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Actively collecting data
and

Controlling sensing modality

informative sample must maximally
reduce uncertainty

identify appropriate notion of

uncertainty

converses: fundamental limits

achievabiliry: algorithms
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time 1 2 T

state X1 X5 e X7
acquisition action Ay Ao . Ar
observation Y, Y5 . Yr

utilization action

@ Distribution of Y; is determined by X; and A;

@ Stochastic dynamic given as P(X¢y1|X1:4)

Objective:

Maximize E Z R, (U(t),X(t)) — Co(A(t))

t
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e Consider a single experiment a € A

o M mutually exclusive hypotheses: H; < {0 = i},
o Noisy observations subject to {¢ () }i.a

e What should a be? Compare experiment a with a’?

o Stochastically degraded case [Blackwell ‘53], [Stein 53]

20.



Given experiment a:

True hypothesis € = 7 with probability p;

Output distribution Z% ~ "M piq?()

Posterior upon observation 0| Z® ~ ®%(p, Z?)
S’

Bayes operator

How does (-, -) compare with &% (-, -)

21.



e M mutually exclusive hypotheses: H; < {8 =i}, i =1,2,..., M

e Experiments A(t) € A chosen sequentially

time (1] 1 T—1 T

sample A0y A1) ... A(t—-1)

observation Z(0) Z(1) ... Z(r-1)

declaration 0=d(Z71,271)
@rror 1{5#&}

® Z|{o=i,a—a} ~ ¢; (+): observation density given a € A and H;

e Uniform Prior p(0) = (37 75 - - - 37)

22.



Information Utility Heuristics:

e Measure of uncertainty V' [DeGroot 1962]
e Information utility associated with V'

IU(a,p,V) =V(p) - E[V(2“(p, Z))]
\'_‘\f'_"‘

Bayes operator

» Most informative action arg max, ZU (a, p, V')

23.









Information Acquisition and . |
ACtive Learning Rate vs Reliability sbi s

Sagmrity (MLCS)
' Extrinsic Jensen-
Shannon
/ — Divergence
- .

Tara Javidi

University of California A Brief Information

. History L.
San Diego Acquisition
Mohammad Naghshvar

Introduction

Sung-En Chiu and
‘:" usha ;“Ht;’“ N Motivation Noisy

ongaxi Lu , \
Nancy Ronquillio \ J o
Shubhanshu Shekhar g ¥
Ziyao Tang
Songbai Yan Conclusion Active -

Machine "

Kamalika Chaudhuri Learning UCSan Diﬂgﬂ
Yonaten Kaspi T
Ofer Shayevitz

26.



Asymptotic
Hypothesis
Class

A Fundamental Trade-off

Performance Measures

M, P, N(E=E@)

Asymp .-F.’-_fi":?".ﬂ}" reliable (given fixed
hypotheses class): P, ~ o~ NE

;&Symptotically complex hypotheses class
(given fixed reliability): Af ~ 2V E

27.



Alternate hypothesis
<-— P(x; Hy

X

Prob. of miss P(Hg; Hy) P(H;; Hp Prob. of false alarm
Threzhold

28.



Complex Hypothesis Class (Small Sample Regime)
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Complex Hypothesis Class (Small Sample Regime)

Uncountable
hypothesis classs

Speedy elimination

Information Acquisition Rate







—— Upper bound on E(R)
—— Lower bound on E(R)
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Reliability

D

o D1(M)

&

—— Upper bound on E{R)

—— Lower bound on E(R)

o
~l
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Reliability

D

o D1(M)

&

—— Upper bound on E{R)

—— Lower bound on E(R)

P, ~e NE

M ~ oNE

o
~l
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Extrinsic Jensen-Shannon

Analysis is based on geometry )
of belief update (filtering) Dynamical

System View

Information Utility
Divergece

Extrinsic
¥ Jensen-Shannon

41.



Recall 00
s~ Information Utility Heuristics:

e Measure of uncertainty V' [DeGroot 1962]
e Information utility associated with V'

IU(a,p,V) =V(p) — E[V(®%(p, 2))]

N’
Bayes operator

e Most informative action arg max,, ZU (a, P, V)
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Divergence-based Selection

e Define a “symmetrized divergence” among q7, ¢35, - - -, ¢}y,
e Best action must maximize the divergence

o maximize discrimination among Hy., Hs, ..., H)y
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Alternative Heuristics

Another geometric approach:

Divergence-based Selection

e Define a “symmetrized divergence” among q7, g5, - . ., q},
e Best action must maximize the divergence

o maximize discrimination among . Ho

(23108 o)



Divergence-based Selection

e Define a “symmetrized divergence” among q7, ¢35, - - -, ¢}y,
e Best action must maximize the divergence

o maximize discrimination among Hy, Ho, ..., H),
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Divergence-based Selection

e Define a “symmetrize~ -
70y = T, piD(d!l M pid)

. Ll
Best action must ma, 1\’
ghannon diverg

ence [Lin 1991)

~ Jensern-
ce: DL(f.9) =

o - .
maximize discrimi
Generalizing L divergen LD( FI1 L) + ! D(g||5%)
gen | ) ana I
baIJK-Laiblafl[KLJ diverd® patwes™
plz)

Kull
S pla)los @)
Z

The

piplla) =
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Proposed Divergence

Extrinsic Jensen-Shannon Divergence [Naghshvar, J. ISIT'12]

The Extrinsic Jensen-Shannon (EJS) divergence among densities
q1,92,...,qn with respectto p = [p1, p2, ..., pa] is defined as

EJS(piqu. 2. ... am) = imy piD(Gill ¥ prs 125 k).

49.



Proposed Divergence

Extrinsic Jensen-Shannon Divergence [Naghshvar, J. ISIT'12]

M
f—ii piD(Q?HEﬁ;’l F‘iqi]

106, 2%) = 2
- on-Shannon divergence Lin 189 DU+ pllls2) ‘rinsic Jensen-Shannon (EJS) divergence among densities
. =3 & - . .
saneralizing L divergence: Di(f9) =2 L4z - Q) With respect to p = [p1, p2, . ... par] is defined as
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Proposed Divergence

Extrinsic Jensen-Shannon Divergence [Naghshvar, J. ISIT'12]

M .o
M piD(g}l| = Pidh )

16:;2%) =2
nsen-Shannan divergence
Generalizing L divergence: Dutfs

(Lin 1991) D112 + DI rinsic Jensen-Shannon (EJS) divergence among densities
= 2

v o azs e+ -5 QN With respect to p = [p1, p2, ..., pa] is defined as

EJS(piqu. 2. ... am) = imy piD(Gill ¥ prs 125 k).

Proposition
EJS is the information utility associated with the average likelihood
function U (p) = Zf’il pilog 1—;:‘31 i.e.

EJS(p;qf,...,qu) = IU(a, p,U)

51.



Proposed Divergence

Extrinsic Jensen-Shannon Divergence [Naghshvar, J. ISIT'12]

M .
lili‘l. piD(q?”Ef:l piqi]

1(6:2%) = 2
nsen-Shannon divergence
Generalizing L divergence: Dulf,

[Lin 1991] Lp(elli52) rinsic Jensen-Shannon (EJS) divergence among densities

g) = DU + 3 . _ _
o azs e+ -5 QN With respect to p = [p1, p2, ..., pa] is defined as

EJS(piqu. 2. ... am) = imy piD(Gill ¥ prs 125 k).

1(6; 2%) = H(p) — E(H(8%(p, Z2°)

Proposition
EJS is the information utility associated with the average likelihood
function U (p) = Zf’il pilog 1—;:‘31 i.e.

=IU(a,p, H)

EJS(p;qf,...,qu) = IU(a, p,U)

52.



Dynamical System View

Flattened geometry of Information Utility
e.g. in hypothesis testing:

e Consider (suboptimal) 7 = min{f : max; p;(t) > 1 — €}

o Stop search and declare f =i if pi(t) = 1 — e (satisfies
Pe < ¢

instead work with:

e Take concave functional [V (bounded |I-'{ plt+1)) = U( p[:]]i <A
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Lyapunov-type Analysis =

flatten the geometry

——  guessing the right notion of

uncertainty

tracking the expected
reduction in uncertainty

converses

achievability

S7.



Lyapunov-type Analysis . .

flatten the geometry Information Utility Based Analysis: Converse

e Consider (suboptimal) 7 = min{¢ : max; p;(t) > 1 — ¢}

o Stop search and declare 0 =i if pi(t) = 1 — € (satisfies
Pe < ¢)

e Take concave function U/ (bounded |U/(p(t + 1)) f-'{p[:}j:| < A).

e Suppose for any policy ¢ selecting action a

I(a, p,.U) < @, for some positive .

]E{T*] > U(p) - U([l — f!t]} N ﬁ

58.



Lyapunov-type Analysis . .

flatten the geometry Information Utility Based Analysis: Achievability

e Consider (suboptimal) 7 = min{¢ : max; p;(t) > 1 — €}
o Stop search and declare 6 =i if pi(t) = 1 — € (satisfies
Pe < ¢)

e Take concave function W (bounded |H'|:p{r 1)) n'[p;:n| < A).
e Suppose policy ¢ selects action a such that

I(a,p,W) > a, for some positive .

Then, ) )
- Wip)-W ([1 — €, €) - é
o o

E[r7]

L

59.



Rehiakilisy

Lyapunov-type Analysis . .

flatten the geometry Information Utility Based Analysis: Achievability

e Consider (suboptimal) 7 = min{¢ : max; p;(t) > 1 — €}

o Stop search and declare 6 =i if pi(t) = 1 — € (satisfies
Pe < ¢)

e Take concave function W (bounded |H'|:p{r 1)) u'[p;:}}| < A).

e Suppose policy ¢ selects action a such that

I(a,p,W) > «, for some positive cv.

Then, ) )
- Wip)-W ([1 — €, €) - é
o a

E[r7]

L
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se Study I

Problem urement-dependent Noisy Search
Formulation

Motivation: UAVs for object search in rescue/survey

Challenge: Trade-off between elevation and coverage
s C\l-based classifiers (convolutional neural net) fail when flying high

#  Flying close inherently inefficient especially in large search scenarios
Multi-Resolution

”“”ﬁ"/ -i

In Practice...
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Beam Alignment for
mm-wave
communications
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Measurement-Dependent Noisy Search

80
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150 e Region of Interest
(for sector 1)
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Problem
Formulation

Multi-Resolution
Adaptive

In Practice...

se Study I

urement-dependent Noisy Search

Motivation: UAVs for object search in rescue/survey

Challenge: Trade-off between elevation and coverage
s C\l-based classifiers (convolutional neural net) fail when flying high

#  Flying close inherently inefficient especially in large search scenarios

Measuremeni-Dependant Moisy Search
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Measurement-Dependent Noisy Search

e Unknown parameter in an interval size B with resolution §, 8 € {0,1}5/
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Measurement-Dependent Noisy Search

e Unknown parameter in an interval size B with resolution §, 8 € {0,1}5°
e Inspection decision A(f) € & C {0,1}8/°
e Noisy observation YA=A.-04+24
» Noise variance increases w/ |A(t)| eg.Y(t) = A(t)(0 + Z;), Z; ~ N(0,d01)
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Measurement-Dependent Noisy Search

e Unknown parameter in an interval size B with resolution §, 8 € {0,1}5/%

e Inspection decision A(f) € o C {0,1}57
e Noisy observation YA=A.04+ 24

» Noise variance increases w/|A(t)| eg. Y(t) = A(t)(0 + Z;), Z¢ ~ N(0,001)

time
sample
observation
declaration

error

|
A(1)
Y (1)

T—1 T
At —1)
Y(r—1)

f:)i — U{(Yl:fr—l . 441:’;*—1)
L0y
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Two Important Findings:

Advantage of allowing for wide-area Searches

Advantage of adaptive search strategies over open-loop

A Lalitha, N Rongquillo, T Javidi. Improved Target Acquisition Rates With Feedback Codes. IEEE
Journal of Selected Topics in Signal Processing 12 (5), 871-885



Two Important Findings:  seenoeon

Drone at root of search tree

Advantage of allowing for wide-area Searches

1Y b
\ b

\J:'; Drone at levell of search tree
b
hl

Advantage of adaptive search strategies over open-loop

A Lalitha, N Ronquillo, T Javidi. Improved Target Acquisition Rates With Feedback Codes. IEEE
Journal of Selected Topics in Signal Processing 12 (5), 871-885
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Two Important Findings:

Advantage of allowing for wide-area Searches

Advantage of adaptive search strategies over open-loop

A Lalitha, N Ronquillo, T Javidi. Improved Target Acquisition Rates With Feedback Codes. IEEE
Journal of Selected Topics in Signal Processing 12 (5), 871-885

System Design:
i

Drone at root of search tree

Aoy
b
LN

# Vo
.',, J i ‘J Drone at level1 of search tree
b
hl

’ I||l l'|l

/ '
B=1,6=1/360

== Non-Adaptive: Lower Bound, |8,
imb= Adaptive: Upper Boumd, |8

10" 10°
rl (1/Noise power)
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Advantage of adaptive search strategies over open-loop
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System

Design:

Drone at root of search tree
Aoy
% - ~

# Vo
.',, J i ‘J Drone at level1 of search tree
% -
hl

L1

E.[7]

¥ | |
! !
B=1.4=1/360
o MNovi- Addnplives Lawer Toumdd. |S,.|I f
e Adaprive: Upger Booad, 8, ™
== Mo Ardaptives Lower Boand, [,
200 5} —=— Adaplive: Upper Bound, 8|

d— Mon-Adnptive: Lawer Bod, |S)Y 7
#= Adapiive: Tpger Thounid S..l""r"'

e
A,
By,
10 10°

?1: {1/Noise variance)
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Main Analytical (Information Theoretic) Insight
X

P

P A_ 9 >, ZA
Observation: Y = 151111{.4}F‘|511p{8};é{] +Z
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Main Analytical (Information Theoretic) Insight
xe

A

e oyl & i A
Observation: Y~ = 1.,,(4)nsup(8)#0 +2Z

Binary input additive (Gaussian) channel

78.



Main Analytical (Information Theoretic) Insight
y A

Observation: Y* =1,,,(4)nsup(6)£0 +24

.

Binary input additive (Gaussian) channel

1 2 3 N

1 0 1 0 1
- 1 1 0 1
3 0 0 1 1
M 1 0 1 0

Decoder
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Main Analytical (Information Theoretic) Insight
y A

.

Observation: Y* =1,,,(4)nsup(6)£0 +24
log B /de

Binary input additive (Gaussian) channel => E[7]| ~ XY is sufficient
IBLIAE V;
1o 10| . |1
- 1 1 0 1 2 > + L Decoder
3o 01 1
M 1 0 1 0
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Main Analytical (Information Theoretic) Insight
y A

.

= s A ”~ 1 - A
Observation: Y = 1,,,(4)nsup(6)#0 +Z
(1 —¢€)log if— — h(e)

( .]J_]-.__[\'Ii,,'_ rTx I'Jijlrjll

Y =X"4+29, X7 ~ Ber(q), Z7 ~ N(0,qBo?) E[rN4] >

1 0 1 0 1

. 1 1 0 1 X S + L Decoder
3 0 0 1 1
M 1 0 1 0
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Main Analytical (Information Theoretic) Insight
y A

.

Observation: Y* = 1,,,(4)nsup(6)£0 +2*
(1 —€)log % — h(e)

Y = X-? + ZQ" X1 ~ Bgr(q). A W -"\"'(D.qBUI) E[T‘N!\.] > : ._ )I
Cersk(q*,0Vq* D)

11213 N
= -+
1o 10 1
X Y
. 1 11]o0 1 " > + . Decoder
3lo o1 1
Mml1lo/l1 0
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Main Analytical (Information Theoretic) Insight

YA
M

Observation: Y* =1,,,(4)nsup(8)20 +Z4

Y =X+ 279,

X7 ~ Ber(q), Z7 ~ N(0, qBo?)

1121 3
110 1|0
O
310 01
MI1 011

-
w

¥
e s@e + e ¢ ® ow e » .
L

; {—‘— VaryingdatB = |, o =025

*~ Varying Bat § = 1, 0" = 0.001

E[T‘NA] >

(1 —¢€)log i—f — h(e)

sk (q®, CF\.-".;;* )

Yecoder

i
| )

Number of Locations B
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Main Analytical (Information Theoretic) Insight

XA
A

Observation: YA = isup(A)msup(g)#{;—l-ZﬂA
(1 —¢€)log £ — h(e)

Capsk(q®, 0 q* B)

Y = X794 29, X7 ~ Ber(q), Z9 ~ N(0, qBo?) ]E[TFNA] >

11213 N
1o 1] o0 1
X Y,
- 1 1] o0 1 L > + . Decoder
310 0|1 1
Mml1 o1 0
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Main Analytical (Informa}ion Theoretic) Insight

Observation: Y

},- o ‘X-q + qu

sup(A)f‘lsup(ﬂ);EU +Z

1213 N
1o l1]o0 1
- 1 |1|o]..]1
3lolo|1]|..]1
M]1]|o0]1 0

Decoder
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Main Analytical (Information Theoretic) Insight
y A

.

Observation: Y* =1,,,(4)nsup(8)0 +24
(1 —¢)log % — h(e)

( ‘1"-E'“~'E\f-"1" . r’T\r..l f:;II

|
10 EEE

},r — ,Yq - qu -_\""f ~ B{lr(q)‘ Z‘T ~ «'N'r(U, QIgJE) E[TFNA] 2_

N
1 1] 1 0 |
X ¥,
1|1 u] B - —— + o
3 ] ] 1 1
M 1 0 1 (1]
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Main Analytical (Information Theoretic) Insight
XA

e

Observation: Y* =1,,,(4)nsup(8)£0 +24
(1 —¢€)log £ — he

Y =X74 27, X ~ Ber(q), Z9 ~ N(0,qBo?) E[TN] > — __
Cersk(q*, 0V q* B)

« Adaptive strategy builds on posterior matching
* Ensures high 1(0,Y (t))

87.



Main Analytical (Information Theoretic) Insight
XA

.

Observation: Y* =1,,,(4)nsup(8)0 +24
(1—¢)log £ — h(e)

{. tf_”.__th;lf' g rT\r! !; i]

V

_Xn_,+___h.

Y = X974 29, X ~ Ber(q), Z9 ~ N(0,qBo?) E[rNA] >

» Adaptive strategy builds on posterior matching
* Ensures high 1(60,Y (t))

._.
-

P e ] w ™

| e = =]

1.3456?3

B —
Search Width 4
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Main Analytical (Information Theoretic) Insight

XA

Observation: Y* =1,,,(4)nsup(6)0 +24
(1 —€)log % — h(e)
Cersk(q*,0vq" B)

V

Y = X7+ 29, X7 ~ Ber(q), Z9 ~ N(0,qBo?) E[tN4] >
» Adaptive strategy builds on posterior matching
* Ensures high 1(6,Y (t))

|
1 2 3 N
1lo|t|o]| |1
X ¥,
MR R e B ol
3 1] [} 1 1 | —_—
mMml1|o|[1].]0

Search Width &
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Main Analytical (Information Theoretic) Insight
XA

P

Observation: Y =1,,,(4)nsup(8)z0 +24

1= Olog & - 1
Y =X1429, X0~ Ber(g), 20~ N(0,qBo?) E[rMA] > L0855 — A

Cepsklq®, ovq* B)

« Adaptive strategy builds on posterior matching
* Ensures high I(0.Y (1))

...
= O]
-
P = =] e
| i bl Bl K

= 0.5 - Search Width &
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Main Analytical (Information Theoretic) Insight
XA

.

Observation: Y* =1,,,(4)nsup(6)£0 +24

(1—¢€)log £ — h(e)

- q q B 9 o 2 IE NA >
Y = X%+ 27, X Ber(g), 27 ~ N'(0,qBo~) 7] 2 Cgpsk(q*, 0 q*B)

» Adaptive strategy builds on posterior matching
« Ensures high 1(0.Y (t))

|
1. 1 1: 0 0 0 0 O 3 .8 5.3 K3 L. V
] 1lo|1]o|..]1
- -110...|—xﬂr—++——r"
21 0| 011 .11 S
wlilel1]-]o
t

= 0.5 E Search Width 4
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Summary: Two Important Questions Answered

* Role of allowable actions set &/
» Designing </ can significantly reduce the overhead

» Even when noise variance increases w |A(7)| (linearly)!

« Adapt A(?) to past observations (feedback) or not?
« Adaptive policies are computationally expensive but significant

adaptivity gain in low SNR regimes
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In theory, there is no difference
between theory and practice...

In practice, there is!
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Measurement-Dependent Noisy Search

time 1 A% r—1 r “
beam Wi o W, x -
observe Y1 Yro1 .
detect ¢ =d(y1.r—1, Wi.r—1) - = :t:lmm - ";tj!fﬂt %
Adaptive ‘
Beamforming Wy - :

Design G 120 degrees each sector
Y1t —> Wiy € \
a(o)

I <\|—,— o— 0
Yt
y = VPwl'a(¢) + win,

Single RF chain a() = a1, oJ 454 sing eI (N=1) 354 sin ¢]

94.



Measurement-Dependent Noisy Search

time 1 e | r o
beam Wi o W, +:n -
observe . s "
yl = e ' - Region of Interest

detect ¢ = d(1:p—1, Wi:r-1) 0 s -~ - -
error Lo e e

Adaptive N
Beamforming Wi °

- 120 degrees each sector

|

Yt
ye = VPw!'a(¢) + win,

<\|;¢::Jfl

not known

a(¢) =@, &3 sind | FN-D) I sing)

Single RF chain
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Measurement-Dependent Noisy Search

time 1 # e | r o
beam Wi o W, +:n -
observe . s "
yl yT_l g X - Region of Interest

detect ¢ = d(1:p—1, Wi:r-1) 150 s -~ - -
T L zw v

Adaptive . u
Beamforming Wi 3 Sact !

- W 120 degrees each sector
Y1t —> Wiy € :
a(o)

[ (=¢=—10

Y¢ — notarbitrary

ye = VW) 'a(¢) +@n,

not known

a(¢) =@, &3 sind | FN-D) I sing)
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Measurement-Dependent Noisy Search

time 1 Hierarchical Beam Patterns w
beam W, ®
observe 0 %
detect \/ \ / sgion of Interest -
Level 2 o sector 1)
error . ) s
Bﬂﬂfﬂ'ﬂfmm Binary search
Design Repeat to increase SNR (linear in beam width sector

Yig = Wiy € w

[1] Alkhateeb, A., Leus, G., Heath, R, "Multi-Layer Precoding: A Poténtial Solution fior Full-Dimensional Massive MIMO
Systems.” on arxXiv

[ W, —=9¢—0

Y¢ — notarbitrary

ye = VW' a(¢) +@n;

not known

ﬂ'({b) :=@' EJ%I Hi"d’a "eey EJ[‘N‘_ IJZ-F! sin 9‘-‘]
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Measurement-Dependent Noisy Search

time 1 Hierarchical Beam Patterns .
beam W, ®
observe 0 “
detect \/ m\ / on of Interest .
Level 2 sector 1)

error = 5
Beamlmmmg Code over the beam patterns

Design water filling in angular space ctor

Yig = Wiy € w

[2] Chiu, 5, Ronguillo, M, Javidi, T, "Sequential Beam Alignment in mmiyYave Communication.” on arxiv

{ W, —=¢—0

Y¢ — notarbitrary

ye = VW' a(¢) +@n;

not known

ﬂ-((;b) :=@' EJzﬂT‘f Hi"d’a "eey EJ[‘N‘_ IJZJE! sin 9‘-‘]
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Probability of Error

102

T -

—A— Bisection Alg.[1] a =1
—#— Random - search size g = 5
—#— Random - search size g = 25
—#— Random - search size g = 40
—©-hiePM(FL, FR) a=a=1
~—+—hiePM(VL, FR) a=d =1
- - hiePM(FL, FR) & = 1,& ~ CN(«, 0.05)
- - hiePM(FL, FR) a = 1,& ~ CN{a,0.1)

-
i J S
| AR

-15 -10

Raw SNR(dB)
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Rate (bps/Hz)

10

I
—A— Bisection Alg.[1] o = 1
—#— Random - search size g = 5
Random - search size g = 25
—4— Random - search size g = 40
——hiePM(FL, FR) a =a =1

| —+—hiePM(VL, FR) o = & =
—8—-hiePM(FL, VR) o = a = 1
—-—-hicPM(FL, VR) a = 1,é ~ CA'(1,0.05)

|- = hiePM(FL, VR) @ = 1,4 ~ CA(1,0.1)

No beamforming

Raw SNR(dB)

0 5
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Demo: Parrot Platform




Demo: Parrot Platform

-—’-
Drone
mages « Navigation
b 4 | Commands
CNN L + Cell phone acts as a server for downloading images from, classify/compute
secee JL belief, and control commands to drone
Phone| (I Boser ) S + Implementing/tuning MobileNet CNN
—— il » Java ServerSocket for receiving/sending messages on drone
Update <~ « Mobile app built with Android Studio + Parrot Software Development Kit
MNext State
’ Y. Lu, Z. Wang, Z. Tang, and T. Javidi. Target Localization with Drones using Mobile CNNs. to be presented and appear in

POMDP Proceedings of the IEEE/RS] International Conference on Intelligent Robots and Systems (IROS), October 2018






Information Acquisition and . |
ACtive Learning Rate vs Reliability sbi s

Sagmrity (MLCS)
' Extrinsic Jensen-
Shannon
/ — Divergence
- .

Tara Javidi

University of California A Brief Information

. History L.
San Diego Acquisition
Mohammad Naghshvar

Introduction

Sung-En Chiu and
‘:" usha ;“Ht;’“ N Motivation Noisy

ongaxi Lu , \
Nancy Ronquillio \ J o
Shubhanshu Shekhar g ¥
Ziyao Tang
Songbai Yan Conclusion Active -

Machine "

Kamalika Chaudhuri Learning UCSan Diﬂgﬂ
Yonaten Kaspi T
Ofer Shayevitz
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Problem

Statement

~= Casestudyll -

Active Learning from Imperfect Labeler
Active Learning from Logged Data

Prior Work

Adaptive Hyper-parameter tuning

Our
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Active Learning from Imperfect Labeler

Active Learning from Logged Data
Prior Work

Adaptive Hyper-parameter tuning

Our
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Problem /

Statement
_Casestudy Il

e ——————
Active Learning from Imperfect Labeler

7 .

Active Learning from Logged Data

Prior Work

Adaptive Hyper-parameter tuning

* Classification

* Classical Approach: Passive Learning
* Problem: Largely Redundant Labels
* Active Learning
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—
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Problem /

Statement

‘ ; ,r;'
_Casestudy 11
e ——

Active Learning from Imperfect Labeler

Active Learning from Logged Data

Prior Work

Adaptive Hyper-parameter tuning

* Classification

* Classical Approach: Passive Learning
* Problem: Largely Redundant Labels
* Active Learning
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Problem

Statement

~= Casestudyll -

Active Learning from Imperfect Labeler
Active Learning from Logged Data

Prior Work

Adaptive Hyper-parameter tuning

Our
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Problem /

Statement

- Case Study =

—

Active Learning from Imperfect Labeler

Active Learning from Logged Data

Prior WDI'k I Adaptive Hyper-parameter tuning

Our
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Problem
Statement

___Casestudy Il

Active Learning from Imperfect Labeler

Active Learning from Logged Data

Prior Work I Adaptive Hyper-parameter tuning

sm—————————

’.-"'"m. Obsarved model M“"‘"-h

#_,,.-' perlomance l""-.,\_.A

Feature
Soged

- Suggested
s, Hyperparamaters .

Optimization
method

Our
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Black-box optimization

Consider optimizing a function f: X' - R

Caveat:

» fis not known explicitly: accessed only through noisy and
expensive evaluation queries
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Black-box optimization

Consider optimizing a function f: X — R

Caveat:

» [ is not known explicitly: accessed only through noisy and
expensive evaluation queries

Goal: Design a sequential strategy of selecting n query points
x1,...,xry, to efficiently optimize f over the horizon n
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Black-box optimization

Consider optimizing a function f : & — R

Caveat:

» f is not known explicitly: accessed only through noisy and
expensive evaluation queries

Goal: Design a sequential strategy of selecting n query points
xi,...,xy to efficiently optimize f over the horizon n

» Performance measures:
» Simple regret: §,, = f(x™) — f(x,)
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Black-box optimization

Consider optimizing a function f: A — R

Caveat:

» f is not known explicitly: accessed only through noisy and
expensive evaluation queries

Goal: Design a sequential strategy of selecting n query points
x1,...,T, to efficiently optimize f over the horizon n

» Performance measures:;
» Simple regret: S, = f(z*) — f(x,)

» Cumulative regret: R, = >, f(z*) — f(x¢)
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Black-box optimization

Consider optimizing a function f : X — R (consider X C R”)

Caveat:

» f is not known explicitly: accessed only through noisy and
expensive evaluation queries

Goal: Design a sequential strategy of selecting n query points
xry,...,Try, to efficiently optimize f over the horizon n

» Performance measures:
» Simple regret: S, = f(z*) — f(x,)

» Cumulative regret: R, = >, f(z*) — f(x¢)
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Black-box optimization

Consider optimizing a function f: X — R

Caveat:

» [ is not known explicitly: accessed only through noisy and
expensive evaluation queries

Goal: Design a sequential strategy of selecting n query points
Ty,..., T, to efficiently optimize f over the horizon n

» Performance measures:
» Simple regret: S, = f(z*) — f(x,)

» Cumulative regret: R,, = >, f(z™) — f(x¢)

» |ll-posed unless learning f(z) gives information about f(z')
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Bayesian Setting: Gaussian Prior and Additive Noise

» [ is a sample drawn from a zero mean Gaussian process with
covariance function K(x,z') = E[f(z)f(x")]

» Observation model: y = f(z) + 1 with n ~ N(0, 0?)

» Gaussian posterior
» Posterior mean and variance at x:

pa(x) = k() (K + 0* 1)y
o (x) = k(z,2) — ke(2)T (K; + 01 k()

where 200
ki(x) = cov(f(x), f(zp:0-11)) .
and o

K = CGV(£($[1:t—1])si(»’f[l:t—l])) o

-0.T3 4

—1.00 4

a4 o2 04 -] 0.8
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Application 1: Hyper-parameter tuning in ML models

» Training with hyperparameters  outputs classifier A(f)
» X'= space of hyperparameters.

» f(#)= performance of A(f) on some test set.
» Finite n trials = good #,, (pure exploration)

Goal: After n rounds, output f; to minimize simple regret:

S-n = f(ﬂ*] - f(ﬂ:r,)

1109.



Application 1: Hyper-parameter tuning in ML models

» Training with hyperparameters 6 outputs classifier A(#)
» X'= space of hyperparameters.

» f(#)= performance of A(f) on some test set.
» Finite n trials = good #,, (pure exploration)

Goal: After n rounds, output f; to minimize simple regret:
S-n = f(ﬂ*] - f(ﬂ:r,)

» Practically formulated as GP w Matérn family:

m
Ky (a.af) = KO+ aillz—a/|[)em e,

v
1=1

(for half integer values of v = m + 1/2 and some a; > 0)

V.

120.



Application 1: Hyper-parameter tuning in ML models

» Training with hyperparameters 6 outputs classifier A(0)
» X'= space of hyperparameters.

» f(0)= performance of A(f/) on some test set.
» Finite n trials = good #,, (pure exploration)
Goal: After n rounds, output ¢ to minimize simple regret:

S, = f[ﬂ*} - f('g:a,)

» Practically formulated as GP w Matérn family:

X

m
K;‘atém(.'}?gl'r) — K(O)(1+Z ai‘|I—Ir||i)ﬂ_clﬁ||$_m;”s

1=1

rp =L =

——
T

[
I

TR

(for half integer values of v = m + 1/2 and some a; > 0)
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Gaussian Process Optimization (GP): Prior Work

» Zero mean Gaussian prior with known covariance function
» Update the posterior P, based on xy.4—1,y1:4—1

» Query point according to acquisition rule:

Ty = arg max «(x)
Ted
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Gaussian Process Optimization (GP): Prior Work

» Zero mean Gaussian prior with known covariance function
» Update the posterior P; based on x1.4—1, Y141

» Query point according to acquisition rule:

x; = argmax «(x)
rcX

» «fx) is the utility of querying x balances exploration and
exploitation

» Commonly used a(-):
> Probability of Improvement: ap;(x) =Py(f(x) > 7)
» Expected Improvement: apr(x) = E¢[(f(x) — 7)1 f(z)>r}]
» Upper Confidence Bound : apcp(z) = pi(x) + o)
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Gaussian Process Optimization (GP): Prior Work

» Zero mean Gaussian prior with known covariance function
» Update the posterior P; based on x4 1, y1.t—1

» Query point according to acquisition rule:

x; = argmax «(x)
reX

» a(x) is the utility of querying x balances exploration and
exploitation

» Commonly used «(-):
» Probability of Improvement: ap;(x) = Py(f(z) > 7)
» Expected Improvement: apy(x) = Ei(f(x) — 7)1 p(2)>r})
» Upper Confidence Bound : apcp(x) = pe(z) + Bh0¢(x)

» Non-convex optimization w many local maximas
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Gaussian Process Optimization (GP): Prior Work

» Zero mean Gaussian prior with known covariance function
» Update the posterior P; based on 141, y1:4—1

» Query point according to acquisition rule:

ry = arg max ofr)
reX

» «afx) is the utility of querying x balances exploration and
exploitation

» ractically we rely on a discreti ation ;4

ry = arg max o(x)
reX
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Gaussian Process Optimization (GP): Prior Work

» Zero mean Gaussian prior with known covariance function
» Update the posterior P; based on xq.4—1, Y1:4-1

» Query point according to acquisition rule:

Ty = argmax «o(z)
reX

» a(x) is the utility of querying x balances exploration and
exploitation

» Practically, we rely on a discretization {X;},

Ty = argmax ofx)
reX;

» Prior work: off-line discretization {X;}; with |X;| = O(t")

126.



Prior Work: Information-type Regret Bounds

» Existing bounds on R, have the general form:

Rn < O(\/nvy, logn) (1)

» Here ~,, is the maximum information gain from n observations

Yo = sup  I(ys:f) (2)
SCX:|S|=n

» For specific kernels, bounds on -, can be obtained

D(D+1)
yMatern (1)) — O(nP™+0+2v Jogn) v > 1
" O((logn)P*h) V=00
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Prior Work: Information-type Regret Bounds

» Existing bounds on R,, have the general form:

Ry < O(\/nyy, logn) (1)

» Here v,, is the maximum information gain from n observations

Yo = sup I(ys;[) (2)
SCX:|S|=n
» ~,. maximum information about f, and not necessarily =™.

» For specific kernels, bounds on ~,, can be obtained

D(D+1)
S Matérn (1) O(nPPih+2 Jogn) v > 1
" O((log n)P*h) V=00
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A toy example

Suppose X = [0, 1] and let f:[0,1] — R be a sample from:
flz) = Zaixi(w(% 1) —¢(3'z - 2))
i=1

W(x) =1—4(z — 0.5)°

where (a;);>1 non-increasing positive constants and X; ~ A(0, 1).

1.5

1.0

0.5

0.0 A

=1.01

—1.5 1

0.0 0.2 0.4 0.6 0.8 1.0
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Our Work: Overview and Contributions

1. Algorithmic Improvement: Adaptive discretization for GP

» Opportunistically adapts to the (simple) structure of f

» Strictly lower complexity (O(D)) for X ¢ RP

2. Analytic Improvment: Dimensional-type regret bound

» As good or better regret bound than prior work
» First sublinear bound for exponential kernels (Matérn-v = 1/2)

» Strictly tighter bounds for Matérn kernels if D > v — 1

S. Shekhar, and T. Javidi. Gaussian Process Bandits with Adaptive Discretization. To appear in Electronic Journal of Statistics
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GP Optimization with Adaptive Discretization

Idea: Piecewise constant upper-bound confidence function
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GP Optimization with Adaptive Discretization

Idea: Piecewise constant upper-bound confidence function

[l
» Rely on two bounds:

|
» Compute UCB on the I n'
function value at a point. messesamsesneeand

» Upper bound the variation of 0

the function in a region.
101

» Maximally select the best region
(piecewise constant UCB)

00 02 {4 06 08 10
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GP Optimization with Adaptive Discretization

Idea: Piecewise constant upper-bound confidence function

4

» Rely on two bounds:

I
» Compute UCB on the i |
. . |
function value at a point. semmmssnn
» Upper bound the variation of 20
the function in a region. '
101
[].
-1|}
- % -

00 02 04 06 04 10
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GP Optimization with Adaptive Discretization

|dea: Piecewise constant upper-bound confidence function

1]
» Rely on two bounds:

» Compute UCB on the 3 o
function value at a point. | mmmeemsmesseees '
» Upper bound the variation of 201

the function in a region.
101

» Maximally select the best region
(piecewise constant UCB)

00 02 04 06 08 10
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GP Optimization with Adaptive Discretization

Idea: Piecewise constant upper-bound confidence function

» Rely on two bounds:

» Compute UCB on the
function value at a point.

» Upper bound the variation of
the function in a region.

» Maximally select the best region
(piecewise constant UCB)

» Refine the discretization after
sufficient number of
observations in a region.

4

304

204

JUE

=101

0.0 0
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GP Optimization with Adaptive Discretization

Idea: Piecewise constant upper-bound confidence function

» Rely on two bounds:

» Compute UCB on the
function value at a point.

» Upper bound the variation of
the function in a region.

» Maximally select the best region
(piecewise constant UCB)

» Refine the discretization after
sufficient number of
observations in a region.

4

04

20

10

IR

=

e
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Algorithm-1: Tree-based Adaptive Discretization

» Work with a fixed tree of partitions (with fan-out N):
» Increasingly refined subsets X}, = {z},; : 1 <i < N"*}
» for each z;, ;, we have a cell

Xps={re X v, o) <lUx,zpn,;) Vj#i}
» Assume cells &}, ; satisfy:
» The radius of X}, ; geometrically decaying with h
B(xh,?,'; '}’Ph) C Xh‘.!' i B(xh’i:f}‘.—lph)

» For a fixed h, U; &) ; = X
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Algorithm-1: Tree-based Adaptive Discretization

» Work with a fixed tree of partitions (with fan-out N):
» Increasingly refined subsets X}, = {x;,,: 1 <i < N"}
» for each x, ;, we have a cell

Xnhi = {1 c X I(I,i"h,@) < E{f{f,;lfh!j) Vi # '?:}

» Assume cells &}, ; satisfy:
» The radius of A, ; geometrically decaying with A
B(xn,iyvp") € Xni € Blana, v~ 'p")

» For a fixed h, U;A),; = X

» Can be constructed if X = [a, b]”
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Algorithm-1: Tree-based Adaptive Discretization

» In round ¢, maintain a set of leaf nodes £; partitioning A’
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Algorithm-1: Tree-based Adaptive Discretization

» In round ¢, maintain a set of leaf nodes L; partitioning X’

» Point xj ; represents the center of cell &}, ; and V}, is a h.p.u.b
on the maximum function variations
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Algorithm-1: Tree-based Adaptive Discretization

» In round £, maintain a set of leaf nodes L; partitioning A

» Point x}, ; represents the center of cell A}, ; and V}, is a h.p.u.b
on the maximum function variations

» Select a node/point from £; by maximizing index

Ii(zp i) = Uap;) + Va,
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Algorithm-1: Tree-based Adaptive Discretization

» In round £, maintain a set of leaf nodes L, partitioning X

» Point x;,; represents the center of cell A}, ; and V}, is a h.p.u.b
on the maximum function variations

» Select a node/point from £; by maximizing index
Ii(xh) = ﬁt(ﬂlh,a') + Vi,

> Refine: If 8,01 1(n,i,) < Vi, then the node A&y, ;, is
expanded into and replaced by its NV children nodes
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Algorithm-1: Tree-based Adaptive Discretization

» In round t, maintain a set of leaf nodes £; partitioning X’

» Point xj, ; represents the center of cell &}, ; and V}, is a h.p.u.b
on the maximum function variations

» Select a node/point from £; by maximizing index
Ii(zn:) = U(@ni) + V,

» Refine: If 5,,01_1(xp, ;,) < V3, then the node &}, ;, is
expanded into and replaced by its N children nodes

» Evaluate: Otherwise, observe the noisy function value
Yyt = f(xn,i,) +m and update the posterior distribution of f
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Algorithm-1: Tree-based Adaptive Discretization

» In round ¢, maintain a set of leaf nodes L£; partitioning X

» Point xj, ; represents the center of cell &}, ; and V}, is a h.p.u.b
on the maximum function variations

» Select a node/point from £; by maximizing index
Ii(zn,i) = Ui(zn;) + Vi,

» Refine: If B0 1(xh, i) < Vi, then the node &}, ;, is
expanded into and replaced by its N children nodes

» Evaluate: Otherwise, observe the noisy function value
Yt = f(xn,i,) +m and update the posterior distribution of f

» Complexity: O(Nn*logn + NDnlogn)
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Algorithm-1: Regret Bounds

Under mild technical conditions on K(-.-), with high proba-
bility we have that

R =Y f(a") = f(x1) < min{O(y/ny,logn), O(n'~ F+ia )}

Su = f(@*) = f(2(n)) < O(n~/(P+2)

» D is a notion of dimension of the near optimal regions of f

» Regret bound is a random variable, a function of
dimensionality of f around its maxima

» For almost all realization of f, D<D
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Improved bounds for Matérn kernels

» Matérn kernels parameterized by v = m + 1/2:

T
K:"ﬂatérn(m: :rf) — K(U)(I_I_Z ﬂ;'il‘m_IF“’:‘:)e—ClﬁHiﬂ—x’H’

=1

» Improved bound for all when D > v — 1
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Improved bounds for Matérn kernels

» Matérn kernels parameterized by v = m + 1/2:

i
Kﬁﬂatém(mj ﬁf?f) _ K(U)(1+Z aiH:{:_mfl|i)€—f::1v’5||:r—xf||’ {
i=1

» Improved bound for all when D > v — 1

T %

-

oL e

Y
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Improved bounds for Matérn kernels

» Matérn kernels parameterized by v = m + 1/2:

m
Ky (a,al) = KO)(1+3_ailla—a’|[emr V7l

I
i=1

When X C [0,1)P and v > 2, D < 3D /4 with high prob

» Improved bound for all when D > v — 1
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Improved bounds for Matérn kernels

» Matérn kernels parameterized by v = m + 1/2:

e

.
K (z,2') = K(0)(1+)_ a;||lz—a'|[)e V7=,

i=1

» Qur bounds improve on the existing bounds in two ways:

» For v = 1/2, we provide the first explicit sublinear bounds on
cumulative regret.

» For v =3/2 and v = 5/2 our bounds are tighter for D > 2.

» Improved bound for all when D > v — 1
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Algorithm-1: Regret Bounds for Noiseless Observations

If in addition to the assumptions of Theorem-1, we further
assume o = (0. With high probability,

R, < O(n' 5) (3)
Sn < O(n=o/P) (4)
if D > 0, and
Rn < O(1) (5)
Sn < @(E—cl lag(]f,ojn) (ﬁ)

if D=0 and hmax = §2(n), for some constant ¢; > 0.
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Comparison with BaMSQOO

» Qur tree algorithm motivated by Bayesian Multi-Scale
Optimistic Optimization (BaMSOO)

» BaMSOO relies on an adaptive construction of a partition tree

» BaMSOO only works with noiseless observations

Our method has some advantages:

» BaMSOOQ's regret analysis only under very restrictive
conditions on K, e.g. excludes Matérn v = 1/2

» BaMSOO has strictly worse simple regret, S,,, for some fairly
practical cases
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Summary of Results

1. Algorithmic Contribution: Adaptive discretization for GP

» Opportunistically adapts to the (simple) structure of f

» Strictly lower complexity (O(D)) for X ¢ RP

2. Analytic Contribution: Dimensional-type regret bound

» As good or better regret bound than prior work
» First sublinear bound for exponential kernels (Matérn-v = 1,/2)

» Strictly tighter bounds for Matérn kernels if ) > v — 1
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Summary & Extensions

Information Acquision
and Evolution of Belief
Vector

Generalized notions of rate
and reliability to acquisition
rate--reliability

Establishing acquisition
rate-- reliability trade-off
remnisceint of that of codes

Uncertainty measure
beyond entropy

More dynamic
notion of uncertainty

Converses that
account for the
unpredictable
component of the
state
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DetecDrone

Drones that Actively Seek Information and Learn

L]/
ooy shoppng S bect il conbea™®
Ty ot Jetector | Do Rl e S sy I
Intelli-Ranch Wide Area Object Tracking Assisted Living
Camera Enabled Drones Camera Enabled Drones Camera Enabled Drones
Monitoring Livestock Flight Path Optimization for Voice Activation
Alarm and Rescue Maximum Battery Life Augmented Sensing with
Cross—referencing Multi-resolution Mapping Easy Voice Control
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