(19).
The maximum likelihood of a pattern ) under all 7.7.d. distributions is P(@) e ax p(v).
P

Similarly, the maximum likelihood of a joint pattern (i/;,s) under all pairs of i.5.d. and
independent distributions is denoted by P(1)) L nax p12(¢).
P1,p2

Since joint patterns contain all the relevant information for closeness testing, con-
sider a simple hypothesis testing problem where a sequence pair (X, X2) € A" x A"
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is generated according to either (pi,p2) or (p,p), but we are given only the joint pat-
tern W(X1,X2) and not the actual sequences. In this case, the likelihood ratio test

- aiff _
P1,2(V(X1,X2)) 2 p(¥(X1X2)) is a test with minimum error probability. Hence, simi-

lar to Subsection 1.2, viewing closeness testing as a composite hypothesis testing problem
with the joint pattern of the sequences given as the observations, we consider the test

AP( ) def A ( ) defined as

: ) P¥@ ) o 1
Afss@)(fi,fz)cg aiff it P(¥(z172)) =5

same  otherwise,

for all (Z1,T3) € A™ x A" and for some § < exp(—12n?/3). In other words, the test outputs
diff if the maximum likelihood of the pattern of the two sequences under two different
distributions is much higher than that under two identical distributions.

Without loss of generality, we consider only symmetric tests, namely those whose output
depends only on joint pattern of the sequences and not the specific symbols that have
appeared, since the property of closeness depends only on the probability multiset and not
the associated symbols. (See also Appendix C for a discussion along the lines of [4].) We
say that a pair of distributions (p1, p2) is (n, d)-different if there exists a symmetric test that
can distinguish with error probability < §, pairs of length n sequences generated according
to (p1, p2) from those generated by any pair of identical distributions (p, p). In other words,
there exists a test A such that for all p,

Pl(A,p1,p2) <6 and PI(A,p,p) < 0.

Our first main result, Theorem 7, states that for all 6 < exp(—12n2/ 3). the test AP®)
has error probability < v/d exp(6n%/3) both when the two distributions are identical and
when they are (n, d)-different.

Revisiting Example 1, in the case when (X1, X52) ~ (p1,p2), consider the typical se-
quence pair (X1, X2) = (a},a? azasz- -azy). Then, P(U(X1,X,)) = PQ1™, 1%23~--(% +
1)) >1- (%)%(%)% = (3)", since the distributions (p}, ph) assign \I'(Yl,fg) such a like-
lihood, where pj(a1) = 1, phlar) = , and the remaining probabihty of pl is spread
over a continuous alphabet or a large tail similar to py. Also, from [13], P(¥(X1X3)) =

3n

]5(137"23 e (B41) = (3)2 (4) 2 Wthh is attained by the distribution p such that p(a;) =
and has the remaining probabihty 7 spread over a continuous alphabet. Hence,

3
1
S (. 1\n 3n
PU(X1, Xo)) o (2) <4> * o 153

= — = 3 . )

and the test AP(Y) outputs diff for § = exp(—14n2/3). When (X1, X3) ~ (p2, p2), for the

J— n n
typical sequence pair (X1,X2) = (af azag - --a%H,af anyg- -ap+1), again as shown by

(18], P(¥(X1,X2)) < P(U(X1)P(¥(X2)) = P(1323--- (3 +1)2 = (1)F()F)" = (3)™,

and P(¥(X1X>2)) = P(1"23---(n+1)) = (3)"(3)" = (})>" . Hence, in this case
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and the output of AP is same. We note that the maximum likelihood distributions of
U(X1,X5) and of ¥(X1X5) are consistent, i.e., same, unlike in the case of A®™P,

As evident from the previous example, the computation of pattern maximum likelihood
(PML) is difficult in general and hence we show an efficient test based on pattern probability
estimators that also has low error probability. Several such estimators were shown in [14]
which can compute maximum likelihood of patterns to within a subexponential factor. In
particular, we consider the following estimator. The profile of a pattern or a sequence
conveys the number of symbols appearing a given number of times in it. For example, the
profile of abdb is p(abdb) = (1, v2, 3, 04) = (2,1,0,0), indicating that there are ¢ = 2
symbols that appear once in abdb and ¢ = 1 symbol that appears 2 times and so on.
The sequences abdb and dcca for example have the same profile, though their patterns are
different. The definition of a profile can be similarly extended to joint patterns or pairs of
sequences and consists of entries ¢, 4, that are the number of symbols that have appeared
w1 times in first sequence and po times in the second sequence. For example,

¢(dac, adbda) = ¢(123,21412) =

= O

= o O
S = =
N O N

where the prevalances ¢, ,, are arranged in a matrix with the rows indexed with p; and
columns with 2. As seen in the matrix, ¢12 = 2, since there are 2 symbols, namely d
and a that appear p; = 1 times in dac and po = 2 times in adbda. By convention, we set
©0,0 = 0.

Let N(p) be the number of patterns with the same profile ¢ and ®" be the set of all
distinct profiles of sequences of length n. It was shown in [14] that the probability estimator
for ¢ € U™,

— def 1 1

1) = 18] M)

which assigns equal probability estimate to all profiles and equal estimate to all pat-
terns within a profile, is a good estimate for patten maximum likelihood, i.e., q(¢) >
p(v) exp(—m+/2n/3).

We consider a similar estimator for maximum likelihood of joint patterns. Namely,
denoting the number of joint patterns with the same profile ¢ by N(¢) and the set of all
distinct profiles of length-(n,n) sequences by ™", we estimate the probability of a joint
pattern (Y,v,) € ™" as

—  — | def 1 1
QJp(wl,wQ) = ’(I)n,n| N(¢(J17$2))'

We use the estimators ¢ and g, instead of the pattern maximum likelihoods in AP®)
and consider the test Aggp) defined for § < exp(—14n%/?) and (F1,T2) € A" x A" by

if N(p(Z172)) 1

of | d% 12 1
AnN,((sw)(Tl,fz) d—f{ 22 Np@1,22)) ~ V5

same  otherwise.
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Our second main result, Theorem 12, shows that (p1,p2) are identical and when they
are (n, §)-different, the test AN() error probability is upper bounded by

Pegym(AN) p1, py) < Vi exp(Tn?/?).

In the process, we show a convexity result for profile probabilities, that resembles the
convexity of KL-divergence.
For ¢ € ", N(¢) can be calculated by the expressions [14]

n!

N = T Gyt

As shown in Appendix B, for ¢ € ¢™"
(n!)?

N(p) =
Hzl,m (palpal)Prarz gy, !

)

Hence, for (1,1,) € ¥™", the quantity W can be evaluated efficiently with time
1 ¥2

)
(p(¥1,%2))
and space complexity both O(n).

Consider Example 1 again, this time using the test AN, Wheg(@,yg) ~ (p1,p2)
and W(X1, X) = (1, 1,) = (17,1223 - (5 + 1)), the profile ¢ = @(1h1,¢5) has w01 = 3,
¢n,n =1 and all other ¢, ,, = 0. And the profile ¢’ = p(¢19;) has ¢} = 3, ¢, =1 and

2

all other goiﬁ = 0. Hence, by Stirling approximation,

N(p(X1X2))

X2)) _ ! _ (2n) (n)2 [4\*n .

and the test AnN((f) outputs diff for a suitable § as in the case of AP(‘I’), say 0 =
exp(—16n*/3). When (X1, X2) ~ (p2,p2), and W(X1, Xo) = (¢1,¢5) = (1223---an 1,13 (5+

2) -+ (n+1)),
D) _nty (ol Nl
(3

j— ~
~

GG Gr T 2

and the output of AnN((;p) is same for § = exp(—16n%/3).

N(p(X1X
1,X2)) nln!

N(p(X

While the error probability results that we show for the tests AnN((;p) and A:%\P) are useful

only when & < exp(—14n2/3), for higher values of §, we can characterize their performance
in terms of sample complezity. Corollary 14 shows that if (p1,p2) are (n,0)-different for

some § < %, then for & = §° exp(—14n'%/3), the test AT]:[,(S‘;) also has error probability less
than § when given sequences of length

120000n3}

n' = max {19n,
(log, 4*15)3

In particular, if § < exp(—19n%/3), the error probability of AN() is less than § when
given n' = 19n samples.
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2. Error analysis of the test AP®)
In order to analyze the error probability of AS%‘I}) , we show some ancillary results on profiles
of joint patterns and their probabilities.

We begin by showing that |®™"|, the number of profiles of joint patterns, is subex-
ponential in the sequence length. To count the number of profiles |@"1:"2»"d| we re-

late it to partitions of (ni,ng,...,ng). We say that a multiset of d-tuples of non-

negative integers {(p14, 12,0, - ., ftd,i) }ivq is an (unordered) partition of (ni,na,...,ng) if

S mis = ny for j = 1,2,...,d. The sum of two d-tuples denotes their component-
. . def

wise sum, 1i.e., (Mlv#?a"'vﬂd) + (N/lhul%nuél) = (:ul + M/LM? + Né?"'a,ud + /L:i)

The product of a scalar with a d-tuple is component-wise product with the scalar, i.e.,

a - (1, 12,y pid) e (o - pi, 00 pa,...,a - pg). For example, {(0,1),(0,1),(2,1)} is an
unordered partition of (2,3), because 2 - (0,1) 4+ (2,1) = (2, 3).

We denote the number of partitions of (n1,ng,...,ng) by the joint partition function
P(ni,ng,...,ng). For example, P(2,1) = 4, since

(2,1) = (1,0) + (1,1) = (2,0) + (0,1) = 2- (1,0) + (0, 1).

Observation 1 For all d > 1 and non-negative integers ni,no,...,ng,

|<I)n1,n2,...,nd‘ = P(?’Ll, no,... ,nd).
O

It is a well known result due to Hardy and Ramanujan [8, 9] that for all n, the partition
function P(n) is bounded as

exp (W\/g\/ﬁ(l - 0(1))) < P(n) < exp (W\/?\/’ﬁ)

The following lemma shows an upper bound on P(ny,ns,...,nq), similar to [20, 6].

Lemma 2 For alld > 1 and all nq,ng,...,ng > 204+,

P(ny,ng,...,ng) < exp (2(1 + é) y n?/(dﬂ)).

Jj=1

Proof See for example Appendix A. O

Corollary 3 For alld > 1 and n > 2¢+1,

n,n,... (d times)| _ d/(d+1)
|® | = P(n,...n) <exp (2(d—|— 1)n )
d U]
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Let (X1,X32) € A" x A" be generated i.i.d. and independently according to (p1,p2)
respectively. The probability of a profile ¢ € ®"1"2 under (p;,p2) is the probability of
observing a pair of sequences with that profile, i.e.,

def ~ .
pr2(p) = P1,2<90(X1,X2) = 90) = > pr2(¥1,¥s).
(E1»E2)#’(@1@2):¥’

Joint patterns with the same profile have the same probability when the sequences are
generated by i.i.d. distributions. Hence, for all (¢, 1)5),

P12(p(¥1, 1)) = N (@1, ¥2)) - pra(r, s)-

The following lemma provides a simple bound on the probability of generating sequences
whose profile has low probability.

Observation 4 Let (X1,X5) € A" x A™ be generated i.i.d. according to (p1,p2) respec-
tively, where ny,no, > 8. Then, for all 0 < 6 <1,

Pr (p12(p(X1, X2)) < ) < dexp (3(n7° +15/%))
Proof From Lemma 15,

Pr(pra(p(X1,X2) <8) = > pralp) < [@72].5 < dexp (3(n}* +n)?)).
@:p1,2(p) <o O

Observation 5 Let (X1,X3) € A" x A" be generated i.i.d. according to (p1,p2), where
n > 8. Then, for all0 <6 <1,

Pr (pl,Q((p(Yl,YQ)) < 5) < Sexp(6n2/3). -

We make the following observation on (n, §)-different distributions before we proceed to
analyze the error probability of AP(¥),

Observation 6 Let (p1,p2) be (n,d)-different distributions over A, and let p € ®™" be a
profile such that p12(p) > 8. Then, for all distributions p3 over A, p33(p) < 0.

Proof Suppose on the contrary, there exists a distribution ps such that p33(¢) > 6. Any
symmetric test A labels all sequence pairs with profile ¢ either same or diff. If it labels
them same, then PM(A,p1,p2) > § and if it labels them diff, then P(A,ps,p3) > 6,
i.e., one of the error probabilities is > d, which contradicts the fact that (p1,p2) are (n,d)-

different. 0
The following theorem upper bounds the error probability of the test A:%\P).

Theorem 7 For alln > 8, all 0 < § < exp(—12n%/?), and all pairs distributions (p1,p2)
that are either same or (n,d)-different,

Pg(Ai(gqj)mbm) < V5 exp(6n?/3).
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Proof Let (X1, Xs) ~ p} x p%. Consider the case when the (p1,ps) are same, i.e., p; = po.
Then,

PMAPT py py) = Pr

—
V
| =
N—

<P1,1(80(X1,X2)) o
d
(<)\/Sexp(6n2/3),

where in (a), p3 = argmax,p(¥(X1X2)) and in (b), we convert pattern probabilities
to profile probabilities by multiplying and dividing by N(¢(X1,X2)) and using p(¢) =
N()p(thy,14). For (c), we use that p(o(X1, X2)) < 1 and we use Observation 5 for (d).

Now consider the case when (p1,p2) are (n,d)-different. For a sequence pair (X1, Xs),
let p3 = arg max, p(¥(X1X32)). Then,

L(PU(X, X)) L L(P2(P(Xy, Xe)) 1
PG = va) < G x) < )
_pp (Pr2e(X1, Xe) 1
P (o X)) = V)

< Vb exp(6n/3).

For the last step, in the case when p;2(p) > v/, there is no error since Observation 6

implies that for all p3, p33(¢) < 6 and hence P12(e(X1, X)) ? = %. Hence, the error

p3,3(p(X1,X2))
probability is bounded by the probability of the case when p;2(p) < V6, which by Obser-
vation 5 is < v/ exp(6n?/3). O

3. Error analysis of the test AN(®)

As mentioned in Section 1, direct computation of maximum likelihood of patterns in the
test AP(Y) may be difficult and hence we look at a computationally easier test AN, We
now show a few more useful results for analyzing the error probability of AN®) which
relate the quantities N (), the number of patterns in a profile and P(cp), the maximum
likelihood of the profile under :.:.d. distributions.
The type of a sequence T € A" is the vector of multiplicities () e (n(ar), plag), . .., plar)),

where p(a;) is the number of appearances of a; in T for ¢ = 1,2,...,k. Similarly, the
joint type* of a pair of sequences (Z1,7Z2) € A™ x A" is the vector of multiplicity

x. This definition of joint type is different from that used in the method of types in information theory.
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def

pairs 7(Z1,Ta) = ((u1(a1), pa(ar)), (u1(az), pa(az)), . ., (wa(ax), p2(ax))), where py(a;) and
wa(a;) are the number of appearances of a; in T; and To for ¢ = 1,2,..., k. The set of all
possible distinct types of sequences in A" is denoted by 7" and the set of all possible
distinct joint types of sequences in A" X A”2 is denoted by T ™12

The probability of a type 7 = (,u(al)) € 7™ under a dlstrlbutlon p over A is

P S @) = )Hpaz

— (,U(al),/l((lg), 7/" ak‘
7(ZT)="7
i.e., the probability of observing a sequence whose type is 7. Similarly, the probability of a

joint type 7 = ((u1(as), ,ug(ai)))f:l € T™:"2 under a pair of distributions (p1, p2) over A is

def —
pia(m) S Y pia(@, )

T(fl JT2)=T

ni

The sum type of a joint type 7 = ((p1(as), ,ug(az))) € T is 14(T )déf (u(ai))le €

72", where pu(a;) o pi(a;) + po(a;) for © = 1,2,... k. The probability of a (sum) type
7/ € T?" under a pair of distributions p1,2 = (p1,p2) is the probability of the set of all types
7 € T™" such that 75(7) = 7/, i.e.,

def
pa(™) = Y pra(n).
TET ™!
Ts(T)=1"
For any pair of distributions (p1, p2) over A x A, p; /o o (p1+p2)/2 denotes the distribution
over A such that pyo(a;) = (p1(ai) +pa(a;))/2 fori=1,2,... k.

Observation 8 For all types 7/ € T?" and all (p1,p2),

/ / (n‘)222n / 1
E p12(7) = pia(7) < p1/2(T)W < p1jo(r) /e,
TET™M: .

Ts(T)=1"
Proof Let 7/ = (u(az)) . Then,
pa(t)= > pial7)

TET N
Ts(T)=7"

= E nlan
(p1(ar),...,u1(ar)):
OSMI(‘M)SN(%) for i:17"'7k7
and p1(a1)+-+p1(ax)=n

k
nln!
= - /»Ll(az) /»L(az) Hl(ai)
: S (e

1
[Tiz (aa)! (m1(a1),..,p1(ax)): i=1
0<pi(a;)<u(a;) for i=1,...,k,
and pi1(a1)+-+p1(ak)=n

Ml(az)pz( )M(ai)—ul(ai)

,Ul a;)! —p1(a ))'pl( )
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k
nin! a; o N
< T o Z H (N( ))p1(ai)’“( ) po (a1~ (a:)

. 14
o1 (ag)): i=1 M (a:)
<p(a;) for i=1,....k

a

nin! G p(a;) (@) (ai)—p1(as)
:H’“MH( < »)pﬂ“i)’“ Ipa(a;) () m o)
i=1 i) =1

In! k
= a; a;))M@i)
H§:1 w(a;)! E(pl( ) + p2(ai))

_ (nh2 2n T (PL(a:) + pa(as) e
— (2n)! (u(al)vu(az),---,u(ak)>ZHI( 2 )
(n!)222n

= WPI/Q(T/). 0

The profile of a type 7 € T" is ¢(7) = ¢(T), where T is any sequence whose type is
7(Z) = 7. Similarly, for any 7 € T™"2 () e ©(T1,T2), where (T1,72) is any sequence

pair such that 7(z1,T2) = 7.

Observation 9 For all profiles p € ®" and all distributions p,

ple)= Y ).

TET™:0(T)=¢

Likewise, for all profiles ¢ € ®™""2 and all pairs of distributions (p1,p2),

pr2(p) = > p1,2(7).

reTMm2p(r)=¢ O

The sum profile of a profile ¢ € ™" is p4(p) def ©(111y) € 2" where (1;,15) is any
joint pattern having profile p(¢1,15) = ¢. Hence, if ¢ = [@u, 4], Where p1 = 0,1,...,n
and p2 = 0,1,...,n, then ¢(¢) = (1, p2,...,2n) isgiven by o, =3 O - The
probability of a (sum) profile ¢’ € ®2" under a pair of distributions p; 2 is the probability

/

p1,2 assigns to the set of all profiles ¢ € ®™" such that ps(¢) = ¢/, i.e.,

prale) € > piale).

ped™™:
ps(p)=¢

The following lemma on profile probabilities is analogous to the convexity of KL-
divergence.

/

Lemma 10 For all ¢’ € ®*" and all (p1,p2),

/ / (n!)222n / L
> pia(e) = paly) < Prja(¢) 55— < pija(@)Vmnesn.
(,06‘1)"’"1 n:
ps(p)=¢'
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Proof Using Observations 8 and 9,

pa@) = D praly)

ped™":
ws(p)=y

= > p1a(T)

TET™™:

ws(p(1))=p(7s (7)) =¢'

/

O

The following Lemma 11 relates the ratio of maximum likelihoods of any joint pattern
(¥1,15) and its concatenated pattern 1, which appear in the test AP 1o the ratio
of counts of patterns in their respective profiles, i.e., N(p(3q,15)) and N(p(p1¢5)) that
appear in the test AN(®),

Lemma 11 For all joint patterns (iy,15) € U™,

N (o (1)
N(e(b, )

15(@1@2 (n!)222n g P(Y11s) Wneﬁ.

Proof Let p12 = (p1, p2) be such that (11, ¥y) = p12(1,1s). Note that os(p(1hq,1,)) =
©(1119). Using Lemma 10, we have

=
S}
=
=
v
5
=
=
v
I
=
S}
=l
< |
o
3
o
<l
<
v

n! 292n
< pyalonlolr, TN

_ (n!)222n
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Theorem 12 For alln > 8, all0 <6 < m exp(—12n2/3), and all pairs distributions
(p1,p2) that are either same or (n,d)-different,

P:(AN(SO)?plaZh) < \/geXp(GTLQ/g) Wne%_

Proof Let (X1,X2) ~ pt x p4. Consider the case when p; = po. Then,

\_/
~—

X1, X)) V6
1 1
< Pr — > —
<p1,1(90(X1,X2)) \/5>
8 exp(6n?/?),
: N(p(W193)) _ N(e@19))p1(¥1%;) _ _pile(195)) : _
where in (a), we used CErEES = N B e () Pralelag) 2nd the last inequal

ity is due to Observation 5.
Consider the case when (p1,p2) are (n,d)-different. For a sequence pair (X1, X5), let
p3 = argmax, p(¥(X1X2)). Then,

where in (a), we used Lemma 11 For the last inequality, we again consider the cases
p12(p(X1, X2)) > Vé\/mnesn and < \/8\/mnesn separately similar to the proof of The-
orem 12. In the case when pj2(p(X1,X2)) > Vo Tness > &, Observation 6 implies

v ¥ p1a(0(X1,X2))  VoJamedn _ /rme®n
pg’g(SO(Xl,XQ)) < 9. Hence, 5.(p (Xl,Xg)) 5 = 75
does not contribute to error probablhty The error probability is therefore bounded by the

probability of the other case, which by Observation 5 is bounded as Pr (pm(«p(yl,yz)) <
Vo ﬁneG%) < V5 exp(6n?/3) Thesn . O

and hence, this case

4. Sample complexity of closeness testing

The error analysis results of Theorems 7 and 12 can be rephrased in terms of sample
complexity. Also, Theorems 7 and 12 are applicable only when § < exp(—14n2/ 3), and this
section partially addresses the general case when § < %
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Observation 13 If (p1,p2) are (n,d)-different distributions for some 0 < 6 < %, then they
are also (n',0")-different, where

1500013

n' = min<{20n, ————
20 Biaiy

} and ¢ < 6% exp(14n/?/3),

where D(d1]|02) ey 41 log % + (1 —61)log tgé

Proof sketch Since (p1,p2) are (n, d)-different, for any ps there is a test that can distinguish
(p1,p2) and (ps3, p3) with error probability < 6. We can obtain another test for sequences of
length n’ = (2r+1)n such that the error probability of this test is ¢’ = Zf:[il 5 (%jl) (1—

§)? 1= by using the original test on (2r+ 1) pairs of length-n sequences and outputting the

majority decision. It can be verified that (2r 4+ 1) > min{19, })5(%()'?(%1
2

that 372000 6 () (1= 0) 1 < 6 exp(14((2r + 1)), O

} suffices to guarantee

Corollary 14 If (p1,p2) are (n,d)-different distributions for some 0 < § < i, then they are

also (n',8")-different where §' < 62 exp(14n’%/?) for n’ = max {1911, %}. Furthermore
215

if § < exp(—19n2/3), then n/ = 19n suffices. O

Hence, using Theorem 12 and Corollary 14, it follows that whenever (p1,p2) are identical
or (n,d)-different, the error probability of the test Afx(gi) is less than 4, using sequences of

length n’ = max {19n, M}, where §' = 62 exp(14n'?/3).

(logy ﬁ)s

5. Related and open problems

For the problem of classification described in 1.3, our results imply that whenever the
distributions of the classes, p; and po, are (n,d)-different, the closeness tests A” ) or
AN®) can be used to construct classifiers whose error probability is < /6 exp(7n%/?). We
define two distributions (p1, p2) to be (n, d)-classifiable if length-n sequence pairs generated
by (p1,p2) can be distinguished with error probability < ¢ from those generated by (p1,p1)
and (pe, p2) by a symmetric test. While (n, §)-different implies (n, §)-classifiable, it remains
to answer if the opposite is also true.

As mentioned earlier, our results are applicable when the error probabilities § <
exp(—14n2/ 3), and while we partially address the case of general § < %, and it remains to
perform a better analysis. We also hope to reduce the subexponential factor of exp(7n2/ 3)
in the right hand side of Theorems 7 and 12 using a tighter analysis.

Lastly, it remains to fully answer the question of when two distributions (p1,p2) are

N(p(X1X2))
N %)) in the test

AN can be shown to be exponentially large in n with high probability, that implies
(n,d)-difference for a suitable 0. This question is also answered in part by [2] and [19]
where distributions are parametrized in terms of alphabet size.

(n,d)-different. In many cases such as Example 1, the quantity
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Appendix A. Number of profiles of a given length

Lemma 15 For all d > 1 and all ny, na, ..., ng > 201,

P(ny,ng,...,ng) < exp (2(1 + 1) y d/(d+1)>.

d "
Proof The (ordinary) generating function of P(ny,na,...,ng) is
oo [e.@] o0 1
_ ny na o MNd _
G(ml,xg,...,xd)—z Z“-ZP(m,ng,...,nd)xl Ty -yt = H L —ahtah® -
n1=0n2=0  ng=0 (H1,025--510a)

€N9\(0,0,...,0)

where N = {0,1,2,---} and 0 < z1,z2,...,24 < 1. Hence,

d
log G(x1,x9,...,24) = Z —log (1—H$§j>
j=1

(/”/17“2’"'7Md)
€N\ (0,0,...,0)

I
]
NE
Plig
=R
—

=1 (p1,p2,pa) J=1
€N9\(0,0,...,0)

—_—.
Hj:l (1 — ;)
In the Inequality (a), we consider the cases | = 1 and [ > 1 separately. When [ > 1, in the

denominator, (1 + Z] 1 Zl 1T ]> (i1-1) E? 5> (1—1) ( H?Zl(l - xé)) Since

G(x1,x9,...,24) > P(n1,na,...,ng)x™a" .. 2" we have

log P(ny,ng,...,ng) < logG(:L‘l,svg,...,xd)onjlong < d——Zn]log$]
i— Hj (1 —z5)
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—1/(d+1)

Substituting z; = 1 — n; for j=1,2,...,d, we get

J d

d d d
- 1
log P(ni,ne,...,ng) < 2 | | njl./(d+1)+§ :njlog (1_n,1/(d+1)> < 2<1+7) n;l/(d—H).

In the last step, we used AM-GM inequality, i.e., H;l:l njl,/(dﬂ) = (H?:l n;.l/(d+1))1/d <

%Z?ﬂ n;.l/(dﬂ), and log(1 — €) < 2¢ for € < %, hence log (1 — n}l/(d+1)) < 2n;1/(d+1) for
n; >2 and j =1,2,...,d. O

Appendix B. Number of patterns of a given profile

The number of joint patterns with the same profile ¢ is denoted byN(y¢). For example,
consider the profile ¢ = ¢(1232,13) which has p11 = 2, p2 = 1 and all other ¢, ,, = 0.
Then, N(p) = 12 since the set of all joint patterns that have this profile is {(1123,23),
(1123,32), (1213,23), (1213,32), (1223,13), (1223,31), (1231,23), (1231,32), (1232,13),
(1232,31), (1233,13), (1233,21)}. The following lemma gives an expression for N(¢) and
extends Lemma 3 in [14].

Lemma 16 For all d > 1 and all ¢ € O™1"250d,

d
H ng!
N(p) = =

- n no ng .
H H e H (MI!M2! T ,U'd!)cpul’“2 """ Md(Pm,,ug,...,ud!
p1=0p2=0  pg=0

Proof We show the lemma for d = 2, and the proof is similar for any d > 1. Let
@ € d™"2. Any joint pattern (v1,v,) that has profile ¢ is a pair of sequences with
symbols from {1,2,...,m}, where m = >0 _ (372 ¢y, uy is the total number of symbols
in ¢),. Let {p1(i)}™, and {p2()}™, be non-negative integers such that Y 7* p1(i) = ng
and Y ", p2(i) = ng. The number of sequence pairs whose alphabet is {1,2,...,m}, and
the number of appearances of i in first sequence is p1(i) and in second sequence is p2(1),
fori=1,2,...,m,is

< n1 >< N9 ) _ n1'nsg!
Ml(l)aﬂl(z)""vﬂl(m) M2(1)7F‘2(2)>"'a/‘2(m) ﬁ,ul(l)'ﬁ@(l)'
=1

The number of different ways of choosing {p1(i)}7", and {p2(i)}*, such it conforms to
profile is ¢ is

< m B m!
T on1 n2 :
$0,0, $0,15 -+ Pnin
7 ’ ’ v IT II Spm,uzl

#1=0 p2=0
Thus, the number of sequence pairs whose alphabet is {1,2,...,m} and profile is ¢ is
n1!ns! m! nylng!m!
N*(QO) = m . ) ni ng = ni na :
[T (@)@ TT T oo’ [T IT (palpe) Py, !
=1 p1=0 p2=0 p1=0 p2=0
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Clearly, N*(p) = m!- N(p), since

>: For each joint pattern having profile ¢, the labels {1,2,...,m} can be permuted in
m! ways to generate m! different sequence pairs whose alphabet is {1,2,...,m} and
profile is . Furthermore, the sets of sequence pairs generated in this way by different
joint patterns are disjoint. So N*(¢) > m!- N(p).

IA

: Given any pair of sequences (Z1,T2) having alphabet {1,2,...,m} and profile ¢, their
symbols can be permuted keeping the positions same to obtain a joint pattern with
profile ¢, which is in fact W(Z1,Z2). There are exactly m! sequence pairs having
alphabet {1,2,...,m} and profile ¢ that have the same joint pattern. Hence, N*(p) <
m! - N(p).

Thus,
_ N*(p) ny!ns!

ni no :
[T IT (ualpal)frme Ppun o =
p1=0 p2=0

Appendix C. Symmetric tests

We provide a formal treatment to the intuition that joint patterns of sequences contain
sufficient information for the problem of closeness testing, similar to [4].

We define the symmetric error probability of a test A for (p1,p2) as its worst case error
probability over all possible permutations of the alphabet, i.e.,

def
Playm(A,p1,p2) = max PP (A, pf, p),
oESY

where S 4 is the set of all permutations of A. Clearly, since separation between distributions
does not depend on the actual symbols, and depends only the probability multiset, it is
appropriate to look at the symmetric error probability.

A symmetric test is a test whose output does not change when the alphabet is permuted
and gives the same output for all sequence pairs which have the same joint pattern, i.e.,
AT, %) = A(V(T1,T2)) for all (T1,T2), where A : U™ — {same,diff}. Hence, a
symmetric test depends only the joint pattern of the sequences. Note that for a symmetric
test A, Pogym(A,p1,p2) = Po(A,p1,p2) for all distribution pairs (pi,p2). The following
observation shows that we may limit ourselves to considering only symmetric closeness
tests.

Observation 17 Let A : A" x A" — {same, diff} be any test for closeness, possibly not
symmetric. Then, there exists a symmetric test A : A" x A" — {same, diff} such that for
all pairs of distributions (p1,p2) over A, P (A, p1,p2) <2 Pl (A p1,p2).

e,sym e,sym

Proof Let A be the test whose output for a sequence pair is same as that made

by A for the majority of sequence pairs with the same joint pattern, i.e., A(ZT1,T2) =
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majority{A(z},75) : U(F},7h) = U(T1,T2)}. Clearly, P*(A, p7,) is same for all permuta-
tions o of A. Thus, if py, p2 are similar,

esym(A plvp?) n(A p1, P2)

Z Apm

UESA

ALl Z Z pi(Z1)p3 (T2)

ToEeSy (T1,Z2):

A(:Bl,atg) diff

= > Z P (Z1)p3 (72)

~ (fl ,fg): O’ES
A(f1 ,fz)z aiff

<2 Y Zpl (T1)p5 (72)

(T1,T2): UGSA
A(ﬁ@z)‘tﬁff

Z Yo i@ ()

O'ESA (Z1,x2):
A(T1,T2)=diff

< 2-max Z P71 (T1)p3 (T2)

oc€S A e
(T1,T2):
A(Tl ,52): diff
=2 Pgsym(Aaplvp2)a

where in (a), we note that all (1, Z2) having the same joint pattern have the same proba-
bility ﬁ > oes, PT(@1)pS(T2). A similar argument can be shown for the case p1 # p2. U
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