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Var

[=]

ational Quantum Algorithms fa]

Measurement

Optimize parameters 0

(Linear) loss function

~ L(8) = Tr[y(6)0]

Classical Computer

Optimizer

arg min L(60)
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1
Va rUnif(*l:) ~ a5

ZTL
_I_
P(IL] > §) < Va(;(f)

y

Probability of non-zero gradients vanishes
exponentially with problem size.

y

Shot required for training grows exponentially
with problem size.
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Curse of Dimensionality

Barren plateaus in quantum neural network training
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Choice in circuit
* Too expressive
« Too entangling
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Average statement! [a]

[ What happens if we know the solution to ]
be close to a point??

= e o mm Em o o e EE EE o o e EE "VarUnif([’) ~ 2°n

0*
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|dentity initialization and similar

They get

Varypif(£) ~ o

Unif - 0 € [—nr, +71r]

Avoiding barren plateaus via Gaussian Mixture Model

Xiao Shi'? and Yun Shang':3*

Unstitute of Mathematics, Academy of Mathematics and Systems Science, Chinese Academy of Sciences, Beijing 100190, China
2School of Mathematical Sciences, University of Chinese Academy of Sciences, Beijing 100049, China
3NCMIS, MDIS, Academy of Mathematics and Systems Science, Chinese Academy of Sciences, Beijing, 100190,China
(Dated: February 22, 2024)

Hardware-efficient ansatz without barren plateaus in any depth

Chae-Yeun Park,! Minhyeok Kang,?3* and Joonsuk Huh! 234

! Xanadu, Toronto, ON, M5G 2C8, Canada
2 Department of Chemistry, Sungkyunkwan University, Suwon 16419, Korea
3SKKU Advanced Institute of Nanotechnology (SAINT), Sungkyunkwan University, Suwon 16419, Korea
4 Institute of Quantum Biophysics, Sungkyunkwan University, Suwon 16419, Korea
(Dated: March 11, 2024)

Trainability Enhancement of Parameterized Quantum Cir-
cuits via Reduced-Domain Parameter Initialization

Yabo Wang!?, Bo Qi%?, Chris Ferrie3, and Daoyi Dong*

!Key Laboratory of Systems and Control, Academy of Mathematics and Systems Science, Chinese Academy of Sciences, Beijing
100190, P. R. China

2University of Chinese Academy of Sciences, Beijing 100049, P. R. China

3Center for Quantum Software and Information, University of Technology Sydney, Ultimo NSW 2007, Australia

“School of Engineering and Information Technology, University of New South Wales, Canberra ACT 2600, Australia
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> Varpg) (L) ~

J

Poly(n)

Only look around zero.
The strategy does not take into
account the problem structure
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Noise-Resilient Quantum Dynamics Using Symmetry-Preserving Ansatzes

Matthew Otten,* Cristian L. Cortes, and Stephen K. Gray
Center for Nanoscale Materials, Argonne National Laboratory, Lemont, Illinois, 60439
(Dated: October 15, 2019)

An efficient quantum algorithm for the time evolution of
parameterized circuits

Stefano Barison, Filippo Vicentini, and Giuseppe Carleo

Institute of Physics, Ecole Polytechnique Fédérale de Lausanne (EPFL), CH-1015 Lausanne, Switzerland

Quantum dynamics simulations beyond the coherence time on noisy intermediate-scale
quantum hardware by variational Trotter compression
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Variational Quantum Simulation

L£(0) =1—Tr|U@)Y,UT(@)e " Hipyelt ]

Target state

M

U(0) = 1_[ e‘ié’jffjvj

Ricard Puig
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Variational Quantum Simulation

L£(0) =1—Tr|U@)Y,UT(@)e " Hipyelt ]

—_——
Target state
M
Uuo) = ‘ ‘e“ei f
j=1
Pauli string
Fixed
depth!!
e £
\ | Ricard Puig
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Variational Quantum Simulation

L£(0) =1—Tr|U@)Y,UT(@)e " Hipyelt ]

Non-parametrized Target state
M
— —10;
o -8
j=1

Pauli string
Fixed
depth!!
Y £

Ricard Puig
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Variational Quantum Simulation fa]

L£(0) =1—Tr|U@)Y,UT(@)e " Hipyelt ]

Non-parametrized Target state

M
U(H) — 1_[8—1'9]- r—\ e N\ 1 —\
j=1 _f—\

6,0,

Pauli string lp |
Fixed 0 Vi Ok +10k+1
depth!! .
e £ '
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[m] ¢3¢ [m]

lterative variational trotter compression O

L£(50) = Tr|U(0* + 60)yY(tHUT(8* + 50)e~ 0t Hyp(t")elot H]

l. Prepare a state
W (&) = UO")|Y)

IV. Update parameters II. Applya smaII_ evolution
ONew — 0° [P(t" + 6t)) = e OLH|(t"))

IIl.  Train with warm start
ONew = argming £(0)

Ricard Puig 18




[m] ¢3¢ [m]
L

So what are we trying to get to? [u]
L£(60) =1 —"Tr|U(0* + §0)Y(tHYU'(0* + 58)e Ot Hy(t") et H]

Barren Plateau: deep +
expressive

r € 0(1)

Var[£(8)|ynif € O(c™™)

L(09) - -

But how big is
this region with

We are automatically gradients?

warm-starting

I
I
)

* *
BNew



Region wit
L(650) =1—-Tr

L(0) - =

We are automatically

T
I
I
I
. I
warm-starting I
I

Also depends

r

on &t

N gradients
U0 + 80)Y(tHU'(0* + 50)e™

Theorem 1

/Region with gradients
r € (1)(1/\/1\_/1)
Var[L(08)]p € O Poly(

P(0):= [0, — nr, 0, + 1]

5teo( - )

Amax Amax: =largest

7~ N
[

\ eigenvalue of H/

Ricard Puig

[=]

[=]

(t’) ei6t H]
Barren Plateau : deep +
expressive

r € 0(1)
Var[L(0)]uynif € O(c™)

Comes from a loose
bound (and does not
go “too far away”’)

5t€0( 1 )
Amax

20



[m] ¢3¢ [m]
L

e-convex region around the starting point &
L£(60) =1 —Tr|U(0* + §0)Y(tHYUT(0* + 5@)e Ot Hy(t")eot H]

LO) ~——7»

®-
0" Bivew

Is this convex?

Ricard Puig 21



€-approximate convexity

€-approximate convexity |

£x) /

convexity




e-convex region around the starting point

L(0)

We are automatically
warm-starting

Theorem 2

f

|e|-convex region (Th. 2)
1
= rel) (W)

\. ot € 0 (Ml;ax)

J

[m] ¢3¢ [m]

[=]

Barren Plateau
r € 0(1)

(

0" Onew

Ricard Puig

.

Gradient region (Th. 1)

re@(\/iﬁ)
StEO(Al )
max y

23



Adiabatic minima

L(0)

«_—_»

0" Onew

or

Barren Plateau

0" Onew

Ricard Puig

r € 0(1)
(Gradient region (Th. 1) h
co(=)
R AW
steo(—
k (/‘Lmax) )
|e|-convex region (Th. 2) R
1
o ()
1
\' r € () (m) y

24



Adiabatic minima

L(0)

«_—_»

-

Theorem 3: to ensure the adiabatic
minima is in the region we need

1
Theorem 1: 6t € O (M/lmax)

= Theorem?2: 0t € 0( ! )

0" Onew

MS/ZAmaX
-

~

v

Ricard Puig

Barren Plateau

r € 0(1)
(Gradient region (Th. 1) R
1
reo (\/_ﬁ)
steo(—
(Amax) )
(Iel—convex region (Th. 2) R
= 5teO (M = )
1
\' r € () (E) y

25



What does this mean in practice?

L(0)

«_—_»

0" Onew

( )
Gradients (Th. 1): poly scaling in r
and ot to get poly variances

\_ Y,

é )
e-convexity (Th. 2): poly scaling in r
and Jt to get poly variances

\ J

To ensure we are inside the minima
(Th. 3)
= Theorem 1: poly scaling in dt

= Theorem?2: poly scaling in 6t

\§

-

However, might still
be too small in

practice as the
1

J

Ricard Puig

\-

variance is roughly 7

~N

/

26



Minima can jump O

—_
-
1

The good (or just better)
minimum, can have a finite
jump for an infinitely small 8t

Infidelity, £(0)
-
ot

=
-
]

—2 —1 0 1 2
Update Size, ||6]]

1-D cut. 10 qubit Ising Hamiltonian H = ) X;X;4+1 — 0.95)}Y;

We use a 2-layered Hamiltonian Variational Ansatz.

Ricard Puig 27



Fertile valleys?

10 qubit Ising Hamiltonian H =
2.XiXit1 — 0.952Y;

We use a 2-layered Hamiltonian
Variational Ansatz.

Plotted with ORQVIZ
M. S. Rudolph et al, arXiv:2111.04695 (2021).

Ricard Puig

Infidelity, £(8)
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Outlook on other iterative approaches

Reinterpret the results!

Imaginary time evolution e!0tH _, g0TH

2
Learning an unknown unitary (independent of the state) |Tr[U(0)Vf]|
C. Cirstoiu et. al., npj Quantum Information 6, 1 (2020)



Outlook on other iterative approaches

Reinterpret the results!

Imaginary time evolution 0t — 97

Learning an unknown unitary (independent of the state) |Tr[U(9)Vf]|
C. Cirstoiu et. al., npj Quantum Information 6, 1 (2020)

4 )
FIDELITY TYPE LOSS

1
<¢ (9) |¢Target> = E
\_ J




To sum up

r

Gradients: poly scaling in r

and ot to get poly variances
\.

J

r
e-convexity: poly scaling in r
and 4t to get poly variances
\_

~\

s

0 ensure we are inside the

minima

= Theorem 1: poly scaling
in Ot

= Theorem?2: poly scaling

K in Ot

Poly scaling: =~

1
Poly(M)

N

L(0)

We are
automatically
warm-starting

N—

Ricard Puig
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To sum up

4 A
Gradients: poly scaling in r

and 4t to get poly variances
. y
[ )
e-convexity: poly scaling in r
and 4t to get poly variances
. J
(To ensure we are inside the\
minima

= Theorem 1: poly scaling

in &t

L(0)

We are
automatically
warm-starting

N—

= Theorem?2: poly scaling

k in ot

Poly scaling: =~

Poly(M)

Ricard Puig

Infidelity, £(8)

1.0 1

=
ot
1

=
(@}
1

—— 0t =0.04
—=0t=0.21

ot =0.37

—2

—1 0
Update Size, ||€]|
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Further analysis

Beyond conventional average.

This is still an average case analysis (Jumps and valleys).

Most results here carry over to (iterative) variational approaches.

Generalize for arbitrary generators and correlated angles.

Surrogability?



