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• Emerging energy efficient airframes pose complex dynamics, 
not amenable to traditional model reduction and control.

• Low bandwidth control is standard approach to avoid exciting 
unmodeled dynamics, but it sacrifices performance/agility.

• Neural Network controllers can overcome these difficulties.
     Favored by several Advanced Air Mobility companies, but…

Motivation

Challenge:  Formal guarantees of stability and sufficient margins
e.g., Code of Federal Regulations on Airworthiness Standards 
(14 CFR 25) states: “The airplane must be longitudinally, 
directionally, and laterally stable in accordance with the 
provisions of §25.173 through 25.177.” Advisory Circular on 
aeroelastic stability demands 6 dB gain, 60° phase margin.



• Neural Network (NN) Control System
 A unifying recurrent implicit NN architecture for controlling 

an uncertain plant
• Control Synthesis

 NN training to maximize a reward subject to a dissipativity 
constraint to accommodate a class of plant uncertainties

• Examples
  1. Inverted pendulum, 2. Flexible rod on a cart
• Disk Margins 
 Incorporating classical gain/phase margins and elevating 

them to nonlinear systems through dissipativity theory

Outline



NN Control System

Can be made explicit in special cases, e.g. feedforward networks 
where             is strictly upper triangular. Our training procedure 
ensures well-posedness without restricting the network structure.

<latexit sha1_base64="IUBimuzYJkKPrdh+R96TAz3e53U=">AAAB7nicbVBNSwMxEJ3Ur1q/qh69BIvgqeyK1B4LevBYwX5Au5Rsmm3DZrNLkq2UpT/CiwdFvPp7vPlvTNs9aOuDgcd7M8zM8xPBtXGcb1TY2Nza3inulvb2Dw6PyscnbR2nirIWjUWsuj7RTHDJWoYbwbqJYiTyBev44e3c70yY0jyWj2aaMC8iI8kDTomxUudukIWTp9mgXHGqzgJ4nbg5qUCO5qD81R/GNI2YNFQQrXuukxgvI8pwKtis1E81SwgNyYj1LJUkYtrLFufO8IVVhjiIlS1p8EL9PZGRSOtp5NvOiJixXvXm4n9eLzVB3cu4TFLDJF0uClKBTYznv+MhV4waMbWEUMXtrZiOiSLU2IRKNgR39eV10r6qurVq7eG60qjncRThDM7hEly4gQbcQxNaQCGEZ3iFN5SgF/SOPpatBZTPnMIfoM8fjvmPtA==</latexit>

Dkvw

“Implicit” due to equation:
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wk = �(Ckvxk +Dkvwwk +Dkvyy)

LTI model for the linear dynamics of the controller
vector of activation functions, acting componentwise
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Fig. 1. Interconnection of plant, formed of LTI system Gp

and uncertainty ∆p, and controller K.
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where xp ∈ Rnp is the plant state, d ∈ Rnd is an exoge-
nous disturbance, e ∈ Rne is the performance output,
u ∈ Rnu is the control input, y ∈ Rny is the measure-
ment output, vp ∈ Lnv

2e is the input to the uncertainty
∆p, and wp ∈ Lnw

2e is the output of the uncertainty. We
assume this system is well-posed, meaning that there ex-
ists a unique trajectory (xp,vp,wp, e,y), with each sig-
nal in L2e, satisfying (1) for each combination of plant
initial condition xp(0) = xp0, input u ∈ Lnu

2e , and dis-
turbance d ∈ Lnd

2e .

The reward over a time horizon T , under a particular
control law, is given by the integral of a reward function
r : Rnp × Rnu → R≥0:

E
[∫ T

0
r(xp(t),u(t))dt

]
, (2)

where the expectation is taken over a distribution of dis-
turbance signals and of initial plant states. Note that,
even when the plant is LTI, a non-quadratic reward func-
tion may lead to an optimal controller that is nonlinear.

2.1 Neural Network Controller Model

The neural network controller is modeled as the inter-
connection of an LTI system and a nonlinearity φ (see
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Fig. 2. The neural network controller is modeled as the in-
terconnection of an LTI system Gk and a nonlinearity φ.
The nonlinearity represents the activation functions of the
neural network.
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ẋk(t)

vk(t)

u(t)



 =





Ak Bkw Bky

Ckv Dkvw Dkvy

Cku Dkuw Dkuy









xk(t)

wk(t)

y(t)



 ,

wk(t) = φ(vk(t)),

(3)

where xk ∈ Rnk is the controller state, vk ∈ Rnφ is
the input to the nonlinearity φ, and wk ∈ Rnφ is the
output of the nonlinearity φ. Many neural networks can
be modeled in this form, which mimics the form of the
plant model. Our analysis in this paper benefits greatly
from this unified representation.

The nonlinearity φ is memoryless and applied ele-
mentwise: φ is constructed from scalar nonlinearities
φ1, . . . ,φnφ and wk,i = φi(vk,i). Each scalar nonlinearity
is sector-bounded in [0, 1], and slope-restricted in [0, 1].
The scalar nonlinearities are the activation functions of
the neural network. Common activation functions that
satisfy the sector bounds and slope restrictions are tanh
and ReLU.

The controller (3) is well-posed if there exists a
unique solution for wk in the implicit equation
wk = φ(Ckvxk+Dkvwwk+Dkvyyk) for all xk and yk. En-
suring well-posedness requires constraining Dkvw. Many
sufficient conditions are available for well-posedness of
this equation (see, for example, [4]). We discuss a con-
dition particularly relevant to this work in Section 4.3,
which strengthens a positive semidefinite condition in
Sections 3 and 4 to a positive definite condition. Note
that neural network architectures where the output is
explicitly computed make these equations well-posed,
even when modeled in the implicit form.

With Ak, Bkw, Bky, Ckv, and Cku equal to zero, this con-
troller model simplifies to u(t) = Dkuwwk(t)+Dkuyy(t)
where wk(t) = φ(Dkvwwk(t)+Dkvyy(t)). This is an im-
plicit neural network (INN). Common classes of neural
networks, including fully connected feedforward neural
networks, convolutional layers, max-pooling layers, and
residual networks, can be put into the form of an INN
[4]. An analysis of the INN can be found in [4] and [1].
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Recurrent Implicit Neural Network (in continuous time): 
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Fig. 1. Interconnection of plant, formed of LTI system Gp

and uncertainty ∆p, and controller K.
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Closed-loop with plant        and model uncertainty       :
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wp(t) = �p(vp)(t),
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where xp 2 Rnp is the plant state, d 2 Rnd is an exoge-
nous disturbance, e 2 Rne is the performance output,
u 2 Rnu is the control input, y 2 Rny is the measure-
ment output, vp 2 L

nv
2e is the input to the uncertainty

�p, and wp 2 L
nw
2e is the output of the uncertainty. We

assume this system is well-posed, meaning that there ex-
ists a unique trajectory (xp,vp,wp, e,y), with each sig-
nal in L2e, satisfying (1) for each combination of plant
initial condition xp(0) = xp0, input u 2 L

nu
2e , and dis-

turbance d 2 L
nd
2e .

The reward over a time horizon T , under a particular
control law, is given by the integral of a reward function
r : Rnp ⇥ Rnu ! R�0:
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where the expectation is taken over a distribution of dis-
turbance signals and of initial plant states. Note that,
even when the plant is LTI, a non-quadratic reward func-
tion may lead to an optimal controller that is nonlinear.

2.1 Neural Network Controller Model

The neural network controller is modeled as the inter-
connection of an LTI system and a nonlinearity � (see

Fig. 2. The neural network controller is modeled as the inter-
connection of an LTI system Gk and a nonlinearity �. The
nonlinearity represents the activation functions of the neu-
ral network.
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where xk 2 Rnk is the controller state, vk 2 Rn� is
the input to the nonlinearity �, and wk 2 Rn� is the
output of the nonlinearity �. Many neural networks can
be modeled in this form, which mimics the form of the
plant model. Our analysis in this paper benefits greatly
from this unified representation.

The nonlinearity � is memoryless and applied ele-
mentwise: � is constructed from scalar nonlinearities
�1, . . . ,�n� and wk,i = �i(vk,i). Each scalar nonlinearity
is sector-bounded in [0, 1], and slope-restricted in [0, 1].
The scalar nonlinearities are the activation functions of
the neural network. Common activation functions that
satisfy the sector bounds and slope restrictions are tanh
and ReLU.

The controller (3) is well-posed if there exists a
unique solution for wk in the implicit equation
wk = �(Ckvxk+Dkvwwk+Dkvyyk) for all xk and yk. En-
suring well-posedness requires constrainingDkvw. Many
su�cient conditions are available for well-posedness of
this equation (see, for example, [4]). We discuss a con-
dition particularly relevant to this work in Section 4.3,
which strengthens a positive semidefinite condition in
Sections 3 and 4 to a positive definite condition. Note
that neural network architectures where the output is
explicitly computed make these equations well-posed,
even when modeled in the implicit form.

WithAk,Bkw,Bky,Ckv, andCku equal to zero, this con-
troller model simplifies to u(t) = Dkuwwk(t)+Dkuyy(t)
wherewk(t) = �(Dkvwwk(t)+Dkvyy(t)). This is an im-
plicit neural network (INN). Common classes of neural
networks, including fully connected feedforward neural
networks, convolutional layers, max-pooling layers, and
residual networks, can be put into the form of an INN
[4]. An analysis of the INN can be found in [4] and [1].
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1. Characterize activation functions and plant uncertainty with 
Integral Quadratic Constraints (IQCs)

2. Formulate closed-loop stability requirement as dissipation 
inequality to be satisfied by nominal system 

3. Train NN controller (i.e. weights in       ) to maximize a reward 
subject to the dissipativity constraint
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wp(t) = �p(vp)(t),

(1)

where xp 2 Rnp is the plant state, d 2 Rnd is an exoge-
nous disturbance, e 2 Rne is the performance output,
u 2 Rnu is the control input, y 2 Rny is the measure-
ment output, vp 2 L

nv
2e is the input to the uncertainty

�p, and wp 2 L
nw
2e is the output of the uncertainty. We

assume this system is well-posed, meaning that there ex-
ists a unique trajectory (xp,vp,wp, e,y), with each sig-
nal in L2e, satisfying (1) for each combination of plant
initial condition xp(0) = xp0, input u 2 L

nu
2e , and dis-

turbance d 2 L
nd
2e .

The reward over a time horizon T , under a particular
control law, is given by the integral of a reward function
r : Rnp ⇥ Rnu ! R�0:

E
"Z T

0
r(xp(t),u(t))dt

#
, (2)

where the expectation is taken over a distribution of dis-
turbance signals and of initial plant states. Note that,
even when the plant is LTI, a non-quadratic reward func-
tion may lead to an optimal controller that is nonlinear.

2.1 Neural Network Controller Model

The neural network controller is modeled as the inter-
connection of an LTI system and a nonlinearity � (see

Fig. 2. The neural network controller is modeled as the inter-
connection of an LTI system Gk and a nonlinearity �. The
nonlinearity represents the activation functions of the neu-
ral network.
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(3)

where xk 2 Rnk is the controller state, vk 2 Rn� is
the input to the nonlinearity �, and wk 2 Rn� is the
output of the nonlinearity �. Many neural networks can
be modeled in this form, which mimics the form of the
plant model. Our analysis in this paper benefits greatly
from this unified representation.

The nonlinearity � is memoryless and applied ele-
mentwise: � is constructed from scalar nonlinearities
�1, . . . ,�n� and wk,i = �i(vk,i). Each scalar nonlinearity
is sector-bounded in [0, 1], and slope-restricted in [0, 1].
The scalar nonlinearities are the activation functions of
the neural network. Common activation functions that
satisfy the sector bounds and slope restrictions are tanh
and ReLU.

The controller (3) is well-posed if there exists a
unique solution for wk in the implicit equation
wk = �(Ckvxk+Dkvwwk+Dkvyyk) for all xk and yk. En-
suring well-posedness requires constrainingDkvw. Many
su�cient conditions are available for well-posedness of
this equation (see, for example, [4]). We discuss a con-
dition particularly relevant to this work in Section 4.3,
which strengthens a positive semidefinite condition in
Sections 3 and 4 to a positive definite condition. Note
that neural network architectures where the output is
explicitly computed make these equations well-posed,
even when modeled in the implicit form.

WithAk,Bkw,Bky,Ckv, andCku equal to zero, this con-
troller model simplifies to u(t) = Dkuwwk(t)+Dkuyy(t)
wherewk(t) = �(Dkvwwk(t)+Dkvyy(t)). This is an im-
plicit neural network (INN). Common classes of neural
networks, including fully connected feedforward neural
networks, convolutional layers, max-pooling layers, and
residual networks, can be put into the form of an INN
[4]. An analysis of the INN can be found in [4] and [1].

3

<latexit sha1_base64="NoUYytjiLECBZJkKSZVSspeD9fU=">AAAB6HicbVA9SwNBEJ2LXzF+RS1tFoNgFe5EooVFwELLBMwHJEfY28wla/b2jt09IYT8AhsLRWz9SXb+GzfJFZr4YODx3gwz84JEcG1c99vJra1vbG7ltws7u3v7B8XDo6aOU8WwwWIRq3ZANQousWG4EdhOFNIoENgKRrczv/WESvNYPphxgn5EB5KHnFFjpfpdr1hyy+4cZJV4GSlBhlqv+NXtxyyNUBomqNYdz02MP6HKcCZwWuimGhPKRnSAHUsljVD7k/mhU3JmlT4JY2VLGjJXf09MaKT1OApsZ0TNUC97M/E/r5Oa8NqfcJmkBiVbLApTQUxMZl+TPlfIjBhbQpni9lbChlRRZmw2BRuCt/zyKmlelL1KuVK/LFVvsjjycAKncA4eXEEV7qEGDWCA8Ayv8OY8Oi/Ou/OxaM052cwx/IHz+QOduYzQ</latexit>

G

<latexit sha1_base64="kc9uuA7d0NkUwLWdyWR53mnofiU=">AAAB7XicbVA9SwNBEJ3zM8avqKXNYhCswp1ItLAIaGEZwXxAcoS9zVyyZu/22N0TwpH/YGOhiK3/x85/4ya5QhMfDDzem2FmXpAIro3rfjsrq2vrG5uFreL2zu7efungsKllqhg2mBRStQOqUfAYG4Ybge1EIY0Cga1gdDP1W0+oNJfxgxkn6Ed0EPOQM2qs1OzeojC0Vyq7FXcGsky8nJQhR71X+ur2JUsjjA0TVOuO5ybGz6gynAmcFLupxoSyER1gx9KYRqj9bHbthJxapU9CqWzFhszU3xMZjbQeR4HtjKgZ6kVvKv7ndVITXvkZj5PUYMzmi8JUECPJ9HXS5wqZEWNLKFPc3krYkCrKjA2oaEPwFl9eJs3ziletVO8vyrXrPI4CHMMJnIEHl1CDO6hDAxg8wjO8wpsjnRfn3fmYt644+cwR/IHz+QNiUI8B</latexit>

�
<latexit sha1_base64="iflQGQIFyTdLCde8gGRlJVWJ7d0=">AAAB6HicbVDLTgJBEOzFF+IL9ehlIjHxRHaNQY4kXjxCIo8ENmR2aGBkdnYzM0tCNnyBFw8a49VP8ubfOMAeFKykk0pVd7q7glhwbVz328ltbe/s7uX3CweHR8cnxdOzlo4SxbDJIhGpTkA1Ci6xabgR2IkV0jAQ2A4m9wu/PUWleSQfzSxGP6QjyYecUWOlxrRfLLlldwmySbyMlCBDvV/86g0iloQoDRNU667nxsZPqTKcCZwXeonGmLIJHWHXUklD1H66PHROrqwyIMNI2ZKGLNXfEykNtZ6Fge0MqRnrdW8h/ud1EzOs+imXcWJQstWiYSKIicjiazLgCpkRM0soU9zeStiYKsqMzaZgQ/DWX94krZuyVylXGrelWjWLIw8XcAnX4MEd1OAB6tAEBgjP8ApvzpPz4rw7H6vWnJPNnMMfOJ8/48GM+w==</latexit>v<latexit sha1_base64="vn/jrrGPEgZ8+IaN1nyAuuPAjdE=">AAAB6HicbVDLTgJBEOzFF+IL9ehlIjHxRHaNQY4kXjxCIo8ENmR2aGBkdnYzM6shG77AiweN8eonefNvHGAPClbSSaWqO91dQSy4Nq777eQ2Nre2d/K7hb39g8Oj4vFJS0eJYthkkYhUJ6AaBZfYNNwI7MQKaRgIbAeT27nffkSleSTvzTRGP6QjyYecUWOlxlO/WHLL7gJknXgZKUGGer/41RtELAlRGiao1l3PjY2fUmU4Ezgr9BKNMWUTOsKupZKGqP10ceiMXFhlQIaRsiUNWai/J1Iaaj0NA9sZUjPWq95c/M/rJmZY9VMu48SgZMtFw0QQE5H512TAFTIjppZQpri9lbAxVZQZm03BhuCtvrxOWldlr1KuNK5LtWoWRx7O4BwuwYMbqMEd1KEJDBCe4RXenAfnxXl3PpatOSebOYU/cD5/AOVFjPw=</latexit>w

Simplest quadratic constraint for 
activation functions in sector [0,1]: 

<latexit sha1_base64="KakiNQVYUz8urq/L1iLNEyJfOS4="></latexit>

M� =


0 ⇤
⇤ �2⇤

�
, ⇤ ⌫ 0 diagonal



NN Control System

Dynamic IQCs:

<latexit sha1_base64="B/KvJEhgvIikdtvFNhmbAO/bYKM=">AAAB6HicbVBNS8NAEJ34WetX1aOXxSJ4KolI7bHgxWML9gPaUDababt2swm7G6GE/gIvHhTx6k/y5r9x2+agrQ8GHu/NMDMvSATXxnW/nY3Nre2d3cJecf/g8Oi4dHLa1nGqGLZYLGLVDahGwSW2DDcCu4lCGgUCO8Hkbu53nlBpHssHM03Qj+hI8iFn1FipGQ5KZbfiLkDWiZeTMuRoDEpf/TBmaYTSMEG17nluYvyMKsOZwFmxn2pMKJvQEfYslTRC7WeLQ2fk0iohGcbKljRkof6eyGik9TQKbGdEzVivenPxP6+XmmHNz7hMUoOSLRcNU0FMTOZfk5ArZEZMLaFMcXsrYWOqKDM2m6INwVt9eZ20rytetVJt3pTrtTyOApzDBVyBB7dQh3toQAsYIDzDK7w5j86L8+58LFs3nHzmDP7A+fwByHmM6Q==</latexit>
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Fig. 1. Interconnection of plant, formed of LTI system Gp

and uncertainty �p, and controller K.

written as
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xp(t)

wp(t)

d(t)

u(t)

3

777775
,

wp(t) = �p(vp)(t),

(1)

where xp 2 Rnp is the plant state, d 2 Rnd is an exoge-
nous disturbance, e 2 Rne is the performance output,
u 2 Rnu is the control input, y 2 Rny is the measure-
ment output, vp 2 L

nv
2e is the input to the uncertainty

�p, and wp 2 L
nw
2e is the output of the uncertainty. We

assume this system is well-posed, meaning that there ex-
ists a unique trajectory (xp,vp,wp, e,y), with each sig-
nal in L2e, satisfying (1) for each combination of plant
initial condition xp(0) = xp0, input u 2 L

nu
2e , and dis-

turbance d 2 L
nd
2e .

The reward over a time horizon T , under a particular
control law, is given by the integral of a reward function
r : Rnp ⇥ Rnu ! R�0:

E
"Z T

0
r(xp(t),u(t))dt

#
, (2)

where the expectation is taken over a distribution of dis-
turbance signals and of initial plant states. Note that,
even when the plant is LTI, a non-quadratic reward func-
tion may lead to an optimal controller that is nonlinear.

2.1 Neural Network Controller Model

The neural network controller is modeled as the inter-
connection of an LTI system and a nonlinearity � (see

Fig. 2. The neural network controller is modeled as the inter-
connection of an LTI system Gk and a nonlinearity �. The
nonlinearity represents the activation functions of the neu-
ral network.

Figure 2):
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Ak Bkw Bky
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3

775

2
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xk(t)

wk(t)

y(t)

3

775 ,

wk(t) = �(vk(t)),

(3)

where xk 2 Rnk is the controller state, vk 2 Rn� is
the input to the nonlinearity �, and wk 2 Rn� is the
output of the nonlinearity �. Many neural networks can
be modeled in this form, which mimics the form of the
plant model. Our analysis in this paper benefits greatly
from this unified representation.

The nonlinearity � is memoryless and applied ele-
mentwise: � is constructed from scalar nonlinearities
�1, . . . ,�n� and wk,i = �i(vk,i). Each scalar nonlinearity
is sector-bounded in [0, 1], and slope-restricted in [0, 1].
The scalar nonlinearities are the activation functions of
the neural network. Common activation functions that
satisfy the sector bounds and slope restrictions are tanh
and ReLU.

The controller (3) is well-posed if there exists a
unique solution for wk in the implicit equation
wk = �(Ckvxk+Dkvwwk+Dkvyyk) for all xk and yk. En-
suring well-posedness requires constrainingDkvw. Many
su�cient conditions are available for well-posedness of
this equation (see, for example, [4]). We discuss a con-
dition particularly relevant to this work in Section 4.3,
which strengthens a positive semidefinite condition in
Sections 3 and 4 to a positive definite condition. Note
that neural network architectures where the output is
explicitly computed make these equations well-posed,
even when modeled in the implicit form.

WithAk,Bkw,Bky,Ckv, andCku equal to zero, this con-
troller model simplifies to u(t) = Dkuwwk(t)+Dkuyy(t)
wherewk(t) = �(Dkvwwk(t)+Dkvyy(t)). This is an im-
plicit neural network (INN). Common classes of neural
networks, including fully connected feedforward neural
networks, convolutional layers, max-pooling layers, and
residual networks, can be put into the form of an INN
[4]. An analysis of the INN can be found in [4] and [1].

3
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where           are outputs of “filters”               applied to
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More expressive than static IQCs: can choose              , e.g., to 
emphasize different frequency ranges in signals
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2.  Formulate closed-loop stability requirement as dissipation   
      inequality to be satisfied by nominal system 
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ẋ(t) = f(x(t), w(t), d(t))

Dissipativity:  Take combined dynamical model for                    : 
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This guarantees Lyapunov stability with           , L2 gain with 
                                         , etc., for any       satisfying the IQC.
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3.  Train NN controller (i.e. weights in       ) to maximize a reward   
     subject to the dissipativity constraint
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w(t) = �(v)(t).

(15)

The expansions of Ã, . . . , D̃ed can be found in Ap-
pendix A.

Now, we swap w with w̃ using w = D�1
 2

w̃ �D�1
 2

C 2 2

derived from equation (14), and eliminate the output v.
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where T is defined as follows.

T ,
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The transformed system in (16) is an uncertain LTI
system where the uncertainty �̃ satisfies a static IQC.
Further, it is well-posed since (10) is well-posed and  
is both stable and has a stable proper inverse. Thus,
Lemma 1 provides a dissipativity condition for the trans-
formed system. We now relate dissipativity of the ex-
tended and transformed system satisfying a static IQC
to dissipativity of the original system satisfying a dy-
namic IQC.

Lemma 2 Suppose there exist P ⌫ 0 and � � 0 that
satisfy the condition in Lemma 1 for the extended and
transformed system in (16), with �̃ satisfying the static
IQC defined by diag(I,�I). Then, the system defined in
(10), with the uncertainty satisfying a dynamic IQC of
the form (12), is dissipative with respect to the quadratic
supply rate in (5).

PROOF. Suppose there exist P ⌫ 0 and � � 0 such
that Lemma 1 is satisfied for the extended and trans-
formed system in (16). Then, there exists a storage func-
tion S which certifies dissipativity of the extended and
transformed system. This storage function also certifies
dissipativity of the extended system in (15) since an ini-
tial condition x̃0 and disturbance signal d induce the

same trajectory (x̃,d, e) in both systems. Thus, S cer-
tifies dissipativity of the original system (10) with state
consisting of the plant state and the virtual filter state.

4 Controller Synthesis

In this section we present a procedure to synthesize
a neural network controller that, in feedback with the
plant in (1), guarantees closed-loop dissipativity, and
maximizes a reward. First, we derive a matrix inequal-
ity that is equivalent to that used in Lemma 1 but is
a�ne in variables corresponding to the controller vari-
ables, storage function, and controller nonlinearity IQC
multiplier. Second, we present a constrained reinforce-
ment learning procedure to train the controller to maxi-
mize reward, while using the dissipativity LMI to ensure
dissipativity.

This controller synthesis problem can be posed as finding
the controller K that solves the optimization problem

K⇤ = argmax
K

E
"Z T

0
r(x(t), u(t))dt

#

s.t. K makes closed-loop dissipative
K is of the form in (3),

where the expectation is taken over a distribution of dis-
turbance signals and of initial plant states. This is the
typical statement of a reinforcement learning problem
[19] with the addition of the dissipativity constraint. The
expected reward is maximized over disturbances and ini-
tial plant states seen during training, subject to the con-
troller satisfying a dissipativity constraint.

We now begin developing the closed-loop dissipativity
condition to apply to the controller. Following the result
of Lemma 2, we assume in this section that the plant
has been extended and transformed such that it is in the
form of (1) where �p satisfies a static IQC. We form the
closed-loop system of the plant and controller:
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x(t)

w(t)

d(t)

3

775

w(t) = �(v)(t),

(17)

where x =
h
x>
p x>

k

i>
, v =

h
v>p v>k

i>
, w =

h
w>

p w>
k

i>
,

and � : v 7!

h
�p(vp)> �(vk)>

i>
. The matrices

A, . . . ,Ded are expressed in terms of the plant and
controller matrices, and are a�ne in the controller ma-
trices. The expansions of these variables can be found

6
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G, 1, 2 :

• Training algorithm alternates between a Reinforcement 
Learning (RL) step and a dissipativity-enforcing step.

• RL step aims to maximize reward                               averaged                         
     over disturbances and initial conditions seen during training.
• Dissipativity-enforcing step computationally tractable for 

linear      (i.e., if plant nonlinearities can be subsumed in     ):    
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• Matrices above are affine in control parameters:

in Appendix B. The combined uncertainty � satisfies
the static IQC defined by M defined as

M =

"
Mvv Mvw

M>
vw Mww

#
=

2

666664

M�pvv 0 M�pvw 0

0 0 0 ⇤

M>
�pvw

0 M�pww 0

0 ⇤ 0 �2⇤

3

777775
.

This closed-loop system is an uncertain LTI system of
the form in (10), with � satisfying a static IQC. Thus,
we apply Lemma 1 to get a matrix inequality condition
for dissipativity in terms of the closed-loop parameters
andM . For computational tractability of controller syn-
thesis, we would like the matrix inequality to be linear in
the controller matrices and storage function parameter
P . However, this condition is not a�ne in the controller
matrices due to the term involvingM being quadratic in
controller matrices when Mvv is non-zero, and the term
involving X being quadratic when Xee is non-zero.

In the following we let ✓ denote the controller parame-
ters:

✓ ,

2

664

Ak Bkw Bky

Ckv Dkvw Dkvy

Cku Dkuw Dkuy

3

775 . (18)

This section proceeds by first transforming the condition
given by Lemma 1 into a bilinear matrix inequality con-
dition for dissipativity, then using a change of variables
to arrive at a linear matrix inequality, and finally pre-
senting a projection-based reinforcement learning algo-
rithm for using the LMI dissipativity condition in train-
ing the neural network controller to maximize reward.

4.1 Bilinear Matrix Inequality (BMI) Condition for
Dissipativity

To convert the condition given by Lemma 1 into a
BMI, we make two assumptions: that Xee � 0 and that
M�pvv ⌫ 0. This allows definition of LX and L�p such
that

Xee = �L>
XLX , M�pvv = L>

�p
L�p . (19)

Then, we define L� = diag(L�p , 0), such that Mvv =
L>
�L�. Common quadratic supply rates that satisfy this

negative semidefiniteness condition onXee include those
for L2 gain and passivity. Common IQC multipliers that
satisfy this positive semidefiniteness condition onM�pvv

include those that characterize LTI dynamics, multipli-
cation by a (possibly time-varying) real scalar, andmem-
oryless nonlinearities sector-bounded in [0, 1]; see [11].

Going forward, we let � = 1. This is without loss of
generality since � can be absorbed into the M�p and ⇤
variables.

With the semidefiniteness assumptions in (19), we can
apply the Schur complement to (11) to arrive at the
equivalent condition
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where
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Since the matrices of the closed-loop system are a�ne in
the controller parameters ✓, this condition is a bilinear
matrix inequality in P , ✓, ⇤, L�p ,M�pvw,M�pww,Xdd,
Xde, and LX .

4.2 Partial Convexification of BMI

We now use a change of variables to arrive at a matrix
inequality that is linear in the new decision variables,
such that P , ⇤, and ✓ can be recovered from the new
decision variables. This change of variables is based on
the one introduced in [16] forH1 control. For simplicity,
we restrict the dimension of the controller state to match
the dimension of the plant state, so nk = np. See [16] for
notes on when the controller dimension di↵ers from the
plant dimension.

To apply this change of variables, we first require positive
definiteness of the storage function parameter: P � 0.
Then, we introduce the following partition of P and P�1:

P =

"
S U

U> ?

#
P�1 =

"
R V

V > ?

#
,

where S,R,U, V 2 Rnp⇥np , S � 0, and R � 0. Further,
define

Y ,
"
R I

V > 0

#
. (21)

We now left- and right-multiply the matrix in (20) by

7

• With quadratic storage function                            , the 
dissipativity condition becomes a Bilinear Matrix Inequality 
in               where     is the diagonal matrix in

• Change of variables to obtain Linear Matrix Inequality (LMI) 
in new decision variables, from which              recovered.  

• LMI incorporates                                                         Imposing 
strictness of this inequality ensures well-posedness of the 
implicit NN for activation functions with slope bound [0,1].
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V (x) = x>Px
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⇤
<latexit sha1_base64="YaDe3moL74H6M5ogAu/USAunPqQ=">AAAB7nicbVBNS8NAEJ3Ur1q/oh69LBbBU0hEao8FL16ECvYD2lA22027dLNZdjdCCf0RXjwo4tXf481/47bNQVsfDDzem2FmXiQ508b3v53SxubW9k55t7K3f3B45B6ftHWaKUJbJOWp6kZYU84EbRlmOO1KRXEScdqJJrdzv/NElWapeDRTScMEjwSLGcHGSp37QV+OmTdwq77nL4DWSVCQKhRoDtyv/jAlWUKFIRxr3Qt8acIcK8MIp7NKP9NUYjLBI9qzVOCE6jBfnDtDF1YZojhVtoRBC/X3RI4TradJZDsTbMZ61ZuL/3m9zMT1MGdCZoYKslwUZxyZFM1/R0OmKDF8agkmitlbERljhYmxCVVsCMHqy+ukfeUFNa/2cF1t1Is4ynAG53AJAdxAA+6gCS0gMIFneIU3RzovzrvzsWwtOcXMKfyB8/kD0pmPOA==</latexit>

M�.

<latexit sha1_base64="HLq8lgXRzNFGjbjIoK/d4daqe0c=">AAAB/HicbVDLSgMxFM34rPU12qWbYBFcSJkRqV0W3LhwUcE+oB1KJpNpQzOZIbkjDEP9FTcuFHHrh7jzb0zbWWjrgZDDOfeQm+MngmtwnG9rbX1jc2u7tFPe3ds/OLSPjjs6ThVlbRqLWPV8opngkrWBg2C9RDES+YJ1/cnNzO8+MqV5LB8gS5gXkZHkIacEjDS0K60LPIAxA2LuO5MLCB7aVafmzIFXiVuQKirQGtpfgyCmacQkUEG07rtOAl5OFHAq2LQ8SDVLCJ2QEesbKknEtJfPl5/iM6MEOIyVORLwXP2dyEmkdRb5ZjIiMNbL3kz8z+unEDa8nMskBSbp4qEwFRhiPGsCB1wxCiIzhFDFza6YjokiFExfZVOCu/zlVdK5rLn1Wv3+qtpsFHWU0Ak6RefIRdeoiW5RC7URRRl6Rq/ozXqyXqx362MxumYVmQr6A+vzB7O2k4E=</latexit>

P, ✓,⇤
<latexit sha1_base64="BrzeQLOMi3OEaCYbetCX+W42ClQ=">AAACJHicbZDLSsNAFIYn9VbrLerSzWARBDEkRWrBTUEXLlxUsBdoYphMJu3QycXMpFJCH8aNr+LGhRdcuPFZnLapaOuBgY//P2dmzu9EjHKh659KbmFxaXklv1pYW9/Y3FK3dxo8TGJM6jhkYdxyECeMBqQuqGCkFcUE+Q4jTad3PvKbfRJzGgY3YhARy0edgHoUIyElWz0zr2Szi+CFnfb698OjKdyaIozg1D0u/aAp78fkDuqarRZ1TR8XnAcjgyLIqmarb6Yb4sQngcAMcd429EhYKYoFxYwMC2bCSYRwD3VIW2KAfMKtdLzkEB5IxYVeGMsTCDhWf0+kyOd84Duy00eiy2e9kfif106EV7FSGkSJIAGePOQlDIoQjhKDLpULCzaQgHBM5V8h7qIYYSFzLcgQjNmV56FR0oyyVr4+KVYrWRx5sAf2wSEwwCmogktQA3WAwQN4Ai/gVXlUnpV35WPSmlOymV3wp5Svb3RVo2g=</latexit>

⇤Dkvw +D>
kvw⇤� 2⇤ � 0.



Examples
1.  Stabilizing an inverted pendulum with minimal control effort

<latexit sha1_base64="Mvr5BAs1c+JyJKThqBULRjjjEKs=">AAAB8HicbVBNS8NAEJ34WetX1aOXxSJ4kJKIVI8FPXisYD+kDWWznbRLN5uwuxFK6K/w4kERr/4cb/4bt20O2vpg4PHeDDPzgkRwbVz321lZXVvf2CxsFbd3dvf2SweHTR2nimGDxSJW7YBqFFxiw3AjsJ0opFEgsBWMbqZ+6wmV5rF8MOME/YgOJA85o8ZKj91bFIb2kvNeqexW3BnIMvFyUoYc9V7pq9uPWRqhNExQrTuemxg/o8pwJnBS7KYaE8pGdIAdSyWNUPvZ7OAJObVKn4SxsiUNmam/JzIaaT2OAtsZUTPUi95U/M/rpCa89jMuk9SgZPNFYSqIicn0e9LnCpkRY0soU9zeStiQKsqMzahoQ/AWX14mzYuKV61U7y/LtWoeRwGO4QTOwIMrqMEd1KEBDCJ4hld4c5Tz4rw7H/PWFSefOYI/cD5/AFPckBQ=</latexit>

�p, covered w/ sector bound

D-RINN: RINN with dissipativity 
constraint
S-RINN: RINN w/out 
dissipativity constraint
FCNN: Fully connected NN
LTI controller w/ dissipativity 
constraint, trained like D-RINN



Examples
2.  Flexible rod on a cart

Nominal model for rigid rod + uncertainty
with 𝐿! gain bound cover flexible model.
Training with flexible model to minimize 
cost in state and control.

D-RINN: RINN with dissipativity 
constraint
S-RINN: RINN w/out 
dissipativity constraint
FCNN: Fully connected NN
LTI controller w/ dissipativity 
constraint, trained like D-RINN



Disk Margins

Classical definition:  Linear SISO plant       with controller      has 
disk margin                 if

<latexit sha1_base64="YShFNxM1VCne+xvw1pQa+GS3IaY=">AAAB6nicbVBNS8NAEJ3Ur1q/qh69LBbBU0lEao8FD3qsaG2hDWWz3bRLN5uwOxFK6E/w4kERr/4ib/4bt20O2vpg4PHeDDPzgkQKg6777RTW1jc2t4rbpZ3dvf2D8uHRo4lTzXiLxTLWnYAaLoXiLRQoeSfRnEaB5O1gfD3z209cGxGrB5wk3I/oUIlQMIpWur/pJ/1yxa26c5BV4uWkAjma/fJXbxCzNOIKmaTGdD03QT+jGgWTfFrqpYYnlI3pkHctVTTixs/mp07JmVUGJIy1LYVkrv6eyGhkzCQKbGdEcWSWvZn4n9dNMaz7mVBJilyxxaIwlQRjMvubDITmDOXEEsq0sLcSNqKaMrTplGwI3vLLq+TxourVqrW7y0qjnsdRhBM4hXPw4AoacAtNaAGDITzDK7w50nlx3p2PRWvByWeO4Q+czx8hFo2v</latexit>

Gp
<latexit sha1_base64="NmFtuBISRIvj82Yhb1XyL7giz8A=">AAAB6HicbVDLSgNBEOyNrxhfUY9eBoPgKeyKxBwDXgQvCZgHJEuYnXSSMbOzy8ysEJZ8gRcPinj1k7z5N06SPWhiQUNR1U13VxALro3rfju5jc2t7Z38bmFv/+DwqHh80tJRohg2WSQi1QmoRsElNg03AjuxQhoGAtvB5Hbut59QaR7JBzON0Q/pSPIhZ9RYqXHfL5bcsrsAWSdeRkqQod4vfvUGEUtClIYJqnXXc2Pjp1QZzgTOCr1EY0zZhI6wa6mkIWo/XRw6IxdWGZBhpGxJQxbq74mUhlpPw8B2htSM9ao3F//zuokZVv2UyzgxKNly0TARxERk/jUZcIXMiKkllClubyVsTBVlxmZTsCF4qy+vk9ZV2auUK43rUq2axZGHMziHS/DgBmpwB3VoAgOEZ3iFN+fReXHenY9la87JZk7hD5zPH6KVjNA=</latexit>

K
<latexit sha1_base64="GXNa1MMibx4evkJvsl/1I2VYsfk=">AAAB+nicbVBNS8NAEN3Ur1q/Uj16WSxCBSmJSO2xoAePFewHNKFMttt26W4SdjdKif0pXjwo4tVf4s1/47bNQVsfDDzem2FmXhBzprTjfFu5tfWNza38dmFnd2//wC4etlSUSEKbJOKR7ASgKGchbWqmOe3EkoIIOG0H4+uZ336gUrEovNeTmPoChiEbMALaSD27eFP2gMcjOMeeYkMBZz275FScOfAqcTNSQhkaPfvL60ckETTUhINSXdeJtZ+C1IxwOi14iaIxkDEMadfQEARVfjo/fYpPjdLHg0iaCjWeq78nUhBKTURgOgXokVr2ZuJ/XjfRg5qfsjBONA3JYtEg4VhHeJYD7jNJieYTQ4BIZm7FZAQSiDZpFUwI7vLLq6R1UXGrlerdZaley+LIo2N0gsrIRVeojm5RAzURQY/oGb2iN+vJerHerY9Fa87KZo7QH1ifP8QSkwY=</latexit>

D(↵,�)
<latexit sha1_base64="5kpUDuFa42cvAsO0CKpCI9/dsDg="></latexit>

8!, 8� 2 D(↵,�) :=

⇢
1 + 1��

2 z

1� 1+�
2 z

: z 2 C, |z|  ↵

�

<latexit sha1_base64="+cl3+ewbej+4QJUW9U+0xV2DwFc=">AAACKHicbVBNSwMxEM36WetX1aOX1CLowbIrUnuz4EHBSwXbCt1SsulsG5rNrklWKEt/jhf/ihcRRXr1l5i2q2h1IOTx3htm5nkRZ0rb9siam19YXFrOrGRX19Y3NnNb23UVxpJCjYY8lLceUcCZgJpmmsNtJIEEHoeG1z8f6417kIqF4kYPImgFpCuYzyjRhmrnzhw3f+Tm3Q5wTbAbEN3z/OSiHQ0P3DCALjn84q6+GWz8Au7Mh+12rmAX7Unhv8BJQQGlVW3nXtxOSOMAhKacKNV07Ei3EiI1oxyGWTdWEBHaJ11oGihIAKqVTA4d4n3DdLAfSvOExhP2Z0dCAqUGgWec463VrDYm/9OasfbLrYSJKNYg6HSQH3OsQzxODXeYBKr5wABCJTO7YtojklBtss2aEJzZk/+C+nHRKRVL1yeFSjmNI4N20R46QA46RRV0iaqohih6QE/oFb1Zj9az9W6NptY5K+3ZQb/K+vgEujekgw==</latexit>

1��Gp(!)K(!) 6=0

<latexit sha1_base64="rRMN2ln7IlpRjO+yjxGmoRVddas=">AAAB73icbVBNS8NAEJ3Ur1q/qh69LBbBU0lEao8FPXisYGuhDWWznbRLN5u4uxFK6J/w4kERr/4db/4bt20O2vpg4PHeDDPzgkRwbVz32ymsrW9sbhW3Szu7e/sH5cOjto5TxbDFYhGrTkA1Ci6xZbgR2EkU0igQ+BCMr2f+wxMqzWN5byYJ+hEdSh5yRo2VOr0bFIb2k3654lbdOcgq8XJSgRzNfvmrN4hZGqE0TFCtu56bGD+jynAmcFrqpRoTysZ0iF1LJY1Q+9n83ik5s8qAhLGyJQ2Zq78nMhppPYkC2xlRM9LL3kz8z+umJqz7GZdJalCyxaIwFcTEZPY8GXCFzIiJJZQpbm8lbEQVZcZGVLIheMsvr5L2RdWrVWt3l5VGPY+jCCdwCufgwRU04Baa0AIGAp7hFd6cR+fFeXc+Fq0FJ585hj9wPn8A6bCP4A==</latexit>

�p

<latexit sha1_base64="YShFNxM1VCne+xvw1pQa+GS3IaY=">AAAB6nicbVBNS8NAEJ3Ur1q/qh69LBbBU0lEao8FD3qsaG2hDWWz3bRLN5uwOxFK6E/w4kERr/4ib/4bt20O2vpg4PHeDDPzgkQKg6777RTW1jc2t4rbpZ3dvf2D8uHRo4lTzXiLxTLWnYAaLoXiLRQoeSfRnEaB5O1gfD3z209cGxGrB5wk3I/oUIlQMIpWur/pJ/1yxa26c5BV4uWkAjma/fJXbxCzNOIKmaTGdD03QT+jGgWTfFrqpYYnlI3pkHctVTTixs/mp07JmVUGJIy1LYVkrv6eyGhkzCQKbGdEcWSWvZn4n9dNMaz7mVBJilyxxaIwlQRjMvubDITmDOXEEsq0sLcSNqKaMrTplGwI3vLLq+TxourVqrW7y0qjnsdRhBM4hXPw4AoacAtNaAGDITzDK7w50nlx3p2PRWvByWeO4Q+czx8hFo2v</latexit>

Gp

<latexit sha1_base64="NmFtuBISRIvj82Yhb1XyL7giz8A=">AAAB6HicbVDLSgNBEOyNrxhfUY9eBoPgKeyKxBwDXgQvCZgHJEuYnXSSMbOzy8ysEJZ8gRcPinj1k7z5N06SPWhiQUNR1U13VxALro3rfju5jc2t7Z38bmFv/+DwqHh80tJRohg2WSQi1QmoRsElNg03AjuxQhoGAtvB5Hbut59QaR7JBzON0Q/pSPIhZ9RYqXHfL5bcsrsAWSdeRkqQod4vfvUGEUtClIYJqnXXc2Pjp1QZzgTOCr1EY0zZhI6wa6mkIWo/XRw6IxdWGZBhpGxJQxbq74mUhlpPw8B2htSM9ao3F//zuokZVv2UyzgxKNly0TARxERk/jUZcIXMiKkllClubyVsTBVlxmZTsCF4qy+vk9ZV2auUK43rUq2axZGHMziHS/DgBmpwB3VoAgOEZ3iFN+fReXHenY9la87JZk7hD5zPH6KVjNA=</latexit>

K

<latexit sha1_base64="5XieuIQj1Y0V+fG+1KOAOMxEb5I=">AAAB/3icbVDLSsNAFJ3UV62vqODGzdQiCEJJSqkuC25cVrAPaEKZTCft0JlJmJkIJWbhr7hxoYhbf8Odf+O0zUJbD1w4nHMv994TxIwq7TjfVmFtfWNzq7hd2tnd2z+wD486KkokJm0csUj2AqQIo4K0NdWM9GJJEA8Y6QaTm5nffSBS0Ujc62lMfI5GgoYUI22kgX3ihRLh1PXKl17ZU3TEUZbWsoFdcarOHHCVuDmpgBytgf3lDSOccCI0ZkipvuvE2k+R1BQzkpW8RJEY4Qkakb6hAnGi/HR+fwbPjTKEYSRNCQ3n6u+JFHGlpjwwnRzpsVr2ZuJ/Xj/R4bWfUhEnmgi8WBQmDOoIzsKAQyoJ1mxqCMKSmlshHiMTiDaRlUwI7vLLq6RTq7qNauOuXmnW8ziK4BScgQvggivQBLegBdoAg0fwDF7Bm/VkvVjv1seitWDlM8fgD6zPH+y2lWE=</latexit>

1+�

2

<latexit sha1_base64="6u/1wIaUabOZWTlJV86kUqfG3sc=">AAAB/3icbVDLSsNAFJ3UV62vqODGzdQiuLEkpVSXBTcuK9gHNKFMppN26MwkzEyEErPwV9y4UMStv+HOv3HaZqGtBy4czrmXe+8JYkaVdpxvq7C2vrG5Vdwu7ezu7R/Yh0cdFSUSkzaOWCR7AVKEUUHammpGerEkiAeMdIPJzczvPhCpaCTu9TQmPkcjQUOKkTbSwD7xQolw6nrlS6/sKTriKEtr2cCuOFVnDrhK3JxUQI7WwP7yhhFOOBEaM6RU33Vi7adIaooZyUpeokiM8ASNSN9QgThRfjq/P4PnRhnCMJKmhIZz9fdEirhSUx6YTo70WC17M/E/r5/o8NpPqYgTTQReLAoTBnUEZ2HAIZUEazY1BGFJza0Qj5EJRJvISiYEd/nlVdKpVd1GtXFXrzTreRxFcArOwAVwwRVoglvQAm2AwSN4Bq/gzXqyXqx362PRWrDymWPwB9bnD+/WlWM=</latexit>

1��

2

Generalization:  with controller     has disk margin                if 
perturbed system below is stable for any        with 𝐿!	gain         : 

<latexit sha1_base64="YShFNxM1VCne+xvw1pQa+GS3IaY=">AAAB6nicbVBNS8NAEJ3Ur1q/qh69LBbBU0lEao8FD3qsaG2hDWWz3bRLN5uwOxFK6E/w4kERr/4ib/4bt20O2vpg4PHeDDPzgkQKg6777RTW1jc2t4rbpZ3dvf2D8uHRo4lTzXiLxTLWnYAaLoXiLRQoeSfRnEaB5O1gfD3z209cGxGrB5wk3I/oUIlQMIpWur/pJ/1yxa26c5BV4uWkAjma/fJXbxCzNOIKmaTGdD03QT+jGgWTfFrqpYYnlI3pkHctVTTixs/mp07JmVUGJIy1LYVkrv6eyGhkzCQKbGdEcWSWvZn4n9dNMaz7mVBJilyxxaIwlQRjMvubDITmDOXEEsq0sLcSNqKaMrTplGwI3vLLq+TxourVqrW7y0qjnsdRhBM4hXPw4AoacAtNaAGDITzDK7w50nlx3p2PRWvByWeO4Q+czx8hFo2v</latexit>

Gp
<latexit sha1_base64="NmFtuBISRIvj82Yhb1XyL7giz8A=">AAAB6HicbVDLSgNBEOyNrxhfUY9eBoPgKeyKxBwDXgQvCZgHJEuYnXSSMbOzy8ysEJZ8gRcPinj1k7z5N06SPWhiQUNR1U13VxALro3rfju5jc2t7Z38bmFv/+DwqHh80tJRohg2WSQi1QmoRsElNg03AjuxQhoGAtvB5Hbut59QaR7JBzON0Q/pSPIhZ9RYqXHfL5bcsrsAWSdeRkqQod4vfvUGEUtClIYJqnXXc2Pjp1QZzgTOCr1EY0zZhI6wa6mkIWo/XRw6IxdWGZBhpGxJQxbq74mUhlpPw8B2htSM9ao3F//zuokZVv2UyzgxKNly0TARxERk/jUZcIXMiKkllClubyVsTBVlxmZTsCF4qy+vk9ZV2auUK43rUq2axZGHMziHS/DgBmpwB3VoAgOEZ3iFN+fReXHenY9la87JZk7hD5zPH6KVjNA=</latexit>

K
<latexit sha1_base64="GXNa1MMibx4evkJvsl/1I2VYsfk=">AAAB+nicbVBNS8NAEN3Ur1q/Uj16WSxCBSmJSO2xoAePFewHNKFMttt26W4SdjdKif0pXjwo4tVf4s1/47bNQVsfDDzem2FmXhBzprTjfFu5tfWNza38dmFnd2//wC4etlSUSEKbJOKR7ASgKGchbWqmOe3EkoIIOG0H4+uZ336gUrEovNeTmPoChiEbMALaSD27eFP2gMcjOMeeYkMBZz275FScOfAqcTNSQhkaPfvL60ckETTUhINSXdeJtZ+C1IxwOi14iaIxkDEMadfQEARVfjo/fYpPjdLHg0iaCjWeq78nUhBKTURgOgXokVr2ZuJ/XjfRg5qfsjBONA3JYtEg4VhHeJYD7jNJieYTQ4BIZm7FZAQSiDZpFUwI7vLLq6R1UXGrlerdZaley+LIo2N0gsrIRVeojm5RAzURQY/oGb2iN+vJerHerY9Fa87KZo7QH1ifP8QSkwY=</latexit>

D(↵,�)
<latexit sha1_base64="8i8ul+xJrIVrvC081XmOAwHosr0=">AAAB8XicbVBNS8NAEJ3Ur1q/qh69LBbBU0lEao8FLx4r2A9sQplst+3SzSbsboQS+i+8eFDEq//Gm//GbZuDtj4YeLw3w8y8MBFcG9f9dgobm1vbO8Xd0t7+weFR+fikreNUUdaisYhVN0TNBJesZbgRrJsohlEoWCec3M79zhNTmsfywUwTFkQ4knzIKRorPfqCER9FMsZ+ueJW3QXIOvFyUoEczX75yx/ENI2YNFSg1j3PTUyQoTKcCjYr+almCdIJjljPUokR00G2uHhGLqwyIMNY2ZKGLNTfExlGWk+j0HZGaMZ61ZuL/3m91AzrQcZlkhom6XLRMBXExGT+PhlwxagRU0uQKm5vJXSMCqmxIZVsCN7qy+ukfVX1atXa/XWlUc/jKMIZnMMleHADDbiDJrSAgoRneIU3RzsvzrvzsWwtOPnMKfyB8/kDItWQjg==</latexit> ↵

<latexit sha1_base64="rRMN2ln7IlpRjO+yjxGmoRVddas=">AAAB73icbVBNS8NAEJ3Ur1q/qh69LBbBU0lEao8FPXisYGuhDWWznbRLN5u4uxFK6J/w4kERr/4db/4bt20O2vpg4PHeDDPzgkRwbVz32ymsrW9sbhW3Szu7e/sH5cOjto5TxbDFYhGrTkA1Ci6xZbgR2EkU0igQ+BCMr2f+wxMqzWN5byYJ+hEdSh5yRo2VOr0bFIb2k3654lbdOcgq8XJSgRzNfvmrN4hZGqE0TFCtu56bGD+jynAmcFrqpRoTysZ0iF1LJY1Q+9n83ik5s8qAhLGyJQ2Zq78nMhppPYkC2xlRM9LL3kz8z+umJqz7GZdJalCyxaIwFcTEZPY8GXCFzIiJJZQpbm8lbEQVZcZGVLIheMsvr5L2RdWrVWt3l5VGPY+jCCdwCufgwRU04Baa0AIGAp7hFd6cR+fFeXc+Fq0FJ585hj9wPn8A6bCP4A==</latexit>

�p



<latexit sha1_base64="rRMN2ln7IlpRjO+yjxGmoRVddas=">AAAB73icbVBNS8NAEJ3Ur1q/qh69LBbBU0lEao8FPXisYGuhDWWznbRLN5u4uxFK6J/w4kERr/4db/4bt20O2vpg4PHeDDPzgkRwbVz32ymsrW9sbhW3Szu7e/sH5cOjto5TxbDFYhGrTkA1Ci6xZbgR2EkU0igQ+BCMr2f+wxMqzWN5byYJ+hEdSh5yRo2VOr0bFIb2k3654lbdOcgq8XJSgRzNfvmrN4hZGqE0TFCtu56bGD+jynAmcFrqpRoTysZ0iF1LJY1Q+9n83ik5s8qAhLGyJQ2Zq78nMhppPYkC2xlRM9LL3kz8z+umJqz7GZdJalCyxaIwFcTEZPY8GXCFzIiJJZQpbm8lbEQVZcZGVLIheMsvr5L2RdWrVWt3l5VGPY+jCCdwCufgwRU04Baa0AIGAp7hFd6cR+fFeXc+Fq0FJ585hj9wPn8A6bCP4A==</latexit>

�p

<latexit sha1_base64="NmFtuBISRIvj82Yhb1XyL7giz8A=">AAAB6HicbVDLSgNBEOyNrxhfUY9eBoPgKeyKxBwDXgQvCZgHJEuYnXSSMbOzy8ysEJZ8gRcPinj1k7z5N06SPWhiQUNR1U13VxALro3rfju5jc2t7Z38bmFv/+DwqHh80tJRohg2WSQi1QmoRsElNg03AjuxQhoGAtvB5Hbut59QaR7JBzON0Q/pSPIhZ9RYqXHfL5bcsrsAWSdeRkqQod4vfvUGEUtClIYJqnXXc2Pjp1QZzgTOCr1EY0zZhI6wa6mkIWo/XRw6IxdWGZBhpGxJQxbq74mUhlpPw8B2htSM9ao3F//zuokZVv2UyzgxKNly0TARxERk/jUZcIXMiKkllClubyVsTBVlxmZTsCF4qy+vk9ZV2auUK43rUq2axZGHMziHS/DgBmpwB3VoAgOEZ3iFN+fReXHenY9la87JZk7hD5zPH6KVjNA=</latexit>

K

<latexit sha1_base64="KwWjOiZPyblP6hrrJMcq+KGQkuE=">AAACAHicbVDLSsNAFJ3UV62vqAsXbkaLUDclEakuCy50WcE+oAlhMpm0Q2cmYWYilJCNv+LGhSJu/Qx3/o3Tx0JbD1w4nHMv994Tpowq7TjfVmlldW19o7xZ2dre2d2z9w86KskkJm2csET2QqQIo4K0NdWM9FJJEA8Z6Yajm4nffSRS0UQ86HFKfI4GgsYUI22kwD7yNGURyW+LIPdO0qLmKTrg6Dywq07dmQIuE3dOqmCOVmB/eVGCM06Exgwp1XedVPs5kppiRoqKlymSIjxCA9I3VCBOlJ9PHyjgmVEiGCfSlNBwqv6eyBFXasxD08mRHqpFbyL+5/UzHV/7ORVpponAs0VxxqBO4CQNGFFJsGZjQxCW1NwK8RBJhLXJrGJCcBdfXiadi7rbqDfuL6vNxjyOMjgGp6AGXHAFmuAOtEAbYFCAZ/AK3qwn68V6tz5mrSVrPnMI/sD6/AFj7ZY/</latexit>

G̃p(�)

<latexit sha1_base64="d58GvHPB615KDxFmtWfa3MQToAs=">AAAB6nicbVBNS8NAEJ3Ur1q/qh69LBbBU0lEqseCF48V7Qe0oWy2m3bpZhN2J4US+hO8eFDEq7/Im//GbZuDtj4YeLw3w8y8IJHCoOt+O4WNza3tneJuaW//4PCofHzSMnGqGW+yWMa6E1DDpVC8iQIl7ySa0yiQvB2M7+Z+e8K1EbF6wmnC/YgOlQgFo2ilx0k/6ZcrbtVdgKwTLycVyNHol796g5ilEVfIJDWm67kJ+hnVKJjks1IvNTyhbEyHvGupohE3frY4dUYurDIgYaxtKSQL9fdERiNjplFgOyOKI7PqzcX/vG6K4a2fCZWkyBVbLgpTSTAm87/JQGjOUE4toUwLeythI6opQ5tOyYbgrb68TlpXVa9WrT1cV+q1PI4inME5XIIHN1CHe2hAExgM4Rle4c2Rzovz7nwsWwtOPnMKf+B8/gBoFo3c</latexit>vp
<latexit sha1_base64="vGE0jm8DvIxKHyGVfQvpgtlcd0k=">AAAB6nicbVBNS8NAEJ3Ur1q/qh69LBbBU0lEqseCF48V7Qe0oWy2m3bpZhN2J0oJ/QlePCji1V/kzX/jts1BWx8MPN6bYWZekEhh0HW/ncLa+sbmVnG7tLO7t39QPjxqmTjVjDdZLGPdCajhUijeRIGSdxLNaRRI3g7GNzO//ci1EbF6wEnC/YgOlQgFo2il+6d+0i9X3Ko7B1klXk4qkKPRL3/1BjFLI66QSWpM13MT9DOqUTDJp6VeanhC2ZgOeddSRSNu/Gx+6pScWWVAwljbUkjm6u+JjEbGTKLAdkYUR2bZm4n/ed0Uw2s/EypJkSu2WBSmkmBMZn+TgdCcoZxYQpkW9lbCRlRThjadkg3BW355lbQuql6tWru7rNRreRxFOIFTOAcPrqAOt9CAJjAYwjO8wpsjnRfn3flYtBacfOYY/sD5/AFpnI3d</latexit>wp

<latexit sha1_base64="oXcecQTSM2PKEvVFzUwGQNPvSDc=">AAAB6HicbVBNS8NAEJ3Ur1q/qh69LBbBU0lEqseCF48t2A9oQ9lsJ+3azSbsboQS+gu8eFDEqz/Jm//GbZuDtj4YeLw3w8y8IBFcG9f9dgobm1vbO8Xd0t7+weFR+fikreNUMWyxWMSqG1CNgktsGW4EdhOFNAoEdoLJ3dzvPKHSPJYPZpqgH9GR5CFn1FipmQ7KFbfqLkDWiZeTCuRoDMpf/WHM0gilYYJq3fPcxPgZVYYzgbNSP9WYUDahI+xZKmmE2s8Wh87IhVWGJIyVLWnIQv09kdFI62kU2M6ImrFe9ebif14vNeGtn3GZpAYlWy4KU0FMTOZfkyFXyIyYWkKZ4vZWwsZUUWZsNiUbgrf68jppX1W9WrXWvK7Ua3kcRTiDc7gED26gDvfQgBYwQHiGV3hzHp0X5935WLYWnHzmFP7A+fwB4aOM+A==</latexit>u<latexit sha1_base64="nADyKYSFnH0ciqf9hZ0L1BueXBg=">AAAB6HicbVBNS8NAEJ3Ur1q/qh69LBbBU0lEqseCF48t2A9oQ9lsp+3azSbsboQQ+gu8eFDEqz/Jm//GbZuDtj4YeLw3w8y8IBZcG9f9dgobm1vbO8Xd0t7+weFR+fikraNEMWyxSESqG1CNgktsGW4EdmOFNAwEdoLp3dzvPKHSPJIPJo3RD+lY8hFn1FipmQ7KFbfqLkDWiZeTCuRoDMpf/WHEkhClYYJq3fPc2PgZVYYzgbNSP9EYUzalY+xZKmmI2s8Wh87IhVWGZBQpW9KQhfp7IqOh1mkY2M6Qmole9ebif14vMaNbP+MyTgxKtlw0SgQxEZl/TYZcITMitYQyxe2thE2ooszYbEo2BG/15XXSvqp6tWqteV2p1/I4inAG53AJHtxAHe6hAS1ggPAMr/DmPDovzrvzsWwtOPnMKfyB8/kD57OM/A==</latexit>y<latexit sha1_base64="YShFNxM1VCne+xvw1pQa+GS3IaY=">AAAB6nicbVBNS8NAEJ3Ur1q/qh69LBbBU0lEao8FD3qsaG2hDWWz3bRLN5uwOxFK6E/w4kERr/4ib/4bt20O2vpg4PHeDDPzgkQKg6777RTW1jc2t4rbpZ3dvf2D8uHRo4lTzXiLxTLWnYAaLoXiLRQoeSfRnEaB5O1gfD3z209cGxGrB5wk3I/oUIlQMIpWur/pJ/1yxa26c5BV4uWkAjma/fJXbxCzNOIKmaTGdD03QT+jGgWTfFrqpYYnlI3pkHctVTTixs/mp07JmVUGJIy1LYVkrv6eyGhkzCQKbGdEcWSWvZn4n9dNMaz7mVBJilyxxaIwlQRjMvubDITmDOXEEsq0sLcSNqKaMrTplGwI3vLLq+TxourVqrW7y0qjnsdRhBM4hXPw4AoacAtNaAGDITzDK7w50nlx3p2PRWvByWeO4Q+czx8hFo2v</latexit>

Gp

<latexit sha1_base64="5XieuIQj1Y0V+fG+1KOAOMxEb5I=">AAAB/3icbVDLSsNAFJ3UV62vqODGzdQiCEJJSqkuC25cVrAPaEKZTCft0JlJmJkIJWbhr7hxoYhbf8Odf+O0zUJbD1w4nHMv994TxIwq7TjfVmFtfWNzq7hd2tnd2z+wD486KkokJm0csUj2AqQIo4K0NdWM9GJJEA8Y6QaTm5nffSBS0Ujc62lMfI5GgoYUI22kgX3ihRLh1PXKl17ZU3TEUZbWsoFdcarOHHCVuDmpgBytgf3lDSOccCI0ZkipvuvE2k+R1BQzkpW8RJEY4Qkakb6hAnGi/HR+fwbPjTKEYSRNCQ3n6u+JFHGlpjwwnRzpsVr2ZuJ/Xj/R4bWfUhEnmgi8WBQmDOoIzsKAQyoJ1mxqCMKSmlshHiMTiDaRlUwI7vLLq6RTq7qNauOuXmnW8ziK4BScgQvggivQBLegBdoAg0fwDF7Bm/VkvVjv1seitWDlM8fgD6zPH+y2lWE=</latexit>

1+�

2

<latexit sha1_base64="6u/1wIaUabOZWTlJV86kUqfG3sc=">AAAB/3icbVDLSsNAFJ3UV62vqODGzdQiuLEkpVSXBTcuK9gHNKFMppN26MwkzEyEErPwV9y4UMStv+HOv3HaZqGtBy4czrmXe+8JYkaVdpxvq7C2vrG5Vdwu7ezu7R/Yh0cdFSUSkzaOWCR7AVKEUUHammpGerEkiAeMdIPJzczvPhCpaCTu9TQmPkcjQUOKkTbSwD7xQolw6nrlS6/sKTriKEtr2cCuOFVnDrhK3JxUQI7WwP7yhhFOOBEaM6RU33Vi7adIaooZyUpeokiM8ASNSN9QgThRfjq/P4PnRhnCMJKmhIZz9fdEirhSUx6YTo70WC17M/E/r5/o8NpPqYgTTQReLAoTBnUEZ2HAIZUEazY1BGFJza0Qj5EJRJvISiYEd/nlVdKpVd1GtXFXrzTreRxFcArOwAVwwRVoglvQAm2AwSN4Bq/gzXqyXqx362PRWrDymWPwB9bnD+/WlWM=</latexit>

1��

2

<latexit sha1_base64="vGE0jm8DvIxKHyGVfQvpgtlcd0k=">AAAB6nicbVBNS8NAEJ3Ur1q/qh69LBbBU0lEqseCF48V7Qe0oWy2m3bpZhN2J0oJ/QlePCji1V/kzX/jts1BWx8MPN6bYWZekEhh0HW/ncLa+sbmVnG7tLO7t39QPjxqmTjVjDdZLGPdCajhUijeRIGSdxLNaRRI3g7GNzO//ci1EbF6wEnC/YgOlQgFo2il+6d+0i9X3Ko7B1klXk4qkKPRL3/1BjFLI66QSWpM13MT9DOqUTDJp6VeanhC2ZgOeddSRSNu/Gx+6pScWWVAwljbUkjm6u+JjEbGTKLAdkYUR2bZm4n/ed0Uw2s/EypJkSu2WBSmkmBMZn+TgdCcoZxYQpkW9lbCRlRThjadkg3BW355lbQuql6tWru7rNRreRxFOIFTOAcPrqAOt9CAJjAYwjO8wpsjnRfn3flYtBacfOYY/sD5/AFpnI3d</latexit>wp

<latexit sha1_base64="d58GvHPB615KDxFmtWfa3MQToAs=">AAAB6nicbVBNS8NAEJ3Ur1q/qh69LBbBU0lEqseCF48V7Qe0oWy2m3bpZhN2J4US+hO8eFDEq7/Im//GbZuDtj4YeLw3w8y8IJHCoOt+O4WNza3tneJuaW//4PCofHzSMnGqGW+yWMa6E1DDpVC8iQIl7ySa0yiQvB2M7+Z+e8K1EbF6wmnC/YgOlQgFo2ilx0k/6ZcrbtVdgKwTLycVyNHol796g5ilEVfIJDWm67kJ+hnVKJjks1IvNTyhbEyHvGupohE3frY4dUYurDIgYaxtKSQL9fdERiNjplFgOyOKI7PqzcX/vG6K4a2fCZWkyBVbLgpTSTAm87/JQGjOUE4toUwLeythI6opQ5tOyYbgrb68TlpXVa9WrT1cV+q1PI4inME5XIIHN1CHe2hAExgM4Rle4c2Rzovz7nwsWwtOPnMKf+B8/gBoFo3c</latexit>vp
<latexit sha1_base64="oXcecQTSM2PKEvVFzUwGQNPvSDc=">AAAB6HicbVBNS8NAEJ3Ur1q/qh69LBbBU0lEqseCF48t2A9oQ9lsJ+3azSbsboQS+gu8eFDEqz/Jm//GbZuDtj4YeLw3w8y8IBFcG9f9dgobm1vbO8Xd0t7+weFR+fikreNUMWyxWMSqG1CNgktsGW4EdhOFNAoEdoLJ3dzvPKHSPJYPZpqgH9GR5CFn1FipmQ7KFbfqLkDWiZeTCuRoDMpf/WHM0gilYYJq3fPcxPgZVYYzgbNSP9WYUDahI+xZKmmE2s8Wh87IhVWGJIyVLWnIQv09kdFI62kU2M6ImrFe9ebif14vNeGtn3GZpAYlWy4KU0FMTOZfkyFXyIyYWkKZ4vZWwsZUUWZsNiUbgrf68jppX1W9WrXWvK7Ua3kcRTiDc7gED26gDvfQgBYwQHiGV3hzHp0X5935WLYWnHzmFP7A+fwB4aOM+A==</latexit>u

<latexit sha1_base64="nADyKYSFnH0ciqf9hZ0L1BueXBg=">AAAB6HicbVBNS8NAEJ3Ur1q/qh69LBbBU0lEqseCF48t2A9oQ9lsp+3azSbsboQQ+gu8eFDEqz/Jm//GbZuDtj4YeLw3w8y8IBZcG9f9dgobm1vbO8Xd0t7+weFR+fikraNEMWyxSESqG1CNgktsGW4EdmOFNAwEdoLp3dzvPKHSPJIPJo3RD+lY8hFn1FipmQ7KFbfqLkDWiZeTCuRoDMpf/WHEkhClYYJq3fPc2PgZVYYzgbNSP9EYUzalY+xZKmmI2s8Wh87IhVWGZBQpW9KQhfp7IqOh1mkY2M6Qmole9ebif14vMaNbP+MyTgxKtlw0SgQxEZl/TYZcITMitYQyxe2thE2ooszYbEo2BG/15XXSvqp6tWqteV2p1/I4inAG53AJHtxAHe6hAS1ggPAMr/DmPDovzrvzsWwtOPnMKfyB8/kD57OM/A==</latexit>y

Disk Margins

<latexit sha1_base64="rRMN2ln7IlpRjO+yjxGmoRVddas=">AAAB73icbVBNS8NAEJ3Ur1q/qh69LBbBU0lEao8FPXisYGuhDWWznbRLN5u4uxFK6J/w4kERr/4db/4bt20O2vpg4PHeDDPzgkRwbVz32ymsrW9sbhW3Szu7e/sH5cOjto5TxbDFYhGrTkA1Ci6xZbgR2EkU0igQ+BCMr2f+wxMqzWN5byYJ+hEdSh5yRo2VOr0bFIb2k3654lbdOcgq8XJSgRzNfvmrN4hZGqE0TFCtu56bGD+jynAmcFrqpRoTysZ0iF1LJY1Q+9n83ik5s8qAhLGyJQ2Zq78nMhppPYkC2xlRM9LL3kz8z+umJqz7GZdJalCyxaIwFcTEZPY8GXCFzIiJJZQpbm8lbEQVZcZGVLIheMsvr5L2RdWrVWt3l5VGPY+jCCdwCufgwRU04Baa0AIGAp7hFd6cR+fFeXc+Fq0FJ585hj9wPn8A6bCP4A==</latexit>

�p
<latexit sha1_base64="C4Fmud4AC+NSZAMyBfTKSDzKLHA=">AAAB63icbVBNS8NAEJ3Ur1q/qh69LBbBU0lE2h4LXjxWsB/QhrLZbpqlu5uwuxFK6F/w4kERr/4hb/4bN20O2vpg4PHeDDPzgoQzbVz32yltbe/s7pX3KweHR8cn1dOzno5TRWiXxDxWgwBrypmkXcMMp4NEUSwCTvvB7C73+09UaRbLRzNPqC/wVLKQEWxyaZREbFytuXV3CbRJvILUoEBnXP0aTWKSCioN4Vjroecmxs+wMoxwuqiMUk0TTGZ4SoeWSiyo9rPlrQt0ZZUJCmNlSxq0VH9PZFhoPReB7RTYRHrdy8X/vGFqwpafMZmkhkqyWhSmHJkY5Y+jCVOUGD63BBPF7K2IRFhhYmw8FRuCt/7yJund1L1GvfFwW2u3ijjKcAGXcA0eNKEN99CBLhCI4Ble4c0Rzovz7nysWktOMXMOf+B8/gAUGI5A</latexit>

�

<latexit sha1_base64="sGR+vx9rDjWscWykUre55UCbRwA=">AAACEnicbVBNS8NAEN3Ur1q/qh69LBZBLyWRUr0IBS8eK9gPaELYbKft0s0m7G6KJfQ3ePGvePGgiFdP3vw3btsg2vpg4PHeDDPzgpgzpW37y8qtrK6tb+Q3C1vbO7t7xf2DpooSSaFBIx7JdkAUcCagoZnm0I4lkDDg0AqG11O/NQKpWCTu9DgGLyR9wXqMEm0kv3g2unID6DORBiHRkt1PRn6MXReP/CF2QXR/dL9Yssv2DHiZOBkpoQx1v/jpdiOahCA05USpjmPH2kuJ1IxymBTcREFM6JD0oWOoICEoL529NMEnRuniXiRNCY1n6u+JlIRKjcPAdJr7BmrRm4r/eZ1E9y69lIk40SDofFEv4VhHeJoP7jIJVPOxIYRKZm7FdEAkodqkWDAhOIsvL5Pmedmplqu3lVKtksWRR0foGJ0iB12gGrpBddRAFD2gJ/SCXq1H69l6s97nrTkrmzlEf2B9fAMpop5k</latexit>

v =


vp
vk

�<latexit sha1_base64="byYDMYBbwKtcw9qXvSDauhuYmHk=">AAACEnicbVDLSsNAFJ34rPVVdelmsAi6KYmU6kYouHFZwT6gKWEyuWmHTiZhZmItod/gxl9x40IRt67c+TdOH4i2HrhwOOde7r3HTzhT2ra/rKXlldW19dxGfnNre2e3sLffUHEqKdRpzGPZ8okCzgTUNdMcWokEEvkcmn7/auw370AqFotbPUygE5GuYCGjRBvJK5wOLl0fukxkfkS0ZPejgZdg18UDr49dEMGP7hWKdsmeAC8SZ0aKaIaaV/h0g5imEQhNOVGq7diJ7mREakY5jPJuqiAhtE+60DZUkAhUJ5u8NMLHRglwGEtTQuOJ+nsiI5FSw8g3nea+npr3xuJ/XjvV4UUnYyJJNQg6XRSmHOsYj/PBAZNANR8aQqhk5lZMe0QSqk2KeROCM//yImmclZxKqXJTLlbLszhy6BAdoRPkoHNURdeohuqIogf0hF7Qq/VoPVtv1vu0dcmazRygP7A+vgEufZ5n</latexit>

w =


wp

wk

�

<latexit sha1_base64="dB4RcswizdbM6PEpcKwhOQraexw=">AAAB+nicbVBNS8NAEJ3Ur1q/Uj16WSxCvZREpHoseNBjBfsBTSibzbZdupuE3Y1SYn+KFw+KePWXePPfuG1z0NYHA4/3ZpiZFyScKe0431ZhbX1jc6u4XdrZ3ds/sMuHbRWnktAWiXksuwFWlLOItjTTnHYTSbEIOO0E4+uZ33mgUrE4uteThPoCDyM2YARrI/XtsqcZD2l2M616ig0FPuvbFafmzIFWiZuTCuRo9u0vL4xJKmikCcdK9Vwn0X6GpWaE02nJSxVNMBnjIe0ZGmFBlZ/NT5+iU6OEaBBLU5FGc/X3RIaFUhMRmE6B9UgtezPxP6+X6sGVn7EoSTWNyGLRIOVIx2iWAwqZpETziSGYSGZuRWSEJSbapFUyIbjLL6+S9nnNrdfqdxeVRj2PowjHcAJVcOESGnALTWgBgUd4hld4s56sF+vd+li0Fqx85gj+wPr8Aefnk78=</latexit>

G̃(�)

satisfies IQC for 𝐿!	gain 
<latexit sha1_base64="rRMN2ln7IlpRjO+yjxGmoRVddas=">AAAB73icbVBNS8NAEJ3Ur1q/qh69LBbBU0lEao8FPXisYGuhDWWznbRLN5u4uxFK6J/w4kERr/4db/4bt20O2vpg4PHeDDPzgkRwbVz32ymsrW9sbhW3Szu7e/sH5cOjto5TxbDFYhGrTkA1Ci6xZbgR2EkU0igQ+BCMr2f+wxMqzWN5byYJ+hEdSh5yRo2VOr0bFIb2k3654lbdOcgq8XJSgRzNfvmrN4hZGqE0TFCtu56bGD+jynAmcFrqpRoTysZ0iF1LJY1Q+9n83ik5s8qAhLGyJQ2Zq78nMhppPYkC2xlRM9LL3kz8z+umJqz7GZdJalCyxaIwFcTEZPY8GXCFzIiJJZQpbm8lbEQVZcZGVLIheMsvr5L2RdWrVWt3l5VGPY+jCCdwCufgwRU04Baa0AIGAp7hFd6cR+fFeXc+Fq0FJ585hj9wPn8A6bCP4A==</latexit>

�p
<latexit sha1_base64="z4AjvipsCxzj6aZXCAu3v2NaT+A=">AAAB8nicbVBNS8NAEN3Ur1q/qh69LBbBU0lEqngqePFYwX5AEspku2mXbjZhdyKU0p/hxYMiXv013vw3btsctPpg4PHeDDPzokwKg6775ZTW1jc2t8rblZ3dvf2D6uFRx6S5ZrzNUpnqXgSGS6F4GwVK3ss0hySSvBuNb+d+95FrI1L1gJOMhwkMlYgFA7SSH0hOA5DZCG761Zpbdxegf4lXkBop0OpXP4NByvKEK2QSjPE9N8NwChoFk3xWCXLDM2BjGHLfUgUJN+F0cfKMnlllQONU21JIF+rPiSkkxkySyHYmgCOz6s3F/zw/x/g6nAqV5cgVWy6Kc0kxpfP/6UBozlBOLAGmhb2VshFoYGhTqtgQvNWX/5LORd1r1Bv3l7Vmo4ijTE7IKTknHrkiTXJHWqRNGEnJE3khrw46z86b875sLTnFzDH5BefjG6LIkNA=</latexit> ↵ :

<latexit sha1_base64="QgK3yUzEphCV708Rd0yjmGqe+Iw="></latexit>

Mp =


↵2I 0
0 �I

�

Synthesis method applied to this setup guarantees disk margin.

Final LFT, merging LTI part of NN 
controller with             into          :

<latexit sha1_base64="KwWjOiZPyblP6hrrJMcq+KGQkuE=">AAACAHicbVDLSsNAFJ3UV62vqAsXbkaLUDclEakuCy50WcE+oAlhMpm0Q2cmYWYilJCNv+LGhSJu/Qx3/o3Tx0JbD1w4nHMv994Tpowq7TjfVmlldW19o7xZ2dre2d2z9w86KskkJm2csET2QqQIo4K0NdWM9FJJEA8Z6Yajm4nffSRS0UQ86HFKfI4GgsYUI22kwD7yNGURyW+LIPdO0qLmKTrg6Dywq07dmQIuE3dOqmCOVmB/eVGCM06Exgwp1XedVPs5kppiRoqKlymSIjxCA9I3VCBOlJ9PHyjgmVEiGCfSlNBwqv6eyBFXasxD08mRHqpFbyL+5/UzHV/7ORVpponAs0VxxqBO4CQNGFFJsGZjQxCW1NwK8RBJhLXJrGJCcBdfXiadi7rbqDfuL6vNxjyOMjgGp6AGXHAFmuAOtEAbYFCAZ/AK3qwn68V6tz5mrSVrPnMI/sD6/AFj7ZY/</latexit>

G̃p(�)
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