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P(u,v) = angle(F(f))
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f(n,m)=a+ b +cj+dk

M—-1N-1

Fylu,v] = Z Z e M2 ((FP)+0R)) £ (n, m)
B \/\[\

m=0 n=0
A(u,v) = || Fy(u,v)|,

_1 IV(F(u,v))] LSlx_fJ"‘||f}{{\!~ u,v)et P2
é(f(u v)) |:>

'p(u’ l'l) — (I)(jl[‘, l-') = tan

Vg %
A(u,v; k) = (g(., .; k) » A)(u,v).

k, = argmin{H (Sk)}
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(A) Response to images with large salient regions (B) Response to images with medium salient regions

v'J.Li, M.Levin, J.An, X.Xu, and H.He. Visual Saliency Based on
Scale-Space Analysis in the Frequency Domain, IEEE Transactions
on Pattern Analysis and Machine Intelligence, 2013, 35(4): 996-1010




Category 1

Category 2

Category 3

Model AUC PoDSC  AUC PoDSC  AUC PoDSC
HEFT 0.9424 0.7252 0.9146 0.5481 0.9351 0.4563
HEFT(e) 09101 0.6592 09050 0.5112 0.93458 0.4502
HET* 0.9543 0.7438 09425 0.6184 09572  0.5217
SR 0.8148 0.5104 0.8495 04321 09091 0.3281
PFT 0.8064 05029 0.8426  0.4292 0.9269 0.3780
SUN 0.8218 05393  0.8457 0.4522 0.8838 0.3026

v'J.Li, M.Levin, J.An, X.Xu, and H.He. Visual Saliency Based on
Scale-Space Analysis in the Frequency Domain, IEEE Transactions
on Pattern Analysis and Machine Intelligence, 2013, 35(4): 996-1010
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W5H%2 3] (Reinforcement learning)

reward r

state s action a
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v'State: 20-dimensional
continuous states

v'Action: 7-dimensional
actions
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it J--Manifolds: a topological space in which each
point has a neighborhood that has similar properties
as a Euclidean space.

M5 2] --Manifold learning: find low-
dimensional representations while preserving some
neighboring properties of the original data
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% Clustering-based graph Laplacian

K
® Sample clustering /=" )" [|z; — ],

k=1ic Ak

® Manifold-based feature construction

2

| Wi

v'minimize Z |- =

Vi — ¥y

i,]

L=D-W

‘ v'Compute eigenvectors for smaller eigenvalues

(7(,1) — [(___‘)1(,1'.1-). (__‘)Q(.I'i). (.T)l(.l'-zj)] '
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“*Clustering-based graph Laplacian for feature
learning

Sample Clustering-based Basis
Collection Sub-sampling Construction

v'Nistrom expansion for new samples

| 1 w(z,y)
Dm\T) = ‘ m\!
bm(r) = T— ;\ N O

m=1,2,....1

3

8
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300
y ; 250 5 E
. ” ;
: : 2 X ,
. . w :

: ' 200 ............:...........j,...........-

Vi : = : :
g 100, 5;0 160 150 10 : :

L _;Ji g 13 episodes 0 50 o iisoded® 150

- (a) c=500,k=30, basis number: 25 (b) c=500,k=30, basis number: 100
—&— CRPI(FCM) = @ =RPI
30 >

xye1 = bound[z; + Fp1q];

441 = bound[#; 4+ 0.001a; — 0.0025 cos(3x¢)]. 250

steps
-]
[c 8

200} o S L T—

100 : : : 150 : : ;
50 100 150 200 0 50 100 150 200
episodes episodes
(c) K=600,k=50, basis number: 25 (d) K=600,k=50, basis number: 100

| —8— CRPI(K-means) = @ = RP||

v'Xu, et al. A clustering-based graph Laplacian framework for

value function approximation in reinforcement learning. |IEEE
Transactions on Cybernetics (2014,12),regular paper
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» Open-loop optimal control policy may not be
adequate for disturbances and noises

» Closed-loop linear optimal control policies are sub-
optimal for nonlinear systems

» Exact solution of the Hamilton-Jacobi-Bellman
equation for nonlinear systems 1s computationally
difficult, 1f not impossible
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¢ In order to get better performance

» Open-loop optimal control policy may be replaced by
general closed-loop optimal policies

» In each prediction horizon, approximate dynamic
programming (ADP) or reinforcement learning can be
used to approximate the closed-loop optimal
control policies

» Improved optimality with reduced computational
cOsts
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relm-1T..nL,] r,
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X
Actor . Model
T,
I n I I .
(n-1)I, nip st (n+1)T,

Fig. 1. Diagram of the receding-horizon DHP algorithm.
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v Criti A
T A en) = wF (1o (W ()e(r))

i \[i (Or(e(r),al(r))
v'TD error (')%“]D(T) = Al(e(r) - E - de(T)
é(r +1)) x ;
i {‘ e( ) ]

é)(-‘(T) > /\T+1( i 1))}

v'Weight update _ I\ (o
AU'E](T) = —(‘1Cts’[1£]D(T) = [(15(7—))
rf)uc (1)
i i AT ( (7))
Avi () = —a 08 (T )c
o LY TD dl/ﬂ(?‘)



3. R B I I FE 2R I 5 5 ) T

v Actor

j;
/
_|_
M

T(e(r)) = E {FA+\

v'Performance error gradient

- A(r(e(T). ulll
;["'](T) _ E{ )( (()(:[—[)](T) (T))

()((T"I‘].) [] ;
+{ (_)u[]( ) } ’\T-i- (¢ (T+1))}

v"Weight learning
i - Sk (f(r))
Awfl(r) = ~aqel(r)-
- - Jw al] (1)
t] ¢ ; )u ( (T))
AV([:](T) = —('1-a‘:‘[l](7')(u



3. R Bh B 3 A AE 2R 3 9 2 3] 7 vk

¢ Convergence: The convergence of the ADP
algorithm 1n each horizon 1s proved by using the
two time-scale stochastic approximation theory
» Critic: Fast time scale

» Actor: Slow time scale

¢ Stability: The stability of the closed-loop
systems has been proved under certain conditions.
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virtual WMR -

o AR S U S W— - |-~ ---RHDHP - DHP - - - MPC|

'}
/
v 4
e (m)
(=]

e i ea ARG b b o i~ o ST 02 52 el
- .y L . Vg e

05-\,\“’, ..... —0,050 560 1dOU 15'00 20'00 2500

<
y(m)
f
/

\ g .| : i i i ;
0\ X I I L il SO . Tk W 50 1000 1500 2000 2500

(xp) \
\ OLJ,‘)/_ -

real WMR A - S S =

e,(raq)
v

i i i i ' H i i i
o -1 -05 0 0.5 1 -0 500 1000 1500 2000 2500
X(m) time step

(a) Trajectories of the WMR using different con- (b) The posture errors
Fig. 1. Tracking error transformation of a WMR. trollers

® Lian, Xu, et al. Near-Optimal Tracking Control of Mobile Robots

Via Receding-Horizon Dual Heuristic Programming. |[EEE Trans.
Cybernetics 46(11): 2484-2496 (2016)
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