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Abstract

We construct pseudorandom generators that fool functions of halfspaces (threshold functions)
under a very broad class of product distributions. This class includes not only familiar cases such
as the uniform distribution on the discrete cube, the uniform distribution on the solid cube, and
the multivariate Gaussian distribution, but also includes any product of discrete distributions
with probabilities bounded away from 0.

Our first main result shows that a recent pseudorandom generator construction of Meka
and Zuckerman [MZ09], when suitably modified, can fool arbitrary functions of d halfspaces
under product distributions where each coordinate has bounded fourth moment. To e-fool
any size-s, depth-d decision tree of halfspaces, our pseudorandom generator uses seed length
O((dlog(ds/e) +logn) -log(ds/e)). For monotone functions of d halfspaces, the seed length can
be improved to O((dlog(d/e) +1logn)-log(d/e)). We get better bounds for larger ¢; for example,
to 1/polylog(n)-fool all monotone functions of (logn)/ log log n halfspaces, our generator requires
a seed of length just O(logn).

Our second main result generalizes the work of Diakonikolas et al. [DGJ™09] to show that
bounded independence suffices to fool functions of halfspaces under product distributions. As-
suming each coordinate satisfies a certain stronger moment condition, we show that any function
computable by a size-s, depth-d decision tree of halfspaces is e-fooled by O(d452 /€?)-wise inde-
pendence.

Our technical contributions include: a new multidimensional version of the classical Berry-
Esseen theorem; a derandomization thereof; a generalization of Servedio [Ser07]’s regularity
lemma, for halfspaces which works under any product distribution with bounded fourth moments;
an extension of this regularity lemma to functions of many halfspaces; and, new analysis of the
sandwiching polynomials technique of Bazzi [Baz09] for arbitrary product distributions.
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1 Introduction

Halfspaces, or threshold functions, are a central class of Boolean-valued functions. A halfspace is a
function h : R™ — {0,1} of the form h(z1,...,z,) = 1wiz1 + -+ + wpzy, > 0] where the weights
w1, ... ,wy, and the threshold 6 are arbitrary real numbers. These functions have been studied ex-
tensively in theoretical computer science, social choice theory, and machine learning. In computer
science, they were first studied in the context of switching circuits; see for instance [Der65, [Hu65),
LCG67, [She69, Mur71]. Halfspaces (with non-negative weights) have also been studied extensively
in game theory and social choice theory as models for voting; see e.g. [Pend6, Isb69l [DS79, [TZ92].
Halfspaces are also ubiquitous in machine learning contexts, playing a key role in many impor-
tant algorithmic techniques, such as Perceptron , Support Vector Machine, Neural Networks,
and AdaBoost. One of the outstanding open problems in circuit lower bounds is to find an ex-
plicit function that cannot be computed by a depth two circuit (“neural network”) of threshold
gates [HMP 93| [Kra91l, KWITl, [FKL™01].

In this work we investigate the problem of constructing explicit pseudorandom generators for
functions of halfspaces.

Definition 1.1. A function G : {0,1}* — B is a pseudorandom generator (PRG) with seed length
s and error € for a class F of functions from B to {0,1} under distribution D on B — or more
succinctly, G e-fools F under D with seed length s — if for all f € F,

Prlf(X) =1~ Pr [f(G(Y)=1]|<e

Under the widely-believed complexity-theoretic assumption BPP = P, there must be a determin-
istic algorithm that can approximate the fraction of satisfying assignments to any polynomial-size
circuit of threshold gates. Finding such an algorithm even for simple functions of halfspaces has
proven to be a difficult derandomization problem. Very recently, however, there has been a burst
of progress on constructing PRGs for halfspaces [RS08, DG.JT09, MZ09]. The present paper makes
progress on this problem in several different directions, as do several concurrent and independent
works [HKMO09, DKN09, BELY09].

This flurry of work on PRGs for functions of halfspaces has several motivations beyond its status
as a fundamental derandomization task. For one, it can be seen as a natural geometric problem,
with connections to deterministic integration; for instance, the problem of constructing PRGs for
halfspaces under the uniform distribution on the n-dimensional sphere amounts to constructing a
poly(n)-sized set that hits every spherical cap with roughly the right frequency [RS08]. Second,
PRGs for halfspaces have applications in streaming algorithms [GR09], while PRGs for functions
of halfspaces can be used to derandomize the Goemans-Williamson Max-Cut algorithm, algorithms
for approximate counting, algorithms for dimension reduction and intractability results in compu-
tational learning [KS08]. Finally, proving lower bounds for the class TC? of small depth threshold
circuits is an outstanding open problem in circuit complexity. An explicit PRG for a class is easily
seen to imply lower bounds against that class. Constructions of explicit PRGs might shed light on
structural properties of threshold circuits and the lower bound problem.

1.1 Previous work

The work of Rabani and Shpilka [RS08] constructed a hitting set generator for halfspaces under
the uniform distribution on the sphere. Diakonikolas et al. [DGJT09] constructed the first PRG
for halfspaces over bits; i.e., the uniform distribution on {—1,1}". They showed that any k-wise



independent distribution e-fools halfspaces with respect to the uniform distribution for k = O(l /€2),
giving PRGs with seed length (logn) - O(1/€2).

Meka and Zuckerman constructed a pseudorandom generator that e-fools degree-d polynomial
threshold functions (“PTFs”, a generalization of halfspaces) over uniformly random bits with seed
length (logn)/e?(@ [MZ09]. Their generator is a simplified version of Rabani and Shpilka’s hitting
set generator. In the case of halfspaces, they combine their generator with generators for small-
width branching programs due to Nisan and Nisan-Zuckerman [Nis92, INZ96] to bring the seed
length down to O((logn)log(1/€)). This is the only previous or independent work where the seed
length depends logarithmically on 1/e.

1.2 Independent concurrent work

Independently and concurrently, a number of other researchers have extended some of the afore-
mentioned results, mostly to intersections of halfspaces and polynomial threshold functions over
the hypercube or Gaussian space.

Diakonikolas et al. [DKNQ09] showed that O(1/e”)-wise independence suffices to fool degree-2
PTFs under the uniform distribution on the hypercube and under the Gaussian distribution. They
also prove that poly(d, 1/¢)-wise independence suffices to fool intersections of d degree-2 PTF's in
these settings.

Harsha et al. [HKMOQ9] obtain a PRG that fools intersections of d halfspaces under the Gaus-
sian distribution with seed length O((logn) - poly(logd, 1/€)). They obtain similar parameters for
intersections of d “regular” halfspaces under the uniform distribution on {—1,1}" (a halfspace is
regular if all of its coefficients have small magnitude compared to their sum of squares).

Ben-Eliezer et al. [BELY09] showed that roughly exp((d/e)?)-wise independence e-fools degree-d
PTFs which depend on a small number of linear functions.

1.3 Owur Results

In this work, we construct pseudorandom generators for arbitrary functions of halfspaces under (al-
most) arbitrary product distributions. Our work diverges from previous work in making minimal
assumptions about the distribution we are interested in, and in allowing general functions of halfs-
paces. For both of our main results, we only assume that the distribution is a product distribution
where each coordinate satisfies some mild conditions on its moments. These conditions include
most distributions of interest, such as the Gaussian distribution, the uniform distribution on the
hypercube, the uniform distribution on the solid cube, and discrete distributions with probabilities
bounded away from 0. Our results can also be used to fool the uniform distribution on the sphere,
even though it is not a product distribution. This allows us to derandomize the hardness result of
Khot and Saket [KSO08] for learning intersections of halfspaces.

We also allow for arbitrary functions of d halfspaces, although the seed length improves sig-
nificantly if we consider monotone functions or small decision trees. In particular, we get strong
results for intersections of halfspaces.

1.3.1 The Meka-Zuckerman Generator

We show that a suitable modification of the Meka-Zuckerman (MZ) generator can fool arbi-
trary functions of d halfspaces under any product distribution, where the distribution on each
coordinate has bounded fourth moments. More precisely, we consider product distributions on
X = (z1,... ,x,) where for every i € [n], E[z;] = 0,E[z?] = 1, E[z}] < C where C > 1is a
parameter of the generator G. We say that the distribution X has C-bounded fourth moments.



We get our best results for monotone functions of d halfspaces, such as intersections of d halfs-
paces. For distributions with polynomially bounded fourth moments, our modified MZ PRG fools
the intersection of d halfspaces with polynomially small error using a seed of length O(dlog?n).
Many natural distributions have O(1)-bounded fourth moments. Even for polylog(n)-bounded
fourth moments, our PRG fools the intersection of (logn)/log log n halfspaces with error 1/polylog(n)
using a seed of length just O(logn). Both of these cases are captured in the following theorem.

Theorem 1.2. Let X be sampled from a product distribution on R™ with C-bounded fourth mo-
ments. The modified MZ generator e-fools any monotone function of d halfspaces with seed length
O((dlog(Cd/e) 4+ logn)log(Cd/e)). When Cd/e > log™“n for any ¢ > 0, the seed length becomes
O(dlog(Cd/e) + logn).

As a corollary, we get small seed length for functions of halfspaces that have small decision
tree complexity. In the theorem below we could even take s to be the minimum of the number of
0-leaves and 1-leaves.

Theorem 1.3. Let X be as in Theorem[1.9. The modified MZ generator e-fools any size-s, depth-d
function of halfspaces, using a seed of length O((dlog(Cds/e) 4+ logn)log(Cds/e)). When Cds/e >
log™“n for any ¢ > 0, the seed length becomes O(dlog(Cds/e€) + logn).

Since the decision tree complexity is at most 2%, we deduce the following.

Corollary 1.4. Let X be as in theorem[I.4 The modified MZ generator e-fools any function of
d halfspaces, using a seed of length O((d? + dlog(Cd/e) +logn)(d +log(Cd/e))). When Cd2%/e >
log=“n for any c > 0, the seed length becomes O(d? + dlog(Cd/¢) + logn).

1.3.2 Bounded Independence fools functions of halfspaces

We prove that under a large class of product distributions, bounded independence suffices to fool
functions of d halfspaces. This significantly generalizes the result of Diakonikolas et al. [DGJT09]
who proved that bounded independence fools halfspaces under the uniform distribution on {—1,1}".
The condition necessary on the product distributions is unfortunately somewhat technical; we state
here a theorem that covers the main cases of interest:

Theorem 1.5. Suppose f is computable as a size-s, depth-d function of halfspaces over the inde-
pendent random variables x1, . .., x,. If we assume the x;’s are discrete, then k-wise independence
suffices to e-fool f, where

k= O(d*s?/e?) - poly(1/a).

Here 0 < a <1 is the least nonzero probability of any outcome for an x;. Moreover, the same
result holds with o =1 for certain continuous random variables xj, including Gaussians (possibly
of different variance) and random variables which are uniform on (possibly different) intervals.

For example, whenever o > 1/polylog(d/e) it holds that O(d®/e?)-wise independence suffices
to e-fool intersections of m halfspaces. For random variables that do not satisfy the hypotheses of
Theorem it may still be possible to extract a similar statement from our techniques. Roughly
speaking, the essential requirement is that the random variables x; be “(p, 2, p~¢)-hypercontractive”
for large values of p and some constant ¢ < 1.



Notation:  Throughout, all random variables take values in R or R%. Random variables will
be in boldface. Real scalars will be lower-case letters; real vectors will be upper-case letters.
If X is a d-dimensional vector, we will write X[1], X[2],..., X|[d] for its coordinates values and

| X = \/Z?:1X [{]? for its Euclidean length. When M is a matrix, we also use the notation

M[i, j] for its (i, j) entry. If X is a vector-valued random variable, we write || X|, = E[|| X ||?]*/?.
We typically use i to index dimensions and j to index sequences. Given x € R we define sgn(z) = 1
if z >0 and sgn(z) = —1if 2 < 0. If X is a d-dimensional vector, then sgii(X) denotes the vector
in {—1,1}¢ with sgi(X)[i] = sgn(X[i]).

Our results concern arbitrary functions of d halfspaces. Thus we have vectors Wy,... ,W,,,0 €
R, and we're interested in functions f : {—1,1}? — {0, 1} of the vector sgii(x1 Wi +. ..+ 2, W, —0),
which we abbreviate to sgi(W - X — ©) where W = (Wy,... ,W,,) and X = (x1,... ,2p).

Organization: ~ We give an overview of our results and their proofs in 2] We prove the multi-
dimensional Berry-Esseen type theorems in Section @] In Section [5} we prove a regularity lemma
for multiple halfspaces in the general setting of hypercontractive variables. We state modified MZ
generator in Section [6] and analyze it using the machinery above in Section [/} In Section [§] we
show how to combine it with PRGs for branching programs to get our Theorems and We
prove Theorem in Section In Section we show how our results apply to fooling the
uniform distribution on the sphere, and use it to derandomize the hardness result of [KS0§].

2 Overview of the main results

In this section, we give an overview on how we construct and analyze the following two types
of PRGs for functions of halfspaces under general product distributions: i) the modified Meka-
Zuckerman generator (in Section [2.1)) and ii) the bounded independence generator (in Section [2.2))

2.1 The Meka-Zuckerman Generator

There are five steps in the analysis:

1. Discretize the distribution X so that it is the product of discrete distributions whose moments
nearly match those of X.

2. Prove a multidimensional version of the classical Berry-Esseen theorem, and a derandomization
thereof under general product distributions. This allows us to handle functions of regular
halfspaces. See Subsection [2.1.1

3. Generalize the regularity lemma/critical index lemma (see [Ser07, IDGJT09]) to d halfspaces
under general product distributions. This gives a small set of variables such that after condi-
tioning on these variables, each halfspace becomes either regular or close to a constant function.
See Subsection 2.1.21

4. Use the regularity lemma to reduce analyzing functions of d arbitrary halfspaces to analyzing
functions of d (or fewer) regular halfspaces.

5. Finally, generalize the monotone trick from [MZ09], which previously worked only for a single
“monotone” branching program, to monotone functions of monotone branching programs. This
enables us to get seed length logarithmic in 1/e. See Subsection



2.1.1 Multi-Dimensional Berry-Esseen Theorem

The classic Berry-Esseen Theorem is a quantitative version of the Central Limit Theorem. This
theorem is essential in the analyses of [MZ09] and [DGJT09| for one halfspace. Since we seek
to fool functions of several halfspaces, we prove a multi-dimensional version of the Berry-Esseen
theorem, which approximates the distribution of ). «;W;. The error of the approximation is small
when all the halfspaces are regular (no coefficient is too large). While there are multi-dimensional
versions known, we were unable to find in the literature any theorems which we could use in a
“black-box” fashion. The reason for this is twofold: known results tend to focus on measuring the
difference between probability distributions vis-a-vis convex sets; whereas, we are interested in more
specialized sets, unions of orthants. Second, results in the literature tend to assume a nonsingular
covariance matrix and/or have a dependence in the error bound on its least eigenvalue; whereas,
we need to work with potentially singular covariance matrices. We believe this theorem could be
of independent interest.

Next we show how this theorem can be derandomized in a certain sense. This derandomization
enables us to show that our modified MZ PRG fools regular halfspaces.

2.1.2 Multi-Dimensional Critical Index

The concept of critical index was introduced in the work of Servedio [Ser07]. It is used to
prove a regularity lemma for halfspaces, which asserts that every halfspace contains a head con-
sisting of constantly many variables, such that once these variables are set randomly, the re-
sulting function is either close to constant, or close to a regular halfspace. This lemma has
found numerous applications in complexity and learning theoretic questions related to halfspaces
[Ser07, [0S08, FGRW09, [DGJ ™09, [MZ09].

The obvious generalization of the one-dimensional theorem to multiple halfspaces would be to
take the union of the heads of each halfspace. This does not work, since setting variables in a
regular halfspace can make it irregular. We prove a multidimensional version of this lemma, which
moreover holds in the setting of product distributions with bounded fourth moments. Our analysis
shows that the lemma only requires some basic concentration and anti-concentration properties,
which are enjoyed by any random variable with bounded fourth moments.

2.1.3 Monotone Branching Programs

The only known method to get logarithmic dependence on 1/e for PRGs for halfspaces, due to Meka
and Zuckerman, considers the natural branching program accepting a halfspace. This branching
program is “monotone,” in the sense that in every layer the set of accepting suffixes forms a
total order under inclusion. Meka and Zuckerman showed that any monotone branching program
of arbitrary width can be sandwiched between two small-width monotone branching programs.
Therefore, PRGs for small-width branching programs, such as those by Nisan [Nis92] can be used.

Since we deal with several halfspaces, we get several monotone branching programs. We consider
monotone functions of monotone branching programs, to encompass intersections of halfspaces.
However, such functions are not necessarily computable by monotone branching programs. Nev-
ertheless, we show how to sandwich such functions between two small-width branching programs,
and thus can use the PRGs like Nisan’s.



2.2 Bounded Independence fools functions of halfspaces
2.2.1 Sandwiching “polynomials”

To prove that bounded independence can fool functions of halfspaces (Theorem , we use the
“sandwiching polynomials” method as introduced by Bazzi [Baz09] and used by [DGJ09]. However
in our setting of general random variables it is not appropriate to use polynomials per se. The
essence of the sandwiching polynomial method is showing that only groups of d random variables
need to be “simultaneously controlled’. When the random variables are +1-valued, controlling sub-
functions of at most d random variables is equivalent to controlling polynomials of degree at most d.
But for random variables with more than two outcomes, a function of d random variables requires
degree higher than d in general, a price we should not be forced to pay. We instead introduce the
following notions:

Definition 2.1. Let Q = Q1 x --- X Q, be a product set. We say that p: Q@ — R is a k-junta if
f(z1,...,zpn) depends on at most k of the x;’s. We say that p is a generalized polynomial of order
(at most) k if it is expressible as a sum of simple functions of order at most k. In the remainder
of this section we typically drop the word “generalized” from “generalized polynomial”, and add the
modifier “ordinary” when referring to “ordinary polynomials”.

We now give the simple connection to fooling functions with bounded independence:

Definition 2.2. Let X = (x1,...,2x,) be a vector of independent random variables, where x; has
range ;. Let f: Q — R, where Q = Qq x --- x Q,. We say that polynomials p;,p, : @ — R are
e-sandwiching for f if

P(X) < F(X) < pu(X) for all X € Q, and Elp,(X)] — ¢ < E[f(X)] < Elp(X)] +c.

Proposition 2.3. Suppose p;, p, are e-sandwiching for f as in Definition and have order at
most k. Then f is e-fooled by k-wise independence. Le., if Y = (y1,...,Yn) is a vector of random
variables such that each marginal of the form (yj,,...,y;,) matches the corresponding marginal
(xj,,..., x5, ), then

[E[f(X)] - E[f(Y)]] <e

Proof. Write p, = >, q;, where each ¢ is a k-junta. Then
EUWNSHUWNZH;%WNZ;EMWNZ;EM@NZMu@ﬂéﬂﬂXWH7

where in addition to the sandwiching properties of p, we used the fact that ¢; is a k-junta to deduce
E[¢:(Y)] = E[q:(X)]. We obtain the bound E[f(Y)] > E[f(bX)] — € similarly, using p;. O

2.2.2 Upper polynomials for intersections suffice

We begin with a trivial observation:

Proposition 2.4. Let C be a class of functions Q — {0,1}, and suppose that for every f € C we
have just the “upper sandwiching polynomial”, p,, of an e-sandwiching pair for f. Then if C is
closed under Boolean negation, we obtain a matching “lower polynomial” p; of the same order as
Do, automatically.



This is simply because given p,, for f, we may take p; = 1 — p,. Since the Boolean negation of a
halfspace is a halfspace, this observation could have been used for slight simplification in [DGJT09).

Our Theorem is concerned with the class of 0-1 functions f computable as size-s, depth-d
functions of halfspaces. This class is closed under Boolean negation; hence it suffices for us to
obtain upper sandwiching polynomials. Furthermore, every such f can be written as f = Zflzl Hy,
where s’ < s and H; is an intersection (AND) of up to d halfspaces. To see this, simply sum the
indicator function for each root-to-leaf path in the decision tree (this again uses the fact that the
negation of a halfspace is a halfspace). Thus if we have (e¢/s)-sandwiching upper polynomials of
order k for each Hy, by summing them we obtain an e-sandwiching upper polynomial for f of the
same order. Hence to prove our main Theorem [1.5] it suffices to prove the following:

Theorem 2.5. Suppose f is the intersection of d halfspaces hy, ..., hg over the independent random
variables xy,...,Ty. Suppose « is as in Theorem [1.5. Then there exists an e-sandwiching upper
polynomial for f of order k < O(d*/e?) - poly(1/a).

2.2.3 Polynomial construction techniques

Suppose for simplicity we are only concerned with the intersection f of d halfspaces hq, ..., hq over
uniform random =+1 bits @j. The work of Diakonikolas et al. [DGJT09] implies that there are is an
€o-sandwiching upper polynomial p; of order 6(1 / 6(2)) for each h;. To obtain an e-sandwiching upper
polynomial for the intersection hihs - - - hg, a natural first idea is simply to try p = pi1p2 - - - pg. This
is certainly an upper-bounding polynomial; however the e-sandwiching aspect is unclear. We can
begin the analysis as follows. Let h; = h;(X) and p; = p;(X). By telescoping,

E[p)---pq] —Elh1---hg] = E[(p1—hi)p2---pag] +
+ E[h1---hi1(pi — hi)pit1---pa] + - (1)
+ E[hl e hdfl(pd — hd)]

Now the last term here could be upper-bounded as
E[h1 - hg_1(pa — ha)] < E[pg — hq] < <o,

since each 0 < h; < 1 with probability 1. But we cannot make an analogous bound for the
remaining terms because we have no a priori control over the values of the p;’s beyond the individual
sandwiching inequalities

E[pl — hl} E €0-

Nevertheless, we will be able to make this strategy work by establishing additional boundedness
conditions on the polynomials p;; specifically, that each p; exceeds 1 + 1/d? extremely rarely, and
that even the high 2d-norm of p; is not much more than 1.

Establishing these extra properties requires significant reworking the construction in [DGJ™09].
Even in the case of uniform random =1 bits, the calculations are not straightforward, since the
upper sandwiching polynomials implied by [DGJT09] are only fully explicit in the case of regular
halfspaces. And to handle general random variables x;, we need more than just our new Regularity
Lemma for halfspaces. We also need to assume a stronger hypercontractivity property of the
random variables to ensure they have rapidly decaying tails.



3 Hypercontractivity

The notion of of hypercontractive random variables was introduced in [KS88] and developed by
Krakowiak, Kwapien, and Szulga:

Definition 3.1. We say that a real random variable x is (p,q,n)-hypercontractive for 1 < q <
p<ooand0<n<lif|z|, <oco, and for all a € R, ||a + nz||, < |la+ x|,

In this paper we will be almost exclusively concerned with the simplest case, p =4, ¢ = 2. Let
us abbreviate the definition in this case (and also exclude constantly-0 random variables):

Definition 3.2. A real random wvariable x is n-HC for 0 < n < 1 if 0 < ||z||s < oo and for all
a€R, |la+nx||ls < |la+ x|z, i.e. E[(a+nx)*] < E[(a+ )2

Essentially, a mean 0 real random variable is n-HC with large 7 if and only if it has a small 4th
moment (compared to its 2nd moment). Random variables with small 4th moment are known to
enjoy some basic concentration and anti-concentration properties. We work with hypercontractivity
rather than 4" moments because it tends to slightly shorten proofs and improve constants; the
main convenience is that a linear combination of 7-HC random variables is also n-HC.

Here we list some basic and useful properties of n-HC random variables, all of which have
elementary proofs. Note that Facts [3] and 4] imply that the upper bound on the 4th norm C =

O(1/n").

Fact 3.3. [KS88, IMOOO05, [WolO6d, Wol06b|]

1. If © is n-HC then it is also n/-HC for all ' < n.

2. If x is n-HC then x is centered, E[x] = 0.

3. If ¢ is n-HC then E[z'] < (1/n)* E[z?)%.

4. Conversely, if E[x] = 0 and E[z*] < (1/0)* E[z?]?, then x is (n/2v/3)-HC. If  is also sym-
metric (i.e., —x has the same distribution as x) then X is min(n,1/v/3)-HC.

5. Ifx is =1 with probability 1/2 each, then x is (1/v/3)-HC. The same is true if x has the standard

Gaussian distribution or the uniform distribution on [—1,1].

If x is n-HC then in fact n < 1//3.

7. If x is a centered discrete random wvariable and o < 1/2 is the least nonzero value of x’s
probability mass function, then x is n-HC' for n = a1/4/2\/§.

8. If xq,...,x, are independent n-HC random wvariables, then so is cyxy + - - - cpxy for any real
constants ci,. .., ¢y, not all 0. (Indeed, 4-wise independence suffices.)

9. If x is n-HC, and y is a random variable with the same rth moments as x for allT =0,1,2,3,4,
then y is also n-HC.

S

The notion of hypercontractivity can be extended to R%valued random variables:

Definition 3.4. An R¢-random variable X is n-HC for 0 < n < 1 if | X|l4 < oo and for all
AeRY A+ nX|ls <A+ X|lo-

We require the following facts about vector-valued hypercontractivity:

Fact 3.5. [Szu90]

1. If W € R? is a fized vector and x is an n-HC real random variable, then X = xW is an n-HC.
2. If X1,...,X,, are independent n-HC random vectors, then so is c1 X1 + - - - ¢, X, for any real
constants c1,...,cn. (Again, 4-wise independence also suffices.)



Hypercontractive real random variables possess the following good concentration and anti-
concentration properties.

Proposition 3.6. If x is n-HC then for all t > 0, Pr[|z| > t]||lz||2] < #.
Proof. Apply Markov to the event “z* > t4 E[x?]?". O
Proposition 3.7. Ifx is n-HC then for all® € R and 0 < t < 1, Pr[|z — 0] > t||z|2] > n*(1—1%)2.

Proof. By scaling x it suffices to consider the case ||z||2 = 1. Consider the random variable
y = (x — 0)%. We have

Ely] = E[z?] — 20 E[z] + 6* = 1 + 6%

E[y’] = n ' E[(-n0 + nz)'] <n ' E[(—nf + )] = (1 +9%0%)% = (n7 + 6°)?,

where we used the fact that @ is n-HC in the second calculation (and then used the first calculation
again). We now apply the Paley-Zygmund inequality (with parameter 0 < t2/(1 + 62) < 1):

Pr[jx — 6| > t] = Prly > t}] = Pr [y > # E[y]] > (1 - j_ 92) Eg]ﬂ

2 2 212 201 _ 42 292\ 2
ot QL+ (PA=2) P\
L+060%2) (n=2462)2 1+ 0?62

Treat n and t as fixed and 6 as varying. Writing u = n%(1 — t?), we have 0 < u < 1; hence the
fraction (u +n?6%)/(1 4 n?0?) appearing in ([2)) is positive and increasing as 7262 increases. Thus it
is minimized when 6 = 0; substituting this into gives the claimed lower bound. O

4 The Multi-Dimensional Berry-Esseen Theorem

In this section we prove a Berry-Esseen-style results in the setting of multidimensional random
variables, and a derandomization of it.

We assume the following setup: X1, ..., X, are independent R%valued 7-HC random variables,
not necessarily identically distributed, satisfying E[X ;] = 0 for all j € [n]. Welet § = X1+ - -+ X,.
We write M; = Cov[X]] € R9*4 for the covariance matrix of X j» which is positive semidefinite.
We also write M = Cov[S] for the covariance matrix of S; by the independence and mean-zero
assumptions we have M = My + --- + M,,. We will also assume that

MlJi,i] = Zn:E (X5’ =1  forallic€ [d].
j=1

If we write sz = || X;|I?, it follows that Py 032- = d. We introduce new independent random
variables G'1, .. ., Gy, where G is a d-dimensional Gaussian random variable with covariance matrix
M;j; we also write also G = G1+-- -+ G,,. We say that A C R? is a translate of a union of orthants
if there exists some vector © € R? such that X € A depends only on §gii(X — ©).

Theorem 4.1. Let S and G be as above. Let A C R? be a translate of a union of orthants. Then

n 1/8
IPr[S € A — Pr[G € A]| < O(~1/2d13/%) . (zl a;.l)
‘7:



We now show that this result can be “derandomized” using the output of the MZ generator Y
in place of X. We describe here a simplified version of the output of their generator.

Definition 4.2. A family H = {h : [n] — [t]} of hash functions is b-collision preserving if
1. For alli € [n],¢ € [t], Prpe,n[h(i) = €] < b/t.
2. For alli # j € [n], Prpe,n[h(i) = h(j)] < b/t.

Efficient constructions of size |H| = O(nt) are known for any constant b > 1. b = 1 is optimal,
and can be achieved by a pairwise independent family. In our construction we use b = 1, but we
will need larger b in our analysis. A hash function induces a partition of [n].

We choose a partition Hy,..., H; of [n] into ¢ buckets using a b-collision preserving family of
hash functions (where b < 2). The vector of variables {Y}},cH, is generated 4-wise independently.
There is full independence across different buckets. Let T =Y +--- 4+ Y,,.

Theorem 4.3. Let T and G be as above. Let A C R% be a translate of a union of orthants. Then
—1/2 ;13/8 1/8
[Pr[T € A - Pr[G € A)| < O(n~'/%d )-( +z 0

Putting these two theorems together, we have shown the following statement

Theorem 4.4. Let S and T be as above. Let A C R? be a translate of a union of orthants. Then
1/8
IPr[S € A] — Pr[T € A]| < O(n~/2d"3/%) . ( + Z )

In the rest of the section, we prove above theorems; our aim is not to get the best bounds possible
(for which one might pursue the methods of Bentkus [Ben04]). Rather, we aim to provide a simple
method which achieves a reasonable bound, and thus use the Lindeberg method, following [MOO05),
Mos08] very closely.

4.1 The basic lemma

In what follows, K will denote a d-dimensional multi-index (ki,...,kqs) € N, with |K| denoting
j1 + -+ + jg and K! denoting kilks!-- - kq!. Given a vector H € R?, the expression HX denotes
H?Zl H[i]*. Given a function ) : R — R, the expression 1)) denotes the mixed partial derivative
taken k; times in the ith coordinate; we will always assume v is smooth enough that the order of
the derivatives does not matter.

The following lemma is essentially proven in, e.g., [Mos08, Theorem 4.1]. To obtain it, simply
repeat Mossel’s proof in the degree 1 case, until equation (31). (Although Mossel assumes that
the covariance matrices M; are identity matrices, this is not actually necessary; it suffices that
Cov[X;] = Cov|G;].) Then instead of using hypercontractivity, skip directly to summing the
error terms over all coordinates.

Lemma 4.5. Let ¢ : R? = R be a C3 function with ‘w(K)‘ < b for all |K| =3. Then

E[(S)] - BRG] <b Y + Z [1X ] +E[IGF])- (3)

s S

We further deduce:

10



Corollary 4.6. In the setting of Lemma[4.5,
B (S)] - B[ (G)]] < 200> > 1 X3
j=1
Proof. Fix a multi-index K with |K| = 3 and also an index j. We will show that
E[|X7 ] + E[|GF]] < 261 X13, (4)

Substituting this into completes the proof, since

2.6 3
by o < 2
|K|=3
Let the nonzero coordinates in K be i1, 142,13 € [d], written with multiplicity. Write also

o7 = M;[i,i] = E [G;]i]*] = E [X;[i]*] .

On one hand, by Holder we have

E(|Gf[] = BlIG,[i]G;liz G, lis] | < JE 1G] B [1G)i)°| B [I1G,fis))?].

Note that the distribution of Gj[i1] is N (0,07 ). It is elementary that such a random variable has

third absolute moment equal to 2/2/7 - 0’,?1 < 2.605’1. As the same is true for i and i3, we conclude
that

E HGJKH S 1-60i10i20i3- (5)

On the other hand, we can similarly upper-bound

E[|Ix)]) < JE 1% 1ia] | B 1 X [i2] | B 1 i)l (6)

But

. . ) : , 3/2 , 3/2 , 3/2
VE (1 1i1]*| B |12l B |1 )] = JE X0 E |1 00)P ] B [1X1ia] P = 000,
and hence from and @ we conclude

E[Ixf )] +B[l6)] < 2.6§/E (1 1ia]*| B 12l B |1 )

Finally, we clearly have | X;[i1]| < || X always, and similarly for jo, j3. Hence

E[| X[ +E[|Gf]] < 2-6% 1512 B 11 & [1%61°] = 2.61 %113
confirming . O
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Corollary 4.7. In the setting of Lemma 4.5,

Proof. Using Cauchy-Schwarz twice,

n

Sk = B [0 = SR [0 < 3y 1]y e (1]

J=1

n

< iE[XjQ]JZE[X#}V& iuxjui,

where we also used ) 0]2 =d. O

4.2 Derandomization and hypercontractivity

We now show that this result can be “derandomized” in a certain sense. This idea is essentially
due to Meka and Zuckerman [MZ09, Sec. 4.1].

Definition 4.8. We say that the sequences of R%*-valued random vectors X1,..., X, andYi,...,Y,
satisfy the r-matching-moments condition, r € N, if the following holds: E[X¥] = E[YX] for
all multi-indices |K| < r, where X is the R™-valued random wvector gotten by concatenating
X1,..., Xy, and Y is defined similarly.

In this section, we suppose that Yi,...,Y, satisfy the 4-matching-moments condition with
respect to X1,...,X,. We will not suppose that they are independent, but rather that they have
some limited independence. Let T =Y, +--- + Y,,.

Proposition 4.9. Let Hy,..., H; form a partition of [n], and write Z; = ZjGHg Y;. Assume that
Zy,...,2Z; are independent. Then

[E[(T)] - ER(G)]| < 26d", | D1 2 X4

=1 J€H:

Proof. We simply apply Corollary to the random variables Zi,...,Z;. To check that it is
applicable, we note the following: The random variables are independent. They satisfy E[Z,] = 0,
because each E[Y;] = 0 by 1-matching-moments. The covariance matrix Y ;_, Cov[Z;] = M, by

2-matching-moments.
72 | <
[E[y(T)] - E[¢(G)]| < 2bd"/ Elllzélli-
But for each /,

Thus Corollary [4.7] gives
1z =1l ¥ Yli=B[(L ¥, © ¥ =E[( ¥ X, ¥ X% =1l & X}

JjEH, JEH, JjEH, JEH, JjEH, JEH,

using 4-matching-moments, completing the proof. O
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Remark 4.10. The full 4-matching-moments condition is not essential for our results; it would
suffice to have 2-matching-moments, along with a good upper bound on the 4th moments of the Y;’s
with respect to those of the X;’s.

We can simplify the previous bounds if we assume hypercontractivity.

Corollary 4.11. If we additionally assume that the random vectors Xi,..., X, are n-HC, then
we have

BI(S)) ~ B(@)]| < <2bd7/2/n2>@,
‘7:

B - B < @d?/), |2 (T )
/=1 ]EH@

Proof. We prove only the second statement, the first being simpler. It suffices to show

I Xillt< ami( 5 o3

JEH, JEH,

Since the random variables {X : j € Hy} are independent and 7-HC, it follows that the (vector-
valued) random variable >, X is n-HC. Hence

I3 X< am'(l T x08)

JEH, JeH,
But
IS Xil5= 3 o
JEH, JEH,
by the Pythagorean Theorem. O
We now consider the case when the partition Hi, ..., H; chosen randomly using a b-collison

preserving family of hash functions (see Definition .

Proposition 4.12. In the setting of Corollary[4.11) if the partition Hy, ..., Hy; is chosen using a
b-collision preserving family of hash functions, then

BRAT)] ~ BI(G)]| < (0627 ), [T+ 35 o1,

where the expectation E[)(T)] is with respect to both the choice of Hy,...,H; and Yi,...,Y,.

Proof. By the triangle inequality for real numbers, it suffices to show

2.

-
(=1 \jeH,

By Cauchy-Schwarz, this reduces to showing

zt:( > 0]2)2] <b Cf—l—ia?

(=1 \jeH,

E
Hy,...,Hy
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But

n 9 t n
(Zl 1{j€He}UJ2'> ] :Z Z GJ21 Tja [1{]16He}1{326He}]

3

t ¢
b 4 2 2 4 b 2 2
<> {ZUJ +> 0505 > Elgiemylyneny S0 0] + > olo, < —+bz
=1 j=1 J1#52 =1 j=1 J1#52

as needed, because

Z 031(7]22 < ZGJZ = d2‘

J17#J2 Jj=1

4.3 Smoothing

Ideally we would like to use the results from the previous sections with 1 equal to certain indicator
functions x : R — {0,1}; however these are not C3. As usual in the Lindeberg method (see,

g., [MOOO05]), we overcome this by working with mollified versions of these functions. For most of
this section, we will work with our underandomized result, the statement about S in Corollary
Identical considerations apply to the statement about T" in Proposition and we will draw the
necessary conclusions at the end.

Let £ : R — R be the “standard mollifier”, a smooth density function supported on [—1, 1]. We
will use the fact that there is some universal constant by such that f |§(’“)} dr < by for k =1,2,3
(where £€%) denotes the kth derivative of £). Given € > 0 we define & (2) = &(x/€) /e, the standard
mollifier with support [—e, ¢]. Finally, define the density function Z, on R? by Z(z1,...,24) =
Hle &e(x;). We now prove an elementary lemma:

Lemma 4.13. Let x : R? — [~1,1] be measurable, let ¢ > 0, and define 1 = = * x, a smooth
function. Then for any multi-index |K| = 3 we have W(K)‘ < (bo/€)3.

Proof. Using the fact that |x| <1 everywhere, we have

[059(@)| = [25 x(@)] < [ [29] - /[] H (f; @) day - dg = H / Se(@)| da.
Note that -2, sorbe(r) = W) (z/€) /bt from which it follows that
aakk Ee()| do < bo/e*
for k=1,2,3. For £k =0 we of course have
_Z |&e(2)| dax = _i Ee(x)de = 1.
Since | K| = 3, we therefore achieve the claimed upper bound of (by/€)?. O
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Suppose now A C R¢ is a measurable set. We define:
AT ={z e R 1z +[—€/2,¢/2PNA#D}, A ={zecR 2+ [-¢/2,¢/2]°C A}, DA=AT\ A"

We also define 1) 4+c = Z, * x4+ as in Lemma where x 4+c is the 0-1 indicator of A*¢, and
similarly define 1) 4-.. Applying now Corollary [£.7, we conclude:

Lemma 4.14. For 1) = Y g+c or ¢ = 14— it holds that

El(S)] - BU(G)] < (2bod”2 /"), [ 5 o,

It is clear from the definitions that both 94+ and 94—« have range [0, 1], and that pointwise,
¢A—e S XA S ’l)Z)A-‘—e. Thus

E[t4-<(S)] < Pr[S € A] <E[Y4+(S5)],

E[¢4(G)] < Pr[G € 4] < E[d4+(G)).

From Lemma we have that the two left-hand sides above are close and that the two right-hand
sides are close. Because of good anti-concentration of Gaussians, it may also be that the left-hand
and right-hand sides on the second line are also close, in which Pr[S € A] and Pr[G € A] will also
be close. This motivates the following observation: ¥4+ = ¥ 4-« = 1 on A7 and Y g+e = Y4- =0
on the complement of A™¢. Hence

E[t)4+(G)] — B[4 (G)] < Pr[G € O°A].
Putting together these observations, we conclude:

Theorem 4.15. We have

|Pr[S € A] - Pr[G € A]| < (2bpd"? /n*¢%), | zl ot + Pr[G € 0°A).
]:

4.4 Translates of unions of orthants

Let us now specialize to the case where A C R? is a translate of a union of orthants. Recall that
this means that there exists some vector © € R such that X € A depends only on sgii(X — ©).
We make the following observation, whose proof is trivial.

Proposition 4.16. If A C R¢ is a union of orthants then
d
oac|wr
i=1

where
Wi ={X eR?: |X[j] - O[j]| < ¢/2}.

But we also have the following:
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Proposition 4.17. Assuming the d-dimensional Gaussian G with covariance matriz M satisfies
MTi, i) =1 for alli € [d], it holds that

Pr

d
GelJ W] < de/ V2.

i=1

Proof. By a union bound it suffices to prove that Pr[|G[i] — O[i]| < €/2] < ¢/v/2m. This is straight-
forward, as G[i] has distribution N (0,1) and hence has pdf bounded above by 1/,/2/m. O

We now prove Theorem

Proof. (Theorem |4.1)) For any ¢ > 0, we may combine Propositions and with Theo-
rem [£.15] and conclude

Pr[S € A] - Pr(G € A]| < (2bod?/n2e%), | 52 ot + de/ V2.
j=1

The proof is completed by taking e = n~1/24%/ 8(2?:1 a;‘)l/ 8 (which is strictly positive since Y a;l =
0 is impossible). O

Identical reasoning gives the proof of Theorem [£.3] Combining Theorems and gives
Theorem [4.4]

5 Critical Index for Hypercontractive Random Variables

In this section, we generalize the critical index to random variables that are hypercontractive. We

will consider 7-HC random variables xq,...,x, which are at least pairwise independent. Write
07 = ||lz;|3, and note that pairwise independence implies ||zo + - -- + ®ul|5 = 0§ + -~ + 5. We
also write 72 = ||&; + it1 + - + xn||3 = > j>i a3.

Definition 5.1. For 0 < § < 1, we say that the collection of random variables xq, ..., T, is o-

2
vegular if 37 llz 14 < 6 (g llwsl13)” = o7

Definition 5.2. Suppose the sequence xy, ..., x, is ordered, meaning that 08 >0 >02 >,
Then for 0 < § < 1, the d-critical index is defined to be the smallest index £ such that the sequence
Ty, Tpt1,. .., Ly 1S 0-reqular, or £ = oo no such index exists.

Theorem 5.3. Let 0 < § < 1, 0 < € < 1/2, and s > 1 be parameters. Let L = br, where
b=T[(2/n*)In(1/€)] and r = [(1/n*8) In(1 + 1652)]; note that

<o (Eistio) 1

Assume the sequence x,...,x, is ordered, that n > L, and that xg,...,x1_1 are independent.
Then if ¢ is the §-critical index for the sequence, and ¢ > L, then for all 6 € R,

O(n(1/e))

Prileo+ - -+xr-1—0| <s-71] <e+ S1
n®s
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Proof. For any 0 < j < L, since the critical index ¢ is at least j we have

57’ <Z”m1"4 (1/n% Za (since each x; is n-HC) < 2/77 Za 2/77

i>j i>j (2]
where we used hypercontractivity and the fact that o;s are ordered. Hence for all 0 < j < L,
45 2 2 2 2 2 45y 2
n 57—] < O"7 == Tj — Tj+1 = Tj+1 < (1 —n 5)Tj .
It follows that for all 0 < k < b,

1

2
— 7
1+ 1652 5 (7)

7-(2k+1)r < (1 - 7745)TTIST <
where we used the definition of r.
Now for each 0 < k < b define yx = Tgr + Tpri1 + Tpri2 + - + T(gy1),—1 and v = |lyill3 =

T,?T — T(Qk ) Using we have immediately conclude

vi > 16327(2k+1)r = U > AST(joy 1)y (8)

Since all of xg, ..., x;_1 are independent and n-HC, we have that yg,y1, ..., yp_1 are independent
n-HC random variables. For 0 < k < b, define the event Ay = “lyo+y1 +---+yr — 0| < (1/2)v”,.
We claim that for any 0 < k < b,

Pr[Ak’Ao/\Al/\"-/\Ak,ﬂ <1—T]4/2.

To see this, note that conditioning only affects the values of random variables yq, . . ., yx_1, of which
Yy is independent. Further, for every choice of values for yg,...,yr_1, the event A, is an anti-
concentration event of the type in Proposition with some shifted 6. Hence the claim follows
from this Proposition, as (1 — (1/2)2)? > 1/2. Having established the claim, we conclude

PI‘[AO NALTNAN- A Ab—l] <(1- 774/2)b <e (9)

Let us now define, for each 1 < k < b, random variables zy = yr + Yr+1 + -+ + Yp—1. These
random variables are also 7-HC, and they satisfy ||zx||3 < 72.. If we define the events By, = “|z;| >
5Tk, then Proposition [3.6] implies Pr[By] < 1/n*s*. Hence

Pr[B;V By V---V By_1] < (b—1)/n*s* < b/n*st. (10)

Combining @D and we see that except with probability less than e +b/n*s? < e+ M,

nSst
at least one event A, occurs, and none of the events B}, occurs. Since this is the error bound in the
Theorem, it remains to show that in this case, the desired result “|xg + - -+ a1 — 0| > s- 7117
occurs. Assume then that A,, occurs and B,,;1 does not occur, 0 < m < b. (For m =b—1 we
need not make the latter assumption.) Thus

lyo+y1 + -+ Ym — 0] > (1/2)vm  and  |zmi1| < 571y < (1/4)0m,

where we used . (This makes sense also in the case m = b— 1 if we naturally define 2z, = 0.) By
definition of z,, 11, we therefore obtain

!yo +yi+-+Yp—1 — 9‘ = ‘CC() +--4xp_1 — 9‘ > (1/4)'Um > (1/4)'0},,1 > 8Tpr = STL,

as desired, where we used . ]
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We now state the high-dimensional generalization of Theorem[5.3] Assume @1, ..., x, are n-HC
real random variables which are at least pairwise independent. Assume also that Wi,..., W, are
arbitrary fixed vectors in R?, and write X = x;Wj.

Theorem 5.4. Let d,¢,s, L be as in Theorem . Then there exists a set of coordinates Hy C [n],
|Ho| < dL, with the following property. Assuming the collection of random variables {x; : j € Ho}
is independent, for each coordinate i € [d] we have either:

1. the sequence of real random variables {X;[i] : j & Ho} is 0-regular; or,

2. for all 8 € R,
. . O(In(1/e
Pr ‘Z X;li) —9‘ <s- Y IXGENE] <e+ (8(54/))
J€Ho J#Ho g

The fact that the sequence xg,...,x, was ordered by decreasing 2-norm in Theorem was
mainly used for notational convenience. We can extract from the proof the following corollary for
unordered sequences (whose proof we omit):

Corollary 5.5. Let d,¢,s,b,r, L be as in Theorem [5.3. For the unordered collection xo, ..., &y,
assume we have a sequence of indices 0 < jo < j1 < -+ < jr—1 < n such that:

e foreach 0 <t<L, szt > O'J% for all j' > ji;

o for each 0 <t <L, {xj,xj11,...,2,} is not 6-regular.

Assume also that xo, ..., xj, are independent. Then for all 6 € R,

O(n(1/e))

Pr [|:c0+..._|_ij_1 —9‘ <s T <e+ st

The case when j; =t for 0 < ¢ < L corresponds to Theorem
We now prove Theorem

Proof. We construct Hy according to an iterative process. Initially, Hy = (), and we define ¢; = 0
for all 4 € [d]. In each step of the process, we do the following: First, we select any ¢ such that
¢; < L and such that the collection {X;[i] : j & Ho} is not d-regular. If there is no such i then we
stop the whole process. Otherwise, we continue the step by choosing j € [n]\ Hy so as to maximize
| X;[i]]|3. We then end the step by adding j into Hy and incrementing c;.

Note that the process must terminate with |Hy| < dL; this is because each step increments one
of ¢1,...,¢q, but no ¢; can exceed L. When the process terminates, for each i we have either that
{X;li] : j € Ho} is -regular or that ¢; = L.

It suffices then to show that when ¢; = L, the anti-concentration statement holds for i. To see
this, first reorder the sequence of random variables (X;[i]); so that the first |Hp| are in the order
that the indices were added to Hy, and the remaining n — |Hy| are in an arbitrary order. Write
1 <jo<ji1<-<jr—1 < |Hp| for the indices that were added to Hy on those steps which
incremented ¢;. Then by the definition of the iterative process, for each 0 < ¢ < L we have that

X, [i0013 > 11X [i||3 for all 5/ > j; and that {X},[i], X ,41[],--- , X,[i]} is not d-regular. The
anti-concentration statement now follows from Corollary O
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6 The Meka-Zuckerman Generator

For the Meka-Zuckerman generator, the first step is to reduce the problem of fooling functions of
halfspaces under an arbitrary C-bounded product distribution to fooling an O(C')-bounded discrete
product distribution with support poly(n, C,e~!) in each co-ordinate.

Lemma 6.1. Given a C-bounded distribution X, there is a discrete product distribution Y such
that if f:R™ — {=1,1} is a function of d halfspaces {h; : R™ — {=1,1} }ic(a), then

62
|B[/(X)] - Bf(Y)]| <0 ( :C> .

FEach y; is distributed uniformly over a multiset Q; = {bi1(i) < -+ < by(i)} where |bj(i)]
(nCze_l)i. For every i, we have |Q;| = 2° = O(n%C% %) and Further Ely;] = 0,E[y?] =
1, E[y{] < 0(0).

IA

We are interested in d << n, so the error in going from X to Y is o(e?). Since |[Q;| = 2° for
all 7, sampling k-wise independently from Y reduces to generating n strings of length s in a k-wise
independent manner: this can be done using k max(logn, s) = O(klog(nC/¢€)) random bits.

This lemma is proved by sandwiching X between two discrete product distributions Y* and
Y* which are close to each other in statistical distance. The proof is in section [9] Henceforth, we
will rename Y as X and focus on fooling discrete product distributions.

We now describe the main generator of Meka-Zuckerman, modified so that random variables
take values in ] j 2, instead of simply £1. At a high level, the generator hashes variables into
buckets and uses bounded independence for the variables within each bucket. We use a weaker
property of hash functions than used in [MZ09].

The generator first picks a partition of [n] = Hj U ... U H; using a random element from H,
a 1-collision preserving family of hash functions. For each i € [t], it then generates a 5-wise
independent distribution (y;)jen, on [[;cy, €2j. Such a distribution on n random variables can be
generated using a seed of length klog max(n,|€2|). These ¢ distributions are chosen independently.
The generator outputs Y = (y1,...,yn). The seedlength required is log(2n) + 5t log max(n, [Q2|)
where log(2n) are required for the hash function and 5log max(n, |€2|) bits are needed for each H;,
i€ lt].

7 Analyzing the Meka-Zuckerman Generator

We first prove that the indices in the set Hy are likely to be hashed into distinct buckets.

Definition 7.1. A hash function h : [n] — [t] is S-isolating if for all x #y € S, h(z) # h(y). A
family of hash functions H = {h : [n] — [t]} is (¢, B)-isolating if for any S C [n], |S] < ¢,

Pr [h 1 t S-isolating) < .
heul;i[ is not S-isolating] < 8

A b-collision preserving hash family is likely to be isolating for small sets:

Lemma 7.2. Assumet is a power of 2. A b-collision preserving family of hash functions H = {h :
[n] — [t]} is (¢, B)-collision free for 3 = bl?/(2t).
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Proof. The expected number of collisions for a set S is at most

IS\ b _ be?
< =
2 )t 2t
By increasing n to the next largest power of 2, since ¢ is a power of 2, there is a field F of size
n where t|n. Then there is a hash family of size n for b = 1. For any element a € F, define a hash
function hy(x) = (ax) mod t. Here z is viewed as a field element, the multiplication is done in the
field, and the product is then viewed as a nonnegative integer less than n before taking the mod.

We can increase n and t to be the nearest powers of 2. We can therefore take H to have size at
most 2n for b = 1. O

We want the set Hy to be isolated with error ¢, so we want £ = dL and 8 = . Hence we set ¢
to be the smallest power of 2 larger than ¢2/e = (dL)?/e.
We will aim to achieve error O(de) (rather than O(e)), as this makes the notation easier. We
set the parameters s and ¢ in Theorem as
4.8

n*e
s=1/(1"Ve), =7
This implies that

L:O(bg@ﬂw>.1:0<fm%%m>, t20<<dL>2>:O(f”5bg4<ﬂ7>>,

n® ) n'2e8 P 24l

7.1 Analysis for functions of regular halfspaces

Recall that our goal is to fool functions of sgii(}_; z;W; —0). Let Y; = y;W; and T = 377, Y;.
Similarly let X; = x;W; and S = Z;-Lzl X ;. Thus we are interested in bounding

|Pr[S € A] — Pr[T ¢ Al
X Y

where A is a translate of union of orthants: membership of a point X € R? in A is a function of
sgni(X — ©). By rescaling the W) and ©, we may assume without loss of generality that

MlJi,i] = Zn:E [(X;[i]*] =1  forallie[d].

The regular case is when the vectors Wi, ... , W, are such that for every ¢, the sequence of random
variables { X [i] = is d-regular. In this case, we can directly appeal to the Berry-Esseen theorem
to prove th correctness of the MZ generator.

Theorem 7.3. If the sequence of random variables { X;[i|}7_; is d-regular for all i € [d], then the
MZ generator O(de)-fools any function of sgn(W - X — ©) for all © € R,

Proof. We can therefore apply the machinery developed above. For the regular case, we only need
to use 4-wise independence. Thus, the random variables Y7, ..., Y, satisfy the 4-matching-moments
condition with respect to X1,..., X}, as defined in Subsection

The definition of d-regular is given in Definition Let 05, ; = || X[i]||2. Suppose that for all 7,
the set of real random variables {X[i]} is d-regular, i.e.,

n n 2
SO < 6 (D NXK[ME) " = (0% + -+ 07,2 =6,
j=1 j=1
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where the last equality is from our normalization. We wish to apply Theorem Since o;; =
| X éll2 < || X;[é]|l4, we conclude that for all 4,

> oty < S UIXLNG < 6.
j=1 j=1

Since a?- = Z?Zl 01'2, ;» by Cauchy-Schwarz we get

2
d n
4 § 2 2 4
i=1 J=1

Therefore Z?:l a;»l < d?$. Hence we can apply Theorem to obtain

IPr[S e A~ Pr[T € A]| <O ((1/77)1/2d15/8) St 5)1/8) < O(de).
where the last inequality follows from the choice of ¢, d. O

7.2 Analysis for functions of general halfspaces

We now combine Theorem with the analysis of the Regular case (Theorem , to prove that
the MZ generator fools functions of arbitrary halfspaces.

Theorem 7.4. The MZ generator O(de)-fools any function of d halfspaces with seed length

15 O 4 € og(n/e
O(tlog(max(n, [22))) = O (d log 221117@( / 77)>'

Proof. Apply Theorem with these parameters. Then there exists a set Hy C [n] of size at most
dL such that the coordinates [d] can be partitioned into two sets, REG and JUNTA, such that the
following holds.

1. For i € REG, the set of real random variables {X;[i] : j & Ho} is d-regular.

2. For i € JUNTA, for all 8 € R,

pr || Y X -] <5 [ x| <o PO D <oy
JE€Ho J¢Ho

We condition on the hash function h being S-collision free, which happens with probability at
least 1 — €. Therefore, at most one variable from Hy lands in each set in the partition. Since the
distribution in each partition set is 5-wise independent, this means that the distribution on Hy is
fully independent. This allows us to construct a coupling of X and Y: let X; =Y} for j € Hy,
and then sample the rest according to the correct marginal distribution.

We say that the variables in Hy are good if

‘Z Y;li] = 0li)| > s+ [ > NY[i]ll3 for all i € V
J€Ho Jj¢€Ho
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By Equation
Pr{{X; =Y} cH, are not good] < 2de. (12)

We condition on these variables being good.

With this conditioning, we show that the halfspaces in JUNTA are nearly constant: with high
probability they do not depend on the variables outside Hy. To see this, observe that conditioned
on the variables in Hy, the remaining variables are still 4-wise independent (in both X and Y'), so

by Chebychev
Pr || Vil 25 [>IWHIE] <15 <e (13)
J¢Ho J¢Ho

But if this does not happen, then

n

sign(Y _ Y;[i] - O[i]) =sign( ) _ Y;li] - OLi])].

j=1 Jj€Hy

A similar analysis holds for X. Thus for both X and Y, with error probability at most 2d/s? < 2de,
we can assume that the halfspaces in JUNTA are fixed to constant functions for a good choice of
variables in Hy.

Recall that we are interested in fooling functions of the form g(hq(X), ... , hx(X)). Conditioned
on the variables in Hy being good, the halfspaces h; for j € JUNTA are close to constant functions.
Thus, the function g is 2de close to a function ¢’ of halfspace {h;};crrg under both distributions
X and Y. Thus it suffices to show that the bias of ¢’ under X and Y is close.

Conditioning on X; = Y; for j € Hy gives a halfspace on the remaining variables in each
coordinate ¢ € REG. Define

o'l = (Ol = Y X)), S'lil= Y X;lil, T’ =) Yl

J¢Ho Jj¢Ho J¢Ho

then
sgu(S[i] — O[i]) = sgn(S'[i] — ©'[4]).

Thus there exists a union of orthants A’ € RI®FGl such that ¢/(X) = 1 if X € A’. Our goal is to
bound

|Pr[S’ € A'] - Pr[T' € A']|.

The set of random variables {X[i] : j & Hp} is 6-regular. Hence we can apply our result
for the regular case. We’ve already conditioned on the hash function h being Hy-collision free.
Since this happens with probability at least 1 — ¢, the resulting function is b-collision preserving for
b=1/(1—¢€) < 2, since conditioning on an event which happens with probability p can increase
the probability of any other event by a factor of at most 1/p. So now applying the analysis from
the regular case,

Pr[S' € A'] - Pr[T' € A
S’ T

<0 (n—1/2d15/8 ) (% + 5)1/8) < O(de). (14)
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Hence, conditioned on h and the variables in Hy being good, we have
’l:;r[S €Al — l;r[T € A]‘ < O(de) + 2de. (15)
Removing the conditioning gives

‘I;r[S' €Al — %r[T € A]‘ < O(de) + 2de + € + 2de = O(de)

8 Generalized Monotone Trick

We generalize the “monotone trick” introduced in Meka and Zuckerman [MZ09] and show that a
generator that fools small-width “monotone” branching programs also fools any monotone function
of several arbitrary-width monotone branching programs.

First we define read-once branching programs. Branching programs corresponding to space S
have width 2°. We use the following notation from [MZ09].

Definition 8.1 (ROBP). An (S, D, T)-branching program B is a layered multi-graph with a layer
for each 0 < i < T and at most 2° vertices (states) in each layer. The first layer has a single vertex
vo and each vertex in the last layer is labeled with O (rejecting) or 1 (accepting). For 0 < i < T,
a vertex v in layer i has at most 2P outgoing edges each labeled with an element of {0,1}F and
pointing to a vertex in layer i + 1.

Let B be an (S, D, T)-branching program and v a vertex in layer i of B. We now define the set
of accepting suffixes.

Definition 8.2. We say z is an accepting suffix from vertex v if the path in B starting at v and
following edges labeled according to z leads to an accepting state. We let Accp(v) denote the set of
accepting suffizes from v. If B is understood we may abbreviate this Acc(v).

Nisan [Nis92] and Impagliazzo et al. [[NW94] gave PRGs that fool (S, D, T')-branching programs
with error exp(2-5+P)) and seed length r = O((S + D + logT)logT). For T = poly(S, D),
the PRG of Nisan and Zuckerman [NZ96] fools (S, D,T)-branching programs with seed length
r = O(S + D). Meka and Zuckerman showed that the above PRGs in fact fool arbitrary width
branching programs of a certain form called monotone, defined next.

Definition 8.3 (Monotone ROBP). An (S, D, T)-branching program B is said to be monotone
if for all 0 < i < T, there ezists an ordering {vi < va < ... < vr,} of the vertices in layer i such
that v < w implies Accp(v) C Accp(w).

Note that the natural ROBP accepting a halfspace, where states correspond to partial sums, is
monotone. However, the natural ROBP accepting the intersection of just two halfspaces may not
be monotone.

The following theorem is the only known way to obtain PRGs for halfspaces using seed length
which depends logarithmically on 1/e (and polylogarithmically on n).

Theorem 8.4. [MZ09] Let 0 < ¢ < 1 and G : {0,1}% — ({0,1}°)T be a PRG that &-fools
monotone (log(4T /€), D, T)-branching programs. Then G (e+0)-fools monotone (S, D, T)-branching
programs for arbitrary S with error at most € + 6.
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We now generalize Theorem to the intersection of monotone branching programs, or even to
any monotone function of monotone branching programs. (Of course, the intersection corresponds
to the monotone function AND.)

Theorem 8.5. Let 0 < ¢ < 1 and G : {0,1}* — ({0,1}?)T be a PRG that §-fools monotone
(dlog(4Td/e€), D, T)-branching programs. Then G (€ + 0)-fools any monotone function of d mono-
tone (S, D, T)-branching programs for arbitrary S.

We now generalize monotone functions to decision trees. First note that the complement of
a monotone branching program is a monotone branching program. Now consider any decision
tree, where each node of the decision tree is a monotone branching program. Any leaf of this tree
represents the intersection of monotone branching programs. Thus, the error of the function above
for such decision trees is at most s times the error for each leaf. This gives the following corollary.

Corollary 8.6. Let 0 < ¢ < 1 and G : {0,1}* — ({0,1})T be a PRG that §-fools monotone
(dlog(4T'd/e), D, T)-branching programs. Then G (s(e + 0))-fools any decision tree with s leaves,
where each decision tree node is a monotone (S, D,T)-branching programs for arbitrary S.

In the above, we can even take s to be the minimum of the number of 0 and 1 leaves. We
now prove Theorem using the ideas of [MZ09] based on “sandwiching” monotone branching
programs between small-width branching programs.

Definition 8.7. A pair of functions (faown, fup), each with the same domain and range as a func-
tion f: B — {0, 1}, is said to e-sandwich f if the following hold.

1. For all z € B, fdown(z) < f(Z) < fup(z)-
2. PrzEuB[fup(Z) = 1] - PrzeuB[fdown(Z) = 1] <e.

The following lemma shows that it suffices to fool functions which sandwich the given target
function. Bazzi [Baz09] used sandwiching in showing that polylog-wise independence fools DNF
formulas. The lemma below is a small modification of a lemma in [MZ09)].

Lemma 8.8. If (faown, fup) €-sandwich f, and a PRG G 0-fools faown and fup, then G (e + 9)-
fools f.

Meka and Zuckerman then showed that any monotone branching program can be sandwiched
between two small-width branching programs.

Lemma 8.9. [MZ09] For any monotone (S,D,T)-branching program B, there exist monotone
(log(4T /€), D, T)-branching programs (B°"® B") that e-sandwich B.

Using this, we can show that any monotone function of monotone branching programs is sand-
wiched by a small-width branching program.

Lemma 8.10. Any monotone function of d (S, D,T)-branching programs has a pair of (dlog(4T /€), D, T)-
branching programs (B, B') that (de)-sandwich it.

Proof. For a monotone branching program B, let (B4°"® B'") denote monotone (log(4T/¢), D, T)-
branching programs that e-sandwich B, as given by Lemma Suppose our given function is
f(2) = g(Bi(2), B2(2), ... ,B4(z)) for g monotone. Then f(z) is sandwiched by (faown, fup) given
by

faon(2) = f (BI™™(2), B (2),... BI™(2))

fup(2) = f(B"(2), B3"(2),... . By"(2)) -
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Moreover,

d
fu_pl(l) o fd_oivn L_Jl ( Bup (Bdown) 1(1>> )

Since Pr,[BI"(z) = 1] — Pr,[B"(2) = 1] < ¢, it follows that Pr,[fup(2) = 1] — Pr;[faown(z) =
1] < de. ]

Theorem 8.5 now follows from Lemmas[8.8 and [8.10] Without using any of the hard work we’ve
done in other sections, this theorem gives us PRGS for monotone functions of halfspaces (such as
intersections) using a random seed of length O(d(logn)log(n/€)). We improve this seed length now.

8.1 Combining the Monotone Trick and the main construction

Fix a hash function h, which fixes the partition into ¢ sets. Then any monotone function of
sgi(y1Wh + ... + yo,W,, — ©) may be computed by a monotone function of d monotone branching
programs, with ¢ layers each. Thus, we can apply Theorem and Corollary to deduce
Theorem [T.2

We can set T'=t and D = O(logn) to store the seed for the 5-wise independent distribution.
Also note that logn~! = ©(log C'). With these parameters, using Nisan’s PRG gives a seed length of
O((dlog(dT'/e)+ D +logT)logT) = O((dlog(Cd/e) +logn)log(Cd/e)) to fool monotone functions
of d halfspaces. For functions computable by size s decision trees of halfspaces, the seed length
becomes O((dlog(Cds/e) 4 logn)log(Cds/e)).

When Cd/e > log™“n for any ¢ > 0, then ¢ = polylog(n) and we can use the Nisan-Zuckerman
PRG. This gives a seed length of O(dlog(dT/e)+ D +logT) = O(dlog(Cd/e)+1logn) for monotone
functions of d halfspaces. For functions computable by size s decision trees of halfspaces, the seed
length becomes O(dlog(Cds/e) + logn).

More generally, using Armoni’s interpolation of Nisan and Nisan-Zuckerman will shave off an
extra loglog n factor off of Nisan’s PRG when t/e < exp(—(logn)!~7) for some v > 0. We omit the
details.

9 Discretizing the distribution
The first step is to truncate each x; to lie in the range (—B, B).

Lemma 9.1. Set B = (nC%*l)%. For each i € [n], let y; = x; - I(|x;| < B). Define the product
random variable Y = (y1,Y2, ... ,Yn) where the y;s are independent. Then we have

o SD(X,Y)<e
e E[y] > L E[y}] <C.

Proof. Note that ; = y; when |z;| < B and y; = 0 otherwise. But we have

Prlle > B] = Prllaf > BY) < o = <
Thus it follows that

SD(z;,yi) < — = SD(X,Y) <

c 5
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It is clear that E[y}] < E[z}] < C. Thus we only need to prove the claim about the two-norm.
We have
from which it follows that
E[z]] = E[y;] + E[z] - I(|z| > B)].

By the Cauchy-Schwartz inequality, we have

1
Bla? - I(@i| > B)] < Bla]: (Prllz| = B))? < VO, /= =/~ <2
nC n 2
Hence we have E[y?] > 1.
By a similar argument, one can show that | Efy;]| < -%. O

By suitable shifting and rescaling, we can assume that the distribution satisfies E[z;] = 0, E[z?] = 1,
E[z}] < C and |z;| < B .

The next step is to suitably discretize the distribution. Assume that the random variable x; has
a cumulative distibution function F; where F;(z) = Pr[a; < z]. Since |x;| < B we have F(—B) =0
and F(B) = 1. We will define two sandwiching discrete distributions x¢ and x whose cdfs F and
F! satisfy:

F(z) —v < Fy(z) < Fi'(x)

where 7y is a granularity paramater (which will be chosen as inverse polynomial in n).
Let g = % Our goal is to define bucket boundaries by, ... , by by picking by, that stisfy F;(by) =
k.

Definition 9.2. For k € {0,...,g}, let by be the smallest x € [—B, B] so that F;(x) > k.

We can sample x; by first picking a bucket k£ € {0,...,¢9 — 1} and then sampling from this
bucket according to the suitable conditional distribution, resulting in x; € [bx, bgy1]-.
We now define the sandwiching distributions:

Definition 9.3. The random variable x¢ is uniformly distributed on {bo,... ,by—1} while =¥ the
uniform distributed on {by,... ,by}. We define the family F of 2" product distributions on R"
where each co-ordinate is distributed independently according to a:f or xi.

It follows that SD(a:f,a:”j) < . Hence if we take any pair of variables Y, Z from F, by the
union bound we have SD(Y, Z) < yn. The following lemma allows us to reduce the problem of
fooling halfspaces under the distribution X to the problem of fooling a single distribution from the
family F.

Lemma 9.4. Let h: R" — {—1,1} fori € [k] be a halfspace and let’Y € F. Then
| E[n(X)] = E[A(Y)]| < 4yn.

Proof. We will pick sandwiching distributions Y* = (y{,... ,y5) and Y* = (y¥,... ,y%) from F
(depending on the halfspace h) and construct a coupling of the three distributions Y*, X and Y*
so that

h(Y?) < h(X) < h(YY). (16)
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Let h(z) = sgn(d_, wix; — 0). If w; > 0 for all ¢, then we set

4 4 u u
Y, =25 Y, =T,

Whereas if w; < 0, then we set

l__ u u L
Y, =, Y =x;.

Next we describe the coupling, co-ordinate by co-ordinate. Fix co-ordinate i. Pick k£ €
{0,...,9 — 1} at random. Set :L'f = by and =} = bry1. We now set the random variables y;, y;¢
and y;' to be eiher a:f or xz}', based on their defintion. We pick x; conditioned on the k" bucket,
so that by < a; < bgy1. It follows that

¢
wiy; < wiz; < wy;

and hence

> wiyf <> wiws <Y wiy)

which implies Equation
Since a halfspace is a statistical test, we have

Pr[h(X) # h(Y")] < Prlh(Y") # h(Y™")] < SD(Y",Y") < 1m. (17)
If we replace Y* with Y € F, we have
Pr[h(X) # h(Y)] < Prlh(X) # h(Y")]| + Pra(Y) # h(Y")]| < 2yn

where we use Equations [17| and the fact that SD(Y,Y") < yn. The claim follows since h(X) and
h(Y') take values over {—1,1}. O

This lemma extends to fooling functions of halfspaces.

Lemma 9.5. Let f : R — {—1,1} be a function of d halfsapces h; : R" — {—1,1} given by
f=g(h1,... hg) where g: {=1,1}* — {—=1,1}. Then for any Y € F,

|E[f(X)] - E[f(Y)]| < 4ydn.
Proof. We consider the same coupling used in Lemma We have

Prg(X) # 9(¥)] < Pri(h(X),... .ha(X)) # (¥ ), ha(¥)) < 3 Prlhu(X) # hi(¥)] < 2ydn.

The claim now follows since g is Boolean valued. O

Finally, we need to show that for a suitable choice of 7, the expectation and the second and
fourth moments of :cf and ;' are nearly the same as those of x;. We prove the claim for the fourth
moment, the other arguments are similar.

Lemma 9.6. We have

|E[(z:)"] - E[(=)"]| < 2By, |E[(z:)'] - E[(z})"]| < 2B"y
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Proof. Tt is clear that

Our goal is to compare these with the 4 moment of x;. The contribution of the k" bucket to

E[z] can be upper bounded by ymax(b, b} ) and lower bounded by v min(b}, b} ;). Hence

g—1 g—1
v min(bi,biq) < Elz] <) max(bi, biyy).
k=0 k=0
By case analysis, the sequence max(by, b} 1) takes on g distinct values from {bo, ... ,b,}. Simi-
larly, min(bi, bi +1> can take some value twice but every other value at most once. Hence both the
upper and lower bounds are within 2B*y of both E[(z¢)%] and E[(z%)%]. O

A similar argument shows that the i‘second moment changes by at most 282~ and the expectation
by 2By. We pick v < 5.5z = O(;552), which is of the form 27° for some integer s. We have
2% < O(”igﬁ) hence s = log(n?C?/e?) + O(1). To sample from = (X*), we pick a random bit-
string of length s, treat it as a number j € {0,¢9 — 1}, and output b; (bj4+1).

Finally we rescale and shift, so that we again have E[y;] = 0, E[y? = 1] and E[y}] < C.

10 Bounded Independence fools functions of halfspaces

In this section, we prove Theorem

10.1 Reduction to upper polynomials for single halfspaces

We now flesh out the reduction described in Section [2], i.e., we show how to prove Theorem [2.5
given upper sandwiching polynomials for a single halfspace with extra properties.

Lemma 10.1. Let X be a random vector on the product set 2, and suppose we have order-k
polynomials p1,...,pq: Q — R, as well as functions hi, ..., hqg: Q — {0,1}. Write p = p;(X) and
h; = hy(X). Assume that for each i € [k]:

1. p > h; with probability 1;
2. E[p — h;i] <e¢p;

3. Prlp>1+41/d* <~;

4o pll2a < 1+2/d%.

If we write p = p1p2 -+ - pa, h = hiha - - - hg, then p is a polynomial of order at most dk, p(X) > h(X)
with probability 1, and

E[p(X) — h(X)] < 2deg + 3d*\/7. (18)

Proof. The first two parts of the claim are immediate, so it suffices to verify (18). We use the
telescoping sum , and thus it suffices to bound the general term as follows:

Eh;---hi—1(p — hi)pit1- - Pa) < 2e0 + 3d\/7. (19)
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We have

Elhy---hi—1(pi — hi)pit1- - pd
Elpi - pi—1(pi — hi)Pit1- - Pdl
< 2E[p; — hi] + E[1[p1 - pi—1Piv1 - Pa 2> 2] P1 - Pi—1(Pi — hi)Piv1 - Pd)

< 20 +E [(i/zd:ll[pi/ >1+ 1/d2]> le[lpz} ,

IN

where in the last term we used the bounds (1 4 1/d?)4"! < 2 and p; — h; < p;. Thus we can
establish by showing the bound

d
> E [l[pi/ >141/d%]

i'=1 v

d

Pi] < 3d./7y.
=1
This follows by bounding each summand individually:

E [1 [pr > 1+1/d%] f[l pz}
d

I1[py > 14+ 1/d%] |2 H lpill24 (Holder’s inequality)
i=1

VY- +2/d)? < 3y,
as needed. O

IN

IN

10.2 Tools for upper polynomials

We construct the upper sandwiching polynomial needed in Lemma [10.1| using two key tools:
“DGJSV Polynomials”, the family of univariate real polynomial constructed in [DGJT09| for ap-
proximating the sgn function; and, our Regularity Lemma for halfspaces over general random

variables [£.3]

Regarding the DGJSV Polynomials, the following is a key theorem from [DGJT09] (slightly
adjusted for our purposes):

Theorem 10.2. ([DG.JT09]) Let 0 < a,b < 1. Then there exists an even integer K = K, with

log(2/b
K < C’OM (Co is a universal constant)
a

as well as an ordinary univariate real polynomial P = Py : R — R of degree K with the following
behavior:

e P(x) >0 forx € (—o0,—1],
o 0 < P(x) <b forx € [-1,—a;
e 0 < P(x) <1 forx €[—a,0];

e 1 <P(x)<1+4b forxzel01];
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e P(z)>1 forz e [l,00);
o P(x) < (42)X for all |z| > 1.
Note that the first five conditions imply P(x) > 1[z > 0] for all x € R.

Regarding our Regularity Lemma for general halfspaces, we will use the following rephrasing of
Theorem [5.3| with simplified parameters:

Theorem 10.3. Lett > 1,0 < § < 1 and 0 < n be parameters. Then there exists an integer L
satisfying

1
L < poly(logt,1/n) - 5

such that the following holds. Suppose x1,...,x, is a sequence of independent n-HC random vari-
ables, @ € R, and n > L. Then there ezists a set of coordinates H C [n] of cardinality L such that,

denoting
0’:9—230]-, z:Zacj

JjEH Jj¢H
(these random variables are independent), we have three mutually exclusive and collectively exhaus-
tive events depending only on 6':
o Event BAD: |0'| < t||z||2 and the collection {x; : j ¢ H} is not §-regular;
e Lvent NEAR: |0'| < t||z||2 and the collection {z; : j ¢ H} is §-regular;
e Fvent FAR: |0'| > t||z2-
Furthermore, BAD has probability at most O(1/t).

The reader will note that events BAD, NEAR, and FAR are defined somewhat peculiarly:
Neither || z||2 nor the (ir)regularity of {x; : j ¢ H} is actually random. Furthermore, by our original
Theorem we either have that {x; : j ¢ H} is d-regular, in which case NEAR and FAR are
the only possible events, or the collection is not d-regular, in which case BAD and FAR are the
only possible events. Nevertheless, this tripartition of events makes our future analysis simpler.

10.3 Statement of the main technical theorem, and how it completes the proof
The main technical result we will prove is the following:

Theorem 10.4. Let k> 1,0< 4§ <1, and t > 4 be parameters. Let X = (x1,...,xy) be a vector
of independent n-HC random variables. Furthermore, let T be an even integer such that the x;’s

are (T,2,4/t)-hypercontractive. Assume T > Cydlog(dt), where Cy is a universal constant. Let
0 € R and let

hx1,...,xn) =1z + -+, — 0 >0].

Then there exists a polynomial p(x1,...,xz,) of order k, with
1
k < poly(logt, 1/n) - < + O(T/d),

satisfying the 4 properties appearing in Lemma [10.1], with

_ dtlog(dt)

=9~ 1/d,
T

€) — O(\/g) + 0(61), €1
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As we now show, using Theorem and Lemma [10.1], we can deduce Theorem and hence
Theorem [I.5] simply by choosing parameters appropriately. Note that it is sufficient to prove The-
orem [2.5| with € - polylog(d/e) in place of e.

We will apply Theorem with § = ©(e?/d?) and

t= 0277
(03

where C5 is a large constant of our choosing. Regarding the hypercontractivity parameters, using
Fact we may take

n=0(""Y), T =0 aln(2/a)).

The necessary assumption that

4 3
T > Cydlog(td) < C3-© <dln(2/a)) > Cidlog <C’gja>

ea

is valid provided that C is a sufficiently large constant.

We obtain from the theorem an upper es-sandwiching polynomial for h with order
k= 0(d?/€®) - poly(1/e) + O(d’/€) - poly(1/a) < O(d*/€?) - poly(1/a),
where
0 = O(e/d) 4+ O(e/d) = O(e/d)

and 7y is exponentially small in d/(e«). By using such polynomials in Lemma we get upper
sandwiching polynomials for intersections of d halfspaces with the claimed degree kd = O(d*/¢?) -
poly(1/a) and the claimed error deg = € - polylog(d/e).

10.4 Proof of Theorem [10.4]

In this section, we prove Theorem Let H be the set of cardinality L = poly(logt,1/n)-(1/9)
coming from Theorem and assume without loss of generality that H = {1,...,L}. We use
the notation ¢ = 6 — (x1 + -+ 1), 2 = rp41 + - + Tp, BAD = BAD(xq,...,21) etc., with
boldface indicating randomness as usual. Given the outcomes for @1, ..., xr, we will handle the
three events BAD, NEAR, and FAR with separate ordinary real polynomials. More precisely,
our final (generalized) polynomial will be

p(x1,...,2,) = 1[BAD] -1+ 1[NEAR] - pi®(2) + 1[FAR] - p3"(2),

where

z—9/>
per(z) = p (2,
Py (2) <2t||z||2

and
z

) =10 > 0] -1+ 1 <0] - (7',
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where ¢ is a positive integer and P is an ordinary real univariate polynomial to be specified later.

For typographic simplicity, we will write simply pg in place of pj©*" and pg"’}r, with context dictating

which we are referring to.

Let us walk through the properties of p we need to prove. Regarding its order, we will prove
that both

q <0O(T/d), deg P < O(T/d);

i.e. when ¢’ is fixed, pg (€41, ...,2,) has degree at most O(T'/d) as an ordinary multivariate real
polynomial. Since 6/, BAD, NEAR, and FAR are determined by z1,...,x alone, it follows that
our final polynomial p is a generalized polynomial of order at most L + O(7T'/d), as needed for the
theorem.

Next, we discuss Condition 1, that p(X) > h(X) always. For the BAD outcomes for x1, ...,
we have p(X) =1 > h(X). For the remaining outcomes, we will have p(X) > h(X) as required
provided that in all cases

por(2) > hy(2) for all ¢ and = (20)
where
hg/(z) = 1[z — (9/ > 0] .

Next, we discuss Condition 2, the bound E[p(X) — h(X)] < €. It suffices to prove an upper
bound of O(e;1). Recall that

o dtlog(dt)
L= =7

Note also that we will always T < t2, since no random variable has stronger hypercontractivity
than do Gaussians, for which T < 1 +2/16. It follows that we will always have €; > 1/t. Thus
the probability of BAD, which is at most O(1/t%), is much smaller than O(e;) and can therefore
be neglected. Hence it suffices to show that

E[py (2) — hg(2)] < O(e1) (21)

holds in both of the following cases:
Case Near: |0'| <t||z|2 and the collection {@1,...,2,} is d-regular.
Case Far: |0'| > t||z]|2.

Next we discuss Condition 3, the bound Pr[p(X) > 1+ 1/d?] < 277/4. Again, since p(X) = 1
for the bad outcomes x1,...,xy, it suffices to show that

Prpy(z) > 1+ 1/d*] <27 7/4 (22)

holds in both Case a and Case b.
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Finally, we discuss the bound ||p(X)|l2q < 1+ 2/d?. We have
Ep(X)* < (14+1/d>)* +Ep(X)* 1[p(X) > 1+1/d*]] <1+ 3/d+ E[p(X)** - 1[p(X) > 1+ 1/d*]].
If we can show that
E[p(X)* - 1[p(X) > 1+ 1/d*]] < 1/d,
then we will have shown
E[p(X)*] < 1+4/d < (1+2/d*)*,

as required. Thus it remains to establish the previous upper bound. Again, since p(X) = 1 for the
BAD outcomes x1,...,xr, it suffices to show that

E[pgl(z)2d . l[pgl(z) >1+ 1/d2” <1/d (23)

holds in both Case Near and Case Far.

Summarizing, our goal is to construct univariate polynomials pg(z) of degree at most O(T'/d)
for each of Case Near and Case Far so that , , , and all hold. We will first handle
Case Near, the more difficult case.

10.4.1 Case Near

In this case we have |¢'| < t||z||2, where z = @1 + -+ + @, is the sum of a d-regular collection
of independent random variables. Our task is to construct a real polynomial py(z) of degree at

most O(T'/d) such that bounds (20), (2I), (22), and all hold with respect to the function
h(;/(z) = 1[2 — 0’ > 0].

Given the parameters d and t, choose

dlog(td)

a = 16C, T

b =min(1/d? 1/t%);

we have a < 1 assuming that the C in our assumption on 7' is large enough. Let K = K, and
P = P, be the resulting even integer and univariate polynomial from Theorem Our choice
of a was arranged so that

K< —. (24)

We will define

p@’(z) = pnear(el, Z) = P(’lﬂ), where w =

Thus pg(z) has degree K = O(T'/d) as necessary, and it also satisfies , using the property
that P > 0 on (—o0,0] and P > 1 on [0, c0).
Next we check . i.e.,

E[p91(2)2d . 1[pgl(z) >1+ 1/d2]] < 1/d.

Since b < 1/d?, we have that py(z) > 1+ 1/d? only if |w| > 1.
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Also notice that pg(z) < (4w)¥, it suffice to bound E[1[|w| > 1] - (4w)??X] and we will prove a
stronger result:

E[(4w)*" - 1[w] > 1] <277 (25)

To see this, since we are in Case Near we have |0'| < t||z||2. Thus if |w| > 1, we must have
|z| > t||z||2- This also implies |z — §'| < 2|z]; hence we have

z

[E1P

—9| 4
| =220 4
thzll2 ¢

Thus we have

E 1wl > 1] - (4u)*'"]

1[]z| > t||z|l2] - (;1)2‘”( ("ZZ"2>2dK]
- <jﬁl)2dK_E 1[ >t] : (”ZZ”z)MKI .

It is easy to check that
5\ 20K N
) = )
(B tll=ll2

|

using the fact that 2dK < T. Thus we may upper-bound by

IN

E

Izl

(B

42th—T”Z”£ < Q24K =T (/)T = 42dK-T
Zll2

where we used the (7, 2,4/t)-hypercontractivity of z. Since we have

il

2dK < T/2, (27)
by virtue of , we conclude
Epo(2)* - 1[pp(2z) > 1+ 1/d*]] <47 T2 =277 < 1/d. (28)

Let us move on to showing in this Case Near; i.e., upper-bounding Pr[py (z) > 1+ 1/d?].
Since b < 1/d?, again we have that py(z) > 1/d? only if |w| > 1. But by

E[1jw| > 1] - (4w) ] <277,

and the left-hand side is clearly an upper bound on Pr[|w| > 1]. Thus we have established in
Case Near.

Last, we will work to upper bound E[pg(z) — hg/(z)] so as to show in Case Near. We
analyze three subcases, depending on the magnitude of w.
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Case it —a < w < 0. In this case, we upper-bound py/(z) — hg/(z) simply by 1, and argue that
Case i occurs with low probability. Specifically,

Pr[—a < w < 0] < Pr[|w| < a] = Pr[|z — §'| < 2ta- ||z]|2].

We can upper-bound this probability using the Berry-Esseen Theorem [MZ09, Corollary 4.5]. Since
we have d-regularity of ©r11,...,x, in Case Near, we get

Pr(|z — 0| < 2ta-||z]l] < O(V6 + ta)
By definition of a we have O(ta) = O(e1). Thus we conclude for Case i,

E[1[Case 1] - (p(2) — ho(2))] < O(V5 + e1). (29)

Case ii: |w| < 1 but not Case i. In this case, we have py(z) — hg(2) < b < 1/t* by
construction. Thus

E[1[Case ii - (py(2) — he'(2))] < 1/t < O(er). (30)
Case iii: |w| > 1. Le., |z — 0| > 2t||z||2. Notice that pg:(z) — hg'(2) < pg/(2) and therefore
B[1[Case ii] - (po() — ho (2))] < Blpy (2) - 1{jw] > 1]] < B[1[Ju] > 1] (40)"%] <27 < 0(ex)
(the second last inequality is due to (25))).

10.4.2 Case Far

If § < 0 then hy is almost always 1. As stated, in this case we simply have py/(z) = 1. Bounds ,
, and become trivial; for it suffices to show

Pr(z < 0] <e. (31)

We will show a stronger statement in the course of handling the case that 6’ > 0.

So it remains to handle the 6/ > 0 case. As stated, in this case we define

z

po(2) = prar(0,2) = ()"

_| L
q_ 2d even7

meaning 7'/2d rounded down to the nearest even integer. Note that py/(z) has the claimed degree
bound O(T'/d) (treating ' as a constant). Also note that pgr(z) > 1 if and only if |z| > ¢’. This

establishes .

where

Let’s move to ; we need

Prlpy(z) > 1+ 1/d?] < 277/4,
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Certainly
po(z) 21+1/d® = pp(z)>1 = |[z[>]0].
It thus suffices to show
Pr[z| > |¢'|] < 277/4,

which, once shown, also establishes , since 277/4 « ¢;. We will in fact show the stronger
statement

zZ\4 _
B[(3)] <> o
And this stronger statement establishes , again because 27174 < ¢;.

To prove we appeal to the condition of Case Far, |¢'| > t||z||2. Thus

5[(5)] < ®|

IN
=

(
( z )T] (Jensen, since T'/q > 1)
(
(

> (by (T, 2,4/t)-hypercontractivity of z)
= 479 = 27T/
using the definition of q.

Finally, to prove it certainly suffices to show

1/a> Bl (= = | (5)"]

By repeating the previous inequality with 2d in place of ¢ (we still have T'/2d > 1), we can upper-
bound the expectation by 472¢, which is indeed at most 1/d. This concludes the verification of
Case Far, and thus all of Theorem [10.4]

11  Fooling the uniform distribution on the sphere

In this section, we will show that our PRG can also be used to fool any function of d halfspaces
over the uniform distribution on the n dimensional unit sphere; building such a PRG also has an
application in derandomizing the hardness of learning reduction in [KS08].

The main idea is to show that the n dimensional Gaussian distribution can be use to fool the
uniform distribution on the sphere. Therefore, it suffice to fool the n dimensional Gaussian which is
studied in the previous sections (either using the modified MZ generator or k-wise independence).

Specifically, we first show the following connection between the n dimensional Gaussian distri-
bution N(0,1/4/n)" and the uniform distribution on the n dimensional unit sphere S,,_.
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Lemma 11.1. For any 01,02,..0; € R and W1, Wy, . W4 € R™ and h;(X) = sgn(W; - X — 6;) and
f:{0,1}% — {0, 1}, there is some universal constant C such that

Cdlogn

B W0, haX) = B R, ha(X) (X)) < TR (39)

Proof. Notice that if we choose = €, N(0,1/y/n)", then follows the uniform distribution on

the sphere. Therefore, we only need to bound:

[EIP

X X
10 P (G )s oo — E hi(X), ho(X)..hg(X
| xeuniyyan Sl bl ) = B F 0 (X0, Aa(X).-ha(X)]
X X

S o o (P halgp ) # £ (XD, ha(X)--ha(X))

d

Z;xew(ou\f (i (HXllz)#h( )6y

By Lemma 6.2 in [MZ09], we know that:

X Clogn
iy # @) < =

Pr
XeuN(0,1/4/n)"
Combining above inequality with , we prove . ]

Therefore to fool any function of d halfspaces over the uniform distribution on the n dimensional

sphere with accuracy Q(Cnlf %), it suffice to build a PRG for n dimensional Gaussian distribution

with the same accuracy.

11.1 Derandomized hardness of learning intersections of halfspaces

One of the application of above PRG is that we can use it to derandomize the hardness of learning
result in [KS08]. In [KS08|, Khot and Saket showed that assuming NP#RP, for any ¢ > 0 and
positive integer d, given a set of examples such that there is a intersection of two halfspaces that
is consistent with all the examples, it is NP-hard to find a function of any d halfspaces that is
consistent with a 1/2 + O(e) fraction of the examples. Our PRGs can be used to derandomize the
hardness reduction and obtain the same hardness result assuming NPz P.

To see why our PRG works, we need to look into the details of [KSO§]. Let us explain in
high level why our PRG helps, without entering into the details of the reduction. The hardness of
learning result in [KS08§] is based on a reduction from a Label Cover instance £ to a distribution Dy
on negative examples and a distribution D; on positive examples. Such a reduction would preserve
the following two properties:

e (Completeness) if the optimum value of £ is 1, then there is a intersection of two halfspaces
f(x) that agrees with all the examples; i.e., Ep, [f(X)] = Ep,[f(X)] + 1.

e (Soundness) if the optimum value of L is Small then for any h(z) which is a function of d
halfspaces, we have that | Ep,[h(X)] — Ep, [h(X)]| = ) which implies that h(z) agrees
with at most 1/2 4+ O(e) fraction of the examples
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The D; for (i = 0,1) constructed in [KSO8] is a mixture of uniform distribution on the sphere
located at different center and the number of the different spheres is poly(n), where n is the size
of the Label Cover instance. Then by the PRG in this paper, we can derandomize each sphere
with some distribution that only has support of size poly(n) to e-fool functions of d halfspaces; and
overall we can get distribution Py and P; with poly(n) support and it has the property that for any
function h(z) of I halfspaces, | Ep,[f(X)]—Ep,[f(X)]| < O(e) for i = 0, 1. If we replace D; with P; in
the hardness reduction, we still get the soundness guarantee that |Ep, [f(X)] —Ep,[f(X)]| = O(e).

We also need to verify that the completeness property will hold if we replace D; with P;. If we
look into the reduction of [KSO08]|, as long as the distribution P; has all its support points on the
sphere, the reduction will preserve the completeness property. Therefore, to make the reduction
work, we need to build a PRG for functions of d-halfspaces over the uniform distribution on the
sphere with the additional property that all the points generated by the PRG are all on the unit
sphere as well.

This is also achievable and we summarize the high level idea here. As is shown in Lemma [11.1
it suffice to fool functions of d halfspaces over n dimensional Gaussian instead of the uniform
distribution on the sphere. In addition, by the proof of Theorem if we only want to fool any
functions of d e-regular halfspaces, it suffice just to fool uniform distribution on {—1//n,1/y/n}"
instead. For the uniform distribution over {—1/y/n,1/y/n}". we know that it can be fooled by
PRG with all the support points in {—1/y/n,1/y/n}"™ which is a subset of the unit sphere. To
handle the case that d halfspaces are not all e-regular, we can follow the idea of [MZ09] Lemma 6.3
by showing that there exists a set of poly(n) unitary rotations and with high probability that all
of the d halfspaces become regular under a rotation randomly chosen from the set.
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