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[1] Gori, M., Monfardini, G., & Scarselli, F. (2005, July). A
new model for learning in graph domains. In
Proceedings. 2005 IEEE International Joint Conference
on Neural Networks, 2005. (Vol. 2, pp. 729-734). IEEE.
[2] Scarselli, F., Tsoi, A. C., Gori, M., & Hagenbuchner, M.
(2004). Graphical-based learning environments for
pattern recognition. In Structural, Syntactic, and
Statistical Pattern Recognition: Joint IAPR International
Workshops, SSPR 2004 and SPR 2004, Lisbon, Portugal,
August 18-20, 2004. Proceedings (pp. 42-56). Springer
Berlin Heidelberg.

[3] Scarselli, F., Gori, M., Tsoi, A. C,, Hagenbuchner, M.,
& Monfardini, G. (2008). The graph neural network
model. IEEE transactions on neural networks, 20(1), 61-
80.
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Table 3  [1]
Applications of graph neural networks.
° Ta S kgl —E— % Area Application
« Node level : node classification, node e Graph Clostering
reg ressio n no d e C | u Ste rin g Physics Physical Systems Modeling
 Edge level : edge classification, link Chemisty Molecuar Fingerprint
prediction g eacton
* Graph level : graph classification, graph Bilogy Protin nerface Prediction
regression, graph matching bisezse Clssfction
Knowledge Graph KB Completion
= —_— —_ KG Alignment
° —+— AE=| L'-” E 'OI'-l 5‘, 1_ x|- ?- —*—, X | A_l j— EH £ 3 j— Generation Graph Generation
T = =
EH i ?- 5 9' E-” O | E-I E E|-§ [[H A|--g- Combinatorial Combinatorial Optimization
. . Optimization
’ B : OPg h e m Ica | G ra p h S L xl- © | O:I 7:‘ O-I DXI _c')l;-l Trafl:ic Network Traffic State Prediction
/\ E | [[l’ L xl’ p ro p e rty O:” Recommendation Use;—item Interaction
Systems Prediction

» Dataset : MUTAG, NCI-1, PPI, D&D, PROTEIN, PTC

Social Recommendation

Others (Structural)

« Social Networks : &8 HEA A0 Mo

Stock Market
Software Defined Networks
AMR Graph to Text

O|EXt HE &4,
» Dataset : Reddit, BlogCatalog, Meta

» Citation Networks : 212 221 &AM,
» Dataset : Pubmed, Cora, Citeseer, DBLP

Text

Text Classification
Sequence Labeling

Neural Machine Translation
Relation Extraction

Event Extraction

Fact Verification

Question Answering
Relational Reasoning

. Knowled?e Graphs : ZiA|Zto| At B &bt mage
oA =X

» Dataset : FB13, FB15K, FB15K237, WN11, WN18,
WN18RR

Social Relationship
Understanding

Image Classification

Visual Question Answering
Object Detection
Interaction Detection
Region Classification
Semantic Segmentation

Other (Non-structural)

Program Verification

Physics

oA

Molecule

Generation

I:z T m

Generate l

[11 Zhou, J., Cui, G, Hu, S, Zhang, Z., Yang, C, Liu, Z, ...
& Sun, M. (2020). Graph neural networks: A review of
methods and applications. A/ open, 7, 57-81.

nejofstm XS =2 2023 Special Summer Internship || Variational Quantum Algorithms: Challenge or Excuse ||



Graph Neural Network

= Graph Neural Network

SYL ROASTED DELIGHTS SDN. BHD.
122703¢
75 JALAN S5 22/19, DAMANSARA JAYA, 47400 FJ
TEL 03-7731 8169

1D 00z l46390’7‘

Doc No -wC'OOO"218‘7 IAJLF A1o
Cashier LISER Date:  06/03/2018
Salespetson Time: 1206 00
Description ~ Qiy Pnce Amounl
(TO2) BRAISED PORK 20 700 14 00
RICF \WITH PEANUT

(", . T PORK- 10 1200 1200
SMALL

(V02 SOUR & SPICY 10 12.00 12.00
MUSTARD

(BO3) JASMINE GREEN 20 2.30 460
TEA(HQT)

(ROS) ROAST PCRK + 10 11.90 11.90
ROAST CHICKEN RICE

Total E)t; : 7 51.42

Total Sales (Excluding GST) 5142

Discount - 0.00

Total GST 308

Rounding 0.00

Total Sales (Inclusive of GST) 64. 58(04

) Active protein function . RNA

© Inactive protein function . Disease

related
or not

="

-V? ®jor|®

PPI network RNA-Disease association network

C Given some real molecular graphs

XtCHEhel =2 2023 Special Summer Internship || Variational Quantum Algorithms: Challenge or Excuse ||



Graph Neural Network

Graph Neural Network

* Bio Chemical Graphs

Graph surrounding an atom

T~ @© Center Atom

Hop-N

Readout

“Seen”
O Active Atoms Neighbors
Inactive Atoms

Propagation Pooling
Node feature 3 " Q¥ o
i e Ehe o @

Edge feature e,,-‘/’\ - . -

o @ ©

Multi-head Attention

—

— Attention Intensity

C

Attention DropOut

Updated
Node feature

LSTM / e v
Residual link Edge feature

GNN Layer

(+1
)

2L
1t
EE
=
el
2
°Q
81t
o
2
/ Count
et Hso
’
=3 0
83 -2 -1 0 1 2

Target In(D2,,)

[1] Wang, Q,, & Zhang, L. (2021). Inverse design of

glass structure with deep graph neural networks.

Nature communications, 12(1), 5359.
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- GNN2| HE|
o =5 Ho=Z 81 convolution 3 activationg AN s}

Graph Regularization, Graph
convolutions e.g., dropout convolutions

Activation
function

Output: Node embeddings Also,
we can embed larger network
structures, subgraphs, graphs

[1] Zhou, J., Cui, G, Hu, S, Zhang, Z., Yang, C, Liu, Z, ...
& Sun, M. (2020). Graph neural networks: A review of
methods and applications. A/ open, 7, 57-81.

nejofstm XS =2 2023 Special Summer Internship || Variational Quantum Algorithms: Challenge or Excuse ||



Graph Neural Network

Graph Neural Network

GNNO| '<‘5=IEH
- TS goR g
o

# 3t Convolutiong +H
'31, Task2l Graph @ 2H0] kA

JUESSE (0RO (APDE B ZIAIRA
| SHTAY H

R R Mo SRS U

K

A ﬁxﬂ

olSLo] aﬂr 3940|3l

[11 Zhou, J., Cui, G, Hu, S, Zhang, Z., Yang, C, Liu, Z, ...
& Sun, M. (2020). Graph neural networks: A review of
methods and applications. A/ open, 7, 57-81.
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« GNNZ2| 4 Pipeline

’
1
1
R
T Y \
1 Sampling Pooling b
\ Operator Operator
\ N ——— e N— e /
Input e Output
Node Loss Function
Embedding
GNN GNN
|:> L - L - e = |:> Edge I:> Training Setting Task
A BRI Embedding * Supervised * Node-level
* Semi-supervised * Edge-level
Graph ¢ Unsupervised ¢ Graph-level
— — Embedding
1. Find graph structure. 4. Build model using computational modules. 3. Design loss function.

2. Specify graph type and scale.

[11 Zhou, J., Cui, G, Hu, S, Zhang, Z., Yang, C, Liu, Z, ...
& Sun, M. (2020). Graph neural networks: A review of
methods and applications. A/ open, 7, 57-81.
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« GNNZ2| Computation Module
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GraphSEN

Tree LSTM
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GCN

gPool

GCN

PATCHY-
SAN

NLNN

SSE

Graph LSTM

CLN

AGCN

LGCN

GN

LP-GNN

Sentence
LSTM

DeepGCN

Different variants of recurrent operators.

Variant Aggregator Updater
GGNN B, = S h1+b # = o(W*h,, + Uh{)
ket r, = o(Wh',, + UBS™)
b = tanh(Wh!,, + U(r, oh% ™))

1
B o= (1-2z)oh+ 2 ohn

Tree LSTM he,
(Child sum)

Tree LSTM (N-ary)

Graph LSTM in
(Peng et al., 2017)

= ;‘ Uit i, = o(Wix{ + 1 +b)

£ = o(Wx, + %, +b)

o), = o(Wx}, +h%9, +1b°)

u}, = tanh(W¥x + h%, -+ b")

¢ =iou+ T oq!
KTy

h;, = o}, ® tanh(c})

P> Unoahi !
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« GNNZ2| Computation Module
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. ‘ DCRNN STGCN Structural- ST-GCN
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y  Dynamic Foomoomoommmsees
1
""""""" ’ DGNN EvolveGCN
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(CTTTTTEETE 1
| large Graph r==-=-=======-==----. APPNP ProPPR
oo J
(e GAE/VGAE ARGA/ARVGA MGAE GALA
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! Encoder 1
Unsupervised Smmmmmmees ’ AGE
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1

Model

GGNN (2015)
Neurals FPs (2015)
ChebNet (2016)
DNGR (2016)
SDNE (2016)
GAE (2016)
DRNE (2016)
Structural RNN (2016)
DCNN (2016)
GCN (2017)
CayleyNet (2017)
GraphSage (2017)
GAT (2017)

CLN (2017)

ECC (2017)
MPNNs (2017)
MoNet (2017)
JK-Net (2018)
SSE (2018)

LGCN (2018)
FastGCN (2018)
DiffPool (2018)
GraphRNN (2018)
MOolGAN (2018)
NetGAN (2018)
DCRNN (2018)
ST-GCN (2018)
RGCN (2018)
AS-GCN (2018)
DGCN (2018)
GaAN (2018)

DGI (2019)
GraphWaveNet (2019)
HAN (2019)
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o X()-” A—I x-l % oz I:él— ey ( 201 9) Quantum Graph Neural Networks

Guillaume Verdon ‘Trevor McCourt
X, The Moonshot Factory Google Research

—t
R O M 2 Mountain View, CA Venice, CA
) Fa onvolution= Srorionec-vomn
O N F Enxhell Luzhnica, Vikash Singh,
Stefan Leichenauer, Jack Hidary
f— = X, The Moonshot Factory

Mountain View, CA

. O O
« Convolution 7|HE &
ASHS AL L
eligh = Q1= VQA 7| HE _

 37tX|2] Model A|2t
* Quantum Graph Recurrent Neural Networks (QGRNN) it Qo Nord i s

have a graph structure, and are particularly suitable to be executed on distributed
quantum systems over a quantum network. Along with this general class of ansatze,
. we introduce further specialized architectures, namely, Quantum Graph Recurrent
° Qu a ntu m G ra p h C O nvol u tl O n a I N e u ra I N etWO rks Neural Networks (QGRNN) and Quantum Graph Convolutional Neural Networks

(QGCNN). We provide four example applications of QGNNs: learning Hamiltonian

dynamics of quantum systems, learning how to create multipartite entanglement in

2 quantum network, unsupervised learning for spectral clustering, and supervised
learning for graph isomorphism classification.

* Quantum SpectralGraph Convolutional Neural -
Networks (QS GCNN ) Yaratons Qutum Aot v o promiin css o sttt e gy o

encountered in deep learning, these parameterized quantum circuits are often referred to as Quantum
Neural Networks (QNNs). Recently, it was shown that QNN that have no prior on their structure
e suffer from a quantum version of the no-free lunch theorem [4] and are exponentially difficult to

A [e) H — train via gradient descent. Thus, there is a need for better QNN ansatze. One popular class of

[ ) a S p— QNN has been Trotter-based ansatze [2, 5]. The optimization of these ansatze has been extensively
I (e} o studied in recent works, and efficient optimization methods have been found [6, 7]. On the classical

side, graph-based neural networks leveraging data geometry have scen some recent successes in

deep learning, finding applications in biophysics and chemistry [8]. Inspired from this success, we
propose a new class of Quantum Neural Network ansatz which allows for both quantum inference

° %':X|'7:” 9| Hamiltonoan dynamics% 6—?? e e e b G, S o s i
o UK} HEKIO multipartite B2 MY

 Clustering (unsupervised)

« Classification (Graph Isomorphism)

2Lt m ARICEHA F2 2023 Special Summer Internship || Variational Quantum Algorithms: Challenge or Excuse || 13



Quantum Recurrent Graph Neural Network .

Qunatum Recurrent Graph Neural
Network

[1] https://pennylane.ai/qml/demos/tutorial_qgrnn

* Learning Quantum Hamiltonian Dynamics w/ RNN

- OlH EF3 Oafj=of AHEE Ising Hamiltonians return ot A& S5O =2

oo

« DHEl low-energy state?t THESH AT O A 2| state”} input

QGRNN Layer

RZZ RZ RX ==
|Yo)———> |P1) —> Gate = Gate =p Gate =——————> SWAP Test =——> ;100
Initial Time Time- e e Layer = JiZ:Z + 3 ey 02,4, v X
state EvoI.ution evolved efsglrle%ftglgd T(tarr]msI from UkeelJiety e SRS )
Unitary low Hamiltonians in the Harr?iltsol:%n
energy
state

def state_evolve(hamiltonian, qubits,
time):

U = scipy.linalg.expm(-1j * hamiltonian
time) gml.QubitUnitary(U, wires=qubits)

low_energy_state =

[ (-0.054661080280306085 + 0.0167139073201740267),
(0.12290003656489545 - 0.037585005911098223),
(0.3649337966440005 - 0.11158863596657455j), (-
0.8205175732627094 + 0.250932319670928773),
(0.010369790825776609 - 0.00317063872626860037),
(-90.02331544978544721 + 0.0071298993001137287),
(-90.06923183949694546 + 0.02116843441037133),
(0.15566094863283836 - 0.047602019162855087),
(0.014520590919500158 - 0.0044418878360784867),
(-9.032648113364535575 + ©.0099885902228791957),
(-90.09694382811137187 + 0.029655794576205367),
(0.21796861485652747 - 0.066687766584110197), (-
0.0027547112135013247 + 0.00084262893226529017),
(0.006193695872468649 - 0.00189484189693905997),
(0.018391279795405405 - 0.0056257229940091387),
(-9.041350974715649635 + 0.0126507116022656497), ]

QGRNN ansatz

4

Optimizer(Adam) < Cost Function

def ggrnn_layer(weights, bias, qubits, graph,
trotter_step):

def swap_test(control, rng =
registerl, register2):

np.random.default_rng(seed=42)

def cost_function(weight_params,
for i, edge in enumerate(graph.edges): bias_params):
gml.MultiRz(2 * weights[i] * trotter_step,

wires=(edge[@], edge[1]))

gml.Hadamard(wires=control)
for regl_qubit, reg2_qubit in
zip(registerl, register2):
gml.CSWAP(wires=(control,
regl_qubit, reg2_qubit))
gml.Hadamard(wires=control)

# Randomly samples times at which the QGRNN
runs times_sampled = rng.random(size=N) *
for i, qubit in enumerate(qubits): gml.RZ(2 * max time
bias[i] * trotter_step, wires=qubit) -
# Cycles through each of the sampled times
and calculates the cost total_cost = 0 for
dt in times_sampled: result =

ggrnn_gnode (weight_params, bias_params,
time=dt) total cost += -1 * result

for qubit in qubits: gml.RX(2 * trotter_step,
wires=qubit)

return total_cost / N
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Network

QGRNN Layer

RZZ RZ RX %4
o) s ) — ot = e > e > swr Tt —— Hrarger
e Layer Layer Layer s s A o
Initial | Time- = liineel jkliZic + 2 vZy+hvey Xj
sntlaltae Evolution evlolved ef;;:e?wftitahtid Terms from 2ompcel 2%+ dver Ot Zver
; ponentiat the Ising
Unitary low Hamiltonians in the Hamiltonian
energy QGRNN ansatz
state
1 Optimizer(Adam) Cost Function
* Input
e Initial state = CI2 LS 3| Classic dataE Quautum Data@4!(0F2f)S = O|2| B =ts|of
oEI-
- state evolve &5 0|24l Y, & At
low_energy_state = def state_evolve(hamiltonian, qubits, time):

[ (-0.054661080280306085 + 0.0167139073201740267),
(0.12290003656489545 - ©.037585005911098223j),
(0.3649337966440005 - 0.11158863596657455j), (-
0.8205175732627094 + 0.250932319670928773),
(0.010369790825776609 - 0.00317063872626860035), (-
0.02331544978544721 + ©.007129899300113728j), (-
0.06923183949694546 + 0.02116843441037137),
(0.15566094863283836 - 0.0476020191628550875),
(0.014520590919500158 - 0.0044418878360784863j), (-
0.032648113364535575 + ©.009988590222879195j), (-
0.09694382811137187 + 0.029655794576205363),
(0.21796861485652747 - ©.066687766584110195), (-
0.0027547112135013247 + 0.000842628932265290175),
(0.006193695872468649 - 0.00189484189693905997),
(0.018391279795405405 - 0.0056257229940091383), (-
0.041350974715649635 + 0.0126507116022656497), ]

U = scipy.linalg.expm(-1j * hamiltonian * time)
gml.QubitUnitary(U, wires=qubits)
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QGRNN Layer

-~

RZz
|l/)0)_’ |¢T>—} Gate =P Gate =P Gate = SWAP Test =) Htarget

RZ RX
) Layer Layer Layer
Initial Time Time-
state EvoI.ution evolved engg:ecr)wftita}id T(te;]msl, from
Unitary low Hamiltonians in the Hanfilti)l:%n
energy QGRNN ansatz

state *

« QGRNN Layer

= YimeedikZiZic + Lvey QvZy+yer X;

l

Optimizer(Adam) Cost Function

- RZZ, RZ, RX GateE =AMLHE B &5 Target Hamiltoniang A4ttt

def ggrnn_layer(weights, bias, qubits, graph, trotter step):

# Applies a layer of RZZ gates (based on a graph)
for I, edge in enumerate(graph.edges): gml.MultiRz(2 *
weights[i] * trotter_step, wires=(edge[@], edge[1l]))

# Applies a Layer of RZ gates
for i, qubit in enumerate(qubits): gml.RZ(2 * bias[i] *
trotter step, wires=qubit)

# Applies a Layer of RX gates
for qubit in qubits: gml.RX(2 * trotter step, wires=qubit)

def ggrnn(weights, bias, time=None):

gml.QubitStateVector(np.kron(low energy state,
low _energy state), wires=regl + reg2)

state_evolve(ham_matrix, regl, time)

depth = time / trotter_step

for _ in range(9, int(depth)): ggrnn_layer(weights, bias,
reg2, new_ising graph, trotter_step)

swap_test(control, regl, reg2)

return gml.expval(gml.PauliZ(control))
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Network

QGRNN Layer

RZZ RZ RX Iy
|1/)o)—> |1/JT> m—) Gate = Gate = Gate =————————) S\WAP Test Htarget
- Layer Layer Layer
Initial Ime Time- =Y oee)inliZie ¥ ey QuZy+Y oy Xi
state  Evolution evolved efsgze?ulctitaﬁd Terms from e e
. he Isi
Unitary low Hamiltonians in the H;nf”tsoI:%n
energy QGRNN ansatz
state 4 o .
Optimizer(Adam) Cost Function
« SWAP Test
« Target Hamiltonian
def swap_test(control, registerl, register2): Tal’get |n|t|a| Learned
02 46 8101214 02 46 8101214 0246 8101214

gml.Hadamard(wires=control) for regl_qubit, reg2 qubit in zip(registerl,

register2): gml.CSWAP(wires=(control, regl_qubit, reg2_qubit)) 0
gml.Hadamard(wires=control) 2
4
6
8
10
12
14
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Network
QGRNN Layer
RzZZ RZ RX ¥

» Layer Layer Layer .. R -

Initial Ime Time- = Yinee) iZiZi + Lyey QuZy+Xyex X;
state  Evolution  evolved exponentioted 1M from
Umtary low Hamiltonians in the Hamiltoni%:m

energy QGRNN ansatz

state *

« Cost Function and Optimizer Loop

rng = np.random.default_rng(seed=42)
def cost_function(weight_params, bias_params):

# Randomly samples times at which the QGRNN runs times_sampled =
rng.random(size=N) * max_time

# Cycles through each of the sampled times and calculates the cost total_cost
0 for dt in times_sampled: result = ggrnn_gnode(weight_params, bias_params,

time=dt) total_cost += -1 * result

return total_cost / N

Optimizer(Adam)

Cost Function

ggrnn_dev = gml.device("default.qubit", wires=2 * qubit_number + 1)
ggrnn_gnode = gml.QNode(qggrnn, ggrnn_dev, interface="autograd")

steps = 300

optimizer = gml.AdamOptimizer(stepsize=0.5)

weights = rng.random(size=len(new_ising graph.edges), requires_grad=True) - 0.5
bias = rng.random(size=qubit_number, requires_grad=True) - 0.5

for i in range(©@, steps):
(weights, bias), cost = optimizer.step_and_cost(cost_function, weights, bias)

Weights Biases

Target parameters Learned parameters Target parameters Learned parameters

0.56 0.5988034096092802 -1.44 -1.4067983643944135
1.24 1.3483865512005315 -1.43 -1.3529638627173872
1.67 1.7862070648455897 1.18 1.0349129419830776
-0.79 -0.8425475506159242 -0.93 -1.0635874966599637
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