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Quantum computation is a form of computation utilizing quantum mechanical
phenomena. This idea originates from quantum simulation, that is, simulating
quantum dynamics on a fully controllable quantum system, as it is generally a
challenging task for classical digital computers. As of today, various nontrivial
quantum dynamics that are almost intractable on classical computers have been
realized experimentally, thanks to the rapid development of controllable quantum

platforms within reach of thousands of physical quantum bits (qubits).

Towards more algorithmic tasks, a formal formulation of quantum computer was
proposed in 1985, leading to novel quantum algorithms whose computation time scales
better, with respect to the problem size, than the classical counterparts. Running these
quantum algorithms requires advanced engineering in quantum systems, such as
quantum error correction and fault-tolerant implementation of quantum logical gates
to achieve accurate and reliable computation. It is, however, discussed that such
engineering may prevent us from benefiting from those quantum algorithms in practice.
This suggests, in addition to seeking faster quantum algorithms, the need to explore

how to harness quantum systems more naturally without extensive engineering.

Quantum machine learning (QML) may be a promising information processing
approach that can harness quantum systems without requiring extensive engineering.
This is motivated by the fact that the success of neural networks has suggested the
possibility of solving machine learning (ML) tasks more efficiently with non-digital
computer designs. Several QML models that resemble neural networks utilize quantum
systems in a manner distinct from digital quantum algorithms. However, training
quantum systems in these models is fundamentally challenging, suggesting that it
remains necessary to explore an alternative way of harnessing quantum systems for
ML.

Along with this direction, the quantum reservoir model utilizes quantum systems
in a unique way: nontrivial outputs from an untrained quantum system are exploited
by a linear classical ML model to solve various tasks. Hence, the quantum part,

referred to as the quantum reservoir, does not need to be programmable and can be



implemented using analog quantum dynamics. Although this significantly reduces the
required engineering, designing quantum dynamics may still be necessary.
Interestingly, without extensive engineering in the quantum reservoir, a quantum
reservoir model was shown to be capable of performing nontrivial ML tasks, such as
image classification, using physical dynamics as the reservoir, which had already been
realized experimentally. Therefore, the quantum reservoir model should be one of the

promising directions for pursuing another form of quantum information processing.

In this thesis, I investigate the computational capability of natural quantum
dynamics in the quantum reservoir model framework. Important open questions in this
context are (i) how well natural dynamics perform nontrivial ML tasks compared to
engineered systems, and (ii) what kind of engineering in quantum dynamics is essential
and appropriate for a given task. I address these questions through my four works,

focusing on the quantum reservoir model that can solve image classification tasks.

In the first work, I investigate the learning performance of the quantum reservoir
dynamics initially employed, known as the discrete time crystal (DTC) dynamics, in
comparison to random quantum circuits, which require extensive engineering. This
provides the baseline for tackling (i). I further characterize the quantum reservoir,
thereby numerically revealing that a network property of the reservoir improves the

test performance on these classification tasks.

In the second work, I show that the engineering required in the DTC dynamics can
be further simplified without degrading high learning performance, revealing that the
intrinsic dynamics in several quantum platforms, such as trapped ions and neutral
atoms, are complex enough for the classification task. I also discuss the participation
ratio, which is a well-known quantity in condensed-matter physics, and its meaning in
classification tasks, thereby gaining insight into the learning behaviors of Hamiltonian

dynamics.

In the third work, I investigate the impact of the qubit connectivity in a
Hamiltonian on the learning performance. I show that, in the Hamiltonian, complex
connectivity is not required for the classification task, in contrast to the Hamiltonians
considered in the second work. This suggests the non-necessity of extensive
engineering in other quantum platforms, such as superconducting qubits. I also
numerically show that particular symmetries in a Hamiltonian can exhibit a tradeoff

between model complexity and overfitting.

In the fourth work, I focus mainly on tackling the second question (ii), motivated

by a machine learning theory, where the complexity of machine learning models is



quantified using data compression. I numerically show that, by compressing unitary
matrices representing quantum dynamics, the learning behaviors of various quantum
reservoirs can be explained, although there is an exception among our examples. I
further develop the compression approach by discussing the significance of the classical
representation of quantum objects. I then demonstrate that the approach has the
potential to capture the reservoir complexity more reasonably. I finally discuss the
operational interpretation of the complexity for quantum systems, suggesting

appropriate engineering approaches to control model complexity.

These four works reveal that advanced engineering in quantum systems, such as
random circuits, should not be required for solving ML tasks like the classification
tasks considered in this thesis, suggesting the rich computational capability of natural
quantum dynamics without extensive engineering. The fourth work provides a
potential guideline for appropriately designing quantum dynamics, which may pave
the definitive way for further exploring and developing alternative forms of quantum

information processing for ML.



(BI#k Separate Sheet)

Results of the Doctoral Thesis Defense

BLRICEERR

Name in Full

K 4 & B

Title

im L8 H  Characterizing and harnessing complex quantum dynamics for quantum machine

learning

ARG L1, T Characterizing and harnessing complex quantum dynamics for quantum
machine learning] CREL, 28 E LMK I TWD, £, % 1% lIntroduction] TiX, 7
LARRDOBNEWIEOEMEN T S, BFIEWRS AT L& FHT DD E R TR B MM &
TERAAER A DO BIEIZ OV CIR R TV 5, R, TUXNVE T Ea—2 LT D & 11FH
AT MMITFFEOREIC K U TREWERABRE H 2T 5 Z L iff S TW A — 5T, £D
BB O m SITHRT 2 BN EMESFET D22 EICER L, BEFIHEHRT AT A~DOHEINAE
taiz>ob  RNZRFRLED FEHOLENMEIZ SN TIHRN TN D, ZOBEND, HLTEOE
TR E £ 7L (quantum reservoir model) 23 172 EMHIZ 72 D AREVEIC DWW T E L L. AN
Difaml 23T 2 5 Mk & BARR 2B TIZHOW T S Tn %,

% 2 % [Preliminaries| Clit, LERFHEHGRICOW TN RSN TS, 2, ETIHFHROKE
TEHER OB B A )1 P OHGRIIMSEAIZ OV TG L, Haar 7 X Lha2=4Y t7TH A1 b
YL NZER EDOR Y b U — 2 I EEFERO T T H EMB LRI OV THBR RSN TN D,

% 3 [Classical and quantum machine learning| Ti, @&l & B OB E IC >\ TS 2
BRTND, DV FEE=2—T Ry FU—=2IZOWT, K L& BfiET 5 L CTUERIET
fiEit L7-0b i FEHORBEIZOWTHIA L TV 5, DR, R 728 o SRz mifE & L
TWDH7eD, KX TOEETH D BT E &t ST, i LA TV D, BT
MFEEIZBE L TlE, ZOFRTHLETR% feature map & L CH ) HRMEIZER L, F3HE O
M Z BT 1E#R Y AT DA T HEOHFFALIZONWTER L TWDS, D%, quantum circuit
learning (QCL) % fi#ii L. Z L% 9 57 T quantum reservoir model & L C® quantum extreme
learning machine (QELM) & quantum reservoir computing (QRC) 23ME A XN TW5, &I,
QELM D A JjDf554t% principal component analysis (PCA) & &1 F# T A7 A _EIbigrgads
DR AR INTVWIH—ETFE Yy MHEOMAEOE TITH quantum extreme reservoir
computation (QERC) MFEMIZEAIN TN,

% 4 & Impact of the form of weighted networks on the learning performance of QERC] Ti.
BIXAT IV AENAIN =T TRl LEBRICBENDRBIC L 2%y N U — 7 OBEBLOGHHR
QERC OFEMRRIC S 7 b3 BT L COMMTHER L BEBBRHN TS, £9. & 5 quantum
reservoir N5 2 572D, QERC & L TOMREEAZRE ST DB OEM & LT, quantum
reservoir D1 ¥ A 7 IV A& RBLT L2 =4 VITHIORES T 217> TWdH, Ziud=2=% V1T
MoAKAEE L ol bDnGENEN LTV I — MIFIOERITER L, Thz bbb 22
EOFRy NI =7 OERBERIRT, TOELDFH%E Haar 7 X ha=% 1 Cauchy 7 ¥ L=
=4V, BERERRERSS (DTC) ICHY T 287414717 A, EHIZERST DTC (DDTC) (2o



THEFT L. DTC =° DDTC # Haar 7 > ¥ A2=% 1  Cauchy 7 > & Lh=x=% U L[EED /3 &R
TZENWEINTWD, £, ENEIND quantum reservoir model {22 T MNIST & Fashion
MNIST (2B L THEMERBZHA L, FREOMRENEL TETWNDL I L2RELTWD, B, £
NENDETNMZONWTRFEOESGWZOWTHHREL TH Y, EASMORWORE ZIZHONTOH
BIEMEIZ SV THREE STV D,

% 5 % [Two-body Hamiltonian dynamics as a powerful quantum reservoir] T, % 4 TR
L7 DTC & = HICHMib L, ZHWHEEEHORNL S Ising MAI L h=7 NS TR
JEAH AT I 7 A% quantum reservoir & L CHWZIGE OFE RS RICHRT STV 5,
BARAIZIE, ZZ 8 - XX W Tsing BT V0% DA, 1L OW OO T 2 & )V EFFHRB &I
FHETNEOWEEBL T, ZRMEERICESS BRIV =T v B%ThoThH, Hk
DL ATIZBWTEWHEREEZ R LG N REN, £7-. % 53 HiCIxETIRELELD
participation ratio 23 A L, quantum reservoir 23 £ T D IRRED & /L~UL N ZEIN TOA Lh72 A
D0 & EEVERE & OBMRDENT S AL, WER T X APESC Haar 7 U X MMEZ LB E ST G| EHE
(ZJIRDY o TARBES A0 2 RAFRMERBIZFF 579 D AlREMEZ TR < R LT D,

% 6 # [Roles of the interaction network of qubits and symmetries in QERC] T, quantum
reservoir Z AT DFHAIEH * v b U — 27 OffEEL L OV b =7 > ORFRED, QERC DFH
PEREIZ 52 2 BN FEMICRET S LTV D, BRI, XY R AE 797 ECERLIEETX AT
7AW, 2= UV BBROJEINE, AT MG, Ty 7 PAEE & o T EE &R
HE & OBMRIBUABRNT AT S Te, £ ORER. RIFRPEICER T 2@ R EHML R E 7 vy 7 1E
IZ. quantum reservoir D EHEZHIR L, FEMEREZHLSE/L ST, 7wy /G EE
FEZAEI LI 0 /NS BRBEVEZINZ 720 32 2 &L CHRAEEIND Z LRI,

% 7% [The quantum reservoir complexity by data compression] Tix, QERC (ZHWH L5 &
FHAF 7 AOBHENZ TN T 2 87 2218 & LT quantum reservoir OO [THfE Al HEMEIZ F
S AFHRIHAIFFENEAN I LTV D, BARIZIE, quantum reservoir # £ 9" = % U {TH[|EHUIZ
KV ARESNDREBESEZ T —Z EMOBLE OFHE L, Z OJEREEMENE & 58 MR & D BRI
Hr& iz, 1THIRBCATHIRRREE (MPS) IC X528 U T, &4 A F X 7 AN LI HErE 2
Fio & SITEmWEBRMIERENROND Z VRS, EROWBLE (=2 2 o TN A FRERT 5 L
) LIXE7R T quantum reservoir MEES) Z REE-D 1T B AL D AIREMED /R S 4172,

%5 8 # [Conclusion| TlX, KX EEORENRIEIN, BRRETZX AT I 7 A QRC ITH
WCHBREREIRE 20155 2 L B8O TERHFH STV D, FRIZ, WBEIC LPRICHRE S - &1
[FIR% 2 LB &3 BRI FEBLATRE /e~ IV b =T OMEE 2w N R - SIS 5 2 & O mEME:
VRSN, O T FPROE AT E B LOFERE 77 S A~O R 2 RBER R Hh
T2,

AR RS T LR SO BN T » TREDNTDOIL, € ORIIThIL i sCEES KO Ak
BRI, FBEED D OEEICK L THEICRIE N e S, BRLERICEAEZESZHMBEL, F#
HBEZE THEmalTo7, FAZEE T, HBEEOE LS, QRC (2R 558 MEREA . EERIZ
PR AT LG A DO A7 57, quantum reservoir Z AT DB XA T I 7 ADKHEEND
THI-BfRE L K5 LT 5 R W TURANED & < BRI A TH D Z & Avm < Gl S av7z, RIS,
BFAAT IV AZE AL NEM EOXRy NU—7 & UTIRZ DHTICRT FEZEATHZ &



2L D, BETEESEM T EERICHF ST DA N=ALEH G L, 3REHEERE L OEMRETH
52 L aR Lo, BFHMEE ISR 2 BEARRMTH D knﬁﬂﬁéﬂ’bto
Vb Z B9 2R GamE, QRC (ISR D PERERE BL O 4 Blin i) « €EAICHLNCL, £
AUZHES S BT EET VORGHATREMEZ R LD TH Y | E?‘h&:?ﬁ B 7 d L OEAER
FEOBERIFERICERL TWD &0 ) RTHIRAIMMIEA R E WV, 7o, KPR CORCRIT, il
MERSRR L SR KON AFiA S EFREHEER 3 & LTELSh, 23 HE ST\ 5, Uibko
HEIZ LY, FEZERIT. APGR I ALORGIMET 5 &l LT,



