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—— Abstract

While quantum computers hold the promise of significant computational speedups, the limited size
of early quantum machines motivates the study of space-bounded quantum computation. We relate
the quantum space complexity of computing a function f with one-sided error to the logarithm of
its span program size, a classical quantity that is well-studied in attempts to prove formula size lower
bounds.

In the more natural bounded error model, we show that the amount of space needed for a unitary
quantum algorithm to compute f with bounded (two-sided) error is lower bounded by the logarithm
of its approximate span program size. Approximate span programs were introduced in the field of
quantum algorithms but not studied classically. However, the approximate span program size of a
function is a natural generalization of its span program size.

While no non-trivial lower bound is known on the span program size (or approximate span
program size) of any concrete function, a number of lower bounds are known on the monotone span
program size. We show that the approximate monotone span program size of f is a lower bound on
the space needed by quantum algorithms of a particular form, called monotone phase estimation
algorithms, to compute f. We then give the first non-trivial lower bound on the approximate span
program size of an explicit function.
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1 Introduction

While quantum computers hold the promise of significant speedups for a number of problems,
building them is a serious technological challenge, and it is expected that early quantum
computers will have quantum memories of very limited size. This motivates the theoretical
question: what problems could we solve faster on a quantum computer with limited space?
Or similarly, what is the minimum number of qubits needed to solve a given problem (and
hopefully still get a speedup).

We take a modest step towards answering such questions, by relating the space complexity
of a function f to its span program size, which is a measure that has received significant
attention in theoretical computer science over the past few decades. Span programs are a
model of computation introduced by Karchmer and Wigderson [10] in an entirely classical
setting. They defined a span program for a Boolean function f : {0,1}" — {0,1} as a matrix
A with each of its columns labelled by an index ¢ € [n] and a bit b € {0, 1}, and some fixed
target vector in the columnspace of A. The span program decides f if for all z such that
f(z) = 1, the target vector is in the span of the vectors labelled by (i, ;) for i € [n]. The size
of the span program is the sum over ¢ of the dimension of the span of the columns labelled
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by (4,0) or (i,1) (see also Definition 12). The span program size of f is then the minimum
size of any span program deciding f, and was originally defined to lower bound the size of
counting branching programs.

Several decades after the introduction of span programs, Reichardt and Spalek [18] related
them to quantum algorithms, and introduced the new measure of span program complexity
(see Definition 13). The importance of span programs in quantum algorithms stems from the
ability to compile any span program for a function f into a bounded error quantum algorithm
for f [17]. In particular, there is a tight correspondence between the span program complexity
of f, and its quantum query complexity — a rather surprising and beautiful connection for
a model originally introduced outside the realm of quantum computing. In contrast, the
classical notion of span program size had received no attention in the quantum computing
literature before now.

Ref. [8] defined the notion of an approximate span program for a function f. Loosely
speaking, a span program approximates f if for every x such that f(x) = 1, the target is
close to the span of the columns labelled by {(i, ;) }ic[n], and otherwise, the target is far
from this span. They showed that even an approximate span program for f can be compiled
into a bounded error quantum algorithm for f. In this work, we further relax the definition
of an approximate span program for f, making analysis of such algorithms significantly easier
(see Definition 15).

Let Sy(f) denote the bounded error unitary space complexity of f, or the minimum
space needed by a unitary quantum algorithm® that computes f with bounded error (see
Definition 7). For a function f : {0,1}"™ — {0,1}, we can assume that the input is accessed
by queries, so that we do not need to store the full n-bit input in working memory, but we
need at least logn bits of memory to store an index into the input. Thus, a lower bound of
w(logn) on Sy (f) for some f would be non-trivial.

Letting SP(f) denote the minimum size of a span program deciding f, and §f’( f) the
minimum size of a span program approzimating f (see Definition 16), we have the following
(see Theorem 24):

» Theorem 1 (Informal). For any Boolean function f, if Su(f) denotes its bounded error
unitary space complexity, and SP(f) its approximate span program size, then

Su(f) > log SP(f).

Similarly, if S¢;(f) denotes its one-sided error unitary space complexity, and SP(f) its span
program size, then

Su(f) = log SP(f).

The relationship between span program size and unitary quantum space complexity is rather
natural, as the span program size of f is known to lower bound the minimum size of a
symmetric branching program for f, and the logarithm of the branching program size of a
function f characterizes its classical deterministic space complexity.

The inequality S} (f) > log SP(f), although not observed previously, follows straight-
forwardly from a construction of [17] for converting a one-sided error quantum algorithm
for f into a span program for f — one need only observe that the size of the resulting

L A unitary quantum algorithm is a quantum algorithm in which all measurements are delayed until the
end. In contrast to time complexity, the space complexity of an algorithm may be significantly smaller
if we allow intermediate measurements. See [6] for a discussion of the distinction between unitary and
non-unitary quantum space.
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span program is closely related to the space complexity of the algorithm. We adapt this
construction to show how to convert a bounded (two-sided) error quantum algorithm for f
with query complexity T" and space complexity S > logT into an approximate span program
for f with complexity ©(T) and size 2°(%) proving Sy (f) > Q(log éf’(f)) The connection
between Sy (f) and log SAIB( f) is tight up to an additive term of the logarithm of the minimum
complexity of any span program for f with optimal size. This follows from the fact that
an approximate span program can be compiled into a quantum algorithm in a way that
similarly preserves the correspondence between space complexity and (logarithm of) span
program size, as well as the correspondence between query complexity and span program
complexity (see Theorem 17). While the preservation of the correspondence between query
complexity and span program complexity (in both directions) is not necessary for our results,
it may be useful in future work for studying lower bounds on time and space simultaneously
— somewhat analogous to branching programs, which capture both the time and space of
classical algorithms.

The significance of Theorem 1 is that span program size has received extensive attention in
theoretical computer science. Using results from [3], the connection in Theorem 1 immediately
implies the following (Theorem 25):

» Theorem 2. For almost all Boolean functions f on n bits, S{;(f) = Q(n).

If we make a uniformity assumption that the quantum space complexity of an algorithm is
at least the logarithm of its time complexity, then Theorem 2 would follow from a lower
bound of £2(2") on the quantum time complexity of almost all n-bit Boolean functions.
Notwithstanding, the proof via span program size is evidence of the power of the technique.

In the pursuit of lower bounds on span program size of concrete functions, several nice
expressions lower bounding SP(f) have been derived. By adapting one such lower bound on
SP(f) to élvD(f), we get the following (see Lemma 29):

» Theorem 3 (Informal). For any Boolean function f, and partial matrix M € (RU
(IO ith | M|, < 1:

su(f) >l 1 rank(M)
vlf) 2 8 maxX;e[, rank(M o A;) ) )7

where o denotes the entrywise product, and A;[x,y] =1 if z; # y; and 0 else.

Above, %-rank denotes the approximate rank, or the minimum rank of any matrix M such

that |M[z,y] — M[z,y]| < 1 for each z,y such that M[z,y] # . If we replace i-rank(M)
with rank(M), we get the logarithm of an expression called the rank measure, introduced by
Razborov [15]. The rank measure was shown by Gal to be a lower bound on span program
size, SP [7], and thus, our results imply that the log of the rank measure is a lower bound on
SIU. It is straightforward to extend this proof to the approximate case to get Theorem 3.

Theorem 3 seems to give some hope of proving a non-trivial — that is, w(logn) — lower
bound on the unitary space complexity of some explicit f, by exhibiting a matrix M for
which the (approximate) rank measure is 2¢(1°6™). In [15], Razborov showed that the rank
measure is a lower bound on the Boolean formula size of f, motivating significant attempts
to prove lower bounds on the rank measure of explicit functions. The bad news is, circuit
lower bounds have been described as “Complexity theory’s Waterloo” [2]. Despite significant
effort, no non-trivial lower bound on span program size for any f is known.

Due to the difficulty of proving explicit lower bounds on span program size, earlier work
has considered the easier problem of lower bounding monotone span program size, mSP(f).
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A monotone span program is a span program where the columns of A are labelled by (i, 1)
for i € [n] (i.e. there are no columns associated with (¢,0)). For a monotone function f,
the monotone span program size of f, mSP(f) is the minimum size of any monotone span
program for f. We can similarly define the approzimate monotone span program size of f,
mSP(f). Although log mSP(f) is not a lower bound on Sy (f), even for monotone f, it is a
lower bound on the space complexity of any algorithm obtained by compiling a monotone
span program. We show that such algorithms are equivalent to a more natural class of
algorithms called monotone phase estimation algorithms. Informally, a phase estimation
algorithm is an algorithm that works by performing phase estimation of some unitary that
makes a single query to the input, and estimating the amplitude on a 0 in the phase register
(see Definition 41). Phase estimation algorithms are completely general, in the sense that
any unitary quantum algorithm can be transformed into a phase estimation in a way that
asymptotically preserves its space and query complexity. A monotone phase estimation
algorithm is a phase estimation algorithm where, loosely speaking, adding Os to the input
can only make the algorithm more likely to reject (see Definition 42). We can then prove the
following (see Theorem 43):

» Theorem 4 (Informal). For any Boolean function f, any bounded error monotone phase
estimation algorithm for f has space complexity at least log mSP(f), and any one-sided error
monotone phase estimation algorithm for f has space complezity at least log mSP(f).

Fortunately, non-trivial lower bounds for the monotone span program complexity are
known for explicit functions. In Ref. [3], Babai, Gal and Wigderson showed a lower bound
of mSP(f) > 92(log?(n)/ loglog(m)) g1 some explicit function f, which was later improved to
mSP(f) > 220eg”(m) by Gal [7]. In Ref. [19], a function f was exhibited with mSP(f) > 2n°
for some constant € € (0, 1), and in the strongest known result, Pitassi and Robere exhibited a
function f with mSP(f) > 22" [14]. Combined with our results, each of these implies a lower
bound on the space complexity of one-sided error monotone phase estimation algorithms.
For example, the result of [14] implies a lower bound of Q(n) on the space complexity of
one-sided error monotone phase estimation algorithms for a certain satisfiability problem f.
This lower bound, and also the one in [19], are proven by choosing f based on a constraint
satisfaction problem with high refutation width, which is a measure related to the space
complexity of certain classes of SAT solvers, so it is intuitively not surprising that these
problems should require a large amount of space to solve with one-sided error.

For the case of bounded error space complexity, we also prove the following (see The-
orem 32, Corollary 44):

» Theorem 5 (Informal). There exists a function f:{0,1}" — {0,1} such that any bounded
error monotone phase estimation algorithm for f has space complezity (log n)zf"(l).

This lower bound is non-trivial, although much less so than the best known lower bound of
Q(n) for the one-sided case. Our result also implies a new lower bound of 200gm)* ™ o the
monotone span program complexity of the function f in Theorem 5.

To prove the lower bound in Theorem 5, we apply a new technique that leverages the
best possible gap between the certificate complexity and approximate polynomial degree

of a function, employing a function g : {0, l}mHO(l) — {0,1} from [5]?, whose certificate

2 An earlier version of this work used a function described in [1] with a 7/6-separation between certificate
complexity and approximate degree. We thank Robin Kothari for pointing us to the improved result

of [5].
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complexity is m't°(1) and whose approximate degree is m2~°(1). Following a strategy of

[19], we use this g to construct a pattern matriz [20] (see Definition 37) and use this matrix
in a monotone version of Theorem 3 (see Theorem 33). The fact that certificate complexity
and approximate degree of total functions are related by 5%1/3 (9) < C(g)? for all g is a
barrier to proving a lower bound better than (logn)? using this technique, but we also
give a generalization that has the potential to prove significantly better lower bounds (see
Lemma 40).

1.0.0.1 Discussion and open problems

The most conspicuous open problem of this work is to prove a lower bound of w(logn) on
Su(f) or even S{;(f) for some explicit decision function f. It is known that any space S
quantum Turing machine can be simulated by a deterministic classical algorithm in space S2
[21] so a lower bound of w(log? n) on classical space complexity would also give a non-trivial
lower bound on quantum space complexity. If anything, the relationship to span program
size is evidence that this task is extremely difficult.

e on the approximate monotone span program
complexity of an explicit monotone function f, which gives a lower bound of (log n)270(1) on
the bounded error space complexity needed by a quantum algorithm of a very specific form:
a monotone phase estimation algorithm. This is much worse than the best bound we can get
in the one-sided case: a lower bound of Q(n) for some explicit function. An obvious open
problem is to try to get a better lower bound on the approximate monotone span program
complexity of some explicit function.

Our lower bound of (log n)%o(l) only applies to the space complexity of monotone phase
estimation algorithms and does not preclude the existence of a more space-efficient algorithm
for f of a different form. We do know that phase estimation algorithms are fully general,
in the sense that every problem has a space-optimal phase estimation algorithm. Does
something similar hold for monotone phase estimation algorithms? This would imply that
log m§|5(f) is a lower bound on Sy (f) for all monotone functions f.

In this work, we define an approximate version of the rank method, and monotone rank
method, and in case of the monotone rank method, give an explicit non-trivial lower bound.
The rank method is known to give lower bounds on formula size, and the monotone rank
method on monotone formula size. An interesting question is whether the approximate rank

We have shown a lower bound of 2(0gn)

method also gives lower bounds on some complexity theoretic quantity related to formulas.

Our results are a modest first step towards understanding unitary quantum space com-
plexity, but even if we could lower bound the unitary quantum space complexity of an explicit
function, there are several obstacles limiting the practical consequences of such a result.
First, while an early quantum computer will have a small quantum memory, it is simple
to augment it with a much larger classical memory. Thus, in order to achieve results with
practical implications, we would need to study computational models that make a distinction
between quantum and classical memories. We leave this as an important challenge for future
work.

Second, we are generally only interested in running quantum algorithms when we get
an advantage over classical computers in the time complexity, so results that give a lower
bound on the quantum space required if we wish to keep the time complexity small, such
as time-space lower bounds, are especially interesting. While we do not address time-space
lower bounds in this paper, one advantage of the proposed quantum space lower bound
technique, via span programs, is that span programs are also known to characterize quantum
query complexity, which is a lower bound on time complexity. We leave exploration of this

4:5

ITCS 2020



4:6

211

212

213

214

215

216

217

218

219

220

221

222

223

224

225

226

227

228

229

230

231

232

233

234

235

236

237

238

239

240

241

242

Span Programs and Quantum Space Complexity

connection for future work.

We mention two previous characterizations of Sy (f). Ref. [9] showed that Sy (f) is equal
to the logarithm of the minimum width of a matchgate circuit computing f, and thus our
results imply that this minimum matchgate width is approximately equal to the approximate
span program size of f. Separately, in Ref. [6], Fefferman and Lin showed that for every
function k, inverting 2¢(") x 25(") matrices is complete for the class of problems f such
that Sy(f) < k(n). Our results imply that evaluating an approximate span program of
size 2k(n) (for some suitable definition of the problem) is similarly complete for this class.
Evaluating an approximate span program boils down to deciding if ||A(x)" |wo)|| is below a
certain threshold, where A(z) is the span program matrix A restricted to the rows labeled
by {(4, %) }iemn), and |wo) is some input-independent initial state; so these results are not
unrelated®. We leave exploring these connections as future work.

1.0.0.2 Organization

The remainder of this paper is organized as follows. In Section 2, we present the necessary
notation and quantum algorithmic preliminaries, and define quantum space complexity. In
Section 3, we define span programs, and describe how they correspond to quantum algorithms.
In particular, we describe how a span program can be “compiled” into a quantum algorithm,
and in Section 3.2, show how a quantum algorithm can be turned into a span program, with
both transformations moreorless preserving the relationships between span program size and
algorithmic space, and between span program complexity and query complexity. From this
correspondence, we obtain, in Section 4, expressions that lower bound the quantum space
complexity of a function. While we do not know how to instantiate any of these expressions
to get a non-trivial lower bound for a concrete function, in Section 5, we consider to what
extent monotone span program lower bounds are meaningful lower bounds on quantum space
complexity, and give the first non-trivial lower bound on the approximate monotone span
program size of a function.

2 Preliminaries

We begin with some miscellaneous notation. For a vector |v), we let |||v)|| denote its fo-norm.
In the following, let A be a matrix with ¢ and j indexing its rows and columns. Define:

14l = max[A;;],  and Al = max{[Alv)] - [llv)l} = 1}.

Define the e-rank of a matrix A as the minimum rank of any matrix B such that ||A — Bl <
e. For a matrix A with singular value decomposition A =", op|vk)(ux|, define:

1
col(A) = span{|vi) }x, row(A) = span{|u)}r, ker(A) =row(A)t, AT = Z — |ug) (v
Ok
k
The following lemma, from [12], is useful in the analysis of quantum algorithms.
» Lemma 6 (Effective spectral gap lemma). Fiz orthogonal projectors 114 and Ilg. Let

U= (2[4 — I)(2Mg — I), and let Tle be the orthogonal projector onto the €' -eigenspaces of
U such that |0] < ©. Then if Halu) =0, |Hellplu)| < < ||u)].

In general, we will let Iy, denote the orthogonal projector onto V, for a subspace V.

3 In the notation of Definition 12, A(z) = Allg (), and |wo) = AT|7) for |7) the target. Then one can

verify that the positive witness size of x is w4 (z) = ’|A(x)+|w0) H2 (see Definition 13).
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2.0.0.1 Unitary quantum algorithms and space complexity

A unitary quantum algorithm A = { A, }nen is a family (parametrized by n) of sequences
of 2°(")_dimensional unitaries Ul(n), ce UT?ZL), for some s(n) > logn and T(n). (We will
generally dispense with the explicit parametrization by n). For z € {0,1}", let O, be the
unitary that acts as O,|j) = (—1)%|j) for j € [n], and O,|0) = |0). We let A(z) denote the

random variable obtained from measuring
UrO,Ur_1...0,U|0)

with some two-outcome measurement that should be clear from context. We call T'(n) the
query complexity of the algorithm, and S(n) = s(n) + logT'(n) the space complexity. By
including a logT'(n) term in the space complexity, we are implicitly assuming that the
algorithm must maintain a counter to know which unitary to apply next. This is a fairly mild
uniformity assumption (that is, any uniformly generated algorithm uses Q(log T") space), and
it will make the statement of our results much simpler. The requirement that s(n) > logn is
to ensure that the algorithm has enough space to store an index ¢ € [n] into the input.

For a (partial) function f: D — {0,1} for D C {0,1}", we say that A computes f with
bounded error if for all z € D, A(z) = f(x) with probability at least 2/3. We say that A
computes f with one-sided error if in addition, for all « such that f(z) =1, A(z) = f(z)
with probability 1.

» Definition 7 (Unitary Quantum Space). For a family of functions f : D — {0,1} for
D C {0,1}", the unitary space complezity of f, Su(f), is the minimum S(n) such that there
is a family of unitary quantum algorithms with space complexity S(n) that computes f with
bounded error. Similarly, S{;(f) is the minimum S(n) such that there is a family of unitary
quantum algorithms with space complexity S(n) that computes f with one-sided error.

» Remark 8. Since T is the number of queries made by the algorithm, we may be tempted
to assume that it is at most n, however, while every n-bit function can be computed in n
queries, this may not be the case when space is restricted. For example, it is difficult to
imagine an algorithm that uses O(logn) space and o(n%/?) quantum queries to solve the
following problem on [¢]" = {0,1}"1°84: Decide whether there exist distinct i, j, k € [n] such
that x; + z; + x5 =0 mod g.

2.0.0.2 Phase estimation

For a unitary U acting on H and a state |[¢) € H, we will say we perform T steps of phase
estimation of U on |¢) when we compute:

1 T—1
—= U ),

and then perform a quantum Fourier transform over Z/TZ on the first register, called the
phase register. This procedure was introduced in [11]. It is easy to see that the complexity
(either query or time) of phase estimation is O(T") times the complexity of implementing a
controlled call to U. The space complexity of phase estimation is logT + logdim(H). We
will use the following properties:

» Lemma 9 (Phase Estimation). If U|y) = [¢), then performing T steps of phase estimation
of U on |¢) and measuring the phase register results in outcome 0 with probability 1. If
Uly) = €®|y) for |0| € ()T, x|, then performing T steps of phase estimation of U on |1))
results in outcome 0 with probability at most 7.
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We note that we can increase the success probability to any constant by adding some
constant number k of phase registers, and doing phase estimation k times in parallel, still
using a single register for U, and taking the majority. This still has space complexity
logdim H 4+ O(log T').

2.0.0.3 Amplitude estimation

For a unitary U acting on H, a state |[¢)g) € H, and an orthogonal projector II on H, we
will say we perform M steps of amplitude estimation of U on ) with respect to I1 when we
perform M steps of phase estimation of

U2ly) (| - DUt (201 - 1)

on U|v), then, if the phase register contains some t € {0,..., M — 1}, compute p = sin? %,

which is an estimate of |[IIU])||” in a new register. The (time or query) complexity of this is
O(M) times the complexity of implementing a controlled call to U, implementing a controlled
call to 2IT — I, and generating |¢). The space complexity is logT + logdim H + O(1). We
have the following guarantee [4]:

» Lemma 10. Let p = |[IIU|¢)||>. There exists A = ©(1/M) such that when p is obtained
as above from M steps of amplitude estimation, with probability at least 1/2, |p — p| < A.

We will thus also refer to M steps of amplitude estimation as amplitude estimation to
precision 1/M.

3 Span Programs and Quantum Algorithms

In Section 3.1, we will define a span program, its size and complexity, and what it means for
a span program to approximate a function f. In Section 3.2, we prove the following theorem,
which implies Theorem 1:

» Theorem 11. Let f : D — {0,1} for D C {0,1}"™ and let A be a unitary quantum
algorithm using T queries, and space S to compute f with bounded error. Then for any
constant k € (0,1), there is a span program P4 with size s(P4) < 2009 that k-approzimates
f with complexity C,, < O(T). If A decides f with one-sided error, then Py decides f.

3.1 Span Programs

Span programs were first introduced in the context of classical complexity theory in [10],
where they were used to study counting classes for nondeterministic logspace machines.
While span programs can be defined with respect to any field, we will consider span programs
over R (or equivalently, C, when convenient, see Remark 20). We use the following definition,
slightly modified from [10]:

» Definition 12 (Span Program and Size). A span program on {0,1}" consists of:
Finite inner product spaces {Hjp}jcin)bef0,1} U {Hirue, Hialse}.  We then define H =
@j,b Hjp ® Hirue ® Hialse, and for every x € {0,1}", H(x) = H1,4, &+ & Hp ,, @ Hyrge !

4 We remark that while Hirue and Hialse may be convenient in constructing a span program, they are not
necessary. We can always consider a partial function f’ defined on (n + 1)-bit strings of the form (z,1)
for z in the domain of f, as f(x), and let Hn41,1 = Htrue and Hpn41,0 = Hialse-
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A wvector space V.

A target vector |T) € V.

A linear map A: H — V.
We specify this span program by P = (H,V,|7), A), and leave the decomposition of H implicit.
The size of the span program is s(P) = dim H.

To recover the classical definition from [10], we can view A = 3", Ally, , as a matrix,
with each of the columns of Ally,, labeled by (j,b).

Span programs were introduced to the study of quantum query complexity in [18]. In
the context of quantum query complexity, s(P) is no longer the relevant measure of the
complexity of a span program. Instead, [18] introduce the following measures:

» Definition 13 (Span Program Complexity and Witnesses). For P = (H,V,|r), A) a span
program on {0,1}™ and input x € {0,1}", we say x is accepted by the span program if there
exists |lwy € H(z) such that Alw) = |1), and otherwise we say x is rejected by the span
program. Let Py and P be respectively the set of rejected and accepted inputs to P. For
x € Py, define the positive witness complexity of x as:

wy (w, P) = ws(z) = min{|[Jw)|* : |w) € H(x), Ajw) = |7)}.

Such a |w) is called a positive witness for x. For a domain D C {0,1}", we define the
positive complexity of P (with respect to D) as:

Wi(P,D) =W, = Jax w4 (z, P).

For x € Py, define the negative witness complexity of x as:
w_(z, P) = w_(z) = min{|(w|A|]* : (w| € LV, R), (w|r) =1, (w|All g5y = 0}.

Above, L(V,R) denotes the set of linear functions from V to R. Such an (w| is called a
negative witness for z. We define the negative complexity of P (with respect to D) as:

W_(P,D)=W_ = max w_(z,P).
xEPyND

Finally, we define the complexity of P (with respect to D) by C(P,D) = /W, W_.

For f: D — {0,1}, we say a span program P decides f if f=1(0) C Py and f~1(1) C P;.

» Definition 14. We define the span program size of a function f, denoted SP(f), as the
minimum s(P) over families of span programs that decide f.

We note that originally, in [10], span program size was defined

s'(P) = dim(col(Ally, ,)) = Y _ dim(row(Allp, ,)).
J»:b Jsb

This could differ from s(P) = dim(H) = }_, , dim(H;;), because dim(H}) might be much
larger than dim(row(Allg,,)). However, if dim(H;,) > dim(row(Ally, ,)) for some j,b,
then it is a simple exercise to show that the dimension of dim(H; ;) can be reduced without
altering the witness size of any x € {0,1}", so the definition of SP(f) is the same as if we’d
used s'(P) instead of s(P). In any case, we will not be relying on previous results about
the span program size as a black-box, and will rather prove all required statements, so this
difference has no impact on our results.
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While span program size has only previously been relevant outside the realm of quantum
algorithms, the complexity of a span program deciding f has a fundamental correspondence
with the quantum query complexity of f. Specifically, a span program P can be turned into
a quantum algorithm for f with query complexity C(P, D), and moreover, for every f, there
exists a span program such that the algorithm constructed in this way is optimal [17]. This
second direction is not constructive: there is no known method for converting a quantum
algorithm with query complexity 7' to a span program with complexity C(P, D) = O(T).
However, if we relax the definition of which functions are decided by a span program, then
this situation can be improved. The following is a slight relaxation of [8, Definition 2.6]°.

» Definition 15 (A Span Program that Approximately Decides a Function). Let f : D — {0,1}
for D C {0,1}" and x € (0,1). We say that a span program P on {0,1}" k-approximates
fif f750) C Py, and for every x € f~1(1), there exists an approximate positive witness
|@) such that Alw) = |7), and HHH(I.)L|'UA}>||2 < 3w We define the approzimate positive
complexity as

7% Tk . A N 12 K
W = WEPD) = e min {1101 s A1) = |7, [T )] < 55}

If P k-approzimates f, we define the complexity of P (wrt. D and k) as C(P,D) =
VWL W

If k = 0, the span program in Definition 15 decides f (exactly), and W+ =W,. By [g],
for any =,

1
Thus, since W_ = max,es-1(0) w—(z), for every z € f~'(0), there does not exist an

approximate positive witness with ||HH($)J_|12\)>H2 < ﬁ Thus, when a span program

k-approximates f, there is a gap of size 1V;—f between the smallest positive witness error

T g7 () \11}}“2 of z € f~1(1), the smallest positive witness error of z € f~1(0).

» Definition 16. We define the r-approximate span program size of a function f, denoted
SP.(f), as the minimum s(P) over families of span programs that k-approzimate f. We let

SP(f) = SP1,4(f).-

Then we have the following theorem, whose proof is nearly identical to that of [8, Lemma
3.6]). The only difference between [8, Lemma 3.6] and Theorem 17 below is that here we
let an approximate positive witness for x be any witness with error HH Hz) L |w) H2 at most
k/W_, whereas in [8], an approximate positive witness must have error as small as possible.
This relaxation has negligible effect on the proof.

» Theorem 17. Let f : D — {0,1} for D C {0,1}", and let P be a span program that
k-approxzimates [ with size K and complexity C, for some constant k € (0,1). Then
there exists a unitary quantum algorithm Ap that decides f with bounded error in space
S =0(log K +1logC) using T = O(C) queries to x.

We note that the choice of kK = 1/4 in §T3(f) is arbitrary, as it is possible to modify a
span program to reduce any constant x to any other constant without changing the size or
complexity asymptotically. This convenient observation is formalized in the following claim.

5 Which was already a relaxation of the notion of a span program deciding a function.
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> Claim 18. Let P be a span program that s-approximates f : D — {0, 1} for some constant
k. For any constant k' < k, there exists a span program P’ that x’-approximates f with

log L.
og =

s(P') = (s(P) +2) ™% , and Cu (P', D) < O (Co(P, D)).

We prove Claim 18 in Appendix A. We have the following corollary that will be useful
later, where mSP, is the monotone approximate span program size, defined in Definition 30:

» Corollary 19. For any k,k’ € (0,1) with &’ < k, and any Boolean function f,

SP.(f) = SPw(f) =% —2.
If f is monotone, we also have

mSP,.(f) > mSP,(f)" % —2.

Proof. Let P k-approximate f with optimal size, so s(P) = é\lf’ﬁ(f) Then by Claim 18,
there is a span program P’ that x’-approximates f with size

log L

o o 27'i

SPr(f) < s(P') = (SPa(f) +2) "% .
The first result follows. The second is similar, but also includes the observation that if P is
monotone, so is P’. <

» Remark 20. It can sometimes be useful to construct a span program over C. However, for
any span program over C, P, there is a span program over R, P’, such that for all x € Py,
w_(z,P") < w_(z,P), for all x € Py, wy(z,P’) < wy(x,P), and s(P’) < 2s(P). Thus,
we will restrict our attention to real span programs, but still allow constructions of span
programs over C (in particular, in Section 3.2 and Section 5.2.1).

3.2 From Quantum Algorithms to Span Programs

In this section, we will show how to turn a unitary quantum algorithm into a span program,
proving Theorem 11, which implies Theorem 1. The construction we use to prove Theorem 11
is based on a construction of Reichardt for turning any one-sided error quantum algorithm
into a span program whose complexity matches the algorithm’s query complexity [17, arXiv
version]. We observe that the logarithm of the span program’s size is closely related to the
algorithm’s space complexity. We also show that a similar construction works for two-sided
error algorithms, but the resulting span program only approximately decides f.

3.2.0.1 The algorithm

Fix a function f: D — {0,1} for D C {0,1}", and a unitary quantum algorithm A such that
on input € f~1(0), Pr[A(z) = 1] < %, and on input z € f~(1), Pr[A(z) = 1] > 1 —¢, for
e € {0, %}, depending on whether we want to consider a one-sided error or a bounded error

algorithm. Let po(x) = Pr[A(x) = 0], so if f(x) =0, po(z) > 2/3, and if f(x) =1, po(z) < e.

We can suppose A acts on three registers: a query register span{|j) : j € [n]U{0}}; a
workspace register span{|z) : z € Z} for some finite set of symbols Z that contains 0; and an
answer register span{|a) : a € {0,1}}. The query operator O, acts on the query register as
Ozlj) = (1)) if j > 1, and O4]0) = |0). If A makes T" queries, the final state of A is:

|Wort1(x)) = Uars10,Usp—1 ... UsO,U1[0,0,0)
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for some unitaries Usr41,...,U;. The output bit of the algorithm, A(x), is obtained by
measuring the answer register of |Uor41(2)). We have given the input-independent unitaries
odd indicies so that we may refer to the t-th query as Us;.

Let |Po(z)) = |Po) = |0,0,0) denote the starting state, and for ¢ € {1,...,2T + 1}, let
|Us(x)) = Up...Up|¥g) denote the state after ¢ steps.

3.2.0.2 The span program

We now define a span program P4 from A. The space H will represent all three registers
of the algorithm, with an additional time counter register, and an additional register to
represent a query value b.

H =span{|t,b, j,z,a) : t €{0,...,2T +1},b€ {0,1},j € [n]U{0},z € Z,a € {0,1}}.
We define V' and A as follows, where ¢ is some constant to be chosen later:
V =span{|t,j,z,a) : t € {0,...,2T + 1},5 € [n]U{0},z € Z,a € {0,1}}

t,4,2z,a) — [t + 1)Upy1ld, z,a)  ift € {0,...,2T} is even
It,j,z,a) — (=1)b|t +1,4,2,a) ift€{0,...,2T} is odd

Alt, b, j, z,a) = It,7,2,a) ift=2T+1,a=1,and b=0
VTt g, z, a) ift=2T+1,a=0,and b=0
0 ift=2T+1and b= 1.

For t < 2T, Alt,b,j, z,a) should be intuitively understood as applying U;41 to |4, z,a), and
incrementing the counter register from [¢) to |t + 1). When ¢ is even, this correspondence is
clear (in that case, the value of b is ignored). When ¢t is odd, so Uj41 = O, then as long as
b=uxj, (1’1t +1,j,2,a) = [t + 1)Ups1|j, 2,a). We thus define

H;p =span{|t,b,j,z,a) : t € {0,...,2T} is odd, z € Z,a € {0,1}}.

For even ¢, applying Uyt is independent of the input, so we make the corresponding states
available to every input; along with states where the query register is set to 5 = 0, meaning
O, acts input-independently; and accepting states, whose answer register is set to 1 at time
2T + 1:

Hiyye = span{|t,b,j,z,a) : t € {0,...,2T} is even, b € {0,1},j € [n],z € Z,a € {0,1}}
@ span{|t,b,0, z,a) : t € {0,...,2T},b€ {0,1},z € Z,a € {0,1}}
®span{|2T + 1,b,j,2,1) : b € {0,1},j € [n] U {0},2z € Z}.

The remaining part of H will be assigned to Hiase:

Note that in defining A, we have put a large factor of v/¢T in front of A|2T + 1,0, 7, z,0),
making the vectors in Hp,se very “cheap” to use. These vectors are never in H(zx), but
will be used as the error part of approximate positive witnesses, and the v/¢T ensures they
contribute relatively small error.

Finally, we define:

|T> = |O7070’0> = |O>‘\I/0>

Intuitively, we can construct |7), the initial state, using a final state that has 1 in the answer
register, and using the transitions |t, ], z,a) — |t + 1)U41|7, 2, a) to move from the final state
to the initial state. In the following analysis, we make this idea precise.
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3.2.0.3 Analysis of Py

We will first show that for every = there is an approximate positive witness with error
depending on its probability of being rejected by A, po(z).

» Lemma 21. For any x € {0,1}", there exists an approximate positive witness |w) for x in
P4 such that:

llw)|® < 2T +2, and [|Tpey - )| < ng)'

In particular, if f(z) =1,
Mgy )| < 5.
Proof. Let @), be the linear isometry that acts as
Qzlj, z,a) = 25,7, 2,a) Vi e [n]U{0},z € Z,a € {0,1},
where we interpret xo as 0. Note that for all |j, z,a), and ¢t € {0,...,2T}, we have

A(‘t>Q$|j7Z7a'>) = |t,j,z,a> - |t + 1>Ut+1|j,2’,(l>.

Let Ilo = 3 cinjuqo},-ez 19: 2, @){J, z,a| be the orthogonal projector onto states of the
algorithm with answer register set to a. We will construct a positive witness for = from the
states of the algorithm on input z, as follows:

2T
) = D 10QuIW(e) + 2T + 10} s (0) + 2T+ D0 o (2).

To see that this is a positive witness, we compute A|w), using the fact that Upy1|V.(x)) =
(Wepa(2)):

2T

Afw) =Y (114(@)) = |t + D)Upi1 | ¥4 (2)))

t=0
+ 2T + DIL [Woria (2)) + [2T + DIlo[Vari1(2))

2T 2T

=Y B[T(2)) = D[+ D[Ter (@) + 27 + 1)[Warga (2))
pro o

= > W) = > 1)[T(x)) = 0)[To(x)) = |7).
t=0 t=1

We next consider the error of |w) for z, given by ||1_[H(z)¢|w>||2. Since Q.|j,z,a) €
H(x) for all j,z,a, and [2T + 1,0)I1;[Wary1(7)) € Hirue C H(x), Mgy |w) = 1T|2T +
1)|0)Io|[¥ar 41 (x)), so

po(z)
cr

1
Moy o) |* = 5 Mol @ara () =

Finally, we compute the positive witness complexity of |w):
2T 1
2 2 2 2
) l* = > Q| e (@) + T [Tary (2))||* + -7 1Mo Por+1(2))]
t=0

2T
2 2
< SO N@) [ + [ @ar (2))]* = 2T + 2. «
t=0

4:13
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a1 Next, we upper bound w_(z) whenever f(z) = 0:
» Lemma 22. For any z that is rejected by A with probability po(x) > 0,
4HT
w_(z) < AT
po(z)

a2 In particular, if f(z) =0, w_(z) < C;;;T, so W_ < C;;;T.

Proof. We will define a negative witness for x as follows. First, define

[0 41(2)) = o |Warya (),

the rejecting part of the final state. This is non-zero whenever pg(z) > 0. Then for
t €{0,...,2T}, define

|\I’?(33)> = UtT+1 e U2TT+1|\I’(2)T+1(37)>-

From this we can define
2T+1

(wl = > (¥ (2)].
t=0
We first observe that

(wlr) = (TG(2)]0,0,0) = (T (2)|Uars1 - .- U1]0,0,0) = (W4 (2)|Wars1()) = po()-

Thus
1

w| = w
@l Po($)< |
ws is a negative witness. Next, we show that (w|Allg ;) = 0. First, for [t, 5,7, 2,a) € Hj ., (so

se t < 2T is odd), we have

w|(It, 4, 2, a) = (=1)" [t + 1)|j, 2, a))

U ()4, 2, a) — (1) (W), (2)l], 2, a)

U1 (2)|Ussalg, 2,0) = (1) (P14, (2)]5, 2, @)
VY1 (2)|Oaljs 2, a) = (=1)™ PPy (2)l4, 2, a) = 0.

a5 (w|Alt,x;,7, 2, a)
446
447

448
449

= {
=
= {
= {

0 The same argument holds for |¢,0,0, j, z,a) € Hipye. Similarly, for any |¢,0, 7, 2,a) € Hirue
w1 with ¢t < 2T even, we have

452 <w|A|t?b’j7Z7a> = <w|(|t,j,z,a> - |t+ 1>Ut+1|j7Z7a>)
iz = <\P?(m)|]7z7a> - <\II?+1($)‘Ut+1|jaZ’a> =0.

454

Finally, for any |27+ 1,b, j, z,1) € Hiyue, we have
(W|A|12T + 1,b,7,2,1) = (w[2T + 1,4, 2,1) = (U5, ()|, 2,1) = 0.

w5 Thus (w|Allg () = 0 and so (W|Allg(,) = 0, and (W] is a negative witness for  in P. To
w6 compute its witness complexity, first observe that (w|A = (w|Allg ;1 , and

T
Allgye =Y > (12s—1Lj,z,0) + (—1)"]2s,j,2,a))(2s — 1, 25,4, 2,0l
s=1 je[n)u{o},
z€Z,ae{0,1}
+ ) VeTRT +1,5,2,002T + 1,0, 5, 2,0)

450 j€n]U{0},zeZ
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$0, using <\1185,1($)|j,z,a> = <\I’gs($)|UQS|j7Z7CL> = (=1)% <\Ilgs(gc)|j,z,a>, we have:

<w|AHH(w)L

T
=Y > (W @)z a) + (~1)" (U, ()], 2,0))(25 — 1,3, j, 2,

s=1 jen]u{o},
z€Z,a€{0,1}

+ Z v CT<\IJ8T+1(‘r)|ij7O><2T+1707jaz70‘

j€[n]u{0},zeZ

Il
[M]=

S

1 j€[n]u{0},2€Z,a€{0,1}

+ Z v CT<\I/gT+1(.’E)|],Z,O><2T+1,0,],2’,0‘

j€n]u{0},z€2

Thus, the complexity of (w| is:

N 1
1A = s AT |

po(x)?

1 T . 2 1
ey 2 Al o 3

s=1j€n]U{0},
zEZ,
a€{0,1}

4 T
= ZWZ |19, ()|

2

c

[n]u{0},

z€EZ

T

+ po(2)? H\‘I’8T+1(CU)>H2'

> 2(=1)" (W5, (2)lj, 2,0))(2s — 1,75, ], 2,

. 2
T [{Or 41 (2)]7,2,0)]|

Because each U, is unitary, we have |||\I/(2)S(x)>||2 = H|\IlgT+1(x))||2 = po(x), thus:

4T cT

44+ c

I@lA)* = + <

po(z)  po(z) — 2/3
We conclude the proof of Theorem 11 with the following corollary, from which Theorem 11
follows immediately, by appealing to Claim 18 with x = 75 and  any constant in (0, 1).

T when f(z) = 0.

» Corollary 23. Let ¢ =5, in the definition of P4. Then:

S(PA) _ 23+O(1)

If A decides f with one-sided error, then Py decides f with complexity C < O(T).

If A decides f with bounded error, then Py %—approximates f with complexity C,, < O(T).

Proof. We first compute s(P4) = dim H using the fact that the algorithm uses space

S = logdimspan{|j, z,a) : j € [n]U{0},z € Z,a € {0,1}} +logT :

dim H = (dimspan{|t,b) : t € {0,...,2T 4+ 1},b € {0,1}})257 18T — 95+01)

We prove the third statement, as the second is similar. By Lemma 22, using c = 5, we

have

<

By Lemma 21, we can see that for every = such that f(x) = 1, there is an approximate

positive witness |w) for z with error at most:

cT

e _Y3_ 1 FT 9 1

5T — 15T W_  10W_~
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Span Programs and Quantum Space Complexity

Furthermore, |||w)||> < 2T +2, so W, < 2T+ 2. Observing C,. = \/W_W, < \/27T(T + 1)
completes the proof. |

4 Span Programs and Space Complexity

Using the transformation from algorithms to span programs from Section 3.2, we immediately
have the following connections between span program size and space complexity.

» Theorem 24. For any f : D — {0,1} for D C {0,1}", we have
Su(f) = 2 (logSP(f))  and  SH(F) = Q(logSP(f).

Theorem 24 is a corollary of Theorem 11. Theorem 17 shows that the lower bound for
Su(f) in Theorem 24 is part of a tight correspondence between space complexity and
log s(P) + log C(P).

Theorem 2.9 of [3] gives a lower bound of SP(f) > Q(2"/3/(nlogn)'/?) for almost all
n-bit Boolean functions. Combined with Theorem 24, we immediately have:

» Theorem 25. For almost all Boolean functions f : {0,1}" — {0,1}, S{;(f) = Q(n).

Ideally, we would like to use the lower bound in Theorem 24 to prove a non-trivial
lower bound for Sy (f) or St;(f) for some concrete f. Fortunately, there are somewhat nice
expressions lower bounding SP(f) [15, 7], which we extend to lower bounds of SP(f) in
the remainder of this section. However, on the unfortunate side, there has already been
significant motivation to instantiate these expressions to non-trivial lower bounds for concrete
f, with no success. There has been some success in monotone versions of these lower bounds,
which we discuss more in Section 5.

For a function f : D — {0,1} for D C {0,1}", and an index j € [n], we let Af; €
{0, 1}/ 71 ©@xF7" (1) be defined by Ay jly, ] = 1if and only if z; # y;. When f is clear from
context, we simply denote this by A;. The following tight characterization of SP(f) may be
found in, for example, [13].

» Lemma 26. For any f : D — {0,1} for D C {0,1}",
SP(f) = minimize Z rank(A,)
Jj€ln]
subject to Vj € [n],A; € RSO
> Ao =1
j€ln]
where J is the f~1(0) x f=(1) all-ones matriz.

By Theorem 24, the logarithm of the above is a lower bound on S};(f). We modify Lemma 26

to get the following approximate version, whose logarithm lower bounds Sy (f) when k = %.

» Lemma 27. For any k € [0,1), and f : D — {0,1} for D C {0,1}",
élvDH(f) > minimize Z rank(A;) (1)
Jj€ln]

subject to Vj € [n],A; € RSTHOXFTHD)

Y AjoA; —J|| <V

JEln] 00
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Proof. Fix a span program that r-approximates f with s(P) = SP,.(f), and let {{wy| 1y €
f71(0)} be optimal negative witnesses, and {|w,) : z € f~1(1)} be approximate positive
witnesses with HHH(I)W,;}HQ < 7 Letting II; ; denote the projector onto Hj , define

Aj = Z |y> <wy|AHj,17J' an,wj |ww><x|a
Y x

so A; has rank at most dim H}, and so ), rank(A;) < s(P) = §FJ’R(f)
We now show that {A;}; is a feasible solution. Let |err(z)) be the positive witness error
of [wg), lerr(z)) = My (ayr [we) = X7 Tz, |wg). Then we have:

WY AjoAla) = (wylA Y Mg lwa)
j=1

VT

= <°~)y|A lwe) — Z Hj@jl“’ﬂﬂ) — lerr(x))

Jiri=y;
= (wylr) = (wylA D Tz, lwe) — (wy|Alerr(z))
Jizj=y;

=1-0— (wy|Alerr(x))

L= 028y 0 Ayle)| < eyl e = o 4) g < VA

Above we used the fact that (w,|AIlg(,) = 0. Thus, {A;}; is a feasible solution with objective
value < SP,(f), so the result follows. <

As a corollary of the above, and the connection between span program size and unitary
quantum space complexity stated in Theorem 24, the logarithm of the expression in (1) with
r = 1 is a lower bound on Sy (f), and with x = 0, it is a lower bound on S}, (f). However,
as stated, it is difficult to use this expression to prove an explicit lower bound, because it
is a minimization problem. We will shortly give a lower bound in terms of a maximization

problem, making it possible to obtain explicit lower bounds by exhibiting a feasible solution.

A partial matriz is a matrix M € (RU {x})/ ©xF'®) A completion of M is any
M e RSOxFN W) guch that My, 2] = My, 2] whenever My, z] # +. For a partial matrix
M, define rank(M) to be the smallest rank of any completion of M, and e-rank(M) to be the
smallest rank of any M such that |M[y,z] — M|y, z]| < ¢ for all y,z such that My, z] # .
Let M o A; to be the partial matrix defined:

Mly,x] if Ajly,z] =1

Then we have the following:

» Lemma 28. For all Boolean functions f: D — {0,1}, with D C {0,1}", and all partial
matrices M € (RU {x})f " Ox/7" W) such that max{|Mly, ]| : M|y, z] # } < 1:

rank(M)
Su(f) =9 (log (maxie[n] rank(M o Az))) .

In [15], Razborov showed that the expression on the right-hand side in Lemma 28 is a lower
bound on the logarithm of the formula size of f (Ref. [7] related this to SP(f)). Later, in [16],
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Razborov noted that when restricted to non-partial matrices, this can never give a better
bound than n. Thus, to prove a non-trivial lower bound on S,lj( f) using this method, one
would need to use a partial matrix. We prove the following generalization to the approximate
case.

» Lemma 29. For all Boolean functions f: D — {0,1}, with D C {0,1}", and all partial
matrices M € (RU {x})f " Ox" ) guch that max{|Mly, ]| : M|y, z] # +} < 1:

L _rank(M)
Su(f) =% <log (ma)qj[m rank(M o Ai))) .

Proof. Let {A;}; be an optimal feasible solution for the expression from Lemma 27, so

SP,.(f) > Z rank(A;), and Z AjoA;—J|| <k
J€ln]

jeln) .

Let M, be a completion of M o A; with rank(M o A;) = rank(M ). Then for any z,y such
that My, x] # *:

Z M[y7 JJ]A] [y> m]A7 [y7 JJ] - M[y’ .Z‘}

> MjoA; | [y,x] — My, 2]
J€[n] J€n]

IN

My, 2] | Y Ajor;—J| <k

Jj€ln] 00

Thus

Vk-rank(M) < rank Z M;oA;| < Z rank (M o A;).
J€ln] j€ln]

Using the fact that for any matrices B and C, rank(B o C) < rank(B)rank(C), we have

VE-rank(M) < Z rank(A;)rank(M ;) < SP,.(f) maxrank(M o A;).
jet et
Setting k = %, and noting that by Theorem 24, Sy (f) > log SNP(f) = log §T31/4(f) completes
the proof. <

Unfortunately, as far as we are aware, nobody has used this lower bound to successfully
prove any concrete formula size lower bound of 2¢(1°8™) 5o it seems to be quite difficult.
However, there has been some success proving lower bounds in the monotone span program
case, even without resorting to partial matrices, which we discuss in the next section.

5 Monotone Span Programs and Monotone Algorithms

A monotone function is a Boolean function in which y < z implies f(y) < f(z), where y < z
should be interpreted bitwise. In other words, flipping Os to 1s in the input either keeps the
function value the same, or changes it from 0 to 1. A monotone span program is a span
program in which H; o = {0} for all ¢, so only 1-valued queries contribute to H(z), and
H(y) C H(x) whenever y < z. A monotone span program can only decide or approximate a
monotone function.
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» Definition 30. For a monotone function f, define the monotone span program size,
denoted mSP(f), as the minimum s(P) over (families of) monotone span programs P such
that P decides f; and the approximate monotone span program size, denoted mé\l:/’,{(f), as
the minimum s(P) over (families of ) monotone span programs P such that P k-approzimates
f. Welet méTD(f) = mélv31/4(f).

In contrast to SP(f), there are non-trivial lower bounds for mSP(f) for explicit monotone
functions f. However, this does not necessarily give a lower bound on SP(f), and in particular,
may not be a lower bound on the one-sided error quantum space complexity of f. However,
lower bounds on log mSP(f) or log mSP(f) do give lower bounds on the space complexity
of quantum algorithms obtained from monotone span programs, and as we will soon see,
logmSP(f) and log mSP(f) are lower bounds on the space complexity of monotone phase
estimation algorithms, described in Section 5.2. The strongest known lower bound on mSP(f)
is the following:

» Theorem 31 ([14]). There is an explicit Boolean function f: D — {0,1} for D C {0,1}"
such that
logmSP(f) > Q(n).

We will adapt some of the techniques used in existing lower bounds on mSP to show a
lower bound on mSP(f) for some explicit f:

» Theorem 32. There is an explicit Boolean function f: D — {0,1} for D C {0,1}" such
that for any constant k, -
log mSP.(f) > (logn)?~°W.

In particular, this implies a lower bound of 2(°8 n? ™ o0 mSP(f) for the function f in
Theorem 32. We prove Theorem 32 in Section 5.1. Theorem 32 implies that any quantum
algorithm for f obtained from a monotone span program must have space complexity
(logn)?~°M which is slightly better than the trivial lower bound of Q(logn). In Section 5.2,
we describe a more natural class of algorithms called monotone phase estimation algorithms
such that log mSP(f) is a lower bound on the quantum space complexity of any such algorithm
computing f with bounded error. Then for the specific function f from Theorem 32, any
monotone phase estimation algorithm for f must use space (logn)2~°().

5.1 Monotone Span Program Lower Bounds

Our main tool in proving Theorem 32 will be the following.

» Theorem 33. For any Boolean function f : D — {0,1}, D C {0,1}", and any constant
k€10,1):

mSP.(f) > ax Vk-rank(M) ,
MERS 1)L M| <1 MAXje[p) Tank(M o Aj 1)

where Aj1[y,z] =1 ify; =0 and x; = 1, and 0 else.

When, k = 0, the right-hand side of the equation in Theorem 33 is the (monotone) rank
measure, defined in [15], and shown in [7] to lower bound monotone span program size. We
extend the proof for the kK = 0 case to get a lower bound on approximate span program
size. We could also allow for partial matrices M, as in the non-monotone case (Lemma 29)
but unlike the non-monotone case, it is not necessary to consider partial matrices to get
non-trivial lower bounds.
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oo Proof. Fix a monotone span program that k-approximates f with size mglv%( f). Let
a0 {{wy| 1y € f71(0)} be optimal negative witnesses, and let {|w,) : @ € f~*(1)} be approximate
s positive witnesses with ||HH(x)L |wg) ||2 < 3 Letting II;;, denote the projector onto Hj 5,

s12  define

o Aj= ) ey ALy, Y Mg lw) (el
yef=1(0) zef~1(1)

o1 = Y WA Y T fw)
yef 1 (0): zefH(1):

615 ;=0 zj=1

o 80 Aj has rank at most dimHj, and so 3, rank(A;) < s(P) = mSAISN(f). Furthermore,
a7 A, is only supported on (y,x) such that y; =0 and z; =1, so A; 0 A;; = A;. Denoting the
as error of [wg) as lerr(z)) =g ) |we) =3, o Ij1|ws), we have

o1 WD Al = D (wylATafwe) = (wy|A > T Y Tafw,)

j€ln] Jry;=0,z;=1 3y;=0 jij=1

2 = (wylA(Jwz) = lerr(2))) = (wy|Alwz) — (wy|Alerr(z))

o1 L=yl D Ajla)| < 1= 1+ [[{wylAll lerr(@)) ] < W= % = Vk.

622 J€[n]

Then for any M € R/ (O () with | M| <1, we have:

M—Mo Y Al <Ml |7 A <k

j€[n] oo J€(n] 00

e2s Thus

624 Vk-rank(M) < rank | M o Z Aj ] < Z rank(M o Aj) = Z rank(M o A1 0 Aj)

j€ln] j€[n] j€[n]
625 < Z rank(M o A 1)rank(A;) < mSAF/’N(f) max rank(M o Aj ). <
626 J€ln] st
621 To show a lower bound on mgTD(f) for some explicit f: {0,1}™ — {0, 1}, it turns out to

s be sufficient to find some high approximate rank matrix M € RY *X for finite sets X and Y,
w0 and a rectangle cover of M, Ay, ..., A,, where each A; o M has low rank. Specifically, we
e have the following lemma, which, with rank in place of approximate rank, has been used
61 extensively in previous monotone span program lower bounds.

o X1,...,Xn CX, Y1,...,Y, CY be such that for all (x,y) € X XY, there exists j € [n] such
o that (z,y) € X; x Y;. Define Aj € {0,1}Y*X by Aj[y,z] =1 if and only if (y,z) € Y; x X;.
o5 There exists a monotone function f : D — {0,1} for D C {0,1}"™ such that for any constant
o K €[0,1):

o2 » Lemma 34. Let M € RY*X with |M|_, < 1, for some finite sets X and Y and

VE-rank(M)
max e, rank(M o Aj)’

637 méTD,{(f) >

638
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Proof. For each y € Y, define ¢¥ € {0,1}" by:

o 0 ifyey;
J 1 else.

Similarly, for each z € X, define s* € {0,1}" by:

J

§ — 1 if.’IJGX]'
71 0 else.

For every (y,z) € Y x X, there is some j such that y; € ¥; and z; € X, so it can’t be the
case that s* < t¥. Thus, we can define f as the unique monotone function such that f(s) =1
for every s € {0,1}" such that s* < s for some z € X, and f(¢) = 0 for all ¢t € {0,1}"
such that ¢ < ¥ for some y € Y. Then we can define a matrix M’ € RS (Oxf ') py
M'[tY,s*] = My, ] for all (y,z) € Y x X, and 0 elsewhere. We have e-rank(M') = e-rank(M)
for all €, and rank(M’ o Aj;) = rank(M o A;) for all j. The result then follows from
Theorem 33. <

We will prove Theorem 32 by constructing an M with high approximate rank, and a
good rectangle cover {X; x Y;};. Following [19] and [14], we will make use of a technique
due to Sherstov for proving communication lower bounds, called the pattern matriz method
[20]. We begin with some definitions.

» Definition 35 (Fourier spectrum). For a real-valued function p : {0,1}™ — R, its Fourier
coefficients are defined, for each S C [m)]:

S =5 o plexs(a),

z€{0,1}m

where xs(z) = (—1)21'65 %, It is easily verified that p = > scim P(S)xs-

» Definition 36 (Degree and approximate degree). The degree of a function p: {0,1}™ — R
is defined deg(p) = max{|S| : p(S) # 0}. For any € > 0, deg,(p) = min{deg(p) : |lp — Dl <
e}.

Pattern matrices, defined by Sherstov in [20], are useful for proving lower bounds in
communication complexity, because their rank and approximate rank are relatively easy to
lower bound. In [19], Robere, Pitassi, Rossman and Cook first used this analysis to give
lower bounds on mSP(f) for some f. We now state the definition, using the notation from
[14], which differs slightly from [20].

» Definition 37 (Pattern matrix). For a real-valued function p: {0,1}™ — R, and a positive
integer X\, the (m, A\, p)-pattern matriz is defined as F € RO (™ {0.13™) yyhere for
y € {0,132, x € [\]™, and w € {0,1}™,

F[yv (wi)] = f(y|a: D ’LU),

where by y|., we mean the m-bit string containing one bit from each A-sized block of y as

specified by the entries of x: (yélllyﬁ), cee yg(ﬂ)), where y* € {0,1}* is the i-th block of y.

For comparison, what [20] calls an (n,t, p)-pattern matrix would be a (¢,n/t,p)-pattern
matrix in our notation. As previously mentioned, a pattern matrix has the nice property
that its rank (or even approximate rank) can be lower bounded in terms of properties of the
Fourier spectrum of p. In particular, the following is proven in [20]:
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» Lemma 38. Let F be the (m, A, p)-pattern matriz for p: {0,1}™ — {—1,+1}. Then for
any € € [0,1] and ¢ € [0,¢], we have:

(e —9)?

rank(F) = Z NS and - §-rank(F) > Ades. (2) a50e

SClm]:p(S5)#0

This shows that we can use functions p of high approximate degree to construct pattern
matrices F' € RIOI (N x{0.1}™) of high approximate rank. To apply Lemma 34, we also
need to find a good rectangle cover of some F.

A b-certificate for a function p on {0,1}™ is an assignment o : S — {0,1} for some
S C [m] such that for any x € {0,1}™ such that z; = «(j) for all j € S, f(z) = b. The size
of a certificate is |S|. The following shows how to use the certificates of p to construct a
rectangle cover of its pattern matrix.

» Lemma 39. Let p: {0,1}™ — {—1,+1}, and suppose there is a set of L certificates for
p of size at most C' such that every input satisfies at least one certificate. Then for any
positive integer \, there exists a function f:{0,1}" — {0,1} for n = £(2)\)€ such that for
any k € (0,1) and ¢ € [k, 1]:

mSPw(f) = @ ((e = VR)PATEW)

Proof. For i = 1,...,¢, let a; : S; — {0,1} for S; C [m] of size |S;| < C be one of the ¢
certificates. That is, for each i, there is some v; € {—1,+1} such that for any = € {0,1}™, if
x; = a;(j) for all j € S;, then p(z) = v; (so o is a v;-certificate).

We let F' be the (m, A, p)-pattern matrix, which has || F'|| , = 1 since p has range {—1,+1}.
We will define a rectangle cover as follows. For every i € [{], k € [\]%:, and b € {0,1}%,
define:

Xi,k,b = {(x,w) S [)\]m X {0, 1}m Vj S Si,w]’ = bj,l‘j = ]43]}
Yiks ={y € {0,137 V) € S,y = bj & i)}

We first note that this is a rectangle cover. Fix any y € {0,1}*™, x € [A\]™ and w € {0,1}™.
First note that for any ¢, if we let b be the restriction of w to S;, and k the restriction of z
to S;, we have (x,w) € X, . This holds in particular for ¢ such that «; is a certificate for
Y| Pw, and by assumption there is at least one such 4. For such an i, we have y;(pjj) dw; = afj)
for all j € S;, so y € Y; i p. Thus, we can apply Lemma 34.

Note that if (z,w) € X, ., and y € Y, 15, then (y|, ® w)[j] = y;jj) @ w; = a;(j) for all
J € Sy, 80 p(yle ®w) =v;. Letting A; [y, (z,w)] =1ify € Y 1 p and (z,w) € X, 15, and
0 else, we have that if y € Y; . and (z,w) € X; kb, (F o A ip)[y, (z,w)] = pyls ® w) = v;,
and otherwise, (F o A; )|y, (z,w)] = 0. Thus rank(F o A; ;. ;) = rank(v;A; x») = 1. Then
by Lemma 34, there exists f : {0,1}" — {0,1} where n = 2521(2)\)‘5” < £(2)\)¢ such that:

— —~ _ 2
mSP,.(f) > v/k-rank(F) > )\degf(p)m, by Lemma 38. <
We now prove Theorem 32, restated below:

> Theorem 32. There is an explicit Boolean function f: D — {0,1} for D C {0,1}" such
that for any constant x, -
logmSP,.(f) > Q((logn)*~°M).
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Proof. By [5, Theorem 38], there is a function p with aéél/g (p) > C(p)>=°M), which is, up
to the o(1) in the exponent, the best possible separation between these two quantities. In
particular, this function has a;él/g(p) > M?°M and C(p) < Mo where C(p) is the
certificate complexity of p, for some parameter M (see [5] equations (64) and (65), where
p is referred to as F), and p is a function on M?+°() variables (see [5], discussion above
equation (64)). Thus, there are at most (%TKEE) possible certificates of size M'T°(1) such
that each input satisfies at least one of them.

Then by Lemma 39 there exists a function f : {0,1}" — {0,1} for some n such that

2+o0(1) o
n < (%1::0(1))(2/\)1”1+ ' such that for constant s < 1/36 and constant A:

log mSP.(f) > Q(deg, /5(p) log A) > M?>~°).

Then we have:
M2+o(1)

logn < log <M1+0(1)) + MiFo) log(2\) = O(M1+O(1) log M) = Alro(l)

Thus, log mSAISH(f) > (logn)?>~°M) | and the result for any x follows using Corollary 19. <

Since for all total functions p, aggl s3(p) <C (p)?, where C(p) is the certificate complexity
of p, Lemma 39 can’t prove a lower bound better than log m§r3(p) > (logn)? for any n-bit
function. We state a more general version of Lemma 39 that might have the potential to
prove a better bound, but we leave this as future work.

» Lemma 40. Fizp: {0,1}™ — {-1,4+1}. Fori=1,...,¢, leto; : S; — {0,1} for S; C [m]
be a partial assignment such that every z € {0,1}™ satisfies at least one of the assignments.
Let p; denote the restriction of p to strings z satisfying the assignment c;. Then for every
positive integer X, there exists a function f:{0,1}™ — {0,1}, where n = Zf:1(2)\)|si‘ such
that for any k € (0,1) and € € [\/k,1]:

(e — \/E)Q)\a;-és(p) >

maXx;ere ng[m]\sizﬁi(S);tﬁO Al

m§AﬂZQ<

To make use of this lemma, one needs a function p of high approximate degree, such that for
every input, there is a small assignment that lowers the degree to something small. This
generalizes Lemma 39 because a certificate is an assignment that lowers the degree of the
remaining sub-function to constant. However, we note that a p with these conditions is
necessary but may not be sufficient for proving a non-trivial lower bound, because while
ZS:ﬁi(S);éO S > 2dee(®:) it may also be much larger if p; has a dense Fourier spectrum.

Proof. Let F' be the (m, A, p)-pattern matrix. Let {X; x5 X Y; kb }i k5 be the same rectangle
covered defined in the proof of Lemma 39, with the difference that since the «; are no longer
certificates, the resulting submatrices of F' may not have constant rank.

Let Aikp =2 pevi, 19) 2 (mwyex ., (@ w|. Then

Folp= > p(Yla ® w)ly)(z, wl.
YEYi kb, (2,w)EX kb

Note that when y € Y ;. and (z,w) € X, p 1, y|o Dw satisfies o, 0 p(y| Dw) = p;i(y | Dw'),
where ¢/, ¥’ and w’ are restrictions of y € ({0,1}*)™, x € [\]™ and w € {0,1}™ to [m] \ Si.
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Thus, continuing from above, and rearranging registers, we have:

Foligp= Y Yo pille WY)W e Y 5k
y'E({O,l})‘)[m]\Si x/e[)\][m]\S,-, QE({O,l}A)Si:
wIE{O,l}[m]\Si Ylk=bDa,

=F; @ Jho-is;1 1

where F; is the (m, A, p;)-pattern matrix, and J, 4 is the all-ones matrix of dimension a by b,
which always has rank 1 for a,b > 0. Thus

rank(F o A; j,p) = rank(F;)rank(Jyo-1)s;1 ;) = rank(F;) = Z ASI
by [20]. This part of the proof follows [19, Lemma IV.6].

Then by Lemma 34 and Lemma 38, we have:

(ﬂ) ? Adee. (p)
1+vk

MAX; 326¢ fm]\ 5,05 ()70 A

mSP, () > Q( Vrank(F) ) >0

max; , p rank(F o A; k. p)

5.2 Monotone Algorithms

In Theorem 32, we showed a non-trivial lower bound on log m§|5( f) for some explicit monotone
function f. Unlike lower bounds on log §I5( f), this does not give us a lower bound on the
quantum space complexity of f, however, at the very least it gives us a lower bound on
the quantum space complexity of a certain type of quantum algorithm. Of course, this is
naturally the case, since a lower bound on méIVD( f) gives us a lower bound on the quantum
space complexity of any algorithm for f that is obtained from a monotone span program.
However, this is not the most satisfying characterization, as it is difficult to imagine what
this class of algorithms looks like.

In this section, we will consider a more natural class of algorithms whose space complexity
is lower bounded by méf’( f), and in some cases mSP(f). We will call a quantum query
algorithm a phase estimation algorithm if it works by estimating the amplitude on |0) in
the phase register after running phase estimation of a unitary that makes one query. We
assume that the unitary for which we perform phase estimation is of the form UQO,. This
is without loss of generality, because the most general form is a unitary U0, U7, but we
have (UsO,Un )t |1o) = UF(UO,)t[h) where 1)) = Ut|tho), and U = UyUs. The weight on
a phase of |0) is not affected by this global (t-independent) U;. Thus, we define a phase
estimation algorithm as follows:

» Definition 41. A phase estimation algorithm A = (U, |¢y),0,T, M) for f : D — {0, 1},
D C{0,1}", is defined by (families of):
a unitary U acting on H = span{|j,z) : j € [n],z € Z} for some finite set Z;
an initial state |1o) € H;
a bound 6 € [0,1/2);
positive integers T and M < %;
such that for any M' > M and T" > T, the following procedure computes [ with bounded
error:
1. Let ®(z) be the algorithm that runs phase estimation of UO, on |vg) for T' steps, and
then computes a bit |b) 4 in a new register A, such that b = 0 if and only if the phase
estimate is 0.
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2. Run M’ steps of amplitude estimation to estimate the amplitude on |0) 4 after application
of ®(x). Output 0 if the amplitude is > 4.

The query complexity of the algorithm is O(MT), and, the space complezity of the algorithm

is logdim H + log T + log M + 1.

We insist that the algorithm work not only for M and T but for any larger integers as
well, because we want to ensure that the algorithm is successful because M and T are large
enough, and not by some quirk of the particular chosen values. When § = 0, the algorithm
has one-sided error (see Lemma 46).

We remark on the generality of this form of algorithm. Any algorithm can be put into
this form by first converting it to a span program, and then compiling that into an algorithm,
preserving both the time and space complexity, asymptotically. However, we will consider a
special case of this type of algorithm that is not fully general.

» Definition 42. A monotone phase estimation algorithm is a phase estimation algorithm
such that if Ilg(x) denotes the orthogonal projector onto the (41)-eigenspace of UQ,,, then
for any x € {0,1}", Io(z)|¢o) is in the (+1)-eigenspace of O.

Let us consider what is “monotone” about this definition. The algorithm rejects if |¢)g)
has high overlap with the (+1)-eigenspace of UQ,, i.e., IIg(x)|to) is large. In a monotone
phase estimation algorithm, we know that the only contribution to IIy(z)|¢) is in the
(41)-eigenspace of O, which is exactly the span of |j,z) such that z; = 0. Thus, only
0-queries can contribute to the algorithm rejecting.

As a simple example, Grover’s algorithm is a monotone phase estimation algorithm.
Specifically, let 1) = —= > i1 1) and U = (2[¢o)(tho| — I). Then UQ, is the standard

n

Grover iterate, and |¢) is in the span of e’-eigenvectors of UQ, with sin |6] = /|z|/n, so
phase estimation can be used to distinguish the case |z| = 0 from |z| > 1. So Iy(x)|t) is
either 0, when |z| # 0, or |t¢g), when |z| = 0. In both cases, it is in the (+1)-eigenspace of
(O

It is clear that a monotone phase estimation algorithm can only decide a monotone
function. However, while any quantum algorithm can be converted to a phase estimation
algorithm, it is not necessarily the case that any quantum algorithm for a monotone function
can be turned into a monotone phase estimation algorithm. Thus lower bounds on the
quantum space complexity of any monotone phase estimation algorithm for f do not imply
lower bounds on Sy (f). Nevertheless, if we let mSy (f) represent the minimum quantum
space complexity of any monotone phase estimation algorithm for f, then a lower bound on
mSy (f) at least tells us that if we want to compute f with space less than said bound, we
must use a non-monotone phase estimation algorithm.

Similarly, we let mS,lj( f) denote the minimum quantum space complexity of any monotone
phase estimation algorithm with § = 0 that computes f (with one-sided error).

The main theorem of this section states that any monotone phase estimation algorithm for
f with space S can be converted to a monotone span program of size 2°(5) that approximates
f, so that lower bounds on mSA.IS( f) imply lower bounds on mSy (f); and that any monotone
phase estimation algorithm with § = 0 and space S can be converted to a monotone span
program of size 2°(%) that decides f (exactly) so that lower bounds on mSP(f) imply lower
bounds on mSlU( f). These conversions also preserve the query complexity. We now formally
state this main result.

» Theorem 43. Let A = (U, |¢y), 6, T, M) be a monotone phase estimation algorithm for
f with space complezity S = logdim H + logT + log M + 1 and query complexity O(TM).
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Then there is a monotone span program with complexity O(TM) and size 2dim H < 2° that
approzimates f. If § =0, then this span program decides [ (exactly). Thus

mSy (f) > logmSP(f) and mS}(f) > logmSP().

We prove this theorem in Section 5.2.1. As a corollary, lower bounds on n mSP(f), such as the
one from [14], imply lower bounds on mS;(f); and lower bounds on mSP(f) such as the one
in Theorem 32, imply lower bounds on mSy (f). In particular:

» Corollary 44. Let f : {0,1}" — {0,1} be the function described in Theorem 32. Then
mSy (f) > (logn)?=°M. Let g : {0,1}™ — {0,1} be the function described in Theorem 31.
Then mSg;(g) > Q(n).

We emphasize that while this does not give a lower bound on the quantum space complexity
of f, or the one-sided quantum space complexity of g, it does show that any algorithm
that uses (logn)¢ space to solve f with bounded error, for ¢ < 2, or o(n) space to solve g
with one-sided error, must be of a different form than that described in Definition 41 and
Definition 42.

In a certain sense, monotone phase estimation algorithms completely characterize those
that can be derived from monotone span programs, because the algorithm we obtain from
compiling a monotone span program is a monotone phase estimation algorithm, as stated
below in Lemma 45. However, not all monotone phase estimation algorithms can be obtained
by compiling monotone span programs, and similarly, we might hope to show that an even
larger class of algorithms can be converted to monotone span programs, in order to give
more strength to lower bounds on mSy (f).

» Lemma 45. Let P be an approximate monotone span program for f with size S and
complexity C. Then there is a monotone algorithm for [ with query complexity O(C) and
space complezity O(log S + log C).

Proof. Fix a monotone span program, and assume it has been appropriately scaled. Without
loss of generality, we can let H; = H;; = span{|j,z) : z € Z;} for some finite set Z;.
Then, O, = I — 2lly(,), which is only true because the span program is monotone. Let
U = 2llow(a) — I. Then UO, = (2Myer(a) — 1) (21 g,y — I) is the span program unitary,
described in [8]. The algorithm obtained from compiling a span program works by performing
O(C) steps of phase estimation of this unitary, applied to |wg) = AT|7r), and estimating
the amplitude on 0 in the phase register to constant precision (see [8, Lemma 3.6]). This is
clearly a phase estimation algorithm for f with query complexity O(C') and space complexity
O(log S +log C).

The algorithm is a monotone phase estimation algorithm because U = 2Il,y(4) — [ is
a reflection, and [1o) = |wg) = AT|7) is in the (+1)-eigenspace of U, row(A). Since U is a
reflection, the (+1)-eigenspace of UQ, is exactly (ker(A) N H(z)) @ (row(A) N H(z)1), and
so Ily(z)|wo) € row(A) N H(x)* C H(x)*. <

5.2.1 Monotone Algorithms to (Approximate) Monotone Span
Programs

In this section, we prove Theorem 43. Throughout this section, we fix a phase estimation
algorithm A = (U, |vo), d, T, M) that computes f, with U acting on H. For any z € {0,1}"
and © € [0, 7], we let IIg () denote the orthogonal projector onto the span of ¢*?-eigenvectors
of UO, for |0] < 6O. We will let IT, = Zje[nLZEZ:wj:l l7,2){4, 2|
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We begin by drawing some conclusions about the necessary relationship between the

eigenspaces of UQ, and a function f whenever a monotone phase estimation computes f.

The proofs are somewhat dry and are relegated to Appendix B.

» Lemma 46. Fir a phase estimation algorithm with § = 0 that solves f with bounded error.

Then if f(x) =0,
1
o)) 2 125

and for any d < /8/w, if f(z) =1, then

2
||Hd7r/T(x)|¢0>H =0,
and the algorithm always outputs 1, so it has one-sided error.

» Lemma 47. Fiz a phase estimation algorithm with § # 0 that solves f with bounded error.
Then there is some constant ¢ > 0 such that if f(z) =0,

Mo (@) 0) |* = max{5(1 + ¢), 1/M?}

and if f(x) = 1, for any d < V/8/,
2 1
HHdw/T(x)W@H < 1_ &=
T8
To prove Theorem 43, we will define a monotone span program P4 as follows:
Hirye = span{|j, Z> 1j€ [TL],Z € Z} =H
H;, = H; =span{|j, z,1): z € Z}
. 1. . )
A|jvz’ 1> = §(|],Z> - (_1)1|jaz>) = |J’Z>
Alj,2) = (I = U, 2)
IT) = |vo)- (2)

We first show that IIo(x)|1o) is (up to scaling) a negative witness for , whenever it is
nonzero:

» Lemma 48. For any x € {0,1}", we have

_ 1

=——.
[[o () [200) |

In particular, when Io(z)|1o) # 0, Wo(z)|vo)/ ||To(x)|1bo)||* is an optimal negative witness
for x.

w_(x)

Proof. Suppose Io(x)[o) # 0, and let |w) = Ho(a)|to)/ | To(x)[10)||>. We will first show
that this is a negative witness, and then show that no negative witness can have better
complexity. First, we notice that

(10|Ho()[tho)
(wlT) = (wltho) = ~—————5 =
(Mo ()] o) |
Next, we will see that (w|Allg) = 0. By the monotone phase estimation property,

O, Iy (z) o) = o(z)|to), and so Olw) = |w), and thus I, |w) = 0, where II, is the
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projector onto [j,z) such that z; = 1. Note that H(z) = span{|j,z,1) : z; = 1,z €
Z} @span{|j,z) : j € [n],z € Z}. Thus [y () = Mg, + 1 @ [1)(1]. We have:

(WAL, @ [1)(1]) = (W[, = 0.

Since |w) is in the (41)-eigenspace of UO,, we have UO,|w) = |w) so since O, |w) = |w),
Ulw) = |w). Thus

(wlATLp,,,, = w|(I = UM ® (1] = (lw] - (w]) & (1] = 0.

Thus |w) is a zero-error negative witness for x. Next, we argue that it is optimal.

Suppose |w) is any optimal negative witness for z, with size w_(x). Then since (w|II, =
(W] AT, @ [1)(1]) must be 0, O, |w) = (I —2IL,)|w) = |w), and since (w|Allg,,.. = (w|(I-UT)
must be 0, Ulw) = |w). Thus |w) is a 1-eigenvector of UO,,, so

)l il _ 1
Il T~ T}

We complete the proof by noticing that since (w|Ally,, . = 0, we have (w]A = (w|(1], and
2 2
w-(z) = [[{w[ A" = ([l <

ITTo () 40} ||* =

2
|¢0>H =

Next we find approximate positive witnesses.

» Lemma 49. For any © > 0, the span program P4 has approrimate positive witnesses for
2
any x with error at most ||[Ie (x)|1o)||* and complezity at most .

Proof. We first define a vector |v) by:
[v) = (I = (UO)")* (I ~ Te(2)|v)-

Note that I — (UO,)! is supported everywhere except the (41)-eigenvectors of (UO,)%,
which are exactly the (+1)-eigenvectors of UO,,. Thus, (I — Ilg(x))|to) is contained in this

support.
Next we define |w) = (|tho) — (I — UT)[v)) |1) + |v). Then we have:

Alw) = |vpo) = (I = UNw) + (I =UN)|v) = [tho) = |7).
So |w) is a positive witness, and we next compute its error for x:
2
Loy o | = [Tz (Jwo) — (1 =TT o))
2
= |[Malyo) — eI = U (I = (UO,))F(I — Te())[vo) |-
Above, Iz = I — II,. We now observe that

2
I

(I — 0,U") =11I; (II; — (I; — IL,)UY) = Iz (I — UY).
Thus, continuing from above, we have:
MLy | = [ MLalibo) — T (1 — O,UY(I — OLUH)* (I — e () o) ||
= [Tz |v0) — T (I — e (@) |vo)[|* = |[TzTle (z)|e0)[|* < |[TTe (z)|e0)l|”

Now we compute the complexity of |w). First, let UO, =3, e%i|X;)(\;| be the eigenvalue
decomposition of UQ,. Then

1
(I-Uo)Ht = > T o=, M)yl and I —Tle(z) = > AL
§:0;#0 ' J:10;1>©
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We can thus bound |[||v)[|*:

2

32 = I~ @O (1~ To@¥o)l = | 3 1oz sl

3:16,1>©

1 9 2
- ) —— 5 [(Aj[vo) < o7

jloy1>e 480" 3
Next, using O, + 211, = I — 2I1, 4 211, = I, we compute:
1- 2
ltbo) — (I = UN)|v) ||
[[tbo) — (I — QLU = 2L, UT)(I — O, U (I - e (x)) [0}

[1v00) — (I — e (2))[tbo) + 2L,UT (I — (UO,) 1) (I = Tle(a))|tko) ||

1
< | Ime @)l +2||ILUt > 5 (l)l)
7:16;1>0
2
< | 1Mo (@) lwo) | +2 [(A\gl20) 2
j=|g|:>9 4sin® 7J
s ’/T2
< (Mo @)l + 2 (7 ~ o)}l < .
Then we have the complexity of |w):
2 5 2
2 = ([} — (2 — T + W) < = + = = 2 “

- @2 402 402
We conclude with the following two corollaries, whose combination gives Theorem 43.

» Corollary 50. Let A = (U, |¢),0,T, M) be a monotone phase estimation algorithm for
f with space complezity S = logdimH + logT + log M + 1 and query complexity O(TM).
Then there is a monotone span program that decides f (exactly) whose size is 2dim H < 2°
and whose complexity is O(TM).

Proof. If f(z) = 0, then by Lemma 46, we have ||[IIo(x)|¢o)|*> > <z, S0 by Lemma 48,
w_(z) < M?. Thus W_ < M2

If f(z) =1, then by Lemma 46, we have HHQ/T(Q:)|¢O>H2 =0, so by Lemma 49, there’s
an exact positive witness for x with complexity O(T?). Thus W, < O(T?), and so the
span program P4 from (2) has complexity O(TM). The size of the span program Py is
dim H = 2dim H. <

» Corollary 51. Let A = (U, |v),0,T, M) be a monotone phase estimation algorithm for
f with space complexity S = logdimH + logT + log M + 1 and query complexity O(TM).
Then there is a constant k € (0,1) such that there exists a monotone span program that
Kk-approzimates f whose size is 2dim H < 2 and whose complezity is O(TM).

Proof. If f(z) =0, then by Lemma 47 we have ||IIy(z)[o)||> > 6(1 + ¢) for some constant

¢ > 0. Thus, by Lemma 48, W_ < (1+c)
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If f(z) = 1, then by Lemma 49, setting © = dr/T for d = 2,/ 17c» (where ¢ is the

constant from above), by Lemma 49 there is an approximate positive witness for = with error

2
ey = HHQ\/%/T(QC)WO)H and complexity O(T?). By Lemma 47, we have

5 5 5(1+¢) 11
ST BT T e Tte—c2 S T4 2W
1-—55= 30+0) c—c c _

Thus, letting k = ﬁ < 1, we have that P4 x-approximates f. Since the positive witness
complexity is O(7?), and by Lemma 47, we also have W_ < O(M?), the complexity of Py

is O(TM). The size of Py is dim H = 2dim H. <
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A  Proof of Claim 18

In this section, we prove Claim 18, restated below:

>> Claim 18. Let P be a span program that x-approximates f : D — {0, 1} for some constant
k. For any constant ' < k, there exists a span program P’ that x’-approximates f with

1
log 1,
g —7

s(P') = (s(P) +2)" "% , and C,u(P', D) < O (Cu(P, D)).

Let |wg) = A1|7). We say a span program is normalized if |||wo)|| = 1. A span program
can easily be normalized by scaling |7), which also scales all positive witnesses and inverse
scales all negative witnesses. However, we sometimes want to normalize a span program,
while also keeping all negative witness sizes bounded by a constant. We can accomplish this
using the following construction, from [§].

» Theorem 52. Let P = (H,V,|7), A) be a span program on {0,1}", and let N = |[|wo)|’.
For a positive real number B3, define a span program PP = (HP VB, |78}, A%) as follows,
where |0) and |1) are not in H or V:

H]ﬂ,b = Hj7b7 nge = Htrue D Span{‘i>}7 Hfﬁalse = Hfalse ® span{|0>}

Ve =V aspan{)}, A4” = pA+ )0+ YER AL 100) = ) + I

Then we have the following:
[(A%)F|7%)|| = 1;
for all x € P, wy(x, PP) = %er(x,P) +2;
for all z € Py, w_(z, PP) = p?w_(z, P) + 1.
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» Corollary 53. Let P be a span program on {0,1}", and P? be defined as above for

8= Wl 5 If P k-approzimates f, then PP \/r-approvimates f, with W_(P?) < 2,

W, (P?) < W_(P)W,(P) +2 and s(PP) < s(P) + 2.

Proof. First note that by Theorem 52, W_(P?) < 2. Let |w) be an approximate positive
witness for = in P, with ||HH(I)L|’U}>H2 < % and |||w)||®> < W, (P). Define

W_(P)
, 1 B A K A
= —- 1 0 .
) = s+ e+ Tl
One can check that A% w') = |77).
My 19 = Gy Mo+ 9+ e
A1+ K)? 1+ K)?
< 1 K n K2
T RO +R2ZW(P) (1+k)?

Ii+l€2

2k(1 + k) 1 2k < VE
(1 4+k)2 T W_(PH(1+kK)?2 W_(PP)1+k — W_(PF)

where we have used W_(P?) < 2. We upper bound /W+(Pﬁ) by noting that:

N 1 Fe 62 K2 —
<———W.(P S<W_(P)W4(P)+ 2.
Finally, s(P?) = s(P) + 2 because of the two extra degrees of freedom |0) and |1). <

Proof of Claim 18. We will first show how, given a span program P such that ||Jwo)|* < 1,
and P k- approx1mates f, we can get a span program P’ such that [Jwp)||? < 1, W_(P') <
W_(P)2, P’ k2-approximates f, W, (P') < 4W,(P), and s(P') = s(P)2.

Define P’ as follows, where S is a swap operator, which acts as S(|u)|v)) = |v)|u) for all
|u), |v) € H:

I +8
Hy=HpoH  A=@ea)(P2855) o),
Observe that for any |u), |v) € H, we have

A'(|u)|v) = [v)u)) =0, and  Alu)lu) = Alu) @ Alu).

Note that A'(Juo) wo)) = 7'}, so [ AF17)|| < Illwo}wo) | < 1.
If (w] is a negative witness for x in P, it is easily verified that (w'| = (w|® (w| is a negative
witness in P’, and

2

4] = H;«wm) ® ((w14) + 5 (w14) ® ({wld)|| = wl4]",

so w_(z, P") < w_(z, P)?, and W_(P') < W_(P)?.
If |w) is an approximate positive witness for  in P, then define

') = |w)w) = Mgy [w)p @) [w) + gy @) (W) pr () + [w) = g @) [w) Mieer () [w)-
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We have

1
A’lw’> = A‘w>A|’w> — 5 (AHH(I)‘U]> ® Aerr(A)|w> + Aerr(A)|w> X AHH(x)|’LU>)

= |n)lm) =1").

We can bound the error as:

7oy [0 = [ (Mg aye @ D) |* = [ Mgy [w) ) = Mgy [eo) gy [} |

= Ty [0) T gy« |0} ||

Next, observe that

Mp@) + Mg@)r) ®@ Mp ) + aeys) = Ly © My + L) © D -
=@ ®Mh@ + Un@ @ ae)r + Haes @U@ + he) © e

= II[{(I) RI+I® II}{(m)L

K2 K2

SWo(PE = W_(P)

so |w') =g )w) ® [w) + [w) @ Wy [w) = Mpr(z)|w) @ Mier(a)|w).

Thus, using the assumption [[|wo)|| < 1, and the fact that [T qwa)|w) = [wo):

2 2
w1 = [Tz oy [w) w) + [w) gy [w) = T oy [0) Miera) ) |

= ||HH(w)|w>Hrow(A)|w> =+ |w>1_IH(ac)L |w>H2
= | Mgy o) o) |+ || ) gy oy ) |+ 2 || gy oy ) || (0] g 2 f0)

K

<W,(P)+ iv}(za)m

+2W,(P)

K

WiB) < (1+ K+ 2v/E) W4 (P).

Note that we could assume that W_(P) > 1 because ||wg| < 1.

We complete the proof by extending to the general case. Let P be any span program
that k-approximates f. By applying Theorem 52 and Corollary 53, we can get a span
program, Py, with |[|wp)|| = 1, W_(Fy) < 2, W+(P0) < C(P)? +2, and s(Py) = s(P) + 2,
that y/k-approximates f. We can then apply the construction described above, iteratively, d
times, to get a span program P, that \/Ezd =K

27! _approximates f, with

s(P1) = s(Po)* = (s(P) +2)%,

W_(P) <22,  and  Wi(Py) < 49W, (P) < 49C(P)? + 2 - 4%

Setting d = log (lﬁ)gg

K

1
Py ) + 1 gives the desired x’.

B Proofs of Lemma 46 and Lemma 47

We will prove the lemmas as a collection of claims. Fix 7 > T and M’ > M with which to

run the algorithm. Suppose ®(z) outputs |¢(z)) = /pz|0)a|Po(z)) + V1 — pi|1) 4| P1(2)),
and let p denote the estimate output by the algorithm. We will let UO, =3, '3 (@) IATY (AT

be an eigenvalue decomposition.

> Claim 54. If f(z) = 0 then ||Io(z)[vo) || >

1
JVEN

4:33

ITCS 2020



4:34

1061

1062

1063

1064

1065

1066

1067

1068

1069

1070
1071

1072

1073

1074

1075

1076

1077

1078

1079

1080

1081

1082
1083

Span Programs and Quantum Space Complexity

Proof. Since the algorithm computes f with bounded error, the probability of accepting x is
at most 1/3, so p < ¢ with probability at most 1/3.

Amplitude estimation is just phase estimation of a unitary Wg such that |[¢)(z)) is in the
span of e*2¥% _eigenvectors of Wy, where p, = sin®6,, 6, € [0,7/2) [4]. One can show that

the probability of outputting an estimate § = 0 is sin?(M’6,)/(M'? sin?(6,)), so

1 _ sin?(M’'6,)
— 2 5
3~ M"?sin%(4,)
If M'6, < T, then this would give % > % hich is a contradiction. Thus, we have
T 20, 1 1 1

! - = . = =
M¢9m>2 = 7T>M/ = sm0m>M/ = \/pw>Ml.

Since ®(x) is the result of running phase estimation, we have

S S L)/ 2, T
pe = SN0 T e oy < Mool + 7

for any ©. In particular, if A is less than the spectral gap of UO,, we have ||IIa(2)|t0)| =
Mo ()30} I, so

2 ™
2y S o () |vbo) | T Az
This is true for any choices 7V > T and M’ > M, so we must have:
1 2
e < [|Ho(z)|¢o)[I” - <

> Claim 55. If f(z) =1 and 6 = 0, then for any d < ?, HHdw/T(x)W@HQ =0

Proof. Suppose towards a contradiction that ’|Hd7r/T(33)Wo> ||2 > 0. Then p, > 0, and some
sufficiently large M’ > M would detect this and cause the algorithm to output 0, so we must
actually have HHdﬂ/T(x)h/JO) ||2 = 0. In fact, in order to sure that no large enough value M’
detects amplitude > 0 on |0) 4, we must have p, = 0 whenever f(z) = 1. That means that
when f(z) =1, the algorithm never outputs 0, so the algorithm has one-sided error. <

> Claim 56. There is some constant ¢ such that if f(z) =0 and & > 0 then ||[TIo(x)|¢o)]|*
(1 +c).

Proof. Recall that p € {sin?(mm/M’') :m =0,..., M’ —1}. We will restrict our attention
to choices M’ such that for some integer d,

5 (d+1/3)m

M’ '
To see that such a choice exists, let 7 be such that § = sin” 7, and note that the condition
holds as long as d < 2 < d+1/3 for some d, which is equivalent to saying that L3TM |=0

mod 3. If K = J then for any M’ > M, and ¢ > 0, define M, = M’ + ¢K. Then for
any ¢ > 0,

dm
.92 .
sin M§6<sm

2

- L237’

1 1
T~ Iy =Tre |2 -2,
2 T2

so there must be one ¢ € {0,...,6} such that [27M,] = 0 mod 3. In particular, there is
some choice M, satisfying the COHdlthH such that (using some M’ %)

1 T mTsinT
M, < Vi | — — | =1 <1 .
Vs ef(\/g+667> e (3)
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We will use this value as our M’ for the remainder of this proof.
Let pz = sin? @, for 0, € [0,7/2]. Let z be an integer such that A = 6, — 72/M’ has
|A| < 577+ Then the outcome p = sin? 7= 177 has probability:

2

2

M’ —1 M'—1 .
1 S izionmmz)| 1 S el = sin’(M'A) S
M'? - M2 - M?2sin2 A —
t=0 t=0
since [M’A| < %. Thus, by correctness, we must have sin?(rz/M’) > § > sin® 4%
z > d, so
(d+Dm _ zm w
<=0, - A<+ —.
M =M =%t oar
Thus:
(d+1/3)r  2rm ™
<60,+ —
e e =P o
1
0 ((d +M{3)7r 6]7\r/[/> < sind,
(d+1/3)m ™ (d+1/3)r sin "
n( Vi cos 6 + cos VE GM’ < Pz
ﬁ,/lfsin +\/17551n < Pz

dr

. Thus

When sin? =% < 1 — §, which we can assume, the above expression is minimized when

6M’
2 7
6M'

9 T 4 1)
> > .
6M’ ~ 36M'% ~ 9(1 + )2

sin

sin

Thus, continuing from above, letting k =

is as small as possible. We have, using M’ <

HT;, from (3):

1 .
m, we have:

VoV1 — ks + V1 —6Vké < \/ps

5(1 = kd) + (1 — 6)kd + 20

Next, notice that (1 — kd)(1 — §) is minimized when § = LEE but 6 < 1 < LEE 50 we have,

using k <1 and 0 <1/2:

—0)(1 = kd) < ps

S(1+ k(1 —20) + 2V (1 — k/2)(1 — 1/2)) < ps
5(1 40+ V&) < p,.

2k >

2k

Since ®(x) is the result of running phase estimation of UQ,, for T > T steps, we have:

T'O’j(w))

ZI o)
T/)2 1n2(0'J2(x) ) )
so in particular, for any © € [0, 7), we have

pe < [Te@)lo)lI* + > [(Aflwo)f?

Jiloj(z)| >0

< [He (@) o) |* + (I — e (@))[¢o) I

1
(1T7)2 siHQ(%) '
(T )2@2
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In particular, for any © < A where A is the spectral gap of UO,, we have ||Ilo(x)[1o)] =
ITTo(x)|wo)|l, so for any TV > T, we have

7T.2

Az = Pe 200+ V).

ITTo () [4ho) I +

Since this holds for any 77 > T, we get ||TIy(x)|to)||*> > (1 + v&). The proof is completed
by letting ¢ = Vk. |

> Claim 57. If f(z) = 1 and § > 0 then ||y /7(x)|e0) || (1 — d?x2/8) < 6.

Proof. If |\) is an e?-eigenvector of UQO, for some 0| < dr/T < +/8/T, then the probability
of measuring 0 in the phase register upon performing 7T steps of phase estimation is:

T-1
E ezt@
t=0

2
sin? Z¢
T2 sin

1
pz(0) := T2

Let e(z) =1 — Sigzr for any x. It is simple to verify that e(x) < x2/2 for any z, and

e(z) € [0, 1] for any z. So we have:

TO/2)2(1 —(TH/2 T202
pet0) 2 S C SO 5 1oy 21 - T

Thus, we conclude that

T2 252 d27?
Do > |[Tam (@) [000) || <1 -5 TZ ) = || Wy () [0} || (1 - Q > :

If this is > §, then with some sufficiently large M’ > M, amplitude estimation would detect
this and cause the algorithm to output 0 with high probability. |
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