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Machine Learning project to reduce downtime

SNSFY19-FY21 Downtime by system

Can we reduce downtime by
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— Preventing accelerator failures §
— Improving target design E 100 1
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— Ability to process big data efficiently SYSTEM SE& R

— Ability to model complex non-linearities and identify trends/patterns

— Deep Learning (Neural Nefts)
« Generalize better than statistical methods,
« Compensate forincomplete physics models,
« Automatically extract relevant information
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Machine Learning to study four use-cases

Common goal: Utilize data from existing sensors to apply ML techniques 1o
reduce downtime
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#1: Use data from DCM to predict errantbeam =~ &~

Predict upcoming errant beam pulses

Ring
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Method

Use beam waveforms from
before errant beam pulse from
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— Use Random Forest (FPGA) Z
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#1: Siamese model detects similarities .

Siamese Neural Networks (SNNs):

¥

Learns similarity between two inputs
Update reference waveforms
Autoencoder extension verifies waveform encoding

Gaussian Approximation provides prediction
uncertainty
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Siamese Model Overview
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#2: Autoencoder predicts HVCM failures
Predict upcoming HVCM failures

Problem

Transistor failure due to
fransformer saturation

-

8 normal shots, one in yellow
where flux is beginning to drift,
one in red when the Insulated
Gate Bipolar Transistor

(IGBT) exploded.
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Method

Use auto-encoder to see a difference
in the waveforms
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Results

Predict 80-50% of failures
with <1% false positive
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Lessons Learned

False positive penalty
might be too high for
application in the field
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#2: CNN trained to determine capacitor values

Determine capacitor values from existing data

Problem

Capacitor degradation
leads to failure. No
direct measurement is
available.

Method

Use LTSpice to simulate
waveforms with varying
capacitor values to train neural
net Uncertainty-aware
convolutional neural network

Example V_Out for Testing
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Resulis

Error <1% for capacitance
predictions and low
uncertainty

Average Cap A CapB CapC
Uncertainty (pF) (pF) (pF)
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#3: Target surrogate model speeds design cycle
Use ML techniques 1o speed up design cycle

Problem

Complex multi-phase

response 1o beam pulses
requires time intensive
simulations

Method

- Run simulations on HPC over parameter space

- Sierra/Solid Mechanics with a 2-phase mercury model to . SensorA ., semsorC
include bubble families

Simulation

- Train surrogate model over same parameter space

- Use surrogate model to find those parameters that
match strain measurements

- Use those parameters in the full simulation while Variation in strain measurements

changing the target design (Surrogate model results to stay within variation)
OAK RIDGE ﬁ';ﬁ'}'a’gﬂ(m *Radaideh, M. I., T H., Lin, L., Ji H., Winder, D., Gorti, S & Cousi S. (2022). Model Calibrati f the Liquid M
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#3: Sumogate model down selects parameter space ™

Using sparse surrogate based on polynomial expansion model with gas
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Lessons Learned
Need enormous amount of HPC simulations to even get started.
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#4. Cryogenic Moderator System modeled

Improve overall system responses to the beam trips by better controller
parameters and using meta-control methods.
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#4: Cryogenic Moderator System modeled por7-21,2025 Q) ner

Results
Using new model to calculate controller settings led to e

. . o 7 BT et 00 bstatincdiesi o s
reduced pressure transients and factor of ten reduction in 5
time for the system to return to desired state. g1
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Lessons Learned

First operational improvement using ML. ML (offline)
analysis changed existing controllers' setup.

Turbine fluctuation reduced by 50%
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Machine Learning Framework
Developed to follow ML lifecycle: t Deploy for On-line Inference

- Version control

- Tracking model hyperparameters mlfl.)w
- Updating model per new data ADSERL] Cloud VM
- Routine tests to verify model validity MLASN on CADES

- Improving model with new features

Lesson Learned
This is crucial fo sustain ML solution
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Server on
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Summary

Lessons learned to apply ML to Operations: ‘

o Continual learning and robust models to manage changes

e Success in analysis might not be enough for operational gains
« Modeling of system to generate data can take up most of your fime
e Retuning using ML resulted in permanent operational improvement
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