Control, dynamics, physiology

A Start with heart rate variability (HRV)
A. SYSTAI& 2F LINRLISN YI

A Always ground with intuitive physiological
explanation

A Focus more on insights, less on standard
methods in modelingsimulation, etc

A Other topics based on interest



RESEARCHARITICLE ‘

wvate kinase (PK) produces g + 1 molecules of v

for a net (normalized) production of one unit,

= = = = = which s consumed i a final reaction modding
Glycolytic Oscillations and Limits on s we or ame i gycosis o ate

. = molecules are consumed upstream and four are

Robust Efficiency prodwed dowmres, which omlizs 0. - |
(each y molecule produces two downstream) with

kamene exponent a = 1 To highhght essential
trade-ofts with the simplest possible analysis, we
nommalize the concentrabom such that the un-
perturbed (& = 0) steady states are ¥ = 1 and
¥ = 1/k [the system can have one additional
deady state, which is unstable when (1, k) 15 sta-
ble]. [See the supporting onlme materal (S0M)
part ). The basal rate of the PFK reaction and
the consumption rate have been normalized to
1 (the 2 in the numerator and feedback coefh-

Fiona A. Chandra,’* Gentian Buzi,® John C. Doyle®

Both engineering and evolution are constrained by trade-offs between efficiency and robustness,
but theory that formalizes this fact is limited. For a simple two-state model of glycolysis, we
explicitly derive analytic equations for hard trade-offs between robustness and efficiency with
oscillations as an inevitable side effect. The model describes how the trade-offs arise from
individual parameters, including the interplay of feedback control with autocatalysis of network
products necessary to power and catalyze intermediate reactions. We then use control theory to
prove that the essential features of these hard trade-off "laws” are universal and fundamental, in
that they depend minimally on the details of this system and generalize to the robust efficiency cients of the reacticns come from these normaliza:
of any autocatalytic network. The theory also suggests worst-case conditions that are consistent L ) . ' o
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Contrasting Views of Complexity and Their
Implications For Network-Centric Infrastructures

David L. Alderson, Member, IEEE, and John C. Doyle

Abstract—There exists a widely recognized need to better un-
derstand and manage complex **systems of systems,” ranging from
biology, ecology, and medicine to network-centric technologies.
This is motivating the search for universal laws of highly evolved
systems and driving demand for new mathematics and methods
that are consistent, integrative, and predictive. However, the the-
oretical frameworks available today are not merely fragmented
but sometimes contradictory and incompatible. We argue that
complexity arises in highly evolved biological and technological
systems primarily to provide mechanisms to create robustness.
However, this complexity itself can be a source of new fragility,
leading to “‘robust yet fragile” tradeoffs in system design. We
focus on the role of robustness and architecture in networked
infrastructures, and we highlight recent advances in the theory
of distributed control driven by network technologies. This view
of complexity in highly organized technological and biological sys-
tems is fundamentally different from the dominant perspective in
the mainstream sciences, which downplays function, constraints,
and tradeoffs, and tends to minimize the role of organization and
design.

Index Terms—Architecture, complexity theory, networks, opti-
mal control, optimization methods, protocols.

other complex engineering systems, but much of advanced
technology has, if anything, made things worse. Computer-
based simulation and rapid prototyping tools are now broadly
available and powerful enough that it is relatively easy to
demonstrate almost anything, provided that conditions are
made sufficiently idealized. We are much better at designing,
mass-producing, and deploying network-enabled devices than
we are at being able to predict or control their collective be-
havior once deployed in the real world. The result is that, when
things fail, they often do so cryptically and catastrophically.
The growing need to understand and manage complex sys-
tems of systems, ranging from biology to technology, is creating
demand for new mathematics and methods that are consistent
and integrative. Yet, there exist fundamental incompatibilities
in available theories for addressing this challenge. Various
“new sciences” of “complexity” and “networks™ dominate the
mainstream sciences [3] but are at best disconnected from
medicine, mathematics, and engineering. Computing, commu-
nication, and control theories and technologies flourish but



This paper aims to bridge progress in neuroscience
Involving sophisticated quantitative analysis of behavior,
iIncluding the use of robust control, with other relevant
conceptual and theoretical frameworks from systems

engineering, systems biology, and mathematics.

Architecture, constraints, and behavior
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This paper aims to bridge progress in neurosdence involving
sophisticated quantitative analysis of behavior, induding the use
of robust control, with other relevant conceptual and theoretical
frameworks from systems engineering, systems biology, and
mathematics. Familiar and accessible case studies are used to illus-
trate concepts of robustness, organization, and architecture (mod-
ularity and protocols) that are central to understanding complex
networks. These essential organizational features are hidden dur-
ing normal function of a system but are fundamental for under-
standing the nature, design, and function of complex biologic and
technoloqic systems.

evolved for sensorimotor control and retain much of that evolved
architecture, then the apparent distinctions between perceptual,
cognitive, and motor processes may be another form of illusion
(9), reinforcing the claim that robust control and adaptive
feedback (7, 11) rather than more conventional serial signal
processing might be more useful in interpreting neurophysiology
data (9). This view also seems broadly consistent with the
arguments from grounded cognition that modal simulations,
bodily states, and situated action underlie not only motor control
but cognition in general (12), including language (13). Further-
minre the mvrad constraints invnlved n the svnlution of ciremit

Doyle and Cseté&roc NatAcadSciUSA, onlindULY 25 201.



Human complexity
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Restoring robustness
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Two experiments with same subject
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The persistent mystery
180 . Young, fit, health)Y more extreme

160 W i
1‘212 as High mean, low variability

100 WMMM
Low mean, high varjability

30

! fWWM

0 50 100 150 200 250 300 350 400

|

Seeking mechanistic explanations



o o o T T  To I

Many diseases associated w/decrease HR
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Figure 1: Heart rate variability is measured by calculating the time
between R spikes on an ECG trace
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Why?
A Proximal cause: Autonomic nervous system

A Balance between sympathetic apdra
sympathetic

A Deeper why: evolution and physiology
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Assume: Peripheral resistance depends
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difference with implementation)
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Conservation laws:
Energy and
material
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Vo [O) = -(r & M)+FQO)] [C])
right thart left heart Cvp R/p = Vtotal' (CasPas +Cvsts 'eapP a)p
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LwPe=Q -F [ arterial | " venous |
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[ venous}[ arterial}

|Cas |:.)as = QI j Fsl

Vas = Cas Pas
VVS = CVS I:)VS
Vap - G Pap
Vio = CpRp

Cva/p = Vtotal_ (C P._.+c P ﬁaFP;p ‘ \/tot:Vas _I\/vs Vap \/_\I/_p
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LwPe=Q -F [ arterial | " venous |

f_IQr Q|*_| Q=c g
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[ venous}[ arterial}

|Cvs|?/s = Fs _er

|Cas |.Das = QI j Fsl

F=(P, -P)/R systemic peripheral,

Tissuesk,

- Ve = CPu
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ViolGlA=Ve(Ol, A, H Q[ D).

The left side of the equation represents the change In
volume in the alveolar compartment,

which is calculated by multiplying the fixed effective volume
with the change in concentration .

The right side of the equation describes the net volume
changes in terms of the net change in fraction of oxygen in
Inhaled and exhaled air (here we assume inhaled and
exhaled volumes are the same), and the net change in the
arterial and venous blood contents.



Vio[OQl;= M, F([Q],[Q)

The left hand side of the equation represents the
change in content across the tissue compartment.

The right hand side of the equation describes the
net volume changes in terms of the metabolic
consumption and its supply described by the net
change in the arterial and venous oxygen.

Mo, =r W M

[02] v — [OZ]T
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The simplified model:
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(BP,DO2t) =F(w HR)
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Plumbing and chemistry 200
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static optimization problem
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static optimization problem

optimization objective

\
mind(p(8P)"+ o m2{” +{ HRY)
/\HR:h(V\)(BFz D2 H w HR

optimal HR /

plumbing and chemistry
constraints gives static model
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HR=hw

At low watts and HR, high 150
BP is not an issue, so
only metabolism matters. 100 //

50
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BP | Watts
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Architecture
Low watts and HR
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Not sustainable 200 %

High BP >160 matters, 150 /*' HR=hw
as does HR > 100 /
100 /
50
Of 50 100 150 200
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120 h(w)

0.04 0.08 0.12 0.16 DOZ2t

80



So penalizing BP and HR
more here
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Use same weights but
put back in dynamics
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This idea can be used directly 200
with a dynamic model (W)
1
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min{(p(BP)2 +q 29 ¥ HQZ)}
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BP Watts
160
min{ (a(DO2t)° + HRZ}
120 [* h(vv){(q( )" +(HR)’)
80

0.04 0.08 0.12 0.16 DOZ2t



140F N 1150
-, ~ - g
X model
120+
HR 4100
100+ W
AR
50
!
I
I
| “ | m 0
'] I 1 Itime(sec)I |
100 150 200 250 300 350

Modeling watts to HR as optimal controller
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Conservation laws:
Energy and
material

Cas pas = CI'H' pvp_ (pas B R/s)/ Rs

Related States
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min fﬂ a2, - (Pas

rest 2 2
T PELS' + QD

([Oa]r — [02]555)2 + g3, - (H)?

-—=>

Feedback
Controller
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Pulmonary peripheral
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metabolic
control

Optimal control
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Dh(t) =ah() #Bv() K
Dp(t) = p(t) BYY C

V(1) Is breath velocity at mouth
p(t) Is internal state

5 parameters
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