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MOTIVATION

The scattering amplitude A is the fundamental quantity of interest in hadron reactions:
XO( Encodes the underlying dynamics of the interaction
XX Crucial for understanding resonance production, decays...

XX Is a complex quantity: magnitude + phase

The cross section ¢ is an experimentally observable quantity:
XX Related to |A|?

XX The information about the phase is lost
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MOTIVATION :

The reconstruction of the amplitude from the differential cross section is hard, even for the simplest
elastic 2 — 2 scattering.

N
-"\_ Canwe use modern machine-learning techniques to recover the
~|,»° scattering amplitude from experimental data of cross sections?

Why physics-constrained GANs?

XX Learn distributions and patterns of the (pseudo) data The modulus and phase of the

scattering amplitude are related

XX Incorporate physics constraints At .
by the unitarity relation.



INTRODUCTION TO GANs I

Two neural networks:

XX The generator needs to capture the data distribution
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INTRODUCTION TO GANs

Two neural networks:
JO( The generator needs to capture the data distribution

X The discriminator estimates the probability that a sample comes from the training data rather
than from the generator

real data —_—
real 1

fake data —> fake 0



INTRODUCTION TO GANs
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INTRODUCTION TO GANs '

X
I,. _____ I D(x)
, realdata 1 —> : |
g : D real 1
----- Discriminator w4 ?
Generator fake data A, —> . fake 0 )
D(G(z))

J L

mén max V(D, Q) =\EXdiata(x) log D(x)] + Eznp, (2)[log(1l — D(G(2)))]

Y

real data fake data

l
|
Minmax I
Game G minimizes \1' N/A I D classifies as 0
l
|

D maximizes T D classifies as 1 D classifies as 0
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INTRODUCTION TO GANSs
random
noise —

discretized
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PHYSICS PROBLEM GF

n

A(s,cos0) =Y (204 1) fe(s)Pe(cos)
dominated by f,(500) and p(770) resonances ;

Elastic scattering 777~ — w7~

Partial-wave decomposition of the amplitude
truncated to n = 1 and Breit-Wigner type partial waves:

Differential cross section

do 1 1
_ _ mel — = ~|A(s,cos0)|?
A(s,cos80) = fo(s) + 3f1(s)cosd fo= 7 s imaT A0~ 6472 8‘ (s, )|
Re A(s, cosf) Im A(s, cosf) do /dS)
1.0 - Lo 1.0 ‘ 1.0
0.5 0o 0.5 1 2 | 0.03
- 0.0 |,
200 L o5 Z 00 2 L 0.02
S . O - 0 S
~1.0
—0.5 I —0.5 - I —1 I 0.01
—15 .
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—1.0 ~1.0 . :
025 050 075  1.00 0.25 050 075 1.00

s (GeV?) 5 (GeV?)



PHYSICS PROBLEM

XO( Unitarity of the partial waves
Im fo(s) = | fe(s)|?

Unitarity

= Re fo(5)
Im fo(s)
""" | fo(s)[?
Re fi(s)
= Im fi(s)

""" |fi(s)?

0.5 1.0
s (GeV?)

+1
fe(s) = —/ dzPy(2)A(s, z)



PHYSICS PROBLEM GF

XO( Unitarity of the partial waves X3 Integral unitarity relation for the full amplitude
Im fo(s) = | fe(s)|?

1 27 +1
_ / I\ g+ "
Unitarity Im A(sz) — 471_/0 d¢5/_1 dz A(S,Z )./4 (S,Z )
= Re fo(s)
o =2 V=22V -2 Peos ¢
...... (s
Re fi(s) vl |
—— Im fi(s) or, equivalently
...... ()2
|fl(5 | S. (I)( ) /QTF dgb /+1 dZ, |‘/‘4(S7 Z,)HA(S; Z”)|
n P(s,z) =
0 —1 471".,4(8,2)‘
X cos [®(s,z") — D(s, 2")]

0.5 1.0
s (GeV?)

o Phase ambiguity:  A(s, z) = —A*(s, 2)
fe(s) = —/ dzPy(2)Als, z) D(s,2z) > m— P(s, 2)



#) python

IMPLEMENTATION DETAILS O PyTorch

XX GAN architecture:

Layer Type Input Dimensions Output Dimensions Activation/Other Details

Fully Connected (batch_size, noise_dim) (batch_size,4 x 4 x 1024) BatchNorm, LeakyReLU (0.2)

Reshape (batch_size,4 x 4 x 1024)  (batch_size, 4,64, 64) Reshapes tensor

ConvTranspose2d (1) (batch_size, 4,64, 64) (batch_size, 64, 64, 64) BatchNorm, LeakyReLU (0.2), Kernel=17
ConvTranspose2d (2) (batch_size, 64,64, 64) (batch_size, 64, 64, 64) BatchNorm, LeakyReLU (0.2), Kernel=17
ConvTranspose2d (3) (batch_size, 64, 64, 64) (batch_size, 64, 64, 64) BatchNorm, LeakyReLU (0.2), Kernel=17
ConvTranspose2d (4) (batch_size, 64,64, 64) (batch_size, 64, 64, 64) BatchNorm, LeakyReLU (0.2), Kernel=17
Conv2d (Final) (batch_size, 64, 64, 64) (batch_size, 2, 64, 64) Produces 2-channel image output

Layer Type Input Dimensions Output Dimensions Transformation Details
Lambda (batch_size, 2,64,64) (batch_size,1,64,64) Maps generator output to discriminator input
Layer Type Input Dimensions Output Dimensions Activation/Other Details

Conv2d (1) batch_size, 1, 64, 64) batch_size, 64, 32, 32)
Conv2d (2) batch_size, 64, 32, 32) batch_size, 128, 16, 16)

( ( LeakyReLU (0.2), Dropout (0.3), Kernel=4
( (
Flatten (batch_size, 128, 16, 16) (batch_size, 128 x 16 x 16)
( (
( (

BatchNorm, LeakyReLU (0.2), Dropout (0.3)
Flattens for FC layers

LeakyReLU (0.2), Dropout (0.3)

Outputs real/fake score

Fully Connected (1) (batch_size, 128 x 16 x 16) (batch_size, 64)
Fully Connected (2) (batch_size, 64) batch _size, 1)
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IMPLEMENTATION DETAILS O PyTorch

XX GAN architecture:

Layer Type Input Dimensions Output Dimensions Activation/Other Details

Fully Connected (batch_size, noise_dim) (batch_size,4 x 4 x 1024) BatchNorm, LeakyReLU (0.2)

Reshape (batch_size,4 x 4 x 1024)  (batch_size, 4,64, 64) Reshapes tensor

ConvTranspose2d (1) (batch_size, 4,64, 64) (batch_size, 64, 64, 64) BatchNorm, LeakyReLU (0.2), Kernel=17
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ConvTranspose2d (4) (batch_size, 64,64, 64) (batch_size, 64, 64, 64) BatchNorm, LeakyReLU (0.2), Kernel=17
Conv2d (Final) (batch_size, 64, 64, 64) (batch_size, 2, 64, 64) Produces 2-channel image output

Layer Type Input Dimensions Output Dimensions Transformation Details Too Comp|ex?
Lambda (batch_size, 2,64,64) (batch_size, 1,64, 64) Maps generator output to discriminator input Too simple?
Layer Type Input Dimensions Output Dimensions Activation/Other Details

Conv2d (1) batch_size, 1, 64, 64) batch_size, 64, 32, 32)
Conv2d (2) batch_size, 64, 32, 32) batch_size, 128, 16, 16)

( ( LeakyReLU (0.2), Dropout (0.3), Kernel=4
( (
Flatten (batch_size, 128, 16, 16) (batch_size, 128 x 16 x 16)
( (
( (

BatchNorm, LeakyReLU (0.2), Dropout (0.3)
Flattens for FC layers

LeakyReLU (0.2), Dropout (0.3)

Outputs real/fake score

Fully Connected (1) (batch_size, 128 x 16 x 16) (batch_size, 64)
Fully Connected (2) (batch_size, 64) batch _size, 1)




IMPLEMENTATION DETAILS

XX Loss Functions: N

1
MSE Loss Measure the mean squared error between the target and output. MSE = N Z(outputi — targeti)2
i=1

Unitarity Enforce unitarity by comparing the modulus squared of the integral of the scattering amplitudes over
Loss angular variables to the imaginary part.

N Ng; N,

L, = N NN TTTOIIHA — ReZ(s ‘+‘ImIs z)‘)

=1 7=1 k=1

with Z(s.2) / " /2“d¢ A(s, #)A(s, " (.2, 8))

Integral approximator: Simpson’s rule

Integral sampling points:  [cosf x ¢| = 64 x 10



IMPLEMENTATION DETAILS

XX Loss Functions:

MSE Loss

Unitarity
Loss

dO Loss

d1 Loss

N

1
Measure the mean squared error between the target and output. MSE = N E (output; — target;)?
i=1

Enforce unitarity by comparing the modulus squared of the integral of the scattering amplitudes over
angular variables to the imaginary part.

N Ng; N,

L, = N NN TTYOIIH.A — ReZ(s ‘+‘ImIs z)‘)

=1 7=1 k=1

with  Z(s, z) /dz/%dqb A(s,2))A(s, 2" (2,2, 9))

Integral approximator: Simpson’s rule

150 -
Integral sampling points:  [cosf x ¢| = 64 x 10

- 100 1

Ensure the positive derivative of the fy phase shift.

5, — atan [ 0Je(s) "7
Ensure the positive derivative of the f1 phase shift. 6= @A Re fe(s)
1 I 0.5 1.0
LDE - ﬁ Z 1Og (maX (O’ —A(sg(S)) + 1)7 fe(S) - § /_1 dZPE(Z)A(S’ Z) ‘.:s’{Gc\-’rQJ

1=1



IMPLEMENTATION DETAILS

XX Loss Functions:

MSE Loss

Unitarity
Loss

dO Loss

d1 Loss

N
1
Measure the mean squared error between the target and output. MSE = N Z(outputi — targeti)2
i=1
Enforce unitarity by comparing the modulus squared of the integral of the scattering amplitudes over
angular variables to the imaginary part.
N N, N,

L, = N NN TTY(lImA — ReZ(s ‘+‘ImIs z)‘)

=1 7=1 k=1

with  Z(s, z) /dz/%dqb A(s,2))A(s, 2" (2,2, 9))

Integral approximator: Simpson’s rule

150 A
Integral sampling points:  [cosf X ¢| = 64 x 10 Better way to

constrain the phase? 1 _ 1004

Ensure the positive derivative of the fy phase shift.

§; = atan (M) 0 1

Ensure the positive derivative of the fi phase shift. Re fo(s

N +1 0 T T
1 1 5 1.
Lp, = N E log (max (O, —A&g(s)) + 1), fe(s) = 5/ dzPy(2)A(s, 2) ‘_5,([2;,;.\_& -

i=1 —1




IMPLEMENTATION DETAILS

X3 Other hyperparameters:

Generator Optimizer Adam
Learning rate: 0.0001

Discriminator Optimizer Adam
Learning rate: 0.00001

Batch Size 256

Training Size 40x256

Input Noise Dimension 100

Epochs Total: 200 (with stopping if convergence achieved)

Weights for Generator Losses [MSE, unitarity, dO, d1] =[1,1,10,10]
Device GPU



IMPLEMENTATION DETAILS GF

X3 Other hyperparameters:

Generator Optimizer Adam
Learning rate: 0.0001

Discriminator Optimizer Adam
Learning rate: 0.00001

Batch Size 256

Training Size 40%x256 How to optimize?
Input Noise Dimension 100

Epochs Total: 200 (with stopping if convergence achieved)

Weights for Generator Losses [MSE, unitarity, dO, d1] =[1,1,10,10]
Device GPU



TRAINING DATASET

do /dS? (Original)

cos fl

- Normalized differential cross section discretized in grid:
. 64 x 64, s € [(2m+)%,1 GeV?], cosf € [—1,1]

v Training samples with additional gaussian noise:

v 40 x BATCH_SIZE = 40 x 256 samples

do /dS (std=0.001) do /dS (std=0.01)
1.00 1.0
1.0
0.75
0.8 0.8
0.50 0.8
0.25 0.6 0.6 0.6
L ) == L)
Z 0.00 z 2 o
- 4 04 ‘
.25 - 0.4
050 0.2
e 0.2 0.2
4];51 0.0
~1.00 . , 0.0 . 0.0
0.2 0.4 0.6 0.8 1.0 0.2 0.4 0.6 0.8 1.0

s (GeV?) s (GeV?)



PRELIMINARY RESULTS

XO( Trained 100 GANs for 200 epochs:

Stop training if unitarity loss is smaller than 0.02 and changes less than 0.01 and for 10 consecutive epochs:

T T T
00,40 0.45 .50 0.55 0.60

Discriminator Loss (averaged)

040 045 050 055  0.60

Discriminator Loss (averaged)

L, <0.02
Eu’n - Eu,n—]_ < 0-01
29/100 converged 33/100 converged 0/100 converged
0.10 0.30
T 0.08 t g 0.2 e ® g 0251 '
= = ® =
E 5 0.101 #Re o = 0.20-
= 0.06 - ¢ =
7 [ 0.08 - &* % 015
] , @ —
~ 004 . 0.06 - @ -
g » g % S S 0.101
= ® = 0.04 - e © =
Z 0.021 ° = . = 0.05-
- o o 0024 e o Jgpo O
0.00 0.00 0.00

0.0 015 020 025 030

Discriminator Loss (averaged)




PRELIMINARY RESULTS

XX Example of converged GAN with std=0.01:

model (“true” without noise)

der /d 2

L0

.5

0.0

N A

0.5 1.0
s(GeV?)

cos

cos b

a

0.5 1.0
5l GeV 2:]

generated (“fake”)

Loss

10 5
1n-lé
1ﬂ-2;
10-3;
lﬂ"é

107" 4

10-5

10

Epochs

20

L
L[}l real)
L[}I o)



PRELIMINARY RESULTS

cos

cos b

XX Example of converged GAN with std=0.01:

model (“true” without noise)

da /d0 Re A(s, cosf)

1.0 1.0 7
0.5 0.5 1
0.0 Z 00 F
—0.5 —0.5
~1.0 ‘ ~1.0 -
0.5 1.0 0.5 1.0
s(GeV?) s{GeV?)
0.5 1
g 00+ E
—0.5
‘ . l_{] -
0.5 1.0 0.5 1.0
s(GeV7) s(GeV?)

generated (“fake”)

Im Als, cos &)

=

.5 1.0

2

La

0.5 4

0.0+

L0

2

=y
A
e

i "
= ]

Lt GJ
b, w &
- -
- S

e i

—

p—

107 4
10-t 4
10-7 4

10-%

Loss

10+ 4

107" 4

10-5

10

Epochs

L
L[}l real)
L[}I o)



PRELIMINARY RESULTS

cos

cos b

XX Example of converged GAN with std=0.01:

model (“true” without noise)

der /d 2

0.5
0.0
—0.5
~1.0
0.5
s(GeV?)

s(GeV 2:]

cos !

L0

cosfl

1.0~

0.5 1

0.0

—0.5 4

—1.0 -

Re Als, cos#)

%

a
0.5 1.0
s{GeV?)

2

a

0.5 1.0
= GeV 2)

generated (“fake”)

Im Als, cos &)

1.0 '
0.5 1
1.0
—1.5 1
—1.0 ‘
0.5 1.0
s(GeV?)
1.0 '
1.5
1.0
—(1.5 1
—1.0 ‘
0.5 1.0
5l GeV 2:]

f.']

|F [1]

1.0 4 ~~
b
A
M,
05 N
s \\M“
0.0 N
0.5 e
T T
0.5 1.0
s{GeV)
104 ~
N,
LY
Y
0.5 \
. e ™
~—
0.0 -
_o5d e
T T
0.5 1.0
s(GeVE)

Loss

fi

fi

109

1]/ ]
L0 \
3 1
10-2 4 i
E !
] I
105 \
E F
104 4
10" 4
105 3
1 T T T T
L L0 210 51|
Epochs
1.0 f\
- {‘ ]"
0.5 1 ;I '\\
.-'-P’l \‘-..._
XIS
—0.5
T T
0.5 1.0
s{GeV?)
1.0 f\
= {‘ \
057 YA \
,---’, \\‘.‘
XIS
—0.5 1
T T
0.5 1.0
= GeV 2)

oSS

M

Dhrenl)

D k)

rounitarity
i

Ki bl



PRELIMINARY RESULTS

cos

cos b

XX Example of converged GAN with std=0.01:

model (“true” without noise)

der /d 2

0.5
0.0
—0.5
~1.0
0.5
s(GeV?)

s(GeV 2:]

cos !

L0

cosfl

1.0~

0.5 1

0.0

—0.5 4

—1.0 -

Re Als, cos#)

%

a
0.5 1.0
s{GeV?)

2

a

0.5 1.0
= GeV 2)

generated (“fake”)

Im Als, cos &)

1.0 '
0.5 1
1.0
—1.5 1
—1.0 ‘
0.5 1.0
s(GeV?)
1.0 '
1.5
1.0
—(1.5 1
—1.0 ‘
0.5 1.0
5l GeV 2:]

f.']

|F [1]

1.0 4 ~~
b
A
M,
05 N
s \\M“
0.0 N
0.5 e
T T
0.5 1.0
s{GeV)
104 ~
N,
LY
Y
0.5 \
. e ™
~—
0.0 -
_o5d e
T T
0.5 1.0
s(GeVE)

Loss

fi

fi

109

-1 / i
K] \
3 1
10-2 4 i
E 1 !
- |
105 \
E F
101
107 <
10-5
1 T T T
] i1 20
Epochs
1.0 f\
0.5 1 p
A
R -
0.5 1
T T
0.5 1.0
s{GeV?)
1.0 f\
[\
{]__J T _.-?{,. A
. ‘,-l' t Tl
NE b = o024
—U051 : : 004 :
0.5 1.0 0.5
Frah h P £
.H".(.T(“' ) 51 (J(“- )

oSS

M

Dhrenl)

D k)

rounitarity
i

Ki bl
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cos
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XX Example of converged GAN with std=0.01:

model (“true” without noise)

der /d 2

L0 e

0.5
0.0 g
—0.5
~1.0
0.5 1.0
s(GeV?)
2
a

s(GeV 2:]

1.0~

0.5 1

0.0

—0.5 4

—1.0 -

Re Als, cos#)

%
a
0.5 1.0
s{GeV?)
2
a
0.5 1.0
= GeV 2)

generated (“fake”)

Im Als, cos &)

1.0
1.5 1 ."'
0.0 1
—0.5 1
—1.0 J"‘
0.5 L0
s(GeV?)
1.0 1"'
0.5
0.0 A
—0.5 1
—1.0 4"‘
0.5 1.0

s(GeV 2:]

f.']

|F [1]

1.0 4 ~~
b
A
M,
05 N
s \\M“
0.0 N
0.5 e
T T
0.5 1.0
s{GeV)
104 ~
N,
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Y
0.5 \
. e ™
~—
0.0 -
_o5d e
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0.5 1.0
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fi

109

1]/ ]
L0 \
3 1
10-2 4 i
] 1!
4 1
105 \
E F
10— 3
107 4
0= 4
1 T T
L L0
Epochs
1.0 fﬁ
0.5 / \
- ;r \\
XIS
~0.5 1
T T
0.5 1.0
s{GeV?)
1.0 4 JH P
_ [\ 0.00 1
el AT -
.t / \\ 1
—— - | =
XIS —0.02
—U5 1 . : 004 : :
0.5 1.0 0.5 1.0
s{GeV?) s(GeVH)

&

Dhrenl)
’C[}I o)
f-‘fl'—.lluilil.l'il'-'
’CI:-.{L:
'CI'-.{I|

150 -
_ 100 1

50 4

L

150 H

100 H
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PRELIMINARY RESULTS

cos i

cos b

XX Example of non-converged GAN with std=0.01:

model (“true’

der /()
e

cosf

cosfl

" without noise)

Re A(s, cos#)

0.0

—0.5

—1.0

0.5
s(GeVE)

L0

generated (“fake”)

cos i

cos fl

Im Als, cos #)

0.5 '
0.0
—0.5
—1.0 ‘
0.5 1.0
s(GeV?)
T
0.5
0.0
—0.5
0.5 1.0
s(GeV?)

,f 0

f{]

s{GeVE)

0.0 1

—101.5 A

h

-

100 150
Epochs

2100

£E?
L [Mreal)
L DhEnke)

'{:Elr.llllilill'il_\'
- 'Cli'r.{I.;.
=" 'Cli'r.{h
150 4
100
all 4
0 T T
0.5 1.0
s(GeV?)
150
100 4
5l i ;
0 T T

0.5
s{GeV?)

L0



L
10 E 'Cli'r
] I | —_— .
] i )
PRELIMINARY RESULTS i
-t E IL iy ‘l === Lpifake)
1 L 1 'Cli'r.uuiliu'il_'-'
1 — Lga
4102 4 o
3 3 === Lgg,
“ ” |
XX Example of a “not too bad” non-converged GAN 10-3 -
with std=0.05: :
10+ 4
. . L T T T T T
model (“true” without noise) 0 50 100 150 200
Epochs
do fd) Im A(s, cos 8)
1.0 o 1.0 L0 '
150 1
0.5 0.5
2 700+ 7001 < < =17
—0.5 —0.5 50 1
10 _10 ‘ —091 . : —0517 L 0 . :
0.5 1.0 0.5 1.0 0.5 1.0 0.5 1.0 0.5 1.0
s(GeV?) s(GeV?) s(GeV?) s(GeV?) s(GeVE)
L0 0.101
150 -
0.5 0.05
% % 00 < < L 000qe 1007
—0.5 ‘ - —0.05 -0
N e SR ERE . ~0.10 1 :
—1.0 -5 e 05 . . . . 0 . .
1.0 0.5 1.0 0.5 L0 0.5 1.0 0.5 1.0
s(GeVE) s{GeVE) s(GeV?) s(GeV?)

generated (“fake”)



CONCLUSIONS & OUTLOOK @

XX Current achievements:

We developed a physics-constrained GAN to extract complex amplitudes from cross-section data.

The unitarity loss together with constraints on the phase allows us to recover the amplitude.

XX What’s next?

Optimize the GAN architecture and the hyperparameters.
Explore additional/alternative physics-informed constraints to further stabilize the GAN training.

Perform a quantitative analysis and error estimation.

XX Future directions:

Extension to the event level using, e.g. normalizing flows.

Extension to more complicated processes and generalization of the physics constraints.

Preliminary status, but the results of using physics-constrained GANs to extract
amplitudes from cross sections employing physics constraints are promising.



