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Outline

e [ask: obtain VQQ(T, r) from LQCD bottomonium masses & thermal widths

e Methodology
- what Is Deep Neural Network

- new algorithm using DNN to extract V,5(7 r)
- two closure tests performed

e Results. Phenomenological consequence?



Quarkonium in the QGP

01

e [n heavy-ion collisions, quarkonium production serves as a probe of the QGP.
e Accurate understanding of the in-medium heavy-quark interaction

> Real potential modified by color-screening

~ Imaginary potential arises due to (QQ), — (QQ)s, Landau damping, ...

Hard Thermal Loop potentials

O e_//tDr
Vo(T,r) = —(2 — (2 + ,uDr)e_/“‘D”) — a(,uD + ) + B,
HD r
L _1 )
\/7_1' 2° 2 120014
V(T,r) = — . ,uDTar3G22’Q42(1 . Z ) —aTg(upr).
7751

see e.g., Laine, Philipsen, Romatschke, and Tassler, JHEP 03, 054 (2007)




Quarkonium in the QGP 01

e In heavy-ion collisions, quarkonium production serves as a probe of the QGP.

e Accurate understanding of the in

- 5.02 TeV Pb—Pb ® ALICE-Y(1s)
: . 1.0f ALICE: pr <15GeVand2.5<y <4 B ATLAS -Y(1s) -
» Real potentlal modified by CO |\l TA ATLAS: pr <15GeVand|y| < 1.5 A CMS-Y(1s) ]

CMS: pr <30 GeV and |y| < 2.4 ATLAS - Y(2s) -
HQQD: pr< 30 GeV and y=0 CMS - Y(2s)

0.8

» Imaginary potential arises dug

| — HQQD -Y(1s) .
<06\ ¢ N | - T— e HQQD - Y(2s) -
< ———- HQQD - Y(3s)

Hard Thermal Loop potentials 04

o —UnT 0.2- S

VR(T, 7‘) =—(2—(2+ﬂDr)€ HD ) T R\ s T
//tD S — A'- e _i_____________-
00k . . e e e
\/7_1. ;, % 0 100 200 300 400

VAT, 1) = = ~—upTor G2
4 A A. Islam and M. Strickland, JHEP03(2021)235

see e.g., Laine, Philipsen, Romatschke, See M. Strickland, WED, 12:55


https://indico.cern.ch/event/985652/contributions/4296069/

Bottomonium mass and thermal width, lattice QCD with finite m
Mass _ Thermal Width
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R. Larsen, S. Meinel, S. Mukherjee, and P. Petreczky: See R. Larsen, THU, 10:10, Room A
Phys.Rev.D100,074506(2019), Phys.Lett.B800,135119(2020), Phys.Rev.D102,114508(2020)
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https://indico.cern.ch/event/985652/contributions/4302187/

Bottomonium mass and thermal width, lattice QCD with finite mg 02

xxxxxxxxx

High excitations (2P, 3S) can survive at T = 334 MeV;

Mass - mild temperature dependence;
Thermal width - quantitatively larger.

oy 1
10.4 Y(1S) — | . T(25
\ T(25) — 0.3} T(3S9
T(3S) — 1

— - () : . : . : .
0.2 025 0.3 035 04 045 0.5 0.2 025 03 035 04 045 05

D. Lafferty and A. Rothkopf, PhysRevD.101.056010(2020)

R. Larsen, S. Meinel, S. Mukherjee, and P. Petreczky: See R. Larsen, THU, 10:10, Room A
Phys.Rev.D100,074506(2019), Phys.Lett.B800,135119(2020), Phys.Rev.D102,114508(2020)


https://indico.cern.ch/event/985652/contributions/4302187/

Can we understand the new lattice result using Hard Thermal Loop potential? (03
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Can we understand the new lattice result using Hard Thermal Loop potential? (03
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Applications of Deep-Learning techniques in Heavy-lon Physics 04

|dentify phase transition:

Nature Commun.9,210(2018):Pang, Zhou, Su,
Petersen, Stocker, and Wang

Deep Learn
with QCD Pl Determine the parton distribution function:

Machin Debbio, Forte, Latorre, Piccione, and Rojo,JHEP(2007)039

Speaker: Lingxiao Wang

With: Lijia Ji North :
thLijia Jiang (NorthWet pegenerate spectral function:

ArXiv: 2103.04090 PhysRevD.102.096001: Kades, Pawlowski, Rothkopf,
Scherzer, Urban, Wetzel, Wink, and Ziegler

18 May, 2021 SQM and more ...

Lingxiao Wang, TUE, 10:50, Room A '

Shahid Khan, TUE, 12:30, Room D

EBERHARD KARLS P
UNIVERSITAT &
TUBINGEN



https://indico.cern.ch/event/985652/contributions/4357871/
https://indico.cern.ch/event/985652/contributions/4305143/
https://www.nature.com/articles/s41467-017-02726-3
https://www.nature.com/articles/s41467-017-02726-3
http://dx.doi.org/%2010.1088/1126-6708/2007/03/039
https://journals.aps.org/prd/abstract/10.1103/PhysRevD.102.096001
https://journals.aps.org/prd/abstract/10.1103/PhysRevD.102.096001

What are Deep Neural Networks?

e DNN is a parameterization scheme to approximate continuous functions.

V(T,r) = VpNnN(T, | parameters)

(iterative function substitution)

O
\‘Ov

-

O linear

nonlinear
Fach Q) is an intermediate function (a"): /

- At the first layer: 7V =bD+ WO T+W D a = 6(z")

05




What are Deep Neural Networks?

e DNN is a parameterization scheme to approximate continuous functions.

V(T,r) = VpNnN(T, | parameters)

(iterative function substitution)

Ov

parameters (Wl.(?, bl.(l)) to be optimized

rG’—» linear
nonlinear
Fach Q) is an intermediate function (a"): /
- At the first layer: 7V =bD+ WO T+W D a = 6(z")

- At later layers: 2" =b0+ Y Whalh, 4l = o(z")
j

05




How do Deep Neural Networks work? 06

example: learn y = x? for x € [0,1]

black solid: y =.x%"

_ 1 | summed

"
=
=
=
=
=
"
-

piecewise linear interpolation!!!

[Using activation function o(z) = max(0,z)]



How to learn potential using DNN?

V(T,r)=Vy(T,r)+1V,(T,r)

VR(T, 7‘)

2
Hy, = — w, + V(ny, =E, y,
Zmﬂ
V](T, I’)
— m,;, E
—
o0 - 06 WYi(r)
S- 0,‘%;/@\%?« Schrodinger Eq. Solver O
g S
= B
O O
o °©
,<|D o
A E
O =
Y
T AW ~ . ABY ~ 9J , O’
update J émv) Al X > SY7 £+
lattice | 2 lattice | 2
) My — Mr; L7 =175
A= Z lattice T lattice ’
a
T.i 5mT,i 5FT,i
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Test | - Can we learn V(r) from {E, }?

continuous J
discrete, finite

08




Test | - Can we learn V(r) from {E, }?

learn V(r) according to
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Test | - Can we learn V(r) from {E, }?

-- Yes! (for a certain r range) current potential

learn V(r) according to

37 11 15 19
(E ) = {—,—, = }Gev

target spectrum { 5

Deviate from the exact potential

where all yy, — 0, oL

OE, = (y, | V(1) |y,)
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—_— _

1=

| +

|

| ©

| <

| ®

. D

! =<
' x°=0.0345522 -
| | step1|:t 43000| _
0 1 2 3 4




Test Il - Can we recover a known complex V(T,r) ? -- Yes!

e Start with a known potential (solid line)

O e_//lDr
V(T 1) = —(2 = @+ pprie ™" ) = app +——) + B,
KD r
L] 2 2
7l 272 UpT
_ 3,22
VAT.1) = =~ —upTor’Gy; <5,5,-%,—1 ; ) a T dlupr).

e Compute at

T =710, I51,173,199,251,334} MeV

e | earn the potential using DNN (dash + band)

o — P
L 300 .
S A -
o |
O |
—~ 2 7 160
\&/ I
>D:O: 17000
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0.3
% l
< | :
01 160 e
L 100 I—
0_()'.______7_(_)___________________________._-_-_-_-—-—-—-='
| | o .
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Test Il - Can we recover a known complex V(T,r) ? -- Yes!

e Start with a known potential (solid line)

e —HUpr

Vio(T, 1) = i(Z — 2+ ,uDr)e_”D’”> — a(,uD | ) + B,

HD
T

4

r

11
H Tar3G2,2(_7’_7 il
D

2,4\ | ~31 4

1
2°2°

e Compute at

T' =710, I51, 173,199,251, 334} MeV

Vi(T,r) =

) aTl (upr).

e | earn the potential using DNN (dash + band)
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extrapolations




Results




Results 10
*
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What physics we have learned from VpnN (7, 7)?

00 02 04 06 08 10 00 02 04 06 08 10
r (fm) r (fm)




What physics we have learned from VpnN (7, 7)?

--- compare with HTL potential used in [1]

-
-
-
-
‘ﬁ
*

solid: DNN
dash: HTL|JHEPO03(2021)235]

02 04 06 08
r (Im)

1.0

[1] A. Islam and M. Strickland, JHEP03(2021)235
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What physics we have learned from VpnN (7, 7)?
--- compare with HTL potential used in [1]

11

_1__' o

J | [ 502TeVPb-ph ® ALICE-Y(1s)
1.0k AMICE- n. - 150\ and 25 v A B_ATLAS — Y(1s) -

weaker T dependence for Vi, (r) = higher Tmeit = larger R 4

§ = 1 | | —  HQQD - Y(1s) .
O I OB\ O \& | .~ e HQQD - Y(2s) -
g _al 1 © [ ———. HQQD - Y(3s)

larger magnitude for V,(r) = largerI’ = smaller R, , ’ '.

; TSI, 02 -_L ‘A ~ 7S T I T I ﬁ
—6]% I | & ~~~~~~~~~~~~ - — } _
' |

. . ]

[ >

[1] A. Islam and M. Strickland, JHEP03(2021)235




Summary and Outlook

» Develop new algorithm employing DNN to learn V(r) from { E }.

e Extract HF complex V(T, r) from LQCD results of bottomonium m and I
[consistent with LQCD using static potential: see R. Larsen, THU, 10:10, Room A]

e Phenomenological consequences in heavy-ion collisions?


https://indico.cern.ch/event/985652/contributions/4302187/

Back-up Slides



How to learn potential using DNN?

. V?

V(T,r) =V, (T,r)+1 V,(T, 1) Hy, = — > w,+V(ny, =E v,
m
U

Vr(T, 1) Vi(L', r) >

— m;, I ;
—
— Yi(r)

Schrodinger Eq. Solver

_— O

S O

= B

o o

i 8

R £

C =
Y
T AW ~ A ~ 97 , O
H : : AL - X > SY7 ()

5 Z mT,i_mIT%ttice 2+ FT,i_FlT?ittice 2
X = _ 5m£1,al.tt|Ce 5F|T%tt|Ce )



How to learn potential using DNN?

VZ
V(T,r) =V, (T,r)+1 V,(T, 1) Hy, = — w,+V(ny, =E v,
m

2/1

In a typicélmD\eep Lea?h?ngj problem, true function V(T,r) is known,
J = ||IVonN(T, 1) = Virue (T, 1)||* + regularizer  (distance)

In this work, true value for V(T,r) is unknown,
J = )(2 + regularizer (implicit function of W and b)
dwJ, 0,J can be computed exactly, thanks to the perturbation theory.

| )~ — — ) UXx
update AWl,] Q) M ALD - Xz’ SY7 £\
om. = (| oVp(r) | v;), . Z ( my; — mIT%ttlce )2 ) (FT,i _ FIT%ttlce >2
o', = — (w: | OV(r) | y;) - smiattice srlattice



Uncertainty Quantification according to Bayesian inference

e Posterior distribution for DNN parameters (0)

Posterior(@ | data) o< L(@ | data) - Prior(@) = N, expl —

27%(0) is an implicit function of Vpnn(©; 7)
e Task #1: find the most optimal parameter set by maximizing Posterior.

e Task #2: at any distance r, compute the likelihood (density) distribution of Va,

P(V,)dV = Posterior(@ | data)d" @



How to compute the likelihood (density) distribution of V

P(V,)dV = Posterior(@ | data)d"' @

e Method 1)
e Sample {6.} according to a flat distribution: P(@) = 1;
e Each data point corresponds to the element volume d"@; = 1;
o Compute Vgi(r), )(gi, and Posterior(@; | data);

e For given r, histogram V), (r) with weights

w; = P(Vy)dV; = Posterior(6, | data)




How to compute the likelihood (density) distribution of V

P(V,)dV = Posterior(@ | data)d"' @

e Method 2)
e Sample {6.} according to the posterior: P(#) = Posterior(f | data);
e Each data point corresponds to the element volume d"V@; = 1/Posterior(6,);
o Compute Vai(r), )(gi, and Posterior(0; | data);

e For given r, histogram Vai(’”) with weights




How to compute the likelihood (density) distribution of V

P(V,)dV = Posterior(@ | data)d"' @

e Method 3)
e Sample {6.} according to a reference distribution: P(6) = P(0):
e Each data point corresponds to the element volume d'¥0; = 1/P(6;);
o Compute Vgi(r), )(gi, and Posterior(@; | data);

e For given r, histogram Vai(’”) with weights

w; = P(Vp)dV; = Posterior(6);)/ P(6);)



How to compute the likelihood (density) distribution of V

P(V,)dV = Posterior(@ | data)d"' @

e Method 3)

e Sample {0.} according to a reference distribution: P(@) = P(0);

e Each data point corresponds to the element volume d'¥0; = 1/P(6;);
o COompute Vgi(r), )(g., and Posterior(@; | data);

e For given r, histogram V), (r) with weights

w; = P(Vp)dV; = Posterior(6);)/ P(6);)

¢ In practice:

B(6) = (2m)"%y [det[=~"] x exp|

—1
Zab

2

@, - 6°PY@, — 6°PY

> =15

1.0%%(0)

200,00,



Consistency test with 7T-indept. DNN and polynomial

S polynomials:
l 334
s V(T.,r) = Z ¢ (T)r"
o | 173
Q-2 151 | o
~ DNN (2D): solid + filled Marginal likelihood for
4 DNN (1D): dash-dot + vertical_j | u polynomial coefficients
_6! polynomial: dash + horizontal | - /\ at T =151 MeV




What physics we have learned from VpnN (7, 7)?

--- compare with lattice result (static quark potential)

weaker T dependence for Vj (1)

—~ =3
>
G
= 4 static quark potential
N ; [PhysRevD.95.054511] -
= : o 338 MeV
—65 o 113

00 02 04 06 038
r (fm)

1.0

Y. Burnier and A. Rothkopf, PhysRevD.95.054511

larger magnitude for V; (7)

1.5

334 MeV

173

151




iInput layer hidden layers output layer
o <7 o <7 o o <7 o
O0Z0==0 .. 020

\ common choices of activation functions

O Perceptron Sigmoid Tanh ' O
O(z) | 1 | | /ﬂh(:) |
_ 1! 14+e~ . - _

0 5 - 0 5]

. Multiple "hidde

v = o(2 | ReLU |  Leaky ReLU | Y | '
2). — 2
V( )J - G( )(z - max(0, z) | 0.1z if 2 <0 | e |
[ ‘ - zifz>0 ‘ i :
= g+ )(> | ‘ . — | | — | _
g ( R ' ' yers/depth
Note2: o) ... ol+1) are activation functions. of the network

MO -- number of neurons

They can be the same or different.
at layer (/)



