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What happens when uncertainty is not considered?




Information Processing Architectures

4 How would you architect your stack?

4 Where should learning be incorporated?

4 \What notions of robustness we have?
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Model Predictive Path Integral (MPPI) Control
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(-) Importance Sampler may get

stuck to a local minima.

(-) Robustness issues when
Large disturbances.

Tube-MPPI
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(-) Nominal State is chosen
independent of Actual State.

(-) Importance Sampling is
unaware of the underlying
ancillary controller.

Robust MPPI
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(+) Augmented Importance
Sampling.

(+) Nice Trade-off between
agility and robustness.




Robust MPPI
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Learning Deep Tubes for Robust MPC
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Learning Deep Tubes for Robust MPC
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Sully Miracle on the Hudson |
-Airbus 320 lost both engines shortly after takeoff due to bird strike.
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Adaptation and Online Learning

Planned

Bayesian Learning-Based Adaptive Control for Trajectory

Safety Critical Systems

David D. Fan*, jennifer Nguyen®, Rohan hakki
Ali-akbar Agha-mohammadi’, Ex
‘ Safety

Controller

Low Level
Adaptive
Control

NASA Jet Propubsion Lat
Avtonomexs Coritral and Dee
Dopartment of Mechanicnt and

Stochastic Control Barrier Functions
Stochastic Control Lyapunov Functions

Bayesian Neural Networks

Y Position

4 Stochastic Control Barrier Functions
4 Stochastic Control Lyapunov Functions

4 Bayesian Neural Networks

How do we bring adaptation?

— ref --- ad — qp pd —— rob = balsa

Planned
Trajectory

= o R N

X Position

Algorithm 1: BAyesian Learning-based Safety and Adap-
tation (BALSA)

1 Require: Prior model f(x), known g(z), reference

— ref —— 0-60s —— 60-120s
No Learning

trajectory ., choice of modeling algorithm

GP
Ai(@) ~N(mi(x),04(x)), dt, A, Hu<b. Safety
| 2 Initialize: i =0, Dataset Dy =), t=0, solve P
* 3 while rrue do Controller
4 Obtain [, = &2, (t) and compute fipq
i i 5 Compute model error and uncertainty

Dropout NN ALPaCA ,uad:mi(x(t))y and UI(CE(t))

’ | 6 Hgp ¢ Solve QP (17)
7| Set u(t)=g(x) ™ (trm+tpa+rigp—tad—f(x))
i ’ 8 Apply control u(t) to system.
9 | Step forward in time t <+ dt. Low Level
1. . : 1. : : 10 Append new data point to database:
-25 0.0 2.5 -25 0.0 2.5

n | X=[a(t)), Vi= ) Adaptive
(wa(t+di)—za(1))/di—(f ((t)) +g(x(t)u(t)).

12 DL%DlU{Xt,Yt} ! ContrOI
13 if updateModel then

14 Update model A;(z,1) with database D;
L D14 D, i+i+1

n




Adaptation and Online Learning

50 e
MPPL : Baseline Controlier 00k
.
Reference Trajectory [
Simulation s 00 vt A.E. - v 2 i 7 o
(10 = {23) Tele) o (¢ + Controliee —> Prafiuer s Comtroller Iy, |

el By (Y emps L

" I',.vir 7 .U, 3
| [ |

Comtrot oo fe u £, Augmentation e
(5018) 3 4
s |, [ |-
' = A . rfu o L I e ST 1)
Paralie simsiation ||| i t et
u—:;:rl‘n:‘—an ~ by
Tracking
Controller
T T _ Low Level
T ptmels Adaptive

Control

1) known dynamics model (since drag is not modeled Case El Off £1 on
in the nominal dynamics, some drag compensation is
expected with £, augmentation); 1)
2) mass increase by 50%; 2) X
3) moment of inertia increase by 100% in all axes;
4) constant nose-up pitching moment disturbance of 3)
0.1 Nm (equivalent to center of gravity offset);
5) reduction in motor thrust control power by 40% (reduc- 4) X
tion in both 75, and My,,).
5) X
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Adaptation and Online Learning

System ID Distribution: x ~ P;p(X) Local Distribution: X ~ Pr,(X)
Update Scheme: 6,11 = 6; — vGL(Qi)» 01 =0; —v(Gr(0;) + Grp(6;))

Proposed Scheme: ¢, | =0; — v (aGr(0;) + Gip(6;))

o= m[%)i] st (aGr(0;)+Grp(0;),Grp(0:)) >0
ac|0,

exp(f (xfcl)TD( 7(:1;))

1
2
i=1 g 1(xp( (x —cj) Di(x_c.i))

Head. Acc. | 8.28 | 4.48 4.87 4.54
Total MSE | 3.18 | 2.10 2.11 1.97

 Active MSE | N/A | N/A 2.54 N/A

LWPR GMM
|| Incremental | Model - o Synthetic nput
Updates Predictions ’ Generation
Data
Stream —— X, Y.)
(% v
Local Operating Set Model Update
Randomized : e ADAM Updated
P T )
G. Williams et all, arXiv:1905.05162, Submitted
Adaptive Model Predictive Control
( Size FLOPs/Prediction )
Computation LWPR 5,645 (Receptive Fields) > 141,125
kNeural Network | 1,412 (Weights and Biases) 2,688
Base | SGD | LW-PR? | LWPR
Roll Rate 0.01 | 0.01 0.01 0.01
| Long. Acc. | 2.73 [ 2.28 2.30 2.06
Performance | Lat Acc. 1.71 | 1.29 1.24 1.28
|

Muddy-Driving on 1/5 Scale
Vehicle

Section V-B
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Information Processing Architecture (IPA)
for Perceptual control

Decision Making

Control Perception/ML

Questions:

What is the optimal IPA for perceptual control?

Is the design of IPA imposed by the nature of the data?

Do we have any priors for designing IPAs?

How important is the structure of IPAs for safety in Al?

Information Processing Architectures : IPA

v

End to End
Architectures

Structured | e

Architectures » w

s Control




IPA-I

Learner

Teacher - Fully observable MPC

RSS 2018.

Y. Pan et all

IPA-I

Fully connected

Inertial Measuremant Unit

RSS 2018.

Y. Pan et all




IPA-1 & Uncertainty Quantification

Control Policy

Backup System

Types of Uncertainty in ML Models
Aleatoric - Incomplete data
Epistemic- Incomplete knowledge of the environment.

= Juncertasnty _pubdvaridatal O]

o

ana

aooy

a1

K. Lee et all ICRA 2019.

IPA-1 & Uncertainty Quantification

1 P l 2
27 Fig B
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At Training Time Minimize the Loss: L£(7) = lu* — 0

At Test Time Sample the structure of the Network:

A
u
A2
0]
| K | K - | K
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epistemic aleatoric




Uncertainty Quantification & Redundancy
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Control
Trajectory

IPA-1I: The Macula-Net

State
Trajectory

Control

Model
Prediction
Network

3D convolution+ReLU+Dropout+BatchNorm
7 3D max pooling

7 fully connected+ReLU+Dropout+BatchNorm
[linear

. Macula
u
;>.:>';> Network |
. ’

(D) (B)

K. Lee et all, arXiv:1904.11898,
Submitted




IPA-1I: The Macula-Net

=>u

que'l Macula
Prediction Network
Network
A (B) (© (D) (E)

New Objects  DropoutVGG [9] ~ PAPC [Ours]

Min: 0.37 m Min: 4.28 m
2039 m Avg: 687 m
Max: 0.42 m Max: 9.22 m

Min: 481 m
Avg: 5.48 m
Max: 6.25 m

Min: 0.00 m Min: 6.80 m
Avg: 0.00 m Avg: 7.25 m
Max: 0.00 m Max: 7.83 m

Min: 7.62 m
Avg: 687 m
Max: 833 m

Min: 6.55 m

Avg: 7.51 m

Max: 8.17 m
Min: 0.00 m Min: 10.58 m
Avg: 0.63 m Avg: 1128 m
Max: 251 m Max: 14.96 m
Min: 0.00 m Min: 6.91 m
Avg: 0.26 m Avg: 1255 m
Max: 129 m Max: 14.63 m
Min: 0.00 m Min: 6.17 m
Avg: 0.67 m Avg: 10.09 m
Max: 4.11 m Max: 13.25 m

=>u

M({de.l Macula
Prediction Network
Network

(A




IPA-I1II

4 )
Single Image Single Image Recurrent LSTM at bottleneck

Fully Conv bottleneck

Input
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Sensors Filtering
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IPA-1V: PixelMPC

»u
» U PixelMPC Pixel trhjectory
o, )
(. v) | Cost: I [u, ¢ |, O) + A X o) U Yo
*| Dynamics: DOF(q, v, [u. ¢].U) Az y
&
frovoe{ Xeobot « U)
and Robat trajectory
A X

RGB Image from
the center point (i, ')

a monocular camera
Augmented Dynamics

Pixel Dynamics

Drone Dynamics
I') =V Xpixel — Fpixel(cb Xpixeh U)
= PolarToEuler(DOF(q, Xpixel, U))
dx —dy 4z

v=g+m NR¢Er+Hp + we)
L | qw 4z dy

4= 2| g Gw —qz
—Qy qdx quw




IPA-1V: PixelMPC
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Decision Making Architectures

Stochastic Differential

) ) ) Equations
Partial Differential

Equations
Deep Neural Network
Architectures

Forward/Backward Stochastic

Stochastic Optimal Control Differential Equations (FBSDESs)

Control Barrier Functions &

Perceptual Decision Making Barrier Certificates

Adaptive Control &

Perceptual Decision Making Contraction Theory

. . . Risk Measures and Stochastic
Perceptual Decision Making Differential Games




Safety & Deep Learning Theory

s N
Back-propagation

Differential R

Dynamic Programming

BhRaE [ o= -.
1y : 'uf-'f'll
\ Few e /
= i el : e , value function weight
== forward — backward _bminimimti:m — update

Optimal Control Deep Learning

T—-1 State ﬁ Output Activation

m&n J(u;x0) = m&n o(xr) + Z Cr(x¢,up)

=0 Controls QWeights
Dynamics

Xt+1 = ft (Xt, ut) Time Horizon

Terminal Cost# Loss Functions

Cost Function

Number of Layers

Autonomous Control and Decision Systems Lab
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