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Generative Machine Learning
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Generative Machine Learning

Image Generation Molecular Discovery Time-Series Simulation Anomaly Detection
Ground Truth
DA-RNN
- anomalous
thispersondoesnotexist.com De Cao and Kipf, arXiv:1805.11973 Qin et al., arXiv:1704.02971 Schlegl et al., IMPI 2017

Natural Language Processing

Please make a witty joke about quantum generative models.

Sure, here's a witty joke about quantum generative models:
Why did the quantum generative model enroll in a comedy class?

Because it wanted to generate laughter in multiple parallel universes
simultaneously, leaving no joke unappreciated!
ChatGPT, OpenAl

21.11.2023 Trainability of QGM - QTML 2023 - Manuel Rudolph




Quantum Circuit Born Machine (QCBM)

Probability for each sample:

®o...0
2000 = | pry v, |’ wy=| %
= |(x|U(6)]0)|2 a4
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Quantum Circuit Born Machine (QCBM)

Probability for each sample:

®o...0
10O = | pry x|’ wy=| %
= [(x|U(6)]0)]2 a4

0.121

0.10

0.08

~
\>.</ 0.06
n¥
0.

.02

Target 000 THEEo——.-.—.

distribution X
QCBM
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Quantum Circuit Born Machine (QCBM)

Probability for each sample:
p...0
(04
96 (0) = |y, | [y = "%
= [(x|U(8)]0)| a1

A deeper circuit gives more flexibility!

I quantum model 0.14
0.12 B training set
0.12
0.10
0.10
0.08
7 0.08
fg =
— 0.06 — 0.06
=, QL
0. 0.04
02 0.02
0.00

_Target 2 AR s -
distribution X

QCBM

A ...
X

21.11.2023 Trainability of QGM - QTML 2023 - Manuel Rudolph



Explicit and Implicit

Explicit Models have access to gq(x) in polynomial time.

Implicit Models
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Explicit and Implicit

Explicit Models have access to gq(x) in polynomial time.

Implicit Models only have access to samples from gg(x).
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Explicit and Implicit

Explicit Models have access to gq(x) in polynomial time.

» Autoregressive models (RNNs, Transformers)
» Tensor Networks without loops (MPS, TTNSs)

Implicit Models only have access to samples from gg(x).
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Explicit and Implicit

Explicit Models have access to gq(x) in polynomial time.

» Autoregressive models (RNNs, Transformers)
» Tensor Networks without loops (MPS, TTNSs)

Implicit Models only have access to samples from gg(x).

» Generative Adversarial Networks
* Diffusion models
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Explicit and Implicit

Explicit Models have access to gq(x) in polynomial time.

» Autoregressive models (RNNs, Transformers)
» Tensor Networks without loops (MPS, TTNSs)

Implicit Models only have access to samples from gg(x).

* Generative Adversarial Networks
» Diffusion models
* Quantum algorithms (QCBMs, QGANs, QBMSs)
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Explicit and Implicit

Explicit Models have access to gq(x) in polynomial time.

» Autoregressive models (RNNs, Transformers)
» Tensor Networks without loops (MPS, TTNSs)

Implicit Models only have access to samples from gg(x).

Explicit Losses are defined via probabilities

Ve

2.J (b(), Go(x))

14

\§

Explicit

~

J

* Generative Adversarial Networks
» Diffusion models
* Quantum algorithms (QCBMs, QGANs, QBMs)

21.11.2023
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Implicit Losses are defined via samples

-

implicit

E [9(z,y)]

~




Explicit Losses

Explicit
>_f (0(), Go(x))

T

\ J
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Explicit Losses

Explicit
2.f (p(x),Go())

T

\ J

KL Divergence

£12(0) = 3 oot (15

xzeX

Reverse KL Dlvergence

Erev—KLD Z e :B) log( ( ) )

reX

Jensen-Shannon Divergence

£8P (g) = Z [p(:s) log (p(m)pfgq)g(m)) "

xcX

()
() log (p(fv;}i qo (m)) ]

Total Variation Distance
LYPO) = |p(x) - go(x

xeX
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Explicit Losses

Explicit
>_f (B(x), o (x))
g J 4
KL Divergence £
ﬁKLD )1 ( ()) ,;.g.
= 5 =~

qer(flc

hh.

Reverse KL Dlvergence

Erev—KLD Z e :B) log( ( ) )

reX

Jensen-Shannon Divergence

£8P (g) = Z [p(:s) log (p(m)pfgq)g(m)) "

xcX
()
%0() log (p(fv;}i qo (m)) ]

Total Variation Distance
LYPO) = |p(x) - go(x

xeX
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Explicit Losses

Question: With what probability do we generate a

( ) sample that contributes to the training loss?
Explicit
> f (B(x), do(x))
KL Divergence (@) £ 9(35
KLD _ - P\ g
c (6)—}6;19( ) log (qe(m)) z h h
il

Reverse KL Dlvergence

Erev—KLD Z e :'C) log( ( ) )

reX

Jensen-Shannon Divergence

£8P (g) = Z [10(&3) log (p(m)pia:q)g(m)) "

xcX
()
%0() log (p(fc;klr qo (x)) ]

Total Variation Distance
LYPO) = |p(x) - go(x

xeX
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Explicit Losses

Question: With what probability do we generate a

( ) sample that contributes to the training loss?
Explicit Answer: Without good initialization or inductive bias,
%)f (B(x),do(x)) it is exponentially small!
KL Divergence ._g‘ 9(33
S g5 WL
L.

Reverse KL Dlvergence

Erev—KLD Z e :E) log( ( ) )

reX

Jensen-Shannon Divergence

£8P (g) = Z [p(m) log (p(m)pia:q)g(:c)) "

xcX

()
() log (p(fc;klr qo (x)) ]

Total Variation Distance
LYPO) = |p(x) - go(x

xeX
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Explicit Losses

Question: With what probability do we generate a

( ) sample that contributes to the training loss?
Explicit Answer: Without good initialization or inductive bias,
%)f (B(x),do(x)) it is exponentially small!
KL Divergence %‘ 9(3")
£XUD () = 3 (o) log (22 :

reX

Reverse KL Dlvergence h I_I I

Erev—KLD Z e fB) log( ( ) )

xzeX
301
Jensen-Shannon Divergence
p(x)
£52(0) = 3 [pl@)10g ( ) T - :
a; p(x) + go(x) 3 204 5 qubits
g6 () g 10 qubits -
0 m —o— 15 qubits ;
x)lo ] q :
qe(x) g(p(:l:)+q(9($)) 10{ —e— 20 qubits ° °
Total Variation Dlstance ¢ gg q“l;fts %000
-0 qubits H .
L:TVD 9) Z |p — Q‘Q P on : :
zeX 10" 10' 10° 10° 10* 10° 10°

Number of Measurements
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EXpl |C|t LOSSGS ... ARE NOT TRAINABLE WITH GENERIC MODELS

Question: With what probability do we generate a

( ) sample that contributes to the training loss?
Explicit Answer: Without good initialization or inductive bias,
%)f (B(x),do(x)) it is exponentially small!
KL Divergence £ 9(37
£XUD () = 3 (o) log (22 :

h h
Reverse KL Dlvergence i

Erev—KLD Z e fB) log( ( ) )

xzeX
301
Jensen-Shannon Divergence
p(x)
£52(0) = 3 [pl@)10g ( ) T - :
a;( p(x) + qo(x) 3 204 5 qubits  ©
g6 () g 10 qubits -
0 m —o— 15 qubits :
x)lo ] q :
qe(x) g(p(:l:)+q(9($)) 10{ —e— 20 qubits ° o
Total Variation Dlstance ¢ gg q“l;fts %000
—e— qubits : :
L:TVD 9) Z |p — Q‘Q P on : :
zeX 10" 10' 10° 10° 10* 10° 10°

Number of Measurements
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Implicit Losses

implicit
E [9(=,y)]
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Implicit Losses

implicit
E [g(=,y)]

)

\ J

Maximum Mean Discrepancy

Ly (0) = Ezy~qo [K(x,y)] - 2Ez~go,y~p K (z,y)]

+ [Em,pr[K(a;7 y)] ’
with
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Implicit Losses

implicit
E [g(z,y)]

)

\ J

Maximum Mean Discrepancy
Lyvmp(0) = Ea yge [K (2, Y)] — 2Bz~ ge y~p [ K (2, )]
+ [Em,pr[K(a;7 y)] ?
with

Probability
=
| E—
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Implicit Losses

implicit
E [g(=,y)]

)

\ J

Maximum Mean Discrepancy

Ly (0) = Ezy~qo [K(x,y)] - 2Ez~go,y~p K (z,y)]
+ [Em,pr[K(a;7 y)] b
with

n
llz—yll3 (cc -
Ko(z,y) =€ = H

m Bandwidth
. R
xr

Kernel Value
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Implicit Losses

As observable

f ) Mp, o) =Te[0) (p@ o
ol (0, 1) [ M (P p)}
E [g(z,
E lo(=,y) O = Ko (@, y)|a) (| © ly)(y] -
\ Yy €T,y

Maximum Mean Discrepancy

Ly (0) = Ezy~qo [K(x,y)] - 2Ez~go,y~p K (z,y)]
+ [Em,pr[K(a;7 y)] b
with

mn
l=—yii3 G
Ko(@y)=e = H

m Bandwidth
2 i >
xr

Kernel Value
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Implicit Losses

implicit
E [g(x,y))

)

\ J

Maximum Mean Discrepancy

Ly (0) = Ezy~qo K (x,y)] - 2Ez~go,y~p K (z,y)]
+ [Em,pr[K(a;7 y)] b
with

mn
l=—yii3 _Giv?
Ko(@y)=e = H

m Bandwidth
) )’ AN
xr

Kernel Value

As observable
M(p,p) = Tt [ ORip (0 @ 0)]

O\ =Y K (z.y)|z) (2| @ [y)(y] -

T,y

Local Low-body
0 . o e @0 0 o

Local/Low-body: Trainable
Global: Untrainable
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Implicit Losses

implicit
E [g(x,y))

)

\ J

Maximum Mean Discrepancy

Ly (0) = Ezy~qo K (x,y)] - 2Ez~go,y~p K (z,y)]
+ [Em,pr[K(a:7 y)] b

with
l==vl3 o _ (mi—w)?
r — 2 33 —
Ky(w,y) =€ = H
A
2
<
= Bandwidth
5
¥
=

n =200

As observable
M(p,p) = Tt [ ORip (0 @ 0)]

O\ =Y K (z.y)|z) (2| @ [y)(y] -

T,y

Local Low-body
0 . o e @0 0 o

Local/Low-body: Trainable
Global: Untrainable

R
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.. CAN BE TRAINABLE OR UNTRAINABLE

Implicit Losses

implicit
E [g(x,y))

)

\ J

Maximum Mean Discrepancy

Lvmp(0) = Ea ymge [K (2, Y)] — 2Eange y~p[K (T, Y)]
+ [Em,yfvp[K(wa y)] ,

As observable
M(p,p) = Tr|ORip(p© )

O\ =Y K (z.y)|z) (2| @ [y)(y] -

T,y

Local Low-body
0 . o e @0 0 o

with . Local/Low-body: Trainable
| — ‘y\lg (:cz—yz . :
Ky(z,y)=e 2 H Global: Untrainable
4 R =og=n/4 vo=1 —4-0c=0
k
2 333 shbie
= N T e e,
= Bandwidth ~ ¥ 7 ,
| ISR ol "
s i..;( PO ¢ “
= 1010 4 A d | Y
» T T T T T
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Bodyness &
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MMD Loss

Exact MMD Loss Variance

10
10 1 3
_ M.“.. e
S 10" ¢ \ o MR aatad Lade ool il B
% % ..“o‘ o o=1
= 10 °- a\’ O, = =+ theory
<
> o) “~ (0] g = ]_0
Yy | Y === theory
10 ‘?\ %oy e o=n/4
Q .‘o‘ === theory
1oL i 1 . o . .
0 200 400 600 800 1000
Number of Qubits
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MMD Loss

Exact MMD Loss Variance MMD Training
0
10
% 1)) REE U EU KU NN UNUNUNEUEUNUEUEERERE KKK
-2
10 ™1
. Nm....‘ o o=1, 10 qubits
Q 1074 | o] \ .'.....'“'..“".wm“mw Q 10—1 i A o= 1’ 100 qublts
= \ o o o=1 v o=1, 1000 qubits
= 10° o oay, theory é —e— (o =n/4, 10 qubits
S ° ®op, o 0=10 107 —— 0 =n/4, 100 qubits
0t \ .\ === theory —v— o0 =n/4, 1000 qubits
e o0=n/4
Q ..‘0.. === theory
10 1= 1 ' B - - 104 ; ; - - ' - '
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Number of Qubits Training Steps
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Large Gradients are not enough

21.11.2023 Trainability of QGM - QTML 2023 - Manuel Rudolph



Large Gradients are not enough

Locality = Probability Marginals
If loss function is at most k-local,

it cannot learn beyond k-order marginals.
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Large Gradients are not enough

Locality = Probability Marginals
] EMD
If loss function is at most k-local, gms

it cannot learn beyond k-order marginals.

000 001 mo 01 100 101 110 111

T T T
000 001 0o 011 100 101 110 111
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Large Gradients are not enough

Locality = Probability Marginals
] EMD
If loss function is at most k-local, g 015

it cannot learn beyond k-order marginals.

T T T
Q 001 mo 01 100 101 110 111 000 001 0o 011 100 101 110

Probability
=}
o
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Large Gradients are not enough

Locality = Probability Marginals
] EMD
If loss function is at most k-local, g 015

it cannot learn beyond k-order marginals.

T T T
Q 001 mo 01 100 101 110 111 000 001 0o 011 100 101 110

Probability
=}
o
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Large Gradients are not enough

030

030

Locality = Probability Marginals

=
Pad
S
=
Pad
S

If loss function is at most k-local,

Probability
=
&

=
e
=

Probability
=
&

it cannot learn beyond k-order marginals.

=
(=]
L

000 -

T T T
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1. Local losses cannot teach global correlations.

23
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Large Gradients are not enough

030
Locality = Probability Marginals
2 2o
If loss function is at most k-local, o gous
£ 010/ £ 010
it cannot learn beyond k-order marginals. 005 005
000 09

T T T
000 001 0o 011 100 101 110

1. Local losses cannot teach global correlations.
2. Global losses are not trainable.

23
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} B | 025
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Large Gradients are not enough

030

Locality = Probability Marginals
EE&D ED.ZD
If loss function is at most k-local, 8o g ot
E 010 E 010
it cannot learn beyond k-order marginals. 00s 005
1. Local losses cannot teach global correlations.
2. Global losses are not trainable.
mog=nf4 v og=1 —4-g=0 --e-Average f _ \
LK | We require
10 2 | ‘ ;m;h “‘t‘“‘““
\ i_,z‘ - ', Full-Body Losses | e.g., for QCBMs
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Quantum Strategies
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Quantum Strategies

Quantum fidelity loss Data target state

Lor(0) =1-[0[UTO)4)* o) =2, VD))
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Quantum Strategies

Quantum fidelity loss Data target state Local measurelment
Lor(0) =1—[0UT@)#)>  [0) =D, VDl®)|x) 1000 = — > 00 &L
1=1...n
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Quantum Strategies

Quantum fidelity loss Data target state Local measurelment
Lor(0) =1—[0UT@)#)>  [0) =D, VDl®)|x) 1000 = — > 00 &L
1=1...n
= GHZ Dataset 7 O(n) Dataset ﬁ O(n?) Dataset 7 Cardinality Dataset

Local Fidelity Variance

2 4 6 8 101214161820 2 4 6 8 101214161820 2 4 6 8 101214161820 2 4 6 8 10 12 14 16 18 20
Number of Qubits Number of Qubits Number of Qubits Number of Qubits

O 2 Layers O—4 Layers —O—6 Layers —O@—8 Layers —@—10 Layers —0— 12 Layers —8— 14 Layers --@ - Global 2 Layers
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QU da ntu m Strateg ieS ... CAN BE BOTH TRAINABLE AND FAITHFUL

Quantum fidelity loss Data target state Local measurelment
Lor(0) =1—[0UT@)#)>  [0) =D, VDl®)|x) 1000 = — > 00 &L
1=1...n
o™ GHZ Dataset 7 O(n) Dataset ﬁ O(n?) Dataset 7 Cardinality Dataset

Local Fidelity Variance

2 4 6 8 101214161820 2 4 6 8 101214161820 2 4 6 8 101214161820 2 4 6 8 10 12 14 16 18 20
Number of Qubits Number of Qubits Number of Qubits Number of Qubits

O 2 Layers O—4 Layers —O—6 Layers —O@—8 Layers —@—10 Layers —0— 12 Layers —8— 14 Layers --@ - Global 2 Layers
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Final Benchmarks

Dataset: Simulated CERN particle jets

16 gubits With 1000 shots

= Data KLD B MMD H 1QF

Probabilities
|

01 2 3 4 5 6 7 8 91011 12 13 14
Data Examples

Total Variation Distance

oy e oy ol gl ol ey gl o e e

I I I
0 200 400 600
Training Iterations
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Summary

M. S. Rudolph*, S.Lerch*, S.Thanasilp*,
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