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Unlocking the Mystery of our Sun

Why does the Sun have K84 &
the mass It does? JiF AR 7

How long does ittaketo ., ., .
| N A -;E ?
form stars? REMEEZAS

)
A 104
Why do the planets have the yn{ 247 E %4 §
properties they do? o g 9 1oy timengiﬁe:
WIREREN THTE, BEE o e s

Answers lie in the birth places of stars: “molecular clouds”
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Life Cycle of Stars

Galaxy
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Accretion Disk
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Accretion Disk

Dense Core

50 kpc 10 pc 0.1 pc 100 AU
Stellar Wind/
Radiation Outflow
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Stellar Wind/
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Machine Learning

or Artificial Intelligence




Machine Learning

or Artificial Intelligence

noun :: field of computer science that gives

computers the ability to learn without being

explicitly programmed. @ZE g HE2E - W
BAT 47 22 5

— Arthur Samuel




.. fleld of computer
a C I n e ea rn I n g(:lence that gives computers
or Artificial Intelligence the ability to learn without
being explicitly programmed.

— Arthur Samuel
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: ° oun :: field of computer
a C I n e ea rn I n gcience that gives computers
or Artificial Intelligence the abllity to learn without
being explicitly programmed.

— Arthur Samuel
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Why machine learning?

....Star formation Is messy
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Why machine learning?

...There Is a lot of data...

BEEKX



B MILKY WAY PROJECT

ABOUT

CLASSIFY TALK COLLECT

Signin Register

BLOG

Milky Way Citizen Science Project (MWP)

C OREBTSE

..' .

- ; - "

What do you see in this image? Make classifications using the sets of tools
below, and if multiple objects appear in the same image mark each
bubble, bow shock + driving star, etc. If you find that there's nothing
worth marking, simply click 'Done' to complete the classification and view
other images.

= Bow Shock 0 drawn
€> Bow Shock Driving Star 0 drawn
() Yellowball 0 drawn

L1 Other Objects

G drawn

https://www.zooniverse.org/projects/povich/milky-way-project




A

Human ldentifications

Engage the public In 1. Different opinions.

science!

| 2. Need simple
Numerous! iInstructions.
Freel 3. Can be “hangry.”

. Can identify atypical cases!

Even experts don’t
know the “rigRt” answer.




Why machine learning?

....otar formation is messy
...and 3+ Dimensional



B5 Star Forming Region in 3CO(1-0) B“bbling
!
- Clouds!

18 E "R IR

Michelle

. Barkin_
A Bubbling Nearby Molecular Cloud  Hyman Witr?‘/‘i'ﬁﬁned Physics

H. Arce et al. 2011, movie courtesy of A. Goodman PhD, topic: data viz



How does feedback shape
clouds & star formation?

Part |. Stellar Winds Part Il. Outflows

AR B 28 9 45 901 [
SLFTH A R R

Use machine learning to identify
stellar feedback!




Convolutional Neural Network
4 T A AR A R TENRBEZMNE  TEUVE
, B Supervised Learning

“deep learning”

A TE

Colin van QOort




Convolutional Neural Network

Supervised Learning
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Colin van QOort




Convolutional Approach to
Structure ldentification (CASI)

“Denoising Convolutional Autoencoder”

\
Remove noise / everything Be able to reproduce
not of interest Input iImage

Training Data

Upsam!m

m times and
return the
target

Convolve w
a filter |

ith Apply activation
function

Repeat m-

times! -

Down-
sample




- With / without noise

s \ B 2 H B

. Gas density AR R

. 12CO/3CO emission
- Wind tracer field J& 1]

- Different times, magnetic field
strengths, star properties

binary wind tag ;_,,« )

van Oort et al. 2019 slices

C P



Simulation
Testing

»‘5?‘" ,
i G
A
e

False Negative

van Oort et al. 2019




Train on Apply to Taurus

3D Convolution

Simulations cloud
4 13CO with noise TMB 8
2 w -»
gl issasassasass | .
R e aaaaas - i

’ . Compare to

re's |

S ] F/\HﬁJ 3| tthe visual

| Identifications

d=140 pc ) |
Forming low-mass stars (m* < 3 Msun) 1
Mapped in 12CO, 13CO by FCRAO Xu et al 2020a ©




LERIES
feedback with
pixel level

accuracy.

Xu et al 2020a



NEERE TN ESA
- ME1 trains on total emission in voxels
that contain some feedback gas

- Similar to how human visual

iIdentification works

ME1

THRGEREFLENEE
- Model MF trains on the fraction of mass
contained in voxels as mapped into
spectral space

- Learns mapping between emission

and true feedback mass

MF

Xu et al 2020a



CASI-3D

rank A (ME1)
rank B (ME1)
rank C (ME1)
rank A (MF)
rank B (MF)
rank C (MF)

CASI-3D___

IU}
&
AV

O}
)

=

=
)
-
-
]
c
0]
-
O
=

rank A (ME1)
rank B (ME1)
rank C (ME1)
rank A (MF)
rank B (MF)
rank C (MF)

Momentum,ps (Mg kms—1)

Mass of Human ID’d Shell Mom. of Human ID’d Shell

- ME1 agrees very well with previous ‘by eye’ estimates.
- Model MF predicts 10x lower mass & momentum

- Which to believe?? AR A S 4 B T

Xu et al 2020a



Xu et al 2020a
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CNN Predicted 1D Momentum (Mg km s~ 1)

40 60 80 100
True Mass (My) True 1D Momentum (Mg km s™1)

True Mass (Simulation) True Momentum (Simulation)

- Line-of-sight emission not associated with feedback increases
estimated mass and momentum by a factor of 10!
MF G882 E » REEHRNEERHFELRTF
- CASI-3D ME1 represents how humans find bubbles.




JE JE A 35 3R R 18 B B R
Human-ldentified Outflows Arce et al. 2010
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Xu et al 2020b TAac P
EeoimsmaE=R  Actual MEL Actual M#b“%m%ﬁ Predicted MF

i

0.5 pc - -4-4 km/s

B Integrated 12CO

o ©O

-0-5-2 .Okm/S
3h28™M30500° 27M30°
RA




. |[dentifies all
60 known
visually
identified
outflows

£ £n604g 2 ¥k 2|
. |dentifies 20
new outflows!

7 %% 3 2048

. |[dentifies
outflows In
confused
regions!

BY 2 7248 5 & 3

M2 E K B BRI
Machine-ldentified Outflows

Y= young star
O = older youncg

star
33°00'
| Cluster
2 32030 e : ¥ With ~100

young stars

Blue: -2.0-9.0 km/s
Red: 10.2-15.0 km/s

Xu et al 2020b



_/CO+ME1
Y A\

3h30m  29m

Offset (')

- Excludes most cloud emission: allows more exact mass,
momentum and energy estimates.

- Properties of individual outflows are similar due to cancelation
of errors but total outflow impact is underestimated by at least

30% (missing outflows). XU et al 2020b



Blue: < V.en, — 0.3 km/s
Red: > V.., + 0.3 km/s

538™ 36M

Orion RA

Xu et al. 2022

-23°00'
30'
-24°00'
30'

-25°00"q 1 pe

. Blue: < Vien — 0.1 km/s
30' 4Red: > Ve, + 0.1 km/s

16"42m 36™

Ophiuchus

RA

2 pc

220 Blue: < Veen — 0.3 km/s
Red: > V.o + 0.3 km/s

Taurus

2 pc

Blue: < Vcen — 0.1 km/s
300 Red: > Ve + 0.1 km/s

3h48™m  42m
Perseus




- All follow same feedback-young
stellar object (YSO) relationship Tereirus - e orion”

- .
=+ Orion

- ~ 1 Msun outflow mass per YSO
- ~ 1 Msun km/s outflow momentum
per YSO #HFEEEE " HMEKEE EW
Mg DL k1 Msun km/s g & &
- Energy injection offsets turbulent
dissipation in all 4 regions
e B B AE & R %9 i U R 6
- Ophiuchus is under-performing
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S _ 16M"42m  36™ 102
¥ Ophiuchus N(YSO,All)




Map Excluding Noise

_ -2.92+0.02
Spatial Power

Spectrum (SPS)

log P2(K)

L
m
-

=,
w
()

(s d

-30-25-20-15-10-05 -3.0-25-20-15-1.0-0.5

log Spatial Frequency (1/pix)
Xu et al 2022 95p " Y ‘

- SPS of the outflow emission shows a break in all 4 clouds
- Interpretation: outflow size and momentum injection scale

- Break point ranges from 0.27 pc (Orion) - 0.65 pc (Perseus)



8%

Star Formatloﬁ |s

- Protostellar outflows are |m|oortant |n

clouds from Taurus to Orlon e _t '. :
- | Cf@ﬁﬁ*;“ \

LA et . . A9 » 3
B -" R 2%, : ... ) y Q- ....- ".‘ 1
. FN i o 7 R \.,“

Feedback can offset tu rbulent ~_:,-_;V.::,.",_::‘;j."”_-if.,: 2

dissipation: star-forming reglons can e T

Selfsr€ulate. * - - - o v a?, 03
o Young stars |anuenoe thelr formlng »" A '-_;’ L i
e Star formatlon Iasts Ionger

uﬁﬁﬂﬁﬁﬁiﬁmm
e eaﬂe

Astronomers cdan move beyond & ' :

catalogs (and V|sual rnspeotlonl) to 3D
e ® VN 3‘0_ Doradus .

B T T R CreditiNASA, ESA



What’s next?

STAR FORmation in Gaseous Environments (STARFORGE)
Grudic et al. 2021, Guszejnov et al. 2021, Grudic ea 2022



- CASI-3D is a general CNN method:

- Can be used to identify structure in spectral cubes

- Can be used to estimate observational biases like
radiative transfer effects / opacity & projection effects

- Feedback is everywhere in star-forming clouds

- Previous bubble/wind feedback impact over-estimated

(mass and momentum lower by a factor of 10!)
Z R e fE YRR ] R

- Previous outflow feedback impact under-estimated due

to missing at least 30% of outflow activity
Mkt T EEE RN E
- Impact is significant compared to cloud Kinetic energy

https://gitlab.com/casi-project/casi-2d

https://gitlab.com/casi-project/casi-3d
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Contents lists available at ScienceDirect

PoreFlow-Net
Advances in Water Resources

Santos, Xu et al 2020
journal homepage: www.elsevier.com/locate/advwatres

Flow simulation results PoreFlow-net predictions

Relative error [%)

.- Accurate flow predictions in less than 1lsec
- Results for granular rocks, carbonates and “consolidated media”
- “shows the successful application of a disruptive technology (physics-

based training of machine learning models) to the digital rock physics
community”



Number of YSOs

/S S, B2 Young YSO
Ophiuchus [r—— Old YSO

Perseus

[ Total [0 MEL




Xu et al 2020a

13CO tracer

ME Target}
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ME1 ME?2 ME3 ME4 MES MEG ME7
Model Name

- Evaluate hyper-parameter choices & training sets 5- Excellent
- Models ME1-ME7 train on emission associated 4 Good
with feedback 3. Average
- Use Mean Opinion Score to test performance on |2: Fair
observed data. 1. Poor




onvolutional Approach to Shell [dentification (

i A Legend
0 v i ¥ Y UNet G
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191 Comaaludion
Final &cHvatan
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K

U-Net architecture
. 4 residual blocks van Oort et al. 2019
Mean squared error loss function

Input image is 2567
- 200 epochs, <~5% convergence
Data: 1/3 training, 1/3 validating, 1/3 testing




Table 1. Network Hyper-Parameters® BaSiC ReSid Ual BIOCk

Input
Name Definition Symbol l

Depth Blocks in the compressive/decompressive legs.

3x3 C
Number of Filters Filter alloted for each convolution operation. ‘ s

A

Batch Size Samples provided at each training iteration. Rel U Identity
- ' -

Noise Strength  Standard deviation of the white Gaussian noise applied to network inputs.

‘ 3x3 Conv |

Addition \
A
or a

Training Concatenati
CAS I _3 D Valild;tion oncatenation RelU

Output

Max pooling

o
=
wu

MSE Loss

100 150 200 250
Epoch




The integrated response of a voxel in the cube: the fraction of voxels predicted to
be associated with feedback in the same position in the stack of cubes summed
over all velocity channels.



simulation data Is a good repre



Training Set

Transfer

Tails > 1?

Forest” g :
Approach

Machine Le
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Training Data

- Synthetic dust emission (3 color) >"®2ssaa» € &% &
. FEIATReRaEs

. Different times, magnetic field SYPPIVuUve @
strengths, star properties,
viewing angles

- With / without noise

- Centered on shell

+

- With / without observationaldata { - .-~

identifications B ‘"-_ g L i

Xu & Offner 2017




Xu & Offner 2017

3500 retrained
—— ornginal |
3000 ——— 0 n|1.!|.l Sy nthetic y Vi retrained

fewer MWP+synthetic

ornginal

2500
2000 Not a
Bubble :(

1500

NMumber of Bubbles

-
-
=

)
-
qv]
=
S

<
al
=
=

Bubble!

-0.5 0.0 0.5

cr
-
-

=5 0.0 0.5

Bubble Confidence Bubble Confidence

- Confidence increases for visually identified bubbles.

- For simulation-only training, some bubbles (as expected)
have lower scores... know your training set!

- Best results: test set samples all types of bubbles



Taurus
13CO Data O Res-2-Unet Res-3-Unet
g L
.' y ’
\. - -
v v

Not identified by

humans
BUT there is a -€d Dilated-old Res-3-Unet-old
source there. | 4
\.‘ \.‘ -



log P5(K)

Full Map
N -2.95+0.02

Map Excluding Noise
Tt -3.06+0.03

Residuals

Residuals

log P;(K)

—20 -15 -10 -05
log Spatial Frequency (1/pix)
ME1
. -2.78+0.04
] “T'

Residuals

-20 -15 =10 =05
log Spatial Frequency (1/pix)

Residuals

25 -20 -15 -1.0
log Spatial Frequency (1/pix)
. ‘. =2.53+x0.03
] & = ® *0ga®
25 =20 -15 -1.0

log Spatial Frequency (1/pix)

- SPS of
Taurus
Intensity
flattens with
feedback

- Predicted by
Offner & Liu
2018 using
models.

Xu et al 2020



B. Taurus PCA

covariance matrix
shows evidence of
feedback.

N Predicted by
Boyden et al. 2016
using models.

o

Bubble
Expansion

":i"'l:.'.'- — T |: .t I.'.i: f [Z T I: Tp, Uy :|] ,."'ll T,
=1

C = covariance
T = spectral cube
-4 -3 =2 -1 0 1 2
Velocity (km/s) Xu et al 2020




