Yao.|l: Extensible, Efficient Framework
for Quantum Algorithm Design

http://yaoquantum.org/




Creators of Yao

Xiu-Zhe Luo, U Waterloo & P! Jin-Guo Liu, IOP CAS



What is the killer app of a

near-term quantum computer ¢

|

In about next 3 years
Small: O(10)-O(103) qubits
Shallow: O(102)-O(104) gates

NoIsy: no error correction
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Variational guantum eigensolver

quantum hardware

apparatus
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Peruzzo et al,

Quantum circuit as a variational ansatz Nat. Comm.
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[otal Energy (hartree)

VQE on actual guantum devices
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Optimize the gquantum circuit

Scan 1000 values of the single Stochastic gradient descend
variational parameter with numerical derivative
() 10 g e | oo
1000 samples
P ok for numerical
> : ..§  derivative along a
g - =% random direction
* Rotaion Angle 1 L I T et

Go g|€ PRX 16 EE===== Nature "17

These optimization schemes do not scale to higher dimensions



The engine of deep learning

broken & I
into pixels Layer1 L2 L3 L4 LS
Pixel Edges Combinations Features Combinations
values identified  of edges identified of features
detected identified identified

Compose differentiable components to form a program
e.g. a neural network, then optimize it with gradients



Optimization with noisy gradients

sgd
momentum |
nag \
adagrad Q
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Ruder, 1609.04/747

40 60 80 100 120

VQE encounters the “same type” of stochastic optimization in deep learning
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Differentiable Programming
Quantum Circuzts

Neural Nets <= Probabillistic Graphical Models <= Tensor Nets <= Quantum Circuits



Differentiable Programming

('4-"'\ A Andrej Karpathy

Tr a d I t I O n a ‘ 1> = %y Director of Al at Tesla. Previously Research Scientist at OpenAl and PhD student
at Stanford. I like to train deep neural nets on large datasets.
https://medium.com/@karpathy/software-2-0-a64152b37c35

INnput
Computer Qutput oA Soce
Program Jram sp
Software 1.0 :
\G*\\S
Machine Learning
|ﬂ pUt Software 2.0

Computer Program
Qutput

Writing software 2.0 by gradient search in the program space



Differentiable Programming

Benefits of Software 2.0 Andrej Karpathy

L s i Director of Al at Tesla. Previously Research Scientist at OpenAl and PhD student
at Stanford. I like to train deep neural nets on large datasets.

e Com o utational |y N Omaogeneous https://medium.com/@karpathy/software-2-0-a64152b37c35

e Simple to bake into silicon Program space

e Constant running time Software 1.0

e Constant memory usage

e Highly portable & agile Software 2.0

e Modules can meld into an optimal whole

e Better than humans

Writing software 2.0 by gradient search in the program space



Differentiable Quantum Programming

|

Quantum J [ Classical J

Processor Optimizer
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Variational quantum eigensovler (VQE)

It is a paradigm beyond quantum-classical hybrid

Quantum circuit Born machine (QCBM)

Quantum approximate optimization algorithm (QAOA)

Quantum pattern recognition

Quantum circuit classifier

TNS inspired circuit architecture
VQE with fewer qubits
Quantum generative model
Quantum adversarial training

Farhi, Neven, 1802.06002 Havlicek et al, 1804.11326
Huggins, Patel, Whaley, Stoudenmire, 1803.11537

Liu, Zhang, Wan, LW, 1902.02663

Gao, Zhang, Duan, 1711.02038
Dallaire-Demers, Lloyd, Benedetti 1804.08641,1804.09139, 1806.00463




D

fferentiable Quantum Programming

[ Procestor ] [ Optimier ] It is a paradigm beyond quantum-classical hybrid
-
Variational quantum eigensovler (VQE) Near term:

Quantum circuit Born machine (QCBM)

What can we do with noisy
circuits of limited depth 7

Quantum approximate optimization algorithm (QAQOA) Long term:

Quantum pattern recognition

Are we really good at
programing quantum computers 7

Quantum circuit classitier —arhi, Neven, 1802.06002 Havlicek et al, 1804.11326
TNS inspired circuit architecture  Huggins, Patel, Whaley, Stoudenmire, 1803.11537
VQE with fewer qubits _iu, Zhang, Wan, LW, 1902.02663

Quantum generative model Gao, Zhang, Duan, 1711.02038

Quantum adversarial training Dallaire-Demers, Lloyd, Benedetti 1804.08641,1804.09139, 1806.00463



Differentiable Quantum Programming

|

Quantum Classical
Processor Optimizer

_

Variational quantum eigensovler (VQE)

Quantum circuit Born machine (QCBM)

It is a paradigm beyond quantum-classical hybrid

Quantum code

a2

QP karpathy

Gradient descent can write code better than
you. |'m sorry.

<A Andrej Karpathy & l

Quantum approximate optimization algorithm (QAOA) 1:56 PM - 4 Aug 2017

Quantum pattern recognition

Quantum circuit classifier

TNS inspired circuit architecture
VQE with fewer qubits
Quantum generative model
Quantum adversarial training
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Farhi, Neven, 1802.06002 Havlicek et al, 1804.11326
Huggins, Patel, Whaley, Stoudenmire, 1803.11537

Liu, Zhang, Wan, LW, 1902.02663

Gao, Zhang, Duan, 1711.02038
Dallaire-Demers, Lloyd, Benedetti 1804.08641,1804.09139, 1806.00463




Differentiable Quantum Programming

[ Procestor } [ Optimier } It is a paradigm beyond quantum-classical hybrid
-

Quantum code

{5 Andrej Karpathy & m y
& @karpathy

Gradient descent can write code better than
you. |'m sorry.
Quantum approximate optimization algorithm (QAOA) 1:56 PM - 4 Aug 2017
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Variational quantum eigensovler (VQE)

Quantum circuit Born machine (QCBM)

Quantum pattern recognition

Quantum circuit
TNS inspired cir¢

aewnieer (- QUANtumM Software 2.0

Quantum genere
Quantum advers 1806.00463




Be prepared for Quantum Software 2.0

https://yaoquantum.org/

julia + 151 - @ -

Xiu-Zhe Luo (IOP, CAS — Waterloo & Pl)
Jin-Guo Liu (IOP, CAS — Harvard)

Features:

* Differentiable programming quantum circuits
* Batched quantum register with GPU acceleration
* Quantum block intermediate representation




uAlgorithmZoo

YaokExtensions

CUDA specializations )
’
Yaosym
YaoBlocks.AD YaoBlocks >CuYao StaC KS Of YaO
Ya°< https://github.com/QuantumBFES
YaoArrayRegister
YaoBase
\ /

BitBasis LuxurysSparse



Why Julia ?

e Julia is fast!

1600

® Julia
~ ®C/C++
%m » O ) Oz;::on
» Generic programming (type systemand ;= _ o ° i o 0
multiple dispatch) o
c O
S e o ¢

Log Performance

* The future of technical computing nttp://juug.org



https://julialang.org/benchmarks/
http://ljuug.org

Why Julia ?

e Julla Is tast!

* (Generic programming (type system and
multiple dispatch)

\

MATHEMATICS \

10O
GENERIC \
* The future of technical computing PROGRAMMING ‘



https://julialang.org/benchmarks/

e Julla Is tast!

Why Julia 7

* (Generic programming (type system and

multiple dispatch)

* Future of technical computing
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https://julialang.org/benchmarks/

Demo 1

https://github.com/wangleiphy/YaoTutorial
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Quantum Block Intermediate Representation

Quantum Algorithms QBIR Quantum Regqisters

julia> circuit = chain(2,
put(2=>Rx(06)),

(N 1(2, 1=>X)) C I
U e control(2, 1=> %
> SIE 5
— |:I)_ut on(((ZJ) o) | —
- t(XGate,
Rx(6) @ — con:::zol(Z) ) S . 0

L X gate




Demo 2

https://github.com/wangleiphy/YaoTutorial



Differentiable’ guantum circults

__Rotation _ * EOREEEE.
10) —%—Rx(ef) Rz(e§)§ () - R(63)—Rx(62—Rz(05)—(—(] Rz(63)—Rx(62) /7<—’
|O) —E-Rx(ef Rz(6{)% @ Rz(69)——Rx(85)—Rz(65) O Rz(69)—Rx(6%) /7<=‘
0) —%—Rx(ei’) Rz(Oi)é (} o () Rz(69)—Rx(02 }—Rz(83)—(H—8—(P—Rz(6)—Rx(6}) /7<—’
10) —E-Rx(e’f Rz(eg)é ® o Rz(6})—Rx(6%)—Rz(6)—@ ©—Rz(6})—{Rx(6%) /7<—’

T - ——————————————— - T —————————————————

Write your simulator as a machine learning model
Isn’t that obvious ?



Ditferentiable programming tools

HIPS/autograd theano
. 1
O Py TO rC h TensorFlow

o
N,

5
r v/ / 4 &‘
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Keras




Differentiable’ guantum circults

___Rotation  _Entangler
IO) —%—Rx(ef) Rz(Gf)é <> <> ' Rz(635)—Rx(6%)—Rz(65) <> <> Rz(62)—Rx(62) /7<_’
|O) _é-Rx(ef) Rz(G{)é O Rz(0¢)—Rx(65)—Rz(6})—@ Rz(69)—Rx(6%) /7<-=’
10) —'E—Rx(ei’) Rz(Gi)é <> O <> Rz(69)—Rx(02 }—Rz(83)—(H—8—(P—Rz(6)—Rx(6}) /7<—’
10) —Er-Rx(G’f) Rz(6’1)§ ® o Rz(6%)—Rx(65)—R2(6,)—® O—Rz(6)—Rx(6%) /7<—’

T ————————————————— - T ———————————————————

Even better: guantum computing is reversible!
Backpropagation with O(1) memory in classical simulation

Reversible training of neural nets Gomez et al, 1707.04585 Chen et al, 1806.07366



Automatic differentiation on
computation grapn
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Define "adjoint” X =

Pullback the adjoint through the graph



Automatic differentiation on
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Automatic differentiation on
computation grapn
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Pullback the adjoint through the graph



Automatic differentiation on
computation grapn

@ (@) wion
o @—O—O—@ =

data X = X— i F =
0xX X9 GX3
. - _ 0Z
Define "adjoint” X =
0x

Pullback the adjoint through the graph



Automatic differentiation on
computation grapn

‘comb” graph

Define "adjoint” X =

Pullback the adjoint through the graph



Automatic differentiation on
computation grapn

directed
acyclic graph

_ X,

X, —-
7 ox

j:child of i

Message passing for the adjoint at each node



Advantages of automatic differentiation

error = |[CED=I0) _ 3,2 f(X) = x3
* Accurate to the machine precision

1016 10712 108 104 100

e Same computational complexity as the function evaluation:
Baur-Strassen theorem '83

>>> plt.plot(x, tanh(x),

>>> from autograd import elementwise_grad as egrad # for functions that vectorize over inputs
>>> import matplotlib.pyplot as plt
>>> X = np.linspace(-7, 7, 200)

&; -

x, egrad(tanh)(x), # first derivative
f_{ X, egrad(egrad(tanh))(x), # second derivative
" " x, egrad(egrad(egrad(tanh)))(x), # third derivative
. S u O rtS h | h e r O rd e r rad | e n tS X, egrad(egrad(egrad(egrad(tanh))))(x), # fourth derivative
X, egrad(egrad(egrad(egrad(egrad(tanh)))))(x), # fifth derivative
ces x, egrad(egrad(egrad(egrad(egrad(egrad(tanh))))))(x)) # sixth derivative
>>> plt.show()



Applications of AD

Computing force Quantum optimal control Variational Hartree-Fock

3030+ r—T——F—— 11— — forward (evolution) <= = - - backward (gradient)
< 3.02F Uy Uo U Upy Ugo Uss C _S ' Hartree-Fock
P a1l Experiment [ 8]
O E Present work 5 |
C 3.00 & b Ce(5)
» 2.99 I : E
O 208F VRN :
Q 207! = 2|
i . 3 , < |
O I [ :
2.96 Uy »@ E E and VE
0 50 100 150 200 250 300 350 400 | " ——
DiffiQult
Iterations (D= (D— J (’ Q
Sorella and Capriotti Leung et al Tamayo-Mendoza et al

J. Chem. Phys. "10 PRA 17 ACS Cent. Sci. 18



More Applications...

Langevin dynamics

Sequence s T

P rotei N nitialize
Folding

Neural reparameterization

e

Dense
Conv
Conv
Conv
Conv

Structural : .

Structural optimization

Optimization | >
T = fo(B)

CNN parameterization

Forward pass

0< <1
V(z) =V

Design constraints

Physics
(displacement)

Structure X

c(x) =UTKU

Objective function
(compliance)

€ ——— e = - Gradients

Ingraham et al
ICLR 19

—oyer et al
1909.04240




Understandings of AD

l ﬁ FUNCTIONAL DIFFERENTIAL

GEOMETRY

Gerald Jay Sussman and Jack Wisdom

P —

Black Chain Functional

magic box rule differential geometry

https://colab.research.google.

com/

er/

github/google/jax/blob/mas
notebooks/autodiff cookbook.

JelViale.




Reverse versus forward mode

04 0Z ox, 0x,0x,

Reverse mode AD: Vector-dacobian Product of primitives

» Backtrace the computation graph Vo ().
e Needs to store intermediate results

o Efficient for graphs with large fan-in

Backpropagation = Reverse mode AD applied to neural networks



Reverse versus forward mode

04 0Z ox,  0x,0x,

dxl 00

n—1

Forward mode AD: Jacobian-Vector Product of primitives

» Same order with the function evaluation (), Vi
* No storage overhead

o Efficient for graph with large fan-out

Less efficient for scalar output, but useful for higher-order derivatives



Differentiable? guantum circults

Rx(6%)

Rotation Entangler
10) —éth(ef) R2(65) <> - Rz(62)
0) —HRx(@5)—{Rz(6))} @ - R2(69)
10) Rx(07—{Rz(6)) -+ —@ C) Rz(65)
|0) —HRx(6H)—Rz(6)) @ ©——Rz(6))

T —————— T —————————————————

Parametrized gate of the form
10
e~ 2% with X4 =1
eq, X, Y, Z, CNOT, SWAP...

Rx(6%)

Rx(6%)

Rx(02)—Rz(65) <> <> Rz(62)
Rx(65)—Rz(6)—e@ Rz(65)
Rx(62)—Rz2(64)—(—8—(—R2(69)
Rx(65)—Rz(6))—@ ®—Rz(6),)

Li et al, PRL '17, Mitarai et al, P
Schuld et al, P

Rx(6%)

NEESRENRE!

1 1 1 L

RA 18

RA 19, Nakanishi et al '19

Unbiased gradient estimator measured on actual quantum circuits



Demo 3

https://github.com/wangleiphy/YaoTutorial



Applications of Yao.|l

Quantum machine learning:

Ditferentiable Learning of Quantum Circuit Born Machine, 1804.04168
Learning and Inference on Generative Adversarial Quantum Circuits, 1808.03425

Quantum many-body physics:

Variational Quantum Eigensolver with Fewer Qubits, 1902.02663



Quantum Circuit Born Machine

With Liu, Zeng, Wu, Hu
°RA 18, PRA "19

measure
>

Experiments:
1801.07686

two sample test ~ 1812.08862
1811.09905

1901.08047

outcomes

_———————__J

>
D

1904.02214

classical loss & gradient
optimizer < '

classical data

Train quantum circuits as probabilistic generative models with implicit density
Strong expressibility due to guantum sampling complexity



However, there is a HUGE GAP in the qubit number

What we want to solve What current technology offers

'.|||‘| : | Il””l.l:;
== {ch
il

to infinity and beyond

a handful of qubits

Variational quantum eigensolver with fewer qubits
Jin-Guo Liu, Yi-Hong Zhang, Yuan Wan, LW, 1902.02663



A qubit efficient variational circuit

Initial - = = = —
state — G BN B B

Huggins, Patel, Whaley, Stoudenmire, 1803.11537
see also Cramer et al, Nat. Comm. 10

Tensor network inspired quantum circuit architecture



A qubit efficient variational circuit

nitial I B =
state I B B B =



A qubit efficient variational circuit

Initial Reuse!

state




A qubit efficient variational circuit

Initial m » Reuse!

state — | — [— —

Matrix Product State with exponentially large bond dimensions



A qubit efficient variational circuit

Initial m » Reuse!
State _ . _ _

D = 2%

virtual
qublits

Matrix Product State with exponentially large bond dimensions
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HOow tO prepare guantum
thermal states”

Thermofield Double States Quantum imaginary-time evolution

Wu & Hsieh, 1811.11756 Motta et al, 1901.07653



“‘B”-VQE

2P¢(X)U9\x)(x\ Ug = p
X

A classical mixture of guantum states parametrizes density matrices
Martyn & Swingle, 1812.01015 Verdon et al, 1910.02071



<L = [Tr(pH) + Tr(plnp) > —InZ

|
 —
-

|
o
S

variational free energy
.
-

‘B"-VQE

<~
NN\

— ['=3

— |'=4

N

10°

i

i

epoch

3X3 quantum
ISing model @ 3="1

Liu, Mao, Zhang,
LW, 1912.1138"

Study quantum thermodynamics with classical & quantum flows



Jjulia> using Yao

Yao offers you freedom no one else can offer

Make your own innovation in guantum algorithms design!



Yao.jl: Extensible, Efficient Framework for Quantum Algorithm Design
Xiu-Zhe Luo, Jin-Guo Liu, Pan Zhang, Lei Wang, 1912.10877

Thank You!



https://arxiv.org/abs/1912.10877

