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|. Motivation

* Track without initial state belief
* Model-free approach

y:f(tht)—l—G

Y. Received signal strength (RSS) measurement
X¢: Location of this measurement at time ¢t
€ : Measurement noise, f(x;,t):Unknown latent function

Aim Search and track the target without state transition model and initial
state belief, only using the RSS measurement
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ll. Background of Bayesian Optimisation

1. Gaussian Process: Surrogate model of the unknown function

f(xe,t) ~ GP (m(xe, t), k((x, ), (x;. 1))

2. Acquisition function: Expected improvement (El)

Define the object of interest first 2+ measurements as  7,,, = maxyy,

iEnt

The EIl function can be defined as
EI(xy,t) = E[[f(x¢,t) — 7, ] 7],

— o (x¢,1)0 ("J(X*’ f) - T) 4 (e, t) — T, ) D (“(}j(g_t; )’/

w oxet) ) L
V V

Exploration Exploitation

where ¢(-) and ®(-) denote the probability density function and cumulative density
function of the standard Gaussian distribution, respectively.
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ll. Background of Bayesian Optimisation

1. Gaussian Process: Surrogate model of the unknown function
f(Xt? t) i gp (ﬂ?(Xf t) k((xt t) (X; t,)))

» A Gaussian Process (GP) Is a stochastic process defining a
distribution over possible functions that fit a set of points.

f)~GP(m(x), k(x,x")) ool data

*I' |—Mean

Confidence|,

m(x,) = K.(K+ ¢?I)"ly

k(x,x.) =K., — K, (K+ cg?l)7IK]

= The computational complexity is O(n?).
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Acquisition function: Expected improvement (El)

El(xt, 1) = E[[f(xt,t) — Tnt}ﬂ:
o p(xg,t) — T, p(xs, t) — 7,
— o(xi, )0 | * (e t) = 7, )

- o(xy,1) O o(xy,1)
V V
Exploration Exploitation

« Optimisation problem (sensor management)
Find the maximum of the unknown function

« EXxploration-exploitation (EE) tradeoff
* Where and when to place the UAV to measure RSS

» |ocate the target with minimum number of
measurements
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l1l. Efficient BO with GP Factorisation

Gaussian Process: Surrogate model of the unknown function
f(xe,t) ~ GP (m(xs,t), k((x, 1), (x4, 1))
« Modelling the dynamic function: spatial-temporal kernel

k((xt' t): (Xél t,)) = (kS,Con(Xti Xé) + kS,SE (Xt' X;f)) | kT,Mat(tJ t’)

« Kernel design: Design spatial-temporal composite kernel function
to account for the time-varying and non-stationary nature of the
received signal strength map



l1l. Efficient BO with GP Factorisation

* Modelling the dynamic function: spatial-temporal kernel

k((xe ), (x¢,t")) = (kS,Con(Xt;Xé) + ks sE (Xt»xé)) -kt Mat (8, 7)

« Kernel design: Design spatial-temporal composite kernel function
to account for the time-varying and non-stationary nature of the
received signal strength map
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ks con(Xe, X¢) = P,
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ks sg(Xe, xp) = oz exp(—Ilx; — X£||2/12)

1Y Y 39 400 400
e e o2 2 (\/Zvllt - t’II) p <\/2vllt - t’II)
T,Mat\%“ — Om F(U) l 1% l
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l1l. Efficient BO with GP Factorisation

Gaussian Process: Surrogate model of the unknown function

f(xe,t) ~ GP (m(xe, 1), k((x¢.1). (x4, 1)))

= The computational complexity is O(n?).

* [nducing points-based method

= Hierarchical off-diagonal low-rank
(HODLR) factorisation method




8 The
4 University
o Of
W  Sheffield.

l1l. Efficient BO with GP Factorisation

The dense covariance matrix can be hierarchically factored into a product
of block low-rank updates of the the identity matrix. This is called the
hierarchical off-diagonal low-rank (HODLR) factorisation.

K |:||:| K1(2 = |:| — = [ —
1 |:|:| K(Z) :Il_—| ! '
K ——— P | =———— > -1 — T ==
(2)”|_| I’ ”I 1
H ] K |:| I |K; U =
‘ k@ 5
K, |
] ) K2 U(Z)V(Q)T ]
K= Ki  UVi K= V(Z)[lJ(BJT lK(ﬁ
V,Ul' K, BASERS! 2 |
) ) [ 2 2y (2)" ]
6| K upve
2)17(2)" 2
RS

» The matrixes K are the dense parts.

» The off-diagonal blocks are compressed into the “tall” and “thin” U and
V matrixes via low-rank approximation
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l1l. Efficient BO with GP Factorisation

« Low-rank approximation would remain the main spectral features, which is

efficient in the most off-diagonal covariance matrix. (r < n)

rXn
z X
mXxXn

rXxXm

« Adaptive Cross Approximation decomposition O(rn).

« The computational complexity is O(rn log?n +n log n).



Multi-agent BO

b m = m = m = m m = mmeeeL

- -

- -h
- -

P Update surrogate I
.’ w model w >
! \
\ 4 ~ Py Py .
./ A \J
Observe mEZ 2 (Acquisition function
measurements maximisation
.

* In order to schedule multiple UAVs for
search and tracking, the multi-point El
method is utilised to determine the

measuring locations of UAVs sequentially:
E’In(xi:qa tlzq) = E[[f._l’rlla,x fxi 1) — Tni) ]

NG

« Constant liar approximation IS used to
sequentially solve the multi-point El

Stage 3 -

Algorithm 1 BO-assisted active sensing management

Require: Prior surrogate model GPy, initial data Dy, UAV

l:
- 2:
Stage 1 4 3.
—4:
Stage 2 #=5:
= 0:
IE
8:

9:
10:

number /X
while ¢; <71 do
Receive the &' RSS measurements
Set the time stamp #; = max{t},2,---  tK}
Augment data D; + D;—y U {xF ¥ yF };;:1
Update GP;
Set the start time stamp f; < #; + ¢
Update search bound of time scale as t = [t,. 7, + 7]
Determine {xj  };—; and {t;;};; by sequentially
maximising AF as follows:
{xiﬂ.z‘i&l} — arg max o (x, )
X:EX tEL
Send the UAVs to measure the RSSs at {xf . #i41}y
i1+ 1

11: end while
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IV. Numerical Results: Settings

* Log-distance path loss model:
Ye, = Yo.t, — 1n10g1o(ds,) + €, ,y0,,= -50dBm, Vt; € T, 1 = 3
« Area of interest: 400*400 m?

« Target motion model: Constant velocity with initial state as
|50m,1m/s,50,1m/s]

 Benchmarks: 1) Proposed kernel used in GP with Cholesky
factorisation; 2) Proposed kernel used in GP with HOLDR
factorisation

[1] F. M. Nyikosa, M. A. Osborne, and S. J. Roberts, “Bayesian optimization for dynamic problems,” arXiv preprint
arXiv:1803.03432, 2018.
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V. Numerical Results: Running Time

.. AF maximisation (sec)

v Factorisation method | GP update (sec) TSt UAV T 2nd UAY
. HODLR 0.86 0.61 0.62
7= Cholesky 0.97 0.77 0.77
., HODLR 0.29 0.72 0.73
_ _ 7= Cholesky 0.49 0.84 0.85
Per-step running time based on: iy HODLR 0.04 0.79 0.80
7= Cholesky 0.19 0.96 0.97

* GP with Cholesky
30

faCtorisation B BO surrogate: GP Cholesky factorisation
| WM BO surrogate: GP HODLR factorisation

« GP with HODLR factorisation

Error/meter
= NJ
S

=
e




V. Numerical Results: Error

» HODLR factorisation helps to improve the efficiency of the proposed

approach.
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V. Conclusions and Future Plan

& Sheffield.

» Conclusions

Efficient, factorized GP methods are developed for sensor

scheduling and tracking in sensor networks

= Sensor scheduling can be integrated into sensor networks for efficient sensor
management

» Future plan

* Improve the efficiency of Bayesian optimisation for sensor management and
tracking: 1) Path planning for UAVS; 2) Error bound-assisted searching; 3)
Extend the proposed approach to a heterogeneous sensor network case study
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