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Abstract

Randomized quantum algorithms have been proposed in the context of quantum simulation
and quantum linear algebra with the goal of constructing shallower circuits than methods based
on block encodings. While the algorithmic complexities of such randomized schemes have been
shown to be suboptimal, it has been speculated that they may offer benefits in the early fault-
tolerant era where circuit depth comes at a premium. In this work, we investigate the end-to-end
resource requirements for a randomized quantum linear systems solver to estimate scalar properties
of the matrix inverse by combining sampling from a Fourier series with Hamiltonian simulation.
We derive explicit bounds on all relevant algorithmic parameters that control the total error.
We analyze two algorithmic kernels for Hamiltonian simulation: a second order product formula
approximation and a method called random Taylor expansion (RTE).

Finally, we provide numerical demonstrations that confirm the validity of our analytical results
and question the actual practicality of the randomized Fourier series-based approach for linear
systems problems as we show that the sampling complexity can grow exponentially. By providing
explicit bounds, our work serves as a bridge between theoretical algorithmic proposals and efficient
hardware implementations while also enabling fair comparisons to alternative algorithms that
exhibit optimal asymptotic complexities at the cost of large resource overheads.

1 Introduction
Quantum computers hold significant promise for solving complex computational problems in scientific
computing, particularly within the physical sciences [1–5]. This has inspired a broader search for
quantum algorithms that can effectively solve classical computational problems arising in combinatorial
optimization, machine learning, and linear algebra [6, 7]. In this work, we focus on the latter and study
the topic of quantum linear algebra.

Most existing approaches to quantum linear algebra rely on a fully coherent, oracle-based data
access model with Hamiltonian simulation [8, 9] and block-encoding access [10] as two of the most
common assumptions. Hamiltonian simulation is a key quantum algorithmic primitive; it is known to
be in the BQP complexity class, and is efficiently implementable on quantum computers for k-local
and sparse Hamiltonians [11–16]. Consequently, Hamiltonian simulation has become a widespread
quantum routine and a foundation for many subsequent quantum algorithms. As a subroutine, it
provides query access to the time evolution operator e−iHt with controllable error ϵ. In particular, the
first quantum algorithm to solve linear systems of equations proposed by Harrow, Hassidim, and Lloyd
(HHL) makes use of Hamiltonian simulation [8]. On the other hand, a block encoding is an embedding
of a non-unitary operator into a larger unitary, and is central to algorithms based on the quantum
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Figure 1: Randomized framework for sampling from solutions to the quantum linear systems (QLS)
problem ⟨ϕ|A−1 |ψ⟩ for a Hermitian matrix A, consisting of a classical processing step (left) which con-
structs a provably accurate Fourier series approximation to the inverse function, followed by repeatedly
sampling a Fourier time t and constructing an approximate time evolution operator U ≈ e−iAt using
either a Product Formula (PF) or Random Taylor Expansion (RTE). Next the quantum processing
step (right) uses log(N) + 1 qubits to measure ⟨ϕ|U |ψ⟩ for each sample. The statistical average over
all samples converges to ⟨ϕ|A−1 |ψ⟩.

singular value transformation (QSVT) [10, 17]. Block encodings provide query access to the operator
itself or to polynomial transformations of the operator through QSVT and its variants. Quantum
circuits for block encodings can be constructed explicitly for certain classes of highly structured, data-
sparse problems [18–23] without relying on quantum random access memory (QRAM) [24], or from
linear combinations of unitaries (LCU) [25, 26], which is efficient for operators that are sparse in the
Pauli basis.

Coherent data access via block encoding models generally requires deep and complicated quantum
circuits that will remain challenging to implement for near-term quantum computers, even if some de-
gree of fault-tolerance is achieved. In an effort to bypass the challenge of constructing block encodings,
a new class of randomized algorithms have been proposed in the context of quantum linear algebra.
For this approach, the computational problem is reformulated such that a classical sampling procedure
combined with a Hamiltonian simulation subroutine can be used to provide Monte Carlo estimates
to the desired solution upon averaging over all estimates. It has been shown that a key advantage of
this approach is that the circuit complexity of each individual sample can be reduced at the cost of
increasing the total number of samples required to reach a certain precision. Prominent examples of
randomized quantum algorithms include methods for Hamiltonian simulation [12, 27], for statistical
phase estimation [28], and for computing more general matrix functions [29–32].

In this work, we build on [28, 29] and present an explicit randomized quantum algorithm for
quantum linear algebra problems based on Fourier series approximations. We consider the task of
estimating scalar properties of matrix functions f(A) for anN×N Hermitian operator A, i.e., quantities
of the form ⟨ϕ| f(A) |ψ⟩1. We primarily focus on the quantum linear systems (QLS) problem, that is
f(A) = A−1, but provide a brief overview of how to extend the methods that we present to arbitrary
functions. The proposed method is summarized in Fig. 1 and preserves the key advantages of [28, 29]:
only a single ancilla qubit leading to a log(N) + 1 qubit complexity for N -dimensional problems and
tunable circuit and sampling complexities.

We note that all previous work in the space of Fourier series based randomized QLS solvers provide
only asymptotic complexities. While useful, it is unclear what the actual end-to-end resource require-
ments are. The problem of constructing the Fourier series is often left as an open question and hence

1We do not consider the problem of computing the required normalization factor in this work, see [29] for a careful
treatment of this topic
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its contribution to the final algorithmic complexities have not been thoroughly studied. In this work,
we accurately characterize the error made by approximating the inverse function by one possible choice
for the Fourier series approximation proposed in recent work [33]. We also place upper bounds on the
variance introduced as a result of sampling individual terms from this Fourier series. Thus, this allows
us to compute end-to-end resource requirements for the full randomized algorithm including classical
and quantum subroutines. We show that even for moderately sized problems, our analysis puts into
question the practicality of such randomized schemes.

After defining the problem and giving an overview of the randomized procedure in Section 2, our
main contributions include:

i A detailed and complete analysis of the truncation and discretization errors stemming from
approximating the inverse function as a Fourier series presented in Section 3. This includes
non-asymptotic choices for the parameters used to construct the Fourier series given some error
tolerance, using a scheme that requires exponentially fewer terms compared to previous ap-
proaches. A comprehensive description of the normalization and sampling procedure is included
in Section 4.

ii Non-asymptotic algorithmic resource estimates given an error budget. Specifically, we compute
the number of samples required by the randomization procedure as well as the non-Clifford gate
depth of each sample. In Section 5 we present results for two different strategies to implement
Hamiltonian simulation. The two approaches are (1) product formulas (PF) [11, 34] and (2) an
implementation based on random Taylor expansion (RTE) [28, 29]2.

iii End-to-end numerical demonstrations provided in Section 6 for a set of relevant small-scale
examples that empirically confirm the validity of our results while also questioning the practicality
of such randomized schemes.

We end with a discussion of our results in Section 7.

2 Proposed method

2.1 Problem statement
Let H be an N = 2n-dimensional Hilbert space and A ∈ CN×N : H → H be some Hermitian operator
on this space. We assume that the Pauli decomposition of A is known and given by,

A =
∑
ℓ∈[L]

cℓPℓ, (1)

where [L] := {0, 1, . . . , L − 1}, each Pℓ ∈ {I,X, Y, Z}⊗n (i.e., a length-n Pauli string), and each
coefficient cℓ ∈ R. We assume efficient classical access to the coefficients and classical representation
of the Paulis, {(cℓ, Pℓ)}ℓ∈[L]

3. We also assume access to the Pauli weight of A, defined as λ :=
∑
ℓ |cℓ|.

Furthermore, we assume that ∥A∥ ≥ 1. From the unitarity of the Pauli matrices and the triangle
inequality, this automatically implies that λ ≥ 1. We also assume that the condition number of A,
κ := κ(A) = ∥A−1∥∥A∥, is known or that we have an upper bound κ∗ ≥ κ. Finally, we also assume
access to state preparation oracles for the pair of states |ψ⟩ , |ϕ⟩ ∈ H, which means that we have
unitaries Uψ, Uϕ such that for a reference state |g⟩ ∈ H,

|ψ⟩ = Uψ |g⟩ , |ϕ⟩ = Uϕ |g⟩ . (2)

For the remainder of this paper, we assume that the cost associated with state preparation is constant
and, for simplicity, we keep |g⟩ = |0⟩. The problem statement that we study in this paper can be
summarized as follows:

2Previous work [28, 29] referred to this result as the random compiler lemma. To avoid confusion with randomized
compiling, also known as Pauli twirling, we stick to the terminology of random Taylor expansion introduced in [35].

3Each length-n Pauli string requires 2n classical bits of storage and each coefficient is assumed to be stored in some
floating point representation requiring a constant amount of storage per coefficient.
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Problem 1. Given classical access to the Pauli decomposition (1) for an N ×N Hermitian operator
A with Pauli weight λ, condition number upper bounded by κ∗, state preparation oracles Uψ, Uϕ for
|ψ⟩ , |ϕ⟩, and approximation error ϵ > 0, construct an estimator Ẑ where E[Ẑ] ≈ ⟨ϕ|A−1 |ψ⟩ . The
number of samples NS is to be chosen such that the statistical average ZNS

:= N−1
S

∑
i∈[NS]

Ẑi satisfies∣∣∣ZNS
− ⟨ϕ|A−1 |ψ⟩

∣∣∣ ≤ ϵ, (3)

with probability greater than 1− δ for δ ∈ (0, 1).

2.2 Description of the randomized algorithm
The following provides a more detailed overview of the different steps of the algorithm. We highlight
whether each individual step requires classical or quantum resources (or both).

The algorithm begins with a series of classical pre-processing steps, the first of which is to
approximate the inverse function, f(x) = x−1, over some domain D ⊂ R0 by a Fourier series approxi-
mation F (x),

f(x)
∣∣∣
D
≈
∑
s∈[S]

αse
−ixts =: F (x), (4)

that satisfies,
sup
x∈D

∣∣f(x)− F (x)∣∣ ≤ ϵF , (5)

where S is the number of terms in the Fourier series approximation, ts ∈ R is the Fourier time, αs ∈ C
is the Fourier coefficient, and ϵF is the error on the Fourier series approximation. If the spectral range
of the operator A falls within the domain D, then Eq. (5) implies that

sup
x∈D
∥A−1 − F (A)∥ ≤ ϵF . (6)

Given κ∗ and λ, we use the methods in Section 3 to construct the domain D and hence F (A) given
an error tolerance ϵF . We show that the complexity of this step is independent of the Hilbert space
dimension.

After this initial pre-processing, we use a combination of classical and quantum processing.
In particular, we use an iterative and randomized routine such that at each step j we sample a Fourier
time tj ∈ {ts}s∈[S] with probability |αj |/

∑
s∈[S] |αs| and consider the exponential e−iAtj . We now

seek a method to implement an approximate controlled version of the unitary to derive an estimate for
⟨ϕ| e−iAtj |ψ⟩ using a Hadamard test. At this juncture, we consider two approaches for constructing a
unitary that serves as either an approximation or estimator (respectively) for the controlled version of
e−iAtj that we use for implementing the Hadamard test circuit:

1. Product Formula (PF): We can approximate e−iAtj with a product/Trotter formula by splitting
the full exponential into products of “simpler” exponentials such that each exponential involves
only a single n-qubit Pauli string. For example, one can use a 2nd order PF approximation as
follows (see Section 5.1 for more details):

e−iAtj ≈ U(tj) := e−ic0P0tj/2e−ic1P1tj/2 . . . e−icL−1PL−1tje−icL−2PL−2tj/2 . . . e−ic0P0tj/2. (7)

We note that to implement a controlled version of U(tj) on quantum hardware, we can control
each of the “simpler” exponentials individually.

2. Random Taylor Expansion (RTE): Alternatively, we can use Lemma 2 from [28] to approximately
express the time evolution operator e−iAtj as a linear combination of unitaries (LCU):

e−iAtj ≈
∑
m∈M

dmjUmj , (8)
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for some appropriately defined index set M. From this LCU we sample an individual unitary
U(tj) ∈ {Umj}m∈M (by interpreting the coefficients in the LCU as being proportional to prob-
abilities) such that E[U(tj)] ≈ e−iAtj , thus introducing a second level of randomization. As we
show in Section 5.2, for appropriately chosen algorithmic parameters the unitary U(tj) can be
expressed as a series of Pauli rotations and an insignificant number of Clifford operations. Thus,
the primary source of the gate complexity to construct a controlled call to U(tj) on quantum
hardware comes from controlling a series of Pauli rotations.

For each Fourier sample, let U(tj) be the unitary obtained from one of the two subroutines outlined
above. We define NCP as the number of controlled Pauli rotations required to implement a controlled
call to U(tj) and will discuss in Section 5 how to choose this parameter given a certain error budget.
We set Ũ(tj) := U†

ϕU(tj)Uψ. We now use two shots4 (one each for the real part and imaginary part
of the overlap) of the Hadamard test to obtain estimates for the overlap ⟨0| Ũ(tj) |0⟩ = ⟨ϕ|U(tj) |ψ⟩.
We denote the result as Z(tj) ∈ C, where we note that E[Z(tj)] = ⟨ϕ|U(tj) |ψ⟩. This completes a
single iteration j of this hybrid workflow. We denote the total number of iterations, and thus the total
number of samples of the form Ẑ(tj), by NS. Each such Ẑ(tj) is then stored on the classical device.
We note that all such iterations are independent of each other and can be conveniently parallelized.

The final step involves classical post-processing to compute the statistical average of all the
samples that are collected:

ZNS = N−1
S

∑
j∈[NS]

Ẑ(tj). (9)

The quantities NS and NCP are chosen such that∣∣∣ZNS
− ⟨ϕ|A−1 |ψ⟩

∣∣∣ ≤ ∣∣ZNS
− ⟨ϕ|F (A) |ψ⟩

∣∣+ ∣∣∣⟨ϕ|F (A) |ψ⟩ − ⟨ϕ|A−1 |ψ⟩
∣∣∣ ≤ ϵS + ϵF ≤ ϵ, (10)

with probability greater than 1− δ thus solving Problem 1.
Eq. (10) shows that the total approximation error can be characterized by considering two sources

of error: (1) the sampling error ϵS when measuring ⟨ϕ|F (A) |ψ⟩, and (2) the error on the Fourier
series approximation ϵF . Each of these can be further attributed to more detailed sources of error.
A simple strategy to distribute the total error budget is the balanced case of ϵS , ϵF ≤ ϵ/2. We stick
to this convention and choose algorithmic parameters to control each source of error independently.
Throughout our analysis the key figures of merit (or cost model) we consider consist of the sample
complexity (NS) and the number of controlled Pauli rotations per sample (NCP). In this work, NCP

does not include the cost of preparing the states |ψ⟩ , |ϕ⟩. In Section 5 we provide two lower bounds for
these figures of merit, one for each of the two Hamiltonian simulation subroutines that we consider.
In particular, we show that there exists a tradeoff between these two figures of merit: in general,
increasing NS allows us to decrease NCP and vice-versa. We also numerically compare the RTE and
PF methods in Section 6 by performing end-to-end classical simulations for a selection of small-scale
examples.

We provide a high-level flow chart of the full randomized quantum algorithm in Fig. 2 that summa-
rizes the content of this section. We note that these methods are not specific to the inverse problem and
can be used to estimate scalar properties of any matrix function f(A) for which a provably accurate
Fourier series approximation can be constructed.

3 Fourier series approximation to the inverse function with ex-
plicit error bounds

We start with the following integral representation for the inverse function, which was also used in [36],

x−1 =
i√
2π

∫ ∞

0

dy

∫ ∞

−∞
dz
(
ze−z

2/2e−ixyz
)
=: I(x). (11)

4See Appendix A for why we choose this method over performing multiple shots for each Fourier sample
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Inputs to Problem 1

A =
∑
ℓ∈[L] cℓPℓ,

λ, κ∗ ≥ 1,
Uϕ, Uψ,
ϵ > 0, δ ∈ (0, 1)

Preprocessing
Algorithm 1 - Fourier series∥∥∥A−1 − F (A)

∥∥∥ ≤ ϵ/2

{αs, ts}s∈[S]

Eqs. (4) and (6)

Sample tj , j ∈ [S]
Pr(tj) ∼ |αj |

PF subroutine
Algorithm 2

U(tj) ≈ e−iAtj

RTE subroutine
Algorithm 2 from

[28]

E[U(tj)] ≈ e−iAtj

QPU
Hadamard test

|0⟩ H G H

|0⟩ U†
ϕU(tj)Uψ

Estimator Ẑ(tj) such that
E[Ẑ(tj)] = ⟨ϕ|U(tj)|ψ⟩

Post-processing
Average over Ẑ(tj)

and compute ZNS , Eq. (9)

∣∣ZNS − ⟨ϕ|F (A) |ψ⟩
∣∣ ≤ ϵ/2

Repeat NS Times (Theorems 10 and 12)

Figure 2: Flowchart outlining the randomized quantum algorithm for estimating ⟨ϕ|A−1 |ψ⟩. Orange
boxes are classical data processing steps, with boxes having a white background describing inputs,
intermediate results, and outputs, and those filled with an orange background describing a classical
algorithm. The blue box shows the Hadamard test circuit which is the only step that requires a QPU.
The dashed lines indicate the iterative portion of the algorithm that uses a combination of classical and
quantum processing. The dashed arrows indicate a choice in the method used to perform Hamiltonian
simulation.

Next, we define the domain Dκ =
[
−1,−1/κ

]
∪
[
1/κ, 1

]
, with κ ≥ 1, that excludes the singularity at

zero and provide a method to construct a finite LCU (or Fourier series) approximation to the double
integral in Eq. (11) over Dκ by discretizing the integral. This requires two steps: (1) truncating the
infinite integral appearing in Eq. (11) and (2) discretizing this truncated integral. It is in these two steps
that we improve upon [36] and derive a more efficient discetization of Eq. (11) by following a similar
approach as in [33]. To this end, we introduce two definitions for the truncation and discretization
steps.

Definition 2 (ϵ-close integral truncation). The truncated integral I(ϵ)T : Dκ → C which approximates
I(x), the integral representation of the inverse function given in Eq. (11), is defined as,

I
(ϵ)
T (x) :=

i√
2π

∫ ymax

0

dy

∫ zmax

−zmax

dz
(
ze−z

2/2e−ixyz
)
, (12)

where the pair of positive real truncation parameters (ymax, zmax) ∈ R+×R+ determine the integration
bounds and are chosen to satisfy,

sup
x∈Dκ

∣∣∣I(ϵ)T (x)− I(x)
∣∣∣ ≤ ϵ. (13)

Next, we consider the discretization of the truncated integrals. This requires us to introduce two
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positive weight functions, wy : [0, ymax] → R+ for the y-integral and wz : [−zmax, zmax] → R+ for the
z-integral.

Definition 3 (ϵ-close integral discretization). Let the Fourier parameters (J,K) ∈ N × N. The
discretization I

(ϵ,ϵ′)
D : Dκ → C of I(ϵ)T is defined as follows,

I
(ϵ,ϵ′)
D (x) :=

i√
2π

∑
j∈[J]

∑
k∈[K]

(
w(j)
y w(k)

z zke
−z2k/2e−ixyjzk

)
, (14)

where w(j)
y := wy(yj), w

(k)
z := wz(zk) and the quadrature nodes yj ∈ [0, ymax], zk ∈ [−zmax, zmax] for

(j, k) ∈ [J ]× [K]. The Fourier parameters are chosen to satisfy,

sup
x∈Dκ

∣∣∣I(ϵ,ϵ′)D (x)− I(ϵ
′)

T (x)
∣∣∣ ≤ ϵ. (15)

We remark that the discretization in Eq. (14) can be interpreted as a Fourier series approximation
to the inverse function with JK terms, where each product of the form yjzk is interpreted as a Fourier
time (or frequency) and each product of the form iw

(j)
y w

(k)
z zke

−z2k/2/
√
2π as a Fourier coefficient (or

amplitude).
It follows from Definitions 2 and 3 that the total error accrued while constructing approximations

to the inverse function, which we denote by ϵF in accordance with Eq. (10), can be attributed to two
sources which we denote by ϵT and ϵD for the truncation and discretization errors respectively. In
particular, we have that,

ϵF := sup
x∈Dκ

∣∣∣I(ϵD,ϵT )
D (x)− I(x)

∣∣∣ ≤ sup
x∈Dκ

∣∣∣I(ϵD,ϵT )
D (x)− I(ϵT )

T (x)
∣∣∣+ sup

x∈Dκ

∣∣∣I(ϵT )
T (x)− I(x)

∣∣∣ ,
≤ ϵD + ϵT .

Our goal now is to construct a provably accurate Fourier series approximation to the inverse function
that requires as few as possible total terms JK and as short as possible maximum simulation time
tmax := ymaxzmax given a target approximation error ϵ. This is precisely the topic of the remainder of
this section and our results are summarized in Algorithm 1. To satisfy the balanced choice of ϵF ≤ ϵ/2
made in Section 2.2, we can use Algorithm 1 with ϵD + ϵT ≤ ϵ/2 to construct the appropriate Fourier
series approximation to the inverse function.

3.1 Bounds on the truncation and discretization error
The following theorem characterizes the truncation error ϵT and describes how to choose the truncation
parameters (ymax, zmax) for each of the integrals appearing in Eq. (12).

Theorem 4. Given a truncation error ϵT > 0, the integration bounds (ymax, zmax) ∈ R+ × R+ given
by

ymax = κ

√
2 ln

(
3κ

ϵT

)
, zmax =

√
2 ln

(
3κ

ϵT

)
(16)

provide a truncated integral approximation I
(ϵT )
T , as defined in Definition 2, to I(x) over the domain

Dκ.

Proof. The proof is given in Appendix C.1

We note that Theorem 4 allows us to compute the maximal Fourier time parameter tmax for the
Fourier series I(ϵT )

T as follows,

tmax = 2κ ln

(
3κ

ϵT

)
. (17)
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Next, we present lower bounds on the Fourier parameters (J,K) that appear in each of the sums
in Eq. (14) such that the discretization error to approximate an integral of the form I

(ϵT )
T is bounded

from above by a given error tolerance ϵD. We note that this analysis requires specific choices for the
quadrature rules for both the z- and y-integral appearing in Eq. (12). We follow the proposal introduced
in [33] and combine discretization by the trapezoidal rule for the z-integral and the Gauss-Legendre
rule for the y-integral to select the quadrature nodes and weights.

For the z-integral appearing in Eq. (12), we observe that the integrand is quasi-periodic, rapidly
decaying (Gaussian), and analytic. It has been established that under these conditions the trapezoidal
rule convergences exponentially [37]. In the notation of Eq. (14), for an appropriately chosen value
of the Fourier parameter K (given some error tolerance), we can discretize the z-integral using the
trapezoidal rule with the constant weight function,

w(k)
z =

2zmax

(K − 1)
=: ∆z, (18)

with quadrature nodes zk = ∆z(k − (K − 1)/2) for k ∈ [K]. For the y-integral appearing in Eq. (12),
the integrand is a purely oscillatory function that does not a decay and hence the trapezoidal rule
does not converge exponentially fast. As proposed in [33], we instead make use of the Gauss-Legendre
quadrature rule for the y-integral. We use the change of variable y 7→ ymax(1 + y)/2 to rescale and
write Eq. (12) as,

I
(ϵ)
T (x) =

iymax

2
√
2π

∫ 1

−1

dy

∫ zmax

−zmax

dz
(
ze−z

2/2e−ixymax(1+y)z/2
)
. (19)

In the notation of Eq. (14), we can thus discretize the y-integral in Eq. (19) by using J many Legendre
nodes and setting yj = ymax(1 + cj)/2, where cj ∈ [−1, 1] is the jth root of the J th degree Legendre
polynomial. We also set w(j)

y to be the usual Gauss-Legendre quadrature weight scaled by the factor
ymax/2, i.e.,

w(j)
y =

ymax

2

2

(1− y2j )(P ′′
J (yj))

2
, (20)

where PJ denotes the degree-J Legendre polynomial.
Thus, we have effectively approximated the integral appearing in Eq. (12) using a discretization of

the form appearing in Eq. (14). We use the error bounds presented in [33, 37] to arrive at the following
theorem on how to choose the Fourier parameters (J,K) to control the total discretization error.

Theorem 5. Given a discretization error ϵD > 0, the Fourier parameters (J,K) ∈ N× N,

K = 1 +
1

π

(
ln (2) +

z2max

2
+ 2κ ln

(
3κ

ϵT

)
+ ln

(
2

ϵD

)
+ ln

(
1 +

2

zmax

√
2π

))
, (21)

J =
1

ln (2)

ln

(
K

K − 1

)
+ ln

(
32ymaxz

2
max

ϵD
√
2π

)
+

3κ ln
(

3κ
ϵT

)
2
√
2

 , (22)

provide an integral discretization I
(ϵD,ϵT )
D , as defined in Definition 3, of I(ϵT )

T (x) over the domain Dκ.

Proof. The proof is given in Appendix C.2

3.2 Matrix rescaling
We can apply the results presented in this section to the task of approximating the inverse of a
Hermitian matrix. We remind the reader that we assume ∥A∥ ≥ 1 and that we know an upper bound
on the condition number κ ≤ κ∗. We distinguish between two cases. If ∥A∥ = 1, then Λ(A) ⊆ Dκ∗ ,
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where Λ(A) indicates the set of eigenvalues of A, and the previous results readily apply. Alternatively,
if ∥A∥ > 1, then it does not necessarily hold that Λ(A) ⊆ Dκ∗ . In this case, we can rescale the problem
as follows.

Lemma 6. Let A be a Hermitian matrix with ∥A∥ > 1, upper bound on the condition number κ∗, and
Pauli weight λ. Define the rescaled matrix Ã and the rescaled upper bound on the condition number κ̃∗
as follows:

Ã :=
A

λ
, κ̃∗ := λκ∗.

Then Λ(Ã) ⊆ Dκ̃∗ .

Proof. The proof is given in Appendix C.3.

Note that the Pauli weight of Ã = 1. Thus, we may apply Theorems 4 and 5 to Ã on the domain
Dκ̃∗ to obtain a Fourier series approximation for Ã−1. We can then multiply this Fourier series by λ−1

to obtain an approximation of A−1. Note that the error on the approximation to A−1 is also scaled
by λ−1.

Algorithm 1: Fourier series approximation to the inverse function A−1.
Input:

- κ∗: upper bound on the condition number of A,
- λ: Pauli weight of A,
- ϵT , ϵD : truncation and discretization error tolerances respectively such that ϵT + ϵD ≤ ϵ/2.

Output: Fourier coefficients and time parameters {αs, ts}s∈[S] such that
∥A−1 − λ−1

∑
s∈[S] αse

−iÃts∥ ≤ (ϵT+ϵD)
λ

1 κ̃∗ ← λκ∗;

2 ymax ← κ̃∗
√

2 ln
(

3κ̃∗

ϵT

)
, zmax ←

√
2 ln

(
3κ̃∗

ϵT

)
; // Eq. (16)

3 K ← 1 + 1
π

(
ln (2) +

z2max

2 + 2κ̃∗ ln
(

3κ̃∗

ϵT

)
+ ln

(
2
ϵD

)
+ ln

(
1 + 2

zmax

√
2π

))
; // Eq. (21)

4 J ← 1
ln(2)

(
ln
(

K
K−1

)
+ ln

(
32ymaxz

2
max

ϵD
√
2π

)
+

3κ̃∗ ln
(

3κ̃∗
ϵT

)
2
√
2

)
; // Eq. (22)

5 ∆z ← 2zmax

K−1 ;
6 foreach (j, k) ∈ [J ]× [K] do
7 xj ← j-th root of the J-th degree Legendre polynomial;
8 yj ← ymax(1 + xj)/2;
9 w

(j)
y ← ymax

2
2

(1−y2j )(P ′′
J (yj))2

; // Eq. (20)

10 zk ← ∆z
(
k − (K − 1)/2

)
;

11 αjk ←
(

i√
2π
w

(j)
y ∆z

)
zke

−z2k/2;

12 tjk ← yjzk;
13 end foreach
14 return {αjk, tjk}(j,k)∈[J]×[K];

In the rest of this work we present our results in terms of the rescaled upper bound on the condition
number κ̃∗. Algorithm 1 summarizes the content of this section and combines it with the previous
results from this section.
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4 Sampling from the Fourier series approximation
Having characterized the Fourier series approximation error ϵF appearing in Eq. (10), we shift our
attention over the next two sections to characterizing the sampling error ϵS . In the current section,
we introduce the routine we use to sample from the Fourier series approximation. To set up sampling
access and interpret the Fourier coefficients as probabilities, we have to normalize this set of coefficients.
In particular, we define the following normalization parameters:

Ny :=
1√
2π

∑
j∈[J]

∣∣∣w(j)
y

∣∣∣ , Nz :=
∑
k∈[K]

∣∣∣w(k)
z zke

−z2k/2
∣∣∣ , (23)

where w(j)
y is given by Eq. (20) and w

(k)
z is given by Eq. (18). These normalization parameters now

allow us to define the following probability distributions:

p(j)y :=

∣∣∣w(j)
y

∣∣∣
Ny

, p(k)z :=

∣∣∣w(k)
z

∣∣∣
Nz

, (24)

and use these to rewrite the Fourier series generated by Algorithm 1 as follows:∑
s∈[S]

αse
−iÃts = λ−1I

(ϵD,ϵT )
D (Ã),

= λ−1NyNz
∑
j∈[J]

∑
k∈[K]

ω(j, k)p(j)y p(k)z e−iÃtjk , (25)

where each ω(j, k) has unit norm and represents the appropriate phase factor, i,e.

ω(j, k) :=
iw

(j)
y w

(k)
z∣∣∣w(j)

y

∣∣∣ ∣∣∣w(k)
z

∣∣∣ . (26)

We can sample indices j′ ∈ [J ] with probability p(j
′)

y and indices k′ ∈ [K] with probability p(k
′)

z , and
thus effectively sample exponentials of the form e−iÃyj′zk′ = e−iÃtj′k′ from Eq. (25). The variance of
sampling from this distribution is upper bounded by the product λ−1NyNz. The following Lemma uses
Theorem 4 to express Ny and an upper bound for Nz in terms of parameters introduced in Section 3:

Lemma 7. The normalization parameters Ny, Nz defined in Eq. (23) satisfy:

Ny =
ymax√
2π

=
κ̃∗√
2π

√
2 ln

(
3κ̃∗

ϵT

)
, Nz ≤

2z2max

√
2π

K − 1
=

4
√
2π

K − 1
ln

(
3κ̃∗

ϵT

)
, (27)

where K is given by Theorem 5.

Proof. The proof is given in Appendix C.4

Lemma 7 can thus used to upper bound the variance of sampling individual exponentials from
Eq. (25). In particular, we note that the upper bound on the variance scales poly-logarithmically with
κ̃∗.

5 Algorithmic resource requirements
Let τ be a Fourier time of the form tj′k′ that we sample using the protocol outlined in Section 4. We
now consider the task of implementing controlled versions of operators of the form e−iÃτ . In particular,
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we consider two subroutines to accomplish this task: (i) Section 5.1 outlines a product formula (or
PF) approach to construct approximate time evolution operators, and (ii) Section 5.2 outlines the
random Taylor expansion (or RTE) scheme to sample from the LCU decomposition for controlled time
evolution operators, which introduces a second randomized procedure into the overall algorithm. We
derive the number of quantum circuit samples and gate depth per sample required to solve Problem 1
for each subroutine.

5.1 Complexity of the product formula approach
We consider the rescaled matrix Ã defined in Section 3.2 and write it as,

Ã = λ−1
∑
ℓ∈[L]

cℓPℓ :=
∑
ℓ∈[L]

P̃ℓ, (28)

where we have absorbed the coefficients cℓ/λ into the modified Paulis P̃ℓ. The PF method allows one
to construct the exponential e−iÃτ by decomposing the full exponential into products of exponentials
each involving only a single P̃ℓ. The exponential of a single P̃ℓ can then be implemented using the
standard CNOT ladder construction [38]. The controlled version of the exponential of a single P̃ℓ thus
requires a controlled single-qubit Pauli rotation and 4 log(N) Cliffords [28]. The most common method
to construct a PF is using the Lie/Suzuki Trotter construction. For explicit constructions we refer the
reader to [11]. The number of terms in a PF grows exponentially with the order of the formula, and
in practice only low order product formulas are used. In the rest of this work we will consider the 2nd

order formula5 given by,

S(τ) :=
∏
ℓ∈[L]

e−iP̃ℓτ/2
∏
ℓ∈[L]

e−iP̃L−ℓτ/2. (29)

5.1.1 Approximation error of the second order product formula

As shown in [11], Eq. (29) provides a good approximation to the true exponential when τ is small since
the error terms scale as a polynomial in τ . For finite τ , we can split the full interval τ into r smaller
steps τ/r and use a 2nd order PF approximation for each step, i.e.,

e−iÃτ ≈
(
S(τ/r)

)r
:= Sr(τ). (30)

The quantity r ∈ N is known as the Trotter number. The question we ask now is how to choose r to
ensure the approximation error,

ϵPF := ∥e−iÃτ − Sr(τ)∥, (31)

is bounded. The following lemma establishes an upper bound on ϵPF for a given choice r:

Lemma 8. For a given Trotter number r, the error in operator norm ϵPF defined in Eq. (31) for a
2nd order PF satisfies the following upper bound:

ϵPF ≤
fτ3

r2
, (32)

where f ∈ C is defined as follows:

f :=
1

12

L−1∑
ℓ0=0

∥∥∥∥∥∥∥
 L−1∑
ℓ2=ℓ0

P̃ℓ2 ,

 L−1∑
ℓ1=ℓ0+1

P̃ℓ1 , P̃ℓ0



∥∥∥∥∥∥∥+

1

24

L−1∑
ℓ0=0

∥∥∥∥∥∥
P̃ℓ0 , L−1∑

ℓ1=ℓ0+1

P̃ℓ1

∥∥∥∥∥∥ . (33)

5We note that our results can be easily generalized to arbitrary orders.
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Proof. The proof of this lemma follows from applying the triangle inequality r times to the result in
Proposition 16 from [11].

We can use Lemma 8 to construct provably accurate PF approximations to exponentials of the
form e−iÃτ . In particular, given an upper bound on ϵPF, which we call ϵPF∗, choosing

r ≥

√
fτ3

ϵ∗PF

, (34)

ensures that ϵPF ≤ ϵ∗PF. We point out that while this provides a valid choice for the Trotter number
r, empirical evidence shows that in many cases of interest this bound is pessimistic and an error ϵPF

can be reached at significantly smaller Trotter numbers than that implied by Eq. (34) (for example see
[11, 34, 39]). However, tighter analytic bounds require knowledge of the specific matrix of interest, so
we stick to Eq. (34) for our analysis. We also note that the gate complexity, in terms of the number
of single-qubit Pauli rotations, of implementing a PF formula scales linearly with the total number of
terms in the PF and hence with r. In particular, we require 2rL-many single-qubit Pauli rotations for
the 2nd order PF Sr(τ). We summarize the PF construction routine in Algorithm 2.

Algorithm 2: Construct a 2nd order PF approximation to e−iÃτ

Input:
- Pauli decomposition Ã =

∑
ℓ∈[L] P̃ℓ

- τ ∈ R
- ϵ∗PF ∈ R+

Output: Unitary Sr(τ) such that:
- the non-Clifford cost of controlling Sr(τ) is equal to that of controlling
2rL Pauli rotations

- ϵPF ≤ ϵ∗PF

1 U ← 1l
2 r ←

√
fτ3/ϵ∗PF; // Eq. (34)

3 x← τ/r
4 foreach ℓ ∈ [L] do
5 U ← Ue−iP̃ℓx/2

6 end foreach
7 foreach ℓ ∈ [L] do
8 U ← Ue−iP̃L−ℓx/2

9 end foreach
10 SrPF

(tj′k′)← UrPF

11 return Sr(τ)

5.1.2 Sampling error for the product formula approach

Having constructed Sr(τ), we can now estimate the overlap given by ⟨ϕ|Sr(τ) |ψ⟩ using the Hadamard
test circuit shown in Fig. 2. We set U = U†

ϕSr(τ)Uψ and obtain two separate measurement outcomes
(shots), each being either ±1, that are estimates for the real and imaginary parts of the desired overlap
respectively. Let X̂τ , Ŷτ be the random variables associated (respectively) with these outcomes. These
are unbiased estimators for the real and imaginary parts of ⟨ϕ|Sr(τ) |ψ⟩,

E[X̂τ ] = ℜ ⟨0|U†
ϕSr(τ)Uψ |0⟩ , E[Ŷτ ] = ℑ ⟨0|U†

ϕSr(τ)Uψ |0⟩ . (35)

12



We now include the phase and normalization factors shown in Eq. (25) and define the random variable
Ẑτ as follows:

Ẑτ := ωτNyNzλ
−1 (Xτ + iYτ ) , (36)

and note that this is a biased estimator for the quantity λ−1 ⟨ϕ| I(ϵD,ϵT )
D (Ã) |ψ⟩,

E[Ẑτ ] +BPF = λ−1 ⟨ϕ| I(ϵD,ϵT )
D (Ã) |ψ⟩ , (37)

where BPF is the bias term that arises due to the fact that we replaced the exponential e−iÃτ with a
PF approximation. We present the following upper bound on the bias term:

Theorem 9. The norm of the bias term BPF appearing in Eq. (37) can be upper bounded as follows:

|BPF| ≤ λ−1NyNz
ft3max

r2
, (38)

where Ny and Nz are given by Lemma 7, and tmax is given by Eq. (17).

Proof. The proof is given in Appendix C.5.

The following theorem now provides a way to choose the number of samples and controlled Pauli
rotations required per sample when utilizing the PF subroutine:

Theorem 10. Let ZNS
be the random variable obtained by taking the average of NS many samples

of the biased estimator Ẑτ (defined in Eq. (36)) such that the norm of the bias defined in Eq. (37)
is bounded by BPF < ϵ/2 for some choice of Trotter number r. If ϵD + ϵT ≤ ϵ/2, then ZNS

solves
Problem 1 if:

NS = 2 + ln

(
2

δ

)
16(NyNz)

2

λ2(ϵ/2− |BPF|))2
, NCP = 2rL, (39)

where NCP provides an upper bound on the number of controlled Pauli rotations required per sample
(see Section 2.2), Ny and Nz are given by Lemma 7, and tmax is given by Eq. (17).

Proof. The proof is given in Appendix C.6.

We observe that there exists a trade-off between NS and NCP. For instance, if we increase the value
of the Trotter number r, we observe that this would increase NCP. However, from Theorem 9, we see
that this will also decrease the upper bound on BPF and hence (in general) decrease the number of
samples NS. Similarly, the effect of decreasing r will be to increase NS. Thus, using a more accurate
PF decreases the overall sample complexity while increasing the non-Clifford gate complexity and vice
versa. Using Theorem 9, we observe that the condition BPF < ϵ/2 implies the a lower bound on r,

r >

√
2NyNzft3max

λϵ
, (40)

which yields the following lower bound on NCP using Theorem 10,

NCP > 2L

√
2NyNzft3max

λϵ
. (41)

5.2 Complexity of the random Taylor expansion approach
In this section, we consider the sampling based approach presented in [28] to construct an estimator
for the exponential e−iÃτ . In particular, we use a Taylor series expansion to approximately represent
the exponential as a Linear Combination of Unitaries (LCU). We sample individual unitaries according
to the coefficients of the LCU. The controlled version of each such unitary can then be used in the
Hadamard test circuit step shown in Fig. 2 to estimate the overlap ⟨ϕ|Ã−1|ψ⟩. This approach was also
used in [29] for randomized quantum linear algebra algorithms.
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5.2.1 Sampling from the approximate Taylor expansion of the time evolution operator

Similar to the PF method (see Eq. (30)), we divide the Fourier time τ into r segments and write,

e−iÃτ =
(
e−iÃτ/r

)r
. (42)

As shown in Appendix B and [28], we can Taylor expand each exponential e−iÃτ/r and truncate the
resulting infinite series expansion to obtain an approximate expansion as follows,

e−iÃτ/r ≈
nmax∑
n=0
n even

1

n!

(
iτ

r

)n√
1 +

(
τ/r

n+ 1

)2
∑
ℓ∈[L]

cℓ
λ
Pℓ

n ∑
ℓ∈[L]

cℓ
λ
eiθnPℓ , (43)

where nmax ∈ N ∪ {0} denotes the truncation parameter and θn in Eq. (43) is given by

θn = cos−1

(1 + ( τ/r

n+ 1

)2
)−1/2

 . (44)

We can rewrite Eq. (43) as a (finite) LCU,

e−iÃτ/r ≈
∑
m∈M′

d′mτU
′
mτ , (45)

where M′ represents the appropriately defined index set, each coefficient d′mτ ∈ R+ by absorbing
their phase into their respective unitary U ′

mτ ∼ Pℓ1Pℓ2 . . . Pℓne
iθnPℓn+1 , where ℓ1, ℓ2, . . . , ℓn, ℓn+1 ∈

[L] and n ∈ [nmax]. We note that each unitary U ′
mτ requires a sequence of at most nmax Clifford

operations and one multi-qubit Pauli rotation. The latter can be efficiently synthesized into a sequence
of Clifford operations (CNOTs) and one single-qubit Pauli rotation using the standard CNOT ladder
construction [38]. It follows that the non-Clifford cost of a controlled-U ′

mτ is equivalent to that of
controlling one single-qubit Pauli rotation.

The LCU approximation for eiÃτ can then be obtained by raising Eq. (45) to the rth power as
follows,

e−iÃτ ≈

 ∑
m∈M′

d′mτU
′
mτ

r

:=
∑
m∈M

dmτUmτ , (46)

for the appropriately defined index set M ∼=
(
M′)r. Thus, a controlled-Umτ has a non-Clifford cost

equivalent to controlling r single-qubit Pauli rotations.
We now consider the problem of sampling individual unitaries of the form Umτ from the LCU

shown in Eq. (46). We begin by rewriting Eq. (45) as follows:

e−iÃτ/r ≈ α
∑
m∈M′

d′mτ
α

U ′
mτ := α

∑
m∈M′

p′mτU
′
mτ , (47)

with α =
∑
m∈M′ d′mτ the one-norm of the vector of LCU coefficients such that p′mτ can be interpreted

as the probability to sample the unitary U ′
mτ . To sample a unitary of the form Umτ from Eq. (46),

such that E[Umτ ] = e−iÃτ , we can sample r unitaries of the form U ′
mτ according to the probabilities

p′mτ in Equation (47) and form their product. The overall sampling normalization constant, denoted
by NRTE, for this procedure is,

NRTE = αr ≤ eτ
2/r, (48)

where we note that the upper bound follows from Appendix C of [28]. We refer to Algorithm 2 in
[28] which presents a classical approach to sample and return a description of r-many unitaries of the
form U ′

mτ according to the probabilities p′mτ without having to construct the full set of probabilities
{p′mτ}m∈M.
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5.2.2 Sampling error for the random Taylor expansion approach

Up to this point, all computations are performed classically. Similar to the method outlined in Sec-
tion 5.1.2, we can now construct an estimator for ⟨ϕ|Umτ |ψ⟩ using the Hadamard test circuit for
U†
ϕUmτUψ. Let Xbτ , Ybτ be the random variables associated (respectively) with the 2 outcomes of

the Hadamard test. We note that these are unbiased estimators for the real and imaginary parts of
⟨ϕ|Umτ |ψ⟩:

E[Xbτ ] = ℜ ⟨0|U†
ψUmτUϕ |0⟩ , E[Ybτ ′ ] = ℑ ⟨0|U†

ψUmτUϕ |0⟩ . (49)

Similar to Eq. (36), we define a random variable Zbτ as follows:

Zbτ ≡ ωτNRTENyNzλ
−1 (Xbτ + iYbτ ) (50)

and observe that it is a biased estimator for the desired quantity λ−1 ⟨ϕ| I(ϵD,ϵT )
D (Ã) |ψ⟩:

E[Zbτ ] +BRTE = λ−1 ⟨ϕ| I(ϵD,ϵT )
D (Ã) |ψ⟩ , (51)

where BRTE represents the bias term that arises from the fact that Eq. (43) is an approximation to
the true Taylor series expansion of the time evolution operator obtained by performing a truncation.
If we assume r ≥ τ , we can present the following upper bound on this bias term.

Theorem 11. Let tmin be defined as follows:

tmin := min
(j,k)∈[J]×[K]

(
tjk
)
. (52)

Then, for all choices of r satisfying r ≥ tmax, the following upper bound holds:

|BRTE| ≤
rNyNze

(t2max+|tmax|−|tmin|)/r

2

(
etmax

rnmax

)nmax

, (53)

where Ny and Nz are given by Lemma 7, and tmax is given by Eq. (17).

Proof. The proof is given in Appendix C.7.

We observe that for fixed τ, r,Ny, Nz, and λ the upper bound on BRTE falls off super exponentially
as a function of nmax and can thus be made negligible for appropriately chosen values of nmax. We
now present efficiently computable choices for the sample and non-Clifford gate complexities required
by the RTE approach given some error budget:

Theorem 12. Let ZNS
be the random variable obtained by taking the average of NS many samples

of the biased estimator Zbτ defined in Eq. (50) such that the norm of the bias defined in Eq. (51) is
bounded by BRTE < ϵ/2. If ϵD + ϵT ≤ ϵ/2, then ZNS solves Problem 1 if:

NS = 1 + ln

(
2

δ

)
16(et

2
max/rNyNz)

2

λ2(ϵ/2− |BRTE|)2
, NCP = r, (54)

where NCP provides an upper bound on the number of controlled Pauli rotations required per sample
(see Section 2.2), Ny and Nz are given by Lemma 7, and tmax is given by Eq. (17) .

Proof. The proof is given in Appendix C.8.
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If we choose r ≥ tmax, then the condition BRTE < ϵ/2 can be satisfied by setting the upper bound
from Eq. (53) to be less than ϵ/2:

rNyNze
(t2max+|tmax|−|tmin|)/r

2

(
etmax

rnmax

)nmax

<
ϵ

2
, (55)

from which an appropriate value of nmax can be determined. An important feature of the result shown
in Theorem 12 is that the sufficient choice for NS scales exponentially with the ratio t2max/r. For
instance, choosing r = tmax implies the need for exponentially many samples with respect to tmax

while keeping the gate depth per sample constant. If we instead choose r = O(t2max), then by using
Theorem 11 to choose sufficiently large nmax, we can essentially strip NS of its dependence on t2max

at the cost of NCP picking up quadratic dependence on t2max. Thus, there exists a tradeoff between
the sample complexity and the gate complexity per sample6. We note that if one decides to move the
dependence on tmax over to the gate complexity r, it might be more efficient to adaptively choose the
value of r based on each sample Fourier time instead of setting it to be a constant function of tmax.
We also point out that if one decides to keep r = O(1) for instance (independent of tmax), the task of
generating NS-many samples may both become computationally intractable for many problems due to
the exponential dependence on t2max, see Section 6.

6 Numerical results

6.1 Error on the Fourier series approximation to the inverse function
In this section, we compare the theoretical bounds on the Fourier series approximation presented in
Theorems 4 and 5 with empirical results for randomly generated 4 × 4 matrices with given condition
number κ. We construct these random matrices by first generating diagonal matrices of the form
D = diag

(
±1/κ, . . . ,±1

)
, where the elements on the diagonal not explicitly shown are chosen randomly

from the uniform distribution on [−1,−1/κ]∪ [1/κ, 1] such that spec(D) ∈ Dκ. For each instance of D,
we generate a 4 × 4 unitary matrix U randomly sampled from the group U(4) according to the Haar
measure. The matrix A ≡ UDU† is then a randomly generated 4× 4 matrix with condition number κ.
We generate 100 such random matrices for each pair of condition number and error threshold values,

(κ, ϵF ) ∈ {10, 102, 103} × {10−2, 10−3, 10−4, 10−5}.

For each of the random matrices, we compute the Pauli weight λ and found that λ ∈ [1.5, 2.1] and thus
the values of κ̃∗ = λκ lie within the range [15, 2.1× 103]. We set ϵT = ϵD = ϵF /2 and use Algorithm 1
to construct the Fourier series approximation to the inverse of each random matrix,

A−1 ≈ F (A) = λ−1I
(ϵF /2,ϵF /2)
D (Ã), (56)

such that the approximation error ϵF satisfies,

λ · ∥A−1 − λ−1I
(ϵF /2,ϵF /2)
D (Ã)∥ ≤ ϵF . (57)

For each trial matrix, we reconstruct the Fourier series approximation to the inverse and compute
the error in the spectral norm with respect to each of the exact inverses scaled by the Pauli weight, i.e.
the quantity shown on the LHS of Eq. (57). Our numerical results show that inequality (57) is satisfied
for every trial matrix. In Table 1 we show our results in terms of the maximum errors observed across
each of the 100 trials, denoted by ϵmax(κ, ϵF ), for each pair (κ, ϵF ). We observe that ϵmax lies around
20% of the bound ϵF in all cases. Furthermore, we observe that the number of terms in the Fourier

6As noted in Appendix D of [28] one can in principle solve a one-dimensional problem to compute the elements
{rj,k}(j,k)∈[J]×[K], where we have assigned a unique value of r for each Fourier time, that minimize either the total
complexity NSNCP or NS (resp. NCP) given an upper bound on NCP (resp. NS).
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expansion JK increases with increasing condition number κ and decreasing approximation error ϵF .
We note that we used the C++ implementation available in FASTGL [40] to efficiently compute the
Gauss-Legendre quadrature up to degrees of O(106) required for the discretization I

(ϵD,ϵT )
D according

to Definition 3.

κ ϵF J K ϵmax(κ, ϵF )

10
10−2

154 62 1.81 ×10−3

102 1709 708 2.08 ×10−3

103 20388 8478 2.03 ×10−3

10
10−3

194 78 2.10 ×10−4

102 2065 856 2.023 ×10−4

103 23915 9945 2.03 ×10−4

10
10−4

232 94 2.03 ×10−5

102 2421 1004 1.76 ×10−5

103 27442 11413 1.81 ×10−5

10
10−5

271 110 1.76 ×10−6

102 2777 1152 1.81 ×10−6

103 30969 12880 2.02 ×10−6

Table 1: Numerical verification of the bounds on the Fourier series approximation to the matrix
inverse derived in Theorems 4 and 5 for randomly generated 4 × 4 matrices with condition numbers
κ ∈ {10, 102, 103} and approximation errors ϵF ∈ {10−2, 10−3, 10−4, 10−5}. The table reports the
Fourier parameters (J,K) obtained from the theoretical bounds and the maximum numerical error
over 100 trials.

6.2 End-to-end numerical simulations of the randomized quantum linear
systems solver

In this section, our aim is to perform an end-to-end numerical simulation of the randomized quan-
tum linear systems solver as described in Problem 1. In particular, we use the method described
in Section 6.1 to generate a 4 × 4 matrix A with κ = 100, λ = 2.09, and thus κ̃∗ = 209. We set
ϵD = ϵT = ϵF /2 = 10−3 and thus ϵF = 2 × 10−3. We then use Algorithm 1 to construct the Fourier
series approximation I

(10−3,10−3)
D . We note that Eq. (17) implies that tmax for this Fourier series

approximation is given by,

tmax = 2 · 209 ln
(
3 · 209
10−3

)
≈ 5580. (58)

Instead of an exact numerical reconstruction of the Fourier series approximation as in Section 6.1,
we simulate the randomized quantum algorithm described in Fig. 2. We set Uψ = Uϕ = I so that
the randomized algorithm estimates ⟨0|A−1 |0⟩. For the real-time evolutions sampled from the Fourier
series approximation, we tested both the product formula and the random Taylor expansion approaches.
To simulate the statistical noise coming from a single shot of the Hadamard test, we add noise sampled
from a Gaussian of width 1 to the numerical results [41].

A product formula implementation. We start by using the product formula subroutine outlined
in Section 5.1. We perform classical simulations of Algorithm 2 to obtain a PF approximation to each
sampled Fourier exponential of the form e−iAτ for 3 different choices of Trotter number r: a fixed
value at r = 500, and two adaptive choices ⌈0.05τ2⌉, and ⌈0.1τ2⌉. We note that Eq. (58) implies
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that for the latter two choices, we have r ≲ 1.6 × 106 and 3.2 × 106 respectively. To compute each
PF approximation, we compute matrices of the form e−iAτ/r and exponentiate each to the power r.
We generate Ns = 108 random samples from the simulated Hadamard test, compute the average, and
take the real part to obtain the final approximation to ⟨0|A−1 |0⟩. Fig. 3 shows the convergence of
the root mean squared error (RMSE) averaged over 20 trials as a function of the number of simulated
shots. We note that by choosing a constant value for the Trotter number r = 500 instead of choosing
it adaptively based on the sampled Fourier time τ , we reach an error plateau determined by the region
where the error in the product formula dominates the sampling error. In other words, the condition
BPF < ϵ/2 from Theorem 10 is no longer satisfied, and therefore taking additional samples has little
to no effect on the overall approximation error. We observe this effect in the orange curve in Fig. 3
around NS ≈ 106.
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Figure 3: Convergence in the root mean squared error (RMSE) as a function of the total number of
simulated shots, where the exponential e−iAτ corresponding to each Fourier sample is approximated
by a 2nd order product formula. Results are shown for three different choices of Trotter number r and
for exact numerical evaluation of the real-time evolutions. To each such approximation, we add noise
sampled from a Gaussian centered at 0 with width 1 to simulate the noise coming from a single shot of
the Hadamard test circuit. We note that not choosing the Trotter number r to depend on the Fourier
time τ leads to a plateau in the RMSE as a result of the bias dominating over the sampling error.

A random Taylor expansion implementation. The situation with RTE is different. We see from
Theorem 11 that for each sampled Fourier time, we can in theory choose a constant value for the time
step r as long as r ≥ tmax and nmax is large enough to ensure that Eq. (55) is satisfied. If for instance
we choose r = tmax, we can technically use Theorem 11 to find a good choice for nmax. The prefactor
in Eq. (55) is approximately ∝ et

2
max/r = etmax(which corresponds to the upper bound on NRTE from

Eq. (48)) and, even for our small-scale example, this value is astronomical, roughly e5580. For this
reason we were unable to compute and use the necessary value of nmax from the bound. Instead, we
choose nmax = 150 which is the largest value before underflow occurs in the computation of 1/nmax!
in the coefficients of the RTE. Furthermore, for the parameter choice r = tmax, Theorem 12 implies
that NS also has an exponential dependence on tmax to converge to the desired error with the same
prefactor of roughly e5580. For these reasons, we were unable to simulate the RTE subroutine with
r = tmax as part of the end-to-end randomized algorithm to compute ⟨0|A−1|0⟩ for our trial matrix.

Instead, we consider the simpler task of estimating the quantity ℜ ⟨0| e−iAτ |0⟩ for modest values of
τ such that the relevant prefactors are smaller and a classical simulation is possible. In particular we
assume a maximal simulation time tmax = 100 and keep r = tmax. We consider values of τ between 1
and 80 and denote URTE(τ) as a unitary sampled by the RTE method such that E[⟨0|URTE(τ) |0⟩] ≈
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ℜ ⟨0| eiAτ |0⟩. In Fig. 4 we plot the convergence of the RMSE of this estimator, averaged over 20 trials,
as a function of the number of RTE samples collected. To isolate the convergence properties of the
RTE method, we do not simulate noise coming from the Hadamard test and compute each overlap
ℜ ⟨0|URTE(τ) |0⟩ exactly. We observe that gradual increases in τ and the ratio τ2/r lead to very large
increases in the RMSE. Thus, we see that even for modest choices for τ the RTE method is unable to
accurately approximate even a single exponential in this parameter regime.
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the simulation breaks down
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Figure 4: Convergence in the root mean squared error (RMSE) as a function of the total number of
RTE samples for the task of approximating ℜ ⟨0| e−iAτ |0⟩. The RTE procedure uses r = tmax = 100
and simulation time τ is varied from 1 to 80 and hence the ratio τ2/r varies from 0.01 to 64. We
observe that as the ratio τ2/r increases past 1, the prefactor of the RTE method is severely impacted
as illustrated by the large RMSE for the red and purple curves.

As discussed in Section 5.2, we can attempt to mitigate the impact of this exponential prefactor
by alernatively choosing larger r ∼ t2s as a different parameter regime. However, this implies an
upper bound r ≲ t2max ≈ 31.14 × 106 and hence for each sampled Fourier time, Algorithm 2 from
[28] has to sample the descriptions of and compute the product of up to 31 million unitaries U ′

mτ

(see Section 5.2). This would require multiplying up to 31 million (possibly unique) unitary matrices,
rather than computing the rth power of a single matrix as was done for the PF simulations. This long
matrix multiplication leads to impractically long computations.

For all reasons listed above, we were unable to perform a classical simulation using the RTE method
to sample an approximation to ⟨0|A−1 |0⟩ for our choice of A in a reasonable amount of time and
resources in either parameter regime. Thus, an important consideration when using the RTE method
is the trade-off between exponentially slow convergence, resource intensive sampling procedures, and
deep quantum circuits.

7 Discussion
In this work, we analytically compute the resources required for a randomized hybrid quantum al-
gorithm to estimate scalar properties of functions of Hermitian matrices, i.e., quantities of the form
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⟨ϕ|f(A)|ψ⟩. We focus on the particular case of the inverse function and use a Fourier series approx-
imation to evaluate the inverse of non-singular matrices A. Our results in Section 3 provide explicit
bounds on the truncation and discretization parameters of the integral representation of the inverse
function that determines the Fourier series approximation. Section 5 studies two subroutines, PFs and
the RTE method, to implement the time evolutions e−iAt sampled from this Fourier series and presents
upper bound estimates for the sample complexity NS and the number of controlled single-qubit Pauli
rotations required per sample NCP. Since our analysis is exact and does not consider asymptotic scal-
ing (as in previous work [29]), one can use our results to explicitly compute all algorithmic parameters
such that the result provably satisfies a desired error threshold as long as a problem description is
given, i.e., the Pauli decomposition of a Hermitian matrix A, upper bound κ∗ on the condition number
of A, and the Pauli weight λ of A. Thus, our work in principle enables a full end-to-end implementation
of the randomized routine shown in Fig. 2.

However, by providing such explicit algorithmic resource requirements, our work also questions the
utility of randomized algorithmic schemes such as those presented in [28, 29] for the specific example
of the linear systems problem. As we showed in Sections 5 and 6.2, even modest-sized problems with
moderate condition number require enormous classical and quantum resources to satisfy a reasonable
error threshold. For both the PF and RTE approaches, this complexity is caused in part by the large
variance of the probability distribution of the Fourier coefficients from which samples are drawn. For
the RTE approach, there is an additional very large contribution to the variance as a result of the
secondary sampling step from the approximate Taylor expansion of the time evolution operator. As
we showed in Section 5.2, we can mitigate the latter contribution at the expense of choosing the gate
depth to scale polynomially with the Fourier time. This also increases the number of unitaries one
needs to sample classically (Algorithm 2 from [28]) to generate an estimator for each Fourier time. As
shown in Section 6.2, when we combine these sources for the total variance, RTE requires immense
resources. In particular, we need to sample on the order of tens of millions of gates for each individual
Fourier time, such that even for a small-scale problem with condition number κ = 100 the numerical
simulation of the algorithm becomes impractical. As presented in Section 6.2, this meant that we
could only perform an end-to-end numerical simulation of the PF approach and we could not detect
the onset of convergence of the RTE approach in a reasonable number of samples.

The current work provides one possible construction of a Fourier series approximation for the
inverse function using a combination of a Gauss-Legendre and trapezoidal rule discretization of the
inverse function [33]. In order to improve the practicality of randomized schemes, one may be able to
construct an approximation scheme with a more optimal dependence on the condition number κ. As
noted in [29], one can in principle apply classical preconditioners to A, thus reducing the condition
number κ and accelerating convergence. We also note that future work may be able to construct lower
variance versions of the RTE subroutine enabling it as an viable estimator. Another interesting future
direction would be to consider matrices with well-defined structure and develop a more refined sampling
procedure that respects this structure to efficiently bias and improve the polynomial dependence on
both κ∗ and 1/ϵ.

Our work thus serves as a bridge between theoretical developments (provably accurate asymp-
totic resource estimates) and efficient implementations (provably accurate non-asymptotic resource
estimates with efficient choices of algorithmic parameters). However, our work does not quite fit into
the latter category given the demanding sample complexities we compute in Section 5. We further
note that our analysis of the resource requirements for the linear systems problem opens the door for
fair comparisons to block-encoding-based methods that promise more optimal dependence on both κ
and the approximation error ϵ at the expense of a potentially larger overhead from constructing the
block encoding itself. However, as mentioned in Section 1, highly-efficient block encodings can be
constructed for classes of structured matrices. Given access to such block encodings, one could con-
sider the Chebyshev approximation to the inverse function rather than a Fourier series approximation.
Chebyshev series are known to converge exponentially fast when the function of interest is entire [42],
which is the case for the inverse function on the domain Dκ∗ . This in turn implies that the query
complexity (with respect to the block encoding) scales logarithmically with the inverse of the desired
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approximation error. We leave it to future work to identify classes of matrices for which the superior
asymptotic complexity of such block encoding methods provides practical advantages over Fourier se-
ries based randomized approaches such as those we consider in this work. Given the resource intensive
nature of such randomized quantum algorithms for the QLS problem, it remains unclear which method
is actually more practical and useful in the near term.
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A Choosing the number of shots per Hadamard test
Suppose we wish to estimate the following quantity:

⟨0|U†
ψF (A)Uϕ |0⟩ =

∑
s∈[S]

αs⟨0|U†
ψe

−iAtsUϕ|0⟩. (59)

We use the Monte Carlo estimator
Ẑ =

1

n

∑
i∈[n]

αsi
psi

f̂si , (60)

where each si is chosen independently at random with probability ps = |αs|/
∑
s∈[S] |αs|, and f̂si is

an unbiased estimator of fsi = ⟨0|U†
ψe

−iAtsUϕ|0⟩, obtained by averaging 2S independent Hadamard
test shots, where the factor of 2 comes from the fact that we perform S shots each for the real and
imaginary part of each overlap ⟨0|U†

ψe
−iAtsUϕ|0⟩.

The variance of Ẑ is

Var[Ẑ] =
1

n
Var

(
αs
ps
f̂s

)
(61)

=
1

n

Es

[
|αs|
C
· α

2
s

p2s
·Var(f̂s)

]
+Vars

(
αs
ps
fs

) , (62)

where C =
∑
s∈[S] |αs| and Var(f̂s) = σ2

s/S, with σ2
s the variance of a single Hadamard shot for ts.

Since ps = |αs|/C, we have
α2
s

ps
= C|αs|.

Thus,

Var[Ẑ] =
1

n

C S∑
s=1

|αs|
σ2
s

S
+ C

S∑
s=1

|αs|f2s − F (A)2
 . (63)

Suppose we have a fixed total budget T = nS of Hadamard test shots. Solving for n gives n = T/S,
so we can write the variance as a function of T :

Var[Ẑ] =
S

T

C S∑
s=1

|αs|f2s − F (A)2
+

C

T

S∑
s=1

|αs|σ2
s (64)

=
S

T
Vars (αsfs) +

C

T

S∑
s=1

|αs|σ2
s , (65)
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where we note that both terms decrease with T and the second term is independent of S. Since we
must have S ≥ 1, the variance is minimized by choosing S = 1 and n = T .

B Taylor expansion of the time evolution operator
In this section, we follow the approach of [28] to expand the time evolution operator as an infinite
LCU. Given the exponential e−iÃτ/r, we can Taylor expand as follows:

e−iÃτ/r =

∞∑
n=0

(iÃτ/r)n

n!
=

∞∑
n=0
n even

(iÃτ/r)n

n!

(
I +

iÃτ/r

n+ 1

)
, (66)

where I is the identity operator. We then use the Pauli decomposition shown in Eq. (1) to write

e−iÃτ/r =

∞∑
n=0
n even

1

n!

(
iτ

r

)n∑
ℓ∈[L]

cℓ
λ
Pℓ

nI + iτ/r

n+ 1

∑
ℓ∈[L]

cℓ
λ
Pℓ

 (67)

=

∞∑
n=0
n even

1

n!

(
iτ

r

)n∑
ℓ∈L

cℓ
λ
Pℓ

n∑
ℓ∈L

cℓ
λ

(
I +

iτ/r

n+ 1
Pℓ

)
, (68)

where we have used the fact that Ã has unit Pauli weight. We now define the angle θn such that

cos(θn) =
1√

1 +
(
τ/r
n+1

)2 , sin(θn) =

τ/r
n+1√

1 +
(
τ/r
n+1

)2 , (69)

and use this to rewrite Eq. (68) as follows:

e−iÃτ/r =

∞∑
n=0
n even

1

n!

(
iτ

r

)n√
1 +

(
τ/r

n+ 1

)2
∑
ℓ∈[L]

cℓ
λ
Pℓ

n ∑
ℓ∈[L]

cℓ
λ

(
cos(θn)I + i sin(θn)Pℓ

)
(70)

=

∞∑
n=0
n even

1

n!

(
iτ

r

)n√
1 +

(
τ/r

n+ 1

)2
∑
ℓ∈[L]

cℓ
λ
Pℓ

n ∑
ℓ∈[L]

cℓ
λ
eiθnPℓ , (71)

C Proofs of Theorems

C.1 Proof of Theorem 4
Proof. We use a result found in the proof of Lemma 12 in [36] where the authors show that∣∣∣∣∣ i√

2π

∫ ymax

0

dy

∫ zmax

−zmax

dz
(
ze−z

2/2e−ixyz
)
− 1

x

∣∣∣∣∣ ≤ e−(xymax)
2/2

|x|
+

2e−z
2/2

|x|
. (72)

We bound each of the terms on the RHS separately by ϵ1 and ϵ2 respectively, such that these satisfy
ϵ1 + ϵ2 ≥ ϵT . Since we have that |x| ≥ 1/κ.

1. Bounding the first term, we see that:

e−(xymax)
2/2

|x|
≤ κe−y

2
max/2κ

2

≤ ϵ1 (73)
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and thus

ymax ≥ κ

√
2 ln

(
κ

ϵ1

)
(74)

2. Bounding the second term, we see that:

2e−z
2/2

|x|
≤ 2κe−z

2
max/2 ≤ ϵ2 (75)

and thus

zmax ≥

√
2 ln

(
2κ

ϵ2

)
(76)

Since any allowed ϵ1, ϵ2 will work, we set ϵ1 = ϵT /3 and ϵ2 = 2ϵT /3 to arrive at the desired result.

C.2 Proof of Theorem 5
Proof. We begin the proof by first discussing the relevant error bounds we use to characterize the total
discretization error ϵD. For the z-integral appearing in Eq. (19), we use the trapezoidal rule. The error
of the trapezoidal rule with step ∆z over the integration range [−∞,∞] for an integrand g(·), which
we denote by the functional e(∆z)trap [g], can be upper bounded provided that g is analytic within and on
the horizontal strip of width 2ρ in the complex plane, i.e., Hρ = {z : |ℑz| ≤ ρ}. The bound is given
by [37],

e
(∆z)
trap [g|Hρ] ≤

2 sups∈[−ρ,ρ]

(∫∞
−∞ dx|g(x+ is)|

)
e2πρ/∆z − 1

. (77)

In our case, the z-integrand, ze−z
2/2e−ixyz, is holomorphic on the entire complex plane and hence

Eq. (77) applies for all ρ > 0.
We can discretize the y-integral appearing in Eq. (19) using the Gauss-Legendre scheme. We denote

the error accrued over the integration range [−1, 1] by the Gauss-Legendre discretization scheme with
J quadrature nodes for a function h(·) by the functional e(J)GL[h]. We use the bound presented in [33]
to upper bound this error as follows:

e
(J)
GL[h|Eσ] ≤

8σ2 supt∈Eσ
|h(t)|

σ2J(σ2 − 1)
, (78)

provided that h is analytic within and on the Bernstein σ-ellipse in the complex plane Eσ = {σeiθ/2+
e−iθ/2σ : θ ∈ [−π, π]}. We note that the integrand for the y-integral, e−ixyz, appearing in Eq. (19) is
holomorphic on the entire complex plane and hence Eq. (78) applies for all σ > 1.

Thus, the total discretization error, as a result of using the trapezoidal and Gauss-Legendre rules
for the z, y integrals in Eq. (19) respectively, can be upper bounded using the triangle inequality as:∣∣∣∣f (ϵD,ϵT )

J,K,ymax,zmax
(x)− 1

x

∣∣∣∣ ≤ ϵD ≤ 1√
2π

∫ ymax

0

dy

(
max

0≤n≤N−1
e
(∆z)
trap

[
gn(y, z)|Hρ

])
+

ymax∆z

2
√
2π

K−1∑
k=0

zke
−z2k/2

(
max

0≤n≤N−1
e
(J)
GL

[
hnk(y)|Eσ

])
,

(79)

where N denotes the dimension of the matrix under consideration (which we will denote by A),
gn(y, z) = ze−z

2/2e−ixnyz with xn ∈ spec(A), hnk(y) = e−ixnzkymax(1+y)/2. We note that the maximum
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error from each source occurs when | − xn| is maximum, i.e. when |xn| = 1. Thus, Eq. (79) becomes

ϵD ≤
1√
2π

∫ ymax

0

dy

(
e
(∆z)
trap

[
ze−z

2/2eiyz|Sρ
])

+

ymax∆z

2
√
2π

K−1∑
k=0

zke
−z2k/2

(
e
(J)
GL

[
eizkymax(1+y)/2|Hσ

])
,

(80)

We now compute each term separately (which we call ϵ(D,trap) and ϵ(D,GL) respectively). We first
consider ϵ(D,trap) and compute e(∆z)trap which, using Eq. (77), is bounded by:

e
(∆z)
trap

[
ze−z

2/2eiyz|Sρ
]
≤

2 sups∈[−ρ,ρ]

(∫∞
−∞ dz

∣∣∣(z + is)e−(z+is)2/2ei(z+is)y
∣∣∣)

e2πρ/∆z − 1
. (81)

We compute an upper bound on the supremum as follows:

sup
s∈[−ρ,ρ]

(∫ ∞

−∞
dz
∣∣∣(z + is)e−(z+is)2/2ei(z+is)y

∣∣∣) ≤ sup
s∈[−ρ,ρ]

(∫ ∞

−∞
dz
∣∣∣(z + is)e−z

2/2es
2/2e−sy

∣∣∣) ≤
(82)

sup
s∈[−ρ,ρ]

es2/2e−sy (∫ ∞

−∞
dz
∣∣∣ze−z2/2∣∣∣+ |s|∫ ∞

−∞
dz
∣∣∣e−z2/2∣∣∣)

 = (83)

sup
s∈[−ρ,ρ]

(
es

2/2e−sy
(
2 + |s|

√
2π
))
≤ eρ

2/2eρy
(
2 + ρ

√
2π
)

(84)

Thus, we have that

e
(∆z)
trap

[
ze−z

2/2eiyz|Hρ
]
≤ 2eρ

2/2eρy(2 + ρ
√
2π)

eπρ(K−1)/zmax − 1
, (85)

where we have used that ∆z = 2zmax/(K − 1). We thus see that

ϵ(D,trap) ≤
1√
2π

2eρ
2/2(2 + ρ

√
2π)

eπρ(K−1)/zmax − 1

∫ ymax

0

dyeρy (86)

≤ 1

ρ
√
2π

2eρ
2/2eρymax(2 + ρ

√
2π)

eπρ(K−1)/zmax
, (87)

where we have assumed that ρ,K, and zmax are independent of y. Next, we consider the term ϵ(D,GL)

and compute e(J)GL which, using Eq. (78), is bounded by:

e
(J)
GL

[
eizkymax(1+y)/2|Eσ

]
≤

8σ2 supt∈Eσ

∣∣∣eizkymax(1+t)/2
∣∣∣

σ2J(σ2 − 1)
. (88)

We can compute an upper bound on the supremum as follows:

sup
θ∈[−π,π]

∣∣∣∣∣∣exp
 izkymax

2

(
1 +

σeiθ

2
+
e−iθ

2σ

)∣∣∣∣∣∣ ≤
∣∣∣∣∣∣exp

(
izkymax

2

(
1− σi

2
− i

2σ

))∣∣∣∣∣∣ (89)

≤ exp

(
zkymax

4

(
σ +

1

σ

))
. (90)
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Thus

e
(J)
GL

[
eizkymax(1+y)/2|Eσ

]
≤ 8σ2e

zkymax
4 (σ+ 1

σ )

σ2J(σ2 − 1)
. (91)

The expression for ϵ(D,GL) is now upper bounded as follows:

ϵ(D,GL) ≤
ymax∆z

2
√
2π

K−1∑
k=0

8zke
−z2k/2σ2e

zkymax
4 (σ+ 1

σ )

σ2J(σ2 − 1)
≤ 8ymax∆zKzmaxσ

2e
zmaxymax

4 (σ+ 1
σ )

2
√
2πσ2J(σ2 − 1)

(92)

Putting this all together, we have that

ϵD ≤
1

ρ
√
2π

2eρ
2/2eρymax(2 + ρ

√
2π)

eπρ(K−1)/zmax
+

(
K

K − 1

)
8ymaxz

2
maxσ

2e
zmaxymax

4 (σ+ 1
σ )

√
2πσ2J(σ2 − 1)

. (93)

for all valid choices of the quantities ρ, σ. To present efficiently computable lower bounds on the Fourier
parameters J,K, we can separately control the errors due to each of these terms as follows: Let ϵ′, ϵ′′
denote upper bounds on each of terms (respectively) appearing on the RHS of Eq. (93). We thus see
that

K ≥ 1 +
zmax

πρ

ln (2) +
ρ2

2
+ ρymax + ln

(
1

ϵ′

)
+ ln

(
1 +

2

ρ
√
2π

) (94)

J ≥ 1

2 ln (σ)

ln

(
K

K − 1

)
+ ln

(
8ymaxz

2
maxσ

2

ϵ′′ (σ2 − 1)
√
2π

)
+
zmaxymax

4

(
σ +

1

σ

) . (95)

We consider the balanced case of ϵ′ = ϵ′′ = ϵD/2, set (ρ, σ) = (zmax,
√
2), and use Eq. (17) to arrive at

the desired result.

C.3 Proof of Lemma 6
Let A be a Hermitian matrix with condition number κ. Let λ denote the Pauli weight of A. We
now consider the case when |max(spec(A))| ≥ 1. We note that this automatically implies that
|min(spec(A))| ≥ 1/κ since the ratio of the two quantities determines the condition number κ. Since
it is true that 1 ≤ ||A|| ≤ λ, we see that:

|max(spec(Ã))| ≤ 1, (96)

|min(spec(Ã))| ≥ 1

λκ
. (97)

Hence spec(Ã) ⊆ Dλκ = Dκ̃.

C.4 Proof of Lemma 7
From Eqs. (20) and (23), we have that:

Ny =
ymax

2
√
2π

∑
j∈[J]

∣∣∣∣∣ 2

(1− y2j )(P
′′
J (yj))

2

∣∣∣∣∣ ≡ ymax

2
√
2π

∑
j∈[J]

GLj , (98)

where GLj denotes the usual Gauss-Legendre quadrature weight. We note the these quadrature weights
are always positive. To evaluate this sum, consider a function f(x) : R → R that is a polynomial of
degree d such that d ≤ 2J − 1. Then it is true that∫ 1

−1

f(x)dx =
∑
j∈[J]

GLjf(xj), (99)
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where as stated in the main text, xj is the jth root of the degree J Legendre polynomial. In particular,
we let f(x) = 1, then we have that ∑

j∈[J]

GLj = 2, (100)

and hence

Ny =
ymax√
2π
. (101)

We may then use Theorem 4 to arrive at the upper bound for Ny.
For the upper bound on Nz, from Eq. (23) we have that

Nz =
2zmax

K − 1

∑
k∈[K]

∣∣∣zke−z2k/2∣∣∣ ≤ 2z2max

K − 1

∑
k∈[K]

e−z
2
k/2 (102)

≈ 2z2max

K − 1

∫ zmax

−zmax

e−z
2/2dz ≤ 4z2max

K − 1

∫ ∞

0

e−z
2/2dz (103)

=
2z2max

√
2π

K − 1
. (104)

We can then use Theorem 4 to arrive at the upper bound for Nz.

C.5 Proof of Theorem 9
From Eq. (37), we have that

|Bj′,k′ | =

∣∣∣∣∣ ⟨ϕ| I(ϵD,ϵT )
D (Ã) |ψ⟩

λ
− E[Zj′,k′ ]

∣∣∣∣∣ (105)

=

∥∥∥∥∥∥ i

λ
√
2π

∑
j∈[J]

∑
k∈[K]

(
w(j)
y w(k)

z zke
−z2k/2e−iÃyjzk

)
− i

λ
√
2π

∑
j∈[J]

∑
k∈[K]

(
w(j)
y w(k)

z zke
−z2k/2SrPF

(tj′k′)
)∥∥∥∥∥∥

(106)

≤

∣∣∣∣∣∣ i

λ
√
2π

∑
j∈[J]

∑
k∈[K]

(
w(j)
y w(k)

z zke
−z2k/2

)∣∣∣∣∣∣ max
(j,k)∈[J]×[K]

(∥∥∥e−iÃyjzk − SrPF(tj′k′)
∥∥∥) (107)

≤ NyNzϵPF

λ
, (108)

where in the final inequality we have used Eqs. (23) and (31).

C.6 Proof of Theorem 10
We use the triangle inequality to write:∣∣∣ZNS

− λ−1 ⟨ϕ| I(ϵD,ϵT )
D (Ã) |ψ⟩

∣∣∣ ≤ ∣∣∣∣ℜ (ZNS
)− λ−1ℜ

(
⟨ϕ| I(ϵD,ϵT )

D (Ã) |ψ⟩
)∣∣∣∣+ (109)∣∣∣∣ℑ (ZNS

)− λ−1ℑ
(
⟨ϕ| I(ϵD,ϵT )

D (Ã) |ψ⟩
)∣∣∣∣ . (110)

Thus, we can separately bounding each term on the RHS of this inequality by ϵS/2. In particular, by
individually approximating the real and imaginary parts of the desired overlap λ−1 ⟨ϕ| I(ϵD,ϵT )

D (Ã) |ψ⟩ to
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error ϵS/2 with probability at least 1−δ, we will have effectively constructed an ϵS-close approximation
to λ−1 ⟨ϕ| I(ϵD,ϵT )

D (Ã) |ψ⟩ also with probability at least 1− δ. We first consider the task of constructing
an approximation to the real part.

We note that

|Zjk| =
NyNz

√
2

λ
, (111)

and hence

−NyNz
√
2

λ
≤ ℜ

(
Njk

)
≤ NyNz

√
2

λ
. (112)

We also have that:

|ℜ (ZNS
)− λ−1ℜ

(
⟨ϕ| I(ϵD,ϵT )

D (Ã) |ψ⟩
)
|

≤ |ℜ (ZNS
)−ℜ

(
E
[
Zjk
])
|+ |ℜ

(
E
[
Zjk
])
| − λ−1ℜ

(
⟨ϕ| I(ϵD,ϵT )

D (Ã) |ψ⟩
)
|

≤ |ℜ (ZNS
)−ℜ

(
E
[
Zjk
])
|+ BPF

2
,

where we have split the contribution of the bias term presented in Eq. (37) equally between the real
and imaginary parts of the overlap. By Hoeffding’s inequality [43], we thus have that:

prob

(
|ℜ (ZNS

)−ℜ
(
E
[
Zjk
])
| ≥ ϵS −BPF

2

)
= δ ≤ 2 exp

(
−NS(ϵS −BPF)

2λ2

8N2
yN

2
z

)
(113)

=⇒ NS ≤
8N2

yN
2
z

(ϵS −BPF)2λ2
ln

(
2

δ

)
. (114)

Thus to succeed with probability 1− δ in approximating the real part of the desired overlap, we must
take NS to be at least

NS = 1 +
8N2

yN
2
z

(ϵS −BPF)2λ2
ln

(
2

δ

)
. (115)

At this juncture, we note that the analysis for the imaginary part is identical and thus, to approx-
imate both the real and imaginary parts of the desired overlap we must take NS to be at least:

NS = 2 +
16N2

yN
2
z

(ϵS −BPF)2λ2
ln

(
2

δ

)
. (116)

We then set ϵS = ϵ/2, and along with the assumption that ϵD+ ϵT ≤ ϵ/2 (balanced choice made in
Section 2.2), we arrive at the desired result for NS. To arrive at the result for NCP, we note that upon
constructing a PF approximation of a single exponential, the controlled version of the unitary can be
implemented by individually controlling each of the exponentials appearing in the decomposition. NCP

is then given by the total number of terms appearing in the PF decomposition and thus:

NCP = 2rPFL. (117)

C.7 Proof of Theorem 11
From Appendix B, we have that the exponential e−iÃτ/r can be expressed as an infinite LCU:

e−iÃτ/r =
∑

m∈M′
∞

d′mτU
′
mτ , (118)
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whereM′
∞ denotes the appropriately defined infinite dimensional index set and each coefficient d′mτ ∈

R+ by absorbing the phases into the unitaries U ′
mτ . Eq. (45) represents an approximation to this infinite

LCU by truncating the infinite dimensional index setM∞ and replacing it with the finite dimensional
set M′. Using the notation from Eq. (25), the quantity |BRTE| can thus be upper bounded as

|BRTE| ≤
∑
s∈[S]

|αs|

∣∣∣∣∣∣∣∣
∣∣∣∣∣∣∣
 ∑
m∈M′

∞

d′mtsU
′
mts

r

−

 ∑
m∈M′

d′mtsUmts

r
∣∣∣∣∣∣∣
∣∣∣∣∣∣∣∣ , (119)

where have assumed a choice for r independent of the Fourier index s7. From [28] we have that

∥∥∥∥
 ∑
m∈M′

∞

d′mtsU
′
mts

r

−

 ∑
m∈M′

d′mtsUmts

r ∥∥∥∥
≤
∑
i∈[r]

∥∥∥∥ ∑
m∈M′

∞

d′mtsU
′
mts

∥∥∥∥k∥∥∥∥ ∑
m∈M′

∞/M′

d′mtsU
′
mts

∥∥∥∥∥∥∥∥ ∑
m∈M′

d′mtsU
′
mts

∥∥∥∥r−k
(120)

≤ r
∥∥∥∥ ∑
m∈M′

∞

d′mtsU
′
mts

∥∥∥∥r∥∥∥∥ ∑
m∈M′

∞/M′

d′mtsU
′
mts

∥∥∥∥, (121)

and hence the LHS of Eq. (119) can be upper bounded as

|BRTE| ≤
∑
s∈[S]

|αs| r

 ∑
m∈M′

∞

d′mts

r ∑
m∈M′

∞/M′

d′mts . (122)

From Eq. (71) and the proof of Proposition 13 from [28], we have that

∑
m∈M′

∞/M′

d′mts ≤
∞∑

n=nmax+1

1

(2n)!

(
ts
r

)2n
√
1 +

(
ts

r(2n+ 1)

)2

(123)

≤ e|tmax|/r
∞∑

n=nmax+1

1

n!

(
|ts|
r

)n
e−|ts|/r (124)

We can then use the assumption that r ≥ |ts| ∀s ∈ [S] thus allowing us to use Corollary 6 from [44]
(restated in the proof of Proposition 4 from [28], specifically Equation A4) and write

e|tmax|/r
∞∑

n=nmax+1

1

n!

(
|ts|
r

)n
e−|ts|/r ≤ e(|tmax|−|tmin|)/r

2

(
etmax

rnmax

)nmax

. (125)

Thus we have that

|BRTE| ≤
e(|tmax|−|tmin|)/r

2

(
etmax

rnmax

)nmax ∑
s∈[S]

|αs| r

 ∑
m∈M′

∞

d′mts

r

(126)

≤ rNyNze
(t2max+|tmax|−|tmin|)/r

2

(
etmax

rnmax

)nmax

(127)

7We note that our proof can be generalized to the case where r has an explicit dependence on the index variable s
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C.8 Proof of Theorem 12
The proof for the result for NS is identical to that shown in Appendix C.6 for the PF subroutine with
the following simple changes (see Eq. (48)):

NyNz → NRTENyNz ≤ et
2
max/rNyNz, (128)

BPF → BRTE. (129)
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