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Abstract

There are only a few known general approaches for constructing explicit pseudorandom
generators (PRGs). The “iterated restrictions” approach, pioneered by Ajtai and Wigderson
[AW89], has provided PRGs with seed length polylogn or even 6(log n) for several restricted
models of computation. Can this approach ever achieve the optimal seed length of O(logn)?

In this work, we answer this question in the affirmative. Using the iterated restrictions
approach, we construct an explicit PRG for read-once depth-2 ACO[@] formulas with seed length

O(logn) + O(log(1/¢)).

In particular, our PRG achieves optimal seed length O(logn) with near-optimal error e =
exp(—Q(logn)). Even for constant error, the best prior PRG for this model (which includes
read-once CNFs and read-once Fa-polynomials) has seed length ©(logn - (loglogn)?) [Leel9).

A key step in the analysis of our PRG is a tail bound for subset-wise symmetric polynomials,
a generalization of elementary symmetric polynomials. Like elementary symmetric polynomials,
subset-wise symmetric polynomials provide a way to organize the expansion of ", (1 + y;).
Elementary symmetric polynomials simply organize the terms by degree, i.e., they keep track of
the number of variables participating in each monomial. Subset-wise symmetric polynomials
keep track of more data: for a fixed partition of [m], they keep track of the number of variables
from each subset participating in each monomial. Our tail bound extends prior work by Gopalan
and Yehudayoff [GY14] on elementary symmetric polynomials.
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1 Introduction

The famous “L vs. BPL” problem asks whether randomness is ever truly necessary for space-efficient
computation. To prove L = BPL, it suffices to design a suitable pseudorandom generator (PRG),
i.e., an efficient algorithm that stretches a short truly random seed to a long bitstring that “looks
random”. To be more specific, the action of a small-space algorithm on its random bits can be
modeled by a read-once branching program (ROBP). Therefore, to prove L = BPL, it suffices to
design a PRG with seed length O(logn) that fools polynomial-width ROBPs.

A large and growing body of work has made significant progress toward this ambitious goal.
Most work on L vs. BPL can be broadly divided into two main approaches.

1.1 The “Seed Recycling” Approach

The “classical” approach to L vs. BPL is based on the observation that there is limited communi-
cation between the first half of an ROBP and its second half. Therefore, after using a few truly
random bits to generate the first half of a pseudorandom string, the truly random bits can be
efficiently recycled to generate the second half of the pseudorandom string. This insight is essentially
due to Nisan [Nis92].

Of the line of work that uses this approach, some highlights include PRGs for polynomial-width
ROBPs with seed length O(log?n) [Nis92, INW94, GR14]; PRGs for constant-width “regular”
ROBPs with seed length 5(log n) [BV10, Dell, KNP11, Stel2, BRRY14]; and derandomization
techniques that go beyond the construction of PRGs [Nis94, SZ99]. More recently, this “seed
recycling” approach has been used to obtain improved generators for polynomial-width ROBPs
when the error parameter ¢ is very small [BCG18, HZ18|.

1.2 The “Iterated Restrictions” Approach

The more “modern” approach to L vs. BPL is to design a pseudorandom generator by iterated
pseudorandom restrictions. That is, we pseudorandomly assign values to a pseudorandomly chosen
subset of the variables, and then repeat the process to assign values to all variables. Intuitively,
designing a pseudorandom restriction for some function f is easier than fooling f outright, because
designing a pseudorandom restriction amounts to fooling a “smoothed out” version of f [GMR™12],
or equivalently, designing a PRG that would fool f if some noise were added [HLV18]. This “iterated
restrictions” approach goes back to early work by Ajtai and Wigderson [AWS89], but its modern
incarnation is largely due to Gopalan et al. [GMR'12].

Of the line of work that takes this approach, some highlights include PRGs for arbitrarily-ordered
ROBPs with seed length polylogn [SVW17, CHRT18, FK18]; PRGs for width-3 ROBPs with seed
length O(log n) [GMR 12, SVW17, MRT19]; PRGs for bounded-depth read-once formulas with seed
length 5(log n) [GMR*™12, CSV15, DHH19]; and near-optimal PRGs for combinatorial rectangles
and generalizations thereof [GMR 12, GY14, GKM15, HLV18, Leel9).

1.3 Log-Seed PRGs and Our Main Result

At two extremes, one can either try to derandomize all of BPL as efficiently as possible (e.g.
[Nis92, SZ99]), or else one can try to optimally derandomize as much of BPL as possible (e.g.
[NZ96, Rei08]). Let us adopt the second goal.



In some cases, the “seed recycling” approach has indeed yielded PRGs with truly optimal
seed length, at least for moderate error. For example, PRGs are known with seed length O(logn)
that fool all O(logn)-space algorithms that use only polylog(n) random bits in the first place
[AKS87, NZ96, HZ18]. For another example, PRGs for constant-width “permutation” ROBPs are
known with seed length O(logn) [Dell, KNP11, Stel2].

The present work considers the question of whether the “iterated restrictions” approach can
also yield a PRG with seed length O(logn) for some interesting class of tests. At first glance, this
might seem doubtful, since after all we must pay for many pseudorandom restrictions. Nevertheless,
we answer in the affirmative, proving the following theorem.

Theorem 1.1. For alln € N and € > 0, there is an explicit e-PRG for read-once depth-2 ACO[@]
formulas on n input bits with seed length

O(logn) + O(log(1/¢)).

Specifically, the seed length of our PRG is O (logn + log(1/e) - (loglog(1/¢))?). One can prove
a lower bound of (logn + log(1/¢)) on the seed length of any PRG for this model.!

1.4 Read-Once Depth-2 AC°[¢] Formulas

The class of functions that is fooled by our PRG (read-once depth-2 formulas over the basis {A, V, &},
with negations allowed at the inputs for free) is certainly of interest. It includes read-once CNF's and
read-once Fo-polynomials as special cases. The problems of fooling these classes have both received
a lot of attention [DETT10, GMR 12, BN17, LV17, MRT19, Leel9]. Previously, even for read-once
CNFs, PRGs with seed length O(logn) were only known for constant error [CRS00, DETT10],
whereas our PRG maintains seed length O(logn) with near-optimal error ¢ = exp(—Q(logn)).
Meanwhile, for read-once Fa-polynomials, no PRGs with seed length O(logn) were known at all
prior to our work.

Gopalan et al. did give a PRG with near-optimal seed length O(log(n/e)) for read-once CNFs,
and more generally for read-once depth-2 AC°[@®] formulas with the property that the output gate
is not @ [GMR'12]. They used their PRG to construct a near-optimal hitting set for width-3
ROBPs [GMR™12]. A subsequent line of work provided near-optimal PRGs for all read-once depth-2
AC°[@] formulas [LV17, MRT19, Lee19].2

Conversely, a read-once depth-2 AC°[®] formula can be simulated by a width-4 ROBP (after
suitably permuting the variables). The problems of designing improved PRGs for width-4 ROBPs
and for read-once AC°[®] formulas of any constant depth are two major frontiers in unconditional
pseudorandomness [MRT19, DHH19]. The model we study in this paper is an interesting special
case.

1.5 Overview of Our Approach

Let us focus on the problem of designing a PRG with seed length O(logn), with £ as small as
possible. For simplicity, assume the test function is a read-once Fo-polynomial f = fi1 & -+ & fi,.

!This lower bound holds already for fooling parity functions.
2The PRGs we are referring to were designed to fool read-once Fa-polynomials, but in fact they fool all of read-once
depth-2 AC°[@)].



1.5.1 One Restriction

Ultimately, we wish to design a full PRG via iterated pseudorandom restrictions. To begin, we
will explain how to construct just one pseudorandom restriction that assigns values to a constant
fraction of the inputs. We use almost O(logn)-wise independence to select the subset of inputs to
keep “alive” for each coordinate, where the probability of staying alive is a constant p ~ 1. We use
a small-bias distribution to assign values to the remaining inputs. Sampling this pseudorandom
restriction only costs O(logn) truly random bits.

We must show that our pseudorandom restriction X is correct. That is, we need to show that

E U)] —Elf]| <e,
E [f1x(U) ~Elf]| <<
where U is a uniform random variable over {0,1}".

We will outline three different arguments for proving correctness, each of which works under
certain assumptions about f. We defer to the full proof to explain how to stitch these three
arguments together to get a general proof of correctness for any f.

Argument 1: Keeping Many Terms Alive Assume f is a homogeneous Fo-polynomial of
degree w > loglogn, and assume there are many terms, m > 3. (For simplicity, in this informal
discussion, we are making stronger assumptions than necessary.) Since f is the parity of all these
terms, one can show from these assumptions that f is approximately balanced, i.e., E[f] ~ % Under
a truly random restriction, for each term, the probability that all variables in the term remain alive
would be p*, so with high probability, the number of nonconstant terms after the restriction would
be at least m - p* > (3p)*. Standard techniques suffice to derandomize this calculation, so after our
pseudorandom restriction, with high probability, there are still many terms alive — enough that the
restricted function is still approximately balanced.

Argument 2: The Forbes-Kelley Approach [FK18] Building on prior work [RSV13, HLV18,
CHRT18], Forbes and Kelley showed that a restriction based on d-biased distributions preserves the
expectation of any arbitrary-order constant-width ROBP to within error 1/n, where log(1/0) =
O(lognloglogn) [FK18]. Our test function f can be simulated by a width-4 ROBP under some
variable order. Unfortunately, given our budget of O(logn) truly random bits, we can only afford to
sample from a (1/poly(n))-biased distribution.

To move forward, let us turn things around a little: the analysis of Forbes and Kelley shows
that a restriction based on d-biased distributions preserves the expectation to within error e,
where € = exp(—2(log(1/0)/loglog(1/§))). The point is that this latter statement holds even for
a relatively large 0, assuming the ROBP reads at most 1/e variables. Therefore, if we assume
that our test function f only reads a few variables (say, polylogn many), then the Forbes-Kelley
approach shows that our pseudorandom restriction preserves the expectation of f to within error
e = exp(—Q(logn/loglogn)).

Argument 3: Subset-Wise Symmetric Polynomials Assume this time that the degree of
every term of f is in the interval [C'loglogn,Clogn| for some appropriate constant C'. Assume
also that for every w, there are at most 3% terms of degree w. For this case, we return to an older
approach based on symmetric polynomials [GMR™12, GY14, MRT19], introduced by Gopalan et



al. [GMR*12]. The idea is as follows. Let Z € {0,1}" indicate which variables will remain alive.
For convenience, for any {0, 1}-valued function f, let f = (—1)f. Having already sampled Z, our
remaining task is to argue that the small-bias distribution Y fools the “bias function” defined by

fw) = EF (e + 2 A U)]

Translating {0, 1} to {£1}, the & operation becomes multiplication, i.e., f =[], f;. For independent
random variables, product and expectation can be interchanged, so the bias function of f is the

product of the bias functions of the fi-s. Define f; so that the bias function of f; is E[f] - (1 + f;).
That way,

F=E[f]-[[a+ 7. (1)
i=1
The approach used in prior work [GMR'12, GY14, MRT19] is to expand Equation (1) in terms
of elementary symmetric polynomials. Recall that for y € R™, the k-th elementary symmetric
polynomial Sk(y) is defined by
Sew) = > [1w

IC[m] i€l
[|=k
We can expand Equation (1) as
_ m
F=Elf1- D S fon)- (2)
k=0
Therefore, the error of our pseudorandom restriction is captured by >/, Sk(fl, . ,ﬁ;) Now we
can reason as follows. Pick a cutoff point kg.
e For k < kg, we do a Fourier L calculation to show that Sk(fl, . ,ﬁ/n) has near-zero expecta-

tion even under the small-bias distribution Y.

e For k =~ kg, we do a variance calculation to show that Sk(fl, . ,ﬁ/n) is small with high
probability under the uniform distribution, hence also under Y by the previous L calculation.

e Finally we invoke a tail bound [GY14], which says that if S, and Sk,4+1 are both small, then
the sum of all subsequent values is also small.

How should we choose the cutoff point ko? If f is a homogeneous Fo-polynomial of degree w, then
we should pick ko = @(105] ). That way, ko is small enough for the L; calculation to work out,
because the number of monomials in Sk, (y1,. .., Ym) is

(ZL) < m*o < 3WR < poly(n).
0

But at the same time, kg is large enough to sufficiently dampen Sk(f/l, e ﬁ;) for k =~ kg. In fact,
one can show that
_ exp(—Q(wk))

EISHAY), . Fu(Y))] < TH— 2,



which for k ~ kg is m This is small enough for the tail bound to give an overall error of
1/ poly(n).

The difficulty, of course, is that f is not necessarily homogeneous, i.e., the terms of f do not
necessarily all have the same degree. To address this difficulty, following prior work, let us partition
the terms of f into @@ = O(loglogn) buckets based on degree, say f = Fy @ Fo & --- @ Fg. For each
bucket ¢ € [Q], there is a suitable cutoff point kg, so our restriction preserves the expectation of Fy.

At this point, the approach taken by prior work has been to invoke a generic XOR lemma (see
Lemma 3.2) to argue that our restriction must also preserve the expectation of the parity of the
F.’s, i.e., our test function f. This XOR lemma is a suitable generalization of the fact that the
Fourier L norm is submultiplicative. Unfortunately, invoking the XOR lemma would require us to
start with a smaller-bias distribution Y. Effectively, to invoke the XOR lemma, we would have to
pay a factor of () in the seed length, which we cannot afford.

Therefore, we take a different approach. Our observation is that ideally, the cutoff point k¢ should

guarantee that every product [[,.; j\"/Z appearing in Sk, (J\”/l, ceey f,,:) involves O(logn) of the input
variables 1, ..., x,. Intuitively, that’s why the right choice is kg = @(10%) for degree w. When the

terms of f do not all have the same degree, the products [ [;.; J\”/Z appearing in Sk(]\"/l, e ﬁ/n) do not
all involve the same number of input variables z1,...,x,, hence there isn’t a well-defined correct
choice of ko. This suggests that Equation (2) is simply not the best expansion of Equation (1).
These observations motivate the definition of subset-wise symmetric polynomials. We defer
to Section 2 for the precise definition, but the point is that they allow us to give a more refined
expansion of Equation (1), where instead of just keeping track of k£ (the number of f;-s participating
in each monomial of S;) we keep track of a whole vector k giving the numbers of f;-s from each
bucket participating in each monomial of S;:. This allows us to define a norm ||K|| that measures the

number of input variables x1,...,z, that participate in each monomial of SE(fl, ce ﬁ,/l)
We expand Equation (1) in terms of subset-wise symmetric polynomials by summing over all
vectors k: _ _ _
F=E- ) Splf o fo).

keN@

Now we can cut off this sum at ||k|| = ©(logn). To complete the argument, we extend known
tail bounds for elementary symmetric polynomials [GY14] to the case of subset-wise symmetric
polynomials.

1.5.2 Iterating the Restriction to Get a Full PRG

So far, we have outlined the proof that our pseudorandom restriction preserves the expectation of
the test function f. Our pseudorandom restriction costs O(logn) truly random bits. But our goal
is to design a full PRG with seed length O(logn). It seems that one restriction already uses up our
entire budget of truly random bits, so how can we afford to iterate the process?

A key insight is that if f only reads n’ variables (n’ < n), then a pseudorandom restriction
for f ought to only cost O(logn’) truly random bits rather than O(logn). This intuition can be
justified using standard constructions of n’-wise small-bias distributions [NN93, AGHP92], provided
n’ >logn. (A similar insight was used previously by Lee and Viola [LV17].) Let C be a constant
such that one pseudorandom restriction costs C'logn’ truly random bits.



To simplify the discussion, assume f is homogeneous of degree w = ©(logn). Each restriction
keeps approximately a p-fraction of variables alive. For simplicity, assume that in each term, ezactly
a p-fraction of variables remain alive, i.e., assume that after i pseudorandom restrictions, the
restricted Fao-polynomial is homogeneous of degree piw.

We divide into two cases. For the first case, suppose that the number of terms is always at most
exponential in the degree. Specifically, suppose the number of terms is at most 16*', where w’ is
the degree at that stage. In this case, our pseudorandom restrictions get cheaper and cheaper as
we go. Quantitatively, after ¢ restrictions, the restricted polynomial reads only n’ variables, where
n' = plw - 167", Therefore, the cost of restriction i + 1 is only

C'log (piw . 16piw> < 5C - plw.

Therefore, if we do a total of ¢t pseudorandom restrictions, the total cost is bounded by
t—1
Z 5Cp"w.
i=0

This geometric sum is bounded by O(w) = O(logn), regardless of t. To optimize the error of our
PRG, we choose t = O(logloglogn); after this many restrictions, the number of living variables is
small enough that we can stop the iteration and apply a prior near-optimal PRG by Lee [Leel9] to
finish the job.

For the second case, suppose that at some stage the number of terms is enormous compared to
the degree: the degree is w’ and the number of terms is more than 16%". This setting was studied
previously by Meka, Reingold, and Tal [MRT19], who gave an optimal PRG for any function that
can be written as a parity of an enormous number of functions on small disjoint variable sets.
Therefore, in this case, we can stop doing pseudorandom restrictions, and instead fool the function
outright using the PRG by Meka et al. [MRT19].

Of course we do not know in advance which case we are in, but this difficulty can be resolved by
straightforward XORing.

2  Subset-Wise Symmetric Polynomials

In this section, we will formally define subset-wise symmetric polynomials and prove suitable tail
bounds for them. This section can be read on its own, independent of the application to PRGs. We
start by recalling known tail bounds for elementary symmetric polynomials.

2.1 Gopalan and Yehudayoff’s Bounds for Symmetric Polynomials

As a reminder, the k-th elementary symmetric polynomial is defined by

Sky) = > v

IC[m], 1€l
1|=k

We rely on the following tail bound by Gopalan and Yehudayoff [GY14]. As discussed in Section 1.5.1,
the bound says that if two Si-s in a row are small, then all subsequent Si-s are small.



Theorem 2.1 ([GY14]). Let y € R™, 8 > 0, and ¢ € N satisfy

Then for every k > ¢,

4 2 k/2
Se(w)] < (6 ¢ “) .

The exact statement of Theorem 2.1 does not appear in Gopalan and Yehudayoff’s work [GY14],
but it follows readily from their analysis, and it was used previously by Meka et al. [MRT19,
Theorem 5.2].3

2.2  Our Tail Bounds for Subset-Wise Symmetric Polynomials
Let B = (By,...,Bg) be a partition of [m], namely
[m] =B U---UBg.

(The sets By, ..., Bg correspond to the “buckets” discussed in Section 1.5.1.) Throughout this paper,

let N denote the set of nonnegative integers, N = {0,1,2,...}. For a vector k = (k[1],...k[Q]) € N@
and y € R™, we define the following polynomial:

S]};’,B(y) = Z Hyz

el
va, IBqﬁII Elq]

We name these polynomials as subset-wise symmetric polynomials, since for every q € [Q], Si(y)
when restricted to the B, variables is a degree E[q] symmetric polynomial.

Throughout this section we fix B = (B, ..., Bg) to be a partition of [m|. When the partition B
is clear from the context, we will simply write S; instead of Sg iB To formulate our tails bounds for

the subset-wise symmetric polynomials, we will need the following auxiliary polynomials:

Q
Ri(y) € S2(y) - ] ¥ldl
q=1

Given ¢ > 1, we will assign each vector keNQ a weight, defined as

17l Zcqz‘é

It is easy to verify that the above weight function is indeed a norm; however, we will not be using
this observation.

The main result of this section is a tail-bound for subset-wise symmetric polynomials. In
Lemma 2.2, the parameter A is analogous to the “cutoff point” kg discussed in Section 1.5.1.

3The careful reader will notice a slight discrepancy between the exact constants of Theorem 2.1 on the one hand
and the statements by Gopalan and Yehudayoff [GY14] and Meka et al. [MRT19] on the other. This discrepancy
reflects a minor mistake in the original paper by Gopalan and Yehudayoff [GY14] that we have here corrected.



Lemma 2.2. Suppose ¢ > 1 and Q,A € N satisfy A > max{(%) -cQ,QGOQQ}. Let'Y be a

random variable taking values in R™. Moreover, suppose for every k € N9 with \|E||(C) <A,

—LFle
I}E;[RE(Y)} < 275kl

—A/223

Then, except with probability 2 overy ~Y,

> 1Sl < 2 0%
KeN®
HEH(C)>A

Lemma 2.2 is similar in spirit to Theorem 2.1: it says that if the “early” subset-wise symmetric
polynomials are small (with high probability), then the “late” subset-wise symmetric polynomials
are all small (with high probability).

2.3 Non-probabilistic Tail Bound

Before moving to the proof of Lemma 2.2 in the next subsection, here we first give a tail-bound
in the case when the input y satisfies some useful properties. We will later prove Lemma 2.2, by
showing that a random Y satisfies these properties with high probability. Given a vector ke N@,
we define the restriction of k to a set Q C [Q] by

- k ifge Q,
k,g[q]:{o[(ﬂ s

Our non-probabilistic tail bound goes as follows.

Lemma 2.3. Suppose ¢ > 1 and Q, A € N satisfy A > max { (%) @, 260Q2}. Let y € R™ be a

fized vector. Suppose that for every k € N, with A/10° < HEH(C) < A, and for every pair of disjoint
sets Q1, Q2 C [Q] satisfying B
{q:klg] >1} € QU Qy,

we have -
& R 4 < o5kl
Rizo) W) - By, ()" = 27520
Then,
A
> ISily)| <27
kene@
1l ¢y >A

Proof. For a fixed ¢ € N and ¢ € [Q)], define

Sﬁ,q = Z Hyia

ICBq i€l
|I|=¢

which is the /-th elementary symmetric polynomial applied to (y;)icp,. Similarly, define

Ry = 53,(y) 0\

9



Fix k with |[E] ) > A, let A = 10° - ||k/)/A and let &' € N be such that &[q] = [E[g]/A].
Thus, A/105 < ||l<7|](c) < AJ2. Let Q:={q e Q:k[g] > 1}, and for each q € Q, let 6, > 0 be the

smallest* number satisfying

R~

G SO0 amd Ry <of0n (3)

Klgl+1,q = Va

NG
64e20,i7(q\ "
’Sﬂ ( < | = .
k[gl.q i[q]

Subset-wise symmetric polynomials by design can be expressed as a product of elementary
symmetric polynomials, hence

By Theorem 2.1,

Q
1:[ kgl

646, k’[])
g(

- ——— Fld]
( I ¢far -H(e%e\/k'[q]/k[q]) |

qeQ

klg)/2

IN

By our choice of 6,
P2 K [q/ (K [q]+1
9‘1 7 = max {ng’[q],q(y)’ng’[q]Jqu(y) /il )} < max {ng’[q},q(y)’ng’[q]ﬂ,q(y)’ RIQ[QHLq(y)}'

Observe that E[g]/\ € [H[q] _ 1, k?[q]}, and thus 6819 is between 05 91 and 959, 1f f7[q) = 1,

then 951171 = 1, and otherwise 95[(1}_1 is between GSIM and 1/ HI;IM. Therefore,

Klg]/A K K'[q]
gq[q]/ SmaX{Hq [q]7 04 ‘17]1kl[q] }

1/4 1/4
= maX{ng/[q],q(y)’ng’[qu(y) / ’ng’[qu,q(y)’ng’[qu,q(y) / ’Hk’[fﬂ 1}
For every ¢, choose k”[q] € {K'[q], K'[q] + 1} such that
k[g]/X 1/4
50 < ma { Ry (0): R ()" L }-

Note that ||k‘7’||(c) > Hk7||(c) and

Q
5 _ - A
16 o) S NE NIy + D et < 1H o) + 106 <4
q=1

Tt is possible that 6, = 0 satisfies Equation (3). In this degenerate case, we must have SE[q] o = 0. This implies
Sz(y) = 0, hence Equation (4) trivially holds.

10



Therefore, there exist disjoint sets Oy, Qs C [Q] such that {q: ¥'[¢q] > 1} C Q1 U Qy, and that for
every q € Q,

_— Ry .qW) if g € 91,
eq[q}/ S Rk7/[q}7q(y)1/4 if q € Q27
1

otherwise.
Multiplying over g € Q, we get
Kq]/A . . . 1/4
H Hq[q] S H Rk”[qlﬁq(y) H IRk”[q],q(y)
qeQ qeQ1 q€Q2
f— - 4 . -
o (R(k”|Q1) (y) R(k//‘92) (y)>

< 2_ﬁ18'”k_}/”(c)

1/4

-
< 9~ 12 IFll¢e)

As a result,

ey = = klg]
Sl <2 =] (86\/k’[q]/k:[q])

qeQ
- 2_\|k;!éc) A H (86\/2/T05)E[q} . ( 105/2))\
q€Q
<o 2N g gl
< Q*Hi‘féc) ARl < o B0 4Rl (4)

-

o = = klq]
To see the second inequality, observe that when k[g] > A, then <8€ k'lq]/ k[q]) < (8e4/2/105)kld),

—————\ ldl .
and otherwise (86 K'lq]/ k[q]> < (8¢)*. Summing up over all choices of k we get,

RO D N
L=1

ken@ ken@
&ll(ey>A &l ey > Akl =L

m
32—%-24—L.H126Nq;\|E||1:LH
L=1
A - Q—-1+1L
S (41
L=1 Q-1
a4 ¢ —L  9Q—-1+L
<2 512-24 -2
L=1
A n A
<2 sz 2971y o7l < pmwm, O
L=1

11



2.4 Probabilistic Tail Bound: Proof of Lemma 2.2
Proof. Let E, 091, and Qs be as in the statement of Lemma 2.3. Using the Cauchy-Schwarz inequality

and the concavity of (-)'/4, we get

E[<REQ1(Y))1/8'(312Q2 1/2] <[ Flo, ( )M]'E[RHQQ(Y)D
(5 g, 0] [, 1]
(-
2-
2~
2”
2~

1/2

IN

IN

- 1/2
LollFlo, e . gnk@\\(c)) /

IN

4 ”kIQlLJQg H(c)

IN

(1%l )= (57)<?)

1

64

1

64" (”k”(C) 20000)
1

128°

=y

IN A

IN

Therefore, by Markov’s inequality, except with probability at most 2~ [IKlle)/256 < 9—A/ 2560000

we have
(] (C)

(RE\Ql( )) (RE\QQ(Y)>4 sz

The above analysis was done for a fixed choice of k:, Q1, and Qs. The number of choices for such k
is A9 (which is subexponential in A), and the number of such Q;, Qs is at most 3% (which is a
polynomial in A), thus Lemma 2.2 follows by a union bound. More precisely, one can check that

since A > 269Q2, then (3A4)9 -2~ A/2560000 < 9—A/2% -
3 Pseudorandomness Preliminaries

Having completed our analysis of subset-wise symmetric polynomials, we now move on to setting
the groundwork for our PRG construction and analysis.

3.1 Probability Basics

Let U, denote the uniform distribution over {0,1}". We will simply write U if n is clear from
context. For f: {0,1}" — R, as a shorthand, we write E[f] to denote E[f(U)] and Var[f] to denote
Var[f(U)]. If X is a distribution over {0, 1}", we say that X e-fools f, or X fools f with error ¢, if

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

We say that X e-fools a family F of functions, if it e-fools every f € F.

3.2 Small Bias

A parity function is a function of the form f(z) = @,.;z; for some set I C [n]. We say that
a random variable Y € {0,1}" is d-biased if it d-fools all parity functions. We say that Y is

12



n/-wise §-biased if it d-fools all parity functions on at most n’ bits, i.e., all parity functions with
|I| < n'. There are explicit constructions of n'-wise d-biased distributions that can be sampled with
O(log(n'/d) + loglogn) truly random bits [NN93, AGHP92]. R

Recall that for a function f: {0,1}" — R with Fourier expansion f = Esg[n] f(S) - xs, the Ly
norm of f is defined by

Li(f)= Y ISl
SC[n]
This norm is subadditive (L1 (f+g¢) < L1(f)+L1(g)) and submultiplicative (L1 (f-g) < L1(f)-L1(g)).
Functions with bounded L; norm are fooled by small-bias distributions:
Claim 3.1. If f: {0,1}" = R and Y is d-biased, then'Y fools f with error 25 - L1(f).

We will also rely on the following “XOR lemma” for small-bias distributions.

Lemma 3.2 ([GMR"12], [MRT19]). Let 0 < 6 <e < 1. Let f1,..., fr: {0,1}" — [-1,1] depend
on disjoint variable sets, and define

If every §-biased distribution e-fools every fi, then every 6F-biased distribution fools f with error
16~ - 2¢.

3.3 Limited Independence

For p € [0, 1], let Bernoulli(p)®™ denote the distribution over {0, 1}" where the bits are i.i.d. and each
bit has expectation p. For example, U,, = Bernoulli(1/2)®". For a set I = {i; < ig < --- < iz} C [n]
and a string z € {0,1}", we let z|; = 2,2, ... 2, € {0,1}*. We say that Z € {0,1}" is y-almost
k-wise independent with marginals p if for every set I C [n] with |I]| < k, the total variation distance
between Z|; and Bernoulli(p)®!! is at most .

Claim 3.3. For every n,k,C € N and v > 0, there is an explicit y-almost k-wise independent
distribution with marginals p = 1 — 27 that can be sampled with O(Ck + log(1/~) + loglogn) truly
random bits.

Proof. Sample Y € {0,1}°™ from a (Ck)-wise (2-%/2715)-biased distribution. Note that as
discussed above Y can be sampled using O (log(2¢%/v) 4 loglogn) = O (Ck + log(1/7) + loglog n)
truly random bits. Divide Y into n blocks Y, ... Y € {0,1}¢, and set

Z;=0 «— Y® =1C,

The desired distribution is Z € {0,1}".

To prove correctness, let f: {0,1}" — {0,1} be any test function depending on only k variables.
There is a function g: {0,1}°™ — {0,1} depending on only Ck variables such that f(Z) = g(Y).
By Claim 3.1,

|E[f(2)] — E[f (Bernoulli(p)*")]| = | E[g(Y)] — E[g]|
< 2*016/271 . 2,}/ . L1(g)
<. O

13



The expectation parameter p can be “amplified” by drawing independent samples and combining
with a coordinate-wise conjunction:

Claim 3.4. Let Z be y-almost k-wise independent with marginals p. Draw t independent samples
2V W~ Z andlet Z0 = 2O A A 2D Then Z' s (ty)-almost k-wise independent with
marginals pt.

Proof sketch. The proof is a simple hybrid argument. Draw ¢ independent samples (), ... r(®) ~
Bernoulli(p)®", and let
7@ — ;A OD A pED A A ()

One can show by induction on i that Z(¥) is (i7)-almost k-wise independent with marginals pt. [

3.4 PARITY o AND Formulas

Recall that our main result (Theorem 1.1) is a PRG for read-once depth-2 AC°[@]. For most of the
paper, we will focus on the special case that the root gate is @ and its immediate children are A
gates. That is, define a PARITY o AND formula to be a function of the form

m
f(z) = EP filw),
i=1
where each f; is a conjunction of literals, i.e., variables or their negations. We refer to fi,..., fi, as

the terms of f. We say that the formula is read-once if each variable x; appears in at most one
term. Most of our effort will be spent fooling read-once PARITY o AND formulas. Note that this
is a slight generalization of read-once Fa-polynomials due to the availability of - gates. We will
explain in Section 5.6 why it is sufficient to focus on this special case.
The width of a term is the number of variables in the term; the width of f is the maximum
width of its terms. The length of f is m, the number of its terms.
For convenience, if f is a function taking values in {0,1}, we let f = (—1)7. That way, if f is a
PARITY o AND formula,
m
=11
i=1

3.5 Restrictions

A restriction is a string x € {0, 1, x}™; intuitively, z; = * means that z; has still not been assigned a
value. We define an associative composition operation on restrictions by the formula

(xom,)i _ {J:z if xT; 75 *,

z;  otherwise.
For a function f on {0,1}", the restricted function f|; on {0,1}" is defined by

fla(a) = f(zoa’).

14



A restriction z can be specified by two strings y, z € {0, 1}" using the following notation®. Define
Res: {0,1}" x {0,1}" — {0,1,x}" by

* if Zi = 1,

(Res(y, Z))l = {

In words, z indicates the x positions, and y provides the bits in the non-x positions.

3.6 Pseudorandom Restrictions

Let Y, Z be distributions over {0,1}", and let X = Res(Y, Z). For a function f: {0,1}" — R, we
say that the distribution X preserves the expectation of f with error e if

E[flx(U)] - E[f]] <e.

An equivalent condition is that
E[f(Y +Z AU)| - E[f]| <&,

where 4 denotes addition over Fy and A denotes coordinate-wise conjunction. This second condition
is the “pseudorandomness plus noise” perspective [HLV18] (the string Z A U can be thought of as a
noise vector.)

If f takes on values in {0, 1}, for each particular value z that Z might take on, we define the
bias function [GMRT12] f.: {0,1}" — [—1,1] by

fo@) =E[f(z+2AU)].

(We use f rather than f simply for convenience.) The statement that X preserves the expectation
of f with error ¢ is also equivalent to the condition

g B0 - £ 7] < 2=

When z is clear from context, we will just write finstead of fz

If X is a distribution over {0,1,%}" and ¢ € N, let X°! denote the distribution over x € {0, 1,x}"
obtained by drawing independent samples (1), ..., z(!) ~ X and composing them, z = 2Mo--.0z®),

Suppose F is a class of Boolean functions that is closed under restriction. If X preserves the
expectation of every f € F with error e, then X°' preserves the expectation of every f € F with
error te. Furthermore, informally, if X “has x-probability p”, then X°' “has %-probability p!”. To
be precise, we can consider the case X = Res(Y, Z) where Z is y-almost k-wise independent with
marginals p. Then the distribution of x positions in X°’ is described by Claim 3.4.

4 Applying a Single Restriction

In this section, we prove that the expectation of a PARITY o AND formula is preserved under a
suitable pseudorandom restriction. The cost of the restriction is only O(logn) truly random bits,

the error is exp(—Q(logn)) (near-optimal), and the restriction assigns values to a constant fraction
of the inputs.

SWith apologies, we here flip the order of the arguments to Res compared to the notation used in the authors’
prior work [DHH19].
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4.1 Restriction Construction

Set C' = 500, C' = 2000C, ¢ = 1.1, and 8 = 0.95, and consider the following two distributions.

< val 5c .
e Let Y be a §3-biased distribution over {0,1}" for § = min {n*uc, in” cflfl} = 12,000,000 6

e Let Z be a y-almost k-wise independent distribution over {0,1}" with marginals p = 1 —27¢,

for k = 6logn and v = n~".

Our restriction is Res(Y, Z), i.e., Z indicates where to put x and Y fills in the non-* bits.

Lemma 4.1. Let f be a read-once PARITY o AND formula over n wvariables of width at most
logn
C'logn. Then, Res(Y, Z) preserves the expectation of f to within error 2_Clogfg°gn, i.e.

Y

logn

E[f(Y + Z AU)| — E[f]] < 2" “mslosn.

4.2 Buckets

Toward proving Lemma 4.1, we first set some preliminary notations. Recall that f is of the form

m m  w;
=BG A
i=1 i=1 j=1
where every literal ¢;; is either some variable in {z1,...,z,} or its negation.

Set @ = [log.(C'logn)] = O(loglogn). We partition the terms of f into @) buckets according to
their width. Namely, for each ¢ € [Q] we define the interval I, = [¢?"1, ¢?) and define B, C [m] to
be the set of indices i such that w; € I,;. Also, for ¢ € [Q] we define

F,=EP #

i€B,

so f= @22:1 Fy. For every q € [Q] we further denote my = |By|.

We divide into two cases (Section 4.3 and Section 4.4) depending on whether there exists a
bucket with substantially many terms. Lemma 4.1 will follow immediately from Lemma 4.2 and
Lemma 4.7, which cover these two cases respectively.

4.3 Case I — There Exists a Heavy Bucket

Say that bucket ¢ € [Q] is heavy if both mg > 3¢ and mg > log® n. The first case is that there
exists a heavy bucket (i.e., there are many terms of roughly the same width, even relative to ¢q).
In this case, we will argue that f itself is balanced and also that it stays balanced, w.h.p., after a
pseudorandom restriction.

Lemma 4.2. Let f be a read-once PARITY o AND formula over n wvariables of width at most
C'logn. Suppose there exists a heavy bucket as defined above. Then, with probability at least 1 — %
over (y,z) ~Y X Z,

‘E[?’Res(y,z)] - E[?H <

5No attempt was made to optimize the constants.
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Toward proving Lemma 4.2, let us define a few more auxiliary notations. Write

f = frest b Fq;
where ¢ is a heavy bucket.
Claim 4.3. It holds that |E[f]| < 4.

Proof. By the read-once property and the fact that frest is bounded,

E[f]| = [Elfres) E[F]| < [E[F]| = [] [ELF|-

i€B,

Each term in Fj has width at least 21 so
E| < (1-2- z—cq’l)mq < 22" g,

Recalling that m, > 3¢, we have 2= > my for v = logs 207" < %. Thus, using that fact that
mg > log® n,

‘E[?H < 6—2771;,_W < 6—210g<1*7)cn < 2—10g100n_ ]

Next, we must analyze the bias of f after the pseudorandom restriction. Let n, be the number

of variables read by F,. Let b = [logzn,|. We will group the terms of F, into blocks, each of which

reads roughly b variables. To define this grouping, first observe that b > logs m,, as each term reads

at least one variable. Recalling that ¢? < logs m,, we know that b > c?. Therefore, since each term

in Fy, has width at most ¢, we can write

B
Fq = @g’ba
i=1

where each block g; reads b; variables for b; € [b — %cq, b+ %Cq].
Let us now estimate B, the number of blocks. Since b > ¢4, b; € [%, 371’} Also, mg > log® n so
b > % loglogn. Thus, on the one hand,

Z > )
3b 90
and on the other hand,
B <n, <3
Toward arguing that f is balanced after pseudorandom restrictions, we wish to show that with

high probability, z ~ Z keeps many variables in many terms alive.

Definition 4.4. For z € {0,1}" and a formula f, we say f is good under z if z assigns 1 to at
least a (1 — B)-fraction of the variables f reads.

Claim 4.5. For a fized z € {0,1}", let X, C [B] be the set of blocks g; that are not good under z.
Then, with probability at least 1 — ﬁ over z ~ Z,

4logn
X, < .
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Proof. Set kg = P‘k’#—‘ . Let S C [B] be some subset of cardinality k. We first bound the probability

p that every block g; for i € S is bad under z ~ Z. For a truly random z ~ Bernoulli(1 — 2-¢)®",
the above probability is bounded by

. S
H ( bz )2_051% S HQbL2—5bz S (2—4g>| | S n_s'
ics \Pbi i€S
Now, for every i € [B], k > kob; so for z ~ Z, we get that
p < n=8 +v< o8,

Thus, by the union bound, with probability at most

B 4logn 4 1
p < 2BFop =8 <2 (3”) P8 < o (2loed < o
ko))" — - - - 2n
there will be some S whose all blocks are bad. Taking the contrapositive, we infer that with

probability at least 1 — ﬁ over z ~ Z, at most kg of the g;-s are bad under z. O

Lemma 4.6. With probability at least 1 — L over (y,2) ~Y x Z, it holds that ‘E [f‘Res(y,Z)} ‘ < 5.

Proof. Fix a good z, for which at most 410# of the g;-s are not good under it. By Claim 4.5, z is
good with probability at least 1 — ﬁ Let B2Ve = [B]\ X, so

J = frest ® @ g | & @ 9i

i€ Balive iE[B]\Ba“"e
For every i € B2V set the following notations.
e For every y € {0,1}", let g/ denote the function g;|res(y,s)-

e Let I8¢ C [n] be the literals read by g; for which z = 0. As i € BV, |Il-dead‘ < pb; < %b.
Note that each literal j € Ifead isset by y ~ Y.

o Let If“"e C [n] be the literals read by g; for which z = 1. As i € BV, ‘Iia”"e‘ > (1—p)b; >
1-By
5.

Define the function h; so that h;(y) = 1 if g/ is a nonconstant function, and 0 otherwise. Namely,

hi(y) = /\ Ys,

i = dead
Jeliea

where y§ is either y; or —y; depending on whether y; appears positively or negatively in g;. Also,

define
Sw)= > hiy),

7:EBalive
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where the sum is over the reals. Denote

p=E[sU) = Y 211,
i€ Balive
and note that p > |B2lve| 9%, Set AS = 5 — p. The spectral norm of the AND function is
1, and so by the sub-additivity we get that Li(AS) < 2|B2ve|. Set ¢ = 2 [%—‘ By the

2 lOg(Z‘Ba”"eD
sub-multiplicativity of the spectral norm we have that

L (ASQ < <2 ‘Ba“ve )é <nC.

For e = %, note that § < 5 - Ly (ASZ)_I. By Claim 3.1, Y e-fools the function AS¢, so

[E[(50) = )] ~E[(5) - w)']| <= (5)

Next, observe that AS(U) is the sum of zero-mean independent random variables, as the h;-s
are supported over disjoint set of variables. Set A = |B2v¢|. 27450 By the Chernoff bound,

E [AS(UV} <E [AS(U)Z | AS(U)E < Aq +E [AS(U)‘ | AS(U)t > Aﬂ - Pr [AS(UV > Al
¢ (2_4Bb€ 4 e-;’f) ‘

Recall that b > % loglogn, so 3° > 36logn for a large enough n, and since B > %3" we get that
B> 810% and |B2™Ve| > B — 410# > g. Next, we observe that

T4 .
< A€+ ‘Ballve .Pr [AS(U) > A] < ‘Ballve

242

_ li
|Ba|ive| =2 ‘Ba e

0-88b > p.o-86b > %2(10g3785)b > ob,

__24%
As bl < Cblo%" < C'logn, we can conclude that 20 > 48b¢ and so e 18°™ < 2=4 which implies

log .
that E [AS(U)Z] < Q‘Bahve‘é X 274,8b€.
Using Equation (5) and the above bound yields a bound on E [AS (Y)e]. By Markov’s inequality,

E {(S(Y) - u)ﬂ o| galive|l . 9—4Bbe g | galive| 9—48b ¢
PI‘|:S(Y)<H}S ; §5+ | |€ < ‘ ‘ . (6)
2 (1/2) (1/2) Iz
Recalling that p > |B2lve| . 27%", Equation (6) becomes
¢
Pr [5(y) < g} < (8 . 2(—4ﬁ+%)b> < 9286t < 9—3BClogn < 2i,
n

where we have used the fact that b¢ > %.
Overall, with probability at least 1 — % over y ~ Y, g/ is nonconstant for at least 5 of the
i-s, and recall that each such g/ is over at least (1 — 8)b; variables. Fix such a good y, and let

G C [B?"v¢] be the set of nonconstant g?-s. Again, we can write

@gi=<@gly>@ P | cttot

1€ Balive 1eG Z‘EBalive\G
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Similarly to Claim 4.3, in order to bound the bias of f|reg(y,z) it is sufficient to bound the bias of
t1, and so

E[f] < (1 - 2—%)%.

38
b

38
Using the fact that p > %B 227727 > &Q(IOg?’_?)b > Q%b, we get
E[ﬂ < 6—27%2% < e—log%n < i
t= - ~2n’

O]

Proof of Lemma 4.2. Finally, the fact that with probability at least 1 — % over (y,z) ~Y X Z,
f;(y) — E[ﬂ’ < %, follows immediately from Claim 4.3 and Lemma 4.6. O

4.4 Case II — There Are No Heavy Buckets

In this subsection, we prove that a single pseudorandom restriction preserves the expectation in the
case where there is no such a heavy B,. Namely, for every ¢ € [Q)], either my < 3¢ or mg < log®n
(or both).

Lemma 4.7. Let f be a read-once PARITY o AND formula over n variables in which the width of
every term is at most C'logn, and in which there are no heavy buckets as described above. Then,

logn
with probability at least 1 — % .9 Crslosn over z ~ Z it holds that

C logn

‘E [‘FZ(Y)} - E[ﬂ) < % .9 “Toglogn |

Toward proving Lemma 4.7, we partition the ) buckets into two sets and treat terms that fall
into each set of buckets separately. Namely, define the two sets as follows.

o A= {q €Q] :my < log?® n} We refer to these buckets as the sparse buckets.

o B=[Q]\ .A. We refer to these buckets as the well-behaved buckets.

For each set 7 € {A, B} we denote

fT = @ Bv
€T

and so f = f4 ® fr. The next two subsections will be devoted to proving that the expectation of
each f7 is preserved after a single pseudorandom restriction. In Section 4.4.3 we will combine the
two results using the XOR lemma for small-bias distributions (Lemma 3.2) to prove Lemma 4.7.
4.4.1 Handling Sparse Buckets

For the sparse buckets, we will follow the Forbes-Kelley approach [FK18] to prove the following.

C logn

Lemma 4.8. With probability at least 1 — i -2 Tleglogn gyer z ~ Z, it holds that

1 _ logn
‘ < —. 2 Cloglogn.
— 4

£ [(%). )] - (7
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As outlined in Section 1.5.1, Lemma 4.8 follows readily from the work by Forbes and Kelley
[FK18]. We require our restriction to work with high probability over z ~ Z, not merely in
expectation, so we must redo some of Forbes and Kelley’s analysis. (No substantial modification is
needed.) The details follow.

Proof of Lemma 4.8. First, recall that each term in f4 is of width at most C'logn. There are at
most logZC n terms in each bucket, and at most @ = O(loglogn) such buckets, so overall f4 reads
at most n’ = log?¢*2 n variables.

Note that f4 can be computed by a width-4 ROBP of length n’. We follow [FK18] and
let G: {0, 1}"/ — R** encode the transition of the branching program. Namely, perhaps after

renumbering the variables, we have G(z) = G1(z1) - ... Gy/(xy) where Gi(z;) = A; 4, for A;p being
8logn

loglogn?’ and

the transition matrix that corresponds to taking the bit b while at layer i. Set kg =
note that kg < k. By [FK18, Lemma 4.1], G can be written as

’

G=E[GI+L+)» H; -G,
=1

where L has degree” less than kg, H; is of degree exactly ko, G>* is a width-4 ROBP, and H; and
G>" are on disjoint set of variables. More specifically,

L= Z @aXa

a€F? 0<|al<ko

is the truncated Fourier expansion of G, GZ4(xi11,...,2n) = Git1(ziz1) - - .. - G (), and
H; = > G<'aXa,
a€Fy |al=ko,a;=1
where GS4(xq,...,2;) = G1(x1) - ...  Gi(x;). Let || - || be the Frobenius norm. By sub-additivity, we
have

E [H E[GY +ZAU) —E[G]'H <E [H E [L(Y—i—Z/\U)}H] +
Z |||Y.U Z |||yv.U
]E [
— 7
i=1
Just as in [FK18], the low-degree term L is dealt with a d-biased distribution. From the work of

Chattopadhyay, Hatami, Reingold, and Tal [CHRT18] we know that

ko

Li(L) = Z(CCHRT log n')4k/ < 2(cchrT log n') 4o
k=1

)

YIEEU [(H; - G")Y +Z AU)] H] . (7

for some universal constant ccyrt > 1. Thus, by Claim 3.1, we get that the first term of Equation (7)
is bounded by

c
25 - Q(CCHRT logn/)4k0 < 2—Clogn . 28k010g10g10gn < n"z,

"We say a function H: {0,1}" — R“** having Fourier expansion HeaXo has degree d if H, is the zero

aelRy
matrix for every o with Hamming weight larger than d.
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taking into account the fact that E[L(U)] = 0.
For each i of the second term of Equation (7), we use sub-multiplicativity and the fact that H;
and G>' are on disjoint set of variables to get

g

As G™1i [GZ{(y+2AU)]|| <2forally~Y and z ~ Z. Continuing the
above bound, by Cauchy-Schwarz we get

gim-cow sz <g |

‘ Y+Z/\U)]H HI{@[GN(YJFZAU)]H]

2

E (Hi-G>i)[Y+Z/\U]’H <2,| E
Y, U Y. Z

E[H(Y + Z AU)

z|

Following [FK18, Lemma 7.1]%, using the bound by Chattopadhyay et al. [CHRT18] and Parseval’s
identity [FK18, Proposition 3.1], we get

2

<(@ea)- o | X | +ZH

aEF” aEF”

< (270190 +7> . (&Lf (G +E {HGQ(U)H D <§.9-Cho.

Overall, we get that

1 _ _2Clo

and we can choose the encoding G so that f4(z) = G(x)1,1. Markov’s inequality completes the
proof. O

4.4.2 Handling Well-Behaved Buckets
We will use our tail bounds for subset-wise symmetric polynomials to prove the following lemma.

Lemma 4.9. With probability at least 1 — ﬁ over z ~ Z, fg can be written as fg = fz @ fi, where
fr and f3 are over disjoint set of variables, and for every g € {f3, f5} it holds that
1

E[g-(Y)] -Efg]] < .

The proof of Lemma 4.9 will follow immediately from Claim 4.12 and Lemma 4.13. Toward
proving the above lemma, let us set some preliminaries.

Claim 4.10. If g € B then ¢? € [Cloglogn, Clogn| and m, < 3.

Proof. The upper bound on ¢? follows immediately from the assumption in Lemma 4.7 that every term
has width at most C'logn. Also, my > log?® n since ¢ ¢ A. Since we are at Case II, my > log?®
implies that m, < 3¢’. From the fact that log?“ n < 3¢" we get ¢? > logg(log2C n) > Cloglogn. O

8Forbes and Kelley [FK18] take the bits of Z to have marginals p = %, but one can extend the lemma easily for
the case of a general p.
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Recall that a term f; is good under z if the variables read by f; intersects with z in at least
1 — § fraction.

Claim 4.11. For a fized z € {0,1}", let X, C [m] be the set of terms in fg that are not good under
z. Then, with probability at least 1 — % over z ~ Z,

3c
c—1

X.| < log n.

Proof. The proof is very similar to Claim 4.5. Fix a bucket ¢ € B, set kq = 312# and observe that
k> ky. Let S C B, be some subset of cardinally k,. We first bound the probability p that every
term f; for ¢ € S is bad under z ~ Z.

For a truly random z ~ Bernoulli(1 — 27¢)®" the above probability is bounded by

H ( Ws >2—BCU)’L S H 2’[012—5’&)1 S <2—4.CQ—1)kq S 2—3chq S n_g
Pwi

€S €S

For z ~ Z, we get that
p < n=? + v < on.

Thus, with probability at most (Tknq) p over z ~ Z there exists a set of k, terms in B, whose all terms
q
are bad under z. By using Claim 4.10, we get

m 9
<kq>p < m];q . 27910gn+1 < 3chq+log3 2-(—9logn+1) < szlogn < 77,73.
q

Moreover, with probability at most |[Bln™3 < n~2 over z ~ Z there exists a ¢ € B and a set of
kq terms in B, whose all terms are bad under z. Taking the contrapositive, we infer that with

probability at least 1 —n=2 > 1 — ﬁ over z ~ Z, we have at most

L < @ 310gn< 3c |
PILTED D S
qeB qg=1

terms that are bad for z. O
From here onwards, we fix a z satisfying |X,| < C?i—cl log n. Write
fs= P fie @2 mefs
1€C\X; 1€X,

where C = g8 Bg C [m] is the set of all terms that belong to B’s buckets. Simply put, we divide
f5 to the parity of exceptional terms f and non-exceptional terms fz for whom we will refer to as
good terms. We stress that both f; and f; depend on z.

Claim 4.12 (Exceptional terms).

<

S

(), w0 - =0
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Proof. For brevity, let g = f. For a fixed w € {0,1}", let ¢g*(z) = g(x 4+ w). The proof will follow
from bounding the spectral norm of g. Indeed, g% is a multiplication of at most i—cl logn terms,
each of which has spectral norm at most 3. By sub-multiplicativity,

Ly (g%) < 3e°118" < T,

Now, § é%nfc%*l, so by Claim 3.1 we get that |E[g7(Y)] — E[g¥]| < L for every w € {0,1}".
Fooling ¢v is sufficient to fool g,. To see this, note that

[E[g:(Y)] - Efgll = [E[g(Y + 2 AU)] - E[g(U + 2 AU")]|

E [E[g"(Y)] - E[g”]]

w~U

<

o

where U’ is an independent copy of U. O
Next, we prove:

Lemma 4.13 (Good terms). X

(), w0] 507

Proof. For brevity, let g = f and recall that its set of terms is given by C\ X,. Shifting the bias
function g = ¢, to mean zero, recall that we define

} 9(z)
g(x) === — 1.
@)= B
Thus, we can write

g=Elg) I[ (+g)=El > [[5=El > > o 1I&

i€C\X. ICC\X; iel EeNQ ICC\X,,K(I)=k t€1

where by K (I) = k we mean that for every ¢ € [Q], there are k[g] terms in I that belong to the g-th
bucket, i.e., |[I N By| = k [q]. For simplicity, we reorder the terms of g and write g = Dicpm 9i for
m' = |C\ X.|, and for ¢ € [Q], By C [m/] is the set of terms in g that belong to the g-th bucket.
We abbreviate § = (41, .. -, Gm'), and write

Ss@ = >, Il
IC[m/], K (I)=Fk €1

Under these notations,
g=Elgl ) Si(@).
keN®

Let I4(z) be the Boolean-valued function which is 1 if and only if

S S| < 27,

KENQ ||| (o) >A

where A = C'logn and ||EH(C) = Zqul ¢?-k[q]. Section 4.4.4 will be devoted to showing that E[14(Y)]
is very close to 1. Namely,
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Lemma 4.14. The following two inequalities hold.
1. ElI,(Y)] > 1—e 4 forcy = 12%)2,
2. E [$4(g(v))] < 275Fo.

For now, let us take Lemma 4.14 as given and continue with the proof of Lemma 4.13. We
proceed by writing

[Elg(Y)] - Elg]] < [E[g(Y) | [,(Y) = 1] = E[g]| + 2Pr [I,(Y) = 0]. (8)

By Lemma 4.14, we have that Pr[I,(Y) = 0] < e~“/“. Next, observe that

EGY) | L,(Y)=1-E[)| = [Elg) >,  E[Si¥)) | L(Y)=1]|,
KENQ ||| (o) >0

and set
A= Y R[SHIY) [ (V) =1]|,
KENQ ||| (o) >0

so Equation (8) gives us
E[g(Y)] - E[g]] < A + 214, (9)

We bound A as follows.

A < 3 E[S:(3(Y)) | L,(Y)=1]|+  max S ISpEw)] -

. ’ y€{0,1}",I4(y)=1 >
FENQ,0< |||y <A ! FEN® &)l (o) > A

By definition, the second term is at most 9~ 1037, The first term, call it A1, can be split into two
terms as follows.

M=praon| X ESGO) Lo <2l Y ES(G0)- 407
I FEN®,0<|[Rl| oy <A FEN®,0<|R]| (o) <A

<2 Yoo E[Si@y))]|+2 Yoo E[SE()) - (1-I(Y))]
keENQ,0<||k]|() <A kENQ,0<||k]| (o) <A

<20 Y E[SGM)]|+2y/ElL - (V)] E[s23r)],  (0)
keENQ 0<||k]|() <A KENR,0< ||| () <A
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where the last inequality follows from the triangle inequality followed by Cauchy-Schwarz. By
Lemma 4.14, the second term of Equation (10), Aj 2, is at most

Ajg <27, > \/ 28Il

RENR,0<||k]| (<A
A-1 )
< 2-e*CfA-Z erNQ cw < Rl §w+1}‘2_ﬁw

A
< 2.¢ —crA A+ 1 Z A+ 1) —crA S 2%(10glogn)2670114 S 8i
n

To finish bounding A, it is left to bound the first term of Equation (10), denoted by Aj ;.
Claim 4.15. A1y = [Siae ocyiy,, <a B [SHEV ]| < 5.

Proof. The proof goes by bounding the spectral norm of the function S¢(g(z)). As for every
k € N9 with HEH(C) # 0, E[S;(g(U))] = 0, the claim will follow by using Claim 3.1, together with
sub-additivity and sub-multiplicativity. First, note that:

Claim 4.16. For every i € [m], L1(g;) < 4.

Proof. Consider the function h; =1 — g;, so L1(g;) < Ll(ﬁi) +1 and IE[IZ] =Elh;] =1—Elg] > %
Now, L1 () < gy La(h)+1 < 2L () +1. Recalling that hy(x) = E[hs(2+2AU)], we get Li(h;) < 1
as every shift of h; is a negated conjunction of literals. Thus, Ll(ﬁi) <3 and Li(g) < 4. O

Then, for every such ke N@,

Ly (Sp(9)) < > Iz @) < S 4

ICC\Xp,K(I)=Fk 1€l ICC\Xp,K(I)=Fk
_ 3 11 4Fld - 11 (k[Q}>4E[q]_
myq
ICC\X7,K(I)=k 9€[Q] q€[Q]

Recall that Claim 4.10 tells us that m, < 3%, so

Ly (S:(9) < H 3¢?(1+logg 4)k[q] < 120Ell ey (11)
q€[Q]
Finally,
Ly > E[S:(G(Y)] | <5124 <264 <05,
kENQ,0<||k]| (o) <A
and the claim follows by observing that § < winnﬁa O
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Incorporating the above claim, we get that A1 = A1+ A1z < % + % < 4n, which readily
gives A < ﬁ I < 5. Plugging-it in Equation (9), we finally get

EG(Y)] -~ B < 5 +2e 14 <

3

and the desired result. O

4.4.3 Putting It Together

Here we finally incorporate Lemma 4.8 and Lemma 4.9.

loglogn —

logn
Proof of Lemma 4.7. By Lemma 4.8 and Lemma 4.9, with probability at least 1— % 2~ C gl

1 _Cl lolgn .
1 —5-2 Tlglgn over z ~ Z, we can write

Y

3=

f=fa® f5® f5

where the three functions are over disjoint set of variables, and it holds that for each 7 € {A, B, B'},

logn

(7). -] <} e

for any d-biased distribution Y”. Using the XOR lemma for small-biased spaces (see Lemma 3.2),
taking into account that our distribution Y is in fact §3-biased, we conclude that

_ logn 1 _ logn
.92 loglogn < — .9 loglogn,

AN

[BIF(V) - EF)| < 16° -2
and the lemma follows. O

4.4.4 I, Almost Always Happens

We keep using the notations of Section 4.4.2. Specifically, recall that g = f; = @ 1 9i for
= |C\ X.|, and for ¢ € [@], By C [m/] is the set of terms in g that belong to the g- th bucket.

Also, for g= (g1, gm’),
Ss@= > Il&
IC[m), K (I)=k i€]

Recall that I,(z) € {0,1} is 1 if and only if

Yo IS (G| <27,

KEN,[[E]|()>A

where A = C'logn and ||12H(c) =2 geiq ¢! klq.

Proof of Lemma 4.14. As in Section 2, we define

Ry(§) = S2@ - [] *la!
q€(Q]
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By Lemma 2.2, to prove the bound on Pr[l;(Y") = 0] it is sufficient to prove that for every ke N

with ”EH(C) < A we have that
E [Ry(7(Y))] < 27 5IFle,

By now a standard course of action, we aim at bounding the spectral norm of the function R;(g),
together with its expectation under the uniform distribution. To this end, let us define, for ¢ € [Q]

and an integer £,
Sa= 2. 1la
ICBg,|I|=ticl

so Ri(9) = [1geiq S’I%[quE[q]!. First, we record that:

Claim 4.17. For everyi € [m/], E [EQ] < 9—(2—2B)w;

Proof. Let V; C [n] be the set of variables read by g;, of cardinality w;, and let ¢; = |V; N {j € [n] : z; = 1}|
be the number of live variables read by g;. Note that

. 0 if there exists j € V; such that z; = z; = 0,
gi(x) = Elgi(x + 2 AU)] = { J ‘ J J

2=t otherwise.

Then,

E [gZQ] — 9724 wPN’%[for every j € V; s.t. z; = 0 it holds that z; = 1] = 2 2ig—(wi=ti) — g=wi=t;

Recalling that ¢; > (1 — B)w; (g; is good under z), we have E[g;*] < 2-2=Awi TLet h; =1 — g;, and
note that

~2 ~ Ji
E [hi } — Var [hl] = Vir[gZ] <4 -E[gG?] <4-27CPw < 9-@-20uwi
E=[hi]
The fact that Var[h;] = Var[gi] = E[Ez] finishes the proof. O

Now,

E[sz)= Y JIEl#|< X [leem

ICBg,|T|=t i€l ICBg,|T|=t i€l
U lo—(2-28)ct | g
—(2-28)c10 _ (Mg o—(2-28)ct¢ _ 3 €2 1,
< 22 §<£>2 = I st
ICBg,|I|=¢
Plugging it in our expression for R, we get
o = - _ cklg) 1y
B[R] = T B[Sy, fla] < TJ 275 =274, (12

q€[Q] q€(Q]
Finally, let us bound Li(R;(g)). In Equation (11) we established the fact that L;(Sz(g)) <
120Flle) < 124, Thus,
Ly (Ry(9) < 124 H klg)! < 12*4e2acial Klal n ¥lg <1224 i Hal,
q€[Q]
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As ||E|](C) = > el ¢1k[q] < A and ¢ > Cloglogn (see Claim 4.10), 2 g€l klq] < m and we
get B B
Ly (Ry(@)) < 12246 Aemitn < 122498 osn < 1€,

Note that § < %n_1062_%. Thus, by Claim 3.1,

E [Rp(G(V))] < 2 31Flo 4 6. 020 < o #IFle),

and we are done with bounding Pr[/,(Y") = 0]. For the bound on E {S}%(g’(Y))} , simply observe that
E[SX3(V))] < E[Rp@0)]- 0

5 Full PRG via Iterated Restrictions

So far, we have shown how to pseudorandomly assign values to a constant fraction of the inputs of
any read-once PARITY o AND formula using O(log n) truly random bits, preserving the expectation
of the formula to within near-optimal error. In this section, to complete the proof of Theorem 1.1,
we show how to pseudorandomly assign values to all the inputs, i.e., we give a genuine PRG.

For convenience, we make the following definitions.

Definition 5.1. Let w > 0. A w-proper formula is a read-once PARITY o AND formula of width
at most w and length most 28%. We say that such a formula is short if its length is at most 24";
otherwise, we say that the formula is long.

Our main goal is to fool (C'logn)-proper formulas, but along the way, we will obtain a PRG for
w-proper formulas with seed length O(w) and error exp(—(w)), even for w substantially smaller
than log n.

5.1 Restrictions for Proper Formulas

Recall that Lemma 4.1 provides a pseudorandom restriction that uses only O(logn) truly random
bits. We now generalize this fact in two respects. First, in the case of w-proper formulas (loglogn <
w < C'logn), we improve the seed length to O(w). Second, in the case of short w-proper formulas,
we argue that the restriction simplifies the formula, in the sense that it transforms it into a
(w/2)-proper formula.

Lemma 5.2. For every w,n € N with w < C'logn, there is a distribution X over {0,1,x}"™ with
the following properties.

1. (Seed length) There is an explicit algorithm to sample from X wusing just O(w + loglogn) truly
random bits.

2. (Expectation preservation) If f is a w-proper formula, then X preserves the expectation of f
with error exp(—Q(w/logw)).

3. (Simplification) If f is a short w-proper formula, then

Pr[f|x is a (w/2)-proper formula] > 1 — 27",
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Proof. Let n’ = 28" . w. Let Y be an n’-wise 63-biased distribution where § = (n/)~'2¢, and let Z
be y-almost k-wise independent with marginals 1 — 27, where k = 6logn’ and v = (n’) ™. Our
restriction is

X = Res(Y, Z)OQCH.
By standard constructions [NN93, AGHP92] and Claim 3.3, X can be explicitly sampled using
O(w + loglogn) truly random bits.

Now, to prove expectation preservation, let f be a w-proper formula. By w-properness, there is
some set of indices I C [n], |I| <7/, such that f(x) only depends on z|7. Let g: {0, 1}l — {0,1}
be the w-proper formula such that f(z) = g(x|;). Since Y| is 63-biased and Z|; is y-almost k-wise
independent with marginals 1 —27¢, Lemma 4.1 implies that Res(Y|7, Z|;) preserves the expectation
of g with error exp(—Q(lOg)lgo gln,)), which is exp(—Q(w/log w)). It follows that Res(Y, Z) preserves
the expectation of f with the same error. The error of X is only larger by a constant factor 2674
because any restriction of a w-proper formula is trivially another w-proper formula.

Finally, to prove simplification, let f be a short w-proper formula, and let f; be a term. Since
k > w/2, by Claim 3.4, the probability that more than w/2 variables from f; are assigned x by X is
bounded by

( 1; ) . ((1 _ 2—C)QC+4.w/2 + 20—}—4,)/) < oW, <e—2*0-2C+3w + 26’+4 . (n/)—9>
w/2 -

Y

< 97bw

The number of terms in f is at most 2%, so by the union bound, except with probability 2%,
f|x has maximum width at most w/2. Furthermore, restricting cannot increase the number of
terms, so the number of terms is still bounded by 24* = 28(w/2) . Therefore, in this case, flx is
(w/2)-proper. O

5.2 Full PRGs for Long Proper Formulas [MRT19]

The simplification clause of Lemma 5.2 only applies if f is short. If f is long, we will therefore need
a different approach. We will take a similar approach as Meka, Reingold, and Tal [MRT19]. A full
PRG for long w-proper formulas follows readily from their work.

Lemma 5.3 ([MRT19]). For every w,n € N, there is an explicit (2=)-PRG for long w-proper
formulas with seed length
O(w + loglogn).

Proof sketch. In short, the PRG is one of the PRGs by Meka et al. [MRT19, full version, Lemma
6.2], except we replace every d-biased distribution with a (-)-wise d-biased distribution to optimize
the seed length.

In more detail, let n’ -w. Sample v € {0,1}"" from an (n'w)-wise (cygy)-biased
distribution, where cuyrT is a suitable constant. Think of v as n blocks of w bits. Define a set
I C [n] as follows: include i in I if and only if the i-th block of v is 1*.

— 98w

Sample 2, (M . 216 ¢ {0,1}" independently from an (n’)-wise (cpmr)-biased distribution.
The PRG outputs the string x defined by
2\ if i ¢ I
xTr; = .
@, 2 itiel
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By standard constructions [NN93, AGHP92], the seed length of this PRG is
O(logn’ + w + loglogn) = O(w + loglogn).

As for correctness, let f be a long w-proper formula. Let J C [n] be the set of indices of
variables that f reads, so there is some long w-proper formula g on |J| input bits such that
f(z) = g(x|s). Let X be the distribution output by the PRG. Since |J| < n/, the distribution X|;
is exactly the pseudorandom distribution designed by Meka et al. [MRT19, full version, Lemma
6.2]. Furthermore, since f is long, |J| > 2%, It follows that g is in the class of functions fooled
by Meka et al.’s pseudorandom distribution: g is an XOR of m non-constant Boolean functions
on disjoint variables, where each function is on at most w variables, with 16% < m < 16%* and
loglog(]J|/2%) < w < log|J|. Therefore, X|; fools g with error 27, and hence X fools f with
error 27%. O

5.3 Full PRGs for Width-O(logn) Formulas

For short proper w-formulas, to get a full PRG, we will iterate the restriction of Lemma 5.2 several
times, assigning values to more and more variables. Eventually, we’ll stop this recursive process and
use a different PRG. Specifically, for the “base case,” we’ll use a PRG by Lee [Leel9] with minor
modifications:

Lemma 5.4 ([Leel9]). For every w,n € N and every e > 0, there is an explicit e-PRG for w-proper
formulas with seed length

O((w 4 log(1/¢)) - (logw + loglog(1/¢))?) + poly(log log(n/e)).

Proof sketch. In short, the PRG is one of the PRGs by Lee [Leel9, Theorem 6], except we replace
every d0-biased distribution with a (-)-wise d-biased distribution to optimize the seed length, just
like the proofs of Lemma 5.2 and Lemma 5.3.

To give a little more detail, let n’ = 2%% . w; a w-proper formula only reads n’ variables. Lee’s
PRG [Leel9, Theorem 6] is designed to fool arbitrary-order combinatorial checkerboards, i.e., parities
of functions on disjoint variable sets of size at most w. This class includes w-proper formulas as a
special case. Lee’s original PRG has seed length

O((w + log(n/)) - (log w + log log(n/e))?).
After making suitable replacements, one can show that the seed length is reduced to

O((w + log(n'/¢)) - (log w + loglog(n'/¢))?) + poly (log log(n/¢)).

(We omit the full proof, since it repeats much of Lee’s analysis [Leel9].) Plugging in the value of n/,
we get the claimed seed length. O

We now give our full PRG for general formulas of width at most C'logn. The PRG follows a
similar approach to one of the PRGs by Meka et al. [MRT19, full version, Algorithm 3]: iteratively
apply the restriction of Lemma 5.2, but at each step, XOR with the PRG of Lemma 5.3 in case the
formula is long.
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Lemma 5.5. For every n € N, there is an explicit PRG for read-once PARITY o AND formulas of
width at most C'logn with seed length O(logn) and error

o (ot

Proof. Define
B logn

(loglogn)?’

We recursively define a PRG G, for w-proper formulas, wg < w < C'logn, as follows.
e (Base case) If w < 2wy, then G, is the (27"°)-PRG of Lemma 5.4 based on Lee’s work [Leel9].

e (Recursive case) If w > 2wy, sample X € {0,1,%}" from the distribution guaranteed by
Lemma 5.2 based on the work in Section 4. Sample Y € {0,1}" using the PRG of Lemma 5.3
based on Meka et al.’s work [MRT19]. Recursively sample G [w/2], and set

Gw =Y & (XOG[w/Q]).

For the analysis, observe first that in the base case w < 2wg, Gy, fools w-proper formulas with
error 270, Now, for the inductive step, consider some w > 2wq. Assume G, /9) fools [w/2]-proper
formulas with error ep,,/97; we will show that G, fools w-proper formulas with error &,,, where

Ew = 5(w/2'| + 279(11;/ Ing)'

Let f be a w-proper formula, and for brevity, let G = Gy, /7. For the first case, suppose f is
long. Any shift of f is also a long w-proper formula, so

BG] - Blfll = | B, B @ (06| - Blf)

X,
< XH—::G E[f(Y & (X oG))] - E[f]u
- E, { E[f(Y ® (X 0G)] - E[f(U& (X 0G))] H
<27

For the second case, suppose f is short. For each y € {0,1}", define f,(z) = f(y ® ), another
short w-proper formula. Fix y ~ Y, and let E be the event that f,|x is (w/2)-proper, so whether
FE occurs depends only on X. Then

[E[(fylx)(G)] - E[f]] <

==

51,10 | £] - B17] + Prl-E)

\
:Ig[(fy|x)(U)] ' E] - E[f]‘ + €fw/21 + Pr[=E] (Induction)

<|E
X
<[z [B1s0@)] - 17|+ e10yar + 27118
< 9~ Uw/logw) . ETw/2] + 2Pr[~E] (Item 2 of Lemma 5.2)
< 9~ (w/logw) Efwy2) +2-27 (Item 3 of Lemma 5.2).
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Let €, be the final right-hand side, so indeed &y, = €[,y/21 + exp(—Q(w/logw)). Then

Now, let us add up all these errors. Since w > wp always holds, we have e, < e,/ +
exp(—Q(wqy/logwyp)). Starting at w = C'logn, we only need to halve w a total of O(logloglogn)
times to reach the base case w < 2wg. Therefore, the total error of G gy is bounded by

logn
97w 4 9= Hwo/logwo) . O(log loglogn) = 279(00%1582”)3).

Finally, let us bound the seed length of G,,. In the base case w < 2wjq, by our choice of wyg, the
seed length s, of G, is bounded by some value spase < O(logn). In the recursive case w > 2wy, the
seed length s, of G, is bounded by

Sw = S[w/2] + O(w +loglogn) = sy, /21 + O(w).
The point is that this is essentially a geometric series. More precisely, let ceeeq be a constant such
that s, < STw/2] T Cseed " W for all w > 2wg. Then by induction, for all w > wq, we have
Sw < Spase T 3Cseed W,
because
Sy < STw/2] + CseedW
< Spase T 3Cseed | W/2] + Cseeqw (Induction)
< Spase T 3CseedW.

Therefore, we can take the desired PRG to be G1ogn, because sciogn < O(logn), and any read-once
PARITY o AND formula of width at most C'logn is (C'logn)-proper. O

5.4 Arbitrary-Error PRGs for Width-O(log(n/c)) Formulas

At this point, the main work of proving Theorem 1.1 is complete. We just need to address three
minor issues: small ¢, large width, and formulas not of the form PARITY o AND. We begin by
addressing the case of small £. Recall that we wish to achieve seed length O(logn) + O(log(1/¢))
for an arbitrary error . This follows readily by combining the PRG of Lemma 5.5 with Lee’s PRG
(Lemma 5.4).

Lemma 5.6. For any n € Nje > 0, there is an explict e-PRG for read-once PARITY o AND
formulas of width at most % log(n/e) with seed length
O(logn +log(1/¢) - (loglog(1/€))).
Proof. Let gg be the error parameter in Lemma 5.5, so gg = exp(—Q((b;%W)). If € > g9, the
PRG of Lemma 5.5 works, because % log(n/e) < Clogn. If € < g¢, use Lee’s PRG [Leel9], i.e., the
e-PRG of Lemma 5.4 for (% log(n/¢e))-proper formulas, which has seed length
O(log(n/e) - (loglog(n/<))?) < O(log(1/e) - (loglog(1/e))?). O

(In the proof of Lemma 5.6, we could just as well have used Lee’s original PRG [Leel9, Theorem
6] instead of the slightly modified version given by Lemma 5.4.)
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5.5 PRGs for Any Width

In this section, we eliminate the assumption that the maximum width is bounded.

Lemma 5.7. For alln € N and ¢ > 0, there is an explicit e-PRG for read-once PARITY o AND
formulas on n input bits with seed length

O (logn +log(1/e) - (loglog(1/e))?) .

Proof. Sample G from the (¢/3)-PRG for formulas of width % log(3n/e) guaranteed by Lemma 5.6.
Sample Y from an (g;)-biased distribution. Our final PRG outputs

HdefG@Y

To prove that this works, let f be a read-once PARITY o AND formula. Write f = f' @ f”, where
every term in f’ has width at most % log(3n/e) and every term in f” has width greater than
% log(3n/e).

Since any shift of a width-w read-once PARITY o AND formula is another width-w read-once
PARITY o AND formula, H fools f’ with error €/3. Meanwhile, since each term f/ of f” is a
conjunction of more than & 5 log(3n/e) literals,

c/2 e
E[f < (i) =
il = 3n = 6n
Furthermore, the Ly norm of any conjunction of literals is 1, and H is (g )-biased, so by Claim 3.1,
E[f/(H)] < 55. Therefore, by the union bound, for either dlstrlbutlon X e {H,U},

E[f"(X)] < g/3.
This allows us to bound the error of the final PRG as follows:

[E[f(H)] - E[f]] < |E[f(H)] - E[f (H)H+|E '(H)] - E[f']| + [E[f'] - E[f]|
<E[f(H) - f'(H >H+\E H)] - E[f']| + E[|f" — f]]
= E[f"(H)] + |E[f'(H)] - E[f']| + E[f"]
<e/3+¢/3+¢/3=¢. O

5.6 Proof of Theorem 1.1

In this section, we finally complete the proof of Theorem 1.1 by showing that fooling read-once
PARITY o AND formulas is sufficient for fooling read-once depth-2 AC[®]:

Lemma 5.8. Let X be a distribution over {0,1}", and let ¢ > 0. If X fools all read-once
PARITY o AND formulas with error e, then X fools all read-once depth-2 ACO[EB} formulas with
error 2¢.

Proof. Let f be a read-once depth-2 ACO[@] formula.

For the first case, suppose the output gate of f is . By merging the output gate with any
@ children and introducing trivial A gates with fan-in 1 as necessary, we see that without loss of
generality, every child of the output gate is either A or V. By de Morgan’s laws, it follows that
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either f or —f can be computed by a read-once PARITY o AND formula. Either way, this implies
that X e-fools f.

For the second case, suppose the output gate of f is A, say f = A~ fi. Using the Fourier
expansion of the m-input AND function, we get

—1)MI
1=y S T
IC[m] i€l
—1)MI
:2(22 '(1_2'@fi>-
IC[m] iel

By our analysis for the first case, X fools @,; fi with error €. Therefore, by the triangle inequality,

1 f(er) o] <l
— fi | (X) i
6]? Q%)

: —E

[E[f(X)]-Elf] < >

IC[m] 2 icl
2
> om €
1C[m]
= 2¢.

For the final case, suppose the output gate of f is V. By de Morgan’s laws, = f can be computed
by a read-once depth-2 ACO[@] formula with output gate A. By our analysis for the second case, X
fools —f with error 2¢, hence X fools f with the same error. O

6 Directions for Further Work

Is there any setting where the iterated restrictions approach (with w(1) iterations) can give a
pseudorandom generator (or even a hitting set generator) with truly optimal seed length O(log(n/e))?

Suppose X, X', X" are three independent small-bias distributions. Does X + X’ A X" fool
read-once CNFs with optimal seed length O(log(n/c))?
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