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Overview

Qubit Type Pros/Cons

Pros: High gate speeds and
fidelities. Can leverage standard
lithographic processes. Among
first qubit modalities so has a
head start.

Superconducting Cons: Requires cryogenic

cooling; short coherence times;
microwave interconnect
frequencies still not well
understood.
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Origin Quantum

[Quantum Circuits, Inc

Pros: Extremely high gate
fidelities and long coherence
times. Extreme cryogenic
cooling not required. lons are
perfect and consistent.

Trapped lons Cons: Slow gate times/
operations and low connectivity
between qubits. Lasers hard to
align and scale. Ultra-high
vacuum required. lon charges

may restrict scalability.
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Quantum

Pros: Extremely fast gate
speeds and promising fidelities.
No cryogenics or vacuums
required. Small overall footprint.
Can leverage existing CMOS

Photonics fabs:

Cons: Noise from photon loss;
each program requires its own
chip. Photons don’t naturally

interact so 2Q gate challenges.
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Computing

Pros: Long coherence times.

Atom_s are perfect and B ColdQuanta
consistent. Strong connectivity, COMBUTING. AN,
including more than 2Q. External

Neutral Atoms cryogenics not required. atom *‘ \1
Cons: Requires ultra-lhigh computing :f
vacuums. Laser scaling PASQAL
challenging.
Pros: Leverages existing si
semiconductor technology. = ’ flicon
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Silicon speeds. emputing
Spin/Quantum Cons: Requires cryogenics. Q d i ra
Dots Only a few entangled gates to- A q

date with low coherence times.
Interference/cross-talk
challenges.
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Computers

Algorithms

PSPACE
NP-Complete
Efficiently solved
by quantum computers
NP
BQP
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Advantage

Aricke

superconducting processor

Quantum computzhonal advantage using photons
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Programming

© 0

import cirq

# Pick a qubit
qubit = cirg.GridQubit(

# Create a circuit

circuit = cirq.Circuit( .o -
cirq.X(qubit)**a. .5,
cirg.measure(qubit,

)

print("Circuit:")

print(circuit)

# Simulate the circuit
simulator = cirq.Simula
result = simulator.run()
1t("Results:”)
print(result)
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Introduction---IBM Quantum Computer
A e

Development Roadmap | sy IBM Quantum
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Quantum algorithm and application modules

Machine Learning | Natural science | Optimization | Finance

Eagle spre! Condor Flamingo
127 qubits ubits. 1,121 qubits 1,386+ qubits

IBM has ambitious pursuits:
° 433-qubits IBM Quantum Osprey

Readout assignment error v

o Three times larger than the Eagle processor (127-qubits)
° Going up to 10k-100k qubits. ' ’

i i Tl . .
Credited to Thomas Prior for TIME Now, IBM provides up to 127 qubits for free.

CNOT error v

Avg 1.208e-2

v
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https://time.com/6249784/quantum-computing-revolution/?utm_source=twitter&utm_medium=social&utm_campaign=editorial&utm_term=tech_security&linkId=198703144

Overview

Quantum Information Science

Quantum
computing

2024/10/15 Qiyu Sha qgsha@cern.ch



Outline of today
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Quantum transformer

» Quantum Transformer:
» At the core of any Transformer sits the so-called Multi-Headed Attention.

» We apply three different linear transformations Wy, Wk, and Wy, to each

element of the input sequence to transform each element embedding into
some other internal representation states called Query (Q), Key (K)

and Value (V). These states are then passed to the function that calculates
the attention weights, which is simply defined as:

QK"
vy,

» To promote the Transformer from the classical to quantum real, one can
simply replace the linear transformations Wy, Wy, and Wy, with variational

guantum circuits.

Attention(Q, K, V) = softmaxy( )V

Qutput
Probabilities

Softmax
| Linear l
s ™\
Add & Norm
Feed
Forward
4 ™\ Add & Norm
=
Feed Aftention
Forward I I
.
N Add §‘ Norm
Add & Norm eS|
< ulti-Head \u) Multi-Head
L Aftention |4 Attention
A } At
L y, \. — )
Positional @_@
Encoding s>
Input Qutput
Embedding Embedding
Inputs Cutputs
(shifted right)

Positional
Encoding

Figure 1: The Transformer - model architecture.
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Code detall

Quantum transformer: (This code following here)

> The MultiHeadAttentionQuantum block

» Change the linear transformations.

class MultiHeadAttentionClassical(MultiHeadAttentionBase):
def _ init_ (self,
embed_dim: int,
num_heads: int,
dropout=8.1,
mask=None,
use_bias=False):

super(MultiHeadAttentionClassical, self)._ init_ (embed_dim=embed_dim, num_heads=num_heads, dropout=dropout, mask=mask, use_bias=use_bias)

= nn.Linear(embed_dim, embed_dim, bias=use_bias)
self.g_linear = nn.Linear(embed_dim, embed_dim, biss=use_biasz)
self.v_linear = nn.Linear(embed_dim, embed_dim, biss=use_biasz)
self.combine_heads = nn.lLinear(embed_dim, embed_dim, bias=use_bias)
f.head_dim = embed_dim // num_heads

def forward(self, x, mask=None):
batch_size, seq_len, embed_dim = x.size()
gzsert embed_dim == self.embed_dim, f"Input embedding ({embed_dim}) does not match layer embedding size ({self.embed_dim})"

K = self.k_linear(x)
Q = self.q_linear(x)
Vo= self.v_linear(x)

% = self.downstream{Q, K, V, batch_size, mask)
output = self.combine_heads(x)

return output

self.n_qubits = n_gubits
self.n_glayers = n_glayers
self.g device = g_device
self.head_dim = embed_dim // num_heads
if "qulacs' in g_device:
self.dev = gml.device(g_device, wires=self.n_gubits, gpu=True)
g£lif 'braket' in g_device:
self.dev = gml.device(g_device, wires=self.n_gubits, parallel=True)
else:
self.dev = gml.device(g_device, wires=self.n_qubits)
def _circuit{inputs, weights):
for i in range{n_gubits):
gml.Hadamard(wires=1)
gml.AngleEmbedding(inputs, wires=range(n_gubits))
gml.BasicEntanglerLayers{weights, wires=range({n_gubits))

return [gml.expval(gml.PauliZ{wires=1i}) for i in range(n_qubits)]

e —_—

i

,f”EEIF.qlayer = gml.QNode{_circuit, self.dev, interFace="tc;:;:;h‘““‘w\

\“uaiglF.weight_shapes = {"weights": {n_qlayers, n_qubits)} J,,ff/
Sl P

——— ——

#draw plots
weights = np.random.random{[n_glayvers, n_gubits])
¥ = np.rendom.rand(6)

print{gml.draw(self.qlayer, expansion_strategy="device"}(¥,weights))

print(f"weight_shapes = {(n_glayers, n_qubits) = {{n_glayers}, {self.n_qubits})")
_—'—'__'_——_— —_——_—__\—_

self k-timEar = gml.gnn.TorchLayver(self.glayer, self.weight_shapesl——1_

self.g_linear = gml.gnn.Torchlayer(self.glayer, self.weight_shapes)

self,v_linear = gml.gnn.Torchlayver({self.glayer, self.weight_shapes)

ine_heads = gml.gnn.Torchleyver{self.glayer, self.weight_sh
S gttt
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https://github.com/shaqiyu/Quantum_transformer/blob/main/Qtransformer.py
https://arxiv.org/pdf/2110.06510.pdf
class MultiHeadAttentionQuantum(MultiHeadAttentionBase):

Quantum transformer model

» We make use of Xanadu’s PennyLane quantum machine learning library to add quantum layers.

» Add a function to the class and performs the quantum calculation (with a circuit) .

» Wrap this circuit with a “QNode” to tell TensorFlow how to calculate the gradient with the parameter-shift
rule.

Using quantum device default.qubit
) —H—RX(0.28)—RX(6.94)—( ® ——x
: —H—RX(0.58)—RX(0.01)—"X— |.—

AT
il

LA
o

: —H—RX(0.42)—RX(0.41) ,-=:—|-.7
: —H—RX(0.25)—RX(0.60) |.—
: —H—RX(1.00)—RX( @,4?}—

: —H—RX(0.48)—RX(0.18)

LT T
o

» Finally, we create a KerasLayer to handle the I/O within the hybrid neural network.(W,, Wk, and Wy)
Other part is same as the classical transformer.

» https://github.com/shagiyu/Quantum_transformer
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https://pennylane.ai/qml/glossary/parameter_shift
https://github.com/shaqiyu/Quantum_transformer

Quantum transformer

» The dataset we used now is the CEPC MC sample

» ete” - ZH — qqyy (signal)and ete™ — (Z/y*)yy (background)
» Simulator: Pennlylane default device.
» Time consuming: O(n), ~80 mins in CPU for 10k dataset with one epoch and one block(Q _layer).

» Current results (Use CPU): ~76% acc on validation dataset both in Quantum transformer and
classical transformer in 20k dataset (10k train, 10k val).

[ 1 R e P P P O A . R, 5 P .27 A A, P P B P P P A
. o E
> Quantum: EEENIE § "
Info in <TCanvas::Print=: pdf file ./plot/ROCs/ROC_10000_train.pdf has been created -g’—J. 0-9:
Info in <TCanvas::Print=: pdf file ./plot/ROCs/ROC_10000_val.pdf has been created _; 08:
Epoch: 88 | Epoch Time: 140m 18s € r
Train Loss: 0.510 | Train Acc: 76.24% o 073
Val. Loss: 0.500 | Val. Acc: 76.52% 2
Q L
©
. o 0.6:
» Classical: 05t
— 0.4
Epoch 10/10 F
Info in -« vas pdf file ./plot/R rain_Classical.pdf has been created 0.3F
Info in <TCanvas::Print>: pdf file ./plot al_Classical.pdf has been created F
Os 0.2 Quantum Transformer (AUC = 0.844°)
| Train Acc: 76 F Transf AUC = 0.861 |
7 | val. Acc: 77.66% 0_1;, ------- | rans:ormer:( :=0. : ) |
0 0102 03 04 05 06 0.7 08 09 1

Signal efficiency
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Quantum transformer

@ Zc(3900) decay chain
ete™ — Zc(3900)* 7T
Zc(3900)* — J/¢pnt
J/p —ete (ptu”)

Preliminary Selection
@ Four good tracks, zero net charge

o m p<1Gev/c
@ lepton :p > 1 Gev/c

e Signal MC sample (BOSS 7.0.3) o e: p>1Gev/cand Eguc > 0.8GeV
o 4: p>1Gev/cand Egyc < 0.6GeV
decay tree decay model e The number of pions and leptons should be two in each event with
ete” — ZC(3900):|:7T$ PHSP zero net charge.
ZC(3900):|: N J/wﬂ'i PHSP o Epymc > 1.1 GeV identified as e
o o Erpec < 0.35 GeV identified as p
J/—ete (up™) VLL

@ remove gamma-conversion background

e Data Samlpe (BOSS 7.0.3) o cos(mtm) < 0.98

4.260 GeV Data at BESIII of 2013 o cos(mtef) < 0.98
sample luminaance  center-mass energy Run number
29677-30367
31561-31981

4260  828.4+£0.1+£5.5 4257.97+0.04+0.66
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Quantum transformer

Model : Quantum Transformer
Parameter Set:17 variables

o 7, E,x?(4C kinematic Fit)
Signal : Signal MC
Background is form data :
M(I+17) € (0,3.06) | J(3.14,5) GeV/c?
Date Set :

Training and Validation Data

0.55 1

0.50 4

0.45 A

0.40 A

Value

0.35 A

0.30 A

0.25 1

0.20 4

—— Train Data
—— Validation Data

o 20k events(10k for train, 10k for validation)

e 8 epochs
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Background rejection

1.0

0.8 1

0.6

0.4 1

0.2 1

0.0
0.0

ROC Curves

N

—— Transfromer Train(AUC = 0.971)
—— Transfromer Validation(AUC = 0.976)

0.2 0.4 06 08 1.0
Signal efficiency




Transformer

Training and Validation Data 10 ROC Curves
—— Train Data A
@ Model : Transformer — valgaton Dao
0.8 1
. 1 0.35
@ Parameter Set:26 variables .
? max s gos
E,p,0 v 0 N, . E § 0301 :
° sy By Py Uit nF, Ut =y Ut r— 5 Ny, ~ A 2
3 0.25 1 :?2‘ 041
<
&
0.20 0.2
wanf- =3 - £ - = o~ —— Transfromer Train(AUC = 0.982)
= = F s - e £ 0.15 1 —— Transfromer Validation(AUC = 0.982)
| i E ok - 3 S T T T T T T 0.0 T : : :
wt ot 2 o o B e 0 10 20 30 40 50 0.0 0.2 0.4 0.6 0.8 1.0
=l a3 - e - S Epoch Signal efficiency
3 = = [ E“;:c E 3
F - i wf " E g W0 Apply Model
- e po S R S —
i} - £l - 1~ & § ———
! e Sy & 09 5 i
e = i ; il
2 08 ] i
i 3 - =F - - 3 : ; [ cata_cony |
k. = - wanf L i £ 9 07 _ wf — Signal Joe0
e o E - -3 » § E £ § 06 ] F ‘:@'nw—‘_ Data 08313
fo i = i - . - ) SRS R NS SRR SN SR S wf
- - - -t - o - 05 v TF
i i s F
g - —r F o . 8 sof-
oz R — T e 03 7w
52 ™ § ok T : s: o 0.2F & 30;
b - . - i 3 Jom Transformer (AUC = 0.968 ) 5
3 - =t - - " - " 0'1A ranstormer 20 _¥+
"k "k A'E (1] il 15 5 5’ 1 | | l Il 1 | 1 105_
Eive Cb 01 02 03 04 05 06 07 08 09 1 0, L
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Signal : 60789
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