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Motivation For Quantum GANs & Quantum Self-Attention

Why GANSs:
e Simulation of particle transport through matter is fundamental for understanding the physics of High Energy Physics (HEP)

experiments
e Most of LHC CPU budget (~ 1M CPU-years!!!) is dedicated to Monte Carlo simulation
e Faster approach: Replace Monte Carlo simulation with deep learning algorithms (e.g. GANS)
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Why QGANSs:
e compressed data representation in quantum states
Generator > Sample §

e expect faster training with less number of parameters
e potential advantage of Quantum GANI

Jojelauas

Random input

Explore different prototypes of Quantum GANSs to improve model
e Quantum Self-Attention in Classical GANs to boost performance in hybrid architecture
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Query, Key, Value concept analogous to retrieval systems
. . Example: When you searching for videos on YouTube’s search engine
Classical Self-Attention P Y 0 0

e search engine maps the Query (text in the search bar) against Keys

e Keys: descriptors (video title, description, etc.) of YouTube videos

Input Learning e search engine returns the best matched videos (Values)
Embedding x | | | | | W2
1
X ] X = %
Queries q, We A !
WK
) " We, WK, WV
eys k X =
: > learned ¢ X k,
matrices
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Values V4 WV
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Classical Self-Attention

Input Learning Machines

Embedding x 1] x LT 1]
1 2

Adding more words adds
Queries q, q, We more resulting vectors
(while using the same
learned matrices)

Keys Ky K, WK
For now, let’s only
consider 2 words as our
iInput: “Learning Machines”
Values vV, Vs WV
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Classical Self-Attention

Input Learning Machines
Embedding x x
1 2
Queries d, d-
Keys K4 K,
Values V4 Vs
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Classical Self-Attention

Input Learning Machines
Embedding x LT 1] x
Queries 1 d, 2 d.
Keys k, K,
Computing
output for the values . .
word Learning Score q11°1k21= a;* k=96
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dyey = dimension of key vector
o Leads to more stable gradients

Classical Self-Attention o Hyperparameter (1)
_ o Other values may be used
Input Learning Machines 1
Embedding x x
| 1 2 Velyey = V64 =8
Queries A1 9 (8 is the value used in
Attention Is All You Need (2017))
Keys K4 K,
Computing
Values \Y, Y,
output for the ) )
word Learning Score gk, = g, %k, =96
112
Score == 112 / \/dkey = 96 / \/dkey =12
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dyey = dimension of key vector
o Leads to more stable gradients

Classical Self-Attention o Hyperparameter (1)
_ o Other values may be used
Input Learning Machines 1
Embeddi
mbedding x LT 1] x \/dkey:\/64:8
1 2
Queries 4 92 (8 is the value used in the
original self-attention paper)
Keys K, K,
Computing
Values \Y; Y,
output for the ' ‘
word Learning Score gy Ky = Gk, =96
112
Score == 112 / Vg = 96 / Vdyg, = 12
\/dkey 14
Softmax s, =0.88 s,=0.12
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dyey = dimension of key vector
o Leads to more stable gradients

Classical Self-Attention o Hyperparameter (1)
_ o Other values may be used
Input Learning Machines 1
Embeddi
mbedding x L1 1] x LT 1] Vioy = V64 = 8
1 2
Queries of} d,

(8 is the value used in the
original self-attention paper)

Keys K, K,
Computing
Values Y Y,
output for the ' ‘
word Learning Score gy Ky = Gk, =96
112
Score == 112 / Vg = 96 / Vdyg, = 12
Ve 14
Softmax s, =0.88 s,=0.12

Softmax-Vaie  m,=s,+v, - I  m,=s,-v. - EINNR
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dyey = dimension of key vector
o Leads to more stable gradients

Classical Self-Attention o Hyperparameter (1)
_ o Other values may be used
Input Learning Machines 1
Embeddi
mbedding x L1 1] x LT 1] Vioy = V64 = 8
Queries 4 92 (8 is the value used in the
original self-attention paper)
Keys K, K,
Computing
Values \Y \%
output for the i ’
word Learning Score Gy Ky = Gk, =96
112
Score == 112 / Vg = 96 / Vdyg, = 12
\/dkey 14
Softmax s, =0.88 s,=0.12
Softmax « Value m;=s;°Vv, g | | | m2282°V2=-
Sum Z;=myg+m,=

QUANTUM
) TECHNOLOGY
Z INITIATIVE



dyey = dimension of key vector
o Leads to more stable gradients

Classical Self-Attention o Hyperparameter (1)
_ o Other values may be used
Input Learning Machines 1
Embeddi
mbedding x L1 1] x LT 1] Vioy = V64 = 8
1 2
Queries of} d, _ _
(8 is the value used in the
original self-attention paper)
Keys k1 k2
This is only for
Values Y Y,
the word i ’
Learning! Score q; 0k, = g, k, =96
112
Sfi})re + 112 / Vg = 96 / Vdyg, = 12
dkey 14
Softmax s, =0.88 s,=0.12
Softmax « Value m;=s;°Vv, g | | | m2282°V2=-
Sum Z;=myg+m,=
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Classical Self-Attention

Input Learning Machines

Embedding x x LT 1]

1 2
Queries d, d,

Keys k | k ;

Doing this for
the word
Machines iIs Score

just as easy Score ==
Ve
Softmax

Values V4 Vv,

Creating a score
with the query
from Machines

Summing over
each m from the
new values

Softmax ¢ Value

Sum
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Classical Self-Attention: Another Look

output #1

|

multiplication | 00 | 0.0 [ 0.0 | multiplication | 1.0 | 40 | 00 | — multiplication | 1.0 | 3.0 | 15 | —

; r r
. Em [ . @ . E
!

input #1 input #2 input #3
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Quantum Self-Attention 0 RO HAG HA

% 10) — Ra(02) H R () HA o
— Y1
Input Learning 1 0) —{Re(09) [H R:(00) HA
10) —{ R (00) H B (00)
Embedding x | | | | |
1
0 —{Ro0) HE-lo0 HA .\ WK
o
Queries o o R HEGHA We 10) —| Bal02) H B2 (1) HA]
) R-(04)
We, WK, WV i 0 {RC HReHA _ <
learned 0 AR HR: (0
[0) R.(61)
Keys k |0> WK m_a_tFi_eeS IU)‘|R2(94)HR2(¢4)|_|iI
: 0 {EGI e HA
) R-(04)
quantum WV
I . l 0 R.(0 R,
R circuits! |>j| (I)E (@) HA
0 ) e 0) — Ra(62) [ R:(62) HA
Values Vl [0) —f R (03) (H R-(03) WV X | | | | | >< 2 2 — VvV
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Multi-Head Attention

Input Learning
Embedding x [ | | ||
Attention Head #0 Attention Head #1
oueries O, we o, B WAS
Keys K, WK > Z, K, W K > Z,
Values V WOV \Y

0 / 1

QUANTUM
CERNJJ IQ ) TECHNOLOGY
\ INITIATIVE




Multi-Head Attention

Concatenate 7 from each attention head:

Z Z Z i ) :
0 ' ’ Multiply Resulting matrix 2
+ + ... + concatenated 7’s contains information
\ J with Ie_arned from all attention
Y matrix \/\/° heads
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Efficient Multi-Head Attention

: : K
Stacking words results in a Wo Qo

v
larger matrix Wo Ko
‘[ Vo

Allows for representing each
input as a (larger) matrix

W,
W-|K y Q'lK
Learning A s E Vs
Machines
W-Q
WK Q-

W7V F K<,7
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CERN Quantum Technology Initiative
Accelerating Quantum Technology Research and Applications

Thank You!

H T

oy,

In <50 epochs, we get Dr. Sofia Vallecorsa
(preliminary) results

with MNIST dataset!

Dr. Michele Grossi

Com‘riutational Resources:
o0, CERN

“1;= openlab
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Questions?
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