ﬁS‘ Improving Training Labeling for Machine Learning Algorithms

Using KULL Hydrodynamic Simulation Data (BubbleShock)
DATA SCIENCE

: : : : HL Li
SUMMER InsTituTte dJoannaHeld (University of lowa), Cory Lanker (LLNL), Ming Jiang (LLNL) LLE N%‘fi’g?mg‘f?_a%erg%%e

ABSTRACT A SIMPLE LABELING METHOD PREDICTION RESULTS

Predicting conditions which lead to simulation failure generated Currently, observation labels are based solely on whether a zone Obtained with Random Forest Classification
1q the Arbitrary Laaranaian-Eulerian (ALE) method all causes code failure (1 = cause failure, 0 = did not cause failure), » Training data: observations sampled from speed=120, density=0.18
using the itrary Lagrangian-tuleria ( ) method allows and this simplicity creates mislabeling. simulations.
users to take measures to avoid failure. In order to correctly . Onlv ob ' thin 1 = 650 cvel 1 £ ed » Testing data: observations from speed=160, density=0.22 simulations.
predict these situations using machine learning algorithms, it is Iageyl (2 186['V8 Ions within n = Cycles until faliure are assigne  Classification based on 400 fully-grown trees using 0.50 threshold.
necessary to develop training labels which capture relevant Fiqure 4 (1 ht; Pistortion vs. Largest Angle varlable fabered with default mefhod A classifier using data with new labeling method (bottom row)
. . . . |gure ng : "2:’;:’ :;:t..:-.,.?..c:i .:;‘% ‘ E i . . . . . . . agugn .
information for classification. « Class 1 observations further 180 ':::::::::::::::::::::::::1?:‘?:'::::::‘:::::____:::t:_-_-i:_;<=- T — improved class discrimination (left column) and prediction capabilities (right column)
from the failure point resemble Problem 2 T T >
PROBLEM DEVELOPMENT class 0 and are mislabeled. 1601 | 81% are class 0 (blue) | | N e S
Class 0 observations after point o i R s :
o o _ of failure should be class 1. 5 i i 160+ 160
Our aim is predicting the mesh elements that are at risk of - The left group should be all g H0 = [Probiem 1 ] ' -
crashing code for hydrodynamic simulations. class 1 (pink), and the right . |
* Qur data structure: 11,560 zones over 1000’s of cycles. should be all class O (blue). o .
« Zones are geometric sections of the mesh. (Fig. 3) 100 - @
! : 100 1| True Class Labels ! i 100 1| Predicted Class Labels
« Cycles capture snapshot-like progression of simulation but are not | | | | i | | Simple Labeling Method | | Simple Labeling Method | | |
|inear|y related tO tlme (F|g 3) -1.00 -0.75 -0.50 -0.25 d(i)s.g;)rtion 0.25 0.50 0.75 1.00 ~1.00 -0.75 -0.50 -0.25 d?s:tl(:)(;tion 0.25 050  0.75 1.00 H ~1.00 -0.75 -050 —0.25 d?s.tboortion 0.25 050  0.75 1.00
dass
* An observation, or zone and cycle combination, consists of the : : N ; N i
information in Fig. 1. Problem 1. Cycles of failed zones far from failure should not be labeled 1. | T
o _ _ O E— SRR t2:
* Mesh flows with simulated material motion and zone geometry may reach » Labeling early causes the simulation to relax the mesh unnecessarily. Lo %'? | Lo
ImpOSSIble values (eg Maximum Angle > 180 ) Ieadmg to code failure (Flg 2) e Relaxation of mesh causes loss of physica| accuracy of simulation. o 4 7N S % 0.81
* Prediction of zones that will cause code failure allows for compensatory _ _ i oo % os-
measures (e.g. mesh relaxation). Problem 2. There are label = 0 that are code failure risks. = el
« Code failure prediction algorithms are trained on zone geometries from + Labeling too late means the simulation did not relax the mesh soon enough to 02 02
100’s of simulations using many different environments. avoid mesh tangling. o1 True Eé?ai?irl;;l?\ﬂeles{hod 0.0- Ereedilc_;;ebdelc?rllalsaé_tahtézls
* Algorithms require training labels for enormous amount of data.  Mesh tangling can halt simulation progress. 02 T T -02 . B B
Proper labeling of training data is necessary

O U R I M P ROVE D LAB E Ll N G M ETH O D Fig. 7 (above): Left column displays true labels for test set by the default (top) and new (bottom)

method. Right column shows predicted labels by each method respectively.

for creating successful prediction models.

« Label =1: a zone that is a failure risk at a certain cycle (an observation).
« Label = 0: a zone not posing a failure risk at a certain cycle.

Instead of applying label = 1 to only zones that crash the code,
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