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Lo ussi Outline

Changes for the Better

* Trends of Machine Learning (ML)

e Overview of Quantum Machine Learning (QML)

* Wi-Fi Sensing for Indoor Monitoring
— Beam SNR measurement Al x Quantum
— Human pose monitoring S —
— QML vs. DNN
— Automated QML (AutoQML)

* Summary
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‘ MITSUBISHI

s’ Emerging Technologies

Changes for the Better

e Gartnar’s Hype Cycle for Emerging Technologies (2021 August):
— Al )

— Generative Al

QM L @gmented Software Engineering

Employee Communications
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Data Fabric
Decentralized Identity
Composable Applications

Generative Al

Multiexperience

Digital
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Real-Time Incident
Center-aaS

Composable Networks

Decentralized
Finance
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Applications — Homomorphic

Encryption
Industry Clouds

Expectations

Physics-Informed Al

Named Data
Networking

Sovereign Cloud

Machine-Readable Legislation
Influence Engineering
Al-Driven Innovation

Al-Augmented Design
Digital Platform Conductor Tools

Peak of
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L]
Time
Plateau will be reached:
() less than 2 years ® 2to5years @ 5 to10years A more than 10 years ) obsolete before plateau As of August 2021
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Sl Artificial Intelligence (Al)

Changes for the Better

e K-means

e Gaussian mixture model (GMM)

* Principal component analysis (PCA)

LEARNING

* Independent component analysis (ICA)

rOUgNs

Grren Al Hoom

 Logistic regression (LR)

e Support vector machine (SVM)
* Self-organizing map (SOM)
Hidden Markov model (HMM)

 Artificial neural networks (ANN)
* Deep learning (DL) . oy
I~ .« %0 75"
* QML...
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e TR Deep Learning (DL) for Artificial Intelligence (Al)

Changes for the Better

* Deep learning = fancy name of multi-layer perceptron neural networks.
— 2006 Hinton: Many layers, layer-wise pre-training, massive data sets

* Key enabling driver:

— Hardware evolution: graphic processing units (GPUs), tensor processing units (TPUs), ...
— Software evolution: free libraries (PyTorch, TensorFlow, ...)

CNTK  Caffe & cafte:
"7 ® pYTHRCH ¥

Chainer

Keras ‘¥ Tensor

A/ net @xnet ®LUON
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St DNN Architectures

Changes for the Better

e Residual Multi-Layer Perceptron (ResMLP)

» Residual Convolutional Neural Network (ResCNN)
 Bidirectional Long Short-Term Memory (BiLSTM)

Figure 2. Residual learning: a building block.
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S UEE Al Success in Media (Audio & Visual) Signal Processing

Changes for the Better

* Denoising, segmentation, classification, translation, dialog, recognition,
decomposition, generation, super-resolution, ...

Y

Input video

Mork — Dark XL“COOFEIES(‘/ moped cheetah
bumper car snow leopard

golfcart Egyptian cat

rk Or | motor scooter e =B ‘V
] chokia d(?\\ MOT ‘CHOCOLATE?~ mGthr scoter g

=%

Predicted Sound
_ (Amplitude’2)

-“man in black shirt is playing
guitar”
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Changes for the Better

Al Surpassed Human-Level Performance

* For some applications like gaming

© MERL

May 11th, 1997
Computer won world champion of chess
(Deep Blue) (Garry Kasparov)

(Reuters = Kyodo News)
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Lo umsums Al for Wireless Communications

Changes for the Better
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S UEEM Moore’s Law: Exponential Growth in Applications

Changes for the Better

* Hit count of articles per year in Google Scholar; Wireless Communication
10000 e

moore 's Law
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e TR Deep Learning Crisis for Sustainable Growth

Changes for the Better

* Escalating power consumption of DNN training
— [Strubell et al. Energy and policy considerations for deep learning in NLP. 2019]
— 1-big DNN training with network architecture search (NAS) on GPUs requires 5-fold hlgher
carbon emission of single car lifetime!
* New computing modality alternative to CPU/GPU/TPU is desired
— Natural computing: Quantum computing, DNA computing, etc.

Consumption CO2e (Ibs)
Air travel, 1 passenger, NY<>SF 1084 Model Hardware = Power (W) Hours kWh-PUE CO2e Cloud compute cost
Human life, avg, 1 year 11,023 Transformery,s. P100x8 1415.78 12 27 26 $41-$140
American life, ave, 1 year 36,156 Transformery;;,  P100x8 1515.43 84 201 192  $289-$981
Car, avg incl. fuel, 1 lifetime 126,000 ELMo P100x3 517.66 336 275 262 $433-$1472
BERT},sc V100x64 12,041.51 79 1507 1438 $3751-$12,571
Training one model (GPU) BERT ... TPUv2x16 — 96 — —  $2074-$6912
NLP pipeline (parsing, SRL) 39 NAS P100x8 151543 274,120 656,347 626,155 $942,973-$3,201,722
w/ tuning & experimentation 78,468 NAS TPUV2x1 — 32,623 — — $44,055-$146,848
Transformer (big) 192 GPT-2 TPUV3x32 _ 168 — — $12,902-$43,008
w/ neural architecture search 626,155
Table 1: Estimated CO, emissions from training com- Table 3: Estimated cost of training a model in terms of CO5 emissions (Ibs) and cloud compute cost (USD).” Power
mon NLP models, compared to familiar consumption. ! and carbon footprint are omitted for TPUs due to lack of public information on power draw for this hardware.
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C,h"%fﬂ?;‘%%'.%“' Quantum Computing
* Morgan Stanley: Quantum tech. can drive 4t" industrial revolution
* Escalating government funds: National Quantum Initiative $1.2B

* Quantum processing units (QPU) venders: IBM, Google, Microsoft, Honeywell, Intel,
Nokia, AirBus, IONQ, rigetti, ...

 Quantum cloud services: IBMQ, Amazon Bracket, Microsoft Azure, ...

* Free libraries to evaluate quantum computing on realistic simulators or real devices

/7\(\
| 1990 > Hidden subgroup a
Shor QFT Adiabatic optimization
Quantum Walks HHL/ Matrix inversion Grover OO
Group isomorphism Quantum Simulation =)
s QUANTUM SOFTWARE 2019| = QUANTUM HARDWARE

1 Quantum Information Software Kit
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S U8 Eyvolution of Quantum Processing Unit (QPU)

Changes for the Better

* QPU development has been advancing rapidly to allow many qubits
— IBM released 127-qubit QPUs in Nov. 2021
— IBM plans to release 1121-qubit QPUs by 2023

Scaling IBM Quantum technology

IBM Q System One (Released) (In development) Next family of IBM Quantum systems

2019 2020 2021 2022 2023 and beyond

27 qubits 65 qubits 127 qubits 433 qubits 1,121 qubits Path to 1 million qubits

oo

Optimized lattice Scalable readout Novel packaging and controls Miniaturization of components Integration

and beyond

IBM 127-qubit QPU (Nov. 2021)

Build new infrastructure,
quantum error correction

IBM QPU development roadmap (as of 2020)
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ot MrsuEsH QPU Hardware Realizations

Changes for the Better

* Superconducting
* Trapped ion
* Neutral atoms

* Nuclear magnetic resonance
* Quantum annealing

* Continuous wave

e Gaussian Boson sampling

* Tunable Kerr photonics

* Linear optical

© MERL 6/20/22; T. Koike-Akino et al. AutoQML for ISAC 14



e R Quantum Supremacy

Changes for the Better

* Some reports claiming to have achieved quantum supremacy:

— Arute, F,, Arya, K., Babbush, R. et al. Quantum supremacy using a programmable
superconducting processor. Nature 574, 505-510 (2019). https://doi.org/10.1038/s41586-
019-1666-5

= 53-qubit QPU: 200 sec. for 10,000-year job required for classical computer
— Zhong HS, Wang H, Deng YH, Chen MC, Peng LC, Luo YH, Qin J, Wu D, Ding X, Hu Y, Hu P.
Quantum computational advantage using photons. Science. 2020 Dec 18;370(6523):1460-3.
» Boson sampling: 10% faster than classic computer

* Quantum advantage is still argued for general applications

*rr 1‘»’.“"7" J‘,wn( N
NI A

\\\\\
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S BB Quantum Machine Learning (QML)

Changes for the Better

10000 . T Tvpelol Aleorth T T T T T T
; I e i Quantum Machine Learning —+—
i classical quantum . 3
: —— Exponential Fit -------
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Noisy intermediate-scale quantum (NISQ) algorithm |
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Al
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Year

VQE: Variational Quantum Eigensolver, QAOA: Quantum Approximate Optimization Algorithm
QAE: Quantum AutoEncoder, QKSVM: Quantum Kernel Support Vector Machine, Q(W)GAN: Quantum (Wasserstein) Generative Adversarial Network,
QCNN: Quantum Convolutional Neural Network, QGNN: Quantum Graph Neural Net, QX: Quantum Experience, QCL: Quantum Circuit Learning, QKS: Quantum Kitchen Sink
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Changes for the Better

Quantum as Kernel

* Quantum operation is interpreted as Hilbert-space kernel operation
[Schuld/Havlicek2018]

© MERL
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Sl Universal Approximation Theorem/Property (UAT/UAP)

Changes for the Better

* Single hidden neural networks can approximate arbitrary bounded

continuous functions [Cybenko 1989]

* Deep hidden neural networks can asymptoticly approximate arbitrary functions [Zhou 2017]

* UAP still holds for quantum processing [Perez 2019]

— Data re-uploading trick
A

: N NV
Wider/deeper neurons can reduce approximation error .g,
U
C

N
@) =) ai (W Z+b B ) ) N
(Z) ; ( ) U(E) = Uy (F)Un_1(3) - - U1 (&) = [ @@
1=1

10)—

(a) Neural network
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(b) Quantum classifier
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Sl Differential Programming

Changes for the Better

* Quantum operation is differentiable:
— Parameter shift rule [Mitarai/Schuld 2018] (exact gradient)

* Backpropagation through hybrid classical/quantum chips

—

T B sl NN

lx-y1*
| | ) .
8, f () =c(f(u+s)—flu—s)) M

lA _ —lA
@ . p iy TET 2 u)A“f(u L Ap)
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}‘E"ﬂE%‘%%'.%”' Quantum Convolution

Changes for the Better

* Quanvolutional Neural Network [Henderson2019]

(A) Input data Quanv 1 Pool 1 Conv 1 Pool 2 FC1  FC2

(Output)
| |
I

\\\ ___
1 \ ] ' | |
L @ ereentnneinaneinntninaetnnetanatiaatttantstanttanttatttantttanttsantsaanttsateantsann,
(B) Encoding Random quantum circuit Decoding
(Initialization) (Measurement)
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n=2 ~N— |q3> 5‘ 0.7} Ill |
©
ue i = e(uy) 0« = q(ix) f. = d(0:) S06f /) 1
o '
fc = Q(ux e, q, d) o 0.5 l
_ A 0.4} 1 ]
4-qubit QPU % o3| "o o
= 030 -- QNN
0.24; - - RANDOM ||
0.1 | I I I
0 2000 4000 6000 8000 10000

Training iterations
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Changes for the Better

* Parametric quantum ansatz optimization |o>

© MERL

Trainable Quantum Circuits as Parameterized DNN
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S U8 Quantum Neural Network (QNN)

Changes for the Better

* QML is a key major driver for 6G applications [Nawaz et al. Access 2019]

* (Hyped) expectation of QNN advantage:
— Fewer trainable parameters to support exponentially large quantum states in parallel

— Parallel ensemble to prevent overfitting and underfitting

— Low-power processing
Conventional Paralle'l
\.\0,0@ Propagation =~ —————7y Fropagation Overfitting
@ ) I /CT g e——
§ S qy&\\@‘{& (Training etc) Evolution (aiitng ctc)
2 F A =
z <

Optimum
fitting

Clustering, Classification,
estimation, filtering, etc

weights

weights

L J 1
Input Multiple hidden layers Output % Underfitting ==
Layer Massive connectivity (feed-forward, recurrent, etc) Layer
Parameters
Tweaking
22
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S UEE Quantum Machine Learning (QML)

Changes for the Better

* Number of articles on QML is doubling annually, just 6 years behind of DNN
10000 ¢ ; .
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Changes for the Better

QML Meets WiFi Sensing

* Indoor Monitoring: [Koike-Akino, et al., “Quantum Transfer Learning for Wi-
Fi Sensing”, ICC 2022]
— Indoor Localization: [Koike-Akino, et al., "Fingerprinting-Based Indoor

Localization with Commercial MMWave WiFi: A Deep Learning
Approach", Access 2020]

— Human Monitoring: [Yu, et al., "Human Pose and Seat Occupancy Classification
with Commercial MMWave WiFi", GLOBECOM 2020]

Indoor
localization

Occupancy Sensing

© MERL 6/20/22; T. Koike-Akino et al. AutoQML for ISAC
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S lEE# Beam SNR Measurement for mmWave Sensing

Changes for the Better

 |[EEE 802.11ad protocol implements beam search/tracking

* Beam search can be used for indoor sensing; beam SNR

Sector RX

Directional
Transmitting
beampattern

’
Sector 24 '/
’

Quasi omni-directional
receiving beampattern

1=2-
1
a % 0.8
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w
A m=2 m=3 m=M 'go.s
‘ @ . Tx Beampattems : g % %
om , T a
© H b 4 15 @ 0.4
i . ; 7] : >
E . ] " - < = . g g
SNR1 ] SNR3 SNRM .’ —n § 02
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Conv. SNR (Off-Grid) ——— 1
Beam SNR (Off-Grid) ——
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ol MTsUESH Quantum Neural Network

Changes for the Better

 Simplified two-design (S2D) ansatz: https://arxiv.org/abs/2001.00550

— Staggered Pauli-Y rotations with controlled Z gates

— Holding statistical properties identical to ensemble random unitaries with respect to the Haar
measure up to the first 2 moments: SO(2V) -> 2N

e 18 variational quantum parameters to train

Beam SNRs

Input Linear

10

Quantum Processor

}
Ry Ry
1 Ry I Ry Ry
RY u RY

Ry TRy =T Ry

Ldy .

{m tanh(z)}
Qubits
0) —fir }
0)
o RY
[V 2%
0) =T
Embedding

Entangler Layer

Measurement
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Variational Quantum Circuit

Output Linear
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https://arxiv.org/abs/2001.00550

e SR Comparison of Machine Learning Algorithms

Changes for the Better

QNN performs comparable to DNN (35k params) while just 18 params

DNN |5—
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0.8 _ ,g*, e 2
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E . 2 /’,’ :
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Changes for the Better

© MERL

Transfer Learning Gain

True label

DNN 81.1% .
(b) DNN (mean acc: 81.1%)
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Fig. 6. Confusion matrices (top row) and ROC curves (bottom row) for 8-pose recognition with 129 training samples (0.3% data labeled in the source
domain). TL-QNN uses 104 transfer samples (10% data labeled in the target domain).
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Sa e QNN Circuit Templates: Quantum Ansatz

Changes for the Better

* Many different QNN circuit templates: Manual trial-and-error effort to select best one

i = I HE=

2| A -

[ T2 I ) — B L L L

(d) QAOA (e) Tree Tensor Net (f) Matrix Prod State
mirmim = o] — Pt
1 ! — P -
Ry HrHRy o R’y HrR HAv o » & Ry}
AR R — )
(g) Strong Entangle (h) Basic Entangle (1) Random
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S M AutoAnsatz: Automated QML for Ansatz Design

Changes for the Better

* We propose to use AutoML framework to automate ansatz design

* We use Optuna
— Sampler: CMA-ES, TPE (Bayesian Optimization), ...
— Pruner: Hyperband, Median, Successive Halving
— Analysis: functional analysis of variance (fANOVA)
— Interface: compatible to Pytorch, SK-learn, etc.
— Parallelization: SQL-based data sharing
— Multi-objective optimization PerBeesmOpmRon mActen Rome )

QNN constructor

b

~

<N\
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e Pruning to Discard Hopeless Hyperparameters

Changes for the Better

* Hyperband pruning can save time by cutting about 70% hopeless candidates

0 20 40 60 80 100
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Changes for the Better

Ansatz Performance

* Various ansatz are explored: S2D, MPS, Random ansatz work relatively well

© MERL

1 | | I I | 1 1
| ; | Simple 2-Design @
MPS ' ; QAOA [
_ | - Tree Tensor Net 7
M amy A _--7--___Matrix Prod State |
0.8 1 ? .[\‘T\ T S ~ Strong Entangle
n R PP ~ Basic Entangle
‘ Ell o 9 e Random ™
> o = \ [ - .  DNN (35k-param) ---
§ 0.6 —:r """"""""""" ."‘\'\' """ - S D\ """""""""""" g e .
> i) ig] Sao LA 3 Gl ‘
S A S
< L e °/ \m 520
(7)) . 1" U TR AT = rRenee R SRR SURRRRRRRSRRRI _
ﬁ’ 0.4 I Random j A
|. II, | S~- . : \\‘
oa | L |
A K KK [ 3
0 | | | | a | |
0 20 40 60 80 100 120 140 160

6/20/22; T. Koike-Akino et al. AutoQML for ISAC

Number of Parameters

32



loss

C,"%’ETE%‘%%%“' Hyperparameter Selection Sensitivity: Slice Plots
 Basic/Simple entanglers do not work well

* Angle embedding works well

* Learning rate around 0.02 works best

* Fewer layers work better
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c',,“%ﬂ%%"%m Importance Analysis: fANOVA

* Ansatz was important as expected

* Learning rate was of lowest importance
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S ¥t AutoQML Gain

Changes for the Better

* AutoQML outperforms manual-tuning QNN
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,"%"ﬂé%‘%%.%“' Conclusions

Changes for the Better

* We showed recent Al trends overview: ML for everything in community
* We overviewed recent advancement on QML

* We proposed AutoQML for integrated sensing & communications (ISAC)

— Demonstrated the first proof-of-concept study for future quantum-era
— Experimented the feasibility of COTS WiFi sensing systems for indoor monitoring
— Achieved state-of-the-art DNN performance with few-parameter QML .
— Validated nearly 100% accuracy for pose estimation & j%
— Showed gain with optimized QNN ansatz via AutoML 4
— Analyzed fNAOVA factor showing importance of ansatz design

@ i

* Questions?
— Please contact me: koike@merl.com AL X Juantum tﬂ.tﬂ.bﬁtﬁ
i : P ! e

(b) Pos

* There are many fascinating topics and high potentials for future work
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