Nonlinear Adaptive Control
Professor Srikant Sukumar
Systems and Control
Indian Institute of Technology, Bombay
Week 12
Lecture No: 70
Real Time Neural Network Based Control of a Robotic Manipulator (Part 4)

Hello everyone. Welcome to yet another session of our NPTEL on Nonlinear Adaptive Control, I
am Srikant Sukumar from systems and control, IIT Bombay. So, I warmly welcome you to this
last week of lectures on this nonlinear adaptive control. And we have already completed four
lectures in this set of lectures this week. And we started off in this week looking at connections
between adaptive control and learning. And we are now focusing on a specific problem of

looking at a multi-layer neural network, which is being tuned, which is going to be tuned using

an adaptive controller.

And this neural network, this three-layer neural network will be specific is being used to design
approximation-based controller for a robotic manipulator. So, we do hope that the algorithms that
we have been looking at will help you design robust adaptive control algorithms for systems like

the aircraft, drone, spacecraft et-cetera that you see in the background.
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Now, there we there, until last time was basically, we had already seen what the robot dynamics
consists of in the joint space coordinates. And then we sort of also you define this nice
backstepping variable, which is used for analysis. And this is in terms of, of course, the tracking
error. And the entire dynamics was, of course, written in terms of this backstepping error

variable. And these dynamics is what contains the nonlinear robot function. And this is
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W s the key to exending linear NN results 1o nonlinear
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This function is of course, depending on some variables like e, e dot, qd, ge dot, qd double dot,
which are collected together in this x, and using estimation of this function using a neural
network, which we will see subsequently, we define a controller. And, of course, it is not difficult
to see, I mean we are not we are not doing that here. It is not difficult to see that if f tilde and tau
d are in fact 0. If these are not there, then this is a nice stable system, asymptotically stable
system in r. And you can show that r goes to 0, which means that you can also show that e and e

dot go to zero.

We of course showed some nice relationships using this backstepping error variable design. We

show that that that basically the e and e dot are bounded by the backstabbing error variable norm
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as you would expect. Then, we have talked about a few properties like the positive definiteness

of M, the boundedness of VM dot, skew symmetry of M dot minus 2 VM. And the fact that the

disturbances are bounded, we did not look at the passivity properties.

(Refer Slide Time: 04:00)
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So, the idea is to estimate this nonlinear robot function, this was the sort of plan using the neural
network, the three stage or the three-layer neural network. We clubbed the unknowns weights,
unknown weights W and V inside this new variable Z. And then of course, we made a few
assumptions, the first one being that the ideal value of weights are bounded, which is a very
reasonable assumption, we do that even in projection based adaptive control design. Then, we
also assume that the trajectories are bounded, this again trajectory and its derivatives are

bounded.

This is again another assumption we did make while doing our standard adaptive control. And
finally, using this we could come up with the fact that the norm of x that is where x is this e, e
dot, qd, qd dot and qd double dot is also bounded by qd and the norm of r. Again, not difficult to

verify once you have made these assumptions.

So, then we of course, talk about linearizing the neural network. And because what happens is
that you have this nonlinear regressor parameter structure, which you cannot define adaptive
laws for. And even if you do define some kind of adaptation law, you will not be able to prove

any stability, which is why we, we will we looked at some Taylor series approximations.

So, V hat and W hat were the estimates and correspondingly we define the tildes, which are the
estimation errors, and also the error in the activation function values. And using that we sort of
gave an estimate for this this sigma tilde, so, sigma tilde had this kind of an estimate. And further

we also state the fact which said that this square term is bounded.

1021



So, bound on the square term is of course, obtained using this kind of an expression. This this
expression is simply obtained from 23. So, from 23, you obtain this, and from here you can
actually prove this kind of a fact. So, this fact essentially says that for sigmoidal, radial basis
function, and tan hyperbolic functions. So, these are the activation function examples we looked

at, you do have this kind of nice relationship.

(Refer Slide Time: 06:38)
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B. Controller Structure and Error System Dynamics
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Define the NN functional estimate of (11) by

trajectory is bounded in the f(m) =WT6(VTm)

(25)
with V, W the current (estimated) values of the ideal NN
weights V,W as provided by the tuning algorithms subse-
quently to be discussed. With 7, defined in (13), select the
control input

T=7,-v= Wra(fﬂx) +K,r—v (26)
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This is an error system wherein

driven by the functional

The control 7, in
(PD) term in Kif =

selecting NN wning algorithms th
the filicred wracking error r(f). Then,

Now, this is where we start today’s lecture. So, so, let us mark it first lecture number 12.5, which
is the fifth lecture of this last week. So, here, if you see the way we define a f hat is again using

just the estimates, we replace sorry. We replace W by its estimate W cap, and V by its estimate V
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cap and that is it. So, V cap and W cap are the current estimated value. So, this is what is your
neural network functional estimate. So, with this, you have this tau 0 which was the control we

defined, and the (con) the true control.

So, until now we had only the tau 0 if you remember, which was just these two terms, contained
the functional estimate and a damping nice pd type of term, proportional derivative type of term.
But now, we also add some kind of sort of a robustification input v, and this is what we look at
what this v can be later on. But for now, we introduced this robust certification sort of input v, so,

this becomes your true control tau.

(Refer Slide Time: 08:06)
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with u(t) a function to be detailed subsequently that provides
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Ideal Case=Backpropagation Tuning of
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with @'(%) & dalz)/dsls; and O(2)7 denoting terms of
order two. (Compare to [33] where a different Taylor scries
was used for identification purposes only.) Denoting @' =
o'(V7z), we have
a 'U:/r Te40(VT2)? =8V 2+0(VTs)?
==
Different bounds may be put on the Taylor series higher-
order lerms depending on the choice for #(:). Noting that

23)

OV 1) = [o(VTr) = a(V72)| - o (V)0 T2 (24)

we take the following
Fact 4 For sigmoid, RBF, and tanh activation functions,
the higher-order terms in the Taylor series are bounded by
IOV )| < e+ caQullVile + csIVIelrl
where ¢, are computable positive constants, n
Fact 4 is direct 1o show using (19), some standard ngem
incqualitics, and the fact that' a(+) and its derivative ™
bounded by constants for RBE, sigmoid, and tanh.
The extension of these ideas 1o nets with greater than 1)
layers is not difficult. and lcads to composite function fe
the Taylor series (giving rise to backpropagation filiered €3
temms for the multilaver net g Ihc\\mn i

l

So, so v is basically like I said is a function to be detailed subsequently that provides robustness
in the face of higher order terms in the Taylor series. So, so this is sort of the block diagram for
this whole implementation, you can verify that this block diagram matches with the system
equations, not too complicated. And then of course, you have defined q under bar and e under
bar as this e, e dot and q, q dot sort of vectors. So, once you have this modified control tau, we
started with the tau 0, and we added the robustification, or we subtracted robustification control

v, s0, you have the tau.

And you substitute for that and you get this sort of a closed loop system. You you already had

this term, this is not a new term. And then this was the function and the true value of the function
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if you mean, where you have the ideal value of the weight W and V. And then you have the
estimate W hat and V hat, and even the ideal value is somehow epsilon off from the true
function. So, the function is approximated as W transpose, sigma V transpose x, plus an epsilon.
And you have this estimated value, then you have the disturbance, and then you have a this

robustification term.

So, then we do a little bit of manipulations. What is this manipulation? First, we add and subtract
a W transpose sigma hat, so that sort of gets combined. So, this you notice is W transpose sigma
hat, so, we already defined this notation. So, this is actually where W hat transpose sigma hat in
the notation we defined. So, if you combine so, so if you add and subtract W transpose sigma
hat, one of it combines with this, the other one combined with this guy. So, the combination with
this will will yield a W tilde transpose sigma hat, because this is W hat transpose sigma hat, and
you have W transpose sigma hat. So, if you subtract one from the other, you get W tilde

transpose sigma hat.

And then this guy combines with this again to give you a W transpose sigma tilde, and so you get
two terms by adding and subtracting the W transpose sigma. So, then of course, these three terms
remain exactly as it is and these three terms show no change, great great. So, now again we do

another layer of manipulation and we now.

So, first we added and subtracted W transpose sigma hat, and now we add and subtract W hat
transpose sigma tilde. Why? Because this term and this term is what we are looking to sort of
deal with this. So, if you look at this term and this term together, these two will combine to give
you a W tilde transpose sigma tilde, and you will of course be left with the W hat transpose

sigma tilde.

So, that I mean that term remains as it is here and these two combined to give you this term. So,
now you have two terms here and you now have three terms, because of this addition and
subtraction, it is just a rewriting of these terms, if you remember. Now, we start using all Taylor
series approximations that we did. So, this Taylor series approximation is for this V tilde term,
sorry, it is for the sigma tilde term. So, this is where we use the Taylor series approximation. So,
so if you look at this guy, it is retained as it is, and then you have the W hat transpose sigma tilde

type term.
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And then you write some terms as what we call the disturbance term or what the authors call as
the disturbance term. So, here if you notice in the sigma tilde approximation, you had several
terms, so, sigma tilde looked like this. I mean, I mean, of course you have the this term, which

had some bound, but then the key approximation was something like this.

So, this this did we define any further notation? Let me see. This was defined as sigma hat
transpose, I believe this is called sigma hat transpose this term, and then you have V tilde
transpose X, so, that is what is written here. The sigma tilde here is written as sigma hat

transpose, V tilde transpose x.

And then everything else is sort of written as a disturbance including this guy. So, this also has
this, this comes this comes to this is the approximation, and then you have the second order
terms, which combined to give you this. And then you have epsilon plus tau d and the V is kept

as it is, so, if you notice a lot of terms have been.

So, the second order terms of corresponding to this guy and this guy combined to give you this,
and the first order term of this guy is written here. And the first order term of this guy is also
clubbed into the disturbance. So, rather interesting, just I would say more or less arbitrary choice

of what should be disturbance.

I mean, here this wl, I mean it makes sense for these to be disturbance. And of course, also this
because if you think of the second order terms to be small enough, fair enough, this is also a
disturbance. But, not thinking of this term as the disturbance is not very well justified. So,

anyway, so so we, so they of course make some changes.
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where

;"
wy(t) = WialV?

the disturhance terms are
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It is important to note that the NN reconstruction error
1), the robot disturbances
in the Taylor

74, nd the higher-order terms
of f(z) all have exactly the
same influence as disturbances in the error system. The next
key bound is required. lts importance is in allowing one o
overbound w(t) &t cach time by a known computable function,
it follows from Fact 4 and some standard norm inequalities

SeTies CXpansion

estimates V, W

the algorithm works, and when it cannot

Theorem 3.1: Let the desired trajector
suppase the disturbance term wy(t) in (28
Let the control input for (7) be given by
and weight tuning provided by

W = Fir”
V =Gr(aTWr)T
and any constant positive definite (design) 1
the tracking error r(f) goes to zero with
estimates V, W are bounded

Proof: Define the Lyapunov function|
L= e Mes dae (WTF'W) 4 e
Differentiating yields

L=rTMi4 :".
|a

whence substitution

i Hnn‘jﬂ”
L VTG Y

and any constant positive definite (design) mat

the tracking error r(#) goes to zero with £
are bounded

Proof: Define the Lyapunov function ¢4
L beMrs bte (WTE'W) 4 Jte (0
Differentiating yields
Fr (WT P 4

L=r"Mi4 §e"Mr
whence substitution from (28) (with wy = 0

L=—r"Kur4 b #tr 7

e VGV 4 20
The skew symmetry prog

and since W = W
dW

df (and similar

So, unfortunately using this error system does not yield compact set outside which you have a
negative Lyapunov function derivative, so, which is what you needed. You need the Lyapunov
function derivative to be negative, at least outside a compact set. So, what is this compact set?

This is what is the residual set.

So, this is what what they call this compact set is what is the how we have talked about the
residual set, and this is what is the residual set. So, so then they of course, rewrite things a little

bit, I guess. What is it that they do? So, this term is the same, then this term is again the same,
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this term is again the same. Then, this guy is brought back in, and this guy is not put into the

disturbance, so, so this term, I believe is brought back in.

So, because, because, so this term is the same here, then you have W tilde transpose sigma hat
which is the same here, and then this W tilde transpose sigma hat prime V transpose x is brought
back. So, this this term is put back, which is what I also said does not make sense to keep it out,

and then this term remains as it is, and then a V.

And now the w1l becomes a W, so this makes a little bit more sense. And here, I believe what is
left? Let us see carefully. I see the whole term is not brought back, let us be careful, this what is
brought back is only the. So, here you had the W tilde transpose sigma hat prime V tilde

transpose.

And what is brought back is only the V hat transpose term, and what is left is the V transpose
term. So, because V tilde transpose is V minus V hat, so, the V hat term is brought in here with
the negative sign and the v term is left, interesting. I guess the purpose of this is a primarily to
make sure the Lyapunov analysis goes through. And of course, if W tildes are small, then this is
sort of justified. So, if W tilde is smaller than keeping this as disturbance is sort of justified in
some sense. And this is anyway a second order term. So, so these three being here was never big

a question.

But this this being here, and this being here does pose some questions, but then you have to sort
of think of W tilde having some kind of a nice bound. And then you can say some nice things
because x is bounded and all these quantities are also possibly bounded. So of course, then we

need to get a bound on w, one to over bound w, so this is what is shown in this next fact.

(Refer Slide Time: 18:33)
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here the disturbance lerms are

b ) . findlc (design) mairices F, G, The
1) = WAV A+ WTOWVT2) 4 (e 47, 2 “ o with ¢ and the weigh
unately, using this errog rymmmmu@ )

butside whach a certain Lyspunov function derivative
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O Differentsating yields
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whence substitution from (28) (w

key bound is required. lis impos
overbound w(e) & cach time by a k

ollows from Fact 4 and some stand

So the disturbance term 31, which is this guy w is bounded in this way. Or, of course, I mean, it
is probably nicer similar type of expression here. So, here you have some constant, let us not
worry about it. Then, there is dependence on the Z tilde, which is expected, because well, W tilde
appears here. Obviously, as we bounded in Z tilde, and then there is bound correspond, there is
terms that have multiplication of Z tilde and r. And this also comes I believe from this guy,
because this second order term is bounded by V tilde times r. So therefore, the whole thing is

bounded by Z tilde times r, norm of Z tilde times r. So, Z tilde is just V tilde and W tilde stacked.

So, this is again another bound with respect to the state and estimate bounds. So, now, once we

have all these bound, we have this sort of a closed loop system with whatever we have declared
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as as some kind of a disturbance. So this is our final system, with with this kind of a disturbance
term. And so, what we now want to do is how to do the update propagation. So, this is what is
the important thing, we want to see how the updates are propagated. So, it is required to
demonstrate that the tracking error is suitably small, and then the neural network weights remain

bounded, for only then the control is bounded, so, this is important.

(Refer Slide Time: 20:27)
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Let the control be given by (26) with vt
proxi-  and weight wning provided by

W For”
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where the disturbance

wy(t H‘-(l)rll',r‘.f-‘ ). (29) the

unaiely, wsing Whis etror systern does 0ot yiekd @
itside which a certain Lyapunov function derivalive

IS egative, Therefore, write finally the error sygtem
:

So, if you assume a few things, this is where the ideal case the back-propagation tuning, which is
like the basic neural network tuning method. Here there is a lot of idealization. So, the
assumption is there is no net functional reconstruction error, this sort of means that epsilon is 0.
What is the next one? There is no unmodeled disturbances and no higher order terms. So,
essentially, this second one means d is 0, sorry tau d is 0. And the third one means that your
unmodeled terms are gone, so, you have whatever, not unmodeled the higher order terms are

gone.

So, o V tilde transpose x equal to 0, so, there are no higher order terms. So, if you make these
kinds of assumption, so it is as, I mean it is as good as assuming that fx is linear function, as
good as assuming that fx is a linear one. Then, of course, things are much more simpler, you go
back to your typical adaptive control type domain. So, in that case, this theorem proposes a nice

update law, which is this guy and that guy. So, so in fact in fact, this theorem is rather nice,

1032



because it looks directly at the w1 disturbance, let the desired trajectory be bounded. So,

are a lot of assumptions actually.

(Refer Slide Time: 21:50)
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robustness in the face of higher-order terms in the Taylor
series, The proposed NN control structure is shown in Fig, 2,
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assumption that f(x) in (10) is

] ineag, In this case th
rules are straightforward and familiar. OB b S in

the proof and the conditions thus determined showing when
the algorithm works, and when it cannot be relied on

Theorem 3.1 1Lat the desired trajectory be bounded and
suppose the disturbance term wy(t) in (28) is equal (o zero,
Let the contro for (7) be given by (26) with o{t) = 0
and weight twning provided by

W =FarT
V = Ge(#TWrT

and any constant positive definite (design) matrices F, G. Then
the tracking emor 7(f) goes to zero with ¢ and the weight
estimates V, W are bounded.

Proof: Define the Lyapunov function candidate

L= beTMr 4 Jue (WTF1W) 4 e
Differentiating yields

L= fTM# 4 3 Mr 4 e (WTF'W) 410 (VTG
whence substitution from (28) (with w;

Le=-rTKr+
Fir V(¢

The skew symmetry property makes the secq
and since W W = W with W constant. so i§

antee the tracking subility of the closed-loop system under
red to demonstrate that the
tracking error r(t) is suitably small and that the NN weights
V, W remain bounded, for then the control r(¢) is bounded
The key features of all our ms are that stability is
guaranieed, there is no off-line leaming phase so that NN
control begins immediately, and the NN weights are very easy
10 initialize without the requirement for “initial stabilizing
weights”

Hdeal Case—Backpropagation Tuning of Weights: The next
result details the closed-loop behavior in & certain idealized
case that demands: 1) no net functional reconstruction error;

various assumptions. It is 1

3) no higher-order Taylor senies terms. The last amounts (o the
assumption that f(x) in (10) s lineag, In this case the tuning
rules are straightforward and familiar. Otr-cony i in
the proof and the conditions thus determined showing when
the algorithm works, and when it cannot be relied on
Theorem 3.1° Let the desired trajectory be bounded and
suppose the disturbance term wy (1) in (28) is equal to zero.
Let the control input for (7) be given by (26) With #{t) = 0
and weight tuning provided by

W = FarT
V= Geld T

ad any constant positive de

e (design) matri
the tracking error r(f) goes to zero with ¢ of
are bounded,

e the Lyapunov function ca

\‘lmwm VW
Proof: [

\ unately, WSTng this eror system dvm L] yield .
itside which & certain L
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(sce, c.g. (28] and [

b
3
Lechre 12

B. Stabiliry and Passive Systems

Some stability notions are needed to proceed. Consider the

nonlinear system

¢
/ property (3) holds, Notc that U can be made lasger by sclecting
more hidden-layer neurons

Some aspects of passivity will subsequently be important
[11), [16], [17], [41). A system with input u(t) and output y(t)
is said to be passive if it verifies an oquality of the so-called
“power form”

L) = y"u—glt) )

> 0. That is

r
/ " -‘w‘.fv’/ olr

for all T 2 0 and some v 2 0.
We say the system is dissipative if it is passive and in
addition

with {t) lower bounded and g(t

/ o' (F)ulr) dr # 0 implies

#=fznt) y=his) as myr Me s MAC » Wb [Wg ealprFCE) ¢ €] M
5\“" £ with sie #{t) € K% We say the solution is uaifornly i
2 ) 17 = =Vt =14 7, (10)
¢ ultimately bounded (UUB) if there exists a compact set U ¢ Var =7+ 74
)‘u" R™ such that for all x{tg) = 2o € U, there exists a0 £>0  swhere thelBORINEAF B0t funcHon ik
and a number 7z, zo) such that |jz(f)j| <« forall t > o+ T = :
P As we shall sco in the proof of the theorems, the compact set  J(#) = Mg + A€) + Vin(g,4)(da + Ae) + Glg) + Edg)
U s related 1o the compact set on which NN approximation (1)

In standard use n robotics is the fillerd tracking errog - @ 8¢

—2

where A = A7 >0 is a design parameter marix, usvally
selected diagonal, Differentiating r{¢) and using (7), the a
dynamigs may be writien in teqms of the filtered tracking error

e
e Lk
@ »*

r=é+le

Jet_izo

and, for instance, we may select
e= [l dr
Define now a control input torgue &s
S Ko
gain matrix K, = KT >0 and f(z) an estimate of f( ),

provided by some means not yet disclosed. The closed-Joop
system becomes Y il

Mi = (K 4 @)t = - (K + V.,

where the functional estimation error is given

I=1-]

This is an emror system wherein the filiered g
al atin
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New passivity properties of NN as introduced for linear
nets in |21] are extended to the three-layer nonlincar net. It
is shown that the backpropagation tuning algorithm yields a
passive NN, This, coupled with the dissipativity of the robot
dynamics, guarantces that all signals in the closed-loop system

algorithms given herein avoid the need for PE by making the
NNorobust, that is, strictly passive in a sense defined herein

1L BACKGROUND

Let R denote the real numbers, B denote the real n
vectors, and R™F® the real m x n matrices. Let § be a
compact simply connected set of K. With map £ § = R™,
define C™(8) as the space such that f is continuous. We
denote by (|- || any suitable vector nom. When it is required
1o be specific we denote the p-norm by | - |, The supremom
norm of f (g} (over S) is defined as 3]

[: 8- R™

Given A = [a;;). B € R™™ the Frobenius nom is defined

by
A} = te(ATA) -X-.;',

with tr{ ) the trace. The associated inner product is (A, )¢

tr(A7 3). The Frobenius norm is nothing but the vector two-
norm over the space defined by stacking the matnx columns
into a vector. As such. it cannot be defined as the induced
matrix norm for any vector norm, but is compauble with the

sup,., gl f(z)ll.

Fg

are bounded under additional observability or persisiency time (o provide suitable performance of the et That is, the
of excitation (PE) conditions. The modified weight wning NN should exhibit “learning-while controlling™ hehavior.

trix format by defining
n
Including xo = 1 in 7 allows one (o include the threshold
wector {Bsifesfans)’ as the first column of V7, so that
VT contains both the weights and thresholds of the firsi- to
second-layer connections. Then

where, if 2 =

Thave- layer NN sructure.

Typical selections for o(-) include, with 2 € R
sigmoid

hyperbolic tangent (tanh)

o(r)me” /15, radial basis functions (RBF).

The NN equation may be conveniently expressed in ma
"y = [
[u ], VT = [y

[£ory2

ws|T, and weight matrices W7 =

-

e
Colo

Wia(V'z)

|" & vector we define oz
alz3)--|". Inchuding one as a first term in the vecte
allows ofie 10 ncorpofaic the thresholds 6., as the fic
of W Any tning of W and V' then includes
thresholds as well

Although, 10 account for nonzero thresholds,
sugmented by =, = 1 and o by the constant f

e oo tharlhabeilere il il o ST TSy

hat 7 € RN and 0. RV
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o] Properly 3¢ Se¢ 12

[1l. NN CONTROLLER
cction we derive @ NN controller for the robot
ction Il. We propose various weight-tuning
algonithms, including standard backpropagation. It is shown
that with backpropagation tning the NN can only be guaran
teed to perform suitably in closed loop under unrealistic ideal
conditions (which require, e.g., f(z) linear). A modified tuning
algorithm is subscquently proposed so that the NN controller
performs under realistic conditions.
Thus, assume that the noalinear robot function (11) is given
by an NN Ha (3) for some constant “Ideal™ NN weights W
and V) where the net reconstruction error #(2) I8 bounded by
0 known constant £y Unless the net is “minimal.” suitable
“ideal” weights may not be unique (1], [42). The “best”
weights may then be defined as those which minimize the
supremum norm over 8 of £(z). This issue is not of major
concem here, as we only need 1o know that such ideal weights
exist; their actual values are nol required.
ximation assump

assumptions may not hold. The mildness of this assumption
is the main advantage to using multilayer nonlinear nets over
linear two-layer nets.

For notational convenience define the matrix of all the
weights as

The neat discussion is of major importance in this paper;
it is the key 1o extending lincar NN results 10 nonlinear
NN's. Proper use of these Taylor senies based resulis gives
a requirement for new lems in the weight wning algorithms
for nonlinear NN's that do not occur in linear NN's.

Let' W, W be some estimates of the ideal weight values, as
provided for instance by the weight tuning algorithms to be
introduced. Define the weight deviations or weight estimation
emmors as

Vav-. WaW-W. Z=z-2 o0,

AT

and the hidden-layer output emor for a given 7 as \)

de0-a=a(VTz)-o(V72). “~ @

The Taylor series expansion for a given x may be written as
Vi) = a(V7z) + o' (VTx)VT2 4 O(VT2)?

@

with @(8) = dofz)/de]yus, and O(z)° denoting terms of
order two. (Compare to [33] where a different Taylor series
wis used for identification purposes only.) Denoting (@ =
o'(PTs), we have

o <PV £ 1OV 2 =8V T2+ 0V _3

Different bounds may be put on the Taylor serg

order terms depending on the choice for o). Nofig

OV 2)? = [a(VTz) - o(V72)] - o/ (V72)V REEES

we take the following.

Fact4: For sigmoid, RBF, and tanh activation §

Suppose the disturbance is equal to 0, and then you also assume that v is 0. So, this is very nice
and simplistic I would say, because you are assuming this w1l is 0, which means you are sort of
assuming a lot of nice things, not just this. So, this guy is 0 is okay, this guy being 0 is okay. But
then, you are also assuming that this quantity is zero, so, this is of course, I mean I would say
pretty restrictive. Then, the tracking error of (r) goes to 0, and all the nice things happen.
Because, everything is nice and linear, so you expect all the nice things to happen . So, see if so,

let us sort of think about it. I see, I see.

So, if the higher order terms are zero, then this being 0 also make sense, so, this is not such a
bad. I mean, once we assumed that there are no higher order terms, that is if f is linear, then this
is 0, so this is fine. Actually, this term will be 0, because sigma hat prime is this this guy

basically, it is this sort of this guy.

So, so the activation function that you have is there is no activation function per say, | mean, it is
linear. So, this this term is of course going to be 0, so this term is of course going to be 0. So,
because if there is say if, so basic point being that if f is linear, then there is no higher order

terms, I have this. Is not this become 0 is the question.

So, this is the higher order term. If this is the higher order term, do we need n, and this is 0.
Then, what is the activation function that we need an activation function would be the sort of
question. So, this is also an interesting assumption I would say, because you are taking the

derivative of the activation function with respect to an argument.

1035



And the activation function if the if the overall function fx is linear, then the question is, do you
need an activation function or do you even need the higher layers? So that is the whole point. I
believe the activation function becomes the identity function in this case. If the function f is

linear, then the activation function is simply the identity function.

So, sigma of Z is actually equal to Z, so if I take a partial, it just gives me, if you just take the
derivative, it just gives me 1. So, this quantity should be just 1, I am wondering if that is how it
will be. But, if this quantity is just one, then this is basically V hat transpose x. So basically, you
do not have anything like a Taylor series expansion, because this is I mean, in the linear case,
this I believe will simply become V tilde transpose x kind of a thing. There is no sigma, sigma is
just going to be the identity function is what I believe will happen. And then, but then I wonder
what is the, I mean this, why will this still go to 0? Why would this still go to 0 is not very clear.

Suppose the disturbance, I mean here the authors are pretty much making an assumption that w1
in 28 is pretty much going to 0. And so, so the question that we are trying to answer to ourselves
is of course, this is 0 by the assumptions, no problem. But, what happens to this term is a big

question, what happens to this term is a big question.

If it is linear, then the activation function is linear, and the derivative is simply one. But, then I
still have v tilde transpose x, so, sigma tilde is basically V tilde transpose x. And then I will be

left with W tilde transpose times V tilde transpose x. So, this term it is not clear why this would
be 0.
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So, this term, so I would say this guy, only possible if W tilde transpose V tilde transpose x is
also 0. So, if you assume that this is also some kind of a second order term in the parameter
errors, and the parameter errors are relatively small, then yes, this term also goes to 0. I mean,
this is a interesting assumption, [ would say, this is an interesting assumption is what I would say.
I am not very sure of how that will be. But if it does happen, then of course life is super simple. I
take my usual Lyapunov function r transpose Mr, which is what I would expect. And the second

and third terms are basically these update law type terms.

You I hope you remember these kinds of terms from your model reference adaptive control,

because the unknowns are matrices here. So, you you sort of take the trace with some gain
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matrix F and G, just positive definite symmetric matrices. And then you take the derivative, you
get something like this. And if you substitute everything carefully with wl, 0, all you are left
with is just these guys. W1 equal to 0, all you are left with is just these guys. You you sort of
have and you sort of these terms, you know, if you substitute for r dot, you will have M dot
minus 2 Vm, which is going to go to 0. And then you will have the nice minus Kv term, because

of this guy.

So, this guy becomes this term, so, that goes to 0 because of the skew symmetry property. Then,
you have this nice negative term. Then you have all the sort of the tilde terms, so sorry, you will
have this sort of tilde term. And that, of course gets combined here nicely using the trace
functions. And this this is what essentially, lets you choose your V hat dot and W hat dot. So,
from I am trying to make this quantity 0. So, what I am trying to see is which particular equation
the authors have used, here to substitute for r dot. So, here I have this is coming from just the

derivative here, and this guy is coming from the equation.

So, here you have W tilde transpose sigma hat r transpose, so r transpose is of course from this.
So, W tilde transpose sigma hat that is coming from here, so that is this term, so this term is due
to this. Now, if I look at this term, this is W hat term. This is coming due to this guy, so, these

two terms. And so, w1 1s 0, v is 0, so none of these are there.

So, now if I choose this kind of an update law, everything is rather straightforward, you have a
nice tuning function. I mean, you have this nice | dot is minus r transpose Kv r, which is of
course a negative semi-definite. But, you can prove that r goes to 0 and you are done, because r

goes to 0, e and e dot also go to 0.

So, what did we see today? We started to write the system under the control, where we added a
robustness term to the control. And then we sort of did some kind of nice clubbing of the
disturbances. Some of it is based on intuition and other one more or less to help your Lyapunov
analysis go through. And of course, these are all based on some kind of approximation. So, none
of the results that you get will be like precise tracking et-cetera, it will all be boundedness
results. But, then we started with this back-propagation type tuning, which helps you give this
kind of.
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It sort of makes a I would say not a very good assumption that all the disturbances are essentially
0. And, but then what it can also give you is you had zero tracking errors and things like that. So,
it is a very very idealized situation, but we do this is sort of a first step. You can use this back
propagation tuning to still get some interesting results using this neural network, that is tuned via
an adaptive control law. So, we will of course, continue with this in our subsequent final session

also. So, I hope you are enjoying our discussion, and I hope to see you again soon.
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