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Training neural networks

Give a machine learning model h(W, x), where W is the parameter, x is the input.
For MLPs: h(W,x) = Wy o(Wo(W, _yg0-0oa(Wix+by) ...+ b, _1) +b;) +
b1

ForW = W, .1, W;,...,W;,b; 41, by, ..., b1).

. 1 - -
We train to m&nﬁzie[w] [(h(W,x®D),y®) + R(W)

We have learned how to compute the gradient of the objective.



 We train to find the minimizer:
. 1 . .
min < Xiepny [(A(W, ), y@) + RW)

Traini g * We have learned how to compute the
neural gradient of the objective.
networks e Can we train neural networks now?
* Answer: Yes, but it is going to be hard for the
training to work on deep neural networks... '
> 4




Training
neural
networks

Biggest problems training (multi-layer)
neural networks.

h(W; x) —_ WL+1 O-(WLO-(WL _10' O e O
o(Wix +by) ..+ by 1)+ b)) +bryy
Key observation:
 If [[W]|; > 2 for every [, then
potentially (W, x) > 2*
o If [|IW]l2 < %for every [, then
potentially h(W,x) < 27%
The output of the neural network will

blow up/shrink to zero unless ||W;]], is in
a narrow “nice range”.



Output
explosion/vanishing

One of the key difficulties of training

a neural network is:

e The output of the neural network (or
intermediate neurons) at a higher layer can

easily explode (too large) or vanish (too
small).

* The explosion/vanishing happens
exponentially (in terms of layers).

This makes training neural

networks quite difficult.

e We are going to learn several techniques to

mitigate it, including normalization and
residual links.




Output explosion/vanishing

* At some layer [, how do we maintain that h;(x) stays in a “healthy
range”? Meaning that each coordinate of h;(x) is typically neither
too large nor too small.

* The naive solution: If o is a sign function, then each coordinate of
h;(x) isin{-1, 1} (good).

* But when o is a sign function, the gradient of the neural
network is zero...

+ Recall g; = W 19141 ® 0’ (2)




Output explosion/vanishing

* We want each coordinate of h;(x) to be in a good range, like in {-1, 1}
* But we can’t use the sign activation function.

e Solution?
* Normalization techniques.



Normalization
techniques in
deep learning

Layer normalization and
Bach normalization.

Normalization techniques
are what make deep
learning training possible.




* Key idea:

* We want each coordinate of h;(x) tobeina
Layer : . good range, like {-1, 1}
normalization e But this is not doable in a differentiable manner.

* We relax it to be: The norm of h;(x) is 1.




* Given a vector z, the layer-normalization
layer is defined as:

*IN(a,b,z) =a @ R
2

* Where a, b are two vectors, they are trainable
La er parameters, z is the input. a is typically initialized
y at 1, bis initialized at 0. € is fixed and typically

normalization very small, like 1078 or 107°.

* We also use LN(z) to denote LN(a, b, z) for
simplicity (to hide the trainable parameters —
They are still there, but we just don’t write '
them in the expression for notation

simplicity). /
> 4
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s
* LN(a,b,z) = a ® “Z”Z —+b
2

* In this way, as long as a is not too
large/small and b is not too large,
Layer the norm of the output of LN(a, b,

norma“zation z) is in a good range for every z.

* LN(z) is a differentiable function
of z for every z.




Layer normalization

* As an example, we can use layer normalization in an MLP as:

« h(W,x) = Wipy1 LN o a(W,LN o O'(WL _q{LNogo--oLNog(W;x + b{) ...+ b; _1) ~+
by) + by

* In this way, the output norm of each hidden layer is in a good range (not exploding nor
vanishing).



Batch normalization

* Layer normalization is great.
e But still, the norm of the output is good could still lead to some bad configurations.

* Only one neuron always outputs 1, all the other neurons output O.

* What if | really want each coordinate of h;(x) to be in a good range, like {-1, 1}, instead of
the norm of the entire layer?

* In this way, we enforce every neuron to be useful.



Batch normalization

e Batch normalization ensures that “every neuron is
useful”.

Given a batch of ninputs z4, 25, ..., Zz, In R,

Batch normalization operation BN is defined as:

zi—mean({z4,.-.Zn})

std({z1,...Zn})+E£ +b

BN(Zi) =a X

Where a, b are trainable real values, ¢ is fixed.




zi —mean({z4,.-»Zn})
std({zq,...Zn})+€

Batch * BN is a differentiable function of each z;.

normalization e fa=1and b =0, it ensures that the variance
of {BN(z,), ..., BN(z,,)}is 1 and mean is O.

* Almost like the output of BN(z;) isin {-1, 1}.

+ b

’BN(Zi) =a X




Batch normalization

To use Batch normalization in a neural network:

For example, if we apply batch-normalization to a neuron n(x)
* Given a batch of input x(, x@, ..., x(™).

| n(x(i))_mean{n(x(j))} ;
. DY) =
BN (n(x )) = a std({n(x(j))}jE[n]>+8

* So, we can also use:

h(W,x) = W;,1 BN oa(W,BN ca(W, _{BNogo:--oBNoag(W;x+by) ...+
b, _1) + b)) + bpyq



Batch normalization versus layer normalization

Batch normalization ensures the output of each neuron has a good
variance. While layer normalization only ensures the output of the
layer has a good norm. (Batch normalization wins).

Batch normalization requires batch input, which means you can only
use batch normalization with a relatively large training batch. So it’s
more memory intensive (Batch normalization loses).

Batch normalization is typically used in CNN (Convolution neural
networks), layer normalization is typically used in transformers.




Residual
Link

Now we make
sure the output of
each
neuron/layer in
the neural
network is good...

Can we train
neural networks
now?




Residual Link

Can we train

neural networks
now?

We can, but it
still won’t be
good...

Recall what we

want a neural
network to do.

-

We want a neural
network to perform
hierarchical feature

learning.

~




Residual Link

Hierarchical Feature
Learning:

e We want the first layer of neural network to learn basic number arithmetics.
For exam ple, to learn * The second layer to learn variable arithmetics.

adva nced ca |CU | us. e The third layer to learn matrix arithmetics.
e The fourth layer to learn tensor arithmetics...

Key observation: Even
tensor arithmetics re|y o721 e The fourth layer relies on the features of the first layer.
basic number arithmetics!




Residual Link

* In hierarchical feature learning,
* The higher layer often directly relies on the features of the very low layers.

* h(W,x) = Wy oWo(W, _qo0--oco(Wix+by) ..+ by _1)+b)+briq

* Directly accessing the features in very low layers from very high layers is not that easy...
* There’s so much non-linearity in between.



Residual Link

When neural network is performing Solution: Residual link.
Hierarchical Feature Learning:

Can ensure the higher layers can directly access the
features of the (much) lower layers?



Residual Link

Residual link: Replace the basic block of MLP from o (W z + b)
Toz+Va(Wz + b)

Original MLP:
* h(x) =a(Wih;_1(x) + by)
MLPs with Residual link:
* hy(x) = hi_1(x) + Viiqo(Wiyhy—1(x) + by—q)



One last trick

N

Now, can we train neural Yes, we finally can, but there’s one
Networks????7?2?2?27272?279727292772?9277?7727777 additional trick that helps training.



Dropout

Let us consider an one-hidden-layer
MLP h(x) = ¥, a;0(w/x + b;)

Key problem during training: Mode
collapsing.
At anytime during training, whenever
a; = Clj,Wl' = lebi = b]
* Then a; = (lj,Wl' = Wjibi = b]
forever afterwards during training.
* If we use gradient based method.

This is because these two neurons will
have the same gradient at any
iteration afterwards.



Dropout

* At anytime during training, whenever a; = a;,w; = w;, b; =

b;.

. Thgn. a; = a;,w; = wj, b; = bj forever afterwards during
training.

* This is because these two neurons will have the same
gradient at any iteration afterwards.

e Can we save it?
* Dropout.




Dropout

e For avector z € R%, the dropout layer is defined
as:

» Dropout(z) =z ® 1,where T € {0,1}% is a random
variable, each coordinate is i.i.d.
* Prit; =0]=p
* T is not trainable, but sampled randomly at
every training batch.
* We can apply dropout like:
* MLP h(x) = Y; a;Dropout(a(w{x + b;))
* h(x) is a randomized function.




Dropout

* We can apply dropout like:
e MLP h(x) =
Y a;Dropout(o(wi x + b;))
* h(x) is a randomized function.
 Evenif a; = Clj,Wi = Wj,bi = b]

* Their gradient might still be different,
since T; can be different from t;



Dropout Training

* To train using dropout on, for example, h(x) =
o aiDropout(a(WiTx + bl-))

« At every iteration, for each xU), we randomly sample a ), and
obtain function hV)(xW)) = ¥, airi(j)a(wiTx(j) + b;)

- Compute the gradient of W for L(hU)(x1)),y())

e Update using this gradient.
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