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Multi-machine database & data-driven techniques uncover

reliable L-mode density limit precursor (LDL-P) risk metric [1]

e Two-parameter scaling robustly predicts LDL across .{stable B oL
devices . good for burning s states/ ") / \precursor
Vs edge Dy s edge plasmas! - || states
o 6x fewer false positives than Greenwald 04— | 4\
fraction 0.2 / y K
e LDL-P risk metric deployed on DIII-D & utilized for 09 )J T TR W

successful real-time LDL avoidance (1é6x) U edwe 301
*,edge~T edge

199908: Controller OFF 3¢ @smé o
199909: Controller ON [ o Mod
bim-p TCV

T 5 3 1 5 G [1] Maris et al.,
Submitted, NF (2024)

1.0 1
I, [MA] 5.

Vs edge/BTedge “ B
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The density limit (DL) is a key limitation and risk for future

fokamaks

e High density crucial for many burning plasma scenarios
o Increase fusion power density (~ n?)
o Enable radiative divertor regimes
e ITER & tokamak power plants set to operate near empirical
Greenwald density limit [2] [2] Greenwald et al., NF (1988)
[3] lkeda, NF (2007)
n I [4] Wenninger et al., NF (2015)
— < 1, where ng = -2 [5] Buttery et al., NF (2021)
ng ’ 71-&2 [6] Sorbom et al., Fus. Eng. &
Des. (2015)
TER (3 | DEMO ]| CAT[5] | ARC6
n/ng 0.85 > 0.9-1 0.67
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Experiment and theory point to edge density and temperature as

key parameters

Unstable phase
L-mode
density limit

Stable phase Precursor phase

Current
channel
narrows

Disruption
via MHD

@

Temperature

AND/OR collapse in

edge

Possible causes:

e Enhanced
turbulent
transport [7-9]

e Radiative
instability [10,11]

[7] Manz and Eich, NF (2023)
[8] Rogers et al., PRL (1998)
[?] Diamond et al., Phil. Trans. A.
J ) (2023)
\_ ~ / [10] Zanca et al., PPCF (2022)
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We focus on precursor phase as it provides early warning of

Stable phase I Precursor phase Instability phase
L-mode
I density limit
Y E I Disruption
Edge density Y | via MHD
~ increase 1 $
Stable Temperature
AND/OR I collapse in H-mode
edge

density limit

~ decrease | ¢4 e Enhanced

turbulent
transport [7-9]

° _RadiaFiYe [8] Rogers et al., PRL (1998)
instability [10,11] [9] Diamond et al., Phil. Trans. A.

' ) (2023)
Q // [10] Zanca et al., PPCF (2022)
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We focus on precursor phase as it provides early warning of
LDL

Stable phase I Precursor phase | Instability phase
‘ L-mode

density limit

Goals:

sae 1. ldentity LDL precursor boundary

plasma

2. Utilize boundary for LDL
prediction

l transport [7- [7] Manz and Eich, NF (2023)

° Radiatiye [8] Rogers et al., PRL (1998)
I instability [10,11] [9] Diamond et al., Phil. Trans. A.
(2023)

[~

[10] Zanca et al., PPCF (2022)
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We develop a database of LDL events in carbon- (DIlI-D, TCV)

and metal-wall (AUG, C-Mod) devices

e Large number of LDL and ‘ ——y
aple

non-LDL (“stable”) shots 53 = DL
o # of LDL shofs: 154 :

o # of stable shots: 3,193 g

e Significant variation in # of ";,3: 102
shots per device £
Z

101_

ASBEX qtor
| (o8O pyprgy OV
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Labeling of LDL event phase done by manual inspection

- ; I ; |
H”’NDW X-point 1 Radiator |
radiator forms I destabilizes !
#191793 L
L.( '
0 . - 5 |
— I, [MA] L e A
-== Greenwald fraction 0.0 L om==wes = ! : )
Gl IOREIEREE U < I Disruption
0.0 :
0.50 I
Ep— ]—(wl'_g' [kev] MMJ
I:HMP[IH")”m“)'] U -)‘W I
SN o ﬂ_/——\/_\:-
0.00 2 - - 4 - where "edge” is 0.85 < p<0.95
1.5 2.0 2.5 3.0 3.9
A Edge 1

Time [s]

region |
I

I
|
Stable LDE :
|
1

- precursor :
phase I
Temperature 1
—» P

10 Andrew Maris, maris@mit.edu / 2024-09-03 0.8'5 0.95



mailto:maris@mit.edu

We compare LDL stability metrics (ex. Greenwald fraction) by

treating LDL prediction as binary classification problem

e A good proximity-to-instability metric:
o correctly warns shot will end in LDL — high True Positive
Rate (TPR)
o rarely misclassifies stable shots — [ow False Positive Rate
FPR

(11) Andrew Maris, maris@mit.edu / 2024-09-03
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We compare LDL stability metrics (ex. Greenwald fraction) by

treating LDL prediction as binary classification problem

e A good proximity-to-instability metric:
o correctly warns shot will end in LDL — high True Positive
Rate (TPR)
o rarely misclassifies stable shots — [ow False Positive Rate
FPR
e We can trade off between TPR and FPR by changing alarm
threshold
o Ex. alarm threshold of n/n_ = 1.0 will have lower TPR and
higher FPR than n/n; = 0.6

(12) Andrew Maris, maris@mit.edu / 2024-09-03
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We will report two classification performance metrics

1. “Area Under the ROC ROC CURVE

Curve” (AUC) € [0.5,1] V0= FPERFECT CLASSIFIER
— Higher is befter  os-
3
W o4~
2. False Positive Rate §
coy=-
(w/ True Positive Rate = w =
95%) € [0.1] g
— Lower is beftter
O0O0=

[] 1 1 " 1] 1
0.0 0.2 o4 0.6 0.8 \0

FALSE POSITINE RATE
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Greenwald fraction has some predictive power, but results in

significant # of false positives

FPR @
Model Analytic boundary AUC  TPR = 95%
Greenwald plimit o, Lo 0971 13.4%

Ta?

oo

~13% False Positive Rate for a single instability would be
impediment for ITER!

15) Andrew Maris, maris@mit.edu / 2024-09-03
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We use three strategies to find an LDL boundary with higher
classification accuracy

1) Use
classification
algorithm (not
linear regression!)

2) Train model to 3) Utilize edge
identify precursor density and
phase temperature

Linear Support Vector

Machine (LSVM) e B
radiator forms : destabilizes :
12 h . g . 1.0 :
! =
) B Siable oS e ! %
101
I DL precursor 0.0 )
S5 0.50 1
=z 8
1
CE:D 0.25 /—»\N/"*J: J
Z 6 e 1
" OTHENERNRNEE - e | o B : S—
S 15 20 25 3.0 35
g | Time [s]
= 4 L Stable preI;:EIr_s
9| s Ehas phase
] - - —
-
O.
(16) 0 1 2 3 4
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LSVM classifier finds more accurate stability boundary using

edge density and temperature

FPR @
Model Analytic boundary AUC  TPR = 95%
Greenwald Mg % 0.971 13.4%
. 0.79
LSVM, edge parameters ng:f;; 11 - Teldgg 0.996 2.3%

/

b6x fewer false positives!

an Andrew Ma ris@mit.edu / 2024-09-03
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LSVM also finds reliable boundary using dimensionless
parameters

FPR @
Model Analytic boundary AUC  TPR = 95%
Greenwald At % 0.971 13.4%
: 0.79
LSVM, edge parameters nggég Il s()Tldog 0.996 2.3%
LSVM, dimensionless i”éﬁie Br gjge 0.997 2.3%

/

Similarly strong performance

(18) Andrew Maris, maris@mit.edu / 2024-09-03
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Boundary using edge parameters achieves strong separation
of stable and LDL precursor states
Improved prediction via LDL M

precursor risk metric
2()- B Stable

U edgeﬁT ,edge B DL precursor

where v, is effective <5

collisionality g is normalized &

plasma pressure o
)

l0g10(Vs edge)
19 Andrew Maris, maris@mit.edu / 2024-09-03
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LDL precursor (LDL-P) risk more reliable than Greenwald

fraction at discriminating LDL

Greenwald fraction LDL-P risk
12
Stable /L\
3{ states  LDL o

precursor

f/\ |\ states Zi / \\ \\

0.4- // \ /\\
i B
D SNy

0.0 0.5 1.0 1.5 e2 le-l let0 letl 1e+2

; 20.40
L V*-edgf“‘ T.edge

Probability density
— W)
\
-
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LDL-P risk vutilized at DIII-D for real-tfime LDL avoidance

Real-time
Thomson
and EFIT

(22) Andrew Maris, maris@mit.edu / 2024-09-03
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LDL-P risk vutilized at DIII-D for real-tfime LDL avoidance

Thomson
and EFIT

STATIN algorithm

computes
0.4
Vi edge T.edge

23 Andrew Maris, maris@mit.edu / 2024-09-03
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LDL-P risk utilized at DIlI-D for real-time LDL avoidance

Thomson
and EFIT

STATIN algorithm | PP sk Proximity
compu’res > Controller or
Vi edgeﬁT ,edge ONFR

(24) Andrew Ma ris@mit.edu / 2024-09-03
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LDL-P risk utilized at DIlI-D for real-time LDL avoidance

' s lnpUT
Real-time N ‘EwmE power
Thomson | Wi
and EFIT Density
STATIN algorithm | P 1 Proximity
compu’res > Controller or
Vi edgeﬁT edge ONFR

(25) Andrew Ma ris@mit.edu / 2024-09-03


mailto:maris@mit.edu

LDL-P risk utilized at DIlI-D for real-time LDL avoidance

Real-time ™ aws power
Thomson ' i

and EFIT Density

STATIN algorithm | PP sk Proximity
compu’res > Controller or
Vi edgeﬁT ,edge ONFR
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mailto:maris@mit.edu

Avoided LDLs in 16 of 17 shots with coniroller ON by reducing

density & increasing power based on LDL-P risk
1.0

199908 - Controller OFF

199908 - Controller OFF 1, [ma]
199909 - Controller ON

— LDL 3%
199909 - Controller ON
— Stable [4

LDL-P risk regulated at g 10 "y
low value wedgeToedge 11}

00 PR T [y e i i Sl

Density  0.79

target 0.50 1
—9 8
[10720m 3] 0.951

2.5

NBI [MW]

0.0

[UN]
o
(@24
D

1 2
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Controller enabled development of stable, gas fueled
L-mode reaching Greenwald limit

1.0 N
199908: Controller OFF 1, [MA] 199908 - Controller OFF
— LDL 3% 199921 - Controlier ON

— MARFE o ' -

@nnG~06 . ;O/,sz/
199921: Controller ON " . | | | |
— Stable [4 102
/G- 1M e WW
— High LDL-P risk 10° . , , , -
w/out LDL E]erggv - /{\/
[1072m 3] 0.5

7
T

e M
N | | |

1 2 3 4
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Density limits have been observed to correlate with upper limit

Control experiment sessions
including reference LDLs

=0T 2.50
15k Density limit disruptions
‘0 ' H « Density limit 2.2517 LDL shots & ®
= Oé g ® o Sawtooth collapse . . .
. ° Peilet injection 2 final timeslice
1.0} = 2 limit 2.00 1 N
5 M/‘/ urrent rise AR :,i
- Empirical stability 1.75 1 @2 j,;—*-:: -
0.5 T/ I//W|/ boundary <& . ? 4 r/;/,r'*"'
B Kink and double tearing region — \ J}/,r.
0ok l . : 1.50 Non-LDL shots
0 5 0 15 '
q (a) 1:257
[13]Wesson et al. NF 1989
1.00 A
0.75 -
4 6 8 10
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Survival at high LDL risk may be due to MHD stability

Control experiment sessions

13 T T T T T T . .
alol=10 including reference LDLs
12 MAX(lg/2)=-“2ln(£ ¢
L alo .50
| _| LDL shots &
10~ 22)" ° ° _—
final point 4 .
[14] Cheng - bt
etal. PPCF 0 N\“\o o R
1987 i Z o i
20.7 1.75 < /’ .,ff“r
=5 ,}v, v/ ./'"rﬂ
06 = d v’-‘"’jr'
N L.50 =¥ Non-LDL shofts
1.25
03 100
0.2+ ]
e S e e IR 015} 6 3 10
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Multi-machine database & data-driven techniques uncover

reliable L-mode density limit precursor (LDL-P) risk metric [1]

e Two-parameter scaling robustly predicts LDL across .{stable B oL
devices . good for burning s states/ ") / \precursor
Vs edge Dy s edge plasmas! - || states
o 6x fewer false positives than Greenwald 04— | 4\
fraction 0.2 / y K
e LDL-P risk metric deployed on DIII-D & utilized for 09 )J T TR W

successful real-time LDL avoidance (1é6x) U edwe 301
*,edge~T edge

199908: Controller OFF 3¢ @smé o
199909: Controller ON [ o Mod
bim-p TCV

T 5 3 1 5 G [1] Maris et al.,
Submitted, NF (2024)

1.0 1
I, [MA] 5.

Vs edge/BTedge “ B
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Greenwald fraction does not clearly separate precursor
and stable plasma states

9 5] / Stable

/\states
\

2.0
3. . AN 4
z W W, LDL
R /ﬂ precursor
S 1) ¢
a / / \ states

|
0.5 | L&
000 0.5 1.0 1.5

n/ng
G Andrew Maris, maris@mit.edu / 2024-09-03
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LDL precursor (LDL-P) risk more reliable than Greenwald

fraction at discriminating LDL
Greenwald fraction LDL-P risk

: i
Srecursor " M TPR =95%
[/\/\ /\ states N / \\ /I: W\

il Ah
i o 4N
J /' | \“\\

0 - 0.
0.0 0.5 1.0 1.5 ?e—? le-l 1le+0 le+l le+?2

; 0.40
i V*-edgf"‘jT edge

Stable
states LDL

o
1
l—l

D

\3
T
S

Probability density
(W]
\

\\‘
x
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Consider an plasma that enters an unstable phase

Example Stable
plasma
signal
Unstable
T .

Time

(36) Andrew Maris, maris@mit.edu / 2024-09-03
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37

Intuitively, we want our instability predictor to go from low to

high when an instability emerges

Example
plasma
signal

Stable Instability

score
(prediction

Unstable from model)

Andrew Maris, maris@mit.edu / 2024-09-03
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(38)

We use an alarm threshold to map instability score “yes/no”

warning

Alarm threshold

Example =" = @ =+ =+ = ¢ == v - - &
plasma Instability
signal Stable score
(prediction

from model)

/I Unstable

Andrew Maris, maris@mit.edu / 2024-09-03
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We use an alarm threshold to map instability score “yes/no”
warning... this results in an exira degree of freedom

Instability
score
(prediction

Unstable from model)

3N Andrew Maris, maris@mit.edu / 2024-09-03
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We will compare the Greenwald limit with data-driven density

limit predictors

Standard Machine Analytic/ Greenwald
. VS. y e . .
Learning Symbolic fraction
1. Random forest 1. Linear 7
2. Neurdl Regression
network 2. Support I /71-@2
Vector p
Machine
| J
B .l D:J’robose
Source: Malato, “How many...” NE FJ
yourdatateacher.com " 4

2
log o+ cdge)

0.4
Vs edge T,edge

(40) Andrew Maris, maris@mit.edu / 2024-09-03
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We also hypothesize that classification will better identify DL

boundary than regression

Linear regression uses only Classification uses both stable &
unstable data unstable data (Linear Support
Vector Machine)

FTFall-W AUG: » /: 12 _Eh%, )

1.0
_ [ 1=12MA A A R
TE 08 1omA o hoed . 0 B Stable
= I 08MA + ] T
g% | 04-06MA * ﬁﬁz‘ ] I DL precursor
4= 08 frearaeT— ; § 8%
£ o ] 4 : =% 8
T 7 I B ~
o Ic 04 > ] K
> 2> L je — 6_
o = [ . s |
GJ ClC.) L , @6
ES 02 W 1 ;N o 4
: 7 Vs ﬁe'Hsz 0506 Pheat0.396 q95-0.323 |p0.265 e = -
(01 0 I S AR D TP R T 2 Rt
00 02 04 06 08 10 ., -
regressed density [10%° m™] 0 2= "I . . .
[15] Bernert et al., PPCF (2014) 0 1 2 3 4
Tedge

4D Andrew Maris, maris@mit.edu ; zuz4-uv-uo
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Using global features & EAST data: ML methods achieve

significantly higher performance, but still below ITER’s needs

FPR @
Model Analytic boundary AUC  TPR = 95%
NN N/A 0.943 28.4%

RF N/A 0.943 22.6%
o 0.67

LSVM plimit I PO 0941  26.8%

Lin. Reg. 7™ ~ 20 PO1T 0925  39.5%

Greenwald —Al™it ~ 2, 0.894  46.0%

(42) Andrew Maris, maris@mit.edu / 2024-09-03
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Using edge features: significantly improved density limit

prediction accuracy achieved by NN, RF and LSVM

FPR @

Model Analytic boundary AUC  TPR = 95%
NN N/A 0.997 2.8%

RF N/A 0.998 0.5%

o 0.79

LSVM plimit o Zp 700 0.996  2.3%

Lin. Reg. plimit o S TOMG066 0,880 54.6%
Greenwald plimit WIC’L’Q 0.971  13.9%

Edge Greenwald nggg ~ 7{52 0.888  43.7%

Four-parameter power-law identified by LSVM comparable
accuracy to far more sophisticated NN & RF

(43) Andrew Maris, maris@mit.edu / 2024-09-03
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(44)

Using dimensionless features: similarly strong performance

from data-driven models

FPR @

Model Analytic boundary AUC TPR = 95%
NN N/A 0.991  3.0%

RF N/A 0.996 1.6%

imi —0.40

LSVM e ™~ BT o 0.997 2.3%

Lin. Reg. ilggtge 5T edgepggdge 0.984  6.6%
Greenwald plimit mg 0.971  13.9%

Edge Greenwald  niiht ~ 75—52 0.888  43.7%

Andrew Ma ris@mit.edu / 2024-09-03


mailto:maris@mit.edu

Average value and standard deviation of global parameters

for each device in the database

Device

fis [10°° i

1 p [I\IA]

a [m]

Ry [m]

By |T]

P, [MW]

AUG
C-Mod
DIII-D
EAST
TCV

(45)

0.68 £ 0.16
1.45 £ 0.68
0.44 £ 0.17
0.33 £ 0.09
0.47 £ 0.20

0.72 +=0.13
0.83 = 0.18
1.04 £ 0.21
0.35 = 0.06
0.18 =0.07

0.50 = 0.01
0.22 £+ 0.00
0.59 == 0.02
0.44 £ 0.01
0.23 = 0.01

1.60 £ 0.01
0.68 £ 0.00
1.67 £ 0.00
1.83 = 0.00
0.88 £ 0.01

Andrew Maris, maris@mit.edu / 2024-09-03

2.41 +0.23
5.44 £ (.81
1.94 4+ 0.17
2.43 £ 0.00
1.42 4+ 0.03

6.61 £ 1.66
1.73 +=1.05
9.87 £ 3:17
3:.29 £ 1.77
0.57 £ 0.49
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(46)

Average value and standard deviation of several

dimensionless parameters in the ed

ge of the plasma

Device | gos5 Ve BT edge [70]  Poage [0
AUG 6.00 =097 16.51 1 73.24 0.424+0.17 0.37¢= 007
C-Mod | 4531096 19.97+272.04 0.16+0.16 0.38+0.10
DIII-D | 5.08=1.48 3.69 £+ 18.74 0.67+0.39 0.51+0.14
EAST | 7974129 N/A N/A N/A

TCV 480 = 119 @253+ ¢2.99 0.194+0.17 0.77 = 0:23

Andrew Maris, maris@mit.edu / 2024-09-03
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Applying same approach when training on all devices and

testing on DIII-D

FPR @

Model Analytic boundary AUC  TPR = 95%
NN N/A 0.987  3.3%

RF N/A 0.995 1.5%
LSVM pmit .~ 15562;;6 0.992 1.6%

Lin. Reg. v Br cdge 0.974  9.6%
Greenwald pHmit ~ b 0.847 53.7%

Edge Greenwald —nliit ~ 0.705  82.6%

47) Andrew Maris, maris@mit.edu / 2024-09-03
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Comparing with Giacomin-Ricci scaling shows greater

prediction performance for collisionality-like boundary

FPR @

Model Analytic boundary AUC TPR = 95%
NN N/A 0.984 6.4%

RF N/A 0.985 3.0%
LSVM i~ BT e 0.992 3.5%

Lin. Reg. v~ BT e 0.976  11.4%

) . i 1-52/21 P10/21A1/6R1/42

Giacomin Nt ~ b S@glm i 0915 22.8%
Greenwald plimit ~, e, 0.896  44.1%

Edge Greenwald niinyt ~ 2z, 0.745  79.2%

Only AUG, TCV, and DIII-D, as P, could not be estimated for

C-Mod database

(48) Andrew Maris, maris@mit.edu / 2024-09-03
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SVM identifies edge collisionality-like scaling
Edge density limit i UPHS:] 020 m3

scaling 19 - . MA
0.8 B Stable e m
nhmit ~ P 1.0 10 B (DL precursor | ® keV
edge CL1'3 edge
0.8
. ]p 1.0

achieves strong 1.3 edge 01
separation of cases n

8

() f—=——— |

0 1 2 3 4

Nedge
(49 Andrew Maris, maris@mit.edu / 2024-09-03
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(50)

Stability boundary connected to enhanced fransport and

XPR/MARFE instability

Enhanced turbulence theories
[17, 18] often point to electron

adiabaficity
ki v

o=
VeeW
Collisionality boundary is close

match to adiabaticity, with

implied turbulence frequency

0.9
W Tedge edgek |
implied — 0.8 3/9
BY%3 €3/

Andrew Ma

ris@mit.edu / 2024-09-03

XPR/MAREFE instability model
model [19] (assuming ny ~n__
asin [16]) has similar T
dependence

5/4
limit Tedge\/a
edge

ds RO

although geometric factors
differ

n

16] Manz and Eich, NF (2023)

17] Rogers et al., PRL (1998)

18] Diamond et al., Phil. Trans. A. (2023)
19] Stroth et al., NF (2022)

————
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LDL also avoided in current ramp-down scenario

1.0 L 199586 - Cont. OFF
199586: COI’]TI’O”GI’ OFF 5 [MA] 5 anll!m-g \]ﬂ587 - Cont. ON
g \

— LDL 3%
199587: Controller ON .15

n/ng 0.5 W
Relatively high n/n 0% I l
achieved without Veoee P cage 11 .’__ﬂM

— Stable ['4
disruption 10°-
Density ~ 0-75

target 0.50 1
—20,..—3
[].O m ] 0.25 ' i I\/W/\AM/M n
:’) i
NBI [MW] v"\

0 .
1 2

w
e
ot
D
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Example of successful prediction: DIII-D 191793

1.0

: = — 5, (A
—— Hog

=== Greenwald fraction

—— Edge Greenwald fraction

e

014][()}.07“— l,sUPi(l){ZH

1.5 2.0 2.5 3.0 3.5 ErEry
0.50 -
S T Tedge [keV]
=l I e T TNt ¢ o«
0.2 —"~__ 7 g mf«,‘,,,.wf”f S nedge [1020 m 3]
L~ \./*’\_\/_\
0.00 , . . . .
1.5 2.0 2.5 3.0 3.5
Time [s]
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Additionally, we will consider different sets of “features” to train

the models on

“Global”  “Edge”  Dimensionless
Symbol  Definition features  features features
n e” density, line avg. X
Fin Input power X
Nedige e” density, edge X
Lodge e temperature, edge X
15 Plasma current X X
a Minor radius X X
q95 Safety factor X X
Ve o Collisionality, edge X
Bredge  Toroidal 3, edge X
preuEe Norm. gyroradius, edge X
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This dimensionless boundary is nearly identical to the “edge”

features boundary

Dimensionless LDL boundary'

1.4 :
Bre edge RoBr*e’rn __, nedge . (B ¢06,,07)
edge Tedge — T i T ]0 -
edge p edge y e
Varies weakly
in database:
Edge features LDL boundary: Moar = 3.8
nedge o nedge a13 Std dev =0.44
Nimit Tedge ]O 8

Despite more degrees of freedom in “edge” features case, nearly
same boundary found
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LDL risk metric can also be used for H-mode DLs (HDLs) on

AUG, DIlI-D, and TCV

e HDL database in 2.0 i i
development, currently at ‘
71 shots o sk balll |
£ 1.5 states ||
e "“HDL precursor” here G |
defined as 100ms before > | LDL
= 1.01Stable R
HDL (or 30 ms for TCV) i | /\/\\ precursor
a states |
O /\, states
O / |
: J J \X
\\\_V\

S
P

2 le-l le4+0 let+l le+2
0.4

1% o
*, E‘d ger T ed oe
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HDL overlaps with LDL in Greenwald fraction

HDL || 20

n precursor jI .
£ states | a 1.5 |
2 Stable ’,' | ' /\
© 37 states )| |

| |

E //\ |:/ \l 1.0 1 —
29 A LDL
WA W
o \

i
' - |
| precursor x| //x\' /\
Y M states ! J
- -

0. - ' . -
5 1.0 15 'Pe2 lel let0 letl let2

| 20.4
n/ng Y .edgedT.edp;e

\.

|
o

;

(56) Andrew Maris, maris@mit.edu / 2024-09-03


mailto:maris@mit.edu

For future devices, LDL risk metric predicts significant safety

margins to HDL

ITER  DEMO

’] ARCl U ] 20] HDL ] l'l'
| Sy precursor | | |
4 T Future N
2 o | 1.5 , states {1
B L] devices " N
i 3. - / i\ (approx.) Stable | U‘ |
= o | 1.0 states | |
E 2 // \ /\ i | : " \,ll I,'n"
iy W\ | W / -
o : i f | |
yi Ll 0.51 | |
| /| | : ’ |
| J }V i ‘ A//
L
I |
/ i : ] \
, , L : 0. | ,
000 02 050 075 100 125 Teo le-1 le+0
/- 0
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Linear Support Vector Machines (LSVMs) identify boundaries

between data classes

e For linearly separable data, LSVM finds
boundary that maximizes distance to
closest points

o Definition: for n data samples x. € R?, n
labels y, € {-1,1}, vector w € R¢ normal to
boundary, and intercept b € R, an LSVM
minimizes the cost function

_ofts . 2
E—C(EZmax(O,l—yz(w X; b))) + ||w|
1:1\ | 1 .

I

Incorrect classification penalty

with only one hyperparameter, C Cartoon of LSVM
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Radiator/MARFE movement generally precedes LDL

1) Radiator forms

#191916, t=2.30, x?= 15.16 A=0.71

0.6

- 0.45

0.3

0.15

1.2 15 18 21 24
R [m]

59

2) Moves toward core 3) Flips position

#191916, t=3.58, y2= 5.90 \=0.71— #191916, t=3.66, x*>= 7.49 \=0.71—

ri1.2

0.8
-
£
=
= =
E 0.6b
N S
@
; 04 &

-0.6 Y

0.2
-1.2
1.2 15 18 21 24 0 1.2 15 18 21 24
R [m] R [m]
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