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Abstract: Delay-Differential Equations (DDEs) are the most common representation for
systems with delay. However, the DDE representation has limitations. In network models with
delay, the delayed channels are typically low-dimensional and accounting for this heterogeneity
is challenging in the DDE framework. In addition, DDEs cannot be used to model difference
equations. In this paper, we examine alternative representations for networked systems with
delay and provide formulae for conversion between representations. First, we examine the
Differential-Difference (DDF) formulation which allows us to represent the low-dimensional
nature of delayed information. Next, we consider the coupled ODE-PDE framework and
extend this to the recently developed Partial-Integral Equation (PIE) representation. The PIE
framework has the advantage that it allows the H..-optimal estimation and control problems to
be solved efficiently using the recently developed software package PIETOOLS. In each case, we
consider a very general class of networks, specifically accounting for four sources of delay - state
delay, input delay, output delay, and process delay. Finally, we use a scalable network model
of temperature control to show that the use of the DDF/PIE formulation allows for optimal

control of a network with 40 users, 80 states, 40 delays, 40 inputs, and 40 disturbances.
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1. INTRODUCTION

Delay-Differential Equations (DDEs) are a convenient
shorthand notation used to represent what is perhaps the
simplest form of spatially-distributed phenomenon - trans-
port. Because of their notational simplicity, it is common
to use DDEs to model very complex systems with multiple
sources of delay - including almost all models of control
over and of “networks”.

To illustrate the DDE framework, consider a swarm of N
Uncrewed Aerial Vehicles (UAVs) over a wireless network.
Each UAV, i, has a state, x;(t) € R™ which represents
displacement from a desired state (the concatenation of
all such states is denoted x). Each UAV has local sensors
which measure y; and this information is transmitted to
a centralized control authority. There is also an input, w,
a regulated output, z, and a vector of disturbances, w -
including both process and sensor noise. We model this
system as follows.

i) = aimi(t) + )

N
i (t— i)
+briw(t — 7)) + basu(t — hy)
Z(t) = Oll‘(t) + Dlgu(t)
yi(t) = Cgil‘i(tfﬁ) +d2uw(t7ﬁ-) (1)
This relatively simple model shows that delayed channels

Jj=1

are often low dimensional (R™ vs. R ") and specifies
four separate yet individually significant sources of delay.
Specifically, we have: state delay (7;;); input delay (h;);
process delay (7;); and output delay (7;).
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This network is modeled as a DDE - a structure formulated
in Eqns. (2) in Section 2 and applied to this example
problem in Subsection 6.1. If we were to consider control
of such a network, however, we find that while there
are algorithms for control of DDEs, these algorithms are
complex and are memory-limited to a relatively small
number of UAVs (perhaps 4-5). The premise of this paper,
however, is that the limitations of these algorithms are
not caused by inefficient algorithms, but rather the cause
is the failure to account for the low dimensional nature
of the delayed channels. Specifically, we note that in our
UAV model, that while the concatenated state, x(t), is
high-dimensional, the individual delayed channels, x;(¢),
are of much lower dimension. If we represent the network
as a DDE using the formulation in Subsection 6.1, then
this low-dimensional nature of the delayed channels is lost.
Furthermore, we note that DDEs cannot represent some
important system designs - See Subsection 3.1.

For these reasons, we consider the use of Differential Differ-
ence Equations (DDFs) in Section 3. The DDF formulation
allows for the representation of delayed information in
heterogeneous low-dimensional channels. Specifically, the
infinite-dimensional component of state-space (as defined
in Gu (2010); Pepe et al. (2008)) in this DDF framework

is then [, Lo[—7,0]™ as opposed to [], Lg[fﬂ-,O]Z”i,
which would be the traditional (e.g. Bensoussan et al.
(1993)) infinite-dimensional component of the state-space
in the DDE model of this network. In addition to providing
a more compact notion of state, in Subsection 3.1 DDFs



will allow us to represent the difference equations which
arise in some network models.

From the DDF model, in Section 4 we briefly turn to the
class of coupled ODE-PDE models. Backstepping meth-
ods have been developed for ODE-PDE models of delay
in Krstic and Smyshlyaev (2008); Zhu et al. (2015) and the
formulae we present in this section for conversion of DDF's
to the ODE-PDE framework may prove useful if the reader
is interested in application or further development of these
backstepping methods. However, the primary reason for
including the ODE-PDE formulation in this manuscript is
that it is relatively easy to convert a coupled ODE-PDE
model to a PIE.

Specifically, in Section 5, we consider the Partial Integral
Equation (PIE) representation of a delayed network. PIE
representations have the advantage that they are defined
by Partial Integral (PI) operators. Unlike Dirac and dif-
ferential operators, PI operators are bounded and form an
algebra. Furthermore, as discussed in Peet. (2021), PIE
models do not require boundary conditions or continuity
constraints - simplifying analysis and optimal control prob-
lems. Indeed, it has been recently shown that many prob-
lems in analysis, optimal estimation and optimal control
of coupled ODE-PDE models can be formulated as opti-
mization over the cone of positive PI operators. Indeed, in
Section 7, we will show that use of the PIE formulation
allows for optimal control of a 40 user, 80-state, 40-delay,
40-input, 40-disturbance network model of temperature
control on a desktop computer with 128GB RAM.

Finally, we note that while subsets of the DDF and ODE-
PDE representations of delay systems can be found in,
e.g. Bensoussan et al. (1993); Hale (1971); Curtain and
Zwart (1995); Gu et al. (2003); Niculescu (2001); Richard
(2003), previous models only considered a subset of the
possible signals and sources of delay.

2. THE DDE REPRESENTATION

A Delay-Differential Equation (DDE) has the form

.%'(t) AO Bl BQ x(t)
Z(t) 010 D11 D12 w(t) (2)
y(t) CQO DQl D22 U(t)
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+ Z / C1ai(s) D11ai(s) Dizai (5)] w(t +s)| ds
C24i(s) Da1ai(s) D22d (s)] Lu(t+s)
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where the signals are defined as:

e The present state z(t) € R”

e The disturbance or exogenous input, w(t) € R™
e The controlled input, u(t) € RP

e The regulated or external output, z(t) € R?

e The observed or sensed output, y(t) € R"

For convenience, we combine all sources of delay (state,
input, output, process) into a single set of delays {7;}1£ ;.
In Subsection 6.1, the UAV network is formulated in this
DDE representation.

2.1 Advantages of the DDE Formulation

The DDE formulation is the prima facie modeling tool
for systems with delay and as such is used in almost

all network models. The DDE representation has a clear
and intuitive meaning. Furthermore, most algorithms and
analysis tools are built for this representation. Specifically,
Lyapunov-Krasovskii and Lyapunov-Razumikhin stability
tests are naturally formulated in this framework.

As mentioned in the introduction, however, the DDE
framework does not allow for the representation of dif-
ference equations and does not allow us to identify which
of the states and inputs are delayed by which amount. For
this reason, we consider next the DDF representation.

3. THE DDF REPRESENTATION

A generalization of the DDE formulation is the Differential-
Difference (DDF) representation. Simplified versions of
this formulation were previously considered in, e.g. Gu
(2010); Pepe et al. (2008). In addition to the signals consid-
ered in the DDE representation, the DDF representation
adds the following.

e The items stored in the signal r;(t) € RPi are the
parts of x(t), w(t), u(t), v(t) which can be delayed
by amount 7;. The signals r; may be considered the
infinite-dimensional parts of the system.

e The “output” signal v(t) € R™ extracts informa-
tion from the infinite-dimensional signals r; and dis-
tributes this information to the state, sensed output,
and regulated output. This information can also be
re-delayed by feeding back directly into the r;.

The governing equations may now be represented in the
more compact form of Equs. (3).

(t) = on( ) + Buw(t) + Bau(t) + Byo(t) (3)

z(t) = Croz(t) + D11w(t) + Digu(t) + D1yv(t)
y(t) Cgoa?(t) + D21w( ) + DQQU( ) + ngv(t)
r;(t) = Criz(t) + Brjw(t) —|— Boju(t) + Dyyiv(t)

t+ s)ds
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Although Eqns. (3) are more compact, they are signifi-
cantly more general than the DDE in (2). Specifically, if
we define the conversion formula

Dyyi =0, By = [In 00], Dyp =[0I, 0], Day = [0 0 L]
1, 0 0
Cri =10 5 Brli = Im 5 Br2i =10 )
0 0 I,
A; Bi; By Agi Biai Boai
Cyi=|C1i D11i Di2i|, Cpagi=|Ciai Di1as Di2qdi|, (4)
Cai Da1; Dag; Cadqi Darai Daogi

then the solution to the DDF is also a solution to the DDE
and vice-versa.

Lemma 1. Suppose u, w, z, y, and z satisfy Eqn. (2). If
O’Uiv Cvdi7 Cri; BT'li ) B7'1i7 DT"Ui? B'ua Dl'ua and D2'u are as
defined in Eqns. (4), then u, w, x, y, and z also satisfy
Eqns. (3) with 7;(t) = [2(6)7 w(t)” u(t)”]"

Lemma 2. Suppose u, w, x, y, r; and z satisfy Eqns. (3)
where Cyi, Coai, Criy Brii 5 Briiy, Drvi, By, D1y, and Do,
are as defined in Eqns. (4). Then u, w, z, y, and z also
satisfy Eqn. (2).

It is not possible, in general, to convert a DDF to a DDE
as the class of DDFs is more general than the DDEs.



3.1 Advantages of the DDF Representation

The first advantage of the DDF representation is that it
is more general than the DDE representation in that it
may include difference equations (which are incompatible
with the DDE framework). To illustrate, suppose we set
all matrices to zero except D,,; and C,;. Then we have
the following set of difference equations

K
Ti(t) = Zj:l Drvicvjrj (t - Tj)

The second advantage of the DDF representation occurs
when the delayed channels only include subsets of the
state. For example, if the matrices A; have low rank
(ignoring input and disturbance delay), then A; = A A;
for some /L-, A; where A; € RliX™ with [; < n and we
may choose Cp; = A; and C,; = A;. The dimension
of r;(t) now becomes R!. This decomposition may be
used to reduce complexity in the DDF formulation if
l; < n. This reduction is illustrated in detail using the
UAV network model in Subsection 6.2 and the temperature
control network in Section 7.

1=1 K.

S,

A disadvantage of the DDF formulation is that fewer tools
are available for systems in this representation. This is
partially due to the fact that the class of DDFs is larger
than the DDEs and thus the tools must be more general.
However, we do note that versions of both the Lyapunov-
Krasovskii (Gu (2010)) and Lyapunov-Razumikhin (Zhang
and Chen (1998)) stability tests have been formulated in
the DDF framework.

4. THE COUPLED ODE-PDE REPRESENTATION

Before proceeding to the PIE representation, we briefly
consider the coupled ODE-PDE representation. Use of
the DDF formulation facilitiates conversion to the ODE-
PDE formulation in that the inputs and outputs to the
infinite-dimensional channels have already been identified.
Conversion of a DDF to an ODE-PDE can be done directly
as follows, where the matrices in the ODE-PDE model are
the same ones used to define the DDF.

x(t) = Aox(t) + Byw(t) + Bau(t) + Byv(t) (5)

= ;i¢i,8(ta 8)
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K K .0
u(t) = Z Cuitpi(t, —1) + Z / ) 7iCpai(Ti8)Pi(t, s)ds
=1 i=1Y"

In Eqns. (5), the infinite-dimensional part of the state is
clearly defined as ¢; - which represents a pipe through
which information is flowing. This representation pre-
sented here is somewhat atypical, however, in that we have
scaled all the pipes to have unit length and accelerated or
decelerated flow through the pipes according to the desired
delay. Clearly, solutions to Eqns. (5) and Eqns. (3) are
equivalent, as in the following lemma.

Lemma 3. Suppose u, w, x, r;, v, y, and z satisfy Eqns. (3).
Then u, w, x, v, y, and z also satisfy Eqns. (5) with

(ﬁi(t, S) = ’I“i(t + Tis).
Similarly, if u, w, , v, y, ¢; and z satisfy Eqns. (5), then
u, w, T, v, y, and z satisfy Eqns. (3) with r;(t) = ¢:(t,0).

5. THE PIE REPRESENTATION
A Partial Integral Equation (PIE) has the form
Tx(t) + Bryw(t) + Bru(t) = Ax(t) + Biw(t) + Bau(t)
z(t) = C1x(t) + D11w(t) + Digu(t),
y(t) = Cox(t) + Darw(t) + Dagu(t), (6)
where the operators T, A, B;,C;, D;; are Partial Integral
(PI) operators and have the form

(Pladn] [2]) @)=
W}gfm}rl)) (s) =
Ro(5)®(s) + /

Q1(s)®(s)ds

Pz + /0
QQ(S)JE + (P{RL}Q) (S)

0
Ri(s,0)®(0)d0 + / Ra(s,0)®(0)do.

Heretofore, we have shown that the DDE is a special
case of the DDF, which is equivalent to a coupled ODE-
PDE, where coupling occurs at the boundary. Given a
coupled ODE-PDE representation, it is relatively straight-
forward to convert to a PIE by defining the operators
T, A, B;,C;, D;; for which solutions to Eqns. (6) also define
solutions to Eqns. (3) and Equs. (5). Specifically, these
operators are defined in Eqns. (7)

Lemma 4. Suppose u, w, =, ¢;, v, y, and z satisfy
Eqns. (5). Then u, w, y, and z also satisfy Eqns. (6) with
T,A,B;,Ci,D;; as defined in (7) and
z(t)
¢1,S(t7 )
¢K,s(tv )
Lemma 5. Suppose u, w, y, x and z satisfy Equs. (6) with
T,A,B;,Ci,D;; as defined in (7). Then u, w, y, and z
satisfy Eqns. (5) with
(t)

d)l (ta )

¢K (t7 )
Note that when D,,; =0, Dy = 1.

x(t) :=

= Tx(t) + Briw(t) + Brau(t).

Proof. See Peet (2020b) at Arxiv for the proof.
5.1 Adwvantages of the PIE Representation

The structure of the PIE representation is inherited from
the DDF and ODE-PDE representations and can thus be
used to represent low-dimensional delay channels. How-
ever, the primary benefit of using the PIE representation
is computational. First, PIE representations contain no
implicit dynamics. In the DDE formulation, there is an
implicit relationship between x(t) and z(¢ — 7;) which is
typically leveraged through integration by parts or some
other analysis tool. This implicit constraint extends to the
DDF representation, although in this case, it is confined
to the definition of the vector v(¢). In the ODE-PDE
representation, the implicit dynamics are defined by the
boundary condition and differentiability of the infinite-
dimensional state, ¢. Such implicit constraints are often
represented in a compact form as the “domain of the
infinitesimal generator”. By contrast, in the PIE represen-
tation, the state is ¢s which is assumed to be in Ly but is
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otherwise unconstrained. As a result, the PIE representa-
tion is well-suited for computation. Furthermore, the rep-
resentation is defined using the algebra of Partial Integral
(PI) operators. If we define the sub-algebra of PI operators
parameterized by polynomials, then the software package
PIETOOLS described in Shivakumar et al. (2020a) allows
for: manipulation of PI operators as a class object; decla-
ration of PI operator variables; enforcement of PI operator
positivity constraints; and solution of convex optimization
problems defined by linear operator inequality constraints.
For a more extensive discussion of the optimization of PI
operators and their use in analysis and optimal estimation
and control of infinite dimensional systems, we refer to
the PIETOOLS manual in Shivakumar et al. (2021) or
any of the recent papers on analysis and control in the
PIE framework - e.g. Shivakumar et al. (2020b); Wu et al.
(2019). Without embarking on an exhaustive discussion of
these results, we note that the consensus seems to be that
analysis and control in the PIE framework is possible when
the distributed-parameter part of the state is in LY where
N < 50.

We also briefly note some disadvantages of the PIE frame-
work. The disadvantage is primarily due to the LHS of
Eqn. (6) which is of the form
Tx(t) + Bp,w(t) + Br,u(t).

The presence of 4 in the LHS can be eliminated if the
feedback controller is of the form wu(t) = Kx(t). However,
if we have process delay (7;), then By, # 0 and hence w
appears in the equation. Accounting for the relationship
between w and w is an unsolved problem in the analysis
and control of systems in the PIE representation.

6. MODELING OF A NETWORK OF UAVS

To illustrate some of the differences between the DDE,
DDF and PIE representations, we again consider control
of a network of UAVs. In this section, we focus on the
DDE and DDF representations, as the state dimension
in the PIE formulation is inherited from the DDF and
conversion is straightforward using the formulae provided.
For simplicity, we initially ignore the state delays gov-
erning interactions between UAVs. Furthermore, we map
the process, input, and output delays to a common set of

delays, {; };’fl where we identify the index for the process
delay for state x; as 7;, the index for input delay in state
Z; as TN+4, and the index of the output delay from state
x; as Tan+i. The process noise is dimension w(t) € R™,
the input is dimension u(t) € RP, all states are dimension
x;(t) € R™ and the outputs are all dimension y;(t) € R".
In this case, we re-write the network as in Eqns. (1):

i (t) )+ Z
+ bl’L (
Z(t) = Clx(t) + D12U(t)
Yi(t) = coii(t — Ton4s) + dorsw(t — Ton4i)-
6.1 DDE Representation

To model this network as a DDE, we consider Eqn. (2)
where K = 3N for a given C1g and D;5. First, we define
Ag blockwise as

= a;x;(t al]:cj

Tl) —+ bglu(t — TN—H’)

G, 1= j
Agli; =
Aol i; otherwise
and define the following matrices blockwise for i =
, N as
Bii=1¢€®bi;, DBanyi=e;® by,

Coonyi =€ ®coi, Doranii = €; @ dy;.

All other undefined matrices in Eqn. (2) are 0. The DDE
representation of the network has the obvious disadvantage
that there are 3N delays and each delayed channel contains

all states and inputs - yielding an aggregate delayed
channel of size R3N(N+m+p)

6.2 DDF' Representation

To efficiently model the network model as a DDF, we
retain the matrix Ag from the DDE model in Subsec. 6.1,
set C7 = Cyp and leave Dp5 unchanged. First, we define
the vectors r;(t) and v(t) using Byii, Br2i,Cri, Cui, B,
and By, (all other matrices are 0). The first 3 sets of
matrices are defined for ¢ = 1,--- N as By1; = by,
Brianyi = d21is Bronti = bai, and Crongi = c24. We
presume the UAV state dimensions (n) are less than the
size of the aggregate input (m) and disturbance vectors (p)
(i.e.n < mand n < p). In this case it is preferable to delay
only the part of the input and disturbance signals which
affects each UAV. We now have the following definition for
r; fori=1,--- 3N.



Ti (t) =

bl,-w(t) 1€ [1, N]
ba,i—nu(t) i € [N +1,2N]
C2i—aNTi—aN(t) + do1i—onw(t) i€ [2N +1,3N].

Next, we construct output v(t) by defining C,; for i =
1,---,3N as Cy; = e; ® I, which yields
T
U(t) = [Tl(t—Tl)T . T‘3N(t—’7'3N)T}
Finally, we feed v(t) back into the dynamics using
By=[---II1---10],Dg=[0"---00---01I]

which recovers the network model.

b

6.3 Complexity Analysis

Notice that in the DDF model, each delay increases the size
of r(t). Specifically: each process delay add n states; each
input delay adds n states; and each output delay adds r
states. The resulting size of the infinite-dimensional part of
the state is then (2n+7)N. Assuming that optimal control
and estimation problems are tractable when the number
of infinite-dimensional states is less than 50, we may infer
something about the relative merits of the DDF vs. DDE
representations for control purposes. First, we note that
if we had used the naive conversion in Section 3, this
dimension would be much larger - (m + p +7)(3N) where
recall we assume m,p > n. This type of representation
would then reduce the number of controllable UAVs by at
least 1/3 and probably much more. Second, if n = r =1,
then it is possible to control 17 UAVs. However, if we had
used the naive representation or the DDE formulation (and
assuming only a single shared disturbance and input), we
would only be able to control at most 5 or 6 UAVs. This
number would be further reduced if each UAV has its own
input and disturbance (a likely scenario).

7. CONTROL OF A LARGE NETWORK
7.1 The Temperature Network Model

To illustrate the computational advantages of the DDF
and PIE frameworks, we use the scalable network model
in Peet (2020a). This is a problem in hotel management
with a centralized hot-water source and multiple show-
ering customers. Specifically, consider a user attempting
to achieve a desired shower temperature by adjusting a
hot-water tap. The model assumes user i will adjust their
tap position (71;(t)) at a rate proportional to the dif-
ference between current temperature (T5;(t)) and desired
temperature (w;(t)) and with constant of proportionality
;. When multiple users are present and available hot
water pressure is finite, the actions of each user will affect
the temperature of all other users. This is modeled using
7ij, which represents the fractional reduction of user i’s
hot water pressure caused by an increase in hot water
consumption by user j. There is also a large transport
delay caused by flow of hot water from the source to
the showerhead of user i, 7;. Next, we add a centralized
tracking control system which senses both tap position
and water temperature. However, this controller can not
sense the desired water temperatures, w;(t) - which is thus
modeled as a disturbance. The regulated output is sum
of the tap actions of all users: Tj; and the sum of the
centralized interventions, u;. Obviously, we do not wish to
regulate actual water temperature, T5; as this would result
in cold showers.

T:u(t) = To;(t) — wi(t) 9)
Toi(t) = —a; (Toi(t — 73) — wi(t))
2, a0 (Tt = 73) — (1) + wi(t)

T
0= [CL 0 a3 ] -

For a scalable instance of this problem with N users, we
may choose o; = 1, v;; = 1/N, 7, = i, and w;(t) = N.
We find that for these values, the optimal closed-loop gain
from disturbance to regulated output remains in the range
of .35 — .4, irrespective of the number of users.

DDE Formulation of the problem  Aggregating these
dynamics as in Eqn. (2), we have the state vector

2(t) = [Tu(t) -+~ Tin(t) Taat) -+~ Tan(0)]"
and the defining matrices as follows.

Ay = [ONXN I } A= |:0N><N ONAXN:|

Onxn Onxn Onxn A
A, =T diag(e;) = T x diag([O1xi—1 1 O1xn—i])
_ 7IN _ ON><N
R
= {7 70 ajene N
—Q;  1=]
. 1% 014N o - O1x N
C, = [leN M Dy = [02xn], D12 = 1L

where 15 is the length-N vector of all ones. In this
formulation, we have 2N states, NV disturbances, N inputs,
2 regulated outputs and N delays. In Peet (2020a), this
meant we were limited to approximately 4 users - implying
2N % N = 32 infinite-dimensional channels. As will be
seen, in the DDF formulation, these algorithms are able
to handle optimal control with 40 users.
DDF Formulation of the problem  In the DDF formu-
lation, x(t) is unchanged. However, we now define the
delayed channels as
ri(t) = [O1xnti—1 1 Orxn—s] 2(t) = To(t).

This is done by defining C,;, By1;, Br2; and D,.,; as

Cri = [01xN+i—1 1 O1xv—i]

Br1i = 01xn Byoi = 01xn
We would like the output of the delayed channels to be
the delayed states as

v(t) = [Tt —m) -+ Ton(t—7v)]"

This is accomplished by defining

Drm' =01xnN.

Cui = € = [O1xi—1 1 Onen—i] ", Cuai = O2x N+
Finally, we retain Ay, By, B, C1,C5, D11, D12 from the
DDE formulation, and use B, and Dy, to model how the
delayed terms affect the state dynamics and output signal.

0
Bv:|:Nf<N:|7 Dlv:()

7.2 Implementation and Numerical Results

For this analysis, we used the PIETOOLS_DDF toolbox,
which may be executed directly on CodeOcean at Peet
(2020c). This toolbox converts a DDF representation to
a PIE representation and may also be used to convert
a DDE to a DDF, if desired. Once in PIE formulation,
H-optimal controller synthesis is performed using the



#ofusers | 1 | 3 | 5 10 | 20 | 30 | 40

IPM CPU sec | .48 | .638 | 2.42 | 94.7 | 5455 | 35620 | 157200
Table 1. CPU sec indexed by # of users (N)

PIETOOLS toolbox as described in Shivakumar et al.
(2020a). The Linear Operator Inequality (LOI) for Ho-
optimal controller synthesis for PIEs is as given in Shiv-
akumar et al. (2020b). This LOI is defined as follows.

Theorem 6. (Shivakumar et al. (2020b)). Suppose Br; =
Bro = 0 and there exist bounded linear operators P :
LY[a,b] — L%a,b] and Z : Ly[a,b] — R, such that P is
coercive and

—I D1y (PCT + 27Dis)

() =1 B =< 0.

()" O ()" +T(AP + B2 2)"
Then P~! is a bounded and coercive linear operator on
Ly and if u(t) = ZP~'x(t), for any w € Lo, any solution
of (6) satisfies ||z]|;, <~ llwllL,.

(10)

All numerical tests were performed on a desktop computer
with 128GB RAM and a 3 GHz intel processor. CPU
seconds indicates time for the interior-point calculations
determined by the SDP solver Sedumi. In this run, the
PIETOOLS extreme performance option was used to de-
crease computation times and reduce memory usage. The
computation times, indexed by number of users, are listed
in Table 1. Numerically, we observe that the controller
synthesis problem is tractable up to 40 users. Recall that
for 40 users, we have 80 states, 40 inputs, 40 disturbances
and 40 delays. In Peet (2020a), for the same problem with
the DDE framework, control was memory limited to 4
users.

8. CONCLUSION

This paper summarizes four possible representations
for systems with delay: the Delay-Differential Equation
(DDE) form; the Differential-Difference (DDF) form; the
ODE-PDE form; and the Partial-Integral Equation (PIE)
form. Formulae are given for conversion between these
representations. We have shown that some networks can-
not be modeled in the DDE formulation and, using an
example of a network of UAVs, that careful choice of
representation can significantly reduce the complexity of
the underlying analysis and control problems. Using a
scalable network model of temperature control, we have
shown that formulation in the DDF/PIE framework allows
for optimal control of up to 40 users with an aggregate
80 states, 40 inputs, 40 disturbances and 40 delays on a
desktop computer with 128GB RAM, while formulation in
the DDE framework (or inefficient conversion to the DDF
framework) only allows for control of 4 users.
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