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Abstract

In this paper, we construct pseudorandom generators for the class of combinatorial sums, a
class of functions first studied by [GMRZ13] and defined as follows: A function f : [m]® — {0,1}
is said to be a combinatorial sum if there exists functions fi,...,f, : [m] — {0,1} such that
flz1,...,zy) = fi(z1)+...+ fu(x,). Derandomization of combinatorial sums generalize previously
studied classes such as combinatorial rectangles [EGL192], small-biased spaces [NN93] and modular
sums [LRTV09] among others.

In this work, we present a pseudorandom generator for combinatorial sums with seed length
O(logm + log®?(n/e)), thus improving upon [GMRZ13] whenever ¢ < 2~ (o8 m** " As a corollary,
this gives the first improvement over the INW generator [INW94] for fooling the simple majority
function in the case of inverse polynomial error.

The main technical ingredient in our result is the use of asymptotic expansions which roughly
speaking, are refinements of the classical central limit theorem which achieve a faster convergence
rate than the central limit theorem by using more moments for the approximation. While asymptotic
version of such theorems have been known in the probability theory literature for some time, explicit
bounds were not known for sum of lattice-valued i.i.d. random variables. In the main technical
ingredient of this paper, we prove a new asymptotic expansion theorem for sums of lattice-valued
independent random variables (even for the non i.i.d. case). Given the far-reaching consequences
of the central limit theorem in theoretical computer science, we hope that the new asymptotic
expansions will be of independent interest.
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1 Introduction

Derandomization of randomized logspace (or RL) is one of the holy grails of computational complexity
theory. Unlike BPP, where its known that even mild derandomization yields non-trivial circuit lower
bounds [IKW02, KI04] and thus likely to be out of reach of current complexity theory, no such barrier
is known for derandomization of RL. In fact, from the classical result of Savitch [Sav70], it follows
that RL C L? which was improved upon by Saks and Zhou [SZ95] to show that RL C L3/2. Further,
following the pathbreaking result of Reingold [Rei08] (which showed SL = L), there were follow-up
works [RTV06, CRV11] which suggested that we may not be far from proving RL = L.

However, in spite of the optimism, the best known derandomization for RL remains the result of
[SZ95]. In fact, the state of oblivious derandomization remains significantly worse. To discuss this, we
recall the definition of read-once branching programs (ROBPs) and pseudorandom generators (PRGs).

Definition 1. A (S, D,T) read-once branching program (ROBP) M ‘is a layered directed multi-graph
with T + 1 layers and at most 2° vertices in each layer. For 0 < i < T, a vertex v in layer i of M has
at most 2P outgoing edges labeled with distinct elements of {0, 1} all leading to a vertex in layer i+ 1.

We can associate a function gy = ({0, 1}2)T — [25] with M. Namely, we label each vertex in the
T layer with a number in [2°] (not necessarily distinct). On input x = (1, ..., x7) where z; € {0,1}7
for all i € [T, gy(x) is the label of the vertex obtained by starting at vy and walking along the edges
Z1,...,x7 (in order).

For the reader familiar with branching programs, we remark that typically the vertices of the last
layer are labeled with an element in {0, 1}, thus the resulting gas(-) becomes a Boolean function. In
this paper, we go for a more general definition as it is more convenient for us.

It is not difficult to see that derandomization of (S, D,T') ROBP for S = O(logn), T =nand D =1
suffices for derandomization of RL. Next, we define the notion of pseudorandomness for a complexity
class C. Towards this, let us adopt the notation that U,, denotes the uniform distribution on m-bit
strings. In general, for a domain X, we use Ux to denote the uniform distribution on the elements of
X. Also, for distributions Dy and Ds on the same domain, ||D; — Ds||; denotes the ¢; distance between
Dl and _D2.

Definition 2. Let C C {h: X — X'}. Then, g: {0,1} — X is said to be a e-PRG for C if for every
hecC,
1(g(U)) = h(Ux) |1 < e.

Note that h(g(Uy)) (and likewise, h(Ux)) defines a random variable on the domain X'. The seed length
of g is t and in this paper, whenever we mention PRGs, we mean they are explicit PRGs i.e. ¢ is
computable efficiently.

The currently best known PRG for ROBP is due to Impagliazzo, Nisan and Wigderson [INW94]
which builds upon the seminal work of Nisan [Nis92].

Theorem 1. There is an explicit PRG Ginw : {0,1} — ({0, 1}P)™ which is e-pseudorandom for
(S,D,T)-ROBP where O(D + (S + log(T'/¢)) - log(T)).

For the sake of completeness, we mention that Nisan and Zuckerman [NZ96] obtained a e-PRG
with seed length O(S + D) if T = poly(S, D) and € > 208" (S+D) for 4 > 0. As can be easily seen,
this beats G)yw only when T is small compared to S and D.

The problem of beating [INW94] for general ROBPs has so far resisted all attacks and in fact,
even for S = 3, D = 1 and € < 1/2, the best known PRG has seed length O(log?T). To get
around this, researchers have looked at restricted class of ROBPs: One line of research has dealt with
structural restrictions on ROBPs (cf.[BV10, BRRY10, KNP11, Dell, Stel2, RSV13, SVW14]). The



second line of research, which is also the focus of this paper (and predates the first line of research)
has dealt with ROBPs computing semantically restricted classes of functions. These include small
biased spaces [NN93], combinatorial rectangles [EGLT92, ASWZ96, Lu02, GMR" 12|, combinatorial
checkerboards [Wat13] and modular sums [LRTV09] among others.

A common generalization which includes all these classes is the class of combinatorial sums which
was introduced in the work of Gopalan et al. [GMRZ13]. They are defined as follows.

Definition 3. The class of combinatorial sums (denoted by Csum(m,n)) consists of f : [m|" — Z of
the form

flze,...,zn) = fi(x1) + ...+ fu(zn) where for all i € [n], fi:[m] — {0,1}.

Sometimes we will use the tuple (fi,..., fn) to refer to the combinatorial sum f.

The main result of [GMRZ13] is an e-PRG with seed length O(logm +logn +log?(1/e)). The main
result of this paper is the following theorem.

Theorem 2. There is a polynomial time computable PRG Gesym @ {0, 1}t=m — [m]™ which e-fools
Csum(m,n). Here tesum = O(logm + log®/%(n/e)).

When ¢ = n~9W) | this provides the first improvement over [INW94] for the class Csum(m,n).

Previously, even for m = 2, the best known PRG had a seed length of O(log?n) for e = n=®M). To
understand the result, we begin with a high level description of the result of [GMRZ13].
Let Upy» be the uniform distribution on [m]". Then, note that for (y1,...,yn) ~ Upyn, €ach fi(y;) is
an independent {0, 1} random variable. Let us define Z = 3 f;(y;) and Var(Z) = o2. The key technical
component in their result is the use of the so-called discrete central limit theorem. Much like the basic
central limit theorem, there are several versions of the discrete central limit theorem (discrete CLT) as
well (see [CGS10] for a sampling of such results). However, as a corollary, we have the following (which
is the version relevant to us).

Theorem 3. Discrete central limit theorem: For Z as defined above, let Z' be the discretized
normal with mean E[Z] and variance Var(Z). Then, ||Z — Z'||; = O(1/0).

We now explain the key idea behind using Theorem 3 for derandomization of combinatorial sums is as
follows. The derandomization problem is split into two cases:

e low variance case: Var(Z) < ©(1/€?) and
e high variance case: Var(Z) > O(1/¢2).

We now describe the PRG for these cases. In case (i), we set t = poly(1/e), so that Var(Z)/t < e.
Let Ho ¢ be a family of pairwise of pairwise independent hash functions. The PRG first samples h ~
Hant to partition [n] into ¢ buckets. Within each bucket, the PRG uses O(1)-wise independence (the
distribution across the buckets is independent). The authors use the notion of sandwiching polynomials
(cf. [Baz07]) to show that this PRG construction indeed fools f (in case (i)) up to an error e. However, as
the seed across the buckets are independent, hence the seed required grows as t-(log m+logn). This has
a poor dependence on €. To get around this, the authors observe that the computation of f composed
with the PRG can be seen as ROBP (with significantly smaller size than n). Thus, they derandomize
this using Theorem 1 to bring down the seed length requirement to O(logm + logn + log?(1/e)).

For case (ii), note that by Theorem 3, Z is e-close to an appropriate discretized normal in ¢; distance.
Thus, it suffices to produce a pseudorandom distribution (y4,...,y,) so that the induced distribution
Z"' =" fi(y)) is O(e)-close to same discretized normal. In other words, it suffices to fool the proof of



Theorem 3. The problem is that proofs of Theorem 3 or its variants are often significantly involved (and
based on Fourier analysis or Stein’s method) and thus are not readily amenable to derandomization.
Rather, the authors come up with a new and simple (albeit quantitively slightly weaker) proof for the
discrete CLT. This proof is much simpler and amenable to derandomization. This gives a very high
level overview of the utility of Theorem 3 for derandomization of combinatorial shapes (ignoring several
details and complications).

We now list a shortcoming of the approach employed in [GMRZ13]. Note that [GMRZ13] gets
O(log?n) seed for any inverse polynomial error which is what is guaranteed by [INW94]. The main
conceptual barrier in extending their techniques to get an error o(n~/?) with o(log? n) seed is as follows:
One of the main ideas that the authors bring in is to fool the proof of the discrete CLT up to error
€. As long as the discrete CLT has error O(e), this automatically guarantees fooling the combinatorial
shape to error O(e). However, note that the optimal error rate for discrete CLTs with variance o2 is
O(o~1). Since, o < n'/2, this approach is not useful for getting error rate o(n~/2). In fact, the error
rate of o(n~1/?) is optimal for CLTs with weaker metrics such as the Kolmogorov distance.

While [GMRZ13] requires O(log? n) seed for any inverse polynomial error (including Q(n~1/2)), the
above discussion naturally motivates the question of looking at possible extensions of the usual central
limit theorem where the rate of error is less than n~1/2. With this motivation, we are led to the theory
of asymptotic expansions.

1.1 Asymptotic expansions

Our aim is to get better convergence rates for sums of independent integer random variables with
respect to the ¢; metric. However, for the moment, we start with the weaker criterion of Kolmogorov
metric. Also, to motivate the solution for discrete random variables, we first start with the problem of
getting better convergence rates for sums of independent (not necessarily discrete) random variables.
Towards this, let us assume that Xi,..., X, are i.i.d. random variables (with common distribution X)
with mean 0 and variance 1. Let Z = (3 X;)/+/n. The classical central limit theorem [Fel68] states
that )
dxc (Z.N(0,1)) = O <\/ﬁ> .

Here the constant in O(-) depends on X;. It is natural to ask if instead of approximating Z by a normal,
one can get an even better rate of convergence. More precisely, a normal distribution is parameterized
by its first two moments. It is natural to investigate the possibility that approximating Z using its first
k > 2 moments may get us a faster convergence rate.

In answering this question, a basic distinction needs to be made between discrete random variables
and continuous random variables. To see why this distinction is necessary, additionally let Xy,..., X,
be supported on {—1,1}. Then the cdf of Z has a discontinuity of size O(n~1/2) at 0. As a result,
no continuous measure can approximate the cdf of Z with error o(n~'/2). This shows that there is a
fundamental gap between approximations with error o(n~'/2) and those with error Q(n~1/2). We can
also ask whether the discrete/continuous dichotomy is the only real barrier?

The answer is affirmative. The theory of asymptotic expansions (cf.[Pet75]) is fairly well-understood
for sums of continuous i.i.d. random variables. In particular, as long as limsup | X (t)] < 1,

1
Slip |Pr[Z < x| — Il x(x)| = O <W> ) (1)

where

k—2
1L, 1 (z) = ®(x) (1 +> Q,,(x)) :
v=1



In the above, for all v, @), is a polynomial whose coefficients are given in terms of the first v + 2
moments of Z. The exact polynomial used here is difficult to state succinctly (see Section 2 for the
explicit description of @,). However, the only thing relevant for the discussion is that @, is fully
specified knowing just the first v + 2 moments of Z. The condition that limsup|X(¢)| < 1 is known
in literature as Cramér’s condition and the resulting expansion (given in II, ;(x)) is known as an
Edgeworth expansion. This expansion was first obtained by Cramér [Cra28]. For a more modern
reference, see [Fel68]. It is important to mention that O(-) in the above theorem depends upon the
random variable X and in particular, incorporates the quantitative aspect of Cramér’s condition. The
quantitative dependence is as follows (see Petrov [Pet75]):

agr-n 2

2n 2

kOk) sty 1 > "
sup[Pr(Z < a] ~ T (o) = S ™5™ [ Ly sup |R(6) 2
* 1€1>135;

where
k—2
I, ;(z) = ®(x) (1 +> Q,,@)) .
v=1

Here o is the standard deviation of X and 8; = E[|X|]. To get an idea of the error term, assume that
Br/o* = O(1). This is indeed true for a large class of random variables. With this assumption, the

first error term is Og(1) - n~"z". For the second term, provided that SUD|¢|>02/(128) |X(€)| is bounded
away from 1 by a constant, for any k = 6(y/n), the term is exponentially small.

It is also worthwhile to mention that our interest in the exact dependence of the error term on
the random variables {X;} is because in our application, our random variables {X;} will not be fixed
but rather have a dependence on n. Thus, knowing the precise dependence is necessary to get any
non-trivial bounds.

At this point, we face two problems. The first is that, in general, we will be dealing with sums
of independent but not necessarily identically distributed random variables. In fact, while [Pet75] has
(nearly) explicit estimates for the convergence rate for i.i.d. variables, to the best of our knowledge,
none of the standard references (e.g. [Pet75, BR86]) on asymptotic expansions have explicit estimates
for non i.i.d. variables. The second problem is even more serious. Even if we restrict ourselves to i.i.d.
variables which are discrete, Cramér’s condition is not satisfied. For the rest of discussion to make
sense, it is useful to define the notion of a lattice-valued random variable.

Definition 4. A random variable X is said to lie on the lattice L = {a+b- h}pez if Pr[X ¢ L] = 0.
The mazimum h for which there exists such a lattice L is said to be the mazximal span of X.

For the rest of the discussion, if X1,..., X, are discrete, we will assume they are all lattice-valued
with a common maximal span. The theory for non-lattice valued random variables is not nearly as
well-understood (cf. [BHW94] for a discussion). Assuming that Xi,..., X, arei.i.d. and lattice valued,
correction terms (which are discontinuous) can be added in (1) to get a similar approximation for sums
of i.i.d. lattice valued random variables. For example, the following theorem can be found in [IL71].

Theorem 4. Let Xi,...,X,, be i.i.d. variables such that for all i € [n], E[X;] =0, Var(X;) =1 and

X, are lattice valued supported on 7 with maximal span 1. Then,

i
[N}

_ _ d"11,, () 1
_ _ =172 -v/2, . LDk ) -
sup Pr(Z <] —1II,, y(x) VZl( 1) n S,(x - v/n) e O (n(k2)/2> ,
where
Saj(x) =2- Z (27k)™% - cos(2mkx) and Sajpi1(z) =2- Z 2rk) "% sin(27ka)
k=1 k=1



While this provides an analogue of (1) for the case of lattice valued random variables, the depen-
dence of the error on the random variable X; is not explicit in any of the references. The situation
is even worse for non identically distributed lattice valued random variables. While in principle, it is
entirely possible that the machinery used in [IL71, Pet75] can be used to give fully-explicit bounds
even for the case of non-identical lattice random variables, previous literature seems to have avoided
this approach noting that this approach seems unwieldy for getting explicit bounds. In fact, Barbour
and Cekanvicius [BCOZ] use this as their motivation for getting asymptotic expansions for sums of
independent integer valued random variables. Their approach is based on using Stein’s method for
approximations using signed compound Poissons (SCP). While the approach in [Bé()2] gives fairly ex-
plicit bounds and works for sums of independent (not necessarily identical) integer random variables,
the bounds do not scale well when the variance of the random variables increase. This will be true in
our case which forces us to seek an alternate approach.

1.2 Owur approach

Let X1,..., X, be independent lattice valued random variables and Z =} X;. We follow the approach
of Esséen [Ess45], which treats the case of i.i.d. random variables (both lattice and non-lattice) and
combine it with ideas described in Petrov [Pet75] which obtains explicit estimates for ii.d. non-
lattice random variables. In particular, the common approach in both these works is to first study
the characteristic function of the random variable Z (i.e. the Fourier transform) and show that the
Fourier transform can be well-approximated pointwise in terms of the first » moments with an error of
n~(»=1/2_ In other words, we obtain an expression Z(£) which is described only in terms of the first v
moments of Z and that || Z(£) — Z(£)]|e = O(n~=1/2),

The next step is to show that closeness in || - ||oc norm in the Fourier transform can translate to
closeness in total variation norm for the actual distance. This is somewhat different in the two works.
In particular, for lattice valued random variables, weaker but significantly easier-to-obtain estimates
can be obtained via the technique in Esseen [Ess45] which still suffices for our purposes. The approach
in Petrov [Pet75] involves more Fourier analysis and is harder to do but sometimes obtain better
estimates. _

Obtaining the expression Z(&) is most of the technical work for getting the asymptotic expansions
theorem and in this, we largely follow the ideas laid out in Petrov [Pet75]. Of course, because we deal
with non i.i.d. variables, our calculations become more complicated (Further, at some points, we do
need to make modifications as the quantitative estimates given by [Pet75] are useful for us). Another
significant point of departure is that we deal with lattice valued variables as opposed to [Pet75] whose
explicit bounds only deal with non-lattice valued variables.

Having obtained the expression for Z(¢), we follow the routine to go from ¢, distance in the Fourier
transform to ¢ distance among the distributions in a fairly verbatim manner, thus obtaining our final
bound. The actual theorem obtained is somewhat involved to state here and requires a fair bit of
notation. Thus, we defer it to the next section.

1.3 Application to fooling combinatorial sums

Armed with this asymptotic expansion theorem, we recall our main result concerning derandomization
of combinatorial sums is as follows.

Theorem. There is a efficiently computable PRG Gesym @ {0,1} — [m]™ which e-fools every f €
Csum(m,n) and tesum = O(logm + log®?(n/e)).

The approach is best demonstrated by considering the setting when ¢ = n~®M .  Similar to

[GMRZ13], let us assume that the underlying combinatorial sum is specified by the tuple (f1,..., fn)-
Let (Y1, -+, yn) ~ Upppr and Z = 3 fi(ys).



e Low variance case: Var(Z) < gcvlogn .

e High variance case: Var(Z) > 2¢Vioen,

Here c is some fixed positive constant. We remark that if ¢ = n=“"), then we do an alphabet reduction
step which shows that it suffices to treat the case when m = poly(n/e). The seed length required for
this step is O(log(m - n/e)). This is a fairly easy step and hence, we do not describe it here.

Coming back to the case at hand, let e = n~®() and assume that we are in case (i). In this case, we
set t = 20V187 where C' > cis a large constant. We also set k = ©(y/logn). Let Hy, ,, + be a family of k-
wise independent hash functions mapping [n] to [t]. Note that the seed for Hy, ,, ; iS thash = O(logs/ Zn).
The PRG first samples h ~ Hj, ¢ to partition [n] into ¢ buckets. Within each bucket, the PRG uses
k-wise independence (the distribution across the buckets is independent). Mimicking the machinery for
low-variance case from [GMRZ13] (described earlier) and combining it with fairly standard techniques
for obtaining concentration bounds for sums of k-wise independent random variables, we obtain the
the PRG described here e-fools f € Csum(m,n) with error e. Unfortunately, as before, since the
seed across the buckets are independent, and hence the seed length is prohibitively large. However,
as in [GMRZ13], f composed with the PRG itself can be seen as a ROBP with much smaller size.
Derandomizing this using Theorem 1 gets us the final seed length of O(logm + log®?(n/¢)).

We next describe the approach for the high variance case. As the reader might have guessed, the
high variance case is where the power of asymptotic expansions is used. Here we set t = 2CVlogn
where C' < ¢ is a constant. We also set k = O(y/logn). The PRG first samples h ~ Hy,; to
partition [n] into ¢ buckets. Note that the seed required for this step is tphash = O(log®?(n)). Let
Grnim * {0,131 — [m]™* be a k-wise independent generator for the domain [m]™*. Further, let

G\ 10,1} — [m]"/* be the PRG from [GMRZ13] which é-fools Csum(m, n/t) with & set to a very

m,n/t

small constant. Let fofi/t ® Grnjtm * {0,112 — [m]"/* be defined as

w(1)

ngi)b/t ® Gk,n/t,m : (217 22) = Gk,n/t,m(zl) DOm G,E)f,,)l/t(ZQ)
(cs)

myn/t
all, we note that the seed for each bucket is O(log®?(n)). While the seed length for this PRG is large,
by applying the same trick (of derandomizing f composed with the PRG using Theorem 1), we note
that the total seed length for the PRG can be bounded by O(log®?(n)). What remains to be proven
is that the basic PRG described here e-fools f € Csum(m,n) when Var(Z) > 2¢viegn,

First of all, let Zyp-14) = > jep-1() fi(y;). Further, let Z},h—l(i) = Y jen-1(s) fi(y;) where
Yi,-..,y., are sampled from the output of the PRG. We first observe that the random variables
{Z},h,l(i)} are independent for i € [t] (as are {Zf;-1(;)}). Further, by our construction, we have

The final PRG applies ¢t independent copies of G ® G n/t,m across the different buckets. First of

that for any j € [1,..., k], the j*» moment of Z} -1 18 identical to that of Z; ,-1(;) for i € [t]. In fact,
(cs)
m,n/t’
is also d-close to the Fourier spectrum Zyj,-1(;) (for i € [t]) in lo distance. Further, an application of
concentration bounds for sums of k-wise independent random variables implies that with probability
1—n%D for b ~ Hy 1, for all ¢ € [t],

Var(Z2) 3 - Var(Z)

2-t 2.t

It turns out that the above conditions are sufficient to apply the asymptotic expansions theorem and

imply that t t
> Zineriy— DL Zram)
=1 =1

This concludes our informal description of the PRG.

because our PRG contains an independent copy of G it ensures the Fourier spectrum of Z} h=1(3)

< Var(Zpp-a) <

~ tiQ(k) <.
1




2 Asymptotic expansion for sums of independent random variables

2.1 Preliminaries for the asymptotic expansion

We start by setting the notation which will be used throughout this section. For any random variable
X supported on R,

e X : R — C denote its characteristic function. In other words, X (£) = Egx|[e"$7].
e ax j denotes the k" moment of X.
e [x i dentoes the k" absolute moment of X.
e 7x i denotes the k" cumulant of X.
We now let X1,..., X, be n independent random variables. We will use the following shorthands.
e The variables X1,...,X,, are centered.
e «;;, will denote ax, ;. Likewise for 3; ; and ;.
o Also, B =>"" Bik-
e 02=>" aoand Z= (X1 +...+X,)/o.

We will need to define a family of polynomials {P,(i§)},en. The coefficients of these polynomials
will be determined by the moments of Z. For defining these, it will be convenient to assume that
;. Bir and 7y, i exists for all ¢ € [n] and k € N. After we finish defining the polynomials, we will
see that this assumption is not necessary. Rather, for defining P,, we will only require existence of
the first v + 2 moments. But it will help to gain the intuition behind defining these polynomials by
assuming all moments, cumulants and absolute moments exist. We now state the main theorem (the
exact expression for P, is not very important at this stage).

Theorem 5. Let X1,..., X, independent centered random variables such that fori =1,...,n supported
on lattices of span 1. Further, let Z = (X1 + ...+ X,)/o. Note that Z is supported on a lattice with
span 1/o. Call the lattice Ly. Let us assume that I > 2+/s-logs. Then,

1 o ' 2 s—3 '
Pr[Z = z] — o / e %77 (1 + ZPV(1§)> d¢
v=1

< Mow + Mmed + Thigh

—To

where

n

[1x©

=1

2
e_IT and Nhigh = sup
I¢1€[02/B3,m]

2

Os) . 52 2L 00). 406

Now = S 36 5 Tmed =€ 6 +§

2.2 Description of {P,}

Having stated the main theorem, we now start the process of describing the polynomials { P, }. Toward
this, we also recall the following connection between moments and cumulants.

Fact 1. There are polynomials py.ca, PrMC : R* — R such that for any random variable X,
axk = PkoM (VX1 VX k) Yx k= Pe,mc(OX 15 QX k)

Further, if a monomial Hle Yx; appears in prcm, then Y i-s; = k. Likewise, for py vc-

8



We next recall the cumulant generating function X defined as X (¢) = log X (£). Note that this
definition means that X may not be defined on the entire R. However, it is easy to see that for every
X, there exists ¢ > 0, such that X is defined on [—c, c]. We recall the following fact connecting the k"
derivative of X and the vyx .

Fact 2. The k" derivative of )?(5) exists at £ = 0 if and only if yx  is finite. Further,

' X

.

Now by definition, we have that Z (& )=>" )72(5 /o). For the moment, assume that the Maclaurin
expansion of X; exists in interval [—c¢;, ¢;] for some ¢; > 0. If ¢ = min ¢;, then we see that the Maclaurin
series expansion of Z exists in the interval [—oc, oc|. Further, for £ € [—oc¢, oc|, we have

6= 3 Xilgo) =Y S B
J=1 v=1 j=1

Next, we notice that ;1 = 0 for all j € [n]. Also, > 7 572 = o%. This result in the simplified
expression

Sy &N Avrr o (16)7F
26 =5+ 2 G

where A\, 1o = Z?Zl Yjv+2. This implies
> _& — Aoz - (i€)7H2
Z(&)=e 7 -exp (; wt2)-or2 )
We define P, (i€) to denote the coefficient of w” in the formal expansion of
[e.e] .
)‘l/+2 ) (7’5)”+2 v
o (z::l (vt V)

Now, observe that A,i2/0”"? = v7,42. Then, we immediately see that P,(i€) is a polynomial

whose coeflicients are given by polynomials in vz3, ..., vz,42. Observe that as we said before, for
defining P, (i£), we do not need the Maclaurin series expansion of A (£) to exist in any open set around
0. Neither do we require v;; to exist for all j and k. Rather, we require v;; to exist for all j and
1 <k < v+ 2. Note however that if ;. exists for all £ and the Maclaurin series expansion for Z (&) is

valid, then
2 =5 (1+ZP z§>

2.3 Alternate formulation for {P,}

We now seek an alternate formulation of the polynomials P, which will be useful to us later on. Towards
this, we make the following definition:

Val€) = & + -y log Z(¢ - w) 3

With this, we make the following claim.



Claim 3. For V(&) defined as above, the following holds:

s—3 s—3 2j+8 3 deJ](g) é_k
P, v = S 4

We begin with a few elementary claims about V,,. First, note that by definition, we have

n . .
_Zwk"}’j,k'lk wk ey P

=0 =1 of of

_i%m@wW®

d*log Z(¢ - w) ’
gk - k
=0 j=1 ds

dek

The last but one equality follows by definition of cumulants. Using this, we easily have the following
equations.

For k<2, V®(0)=o. (5)
wh=2 . N, -

For k>2, V®(0)= - : (6)

o
Towards achieving the characterization of P, (), we note that,

P,(i&) - w”" =S1,+ ...+ Suu, (7)
where ,
. (i vi+2
Sy = 3 J AL
’ YL (v +2) . ovit
vi+..4y=v:[[r;>075=1
Note that in the above, different permutations of the tuple (v1,...,v;) are counted as distinct. We

then have the following claim.
Claim 4. o .
g _ dV+2ZVJ}(§) 51/—&-22
[N 2 d£u+2i £=0 (1/ + 2i)!

Proof. By the Leibniz rule for differentiation, we have,

dvH2Vi(€) gr2i v+ 2 g d¥iV,y(€) grH2i
dev+i '5:0 (v + 2i)! - V1+H.J§_V+2i (1/1 vy ... I/i> 31:11 df”jL:O (v + 20)!
However, note that using (5), we can say that for any term indexed (v1,...,v;), unless all the v; > 2,
the term will vanish. Hence, we have
A2V (€) ‘ | gr+2i B Z ( Y > i A2V, (€) ' ' griai
dgrtr .y (v+20)0 A2 +2 v+ 2) dgvit? ey (v +20))

vi+..4vi=v:[Jv; >0

B v+ 2 UiV (€) grt2i
N Z <I/1 vy ... I/z‘> H dgvi L:O . (V + 2i)!7

vi+...4+vi=v+2t

which proves the claim. ]
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Proof of Claim 3: We combine Claim 4 and (7), we have

s—3

s—=3 v T i
dy+2j VIZ (6) §Z/+2]

; ; ; dgvt2i |y (v +25)!
5-35-3 du+2jv$(£) §Z/+2j

ps e B S L—o (v +27)!

To simplify this into our final form, we make the following claim.

Claim 5. For any j € N and k < 37,

de‘ 0
dgk =0 -
Proof.
d’“VJ}(f)' ( ) d'V,( '
T gck = =0
dek £=0 z‘1+...z+z‘j:k . dfw £=0

The first equality follows by Leibniz rule for differentiation while the second equality uses the fact that
since k < 3j, there is at least one ¢ such that i, < 3. Using (5), we get that each of the summands and
hence the entire sum is zero. O

Combining Claim 5 with (8), we get Claim 3. O

2.4 Approximation of the Fourier spectrum using moments

Let us begin by defining L, = (5k/0k)1/(k*2). Let us assume that L <1 for k£ > 3. This can be done
without loss of generality as otherwise, Theorem 5 holds trivially. Let us now define

1 c 1
I = — . 1
& " mnin {mlm pl } (9)

for a sufficiently large constant C' > 0. The exact value of C is not important as long as it is sufficiently
large. We now state the main lemma of this section which is also the main workhorse for proving
Theorem 5.

Lemma 6. For || < I,

2 s—3
2(€) —e 7 - (1 + ZB(Z’&))
v=1

O(s)

o(s) L3 2 (Jef° + g ™) - 7

where c(s) = s

We will need a few preliminaries before we start with the proof of Lemma 6. The following inequality
follows easily from monotonicity of norms.

Claim 7. Let X be a real-valued random variable. Assuming that Bx 4k, €¥ists, Bx i - Bxky <
/BX,k1+k2‘

The following lemma states that {Lj} is a monotonically non-decreasing sequence.

Claim 8. {Ly} is a monotonically non-decreasing sequence.

11



Proof. Let k1 > ko > 2 and Y be any real valued random variable. Note that for A = Igf g, ko =
Ak1 + (1 — X)2. Hence, applying Claim 35, we have

Ak
[V Ik I 2 > v

Exponentiating all sides by (ko — 2)~! and rearranging powers of ||Y||2, we have

k1 _ko

VI~ o 1Yl

k1 — k2

i Ylly?

We now instantiate the random variable Y as follows: Sample ¢ € [n] v.a.r. and then sample X;.
Applying the previous inequality on the random variable Y, we have

_1 _1
(Bicpn)Birs) "2 (Bicpfins) 2
(Bicpfia) ™ (Bigpyyfia) 27

and this immediately implies

(Zie[n] Bi,kl) R (Zié[n] BMQ) s
2 Jo—
(Zie[n] 5¢,2> 201 —2) (Zz’e[n] @72) (=)

which proves that {L;} is monotonically non-decreasing sequence. ]
We will also need a bound on P, (i§). Towards that, we establish the following simple bounds.

Claim 9. Let X be any centered random variable. Then, for any k, (with the notations as before),
Ivxel <28 Bx k.

Claim 10. For Z defined as above, ‘2%' <27 .40

Proof. We consider the random variable Z' = 0-Z = X; +...+ X,,. Note that \; = 7z ;. Thus, using
Claim 9, it suffices to bound £z ;. Assume for the moment that j is even. For an integer j, let P(j)
denote the set of all partitions of j none of which are 1. Then, we have

!X \‘“]

. J
E J
[X1+...+X,)] < Z (a1 as ... ) HE
(a1,...,at)EP(5)
. ] a1_2
- Z ) <(11 as ... > HO L
(at,...,at)€P(j)

< O'j-jj.

Note that the last inequality uses that L; <1 for all ¢ > 2. This finishes the proof for even j. For odd
7, it follows from monotonicity of norms. O

We next make the following claim which bounds the value of P, (i€).
Claim 11.
|, (i€)] < vO®) - (€] + [¢1™)

12



Proof. Begin by noting that

¢ s
Y Y [
- . . gvit2

(=1 vy 4. tvg=v: [[v;>0 j=1 (v +2)!- oV

Thus,

Ay i+ - |
|P,,(Zf)’ < Z H (’V 1122’ ‘|§U’VJ+2 < Z Z H(2€)Vj+2 . |§‘V]+2’

=1 v1+.. 4yy=v:[]v;>07=1 =1 vi+.. 4y=v:[[v;>07=1

A

where the last inequality uses Claim 10. The final term can be easily bound by vO®). (|| T2+ |¢[?). O
As a result, we also get the following corollary.

Corollary 12.
2 S
e &2 (g + [¢*).

<1+ZP zg)

Proof of Lemma 6: We first start by showing that for [§| < I, the function V,(€) is well-defined.
Note that V,,(§) is well defined as long as Z(§ - w) # 0. The following claim states the interval in which
this indeed holds and thus V(&) is well defined.

Claim 13. For [¢| < Z, [X;(& - w)| > 1/2.

Proof. Using Taylor’s theorem (for complex valued functions), we have

X; (““) _1‘ - 'E [exp (i‘w'f'Xi) —1- i'g'w'Xi] < L& E[X l,
o o o 202
For |{| < Z, the right hand side is at most 1/2, finishing the proof. O
Claim 14. For [¢] < min; Z, Z(£-w) # 0.
Proof. Note that Z(¢ - w) = I, X;((€ - w) /o). Using Claim 13, we get the claim. O

We now establish an upper bound on V,,(&). For this, our strategy is to use Taylor’s theorem around
& = 0. In particular, we will show the V,, and its first two derivatives are zero and then establish a
bound on the third order derivative. Using Taylor’s theorem, this will lead us to an upper bound on
V(). We start with the following simple claims. Having established that the function V(&) as well
as its first and second order derivatives vanish at 0, we now establish a bound on the supremum of the
third order derivative. To do this, we first prove the following simple claim.

agk ‘ < Bz k-
Proof. Note that 5(\1(5) = E,ex,[exp(iz)]. As a consequence, we get that

X ()

oek E.cx,[(i - 2)* exp(iz€)).

This immediately implies the claim. O
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To establish the upper bound on the third order derivative of V,,(§), we establish the more general
bound on the s order derivative for s > 2. This will be useful later on. For this, we observe the
following simple fact.

d*logu 1 bordtu\ ™
152kt li= =

where a simple induction can be used to show that

> [Ciroii | < (2R)! (11)

W1y Y G =k

Claim 16. For s > 2 and |§| < I,

dsgqgs(g)‘ < (48)' . ,ws—2 . L§—2‘
Proof.
PVu(€) 1 [ d*log Xo(€ - w/o)
des  w? <; des )

1 n 1 dJX 5 w/a)
S 110 D SR S I()

=1y, i3 joij=s (5 w/o )l

The last equality uses (10) and (11). Using Claim 15 and Claim 13, we get

(d@@ - w/o)) |
déi

dsvw(@‘ 1 [ 1 :
< . SN [ .
des = w2 > X Gt 1X4( - 1w/ )| Grenia) s 11

(=1 il,...7is:2j~ijis Jj=1

Note that ])/(\g(f ~w/o)| > 1/2 for || < I (Claim 13), we get

(d@@ : w/a))
dgi

d*V (€) 1 (<& Z s
dés ‘ S E Z Z ‘Cn, ,z| 2”( et )”11—[

0=14y,...i5:>  ji;=s J=1
< 1. zn: Z le; |- ol )Ill.HL (Claim 15)
=~ ’UJ2 1150005 ol
0=1i1,.yis:d jrij=s Jj=1
1 w [«
—_— o —— ( bAd 7
S e Xl 20 Hﬁw
(=11, is:Y joij=s
n
< Do 2 el 20l g ) (Claim 7)
£=1141,...,is:> jij=s
s—2
< WP gs(99)1 < (48)! - w2 L2

0—8
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Using this, we have the following corollary.

d*Vi (€)
e’

Also, repating nearly the same calculation as Claim 16, we also have

dQVw(ﬁ)‘

For || < I,

‘ <12l w- Ls. (12)

For |¢| < I, <8l (13)

dg?

Equipped with this inequality, we now establish an upper bound V,(£). Using Taylor’s theorem
and (5), we have that for |£] < I,

1 d*Viy(€)
Vw < 18| sup |—e=22| <O(1)-w- € L 14
Vale)] < gle'l sup 5] < 01w el L (14)
Likewise, we have,
dViw(§) 2 d*Vi(€)
<O()- -w- - L <O6() w-|& - Ls. 1
) <o we i n ana | TR <o) wld Ly (15)
By choosing C' > 0 sufficiently large in (9) and using Lss > L3, we also get that
w - &2 dViy,(€) 3w - ¢ d*V,(€) 3w
w(§)] < ; < < —. 1
Vul&)l = =5 ’ dé T = 5 (16)

Note that by definition, we have
2 2
— 82 V()

(X(g-w)

We seek to control the quantity

9 9 s—3
e T Vul® 5. (1 + Zw” : Py(lf)> |

v=1

and then finally put w = 1. To control this quantity, we break this the difference into two parts.

2

S ~F o 2 = v wY - 7
mwo= Y O g —et (Z (vt ﬁ(é)))
v=s—2 ' =1 . !

It is easier to control Ry(w,£), so we begin with that.

00 €2 g2
" F VO _ T VO e
< < elVe
[Ri(w,§)] < l/=§s2 o < o2 e
s—2 w O(s) . ,,,8—2 . ¢3(s=2) . 752 N
o Vu@F? giee 200w L% g -

(s —2)! - (s —2)!

The penultimate inequality uses (16) and the last inequality uses (14). We will now control Ra(w, )
which is slightly more tricky to control. Our calculation for this part is somewhat different from those in
Petrov [Pet75] or Bhattacharya and Rao [BR86]. In particular, these two works truncate after v = s—3
(i.e. do an approximation in terms of the first s — 1 moments). However, naively going through their
calculations, it seems one needs to pay a factor of s96*) On the other hand, we pay a factor of 500

15



but instead need to assume that the first 3s 4+ 2 moments exists and the error bound is in terms of Lg;.
Towards bounding Ry (w, ), we have

2 s—3 VV v, P -
By = 6 5 (O on)
— V! V!
2 s—3 2v+4s—3 del, k
= 5. Vl.(yqj(g)_ 3 dfwk(g)‘ ;)
v=1"" k=0 £&=0 ’
To get the second equality, we use (4). We next use Taylor’s theorem to get
R _ 5—3 e—% ‘£|2u+s—2 18
|Ra(w, )| < ) e 2)!/€u,2u+s—2(f), (18)
where S ©
d Vr+S— VV é‘
o) = s [
v2v+s-2() el<r| dETs2
Thus our task reduces to bounding k, 2,+s—2(&) for v € [1,..., s —3]. To bound this number, we recall

the following basic fact about higher order derivatives of products of functions. Let ZT = N U {0}.
Using the Leibniz rule, we have the following:

Lemma 17.

)4 )
dk Hz 1 Ui Z k d“lui
dzk ai,...,ap) *4 dxai
acZtt:||all1=k =1

Using Lemma 17, we have

Z W +s—2\ = d% Vi, (
dﬁal

a€Zt:|al|1=2v+s—2 @L---r @

3 <2y+saV2>lﬁ[

v Aly..., -
a€Zt":||al1=2v+s—2 =1

d21/+872 Vulj (f)
d52u+s—2

IN

A Vi (€)
Z

2w+s—2 d* V(&) d*Vy,(€)
pr— e - . . 1
Z (al,...7ay) ' H dgai H g (19)
a€Zt:||al|1=2v+s—2 i:a;€{0,1} 1:a;>2
Using Claim 16 and (13), we recall that for a; > 1 and [{| < I,
A%V - _
dgai(f)‘g(él'ai)!'l/gﬁ 2 w2,
On the other hand, for a; € {0,1} and [¢| < I, using (16) we have,
EVQ)| w7
dgai - 10
Applying the last two inequalities to (19),
dHs=2yv(€) 2V + 5 —2 w- E27% " e
— s | S Z H 7-1_[(4%)/:12@012,
dg at, ... ay ) 0o
a€Zt":||al1=2v+s—2 i:a,€{0,1} 1:a;>2

IN

_ L 2—a;
Z <21/+S 2) H % H (4-a;)!- Lgl/-f—s 2 S

aly,...,a .
a€Zt":|al1=2v+s—-2 b " iiae{0,1} ia;>2
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The last inequality uses that Lo, < Ljg).. < Ly, (using Claim 8). For any given a € Z™", use #a(0)
to denote the number of zero entries in a and #a(1) to denote the one entries. Note that for any term
in the above summation, we have

e The exponent of w is ||a||1 — 2||allo + 2#a(1) + #a(0).
e The exponent of Lo, 452 is ||al|1 — 2||a|lo + #a(1).
e The exponent of £ is 2#a(0) + #a(1).
o L Thhamald-as)! < (420 + 5 - 2))! < 0,
Using elementary combinatorics, it is easy to show that
Z <2’/ +s— 2) _ Pvts—2
€z fali=2v+s—2 N W
Note that |¢| < Lz}, using Claim 7, we get that |¢| < L2_V1+S_2. Thus,

Lgﬂ:s—i\\allw#a(l) - |¢pHa@+#a) < L”Z!rls 22||aHo+#a( )=2#a(0)—#a(l) o L2V+s , <L

Using the above and that |w| < 1, we get

2v4s5—2
a=Tse Vul)/(g) < pvts=2, SO(S) . L8—2 C2vts—2
d£2u+s—2 - 3s ’

Applying this bound in (18), we get

g 573 ’€|2V—|—S—2

-& 1 2v+s—2  O(s) 5—2 2v+s5—2
[Ro(w,§)] < e 2;}/'(2%’_8_2)'V - S L3 7w )

< e 2 -0 SO(S) . L:S))S—Q . (‘5’8 4 ‘§|38—8)'

Using the bound on |Ry(w, )| (and using that |w| < 1), we get that

Ra(w,6)] + | Ro(w,6)] < 500 - L3 ( (el + e + \sr?’”)

Finally, plugging in w = 1, in the above, we complete the proof. O

3 From Fourier closeness to /; closeness

We start with some basics of Fourier analysis.

Definition 5. A distribution p is said to be supported on the lattice L = {a+b- h}pez if supp(p) C L.
If h is the maximum possible number such that there exists a lattice L and supp(p) C L, then h is said
to be the maximal span of the lattice and a its offset.

We need a couple of more facts about Fourier transform of distributions.

Fact 18. Shifting the distribution by a quantity \ multiplies the Fourier transform at point & by €'

17



Since our distributions will be supported on lattices, we first recall the Fourier inversion formula
for probability distributions on lattices. In particular, let p be any distribution over £. Then,

o)

p(§) = / ¢dp(t) = Y pv-h+a)- M

V=—00

As a consequence, we get

ho [T/t : |-~ mh
/ p(g) e = = Y P(V’-h+a)'/ EV I — by h+a).  (20)

2T —n/h oo —7/h
We now move to stating the main theorem of this section. For this, we assume that Xi,...,X,, are
independent centered random variables such that for i = 1,...,n supported on lattices of span 1.

Further, let Z = (X; + ...+ X,,)/o. Note that Z is supported on a lattice with span 1/o. Call the
lattice Lz. We now state our main theorem.

Theorem 6. Let X1,...,X, and Z be as defined above and let z € Ly. Let us assume that I >

2+/s -logs. Then,

1 To . £2 s—3
PI'[Z = Z} — % . / €_ZEZ e 2 - (1 + ZPIJ(Zg)) dg
v=1

< Mow T Mmed + Thigh

—To
where
n
_ O(s) | 52 B o T e e SR X, o@s) . -4
Mow = S 35 > Tmed =€ 6 +5 e 4 and Mhigh = sup H HOIRE e 4.
[Cl€lo?/Bs,m] | ;=1

Now, consider the function
R e s—3
P(&)=e 7. (1 +) P,,@g)) .
v=1

Given (20), it suffices to show that P(€) is appropriately close to Z(¢) in the interval [~ /h, 7/h]. We
do this in the following proof.
Proof of Theorem 6: We begin by noting that

1 no ' 2 s—3 .
Pr[Z = z] — o / e %% e (1 + ZP,,(Zf)) d¢
v=1

—To

1 o ) R 1 o ) 2 573
27T0'/ 6152-2(5).d§—2m‘/ e Y <1+;Pu(i£)> dg

—To —To

Towards bounding the quantity on the right hand side, let us divide the interval [—7o, wo] into three
parts. Define lion = [—1, 1], Imed = [—ﬁ, ﬁ} \ Liow, Thigh = [=70, m0] \ (Jiow U Imed). We control
the errors in these regions separately. We define

s—3
1 / Lier B 1 e .
— eZZ-ZE)-df—-/ e e T 1+§ P, (i) | d¢|.
27TU gellow ( 27TU gellow v=1 ( )

Nmed and 7high are defined in an analogous manner.
Bounding in [j,,: We begin by observing that for any s > 2,

Now =

s (35—8) . —2§2 < 25
ma (Jef* + [ Y) e F <5 (21)
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This can be easily deduced from considering two cases: |£| < 3y/s and [£| > 3y/s. In the former case,

(e 416089 o= < (i o) <

2

In the latter case, both |€|* and |£|*=®) are bounded by ¢*s and hence

2
(Il +1¢1®9) - e <.

Armed with (21) and applying Lemma 6,

L / ' e %% Z(8) dg—i Ieﬂfz 5 1+§P(i§) de| < 9. 572 1
2ro J_g 2no  J_; — v - 3s
< SO(S) . L§5_2

Bounding in I,.4: For this, we begin by proving the following useful estimate.

Lemma 19. Let X be a centered random variable with variance 0® > 0 and E[|X|3] = 5. Then, for

all t,
2.2 g,
o +|| ﬂ)

[Ele™]] < exp ( 5 3

Proof. Consider the random variable Z = X — X’ where X’ is an independent copy of X. Note that
E[eiZt] — E[eiXt] . E[efiXt] — ’E[eiXtHQ

Thus, for our purposes, it suffices to bound E[e?4!]. Also, the above shows that 0 < E[¢?4!] < 1. Using
the elementary inequality,
forall0<ax <1, logax<z-—1,

we get that ' ‘
log E[e'?!] < E[e"?!] — 1. (22)

Further, using that E[e’#!] is real and the Taylor’s theorem, we have

t?’E[Z?]

E[¢'?"] — 1 = E[cos(Zt) — 1] < — :

1
+ S HPEZP)
Combining this with (22), we have

, t2E[Z?
log Bl 7| < 2]

1 1
+ SHPEZ) = 0% + SliPE( 2P,
Thus, it remains to bound E[|Z|3]. To do this, note that
E[|Z]] = E[|X - X']’] < 2E[|X]- (X - X')?] <4E[X[’].

Thus, we have
. 2
log Ble'”] < —t%0® + 2 - |1 - 5,

which finishes the proof. ]
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Thus, we get that that for the random variable Z’ = X; + ... + X,,, we have

2 2 3
|E[€Z~Z/§” S e_ﬁTLT_,’_\HSBS,

and hence , s
. -L
Bl < e 5

2
Thus, for |¢] < Ly, |E[e'%¢]| < e Thus, combining this and Corollary 12,
1 1 I ¢2 =
) —iz | 7Y . dE — . —i€z —% .1 P,(i d
s /1 ©dg= 5 [ e ( + 3R )

2 2
< /eé.dg+‘/ 06 =5 (6P + [¢*) - de
Ined Tined

2o .

1 —¢? 1 _¢2
/ eg-dg—l—-/ SO(S)-eTé-dé“.
2ro  J; 2t J;

med

IA

The last inequality uses I > 24/s - log s and hence for all £ € Iieq, || > 24/s - log s. This easily implies

that Pmed < e*% + 590 . e*IT. This leaves us with bounding nnigh.

Bounding in Iyjgh:
-3
]. / 71’675 = 1 1 ,ﬁ : .
— e %% Z(&) - de — — - e e (14 P(i€) | d¢
2o Thigh 2mo Thigh ;

s—3
. ~ 1 ) €2
7’L§Z —zé’z -5 .
— e - Z(&) - d€ / e cem 7 1+ P,(i&) | dE| .
2o /Ihagh 9 2o Thigh < ,; (i€)

2
The latter summand (similar to the case for nhign) can be bounded by sO() . e~ . This leaves us with
bounding the first summand. Let us call the first summand as errpgn. Towards this, we observe that

7€) = [T, Xi(€/0). As a result,

+

HXz'(C) :

=1

errhigh < sup |Z(§)| = sup
E€lhigh [<|€[o?/B3,m)

n ‘

This finishes our proof. O

It is instructive to see the corollary of this theorem in the setting of i.i.d. centered lattice valued
random variables. Towards this, assume that X71,..., X, are i.i.d. lattice valued random variables of
maximal span 1 (call the common distribution X). Further, let us use ;) to denote E[|X[¥] and ayy,

to denote E[X*]. Further, let us assume that X is c(k)-hypercontractive i.e. ﬁ(lk/)k < c(k) - 0%2/)2.
Using this notation,

1 1
1 k—2 k—2
Bk) =2 n - B 1 Bk 1 K
Lk::< = — - .| ==L < — . ¢(k)F2),
ok ns .aé/)z NLD alé/)z Vn (k)

Now, let us define Z = (X; + ...+ X,,)/o. Note that Z lies on a lattice on a lattice with span 1/o.
Let us call this lattice £. In this setting, we have the following theorem.
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Theorem 7. Let X1,...,X, be as defined above. Finally, let us define I = % Then, for any

c(3s)3s—2
z€L,
1 o, £? =2 sO6) . ¢(3s) = 2 2
PI'[Z = Z] — % . /;ﬂ_o_ e_léz e 2 - <1 + ;PV(Z£)> df S nsg2 e 6 + 30(5) e 1

Proof. We simply apply Theorem 6 and evaluate the error terms. First, we evaluate 1, to get

352
SO(’S) . 0(35) s—2
77Iow = s-2 -
n_2
Next, we note that I = % Thus, we get
0(35) 3s—2
2 2
med = €5 + s00) e~ T,
Finally, noting that
n
— o~ n
sup XAQ‘ = sw X
ICl€lo?/B3,m] |;=1 Kle{%m}
~ n 2
implies that nhigh = suplq {a@) ‘X(C) + 590 . e_IT, which finishes the proof. O
€| z—,m
B3y’ }

To see the utility of the above theorem, consider the case when ¢(s) is upper bounded by some
polynomial function of s (this is indeed true for a large class of random variables). In this case, for
s = 6(y/n), the first three error terms contribute an error of n~(*=2)/2. The next lemma shows that the
remaining error term has an exponential decay in n.

Lemma 20. Let X be a random variable supported on a lattice with mazximal span 1. For any ¢ > 0,
SUP;> (cf>e [ X (C)] < 1.

Proof. Note that if X is supported on the lattice £ (with maximal span 1),

X(¢) = Z Pr[X = v +d] - "0,

V=—00

Note that if | X (¢)| = 1, then e"“+9)¢ must be the same for all points v such that Pr[X = v + a] # 0.
Let A, be the set of all such v. Then, we immediately get that for v1,v5 € A,, et(r1=12)¢ — 1 Consider
the set Az = {v1 — v : v1,19 € A,}. Since the maximal span of the lattice is 1, it means that there is
some integral linear combination of the elements in A, which is 1. However, that means that "¢ = 1
which contradicts our assumption on (. O

n
is inverse exponential in n. Of course,

~

N X
<le[ 52 ] %
the exact exponent in the exponential decay (which is critical) can be significantly different depending
up on the particular random variable involved. As we will show, in our main application (even for the

non i.i.d. case), the last error term is indeed negligible.

Thus, the above lemma shows that sup
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4 Derandomization for combinatorial shapes

We begin by recalling the main theorem of this section.

Theorem. There is a polynomial time computable PRG Gesym @ {0,1}=m — [m]™ which e-fools
Csum(m,n). Here tesum = O(logm + log®/%(n/e)).

The proof of this theorem proceeds by proving the following two results.

Claim 21. Let Gesumpoiy @ {0, 1} esimpoy — [m]|™ be a polynomial time computable PRG which e-
fools Csum(m,n) for m = O((n/e)®) with tesympoly = O(log®?(n/e)). Then, there is a polynomial
time computable PRG Gesym : {0, 1}tesum — [m]™ which e-fools Csum(m,n) where tesym = O(logm +
log*?(n/e)).

Theorem 8. There is a polynomial computable PRG G csym poly = {0, 1}reumeely — [m]™ which e-fools
Csum(m,n) for m = O((n/€)3) with tesum poly = O(log*?(n/e)).

Clearly, by combining Claim 21 with Theorem 8, we get the main theorem. Thus, we focus on
proving Claim 21 and Theorem 8.

We can associate a n-tuple of independent Bernoulli random variables (Yy,1,...,Y},) where Y ; ~
fi(y:) where y; ~ U,,. We adopt the convention that given a subset B C [n], weuse Zyp = >, [i(yi)-
We use Z; to denote the random variable when B = [n].

Proof of Claim 21. Assume that m > (n/e)® (else we are already done). Set mg = A - (n/€)® where
Aj is a sufficiently large constant. Further, also assume that A; is a prime. For simplicity, we assume
that m is a power of mg. Let pg = mo/m and set § = €/100. Let Hg ,, p, be the family of pp-biased
pairwise independent hash functions instantiated using Lemma 43. Note that for any h ~ Ham ps
|h=1(1)] = mo. Let Gesumpory : {0, 1}esumpoy — [mo]™ §-fool the class Csum(mg,n) (instantiated using
Theorem 8. Then, we let Gesum : Hamp, X {0, 1} esimpoy — [m]™ as follows:

Gcsum(ha .%') = y/ where y;ﬂ(l) = Gcsum,poly(x)'

Note that the seed required to sample and element of Hs p, 5, is O(log m) and thus combining with the
bound on tcsym poly from Theorem 8, we get the stated bound on tcsym. The bound on the quality of
Gesum remains to be proven. Toward this, we have the following claim.

Claim 22. Fiz any i € [n].

€

€
P lfiUn1) =~ FlUm)lh < g < 36

h€H27m’p0

Proof. Consider h ~ Ha .- We define random variables {4, ,};—01 where A;; = [h=2(1) N £ (4)].
Also, let {p;-}j:(],l be defined as p} = Pryeu,, [fi(z) = j]. Note that for our purposes, it suffices to
show with probability 1 —€/(8n),

p/ ‘AOJZ

| A1

/ R S—

1 mo

€
— 16n

€
= 16n

and |p (23)

mo

Further, note that showing any one of the above implies the other one as well. Assume without loss of
generality, 1/2 < pjj < 1. Let us define an indicator random variable X (@) as follows:

XM = 1if and only if f;(j) =0 and h(j) =1.
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Note that [Ag | = > X ). Further, because h ~ Ham py, { XM} are pairwise independent random
variables. Thus, E[|Ag || = mo - pj and Var(|Ao|) < mo - pj. By using Lemma 36,

/
Aol — el < g 0P| S €
H o,h\ mo Po| > c = 160

Since mg = A(n/e)?, by making A sufficiently large, we get that with probability 1 — ¢/(16n) for
h ~ H2 mpy, (23) holds. This finishes the proof. O

Pr
heH2,m,p

Let (z1,...,xy) ~ U;L‘,l(l) and (y1,...,Yn) ~ U{;n]. Let us define h ~ Ha 1 p, to be good if

‘me—me

By using Claim 22, we get that h ~ Ha , p, is good with probability at least 1 — ¢/16. Consider such
a h. Fix a canonical permutation 7 : h=1(1) — [myg]. Define the distribution D}, = Gesum/(h, Utcsum,pouy)
and D' = G esum.poly (Utegum poyy ) Further, we also define the function gy, : [mo]™ — [n] as gn(z1,...,2,) =

Efl(ﬂgl(zz)) Let (y1,...,y},) ~ D}, and (z1,...,2},) ~ D’

S50 = 3 anal=D. (24)

€
<-.
L8

In the above, the equality denotes the equality of the two distributions. Let (z1,...,2,) ~ U". Since
gn € Csum(mg,n), hence

| S i) = anate| <o (25)
4 ~ 1
7 7
Finally, since h is good, we can reinterpret the guarantee as
€
| St~ X )| <5
(2 7

Combining this with (24) and (25), we get that if h is good, then
H > L) =D filw)

Since h is good with probability 1 — €/16, we get that Gesum is e-fools the class Csum(m,n). O

<

€
-+
;8

4.1 Derandomizing combinatorial sums when m = poly(n/¢)

Q( o(logn)

We assume that e = n=%1), We also assume that € = n~ . This is because Theorem 1 guarantees
derandomization of Csum(m,n) with seed length O(logm + log?n + logn - log(1/€)). Thus, for ¢ =
n~ogn) the guarantee of Theorem 8 is guaranteed by Theorem 1. We partition Csum(m,n) into

two classes depending upon Var(Zy). Let A; > 0 to be a sufficiently large constant. We let § =
2~ A1VIog(1/€)  Next, we define

Csumiow(m,n) = {f € Csum(m,n) : Var(Z;) <5 '} and
Csumhigh(m,n) = {f € Csum(m,n) : Var(Z;) > 6 '}.

Using Claim 45, we get that fooling Csumiey (m,n) and Csumpigh(m, n) individually is sufficient to fool
Csum(m,n).
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5 Fooling small combinatorial sums

For this section, the strategy is as follows. We first describe a PRG Glow—easy Which e-fools Csumygy, (1, 1)
albeit with a poor seed length. The seed length is then reduced to the target length by a straightforward
application of Theorem 1. Choose t = 61 and k = ¢+/log(1/¢) for some sufficiently large constant c.
Let Hp,n+ be the family of hash functions from Lemma 41. For convenience, assume that for all i € [t],
the size of [h~1(i)| is the same for all i € [t]. Let Gajio,/em : {0,1} — [m]™/* be the 2 + 3k-wise
independent generator from Lemma 42. We define PRG Glow—easy : Hint X ({0,1}2)F — [m]™ defined
as follows:

Glow—easy(ha Tlyen- ,$t) = y/ where y;lfl(i) = G3k+2,n/t,m($i)'

The main lemma showing the quality of this PRG is the following:

Lemma 23. Giow—casy s an e-PRG for Csumiqoy, (m,n).

Toward proving this lemma, we first partition [n] into two sets: L and H which are defined as
o L ={i€[n]:Var(Yy;) <0}
e H={i€[n]: Var(Yy;) > 6°}.
Note that [H| < O(1/8%). Next, we define the random variable Countp; as follows:
County; ={j€n|:h(j)=iand j € H}
The next claim controls the maximum of Countyy ;.

Claim 24.

Pr {mzﬁ( Countyp; > k} < 53k,
i€t

Proof. Choose any particular i € [t]. We first bound the probability Pr[County; < k] and then apply
a union bound. For every ¢ € H, we define an indicator random variable I, which is 1 if and only if
h(¢) = i. Note that the random variables {I;}scpy are k-wise independent and Pr[I, = 1] = 1/t = §%°
forall ¢ € H.

Pr[County; > k] < E Pr [/\?:11% = 1}
hEHk n,t
(u1,ug)EH o

tk

Thus, applying a union bound, we get that Pr [max,-e[t] Countp; > k:] < t-6*. Noting that k > 10, we
get the claim. 0

We next define the quantity Vary, ; as follows:

VarL,Z- = Var <Zf,h—1(i)ﬂL>

The next claim controls the value of Vary,; in the “buckets” defined by the map h.

Claim 25.

Pr [maXVarLi > k- (5} < &3,
h€Hpn,e | i€t ’
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Proof. We fix an i € [t] and the bound the probability that Vary; > k- ¢. Towards this, note that

Vary; =Y Var(Yy;)-1;
JjEL

where I; is an indicator random variable which is 1 if and only if h(j) = 7. Observe that for 1 < j < n,
El;] = 619, To bound the growth of Vary,;, we consider bounding its k" moment. Toward this, we
consider the expansion of the variable Varlzﬂ».

VarLl <2Var Yii)- > .

jJeEL

Note that in the formal expansion of the term on the right, we will get monomials in the variables
{I;}er. Toward bounding the expectation of Varli’l-, we define the notion of signature of a monomial.
Consider a monomial [];.;(Var(Yy;) - L;)%. Let @ = (a1,...,ar) € Z*. Note that for any such
monomial, > jer @j =k and forall j € L, aj > 0. As a corollary, @ has at most k non-zero entries. The
signature of the monomial is given by arranging the vector @ in decreasing order and truncating the zero
part of the vector. Consider any signature vector o = (v1,...,v,) where > v; =k, v1 > ... > v, > 0.

Let us define S, as
SU:E[ Z HVarYfJ I;) ]

a:sign(a)=c jEL

< (, " ’“ )H (j;EWar(Yf,j)”i 1)),
< <v1 k )H55<vz—1> (ZE[Var(YfJ)Ij]), (using Var(Yy,) < 6°)

jEL
< H55(vi—1) . 59 — k . 55k+4r < 2k . 55k+4.
- V1 ... Up e V1 ... Up -

Next, we note that the total number of possible signatures is at most 2¥, and hence we get,

k
Varj ; = <Zvar(yf7j) - Zj> < 4k §oRT,
JjeEL

o

Noting that Vary,; is a non-negative random variable, applying Markov’s inequality, we get that

gk . §5k+4
neiir, WVarna > k-0 < =g
k. 55k—6
v > i) < S <o
where the last inequality uses that k& > 10. O

We next define a h € Hj, .+ to be good if
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e max;cp; County; < k.
® max;c[y VarL,i <k-é.

Using Claim 24 and Claim 25, we get that h € Hy, 5, ¢ is good with probability 1 —2- 53k, We next recall
the following useful lemma from [GMRZ13].

Lemma 26. Let {X;}" , and {Y;}7_, be (jointly) independent Bernoulli random variables and let

X =YX, andY =Y. Let {X/}, and {Y/}], be (jointly) 2k + 2-wise independent random

variables such that for all i € [n], E[X;] = E[X]] and likewise, E[Y;] = E[Y/]. Let X' = > X; and
=Y. IfE[X] <7 and E[Y] <7, then, ||(X,Y) — (X', Y")|1 < ¥ -nF.

Following [GMRZ13|, we can get the following claim.

Claim 27. Let {X;}", be independent Bernoulli random variables and {X/}I' | be a set of k-wise
independent Bernoulli mndom variables such that E[X;] = E[X]]. If X =Y X, cmd X' =3 X! such
that Var(X) < n, then || X — X'||; < (2-€)F - nF.

Proof. Let us define A = {i € [n] : E[X;] < 1/2}. We observe that
2-Var< > X¢> > E[Z XZ-] and 2-Var< > Xi> > E[Z(I—Xi)].
i€A i€A i€A i€A
By Lemma 26,

< (2¢)F -,
1

l(Zxez0-x)-(Zxza-x)

€A €A €A ZEZ

Thus, we get that

n n ,
=1

=1

< (Qe)k . nk.
1

O]

The next claim extends the above result by allowing a small number of arbitrary Boolean random
variables.

Claim 28. Let {X;}! , be independent Bernoulli random variables and {X/}I' | be a set of k + k'-
wise independent Bernoulli random variables such that for i € [n], E[X;] = E[XZ’] Let X = > X;,
X'=3" X[ and for S C [n], define Xs =>,.¢ Xi. If |S| =n—Fk and Var(Xg) <, then || X —X'||; <
(2¢)*

Proof. Without loss of generality, assume that S = {k’ +1,...,n}. For any y € {0, 1}]’“/, observe that
the conditional distribution

(Xl,c’—l-l?"'?X?/z)’X{ =Y1,y.-- 7Xl/€’ = Yk’

is k-wise independent and for all ¢ € [’ +1 ... n|, the marginal of X/ in the conditional distribution
is the same as the marginal of X;. Applying Claim 27, we get that for any y € {0, 1}’“/

n n
N Xi— Y XX =y, Xy =] < (2e)F-nt.
i=k'+1 i=k'+1 1
Thus,
= 2 1 v/ / k. k
Z X1|X1 = yl,...,Xk/ = Yk — Z Xz‘Xl = yl,...,Xk/ = Yk’ S (26) <.
i=1 i=1 1
Since the distribution on { X/}, is k’-wise independent, we get the claim. O
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Proof of Lemma 23: Fix a good h and i € [t]. Let z € Uy, yﬁl_l(i) ~ Gapgan/t,m(T) and yp-13) ~
U/t~ Applying Claim 28 along with Claim 24 and Claim 25,

Z f]y] Z ij]

jeh—1t jeh—t

<@tk 0) (26)

Using the fact that the distributions of (y,-1(1),--.,¥s-1()) are mutually independent as are the dis-
tributions of (y;rl(l), . ,y;rl(t)), we get that for any good h,

Sl = Y fW)

J€[n] J€[n]

’<(2-e)k-(k:-5)k-t. (27)

Since the total fraction of good h is at least 1 — 2 - 63,

Zf] y] Zf] y]

J€n] J€[n]

‘ )k,(k_(g)k.t+2.53k§e. (28)

O
The only problem with Gloy—easy is the prohibitively large requirement in terms of seed length.

However, observe that for any fixed h, the function fj : ({0,1}!2)! — Z given by

flwr, . ) = Z fz(y;) where for j € [t], y;fl( = = G342 n/t, m (i)

i€[n]

Thus, f5 can be computed by a (n,t2,t)-ROBP and hence we can use Theorem 1 to get a PRG for
fn. The seed length requirement will be O(ty + (log(n/e€)) - logt) = O(log®?(1/€)) (where we use that
log(1/€) = Q(logn). Thus, we have the following theorem.

Theorem 9. There is a polynomial time computable PRG G\ : {0,1}ow — [m]™ which e-fools
Csumiow(m, n). Here tioy = O(logm + log®?(n/e)).

6 Fooling large combinatorial sums

As before, our strategy is to first describe a PRG Ghigh—easy which fools Csumpign (m, n) with a poor seed
length. We then achieve the desired seed length by applying Theorem 1. We now define the construction
of the PRG Ghigh—easy- We let t = 6~1/2 and k = ¢y/log(1/€) for a sufficiently large constant ¢. Further,
all the calculations are made assuming n is sufficiently large (compared to all the other constants). In
particular, we will assume that 6¥/® < e. Further, we will also assume that k& > 10. Let Hakns be
the family of hash functions from Theorem 42. As before, for convenience, we assume that for any
h € Hagny and i € [t], [R71(i)| = n/t Let Gupn/tm : {0,112 — [m]"/* be the 4k-wise independent
generator from Theorem 42. Let G(¢*) : {0,1}% — [m]™* be the PRG obtained from [GMRZ13] with
€ set to a sufficiently small constant. The PRG Ghigh-easy : Hine % ({0,1}2)F x ({0,1}!3)" — [m]™ is
described as

Ghigh—easy(ha M P T2 ) Zt) = y, where ygLfl(l) = Gk,n/t,m(xi) Dm G(CS) (Z’L)
We also define Gyniform : Hin,t X ([m]"/t)t — [m]™ as

Guniform(ha Lyy--- 7xt) =Y where Yn—1(i) = Li-
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Note that when the input is a uniform random element from the domain of Gyniform, then the output
distribution of Gypiform is identical to the uniform distribution on [m]™. However, using this way to
sample from Uj,,» allows for an easier comparison with the output of Ghigh-easy- Also, for notational
brevity, for this section, unless mentioned otherwise, y and 3’ are shorthands for

Yy~ Ghigh-easy<h; Tlyeooy Tty 2150 - - 7zt)7 Yy~ Guniform(ha Z1s--- ,ill't).

The main claim concerning the quality of Ghigh-easy is the following.

Claim 29.

1Y fw) =Y Kl <e

JE€M] JEMN]

Toward proving Claim 29, we make a few more definitions. Let y; = Eycpy,, [fj(2)]. Also, for
j € [n], define f}: [m] — R as fi(z) = fj(z) — p;. Note that for any j, y; and y; are uniform on [m].
Thus, f;(y;) and f}(y;) are centered random variables. Further,

1> Fily) = > Hwpll =1 D2 Hw) = > Hhl,
J€ln] J€(n] J€(n] J€n]

Thus to prove Claim 29, it suffices to show that

IS Fwn = Fwhl, <e

J€[n] J€ln|

Further, for any set B C [n], define the random variables Up and U} as follows:

Us = filyy), Up=>_ i)

jEB jEB
Thus, proving Claim 29 is equivalent to showing that
Ul = Upgllt < e
Further, observe that for any j € [n], Var(f](y;)) = Var(f;(y;)). We next have the following claim.
Claim 30. Let Var-tot =} .1, Var(f;(y;)). Then,

Pr max
hGHk’n’t ie[t]

Var(Uhq(Z-)) — ,U‘ < g:| < 5k/47

where p = Var-tot/t.

Proof. Consider a fixed i € [t]. Then, note that Var(Up-1(;)) = 3¢, Var(f;(y;)) - I; where I; is an
indicator random variable which is 1 if and only if A(j) = i. Note that the random variable {1} ¢, and
hence {Var(f;(y;)) - Lj} e[ are 4k-wise independent. We observe that using linearity of expectation,
E[Var(Uy-1(;))] = p- By applying the bounds from Theorem 37, we get

Akp + 16k2>2k
112

i
P Var(Up-15) —u| < =| < (4
heht { ar(Up-1(1)) M' < 2] < (

Note that = Var-tot/t > 6~1/2. As k = O(log(1/8)), we get that the quantity on the right hand side
can be bounded by §*/2. By taking an union bound over all i € [t] and ¢ = 8712 we get the stated
bound. O
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Define h ~ Hj, .+ to be good if

Var(Up-1¢5) — p| <
max ar(Up-13)) — p| <

=

We next make several simple but important claims. We leave some of the proofs as they are
straightforward to verify.

Claim 31. For any fived h, the random variables {Up-1(; }iepy) and {U;,fl(i)}z‘e[t} are independent.
Claim 32. For any fized h, the following holds:

e The random variables Uy, and U[’n} are supported on a lattice L of span 1 with 2n + 1 support
points.

o For any ¢ <4k and i € [t], E[U}/f,l(i)] = E[Uﬁ,l(i)].

e As a consequence, for any £ < 4k, E[U[,ﬁ]} = E[Uﬁ}].

[n

Based on Claim 31 and Claim 32, we use the following notation. Roughly, the convention we will
stick to is to use a notion with a prime for random variables generated using the output of the Ghigh-easy
and use unprimed notation for the analogous random variables using the output of Gyniform-

e For 0 </ <4k and i€ [t], ap; ) = E[Uf;_l(i)] = E[U;f_l(i)}.

o For 0 < (< 4k, oy ) = E[U]]

e For 0 </ <4k and i€ [t], By mn) = E[\Uhq(i)\f] and 62,i,(h) = E[Ullf_l(i)]. If ¢ is even, then note

that ag; ) = Beim) = Bé,i,(h)'
e For any 0< £ < 4k, By = ey BV ) and 8 g = Sicpy BIUL ).

e For any i € [t], we let al.z(h) = Var(Up,-1(;)) = Var(U}’l_l( )). Likewise, 0% = Var(Up,)) = Var(U[’n}).

%

Claim 33. Fiz any h. For any 0 < |{| <7 and i € [t],

_— 9.012.52
‘Uhq(i)({)‘ < <—200> .

Proof of Claim 29: We start by fixing a good h. Note that by Claim 30, h is good with probability
at least 1 — 6¥/4 > 1 — 2. Thus, to prove the main claim, it suffices to show that for a good h,
Uy — U[/n]H < ¢/2. For any fixed h, note that Uy, = > ;¢ Un-1(;) and U[’n] = Y iel U;ﬁl(z‘)' Hence,
using Claim 31 and Claim 32, both of them are sums of independent lattice valued random variables
and are supported on a lattice £ with 2n 4 1 support points. Thus, it suffices to show that for every z

such that o -z € L,
Upn Ul
'Pr[[]:z] —Pr[[]:z” §i.
o o 2n

To bound the difference, we apply Theorem 5 (provided the hypothesis for applying the theorem is
satisfied). Let us choose s to be the largest even integer such that 3s < 4k. Let us define

_1 / s
Bewy)\ 2 B \
Lo,y = <Ue ) Lo = :
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1 _ A . < —1
Iy = Cmm{%g e L, (h)} Tty = Cmm{?;ﬁwigsm}‘

With this, we also have the following: If £ is even, Ly ) = Lle (h)" Also, I =1 éh). We next bound
By, (ny for an even integer /.

t t 02t
52,(;1):547(11):2]53[(]}[;1(1)} < Z£€<E[U§1(i)]) +Z€£< Z E[fjl'(yj)é]>
=1 i=1 =1 Njeh-1()
(2t
< Z%( U2 1(2)]> +Z€£< > E[f}(yj)2]>
jeh=1(9)
¢ 2\ ¢/2 ¢
e300 2 _ g o2 O
< Z€<2-t + 0% <0t 2 = (29)

The first inequality uses Theorem 38, the second inequality uses that fj/ is supported in [—1, 1] and the
third inequality uses that h is good. Using this, we get

Be,(n

32-/
Ly )y = Loy = < ) < N (30)

We also let {P,(i£)} be the family of polynomials appearing in Theorem 5 defined with respect to the
random variables {Uy-1(;) }icy- Likewise, we let {P,(i{)} be the analogous polynomials defined with
respect to the random variables {U;/fl(i)}z‘e[t}- Note that for 1 < v < 4k, the polynomial P, (i) is

identical to P)(i§). We next see that

— 7 — 1 3 3 o -1 1 . \/i 2\/£ \/i 1/4
Toy = Toy = g i o b 2 o™\ 50 3 T30 0! (31)

Thus, applying Theorem 5, we get that for any o -z € L,

(U ] 1 [T e, & <,
Pri— =2z — —- € e 2 - 1+ZPI/(1§) d§ Snlow+nmed+77high
v=1

| o | 210 J_,o
and
'U/ 7 1 ™o 2
[n] itz %
Pr _Un:z_—m‘/me 2. e <1+ZP/ Zf) < Niow + Tmed + TThigh
where

s—2 s 's—2
Mow = 77I/ow = ( ). L3s (h) — ( E L357(h)7

1n) tn) L(i) 12
Timed = nined =e & + sO) . em T = + sO) e )

(h)
Nhigh = sup HUh 1) (€ 06) . =1 and
I<1€[0?/ 85, (ny»] |i=
i - o) IE}%)
nﬁﬁgh = sup H Uflz,—l(l) (C) + s (s) . e 1
ICl€lo?/By 1y |i=1

Applying the triangle inequality, we get

/
U _ ] o [Ym _
Pr =z Pr =z
o g

<2 Mow + 2- Nmed + Thhigh + niﬁgh'
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We now upper bound the quantities appearing on the right hand side. All the calculations are done
assuming the constant c is sufficiently large, n is sufficiently large compared to ¢ and € < n™2. First,
plugging in the values for k and ¢, it is easy to see that

sO6) . ps=2 < KO® < S 0. e_l(iTh) < |OW) VA < _© 6_@ <eVHE < _© (32)
8s,(h) = ¢k/2 = 32 - = 32n’ - = 32n’
t t
sup Up-10(Q)] < sup Un-1(5(C)| (uses Claim 8)
cef [ ceiod oo
Pa.(n)’ IO
—9.5 52
< exp <m§%> (uses Claim 33)
= exp <_9) (uses (30))
200 L7 )
— U 33
© =3 (33)
Thus, it remains to bound SUP|¢|e[o2/8), ] I, Ullrl(z‘)(C))' Towards this,
n.____ t o
sup H U}’L,l(i) Q)] < sup H U}’L,l(i) (C)| (uses Claim 8).
Z | [1= +7ﬂ' 1=
|<\e[ﬁ,37(h), ] li=1 'C‘G[v-u,(m ] li=t
Further, we have that for all i € [t],
su ‘U/\ (g)‘ < ex L'UZZ (uses Claim 33)
; PO TP 500 02 12
cle [z ] 4,(h)
4,(h)
< (1 —9(1) (uses (30)) and that h is good.)
Thus, by using Claim 45 and Claim 40, we have that for all ¢ € [¢],
swp T ()] < (1-2()). (34)
|<|e|:U-L/1 771':|
4,(h)
Thus,
t
s Q) « _©
[81?3 ] Uth_l(” Q)= <5
ICle ﬁé (h )T 1=
Putting (32), (33) and (34), we get that
UTL U/n
Pr [H:z] P [H:z] < £
o o 2n

which concludes the proof.
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A Useful analytic inequalities

The following inequalities can found in [Gar07].

Lemma 34. Monotonicity of norms: Let 1 <p <q < oo and f € L, Ly. Then,

1fllp < 11fllg

Lemma 35. Lyupanov’s inequality: Let 1 < p,q < oo and 0 < A< 1. Letr = Ap+ (1 — A)q. Let
feL,NLy. Then,

L7 < AP - G
2

Lemma 36. Chebyshev’s inequality: For any random variable X, with E[X]| = 1 and Var(X) = o7,
for any t >0,
1
Pr| X —p| <t -o] < 2

The next couple of inequalities are concentration bounds on sums of random variables.

Lemma 37. Bellare-Rompel [BR94]: Let X,..., X, be k-wise independent random variables sup-
ported in [0,1]. Let X = X1 + ...+ Xp. If p = E[X], then

ku+k2>k/2

Pr[|X — p| >a] <8-
X - > <8 (22
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Lemma 38. Rosenthal’s inequality [IS06]: Let X1,...,X,, be independent random variables such
that E[X;] =0. If Z = (Xi + ...+ X,,), then

B(| 212" < (2m)*" max{iilEnXiM (ilE[Xz]>m/2}.

The next lemma gives a lower bound on the decay of Fourier spectrum for a sum of independent
Bernoulli variables.

Lemma 39. Let Xi,...,X,, be independent Bernoulli random variables where Pr[X; = 1] = p; (for
i=1,...,n). Let Z=X1+ ...+ X, and o be the variance of Z. Then, for |{| <,

~ Lg2. g2
1z < e (505 ).

n n

Proof.

Thus, . . .
201 = [II%©) =[]0 - w1 - p)sin?(/2) < [[ (1 _ W) .
i=1 i=1 i=1

The last inequality uses the elementary fact that for —7/2 < ¢ <7 /2, |sin(€)| > 0.6 - . Further, using
that for z > 0, e™* > 1 — x, we get

“ 9-pi i 9-pi(1—p; 9.02. &2

H<1 =) ><Hexp< MpIE _ o (L9027,
This finishes the proof. O

Lemma 40. Let X and Y be two random variables supported R. Then, for any £ € R,

‘EweX [€"5%] = Eyey[e"*]| < | X — Y.

Proof. Recall that for any function f € Li(R), || f|l1 > | flloe- Viewing X and Y as a map from R to
[0,1] and putting f = X — Y, we get the lemma. O

B Useful existing constructs in pseudorandomness
Lemma 41. k-wise independent hash function: A family of functions Hy = {h : [n] — [t]} is
said to be k-wise independent if for all i1,... i € [n] and ji,...,ji € [t]

1
P 1) = J k) = Ik = —.
he;;k[h(%l) Ju A e Nh(i) =0kl = o

Further, elements from such a family Hy, can be sampled efficiently using O(k(logt + logn)) bits.

Lemma 42. k-wise independent PRG: Gy, : {0,1}%mn — [m]™ is said to be a k-wise indepen-

dent generator if for every iy, ..., ix € [n] and j1,...,Jk € [m],
. . 1
mezjil,‘m,n [Gk,n,m(x)il =71 AN ... A sz,n,m(x)ik = ]k] = W

Further, an efficiently computable Gy, p, m exists with ty y, , = O(klogm + klogn) bits.
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Lemma 43. Biased pairwise independence A family of functions Happ = {h: [n1] = {—1,1}} is
said to be pairwise independent with bias p € [0,1] if for any i1,i2 € [n],

Pr [h(i1) =1 Ah(is) = 1] = p? and Pr [h(iy) = 1] = p.
he%;n’p[ (i1) (i2) = 1] =p~ an he%[ (i1) =1 =p

Further, if ¢ =n-p is a prime number, then elements from Har p can be sampled with O(logn) bits.

C Some invariance results for PRGs

The following simple results show that PRGs for certain classes remain invariant under shifting by a
fixed string.

Claim 44. Let G : {0,1}mn — [m]|"® be a k-wise independent generator. Then, G’ : {0,1}tkmn —
[m]™ defined as G',(x) = G(z) ®m z is also a k-wise independent generator.

The proof for the above is left as exercise for the reader.

Claim 45. Let G : {0,1}f — [m]" be an e-PRG for Csum(m,n). Then, for z € [m]"*, G’ : {0, 1}tkmn —
[m]™ defined as G',(x) = G(x) @& 2 also e-fools Csum(m,n). The same also holds for PRGs for the
classes Csumiqgy (m,n) and Csumpigh(m,n).

Proof. Let f € Csum(m,n) be specified by the tuple (f1,..., fn).

| F(GL(UL) = f(Upngr) 11 = IF(GL(U)) = f(Upnpn ®@m 2) 11 = 19(G(U)) = g(Upngn) |11

where g = (g1,...,9n) and for 1 < i < n, g;(x;) = fi(x; ®m 2). Since g € Csum(m,n), hence we
get that G, is an e-PRG for Csum(m,n). Further, since Var(Z,) = Var(Zs), we have the same for
Csumioy (m, n) and Csumpigh(m, n). d
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