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• Predicting Permeability in Porous Media using Physics-informed Deep Neural
Networks (DNNs)

• Adaptive Optimal Control of Stable Grid State Space Navigation with
Reinforcement Learning (RL)

• Anomaly Detection with Deep Spiking Neural Networks (SNNs)

• Machine Learning (ML) Basics and Potential Uses
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Predicting Permeability in Porous Media Using DNI\IŠ •

Synthetically generated data
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Examples of synthetic porous media generated with different sizes of sphere. Fluid flows
through the void space in black. Permeability decreases from left to right and ranges over two
orders of magnitude in m2.
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Predicting Permeability in Porous Media Using DNNs

Correlation with porosity and surface area
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Predicting Permeability in Porous Media Using DNI\IŠ •
r 111"'

Physics-informed machine learning - using porosity and surface area

Convolutional Neural

Network (CNN)

[0.92626 l Multilayer Perception

0.09189] I (MLP)

FC +

Linear

Activation

Schematic of physics-informed machine learning architecture.

Permeability

Prediction
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Predicting Permeability in Porous Media Using DNNs

Results

Final Average

Validation

MSE

CNN-only 0.011

Physics-informed 0.007

architecture
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Comparison of permeability prediction using validation data for CNN-only (left) and
physics-informed (right) architectures (linear regression fit with blue dotted line and
theoretically perfect prediction with the black dashed lines are also shown).
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Stable Grid State Space Navigation with RI:SIII*44,40,
nil • 411104-

•

1. In the infrequent occurrence when grid operations depart from planned
criteria, how do we move to a 'good' operating point?

2. Where are we? Where do we want to go? What path do we take?
System Load

♦

Interchange

MW

di Acceptable
"Ilv Perforrnance

ak Unacceptable
Performance

•
r Generation

MWIMVAR

Figure 9 - "Scatter plot of planning scenarios. Figure from NERC Reliability Concepts V 1.0.2

F 
iDuring near blackout condtions, grid operators may have an opportunity to restore

the system to a safe condition if a real-time decision support tool is available
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Stable Grid State Space Navigation with RL
• 9 • •

"Stability" margins of interest:

• Voltage Stability Margin

• Transient Stability Margin

• Non-Linear/Eigen-analysis Stability
Margin

Transient Stability 
Boundary

Transient Stability Level Curves

• System Voltage Margins

• Power Line Transfer Margins

• System Droop Margin

Transient & Voltage Stability Level Curves
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Stable Grid State Space Navigation with RL-- "6.
nil • 4111•4-

• ../

Defining the Grid State Space

miniWECC reduced order model [Neely, Johnson,

Byrne & Elliot, 2015]

01 PDS I Ili 1.1 145

Vt, pu

Grid State Space Variables/Distributions
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Stable Grid State Space Navigation with RL •

The AlphaGrid Game:
• Game objective

Increase score by moving from the current state to
a state with high stability margins

In the fewest moves possible

While maintaining high stability margins during all state changes

• Game setup
Game board is the grid state space and associated
stability margin penalties

Initial state is a marginally stable grid condition

• Scoring includes
An aggregate of stability margin penalties along
the journey of grid states

Penalties for more transitions

Improves for a transition to a more stable state

Degrades for a transition to a less stable state

• Rules for discrete state transitions
Each state transition is bounded to nearby
neighbors

Journey to the final state is performed using a
sequence of state transitions

States are not allowed to be re-visited

Cannot transition to unstable state

State transitions are
Selected from the combined DNN and MCTS during game play

Learned during training in the DNN

• End of the game is reached when
The maximum number of transitions is exhausted

No possible transition to stable states exists

Sufficient stability margins have been reached

Sandia National Laboratories 10



% *.
Stable Grid Stiie Space Navigation with RL :4%4 64‘1.: 

RL - DNN Block Diagram

[Deep Neural Net

DNA%

Initialize
Pi(DNNt),
P2 (DNNt)

vr

Dane

Games: Self Play

D Train
Game

Save Training 
DNNt +1

•
Turn Data and DNNt

..•••°°' DNNbes

Games: Old vs New

Game

Tu rn

MIN

Initialize

pl (DNNt),

P2 (DNNt+i)
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Stable Grid State Space Navigation with RL •

Results
100

90

I 30

1

& 20

10

00 50 100 150

Training iteration

200 250 300

Random player refers to the choice of next state
from current, where a random choice (without
repeat) reachable from the current state is chosen

50 100 150

Training Iteration

200 250 300

Greedy player refers to the choice of next state
from current, where the most stable next state
reachable from the current state is always chosen
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Anomaly Detection with Deep (SNNs)

Phase-coding using spiking neurons

Discretized leaky integrate and fire (LIF)

• uj (t) = (uj (t — 1) — Aj (uj (t — 1) — ueq)) (1 — zj (t — 1)) + ueqzj (t

• if uj (t) 19j and uj (t — 1) > 0 then the neuron spikes,

where

• uj is the neuron potential

• Aj is the rate of leakage

• ueq is the resting potential

• wijxi (t) is weighted current injection

• ej is the threshold

wqjpq (zq (t — 1)) are weighted phase-coded spikes

- 1) + w xi(t)+E vilopq(zq(t - 1)

ANN

19MlivnialiilatilWprreSenta. 1 \

intzbmmirimaw-n

Pre-sgagit•
rbUrAITS3
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Anomaly Detection with Deep (SNNs) P

Phase-coding using spiking neurons

Define phase-coding as

pj (zj (0) = zj (t) (((k — 1) — t mod k
Tstep

• within a window of k steps each of length T- step in the hi

• py is the phase-code reference value (see Time-encodin

• actual spike time is t +
(k-1)—t mod k 

where T- step = 1 ai

ANN

Pte-singit•
fOleurom

IhpaiGpfiteNs
1 I I
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Anomaly Detection with Deep (SNNs)

Sorting with spiking neurons (spiking-sort)

• input = {11 0, 6, 3, 4, 7, 6, 9, 1, 2, 6} with k = 10 [Verzi et al., 2018]
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Anomaly Detection with Deep (SNNs)

Phase-coding demonstration

• Caltech 101 soccer ball image [Fei-Fei et al., 2004]

Sandia National Laboratories 16



Anomaly Detection with Deep (SNNs)

Median filtering with spiking neurons

Using optimization-based, signed-rank formulation for {x1, x2, , xN}
R(x) N •

• = Ei=1 sign(x — x)ixE{xi}

• the median, 5e, is such that R(z) is closest to 0, also 
N1 

R (x) 
N1

2 
Vx

• we apply median-filtering to each pixel and its neighbors

EC

1C0

129

149

160

180

;4" r.

150

image from Cal Tech 101 [Fei-Fei et al., 2004]

X1 X2 X3

40X6

X7 X8 X9
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Anomaly Detection with Deep (SNNs)
•

Spiking Adaptive Median Filtering (AMF)

Neural-inspired simplification of adaptive center-weighed median-filtering (ACWMF) [Chen and Wu, 2001]

o ip
= 

P if 3m, My > Om

otherwise

fiPj? = median{x}
xEs-eilf

.Q17 =

Om = s • median{AT — x} + sm
xEcii7

((2m+1)2-1)

8"1 =
2

xj,

median layer

input layer

median layer

Here m E {l, 2, 3, 4} and s= 3

absolute difference layer

adaptive median-filter layer
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Anomaly Detection with Deep (SNNs)

Results

• Validate usina random noise with Cal Tech 101 imaaes ITei-Fei et al.. 2004]

IIF
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Anomaly Detection with Deep (SNNs) Pmmil r rP
Lid

Results

Noise type

10% "pepper"

percent of pixels changed

Noisy MF
image

9.55 66.86

10% "salt" 9.64 66.87

10% "salt Et
pepper"

20% "random
impulse"

9.60

19.94

66.29

) 69.27

ACWMF

25.46

25.57

25.03

31.83

Spiking
AMF

12.69

12.84

12.54

average pixel value changed (changed pixels
only)

Noisy image

12.6 (131.6)

12.9 (134.7)

12.8 (134.5)

(19.98) 17.4 (87.0)

MF

9.6 (13.7)

9.7 (13.8)

9.4 (13.4)

10.3 (14.3)

Using 12 different images and 10 random seeds for each type of noise

ACWMF

6.7 (23.6)

6.8 (24.0)

6.5 (23.0)

7.8 (22.5)

Spiking
AMF

4.2 (29.0)

4.1 (28.0)

3.9 (27.3)

5.2 (24.0)
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ML Basics andeotential Uses.

Definition

• Perform "better" next time

• Performance improves over time

Examples

• Regression

• Classification
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Deep Learning (DL)

• Use multilayer perceptron (MLP) to implement ML

• Perceptron

• 1 hidden layer

input layer
hidden layer

i=1

output layer

+ b

perceptron decision boundary:
hyperplane
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multi-layer perceptron decision boundary:
continuous function
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Function approximation

• ML

Continuous function f can be approximated with simple functions s
f (x) Ei cisi(x)

ML can be used to find ci through training input  

• DL

An MLP represents si with its combined neural activation functions
1 hidden layer

x

input

Multiple hidden layers

x

input

ci.)s< 0.)...< 0..)..<
cD (D-5 ... Hp. rD

-5
• -5 —0... —0.

f (x)

 ► output

 ►

f(x)

output

 ► output
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Potential uses

• Exact equations known - use them not ML

• Parameterized functional form known - can use ML to find parameter values

• Functional form not known - can use DL to find an approximate functional
mapping, i.e., supervised learning

• For control and/or dynamic system interaction - can use RL for adaptive optimal
control

Sandia National Laboratories 24
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Questions?
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