2024-04-01, workshop on Dense Matter EoS and Frontiers in NS Physics (TDLI)

Reverse engineering the TOV equation:

analytical results and applications in deep learning

Shuzhe Shi(peEF#), Tsinghua University

work in progress, w/ Sophia Han, Kai Zhou, Ronghao Li, Zidu Lin, Lingxiao Wang, + ...

see also;:
Zhou, Wang, Pang, SS Prog.Part.Nucl.Phys.104084(2023).

Soma, Wang, SS, Stoecker, Zhou, JCAPO8 (2022) 071; Phys. Rev. D 107, 083028



Neutron Star: EoS <=> mass-radius relation 1/8

Tolman-Oppenheimer-Volkov equations:

dP (m+4nr’P)(P +¢)

dr r2—=2mr

dm

dr
e =¢e(P),

.

= dxre



Neutron Star: EoS <=> mass-radius relation

Tolman-Oppenheimer-Volkov equations:

dP (m + 4nr’P)(P + €)

dr r2—2mr
e(P) dm 2
1 — = 4arle,
= dr
3 _
S e=eP),
102 = -
; g Z
ﬁ 10! - '
© 10% —
10-1;— —
10-2;— —
': | | |
107° 1073 10° 10°
P [MeV]

=
=

1/8
M(R)
2,5_.,,|/,,,|,
2.0/% _
1.5 l ]
1.OF ]
0.5 ]
N
ool Lo
g 10 12 14 16 18

R [km]




Neutron Star: EoS <=> mass-radius relation 1/8
Tolman-Oppenheimer-Volkov equations:
dP (m+4nr’P)(P +¢)
dr re—=2mr ’
e(P) dm _, ME®)
1045_ _ E — 4777 &, . /\ |
F S 1 = e(P), = /T \ "
_ 0 Ve b :
E 10! —: - EQ
B 100k . = 10f ( B
10-1; —
; — 05 :
10—2é__ E P \
10-6 10"3 1(|)0 l(l)3 | Mg '1|o' | '1|2' | '1|4' | '1|6' T8

P [MeV] R [km]




Neutron Star: EoS <=> mass-radius relation

Tolman-Oppenheimer-Volkov equations:

- Bayesian analysis;

- supervised deep learning;

- unsupervised DL;
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"manual” differentiation:

inear response analysis OR(P,) oM(P,) . .
d btained by sol
of the TOV equation oe(P") an oe(P") optained by solving

differential equations together with TOV.

see Eq. (6.18) of Prog.Part.Nucl.Phys.104084(2023).
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"manual” differentiation:

inear response analysis OR(P,) oM(P,) . .
d btained by sol
of the TOV equation oe(P") an oe(P") optained by solving

differential equations together with TOV.

see Eq. (5.18) of Prog.Part.Nucl.Phys.104084(2023).

- Applicable to any parameterization of EoS;

- Used DNN in our work.
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EOS reconstruction from NS + physics constraints

0.0

7/8

i
"
LI
" mo
-------------------

10

& [MeV/fm?]
S,

[E—N
-
\S)

NS+chEFT+pQCD T A

P [MeV/fm?]

e NoT 102 100 100
P [MeV/fm’]

chEFT

IR D N
preliminary!

mTrrrT

o 0 Ty 10 10
P [MeV/fm?]

pQCD

10*




EOS reconstruction from NS + physics constraints 7/8

||||||| T LA T LA T LI PULA LI T LA T LI T LA T LI T LI mTrrrT ||||| T LA
A - - ahaa -
B ) N i
I 4 * g
w ; L - -
, ) .

IR D N _
preliminary! | g

1, NS+chEFT+pQCD

[ 107 S |
- - 107! —
B é _ o 10% —
= 103 N : |
% 10 o & qi | :
12 | = | -
W . 1072 —] g
‘ 10? U\ 10_1:_ / —
0.5 — § ' ] i ]
P N R I A A SO IO R T O R 103l ool ol el il e el e el el
10 15 20 25 30 10t 10° 100 10*  10° 107 10" 10 100 104 10° 107 10t 10° 100 104 10° 107
R P [MeV/fm’] P [MeV/fm’] P [MeV/fm’]
-/, INS+chEFT+pebr
ol T
| ﬁ |0 E
Z I — 10~
-~ 1.5~ ] — qg ;
| 3 B |
= | > 10° SR
= 10p 12 ] |
s W ! 1072
i 102: ] o .
05__ — B .
| P A I A B O R U O L0 R A R I S R R R R I
10 15 20 25 30 -l 109 100 102 10 10° 0 109 100 102 10 10° 10 100 100 102 10 10°

R P [MeV/fm?] P [MeV/fm’] P [MeV/fm?]



summary and outlook
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e Derived analytical differential equations for linear responses of the TOV
equation

e tested using NN-EoS;
e applicable to tidal deformability observables;
e suitable for any parameterization of the EoS;

e similar idea applicable to other physics topics




extension: Schroedinger equation
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extension: spectral function <=> correlation
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What are Deep Neural Networks?
--- a general parameterization scheme to approximate continuous functions.

example: approximate y = x? for x € 10,1]
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--- a general parameterization scheme to approximate continuous functions.

V(r) = VpNN(7 | parameters)

ey (iterative function substitution)
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What are Deep Neural Networks? 06
--- a general parameterization scheme to approximate continuous functions.

V(r) = VpnN(7 | parameters)

(iterative function substitution)

parameters (W(l) b(l)) to be optimized

hnear
nonlinear
Each Q) is an intermediate function (a(l)/ / . ReLU
- At the first layer: g =bV+Wr, al) =0z 4 max(0, 2)
- At later layers: l.(’) = b Z Wi al” ”, a’ = o(z") i
j




