ALGORITHMIC POLYNOMIALS*

ALEXANDER A. SHERSTOVT

Abstract. The approzimate degree of a Boolean function f(z1,z2,...,Zn) is the minimum
degree of a real polynomial that approximates f pointwise within 1/3. Upper bounds on approximate
degree have a variety of applications in learning theory, differential privacy, and algorithm design in
general. Nearly all known upper bounds on approximate degree arise in an existential manner from
bounds on quantum query complexity.

We develop a novel, first-principles approach to the polynomial approximation of Boolean func-
tions. We use it to give the first constructive upper bounds on the approximate degree of several
fundamental problems:

3__ 1
° O(n4 42k 1) ) for the k-element distinctness problem;

1
. O(nlim) for the k-subset sum problem;

1
. O(nlim) for any k-DNF or k-CNF formula,
e O(n3/%) for the surjectivity problem.

In all cases, we obtain explicit, closed-form approximating polynomials that are unrelated to the
quantum arguments from previous work. Our first three results match the bounds from quantum
query complexity. Our fourth result improves polynomially on the ©(n) quantum query complexity
of the problem and refutes the conjecture by several experts that surjectivity has approximate degree
Q(n). In particular, we exhibit the first natural problem with a polynomial gap between approximate
degree and quantum query complexity.
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ness problem, k-subset sum problem, surjectivity problem, k-DNF formulas, k-CNF formulas
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1. Introduction. Let f: X — {0,1} be a given Boolean function, defined on a
subset X C {0,1}™. The e-approzimate degree of f, denoted deg,(f), is the minimum
degree of a multivariate real polynomial p such that |f(z) — p(z)| < e for all z €
X. The standard setting of the error parameter for most applications is € = 1/3,
an aesthetically motivated constant that can be replaced by any other in (0,1/2)
at the expense of a constant-factor increase in approximate degree. The notion of
approximate degree originated 25 years ago in the pioneering work of Nisan and
Szegedy [45] and has since proved to be a powerful and versatile tool in theoretical
computer science. Lower bounds on approximate degree have complexity-theoretic
applications, whereas upper bounds are a tool in algorithm design. In the former
category, the notion of approximate degree has enabled spectacular progress in circuit
complexity [48, 60, 12, 8, 37, 38, 54, 10], quantum query complexity [9, 15, 3, 1, 4,
34, 20], and communication complexity [16, 49, 19, 54, 55, 50, 40, 24, 52, 10, 58, 57].
On the algorithmic side, approximate degree underlies many of the strongest results
obtained to date in computational learning [61, 36, 35, 33, 46, 7], differentially private
data release [62, 23], and algorithm design in general [41, 32, 53].

Despite these applications, progress in understanding approximate degree as a
complexity measure has been slow and difficult. With very few exceptions [45, 32, 53,
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56], all known upper bounds on approximate degree arise from quantum query algo-
rithms. The connection between approximate degree and quantum query complexity
was discovered by Beals et al. [9], who proved that the acceptance probability of an
algorithm that makes T queries is representable by a real polynomial of degree 2T
Put another way, every quantum algorithm implies an approximating polynomial of
comparable complexity for the problem in question. Since the seminal work of Beals
et al., essentially all upper bounds on approximate degree have come from quantum
query algorithms, e.g., [15, 63, 6, 29, 7, 28, 27, 13, 42]. An illustrative example is the
problem of determining the approximate degree of Boolean formulas of size n, posed
in 2003 by O’Donnell and Servedio [46]. Progress on this question was stalled for a
long time until it was finally resolved by Ambainis et al. [7], who built on the work
of Farhi et al. [29] to give a near-optimal quantum query algorithm for any Boolean
formula.

While quantum query complexity has been a fruitful source of approximate de-
gree upper bounds, the exclusive reliance on quantum techniques for the polynomial
approximation of Boolean functions is problematic. For one thing, a quantum query
algorithm generally does not give any information about the approximating poly-
nomial apart from its existence. For example, converting the quantum algorithms
of [6, 7, 13] to polynomials results in expressions so large and complicated that they
are no longer meaningful. More importantly, quantum query algorithms are more con-
strained objects than real polynomials, and an optimal query algorithm for a given
problem may be far less efficient than a polynomial constructed from scratch. Given
the many unresolved questions on approximate degree, there is a compelling need for
polynomial approximation techniques that go beyond quantum query complexity.

In this paper, we take a fresh look at several breakthrough upper bounds for ap-
proximate degree, obtained over the years by sophisticated quantum query algorithms.
In each case, we are able to construct an approximating polynomial from first princi-
ples that matches or improves on the complexity of the best quantum algorithm. All
of our constructions produce explicit, closed-form polynomials that are unrelated to
the corresponding quantum algorithms and are in the author’s opinion substantially
simpler. In one notable instance, our construction achieves a polynomial improvement
on the complexity of the best possible quantum algorithm, refuting a conjecture [22]
on the approximate degree of that problem and exhibiting the first natural example of
a polynomial gap between approximate degree and quantum query complexity. Our
proofs contribute novel techniques to the area, discussed in detail in Section 1.5.

1.1. k-Element distinctness. The starting point in our work is the element
distinctness problem [17, 3, 6, 4, 39, 13], which is one of the most studied questions
in quantum query complexity and a major success story of the field. The input to
the problem is a list of n elements from a given range of size r, and the objective
is to determine if the elements are pairwise distinct. A well-studied generalization
of this problem is k-element distinctness, where k is an arbitrary constant and the
objective is to determine if some k-tuple of the elements are identical. Formally, the
input to element distinctness and k-element distinctness is represented by a Boolean
matrix x € {0,1}™*" in which every row i has precisely one “1” entry, corresponding
to the value of the ith element.! Aaronson and Shi [3], Ambainis [4], and Kutin [39]
showed that element distinctness has quantum query complexity Q(n2/ 3). In follow-up

L Alternately, the input can be represented by a string of n[logr] bits. Switching to this more
compact representation changes the complexity of the problem by a factor of at most [logr], which
is negligible in all settings of interest.
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work, Ambainis [6] gave a quantum algorithm for element distinctness with O(n?/3)

queries, matching the lower bound in [3, 4, 39]. For the more general problem of

k-element distinctness, Ambainis’s algorithm [6] requires O(n’“/ (’”1)) queries. Using

a different approach, Belovs [13] gave a polynomially faster algorithm for k-element
K 1

distinctness, with query complexity O(n? 4@ -1). Belovs’s algorithm is currently
the fastest known.

The algorithms of Ambainis [6] and Belovs [13] are highly nontrivial. The for-
mer is based on a quantum walk on the Johnson graph, whereas the latter uses the
framework of learning graphs. We give an elementary, closed-form construction of
an approximating polynomial for k-element distinctness that bypasses the quantum
work. Formally, let ED,, ;.5 : {0,1}%," — {0, 1} be given by

ED, s (2) = {1 if 15 <.|>I2,j + -4 xp,; <k for each j,

Y 0 otherwise.
The notation {0, 1}2;" for the domain of this function indicates that we allow arbitrary
input matrices z € {0,1}"*" of Hamming weight at most n, with no restriction on the
placement of the “1” bits. This is of course a problem more general than k-element
distinctness. We prove:

THEOREM 1.1 (k-element distinctness). Let k > 1 be a fized integer. Then for all
n,r =1,

11
deg; 5(EDyp rx) = O (\/ﬁmin{nm}2 4<1—2*’“>) .
Moreover, the approximating polynomial is given explicitly in each case.

31 S S
Theorem 1.1 matches the quantum query bound of O(n* +@*F-1) = O(n1 41-27F))
due to Belovs [13] and further generalizes it to every r > 1.

1.2. k-Subset sum, k-DNF and k-CNF formulas. Another well-studied
problem in quantum query complexity is k-subset sum [26, 14]. The input to this
problem is a list of n elements from a given finite Abelian group G, and the objective is
to determine whether there is a k-tuple of elements that sum to 0. Formally, the input
is represented by a matrix x € {0, 1}"X|G‘ with precisely one “1” entry in every row.
Childs and Eisenberg [26] contributed an alternate analysis of Ambainis’s algorithm
for k-element distinctness [6] and showed how to adapt it to compute k-subset sum
or any other function property with 1-certificate complexity at most k. In particular,
any such problem has an approximating polynomial of degree O(nk/ (’”‘1)). We give a
first-principles construction of an approximating polynomial for any problem in this
class, using techniques that are elementary and unrelated to the quantum work of
Ambainis [6] and Childs and Eisenberg [26]. Our result is more general:

THEOREM 1.2 (k-DNF and k-CNF formulas). Let k > 0 be a fized integer. Let
f:Ao, 1}]<Vn — {0, 1} be representable on its domain by a k-DNF or k-CNF formula.
Then .

degy /3(f) = O(n*1).
Moreover, the approximating polynomial is given explicitly in each case.

Recall that a k-DNF formula in Boolean variables 1, o, . .., zy is the disjunction of
an arbitrary number of terms, where each term is the conjunction of at most k literals
from among =1, %7, T2, T3,...,TN,TN. An essential aspect of Theorem 1.2 is that the
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approximate degree upper bound depends only on the Hamming weight 1 +xo+- - -+
xn of the input and does not depend at all on the number of variables N, which can be
arbitrarily large. Several special cases of Theorem 1.2 are worth noting. The theorem
clearly applies to k-subset sum, which is by definition representable on its domain
by a k-DNF formula. Moreover, in the terminology of Childs and Eisenberg [26],
Theorem 1.2 applies to any function property with 1-certificate complexity at most k.
Finally, taking N = n shows that Theorem 1.2 applies to any function f: {0,1}" —
{0, 1} representable by a k-DNF or k-CNF formula.

1.3. Surjectivity. While our proofs of Theorems 1.1 and 1.2 are significantly
simpler than their quantum query counterparts, they do not give a quantitative im-
provement on previous work. This brings us to our next result. In the surjectivity
problem [11], the input is a list of n elements from a given range of size r, where r < n.
The objective is to determine whether the input features all r elements of the range.
In function terminology, the input represents a mapping {1,2,...,n} — {1,2,...,7},
and the objective is to determine whether the mapping is surjective. As usual in the
quantum query literature, the input is represented by a Boolean matrix z € {0,1}"*"
in which every row has precisely one “1” entry. Beame and Machmouchi [11] proved
that for » = |[n/2] + 1, the surjectivity problem has the maximum possible quan-
tum query complexity, namely, ©(n). This led several experts to conjecture that the
approximate degree of surjectivity is also ©(n); see, e.g., [22]. The conjecture was
significant because its resolution would give the first AC” circuit with approximate
degree O(n), closing a long line of research [45, 3, 4, 22].

Surprisingly, we are able to show that surjectivity has an approximating polyno-
mial of substantially lower degree, regardless of the range parameter r. Formally, let
SURJ,, 2 {0,1}2," — {0,1} be given by

SURJH,T(Z') = /T\ \n/ L j-
j=1li=1

In keeping with our other results, our definition of SURJ, , allows arbitrary input
matrices {0,1}"*" of Hamming weight at most n. In this generalization of the sur-
jectivity problem, the input can be thought of as an arbitrary relation rather than a
function. We prove:

THEOREM 1.3 (Surjectivity). For all positive integers n and r,

O(ymn-r/*) ifr <n,

degl/g(SURJnm) = {0 From

Moreover, the approximating polynomial is given explicitly in each case.

In particular, the theorem gives an approximating polynomial of degree O(n3/ 4) for
all r. This upper bound is polynomially smaller than the problem’s quantum query
complexity ©(n) for r = |n/2| + 1. While explicit functions with a polynomial gap
between approximate degree and quantum query complexity have long been known [5,
2], Theorem 1.3 exhibits the first natural function with this property. The functions
in previous work [5, 2] were constructed with the specific purpose of separating these
complexity measures.

1.4. Symmetric functions. Key building blocks in our proofs are symmetric
functions f: {0,1}" — {0,1}. A classic result due to Paturi [47] states that the 1/3-
approximate degree of any such function f is ©(v/nf), where ¢ € {0,1,2,...,n} is the



ALGORITHMIC POLYNOMIALS 5

smallest number such that f is constant on inputs of Hamming weight in [¢,n — /].
When a symmetric function is used in an auxiliary role as part of a larger construc-
tion, it becomes important to have approximating polynomials for every possible
setting of the error parameter, 1/2" < e < 1/3. A complete characterization of the
e-approximate degree of symmetric functions for all e was obtained by de Wolf [63],
who sharpened previous bounds [32, 15, 53] using an elegant quantum query algo-
rithm. Prior to our work, no classical, first-principles proof was known for de Wolf’s
characterization, which is telling in view of the basic role that AND,,, OR,,, and other
symmetric functions play in the area. We are able to give such a first-principles
proof—in fact, three of them.

THEOREM 1.4 (Symmetric functions). Let f: {0,1}" — {0,1} be a symmetric
function. Let £ € {0,1,2,...,n} be an integer such that f is constant on inputs of
Hamming weight in (¢,n —£). Then for 1/2™ < e < 1/3,

deg.(f) =0 (\/7@—1- \/nlogi) .

Moreover, the approximating polynomial is given explicitly in each case.

Theorem 1.4 matches de Wolf’s quantum query result, tightly characterizing the e-
approximate degree of every nonconstant symmetric function.

1.5. Our techniques. Our proofs use only basic tools from approximation
theory, such as Chebyshev polynomials. Our constructions additionally incorpo-
rate elements of classic algorithm design, e.g., the divide-and-conquer paradigm, the
inclusion-exclusion principle, and probabilistic reasoning. The title of our paper,
“Algorithmic Polynomials,” is a reference to this combination of classic algorithmic
methodology and approximation theory. The informal message of our work is that
algorithmic polynomials are not only more powerful than quantum algorithms but
also easier to construct. A detailed discussion of Theorems 1.1-1.4 follows.

Extension theorem. As our starting point, we prove an extension theorem for
polynomial approximation. This theorem allows one to construct an approximant for
a given function F' using an approximant for a restriction f of F. In more detail,
let f:{0,1}Y,, — [~1,1] be an arbitrary function, defined on inputs z € {0,1}" of
Hamming weight at most m. Let F,: {0,1}Y, — [~1,1] be the natural extension of
f to inputs of Hamming weight at most n, defined by F,, = 0 outside the domain
of f. From an approximation-theoretic point of view, a fundamental question to ask
is how to efficiently “extend” any approximant for f to an approximant for F;,. Un-
fortunately, this naive formulation of the extension problem has no efficient solution;
we describe a counterexample in Section 3. We are able to show, however, that the
extension problem becomes meaningful if one works with F5,, instead of f. In other
words, we give an efficient, explicit, black-box transformation of any approximant for
the extension Fb,, into an approximant for the extension F,,, for any n > 2m. This
result is of independent interest and is essentially as satisfying as the “ideal” extension
theorem, in that the domains of f and Fy,, almost coincide and can be arbitrarily
smaller than the domain of F,. Our proof makes use of extrapolation bounds, ex-
tremal properties of Chebyshev polynomials, and ideas from rational approximation
theory.

Symmetric functions. As mentioned earlier, we give three proofs of Theo-
rem 1.4 on the e-approximate degree of symmetric functions. Each of the three proofs
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is fully constructive. Our simplest proof uses the extension theorem and is only half-
a-page long. Here, we use brute-force interpolation to compute the function f of
interest on inputs of small Hamming weight, and then apply the extension theorem to
effortlessly extend the interpolant to the full domain of f. Our second proof of The-
orem 1.4 is an explicit, closed-form construction that uses Chebyshev polynomials as
its only ingredient. This proof is a refinement of previous, suboptimal approximants
for the AND function [32, 53]. We eliminate the inefficiency in previous work by
using Chebyshev polynomials to achieve improved control at every point of the do-
main. Finally, our third proof of Theorem 1.4 is inspired by combinatorics rather than
approximation theory. Here, we use a sampling experiment to construct an approxi-
mating polynomial for any symmetric function f from an approximating polynomial
for AND. In more detail, the experiment allows us to interpret f as a linear combina-
tion of conjunctions of arbitrary degree, where the sum of the absolute values of the
coefficients is reasonably small. Once such a representation is available, we simply
replace every conjunction with its approximating polynomial. These substitutions in-
crease the error of the approximation by a factor bounded by the sum of the absolute
values of the coefficients in the original linear combination, which is negligible.

k-Element distinctness, k-DNF and k-CNF formulas. We first establish
a structural result of independent interest, bounding the approximate degree of com-
posed Boolean functions. Specifically, let F': X x {071}gn — {0,1} be given by

F(z,y) = \/f\;1 yi A fi(z) for some set X and some functions fi, fa,...,fnv: X —
{0,1}. We bound the e-approximate degree of F' in terms of the approximate de-
gree of \/,.g fi, maximized over all sets S C {1,2,..., N} of certain size. Crucially
for our applications, the bound that we derive has no dependence on N. The proof
uses Chebyshev polynomials and the inclusion-exclusion principle. Armed with this
generic composition theorem, we give a short proof of Theorem 1.2 on the approximate
degree of k-DNF and k-CNF formulas. The argument proceeds by induction on k,
with the composition theorem invoked to implement the inductive step. The proof of
Theorem 1.1 on the approximate degree of k-element distinctness is more subtle. It
too proceeds by induction, with the composition theorem playing a central role. This
time, however, the induction is with respect to both k and the range parameter r,
and the extension theorem is required to complete the inductive step. We note that
we are able to bound the e-approximate degree of k-DNF formulas and k-element
distinctness for every setting of the error parameter €, rather than just e = 1/3 in
Theorems 1.1 and 1.2.

Surjectivity. Our proof of Theorem 1.3 is surprisingly short, given how improb-
able the statement was believed to be. As one can see from the defining equation for
SURJ,, -, this function is the componentwise composition AND,. o OR,, restricted to
inputs of Hamming weight at most n. With this in mind, we start with a degree-O(+/7)
polynomial m,. that approximates AND,. pointwise within 1/4. The approximant
in question is simply a scaled and shifted Chebyshev polynomial. It follows that the
componentwise composition mr o OR,,, restricted to inputs of Hamming weight
at most n, approximates SURJ,,, pointwise within 1/4. We are not finished, how-
ever, because the degree of Xl\\ff)r o OR,, is unacceptably large. Moving on, a few
lines of algebra reveal that m)r o OR,, is a linear combination of conjunctions in
which the absolute values of the coefficients sum to 2°(V7). It remains to approxi-

mate each of these conjunctions pointwise within 2=2(V") by a polynomial of degree
O(\/ny/r) = O(y/n - r'/4), for which we use our explicit approximant from Theo-
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rem 1.4 along with the guarantee that the input has Hamming weight at most n.
The proof of Theorem 1.3 is particularly emblematic of our work in its interplay of
approximation-theoretic methodology (Chebyshev polynomials, linear combinations)
and algorithmic thinking (reduction of the problem to the approximation of individual
conjunctions).

1.6. Recent progress. We are pleased to report that our work has sparked a
number of follow-up papers in the area, both on the algorithms and complexity the-
ory side. Our O(n?/*) upper bound for the surjectivity problem has inspired further
progress on approximate degree by Bun, Kothari, and Thaler [20], who prove tight or
nearly tight lower bounds on the approximate degree of several key problems in quan-
tum query complexity. In particular, the authors of [20] prove that our upper bound
for surjectivity is tight. In a different development, Bun, Kothari, and Thaler [21]
used our technique from the analysis of surjectivity to prove an O~(n1_27d) upper
bound on the approximate degree of linear-size constant-depth circuits, giving the
first subexponential-time PAC learning algorithm for this concept class. Huang and
Viola [30] adapted our constructions for symmetric functions and k-DNF formulas
to obtain low-weight approximants for these functions, with applications to indistin-
guishability. In a forthcoming paper, Sherstov and Thaler [59] prove lower bounds
for element distinctness, surjectivity, and permutation testing that match our upper
bounds for all settings of the error parameter (Theorems 6.1 and 7.2), with applica-
tions to QMA query complexity. We are confident that the ideas of our work will
inform future research as well.

2. Preliminaries. We start with a review of the technical preliminaries. The
purpose of this section is to make the paper as self-contained as possible, and com-
fortably readable by a broad audience. The expert reader may wish to skim it for the
notation or skip it altogether.

2.1. Notation. We view Boolean functions as mappings X — {0,1} for some
finite set X. This arithmetization of the Boolean values “true” and “false” makes it
possible to use Boolean operations in arithmetic expressions, as in 1 — 2 \/?=1 x;. The
familiar functions OR,,: {0,1}" — {0,1} and AND,,: {0,1}" — {0,1} are given by
OR,(z) = Vi, #; and AND,(z) = A/_, @i = [[;—, z;. The negation of a Boolean

function f is denoted as usual by f = 1 — f. The composition of f and g is denoted
fog, with (fog)(x) = f(g(x)).

For a string z € {0,1}", we denote its Hamming weight by |z| = z1+x2+ - -+ Tp.
We use the following notation for strings of Hamming weight at most k, greater than
k, and exactly k:

{0,132y, ={z € {0, 1}" : || < K},
{0,138, = {z € {0,1}" : [z > K},
{0,1}F = {z € {0,1}" : |x| = k}.

For a string x € {0,1}" and aset S C {1,2,...,n}, we let 2|5 denote the restriction of
2 to the indices in S. In other words, z|s = x;, 2, T where i1 <ip <+ <
are the elements of S. The characteristic vector of a subset S C {1,2,...,n} is denoted
1s.

We let N=1{0,1,2,3,...} and [n] = {1,2,...,n}. For a set S and a real number



8 ALEXANDER A. SHERSTOV

k, we define
(})=tacs:a=n.
(S):{AQS:|A<I<:}.

<k

We analogously define (>S k), (fk), and (fk) We let In x and log x stand for the natural
logarithm of z and the logarithm of x to base 2, respectively. The following bound is

well known [31, Proposition 1.4]:

k
(2.1) Z<?><(e;)k k=0,1,2,...,n,

=0

where e = 2.7182... denotes Euler’s number. For a logical condition C, we use the

I\/ers()n l)I'aCke( n()(a(l()n
1 if C }l()lds,

0 otherwise.

For a function f: X — R on a finite set X, we use the standard norms
£l = ma 1/(2)]

Il =" If (@)l

zeX

2.2. Approximate degree. Recall that the total degree of a multivariate real
polynomial p: R” — R, denoted degp, is the largest degree of any monomial of p.
We use the terms “degree” and “total degree” interchangeably in this paper. This
paper studies the approximate representation of functions of interest by polynomials.
Specifically, let f: X — R be a given function, for a finite subset X C R™. Define

E(f,d)

= oin_[f = pllec,

where the minimum is over polynomials of degree at most d. In words, E(f,d) is the
least error to which f can be approximated by a real polynomial of degree at most d.
For a real number € > 0, the e-approzimate degree of f is defined as

deg (f) = min{d : E(f,d) < €}.

Thus, deg (f) is the least degree of a real polynomial that approximates f pointwise to
within e. We refer to any such polynomial as a uniform approzimant for f with error e.
In the study of Boolean functions f, the standard setting of the error parameter is € =
1/3. This constant is chosen mostly for aesthetic reasons and can be replaced by any
other constant in (0,1/2) at the expense of a constant-factor increase in approximate
degree. The following fact on the exact representation of functions by polynomials is
well known.

FacT 2.1. For every function f: {0, 1}27“ — R,

degy(f) < n.
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Proof. The proof is by induction on n. The base case n = 0 is trivial since f
is then a constant function. For the inductive step, let n > 1 be arbitrary. By the
inductive hypothesis, there is a polynomial p,,_1(z) of degree at most n — 1 such that
f(x) = pp_1(z) for inputs = € {0,1}" of Hamming weight at most n — 1. Define

pu(@) =por(@)+ D> (f(@) =pa-1(a) [] =

a€{0,1}N ita; =1

For any fixed input = with |z| < n— 1, every term in the summation over a evaluates
to zero and therefore p,(x) = p,—1(z) = f(x). For any fixed input z with |z| = n,
on the other hand, the summation over a contributes precisely one nonzero term,
corresponding to @ = x. As a result, p,(x) = pn_1(z) + (f(x) — pp_1(x)) = f(z) in
that case. O

2.3. Inclusion-exclusion. All Boolean, arithmetic, and relational operations
on functions in this paper are to be interpreted pointwise. For example, \/I'_, fi
refers to the mapping = — \/_, fi(z). Similarly, [, f; is the pointwise product of
f1: f2,- .., [n. Recall that in the case of Boolean functions, we have A", f; = [[i—, fi-
The well-known inclusion-exclusion principle, stated in terms of Boolean functions
f1, fa, ..., fn, asserts that

Vii= > O]
i=1 SC{1,2,...,n} i€s
S#@

We will need the following less common form of the inclusion-exclusion principle,
where the AND and OR operators are interchanged.

FacCT 2.2. For anyn > 1 and any Boolean functions f1, fo,..., fn: X — {0,1},

M- 3 oy
i=1 SC{1,2,...,n} i€s
S4@

Proof. We have

- > VEIR

5C{1,2,...,n} €S
= > (¥ (Hﬁ—1>
SC{1,2,....n} ics
= > (=¥ <— \V fi)
SC{1,2,...,n} €S
= Y sy
SC{1,2,....n} ies
S#Q

where the third step uses the fact that half of the subsets of {1,2,...,n} have odd
cardinality and the other half have even cardinality. 0
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2.4. Symmetrization. Let S, denote the symmetric group on n elements.
For a permutation o € S, and a string x = (z1,22,...,2,), we adopt the short-
hand oz = (Z5(1); To(2),- -3 To(ny). A function f(xy,22,...,2,) is called symmet-
ric if it is invariant under permutations of the input variables: f(x1,za,...,2,) =
J(To1), To2)s - - To(ny) for all z and 0. Symmetric functions on {0, 1}" are intimately
related to univariate polynomials, as borne out by Minsky and Papert’s symmetriza-
tion argument [44].

PROPOSITION 2.3 (Minsky and Papert). Let p: {0,1}" — R be a polynomial of
degree d. Then there is a univariate polynomial p* of degree at most d such that for
all x € {0,1}",

E p(oa) =" (fa]).

oc€eSs

Minsky and Papert’s result generalizes to block-symmetric functions, as pointed out
in [50, Prop. 2.3]:

PROPOSITION 2.4. Let nq,...,n; be positive integers. Let p: {0,1}™ x -+ x
{0,1}™ — R be a polynomial of degree d. Then there is a polynomial p*: R¥ — R of
degree at most d such that for all x1 € {0,1}", ... xp € {0,1}"*,

0165%1“]?%65 | plorzy, ... opzk) = p (|21, . - -, |Tk])-

Proposition 2.4 follows in a straightforward manner from Proposition 2.3 by induction
on the number of blocks, k.

2.5. Chebyshev polynomials. Recall from Euler’s identity that
(2.2) (cosx + isinz)? = cosdz + isindz, d=0,1,2,...,

where i denotes the imaginary unit. Multiplying out the left-hand side and using
sin?z = 1 — cos® z, we obtain a univariate polynomial T; of degree d such that

(2.3) Ty(cosz) = cosdx.

This unique polynomial is the Chebyshev polynomial of degree d. The representa-
tion (2.3) immediately reveals all the roots of Ty, and all the extrema of Ty in the
interval [—1,1]:

(2.4) Ty (cos (212; L 7r>) —0, i=1,2,....d,
(2.5) T (cos (; w)) = (-1)", i=0,1,...,d,

(2.6) ITa(t)] < 1, te[-1,1].

The extremum at 1 is of particular significance, and we note it separately:
(2.7) Ty(1) = 1.
In view of (2.2), the defining equation (2.3) implies that
& d i (i 26 d—2i
Ty(coszx) = ; (2) (=1)"(sinz)**(cos x)

Ld/2]

- ; (i) (cos? z — 1) (cosz)?2,
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so that the leading coefficient of Ty for d > 1 is given by Z}i{fj (le) =271 Asa
result, we have the factored representation

(2.8) Ty(t) = zdlf[l <t — cos <2i2d ! w)> : d>1.

By (2.2) and (2.3),

Ty(cosx) = cosdx

1 1
= §(cosx —isina)? + E(cosx—l—isinx)d

1 1
= §(cosx — i1 —cos?z)¢ + i(cosx +iv/1 —cos? x)?,
whence
1 1
(2.9) Tu(t) = 5(t - V2 —1)4 + S+ V2 —1)4, It| > 1.

The following fundamental fact follows from (2.9) by elementary calculus.
Fact 2.5 (Derivative of Chebyshev polynomials). For any integer d > 0 and real
t>1

T)(t) > d?.

Together, (2.9) and Fact 2.5 give the following useful lower bound for Chebyshev
polynomials on [1, 00).
ProproSITION 2.6. For any integer d > 1,
Ta(1+0) =1+ d%, 0<d < oo,
Ty(1+ 6) > 2401 0

Proof. The first bound follows from the intermediate value theorem in view of
(2.7) and Fact 2.5. For the second bound, use (2.9) to write

1
Ta(1+0) 2 5(1+0+ V(1 +0)* - 1)?
1
> 51+ Vo)d
2 1 : 2d\/g7
2
where the last step uses 1+ x > 2% for z € [0, 1]. |

2.6. Coefficient bounds for univariate polynomials. We let P; stand for
the set of univariate polynomials of degree at most d. For a univariate polynomial
d d—1 d
p(t) = agt® +aqg—1t*" "+ -+ ait + aog, we let ||p|| = >, |a;| denote the sum of the
absolute values of the coefficients of p. Then || - || is a norm on the real linear space of
polynomials, and it is in addition submultiplicative:

Fact 2.7. For any polynomials p and q,
(1) llpll = 0, with equality if and only if p = 0;
(i) [IApll = [A[ - llpll for any real A;
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(ifi) llp + all < llpll + llall;

(V) llp- gl < llpll - llqll-

Proof. All four properties follow directly from the definition. 0
We will need a bound on the coefficients of a univariate polynomial in terms of its
degree d and its maximum absolute value on the interval [0, 1]. This fundamental
problem was solved in the nineteenth century by V. A. Markov [43, p. 81], who
proved an upper bound of

(1+v2)
(2.10) 0 (ﬂ)

on the size of the coefficients of any degree-d polynomial that is bounded on [—1, 1] in
absolute value by 1. Markov further showed that (2.10) is tight. Rather than appeal
to this deep result in approximation theory, we will use the following weaker bound
that suffices for our purposes.

LEMMA 2.8. Let p be a univariate polynomial of degree d. Then

(i)

Lemma 2.8 is a cosmetic modification of a lemma from [56], which in our notation

2.11 < 8¢
(2.11) llpll <8 ,_nax

yeus

for the reader’s convenience.

Proof of Lemma 2.8. We use a common approximation-theoretic technique [25,
51] whereby one expresses p as a linear combination of more structured polynomials
and analyzes the latter objects. For this, define qg, q1,...,qq4 € Py by

qj(t)z(_l)dd!_]dd(%f[@—;), i=0,1,...,d.

=
i#£]

One easily verifies that these polynomials behave like delta functions, in the sense

that for 4,7 =10,1,2,...,d,
i1 oiti=,
4 d) )0 otherwise.

Lagrange interpolation gives

(2.12) p= Z:p (2) gj-

By Fact 2.7,
< d (d
losl < 55 (]

1=
—
+
.
N—

Sl
<o

£ 1%

7 N 7 N
=
+

Q| .

N——

N
2 %
N PN
.
N——

I
N~
N—
o
&‘&
=
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()

(2.13) <44 (d)

j=0,1,2,....d.
J
Now
ARSI

< i v

i< (e, (2)]) 20 ()
=0
d j
=8 J:I(},lla:x,d p<d> ?

where the first step uses (2.12), (2.13), and Fact 2.7. d

2.7. Coefficient bounds for multivariate polynomials. Let ¢: R™ — R be
a multivariate polynomial. Analogous to the univariate case, we let ||¢| denote the
sum of the absolute values of the coefficients of ¢. Fact 2.7 is clearly valid in this
multivariate setting as well. Recall that a multivariate polynomial ¢ is multilinear
if it has degree at most 1 in each variable. The following result is an analogue of
Lemma 2.8.

LEMMA 2.9. Let ¢: R™ — R be a symmetric multilinear polynomial. Then
ol < Sdeg%&gﬁn ¢ (z)].
Proof. Abbreviate d = deg ¢ and write
d
dx) =Y a > [l=
=0 ge(In) j€S

where ag,ay,...,aq are real coefficients. For 0 < ¢t < 1, let B(t) denote the Bernoulli
distribution with success probability ¢. Then

Il = Z i)

d
n .
< 8% max E a;| .|t
0<t<1 |4 1
1=0
_od
= 8% max o(x)
0<t<l |z1,22,...,xn~B(t)

< 8¢ :
e [¢(2)]

where the second and third steps use Lemma 2.8 and multilinearity, respectively. 0O

The following lemma, due to Razborov and Sherstov [50, Lemma 3.2], bounds the
value of a polynomial p at a point of large Hamming weight in terms of p’s values at
points of low Hamming weight.

LEMMA 2.10 (Extrapolation lemma). Let d be an integer, 0 < d < n — 1. Let
¢ : R™ — R be a polynomial of degree at most d. Then

ol < () _maxlo)

z€{0,1}2,
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As one would expect, one can sharpen the bound of Lemma 2.10 by maximizing over
a larger neighborhood of the Boolean hypercube than {0, 1}%‘d. The resulting bound
is as follows.

LEMMA 2.11 (Generalized extrapolation lemma). Fix positive integers N > m >
d. Let ¢p: RN — R be a polynomial of degree at most d. Then

o) <2t (VI ol e 0,

a:E{O,l}gm

One recovers Lemma 2.10 as a special case by taking N =n, m =d, and z* = 1™
Proof of Lemma 2.11. Consider an arbitrary vector 2* € {0,1}"V of Hamming

weight |z*| > m, and abbreviate n = [|z*|/|m/d]]. Let S1,Sa,..., S, be a partition

of {i: af = 1} such that |S;| < |m/d] for all i. Observe that

(2.14) n > d.

Define L: {0,1}" — {0,1}" by

n
Z) = Z Zi]-S,i-
i=1

Then clearly

(2.15) L(1™) = a*,
(2.16) ORSEREYP

Moreover, the mapping z — ¢(L(z)) is a real polynomial on {0,1}" of degree at most
deg ¢ < d. As a result,

607 = I
<2 (Z) s [6(L(2)
<2 (d) je1<dim /) 1#4)

< 2d( d) max [6(2)],

where the first step uses (2.15); the second step follows by (2.14) and Lemma 2.10;
and the third step is valid by (2.16). O

2.8. The conjunction norm. Recall that a conjunction in Boolean variables
T1,Z2,...,Ty, is the AND of some subset of the literals x1, 71, 2, T3, . .., Tn, Ty. Anal-
ogously, a disjunction is the OR of some subset of z1, 771, 22, %3, . .., Tn, Tn. We regard
conjunctions and disjunctions as Boolean functions {0,1}" — {0,1} and in particu-
lar as a special case of real functions {0,1}" — R. For a subset X C {0,1}" and a
function f: X — R, we define the conjunction norm II(f) to be the minimum A > 0
such that

f(x) = MCi(x) + XoCo(x) + -+ + ANCn(x) (r e X)
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for some integer NN, some conjunctions C7,Cs,...,Cy, and some real coeflicients
AL, A2, .. An with [Ar] + [A2] + -+ + [An] < A. Our choice of the symbol II, for
“product,” is motivated by the view of conjunctions as products of literals. In partic-
ular, we have TI(¢) < ||¢|| for any multivariate polynomial ¢: {0,1}" — R. The next
proposition shows that II is a norm on the space of multivariate real functions and
establishes other useful properties of this complexity measure.

PROPOSITION 2.12 (Conjunction norm). Let f,g: X — R be given functions, for
a nonempty set X C {0,1}™. Then:

(i) TI(f) > 0, with equality if and only if f = 0;

(ii) TH(AS) = |MTI(f) for any real X;
(ili) II(f +g) < II(f) + II(g);
(iv) TI(f -g) < TI(f) T(g):
(v) I(f) < [ £1l1;
i) II(f) < 2 if f is a disjunction,;

(vo £) < max{L,TI(/)} ] for any polynomial p € Py.

(v
(vii)

Proof. (i)—(iii) Immediate from the definitions.

(iv) Express f and ¢ individually as a linear combination of conjunctions with
real coefficients whose absolute values sum to II(f) and II(g), respectively. Then,
multiply these two linear combinations. Since the product of conjunctions is again a
conjunction, the resulting representation is a linear combination of conjunctions with
real coefficients whose absolute values sum to at most II(f)II(g).

(v) By the homogeneity (ii) and triangle inequality (iii), we have

=11 (Z f(a)ca>

< 3 If(@) 11(C,)

a€eX

<Y If(a)

a€eX

= lI£1,

II( f
II
II
II

where C, denotes the conjunction that evaluates to true on a and to false on all other
inputs in {0, 1}™.

(vi) We have II(f) < II(f — 1) +II(1) = II(1 — f) + II(1) < 2, where the first step
applies the triangle inequality (iii), the second step uses the homogeneity (ii), and the
third step uses the fact that 1 and 1 — f are conjunctions.

(vii) Let p(t) = agt? + ag_1t*~! + -+ + a1t + ag be a given polynomial. Then
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d
< max{1,T(f)*} ) |ail
=0

= max{1,II(f)}* ||p|,

where the second step uses (ii) and (iii), and the third step applies (iv). d

3. The extension theorem. This section proves an approximation-theoretic
result of independent interest, the extension theorem, that we use several times in the
rest of the paper to construct approximating polynomials. To set the stage for this
result, let f: {0,1}Y, — [~1,1] be a given function, defined on inputs of Hamming
weight up to m. For any integer n > m, consider the extension F;, of f to inputs of
Hamming weight up to n, given by

Fu(@) = {f(:r) if 2] < m,

0 otherwise.

From the point of view of approximation theory, a fundamental question to ask is
how to “extend” any approximant for f to an approximant for Fj,, without degrading
the quality of the approximation or significantly increasing the approximant’s degree.
Ideally, we would like the approximant for the extension F), to have degree within
a small factor of the original degree, e.g., a factor of O(n/m)® for some constant
O<a<l

Unfortunately, the extension problem is hopeless as stated. Indeed, consider the
special case of the constant function f =1, so that

Fo(a) 1 if 0< |z <m,
n\T) =
0 ifm<|z|<n

In this example, deg; 3(f) = 0 but deg; 3(F,) = Q(y/n) by a well-known result
of Nisan and Szegedy [45]. In particular, there is no efficient way to transform an
approximant for a general function f into an approximant for the extension F,,. Our
contribution is to show that the extension problem becomes meaningful and efficiently
solvable if one’s starting point is an approximant for F5,, rather than for f. In other
words, we give an efficient, black-box transformation of an approximant for Fs,, into
an approximant for any extension Fj,, where n > 2m. The formal statement of our
result is as follows.

THEOREM 3.1 (Extension theorem). Let f: {0,1}Y  — [=1,1] be given, where
N = m > 0 are integers. For integers n = m, define F,: {0, 1}2[” — [-1,1] by

0 otherwise.

F(@) = {f(a:) if Ja| <m,

Then for some absolute constant C > 1 and all €, € (0,1/2) and n = m,

n 1
(31) dege+6(Fn) < C TH . <degE(F2m) + log 6) .

Theorem 3.1 solves the extension problem with only a factor-1/n/m increase in degree.
The approximation quality of the new approximant can be made arbitrarily close to
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that of the original at a small additive cost in degree. This overhead in degree and
error is optimal, as we will discover in applications later in this paper. We also note
that the constant 2 in this result was chosen exclusively for aesthetic reasons, and (3.1)
holds with F,, replaced by F.,,) for any constant ¢ > 1. The rest of this section is
devoted to the proof of Theorem 3.1.

3.1. Proof strategy. In the notation of Theorem 3.1, let po,, (z) be an approx-
imant for Fy,,(x). Then clearly

(3.2) Fp(z) = pom(z) - I[|z| < 2m]

on the domain of F,, where I[|z| < 2m)] is the characteristic function of the set of in-
puts of Hamming weight at most 2m. While ps,, (x) can grow rapidly as the Hamming
weight |z| increases beyond 2m, that growth is not entirely arbitrary. Specifically, the
generalized extrapolation lemma (Lemma 2.11) bounds |po,, ()| in terms of the Ham-
ming weight || and the degree of pa,,. In particular, the approximate equality (3.2)
is preserved if I[|z| < 2m)] is replaced by a low-degree approximant. The construc-
tion of such an approximant is the crux of our proof. More precisely, we construct a
low-degree univariate approximant to the characteristic function of any interval. To
crystallize our approach, we first consider the degenerate interval [0,0] = {0}.

PROPOSITION 3.2. For any positive integers n and d, there is a polynomial p with

(33) p(0) = 1,
(3.4) O] < te i)
(3.5) degp < Tdy/n.

The key property here is (3.4), whereby the approximating polynomial gets smaller as
one moves farther away from the point of interest, 0. Reproducing this behavior in the
context of a general interval is much more subtle and is the subject of Sections 3.2-3.4.

Proof. Define

d

flog 1 2 s
T(t) = 11 QN (H n>

Fix an arbitrary point ¢ € [1,n], and let j be the integer such that ¢ € [27,2/F1). Then

[logn] ANIC
|T(t)] = 11 Tt Jua <1+n>
[log n] . d
2" —t
< I Trym (1 T >
=741
[logn] o d
< II 7y (1 * n)

i=j+1



18 ALEXANDER A. SHERSTOV

j i\ [~
2’L
o) ]I i (142)
J
<|TO) []27
=0
7(0)

where the second step uses (2.6), the third step follows from (2.7) and Fact 2.5, and
the next-to-last step applies Proposition 2.6. Moreover,

n
< — -2
d; %
< 7dv/n.
As a result, (3.3)—(3.5) hold for p(t) = T(t)/T(0). 0

3.2. Approximating 1/t. To handle actual intervals rather than singleton
points, we need to develop a number of auxiliary results. To start with, we con-
struct an approximant for the reciprocal function 1/t on [1,n]. We are specifically
interested in approximation within a multiplicative factor close to 1, which is a more
demanding regime than pointwise approximation.

LEMMA 3.3. For any integer d > 0 and real n > 1, there is an (explicitly given)
polynomial p € Py such that

1—c¢ 1+e
<p(t) <
T < p(t) ;

(3.6) , 1<t<n,

where
1

Tar ()

Proof. Property (3.6) can be restated as maxigi<n |1 — tp(t)] < €. Thus, the
existence of p € P, that obeys (3.6) is equivalent to the existence of ¢ € P;y; that
obeys ¢(0) = 1 and maxi<i<p |q(t)| < €. Now, define ¢ € P41 by

Tupr (1-2- £1)
q(t) = .
Tura (757)

Then ¢(0) = 1 by definition. Moreover,

€

[T ()]
i o1 < _mae, 7 ey
_ 1
= ‘Td+1 (%) ’
1

where the last two steps use (2.6) and (2.9), respectively. d
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It is well known [51, Theorem 1.10] that among all polynomials of degree at most
d that are bounded on [—1, 1] in absolute value by 1, the Chebyshev polynomial Ty
takes on the largest possible value at every point of [1,00). Using this fact, it is
straightforward to verify that Lemma 3.3 gives the best possible bound on € in terms
of n and d.

COROLLARY 3.4. For any real n > 1, there is an (explicitly given) univariate
polynomial p of degree at most \/2(n — 1) such that

1 1
5 Splt) < -, I<t<
5 SP(1) <5 n
Proof. By Proposition 2.6,
n+1
TL\/2(n71)j+1 <n — 1) > 5.
As a result, it suffices to invoke Lemma 3.3 with d = |/2(n — 1)]. 0

3.3. Approximating 1/t*. We now construct approximants for powers of the
reciprocal function, focusing this time on absolute rather than relative error. Here,
we are interested only in approximation in the neighborhood of 1. In the following
construction, increasing the approximant’s degree makes the neighborhood larger and
the approximation more accurate.

LEMMA 3.5. Let d > 1 be a given integer. Then for every integer D > 0, there is
an (explicitly given) polynomial p with

1 D+d d d
) - <1 - D+1 9 _
I | R el G A e e
D+d
sy o< (770, re.2],
(3.9) degp < D.

Proof. Define

D .
t+d—-1 ;
t) = 1—1t)".
pe =3 (1 oo
Then (3.9) is immediate. For (3.8), it suffices to observe that

XD: iJrc;l) _ <D;d)

=0
_(D+d
= (777

where the first equality is well-known and can be verified by using Pascal’s triangle
or by interpreting the left-hand side as the number of ways to distribute at most D
identical balls into d distinct bins.

It remains to settle (3.7). For 0 < ¢t < 2, we have the Maclaurin expansion

- (So-0)
<H—d—1>(1_t)i.

i=
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Therefore,

1 X [i+d—1 ;
-0 =| S (T ao
i=D+1
oo Ld—1 '
<> (’*. >|1—t|z
i=D+1 t
| _ypn(D+d
D+1 —

<|
<|
=0

D+d
=[1—¢PH ),

(o1 )% (5
- (5105 (5%
)

where the fourth step is legitimate in view of the range of ¢ in (3.7).

)4|1—t|1
b

3.4. Approximating the characteristic function of an interval. The fol-
lowing lemma is the last prerequisite to our construction of a low-degree approximant
for the characteristic function of an interval. Without loss of generality, it suffices to
consider the interval [0,1]. The lemma below almost solves our problem except that
it gives a flat bound on the approximant’s value outside the interval, not taking into

account how far one is from the interval.

LEMMA 3.6. For any reals n >
univariate polynomial p such that

(3.10) p(t) =1 <

(3.11) Ip(t)] <1,

(3.12) p(t)] <,

(3.13) degp =0 <\/ﬁlog 1) :

1 and 0 < € < 1/2, there is an (explicitly given)

Proof. For n < 2, the lemma holds trivially with p = 1. In what follows, we treat
the complementary case n > 2. Consider the univariate polynomial

2—1
q(t) = Tt m (1 + n) :
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Using n > 2, we obtain

q([0,n]) < :—LTW (Hiﬂ
~1, 1+%+ <1+721>2_1
C :1,exp<<i+\/i> (\/ﬁ+1)>

(3.14) C[-1,e" —1],

Vvn+1

N

N

where the first step is legitimate in view of (2.6), (2.7), and Fact 2.5; and the second
step uses (2.9). By Proposition 2.6,

jmin 000 = i, Ty (1)
(3.15) > 2.
By (2.6),
<
272, 100 < g, vm O

(3.16) <1

In view of (3.14)—(3.16), the normalized polynomial ¢*(t) = (q(t) + 1)/e” obeys

(3.17) q¢*([0,n]) < [0,1],
(3.18) g*([0,1]) C 377, 1],
(3.19) q*([2,n]) C [0,2¢77].

To complete the proof, we use a technique due to Buhrman et al. [18]. Consider
the univariate polynomial

By(t) = Hzéw ((Z) tH(1 —t)".

In words, By(t) is the probability of observing at least 2.5e~7d heads in a sequence of
d independent coin flips, each coming up heads with probability ¢. For large enough
d = O(log(1/€)), the Chernoff bound guarantees that

(3:20) Bq([0,1]) < [0,1],
(3.21) By4([0,2¢77]) € [0, €],
(3.22) Ba([3¢77,1]) C [1 —¢,1].

Now define p(t) = Bq(g*(t)). Then the degree bound (3.13) is immediate, whereas the
remaining properties (3.10)—(3.12) follow from (3.17)—(3.22). d
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Finally, we are now in a position to construct the desired approximant for the charac-
teristic function of an interval. As mentioned above, we may without loss of generality
focus on the interval [0, 1].

THEOREM 3.7. For all integers n,d > 0 and all0 < € < 1/2, there is an (explicitly
given) univariate polynomial p such that

(3.23) Ip(t) — 1| < e, t € [0,1],
(3.24) p()] < 1+e¢, te(1,2),
(3.25) Pt < t e (2,n],
(3.26) degp =0 (\/ﬁ (d + log i)) .

Proof. For n < 2, the theorem holds trivially by taking p = 1. In what follows,
we focus on the complementary case n > 2.
Corollary 3.4 gives an explicit univariate polynomial p; such that

3.27 <p(t) € —, 0<t<n,
(3.27) 2(t + 1) () t+1 "
(3.28) degpr < V2n.

Let D be an integer parameter to be chosen later, D > 5d. Then Lemma 3.5 provides
an explicit polynomial py such that

(3.29) > —pg(t)‘ < (2)13“ (D;d> d, te {é 1} 7
a3 o< (777 telo2)
(3.31) degps < D.

As our last building block, Lemma 3.6 constructs an explicit polynomial p3 with

(3.32) Ips(t) — 1] < e27P74, t € [0,1],
(3.33) Ips(t)] < 1, te(1,2],
(3.34) Ips(t)| < 27 P~ t € (2,n],

(3.35) degps = O (\/ﬁ <D +d + log 1)) .

In the rest of the proof, we will show that the conclusion of the theorem holds for the
polynomial

p(t) = p1(t)p2(p1(t))p3(t).
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To begin with,

max [p(t) — 1] < max, (14 [pa (0 pa(pr(6) = 1) - (14 1 = ps(t)]) — 1

0<t<1 <

€ d

S ) — —

= <1+ 2) Jnax (L+ |1 (6) P2 (pr (1) = 11) = 1
€

s\ *) 1 t4py(t) — 1] ) —1

(14 5) (14 e et - 1)

<(1+3) (1 i - L) -1

~ a max - _
2 1/4<at<1 2 1d

(3.36) < (1+§) <1+ <2>D+1 <D;d>d> -1,

where the first step uses the inequality |ab— 1| < (1 +]a —1])(1+ b —1|) — 1 for any
real a, b; the second step is valid by (3.32); the third applies (3.27); and the final step
is legitimate by (3.29). Continuing,

)| = )4 t t
Jnax, Ip(t)] max, [p1 () “p2(p1(t))ps(t)]

< d
< max [p1 (1) "pa(p1 (1))

N

ax  [t9pa(t
1/6rélt§1/2| p2(t)]

< ax  [t9pe(t) — 1]+ 1
\1/6121t§1/2| p2(t) — 1| +

+1

1
< max t) — —
~1/6<t<1/2 p2(?) td

5 D+1 D+d
. < — ,
wa (0 ()

where the second step uses (3.33), the third step applies (3.27), the fourth step is im-
mediate from the triangle inequality, and the last step follows from (3.29). Moreover,

d < d d| . .
;gggnlt p(t)] \Jélf‘éz‘t p1(t)7 Jnax Ip2(p1(1))] Jnax Ip3(t)]

< d d. o—-D—d
< goax [ty (1) - max [p2(py(t)] - €2
< . .9—D—d
S Jmax |p2(p1(t))] - €2
< a t)| . e2—DP—d
X oé?gi(/g Ip2(t)] - €
< <D+d) eg-D—d
d
(3.38) <

where the second step is legitimate by (3.34), the third and fourth steps use (3.27),
and the fifth step is immediate from (3.30). Finally, (3.28), (3.31), and (3.35) imply
that

(3.39) degp = O (ﬁ <D +d+log 1)) .
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Now the claimed bounds (3.23)—(3.26) in the theorem statement follow immediately
from (3.36)—(3.39) by taking

ch’rd—i—logl-‘
€

for a sufficiently large absolute constant ¢ > 1. 0

3.5. Proof of the extension theorem. Using the approximant constructed
in Theorem 3.7, we now prove the extension theorem. We restate it below for the
reader’s convenience.

THEOREM 3.1 (restated). Let f: {0,1}%, — [=1,1] be given, where N >m >0
are integers. For integers n > m, define F,: {0, 1}2]” — [-1,1] by

Fu@) = {f(w) if || <m,

0 otherwise.

Then for some absolute constant C' > 1 and all €, € (0,1/2) and n = m,

n 1

Proof. To simplify the presentation, we first settle two degenerate cases. For
m = 0, consider the polynomial

AN
T(t) = (Twm <1+ n)) .

Then T'(0) > 1/§ by Proposition 2.6, and maxi<i<n [T(¢)] < 1 by (2.6). Therefore,
in this case F,, is approximated pointwise within § by the degree-O(y/nlog(1/4))
polynomial F,,(0N)T(|z|)/T(0). Another degenerate possibility is n < 2m, in which
case deg, (F},) < deg,(Fa,) and the theorem holds trivially. In what follows, we focus
on the general case when

m =1,
n > 2m.
Abbreviate d = max{deg,(Fb,,),1}. By Fact 2.1,
(3.41) 1<d<2m.
Fix a polynomial ¢: {0,1} — R such that
(3.42) |Fom (z) — ¢(z)] <e, z € {0,1} %,
(3.43) dego < d.

Let 0 < a < 1/2 be a parameter to be chosen later. Then Theorem 3.7 gives an
explicit univariate polynomial p such that

(344) |p(t) - 1| < a, te [07 1}’
(3.45) P < 1+a, te(1,2],
(3.46) PO < 5 te (2],

(3.47) degp = O (\/Z (d+ log ;)) .
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Consider the polynomial ®: {0,1}V — R given by

B(x) = o(x) p('x') |

m

By (3.43) and (3.47),

(3.48) deg® = O <\/Z <d+ log ;)) .

As the notation suggests, ® is meant to be an extension of the approximant ¢ to
inputs « € {0,1}" of Hamming weight up to n. To analyze the accuracy of this new
approximant, we will examine three cases depending on the Hamming weight |x|.

To start with,

max |F,(z) — ®(z)| = max |Faop(z) — O(z)|

jz|<m jz[<m
< ‘gllgfn{lem(w) = ¢(@)| + [o(z) — ()|}
S €+ max ¢(x) — ©()]
< _
S €+ max [¢(2)] max 1 —p(t)
< _
<e+(1+e¢) max [1—p(t)]

(3.49) e+ (1+4¢€)-q,
where the third and fifth steps use (3.42), and the last step uses (3.44). Continuing,
Fo.(z)—® = d
ppax, (@) = 0] = max |®(z)

< max [¢(z)| max [p(t)]

m<|z|<2m 1<t<2
< F. t
mg;%m(l om ()] + €) Inax, Ip(t)]
(3.50) <e (14 a),

where the last two steps use (3.42) and (3.45), respectively. Finally,
a; F, -
2R gn\ (z) — @(2)]

= max |P(z)]
2m<|z|<n

]

max_|6(z)] p ()

2m<|z|<n m

max |9(@)] - o (m)d

s 2m<|z|<n ||
< A2 (VPN g oo (1))
<, fr (1 o (7))

(3.51) < (4e)i(1+e) - q,
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where the third step uses (3.46), the fourth step applies (3.41) and the generalized
extrapolation lemma (Lemma 2.11), the fifth step follows from (3.42), and the last step
uses (2.1) and (3.41). Now (3.40) follows from (3.48)(3.51) by taking o = §(4e)~4~1.0

4. Symmetric functions. In this section, we study the approximation of sym-
metric functions. This class includes AND,, and OR,,, which are fundamental building
blocks of our constructions in the rest of the paper. Our result here is as follows.

THEOREM 4.1. Let f: {0,1}" — [—1,1] be an arbitrary symmetric function. Let
k be a monnegative integer such that f is constant on inputs of Hamming weight in
(k,n — k). Then for 0 <e<1/2,

(4.1) deg. (f) =0 (\/7%—1— {/nlog 1) .

Moreover, the approximating polynomial is given explicitly in each case.

Theorem 4.1 is tight [53] for every e € [1/2™,1/3] and every symmetric function
f:{0,1}" — {0,1}, with the obvious exception of the constant functions f = 0 and
f = 1. Prior to our work, de Wolf [63] proved the upper bound (4.1) by giving an
e-error quantum query algorithm for any symmetric function f. The novelty of Theo-
rem 4.1 is the construction of an explicit, closed-form approximating polynomial that
achieves de Wolf’s upper bound. We give three proofs of Theorem 4.1, corresponding
to Sections 4.1-4.3 below.

4.1. Approximation using the extension theorem. Our first proof of Theo-
rem 4.1 is based on the extension theorem, and is the shortest of the three. The center-
piece of the proof is the following technical lemma, in which we construct a closed-form
approximant for any function supported on inputs of low Hamming weight.

LEMMA 4.2. Let f: {0,1}" — [—1,1] be given. Let k be a nonnegative integer
such that f(x) =0 for |z| > k. Then for 0 <e < 1/2,

deg,(f) = O (MJr \/nlog1> .

Moreover, the approximating polynomial is given explicitly in each case.

Proof. Abbreviate

1
m = {k—i—log-‘.
€

If m > n, the bound in the theorem statement follows trivially from degy(f) < n. In
the rest of the proof, we focus on the complementary case m < n.
For i > m, define F;: {0,1}2, — [-1,1] by

Fife) = {f(x) if fo| < m,

0 otherwise.
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Then

dege(f) = dege(Fn)

1
<y =0 (dego(F2m) + 1og)
m €
n 1
<4 /—-0 (2m+log)
m €

=O<M+\/@>,

where the first step uses f = F,,, the second step applies the extension theorem (The-
orem 3.1), and the third step is valid by Fact 2.1. Moreover, the approximating
polynomial is given explicitly because the extension theorem and Fact 2.1 are fully
constructive. O

We are now in a position to prove the claimed result on the approximation of arbitrary
symmetric functions.

THEOREM 4.3. Let f: {0,1}"™ — [—1,1] be given. Let k be a nonnegative integer
such that f is constant on inputs of Hamming weight in (k,n — k). Then for 0 < e <

1/2,
deg . (f) =0 (\/r%—l- \/n10g1> .

Moreover, the approximating polynomial is given explicitly in each case.

A powerful feature of Theorem 4.3 is that the function of interest is only assumed to
be symmetric on inputs of Hamming weight in (k,n — k). In particular, Theorem 4.3
is significantly more general than Theorem 4.1.

Proof of Theorem 4.3. If k > n/2, the theorem follows from the trivial bound
degy(f) < n. For the complementary case k < n/2, write

f(xla""xn) :A+f/(x1>"'7zn)+f//(x717~~';ﬁ)a
where A € [-1,1] and f’, f": {0,1}" — [-2,2] are functions that vanish on {0,1}2,.
Then

dege(f) < max{dege/Q(f/)a d6g5/2(f//)}

< max {dege/4 <J;I> adege/4 (g)}
=0 (\/%—Fwnlogi) ,

where the last step uses Lemma, 4.2. 0

4.2. Approximation from first principles. We now present our second proof
of Theorem 4.1. This proof proceeds from first principles, using Chebyshev polyno-
mials as its only ingredient. To convey the construction as clearly as possible, we first
present an approximant for the simplest and most important symmetric function,
AND,,. For this, we adopt the strategy of previous constructions [32, 53], whereby
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one first zeroes out as many of the integer points n—1,n—2,n—3,... as possible and
then uses a Chebyshev polynomial to approximate AND,, on the remaining points of
{0,1,2,...,n}. We depart from the previous work in the implementation of the first
step. Specifically, we produce the zeroes using a product of Chebyshev polynomials,
each of which is stretched and shifted so as to obtain an extremum at n and a root
at one of the points n — 1,n —2,n — 3,.... The use of Chebyshev polynomials allows
us to avoid explosive growth at the nonzeroes, thereby eliminating a key source of
inefficiency in [32, 53]. The lemma below shows how to produce a single zero, at any
given point m.

LEMMA 4.4. Letn and m be given integers, 0 < m < n. Then there is a univariate
polynomial T}, , such that

(4.2) Thm(n) =1,
(4.3) Tym(m) =0,
(4.4 T )] < 1. 0<t<n
™ n
. n,m < -
(45) de(Tym) < | T/ 2

Proof. As mentioned above, the construction involves starting with a Chebyshev
polynomial and stretching and shifting it so as to move an extremum to n and a root
to m. In more detail, let

7r n
d= {4 -
Consider the linear map L that sends
(4.6) L(n) =1,
™
(4.7 L(m) = cos (ﬁ) .

Observe that under L, the length of any given interval of the real line changes by a

factor of
2
(e () <5 (- (- 5)

B ™
~ 8d%(n —m)
2
< )
n

where the first step uses cosx > 1 — %xz for z € R. In particular,
2
L([0,n]) L(n) — — L(n)

N

(4.8) C[-1,1].

We now show that the sought properties (4.2)—(4.5) hold for the polynomial
Tyom(t) = Ty(L(t)), where Ty denotes as usual the Chebyshev polynomial of degree
d. To start with,
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where the last two steps use (4.6) and (2.7), respectively. Similarly,
Tn,m(m) = Ta(L(m))

S E)
()

=0,

where the second and third steps follow from (4.7) and (2.3), respectively. Continuing,

where the last two steps follow from (4.8) and (2.6), respectively. Finally, the degree
bound (4.5) is immediate from the choice of d. |

We now obtain the desired approximant for AND and OR, using the two-stage ap-
proach described earlier. The reader interested exclusively in the general case may
wish to skip to Theorem 4.8.

THEOREM 4.5. For some constant ¢ > 0 and all integers n > 1 and d > 0, there
is an (explicitly given) univariate polynomial p such that

(4.9) p(n) =1,
d2
(4.10) Ip(t)] < exp (—Cn> t=0,1,2,...,n—1,
(4.11) Ip(t)] < 1, t €[0,n],
(4.12) degp < d.
In particular,
1 2
(4.13) E(AND,,,d) < 5 exp (-21) d=0,1,2,3,...,

(4.14) deg.(AND,,) < O <\/nlog 1) , 0<e< %,
€

and analogously

(4.15)  E(OR,,d) < %exp <_> d=0,1,2,3,...

1 1
(4.16) deg (OR,,) < O (Unlog ) ) 0<e< 7
€

Proof. For d > n, we may simply take p(¢t) = t(t —1)(t —2)---(t —n+ 1)/nl.
In what follows, we focus on the construction of p for d < n. Let £, be integer
parameters to be chosen later, where 1 </ <n—1and 1 <r < n. We define

R I =
0= 7wy, 1 T
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where T, ; is as constructed in Lemma 4.4, and T;. stands as usual for the Chebyshev
polynomial of degree r. By (4.2) and (4.3),

(4.17) p(n) =1,
(4.18) p(t) =0, t=n—(+1,....n—1.
Moreover,

_ Tt/ (n—0) Ty

@?ﬁﬂ””‘@?ﬁzuwmm—@nﬁlLJnAm

c_ 1

ST (n/(n = 0))]

< 1

max{1+ %,2"\/6/”_1}
1

(4.19)

< )
min {exp (%) , €Xp (;\‘//%)}

where the second step uses (2.6) and (4.4); the third step follows from Proposition 2.6;
and the last step uses 1+ x > exp(z/3) for 0 < z < 4, and 2V*~! > exp(y/z/3) for
x > 4. Next,

ostagn ()] ogtagn |Tr(n/(n _ g))‘ e ‘Tn,z(m
< max M
“o<i<n [T (n/(n—0))]
(4.20) <1,

where the second inequality uses (4.4), and the third inequality follows from (2.6),
(2.7), and Fact 2.5. Finally,

n—1

degp <7+ Z deg(Th.:)
i=n—+1

—1
< T+Z <Z\/%+ 1>
=1 ¢
W\/ﬁ 571ﬁ

4 Jo Vi

-1
:r+€—l+%

(4.21) <r+3vn(l—1),

where the second step uses (4.5). Now (4.9)—(4.12) follow from (4.17)—(4.21) by setting
r=[d/2] and ¢ = |d?/(36n)] + 1.
The remaining claims in the theorem statement follow in a straightforward manner

<r+l-1+
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from (4.9)—(4.12). For (4.13), we have

E(AND,,,d) £ max
ze{0,1}™

exp(—cd?/n)
= 1+ exp(—cd?/n)

P(3oiy i)
ANDn(:C) - 1+ exp(—ICdQ/n)

where the last step uses a/(1 4 a) < v/a/2 for any a > 0. This in turn settles (4.15)
since OR,,(z) = 1-AND,,(1—-21,...,1—x,,). Finally, (4.14) and (4.16) are immediate
from (4.13) and (4.15), respectively. O
To generalize Theorem 4.5 to an arbitrary symmetric function f, it is helpful to think

of f as a linear combination of the characteristic functions of individual levels of the
Boolean hypercube. Specifically, define EXACT,, ;,: {0,1}"™ — {0,1} by

1 if |z| =k,

EXACT,, =
ok (z) {O otherwise.

In this notation, Theorem 4.5 treats the special case AND,, = EXACT, ,. The
technique of that theorem is easily adapted to yield the following more general result.

THEOREM 4.6. For any 0 < € < 1/2 and any integers n > m > k > 0, there is a
univariate polynomial p such that

p(|z]) = EXACT,, p—k(x), |z| < m,
p(lz]) = EXACT, (), |z| > n —m,
p(Je]) — EXACT,.0_x(2)| <, v e (0,17,

1
degp = O( nlog )
€

Proof. Define

(4.22) (= {m + log ﬂ ,
€

(4.23) r= {\/@w .

If £ > n/2, the theorem holds trivially for the degree-n polynomial

In the complementary case £ < n/2, define

n—k—1 n
Tr«n(t/ HTn i) J] Toora® - [T (0= Tiar®?),

i=n—~{ i=n—k+1

p(t) =
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where T;,_1; and T; ,—j are as constructed in Lemma 4.4, and 7T, denotes as usual
the Chebyshev polynomial of degree r. Then (4.2) and (4.3) imply that

(4.24) p(t) =0, te{0,1,...,0),
(4.25) p(t) =0, te{n—4¢,...,n—1,n}\{n—k},
and
14 n—k—1 n
- k) - HTnfk,i(n - H n—k 1 ) . (]- - Ti,nfk(n - k)z)
=0 i=n—~{ i=n—k+1

n—k—1 n

:i?-]j - I a-0

i=n—~{ i=n—k+1

(4.26) =1.
Moreover,
_ (Wn—
oﬁ?ﬁz Ip(®)] = og‘?ﬁie T ((n — HT” hi
n—k—1 n
X H Tn k, ’L . H (1 - T%,n*k(t)2)
i=n—~{ i=n—k+1
T (t/(n = 1))
<
S o&int | To((n — k)/(n — 0))
1
<
IT:-((n —k)/(n—0))|
g 277”\/ ZiTk +1
(4.27) <,

where the second step uses (4.4), the third step uses (2.6), the fourth step applies
Proposition 2.6, and the final step substitutes the parameters (4.22) and (4.23). Fi-
nally,

4 n—k—1

degp<r+Zdeg(Tn_;” + Z deg(Tp—k,:) + 2 Z deg(T; n—k)

=0 i=n—~ i=n—k+1

¢ —k

s n—=k T In—k
< 1 - 1
r+;<4 n—k—z+ >+z—1 (4 ¢ " >
k
T In—k+1
2 — 1
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{41 dt

r+3€+7rf/
:r+3€+2m/n(£+1)

(4.28) =0 <\/T%+\/nlog1>7

where the second and third steps use (4.4) and k < ¢ < n — k, respectively. In view

of (4.24)—(4.28), the proof is complete. |
We are now in a position to handle arbitrary symmetric functions by expressing them
as a linear combination of EXACT,, ; for i = 0,1,2,...,n. This result provides a new

proof of Theorem 4.1.

THEOREM 4.7. Let f: {0,1}"™ — [—1,1] be an arbitrary symmetric function. Let

k be a monnegative integer such that f is constant on inputs of Hamming weight in
(k,n— k). Then for 0 <e<1/2,

(4.29) deg (f) =0 <M+ {/nlog i) .

More precisely, there is an (explicitly given) polynomial f: {0,1}™ — R such that

(4.30) fx) = f(x), lz| <k,
(4.31) fl@) = f(a), |z > n
(4.32) f(@) = f@) <e z € {0, 1}",

(4.33) degf=0 <W+ \/nlog 1) .

Proof. If k > n/2, the theorem follows from the trivial bound degy(f) < n. For
the complementary case k < n/2, write

k k
() = A+ Y N -EXACT,;(z) + Y _ A/ - EXACT, ()
: =0
k k
=+ Z N, -EXACT,, ,,i(T1,. .., Tn) + Z N/ - EXACT, (),
: 1=0

where A\, \), AG, ..., AL, AL € [—2,2] are fixed reals. By Theorem 4.6, each of the
functions EXACT,, ,,—; in this linear combination can be approximated pointwise to
within €/(2k + 2) by a polynomial of degree O(v/nk + \/nlog(1/e)). Moreover, the
lemma guarantees that in each case, the approximation is exact on {0, 1}21@ and
{0,132, ;. Now (4.29)-(4.32) are immediate.

4.3. Approximation using a sampling argument. We now give a third proof
of Theorem 4.1, inspired by combinatorics rather than approximation theory. Here, we
show how to approximate an arbitrary symmetric function f using an approximant
for AND (cf. Theorem 4.5) and a sampling argument. Suppose for simplicity that
f:40,1}™ — {0, 1} is supported on inputs of Hamming weight at most k. A folklore

approach for approximating f to within € is to write f as the sum of at most (Z)
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conjunctions, corresponding to all possible inputs where f # 0, and then approximate
each of the conjunctions to error €/ (2) using Theorem 4.5. This gives an approximant
for f with pointwise error at most € and degree

o5 0))) -0 (Vv o).

This simple bound is within a factor of O(1/log(en/k)) of optimal. In this section,
we will show how to achieve optimality by combining Theorem 4.5 with sampling.

Our approach is as follows. Let f: {0,1}" — [—1,1] be a given symmetric func-
tion, supported on inputs of Hamming weight at most k. Given a string = € {0,1}",
consider the experiment whereby one chooses |n/k| bits of z independently and uni-
formly at random, and outputs the disjunction of those bits. To approximate f, we
feed the expected value of the sampling experiment to a suitable univariate polyno-
mial constructed by Lagrange interpolation. The expected value of the experiment
as a function of x has II-norm at most 2, which by Proposition 2.12 means that the
overall composition has small IT-norm as well. The complete details of this construc-
tion are provided in Lemma 4.8. To finish the proof, we expand the composition as a
linear combination of conjunctions and replace each conjunction by a corresponding
approximant from Theorem 4.5.

LEMMA 4.8. Let k > 0 be a given integer. Let f: {0,1}" — [—1, 1] be a symmetric
function that vanishes on {0,1}2,. Then for every 0 < e < 1/2, there exists an
explicitly given) function f: {0,1}" — R such that

(

(4.34) f@) = f(x), 2| < E,
(4.35) f@) = f(x), 2| = n

(4.36) () = f(z)| < z € {0, 1}”,
(4.37) II(f) < CFHlee/9)]

where C' > 1 is an absolute constant independent of f,n,k,e.

Proof. If k = 0, the only possibilities are f(z) =0 and f(x) = A T, and therefore
we may take f = f. If k > n/4, we again may take f = f since II(f) < 2" by
Proposition 2.12(v). In what follows, we treat the remaining case

(4.38) 1<k<

Consider the points 0 =tg < t; <t < -+ < t, = 1, where
NEY
tizl—(1—> , i=0,1,2,...,n
n

The derivative of ¢ - 1 — (1 — L)["/(20)} on [0, 2k] ranges in [, ] Therefore, the
mean value theorem gives

(4.39) |Z(s_1c]| <t —t5] < |Z2_k]‘, i, =0,1,2,..., 2k
In particular,
(4.40) 1<t <> i=0,1,2,...,2k
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Consider the univariate polynomials

p(t)=(1 -1t ﬁ t—t;)

i=n—k
Zkif (1i0n~ Z) LA
i p =0 ti — tj ’
j?ﬁi
where
1
(4.41) d=5 {8k + In l .
€

Our definitions ensure that p(t;)q(t;) = f(1°0"~%) for i = 0,1,2, ..., k. Moreover, we
have p(t;)q(t;) =0 fori={k+ 1, k+2,...,2k}U{n —k,n—k+1,...,n}. Since f
vanishes on inputs of Hamming weight greater than k, we conclude that

(4.42)  p(t)q(t;) = F(1°0"7Y), i={0,1,....,2k}U{n—k,n—k+1,...,n}.

A routine calculation reveals the following additional properties of p and gq.
CrLAM 4.9. |p(t:)q(t;) — F(1°0"~)| < € fori > 2k.
CLAIM 4.10. ||p - || = 20F+loe(/),

We will settle these claims once we complete the main proof. Define f:{0,1}* —
R by f(x) = p(t|s)q(t|z). Then (4.34)-(4.36) follow from (4.42) and Claim 4.9.
For (4.37), observe that

7 =» (8 V) o(e Vo)

where the expectation is over a multiset S of | 5 | elements that are chosen indepen-
dently and uniformly at random from {1,2,...,n}. As a result, (4.37) follows from
Claim 4.10 and Proposition 2.12 (ii), (iii), (vi)7 (vii). O

Proof of Claim 4.9. Fix any point t € [tak, tn] = [t2r, 1]. Recall from (4.38) that
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k < n/4. As a result,

Ip(t)q(t)| < |p(t2k)Q(t)|

p(t |Z ﬁ 1 -t
2k
<o)l T} b 1]
i

Using the lower bounds in (4.39) and (4.40), we obtain

(o)) < exp (- CE A )zn e
Jsﬁz
:eXp( g) io \Zk—_JJ\'
<en(-5)% EGZZ?Z?
- (DL
con(-4) () #
exp( g) 28k

<e€

)

where the last step follows from the definition of d in (4.41). Hence, |p(t;)q(t;) —
FA0mH)| = Ip(ti)a(ti)] < € for i > 2k. 0
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Proof of Claim 4.10. Recall from (4.38) that k < n/4. As a result,

i t:)| = |p(t
_min lp(t)] = [p(to)

n

=1 —t* TI It —til

i=n—k
> (1 —tg|? - [ty — ton|" !
1
(4.43) > o0 g1

where the last step uses the estimates in (4.39) and (4.40). As a result,

2 \f PO" 1)| L+t
lp-al < 1+ )" TT (148 Z H‘t._tq
j=o0

i=n—k =0
J#i

k 1 2k
d . ok+l
S20-2 ngd,67k71H|t._t.|
=0 J',=Q Y
(2

<4l 12k+IZH ‘2 6k

i=0 j= 02_‘7‘
J#i
d 1ok+1 a2k k)% :
=4%.12 -6
2k' ( )

k

d 1ok+1 21@.(2/‘“)2 o2k
<4%-12 6 W 2
— 9O(d+k)

)

where the first step is valid by Fact 2.7; the second step uses 0 < t; < 1 and (4.43);
the third step follows from the lower bound in (4.39); and the last step is legitimate
by Stirling’s approximation. In view of (4.41), the proof is complete. ]

We have reached the promised construction of an approximating polynomial for any
symmetric function.

THEOREM 4.1 (restated). Let f: {0,1}" — [—1,1] be an arbitrary symmetric
function. Let k be a nonnegative integer such that f is constant on inputs of Hamming
weight in (k,n — k). Then for 0 < e < 1/2,

(4.44) deg.(f) = (\/7—1- \/nlog 1) :

Moreover, the approximating polynomial is given explicitly in each case.

Proof. If k > n/2, the theorem follows from the trivial bound deg,(f) < n. For
the complementary case k < n/2, write

flre, ..o zn) =2+ (2, ... zn) + f/ (@1, T,

where A € [-1,1] and f’, f”: {0,1}"™ — [-2,2] are symmetric functions that vanish
on {0,1}2,. Lemma 4.8 shows that f’/2 and f”/2 are each approximated pointwise
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to within €/5 by a linear combination of conjunctions, with real coefficients whose
absolute values sum to 20(+10e(1/€)) By Theorem 4.5, each such conjunction can in
turn be approximated pointwise by a polynomial of degree d to within 9-O(d/n),
Summarizing,

E(f,d) < E(f',d)+ E(f",d)
<2 (f’,d> 42 (f”,d)
2 2

<2 (2 . g | 9O(k+log(1/€)) 2—@<d2/n>) ,

whence (4.44). Moreover, the approximating polynomial is given explicitly because
Theorem 4.5 and Lemma 4.8 provide closed-form expressions for the approximants
involved. 0

4.4. Generalizations. Theorem 4.5 on the approximation of AND and OR ob-
viously generalizes to arbitrary conjunctions and disjunctions. Somewhat less obvi-
ously, it generalizes in an optimal manner to conjunctions and disjunctions whose
domain of definition is restricted to the first few levels of the hypercube. We record
this generalization for later use.

THEOREM 4.12. Let f: {0, 1}]<Vn — {0, 1} be given by

o= (V) ()

for some subsets A, B C {1,2,...,N}. Then
1 d?
E(f,d)gexp<c), d=0,1,2,...,
2 n

where ¢ > 0 is an absolute constant. Moreover, the approximating polynomial is given
explicitly in each case.

Proof. If |B| > n, then f =1 on its domain of definition and hence E(f,0) = 0.
In the complementary case when |B| < n, we have

(4.45) S ai+ Yy (1—z)€{0,1,2,...,2n}, z € {0,132,
icA i€B
Theorem 4.5 gives an explicit univariate polynomial p of degree d such that

(4.46) p(2n) =1,
(4.47) Ip(t)] < exp (—) , t=0,1,2,...,2n— 1,

where C' > 0 is an absolute constant. Define

1
Ple)=1-7 texp(—Cd2/n) ¥ <2” =D m—y (- xi)) :

i€A i€EB

Then

exp(—Cd?/n)
- <
oy, ) = PO S ey

. 1 Cd?
X 7 €X T )
2 P\ "o,
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where the first step follows from (4.45)—(4.47), and the second step uses a/(1 4 a) <
Vva/2 for any a > 0. a

COROLLARY 4.13. Let f: {0,1}Y, — {0,1} be given by

o (Ae) (A7)

for some subsets A,B C {1,2,...,N}. Then

1 d?
E(f,d)éexp<—c ) d=0,1,2,...,
2 n

where ¢ > 0 is an absolute constant. Moreover, the approximating polynomial is given
explicitly in each case.

Proof. Apply Theorem 4.12 to 1 — f. |

5. k-DNF and k-CNF formulas. Recall that a k-DNF formula in Boolean
variables z1,xo,...,zN is the disjunction of zero or more terms, where each term
is the conjunction of at most k literals from among x1,%7,x2,T2,...,ZN,TN. As a
convention, we consider the constant functions 0 and 1 to be valid k-DNF formulas
for every k > 0. Analogously, a k-CNF formula in Boolean variables x1,x2,..., 2N
is the conjunction of zero or more clauses, where each clause is the disjunction of at
most k literals from among x1,71, 2, T2, ..., TN, Tx. Again, we consider the constant
functions 0 and 1 to be valid k-CNF formulas for all £ > 0. Recall that a function f is
representable by a k-DNF formula if and only if its negation f is representable by a
k-CNF formula. Note also that the definition of k-DNF formulas is hereditary in the
sense that a k-DNF formula is also a k’-DNF formula for any k&’ > k, and analogously
for CNF formulas.

The contribution of this section is to settle Theorem 1.2 on the approximate
degree of every k-DNF and k-CNF formula. We will in fact prove the following more
precise result, for every setting of the error parameter.

THEOREM 5.1. Let f: {0, 1}gn — {0,1} be representable on its domain by a k-
DNF or k-CNF formula. Then

- 1\ 7
(5.1) deg (/) < ¢~ (VE)F nrtn (1og )
€
for all 0 < € < 1/2, where ¢ > 1 is an absolute constant independent of f, N,n,k,e.
Moreover, the approximating polynomial is given explicitly in each case.
We present the proof of this theorem in Sections 5.1-5.4 below.

5.1. Key quantities. For nonnegative integers n and k and a real number A >
1, we define
D(TL, k, A) = m}?‘X dEgZ*A (f)v

where the maximum is over all functions f: {0,1}Y, — {0,1} for some N > n that
are representable by a k-DNF formula. Fact 2.1 gives the upper bound

(5.2) D(n,k,A) < n.

Since the only 0-DNF formulas are the constant functions 0 and 1, we obtain

(5.3) D(n,0,A) =0.

We will prove Theorem 5.1 by induction of k, with (5.3) serving as the base case.
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5.2. A composition theorem for approximate degree. The inductive step
in our analysis of D(n, k, A) relies on a certain general bound on approximate degree
for a class of composed functions, as follows.

LEMMA 5.2. Let F: X x {0,1}Y — {0,1} be given by

F(z,y) = \/ yi A fi(z)

for some functions f1, fa,..., fn: X = {0,1}. Let b be an integer with b | n and b | N.

Then
ge( ) < no l0g 6 ?f?“)iN} geexp( C\/% log %) \/ Ji

ieS
|S|<Cy/nblog L €

for all 0 < € < 1/2, where C > 1 is an absolute constant independent of F, N,n,b, €.

As we will see shortly, the bound of Lemma 5.2 generalizes to functions F': X X
{0,1}%, — {0,1} and to arbitrary reals b > 1. It is this more general, and more
natural, result on the approximate degree of composed functions that we need for our
analysis of D(n,k,A). However, establishing Lemma 5.2 first considerably improves
the readability and modularity of the proof. By way of notation, we remind the reader
that the symbol \/, ¢ fi denotes the mapping = +— \/, g fi(2). The reader will also
recall the notation [n] = {1,2,...,n}. In particular, ([g}i) denotes the family of subsets
of {1,2,...,n} of cardinality at most d.

Proof of Lemma 5.2. The proof is constructive and uses as its building blocks
two main components: an “outer” approximant (for the OR function) and “inner”
approximants (for disjunctions of small sets of f;). We first describe these components
individually and then present the overall construction and error analysis.

STEP 1: OUTER APPROXIMANT. Theorem 4.5 provides a symmetric multilinear
polynomial OR,, /3 {0,1}7/% — [0,1] of degree d = O(y/nlog(1/€)/b) that approx-
imates OR,,;, pointwise to within /2. More specifically, there are real coefficients
ag, a1, as, ... such that

n/b

(5.4) Z:\/12z - Z as| Hzi < g, z e {0,1}°,

se (/o) ies
where

1
(5.5) 1<d<ey/~log -
b €

for some absolute constant ¢ > 1. By Lemma 2.9,

(5.6) 3 ("l{b) lae] < 8°.

£=0
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STEP 2: INNER APPROXIMANTS. For a subset S C {1,2,... N}, define fg: X —
{0,1} by
z)=\/ fix)
ieS

Fix a polynomial fs: X — R of the smallest possible degree such that
: e [& n/b -
(5.7) Ifs = fslleo < 5 (Z ( . >2¢|az|>
£=0

To avoid notational clutter in the formulas below, we will frequently write fs and fs
instead of fs(z) and fg(x), respectively, when referring to the value of these functions
at a given point x € X. We have

dEg(fS) < deg /(2.164) (\/ fi)

i€S
" gy (V1)
eon(ievimt) |V,

where the first and second steps use (5.6) and (5.5), respectively.
STEP 3: OVERALL APPROXIMANT. By appropriately composing the outer ap-

proximant with the inner approximants, we obtain an approximant for the overall
function F. Specifically, define F': X x {0,1}Y — R by

(5.9) F(z,y) = a0+ Z“f (n/b> <b€> <b€> i

x, E > O s I wl

Bi,...;Bnyp

SC{1.2,.., 0} i€B1U---UBy
S#D
where the expectation is taken over a uniformly random tuple of sets By,..., B, b C

{1,2,..., N} that are pairwise disjoint and have cardinality b each. Then

Bi,...,Bn s SC{1,2,...,d}

deg(F) < max max {deg fU csB:) T Z | Bi |}

< max {deg(fs)}—i—db

se(L)
1
< il
(5.10) = sg?llfl..).(,N} {degwxp( Vil (\/sz> } il nblog €’
|S|<cy/nblog L e

where the final step uses (5.5) and (5.8).

STEP 4: ERROR ANALYSIS. For the rest of the proof, fix y € {0,1}Y arbitrarily.
Let L = {i:y; = 1}. In the defining equation (5.9), the product [[;,cp . .up, ¥i acts
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like an indicator random variable for the event that By U...U B, C L, which occurs
with probability precisely

()G -GG

Therefore,
F(z,y)
d n/b |S|+1
=a0+zae v ) s EB Z( 1) f,es B; | B1,---, B¢ C L
= v sy
| 2o
d n/b ~ n/b
s a(") B, | S0 R | U
=1 A Py i=1
| S22
n/b
= ag —&—Zae B , Z Z ‘S|+1 fUZES U BZ =L
Bn/b -~
Te(/) g;g i=1 |
n/b
610 =, B et S £ S s | Uni-r|
tre "/b (i) ST i=1
) S0 |

where the second step is valid because a uniformly random tuple of pairwise disjoint
sets By, ..., By C L of cardinality b each can be generated by partitioning L uniformly
at random into parts of size b and using the first ¢ parts of that partition; the third
step is valid in view of the symmetry of the distribution of By, ..., B, /5; and the last
step uses the linearity of expectation. Analogously,

N
z,y) =\ yi A fi
i=1
=V fi

ieL
=/
n/b
E IBU-UB,, U B;=1L

Bi,...,Bn/p

(5.12)
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As a result,

|F($7y) - F(xay”

S|+1
<BmaX [BiU-UB,,, — ao—g ag E E l I+ fUlesB
1yeen

=1 qe(in/) SCT
L) S4o
S|+1
SBmag [B10-UB,,, — ao—E ay E E 1)l JUsesBi
Lyeors n/b =1 ([n/b]> scr
£ ) S4o

S 1D Sl TP

""" Te( [n/0] ) SCT

¢ ) S#o
d €
SBmaE); fBlLJmUBn/b—ClO—Zaz Z (_1)|S|+1fUi€sBi —|—§
Lyeeey n/b =1 Te([n/b]) SCT
¢ ) S#e
n/b
S TNALRI D Vb WEALL VA S
1seesBnyb ([n/b)SCT €S
4 S#g
n/b
= A \/fB—Zae > I7m|+3
15 Bn /b Te([n/b]) €T

(5.13) <,

where the first step is immediate from (5.11) and (5.12), the second step applies the
triangle inequality, the third step is valid by (5.7), the fourth step is a change of
notation, the fifth step uses the inclusion-exclusion formula (Fact 2.2), and the last
step is justified by (5.4). By (5.10) and (5.13), the proof of Lemma 5.2 is complete
by taking C' = 4c. ]
To remove the homogeneity and divisibility assumptions in Lemma 5.2, we now show
how to reduce the approximation of any function on {0, 1}\n to the approximation

of a closely related function on {0,1}Y*". This connection is surprising at first but
has a short proof based on Minsky and Papert’s symmetrization argument.

LEMMA 5.3 (Homogenization lemma). Let f: X x {0, 1}<n — R be given. Define
e X x {0, 1}V 5 R by
(5.14) @y ynan) = fl@y1 - yn).

Then for all e = 0
deg, (f") = deg.(f).

Proof. The upper bound deg,(f’) < deg,(f) is immediate from the defining equa-
tion (5.14). For a matching lower bound, fix a polynomial ¢': X x R¥+" — R such
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that
(5.15) |f'(z,y) — ¢'(x,9)| <, zeX, ye {01}V,
(5.16) deg ¢’ = deg, (f).

Minsky and Papert’s symmetrization argument (Proposition 2.4) yields a polynomial

¢*: X x RN x R — R such that for t =0,1,2,...,n,

(5.17) ¢*(z,y,t) = el ¢ (z,y2), ze X, ye {01}V,
t

(5.18) deg ¢* < deg¢’.

We are now in a position to construct the desired approximant for f. For any x € X
and y € {0, l}gn7 we have

N
|f(a?,y) - ¢* (xayan - Z%) ‘
i=1

< |f — E f/ , Yz
(w,y) sefo 1}, ({E Yy )
+ E "z, yz ,, E
z€{0,1},_ ly| f ( Y ) < K yz> |

E fl z,yz _¢* z,y,n— Yi
2€{0.1}_yy) ( ) ;

ze{o,ﬁz,ly‘ [f' (2, y2) — ¢ (2, y2)]

N

€,

where the first step applies the triangle inequality, the second step is immediate from
the definition of f’, the third step uses (5.17), and the last step follows from (5.15).
In summary, we have shown that deg,(f) < deg ¢*, which in view of (5.18) and (5.16)
completes the proof. 0

We are now in a position to remove the divisibility assumption in Lemma 5.2 and
additionally generalize it to the nonhomogeneous setting.

THEOREM 5.4. Let F: X x {0,1}F, — {0,1} be given by

N
y) =\ vi A filz)
i=1
for some functions f1, fa,..., fnv: X = {0,1}. Then

1
(5.19) deg (F) < C’\/nblogg + Sggl?.).(,zv} degsexp( TTog T (\/ fz>

s
|5|<C/nblog 1 e

for all reals b > 1 and 0 < € < 1/2, where C > 1 is an absolute constant independent
of F,N,n,b,e.
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Proof. We first examine the case 1 < b < n. Consider the function F': X x
{0,1} — {0,1} given by

N/
"(w,9) = \/ vi A fulw)
=1

where
=1 | gyl
v = |yl + 0
INy1 = fNye =fn =
Then

1
Seywibflog o+ max odeg (/i iesT) (Vﬁ)’

i€S
|S|<cy/n’[b] log T

for some absolute constant ¢ > 1, where the first step uses the homogenization lemma
(Lemma 5.3) and the second step follows from Lemma 5.2. This settles (5.19) for
C =2c

For the complementary case b > n, define F': X x {0,1}N*" — {0,1} by

N4+n

y) = \/ yi A fi(x)

where fni1 = fng2 = - = fn4n = 0. Then

(5.20) deg, (F) = deg, (F')

by the homogenization lemma (Lemma 5.3). On the other hand,

(5.21) Flay= Y (\/ fi<x>> I] -
se(Vnl) \ies ies

For any input y of Hamming weight n, every term in this summation vanishes except
for the term corresponding to S = {i : y; = 1}. This means that an approximant
for F' with error e can be obtained by replacing each disjunction in (5.21) with a
polynomial that approximates that disjunction to within e. As a result,

deg (F') < n+ max deg, (\/ fl> .

se(4)) ies

This upper bound along with (5.20) settles (5.19) for b > n. d
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5.3. A recursive bound. Using Theorem 5.4 as our main tool, we now derive
the promised recurrence for D(n, k, A).

LEMMA 5.5. There is a constant C > 1 such that for all integers n,k > 1 and
reals A > 1,

(5.22) D(n,k,A)<r£1>ai<{0\/nbA+D<n,k—17A+C\/n?)}.

Proof. Let f: {0, 1}J<Vn — {0,1} be a k-DNF formula. Our objective is to bound
deg,-a(f) by the right-hand side of (5.22). We may assume that

(5.23) f#1,

since the bound holds trivially for the constant function f = 1.

Write f = f' Vv f”, where f’ is a k-DNF formula in which every term has an
unnegated variable, and f” is a k-DNF formula whose terms feature only negated
variables. Collecting like terms in f’, we immediately obtain

(5.24) f'(@) =\ @i filw)

for some (k — 1)-DNF formulas f1, f5,..., fx-
We now turn to f”. By (5.23), there exists z* € {0, 1}J<Vn such that f”(z*) = 0.
Consider the subset I = {i : 7 = 1}, of cardinality

(5.25) 1] < n.

Since every occurrence of a variable in f”(z) is negated, we conclude that every term
in f"(x) features some literal Z; with ¢ € I. Collecting like terms, we obtain the
representation

(5.26) (@) =\ @i fl (),
iel
where each f/’ is a (k — 1)-DNF formula.

To summarize (5.24)—(5.26), the function f = f'V f” is a subfunction of some
F:{0,1}Y, x {0,1}257" = {0,1} of the form

N+n
i=1
where each f; is a (k — 1)-DNF formula. Now

deg, a(f) < degy-a(F)

_ |
< max {C\/m oA degy s o /mmam (\/ fz) }

ies
¢ [2nA
<max{eV2nbA+ D n,k—1, A+ —/ —— ,
b>1 In2 b

where the second step follows from Theorem 5.4 for a suitable absolute constant ¢ > 1,
and the third step is justified by the fact that each \/,. 4 fi: {0, l}gn — {0,1} is a

(k — 1)-DNF formula. In conclusion, (5.22) holds with C' = ¢v/2/1n 2. d
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5.4. Solving the recurrence. It remains to solve the recurrence for D(n, k, A)
given by (5.3) and Lemma 5.5.

THEOREM 5.6. There is a constant ¢ > 1 such that for all integers n,k > 0 and
reals A > 1,

k 1

(5.27) D(n,k,A) < c- (V2)Fnm1 AT

This result settles Theorem 5.1. Indeed, if f: {0,1}Y,, — {0,1} is representable by
a k-DNF formula, then (5.1) is immediate from (5.27). The same bound applies
to k-CNF formulas because they are negations of k-DNF formulas, and deg (f) =

deg, (1 — f) for any f.

Proof of Theorem 5.6. We will prove (5.27) for ¢ = 2(C'+1)?, where C' > 1 is the
absolute constant from Lemma 5.5. The proof is by induction on k. The base £k =0
holds due to (5.3). For the inductive step, let k > 1 be arbitrary. For A > n, the
claim is immediate from (5.2), and we focus on the complementary case

(5.28) 1<A<n.

For every b > 1,

D(n,k,A) <min{mC’anA—i—D(n,k—1,A+C\/nbA>}

%
< min ¢ n, CvVnbA 4+ 2(C + 1)2 2" T T (A + Cy /nbA>

%
(5.29) <(C+1)VRbA + (C+1)22% % <(C+1) ”ﬁ) :

where the first step uses (5.2) and Lemma 5.5; the second step applies the inductive
hypothesis; and the last step can be verified in a straightforward manner by examining
the cases A < n/b and A > n/b. Setting

2
k+1

n\l
b=(C+1)?2" (%)
(C+122 (3
in (5.29) now yields (5.27), completing the inductive step. Note that our choice of
parameter meets the requirement b > 1, as one can see from (5.28). 0
6. k-Element distinctness. For an integer k, recall that the threshold function

THRy: {0,1}* — {0,1} is given by

1 if |z| > &,

0 otherwise.

THRk (l‘) = {

Note that the subscript k£ may be positive, zero, or negative. In particular, we have

(6.1) THRo = THR_, = THR_, = THR_; = - --

1.

In the k-element distinctness problem, the input is a list of n integers from some range
of size r, and the objective is to determine whether some integer occurs at least k times.
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Traditionally, the input to k-element distinctness is represented by a Boolean matrix
x € {0,1}™*" with precisely one nonzero entry in each row. We depart from tradition
by allowing the input z € {0,1}"*" to be an arbitrary matrix with at most n ones.
Formally, we define the k-element distinctness function ED,, . x: {0, 1}2711 — {0,1} by

EDn,r,k(x) = \/ THRk(iELil’Q’i . scnﬂ-).

i=1
Since our focus is on upper bounds, working with the more general domain makes our
results stronger. Our main result in this section is as follows.

THEOREM 6.1. Let k > 1 be a fixed integer. Then for all integers n,r > 1 and all
reals 0 < e < 1/2,

1_ 1 1\ 4 1712*’&‘ 1
deg, (EDy, r.x) = O (‘/ﬁmm{”’r}z e (log ) | )> e <V nlog ) '
€ €

Moreover, the approximating polynomial is given explicitly in each case.

Taking € = 1/3 in this result settles Theorem 1.1 from the introduction. To prove The-
orem 6.1, we will need to consider a more general class of functions. For nonnegative
integers n,r, k and a real number A > 1, we define

D(n,r, k,A) = max degy—a (F),
where the maximum is over all functions F': {0, 1}27” — {0, 1} for some N that are
expressible as

F(z) = \/ THRy, (x

i=1

Si)

for some pairwise disjoint sets S1, So,...,5, C {1,2,..., N} and some kq, ks, ..., k. €
{0,1,2,...,k}. The four-argument quantity D that we have just defined is unrelated
to the three-argument quantity D from Section 5. We abbreviate

D(n,o00,k,A) =max D(n,r k,A).

r>1

By definition,

1 1
(6.2) deg. (EDy r 1) < D (n,r, k,log ) , 0<e<g 3
€

Our analysis of D(n,r, k, A) proceeds by induction on k. As the base cases, we have

(6.3) D(n,00,0,A) =0
by (6.1), and
(6.4) D(n,00,1,A) = CvVnA

by Theorem 4.12 for some constant C' > 1. Also, Fact 2.1 implies that

(6.5) D(n,o00,k,A) <n.



ALGORITHMIC POLYNOMIALS 49

6.1. A recursive bound for small range. To implement the inductive step,
we derive two complementary recursive bounds for D(n,r, k, A). The first of these
bounds, presented below, is tailored to the case when n > kr.

LEMMA 6.2. There is a constant C' > 1 such that for all positive integers n,r, k
and all reals A > 1,

D(n,r,k,A) go.,/1+%-(D(zkr,r,k,AHHA).

Proof. Since D is monotonically increasing in every argument, the lemma holds
trivially for n < kr. In what follows, we consider the complementary case

(6.6) n = kr.
Consider an arbitrary function F: {0,1}Y, — {0,1} of the form

(6.7) F(z) = \T/ THRy, (z

i=1

Si)

for some pairwise disjoint sets Si,S5s,...,S5, C {1,2,...,N} and ki, ko,... k. €
{0,1,2,...,k}. By discarding any irrelevant variables among z1, zs,...,Zy, Wwe may
assume that S; U Sy U---US,. = {1,2,...,N}. Then by the pigeonhole principle,
any input z with Hamming weight at least kr satisfies at least one of the disjuncts
in (6.7). Therefore,

(6.8) F(z) =1, z €{0,1}%,,.

For i > kr, define F;: {0,1}Y; — {0,1} by

@) = {F(z) if |2 < kr,

1 otherwise.

Then

= c\/W- (degg-n—1(Forr) + A+ 1)
kr
< c\/?- (D(2kr,r,k,A+1)+ A +1)
T

for some absolute constant ¢ > 1 and all A > 1, where the first and last steps use (6.8),
and the third step applies (6.6) and the extension theorem (Theorem 3.1) with m = kr
and € = § = 27271, As a result, the lemma holds with C' = 2¢. 0

6.2. A recursive bound for large range. We now derive an alternate upper
bound on D(n,r, k,A), with no dependence on the range parameter r. This result
addresses the case of large r and complements Lemma 6.2.
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LEMMA 6.3. There is a constant C > 1 such that for all integers n,k > 1 and all
reals A, b > 1,

(6.9) D(n,o0,k,A) < CVnbA + C (1 + % (b”A)M) x

x (D <L0k\/nbAJ,oo,k:—1,Cq/nbA+l> + ”ﬁ)

Proof. Consider an arbitrary function F': {0, 1}1%'” — {0, 1} of the form

(6.10) F(z) = \/ THRy, (zs,)
i=1
for some integer r > 1, some pairwise disjoint sets S1,53,...,S5, € {1,2,..., N}, and

some k1, ko, ..., k. € {0,1,2,...,k}. If k; = 0 for some ¢, then the corresponding term
in (6.10) is the constant function 1, resulting in deg,(F) = 0. In what follows, we
treat the complementary case when k; > 1 for each .

Rewriting (6.10),

s

(6.11) F(z)=\/\/ z; ATHRy, 1(z
i=13j€8;

Si\{7})-

As this representation suggests, our intention is to bound the approximate degree of
F by appeal to Theorem 5.4.

CLAM 6.4. Fiz a subset S} C S; for eachi=1,2,...,r. Then for A > 1,

degy-a \/ \/ THRy, 1 (x

i=1j5€8]

Sz\{J}) <D<’I’L,ZS;,]C—1,A> +Z|Sz/|
i=1 i=1

We will settle Claim 6.4 once we complete the main proof. In light of this claim, the
representation (6.11) shows that

N
F(z) = \/ x; A fi(z)
i=1
for some functions f; such that

(612) deg2*A (\/ fz) gD(n7|S|ak_1vA)+|S|

i€S

for all S C {1,2,...,N} and all A > 1. Then for some absolute constants ¢/, ¢’ > 1



ALGORITHMIC POLYNOMIALS 51

and all A > 1 and b > 1, we have

—A < / K3
degy-a (F) canA—i—Sg?laxN} deg, Aexp( N~ (\/ f)

[RRRE)

[S|<e’VnbA
c A
<2C/vnbA+D<n,fc’anA],k lA—J—ﬁ nb)
< 2dVnbA + ¢ - 1+Lx
k- c/vnbA
, d InA
x [ D | 2k[¢'VnbA], 00,k — 1A+ﬁ — 1
¢ InA
A —
+ +1n2 b)’

where the first step applies Theorem 5.4, the second step uses (6.12), and the final step
follows from (6.3) for £ = 1 and from Lemma 6.2 for & > 2. This directly implies (6.9)
for A < n/b. In the complementary case A > n/b, the right-hand side of (6.9) exceeds
n and therefore the bound follows trivially from (6.5). o

Proof of Claim 6.4. To start with,

T

\ V THR: 1 (@lspgp) =V V THRe—1(zls) ()

1=1j€eS] 840 jes)

= \/ THR
0:S]#D

isgi-1) (@lsavsy),

where the second step uses (6.1). Considering the possible values for the Hamming
weight of each x|52, we arrive at the representation

k)i-l-ﬂliﬂ{’l‘sl_

. EARENEA
(6.13) \/ \/ THRy, —1((s,\{5}) Z Z [|z|s;| = ¢; for each 1]
i=1 jes! 6=0  £,=0

)

X \/ THR, —1-min{e;, |57 -1} (T
1:8]#D

The indicator functions in this summation are mutually exclusive in that for any given
value of z, precisely one of them is nonzero. As a result, the right-hand side of (6.13)
can be approximated pointwise to within 272 by replacing each parenthesized expres-
sion with its 2~%-error approximant, which by definition can be chosen to have degree
at most D(n, > |S:|,k—1,A). This completes the proof since each indicator function
in (6.13) depends on only > |Si| Boolean variables and is therefore a polynomial of
degree at most Y |S}|. a

6.3. Solving the recurrence. It remains to solve the newly obtained recur-
rences. We first solve the recurrence given by (6.4) and Lemma 6.3, corresponding to
the infinite-range case.



52 ALEXANDER A. SHERSTOV

THEOREM 6.5 (Range-independent bound). There is a constant ¢ > 1 such that
for all positive integers n and k, and all reals A > 1,

1 1
(6.14) D(n,o00,k,A) FVE . p Tia R ATa—2F) |

Proof. We will prove (6.14) for ¢ = (4C)2, where C > 1 is the larger of the
constants in (6.4) and Lemma 6.3. The proof is by induction on k. The base case
k =1 is immediate from (6.4). For the inductive step, let k > 2 be arbitrary. When
A > n, the right-hand side of (6.14) exceeds n and therefore the bound is immediate
from (6.5). In what follows, we assume that

(6.15) 1<A<n.
Let b > 1 be a parameter to be fixed later. By Lemma 6.3,

S Al

+D<LC’k\/nbAJ,oo,k 1,C4/ bA+1>>

It follows that

D(n, 00, k, A) < CVERbA + 2C (kbA)Z < %

D(LCk\/nbAJ,ooJc 1,C4/ I)A—f—l))

as one can verify from the previous step if n > kbA and from (6.5) if n < kbA.
Applying the inductive hypothesis,

D(n,00,k,A) < C\/knbA+20<kbA)4< %

1 nA 4(1—2—k+1)
+ /(B = 1) - (CkVnbA) 30270 | C - *1

Now the bound

1

k:bA)

N nA m
4cF=1/(k (CkVnbA)'~ TG C’/T

is immediate from the previous step if n > b/A and from (6.5) if n < b/A. Rearrang-
ing, we find that

(6.16) D(n,o0,k,A) < CVEnbA (1 +C (%) T8k — 1) b‘i‘mzlw) ,

D(n, 00, k, A) < CVERbA + 2C (
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The right-hand side is minimized at

okt1l_y

b= (C (%)i-sckfl (kl)!) e

which in view of (6.15) is a real number in [1, 00) and therefore a legitimate parameter
setting. Making this substitution in (6.16), we arrive at

2k o
D(n, 00, k, A) < 20vknA (c (%) 8 = 1)!) o
<20%. 8ck1\/k' nA (ﬁ) 2:;7:1
< ! A
— FVRp! T AT
This completes the inductive step and settles (6.14). 0

By combining the previous result with an application of Lemma 6.2, we will now prove
our main bound on D(n,r k, A).

THEOREM 6.6 (Range-dependent bound). There is a constant ¢ > 1 such that for
all positive integers n,r,k and all reals A > 1,

D(n,r,k,A) < FVE (\/ﬁmin{n,kr}%f‘l(lf?"“) A4(1*12"“) + \/nA) )

Proof. The bound follows from Theorem 6.5 if kr > n; and from (6.5) if A > n.
As a result, we may assume that

(6.17) n > kr,
(6.18) n > A.

In what follows, let C' > 1 denote the larger of the constants in Lemma 6.2 and
Theorem 6.5. Then

D(n,r,k,A)

gD(n,r—i—{iw,k‘,A)
<o hr—" (p(okr+ok|? EA+1)+A
S \/ kr + k[AJK] " 7 R
<o [— " (p(okriox|2 BA+1)+A
S kr + k[A/K] " 0
n
< A S
S 20\ T RTAR

- am .
X <ck\/H (ri+2k [AD T (a e +A>

k

n A 1_4(1—12*’6) 1
<20, | —————— 20" VE! | 2kr + 2k | = A+ 1)20—27F)
N R RTATR C‘F( rt M) (&+1)

AT\ 3 i
= 4C* k! - V2n (2kr+2k [k—D e )(A+1)4(1frk)7
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where the first step is valid because D is monotonically increasing in every argument;
the second step applies Lemma 6.2; the third step uses (6.17) and (6.18); and the
fourth step applies Theorem 6.5. This completes the proof for n > kr. ]

Equation (6.2) and Theorem 6.6 establish the main result of this section, Theorem 6.1.
We note that with a more careful analysis, the multiplicative factor v/k! in Theo-

rems 6.5 and 6.6 can be improved to a slightly smaller quantity, still of the order of
KO®).

7. Surjectivity. For positive integers n and r, the surjectivity problem is to
determine whether a given mapping {1,2,...,n} — {1,2,...,r} is surjective. Tradi-
tionally, the input to this problem is represented by a Boolean matrix « € {0, 1}"*"
with precisely one nonzero entry in every row. Analogous to our work on element
distinctness in the previous section, we depart from tradition by allowing arbitrary
matrices x € {0,1}"*" with at most n ones. Specifically, we define the surjectivity
function SURJ, .1 {0,1}2], — {0,1} by

SURJ,, »(x) = /\ \"/ T

j=1i=1

This formalism corresponds to determining the surjectivity of arbitrary relations on
{1,2,...,n}x{1,2,...,7} of cardinality at most n, including functions {1,2,...,n} —
{1,2,...,7r} as a special case. Since we are interested in upper bounds, working in
this more general setting makes our results stronger.

7.1. Approximation to 1/3. For clarity of exposition, we first bound the ap-
proximate degree of surjectivity with the error parameter set to e = 1/3. This setting
covers most applications of interest and allows for a shorter and simpler proof. Read-
ers with an interest in general € can skip directly to Section 7.2.

THEOREM 1.3 (restated). For all positive integers n and r,

(7.1) deg; /3(SURJ,, ) = O(Vn - ri/4) (r <n),
(7.2) deg; 5(SURJ,, ) =0 (r>mn).

Moreover, the approximating polynomial is given explicitly in each case.

The theorem shows that deg; /5(SURJ,, ) = O(n?/%) for all r, disproving the conjec-
ture of Bun and Thaler [22] that the 1/3-approximate degree of SURJ,, () is linear
in n.

Proof. The identity SURJ,, , = 0 for r > n implies (7.2) directly. The proof

of (7.1) involves two steps. First, we construct an explicit real function SURJ, ,
that approximates SURJ,, , pointwise and is representable by a linear combination of
conjunctions with reasonably small coefficients. Then, we replace each conjunction in
this linear combination by an approximating polynomial of low degree.

In more detail, let m > 1 be an integer parameter to be chosen later. Recall
from (2.6) and Proposition 2.6 that the Chebyshev polynomial T}, obeys

T ()] <1, —-1<t <,
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As a result, SURJ,, , is approximated pointwise within 1/(1 4 77i) by

o 1 1 1 roon

T j=1l1i=1

Therefore,

1 —
(7.3) E(SURJ,d) < - ot E(SURJ,, ., d), d=1,2.3,....

r

To estimate the rightmost term in (7.3), use the factored representation (2.8) to
write

n

e 2m—1 (11 (2i — D)m
SURJ, »(z) = .05 D) . H - + ;Z <\/ ac”) - o8 o ——

7 i=1 j=1 \i=1
gm—1 H’” 1 1 Z H" (20 — )7
Tm(l + %) =1 r + r j:l i:lx ! o 2m

Multiplying out shows that SURJ,, ,(z) is a linear combination of conjunctions with
real coefficients whose absolute values sum to 29(") . By Corollary 4.13, each of these
conjunctions can be approximated by a polynomial of degree d to within 2-6(d*/n)
pointwise. We conclude that

E(S/I?fflm,d) < 20(m) .2_@(112/")7

which along with (7.3) gives

_ 4 200m)  9=0(d*/m)

T

E(SURJ,, ., d) < .

Now (7.1) follows by taking m = [v/3r] and d = ©(y/n - 7*/4). The approximating
polynomial in question is given explicitly because every stage of our proof, including
the appeal to Corollary 4.13, is constructive. 0

7.2. Approximation to arbitrary error. We now generalize the previous the-
orem to arbitrary e. The proof closely mirrors the case of ¢ = 1/3 but features
additional ingredients, such as Lemma 2.8.

THEOREM 7.2. For all positive integers n and r, and all reals 0 < € < 1/2,

1/4
(7.4) deg,(SURJ,, ) = O <\/ﬁ (r log 1) +4/nlog 1) (r <n),
€ €

(7.5) deg (SURJ, ) =0 (r>n).

Moreover, the approximating polynomial is given explicitly in each case.
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Proof. As before, we need only prove (7.4) since SURJ,, , = 0 for r > n. Theo-
rem 4.5 provides, after rescaling, an explicit univariate polynomial p such that

(7.6) p(1) =1,

€ 1 2 r—1
. <77 3 Ty Ty ety ’
@ < vefor 2t
(7.8) Ip(t)| < 1, te[0,1]
1
(7.9) degp =0 (UTlog )
€
Now define S/U\IE{T],L,T: {0,1}2, = R by
e~ 1< \"
SURJ, . (z) =p ;z;\/lx] .
j=1li=

This function clearly approximates SURJ,, , pointwise to €/2. It follows that for any
d,

E(SURJ,.,d) < || SURJ,., —~SURJ,.., |0 + E(SURJ,..,.,d)

(7.10) < % + E(SURJ,,.,., d).
We have
deg p
o 1 T n
1I - -
(SURJ,.,) < max{ 1,11 . Z Vi Il
Jj=11=1

< 2987 [|p||
< 16desP

(711) 20( rlog(l/e))

N

)

where the first and second steps use Proposition 2.12 (ii), (iii), (vi), (vii); the third
step follows from (7.8) and Lemma 2.8; and the final step is valid by (7.9).

—~—

To restate (7.11), we have shown that SURJ, , is a linear combination of con-
junctions with real coefficients whose absolute values sum to exp(O(y/rlog(1/€))).
By Corollary 4.13, each of these conjunctions can be approximated by a polynomial
of degree d to within 2-6(d*/n) pointwise. We conclude that

E(SURJ,,,d) < 20 (V/r108(1/) L=/
which along with (7.10) gives
B(SURJ, . d) < 5+ 50 (Vr1oe(1/9) | g—e(d? /n)

Now (7.4) follows by taking

Nyt 1
d=0 \/ﬁ<rlog> +4/nlog=|.
€ €
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Finally, the approximating polynomial in question is given explicitly because every
stage of our proof, including the appeal to Theorem 4.5 and Corollary 4.13, is con-
structive. ]
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