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Abstract

Randomized branching programs are a probabilistic model of computation defined
in analogy to the well-known probabilistic Turing machines. In this paper, we
present complexity theoretic results for randomized read-once branching programs.

Our main result shows that nondeterminism can be more powerful than randomness
for read-once branching programs. We present a function which is computable by
nondeterministic read-once branching programs of polynomial size, while on the
other hand randomized read-once branching programs for this function with two-
sided error at most 2554 have exponential size.

The same function exhibits an exponential gap between the randomized read-once
branching program sizes for different constant worst-case errors, which shows that
there is no “probability amplification” technique for read-once branching programs
which allows to decrease the error to an arbitrarily small constant by iterating prob-
abilistic computations.
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1 Introduction

Branching programs are a theoretically and practically interesting data structure for the repre-
sentation of Boolean functions. In complexity theory, among other problems, lower bounds for
the size of branching programs for explicitly defined functions and the relations of the various
branching program models are investigated.

A branching program (BP) on the variable set {xy, ..., x,} is a directed acyclic graph with one
source and two sinks, the latter labelled by the constants 0 and 1. Each non-sink node is labelled
by a variable x; and has exactly two outgoing edges labelled by 0 or 1. This graph represents a
Boolean function f: {0,1}" — {0,1} in the following way. To compute f(a) for some input
a € {0,1}", start at the source node. For a non-sink node labelled by =, check the value of
this variable and follow the edge which is labelled by this value (this is called a “test” of the
variable z;). lterate this until a sink node is reached. The value of f on input « is the value of
the reached sink. The size of a branching program  is the number of its non-sink nodes and is
denoted by |G|.

We can also assign a Boolean function to every node of a branching program, not only to the
source. Furthermore, note that an edge of a branching program can be regarded as an assignment
of a variable, and each path corresponds to a sequence of assignments of variables.

Branching programs are a sequential model of computation. Sequences of functions which can
be computed by polynomial size branching programs can also be computed within logarithmic
space on non-uniform Turing machines and vice versa (Pudlak and Zak, [16], see also [20]).
Hence, a non-linear lower bound on the size of branching programs would amount to a major
breakthrough in complexity theory.

Since the lower bound techniques presently known are too weak to prove such bounds, one
has turned to restricted variants of branching programs. Read-k-times branching programs
are branching programs with the restriction that on each path from the source to a sink each
variable is allowed to be tested at most & times. This model is sometimes termed syntactic
read-%-times BP, in contrast to the “non-syntactic” variant with the restriction that only on each
consistent path from the source to a sink each variable is allowed to be tested at most & times
(a path is called consistent if all assignments of variables on it are consistent). Exponential
lower bounds on the size of syntactic read-k-times BPs have been independently proved by
Okolnishnikova [14] for & < clogn/loglogn, ¢ < 1 arbitrarily chosen, and by Borodin,
Razborov and Smolensky [6] even for nondeterministic syntactic read-%-times BPs and & <
clog n, for an appropriate constant c.

Here we focus on the case £ = 1, i.e. read-once branching programs. This is the vari-
ant of branching programs for which the first exponential lower bound could be established
([21], [23]). By now, the theory of deterministic read-once branching programs is well under-
stood, and there is a large collection of interesting lower bound results (Razborov [17] gives an
overview, for a summary of proof techniques for lower bounds, see [19]).

We mention another variant of restricted branching programs which will turn up in the se-
quel. OBDDs (ordered binary decision diagrams), introduced by Bryant [7], are even further
restricted than read-once-branching programs, but have nevertheless turned out to be extremely



useful in practice. An OBDD is a read-once branching program with an additional ordering of
variables. On each path from the source to a sink, the variables have to be tested according
to this ordering. Lower bounds for OBDDs have been proved, e.g., by Bryant [8], Hosaka,
Takenaga and Yajima [11] and Bollig, Sauerhoff, Sieling and Wegener [5].

In this paper we are concerned with randomized branching programs, i.e. branching programs
with additional “coin-tossing nodes”. We will give a formal definition of this model in the next
section. In the context of Turing machines, randomized models have been studied since the
introductory work of Gill [10]. But to clarify the relations of the respective complexity classes
among each other and to the polynomial hierarchy belongs to the famous open problems in
complexity theory. In spite of this, these questions could be solved for some restricted compu-
tation models, most important perhaps communication protocols (see [4], [15]). By the analysis
of these restricted models we hope to be able to improve our tools for proving lower bounds
and thus also to gain deeper insights into the structure of the more general models.

It is therefore natural to ask what can be done for randomized variants of restricted branching
programs. Ablayev and Karpinski [2] have made the first step by presenting a function which
is computable by randomized OBDDs of polynomial size, but for which deterministic OBDDs
have exponential size. In [3], they used a modified version of this function and showed that for
it even the size of nondeterministic OBDDs is exponentially larger than the size of randomized
OBDDs. On the other hand, Ablayev [1] and the author [18] managed to prove exponential
lower bounds on the size of randomized OBDDs for certain functions representable by nonde-
terministic OBDDs of polynomial size. Altogether, it follows that the analogues of the classes
NP and BPP for OBDDs are incomparable.

For read-once branching programs, the relation between nondeterminism and randomness has
been open so far, as noted in the paper of Jukna, Razborov, Savicky and Wegener [12].

In the technical report [18] the author has already shown that randomness can be more powerful
than nondeterminism for read-once branching programs. More precisely, we have an example
of a function with exponential nondeterministic read-once BP size on the one hand and polyno-
mial randomized read-once BP size on the other. The cited paper also introduces a lower bound
technique for randomized read-%-times BPs. By this technique, an exponential lower bound on
the size of randomized read-%-times BPs for & < clogn, ¢ an appropriate constant, could be
established. We note that the function considered in this case also has exponential nondeter-
ministic read-£-times BP size (as proved by Borodin, Razborov and Smolensky [6]). It is not
hard to show that the same holds for the complement of the function.

In the present work we exhibit a function that is “simple enough” to be computable by nonde-
terministic read-once branching programs of polynomial size, but nevertheless can be proved
to have exponential size for randomized read-once branching programs by the lower bound
method from [18]. As a consequence, we obtain that nondeterminism and randomness are in-
comparable for read-once branching programs if the error allowed for the randomized programs
IS not too large.

The rest of the paper is organized as follows. In Section 2, we formally define randomized
branching programs. In Section 3 we give a summary of the lower bound technique which we
use. Our main result is proved in Section 4.



2 Definitions and Basic Facts

In this section, we give the definitions of nondeterministic and randomized variants of general
branching programs. It is easy to derive appropriate variants for the various restricted branching
program models, especially for read-%-times branching programs.

For the introduction of non-deterministic branching programs we follow Meinel [13].

Definition 1: Let 2 be a set of binary Boolean operators. An Q-branching program is a branch-
ing program which may contain nodes labelled by a function w € © and which have two unla-
belled outgoing edges. We define the semantics of such an £2-branching program by inductively
assigning a function to each node. The 0- and the 1-sink compute the respective constant func-
tions. Let v be a non-sink node labelled by a function w € 2 with successors v, and v,, and let
f1 and f,, resp., be the functions represented by the successors. Then v represents the function
w( f1, f2). Now let v be a non-sink node labelled by a variable z;, where the functions f, and f;
are represented at the nodes reached via the 0- and 1-edge, resp. Then v represents the function
—x; - fo V x; - f1 as in a usual branching program. The size of an Q-branching program is the
number of all its non-sink nodes.

Nondeterministic branching programs are {V }-branching programs in the sense of this defini-
tion, ordinary branching programs are obtained by choosing © = ). The class of sequences
of Boolean functions which are computable by polynomial size nondeterministic read-once
branching programs is denoted by NP-BP1.

Definition 2: A randomized branching program G syntactically is a branching program with
two disjoint sets of variables z1,...,x, and zy,...,z.. We will call the latter “stochastic”
variables. Let ¢ be the function on n + r variables represented by (7 as a deterministic branching
programm.

We say that G as a randomized branching program represents a function f: {0,1}" — {0,1}
with

e one-sided error atmost ¢, 0 < e < 1, if forall z € {0,1}" it holds that
Pr{g(z,z) =0} =1, if f(z)=0;
Pr{ig(z,z)=1}>1—¢, if f(z) =1,

e two-sided error atmost ¢, 0 < e < 1/2, if forall = € {0,1}" it holds that
Pr{ig(z,z) = f(z)} > 1—e.

In these expressions, z is an assignment to the stochastic variables which is chosen according
to the uniform distribution from {0, 1}".

A randomized read-once BP is a randomized branching program with the restriction that on
each path from the source to a sink, each variable x; and each variable z; is tested at most once.
For a randomized OBDD, an ordering on the variables z, ..., z, and zy, ..., z, IS given.



In analogy to the well-known complexity classes for Turing machines, let RP.-BP1 be the class
of sequences of functions computable by polynomial size randomized read-k-times branching
programs with one-sided error at most ¢, ¢ < 1. Let BPP.-BP1 be the class of sequences
of functions computable by polynomial size randomized read-once branching programs with
two-sided error at most ¢, ¢ < 1/2. Furthermore, let

RP-BP1:= | ] RP.-BPL,

€€[0,1)
BPP-BP1 := U BPP.-BP1.

56[07%)

Analogous classes can be defined for general branching programs and OBDDs (we append
suffixes “-BP” and “-OBDD”, resp., to the names instead of “-BP1”). Finally, for each of the
considered complexity classes C let co-C be the class of sequences of functions ( f,,) for which
(—/fx) €C.

We can adapt the well-known technique of iterating probabilistic computations (called “prob-
ability amplification™) to improve the error probability of randomized branching programs and
randomized OBDDs. We obtain, e. g., that for all constant  and ¢’ with 0 < ¢ <&’ < 1 itholds
that

RP.-BP = RP..-BP and RP.-OBDD = RP..-OBDD.

This has been proved in [18]. We will see in Section 4 that an analogous assertion for read-once
BPs does not hold.

As for Turing machines, we have RP-BP1 C NP-BP1. It is an open problem if this inclusion
is proper. It has been shown in [18] that coRP-OBDD \ NP-BP1 # (), and thus BPP-BP1 ¢
NP-BP1.

For the sake of completeness, we restate the respective theorem. The function considered is
called PERM and is defined on an n x n-matrix X = (z;;)1<: ;<. Of Boolean variables. Let
PERM(X) = 1 if and only if X is a permutation matrix, i.e. if each row and each column
contains exactly one entry equal to 1.

Theorem 1 (Sauerhoff 1997):
(1) PERM € coRP.,)-OBDD for all ¢(n) € [0,1) with ¢(n)~" = O(poly(n)), but
(2) PERM ¢ NP-BP1.

It is easy to improve this result to show that BPP-BP1 Z (NP-BP1U coNP-BP1).

The function 2PERM: {0,1}** — {0, 1}, defined on two Boolean n x n-matrices X and Y’
by 2PERM(X,Y’) := PERM(X) A =PERM(Y") obviously is contained in the class BPP-BP1
but neither in NP-BP1 nor in coNP-BP1.



3 A Lower Bound Technigue for Randomized Read-Once BPs

As mentioned in the introduction, we are going to apply the technique for proving lower bounds
on the size of randomized read-%-times BPs with two-sided error developped in [18]. In this
section, we restate the necessary definitions and the main result for the special case & = 1.

The proof technique is an extension of techniques of Borodin, Razborov and Smolensky [6]
and Okolnishnikova [14]. It relates the number of nodes of a read-once branching program
to the number of rectangles for which the considered function computes constant values. The
definition of rectangles is given below.

Definition 3 (Rectangle): Let X be a set of variables, » := | X|. Let (X, X;) be a balanced
partitionof X, i.e. X = X;UX,, X;NX, = 0and || X;|—|X;|| < 1. Thenaset R C 2%1 x 24Xz
of assignments is called rectangle in 2% with respect to the partition (X, X3).

This is the type of rectangles considered also in communication complexity theory. The defi-
nition coincides with the definition of (&, p)-rectangles of Borodin, Razborov and Smolensky
used in [18] ifwe let £ = 1 and p = 2.

Notation: We occasionally identify assignments to variables and Boolean vectors if the set (and
order) of variables is clear from the context.

To show a lower bound on the size of randomized read-once BPs we will establish the following
two properties of the considered function f:

(1) The number of 1-inputs for f is bounded from below by a positive (non-zero) constant.

(i1) For an arbitrary balanced rectangle, the number of O-inputs for f in this rectangle is always
at least a constant fraction of the number of 1-inputs in the rectangle.

The theorem below (which is proved in [18]) makes this more precise.

Theorem 2: Let f: {0,1}" — {0, 1} be defined on the variable set X, | X| = n. Assume that
there is a probability distribution ;2 on 2% such that for every rectangle R which belongs to a
balanced partition of X it holds that

W(RAF7(0) 2 a-u(ROF7(1) = (),

where « is a constant and § a real-valued function.
Then it holds for every randomized read-once BP  for f with two-sided error at most « that

1 (o p(f () = (1 +a) e\

In the applications of this theorem, é(») will be exponentially small in r.



4 The Main Result

In this section, we prove an exponential lower bound on the randomized read-once BP size of
a function which is computable by nondeterministic read-once BPs of polynomial size. We
obtain that NP-BP1 ¢ BPP.-BP1 for “small” error . The proof of this fact turns out to be
much harder than the proof of the contrary result that BPP-BP1 ¢ NP-BP1 mentioned above
(Theorem 1).

We consider the following function.

Definition 4: Define ModSum: {0,1}* — {0,1} on the n x n-matrix X = (z;;)i<i j<n Of
Boolean variables. Let

ModSum(X) := RowTest(X) A RowTest(XT),

where RowTest : {0, 1}”2 — {0, 1} is defined by

n

RowTest(X) := Z[;vm + -+ 2,, =0mod 3] =0 mod 2

=1

(By the expression [P], P a predicate, we denote the Boolean function which is equal to 1 iff P
is true.)

In order to apply Theorem 2 from the last section, we show in Lemma 1 below that the function
ModSum has “many” 1-inputs. Furthermore, we have to verify that each rectangle with respect
to a balanced partition of the input variables contains at least a “certain fraction” of 0-inputs for
ModSum. Lemma 2 and Lemma 3 prepare the proof of this fact.

Lemmal: |ModSum™'(1)| >p 2", p:= 2L > 0.164.

Proof: Consider an arbitrary partial assignment « to the variables in X = (;)1<; j<n, Which
fixes all variables with the exception of a 3 x 3-submatrix, e.g. in the upper left corner of X.
Then it holds that

3
ModSum,(X,) = Z[:cm + 2,9+ xi3+r; = 0mod 3] = p, mod 2| A
L:=1
Z[:clﬂ- + 22; + 23,4+ ¢; = 0 mod 3] = p. mod 2| ,

L:=1

where ModSum, denotes the subfunction of ModSum obtained by substituting the variables
according t0 a, X, = (;)1<i,j<n» IS the matrix of remaining free variables, and the constants
prype € 40,1} and ry, 7y, 13, ¢, 2, c3 € Z3 depend on the assignment a.

For all possible values of p,,p. € {0,1} and ry,ry, 73, ¢1, 0, ¢3 € Zz We can by means of a
computer count the number of Boolean 3 x 3-matrices for which ModSum,, « the assignment



belonging to the constants, outputs 1. We obtain a minimum number of 84 1-inputs if
pr=0,p.=1 and ri=¢ =1, 1=1,2,3 or
p,=0,p.=1 and r,=¢ =2, 1=1,2,3 or
pr=1,p.=0 and ri=c¢ =1, 1=1,2,3 or
pp=1,p.=0 and r,=¢; =2, 1=1,2,3.

Since there are 2%° = 512 choices for the values of zy;, 1 < 1,7 < 3, altogether, the claim
follows. =

Lemma 2: Let (X, X;) be an arbitrary balanced partition of the variable set X. Then it holds
that there isaset / C {1,...,n} with |I| > n/4 such that

2 S |{'7:i,17 - '7'7"2',71} N )\/’1

<n-—2 forall: eI,
or

2 S |{~7:1,i7 ey Tnﬂ} N )(1

<n-2 forall;el.
Proof: Defines;:=|{j|7€{l,...,n} Az,; € Xi}|,1 <1 <n,and

L:={i]s; <2},
H:={i]s >n—2}

Since the given partition is balanced, it holds that

Ln2/2j < Zsi < (nQ/Q-‘.

The union . U H contains exactly the indices of rows of the matrix X which do not fulfill the
first assertion in the claim above. We show that if the first assertion (for the rows) is not fulfilled,
then the second (for the columns) holds.

Assume in the following that the first assertion does not hold, i.e. |L U H| > 3n 4 1. We have

n2/241/2

<nf241,
n—1

< 21

n—1

for n large enough. If we swap the roles of X; and X, we also obtain || < n/2 + 1. Taking
the assumption into account, it follows that |7.| > n/4 and |H| > n/4. Hence, there is a set
I C {l,...,n} with |T| > n/2 such that for each 7 € T the column i of X contains n/4
variables from X, and n /4 variables from X,. Therefore, the second assertion of the claim is
fulfilled for this set /. O

Definition 5: Let V' := {0,1}* Let: V — Z3be defined by ¢(z,y) := « + y, where z,y €
10,1} (thus we have =1 (0) = {(0,0)}, = (1) = £(0,1),(1,0)} and = (2) = (1,1)}).



For arbitrary ¢ € {0,1} and ¢,...,¢, € Zj3 define RowTestCommye, ¢, . c.: V* x V* —
{0,1} by

RowTestCommyg ¢, ,..c,. (2, y) := Z[gp(:ﬂz) + ¢(yi) + ¢ = 0 mod 3] = ¢o mod 2| ,

i=1
where z,y € V",

Definition 6 (Discrepancy): Let finite sets X and Y and a function f: X x Y — {0,1} be
given. Then we define the discrepancy of f with respect to a rectangle R, R = A x B and
ACX,BCY, by

1

Dise(f, B) = rgrpy - I/~ () 0 RI =177 (0) 0 .

By Disc(f) we denote the maximum of Disc(f, R) taken over all choices of rectangles R in
X xY.

Lemma 3: For arbitrary ¢, € {0,1} and ¢y, ..., ¢, € Zj, it holds that
Disc(RowTestCommy, o, . ., ) < (\/ 14/4>n )

Proof: The technique used for this proof is the same as in the well-known proof of the lower
bound on the probabilistic communication complexity of the inner-product function (see, e. g.,
[9]). Define the 4” x 4"-matrix M, M = (m(z,y))syevn, DY

(2,1) 1, if RowTestCommyg, ¢, c.(2,y) = 1;
m(z,y):= )
Y —1, otherwise.

Let R =S x T,with S,7 C V", be an arbitrary rectangle. We show that

1
Disc(RowTestCommy, ¢, .0, R) = W Z m(z,y)
(zy)ER

1
= o L M1y < (V14/4)

where 15 and 1 are the characteristic vectors of S and 7, respectively. To establish this upper
bound, we show that || A||,, the spectral norm of M, is small compared to 42". The first step in
the proof is to compute the entries of M = (7(z, y)).yev, defined by M := M7 M. It holds
that || M||2 = v/ Amax, Where ..« is the largest eigenvalue of M (see, e.g., [22]). Note that all
eigenvalues of M are real and non-negative. The second step will be to derive an upper bound
0N Amax-

First step: Let m () be the column of M with index = € V™. It holds that

m(z,y) = m(T)Tm(y) = Z m(z,z)m(y, z).

zeVn



We evaluate this sum by counting the number of 1’sand (—1)’s, i.e. we compute

Ni(z,y) = [{z € V" | m(z,z)m(y,z) = 1}|, and
N_i(z,y) = [{z € V" [ m(z, 2)m(y,z) = —1}].

It is sufficient to determine N, (x,y), since N_y(z,y) = 4* — Ny(z,y). It holds that

m( ) —1¢>Z +L,ozz—|—cz_0rnod3]

n

Z[@(yz‘) + ¢(zi) + ¢; = 0 mod 3] mod 2
=1

& Z([Lp(n) + ¢(zi) + ¢; =0 mod 3] —

=1

[e(y:i) + ¢(2) + ¢; = 0 mod 3]) = 0 mod 2
Forz,y e V", i€ {l,...,n}and 2’ € V define
Si(2') = (lp(e:) + @(=') + ¢ = 0 mod 3] — [(:) + (=) + ¢ = 0 mod 3]) mod 2.
We have to compute the number of vectors z € V" with

S1(z1) 4+ -+ 4 Sn(zn) = 0 mod 2.

Let D := {i | o(x;) # ¢(y;)} and d := |D|. For{ ¢ D, it holds that S;(z") = 0 for arbitrary
z" € V, which leads to |V| = 4 possible choices for z’. Hence, for all z; with: ¢ D we have
4n=4 choices altogether.

Now we consider the case : € D, i.e. we have ¢(z;) # ¢(y;). It holds that 5;(z") = 0 if and
only if

(o(a) +9(') + c;) mod 3 € {1,2} A (p(y:) + (') + ;) mod 3 € {1,2}.

We count the number of =’ satifying this condition:

(p(zi) + ¢;) mod 3 | (¢(y;) + ¢;) mod 3 possible p(z’) number of 2/ € V
0 1 M,27n 10,1} = {17 2
0 2 (1,2} n {0,2} = {2} 1
1 0 {0,1} n{1,2} ={1} 2
1 2 (0,11 n{0,2} = {0} 1
2 0 {0,2} n{1,2} = {2} 1
2 1 0,21 N {0,1} = {0} 1

Let P := {i | {(¢(z:) + ¢) mod 3, (¢(y;) + ¢;) mod 3} = {0,1}} C D and p := |P|. From
the table above we see that

2, ifieP
w¢mn={ e

?

1, ifie D\P,

’

10



we also have

S7(1)] = 2, !fz.ePand
3, ifie D\P.

Now we calculate the number of choices for the z;, « € D, under the assumption that exactly
k of the S;(z;) for i € P and exactly [ of the S;(z;) for: € D\P are equal to 1. By our
considerations above, there are

p k op—k d—p qQl 1d—p—1
.9k _9p=k | .3l qd-p
() 2o (1)) 5

possible values for all z; with : € D. Summation of these expressions over all choices for
ke {0,...,p}and ! € {0,...,d — p} obviously yields 4?. But we only need the number of z;
for which &£ 4+ [ = 0 mod 2. Hence, we have to compute

zp:d_p <Z><d?p> 22030 [k+1=0mod 2.

t=0 [=0

Substituting (1 + (—1)*+")/2 for [k 4+ { = 0 mod 2] this sum can easily be evaluated by appli-
cation of the binomial theorem, leading to the result

1
2 474 (=172 [p=0].

Putting the results together, we obtain

N_i(z,y) = 4" (% 4t — (=)t 27 [p=0]

P4

Ny = 7 (a4 (12 =),
)

Since m(z)"m(y) = Ni(z,y) — N_1(x,y), we get

m(z,y) = m(z) 'm(y) =4""" (=1)*.27 . [p=0], where
d:=|{i | p(z:) # (y:) }| and
p = {t | {(e(z;) + ¢;) mod 3, (¢(y;) + ¢;) mod 3} = {0,1}}].

Second step: Having obtained a closed form for the entries of Z\7[~ , We are now going to derive
an upper bound on the value of the largest eigenvalue ... of M. For the estimation of this
value, we use the following simple fact from linear algebra.

Let || - || denote a vector norm on C"* as well as a matrix norm which is compatible with this
vector norm, i. e. it holds that || Az || < || A]| - ||«|| for an arbitrary complex-valued r x n-matrix
Aand z € C". Let A be an arbitrary complex-valued » x n-matrix, A an eigenvalue of A and =

11



(z # 0) an eigenvector belonging to A. Then it holds that || A|[||z]| > ||Az|| = ||[Az|| = |A]]|=|],
hence, |A| < ||A|| (where | - | is the absolute value in C). For our purpose, it turns out to be
useful to choose the norm defined by

n
[Allco == max{} " lag| |i=1,...,n},
7=1

where A = (a;;)1<ij<n IS @ cOmplex-valued n x n-matrix. This norm is compatible with the
vector norm ||z||« := max{z; | 1 < ¢ < n}, where z € C*. (Obviously, summing column-
wise instead of row-wise works as well.)

Forz,y € V" define d(z,y) := |{1 | (i) # ¢(vi)} and p(z,y) := [{z | {((z;) + ¢;) mod 3,
(¢(yi) + e;) mod 3} = {0,1}}|. We calculate the sum of the absolute values of the entries in
an arbitrary row x € V" of M

> hin(wy)l = A2 e, y) = 0] < Y am 27

yevn yevn yeVn

To get rid of the function d, we count for fixed & € {0,...,n} the number of y € V" for which
d(xz,y) = k. For each ¢ there are at most 3 values y; for which ¢(z;) # ¢(yi), and at most 2
values y; for which ¢(z;) = ¢(y;). Hence, the number of y € V" with d(z,y) = k is at most

n E on—k
(1) 42

With this estimation, we get
D aram ’y<z<> LR o = g
ye‘/n

It follows that [Amax| < || M ]| < 14” and thus || M|z = vAmax < V14 .

Finally, we use these results to estimate the discrepancy of RowTestComm with reference to
the rectangle R = S x T'. It holds that

Disc(RowTestCommy, o0, B) < 47" - 1L M- 17|
<AT[As]lz - [[M 1
< AT [z M2 - 17l
<47 /ISNIT]- V14
<4 3 1A = <\/ﬁ/4>”

In the second line, we have applied Cauchy-Schwartz’s Theorem, and in the last line we have
0

Theorem 3:

(2) ModSum ¢ BPP.-BP1, for ¢ < 2L < 0.083.
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Proof: Part (1): We obtain a nondeterministic read-once BP for — ModSum in the follow-
ing way. We use two polynomial size OBDDs whose variables are ordered “row-wise” and
“column-wise”, respectively, to compute — RowTest(X) and — RowTest(XT). These two
graphs are combined by an v-node. To obtain a randomized read-once BP with one-sided
error at most 1/2, replace the V-node by a single stochastic variable.

Part (2): We are going to apply the technique described in Section 3. We choose x as the
uniform distribution on {0, 1}"* and show that ModSum has the following two properties:
(i) There is a constant p > 0 such that z(ModSum™"(1)) > p for all n.

(if) For an arbitrary rectangle R belonging to a balanced partition of the variables of ModSum
it holds that

() u(ModSum™(0) N R) > p(ModSum™'(1) N R) — §(n),
where ¢ is a real-valued function and é(r) is exponentially small in n.

We have shown property (i) in Lemma 1. It remains to establish property (ii). Let (X, X5)
be an arbitrary balanced partition of the input variables X = (z;;)1<; j<, 0f ModSum, and let
R =Ax B, AC2%, B C 2% bean arbitrary rectangle with respect to this partition.

We first apply Lemma 2. W. |. 0. g. let the first assertion of the lemma hold. Then we can fix sets
X{ C X; and X} C X, such that there are m := n /4 rows ¢ for which exactly two variables x;;
are in X7 and two in X}, and we have | X|| = | X}

We prove that for an arbitrary assignment « to all variables which are not in X| U X/

= 2m.

27 IX11=1%21 ) ModSum; ' (0) N R,| > 27X 1=1XEl | ModSum ' (1) N R.| — 6(n).

(For an arbitrary function f and a (partitial) assignment a, we write f, for the subfunction
(restriction) of f obtained by substituting variables by constants according to a. R, is the
restriction of R by « if we regard R as a characteristic function.) The claim (x) follows from
the above inequality by the law of total probability: for ¢ € {0, 1} it holds that

1’ !
a2 X19%5

= o~ IXI. Z | ModSum; ' (¢) N R,|

x'ux!
CLEZ 1 2

= 27X | ModSum™(¢) N R|.
For the rest of the proof let « be a fixed assignment to the variables not in X] U X7,. It holds that
R, = A’ x B', where A’ C 2Xi and B’ C 2%:2. Let us call the remaining free variables z!,, z!,

and x7,, #7,, where 7 € {1,...,m} and the variables with upper index j are from the set X,
j = 1,2. Then the function RowTest, can be written as

RowTest,(X,) = Z[m% + x}’g + :ci] + :03’2 + ¢; =0 mod 3] = ¢g mod 2| ,
i=1

13



with appropriate constants ¢, € {0,1} and ¢y,...,c, € Zs depending only on a. By the
definitions it follows that

ModSum,(X,) =1 = RowTestComm,, ., .. (2(X,),y(X,)) =1,
where :”(Xa) = ((I},la '7"},2)’ S (337171,1’ '7"7171,2» and y(Xa> = ((mil, m%a)a sy (J::fn,h T'fn,Z))

Now we can apply Lemma 3. Since Disc(RowTestCommy, ., _..) < (v/14/4)™, we have
27" . | RowTestComm_ " (0) N Ry| >

27" . |RowTestCommz ', . (1) R,| — (V14/4)™,
and thus also
274" . | ModSum ;1 (0) N R,| > 27%" . | ModSum (1) N R,| — (V14/4)™,
therefore, inequality () holds with §(n) := (1/14/4)"/4.

It only remains to apply Theorem 2 from Section 3. Let G be an arbitrary randomized read-
once BP for ModSum with two-sided error at most . Let p = 21/128 as in Lemma 1. Then
we obtain that
1 p— 2 12 O(log n)

Gl > — | ———— = 2nmENes L ei= (1/8) - log,(4/vV14) & 0.012,

612 5 (Far) (1/8) Toga(4/ /11
fore < p/2 = 2. O
Main Theorem: For s with 0 < ¢ < 2L it holds that

2561
(1) BPP.-BP1 ¢ NP-BP1;
(2) RP.-BP1 G RP, /,-BP1 C NP-BPL.

The second part of this theorem shows that there is no “probability amplification” technique for
read-once BPs that decreases the error below an arbitrary small positive constant. As we have
already mentioned, this is contrary to the situation for OBDDs or general branching programs.

Conclusion and Open Problems

We have shown that BPP.-BP1 is incomparable to NP-BP1 if the error ¢ is not too large. This
partially solves the open problem raised in [12] to separate the classes BPP-BP1 and NP-BP1.

We even have obtained an exponential gap between the randomized read-once BP sizes for
different constant worst-case errors. In this respect, read-once branching programs turn out
to behave rather “pathological” compared to the well-known probabilistic computation models
and to randomized general branching programs or randomized OBDDs.

Some interesting problems concerning randomized read-once BPs still remain open, e.g.:

(1) Find a function f with f € NP-BP1, but f ¢ BPP,,_.-BP1 for arbitrarily small ¢ > 0,
showing that BPP-BP1 ¢ NP-BP1.

3) Show that for arbitrary e and &’ with 0 < ¢ < &’ < 1 it holds that RP.-BP1 € RP.,-BP1.
=

14
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