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'Optimization

= Optimization is omnipresent in nature and
society.

= Optimization is an important tool for problem-
solving.

= Optimization problems arise in numerous
applications such as data processing, machine
learning, robotics and control, etc.
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Neurodynamic Optimization

As brain-like nonlinear dynamic systems,
recurrent neural networks can serve as parallel
computational models for optimization (aka.
neurodynamic optimization).
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Problem Formulation

Consider the following constrained optimization problem:

min f(x)
s.t. g(x) <0
h(x) =0 (1)
l<x<u

where x € N, f : N — N, g(x) = [g(x), ..., g.(X)]', h(x) =
[hi(X). ..., he(x)]", I is a lower bound and u is an upper bound
where —00 < | < u < +o0. Let 2 = [Lu] = []_,[L wl. f(x),
g(x) and h(x) are assumed to be twice differentiable. If f(x) or g(x)
is nonconvex or h(x) is nonaffine, then (1) is a global optimization

problem.
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‘ Solvable Problems
= Linear programming

= Convex optimization; e.g., convex quadratic
programming

= Nonsmooth optimization

= Generalized convex optimization

= Distributed optimization

= Global optimization with nonconvex functions
= Multi-objective optimization

= Mixed-integer and combinatorial optimization
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‘ Design Principles

> Smooth penalty function methods
» Lagrangian methods

» Duality methods

» Projection methods

> Nonsmooth penalty function
methods

» Multi-agent systems theory and
swarm intelligence methods
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‘ Simplest RNN for Linear

Programming

minimize ¢! x

S.t. Ax <D.
dx
Ed_f = —UATg[onl](AX. —b)—c

1

0 Z;
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‘ Convergence Condition

= Any equilibrium point is globally stable and an
optimal solution to the linear program if

Icll2

V Amin (AAT)

Q. Liu and J. Wang, “Finite-time convergent recurrent neural network with a hard-
limiting activation function for constrained optimization with piecewise-linear objective
functions,” IEEE Transactions on Neural Networks, vol. 22, no. 4, pp. 601-613, 2011.
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‘ Nonlinear Programming

minimize f(x)
subjectto ¢(x) <0, x>0

1
minimize §$TQ$ +cla
subjectto Az <b, x>0
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‘ Projection Networks

i (3) = S )

g(g) :( T (.cc—(Qa:+c)+ATy)+)

dt

z;]" = max{0, z;}

Y. Xia and J. Wang, “A recurrent neural network for nonlinear convex optimization

subject to nonlinear inequality constraints,” /EEE Transactions on Circuits and Systems
- Part I: Regular Papers, vol. 51, no. 7, pp. 1385-1394, 2004.
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‘ One-layer Neural Net for QP

A one-layer recurrent neural net was developed”:

dz
e = (I =P)z=[(I-P)Q+aPlg(z) +q.

r = (I —P)Q+ aP) (—(I — P)z + s).

where € 1s a positive scaling constant, & > 0 1s a
parameter, s = —q + Pq + a AT (AAT)=1, and ¢(-) is
a vector-valued activation function. P = A1 (AAT)~ 1A

a : . . :
Q. Liu. and J. Wang. “A one-layer recurrent neural network with a discontinuous hard-
limiting actrvation function for quadratic programming.” IEEE Transactions on Neural Networks.

vol. 19. no. 4, pp. 558-570, 2008.
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Discontinuous Activation Function

i (zi)

h.?'
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‘ Convergence Condition

Assume that the objective function f(x) 1s strictly
convex on the set S = {r € R": Az = b}. If

o > /\ma;{(Qz) max( )/4

then the state vector z(7) of the neural network 1s
globally convergent to an equilibrium point and the
output vector x(¢) 1s globally convergent to an optimal
solution of QP.
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'Collaborative Neurodynamic
Optimization

= For many complex optimization problems, a
single neurodynamic optimization model
cannot accomplish the tasks.

= More than one neurodynamic optimization
models are needed.

= Collaboration among the models is essential
for the success.
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‘ Distributed Optimization

= In many applications, the objective functions are
additive:

min f(x) = > fi(x)
=1

S.t. Ajx = b;
gix) <0, 1e{l,2,...,m}

= For examples, data fusion in sensor networks
and coordinated operations in swarm robots.

= In such applications, distributed optimization is
necessary or desirable.
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‘ Collaborative Neurodynamics

A population of coupled neurodynamic models:

dx;

o € 2| — Pixi +qi — (I — P)(0fi(x))

4 (02 (T @i + gi(xinT

i
+ D aij(xi +wi —xj — w)))
j=1.j# _

dzi | vt
E— Zz+(zz+g:(xr))
dw; _ .
dt
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‘Global Convergence

= |t is proven that the collaborative
neurodynamic system is globally convergent
or output consensus to optimal solutions if
the underlying graph is undirected and
connected.

= In its dual formulation for resource
allocation, the hidden state vectors y or z
needs to reach a consensus.

Q. Liu, S. Yang, and J. Wang, “A collective neurodynamic approach to distributed
constrained optimization,” IEEE Transactions on Neural Networks and Learning
Systems, vol. 28, no. 8, pp. 1747-1758, 2017.
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http://ieeexplore.ieee.org/xpl/articleDetails.jsp?arnumber=7452624

'Global Optimization

= Due to nonconvexity, global optimization is
much more challenging.

= In recent decades, population-based
evolutionary and swarm intelligence
algorithms emerged as prevailing methods
for global optimization with many success
stories in benchmark studies.

= Nevertheless, the meta-heuristic and
stochastic natures of the algorithms may not
ensure solution consistency or repeatabillity.
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Pros and Cons

= Both neurodynamic optimization and
evolutionary optimization approaches have their
merits and limitations.

= Neurodynamic approaches are good at
constrained and precise local searches with
proven convergence, but prone to being trapped
at local minima.

= |In contrast, evolutionary optimization methods
are good at global searches, but weak at
constraint handling and guaranteed optimality.
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'Collaborative Neurodynamic
Optimization

= Given the pros and cons of the two types of
computationally intelligent optimization
approaches, it is natural to integrate them
iInto ones toward hybrid intelligence.

= Collaborative neurodynamic optimization is a
hybrid intelligence framework to integrate

neurodynamic optimization and swarm
intelligence methods.
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'Collaborative Neurodynamic
Optimization (cont’d)

= Multiple projection neural networks are
employed for scattered searches.

= A meta-heuristic rule (e.g., PSO) is used to
reposition the scattered neurodynamic
searches upon their convergence.

= Local searching and global repositioning are
carried out alternately until no more reduction
of the objective function value could be
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Collaborative Neurodynamic
Optimization (cont’d)

Population-based Evolutionary-like
Algorithms

Initiallization —>| Multiple Neurodynamic Models }—P Optimal Solutions

Z.Yan, J. Fan, and J. Wang, “A collective neurodynamic approach to constrained global
optimization,” IEEE Transactions on Neural Networks and Learning Systems, vol. 28, no.

5, pp. 1206-1215, 2017.
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http://ieeexplore.ieee.org/xpl/articleDetails.jsp?arnumber=7445870

‘ Desirable Properties

= |In principle, the collaborative neurodynamic
optimization approach is able to find global
optimal solutions for any nonconvex objective
functions and feasible regions, provided that
there are sufficient number of neurodynamic
optimization models or sufficient time for
search.

= In theory, it is proven that it is globally
convergent with probability one (almost sure

convergence).
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“Two-timescale Duplex
Neurodynamic Systems

= For a class of special nonconvex functions
called biconvex functions, collaborative
neurodynamic approaches may be customized.

= The two-timescale Duplex Neurodynamic
Systems employs two recurrent neural
networks, resulting in minimum spatial
complexity.

= They operate in two timescales to enhance

diversity.
TU-Wien, Vienna, Austria: June 10, 2024 @




‘ Two-Timescale Duplex Architecture

» RNN; N
------ N €Ex= €y, T yl
---------- > >
A % 4
v v v
.......... > : > X
------- » RNN: L

..................................................
......................................................

Che and J. Wang, “A two-timescale duplex neurodynamic approach to biconvex
optimization,” IEEFE Transactions on Neural Networks and Learning Systems, vol. 30,

no. 8, pp. 2503-2514, 2019.
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https://ieeexplore.ieee.org/document/8594585

‘ Mixed-integer Optimization

min  f(x,y)
T,y

s.t. (!, y") e CpRmt
ye{—1,1}" or ye{0,1}"
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‘ Constraint Reformulations

= By introducing an instrumental vector z, the
binary or bipolar constraints cab be converted
as one of the following equality/inequality

constraints:
TABLE I:. Alternative formulations of {0, 1}" and {—1,1}".

2y —e)' (2z —e) =n, [[2z —ell5 <n, y € [0,1]" [12]
{0,137 yo(z—e)=0and (y —e)oz=0

’ (2y—e)o(2z—e)—e=0,yc[0,1]", and z € [0, 1]"
(e—z)oy<0,(e—y)oz<0,yel0,1]" and z € [0, 1]™
ylz=n,|z|5<n, ye[-1,1]"[12]
(—1,1}" (y+e)o(z—e)=0and (y—e)o(z+e€e)=0

’ yoz—e=0,ye[—1,1]" and z € [—1,1]"

(e —z)o(e+y)<0,(e—y)o(e+2)<0,ye[—1,1]" and z € [—1,1]"

H. Che and J. Wang, “A two-timescale duplex neurodynamic approach to mixed-integer
optimization,” IEEE Trans. Neural Networks and Learning Systems, vol. 32, pp. 36-48, 2021.
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https://ieeexplore.ieee.org/document/9023556

“Two-Timescale Neurodynamics

GE*E:P(VE‘ (iuy)u:ﬁ)u
dy -
€y = (Vyf(x.y),y),




‘ Existing CNO Paradigms

= Nonnegative matrix factorization

= Feature selection

= Constrained clustering

= Supervised learning

= Portfolio selection

= Hash-bit selection

= Sparse signal reconstruction

= Vehicle-task assignment

= Model predictive control

= HVAC operation planning and control

TU-Wien, Vienna, Austria; June 10, 2024 @




Feature Selection

= Feature selection is an essential part of data
processing.

= It aims at selecting a subset of the most
informative features from all available
features.

= Apart from the learning capability of neural
networks for feature selection, the
optimization capability of recurrent neural
networks can also play a vital role.
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‘ Problem Formulations
2

min f(w,7) = 5w Qu—y7"w.
W,y
p
St ij — ]_,
1=1
w > 0,7 > 0.
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Classification Accuracies
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Classification Accuracy

Classification Accuracy

Classification Accuracies
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Classification Accuracies

TABLE IV: Average SVM classification accuracies of the ten feature selection methods on the thirteen benchmark datasets.

Method
Dataset
mRMR CIFE 1G A-IG N-1G CN-IG Fscore A-Fscore N-Fscore CN-Fscore

Heart 0.8060 0.8006 0.8113 0.8096 0.8110 0.8135 0.7394 0.8133 0.8073 0.7991
Ionosphere 09178 0.9128 0.9166 0.9170 0.9180 0.9191 0.8610 0.9103 0.9109 0.9158
Parkinsons 0.8693 0.8734 0.8644 0.8790 0.8644 0.8675 0.8622 0.8772 0.8636 0.8661
Segment 0.8770 0.9066 0.8459 0.8798 0.8778 0.9081 0.8814 0.8843 0.8862 0.8919
Sonar 0.7551 0.7844 0.7471 0.7579 0.7471 0.7627 0.7726 0.7740 0.7742 0.7763
WDBC 0.9500 0.9513 0.9447 0.9563 0.9498 0.9548 0.9356 0.9604 0.9575 0.9606
Breast 0.9430 0.9225 0.9366 0.9403 0.9395 0.9442 0.8624 0.9382 0.9383 0.9481
Control 0.8281 0.8876 0.8241 0.8555 0.8433 0.8982 0.7920 0.8408 0.8451 0.8390
Waveform| 0.8085 0.7896 0.7973 0.8030 0.7995 0.8032 0.7076 0.8064 0.8064 0.7946
Uspst 0.7083 0.7704 0.6971 0.7040 0.7200 0.7739 0.5768 0.6848 0.7118 0.6945
Corel_5k 0.2100 0.3034 0.1971 0.1915 0.1995 0.2618 0.1705 0.1768 0.1955 0.2171
Yale 0.4498 0.3387 0.4172 0.3712 0.3644 0.4431 0.3744 0.4568 0.4490 0.4530
Brain 0.7705 0.7306 0.7661 0.6817 0.7859 0.7863 0.7346 0.6489 0.6961 0.6950
Average 0.7610 0.7671 0.7512 0.7498 0.7554 0.7797 0.7131 0.7517 0.7571 0.7578

Y. Wang, J. Wang, and N. R. Pal, “Supervised feature selection via collaborative

neurodynamic optimization,” IEEE Transactions on Neural Networks and Learning
Systems, vol. 35, no. 5, pp. 6878-6892, 2024.
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Classification Accuracies

TABLE V: Average [-NN classification accuracies of the ten feature selection methods on the thirteen benchmark datasets.

Method
Dataset
mRMR CIFE IG A-1G N-IG CN-IG Fscore A-Fscore N-Fscore CN-Fscore

Heart 0.7129 0.7111 0.7313 0.7269 0.7313 0.7357 0.7306 0.7350 0.7306 0.7277
[onosphere 0.8780 0.8760 0.8619 0.8678 0.8679 0.8715 0.8495 0.8503 0.8515 0.8821
Parkinsons 0.9246 0.9288 0.8971 0.8990 0.9007 0.9325 0.8907 0.8993 0.9078 0.9016
Segment 0.9160 0.9415 0.9013 0.9330 0.9366 0.9361 0.9205 0.9206 0.9318 0.9339
Sonar 0.7680 0.7670 0.7622 0.7642 0.7647 0.7707 0.7447 0.7447 0.7532 0.7657
WDBC 0.9389 0.9381 0.9357 0.9402 0.9403 0.9374 0.9352 0.9390 0.9357 0.9416
Breast 0.8593 0.8412 0.8651 0.8731 0.8803 0.8817 0.8465 0.8607 0.8469 0.8615
Control 0.7902 0.7609 0.7864 0.8215 0.8054 0.8557 0.7867 0.7870 0.7882 0.7961
Waveform| 0.7257 0.7129 0.7107 0.7216 0.7216 0.7364 0.7054 0.7349 0.7236 0.7368
Uspst 0.6519 0.7330 0.6490 0.6491 0.7090 0.7137 0.5002 0.6513 0.6317 0.6520
Corel 5k 0.1708 0.2053 0.1649 0.1690 0.2098 0.2107 0.1441 0.1463 0.1553 0.1483
Yale 0.5019 0.3998 0.5004 0.4616 0.5143 0.5537 0.4601 0.4744 0.5449 0.5017
Brain 0.6832 0.6288 0.6749 0.6208 0.6346 0.6760 0.6150 0.6674 0.6615 0.6753
Average 0.7324 0.7265 0.7262 0.7268 0.7397 0.7548 0.7023 0.7239 0.7279 0.7326

Y. Wang, J. Wang, and N. R. Pal, “Supervised feature selection via collaborative

neurodynamic optimization,” IEEE Transactions on Neural Networks and Learning
Systems, vol. 35, no. 5, pp. 6878-6892, 2024.
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Classification Accuracies

TABLE VI: Average RF classification accuracies of the ten feature selection methods on the thirteen benchmark datasets.

Method
Dataset
mRMR CIFE IG A-1G N-1G CN-IG Fscore A-Fscore N-Fscore CN-Fscore

Heart 0.7788 0.7675 0.7698 0.7624 0.7720 0.7748 0.7529 0.7867 0.7884 0.7703
Tonosphere 0.9101 0.9065 0.9044 0.9048 0.9049 0.9134 0.8456 0.8880 0.8880 0.9036
Parkinsons 0.8752 0.8861 0.8697 0.8706 0.8834 0.8914 0.8768 0.8770 0.8818 0.8822
Segment 0.9121 0.9377 0.8997 0.9366 0.9362 0.9379 0.9267 0.9269 0.9285 0.9344
Sonar 0.7170 0.7236 0.7250 0.7252 0.7281 0.7383 0.7389 0.7391 0.7459 0.7461
WDBC 0.9361 0.9313 0.9340 0.9343 0.9342 0.9393 0.9351 0.9388 0.9355 0.9406
Breast 0.9397 0.9219 0.9344 0.9400 0.9389 0.9403 0.8648 0.9356 0.9295 0.9365
Control 0.7761 0.8605 0.7786 0.7980 0.7995 0.8606 0.7837 0.8071 0.8018 0.7933
Waveform| 0.7516 0.7512 0.7361 0.7577 0.7586 0.7518 0.7072 0.7434 0.7493 0.7457
Uspst 0.6657 0.7185 0.6566 0.6582 0.7068 0.7163 0.5224 0.6387 0.6972 0.6813
Corel_5k 0.1538 0.1920 0.1481 0.1482 0.1937 0.1934 0.1373 0.1458 0.1578 0.1595
Yale 0.4090 0.3393 0.4152 0.3889 0.4336 0.4874 0.4522 0.4650 0.4705 0.4946
Brain 0.6490 0.6501 0.6357 0.6651 0.6559 0.6507 0.6563 0.6408 0.6351 0.6886
Average 0.7288 0.7374 0.7236 0.7300 0.7420 0.7535 0.7077 0.7333 0.7392 0.7444

Y. Wang, J. Wang, and N. R. Pal, “Supervised feature selection via collaborative

neurodynamic optimization,” IEEE Transactions on Neural Networks and Learning
Systems, vol. 35, no. 5, pp. 6878-6892, 2024.
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‘ NMF Problem

A representation of patterns as a linear combination of
bases:

V~WH

where
V. nxm matrix. Each column contains n nonnegative
values of one of m patterns.

W:. (nxp): p columns of W are basis vectors.
H: (pxm): each column of H is a weight vector.

D. D. Lee and H. S. Seung. Learning the parts of objects by non-
negative matrix factorization. Nature, 401:788-791, 1999.
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‘ Problem Formulations

min (W, H)
s.t. W>0,H=0

Squared Frobenius norm:
-
r T2
flW,H) =V =WH|3=Y " (Vi = > wirvry)”
i,j k=1
Kullback-Leibler divergence:

fo(W . H)=D(V|IWH) =
Z (Vt‘j log — 5 Z 11:1;;3

i.j 2o w?;;.:mcj k=1
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‘ Clustering Results (accuracy)

CLUSTERING PERFORMANCE OF THE ACCURACY INDEX [AC (%)]

Dataset IRIS Wine Digit ORLFace COIL.20 PIE TDT2

NMF [11] 78052 | 8.7+05|972+£00 | 61.2+£0.0 | 60.5+00 | 63.3+£3.7 | 79.9+11.7
MUNMEF [17] 75.0+6.1 | 888 4+0.8 | 93.8+£0.2 | 15600 | 134+£00 | 68725 | 626+ 114
APGNMEF [20] 83.1 10| 923£01 | 97200 | 39200 61200 | 71442 | 87692
HALS [18] 883.1+1.0|896+02 | 97.2+00 | 65800 | 70500 | 73.9+2.1 | 81.1 £3.7
GNMF [21] 90.7+0.0 | 93.9+0.0 | 998+0.0 | 64500 | 75300 | 789 +£4.5 | 93427
RNNNMF [29] 73.3+43 | 91.0+£03 | 924400 | 585+0.0 | 420+00 | 66.5+3.1 | 825+44
CNONMF [34] 97.3 0.0 | 91.54+00 | 972+ 00 | 656800 | 70.5 0.0 | 75.1 2.2 | 87.8+1.5
CNOWMNMF 97.3+0.0 | 946 +0.0 | 979+0.0 | 70.0+0.0 | 705 +0.0 | 785+09 | 885+ 1.3
CNOWMGNMF | 90.7+0.0 | 93.9+0.0 | 998+ 0.0 | 71.3+0.0 | 797 +0.0 | 80.1+14 | 941 +1.2

J. Fan and J. Wang, “A collective neurodynamic optimization approach to
nonnegative matrix factorization,” IEEE Transactions on Neural Networks and
Learning Systems, vol. 28, pp. 2344-2356, 2017.

TU-Wien, Vienna, Austria; June 10, 2024
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Clustering Results (NMI)

CLUSTERING PERFORMANCE OF THE NORMALIZED MUTUAL INFORMATION INDEX (NMI (%))

Dataset IRIS Wine Digit ORLFace COIL20 PIE TDT2

NME [11] 60.8+£6.7 | 73.7x0.7 | 89.24+0.0 | 786 £0.0 | 725x0.0 | 80.4+1.1 | 82.0£9.2
MUNMF [17] | 61.5£3.3 | 70.6 £1.1 | 83.7+0.5 | 348+0.0 | 11.5£0.0 | 85.9+1.6 | 75.2+8.9
APGNMEF [20] | 74.3£26 | 75.3£0.6 | 91.24+0.0 | 629+0.0 | 69.3£0.0 | 86.5+1.5 | 86.3 £84
HALS [18] 74.3+20 | 742+£10 | 892+£0.0 | 794400 | 77.0£0.0 | 87.4£0.9 | 821+ 3.1
GNMF [21] 79.3+0.0 | 80.6 £0.0 | 98.8 £0.0 | 80.5+0.0 | 87.5+0.0 | 89.1 +£1.6 | 88.0 £5.7
CNONMF 908+ 0.1 | 80.9+0.0 | 91.7+0.0 | 81.9+0.0 | 770+ 0.0 | 88 +0.2 | 86.6 £1.1
CNOGNME 79.3+0.0 | 80.6£0.0 | 988 +0.0 | 83.8+0.0 | 91.5+0.0 | 89.2+04 | 91.2 +1.2

J. Fan and J. Wang, “A collective neurodynamic optimization approach to
nonnegative matrix factorization,” IEEE Transactions on Neural Networks and
Learning Systems, vol. 28, pp. 2344-2356, 2017.

TU-Wien, Vienna, Austria; June 10, 2024

ay



‘Sparse Nonnegative Matrix
Factorization

m Factorized matrices with higher sparsity
levels show stronger robustness against
noises and occupy less storage space.

m r
in ||V — WH|3 ) i
anin | I +7 2 D vij

i=1 j=I
S.t.OSwijSMyij, i=1,....m, j=1,...,r

ye {0, 1}, h,, >0, p=1,...,r, g=1,...,n
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‘ Neuronal Convergence
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‘ Objective Minimization
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‘ Evaluation Measures
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Comparative Results (Yale)

Performance measure RRE SEM GS
NMESC [17] 0.0572 0.4746 0.5943
NMESMU [69] 0.9999 0.4527 0.1218
GA-MIOP [70] Infeasible  Infeasible  Infeasible
rsNNLS [19] 0.2023 0.4983 0.4668
NeNMF [53] 0.0658 0.4479 0.6103
NMES [71] 0.999] 0.4722 0.1077
MOSNMEF [21] 0.0923 0.3096 0.7293
Tanh-NMF [23] 0.0427 0.4516 0.6159
DTPNN-SNMF [22] 0.0625 0.2751 0.7831
Method herein 0.2068 0.0859 0.8473

H. Che, J. Wang, and A. Cichocki, “Bicriteria sparse nonnegative matrix
factorization via two-timescale duplex neurodynamic optimization,” /IEEE
Transactions on Neural Networks and Learning Systems, vol. 34, no. 8, 2023.

TU-Wien, Vienna, Austria; June 10, 2024 M
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Comparative Results (ORL)

Performance measure RRE SEM GS
NMFSC [17] 0.0166 0.7949 0.5054
NMFSMU [69] 0.9999 04116 0.1557
GA-MIOP [70] Infeasible  Infeasible Infeasible
rsNNLS [19] 0.0748 0.4983 0.5710
NeNMF [53] 0.0172 0.4430 0.6279
NMES [71] 0.9990 0.4973 0.0911
MOSNMEF [21] 0.0198 0.1019 0.9641
Tanh-NMF [23] 0.0050 0.4589 0.6166
DTPNN-SNMF [22] 0.0105 0.3064 0.7611
Method herein 0.0191 0.0768 0.9788

H. Che, J. Wang, and A. Cichocki, “Bicriteria sparse nonnegative matrix

factorization via two-timescale duplex neurodynamic optimization,” IEEE

Transactions on Neural Networks and Learning Systems, vol. 34, no. 8, 2023.

TU-Wien, Vienna, Austria; June 10, 2024
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‘ Sparse Bayesian Regression

= Regression 1n a sparse Bayesian learning
framework 1s usually formulated as a global
optimization problem with a nonconvex
objective function.

= Due to the nonconvexity, the solution quality
and consistency depend heavily on the 1nitial
values of the optimization solver.

TU-Wien, Vienna, Austria; June 10, 2024 @




Problem Formulation

min L(w, o, y)

s.t. o >¢, yi=>e, 1=1,...,n.

_ 2 i
Lov,o,y) = 2= -2 f 01,00+ (n =D

O

fwi, 0,y) = (wz/yz>+1n(1+[soyz/a]>

W. Zhou, H. Zhang, and J. Wang, “Sparse Bayesian learning based on collaborative
neurodynamic optimization,” IEEE Transactions on Cybernetics, vol. 52, no. 12, 2022.

TU-Wien, Vienna, Austria; June 10, 2024 M
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‘ Sparsity-inducing Effect

10

P(w)

Penalty Value
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‘ Objective Function Values
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‘ Sparse Signal Reconstruction
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Sparse Signal Reconstruction

Signal nRMSE ~

Types Methods (mean+std) SR 1%1lo

PNN-SBL 0.2675 + 0.4141 1% 4.03

S-ESBL [26] 0.5965 =+ 0.3820 29% 5.64

EM-SBL [9] 0.0111 4 0.0000 0% 9.00

IF-SBL [23] 0.0062 + 0.0000 0% 4.00

+1 Spike  LP-SBL [15] 0.6286 £ 0.2727 0% 2.44
GGAMP-

SBL [24] 0.0127 £ 0.0000 0% 9.00

(ETVO_S];;H 0.0057 +0.0000 100% 3.00

PNN-SBL 0.2109 4 0.3833 1% 3.76

S-ESBL [26] 0.2451 £ 0.4125 68% 3.92

EM-SBL [9] 0.0273 £ 0.0000 0% 11.00

IF-SBL [23] 0.1065 £ 0.2717 84% 3.39

Gaussian LP-SBL [15] 0.5807 4+ 0.2429 2% 1.80

GGAMP- .

SBL [24] 0.0207 4 0.0000 0% 10.00

(EI;L,O:S];)L 0.0014 +£0.0000 100% 3.00

PNN-SBL 0.4571 £ 0.5325 58% 3.52

S-ESBL [26] 0.4680 £ 0.5328 57% 3.63

EM-SBL [9] 0.0185 + 0.0000 0% 9.00

IF-SBL [23] 0.0515 + 0.2168 96% 3.14

ST LP-SBL [15] 0.5279 4+ 0.2957 0% 2.95
GGAMP-

SBL [24] 0.0204 £ 0.0000 0% 11.00

N5 00074400000 100%  3.00

TU-Wien, Vienna, Austria; June 10, 2024




PDE Identification

THREE TYPICAL PDES AND IDENTIFICATION RESULTS USING CNO-SBL

Name PDE to be identified Identified PDE
Klein-Gordon 92w 82w 3 ?;2 0.99955— 9°
equation 5% = TUTW O 003u—0.9065u3
. . ou __
FlShG.I' S R | 9%u 57 = 1.0009u
equation ot — T027 ~1.0012u2+0.0998 24 Gt
2
Sine-Gordon T 2%u _ ().9990 2 u
equation a2 = 9zz — sin(u) —a()t.9987 sin(u) >

TU-Wien, Vienna, Austria; June 10, 2024 M




PDE Identification Results

nRMSE .
PDE Methods (mean-+std) SR |%]| o
PNN-SBL 1.3599 + 0.6038 6% 5.32
S-ESBL [26] 1.3493 = 0.5020 0% 9.31
EM-SBL [9] 0.0135 == 0.0000 0% 6.00
Klein- IF-SBL [23] 1.4998 + 0.5794 0% 3.60
Gordon LP-SBL [15] 0.0023 = 0.0073 96 % 3.09
- GGAMP-
i I -

¢quation SBL [24] 0.0310 £ 0.1239 0% 4.00
CEI\JO:_ISSL 0.0020 + 0.0000 100% 3.00
PNN-SBL 0.7428 + 0.5670 23% 3.21
S-ESBL [26] 1.0713 £ 0.2375 0% 9.12
EM-SBL [9] 0.0236 + 0.0000 0% 7.00
_ IF-SBL [23] 1.1470 £+ 0.3709 0% 5.81
Fisher’s LP-SBL [15] 0.6924 + 0.3553 21% 3.00

equation GGAMP- o
SBL [24] 0.6898 + 0.3644 0% 4.79
CTB?;E?L 0.0010 £ 0.0000 100% 3.00
PNN-SBL 0.8953 £ 0.3671 10% 291
S-ESBL [26] 0.8989 = 0.4050 12% 2.97
EM-SBL [9] 0.0034 = 0.0000 100% 2.00
Sine- IF-SBL [23] 0.8456 + 0.3854 8% 3.23
Gordon LP-SBL [15] 0.5741 = 0.4369 1% 2.61
equation glg}]??;zj 0.3709 = 0.4956 3% 3.35
CJ\&);;]]BL 0.0011 + 0.0000 100% 2.00

TU-Wien, Vienna, Austria; June 10, 2024




Success Rate vs. Population Size

Success Rate (%)
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Spiking NN Supervised Learning

Statlog Landsat
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Average Training Errors

— DalﬂbCL Iis | WBCD | Statlog Landsat | MNIST
SpikeProp [11] 0.102 0.057 0.205 1.562
SpikePropRT [36] 0.080 0.012 3.921 -
SpikePropAD [18] 0.010 0.421 3.203 -
SPSL1/2 [34] 0.023 0.035 - -
MC-SEFRON [37] 0.033 0.017 - 0.086
TMM [38] 0.018 0.028 - -
SPDO 0.058 0.040 0.192 0.966
SPDC 0.049 0.043 0.152 0.848
P-SPDO 0.108 0.069 0.234 1.487
P-SPDC 0.094 0.066 0.226 1.375
SPADO 0.053 0.035 0.138 0.843
SPADC 0.034 0.032 0.123 0.621
SPGAD 0.032 0.025 0.112 0.635
CNO-SpikeProp 0.042 0.023 0.119 0.123
CNO-SPDO 0.012 0.009 0.081 0.082
CNO-SPDC 0.013 0.004 0.098 0.079
CNO-SPADO 0.010 0.006 0.064 0.030
CNO-SPADC 0.007 0.003 0.018 0.038
CNO-SPGAD 0.009 0.002 0.008 0.024

TU-Wien, Vienna, Austria; June 10, 2024 M




‘ Monte Carlo Results
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Training and Testing Accuracy

CLASSIFICATION PERFORMANCES OF THE 16 SNN ALGORITHMS IN TERMS OF MICRO AVERAGED

ACCURACY WITH TRAINING/TEST SAMPLES IN THE FOUR BENCHMARK DATA SETS

Dataset

Al"'.‘“'--———— b Iris WBCD Statlog Landsat MNIST
gorithm —

SpikeProp [11] 97.2£0.15 /96.7£0.13 97.3£0.17/94.220.20 85.810.16/80.3£0.18 .
MC-SEFRON [37] 98.4/97.1 98.4/97 4 . 93.64/923

TMM [38] 97.5+0.8/97.2+£1.0 97.4+0.3/97.2+£0.5 - -

SPDO 98.5+0.10/97.8+0.12 98.2+0.09/96.6==0.13 88.44-0.08/85.30.06 94.5+0.11/92.310.10
SPDC 98.74:0.08/98.0+0.06 98.6+0.12/97.1=0.14 88.9-+0.08/85.94+0.07 95.240.09/93.61+0.06
P-SPDO 96.84+0.14/94.3+0.16 96.44+0.15/95.2+0.14 87.7+0.19/84.3+0.16 92.840.13/90.7+0.11
P-SPDC 97.0+0.09/95.8+0.13 96.8+0.14/95.4=0.12 87.240.10/84.8+£0.09 91.9+0.08/90.240.08
SPADO 99.2+ 0.08/98.3£0.10 99.640.07/98.2=20.06 89.3+0.06/88.4+0.05 96.610.06/95.71+0.04
SPADC 99.540.05/98.3+0.03 99.84+0.06/98.5+0.08 91.240.06/89.1+0.04 97.74+0.07/96.3+0.05
SPGAD 99.8+0.03/99.3+0.02 99.8+0.05/99.1+0.02 93.7+0.04/92.5+0.03 98.8+0.05/97.84+0.04
CNO-SpikeProp 98.440.03/96.610.02 99.1+0.01/98.4=-0.02 88.24-0.03/86.3+-0.03 95.4+0.02/93.34-0.01
CNO-SPDO 99.81-0.02/98.7+0.01 99.64-0.02/98.4-20.02 95.6+0.01/94.34+-0.02 98.740.02/98.2-£0.01
CNO-SPDC 99.8+0.01/99.24+0.02 99.6-£0.01/98.7+0.02 95.84+0.03/95.14+0.02 98.9+0.01/98.54-0.01
CNO-SPADO 100+0.00/1000.00 100=0.00/100=0.00 98.6£0.02/97.81+0.03 99.2+0.01/98.44-0.01
CNO-SPADC 100-:0.00/100+-0.00 100+0.00/100=0.00 98.44-0.02/97.5+0.01 98.940.01/98.240.01
CNO-SPGAD 100-+0.00/100+0.00 100+0.00/100+0.00 98.840.01/98.2+0.00 99.4-+0.02/98.9+0.01

J. Zhao, J. Yang, J. Wang, and W. Wu, “Spiking neural network regularization with fixed

and adaptive drop-keep probabilities,” IEEE Transactions on Neural Networks and

Learning Systems, vol. 33, no. 8, pp. 4096-4109, 2022.

TU-Wien, Vienna, Austria; June 10, 2024
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Classification Performance

AVERAGE PRECISION, RECALL, AND FI1-SCORE OF THE 14 SNN ALGO-
RITHMS WITH TEST SAMPLES IN THE FOUR BENCHMARK DATA SETS

Algorithm Measure Precision Recall F1-score
SpikeProp [11] 0.75 0.77 0.73
SPDO 0.82 0.78 0.78
SPDC 0.84 0.81 0.80
P-SPDO 0.75 0.69 0.70
P-SPDC 0.79 0.76 0.75
SPADO 0.85 0.86 0.83
SPADC 0.86 0.84 0.83
SPGAD 0.86 0.86 0.85
CNO-SpikeProp 0.79 0.80 0.76
CNO-SPDO 0.89 0.82 0.84
CNO-SPDC 0.91 0.84 0.86
CNO-SPADO 0.86 0.89 0.88
CNO-SPADC 0.87 0.90 0.88
CNO-SPGAD 0.93 0.89 0.91

TU-Wien, Vienna, Austria; June 10, 2024 M




‘ Portfolio Optimization

= As a cornerstone of modern finance involved
with the work of at least six Nobel Laureates,
portfolio selection or optimization is of great
interest for financial investments from both
academic and economic points of view.

= A major breakthrough of modern portfolio
theory was highlighted by Nobel Laureate H.
M. Markowitz in his mean-variance
framework.

TU-Wien, Vienna, Austria; June 10, 2024 @




Mean-Variance Framework

A classical mean-variance portfolio optimization problem
can be formulated as a bi-objective optimization problem [1]:

min y' Vy,—p'y
Yy

S.t. eTy = 1, (1)

0<y<e,
where ¥y = (y1,¥y2,...,yn)’ is the proportion of wealth
invested to the stocks, V' is the covariance matrix, p =
(f1, 2, ... o itn)? is the vector of mean returns of n stocks,

e is the vector of ones. The terms 'y and y! Vy measure
the expected return and risk of a portfolio, respectively.

TU-Wien, Vienna, Austria; June 10, 2024 M




Mean-CVaR Formulation

1 N
vy N1 —0) ;pﬂ'

min  — MTya
Y, p

S.1T. /sznyj—Oé, 7=1,... N
el y=1,
O0<y<e.
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‘ Cardinality-constrained Mean-
CVaR Formulation

1 N
yzap N(1-10) jz—:lpj

min —;JJTy
Y,2,Q,p
S.t. f‘fy—ozﬁpj, 7=1,... ,N
ety =1,
el 2 < k.
0<y<eocz,
z € {0,1}",
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‘ Neuronal Convergence
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Pareto Fronts
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‘ Comparative Results

Statistics of experimental results of six cardinality-constrained bi-objective portfolio optimization methods CNO-CBPS, MINLP, CPLEX, NSGAII, PBIEDE, and HMA, where
A = 0.5, best results are boldfaced, and 'NA’ denotes the baseline could not obtain a solution within the time limit.

Datasets n k MINLP solver CPLEX NSGAII PBIEDE HMA CNO-CBPS
time (s) fi time (s) fi time (s) fr time (s) fi time (s) £ time (s) fr
15 2.46 0.5811 431 0.5811 5.36 0.5921 11.30 05910 23.96 0.5822 8.98 0.5811
HDAX 48 10 499 0.5932 475 0.5932 3.78 0.6011 451 0.5986 21.70 0.5956 6.37 0.5932
5 21.88 0.6186 5.38 0.6186 2.19 0.6230 3.21 0.6201 19.93 0.6234 371 0.6186
15 9.22 0.3754 6.26 0.3754 8.77 0.3825 16.26 0.3802 30.13 0.3779 17.02 0.3770
FTSE 58 10 14.14 0.3816 7.63 0.3816 5.26 0.3930 10.36 0.3897 27.79 0.3898 8.69 0.3816
5 89.46 0.3962 9.71 0.3962 410 0.4098 8.49 0.3991 26.99 0.3966 6.53 0.3962
15 8233 1.6842 7.80 1.6842 9.39 1.7052 2061 1.6944 45.05 1.6861 14.13 1.6856
HSI 90 10 189.19 1.7120 11.12 1.7120 8.42 1.7749 14.12 1.7321 39.87 1.7163 12.01 1.7120
5 310.11 1.7486 27.83 1.7486 5.53 1.7853 8.99 1.7657 34.92 1.7646 7.81 1.7486
15 3600 NA 2408 1.2502 439.87 1.3021 779.4 1.2841 1113.56 1.2751 623.80 1.2502
SP500 384 10 3600 NA 3600 NA 248.411 1.3278 361.32 1.3030 1077.66 1.2945 458.65 1.2896
5 3600 NA 3600 NA 148.72 1.3348 210.14 1.3228 932.17 1.3158 245.36 1.3107

M.F. Leung and J. Wang, “Cardinality-constrained portfolio selection based on collaborative
neurodynamic optimization,” Neural Networks, vol. 145, pp. 68-79, 2022.
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‘ Annualized Returns

Ranges of annualized returns of four resulting portfolios with various values of cardinality bound k.

Datasets Market Solution sparsity
index
0% ~10% ~30% ~50% ~70% ~00%

u o HDAX 5.66% 10.18-15.42% 8.70-15.42% 8.18-15.42% 7.39-15.42% 7.11-15.42% 6.97-15.42%
EY: FTSE 5.29% 11.22-15.90% 10.16-15.90% 9.01-15.90% 7.95-15.90% 7.35-15.90% 6.99-15.90%
E o HSI 6.77% 13.68-21.02% 12.56-21.02% 12.15-21.02% 11.80-21.02% 11.36-21.02% 10.09-21.02%
c % SP500 5.31% 11.98-17.88% 10.28-17.88% 10.02-17.88% 0.39-17.88% 8.68-17.88% 8.25-17.88%

r~ HDAX 6.64% 10.32-14.03% 091-14.37% 0.37-14.32% 8.61-14.59% 7.50-14.87% 6.60-14.11%
oS FTSE 4.43% 11.51-15.04% 11.17-14.72% 1061-15.02% 0.93-14.93% 0.72-14.88% 9.33-15.40%
"§ = HSI 6.18% 12.05-18.95% 11.71-18.98% 11.47-18.90% 11.30-18.83% 11.16-18.73% 10.28-18.92%
g E o SP500 5.93% 13.57-26.84% 13.38-27.41% 12.47-26.20% 12.08-26.54% 11.30-26.92% 11.25-25.32%

w ™

M.F. Leung and J. Wang, “Cardinality-constrained portfolio selection based on collaborative

neurodynamic optimization,” Neural Networks, vol. 145, pp. 68-79, 2022.

TU-Wien, Vienna, Austria; June 10, 2024
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‘ Problem Reformulation

Maximizing conditional Sharpe ratio subject to
self-financing and cardinality constraints.

uly — 'y
max
y CVaRg(y)
s.t. ely = 1,

I¥llo = k,
y = 0.

M. Leung, J. Wang, and H. Che, “Cardinality-constrained portfolio selection via two-
timescale duplex neurodynamic optimization,” Neural Networks, vol. 153, pp. 399-410,

2022.
TU-Wien, Vienna, Austria; June 10, 2024 w
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‘ Problem Reformulation (cont’d)

2

Y
min — |
Vi00.Y,Z 2

N
W)-—Vﬁty—rﬂ

N(1—9 -

J
S.t. o > —_é‘iy—,o, o;>0,1=1,2,...,N;
ely =1;
elz <k:
O0<y=2z
c {0, 1}";

where z € {0. 1\". elz < k is the cardinalitv constraint.
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‘ Convergence Behaviors
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‘Sharpe Ratio, Conditional Sharpe
Ratio, and Annualized Returns

Resulting annualized Sharpe ratio, conditional Sharpe ratio and returns based on half-and-half partitioned datasets.

Dataset n k Sharpe ratio Conditional Sharpe ratio Annualized return (%)
DNO CNO EW Ml DNO CNO EW MI DNO CNO EW MI
4 0.5486 0.5231 0.2475 0.2349 10.4758 7.9459
14 0.5975 0.5689 0.2863 0.2487 11.2641 11.1892
24 0.6687 0.6357 0.2963 0.2532 12.7997 12.1576
HDAX 49 34 07271 06348 0.6873 0.6726 0.3401 0.2638 02734 0.3447 13.8972 13.4195 12.9857 12.2463
44 0.7574 0.7119 0.3658 0.2899 14.5806 13.6594
49 0.7582 0.7565 0.3836 0.3129 15.1259 13.8340
5 0.4844 0.4349 0.2053 0.1936 7.7156 7.9548
16 0.6338 0.6187 0.2963 0.2311 9.8699 8.2565
28 0.6600 0.6302 0.3051 0.2412 10.2688 8.4036
FTSE 56 39 0.6755 0.6554 0.8303 0.4364 03159 0.2631 0.3659 0.2374 107203 91148 12.9811 5.9705
50 0.7214 0.7201 0.3562 0.2824 11.1810 12.4485
56 0.8756 0.8542 0.3965 0.3554 15.8881 15.6841
7 0.9315 0.8645 0.4353 0.4086 16.9461 16.9073
23 0.9411 0.8790 0.4420 0.4185 17.6416 17.1799
38 0.9551 0.8941 0.4487 0.4214 17.8137 17.4809
HSCI 77 53 0.9640 0.9074 0.9791 0.4782 0.4521 0.4267 0.3459 0.1710 18,0446 17.7833 17.8610 7.9394
69 1.9881 0.9186 0.4566 0.4332 18.0600 18.0823
77 1.0147 0.9369 0.4635 0.4471 18.7928 18.6832
35 1.1314 1.1145 0.5019 0.4147 20.9448 19.7990
106 1.1834 1.1440 0.5633 0.4417 24.1746 20.3223
178 1.2083 1.1748 0.5852 0.5189 24,6381 20.9244
SP500 356 249 12141 1.1904 1.1599 0.8255 0.6197 0.5435 0.4120 0.2801 25 1157 215870 20.3834 12.4253
320 1.2187 1.2126 0.6362 0.5679 25.9424 22.3755
356 1.2231 1.2175 0.6539 0.6488 26.9975 23.2873

TU-Wien, Vienna, Austria; June 10, 2024




‘ Cumulative Returns
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‘ Distributed Portfolio Selection

= As a paradigm of decentralized decision
making 1n the finance industry, decentralized
portfolio optimization 1s advantageous in terms
of preferential and geographical diversification.

= In distributed portfolio optimization, more
specialized investment decisions could be made
by leveraging the specific expertise of fund
managers toward higher returns and lower
risks.

TU-Wien, Vienna, Austria; June 10, 2024 @




‘ Coupled Projection Neural

Networks

el = —x; + g(wi — Vo, fili, p) — en,ui),

Gg—i =—p+g9(p—V,fi(zi,p)).
Eddi? — eax@- o b’l o Zje_)\/'i(ui — Uy + V; — Uj)a
€ = Zjem (i — uyj).

J. Wang and X. Gan, “Neurodynamics-driven portfolio optimization with targeted
performance criteria,” Neural Networks, vol. 157, pp. 404-421, 2023.

TU-Wien, Vienna, Austria; June 10, 2024 M
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‘ Convergence/Consensus Behaviors
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Ex-ante vs. Ex-post Performances
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Performance Comparisons

Sortino Ratio (SoR,)

Cndtnl. Sharpe Ratio (CSR,)

NO EW MI NO EW MI

1.7914  1.3315 1.4357 0.3732 0.4164 0.4629
4.6473  1.5292 1.6859 0.9923 0.3291  0.3287
3.2970  2.4649 2.0759 0.7442  0.5963  0.6525
24611  3.5893  3.3459 0.3446 0.9860 1.0737
1.5529  1.5910  0.7165 0.4685 0.3459  0.1710
1.2181  0.9863 0.9612 0.3898 0.2734  0.3447
1.3493  1.2127 0.6182 0.3975 0.3659  0.2374

1.8232 0.6653 0.4120  0.2801

2.0778

1.2355

TU-Wien, Vienna, Austria; June 10, 2024
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Performance Comparisons (cont’d)

BCST-Library| Dataset NO EW MI M-V L-SSD |[LR-ASSD|RMZ-SSD|PK-SSD| CZeSD
DJIA 0.7568 | 0.6100|0.3704| 0.5635 | 0.4596 | 0.5297 0.3261 | 0.6473 | 0.4895

Sharpe NASDAQ100, 1.2844 | 1.1131 [0.9191] 1.0528 | 1.3800 1.1686 1.1613 | 1.2323 | 1.0079
Ratio FTSE100 1.1646 | 0.9152]0.3810| 1.2832 | 1.2771 0.7767 1.4363 | 1.1980 | 0.7482
(SR,) S&P500 1.3219 | 0.8541 [0.7672| 0.8440 | 0.7966 0.8633 1.0451 | 0.8548 | 0.9550
DJIA 1.0516 | 0.9200 0.7247| 0.8453 | 0.6730 0.8070 0.4571 | 0.9415 | 0.7247

Sortino NASDAQI100} 1.9902 | 1.6369 |1.4832] 1.5542 | 2.1006 @ 1.7874 1.7283 | 1.9192 | 1.4832
Ratio FTSE100 1.7634 | 1.3124 \11.0723] 1.9765 | 1.9277 1.1118 2.2624 | 1.8296 | 1.0723
(SoR},) S&P500 2.0476 | 1.2543 1.4024| 1.2017 | 1.1165 1.3083 1.5475 | 1.2917 | 1.4024
DJIA 2.4784 | 1.9987 |1.1252] 1.7624 | 1.4112 1.7530 0.9501 | 1.9386 | 1.5490

Omega NASDAQI100, 4.6692 | 4.0148 [3.0966| 3.4222 | 4.7902 | 3.9412 3.9563 | 4.3455 | 3.4389
Ratio FTSE100 3.6241 | 2.8986 |1.1084| 4.3032 | 4.443%8 2.4450 5.1034 | 4.2804 | 2.3341
(OR,) S&P500 4.9801 | 3.0322 /2.6243| 2.6638 | 2.5327 2.8671 3.3727 | 27897 | 3.3734
Conditional DJTA 0.3264 | 0.2601 10.1578| 0.2440 | 0.1896 0.2211 0.1325 | 0.2673 | 0.2044
Sharpe NASDAQ100| 0.5763 | 0.4462 |0.4037| 0.4252 | 0.5835 | 0.4781 0.4560 | 0.5274 | 0.3982
Ratio FTSE100 0.5157 | 0.4114 10.1662| 0.5563 | 0.5582 0.2949 0.6185 | 0.5325 | 0.3346
(CSRp) S&P500 0.6440 | 0.3738 [0.3334| 0.3403 | 0.3134 0.3790 0.4247 | 0.3610 | 0.3835
Entropic DJIA 0.2190 10.2191|0.1787| 0.1703 | 0.1477 0.1965 0.0845 | 0.1953 | 0.1787
Sharpe NASDAQI100, 0.6177 | 0.3384 [0.3319] 0.2232 | 0.2635 0.2346 0.3357 | 0.3948 | 0.3319
Ratio FTSE100 0.5187 | 0.2976 10.2370| 0.2581 | 0.2065 0.1901 0.3937 | 0.2796 | 0.2370
(ESR}) S&P500 0.6071 | 0.2237 |0.2806| 0.1353 | 0.1600 0.1905 0.2167 | 0.2309 | 0.2806

TU-Wien, Vienna, Austria; June 10, 2024
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‘ HVAC operation optimization

= Heating, ventilation, and air conditioning (HVAC) systems

o Vital facilities for regulating temperature and humidity in the
ambient environments of buildings

o To meet thermal comfort and air quality requirements

s HVAC systems consume a substantial amount (~40%) of
energy in commercial buildings

Commercial Building
Energy Consumption

Ac
TN * 3%
@ fHE 1 4
[4) dad | — ; Other 8% ."-.._ z
~ ! .I"'.l Ill'-,l

Exchienge with ﬁ
the External

Temperature

Cooking 4%

Solar

Refrigeration 6%
radiatinr.l\l\ e
N

Toue Electronics &

Computers 13%

Water Heating
Exchenge with Lighting 11% 14%
other rooms Exchenge with

other rooms Souvce; Energy Data Book, US DOE, 2010
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HVAC operation optimization (cont'd)

In the global urbanization process,
HVAC systems will take up an
increasing  portion  of  energy
consumption

It 1s crucial to optimize HVAC

operations

0 Increase energy efficiency

o Reduce carbon dioxide emissions

TU-Wien, Vienna, Austria; June 10, 2024




'Optimal chiller loading

Chiller
#n
Chiller
#2

@

#1

—— % Chilled water :
/ :// o A

[ Chillers: > 60% of energy consumption
1 Optimize chiller outputs

1 To meet demands

1 With minimal energy consumption

/
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'Optimal chiller loading (cont'd)

A power consumption function of chillers: forchilleri (i=1, 2, ..., n),
P,(PLR;) = a,PLR; + b;PLR? + ¢;PLR; + d;

Cardinality constraint: to confine the number of "
chillers with ON status |[PLR|jop < k *

Zyi < k’ S {O* 1}
1=1

min 3" P(PLR;) Power consumption
e
whject t0 S P,PLR, — Pp = 0, Supply-demand constraint
=1

PLR.y; < PLE; < PLRuy:. Capacity constraints
Y Cardinality constraint

Zyiik«yi(yz‘—l):o Vi:l.....'ﬂ.. .
! Integer constraints
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‘ Optimal chiller loading (cont'd)

Hyperparameter Selection Convergence Behaviors
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Optimal chiller loading (cont’d)

A four-chiller system (a hotel)

Pp=2610 RT Pp=2320 RT Pp=2030 RT .
Method best WoL;st mean SD best wgst mean SD best W(ﬁst mean SD up tO 2 3 .85 % Of SaVln gs
GAMS [11] 1857.30 - 1455.66 - - 1178.14 - - -
GA [10] 1862.18 - - 1457.23 - 1183.80 - - .
LGM [10] 1857.30 1864.17 - - 1455.66  1461.05 - - 1178.14  1182.50 - -
PSO [13] 1857.30 1857.45 1857.43 0.04 1455.66 152242 146234 20.03 | 1178.14 1178.14 1178.14  0.00
DE [14] 1857.30 1858.57 1857.43 0.40 1455.66  1455.66  1455.66 0.00 1178.14 1178.14 1178.14 0.00
DCSA [16] 1857.30 1857.40 1857.32 0.02 1455.67 1458.48  1455.81 0.53 1178.14  1199.50 1181.07 4.80
CNO-CL 1857.30 1857.30 1857.30 0.00 1455.66  1455.66  1455.66 0.00 1178.14 1178.14 1178.14 0.00
Pp=1740 RT Pp=1450 RT Pp=1160 RT
Method best worst mean SD best worst mean SD best worst mean SD
GAMS [11] 998.53 - - - 820.07 - - - 651.07 - - -
GA [10] 1001.62 - - 907.72 - 856.30 - - -
LGM [10] 998.53 1002.22 - - 904.62 907.97 - - 849.99 853.13 - -
PSO [13] 998.53 1013.43 1005.36 5.71 820.07 847.53 826.52 10.88 651.07 691.19 667.12 19.65
DE [14] 998.53 1009.20 1000.21 3.66 820.07 821.28 820.19 0.38 651.07 655.63 651.53 1.44
DCSA [16] 1008.24* 1074.55* 1038.13* 2572 | 825.72*  897.06*  838.05* 17.43 | 652.16%  794.25%  713.17* 44.02
CNO-CL 998.53 998.53 998.53 0.00 820.07 820.07 820.07 0.00 651.07 651.07 651.07 0.00
(d [J
A 20-chiller system => up to 21.36% of savings
Pp=13050 RT Pp=11600 RT Pp=10150 RT
Method best / worst mean SD average time best / worst mean SD average time best / worst mean SD average time
GA [12] 9293.78 / 9401.31 9326.04 19.29 7.50 7293.64 / 7361.76 7322.59 15.50 7.51 5910.94 / 6024.68 594746 2222 7.40
PSO [12] 9307.41 / 10650.73 9734.65 351.31 4.68 7942.34 / 1099243 914929  658.79 4.76 6269.72 / 7563.12  6799.53  220.73 4.74
DE [14] 10188.39 / 11267.59  10746.82  219.46 7.09 7917.54 / 9502.17 8921.39  307.28 7.11 6956.12 / 8048.28  7458.87  306.82 7.05
1IFA [15] 9286.71 / 9287.49 9286.98 0.17 134.02 7278.37 / 7278.58 7278.45 0.04 129.78 5890.74 / 5965.45  5896.54 19.51 129.47
CNO-CL 9286.49 / 9286.49 9286.49 0.00 0.25 7278.32 / 7278.32 7278.32 0.00 4.31 5890.69 / 5890.69  5890.69 0.00 4.36
Pp=8700 RT Pp=7250 RT Pp=5800 RT
Method best / worst mean SD average time best / worst mean SD average time best / worst mean SD average time
GA [12] 4975.30 / 5079.74 5019.05 23.24 7.39 4157.11 / 4481.54 4258.88 58.81 7.69 3322.83 / 3563.15 3437.40 57.32 7.65
PSO [12] 5080.86 / 5697.55 5407.83 126.59 4.87 412579/ 4699.08  4348.79 117.64 4.79 3245.64 / 370591  3508.28  105.54 4.78
DE [14] 5679.43 / 6747.46 6285.46 256.47 7.03 4423.34 / 5773.08 516485 272.14 7.02 3634.22 / 4624.62  4015.83  189.90 7.00
IFA [15] 4942.76 / 5005.12 4970.55 17.55 129.04 4103.48 / 4327.59  4181.83 51.55 130.60 3267.88 / 3503.05 335142 4833 130.11
CNO-CL 4942.64 / 4942.64 4942.64 0.00 21.46 4074.55 / 4080.84 4076.00 2.66 62.02 322591/ 3233.19  3226.63 2.20 52.56

Z. Chen, J. Wang, and Q.L. Han, “Optimal chiller loading based on collaborative neurodynamic optimization,”
IEEE Transactions on Industrial Informatics, vol. 19, pp. 3057-3067, 2023.
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Chiller Plant Operation Planning

Condenser-water return

Cooling towers
#1l~Hn.,

Condenser water supply

I

Condenser- water
pumps #1~#n¢p

#1

* Determine the output of each device

e.g., on/off status, mass flow
water and air....

Chiller

+ ‘ '«

Chilled-water supply

Chilled-water return
Chiller

L_#Z

il

Chilled-water pumps
#1~#nepp

Challenges:
rates of

Thermal
space

* More devices: complex equations

* More coupling constraints for the
conservation of energy
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Chiller Plant Operation Planning (cont'd)

Power consumption function: Chillers

P (Terws. Tows. 0) = P 80000

Power consumption function: Pumps

L0\ 3
Q) chpw
kchO(%ﬂp )

0] w
I(] - exp( kchp U};p ))
hpw
w \ 3
K (r o )
PO (1 P

cp CPW) = ®
*“exp( kﬁ’é’%))

Power consumption function: Cooling Towers
()

() (t)) OF BEC
r(e) = ()

) /)
P :(:’hp( ghpw) =
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Chiller Plant Operation Planning (cont’d)

Supply—demand constraints Capacity constraints
Achp Rch Ych © Q-:h < Och < Ych o @ch

CP chpw (Tehwr — Tenws) = Pp - Pp = Z Q(I) Yehp © I'ehpw = T'chpw = Ychp © Tchpw
j=1 i=1 Vep © Lepw = Tepw = Yep © Tepw

Vet OF, <Tq <¥Yet0Ty

Constraints for the conservation of energy  Zenws = Tenws < Tetws, Toys < Tows < Tews
Hch fep Ichwr < Tchwr = TC]'IW["! Icwr =< Tcwr < Tcwr
Pp + ZP,E;: - p ng{;t{u(Tcwr Tews)
J"Ifclh ﬂct T T
Pp + Zp(h = &g Z L (hsw — hin, €a(Tews, Tewr) = i i
Tcwr wa
hsw(Tewr) = ¢ + cuTewr + Ci2 Tcwr + l‘-TJ"Ts)ﬂ.‘vr
Quadratic equations Cardinality constraints
Yeh © (Yeh — €) = 0, Yenp © (Vehp — ‘;) =0 f—’T,"r"ch < kech. f-’T}’Chp = kchpa
YVep © (}’cp - 6) =0, Yeto (yer —€) = 0. T

€ Yep = kCPa f-’T,"r"ct < ket
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Chiller Plant Operation Planning (cont’d)

Problem formulation for chiller plant operation planning

min Total power consumption

S.t. Supply—demand constraints
Constraints for the conservation of energy
Capacity constraints
Cardinality constraints
Quadratic equations

TU-Wien, Vienna, Austria; June 10, 2024 @




Chiller Plant Operation Planning (cont’d)

A Chiller Plant With Homogeneous Devices: Save up to 55.69% of power consumption

Pp = 3033 kW = 6065 kW
Method ? 1 P[J ?:1 Pc(lfp) Ek PUCJ za 1 PU) Flow ? 1 Pm ?:1 Pc(lfp) Zk PUCJ Zz 1 PU) Pt
DE [17] Solution miulmbk Solution mluambk
PSO-GA [11] 626.58 118.42 88.68 34.90 868.571 1096.61 38.21 143.42 31.96 1310.197
GA [8] 790.41 93.62 80.79 36.82 1001.657 1077.35 143.30 26.42 21.16 1268.23 7
DC [9] 468.74 16.65 5.81 20.00 511.21 832.55 28.46 8.42 3 88 87331
CNO-CPOP 428.05 12.66 2.95 0.15 443.80 828.84 25.31 5.84 1.17 861.16
Pp = 9098 kW Pp =12131 kW
Method Z?:l Pc(;J Zi;— L(]"ij) zk 1 P(M Z! 1 PU) Fow ?:1 Pc(;) _j_l Pc(lfp) Zk 1 P(kJ Z! 1 PU) Fowl
DE [17] Solution 1nfea51ble Solution 1nfea51ble
PSO-GA [11] 1482.01 157.07 50.30 27.44 1716.827 1861.84 302.16 73.75 40.58 2278.34™
GA [8] 1416.97 105.61 55.22 30.18 1607 987 1814.10 158.12 57.21 21.77 2051.197
DC [9] 1253.41 56.35 10.37 28.09 1348.22 1701.94 105.57 21.34 9.43 1838.29
CNO-CPOP 1256.82 53.07 10.38 3.95 1324.22 1701.94 105.57 21.34 9.43 1838.29

A Chiller Plant With Heterogeneous Devices: Save up to 58.30% of power consumption

Pp = 1312 kW

Pp = 2625 kW

Method 351, PR 31 R e Pyl i B Pow | SR S0 Py Skei Pyl S P Pow
DE [17] Solution infeasible Solution infeasible
PSO-GA [11] 188.53 28.19 41.85 19.28 27785+ 354.52 56.79 29.36 20.00 460.67T
GA [8] 255.32 22.93 20.40 10.21 308.87F 350.38 43.94 21.99 14.17 430.48+
CNO-CPOP 122.41 4.80 1.55 0.04 128.81 274.72 11.23 2.80 0.64 289.39
Pp = ‘39‘37 kW Pp = 5250 kW
Method E;’lfl ]jc(]?J 2?71 ch(lfp) k L(pkj Ei 1 (E) Plotal 2?71 Pc(hl) ijl Pc(lfp) Ek 1 (kJ Zf 1 I)lola]
DE [17] Solution 1n[edslble Solution 1nfcd51blc
PSO-GA [11] 474.29 73.15 35.64 25.83 608.92+ 691.37 81.34 57.82 29.72 860.251
GA [8] 491.95 50.31 45.60 16.59 604.44+ 671.80 50.98 33.30 21.74 777.82F
CNO-CPOP 432.23 30.26 5.01 1.15 468.64 599.78 51.08 8.31 2.76 661.92

Z. Chen, J. Wang, and Q.L. Han, “Chiller plant operation planning via collaborative neurodynamic optimization,”
IEEE Transactions on Systems, Man and Cybernetics: Systems, vol. 53, pp. 4623-4635, 2023.
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‘ Distributed Chiller Loading

Motivations
* Most existing chiller systems operate in centralized locations
* There are several disadvantages in centralized chiller systems
o Centralized information processing entails high reliability of communication for
effective chiller loading
o Centrally located chillers with long circulation pipelines are usually inefficient with
time delays and energy losses in cooling load dispatching

Distributed
Distant chilled-water circulation | Chiller loading delays optimization N
Communication-link failures Energy losses ToT devices

Reason Detrimental effects

PSO rule
IoT-based distributed chillier loading

* Networked IoT devices are installed in
chillers for communication, computation,
and control

* Could overcome the limitations of
centralized HVAC systems

Chiller #1 Chiller #2 Chiller #n
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Distributed Chiller Loading I (cont’d)

Co T, T T T T T T ? S (PiPLR = Pp) =0. > (v —ki) <0.
min > P;(PLR;)
PLRy 4 " op o p "

I
I
X I
. I
.. Z P,PLR; — Pp =0 :
i=1 I L(PLR,y. A, 1, y, p)
I
I
I
I
I

PILR.vi < PLR; < PLR;v; n
- = > Pi(PLR;) + 1" g(PLR, y) + " h(PLR, y)

i=l

+y " (D(P)PLR — Pp) + p" (v — k)

X =[PLR" y"1" -
_ _ L(PLR, y, A jt,y.p,v,w) = LPLR, y, A, 1.y, p)
Equivalent in terms of the + Ly + o' Lp

optimal solution

‘CL[(PLR7y’}\‘7I’L7y7p’V’a))

T ] PR v )

|min{l max | LoXxX, M, 1, v, p,v, ol ( K Vi Ay s Vs P Vs @) n
X S Y PV, @ 04 fB

I _ o 2 = ) 2

e e e e e e e e e e e e - — +3 E %18 (PLR, v)* + 5 E h:(PLR, y)
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Distributed Chiller Loading I (contd)

| dxt ) () () ()3 ()
€ = X4 Pl X —| VP(rY) + Ve lx /DA
+ Vh(x(f))u(f) + Cgvg(d,C(Jr'))D()k(j))g(x(j))
: _ D(P)v)
+ﬁvmx0>)h(x(f>)+[ By }r[ "D)
0 p(J)
o o Ed/\(j) — )W + (A‘(]‘) +g(x(f)))+
Coupled projection | 4
1 k {e = =hG)
neural networks i
dy" — N . .
€ ZI = D(P)PLRY) — P, — Ly =Ly
dvh) _
— Lv@
¢ dt 4
()
edztf _ _p(i)+(p(ﬁ+(y(j)_i;) _Lp(j)_La)(j))'F
da') _
— Lo
¢ dt p
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Distributed Chiller Loading I (contd)

An eight-chiller system in a semiconductor factory
in Taiwan Hsinchu Science Industrial District

/ NN 3]

Communication Links among Eight Chillers

0 0 0
~-1500 J o =500 ~-2000 ‘
-3000 -1000 -4000
t(s) t(s) (s)
1.6 1 1.6
2 0.8 205 0.8 ‘
oL 0 0
0 0.025 005 O 0.025 005 ¢ 0.025 0.05
t(s) t(s) t(s)
& & ‘ ;
=3 0.5 ;
Ej 0.5 x ~ 0.5 (
0 0 0
0 0.025 0.05 0 0.025 0.05 0 0.025 0.05
1(s) t(s) t(s)
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= = = |
G 24 5000 4 :
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A [.]4000 N [
3000 2000
0 0.025  0.05 0 0.025 0.0 0 0025 0.05
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‘ Distributed Chiller Loading I (conrd)

Performance Comparisons

A 20-chiller system

Pp = 8000 RT Pp = 7000 RT Pp = 6000 RT
Method Type best worst average SD best worst average SD best worst average SD
GA [5] Cen. 475376 4937.83 4820.09 4149 | 4007.62 4306.64 4188.72 4147 3405.03 376239 362551 104.95
PSO [5] Cen. 473477 595285 5022.53 256.79 | 393520 4736.15 4147.30 200.63 | 3216.29 397631 3336.61 166.04
DE [7] Cen. 483423 5544.16 514581 157.69 | 401422 499732 442573  210.09 | 327393 4106.53 3690.33  204.26
IFA (8] Cen. 473571 473583 4735.75 0.02 3963.71  4112.02 408798  46.04 | 329650 3714.69 348636 114.06

CNO-CL [12] Cen. 4734.01 4734.01 4734.01 0.00 3935.19 3935.19 3935.19 0.00 3216.29  3216.29  3216.29 0.00
CNO-DCL Dis.  4734.01 4734.01 4734.01 0.00 3935.19  3935.19  3935.19 0.00 3216.29  3216.29 3216.29 0.00

Pp = 5000 RT Pp = 4000 RT Pp = 3000 RT
Method Type best worst average SD best worst average SD best worst average SD
GA [5] Cen. 2766.31 3280.86  2994.23 123.97 | 2123.48 2837.19 2368.83 155.69 1533.06 2131.79 1751.24 15342
PSO [5] Cen. 2587.76  3239.43  2706.77 163.63 1922.78 2272.56 1984.96 97.14 1363.33 2089.65 1498.63 147.25
DE [7] Cen. 2587.76  2650.48  2589.64 10.75 1952.11 2762.98  2308.12 192.71 1363.33 1515.19 1377.59 20.77
IEA [8] Cen. 2557.33  3578.22  2939.19 185.82 192279  2936.13  2364.70 196.63 1408.76  2297.29 1790.33 177.22

CNO-CL [12] Cen. 255733 2557.33  2557.33 0.00 1922.78 1922.78 192278 0.00 1363.33  1363.33  1363.33 0.00
CNO-DCL Dis.  2557.33 2557.33  2557.33 0.00 1922.78 1922.78 1922.78 0.00 1363.33  1363.33  1363.33 0.00

Z. Chen, J. Wang, and Q.L. Han, “A collaborative neurodynamic optimization approach to distributed chiller loading,”
IEEFE Transactions on Neural Networks and Learning Systems, in press, 2023.
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‘ Event-triggered Projection Neural

(- dx,(1) , T
et‘vor e—— = =0(0x,(1) + 60 Py, ( x,0= VI, + Vel Gy 4 0)

+ VA (x0T (1) + VE! ()¢
+ VA (e ()" ] (1)

+a Vgl (x; (1) diag(A/(1))g! (x,(1))

7. Xia, Y. Liu, and J. AR K ) ).
¢ - d (1)
Wang, An event e—— =00 (=400 + (A0 + gl (x, (')
triggered | e ,
collaborative i = OOh A0,
. 9 d ,I
neurodynamic e# o) (_Cin(,) s ( 0+ ¢ 0)
approach to N
distributed global ~ 2 (crw+ 0= 0 -nw) ) +) ’
p=
Lo
optimization, dp,,m ) i (("(r . (I)
Neural Networks, — L ) =& 0)
vol. 169, pp.181- du’ (1) il
— =0 | A/ (x,(0) = Qa1 )+ () =i () =0 (D)) .
190, January 2024. T ( o ;“’ (0 + 0@ ))
da)"(t)

N
=00 Y ey (W0 =4 )

j=1
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‘ Event-triggered Updating Rules

()= (8) - () o4 2 (£1,)
(40,0 =7 () n(£1,)0 (£ ) (o (41,)
(40 = () (o () 0 o (41,)
i () =1 () =1 ()0 (£0) 0 o (1)

/. Xia, Y. Liu, and J. Wang, “An event-triggered collaborative neurodynamic

approach to distributed global optimization,” Neural Networks, vol. 169, pp.181-190,
January 2024.
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Schematic Diagram
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Parametrical Effects

Time (sec.)
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Parametrical Effects (cont’d)
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‘ Convergent Behaviors
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‘ Convergent Behaviors (cont’d)
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Z.Xia, Y. Liu, and J. Wang, “An event-triggered collaborative neurodynamic

approach to distributed global optimization,” Neural Networks, vol. 169, pp.181-190,

January 2024.
TU-Wien, Vienna, Austria; June 10, 2024 @




‘ Communication Frequency
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Distributed Chiller Loading II

min Z P; (PLR;) y;

y
"1'1

3213 PLR;)y; -
/ S. L. ZP;PLBT,;{}@ — Pp > O

S.t. PZPLBEE_P :O’ i=1
; / P ' yi € {0, 1}, i =1,....n.

PLR, < PLR; < PLR;. ra

v € {0,1}, i=1....,n: \
L%’Z P; (PLR;)
i€l
'"'"""""'""""""""""""'""(gD)-----------------------------------------:- S.t. Z PLP LRZ — P D = 0

Ve ----o oIl I I I I I I I I I I oI DI I I DI DI I DI I DI DT IIIIIIIIIIIIIIIIIIIIII " ZEI
} Yo PLR,, i t PLR, < PLR; < PLR;.1 €1.
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RS /7] O o ; a0
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‘ Distributed Chiller Loading II (cont’d)

An eight-chiller system

Pp=8000 RT ' Pp=7000 RT Pp=6000 RT
Method Type best / worst mean SD average time best / worst mean SD average time best / worst mean SD average time
GA [9 Cen. 475376 /493783 4820.09 41.49 4.89 4007.62 / 4306.64 4188.72 4147 474 3405.03 / 376239 362551 104.95 475
PSO Cen. 473477/ 595285 502253  256.79 1.59 | 393520/ 4736.15 4147.30  200.63 1.58 3216.29 / 3976.31  3336.61  166.04 1.58
DE Cen.  4834.23/5544.16 514581  157.69 4.27 4014.22/ 4997.32 442573 210.09 430 327393/ 4106.53  3690.33  204.26 4.29
IFA Cen.  4735.71/ 473583  4735.75 0.02 28.21 | 3963.71/4112.02 4087.98  46.04 28.09 3296.50 / 3714.69 348636  114.06 28.06
CNO-C Cen.  4734.01/4734.01  4734.01 0.00 15.95 3935.19 / 3935.19  3935.19 0.00 36.25 3216.29 / 3216.29  3216.29 0.00 60.14
CNO-D Dis.  4734.01/ 4734.01 4734.01 0.00 2.84 | 393519/ 3935.19  3935.19 0.00 26.73 3216.29 / 3216.29  3216.29  0.00 25.25
P,=5000 RT Pp=4000 RT Pp=3000 RT
Method Type best / worst mean sD average time I best / worst mean sD average time best / worst mean sD average time
Cen. 2766.31/73280.86 299423 12397 4.96 | 2123.48/72837.19  2368.83  155.69 496 1533.06 / 2131.79  1751.24 15342 5.10
PSO Cen.  2587.76 /323943  2706.77 163.63 L.57 1922.78 7 2272.56 198496  97.14 1.68 1363.33 / 2089.65  1495.63  147.25 1.72
Cen.  2587.76 /265048  2589.64 10.75 4.19 | 1952117 2762.98  2308.12 19271 4.02 1363.33 / 1515.19  13771.39 2077 4.02
IFA Cen.  2557.33 /357822 2939.19  185.82 28.08 192279 7 2936.13 236470  196.63 21.97 1408.76 / 2297.29  1790.33  177.22 27.69
CNO-C Cen.  2557.33 [/ 2557.33  2557.33 0.00 74.42 | 192278/ 1922.78 192278 0.00 73.13 1363.33 / 1363.33  1363.33 0.00 §2.72
CNO-D Dis.  2557.33/ 2557.33  2557.33 0.00 3.98 1922.78 / 1922.78 1922.78 0.00 17.23 1363.33 / 1363.33  1363.33 0.00 29.33
o
A 20-chiller system
Pp=13050 RT Pp=11600 RT Pp=10150 RT
Method Type best 7 worst mean SD average time best 7 worst mean SD average time best 7 worst mean sD average time
Cen. 9203.78 / 9401.31 9326.04 19.29 7.50 7293.64 /736176 732259 1550 1.51 501094 / 6024.68 594746  22.22 1.40
PSO Cen.  9307.41/ 10650.73 973465 35131 4.68 794234 /1099243 914929  658.79 476 6269.72 / 7563.12  6799.53  220.73 474
Cen. 10188.39/ 11267.59  10746.82  219.46 7.09 7917.54 /9502.17  8921.39 307.28 111 6956.12 / 8048.28  T458.87  306.82 7.05
]FA Cen. 0286.71 / 9287.49 9286.98 0.17 134.02 7278.37 /1 T278.58  T7278.45 0.04 129.78 5800.74 / 5965.45  5896.54  19.51 129.47
CNO-C Cen. 9286.49 / 9286.49 9286.49 0.00 62.48 7278.32/7278.32 727832  0.00 48.41 5890.69 / 5890.69  5890.69  0.00 57.45
CNO-D! Dis. 9286.49 / 9286.49 9286.49 0.00 0.53 7278.32/7278.32 727832  0.00 0.65 5890.69 / 5890.69  5890.69  0.00 1.22
Pp=8700 RT Pp=T7250 RT Pp=5800 RT
Method Type best / worst mean SD average time best / worst mean SD average time best / worst mean SD average time
Cen. 4975.30 / 5079.74 5019.05 2324 7.39 4157.11 / 4481.54 425888  58.81 1.69 3322.83 /3563.15 343740 5732 7.65
PSO Cen. 5080.86 / 5697.55 5407.83  126.59 4.87 412579 / 4699.08 434879 117.64 479 3245.64 / 370591 3508.28  105.54 478
Cen. 5679.43 [ 6747.46 6285.46 25647 7.03 4423.34 / 5773.08 516485 27214 7.02 3634.22 / 4624.62  4015.83  189.90 7.00
]FA Cen. 494276 / 5005.12 4970.55 17.55 129.04 4103.48 / 4327.59  4181.83  51.55 130.60 3267.88 / 3503.05  3351.42  48.33 130.11
CNO-C Cen. 4942.64 / 4942.64 4942.64 0.00 296.96 4074.55 / 4080.84  4075.28 1.95 672.30 3225.91/3233.22 322664 225 657.17
CNO-D Dis. 4942.64 / 4942.64 4942.64 0.00 6.11 4074.55 / 4074.55 407455 0.00 9.99 3225.91 /322591 322591 0.00 4.45

Z. Chen, J. Wang, and Q.L. Han, “Distributed Chiller Loading via Collaborative Neurodynamic Optimization with
Heterogeneous Neural Networks,” IEEE Transactions on Systems, Man, and Cybernetics: Systems, vol. 54, no 4, 2024.
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‘ Event-triggered Chiller Loading

lg}f}fl{r; Z fi(PLR;(t Power consumption
s.t. Z P;PLR;(t) — Pp = 0, Supply-demand constraint

1=1

PLRz yi(t) < Pi(t) < PLRy;(t), Capacity constraints

Z yi(t) < k(Pp), Cardinality constraint

Yi (t)(l —ui(t)) = 0. Quadratic equations
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Event-triggered Chiller Loading (cont’d)

The triggering instant 7;, | — min{r > Iy | |PD(‘L') — PD(Im)| > O'gPD(fm)}

Pp(t) (kW) Total power Total energy
Method 6858 6477 6096 5717 5334 Consumption (kW) consumption (kJ)
GAMS [8] 4738.5753  4421.6486  4143.7064  3842.5532  3546.4375 20692.9210 74494515.6000
AVL [2] 4916.93 4635.22 4358.71 4087.20 3821.34 21819.40 78549840.00
GA [2] 4766.33 4459.16 4185.87 3940.60 3706.22 21058.18 75809448.00
SA [3] 4776.98 4453.64 4178.80 3925.16 3675.18 21009.76 75635136.00
BGA [4] 4744.6512 44453493  4172.6155 3911.0079  3694.0319 20967.6558 75483560.8800
CGA [4] 4738.9645  4430.2444 41478178  3907.7607  3686.8597 20911.6471 75281929.5600
PSO [4] 4739.7845  4423.0534  4147.8055  3920.9642  3642.5786 20874.1862 75147070.3200
ES [5] 4738.76 4422.06 4144.12 3906.19 3627.46 20838.59 75018924.00
DCEDA [27]  4738.6600  4421.6739  4143.7297  3842.6020  3546.6437 20693.3093 74495913.4800
IFA [6] 4738.576 4421.649 4143.706  3960.573*  3627.760%* 20892.264 75212150.400
DCSA [7] 4738.575 4421.649 4143.706___3960.560* _ 3627.987* 20892.477 75212917.200
4738.5753  4421.6486  4143.7064  3842.5532  3546.4375 20692.9210 74494515.6000

ET-CNO-LD

Z. Chen, J. Wang, and Q.L. Han, “Event-triggered cardinality-constrained cooling and electrical load dispatch based on
collaborative neurodynamic optimization,” /[EEE Trans. Neural Networks and Learning Systems, vol. 34, pp. 5464-
5475, 2023.

TU-Wien, Vienna, Austria; June 10, 2024
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‘ Receding-Horizon Chiller Loading

OCL planning over a multi-period

* Chillers should NOT be frequently switched on or off to avoid excess attrition
and prolong the lifespan of chillers

* Once a chiller 1s switched on or off, it should be kept on its current on/off status
for a while to warm up or cool down (minimum-up/down-time constraints)

* In most existing formulations, the minimum-up/down-time constraints are absent

to+T—1 n

i Z > RPLEOM) Total power consumption
s.t. ZEPLR@-(#-)yi(t) = Pp(t).
i te {tor it + T — 1), Supply—demand constraints

S ilt 47— 1) — (@ (®) — walt — 1)) = 0.

S (elt =7 — 1) = 1= () = galt = 1)) <0,
T=1

iG{1....,71.},t€{t07T0ﬂ3+1 ..... t0+T71},

Capacity constraints

PLR; < PLR;(t) < PLR;,

ooy e Binary constraints
e {l...., nhte {to,....to + 1 — 1},
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‘Receding-Horizon Chiller Loading (cont’d)

Subproblem (1)

wip > 2 P

‘-" t€Zon 1€Zon

(PLR;(

(1))

S.t. Z PZPLRl(t) = PD(t),

Subproblem (2)
:Oji; 1§:P PLR;())yi(t)
s.t. Pp(t ZP PLR;(t)y:(t) <0,
te{ty,....to+T—1},
f(yi(t +7-1) = (5(t) —wi(t —1))) 20,
Te {1,....n}te{to—Ton+1,... .00+ T — 1},

Toff

S ilt+7—1) = 1— () —w(t — 1)) <

0,

i€Zon ~J/
t e {t(),...,to +T—1},
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Receding-Horizon Chiller Loading (cont’d)

10000 ‘
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Receding-Horizon Chiller Loading (cont’d)
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Iteration Iteration
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Receding-Horizon Chiller Loading (cont’d)

Hour 1 2 3 4 5 6 7 8
Chiller #1 1.00 1.00 0.96 1.00 1.00 1.00 1.00 0.96
Chiller #2 075 0.68 0.63 0.80 0.74 0.74 0.70 0.63
Chiller #3 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00
Chiller #4 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00
Chiller #5 0.86 0.64 0.51 0.00 0.00 0.82 0.70 0.51
Chiller #6 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00
Chiller #7 0.99 0.87 0.78 1.00 0.98 0.00 0.00 0.78
Chiller #8 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00
S, Pi(t)yi(t) 218747 192278 175120  1661.65 1599.51 1611.26  1504.17  1751.20
Hour 9 10 11 12 13 14 15 16
Chiller #1 1.00 1.00 1.00 1.00 1.00 1.00 1.00 1.00
Chiller #2 077 0.82 0.84 0.87 0.92 0.97 0.95 0.92
Chiller #3 0.00 0.00 0.00 0.68 073 0.76 075 0.73
T = 3 hOllI'S Chiller #4 0.00 0.00 0.00 0.62 0.69 0.76 0.74 0.69
on Chiller #5 0.01 1.00 1.00 1.00 1.00 1.00 1.00 1.00
T =9 h Chiller #6 0.00 0.82 0.88 0.93 1.00 1.00 1.00 1.00
off ours Chiller #7 1.00 1.00 1.00 1.00 1.00 1.00 1.00 1.00
Chiller #8 0.00 0.00 0.72 0.77 0.87 0.95 0.92 0.87
Y, Pi(t)yi(t) 224800 305632 3766.62 521104 5586.61 591230 579874  5586.61
Hour 17 18 19 20 21 22 23 24
Chiller #1 1.00 1.00 1.00 1.00 1.00 1.00 1.00 1.00
Chiller #2 0.89 0.86 0.84 0.89 0.84 0.87 0.77 0.72
Chiller #3 0.70 0.68 0.66 0.71 0.00 0.00 0.00 0.00
Chiller #4 0.65 0.60 0.56 0.00 0.00 0.00 0.00 0.00
Chiller #5 1.00 1.00 1.00 1.00 1.00 1.00 0.91 0.77
Chiller #6 0.97 0.91 0.87 0.98 0.88 0.00 0.00 0.00
Chiller #7 1.00 1.00 1.00 1.00 1.00 1.00 1.00 0.95
Chiller #8 0.82 0.75 0.71 0.82 072 077 0.00 0.00

S Pi(t)ys(t) 539219 5125.03  4961.54 4734.01 3766.62 310012 2248.00 2074.42

Z. Chen, J. Wang, and Q.L. Han, “Receding-Horizon Chiller Operation Planning via Collaborative Neurodynamic
Optimization,” IEEE Trans. on Smart Grid, vol. 15, no. 2, pp. 2321-2331, 2024.
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‘ Hybrid Model Predictive Control

Motivation
 Existing model-based control schemes do NOT consider thermodynamics in
chillers, making them less realistic
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water pump #n M
_Chiller #n ' { Power
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water pump #1
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E — @ : . Chilled-water

return
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Hybrid Model Predictive Control (cont’d)

Min Total power consumption
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‘Hybrid Model Predictive Control (cont’d)
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Hybrid Model Predictive Control (cont’d)
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Z. Chen, J. Wang, and Q.L. Han, “Hybrid model predictive control of chiller systems via
collaborative neurodynamic optimization,” /IEEE Transactions on Industrial Informatics, in

press.
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‘Hybrid Model Predictive Control (cont’d)
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Z. Chen, J. Wang, and Q.L. Han, “Hybrid model predictive control of chiller systems via
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press.

TU-Wien, Vienna, Austria; June 10, 2024

ay



‘Hybrid Model Predictive Control (cont’d)
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Within 24 hours:

* control variables

* chilled-water supply temperature

* power consumption function values

Z. Chen, J. Wang, and Q.L. Han, “Hybrid model predictive control of chiller systems via collaborative neurodynamic
optimization,” IEEE Transactions on Industrial Informatics, in press.
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‘ Concluding Remarks

= Collaborative neurodynamic optimization is a
biologically and socially plausible approach.

= It has the desirable properties of almost-sure
global convergence.

= |t serves as a bridge between neurodynamic
optimization and other natural-inspired
optimization methods toward hybrid intelligence.

= Collaboration is the key to success.

= It plays an instrumental role in many applications
where optimization problem-solving is imperative.
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