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Supervised Training
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An Aside on Reinforcement
Learning

e \We’re seeing more work on
RL in NLP (e.g. dialog)

e RL problems typically have
“trial-and-error search and
delayed reward”
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An Aside on Unsupervised
Learning
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The Loss

e For language tasks, typically negative log-likelihood
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Empirical Risk Minimization
e What we’d ideally like to minimize:

J” (‘9) — a(x,y)fvpdataL(f(X§ ‘9)7 y)

e \WWhat we minimize in practice:

J(e) — <1:(X,’y)f\"ﬁdatal;(]l)(}(; 0)7 y)

:_ZL x(D: ), y®)

f are the parameters, {(x! m) ™ . the training data, L the loss
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Regularization

* Qverfitting is a major problem with powerful deep models
(esp. when data is scarce)

e We’'d like our models to perform well on unseen test data
(possibly at the expense of training set performance)

* Requiring good generalization is what separates machine
learning from pure optimization problems
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It’s All About the Gradients
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where L(x,y,0) = —log p(y|x; 0)
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It’s All About the Gradients
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Gradient-based
Optimization

Gradient descent
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Figure 4.1: An illustration of how the derivatives of a function can be used to follow the
function downhill to a minimum. This technique is called gradient descent.

p.83 of the Deep Learning textbook
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Lots of Parameters

I-ORG, I-LOC, I-PER, I-TIME, O
. 10000 All need to be learned (or updated)
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Gradient-based
Optimization
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Gradient-based
Optimization is Hard

e | ots of local maxima
for deep networks

* |n particular lots of
saddle points

 Exploding and
vanishing gradients

Q) DeepMind 4% CAMBRIDGE



Approximate Minimization

Approximate minimization

This local minimum
performs nearly as well as
the global one,

so it is an acceptable
halting point.

2 | Ideally, we would like
to arrive at the global
minimum, but this

might not be possible.

This local minimum performs
poorly, and should be avoided.

Figure 4.3: Optimization algorithms may fail to find a global minimum when there are
multiple local minima or plateaus present. In the context of deep learning, we generally
accept such solutions even though they are not truly minimal, so long as they correspond
to significantly low values of the cost function.

p.85 of the Deep Learning textbook
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Calculating Gradients

 Back-propagation is an efficient algorithm for computing
gradients in a neural network: “Back-propagation is an
algorithm that computes the chain rule [of calculus], with a
specific order of operations that is highly efficient.”

* Another algorithm, such as SGD, uses those gradients to
perform learning (optimization)

 Back-propagation is not specific to MLPs, but in principle
can compute derivatives of any function

p.198 of the Deep Learning textbook
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Backprop for MLPs

1
L = §(t — y)? where ¢ is the target output, y is the actual output
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Backprop for MLPs
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Backprop for MLPs
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Backprop for MLPs

OL B OL| 0o, 8inpj I — l(t . y)2
Gwij B an 8il’lpj 8wij 2‘
do(inp;) . . /\\
it = o(inp,) (1 = o) 000000000
ZOj(l—Oj)
o(2) =
L+e™* OO == OO0 OO0 == OOOOO

L,
.| Q
NG
|
Q
O
g
|
Q
O

S

‘‘‘‘‘‘

Q) DeepMind ¢» CAMBRIDGE



Backprop for MLPs
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Backprop for MLPs
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Backprop for MLPs
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Backprop for MLPs
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Backprop for MLPs
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Backprop for MLPs
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Backprop in Tensorflow
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Estimating Gradients

g = V@ Z VHL : y(z) 6’) Batch learning

g = % Z V@L(X(j), y(j)7 (9) Mini-batch learning
(x(j),y(j))EB

In “pure” SGD, |B| =1 (!)
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Selecting the Mini-batch

Q DeepMind

Larger batches give more accurate estimate of the
gradient, but with less than linear returns (p.271 DL book)

Multicore architectures are usually underutilized by
extremely small batch sizes (p.272 DL book)

Small batches can offer a regularizing effect, perhaps due
to the noise they add to the learning process (p.272)

In practice, shuffle the training data, then cycle through
the same mini-batches on each epoch




Stochastic Gradient
Descent (SGD)

Algorithm 8.1 Stochastic gradient descent (SGD) update

Require: Learning rate schedule €1, 2, ...
Require: Initial parameter 6
k<1
while stopping criterion not met do
Sample a minibatch of m examples from the training set {:1:(1), e ,m(m)} with
corresponding targets y(®.
Compute gradient estimate: g < T_}ng S L(f (:13("); 0), y(i))
Apply update: 6 < 0 — €xg
k< k+1
end while

er = (1 — a)eg + aer with a = max(k/7, 1)

p.286 of the Deep Learning textbook
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Lots of Other Alternatives
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Optimization in Tensorflow

self._lr = tf.Variable(0.0, trainable=False)

tvars = tf.trainable_variables()

grads, _ = tf.clip_by_global_norm(tf.gradients(self._cost, tvars),
config.max_grad_norm)

optimizer = tf.train.GradientDescentOptimizer(self._1r)

self._train_op = optimizer.apply_gradients(
zip(grads, tvars),
global_step=tf.train.get_or_create_global_step())

self._new_lr = tf.placeholder(

tf.float32, shape=[], name="new_learning_rate")
self._lr_update = tf.assign(self._1lr, self._new_1r)

from the Tensorflow RNN LM tutorial
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Parameter Initialization
(matters)

Imagine you’re trying to get to the top of Arthur’s Seat in the fog (haar);
where you start will be crucial to success
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Parameter Initialization
(matters)

* Typically the weights are initialized randomly, biases are
set to heuristically chosen constants

e Random weights are drawn from Gaussian or Uniform

1 1
* eqg. U ( N m) where m is the number of inputs

p.292 of the Deep Learning textbook
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Regularization

~

J(0;x,y) = J(0;x,y) + af2(0)

1 1
0(0) = - |[wl = 5w w

L* parameter norm penalty (weight decay)
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