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MAGEMin

MAGEMIin: example diagram

 KLB-1: Melting of dry peridotite
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> But how many local solutions exist?



How many solutions are there?

[ NON ] MAGEMin PseudoSection Viewer

Simulation Pseudosection Info

| et’s check! T

Gibbs : -853.615563
rho : 3161 kg m-3

phi : 0.101
KLB-1 Status: 0
50 / — 6 Num : 23944
Stable Assemblage
(] L] 45 15.5
elect a point & solution mode
cpx 0.0536
40 15 p
lig 0.1011
ol 0.6193
35 opXx 0.2263
Egn [ £ 7]
XlracC equliorium = :
= £
@ (X
S5 25 3
3 ﬁ || Compute TC solution for every point
—
o :: Plot color [# of stable phases V]
o 20 Show edges Off C, On
< Solutionspace ’ Plot options ‘
15 Analyze Solution Space
Exhaustive search of parameter space

solution model cpx

Sample the model space

# points/dimension 5

[ Compute ] [ Plot output ]

: holdon | |add NN | |keep normal I
800 1000 1200 1400 1600 1800 2000 x-[1 v ]I -0.50 “ 1.00 l#_-| 100 |

C O m p Ute d ri Vi n g fO rce (: O at Temperature [Celcius] y':[2 v ||-050]| 1.00|#] 100]
g 8 19261 points | Ul oluster: (1 v |
equilibrium) -

Coloured fields: MAGEMIin results
Thin lines: ThermoCalc results



Soluti
con

How many solutions are there?
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How many solutions are there?

Solution for spn

 For KLB1, In nearly all cases h
single minimum

e |f a second one occurs, it is often
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2nd (more stable) solution
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> Gradient-based approaches because of constraints |
should work reasonably well \
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Example with 2 minima
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> Here, local optimisers may get trapped in the wrong minima



Neural networks

» Basically “fitting” tool to nonlinear s

functions.
1 or 3 layer model;
> Input: P& T (2D)

> Qutput: Fraction of stable
assemblages (here 11D)

> Trained with ~9Kk data points
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Example - melt content

True solution Trained NN (3 layers)

50

KLB-1 | f. A M@ QA (S 50 KLB-1; NN prediction | &, A MA QA

Error: NN-True

10.9

Pressure [kbar]

1000 1200 1400 1600
Temperature [Celcius]

Pressure [kbar]
o
(4}
liquid fraction
Pressure [kbar]

800 1000 1200 1400 1600 1800 2000 800 1000 1200 1400 1600 1800 2000
Temperature [Celcius] Temperature [Celcius]

> NN does a very good job at predicting melt content

10.9

10.6

0.5

0.4

0.3

0.2

0.1

lig content




15

—_i
o

Max. error in liquid fraction [%]
o1

Error: systematics

Maximum error

INN prediction - truel

—e— 1 hidden layer
—e— 2 hidden layers
—e— 3 hidden layers

10

15
Number of neurons

20

25

Average error in liquid fraction [%]

1.6@

1.4

—_
N

—

o
e

o
fo)

o
~

0.2

Average error

INN prediction - truel

---0-- 1 hidden layer
-0+ 2 hidden layers
--0---3 hidden layers

Number of neurons

-
-
*
.
G--......
--------
--------
--------
------
Q e, )
g
e,
.
a
-
* e,
- ‘e,
]
'.
.
.
— ‘e
a
e
‘e
.
‘e
.
.
]
a
.
G
Y
a
Y
e
a
.
.
a
e
]
G
L
a
.
G
b
e
‘e
'.
e
e
‘e
e
a
e
e
a
.
.
‘e
.
™
‘e
e
.
"0
o,
.
‘e
.
e
‘e
-
e
.
‘e
.
., *
., .
., .
— ., -
., -
te. O -----
........
........
.........
.
. e
......
....
. Tag
"""""" o
.G' --------------
-------
------------------
........................................
..............
..................
------------------
------
--9



Error vs. # of layers

1 layer/15 neurons per layer 3 layers/15 neurons per layer

1 layer: Predicted (NN) - True solution 3 layers: Predicted (NN) - True solution
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> More layers help (but beware of overfitting if you use too many!)

10



What about predicting the full diagram?

True solution (~few minutes) Predicted (~0.1 seconds)
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> Not great; largest differences in fields with small fractions
> Yet, we can also estimate the chemistry for every field
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Mass fraction > 0.1%
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Effect of # of layers

Pressure [kbar]

an
o

iy
($)]

F Y
o

W
a

W
o

N
(3)}

N
o

3 layer NN (15 neurons) with phase fractions >1%

|
|

\
|
|

1000 120 1400 1600 1800 2000
Temperature [Celcius]

> Having >2 layers seems to work best

3 layer NN (15 neurons) with phase fractions >1%
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Use NN as initial guess

3 layers NN

Use NN to estimate the Initial _ NNasstartingguess _s300a0
composition of solid solutions

* Examples: -

e olivine [4 end members]
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......

 spinel [8 end members)

N
(4]

 clinopyroxene [10 end members]
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Field created in the command-window
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(rather than default values we Use) ° e
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>

Solution is less good than without initial guess
Not fully clear yet why (work in progress) "
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 New thermodynamics code (under development)

e |Local minima

G surfaces typically smooth

« Computational challenges from (nonlinear) inequality constraints

e Neural networks

 Quite good approximations of phase fractions " cs00an

« Computational challenges from (nonlinear) inequality conditions

e To be done

* Incorporate H20-rich compositions

 Train NN with variable chemistry as well

800 1000 1200 1400 1600 1 800 2000
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 Physics Informed Neural Networks (PINN)
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