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# Context

Captured by Frédéric CHIOLA

Dense cores and star formation
* Dense cores are the birth sites of stars.
 Critical parameters :
* Density profil, radius, mass
* Critical questions :
¢ Star Formation Rate ; Origin of the initial mass function
Observational challenge

Dust observations provide column density

Star formation depends on volume density

* Recovering volume density is a degenerate problem

L L
1
NH(x,y)Zf nH(x,y,Z)dZ-—>(11H>mu‘,y}=-—-—f m(x, y, 2)dz.
0 Nu Jo

. e
(B, Hasenberger et al. 2018), Infrared emission Dense Ccrg/é:SESO/APEX A. Hacar et al.




+ Unet - Convolutional Neural/Networks

INPUT IMAGE

LAYER 1 =

LAYER 2 +

LAYER 34—
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= :Comnvolution block (e.g Conv->RelU->Conv->Relu->Batch norm)
Z giving M features maps/images and with a dimension of N?

: 2x2 Max pooling

: Concatenate between skip connection and main input with convelution

: Transpose convolution

¥
—_—
> (it (1)

ENCODER DECODER OUT

(Unet, Ronneberger et al (2015) ; Oktay et al (2018) ; LeCun et

al (1989) )
Width and Height of the

W used kernel (M=N=3)

m=1n=1
Pixel at (i,j) in the resulting
image Y

Y’i,j — f(z Z Wm,n ' Xi+m,j+n + b)

\ Element (m,n) of the

kernel




# Conditional Invertible NeuralNetworks (cINNs)

ENCODER

* Generate samples by a sequence of invertible transformations :
A Ty R
From sample from Gaussian prior, to a data sample conditionned. Nplxy)
p- = N, 1) » Xp ~ Pdata-
. Trainin‘g : Learn to transform the co_mblex data distribution into a
gaussian one using invertible transformations.

df(X, c)

Paaa(Xlc) = p.(f(X, )l det X . (4 )y (X ¥) N(O, 1)

* Inference: Network is inverted in order to transform a sample from
the gaussian distribution to the learned data distribution COUPLING BLOCKS (CCBs)

X = f~(Zle).

(cINNs, Ardizzone et al. (2021) ; Rezende & Mohamed (2016) )
transformation of a CCB is:

v = up ®exp(s2(vy,¢)) + t(vy, ©), uy = (v — i(u2)) © exp(—si(u2))
Learned by convolutional neural networks
(CNNs)

{L"| = uy; @ exp(s(ur, c)) + t(us, ), {Hz = (07 — 1(v))) © exp(—s2(vy))

where s;, t; are scale and translation functions «—




+ Denoising Diffusion Probabilistic Models

UNet
* Generate samples by gradually transforming white noise, i.e —

sample from Gaussian prior, into a data sample. Nu(x. ) =

e X3 /
p- = N, I) » Xop ~ Pdata-
Training : a U-Net learn to predict the noise added to {7y )m

1
dx, = f(x,0dt + g(NdW, = -Eﬁ(f)xrdf + VB(NdW,,
_ _ N0, 1) (e (X.5)
where W, is a Wiener process. Here:
= g(f) i fﬁ(f) 15 the diffusion Strength, REVERSE/DENOISING PROCESS

- f(x.1) = —1B(t)x, is the drift term,

: : P . (DDPMs, Ho et al. (2020) )
— t € [0, T'] parametrized the diffusion trajectory.

Inference : Sequence of learned denoising steps

dx, = [f(x,1) — g(t)*V,, log p(x)]dt + g(H)dW,,

Likelihood




+ DDPMs, - Diffusion trajectories

Normalized <ng=>

<Ny >mmaps

(DDPMs, Ho et al. (2020) )

|Network pdf trajectories|

= Model PDF at Lpegin

2 L 4

-4 | 4

|Simulation / Truth|

Pixel trajectories

T
= Model PDF at teng

rl

T3

= True PDF

t=0.00
0

|Diffusion process|

50
Truth (Simulation

100

)

Each element of the map follows
a diffusion process

Each amplitude of diffusion
step is predicted by a U-Net.




+ Dataset & Training

ulation (RAMSES)

Training : 100 regions
Ntormousi & Hennebelle (2019, GALACTICA database) +  128px - 3.33pc wide
* Width: 66,1pc, resolution : AMR (down to 500au) - 70 % for training, 30 % for validation.

Turbulence, Gravity, Magnetic field (Ideal MHD), Not isothermal ) )
Diffuse to dense regions
+ Simulation (IDEFIX) for validation only

Data augmentation, ExpMovAverage (EMA) for cINNs and
Turbulence, Gravity, MHD, Isothermal, Periodic ; res = 512 DDPMs, Optimizer : ADAM.

Simulation Predictions by NNs

(NH)m

<ny>mlcm™3)

Errors: logy, (W)

UNet-sim| DDPM-sim] = =

-5 . -— =] 05 o

_ S

NH ‘?E =
=

S 00 £

= k5

o

S

v]




+ Benchmark on validation

U-Net: faster inference and
training, great performance
(factor 1.25)

DDPMs: slower but same
performance and probabilist, i.e

can handle degenerate problems.

cINNSs: unstable and difficult to

train but probabilist with exact
likelihood

=set (from Simulations)

Metric UNet c¢INN DDPM
MSE (log10) 0.20  0.50 0.25 CPU - RTX 2070 S
Parameters (x107) 13 3.8 08  (GPU-RIX2070 SUPER)
Inference speed (regions/s) 3.5 34 0.32
Error at 80% accuracy 025 039 0.25
Training stability High Low High
% B 1 N(IYpred — Viruel < G_) _ 2
eclor) = B ie%;} N, .| |MSE=E [(log Yprea — lOg Ytrue) ] ,

Residuals (log(prediction)-log(target))

| SR
UNet cINN DDPM 2.1

i | R — n
3.3 4.5

" n " " n 1
57
logia{ <np=> m)




+ Application on Orion B

Predictions: <ny>,,

1057

102 5
g “E
< 1022 103 A
I

| el

1021 V

< NH,nn1 >m )
< n.‘-.‘,....1 >m

Differences between NNs: Iogm(

UNet-DDPM] "

clipped diff in log10

(in prep, Ribeiro & Hily-Blant (2026) )



+ Benchmark on Orion B

0.0
%
c
= —0.5 1
o
o
* Core catalog from Kényves et al. (2020). «-',:.
£ -1.0
(nH>m _ E apd nch (1 _ E) %
R ne NH e ::E:
* cINNs : best for predicting dense cores S 151 ;
e o —— UNet
densities ; 2 —4+= NN
DDPMs, U-Net : for the diffuse —+- DDPM
environment ~2.0 1 it B
102 T

Ny{cm™2)

Fig. 10. Log-binned averages of differences in logspace between pre-
dicted average core densities and catalogued values. (= 400 cores)




“+ Advantages of.using probabilistic models

0 100 200 300 o 200 200 600

variance

0.00 F ' i ]

-0.05 .

015F
0.10 |

0.05F

[ —— Map

[ —— Cores

kil PR | P sl

102l 1022 1023
1o 10 10

ENTROPY: Hy, = exp(—2p ﬂ,@,ed(x_yuug(p*.ﬁ,wmu,ym}

T — 0
g

100
150
200

250 5

0 100 200 300 o 200

Region 1 Region 2

400 600

entropy

column_density

21 i —— Map 9
—+— Cores |

0 02 108

column_density

Probabilistic models predict
distributions.
- Possible to:

- measure model error

- difficulty of predicting certain
regions.

Degeneracy is not uniform across the
cloud and column density.




+ Conclusion

Results

Neural networks can estimate physical
properties (as the volume density) in molecular
clouds by extracting and combining information
from observational maps.

Probabilistic neural networks can address
degenerate problems.

Limitations

Dust emission only is limited, an architecture capable of also
using molecular emission to leverage some degeneracy (e.g
separation of structures along the line of sight) is needed.

Missing simulations to achieve peak performance of cINN and
to validate using external simulations.

Future
New target : Catalog of cores, multi-modal using
molecular emissions and dust emission. - New
measurement of CMF by taking into account the
multiplicity along l.o.s




+ Benchmark on Orion B

s Lol

0.0

* Core catalog from Kényves et al. (2020).

* Radii and core list are unchanged;
densities are replaced with our

10G10 (Mneurainetwork) — 10910 (”(atabg)
|
A
o

estimates. 1

(mdm _ na el (1 _ @) y 1 mef

ne n. Ny ne el

* cINNs: best for predicting dense cores 20 . | Jeln |

densities ; DDPMs, Unet : for the diffuse | 102 102
environment L g

Fig. 10. Log-binned averages of differences in logspace between pre-
dicted average core densities and catalogued values. (= 400 cores)
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+ Method to apply the neural networks on observations

Neural network applied repeatedly to small
observation patches

* Used for probabilistic modeling of line-of-
sight densities

* Model predicts a distribution of average —
densities

* Outputs can be summarized using:
- Mean predicted density

- Most likely density value

v 4 x 4 = 16 base patchs

i i T T s T : T d\ t but
6000 - ‘ m T ' — stride of 1/2 patch length
5000
4000
3000
2000
1000

of | | I | I | I
4] 5 10 15 20 25 30

Channels []

~Predicted mass-weighted average density along the l.o.s

16 + 16

MODEL

_

= 32 patchs
to be predicted




+ Denoising Diffiision Probabilistic Moedels

normalized <np>nm

nomalized Ny

(DDPMs, Ho et al. (2020) )

[From Model

DDPMS

) =1l

20 40 60 80 100 120
True density

60 80 100 120

Input / Column density

gh dens
[ Low density

20 40 60 80 100 120
Density prediction by model

20 40 60 80 100 120
Deviation of model samples

Pixel distributions
pr4
—— Lognormal fit: FWHM;5g=0.11 j
L == High density pixel pdf
I | | "
10° 10% 10° 108
<NMH>m
le2
T T T
J | [ —— Lognormal fit: FWHMjoq=0.05
L | == Low density pixel pdf
I | | I
J.U1 lUn LU: LU‘

<NH>m




normalized <np>

normalized Ny

(cINNs, Ardizzone et al. (2021) ; Rezende & Mohamed (2016) )

Truth / Simulation

|[From Model|

60 80 100
True density

60 80 100
Input / Column density

20

40 60 80 100
Density prediction by model

40 60 80 100

Deviation of model samples

120

120

Pixel distributions

P -1

—— Lognormal fit: FWHM,5q=0.65
—}— High density pixel pdf
ol

<NH>m

T
—— Lognormal fit: FWHM,oq=0.37
=—J— Low density pixel pdf

<Ng>m

5
10 10




Physics

Implementation

% Pipeline-l

Physics of star formation

___@ General equations

Key features to learn

. @ Objects and
* Navier-Stokes structures
(turbulence) *  Filaments,
*  Gravity . ch?]:fes . ----@) Degeneracy
* Magnetic fields ---@ Molecular RELSE Meaningful
Cloud dependent ' aress validation
@ u . P aStrophySICS Required model metrics
properties * Radiative transfer operations
Running
---@ simulations using Simulating
IDEFIX (and in the --@ hyperspectral Application to real clouds using
near future RAMSES) cubes from i multiple model inferences with
molecular emission stride, kernel and sampling.
Using and loading L~ Using and
@ of a pUb|iC Generating training @ developing Formulating Correction of mass-weighted
simulation set physics-based -@) and applying average density to core density
architectures new metrics
SimUIationS ——P Training set P Neural network P>  Validation |—» Application [P Science




% Pipeline -l

Physics

Implementation

Physics of star formation

Key features to learn

General .__.@ Objects and
@ Sauations structures
*  Navier-Stokes )
(turbulence) * Filaments, cores
*  Gravity * Diffuse areas . ----@ De
, generacy
- Magnetic Molecular ' ° Meaningful
fields L astrophysics o 1 Validation
@ Cloud dependent ® . F?ad):ative Required model ——
S transfer operations
Running
simulations Simulating
-4 using IDEFIX hyperspectral o .
(and in the near @ cubes from Appl.lcatlon to r.eal clouds usllng
future RAMSES) molecular rrt]g:lpllf mocljel |3ferenclgs with
emission . stride, kernel and sampling.
Using and :sm? ar]d Formulating
----@ Ioat:,:!ng ofa B :ir:;eir:;t;r;? --@ eve. oping new' ---@ and applying Correction of mass-weighteq
RERUC architectures (using tri average density to core density
simulation froma h new metrics
simulation Pytorch)
Neural .
Simulations Training set > Va I |dat|o n Application [P Science
network




% Pipeline =il

Physics

Implementation

Physics of star formation

Key features to learn

General .
@ equations . @ Objects and ‘
O oStk structures Handling degeneracy :
(turbulence) *  Filaments, @ e.g multiple cores per line
+  Gravity cores of sight
. i * Diffuse i g
Magnetic Molecular Meaningful
fields ,--. astrophysics areas validation
@ Cloud dependent *  Radiative Required model metrics
[PEPEES transfer operations
Runnin Correction of mass-weighted
9
simulations Simulating @ average density to core
~---@ using IDEFIX ® hyperspectral densit
(and in the near cubes from Yy
future RAMSES) molecular
emission
Using and . Using and Appllcatlop to real clouds
P loading of a g Generating developing Formulating using multiple model
public caiming set physics-based @ and applying ¥ inferences with stride, kernel
simulation e architectures new metrics and sampling
Simulations Training set Neural network —J»  Validation [————P» Application —P> Science
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" Bt

e Ny

1+[1—(l£+1
L

(&

)(1 - <nH>de

Ny

while if instead ny, is prescribed, then

1/2
I}

(A.4)

tag)

cwort) = 10910 (nca

log10 n, [em=3]

log10 Ny [em-2]







L

L — R —

L e R ——
2 x 103 M0%110%t 102 104 102 104 102 104 102 104

Ny [em~2] <Ny > lem™]



04

N
y=f(Q_ wiz;+b)

N inputs

Inputs —

-100 -75 =50 -25 0.0 2.5 5.0 7.5

e.g f(z) = ReLU = maz (0, z

\d

!I!t! an! Lelght of the used

kernel

Z Z Wm n " Xi—l—m,j-l—n =+ b)

m=1n=1

Pixel at (i,j) in the result image Y
.

EIement (m,n) of the kernel

128 64 64 2

output

572 % 572
570 % 570
568 x 568

Learnable weights

2842

Input image Convolution

2002

'12& 1za
B E
’ 256 256
o >
= E e
s
Feature map 512 10
ml ol — -
1024 " ( i

S

1042
1002

¥ .
a-*—*—_
& .

[Ronneberger, O., Fischer, P, & Brox, T.; 2015 ]

ol Eall Bt segmentation

map

392 x 392
388 x 388

256 128

18982
196%

512 254 I

=»conv 3x3, ReLU
= copy and crop

§ max pool 2x2

4 up-conv 2x2
= conv 1x1




9]110| N
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131 14| 15

16

Kernel
0|-1] 0
1| 5] -1
0|-1]0

TXO+ 5X-1+9X0 +2X-1+ 6XE+10X-1+3 X0+ 7TX-1+1NX0 +5=1

Convolution

Bias Output
n (12

5 —
15|16

* Cross-Correlation

Transp Convolution

Input

Kernel

0ol1 Transposed 114
Conv
213 (Stride 2) 213
Output
0|0 114 0|0]|1]4
0|0 2|3 0j0|2]|3
- L3 + +
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