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—— Abstract

We study linearity testing over the p-biased hypercube ({0,1}", u$™) in the 1% regime. For a
distribution v supported over {z € {0,1}"* : Zle z; = 0 (mod 2)}, with marginal distribution p,
in each coordinate, the corresponding k-query linearity test Lin(v) proceeds as follows: Given query
access to a function f : {0,1}" — {—1,1}, sample (x1,...,zx) ~ v®", query f on z1,..., s, and
accept if and only if Hie[k] flzs) =1

Building on the work of Bhangale, Khot, and Minzer (STOC ’23), we show, for 0 < p < %, that
ifk>1+ %, then there exists a distribution v such that the test Lin(v) works in the 1% regime;
that is, any function f : {0,1}" — {—1, 1} passing the test Lin(v) with probability > % + ¢, for some
constant € > 0, satisfies Pram#;@" [f(z) = g(x)] = 1 + 6, for some linear function g, and a constant
d=10d(e) > 0.

Conversely, we show that if k < 1+ %, then no such test Lin(v) works in the 1% regime. Our
key observation is that the linearity test Lin(r) works if and only if the distribution v satisfies a
certain pairwise independence property.

2012 ACM Subject Classification Theory of computation — Computational complexity and crypto-
graphy

Keywords and phrases Linearity test, 1% regime, p-biased
Digital Object Identifier 10.4230/LIPIcs.CCC.2025.10
Related Version Full Version: https://arxiv.org/abs/2502.01900

Funding Subhash Khot: Research supported by NSF Award CCF-1422159, NSF Award CCF-2130816,
and the Simons Investigator Award.
Kunal Mittal: Research supported by NSF Award CCF-2007462, and the Simons Investigator Award.

Acknowledgements We thank Amey Bhangale, Yang P. Liu, and Dor Minzer for discussions that
helped this project. Amey and Dor politely declined to be co-authors.

1 Introduction

A function f:{0,1}" — {—1,1} is said to be linear over Fy, if there exists a set S C [n],

such that f(z) = [[;cq (—1)"; this function is denoted by xs. The classical linearity testing

problem, asks, given query access? to a function f : {0,1}" — {—1, 1}, to distinguish between

the following two cases?:

1. f is a linear function.

2. f is far from being linear; that is, for every linear function yg, the functions f and xg
disagree on many points.

! by identifying the range Fo with {—1,1}, under the map b — (—1)°
2 the algorithm is allowed to ask/query the value of f(z) at any = € {0,1}"
3 the algorithm is allowed to answer arbitrarily for functions f which violate both the conditions
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Biased Linearity Testing in the 1% Regime

Linearity testing was first studied by Blum, Luby, and Rubinfeld, who gave a very simple
3-query test for this problem [15]. This test, known as the BLR test, proceeds in the following
manner: Sample z,y ~ {0,1}" uniformly and independently; query f at z,y, and = @ v,
and accept if and only if f(z ®y) = f(z) - f(y). Observe that this test accepts all linear
functions with probability 1. Blum, Luby and Rubinfeld proved that any function f passing
this test with high probability (1 — 4, for some small § > 0), must agree with some linear
function xg on most (at least 1 — O(d) fraction of) points in {0,1}". This result, with the
acceptance/agreement probability close to 1, is known as the 99%-regime of the test.

It was shown later [4, 23] that the above result extends to the 1% regime as well; more
precisely, for every 6 € [0,1], and f:{0,1}" — {—1,1} such that
[f(@)- f(y) fle@y)] >0,

E
z,y~{0,1}"

there exists S C [n] such that Eq,qo,13» [f(z) - xs(z)] = 6.

The above test is of fundamental importance in theoretical computer science, and has
several applications; for example, it is one of the ingredients in the proof of the celebrated
PCP theorem [19, 3, 2]. Furthermore, the analysis of the BLR test by Bellare et al. [4] is
one of the early uses of Fourier analysis over the boolean hypercube, an area which now
plays a crucial role in many diverse subfields of mathematics and computer science, like
complexity theory, harness of approximation, learning theory, coding theory, social choice
theory, etc. [28].

In this work, we are interested in the problem of linearity testing over the p-biased
hypercube. For p € (0,1), we denote by p, the p-biased distribution on {0, 1}, which assigns
probability p to 1, and 1 — p to 0. The p-biased hypercube refers the set {0,1}", with the
n-fold product measure u}?”. Linearity testing, in this p-biased setting, asks to distinguish
between linear functions, and functions which are far (with respect to the p-biased measure)
from being linear.

The 99% regime of this problem is well-understood [24, 17], and a simple 4-query test
works in this case (see Example 4 below). The question for the 1% regime turns out to be
significantly more challenging for any p # 1/2, and was wide open until a recent work of
Bhangale, Khot and Minzer [11] made significant progress. In particular, for every p € (%, %),
they give a 4-query test that works in the 1% regime.

Building upon the work of Bhangale, Khot and Minzer, we consider a very general class
of tests, where, very roughly, some k queries x1,...,7; € {0,1}", satisfying Zie[k] X =
0 (mod 2) are chosen, and the test accepts f : {0,1}" — {—1,1} if [Licpy f(2i) = 1. We
shall require the following definitions:

» Definition 1 (Class of Distributions). For k € N, p € (0,1), we define D(p, k) to be the class
of all distributions v on {0, l}k having p, as the marginal distribution on each coordinate
i € [k], and such that supp(v) C {x e {0,1}": Ele x; =0 (mod 2)} We say that such a
distribution v has full even-weight support, if the above inclusion is an equality.

For a distribution v € D(p, k), we say that i € [k] is a pairwise independent coordinate,
if for each j € [k|,j # i, it holds that Ex~, [X; - X;] = p?. We say that v is pairwise
independent, if all its coordinates are pairwise independent.

» Definition 2 (Class of Linearity Tests). For a distribution v € D(p,k), we define a
corresponding linearity test, denoted by Lin(v), as follows. Given query access to a function
f:{0,1}" — {=1,1}: Sample* © = (x1,...,2%) ~ v®", and accept if and only if f(x1) -
fx2) - f(zp) = 1.

4 here, by z = (x1,..., k) ~ v®", we mean that for each j € [n], sample (x(1j>, ey xggﬂ) ~ v independently

(also see Section 2 for notation).
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Note that every linear function passes such a test with probability 1°. More strongly,
each query in v®” having marginal distribution u?” ensures that functions that are close
to linear (with respect to p-biased measure) are also accepted with high probability; in the
property testing literature, such tests are called tolerant. Furthermore, this is a very general
class of linearity tests, containing many of the mentioned previously tests, as demonstrated
by the following examples:

» Example 3. The BLR test uses v to be uniform over {m €{0,1}’ : &1 + 22 + 23 = 0 (mod 2)}.

» Example 4. The 4-query p-biased test of [17] (for the 99% regime) uses a distribution
v over {0, 1}4 of the following form: With probability pg, set all coordinates to 0; with
probability pi, set all coordinates to 1; and with probability 1 — py — p1, sample uniformly
from the set {x € {0,1}" 1 2y + 29 + 25 + 24 = 0 (mod 2)} Note that each coordinate has

bias p1 + % (1 = po — p1), and pg,p1 are chosen so that this equals p.

In this work, we analyze the precise conditions under which tests in Defintion 2 work for
linearity testing, in the 1% regime. Our main result (proven in Section 6) is the following:

» Theorem 5. Letp € (0,1).

1. For every integer k > 1 + m, there exists a distribution v € D(p, k), such that
the test Lin(v) is a k-query linearity test over the p-biased hypercube, for the 1% regime.
That is, for every € > 0, there exists a § > 0, such that for every large n € N, and every
function f:{0,1}" — [—1,1] satisfying

E Hf(Xz) = €,

~p®n
(X150, Xp ) ic k]

there exists a set S C [n], such that ‘IEXNM??H [f(X) xs(X)]| =6.
1

2. The above point also holds for all integers k > 3 with p = =, and for all even integers
k24withp:1—ﬁ.

3. Conversely, for every positive integer k < 1+
the test Lin(v) fails in the 1% regime.
That is, there exists a constant o > 0, such that for every large n € N, there exists a

function f:{0,1}" — {—1,1} satisfying

m, and every distribution v € D(p, k),

and such that for every S C [n], it holds that Ex~uon [F(X) - xs(X)]| < on(1).

» Remark 6. Note that the above theorem does not discuss the case when & > 5 is an
odd integer, and p =1 — ﬁ This case is very interesting and is discussed in more detail
in Section 6.1. Informally speaking, the test corresponding to the “natural” distribution
v € D(p, k), in this case, ensures correlation with a character of Z/(k — 1)Z, and not a linear
function xg (that is, a character of Z/2Z). In Section 6.1, we also present an alternative test

to get around this.

5 When k is even, affine functions of the form 4yg also pass the test with probability 1. In this work, we
shall ignore the distinction between these functions and linear functions.
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Biased Linearity Testing in the 1% Regime

Next, we shall describe the main technical results we prove along the way to prove
Theorem 5. We start by stating (a generalized version of) the main linearity testing result of
Bhangale, Khot and Minzer [11]:

» Theorem 7 (General version proved later as Theorem 33). Let k > 3 be a positive integer,
and let p € (0,1), € € (0,1] be constants, and let v € D(p, k) be a distribution with full
even-weight support (see Definition 1). Then, there exist constants 6 > 0, d € N (possibly
depending on k,p,e,v), such that for every large enough n € N, the following is true:

Let f:{0,1}" — [-1,1] be a function such that

E [H f(Xi)‘|

(X100, X ) @7

> €.

Then, there exists a set S C [n], and a polynomial g : {0,1}" — R of degree at most d and
with 2-norm By, on [9(X)?] <1, such that

E [f(X)-xs(X)-g(X)]| =4.

X ol n

Moreover, if the distribution v has some pairwise independent coordinate, then we may
assume g = 1; that is, f correlates with a linear function xs.

We remark that Bhangale, Khot and Minzer only consider the case kK = 4, and only
show g = 1 in the case that all coordinates of v are pairwise independent. However, their
proofs extend to the more general setting of Theorem 7; we give an outline of this proof in
Section 7. Furthermore, we note that we are able to analyze the linearity test for a class of
distributions which is much larger than the class of full even-weight support distributions;
these distributions, in some sense, contain the BLR test, and are formally defined in Section 7.

In the above work, the authors ask whether the conclusion g = 1 can be obtained without
assumption that v has a pairwise independent coordinate. We show this is not possible, and
in fact the assumption that v has a pairwise independent coordinate is necessary.

» Theorem 8 (Restated and proved later as Theorem 24). Let k € N, p € (0,1), and let

v € D(p, k) be a distribution having no pairwise independent coordinate (see Definition 1).
Then, there exists a constant o > 0, such that for every large enough n € N, there exists

a function f:{0,1}" — [—1,1] such that

L [Bxwen [T £(X0)]| > o

2. For every S C [n], it holds that ‘EXNMZ?H [F(X) - xs(X)]]| < on(1).

Moreover, if the distribution v is such that 1 := max; je(x],ixj Prx~y [Xi = X;] <1 (that
is, no two coordinates are almost surely equal), the above holds for a function f with range

{717 ]-}

» Remark 9.

1. The assumption 1 < 1 in the second part of the Theorem 8 is necessary. For example, if
the i*h and j*" coordinates of v are equal, then, for functions f with range {—1,1}, the
terms f(X;) and f(X;) cancel out in the product Ex.,en {Hle f(Xi)] In particular,
the test is equivalent to the (k — 2)-query test with coordinates i, j removed from v, and
this new distribution may possibly satisfy the conditions of Theorem 7.
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2. The function f we construct in Theorem 8 does not correlate well with any linear function,
although, as possibly required by Theorem 7, it does correlate well with some constant
degree function.

3. The above theorem, answers in the negative a question of [11], who ask if

E [91(X) - 92(Y) - g3(Z) - ga(W)]| = on(1)

(X,Y,Z,W)~r®n
for distributions v € D(p,4) with full even-weight support, and g1,...,94 : {0,1}" = R
bounded, noise stable, and resilient functions.

4. Tt is an easy check that the distribution v from Example 4 cannot have a pairwise
independent coordinate, unless p = 1/2. This shows that for p # %, simple tests that
work in the 99% regime fail to work in the 1% regime.

5. Recall that every v € D(p, k) satisfies ), X; = 0 (mod 2) almost surely, for X ~ v. We
never use this in the proof of the above theorem, and the conclusion holds without it.

Very roughly speaking, in the proof of the above theorem we first construct a counter-
example function in Gaussian space which “passes the test” with decent probability, while
having zero expectation; this function is then converted to a boolean function using the
Central Limit Theorem and a rounding procedure. Along the way, we prove a simple
characterization for a random vector to have an independent coordinate, which we believe to
be of independent interest, and is stated as follows:

» Proposition 10 (Restated formally and proved later as Proposition 19). Let X = (X,..., X})

be a k-dimensional multivariate Gaussian random vector, such that for each i € [k], the

marginal is X; ~ N(0,1). Then, the following are equivalent:

1. For every “nice” function f : R — R satisfying Ezn,1) [f(Z)] = 0, it holds that
E[f(X1) - f(Xa) - F(X))] = 0.

2. There exists i € [k] such that X; is independent of (X1,...,Xi—1,Xit+1,---, Xg)-

Finally, to use the above theorems (Theorem 7 and Theorem 8), we analyze the tradeoff
between the number of queries k and the bias p, such that a distribution v € D(p, k) with
some pairwise independent coordinate exists. In particular, we prove the following (restated
and proved later as Proposition 25 and Proposition 27):

» Proposition 11. Let k € N, p € (0,1). Then, there exists a distribution v € D(p, k) with

some pairwise independent coordinate if and only if k > 1+ m.

We note that the above generalizes the parameter setting for both the BLR test, corres-
ponding to p = %, k =3, and the case of p € (%, %) , k =4 considered in [11].

1.1 Related work

The problem of linearity testing has been extensively studied, starting with the work of Blum,
Luby and Rubinfeld [15], who gave a test for the uniform distribution, in the 99% regime.
The analysis of their test was later extended to the 1% regime [4, 23]. Tests for linearity
have been also been studied in the low-randomness regime, and in the setting of non-abelian
groups [6, 5, 29].

For the p-biased case, in the 99% regime, Halevy and Kushilevitz [20] gave a 3-query
linearity test, that only uses random samples from the p-biased distribution! However, the
test is not tolerant, makes queries that are not distributed according to u;‘?”, and hence
may reject functions that are very close to linear (with respect to the p-biased measure).

10:5
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Biased Linearity Testing in the 1% Regime

Tolerant testers were analyzed later [24, 17]. More strongly, the work of Dinur, Filmus and
Harsha [17] gives 2%-query tolerant tester for p-biased testing of degree d functions over Fy,
a problem which has been well studied over the uniform distribution [1, 14].

As a part of their work on approximability of satisfiable constraint satisfaction problems [9,
10, 11, 12, 13], Bhangale, Khot and Minzer study the p-biased version of linearity testing, in
the 1% regime. As mentioned before, they give a 4-query test for p € (%, %)

David, Dinur, Goldberg, Kindler and Shinkar [16] study linearity testing on the k-slice
(vectors of hamming-weight k), denoted by Ly ,,, of the n-dimensional boolean hypercube,
for even integers k. They show that if f: {0,1}" — {—1,1} is such that f(z®y) = f(z)f(y)
with probability 1 — € over z,y,x @ y (conditioned on all lying in Ly ), then f agrees with
a linear function on 1 — § fraction of Ly, ,,, where 6 = d(e) — 0 as ¢ — 0. In a recent work,
Kalai, Lifshitz, Minzer and Ziegler [22] prove a similar result for the n/2-slice, in the 1%
regime.

1.2 Organization of the paper

We start by presenting some preliminaries in Section 2. In Section 3, we prove a variant of
Theorem 8 over the Gaussian distribution, which then is used in Section 4 to prove Theorem 8.
In Section 5, we analyze the tradeoff between the bias p and the number of queries k, for the
existence of a valid linearity test. Combining all results, we prove Theorem 5 in Section 6.
In Section 7, we outline of the proof of Theorem 7.

2 Preliminaries

We use exp to denote the exponential function, given by exp(z) = e* for z € R.
Let N={1,2,...} be the set of natural numbers. For each n € N, we use [n] to denote

the set {1,2,...,n}. For non-negative functions f,g: N — R, we say that f(n) = 0,(g(n))
fn) _

oty = O

For a probability distribution v on X, we use supp(v) to denote its support. For n € N,

we use v®" to denote the n-fold product distribution on X™. In particular, we shall be
interested in the case when X C R* for some k € N. In this case, for vectors z € R¥", we
shall use subscripts for indices in [k] and superscripts for indices in [n]; that is, for each

if lim,, o

i € [k],j € [n], we use acgj) to denote the (i,j)th coordinate of z. Further, for each i € [k],

we use z; to denote the vector (xgl),. :z:(n)> € R"™, and similarly for each j € [n], we use

2 to denote the vector (:v(lj), . ,x](j)) € Rk.

For k € N, let Sy denote the group of all permutations on [k]. For each m € S, = € R¥, we
use z, to denote (x,r(l), . ,x,r(k)) € R*. With this notation, we define the symmetrization
of functions over R*:

» Definition 12. For any function f : R¥ — R, we define its symmetrization as the function
Sym(f) : R¥ = R, given by Sym(f)(z) = 3 cs, f(#x)-

We shall use the following facts from probability theory:

» Fact 13 (Chebyshev's Inequality; see [18] for reference). Let X be a random variable such
that E [X2] < 0o. Then, for any any a > 0,

Var [X]

Pr(X —E[X]| > a) <
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» Fact 14 (Hoeffding’s Inequality [21]). Let Xi,...,X,, be independent random variables
such that a; < X; < b; almost surely, and let S = Z?:l X;. Then, for allt >0,

Pr{[S—E[S]| >t <2-exp (2’522) .
Z?:l (bi —a;)

» Theorem 15 (Multivariate Central Limit Theorem; see [18] for reference). Let XV, X(2)
be R¥-valued i.5.d. random vectors, with mean zero, and finite a covariance matriz ¥ € RF**

given by ¥;; = R {Xi(l) ~X;1)}. If S, = ﬁzgl X® | then, S, D Zasn— oo, for
Z ~N(0,%). That is, for every bounded continuous function H : R¥ — R,

Jm BHE) = B (HE).

We shall also use the following fact about zeros of polynomials:

» Lemma 16. Let py,....p, : R¥ — R be non-zero polynomials. Then, there exists y € R¥
such that for each permutation m € Sk, and each i € [r], it holds that p;(y.) # 0.

Proof Sketch. The zero-set of any non-zero polynomial has measure zero, with respect to
the Lebesgue measure on R¥. Hence, by sub-additivity, the set of points y € R* violating
the statement of the lemma is of measure zero as well. |

Next, we give some basic results about the probabilist’s Hermite polynomials. The reader
is referred to Chapter 11 in [28] for more details.

» Definition 17. The Hermite polynomials (H;)jez., are univariate polynomials, with H; a
monic polynomial of degree j, satisfying the power series expression

t2 — 1 ‘
exp <tx— 2) = Zﬁ “Hj(z)-t!, fort,x eR.
§=0
Note that the series above is absolutely convergent, with Z;io % - |Hj(2)] - it <
exp (|t| x| + %) for each t,x € R.

» Lemma 18. Let k € N and s1,82,...,5; € Zzo, and let € R*** be a positive semi-
definite matriz such that 3;; = 1 for each i. For V. =% — 1, it holds that

sl 8!
H, (X)) H, (X3)] = 222k
XN./\IE:(O,Z)[ 1( 1) k( k)] Al 2d

d
: [(tTV )ty tz’“}
where $1 + -+ + s = 2d, and [(tTV t)d St t;"] denotes the coefficient of ti* ---t;* in
the polynomial (tTV t)d. Also, the above expectation is zero when s1 + --- + S 1s odd.
Proof. Recall that the moment generating function of a multivariate Gaussian distribution

is given by

1
E  [exp(t1 X1+ ...t X)) = exp ( D> t) ,
X~N(0,5) 2

for each t € R*. Multiplying the above by exp(—3 - ¢'¢), and plugging in the power series in
Definition 17, we get for each t € R* that

10:7
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—~ 1 d 1
§ (tTV )" =exp (7 A% t)
i dl-2d 2

3 th
E exp( (t1Xi— 2 )+ + [ taXe — &
X~N(0,5) 2 2

=1 =\ 1

g — - Hg, (X1)-t51 ] --- E — - H, (X)) t;*
XN./\HfE(O,E) [( 81! ~1( 1) 1 > < Sk! k( k) k )]

S1

=0

til"'tsk

= X ol B, (X0 He (X))
S1:Sk: X~N(0,%)

S1yeeey 51,20

Note that since the power series in Definition 17 is absolutely convergent, all steps above
of interchanging limits and expectations are valid by the dominated convergence theorem.
Finally, comparing coefficients, we have the desired result. |

3 A Gaussian Variant

The first step towards proving Theorem 8 is to prove a Gaussian variant, stated below:

» Proposition 19. Let k € N, and let X € R**¥ be a symmetric positive semi-definite matriz
such that:

1. For each i € [k], it holds that ¥; ; = 1.

2. The matrix V =X — I has no row/column as all zeros.

Then, there exists a Lipschitz continuous function f: R — [—1,1] such that:

E X)] =0, and E X; > 0.
X~N(0,1) F(X)] X~N(0,5) ig[k]f( )

3.1 Symmetric Powers of Polynomials

Before we prove the above proposition, we first prove a lemma about (symmetrization of)
powers of multivariate polynomials. We show that if a polynomial g(z1,...,z;) depends
on all the variables x1,...,zx, then the symmetric power Sym(q?), for some integer d (see
Definition 12), contains a monomial divisible by x1z5 - - - xk.

» Lemma 20. Let k € N, and let ¢ : R¥ — R be a polynomial such that for each i € [k],
the polynomial £; = 0;q is not identically zero. Then, there exists some d € N, and positive
integers s1, ..., sk € N such that the coefficient of x3* - z3? - 2}* in the polynomial Sym(q?)
18 non-zero.

We start by proving the following lemma about derivates of powers of q.

» Lemma 21. Let k € N, and let ¢ : R¥ — R be a polynomial. For each i € [k], let £; = 0;q.
Then, for every s = (s1,...,8k) € Z’;’O with |s| = Zie[k] s;, there exist polynomials
P05 -+ 5 D)s|, With pjs) = Hie[k] L3 such that for each d > |s|, it holds that

1’
Is|

- D5z O (qd) =q¢i- sl Zdi - pi
1=0

Proof. The proof is by induction on |s|. For the base case, if |s| = 0, we have s = (0,0,...,0),
and pg = 1 satisfies the statement of the lemma.
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For the inductive step, consider any s = (s1,...,s) € Z5, with || = Yicm 5i > 0.

Without loss of generality, by symmetry, we can assume that s; > 0. By the inductive
hypothesis applied to (51 1,55...,5;), we have the existence of polynomials po, ...,pjs|—1,
with pjgj_1 = 671" - 15, ¢, and such that for each d > |s| — 1, we have

=2 "% )

ls|]—1

aflfl . 852 aZk (qd) — qd—\s|+1 . Z dz’ P
Now, if d > |s|, differentiating the above with respect to x1, we get

Is|—1 |s|—1
IR SR h (qd) _ qd—\sl . (( s| +1 Z dt- p> d—|s|+1 . (Z d -81(p¢)>
=0
\ \ 1
(Zdl Uy - piz 1+Zd’ |s|+1)-£1-pi+q‘81pi)>

o ($hen)
i=0

where the polynomials py, ..., p|s do not depend on d, and are such that pjs = pjsj—1 - €1 =
[Ticp €' as desired. <

With the above lemma in hand, next we shall consider the symmetrization operation
applied to derivatives of powers of q.

» Lemma 22. Let k € N, and let q : R* — R be a polynomial such that for each i € [k], the
polynomial £; = 0;q is not identically zero.

Then, for each large enough even integer d € N, the polynomial Sym (8% 0302 (qd))
s not identically zero.

Proof. By applying Lemma 21 on s = (2,2,...,2), we have the existence of polynomials
Pos - s Do, With pa = [Ticpy 2, such that for each d > 2k, it holds that 07 - 95 - - - 97 (¢%) =

_ 2k 4
gi2k . (Zi:o di - p;
By Lemma 16, let y € R* be such that y (and its permutations) don’t lie in the zero set
of any of the polynomials ¢1,..., ¢k, q. We define

_ B— , > 0.
7?61152 g]g )| >0, o<1<2111[1a1X TES) piy=) >0
1

Then, for any even integer d > max {ka, %}, it holds that
2k—1

Sym (970307 (¢7) () = > a ()2 (- ] i (wa)? + Z d' - p; (y=)

TESk 1€[k]
2k—1
A Zdz )
7T€Sk

d 2k (
>< )4 2’“) (d*% - A—2k-d*1. B)
WGSk

7\'€Sk

2

d

10:9
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Hence, for even integers d > max {2k, %}, the polynomial Sym (812 0302 (qd)) is not
identically zero. |

Finally, we prove the main lemma of this section.

Proof of Lemma 20. Let k € N, and let ¢ : R* — R be a polynomial such that for each
i € [k], the polynomial ¢; = 0;q is not identically zero. It suffices to prove that for some
d € N, the polynomial 97 - 03 - - - 02 (Sym(¢?)) is not identically zero, since then the coefficient
of some monomial divisible by 2% - 23 -+ 22 is non-zero.

For each polynomial p : R¥ — R, and each 7 € S, we shall use p, to denote the polynomial

given by pr(x) = p(z). Then, for all s1,...,s, € Z>o, we have that 97" - 05% - -- ;" (p=) =

(‘921(1) 01y O (P )) .
By the above, we have that for each d € N,

020807 (Symia)) = 0F - 08 37 (z qz)

TES
= Z 8%-8§~-~8,§(q;‘f)
TESE
= > (B Oy Ry (09)
TESE
=D (98598 (a)),
TESK

= Sym (3%-33---82 (qd)).

Now, the result follows from Lemma 22. <

3.2 Proving the Gaussian Variant

We start by proving a slight variant of Proposition 19, where we allow f to be an arbitrary
(possibly unbounded) polynomial.

» Lemma 23. Let k € N, and let ¥ € R*** be a symmetric positive semi-definite matric
such that:

1. For each i € [k], it holds that ¥; ; = 1.

2. The matrizx V =% — I has no row/column as all zeros.

Then, there exists a polynomial f : R — R such that Exnr0,1) [f(X)] =0, and

Hf > 0.

X~N(0 %)

Proof. For s = (s1,...,5:) € NF and a = (ay,...,a1) € R*, let fs,a : R = R be the
polynomial defined by fs«(z) = anHy, (x) + -+ + o H, (x), where the polynomials H,
are Hermite polynomials (see Definition 17). Observe that since s1,...,s; > 1, we have
Ex~nr0,1) [f(X)] = 0; this follows from the orthogonality of the Hermite polynomials.
Suppose, for the sake of contradiction, that for every s € N*, o € R”, it holds that

HZaJ SJ X;)| =0.

XNN(O 2) e (k] jelk]
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Observe that for every s € N¥, the above expression can be written as a multivariate
polynomial in aq,...,ai. If the polynomial vanishes for all a € R*, the coefficient of
Qa7 - ag - - must be zero; that is,

Z E H Hsﬂ(i) (Xz) =0.
]

TESk X~N(©0.) i€lk

Now, applying Lemma 18, we get that for each d € N, and each s1,...,s; > 1 with
s1+ -+ s, = 2d,

SVt @] = 3 [V ) ]

TES TES)
[Sym ((¢TV 6)") s t5 - t] =0

Note that the assumption that V' has no zero row/column implies that for every i € [k], the
polynomial d; (¢"V t) is not identically zero. By Lemma 20, this is a contradiction. <

With the above, we now prove Proposition 19 via a standard truncation argument.

Proof of Proposition 19. By Lemma 23, we know that there exists a polynomial f : R — R

such that Ex-o.1) [/(X)] = 0, and [Exxio.9) [[Liep F(X0)] | > 0.
For each integer M € N, we define the truncated function fi; : R — [-M, M| by

fu(@) = f@) Lpaycm + M- Lyaysm — M- Lay<nr-

Also, let gps : R — [—2M,2M], be given by gnr(z) = far(z) — Ex~ar(o,1) [far(X)]. Observe

that

1. For every M, it holds that Ex.xr0,1) [9a(X)] = 0.

2. For every M, the function gps is bounded and Lipschitz continuous.

3. For every z € R, fum(z) — f(x) as M — oo. Further, since |fy(z)| < |f(x)] for each
z € R,M € N, by the dominated convergence theorem, we have Ex (0,1 [fas(2)] —
Ex~n0,1) [f(z)] =0 as M — oo. This implies that for each x € R, ga(x) — f(x) as
M — oo.

Also, for each 2 € R,M € N, we have [gy(2)| < |f(2)] + Ex~nr0,1) [[/(X)]]. Hence,

by the dominated convergence theorem, we have that Exaro,x) [Hie[k] gM(Xi)} —
Ex~n(0,5) [Hie[k] f(Xv:)] 7 0 as M — oo.

By the above, for some large enough M, the function 537 - gas : R — [—1,1] satisfies the
desired properties. <

4 Linearity Testing Requires Pairwise Independence

In this section, we prove Theorem 8, which is restated below.

» Theorem 24. Let k € N, p € (0,1), and let v € D(p, k) be a distribution having no
pairwise independent coordinate (see Definition 1). Then, there exists a constant o > 0, such
that for every large enough n € N, there exists a function f:{0,1}" — [=1,1] such that

L [Bxaen [T, £0)]| > .
2. For every S C [n], it holds that ‘EXN#EW [f(X)xs(X)]| < on(1).

10:11
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Moreover, if the distribution v is such that 1) := max; jex],ixj Prx~y [Xi = X;] <1 (that
is, no two coordinates are almost surely equal), the above holds for a function f with range

(~1,1}.

The remainder of this section is devoted to the proof of Theorem 24. In Section 4.1,
we prove the first part of the theorem, dealing with functions with range [—1,1]. Then, in
Section 4.2, we show how to round to functions with range {—1,1}.

4.1 Function with Range [—1, 1]

Let k€ N, p € (0,1), and let v € D(p, k) be a distribution having no pairwise independent
coordinate. Let ¥ € R*¥** be the (normalized) covariance matrix corresponding to the
distribution v, given by, ¥; ; = Ex~. [%}. Observe that the matrix ¥ satisfies
the conditions of Proposition 19, and hence there exists a function h : R — [—1, 1] such that
1. Ezono) [M(Z)] =0

2. The function H : R* — [~1,1] given by H(z) = [Ticpsy b (@) is such that

1
o=
2

E H(Z)|| > 0.
Bl >}\

3. The function h is K-Lipschitz for some K > 0; in particular, both A and H are bounded
continuous functions.

Consider any large n € N. We define f : {0,1}" — [-1,1] by

f(z) Z i,

p—p

The function f satisfies the two properties in the theorem statement, as follows:

Let X ~v®" and let Y = (Yi,...,Y%) be a {0, 1}k—valued random vector, defined as
_ 1 n XD —p

}/i - ﬁ : Z]:l /p7p2 :

Let F : {0,1}*" — [~1,1] be given by F(z) = [Ticpyy f (2i). Since H is continuous and

bounded, we have by the Multivariate CLT (Theorem 15) that

BFX) - E _[HZ) ] - ] B (V)]

Z~N(0,5) [H(Z)] ‘ < o,(1).

E
Z~N(0,%)

Hence, for large n, we get ’EXN,,@n [Hle f(XZ)} } > 2a —0,(1) > a, as desired.
Consider any subset S C [n], and let T C S be any subset of size |T| = min {|n'/4],|5|}.
Let f:{0,1}" — [~1,1] be defined by f(X)=h

1 20 _p Y.
<\/m *2jelhT W)
this function only depends on the coordinates of = outside the set T'. Further, for each
x € {0,1}", by the Lipschitz bound on h, we get

note that
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3 1 20 —p 1 20— p
@) = f@)| <K= > - Sy =L
n j=1 \/p*p2 \/nf‘T| JEMN\T p7p2
K 7| 1 1
<— [ E4+n-T) | — - —
p—p? < w1 N ﬁ)
(K (m i )
= p-pz n \/ﬁ n
K 27
< ’7:077.1,
p—p? Vn .

where we used that (1 —¢)~1/2 < 1+t for each t € [0,1/2].
Now, for X ~ p2™, we have

BLACX) xs00] | < | BHC0xs(0] |+ 0a(0)

= | B (73 xsr (X)) B r (3] |+ 0n)

B (7X) xone ()] |11 200 + 0, )

If |S| > [n'/*], then |1 — 2p|m = 0,(1). Otherwise, we have that S = T, and by the
Central Limit Theorem (see Theorem 15) , the first term in the above product equals

E[00] | =| el -, B 2] | =) “

Z~N(0,1)

==

4.2 Rounding to a Function with Range {—1,1}

Now, we shall prove the second part of Theorem 24.
Let k € N, p € (0,1), and let v € D(p, k) be a distribution having no pairwise independent
coordinate. Further suppose that the distribution v is such that

= max Pr [X;=X]<1.
T etk il i

Let > 0 be as obtained in Section 4.1. Consider any large n € N, and let f : {0,1}" — [—1,1]

be the function obtained in Section 4.1.
1+£(=)
2

1-f(=z)’
2

1, w.p.
Let g : {0,1}" — {—1,1} be a random function, defined as g(x) = { ) P
-1, w.p.
independently for each z € {0,1}". Observe that this satisfies E, [g(x)] = f(x) for each
x € {0,1}". We will show that the function g satisfies the two desired properties with
probability 1 — 0,,(1), and hence by the probabilistic method, this guarantees the existence

of a non-random g as desired. This is done as follows:

1. Let F,G : {0,1}"" — [=1,1] be defined as F(z) = [Licp f (@i) and G(z) = [L;cpy 9 (@)

Let X,Y ~ v®" be independent (of each other and of g) and let E be the event
that Xq,..., X%, Y7,..., Y, are all distinct. Then, by a union bound, we have that

Pr[E] <2- (’;) "4k <p2 +(1 —p)Q)n = 0,(1), and hence

10:13
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Similarly, we have

E [E [G(X)]} T [JE [F(X)]] 2

g | X

Letting § = [Ex [F(X)]| > a, we get Var, [Ex [G(X)]] < 82 + on(1) — (8 — on(1))? =
on(1). Hence, by Chebyshev’s inequality (Fact 13), we have [Ex [G(X)]| > § with
probability 1 — 0,(1).

2. Fix S C [n]. Let X ~ p$™, and let W = Ex [xs(X) - g(X)] = er{o,l}" Pr(X =21 -
xs(z) - g(x). Observe that W is a sum of 2" independent and bounded random variables,
and such that Eg[W] = Ex [xs(X) - f(X)]. For ¢ = max{p,1 —p} < 1, it holds that
>, 2Pr[X =z])? <4¢™ - Y., Pr[X = z] = 4¢", and by Hoeffding’s inequality (Fact 14),
we have for each ¢ > 0 that

2t?
Pr(|W — E[W]| > 1] <2-exp <_4qn) |

Let t = ¢"/* Then, with probability at least 1 — 0,(27™"), it holds that |W| =
Ex [xs(X) - g(X)]| < [Ex [xs(X) - fF(X)]| +¢"/* = 0, (1).

Now, a union bound over S C [n] shows that with probability 1 — 0,,(1), the above holds
for every S C [n]. <

5 Queries vs. Bias Tradeoff

In this section, we analyze the relation between p (the bias) and k (the number of queries)
for the existence of a distribution v € D(p, k) with some pairwise independent coordinate,
and with full even-weight support (see Definition 1).

5.1 Query Lower Bound

We prove a lower bound on k in terms of the p, as follows:

» Proposition 25. Let k € N, p € (0,1), and let v € D(p, k) be a distribution that has some
pairwise independent coordinate. Then, it holds that k > 3 and ﬁ <p<1l-— ﬁ

Proof. Let X ~ v, and let i € [k] be a pairwise independent coordinate under v.
For Z =%, ,; X;, we have by linearity of expectation, that E [X; - Z] = (k — 1)p?. On
the other hand, observe that if X; =1, then Z =1 (mod 2) and so Z > 1. Hence,
p=E[Xi ] <E[X; Z] = (k- 1)p*

and we have (k — 1)p > 1; in particular, this shows k > 3.
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For the upper bound on p, we consider the following cases:
k is odd: In this case, if X; =1, then Z = 1 (mod 2) and so Z < k — 2. Hence,

(k=1)p* =RE[X; - Z) SE[X; - (k - 2)] = p(k - 2),

and we have (k — 1)p < (k — 2), as desired.

k is even: In this case, observe that the distribution of the random variable (1—X5,...,1—
X},) also satisfies the hypothesis of the proposition, with p replaced by 1 — p. Hence, the
above proof gives us (k —1) - (1 —p) > 1, as desired. <

» Remark 26. The proof of Proposition 25 also shows that for k > 3 and p € {ﬁ, 1-— ﬁ},
any distribution satisfying the assumptions of Proposition 25 cannot have full even-weight
support. This is because if p € {ﬁ, 1-— ﬁ}, in all cases in the above proof, the random

variable Z must be constant under some value of X; (either X; = 0 or X; = 1); this cannot
be the case for a distribution with full even-weight support when k > 3.

5.2 Query Upper Bound

In this subsection, we shall prove the following proposition.

» Proposition 27. Let k > 3 be a positive integer, and let p € [ﬁ, 1-— ﬁ} (note that this
interval is non-empty for k > 3).

Then, there exists a permutation-invariant® and pairwise independent distribution
v(k,p) € D(p,k) (see Definition 1). Furthermore, if k = 3 or if p & {Tipl - k—il},
then there exists such a distribution with full even-weight support.

The proof involves various cases, considered below in Lemma 28 and Lemma 29.

» Lemma 28. Let k > 4 be a positive integer, and let p € {ﬁ, %) u (1 - %, 1-— ﬁ}

(note that this interval is contained in ﬁ,l — ﬁ for k > 4). Then, there exists a

pairwise independent distribution v(k,p) € D(p, k).

Moreover, if p & {ﬁ7 1- ﬁ}, then there exists such a distribution with full even-

weight support.
Proof. Let k > 4 be a positive integer, and let p € [ﬁ, %) U (1 — %, 1-— ﬁ} Let
5= ng, we shall exhibit a vector ¢ = (go,q1,---,¢s) € [0,1]°T! satisfying:
[k (k-1 (k-2
g =1 “q; = p, g =p°.

IO (RTESTID I () RIS O (R RES

=0 i=1 =1
Qzl/2: |z =0 (mod 2)
0, |z] =1 (mod 2)

to the point x € {0, 1}k, where |z| = Zle x;. Note that the above properties correspond
to v(k,p) being a valid probability distribution supported on even-hamming-weight vectors,

The distribution v(p, k) is then defined by assigning probability {

having marginals p,, and pairwise independent coordinates. Furthermore, the distribution
v(p, k) has full even-weight support if and only if each ¢; € (0, 1).

5 we say that a distribution v over {0, l}k is permutation-invariant, if for X = (X1,...,Xg) ~ v, and any
permutation 7 : [k] — [k], the distribution of (Xﬁ(l), RPN Xﬁ(k)) is the same as v.

10:15
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The vector ¢ is defined as follows in different cases (for brevity, we omit the verification

of the above properties):

kp? k2 k—2)p—(k—1)p>
L k>5isodd, pe [k Ry 1) Let go = 1+ - — Z(k—pl)’ g =1 (k)—pl)((k—s))p » d(k-1)/2 =

% and zero otherwise.

2.k >5isodd, 1—p € [ﬁ%) Let g = 1+ 225 — Ao g 0 =
%’ d(k-1)/2 = % and zero otherwise.

3.k > diseven, p € |y, iy ) Let qp = SSREINER g, — bt g, = (e,

and zero otherwise.

4. k>4iseven, 1 —p¢€ [ : In this case, we define v(k, p) to be the distribution

) k I
obtained by flipping each coordinate of v(k,1 — p).

Next, we show that if p & {k 71— ﬁ}, then such a distribution v(p, k) with full
even-weight support exists. We only need to do this for the first three cases, as the procedure
described in the fourth case preserves the property of full even-weight support.

The same argument applies in all cases, and we present it for the first case: that is

when k > 5 is odd, and p € ( . We observe if p # k 7, each of the probabilities

k—1° k 1
90, q1, q(k—1)/2 above lie in the interval (0, 1). Now, consider the equations

(kY N (k—1Y\ (k-2
Z(gi)'%o’ ;<2i—1>'qi0’ ;(22,_2)-%-0.

=0

In these equations, the variables Go, 1, §(x—1)/2 are linearly independent, and hence, there
exists a vector § € R*T! satisfying these equations, which has all coordinates equal to 1,
other than possibly §o, 1, G(k—1)/2- Then, for some small § > 0, the vector ¢ + ¢ - ¢ has all
coordinates in (0, 1), and satisfies the required properties. |

» Lemma 29. Let k > 6 be a positive integer, and let p € [%7 1— %} \ {%} (note that
this interval is non-empty for k > 6). There, there exists a pairwise independent distribution
v(k,p) € D(p, k) with full even-weight support.

Proof. Let k > 6 be a positive integer, and let p € [%, 1— %} , p # 3. That is, for
¢ = min{p,1 —p} < %, we have k > 1 + %. Let ¢ be the smallest odd integer satisfying

> 1—|—é > 3. Note that this satisfies 4 < ¢ < 3+$ < 1+ < k, and we have ¢ € (z T 621
By Lemma 28, there exist pairwise independent distrlbutlons v(¢,p) and v({,1 — p),
with full even-weight support. Let 7y = v({,p), and let #; be the distribution obtained
by flipping each coordinate of v(¢,1 — p). Since ¢ is odd, for each b € {0,1}, it holds
that 7, has pairwise independent coordinates, each with marginal 1), and such that

supp (@) = {:c e {0,1}" ZZ 12 = b (mod 2)} Finally, we define X ~ v(k,p) via the
following random process: Let (Xyy1,..., Xk) ~ ug(k%), and with Z = Z?:lJrl X; (mod 2),
we let (Xi,...,Xy) ~ Uz. It is an easy check that this distribution satisfies the required
properties. |

Finally, we prove Proposition 27.

Proof of Proposition 27. Note that it suffices to find such a distribution that is not neces-
sarily permutation invariant, since averaging the distribution over all permutations preserves
pairwise independence and full even-weight support.
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If p = 1/2, for any k > 3, we let v(k,p) be the uniform distribution on the set
{x e {0,1}*: Zle 2z; =0 (mod 2)}

Now, for k = 3, it must hold that p = 1/2, in which case v(k,p) is as above. For k =4
or k =5, and p # 1/2, it must hold that p € {ﬁ, %) U (1 — %,1— ﬁ], and the
result follows from Lemma 28. For k > 6 and p # %, the result follows from Lemma 28 and
Lemma 29. <

6 Putting Everything Together

We are now ready to prove our main result.

Proof of Theorem 5. Let p € (0,1).

1. Consider any positive integer k > 1 + m > 3 (or k = 3 with p = %) By
Proposition 27, there exists a pairwise independent distribution v € D(p, k) with full
even-weight support. The result now follows by Theorem 33.

2. Suppose that £ > 3 with p = ﬁ, or k > 4 is even with p =1-— ﬁ In these
cases, we observe that the distribution v € D(p, k) constructed in Lemma 28 is pairwise
independent, and contains BLR (see Definition 32):

a. Ifk>3,p= ﬁ, the distribution » contains all vectors in {0, 1}k of hamming-weights
0 and 2 in its support. In this case, Definition 32 is satisfied with b = 0 and Z as the
all-zeros vector.

b. Ifk>4iseven,and p=1-— ﬁ, the distribution v contains all vectors in {0, l}k of
hamming-weights £ — 2 and k in its support. In this case, Definition 32 is satisfied
with b = 1 and 7 as the all-ones vector.

The result now follows by Theorem 33.

3. Suppose that k < 1+ m is a positive integer, and let v € D(p, k). We perform the
following operation on the distribution v: if i, € [k], i # j are such that Prx.,[X; =
X;] =1, we remove coordinates %, j from v, and repeat until no such pairs remain.
Finally, we are left with a distribution 7 on k < k coordinates. We consider the following
two cases:

a. Suppose that & = 0. In this case, for every n € N, and every f : {0,1}" — {-1,1},
it holds that Ex.,en [Hle f(XZ)} =1, since the k terms in the product cancel out
in pairs. Hence, it suffices to show the existence of a function f: {0,1}" — {-1,1}
satisfying ‘EXNHS?" [f(X) - XS(X)]’ < 0y, (1) for every S C [n]. Note that a (uniformly)
random function f : {0,1}" — {—1,1} satisfies this with high probability, by an
argument similar to the one at the end of Section 4.2 (a random function can be
thought of as rounding the constant zero function as in Section 4.2).

b. Now, suppose that k # 0. Then, it holds that 7 € D(p, k), and by Proposition 25,
we have that 7 has no pairwise independent coordinate. Now, by Theorem 24 there

exists a constant « > 0, such that for every large n € N, there exists a function
f:{0,1}" — {—1,1} such that

and such that ‘IEXNM;?" [F(X) - xs(X)]| < on(1) for every S C [n]. <

CCC 2025
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6.1 A Corner Case

In the above proof, we leave the case of odd k > 5and p =1 — . This turns out to be
very interesting, and we discuss it next. For the remainder of thls sectlon, we fix such a k
and p.

In this case, the pairwise independent distribution v € D(p, k) constructed in Lemma 28,
is supported on vectors of hamming weights 0 and & — 1 (and does not contain BLR as in
Definition 32). In particular, for every x € supp(v), it holds that Zle x; =0 (mod k —1).
For this reason, as we show next, the best we can expect from the test Lin(v), is to guarantee
correlation with a character over Z/(k — 1)Z, and this is indeed true.

» Definition 30 (Characters over Z/(k — 1)Z). Let w be a primitive (k — 1)** root of unity.
For every 0 < r < k — 2, we define the function ¢, : {0,1} = C as ¢,(x) = ™.
For every n € N, and every integers 0 < vV, ... r(") <k — 2, we define the product

. @) G
character ¢,y o 1 {0,1}" = C by ¢y, () = H?:l b,y (x0)) = wzizl .

Now, consider the test Lin(). Observe that any character f = ¢,.q) . passes this
test with probability 1:

IT rxi =H H@m Zﬁy

~ ®
X icin =1 ek =1

Next, we claim that characters explain the success of Lin(v) for any function f:

» Theorem 31. For every constant € > 0, there exists a constant 6 > 0 such that for every
large enough n € N, the following is true:

Let f : {0,1}" — [~1,1] be a function such that ‘IEXM,@n [Hle f(Xz)} ‘ > €. Then, there
exist integers 0 < W ... r(") <k —2, such that

E [f(X) ¢ po(X)]

)(N,u,?jwL

> 0.

Proof. The result follows from the work of Bhangale, Khot, Liu and Minzer [7, 8], and we
omit the details. Very roughly speaking, the proof follows a similar strategy as in Section T7:
first show that f has good correlation with a character under random restrictions; then, use
this to show that f has good correlation with character times a low-degree function; finally,
use that v is pairwise independent to get rid of the low-degree function. |

Finally, we present an alternative solution to deal with this corner case of odd k£ > 5 and
p=1-— . Instead of the test Lin(v), we can perform the following test:

Let f : {0, 1}" — [-1,1],and let v € D(1—p, k) = D(ﬁ7 k) be the pairwise independent
distribution from Lemma 28.
1. Sample X = (X1,..., X}) ~ /@™
2. Let X' be the vector obtained by negating each of the kn coordinates of X.
3. Query f on Xi,..., X} and accept if and only if [];c (Xl’) =1
Each query X! of the above test is distributed according to ,u " and the analysis of the test
simply follows from the analysis for Lin(2’) in Theorem 5. The drawback here, though, is
that the test does not accept all linear functions with probability 1, but only functions of the
form (—1)I51. xg, for S C [n].



S. Khot and K. Mittal

7 Analysis of the Linearity Test

In this section, we shall state and prove a generalized version of Theorem 7. The proof
follows the work of Bhangale, Khot and Minzer [11], and hence we only give a rough outline
(skipping many of the technical points), pointing out the places where the proof differs from
the above work. We start with the following definition:

» Definition 32. Let k > 3,p € (0,1), and let v € D(p, k) be a distribution. We say that v
contains BLR, if there exists some b € {0,1}, Z € {0,1}" 2, such that

{(ml, To, T DTy ®b, 2):xq, 20 € {0, 1}} C supp(v) C {0, 1}k.

Furthermore, for technical reasons, we shall also require that
k
spang, (supp(v)) = {a: e {0, l}k : in =0 (mod 2)} .
i=1

Observe that any v with full even-weight support contains BLR (with b=0, and 7 the
all-zeros vector). With this, we state the following generalization of Theorem T7:

» Theorem 33. Let k > 3 be a positive integer, and let p € (0,1), € € (0,1] be constants,
and let v € D(p, k) be a distribution containing BLR (see Definition 32). Then, there exist
constants 06 > 0, d € N (possibly depending on k,p,€,v), such that for every large enough
n € N, the following is true:

Let f:{0,1}" — [-1,1] be a function such that

Then, there exists a set S C [n], and a polynomial g : {0,1}" — R of degree at most d and
with 2-norm By, on [9(X)?] <1, such that

E [f(X) xs(X)-g(X)]| = 0.

XNN;Q?W,

Moreover, if the distribution v has some pairwise independent coordinate, then we may
assume g = 1; that is, f correlates with a linear function xs.

The remainder of this section is devoted to the proof of the above theorem. Let & > 3 be
an integer, and let p € (0,1), € € (0,1] be constants, and let v € D(p, k) be a distribution
containing BLR (see Definition 32). Also, let f: {0,1}" — [—1,1] be a function such that

Hf(Xi)]

i=1

> €. (1)

X=(X1,...,Xp)~v®n

Step 1: Large Fourier Coefficient under Random Restriction

We note that the proof of this step is where we differ from [11].

Since the distribution v € D(p, k) contains BLR, we can write v = (1 — ) - v/ + (- p,
for some small constant 0 < 8 < %min {p,1 — p}, some distribution v’ over {0, l}k, and
with g the uniform distribution over {(331,332,.131 @ ®b,2): xy, 9 € {0, 1}}, where b, Z
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are as in Definition 32. Using this, we can describe choosing X ~ v®" as the following
two step process. First choose a set I C [n], denoted I ~;_3 [n], by choosing i € I with
probability 1 — 3, independently for each i € [n]. Then, choose Z ~ /®*1 and Y ~ u!, and
set X = (Y, 2).

With the above, we can prove that the function f satisfies the property of having a large
fourier coefficient under random restrictions; the reader is referred to [28] for an introduction
to Fourier analysis over the hypercube.

» Lemma 34. With § = ¢/2, it holds that

Pr 35 C ]\ I : ]@(5)‘%}%.

I~i_gln], Z~v'®1
Here, fr_,z, refers to the restriction of the function f, with the variables in I set to Z;.

Proof. By Equation 1, we have
H fr-z.(Yi

I~y _g[n], Zv'®1 Y~M®I |J 1

HfHZ

=1

[0}
N

X=(X1,... Xk)~”®"

Observe that in the above expression, the random variables Yy, ..., Y} are constants (determ-
ined by Z). Now, using a (classical) Fourier analytic argument to analyze the BLR linearity
test over the uniform distribution (see Chapter 1 of [28]), we get

Hf[—>Z |

=1
- S ez () Froz(S) - frsz(S) - (~1)%1S

I~ Za®1
- 5[”] v SCI

max E(S)H

N

E

I~y _g[n], Z~p'®1

Y~u®’

€<
Iny_gn], Zrw/®T

Y~u®’

N

E
I~aogln), Zrw'®T

Pr [35 crl: ’fHZl(S)‘ > 6/2} +e/2. <

Irvi_gln], Z~v'®1

N

Step 2: Direct Product Test

Using Theorem 1.1 in [11], by Lemma 34 we get the existence of constants d € N, ¢’ > 0,
a set S C [n], and a polynomial g : {0,1}" — R of degree at most d, and with 2-norm
Ex., en [9(X)?] <1, such that

E [f(X) xs(X)-g(X)]| ="

Xeopg™

This proves the first part of Theorem 7. It remains to show that if v has some pairwise
independent coordinate, it is possible to remove the function g in the above expression.
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Step 3: List Decoding

This step follows Section 4.2 and Section 4.3 in [11].

" we can find a constant » € N, and functions

Using an iterative list-decoding process,
XSy ---5Xs,, and constant degree polynomials g1, ..., gr, such that it is possible to “replace
f by Zie[r] Xs; - gi in Equation 1 (and lose at most some constant factor in €). Now, this

implies that for some constant ¢’ > 0, and some indices ji,...,jx € [r], we have

”

> (2)

[H XSh g]z X )]

(X1, Xk)"”’®"

We remark that for the next step, some extra structure on Sj,’s is needed, and ensuring that
it holds requires the condition on spang, (supp(v)) in Definition 32.

Step 4: Invariance Principle Argument

This step follows Section 4.4, Section 4.5, and Section 4.6 in [11].

Assume, for the sake of contradiction, that f is not correlated well with any xg; that
is, Expen [f(X) - xs(X)] < 0,(1) for each S C [n]. Using this, it can be shown, roughly,
that for each i € [k], the expectation Ex 8" [xs;, (X)gj,(X)] < on(1); note that for this
conclusion to hold, we might have to modify S;,’s and g;,’s, however it is possible to do so
while maintaining Equation 2 — roughly, this follows by showing S;,’s are close to each other.

Now, by an invariance principle argument [27, 25, 26], very roughly,® it is possible to
replace the expectation in Equation 2 over (X7i,...,X%) ~ v®" by an expectation over

(Z1,...,Z1) ~ N(0,%)®", where ¥ € R¥*F is the (normalized) covariance matrix of v.

Finally, we use that some coordinate X« is pairwise independent of each X, for ¢ # i*. Since
the Gaussian distribution is determined by its covariance matrix, this implies that Z; is
mutually independent of (Z;);;-. We have

[H XSJL g]1 )

HXSJL )95, (X:)

X:(Xl, )()c)'\/I/@m

Q

Z=(Z1,... Zk)NN 0,5)®

5o s @] B | TT s, @02

Z;x~N(0,1)®n €k, ii

Q

Q

E H XSM )95 (Zi)
i€[k],i#i*

E {XSJ;,* (Xix )931 (Xix )}

n

Xy ~p

< o,(1),

which is a contradiction. <

7 we remark that this is a subtle argument using different degree parameters for the different polynomials.

8 technically speaking, this requires two extra steps: first, noise is applied to ensure function boundedness
and distribution connectivity; second, a regularity lemma is used to make low-degree influences small.
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