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Abstract

We investigate the power of Algebraic Branching Programs (ABPs) augmented with
help polynomials, and constant-depth Boolean circuits augmented with help functions. We
relate the problem of proving explicit lower bounds in both these models to the Remote
Point Problem (introduced in [3]). More precisely, proving lower bounds for ABPs with
help polynomials is related to the Remote Point Problem w.r.t. the rank metric, and
for constant-depth circuits with help functions it is related to the Remote Point Problem
w.r.t. the Hamming metric. For algebraic branching programs with help polynomials with
some degree restrictions we show exponential size lower bounds for explicit polynomials.

1 Introduction

The goal of circuit complexity, which is central to computational complexity, is proving lower
bounds for explicit functions. The area has made several advances in the last three decades
mainly for restricted circuit models. Some of the major results relating to circuit size lower
bounds are the following: Exponential size lower bounds for constant-depth Boolean circuits
[7, 12, 6] and for monotone Boolean circuits [2, 11] computing certain explicit Boolean func-
tions; in the arithmetic circuit complexity setting, exponential size lower bounds for mono-
tone arithmetic circuits [8] computing certain explicit polynomials, and exponential size lower
bounds for explicit polynomials in the case of noncommutative algebraic branching programs
[9]. More recently, [10] has shown superpolynomial lower bounds for multilinear arithmetic
circuits. We can say that these restricted models of computation have been sufficiently well
understood to show the nontrivial explicit lower bounds.

However, most of the central problems in the area continue to remain open. For example,
we do not know how to prove superlinear size lower bounds for logarithmic depth Boolean
circuits. We do not have superpolynomial size lower bounds for depth-3 arithmetic circuits
over rationals.
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The aim of this paper is to explore circuit complexity by augmenting the power of some
of these restricted models by allowing help functions (in the arithmetic circuit case, help
polynomials). In this paper we consider two specific problems.

1. Proving size lower bounds for constant depth Boolean circuits augmented with help
functions. More precisely, given any set {hi,ha,--- ,hpy} of help Boolean functions
where

hi - {0,1}" — {0,1},

and m is (quasi)polynomial in n, we want to find an explicit Boolean function f :
{0,1}™ — {0, 1} that requires superpolynomial size constant depth circuits C' that
takes as input x1,--- ,Zn, b1, -, hm. The function f should be explicit in the sense
that it is computable in 27" time.

2. Proving size lower bounds for noncommutative algebraic branching programs augmented
with help polynomials. More precisely, given any set {hi, ha, -, hy,} of help polyno-
mials in the noncommuting variables {x1,x9, -+ ,x,} over a field F, we consider alge-
braic branching programs whose edges are labeled by F-linear combinations of the h;.
The problem is to prove superpolynomial lower bounds for some explicit polynomial in
Ti, -, Xy over .

We formally define explicit Boolean functions and explicit polynomials.

We say that a family of Boolean functions {f,}n>0, where f, : {0,1}" — {0, 1} for each
n, is explicit if there is a uniform 27" time algorithm that takes z € {0,1}" as input and
computes f,(x).

We say that a family of multilinear polynomials {P,},~o where P, (%) € Flx1, -+, x,] is
explicit if there is a uniform 27°Y time algorithm that takes as input (m,0") for a multi-
linear monomial m (on indeterminates x1,x9, ..., x,) and outputs the coefficient of m in the

polynomial P,.

Contributions of this paper

For constant-depth circuits and noncommutative ABPs, augmented with help func-
tions/polynomials respectively, proving lower bounds appears to be nontrivial.

1. We show that both the above lower bound problems are related to the Remote Point
Problem studied by Alon et al [3]. For constant-depth circuits we show a connection to
the Remote Point Problem in the Hamming metric studied in [3]. For noncommutative
ABPs the problem is connected to the Remote Point Problem in the rank metric which
is defined as the rank distance between matrices.

2. We also study the Remote Point Problem in the Rank metric, and we build on ideas
from Alon et al’s work (for the Hamming metric version) in [3] to give a deterministic



polynomial-time algorithm for certain parameters. However, these parameters are not
sufficient to prove lower bounds for ABPs augmented with help polynomials. Similarly,
the parameters achieved by the algorithm in [3] for the Hamming metric are not sufficient
to prove explicit lower bounds for constant-depth circuits with help functions.

3. On the positive side, when the degrees of the help polynomials are somewhat restricted,
using our solution to the Remote Point Problem w.r.t. the rank metric, we show expo-
nential size lower bounds for noncommutative ABPs computing certain explicit poly-
nomials (e.g. Theorem 14).

2 Constant Depth Circuits with Help Functions

In this section, we address the problem of proving lower bounds for constant depth circuits
of polynomial size that have access to help functions {h1, ho,- -, hy} at the input level. Our
goal is to show how the problem is related to the Remote Point Problem w.r.t. the Hamming
metric.

Notice that we can consider the circuit inputs z1,x2,---,z, to be included in the set of
help functions. Thus, we can assume that we consider constant depth circuits with input
hi,ho,- -+, hy and our goal is to prove superpolynomial lower bounds for such circuits. Notice
that we cannot predetermine a hard Boolean function as the hard function chosen will depend
on hl,hg,-” ,hm.

It is well known that constant depth circuits can be well approximated by polylogarithmic
degree polynomials, for different notions of approximation. We state the results of Tarui [13]
(also see [4]) in the form that we require. In what follows, the field we work in will be Fy,
but our results can be stated over any constant sized field, and over the rationals.

A polynomial p(z1,z2,- -+ ,Tpn, 71, ,7k) is called a probabilistic polynomial if it has as input
the standard input bits z1,xo,...,z, and, in addition, random input bits r,ro,...,7r. We
say that the polynomial p represents a Boolean function f : {0,1}"™ — {0, 1} with error € if

Prob[p(xl,--- s Ly T'Ly ,’I"k) = f(xla"' 7$n)]
>1 —¢,

where the probability is over random choices of bits ;.

Theorem 1. [13, 4] There is a probabilistic polynomial p(x1,xo, -+ ,xp, 1, ,7%) of degree
O(log(1/€)log®n) with O(log(1/€)log®n) random bits that represents OR(xq,- -+ , ) with
error €. Furthermore, AND(xy,--- ,xy,) can be similarly represented.

Building on the above, the following well-known theorem is shown in [13, 4].

Theorem 2. [13, 4] Ewvery function f computed by a boolean circuit of depth d and
size s is represented by a probabilistic polynomial p(z1,z2, -+ ,Tp, 71, -+ ,7K) of degree
O(log(1/€) log?®n)¢ that represents f(x1,--- ,x,) with error se. T

tTarui’s construction yields a probabilistic polynomial g with integer coefficients. We can obtain the desired
polynomial p over Fy from g by reducing the coefficients modulo 2.



Now, consider Boolean functions computed by constant-depth circuits with help func-
tions. More precisely, let H = {hi,ho, -+ ,hy} denote a set of Boolean help functions
hi : {0,1}" — {0,1}. For s,d € N, we define SizeDepthy(s,d) to be the set of Boolean
functions f : {0,1}" — {0,1} such that there is a depth d circuit C' of size at most s such
that

f(@) = C(hi(@), ha(T), - -, hn (7)),

where T denotes the n-tuple (x1,x2, -+ ,2,). The lower bound problem is to construct, for
each fixed d, and for any given set of help functions H and s € N, an explicit Boolean function
g such that g is not in SizeDepthy (s, d).

We do not have a solution to this problem. However, we show that this lower bound problem
is connected to the Remote Point Problem (RPP) introduced by Alon et al [3]. An interesting
deterministic algorithm for RPP is presented in [3]. A deterministic algorithm with somewhat
stronger parameters would solve our lower bound question. We now explain this connection.

The Remote Point Problem (RPP) [3]. Given a k-dimensional subspace V' C F) the
problem is to find a vector v € FY such that the Hamming distance d(u,v) > r for every
u € V if it exists,. We will call an efficient algorithm that does this an (V, k, r)-solution to
the problem.

The challenge is to give an efficient deterministic algorithm for RPP. A randomized algorithm

that simply picks v at random would be a good solution with high probability (for most

parameters k and r of interest). Alon et al in [3] give an (N, k, ) solution for r = O (nggk ,

where their deterministic algorithm runs in time polynomial in N. We now state and prove
the connection between RPP and our lower bound question.

Theorem 3. Let N = 2". For any constant d € N, and any constants cg > c¢; > cg > 0
such that ¢y > (c1 + 2¢2)d + ca, if the Remote Point Problem with parameters (N, k,r) — for

2”O<1), then, for any given set of help

k= 20osm)® gnd p = 2(10%)01 — can be solved in time
functions H such that |H| = 2(0gn)2 ond s = en®, there is an explicit Boolean function that

does not belong to SizeDepthy (s, d) for large enough n (depending on c).

Proof. The proof is an easy application of Theorem 2. Let H = {hy,ha,...,hy}. Con-
sider a circuit C' corresponding to the class SizeDepthy(s,d). To wit, the function it com-
putes is C(h1(Z), ha(T), - , hm(T)), where C is depth-d, unbounded fanin and of size em®.
Now, for T picked uniformly at random from {0,1}" suppose the probability distribution
of (h1(Z), he(T), -+ ,hm(T)) on the set {0,1}™ is pu. By Theorem 2 there is a probabilis-
tic polynomial p(y1, ¥z, ,Ym, 71,72, ,7¢) of degree O(log(1/€)log?m)? that represents
C(y1,y2, -+ ,Ym) with error em©. By a standard averaging argument it follows that we can
fix the random bits 71,79, -+ , 7 to get

PI;lOb[p(ylany U Ym, T, T2, 0 art) =

C(y17y27 T 7ym)] > 1— cmCe,



where (y1,v2,- -+ ,Ym) is picked according to distribution p. But that is equivalent to

PrOb[p<h1(f)7 T ,hm<f),7"1,7’2, e 7Tt> =
Clhi(@), ha(@), -, hon(@))] > 1 — eme,
(1)

where T is picked uniformly at random from {0, 1}".

Choose ¢}y < cg — c2 and ¢} > ¢1(> ¢2) such that ¢ = (¢} + 2c2)d. Let e = —L—. Then the

2(logn)1
degree of p above is O(log n)CB. We will consider Boolean functions on n bits as vectors in F5'.
Let V be the subspace in Fév spanned by all monomials (i.e, products of help functions) of

degree at most O(log n)Cf). Then the dimension k of V is m@(0gm)® < 9(logn)®® By Inequality
(1), it follows that finding a vector v € FY that is r-far from V for r = 2(10%)01 > cNmFe in
time 27°" would give us an explicit Boolean function that is not in SizeDepthy (s, d). O
Remark 4. We recall a nice related result of Jin-Yi Cai: He has shown in [5] an expo-
nential lower bound for the size of constant-depth circuits that computes m specific parities
in the presence of (any) m — 1 help functions, where m < n'/®. His proof is essentially
based on Smolensky’s dimension argument [12]. However, in our setting where we allow for
polynomially many help functions Smolensky’s argument [12] does not work.

We now state an interesting connection between explicit lower bounds against
SizeDepth ;(n¢, d) and lower bounds against the polynomial time many-one closure of ACP.
The proof proceeds by a simple diagonalization argument. For any complexity class C, let
RE.(C) denote the polynomial-time many-one closure of C, i.e, the class of languages that can
be reduced in polynomial time to a language in C.

Theorem 5. Suppose, for every fized d € N, there is a %Y time algorithm A that takes

as input a set of help functions H = {h;: {0,1}" — {0,1} | i € [m]} where m < nlosm ¥
(where each h; is given by its truth-table), and A outputs the truth-table of a Boolean function
g :{0,1}" — {0,1} such that for any ¢ > 0, g ¢ SizeDepthy (n¢,d) for almost all n. Then
EXP ¢ R}, (ACY).

Proof. For any d € N, let Acg denote the class of languages that are accepted by polynomial-
sized circuit families of polynomial size and depth d.

Note that to prove that EXP ¢ R}, (ACY), it suffices to prove that EXP ¢ Rb,(ACY) for each
fixed d € N, since EXP contains problems that are complete for it under polynomial-time
many-one reductions. We will now describe, for any fixed d € N, an EXP machine that
accepts a language Lg ¢ R5,(ACY).

We proceed by diagonalization. Let Rj, Ra, R3,... be any standard enumeration of all
polynomial-time many-one reductions such that each reduction appears infinitely often in

tHere, logn can be replaced by any function f : N — N such that f(n) is 27°" _time computable, f(n) =
w(1), and f(n) < n°W,



the list. Fix n € N and let m = maxye(g 1}» [Rn(y)|- On an input = € {0,1}", the EXP ma-
chine does the following: for each y € {0,1}", it runs R,, for n'°™ time and computes R, (y)
(if R,, does not halt in time n'°¢™ the machine outputs 0 and halts). It can thus produce the
truth tables of functions h; : {0,1}" — {0,1} (¢ € [m]) such that for each y € {0,1}", h;(y) is
the ith bit of R, (y) if |R,(y)| > ¢ and 0 otherwise. Now, by assumption, in time 2n?" the
EXP machine can compute the truth table of a function g, : {0,1}" — {0, 1} such that, for
any ¢ > 0, gn & SizeDepthyy, 5 1(n¢ d) for large enough n. Having computed g,, the EXP
machine just outputs g, (z).

It is clear, by a standard argument, that L; cannot be polynomial-time many-one reduced to
any language in ACY. O

3 Noncommutative Algebraic Branching Programs

Let X = {x1,x9, -+ ,x,} be a set of n noncommuting variables, and F(X) denote the non-
commutative ring of polynomials over X with coefficients from the field F. For f € F(X),
let d(f) denote the degree of f. Let Mong(X) be the set of degree d monomials over X. For
a polynomial f and a monomial m over X, let f(m) denote the coefficient of m in f. A
nonempty subset H C F(X) is homogeneous if there is a d € N such that all the polynomials
in H are homogeneous of degree d.

Let G = (V, E) be a directed acyclic graph. For u,v € V, let P, ,, be the set of paths from u
to v, where a path in P, , is a tuple of the form ((ug,u1), (u1,u2), ..., (w—1,w)) where ugp = u
and u; = v.

Definition 6. Let X = {z1,22,...,2,} and Y = {y1,y2,...,ym} be disjoint variable sets.
Let H = {hy,ho,...,hy} C F(X). An Algebraic Branching Program (ABP) with help
polynomials H is a layered directed acyclic graph A with a source s and a sink t. Every edge
e of A is labeled by a linear form L(e) in variables X UY. If L(e) = >, aiwi + > _; Bjy;, the
polynomial L'(e) associated with edge e is obtained by substituting h; for y;, 1 < j < m, in
L(e). Le. L'(e) = 32, ciwi + >_; Bjh;. The size of A is the number of vertices in A.

Given a path v = (eq,e2,...,¢) in A, define the polynomial f, = L'(e1) - L'(e2) - ... - L'(es)
(note that the order of multiplication is important). For vertices u and v of A, we define the
polynomial f, = Zveﬁu , f- The ABP A computes the polynomial f; ;.

Suppose L(e) = >, ox; + Zj Bjy;. We say that the edge e is homogeneously labeled if all the
polynomials in the set {x; | a; # 0} U {h; | B; # 0} are homogeneous and of the same degree
d(e). If the above set is empty, we let d(e) = 0. Now, suppose all edges of an ABP A are
homogeneously labeled; then, for a path v = (e1,ea,...,¢e;) in A let d(vy) = Zle d(e;). The
ABP A with help polynomials H is homogeneous if:

e all the edges in A are homogeneously labeled,

e For all u,v in A and 71,72 € Py, d(71) = d(72).



For a homogeneous ABP A with help polynomials and any pair of vertices u,v in A, the
polynomial computed from u to v is homogeneous.

In the absence of help polynomials, this gives the standard Algebraic Branching Programs as
defined in, e.g. Nisan [9]. Nisan [9] has shown explicit lower bounds, e.g. for the Permanent
and Determinant, for this model of computation. Our aim is to prove lower bounds for ABPs
with help polynomials.

We show that any ABP with arbitrary help polynomials computing a homogeneous polynomial
can be transformed into an equivalent homogeneous ABP with homogeneous help polynomials
with only a small increase in size. Thus, it suffices to prove lower bounds against homogeneous
ABPs with help polynomials. Fix the help polynomial set H C F(X). Let m = |H| and
d(H) = maxpepg d(h). Also, fix some d € N.

Given f € F( ) and i €N, let f@) denote the ith homogeneous part of h. For 2 <i < d,
let H; = {n®) € X)|heH}; let H = U2<2H Let 7; denote |H;| for each i, and let 7

denote |H| = Zl m;. We show the following homogenization theorem.

Theorem 7. Given any ABP A using the help polynomials H computing a homogeneous
polynomial f of degree d > 1, there is a homogeneous ABP A using the help polynomials H
that computes the same polynomial as A, where the size of A is at most S(d+ 1), where S
denotes the size of A.

Proof. The following construction is fairly standard. Let s and t be the designated source
and sink, respectively, of the ABP. We will use the notation of Section 3.

We now define A. A will use the variables XUY, where Y = {ygj) ‘ 1<i<m,2<j5< d(hi)}.

The vertices of A are tuples (u,i), where u is a vertex of A and i € N is a number between 0
and d. The source of A will be (s,0) and the sink (¢, d). We will define the set of edges of A
in two stages. We will first construct an ABP on the set of vertices of A which will include
edges with weights from F (i.e, edges e such that L(e) is a non-zero degree 0 polynomial),
and we will then show how to remove these edges from the ABP. Consider any edge e in the
ABP A; let the label L(e) of e be Y 1 aiw; + > 0L, Bjy; and 0 < k < d, define the linear
form L(e); — which captures the kth homogeneous part of L’(e), the polynomial computed
by edge e — as follows:

o If k = 0, define L(e)y, to be the field element 57, g;h\"”
o If £ =1, define L(e)j to be Z?:l ;T + Z;nzl ﬂjhg-l).

o If k> 1, define L(e)y, to be 7, ﬁjyj(k)

Fix any vertex (v, k) of A. Let {u1,us, ..., u;} be the predecessors of v in A and let e; denote
the edge (u;,v). Then, it is easy to see that

ZZ FELL (ei) )

=1 j=0



Hence, we define edges e; ; in A from vertices (u;,j) to (v, k) with label L(e; ;) = L(ei)r_;-
(Note that the label L(e;) is just a field element. We will change this presently.) This
concludes the first stage. Note that, since we only add edges from (u,7) to (v,7) when (u,v)
is an edge in A, the graph of A is acyclic. Also note that an edge e is labeled by a field
element if and only if it connects vertices of the form (u, k) and (v, k), for some u, v, and k.
Finally, it is easily seen from the definition of A that the polynomial computed from (s,0) to

(u,1) is the polynomial fs(z for any s, u, and 4.

In the second stage, we will get rid of those edges in A such that L(e) € F. We do this in
two passes. Fix some topological ordering of the vertices of A, and order the edges (u,0)
of A lexicographically. As long as there is an edge e = (a,v) of A such that ¢ is not the
designated sink (¢,d) and L(e) € F, we let e be the least such edge and do the following: we
remove the edge e, and for each edge e/ = (v,w) of A going out of v, we change the label of
the edge ¢’ = (u,w) to L(e") + L(e) - L(e') (if no such edge €’ exists, we add this edge to
the ABP and give it the label L(e) - L(e’)). It should be clear that the homogeneity of the
ABP is preserved. After at most O((sd)?) many such modifications, all edges in A that are
labeled by field elements are of the form (w,(¢,d)). Moreover, by the above construction, it
is clear that @ = (u,d) for some vertex u # t of A. Since d > 1, we know that @ # (s,0),
the designated source node. We also know that there are no edges into @ which are labeled
by a field element. We now do the following: for each edge e = (1, (t,d)) labeled by a field
element, we remove the vertex @ and for each edge €/ = (7, u), we remove € and change the
label of ¢” = (0, (t,d)) to L(e") + L(e’) - L(e) (if no such €” exists, we add such an edge €”
and set its label to L(e’) - L(e)). This concludes the construction.

It is easy to prove inductively that after every modification of A, the polynomial computed
from (s,0) to (t,d) remains fs(f?. Hence, the ABP A computes exactly the polynomial f
computed by A. Also, by construction, the edges of A are all homogeneously labeled; finally,
it can also be seen that given a path  from vertex (u,i) to vertex (v,j) in A, d(y) = j — @
hence, the ABP is indeed homogeneous, and we are done. ]

4 Decomposition of Communication Matrices

We now generalize the key lemma of Nisan [9] that connects the size of noncommutative ABPs
for an f € F(X) to the ranks of certain communication matrices My(f). The generalization
is for noncommutative ABPs with help polynomials, and it gives a more complicated connec-
tion between the size of ABPs to the ranks of certain matrices. For usual noncommutative
ABPs considered in [9], Nisan’s lemma directly yields the lower bounds. In our case, this
generalization allows us to formulate the lower bound problem as a Remote Point Problem
for the rank metric.

We will assume that the explicit polynomial for which we will be proving lower bounds
is homogeneous. Thus, by Theorem 7 we can assume that each help polynomial in H =
{h1,ha, ..., hy} is homogeneous and of degree at least 2.

We first fix some notation. Let d € N be an even number. Let d(H) = maxpecp d(h). Also,



for 2 < i< d(H),let H; = {h € H|d(h) =i}.

Suppose f € F(X) is homogeneous of even degree d > 2, and k € N such that 0 < k < d. We
define the n* x n=% matrix My(f) (as in [9]): Each row is labeled by a distinct monomial
in Mong(X) and each column by a distinct monomial in Mong_;(X). Given monomials
m1 € Mong(X) and ma € Mong_;(X), the (m1, ma)th entry of M(f) is the coefficient of the
monomial mymsg in f and is denoted by My(f)(mq,ms).

Call M an (I,m)-matriz if M is an n! x n™ matrix with entries from F, where the rows of
M are labeled by monomials in Mon;(X) and columns by monomials in Mon,,(X). Suppose
0<IlI<kand 0<m<d—k. Let M; be an (I, m)-matrix and My a (k —1[,(d — k) — m)-
matrix. We define the (k,d — k)-matrix M = M, ®ﬁm M as follows: Suppose m; € Mong(X)
and mg € Mong_(X) are monomials such that m; = mi3mie with m;; € Mong_;(X) and
mi2 € Mon(X) and mg = maymag with mgo; € Mon,, (X) and mgy € Mon(d_k)_m(X). Then
the (my, ms2)™" entry of M is defined as

M (mqi,ma) = Mi(mi2, ma1) - Ma(mi1, ma2).

Let A be a homogeneous ABP with help polynomials H computing a polynomial f of degree
d. Let u,v and w be vertices in the ABP A, and v; € Py, and v2 € P, be paths. We
denote by 1 o 72 € Py the concatenation of v; and vs.

Since A is homogeneous, each of the polynomials f,, for vertices u,v of A is homogeneous.
For 1 <k <d/2, define the k-cut of A, C}, C V(A) U E(A), as follows: A vertex v € V(A) is
in Cy iff d(fsn) =k, and an edge e = (u,v) € E(A) is in Cy iff d(fs4) < k and d(fsn) > k.
For each = € C, let P, denote the set of s-t paths passing through x. Clearly, the sets
{Ps | x € Ci} partition P4, the set of all paths from s to ¢. Thus, we have

f:ZZf'y

2€CE YEP:
SN RS YD W
veCKLNV (A) YEPy e€CxNE(A) vEPe

(2)

We now analyze Equation 2. For v € C;, NV(A), Py = {71072 |71 € Psw, V2 € Py} Hence,
for any v € C, NV (A):

Zf'y: Z Jriore = Z S Jre

YEPy Y1€Ps,v Y1€Ps,v
Y2EPu,t Y¥2EPu,t
= fs,v fv,t .

3)

Similarly, for any edge e = (u,v) € Crx N E(A), Pe = {n10(e)o2|m € Psu,72 € Pus},



where (e) denotes the path containing just the edge e. Thus,

YoF= D Fre@en (4)

'YEPS Y1 EPs,u
Y2 epv,t

= Z f'y1 'L,(e) ’ f’YQ
7167).9,11
Y2E€Pu,t

= fs,uL/(e)fv,t-

From Equations 2, 3, and 4, we get

f = Z fs,va,t +

veECLNV (A)

Z fs,uL/(e)fv,t-

e=(u,v)eCLNE(A)

As A is homogeneous of degree d, each polynomial in the sums above is homogeneous of
degree d. Hence

Mu(f)= > Mi(feufor) +

veCLNV (A)

Z Mk(fs,uL/(e)fv,t)'

e=(u,v)eCLNE(A)

(6)

For any v € C, N V(A), fs» and f,; are homogeneous degree k and d — k polynomials
respectively. We denote by M, the matrix Mjy(fsfv+). Notice that for m; € Mong(X) and
ma € Mong_(X), the (mq1,mo)t" entry of the matrix M, = My (fswfot) is fso(mi)fo(ma).
Thus, M, is an outer product of two column vectors and is hence a matrix of rank at most
1. Therefore, the first summation in Equation 6 is a matrix of rank at most |C NV (A4)].

For e = (u,v) € Cp N E(A), we know that d(fs,) < k and d(fs,) > k and thus, d(e) > 2.
Hence, L'(e) = > ,¢ Hae, Benh, for Bep € F. Therefore, expanding the second summation in
Equation 6, we get

Z Mk(fs,uL,(e)fv,t) =

e=(u,v)€
CwnE(A)

Z Z /Be,th(fs,u h- fv,t)

e=(u,v)€ h€H ()
C, ﬂE(A)

(7)

Consider a term of the form My (fshfy:). For the rest of the proof let d(w) denote d( fs.),
for any vertex w of A. Given monomials m11 € Mong,)(X), mi2 € Mony_g,)(X), ma1 €

10



Mond(h)—(k—d(u))(X)7 and magg € Mond_d(v)(X), the entry Mk(fs,uhfm)(mumm,m21m22) =
h(miamar) fsu(mi) fut(ma2), since all polynomials involved are homogeneous. Hence, the
matrix Mp(fsuhfur) is precisely My_ g, (h) ®’,§7d(u)7d(h)i(k7d(u)) M., where M¢(my1, mag) =
fsu(mar) fue(maz), for mi1 € Mong,)(X), maa € Mong_g,)(X). Clearly, M, is a matrix of
rank at most 1, for any e € Cy N E(A) and h € Hg ). Continuing with the above calculation,
we get

Z Mk(fS,uLl(e)fv,t)
e=(u,v)€
CunE(A)

Z Z Ben My, (h) ®F . Me

6:(u,’l})€ hEHd(e)

CkﬂE(A)
=2 Z Dfam-i® D PenMe,
heH i=d;(h) e=(u,v)€C:
d(e)=d(h)
d(u)=k—1

where dj(h) = max{1,d(h) — (d — k)}, da(h) = min{d(h) — 1,k}, lc = k — d(u), and m, =
d(h) = (k — d(u)).

Plugging the above observations into Equation 6, we have

(4)

veCrNV

A

> Z Dam-i | D PenMe

heH i=d;(h) e=(u,v)€Ck:

d(e)=d(h)
d(u)=k—1

!
Mi,h

Notice that M’ above has rank at most [V/(A)|, and M, has rank at most |E(A)| < |V (A)?
for any h € H and di(h) <i < ds(h). Hence, we have proved the following result:

Theorem 8. Let A be a homogeneous ABP of size S computing a (homogeneous) polynomial
f of degree d using the help polynomials H. Then, for any k € {0,1,...,d}, we can write
My (f) as:

da(h)

My,(f) = M'+ Z Z 1d ()i Mi ps

heH i= d]_ )

where dl(h) max{1,d(h) — (d — k)} and d2(h) = min{d(h) — 1, k} such that rank(M') < S
and rank(M; ;) < S2% for each h € H, and i € {max{1,d(h) — (d—k)}...,min{d(h) — 1,k}}.

11



5 Remote Point Problem for the rank metric

We now introduce an algorithmic problem that will help us prove lower bounds on the sizes
of ABPs computing explicit polynomials using a (given) set of help polynomials H. This
problem is actually the Remote Point Problem for matrices in the rank metric that we denote
RMP. This problem is analogous to the Remote Point Problem (RPP), which we discussed
in Section 2.

Given two matrices P, Q € F**b the Rank distance between P and Q is defined to be rank(P—
Q). It is known that this defines a metric, known as the rank metric on the set of all a x b
matrices over F.

The RMP problem. Given as input a set of N x N matrices P, P, ..., Py over a field
F and r € N, the problem is to compute an N x N matrix P such that for any matrix
P = Zle a; P; in the subspace generated by Pi, Ps,..., P, the rank distance between P
and P’ is at least 7.

In the problem N is taken as the input size, and k and r are usually functions of N. We say
that the RMP problem has an (N, k, r)-solution over F if there is a deterministic algorithm
that runs in time polynomial in N and computes a matrix P that is at rank distance at least
r from the subspace generated by the Py, Ps, ..., Py.

Remark 9. How does a solution to RMP give us an explicit noncommutative polynomial f for
which we can show lower bounds for the sizes of noncommutative ABPs with help polynomials?
We now explain the connection.

Let A be a homogeneous ABP of size S computing a polynomial f of degree d. Let di(h)
denote max{1,d(h) — d/2} and da(h) denote min{d/2,d(h) — 1}. For a,b,p,q € N such that
p € [n%] and q € [n?], let Eg:g be the n® x n® elementary matriz with 1 as (p, q)th entry, and 0

elsewhere. The matrices {Eg’g [n],q € [nb]} span all matrices in B ™" By Theorem

8
da(h)
/2
Mapp(F) =M+ 37 7 Mih) & Ml
heH i=d; (h)

where rank(M') < S. For h € H and i € {di(h),...,d2(h)}, the matriz M, is an n/2=t x

nd/2=d+t dimension matriz. We can write M/, as a linear combination of the elementary

matrices in {ES}qz—z’,dﬂ—d(h)H | p € [n¥271), q € [nd/2—dW)+i]}

Let A be the set of matrices of the form M;(h) ®%2(h) Eg/% idja—d(nyvir Where h € H,

i € {dy(h),...,da(h)}, and p € [n¥?7], q € [n¥?>~4M*]. Each matriz in A is an n®? x n4/?
matriz, with its rows and columns labeled by monomials in Mond/g( ). Every matriz of the

form M;(h) ®d/2(h) _ M’h is a linear combination of matrices in A. Crucially, note that A

depends only on the set of help polynomials and the parameter d, and it does not depend on
the ABP A.

By substitution for M’h we obtain the following expression for Mgy/o(f) in terms of linear

12



combination of matrices in A.

Md/Q(f) :M/-l- Z CYMM,
MeA

where apr € F. Since, M' has rank at most S, it implies that Myo(f) is at rank distance at
most S from the subspace generated by the matrices in A. Thus, if we can compute a matrix
M in deterministic time polynomial in n® that has rank distance S = 20 from the subspace
generated by A we would obtain an explicit homogeneous degree d polynomial f with lower
bound 29 by setting M= Md/g(f). This is the approach that we will take for proving lower
bounds.

We present the following simple algorithm, which suffices for our lower bound application.

Theorem 10. For any k, the RMP has an (N, k, | N/k + 1])-solution over any field F such
that field operations in F and Gaussian elimination over F can be performed in polynomial
time.

Proof. We assume that k& < N; otherwise the problem is trivial. Let r denote |N/k + 1].

Choose the first r column vectors in each of the matrices Py, Ps,..., Pi. Let v1,v2,...,0,1 €
FY be these vectors in some order. As rk < N — r, using Gaussian elimination, we can
efficiently choose vigi1,Vrk+2,. -+, Up(kt1) € FY with the following property: for every i €
[k + 1], vy is linearly independent of v1,v2, ..., v yi—1)- Let P be any matrix that has
Urk41 Urk+2s - « - Up(k41) s its first r columns. It is not too difficult to see that given any
matrix P’ in the subspace generated by Py, Ps, ..., Py, the first r columns of P — P’ remain
independent, i.e rank(P — P") > r. O

Remark 11. The Remote Point Problem is fascinating as an algorithmic question. In [3]
Alon et al provide a nontrivial algorithm for RPP in the Hamming metric (over Fg). We use
similar methods to provide an improved solution to RMP for small prime fields. The result is
proved in Section 7. Unfortunately, the improvement in parameters over the trivial solution
above is not enough to translate into an appreciably better lower bound.

6 Lower bounds for ABPs with Help Polynomials

In this section, we prove some lower bounds for ABPs computing some explicit polynomials
using a set of given help polynomials H. Here, ‘explicit’ means that the coefficients of the
polynomial can be written down in time polynomial in the number of coefficients of the input
(the help polynomials H) and the output (the hard to compute polynomial).

Throughout this section, IF will be a field over which field operations and Gaussian elimination
can be performed efficiently. Let the set of help polynomials be H = {hy,ha,...,hp}; let
d(H) = maxpcp d(h).

We will first consider the case of homogeneous ABPs using the help polynomials H; H is,
in this case, assumed to be a set of homogeneous polynomials. We will then derive a lower
bound for general ABPs and a general set of help polynomials using Theorem 7.

13



6.1 The homogeneous case

Let H be a set of homogeneous polynomials in this section. Our aim is to produce, for any
degree d € N, an explicit homogeneous polynomial F,; of degree d that cannot be computed
by homogeneous ABPs. To avoid some trivialities, we will assume that d is even.

We first observe that, to compute homogeneous polynomials of degree d, a homogeneous ABP
cannot meaningfully use help polynomials of degree greater than d:

Lemma 12. Let A be a homogeneous ABP using the help polynomials H to compute a
polynomial f of degree d. Then, there is a homogeneous ABP A’, of size at most the size of
A, such that A" computes f and furthermore, for every edge e € E(A’), d(e) < d.

Proof. Simply take A and throw away all edges e € E(A) such that d(e) > d; call the resulting
homogeneous ABP A’. Since A is homogeneous, no path from source to sink in A can contain
an edge e that was removed above. Hence, the polynomial computed remains the same. [J

Hence, to prove a lower bound for an explicit homogeneous polynomial of degree d, it suffices
to prove a lower bound on the sizes of ABPs computing this polynomial using the help
polynomials H<g = {h € H | d(h) < d}. As above, let d(H<q) = maxpen_, d(h).

We begin with a simple explicit lower bound. Call a homogeneous polynomial F' € F(X) of
degree d d-full-rank if rank(My/o(F)) = n%2. Full-rank polynomials are easily constructed;
here is a simple example of one: F(X) = ZmeMond/Q(X) m - m. It follows easily from Nisan’s
result [9] that, without any help polynomials, homogeneous ABPs computing any d-full-rank

polynomial are of size at least n%/2,

Theorem 13. Assume that d(H<q) < d(1 —€), for a fized constant € > 0 and let F € F(X)
be a d-full-rank polynomial. Then, any homogeneous ABP A computing F' has size at least

(n* /m).

Proof. Consider a homogeneous ABP A computing F' using the help polynomials H. By the
above lemma, we may assume that A uses only the polynomials H<4. Let S denote the size of
A. For any h € H<g, let d;(h) denote max{1,d(h)—d/2} and da(h) denote min{d/2, d(h)—1}.
By Theorem 8, we know that

da(h)
d
Mypp(F)=M'+ 37 37 Mi(h) ©_, M)
h€H< g i=dy(h)
where rank(M’) < S and rank(M] ;) < S2, for each h € Heg and i € {dy(h),...,ds(h)}. For
any h and any i such that 0 < i < d(h), rank(M;(h)) < min{n?, n4" =%} which is at most
ndM/2 < pdH<a)/2 By our assumption on d(H<g), we see that rank(M;(h)) < n(1=9)d/2,

By the definition of ®%l2(h)—i7 this implies that rank(M;(h) ®%12(h)—i M;,) < rank(M;(h)) -
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rank (M ;,), which is at most n(1=94/252  Thus, we see that

da(h)
rank(Mgpp(F)) < S+ > > nll942g?
h€H< g i=dy(h)

< S+ |Hegldn1=9)/2 52
< 2mdS2n(1-9d/2
As F'is d-full-rank, this implies that
9mdS2n(1—9Y2 > d/?

=R

n

S >

ISH

2m
O

The above theorem tells us that as long as the help polynomials are not too many in number
(m = n°@ will do), and of degree at most (1 — €)d, then any full rank polynomial remains
hard to compute for ABPs with these help polynomials.

We now consider the case when d(H<g) can be as large as d. In this case, we are unable to
come up with an unconditional explicit lower bound. A strong solution to the RMP introduced
in Section 5 would give us such a bound. However, with the suboptimal solution of Theorem
10, we are able to come up with explicit lower bounds in a special case. Let §(H) denote
mingec g d(h). By assuming some lower bounds on §(H), we are able to compute an explicit
hard function.

Theorem 14. Assume 6(H) > (1 + €)d, for a fived constant € > 0. Then, there exists an
explicit homogeneous polynomial F' € F(X) of degree d such that any homogeneous ABP A

computing F using the help polynomials H has size at least Ln%/2mdj.

Proof. Let A be a homogeneous ABP A of size S computing a polynomial f of degree d.
Let dyi(h) denote max{1,d(h) — d/2} and da(h) denote min{d/2,d(h) — 1}. As explained in
Remark 9, let Eg:g denote the n® x n’-sized elementary matrix with 1 in the (p, ¢)th entry

and Os elsewhere. The matrices {Eg:g ‘ p € [n%,q € [nb]} span all n® x n® matrices.
By Theorem 8
da(h)
/2
Myp(f) =M+ > > M(h) ®z’,{i(h)—z‘ M; ),
hEHSd i=d1 (h)

where rank(M’) < S. As explained in Remark 9, M/, is an n/2=t x pd/2=dh)+i dimension

matrix and is in the span of {Es}qQ_i d/2—d(h)+i}’ where p € [n¥/277], q € [pd/2-d()+i],

Let A denote the set of n%2 x n®? matrices of the form M;(h) ®%2(h)7i Eg}q%i 4/2—d(h)+i7

where h € Heg, i € {d1(h),...,d2(h)}, and p € [n¥?77], ¢ € [n¥/?~4M+1]. Then we obtain

Myj(f) = M'+ ) anM, (8)
MeA
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where ap; € F. Since M’ is a matrix of rank at most S, this implies that M is at rank distance
at most S from the subspace generated by the matrices in A.

Let k = |A|. For each h € H and i € {dy(h),...,dxz(h)}, we have added precisely nd—4(")

many matrices of the form M;(h) ®%2(h)—i E, where F is an elementary matrix of dimension

nd/2=1 5 nd/2=d(W+i Gince d(h) > d(3 + €) for each h € H<y C H, this implies that k <
mdn31=9). Let N denote n%2; A consists of k < mdN'~¢ N x N matrices. By Theorem 10,
we can, in time poly(/N), come up with an N x N matrix My that is at rank distance at least
LTZXIJ from the subspace generated by the matrices in A. We label the rows and columns of
My by monomials from Mongo(X ), in the same way as the matrices in A are labeled. Using
My, we define the homogeneous degree d polynomial F' € F(X) to be the unique polynomial
such that Mgs(F) = Mp; that is, given any monomial m € Mong(X) such that m = mj - mg
for m1,mg € Mong/,(X), F'(m) is defined to be Mo(m1, m2).

Let A be a homogeneous ABP of size S computing F using the help polynomials H. Then,
by Equation 8 we have
Myp(F) =M+ > ayM
MeA
where aps € F, and rank(M’) < S. Since Myo(F) is Mo, which is at rank distance at least
|N/(k+1)] from the subspace generate by A, we see that S > rank(M’) > | N/(k+1)|. This
implies that,

ed

N N¢€ nz
S>|——| > =
mdN1—¢+1 2md 2md

Remark 15. The rather unnatural condition on §(H) above can be removed with better solu-
tions to the RMP problem. Specifically, one can show along the above lines that if the RMP
has an (N, k, N/k'/2=¢)-solution for k = N?, then for any H, there is an explicit polynomial
that cannot be computed by any ABP A using H of size at most n®*(<9) /(md)°). Here, ¢ and
0 are arbitrary constants in (0,1).

O

6.2 The inhomogeneous case

Let H denote the set of all homogeneous parts of degree at least 2 obtained from polynomials
in #, ie = {n{’ )j € [m),2 <i <d(hy)}. For2 <i<d(H),let ;= {he il ‘ d(h) =1}.
Note that H = Us<i<a(m) H;.

As in the previous subsection, we construct explicit hard polynomials for even d € N. Let
H<g denote |y y H; if d < d(H), and H otherwise.

Corollary 16. Assume d(H<q) < d(1 — €), for a fired constant ¢ > 0. Then, there is an
explicit homogeneous polynomial F' of degree d such that any ABP that computes F using the
ed

help polynomials H has size at least \/ﬁ;dﬂ).
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Proof. Let F be a d-full-rank polynomial, as defined in Section 6.1. Consider any ABP A
computing F' using . By Theorem 7, there exists a homogeneous ABP A computing F' using
H, where the size of A is at most S (d+1). By Lemma 12, we may assume that A uses only the
help polynomials in H<g. Since |H<4| < md, Theorem 13 tells us that S(d+1) > n T /\/ md?,
which implies the result. O

Corollary 17. Let 6(H) = min,, 5 d(h), and assume S(H) > (2 + €)d for a fized constant
€ > 0. Then, there exists an explicit homogeneous polynomial F' € F(X) of degree d such that

ed
any ABP A computing F' using the help polynomials H has size at least d+1 {%J .

Proof. By Theorem 7, given any ABP A of size S computing a homogeneous polynomial of
degree d, there is a homogeneous ABP A of size at most S (d + 1) that computes the same
polynomial as A using the help polynomials H. By Lemma 12, we may assume that A only
uses the help polynomials H <d- Now, let F' be the explicit polynomial from Theorem 14, with
H<y taking on the role of H in the statement of the theorem; since |H<,4| < md, Theorem 14

tells us that S(d+ 1) > Ln% /2md? |, which implies the result. O

7 A better solution to the RMP

Following the approach of Alon et al [3], who provide a nontrivial algorithm for RPP in the
Hamming metric (over Fg), we improve on the parameters of Theorem 10 for the RMP over
small prime fields. It is interesting to note that in our solution we get similar parameters as
[3]. As mentioned earlier, the improvement in parameters over the simple solution of Theorem
10 is too little to give us a much better lower bound.

Throughout this section, F will denote a constant-sized field. The main result is stated below.

Theorem 18. For any fized constant ¢ > 0, the RMP has an (N,{N,r)-solution over any
constant-sized field F and for any £,7 > 0 such that £-r < clog N.

In proving the above theorem, we will follow the algorithm of [3]. We need the following
lemma, implicit in [3]:

Lemma 19. Fix any field F such that Gaussian elimination over F can be performed in
polynomial time. There is a poly(M, m,|F|) time algorithm for the following problem: Given
subspaces Vi, Va, ..., Vin of FM such that 7", |Vi| < [FIM, find a point u € FM such that

Proof. The algorithm will fix the coordinates of u one by one. Assuming that the values
u1,us, ..., u; have been fixed for 0 < i < n, let U; = {w e M ‘ wj =u; for 1 <j < z} The
algorithm will fix the coordinates of u, ensuring that the following is true: For each ¢ such
that 1 <i < M, 3770 [V;NU;i| < |Us] = |F|M=%. Note that, since Uy is just FM | the inequality
is satisfied at ¢« = 0 by the assumption on the size of the subspaces Vi, Vs, ..., V;,; also note
that the inequality is satisfied at ¢ = M if and only if u ¢ |J, Vi.
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Assuming uq,ug, ..., u; have been fixed for i < M, we define, for every a € IF, the set U; o =
{w € U; | wit1 = a}. Clearly, the sets {U;q}a partition U;. Hence, we see that » 0%, [V; N

Uil = 3 ek Z;nzl |V; MU o| and thus, there is some « € F such that Z;”Zl ViNUial < |‘({Fi|| =
|FM—i—1|‘

Here is the algorithm:

e While uy,us,...,u; have been determined for ¢ < M, do the following;:

— As mentioned above, the following invariant is maintained: Zle \VinU;| < |U;| =
‘F|M—i‘
— Find a € F such that Y5, [V; NU;o| <[5l = FM-i-1),

paragraph above, such an « exists and surely, it can be found in poly(M, k, |F|)
time using Gaussian elimination.

By the reasoning in the

— Set u;jy1 to a.
The correctness of the algorithm is clear from the reasoning above. O

We now briefly describe the improved algorithm for the RMP. Let Py, P, ..., P; be the input
matrices. We denote by L the subspace of FN*N spanned by these matrices. Also, let B,
denote the matrices of rank at most r. The idea of the algorithm is to “cover” the set L + B,
by a union of subspaces Vi, Vs, ..., V,, such that ), |V;| < |IE‘|N2. We then use the algorithm
from Lemma 19 to find a matrix P that is not in |J; Vj; by the way we have picked the
subspaces, it is clear that M will then be at rank distance at least r from the subspace L.

What follows is an important definition.
Definition 20. Fix positive integers (di,ds). Given T, a collection of subspaces of FY, we
say that T is (dy, dz2)-good if:

o dim(U) < N —d; for eachU € T.

o Each A CFN of size dy is contained in some U € T.

The following claim illustrates the importance of (dj, ds)-good subspaces of FN.

Claim 21. There is an algorithm that, when given as input T, a (dy,dz)-good collection of
subspaces of FN, produces a collection S of subspaces of FN*N of cardinality at most |T |, with
the following properties:

e dim(V) < N2 —d;N for each V € S.

hd Bd2 C UVGS 14

Moreover, the algorithm runs in time poly(|T|, N).
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Proof. For each U € T, let V(U) denote the subspace of FV* generated by all vectors of
the form wvT, where u € U and v € FV. The collection S is the collection of all such vector
spaces V(U), for U € T. Clearly, the cardinality of S is bounded by |7.

Note that a basis for V(U) can be constructed by picking only uv™ where u and v range over
bases for U and FV respectively. This shows that dim(V(U)) < N2 —dyN and that V(U)
can be constructed efficiently.

Finally, given any matrix @ of rank at most do, it can be written as a sum of matrices
Q1+ Q2+ ...+ Q4,, where each Q; is a matrix of rank at most 1 and hence can be written

as uiviT, where u;,v; € FN. Let A = {uy,us,...,uq,}. Since 7 is (dq, da)-good, there is some
U € T such that A C U. This implies that w;v] € V(U) for each i € [da]. As V(U) is a
subspace, it must contain their sum (). This concludes the proof. O

It is easily seen that a random collection of subspaces of FV of appropriate dimension is
(d1, da)-good for the values of d; and da that are of interest to us. We now assert the existence
of an explicit collection of subspaces with this property.

Claim 22. Fiz any constant ¢ > 1. For any ;7 € N such that £ -r < clog N, there is an
algorithm that runs in time NY© and produces an (¢,7)-good collection of subspaces of FV.

We prove the above claim in the next section. Assuming the claim, we can prove Theorem
18.

Proof of Theorem 18. We will describe an algorithm for the problem. Without loss of gener-
ality, assume that ¢ > 1. Let L be the input subspace of dimension at most {N. We would
like to find a matrix P that is at rank distance at least r from L.

We first use the algorithm referred to in Claim 22 to construct an (¢ + 1,7)-good collection
of subspaces 7 of FN in time N9, Clearly, |7| = N©). Then, we use the algorithm of
Claim 21 to construct a collection of subspaces S of FN*N of size N9(©) with the following
properties:

e dim(V) < N2 — (/ +1)N for each V € S.

[ ] B’I” g UVesv

Consider the collection of subspaces 8" = {L+V | V € S}. Clearly, L+ B, C Uy.s V.
Moreover, the dimension of each subspace in & is at most /N + N2 — ({ +1)N < N? — N.
Hence, each subspace in S’ is of cardinality at most |F|V *=N_ Since |S’| = NO©| for large
enough N, we have Y .o |V| < |F|V ®. Hence, using the algorithm described in Lemma 19,
we can, in time N9 find a matrix P ¢ Uyes V. By construction, this matrix P is at rank
distance greater than r from the subspace L. The entire algorithm runs in time N9©. O
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7.1 Proof of Claim 22

We give two different constructions: one for the case that £ > r and the other for the case
that ¢ <.

The following notation will be useful. For each i € [N], let e; € FY denote the vector that
has a 1 in coordinate i and is 0 elsewhere. For any vector z € FY and S C [N], we denote by
x|g the vector in FIS! that is the projection of z to the coordinates indexed by S.

7.1.1 Casel: ¢{>7r

For each A C F? of cardinality r, let V4 be the subspace generated by {ﬂs €N ‘ T2 € A}.
It is easily seen that dim(Vy) < N — 20 +r < N — £. Moreover, given any A; C FY of size
r, A1 C Vy where A is any subset of F%¢ of size r containing {;1:|[24 ‘ T € Al}. Hence, the
collection 7 = {V4 | A CF* |A| =r} is an (¢,r)-good collection of subspaces.

The cardinality of 7 is ('Ffe) < |F|?r = N9, Surely, T can be constructed in time N(©),

7.1.2 Case2: /<r

Given a set A C F™ for some m € N, we denote by rank(A) the size of any maximal set of
linearly independent vectors from A; we denote by corank(A) the value (JA| — rank(A)).

Fix a set A C F™ for some m € N. Given d,d’ € N, we say that A is d-wise corank d’ if each
B C A such that |B| = d satisfies corank(B) < d’; A is said to be d-wise linearly independent
if it is d-wise corank 0. Sets that are d-wise linearly independent have been studied before: see
[1, Proposition 6.5], where matrices whose columns form a d-wise linearly independent set of
vectors are used to construct d-wise independent sample spaces. The following claim follows
from this result and from the lower bound on the size of any d-wise independent sample space
proved in [1, Proposition 6.4].

Claim 23 (implicit in [1]). Consider a set A C F™ of cardinality t. If A is d-wise linearly
independent with d < 2+/t, then m > %, for large enough d,t.

Using the above claim, we prove the following lower bound on the size of sets that are d-wise
corank d’ for suitable d, d’.

Claim 24. Consider a set A CF" of cardinality t. There is an absolute constant cy such that
the following holds. Let A be d-wise corank d' for positive integers d,d’ with cod’ < d < 2+/t.

dl .
Then, r > %If‘t if t,d,d" are large enough.

Proof. Denote by d” the value |d/2d’'|. We construct a sequence of sets Ay, Ay, ... as follows:
Ap is the set A; for any ¢ > 0, if A; has been constructed and is d’-wise linearly independent,
we stop; otherwise, there is a B C A; of cardinality d” that is not linearly independent — in
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this case, we set A;11 = A;\ B; we stop at i = d’. It is easy to see that the cardinality ¢; of A;
is t —id”. It can also be checked that if A; is d;-wise corank d], then A; 1, if constructed, is
(d; —d")-wise corank d —1; it therefore follows that the set .S;, if constructed, is (d —id”)-wise
corank d' — i, for any ¢ > 0 — in particular, Sy is d/2-wise linearly independent.

We base our analysis on when the above process stops. Let ig be the largest i so that A; is
constructed. Its size t;, is at least t —d'd” >t —d/2 > t/2 for large enough t. If igp = d’, then
A;, is a set of size at least t/2 that is d/2-wise linearly independent — by Claim 23, we get

dl t . . . . .
r > % for large enough d, t. Otherwise, ig < d’ and we must have A;, is d’-wise linearly
. . . . d"1 t dl t . .
independent — in this case, by Claim 23, we get r > O5gm > fgg‘ if ¢g is large enough.
Thus, in either case, our claim holds. ]

20 / ‘I
Now, we apply the above lemma with ¢t = |F\(5 eVl and d = ¢ [Vclog N|. We obtain
the following corollary:

Corollary 25. Let t,d be as defined above. For large enough N, given any A CF" of size t,
there is a subset B of A of cardinality d such that corank(B) > .

Proof. Assume that A is d-wise corank d' for some d’. We will show that d’ > ¢. For large

o’ Tor }. It remains to be shown that this

enough N, by Claim 24, we have d’ > min{
quantity is at least /.

Note that, since £ < r, 2 < ¢r < clog N. Hence, ¢ < \/clog N. Thus, by the choice of d, we
see that d/cy > £. Moreover,
dlogp| t S 20clog N -
120 — 127
Hence, we see that d' > /. O

14

We now define the (¢,7)-good collection of subspaces. For each S C [t] of cardi-
nality d, and each A C F? of size d — ¢, let Vs 4 be the subspace generated by
{z eFV ! x|g = u for some u € A}. It can be seen that dim(Vsa) < N —d+d—{0=N—{
for each S, A.

Given any A; C FV of cardinality r, let P € F"*Y be the matrix the rows of which are the
elements of A;. Let Ay denote the set of the first ¢ columns of P. By Corollary 25, there is
a B C Ay of size d such that corank(B) > ¢. Let S C [t] index the columns of B in P. It
can be seen that A; C Vg 4/ for any A’ of size d — ¢ containing a set that spans {v|s |v € A;}
(such an A’ exists since corank(B) > /).

Thus, we can take for our collection 7 of (¢,r)-good subspaces the collection of all Vg 4,
where S C [t] with |S| = d, and A C F¢ of size d — £. The size of T is bounded by

(2) (Lﬂil(z) < td]IF|d2 = N9 by our choice of d and t. Clearly, 7 can be constructed in time
NO©),
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