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Classical machine learning

Before talking about our quantum model, let me share an image to help you understand
machine learning and quantum machine learning.

Output ¢t ify = 0,

» Y Dog ify = 1.

Parameter

v,

Machine Learning =~ Function Model + Learning

Machine learning 1s the modeling of functions
using the data at hand.

y.



Classical machine learning

Before talking about our quantum model, let me share an image to help you understand
machine learning and quantum machine learning.

Output Catify = 0,

» Y Dog ify = 1.

Machine Le

R el e =2 Machin
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What is a quantum model?

A famous universal ML model
 Two-layer neural network )

Feature map

f Z axi | = ¢i(3_5 )
J

Decision function

a(Z W,-¢,-<7c>> =y

Two-layer model: optimize both ‘@ and w

Feature  Decision
map function

Random features: optimize w only
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What is a quantum model?

A famous universal ML model

r

Two-layer neural network

Feature
map

Decision
function

Feature map

f Z axi | = ¢i(-¥ )
J

Decision function

a(Z W,-¢,-<7c>> =y

Two-layer model: optimize both ‘@ and w

Random features: optimize w only

Quantum Circuit Learning(QCL)
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Both the feature map and the decision function run on a

quantum processor.
Major bottleneck: Barren Plateau problem
Noise: Effects on training stability.
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| Use a quantum processor for the fixed feature map.
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QERC: Quanum Exterem Reservoir Computation

— _ Dim. Red. Encoder Meas. Probability Distribution Linear model
\ — [ Quantum ) )
Image o T 10) —_R |_ .
< = Dynamics 3
sl =z O2m TR ) - P
= 5 « I Uzgje_lHTdT : S o "IN
/L 10y — & l_ QQ,- Q\,- \\,- Q
| * - ~ Bit string
# of Qubits # of Features
Quantum Processor: N » 2N
Random feature: logoM » M

“Quantum Extreme Reservoir Computation Utilizing Scale-Free
Networks”, Phys. Rev. Applied 17, 064044 (2022).
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QERC: Quanum Exterem Reservoir Computation

Probability Distribution

Quantum )
Dynamics P
. Pmu
A e . p]
U= gJe_lHTdT » eoo o0
SR, >
SESESIETEN
Bit string

Efficient Data Processing & Encoding Reaout & Post-processing

e PCA Preprocessing: Reduce dimensionality of e Measurement: Probability distribution in
large inputs (e.g., images). computational basis.

e Simplified Encoding: Use rotation gates only. ® (Classical Labeling: Map results via a

OK with NISOs simple classical model (Linear model).
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QERC: Quanum Exterem Reservoir Computation

. Probability Distribution Linear model
N ¥ D>
Image Quantu.m ,/
Dynamics $ P
NS . 1 Pum
»ol\o U=9 |efdr | &
A ..Q ..Q ..Q oo 0 ..\,
SESEIRES
Bit string
e
00— = PQC HA
Use a given quantum dynamics (processing) :gi— T o —A
. .. — S} —
without optimization = :
10)— - —
. J \_ J
But what kind of quantum dynamics are Optimization: Barren Plateau problem (Stop Traning)
gOOd for ML.? Noise: Effects on training stability.

1. J. R. McClean et.al., Nat. Commun. 5 eid 4213 (2014)
2. Z. Holmes et al., PRX Quantum 3 010313 (2022)
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For training: 60,000
For testing: 10,000

2

28 m ~800 pixels

8
Total # of images: 70,000
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QERC model

&

Experiment setup and baseline

Dataset: MNIST dataset

ol/|=|zlvIs|é]z] 89 ZSENSOOpierS
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n Total # of imqg-es: 70,000 . .

m n E Egi giril;lz%;l 8?6?)?)0 We expect gain from quantum dynamics
o [23[4lzlel71¢ls 00 Traiming
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QERC without
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?%’ Our basemodel:

Quantum Extreme Reservoir Computing (QERC)

QERC Pipeline

Dim. Red. Probability Distribution

Quantum
Reservoir
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Image
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Quantum Dynamics : 2T-Discret Time Crystal Model:

(Time-periodic Hamiltonian dynamics)
A i X

H(@) = X i
H2 = h; T GIZGYZH Tl <t< Tl + T2 . . . -ng;";wglls- _ ;
¢ =0.05
- — —— — — e —
1.0
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HUHWLHUHLHU U S | ~
; ! : g : ! : ? : ! : ? :52 | ‘ | 0.0
— — —— - - || | \205 ¥ éi? t\é.as
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One period 0 20 40 60 8 100 0 20 40 60 80 100
Periods n Periods n

* Demonstration has been achieved on NISQ devices.

* In 2019, a complex network space inside 2T-DTC was demonstrated,
making it a candidate for a sufficiently complex reservoir.
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Classification Accuracy

0.98
0.97

0.96
0.95

0.94

QERC: Benchmark Results

MNIST classification with 2-DTC

QERC model

N =10
by Iramning Quantum reservoirs have enhanced the
—  performance of linear classifiers.
( AW 4 \
< Testing |0)y— 4]
10— o A
0 Ux)H © HAC
Linear classifer e s
| o A JHA
().93 mepesmmmmasinmms:
Test:~0.93 Test:~0.97

0.92

000 005 010  0.15 020
Prameter €

JoT = 0.06, o = 1.51 and nT = 100

Y-
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Classification Accuracy

0.98
0.97

0.96
0.95

0.94

0.93 mepememsmummes

0.92

QERC model

QERC: Benchmark Results

MNIST classification with 2-DTC

N=10

. Training

Testing

Linear classifer

0.00

005  0.10  0.15 020
Prameter €

JoT = 0.06, o = 1.51 and nT = 100

Can more complex quantum systems
achieve higher performance?

10—

0 |
1077

10—

Test:~0.93 Test:~0.97

What quantum dynamics is required to

achieve quantum advantages? E
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The complexity required for quantum reservoirs

More complex quantum systems OK, but DTC is enough!
Base system (2T-DTC) _ R Train: 0.99
H, = ;—Tf‘l;(l —e)of 0<1<T, —> Random unitary: U ~ py Test: 0.97
H(@n) = . o
H,= h ”_J—Omlafffﬁ,% hL<st<hi+T. Haar's performance is comparable to DTC.

The MNIST classification problem was
fixed, and various reservoirs were tested.

ol /|23 |v]sé]7]§]2)
Of (|2A3]#]51£]17]8]9)
EANESARANERA

Base system (2T-DTC)

Train: 0.99
Test: 0.97




&

Base system (2T-DTC)

FIF%;a—e)af 0<t<T,
H(t) =

Z

J,
3 0
HZthsz'IZO',% TISI<TI+T2.

The MNIST classification problem was
fixed, and various reservoirs were tested.
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Base system (2T-DTC)

Train: 0.99
Test: 0.97

The complexity required for quantum reservoirs

More complex quantum systems OK, but DTC is enough!

Train: 0.99
Test: 0.97

Haar's performance is comparable to DTC.

Random unitary: U~ Uy

Does a simple quantum dynamics work? Works!
~ JO
Ising-model: #= hZ —0.0y — hgz ol '
: i L=ml™ . Train: 0.99
ZZX-Model: — H R (0 Test: 0.97
] . 9 H RO
exp <—ll§n T —Jm| 656%) 3
] R0




Base system (2T-DTC)

I—AII:;—Thl;(l—e)af 0<t<T,
H(t) =

Z

J,
3 0
HZthsz'lz()'ni TISI<TI+T2.

The MNIST classification problem was
fixed, and various reservoirs were tested.
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Base system (2T-DTC)

Train: 0.99
Test: 0.97

—>

The complexity required for quantum reservoirs

More complex quantum systems OK, but DTC is enough!

Train: 0.99
Test: 0.97

Haar's performance is comparable to DTC.

Random unitary: U~ Uy

Does a simple quantum dynamics work? Works!
A A
. _ . H = h - UZ ;1 _ hg Gx
Ising-model: % =™ zl: i Train: 0.99
ZZX-Model: L R0 Test: 0.97

H R (6}

RO

T E—

Can we further simplify the dynamics?
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The complexity required for quantum reservoirs

More complex quantum systems OK, but DTC is enough:!
: A Train: 0.99
Rand tary: U ~ '
ANEOT UL HH Test: 0.97

Haar's performance is comparable to DTC.

- : i i 9 Works!
Not classically simulatable Does a simple quantum dynamics work?
Requires a universal gate set L C A=hY st g Y o
(Req 8 ) Ising-model: IZ T zl: l Train: 0.00
77ZX-Model: — H R (00F Test: 0.97

— 6 H R (0
. exp<—iz |l—J alza,zn> xf )

I<m m |

— I’éx(gx) -
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The complexity required for quantum reservoirs

More complex quantum systems OK, but DTC is enough:

Train: 0.99
Test: 0.97

Haar's performance is comparable to DTC.

Random unitary: U ~ Uy

Does a simple quantum dynamics work? Works!

. Jo
b _ . H == h a 6 O-m - hg 6
Ising-model: IZ [I—m|* ! z,: : Train: 0.99

Test: 0.97

Z7ZX-Model: — 1 RO
. 0 7z i kx(ax)_
1 <_lz T 616'") :
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Classical
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Conclusion: What is next?

Why are these reservoirs not good?

* Even with a small number of qubits, it is possible to solve
image classification problems.

* The model's performance is highly correlated with quantum

— — U0, ¢, )—

m — U064 )—

Clifford Random Rotation

N —00, ¢, H[—

complexity.

Remaining Challenges in QERC
e Sampling Cost Issues:
e Can we improve the cost? — Exploring Quantum Annealing.

e Understanding Dynamics:
* What level of complexity is actually required?
* Why is a T-gate layer necessary?

Why is the single T-gate layer enough?

Clifford+T
_ HATHF
_ [a7al | Train: 0.99
: _ | Test: 0.97
OH{| ATA

Why are both entangling gates
and T-gates necessary, and why
this order?




Thank you!
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Measurement cost of QERC: Conventional thinking

Classical Implementation (Possibility)

( N\ /7 Input
|0)—
0~
0000 | Ol (.1
10— JIN Ra?deorlnzseec}w Classical system
T (logM-cost)
G TP p— — Generate a mapping by applying
P Probability the classical system M times
(Latten space) Distribution
P ® 1)
1000--) |100---) Py
O% 1101---) P Pu
‘ | ”.> . ..Q ..Q LI ) :.\
001y 1110 SIS
~ 2N neurons Bit string
N J o

Q. Is the cost of measurement (readout)
exponential?
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Measurement cost of QERC: Quadratic speedup

s Ya \
| 0)—
10— ~
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QERC Pipeline

(" Internal space
(Latten space)
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Probability
Distribution
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Bit string

Q. Is the cost of measurement (readout)
exponential?

What Machine Learning Models Essentially Need
NOT: Estimating the entire probability distribution
BUT: Estimating a specific scalar quantity derived from it

Breaking the Measurement Cost Bottleneck

« Complete distribution estimation — its cost is about M.

o Target scalar estimation — its cost is about /M.




; Measurement cost of QERC: Quadratic speedup
What Machine Learning Models Essentially Need

NOT: Estimating the entire probability distribution

( AY 4
10— BUT: Estimating a specific scalar quantity derived from it
10— I .
10— () | Breaking the Measurement Cost Bottleneck
D » Complete distribution estimation — its cost is about M.
|0 L o .
\ < o Target scalar estimation — its cost is about /M.
4 Internal space Probablhty A 1.00 Acc. vs # of shots 10° <
(Latten space) Distribution S S U N ot
® | 1(3 > P2 0.95 . :cf 102
1000---) ® g * g o Scaling Across
(] |101---) D1 Pm f 0.90 = /?* Jubit Sizes.
1010--+) 3 4 /w
‘ . Q Q ~ = 10
|001---) | 110---) S S e 0.85 S SV,
~ 2N neurons Bit string B ’
\ J N IFiia e Promising a significant and drastic
Q. Is the cost of measurement (readout) 102108 10t 105 10 reduction in future measurement costs,

exponential? Number of shots (N,)



