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Least Squares versus Principal Components

 Linearization of Nonlinear Systems



Principal Component Analysis (Statistics)
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« Eigenfaces [Turk & Pentland 1991]:

face: K x K bitmap of pixels

Applications of PCA

PCA example: Eigen Faces

|nput dataset of N face images

|

_ “unfold” each bitmap to
H K2-dimensional vector

arrange in a matrix
each face = column

A

“fold” into a K x K bitmap

K2x N

K2 xm

set of m eigenvectors
each is K?-dimensional

. PCANet [Chan & Ma et. al. 2015]; ==
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The Code for Facial Identity in the Primate Brain

Graphical Abstract

Authors

1. We recorded responses to parameterized faces from macaque face
patches
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2. We found that single cells arel \ed to single face axes, and are blind
to changes orthogonal o this.
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In Brief

Facial identity is encoded via a
remarkably simple neural code that relies
on the ability of neurons to distinguish
facial features along specific axes in face
space, disavowing the long-standing
assumption that single face cells encode
individual faces.

Highlights
P

of ~200 face cells

o Face cells display flat tuning ak

the axis being coded

* The axis modelis more efficient, robust, and flexible than the

exemplar model

« Face patches ML/MF and AM carry complementary

information about faces

Recognition rates (%) on FERET dataset. C/_

Probe sets Fb | Fc | Dup-I | Dup-Il' || Avg.
LBP [18] 93.00 [ 51.00 | 61.00 | 50.00 [[ 63.75
DMMA [25] 98.10 | 98.50 | 81.60 | 83.20 || 89.60
P-LBP [21] 98.00 | 98.00 | 90.00 | 85.00 || 92.75
POEM [26] 9960 | 99.50 | 88.80 | 85.00 || 93.20
G-LQP [27] 9990 | 100 | 9320 | 91.00 || 96.03
LGBP-LGXP [28] 99.00 | 99.00 | 94.00 | 93.00 || 96.25
sPOEM+POD [29] 9970 | 100 | 9490 | 94.00 || 97.15
GOM [30] 9990 | 100 | 9570 | 93.10 || 97.18
PCANet-1 (Trn. CD) | 9933 | 9948 | 8892 | 8419 |[ 92.98 k
PCANet-2 (Trn. CD) | 99.67 | 9948 | 95.84 | 94.02 || 97.25
PCANet-1 9950 | 98.97 | 89.89 | 8675 || 93.78
PCANet-2 9958 | 100 | 9543 | 94.02 || 97.26




Least Squares (Regression) versus PCA

Prediction versus Correlation
A -— j %— Y A Y2
- I \ - . )/ °
% &DL+”7 & re;'ve/«.mq
N VvV
— - L
Iy - « 2] . |
Supervised versus Unsupervised

i Yoo o 3!»/\ g o
A= Y2y §or - — \07’\ .)H I(TTA ”7“ r«vdUC! MdMC



Least Squares (Regression) versus PCA
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System Modeling & Control

All autonomous intelligent (Al) systems rely on closed-loop learning and control:

External World (Real)
actuators sensors
Physical Systems
uli] p/ic | @(t) | (Continuous Nonlinear Dynamics) | () c/D yli + 1]
I zerg(—)cl)(;der Te(t) = [(@c(1), Uc(t), W(t)) Z(t) | sampling | Z[; + 1] g
Je(t) = M(Ze(t), Ue(t))
reinforcement learning Computers & Circuits
or optimal control (Learning & Decision Making) reward or cost
R a?d[z + 1] = Adfd[z] —+ Bdﬁd[i] + 5[2] Sre1 -
afi + 1) = argmin Q(2[d), wli))| 7,i 4 1] = Cozfi] + Dt r(&i], afi])

Internal Model (Silicon or Carbon) ‘/

discretization

mathematical modeling approximation
from first principles & linearization & digitization
Te(t) = [(@e(t), Uc(t), w(?)) T(t) = AZ(t) + Bi(t) + ii(t) Tali + 1] = AaqZqli] + Batiali] + €li]
gc(t) = h(a_:’c(t), ﬁc(t)) y(t) = Cf(t) + Dﬁ(t) y]d[z + 1] = Cdfd[z] + Ddﬁd[i]
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Linear versus Nonlinear Systems

Objectives: Identification (learning), Analysis (stability), Control (closed-loop feedback)
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Continuous Time Discrete Time &
. dZ(t) ~ ~ . ~ ~
Linear Control Systems - = AZ(t) + Bii(t) &— Z|t + 1] = AZ[i] + Buli]
\‘/ — J—
dz(t) 2 . . . . 2
Nonlinear Control Systems at — (x(t), u(t))é—— x[z + 1] = (x[z], u[z])
d_) t - —
Autonomous Systems mdi ) = f(Z(t)) j\ Tt + 1] = f(2]d])




Nonlinear Systems: Examples

= —ﬁﬁ%?) — mgsin 6(t)




Nonlinear Autonomous Systems: Equilibrium Points
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Nonlinear Autonomous Systems: Linearization

Scalar case: d:;it) = f(z(t)) Vector case: d;() f (t)) € R"
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) Nonlinear Autonomous Systems: Example

2 dxq(t)
Liﬁ][%@]é”ﬁ{ i =0 = fu(an (1), zaf

t))
4 de( ) _ —%sin(ml(t» - %@(t) = fa(z1(t), 22(t)) 7
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Nonlinear Autonomous Systems: Example
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Nonlinear Control Systems: Operating Points

dfzfet) = f(&(t),4(t)) €R" (i +1] = f(7li], ali]) € R"




Nonlinear Control Systems: Linearization

Y _ flete).uv)

Scalar case:



Nonlinear Control Systems: Example

de(t) _ 20 + Su(t) = Fa(t),u(t)

dt m m




