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1  CONTROL 

 

Here we will study how neural networks in the brain 

learn to control the body. Our focus is on the brain, but 

we will discuss the challenges facing any system that 

pursues its aims by interacting with the world. There-

fore many of the concepts will apply also to other goal-

directed systems, such as robots, immune responses, 

and gene networks. 

State Dynamics 

Any control problem starts with an agent of some sort 

embedded in a world which obeys rules of its own that 

the agent has to work with and can’t change. For in-

stance, the neural networks that steer your arm can’t 

change the geometry of the arm or the laws of physics. 

These unchangeable rules are summed up in a state 

equation, which describes how a vector of interest 

called the state, x, evolves under the influence of a 

command vector u issued by the agent: 

 ( )= ( ( ), ( ))t t tx x x u  (1) 

That is, ( )tx , the rate of change of x at time t, depends 

on the current values of x and u. In arm control, for ex-

ample, x might be the positions and velocities of all the 

arm joints, and u might be the firing rates of the moto-

neurons to the arm muscles. So the agent’s job is to 

issue commands, u, that achieve its aims, given the 

rules laid out by the state equation. 
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More generally, x  may also depend on other things 

besides x and u. For instance your arm dynamics 

change if you pick up a heavy suitcase. We will ignore 

that complication, but it is easy to incorporate using the 

principles we will learn. 

We will use the word controller, rather than agent, for 

the thing that issues the commands u, to emphasize 

that for us it is usually a set of neurons rather than a 

whole organism. The controller receives information 

about x, and about some target state x*, and uses it to 

compute u. For instance x* might be a location you 

want to reach to. The function the controller uses to 

compute u’s from x’s and x*’s is called its policy. We 

can expand formula (1) to spell out that u depends on x 

and x*: 

 ( ) ( ( ), ( ( ), *( )))t t t tx x x u x x  (2) 

In these notes I will use bold lower-case letters to rep-

resent vectors, and I will add parentheses to refer to the 

functions that give rise to those vectors, e.g. u() is a 

policy, and u and u(x, x*) are commands. For brevity I 

will usually write u rather than u(x(t), x*(t)), but it is un-

derstood that u depends on x and x*, which vary with 

time. 

Biological Dynamics  

Engineers study special cases of state dynamics that 

are easy to control. One is the linear form,  x Ax Bu , 

but linear systems are rare in biology. A special case 

that does apply to biology is the u-affine form, 

 ( ) ( ) x f x G x u  (3) 
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This equation is widely applicable because f() and G() 

can be any smooth functions. 

Biological dynamics often involve a configuration, 

meaning a vector q with fewer elements than the state x 

and with the property that q and its time-derivatives 

determine x. For example in reaching, q is all the an-

gles of the arm joints, and x is these angles and their 

derivatives, x = T T T( , )q q . If we can rewrite the state 

dynamics this way 

 ( ) ( ) q f x G x u   (4) 

then we say they are in control-canonical form. 

Simulating Dynamics 

Most differential equations, including most state equa-

tions, can be solved only by numerical integration. The 

simplest method is Euler's, where we solve ( )x f x  by 

breaking time into discrete instants Δt apart, and set-

ting 

 ( ) ( ) ( ( ))x t t x t f x t t  Δ Δ  (5) 

We will use this method in all our control simulations, 

with ∆t = 0.01 s. 

≫ run EULER_INTEGRATION.m 

Desired Dynamics  

A controller needs a policy that will achieve its aims, 

but what are those aims? Often they are to make the 

state x obey some desired dynamics, e.g. to snap to a 

target, or track a moving object. 
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Desired dynamics should be feasible. They shouldn’t 

ask the controller to whip the hand to a target super-

sonically, but should specify an achievable motion. 

Computationally, this kind of path planning isn’t trivial. 

In the brain, suitable paths are likely wired in by natural 

selection, and then improved by learning. We will con-

sider that kind of learning in Section 5. 

For now we will consider an engineering approach to 

path planning, which is to choose linear desired dy-

namics, e.g. in the arm example we might choose 

 *
1 0* ( )c c  q q q q  (6) 

where the c's are constants. How do we choose c's that 

give the behavior we want, e.g. driving q to q*? We 

define the Hurwitz polynomial 

 2 1 0 2
1 0 1 0,  i.e.  s c s c s s c s c     (7) 

and choose our c's so the real parts of all the roots of 

this polynomial are less than 0. Then the dynamics in 

(6) are said to be Hurwitz, and can be proven to drive q 

to q*. 

Having chosen our desired dynamics, how do we find a 

policy that will make them come true, i.e. make q  = 

*q ? If the state dynamics have control-canonical form 

(4), and the matrix G(x) has a right-inverse, G(x)+, then 

a suitable policy is  

 ( ) ( ) [ *( ) ( )] u x G x q x f x  (8) 

To verify that this policy works, substitute the right-

hand side for u in (4) and simplify to get  q  = *q . This 
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policy, with a Hurwitz *q , is called feedback lineariza-

tion. 

≫ run FEEDBACK_LINEARIZATION.m 

Policy (8) assumes the controller knows the state dy-

namics, as defined by f() and G(). Control networks in 

the brain probably do have approximations to their f() 

and G() wired in at birth, thanks to natural selection. 

But as the body grows, its dynamics change. So neural 

controllers must learn f() and G(). 
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2  ELEMENTS OF LEARNING 

 

Neural controllers must learn their state dynamics and 

policies. To explore the principles in a simple setting, 

we will consider a task where a learner deduces a tar-

get function y() based on examples of x’s and y(x)’s. 

This task is called supervised learning; the x's are in-

puts; the y's are desired outputs, and each ordered pair 

(x, y) is an example. Usually the learner can’t deduce 

y() precisely but seeks an estimate ˆ()y  that approxi-

mates y(). 

Models 

Any learner has a model, which is the set of all the func-

tions ˆ()y  it is willing to consider as approximations to 

y(). For instance it might have a linear model, which 

permits only linear functions, of the form 

 ˆ y Wx  (9) 

Here W is a matrix of numbers called parameters or 

weights, which the controller adjusts to improve its es-

timates. So learning comes down to finding the W that 

makes ˆ()y  as close as possible to y(). 

More generally the model may have the form 

 ˆ (̂ , )y y x W  (10) 

where ˆ()y  may be nonlinear in x or W or both. In the 

brain, the parameters are (probably mainly) the weights 

(i.e. the strengths) of the synapses. 
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Risk 

The aim of learning is to compute the W that gives us 

the best approximation. But what do we mean by best? 

One approach that seems well suited to the brain is to 

say the best approximation is the one that minimizes 

the least-squares risk, which is the expected value of 

the squared error in our approximation, 
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ˆ( ) E( ( , ) )R  W y x W y  (11) 

i.e. the average squared error over all possible exam-

ples (x, y). 

Optimization 

Learning is a matter of finding the weights W that opti-

mize (i.e. minimize) the risk, R. How might the brain do 

this? Here we will look at the main methods of optimi-

zation from math and computer science. Then in Sec-

tions 3 and 4 we will apply them to neural networks. 

For simplicity we will focus for now on the case where 

W is a row vector, w. 

Optimization methods are classed according to the 

derivatives of R they use: none at all, first derivatives 

only, or first and second derivatives. 

Derivative-free Optimization 

If we can compute R() but not its derivatives then the 

best we can do is try different w’s and remember which 

worked best. We make an initial guess w, compute 

R(w), then try another weight w’ close to w. If R(w’) < 

R(w) then w’ becomes our new w; otherwise we reject 

w’. Then we repeat, choosing a new w’ near our cur-
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rent w and so on. As we keep doing this, R(w) gradual-

ly decreases. 

Gradient Descent 

If we know the first derivative of R with respect to w — 

written ∇wR or simply Rw or ∇R and called the gradient 

— then we can move toward a minimum by gradient 

descent. That is, we choose some w as a starting point, 

then step to  

 ( )new R  w w w Tη  (12) 

(where η is some positive number), and repeat. ∇R(w)T 

points in the direction of steepest increase of R at the 

point w, and so by stepping in the opposite direction, 

we decrease our risk. 

Unfortunately this method doesn’t tell us how far to 

step, i.e. how big to make η. If we choose η too small 

then we may approach the minimum extremely slowly. 

If we make η too large then we may overstep the mini-

mum and increase our risk. Sometimes we can choose 

good step sizes using the second derivative of R, writ-

ten ∇2R and called the Hessian.  

Newton’s Method 

If we know the Hessian then we can often find minima 

quickly by Newton’s method. In this approach we ex-

ploit the fact that any smooth function, such as R, in 

any small region near a minimum, is shaped roughly 

like the bottom of a paraboloid, i.e. like a quadratic sur-

face Q(w) = a + wb + wCwT, where a is a scalar, b a 

column vector, and C a symmetric, positive-semidefin-

ite matrix. 
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Clearly ∇Q(w) = b + 2CwT, ∇2Q = 2C, and therefore 

 2 T( )Q Q  w b w   (13) 

We are at the minimum if ∇Q is zero. It follows that, giv-

en any w, the minimum is at w + ∆w if 

 2 T ( )Q Q     w wΔ   (14) 

because then ∇Q(w + ∆w) = b + ∇2Q(w + ∆w)T [by 

(13)] = b + ∇2QwT – ∇Q(w) [by (14)]= b + ∇2QwT – b – 

∇2QwT [by (13)]= 0. 

This formula motivates Newton’s method of minimizing 

R, which is to choose a w, step to wnew = w + ∆w, 

where ∆w is a solution to 

 2 T ( )R R     w wΔ   (15) 

and repeat. 

If R is a perfect, concave-up paraboloid then a ∆w fit-

ting (15) will take us to the minimum in a single step. If 

R is roughly parabolic near w then we will need a series 

of steps, though fewer than with gradient descent. But 

if R isn’t even roughly parabolic near w — if w is far 

from a minimum — then Newton’s method may fling us 

into the wild blue yonder. 

Another issue is that we may need a lot of effort and 

memory to compute the Hessian, e.g. if w has 1000 

elements then ∇2R has a million. 

Next we will see how these 3 classes of optimization 

methods may be implemented in the brain. 
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3  ONLINE LEARNING 

 

The brain learns online, meaning it receives a stream of 

examples (xs, ys), one after another, and adjusts its 

weights after each one. We will assume the examples 

are drawn from a probability distribution (unknown to 

the learning algorithm). So x and y are random varia-

bles. For convenience we will assume they have means 

of zero. 

We will start with methods that approximate the relation 

between x and y with linear functions, ˆ y Wx . These 

methods are worth studying because, as we will see, 

they generalize to learn not just linear but any smooth 

function. 

Again we will focus on the case where W is a row vec-

tor, w. Our goal is to find the w that minimizes the risk,  

 
2

E( )R y wx   (16) 

For now we will assume our neurons are linear: each 

receives a column vector of inputs x and multiplies it by 

a row vector of weights, w. For instance if the neuron 

has 1000 incoming synapses then x has 1000 elements  

Each of the 1000 incoming signals xi gets multiplied by 

the weight of its synapse, wi, and the sum of the 1000 

products is the cell’s firing rate, or signal, ŷ  wx . We 

call it ŷ  because the cell is trying to estimate the de-

sired output y. 

Weight Perturbation 

This is a derivative-free method. A neuron starts with a 

random weight vector w0, and perturbs it, trying out 
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nearby w’s to see if they work better. As each example 

input xs arrives, our neuron computes its estimate ˆ
sy = 

ws–1xs and its error sy = ˆ
sy – ys. Then it chooses a small 

random perturbation wpert, computes a new estimate 

ˆ 'sy = (ws–1 + wpert)xs and error 'sy . If the new error is 

smaller than the first then the neuron accepts the per-

turbed weights, i.e. ws = ws–1 + wpert. Otherwise it ad-

justs in the opposite direction, ws = ws–1 – wpert. 

≫ run WEIGHT_PERTURBATION.m 

Node Perturbation 

This is a faster derivative-free method, where the neu-

ron perturbs its signal (its firing rate) rather than its 

synapses. When input xs arrives, the neuron fires at rate 

ˆ
sy = ws–1xs, and computes its error. Then it alters its 

firing rate slightly, to ˆ 'sy  = ˆ
sy + ˆ

perty , and computes its 

new error. Based on those 2 errors, it computes an ap-

propriate adjustment to w. That computation makes 

node perturbation more complicated that weight per-

turbation, but faster. 

≫ run NODE_PERTURBATION.m 

Risk Derivatives 

To apply gradient descent or Newton’s method we 

need the derivatives of the risk R. Clearly ∇R = ∇E((wx 

– y)T(wx – y)) = E(2x(wx – y)) [because E is linear and 

so we can switch E and ∇ and apply the chain rule] = 

E(2x(xTwT – y)) = 2E(xxTwT– xy), i.e. 

 2[E( ) E( )]R y  xx w xT T  (17) 

And by similar reasoning, 



12 

 

 2 2E( )R  xxT  (18) 

This matrix E(xxT) is the covariance of x. 

The expected values in (17) and (18) are usually un-

known, but we can estimate them based on the current 

example, xs and ys. To begin with, we can estimate the 

covariance and cross-covariance this way: 

 ˆ ˆ E( ) , E( )  s s s sy y xx x x x xT T  (19) 

And therefore 

  ˆ 2s s s s sR y  x x w xT T  (20) 

 2ˆ 2s s sR  x x T  (21) 

Online Gradient Descent 

To find the formula for gradient descent in this online 

linear setting, we plug (20) into (12) to get 

 1 1[ ]s s s s s sy
 

  w w w x xTη  (22) 

In the case where the output is a vector, y, rather than a 

scalar, the formula is the same except that w becomes 

an ny-by-nx matrix W. This formula is also called least-

mean square learning, or LMS. 

 1 1[ ]s s s s s s 
  W W W x y xTη  (23) 

For a more-compact expression, we define an error 

vector 
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 1
ˆ

s s s s s s
   y y y W x y  (24) 

and write LMS as 

   W yxTη  (25) 

LMS will drive y  to 0, so long as η is not too large. But 

if η is too small then the convergence is unbearably 

slow. So η must be chosen carefully. 

≫ run LMS.m 

Online Newton 

To apply Newton’s method, from (15), we have to find a 

∆w such that 2ˆ[ ]sR ∆wT = ˆ ( )sR w , i.e. [xsxs
T]∆wT = 

xsxs
TwT – xsys. A little algebra will confirm that ∆w = –

[wxs – ys][xs
Txs]

–1xs
T does the job. Hence we have this 

formula for online Newton, also known as normalized 

least-mean-square learning, NLMS: 

 / ( )  W yx x xT T  (26) 

(when x = 0 we set ΔW = 0). NLMS learns faster than 

LMS, and doesn't require us to choose an η. 

  ≫ run NLMS.m 

A drawback of NLMS is that it doesn't converge as well 

as LMS to a steady W in cases where only rough fits 

are possible. If there is a single W* that yields a close fit 

to all the data then NLMS will find it, but if there is no 

such all-purpose W* then NLMS will keep adjusting W 

forever, always minimizing the error for just the current 

input, never finding a W that is a good global compro-



14 

 

mise. It helps to introduce a damping factor η between 

0 and 1 into the learning rule, like this: 

   W yxη  (27) 

to make it less aggressive in adjusting W to suit the 

current input.  

Recursive Least Squares 

NLMS learns faster than LMS but not optimally fast. For 

optimal speed, we need a more complex algorithm 

called recursive least squares, RLS, also known as an 

online Gaussian process. We won’t derive it here, but 

you can see its equations in the code file RLS.m. 

 ≫ run RLS.m 
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4  LEARNING NONLINEARITIES 

 

So far, all our methods have learned linear approxima-

tions, ŷ  = Wx, but the brain needs algorithms that 

work with nonlinear models 

 ˆ (̂ , )y y x W  (28) 

Backpropagation 

The backprop algorithm trains layered networks of non-

linear neurons. Networks of this form are capable of 

universal approximation, i.e. you can approximate any 

smooth function as closely as you like if you have a big 

enough network. Backprop adjusts the network 

weights by gradient descent. 

 ≫ run BACKPROPAGATION.m 

Linear-in-the-parameters Learning 

To learn nonlinear functions y(x), we needn’t make ŷ  

nonlinear in both x and W, as in (28). We can make ŷ  

nonlinear in x but linear in W, 

 ˆ ( )y W x  (29) 

This way, we can learn nonlinear functions of x but use 

linear learning algorithms. This approach is called line-

ar-in-the-parameters learning. 

The vector φ(x) in (29) is called the feature vector. Its 

elements φi(x), called features, are functions of x, usual-

ly nonlinear. Common choices are Gaussians, polyno-
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mials, and hyperbolic tangents. Like layered networks, 

models of the form (29) are universal approximators. 

By analogy with (24), our error is 

 ( ) y W x y  (30) 

For linear-in-the-parameters learning we simply run any 

of the algorithms from Section 3 using φ(x) in place of 

x.  

For example, suppose we want to learn the function xTx 

over the domain x1, x2 ∊ {–1, 1}, as in Backpropaga-

tion.m, but now using RLS with Gaussian features, i.e. 

features of the form φi(x) = exp(–γ(x – xi)
2). The vector 

xi is called the center of the Gaussian. We have to 

guess where to put these centers, and what value of γ 

will work best, and how many features we need. The 

resulting algorithm is much faster than backprop. 

≫ run RLS_GAUSSIAN.m 

How might linear-in-the-parameters learning work in the 

brain? It could run on a layered network with linear neu-

rons in the output layer. The upstream neurons are 

nonlinear, and the signals coming from the second-last 

layer of cells serve as features φi(x). Only the synapses 

from this second-last layer to the output layer are ad-

justed by learning, because only they are linearly relat-

ed to the network’s output. All upstream synapses are 

frozen. They may be set by natural selection to yield 

good features φi(x), but they don’t change with learn-

ing, just as the widths and centers of the Gaussians 

don’t change in RLS_Gaussian.m. So linear-in-the-

parameters networks are full of synapses that may be 

far from optimal but can’t be improved. 
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The Curse 

With linear-in-the-parameters methods we can’t im-

prove our features during learning, so we have to 

choose good ones at the outset. Can we just choose a 

huge number of them, and hope there will be some 

good ones in the mix? In fact that is part of the method. 

But a brute-force approach — just choosing a lot of 

features randomly — has its limits, thanks to a theorem 

called the curse of dimensionality, which says the num-

ber of random features we need grows exponentially 

with the dimensionality of the input x.  

Linear versus Nonlinear  

Linear-in-the-parameters methods learn faster than 

nonlinear ones and they may be more robust because 

they hinge on fewer choices. With RLS, for instance, we 

choose only the number and type of features, e.g. 

Gaussians of a certain width. But with backprop we 

have to choose the type of neuron, the number of lay-

ers, the number of neurons in each layer, the η's for all 

the neurons, and the initial values of the weights. If we 

choose wrong then learning fails. 

On the other hand, linear-in-the-parameters networks 

have a lot of non-optimal synapses they can’t improve 

whereas nonlinear methods adjust all the synapses. 

Nonlinear methods still suffer the curse of dimensionali-

ty — the number of adjustable parameters they need 

grows exponentially with the dimensions of x — but 

they make better use of the parameters they have. 

In light of all this, the brain may mix linear and nonline-

ar methods — fast linear learning for output-layer syn-

apses, and slower backprop or perturbation upstream. 
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5  OPTIMAL CONTROL  

 

In optimal control we try to find desired dynamics and 

policies that minimize certain costs. Typically we have 

some non-negative scalar quantity we want to keep 

small, such as our rate of fuel consumption or the dis-

tance to a target, and we call that quantity the cost rate, 

r. This r may depend on x, u, and other things such as 

the location of a target, but for simplicity we will as-

sume the target is always 0 and r is determined by x or 

u or both — r(x, u). 

The thing we want to minimize is the cost, J, which is 

the time-integral of r, 

 τ τ τ( ( ), ( ( )))
t

J r d


  x u x  (31) 

Cost-to-go 

The cost (31) varies as a function of the initial state x(t). 

When we want to emphasize its dependence on x, we 

call it the cost-to-go, and write 

 τ τ τ( ( )) ( ( ), ( ( )))n n

t

J t r d


 x x u x  (32) 

In other words Jn(x(t)) is the total cost we will accumu-

late from now on if we are currently (i.e. at time t) in 

state x and we choose our commands using the policy 

un(). The superscript n's emphasize that the cost-to-go 

depends on the policy. Any one system has many pos-
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sible policies, and (32) shows the cost-to-go for one of 

them, un(). 

Our aim is to find the optimal policy u*(), which is the 

one with the smallest cost-to-go J(x) for all x in state 

space. This smallest J is the optimal cost-to-go 

 τ τ τ*( ( )) ( ( ), *( ( )))
t

J t r d


 x x u x  (33) 

Finding u*() is challenging because the cost is an inte-

gral through time, and it is hard to work out how a 

command at any one moment will affect the cost later 

on. But we can simplify things with 2 concepts: the 

principle of optimality and Hamiltonians.   

Principle of Optimality 

This says that every piece of an optimal trajectory is 

itself optimal. For any stretch of time, t to t + Δt, and 

any state x(t), the optimal policy u*() always yields a 

smaller value than does any other policy u() for this 

integral: 

 

τ τ τ τ τ τ

τ

τ τ

*( ( )) ( ( ), ( ( ))) ( ( ), ( ( )))

*

*

t t

t

t t

t

t t t t

t t

J r d

J r d

J d r d





 

 

  

 





 

x x x u x x u x

x  (34) 

To see why, note that in the last line of (34), the first 

integral is the decrease in J* achieved by the policy u() 

between times t and t + Δt, and the second integral is 

the price paid — the cost that u() accumulated to get 

this reduction in J*. Clearly, if u() achieved a smaller 

sum than u*(), then we could use u() from time t to Δt, 

and u*() thereafter, and so accumulate less cost from 
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time t to ∞ than we would with u*() alone. But this is a 

contradiction because u*() is optimal. Hence u*() min-

imizes (34). 

Hamiltonians 

As we have seen, u*() minimizes the integral (34) over 

any time interval Δt, no matter how brief. That means it 

must minimize the integrand at each moment, i.e. the 

optimal command u* is the one that minimizes  

 *( ) ( , ) ( , )J r x x x u x u  (35) 

The quantity (35) is called the Hamiltonian of the sys-

tem, H*(x, u). 

Moreover, differentiating (33) yields *J = –r (where the 

minus sign appears because we differentiate with re-

spect to the left rather than the right side of the integra-

tion domain [t, ∞)). Adding r to both sides and expand-

ing terms, we get 

 *( ) ( , *( )) ( , *( )) 0J r  x x x u x x u x  (36) 

i.e. H*(x, u*) = 0. From (35) and (36) we see that u* 

both minimizes and zeroes the Hamiltonian. So for all x, 

 min{ *( ) ( , ) ( , )} 0
U

J r


  
u

x x x u x u  (37) 

where U is the set of admissible commands.  

Finally, it can be shown that no other function can sub-

stitute for J*() in (37) and still make it true; i.e. J*() is 

the unique solution to 

 min{ ( ) ( , ) ( , )} 0
U

J r


  
u

x x x u x u  (38) 
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which is called the Hamilton-Jacobi-Bellman equation. 

So if we can find the J() that solves the HJB equation 

then we have the optimal cost-to-go J*(), and we get 

u*() as well because it is defined by (37). Unfortunately, 

in most problems the HJB equation can't be solved 

analytically. We have to look for approximate solutions. 

Solving HJB Equations by Learning 

There are many approaches, but most are versions of 

the following scheme. First we choose a policy u() and 

a scalar function (̂)J  to be our initial estimates of u*() 

and J*(). This initial u() may be far from u*(), but must 

at least have a finite cost-to-go. Often a suitable u() can 

be found by feedback linearization. 

This u() and (̂)J  imply an estimate of the Hamiltonian, 

 ˆ ˆ( , ) ( ) ( , ( )) ( , ( ))H J r  x u x x x u x x u x  (39) 

Our u(), (̂)J  and ˆ()H  won’t have the properties of the 

real u*(), J*() and H*() as laid out in (37), i.e. our u() 

won’t yield commands u that minimize ˆ( , )H x u , and the 

minimum of ˆ( , )H x u  won’t be 0 for all x. But we can 

gradually adjust u() and (̂)J  to get closer and closer to 

those properties. That is, we alternate 2 operations: 

Step 1, adjust (̂)J  to bring Ĥ  closer to 0, i.e. to shrink 
2Ĥ ; Step 2, adjust u() to lower Ĥ . 

For example, we may choose an estimate (̂ )J x  of the 

form wφ(x) where w is a row-vector of weights and φ(x) 

is a feature vector. Then  

 Ĥ r w r    w x   (40) 

and 
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 2ˆ ˆ/ 2H H  w   (41) 

So in Step 1 we can adjust w to shrink 2Ĥ  by the LMS 

formula, ∆w = TĤ . Similarly, we choose a para-

metrized  u() — u(x, W) — so in Step 2 we can adjust W 

to lower Ĥ  by gradient descent, ∆W = Tˆ[ / ]u H  W . 

There is an example in the code file HG_TO_1DOF.m. 

≫ run HG_TO_1DOF.m 

 


