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@ Overview - Intelligent Contingency Management (ICM)
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J How can machine agents handle unforeseen contingency events?

- How can machines intelligently make decisions in the presence of uncertain, unreliable, and
incomplete information?

= How can we assure learning ICM algorithms?

*|. M. Gregory et al., “Intelligent contingency management for urban air mobility,” in AIAA Scitech 2021 Forum,
2021. doi: 10.2514/6.2021-1000
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Overview — Loss of Control Detection

Flight Envelopes and Loss-of-Control Previous Work

* Demonstrated an ability to distinguish operational control

*Wilborn, J., & Foster, J. (2004, August). Defining commercial transport loss-of-control: A quantitative .. s .
conditions from loss-of-control (LOC) conditions using a

approach. In AIAA atmospheric flight mechanics conference and exhibit (p. 4811).
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* N. H. Campbell, J. A. Grauer, and I. M. Gregory, “Loss of control detection for commercial transport aircraft using
conditional variational autoencoders,” in AIAA Scitech 2021 Forum, 2021. doi: 10.2514/6.2021-0778
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@ Design Optimization of Neural Networks for Aerospace Applications

Baseline Neural
Network Architecture

Objective

Apply Design of Experiments
(DOE) analyses to characterize Aooly NN

neural network architectural architecture factors
choices for LOC and envelope for experimentation
limit detection

Investigate effects of

changing NN factors

on LOC and Envelope
Limit Detection
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@ LOC Detection through Reconstruction Probability

X;: Vector of measurements from on-board sensors
)Tt: CVAE Reconstruction of measurements
Reconstruction Probability (for L reconstructions)

L
S 1 2 2 NASA AirSTAR
— ~ Xi—X
R(XlX)[t] - EQ¢(Zt|Xt, C) [logPQ(thzt) C)] ~ LZ e( t t) T-Z
=1
LOC anomaly threshold: 7
LOC detection: R(X X) < Tp
[t]
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* N. H. Campbell, J. A. Grauer, and I. M. Gregory, “Loss of control detection for commercial transport aircraft using conditional variational autoencoders,” in AIAA Scitech 2021 Forum, 2021. doi: 10.2514/6.2021-0778
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@ Envelope Limit Detection through Gaussian Shift

KL(P||Q) = 22193.120  KL(Q||P) = 8526.450

* N. H. Campbell, J. A. Grauer, and I. M. Gregory, “Loss of control detection for commercial transport aircraft

. " o ) . 3 dimensions
using conditional variational autoencoders,” in AIAA Scitech 2021 Forum, 2021. doi: 10.2514/6.2021-0778
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*wan der Maaten, L.J.P_; Hinton, G.E. Visualizing High-Dimensional Data Using
t-SNE. Journal of Machine Learning Research 9:2579-2605, 2008.
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@ Design of Experiments

Factors Responses (Outcomes) detection
* vy;:Average KL Loss over all Flights (Low)

«  x,: Layer Type (Gated Recurrent Unit, Long Short-Term * y,: Average Reconstruction Loss over all Flights (Low)
Memory) * y3:Average KL Loss over Maneuvers (Low)

. Activation F , lu | | ol * vy,:Average Reconstruction Loss over Maneuvers (Low)
le; .ctlvatlorr: unction (elu, linear, relu, selu, softplus, e vyc: Area of Intersection for Reconstruction Probabilities of
softsign, tanh) Loss-Of-Control and Normal Flight Observations (Low)

=

Discrete

w

*  x3: Optimization Function (Adaptive Moment * y: Area of Intersection for Gaussian Shift of State Change
Estimation(ADAM), Stochastic Gradient Descent, Adadelta) and Normal Flight Observations (Low)

 x,:Dropout on intermediate layers(0,0.1) e vy-:Balanced accuracy for reconstruction probability-based

Continuous anomaly detection (High)

* vyg: Difference in Average Reconstruction Probability for
Loss-of-Control observations and Normal observations
(High)

* vy,: Difference in Average value of gradient of Jenson-
Shannon distance when entering or exiting an envelope
and average value with no envelope state change (High)

* xc: Number of epochs used in training

* Xxg4: Final training loss measure
EQ¢(z|p)[10gP9(Z|pr c)] — DKL(Q(p(le: c)||Pg(z,¢))

* Xx-: Final validation loss measure
Eq,zip 108 Pg(z|p, ©)] — Di1(Qy (zIp, ©)1|Pa (2, )

Purpose: Determine the effect of neural network architectural decisions Number of Observations: 84 = 22 x 7 X 3
and necessary training on conditional variational inference of commercial
transport loss-of-control and state change. *Montgomery, D. C. (2017). Design and analysis of experiments. John Wiley & Sons.

03/2021 newton.h.campbell@nasa.gov 8
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Design of Experiments

|

Decoder

Factors
Discrete N |
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e Xx,:Activation Function (elu, linear, relu, selu, softplus, Jf—r. —=

L concatenationL...

softsign, tanh)

v

* x3: Optimization Function (Adaptive Moment —
Estimation(ADAM), Stochastic Gradient Descent, Adadelta) e

 x,:Dropout on intermediate layers(0,0.1)

r
| bilstm
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* xc: Number of epochs used in training

Bidirectional Neural
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training on conditional variational inference of commercial transport
loss-of-control and state change.
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Design of Experiments

LOC/Non-LOC LSTM-CVAE Reconstruction Probabilities - Flight 16

~ Non-LOC
LoC

3.0

*Text in green indicates preferred value for belief state

Responses (Outcomes) detection

* vy,: Average Reconstruction Loss over Maneuvers (Low)
e vyc: Area of Intersection for Reconstruction Probabilities of
Loss-Of-Control and Normal Flight Observations (Low)
y LOC Median:0.37 e . . .
/ Non-LOg Median:0.72 * Ye: Area of Intersection for Gaussian Shift of State Change
0.0 - and Normal Flight Observations (Low)
o2 00 O onstruchn probabiley oe Lo * y,:Balanced accuracy for reconstruction probability-based
anomaly detection (High)

: LOC
Observations

=7 : * y,: Average KL Loss over all Flights (Low)
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3
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@ Running the Experiments

* Trained on 46 independent flights, Design Expert, Python, R
validated on 12 flights Desi xSt

Particle size

e Training for maximum of 10,000

epochs

Q
C:Feedfow=2500 2 |

* Early stopping if validation loss does not
decrease over 1,000 epochs

e One NVIDIA Tesla K40 GPU per ——
Experiment Experiments EXTS;&?SEM
e NASA Langley Research Center K-

Cluster
T-2 Flight Dat
* NASA Langley Research Center OCIO ignt ata
Database
Experiment
Inputs/Outputs

LaRC K-Cluster

Data Storage

03/2021 newton.h.campbell@nasa.gov 11
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@ Analysis Methodology

Model the template specified in NIST/SEMATECH e-Handbook of Statistical Methods Section 5.4.7.3 for response surface

modeling:
1.  Fit the full model to response y;.
2. Use stepwise regression, forward selection, or backward elimination to identify important variables.
3.  When selecting variables for inclusion in the model, follow the hierarchy principle and keep all main effects that are
part of significant higher-order terms or interactions, even if the main effect p-value is larger than you would like .
4.  Generate diagnostic residual plots for the model selected.
a) Histograms, box plots, normal plots, etc.
5. Examine the fitted model plot, interaction plots, and ANOVA statistics
a) R2, adjusted R2, lack-of-fit test, etc.
6 Use contour plots of the response surface to explore the effect of changing factor levels on the response.
7 Repeat all the above steps for the second response variable.
8.  After satisfactory models have been fit to both responses, you can overlay the surface contours for both responses.
9 Find optimal factor settings.
| P ENGINEERING STATISTICS HANDBOOK

5.4.7.3. Response surface model example

[HOME [TOOLS & AIDS [SEARCH [BACK “NEXT|

T i
5.4.7. Examples of DOE's :yf p— _'}(] + '.}j ‘E.j + _.3‘} J[.: i.j i.k —‘I_ _.3‘}‘} J.J + €
Jj=1

o

provement

1<j<k<T j=1

Data Source

A T with Thiz examnla neae svnarimental data anhlichad in Czitrom and Sna
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@ Analysis — Latent Space Variance

SELUs
demonstrate |
* robust reliability|

KLL

GRU -
v1: Average KL Loss over All Missions
v3: Average KL Loss over Specific Maneuvers
DOE Insight
167 Maneuver KL Loss E
8 op Outlier[(‘Activation’, 'Epochs’, ‘FinalTrainingLoss', *FinalValLoss')] b i |
i Top Interaction: . | _

i
1
:
| Activation and I
1 - !
1 Training Parameters |

)

- ' Latent space learning o
ﬂ / . for our T-2 flights o

. architecture is stablq

£
1

T T T
relu elu tanh

Ordered Values

42573

(]

'I'henreticaﬂlquantiles ..:_____2 ---------------- i under‘ CVAE %‘ :100
1 . . R EEEEEEEE R i '
! Training: H
I Outcomes have smooth i 100
i relationship with training !
1 .
i loss function and epochs I
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Analysis — Reconstruction Probability Loss during Training

Yy, : Average Reconstruction Loss over all Flights
V4: Average Reconstruction Loss over Maneuvers

DOE Insight

Y2 Predicted vs. Actual

80 —

60 —

_____________________________

' Largest outliers |
' - Softplus activation |
i - SGD Optimization (l:IiRU,Softhus,SGD,U.l

| |
(GRU,Softplus,SGD,0)
40 —|
3
S (LSTM, Softplus,SGD,0.0)
3
a
1]
20 —
(GRU, tanh,SGD,0) (LSTM, Softplus,SGD,0.1)
| |
0 —
-20 —4
I [ [ | I
-20 0 20 40 60 80
Actual
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' LSTMs average better
' reconstruction loss |
' than GRUs

Layer

y2 Contour Plot: Layer vs Dropout
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088
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@ Analysis — LOC Detection Performance

z 14000 .
ys: Area of Intersection for Reconstruction Probabilities of Loss-Of- f:’ 009 y
Control and Normal Flight Observations é
y-: Balanced accuracy for reconstruction probability-based anomaly é oo
detection z ..
yg: Difference in Average Reconstruction Probability for Loss-of-Control
observations and Normal observations g
DOE Insights ~
Main Effects: x2 and 13 on y8 Normal Plot of Residuals o
04 |—————————————————————__;,:1':"'r
.|| ELU-based activatior},;.-f‘"’i @
_11is most consistent e
03 wd T T T T T T T TTTF - w
£ £ o0+ (@& )
: P <
g 4 Ll
g0l :______:______ _______________ b EE | (o'
: |1 Activation and - L
! || optimization are ! S '-E'-
"I key parameters 3 & ] _ 8]
T - °/Adadelta optimizatior] 4
a /i | (@)
=+ aladelta y s . |
|+ oo is most consistent | o)
- 5 | T T T T T -l
dlu Iméar rel\u sel\u sm‘tﬁlus suﬁlsign h;lh . e 0'3'3 . i - “
Activation Externally Studentzed Residuals
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@ Analysis — Envelope Limit Detection Performance

* Y. Area of Intersection for Gaussian Shift of State Change and Normal Flight Observations
* yq: Difference in Average value of gradient of Jenson-Shannon distance when entering or exiting
an envelope and average value with no envelope state change

1=6
Mormal Plot of Residuals +
————I ———————————— b_ ———J— ' ' Larger latent space i
| . .
.| Outliers are GRU-based | / .| Ivariance for GRUs is|
. |
: o . higher |
95—2 ________.i _________ *
90—5
2w _ 37
- 70 =
9 ki L ]
32 I
g 30 5 2
S 20 7
Z - | r
= rd *
10 : p- M
5 g""
: 11 +
7 ‘_’z}&- "
11— F
L 4 "
. | | | | 0 s esressresseesd
=400 =200 000 200 400 ; .

gru I=tm
Externally Studentized Residuals Layer 16



@ Architectural Recommendations from DOE Analysis

e Recommendations for distinguishing LOC from non-LOC observations (Avg
Adj. R-squared: 0.759)
— Activation Function: elu, relu, selu, tanh

— Optimization Function: Adam

e Recommendations for determining that the vehicle is approaching envelope
limits (Avg Adj. R-squared: 0.911)
— Activation Function: elu, selu
— Optimization Function: Adadelta

e Additional recommendations for other factors in paper



@ Conclusions

e Template specified in NIST/SEMATECH e-Handbook of Statistical Methods
Section 5.4.7.3 for response surface modeling

e Demonstrated use of DOE in design optimization of neural network
architecture for aerospace engineering (first study)
e Future studies:

— Screening study for all architectural factors prior to response surface study
— Repeated experimentation to account for random weight initialization
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