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Machine Learning in Big Data + Deep Models

; GPU

(Astro)Physics

Successful Deep Learning!

DALL-E2

Machine Learning (ML)

Deep Learning (DL)

1. Big Data
2. GPU parallel
3. New architecture

Geoffrey Hinton

Astronomy & Astrophysics 616 (2018): 116 No explicit physical rules, but physical data



Machine Learning in

(Astro)Physics

Neural network

P(EoS | M-R)

@Fujimoto&Fukushima

Big Data + Deep Models
y GPU

Successful Deep Learning!

Artificial Intelligence (Al)

Machine Learning (ML)

Deep Learning (DL)

1. Big Data
2. GPU parallel
3. New architecture

Geoffrey Hinton

No explicit physical rules, but physical data



Machine Learning in
(Astro)Physics

Neural network Answer

P(EoS | M-R)
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Demand for big-data
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No explicit physical rules, but physical data

What if data is few, noisy
and unlabelled?

Physical rules as differentiable modules in learning



Physics In

Machine learning

Physical System
Forward Demand for physics
Machine Numerical Entiatel Data-driven
Learning .Methods
\ Loss Terms
y \ Interleaved
Physics
Inverse
Problems Deep Learning

No explicit physical rules, but physical data

Physics-based Deep Learning (PBDL)

Physics-informed ML

Observational bias Inductive bias Learning bias

S A

(Physical losses)

Physical rules as constraints in training

|

Physics-informed machine learning

l

Physics-driven ML

A\

Symmetry Conservation laws Dynamics

Physical equations as differentiable modules in learning

Karniadakis GE, Kevrekidis IG, Lu L, Perdikaris P, Wang S, Yang L.
Physics-informed machine learning. Nat Rev Phys 2021;3:422-40.



Inverse Problems

Spectral Function Correlations
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Inverse Problem
Learning EoS from M-R

dm(r)
dr

= 4zr%(r) Forward process

dpP _ [e(r) +P(")] [m(r) + 4z P(r)]
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Inverse problem

If the whole M(R) is known,

it’s well-solved problem.
L. Lindblom, A.J., 398, 569 (1992).




Inverse Problem 200
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Model Observables

Physical rules/properties, Measurements,
unclear data

Parameterized EoS (e.g., Meta-modeling EoS) + Bayesian Inference + MCMC
many works in this workshop...

Machine Learning the Direct Inverse Mapping
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Framework
AD

 Automatic differentiation (AD)

* |t refers to a general way of
taking a program which
computes a value, and
automatically constructing a
procedure for computing
derivatives of that value.

 Example

How we compute the derivatives of logistic
least squares regression in a neural net,

w weights, b bias, o(z) activation function
X input, y output, t target, < loss function.
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Caffe é Caffe2 Q Chainer @Sﬁﬁ: A @Xnet
Toolkit MATLAB
44 PaddlePaddle O PyTorch  TensorFlow "torch it
y / -
A ::Julia
LAasey 66
i W' computing
Chain rule: A (1) - f'(g(:c))g'(:L)

Computing the loss: Computing the derivatives:

z=wx+b ?:1
_ y=y—t1

y =0(2) o
) 7 =Yy0'(2)

F =—(y—1)? W=Zx

2 - _

b=7



Reconstruct EoS
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Framework

Neural Network EoS
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A Trainable Neural Network

13

A feed-forward network with a single
hidden layer containing a finite number

of neurons can approximate arbitrary
continuous functions.

Universal approximation theorem (1989,1991)

Pg(p)

{0} : weights and bias of the neural network
Size of {0} = 4353


https://en.wikipedia.org/wiki/Feedforward_neural_network
https://en.wikipedia.org/wiki/Neuron
https://en.wikipedia.org/wiki/Continuous_function

Framework

Neural Network TOV Solver

TOV Solver
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100,000 polytropic EoS functions for each low density model
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Framework

0.010 3.5
—— Training Loss | | ---- TOV
Testing L - o W Net 2009064
Neural Network TOV Solver 0.008| nstes | 30y o WRVERSE e
}', 3{, ‘érm*‘\\ ‘L\
2.57 . ae‘s:‘? u“& !
0.0061 | -~ [ _Q:‘ “3@@%& vl
0 \\ = 207 3NN ) R TR
e ! O
= 0.004 215 S T A
= 4 { jf 5; ,")
0.002{ | 1.0- HEE B B
TOV Solver I !
S J AR X
/ A \ 0000 | > V\&ihx‘!fﬂiﬁ;ﬁ;@ e
s 10° 100 107 10° 0.0 13 4 16
) X Epochs Radius (km)
N
) o (M, Ry)
N
Ppo) N\ "\
D[757' S Comparison of the performance of different Neural Networks for solving the TOV equations.
y N,| NN R? MSE Parameters Epochs Time
= /| (x1079)  (#)  (x10%) (x103sec)
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Framework
¥ fitting

32x1

Pi L
a= /
\ >
N
N
32x1 32 x 64 32 x 64 32 x64
\
|

(a) NN EoS Py(p)

5y*  Sy* oz bx

(b) TOV Solver

\

32x1

N
;x

N

N

=

N

32 x 32

50 &z Sx 86

16

32 x 32

AN

32 x 32

7= (Mi’ Ri)ax — Pl(pl)

.
4 /(MR )
V/ 7 (Mobs,i , Robs,i)
/ / (AM;,AR;)




Results

Test 1: mock data without noise

3.0 .
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5 s ---- M-R (from reconstructed EoS) 1 ---- Reconstructed EoS
iz
2.01 = 102-
g % 10 5
w 1.5 =
wn Q
S 5
1.0+ &
)
& 10%;
0.5
0.0+ - ' ' : ' '
§) 8 10 12 14 2 4 (§)
Radius (km) Density (0sat)

A reasonable agreement of the M-R curve from the reconstructed EoS (red dashed line) with
the ground truth curve is depicted in the mass region M > 1M,

with only 11 (M,R) pairs.
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Results

Test 2: mock data with noise
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On mock data, _ _
Noise(Mi) ~ #(0, 0.1M)) 500 samples give us different reconstructed EOSs and M-R curves.

Noise(Ri) ~ 40, 0.1R,) Gaussian fitting for each p, or (M;, R;) to get confidence interval(Cl).
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Results
On real data: M-R
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Gaussian Fitting
on the posterior table

AN
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Radius (km)

Observable Mass(M) Radius(km)
M13 1.4240.49 11.71+£2.48
M28 1.0840.30 8.89+1.16
M30 1.4440.48 12.0442.30
NGC 6304 1.41+0.54 11.75+£3.47
NGC 6397 1.25+0.39 11.48+1.73
wCen 1.2340.38 9.80+1.76
4U 1608-52 1.6040.31 10.3641.98
4U 1724-207 1.7940.26 11.474+1.53
4U 1820-30 1.76+0.26 11.31+1.75
EXO 1745-248 1.59+0.24 10.40+1.56
KS 1731-260 1.5940.37 10.44+2.17
SAX J1748.9-2021 1.7040.30 11.254+1.78
X5 1.1840.37 10.05+1.16
X7 1.37+0.37 10.87+1.24
4U 1702-429 1.90+0.30 12.404-0.40
PSR J0437-4715 1.44+0.07 13.60+0.85
PSR J0030+0451 1.4440.15 13.02+1.15
PSR J0740+6620 2.0840.07 13.7042.05

18 (M, R;) , batch size = 1000
Constraints: causality, Maximum mass > 1.9 M



Results

Blue dots: NN as direct inverse mapping

On real data: EOS and Green dashed lines: Bayesian Approaches
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Tidal Deformability A

Results
Others
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Consists with the GW observation
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Phase Transitions?
1st order PT/ cross-over is not ruled out.
Need more accurate observations or new observables!

Density (0oc?)



Summary

and Outlooks

« Take-home messages

« AD can solve inverse problem using
uncertain observations unsupervisedly

* Neural network representations can help
us to reconstruct EoS unbiasedly and
can be trained easily

* Future works
e Phase transitions
e Multi-messager observations
e Fully-physical AD

* Open package...
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Future

AD in Physics, opportunities and challenges



http://alanstonebraker.com/

Backups

Calculate the uncertainty

236 samples give us different batches of M-R pairs.
Gaussian fitting for each batch to get the uncertainty.
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Backups

Closure test for TOV solver
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-=-=- BHBA@® (TOV Equations)
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The NN TOV solver is not perfect.
We are replacing it with fully-physical differentiable modules.



Backups

Training process

Our interested area
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