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I Gradient descent

Ot_|_1 — 91; — OftVf(Qt) :

« Much of the modern work in optimization is based around designing

update rules tailored to specific classes of problems
» The types of problems differing between different research communities

« The weak Generalization ability.



I Methods

Orv1 =0+ g (V (), 0).

« Casting algorithm design as a

learning problem. optimizer optimizee

« The update rule g using a recurrent

neural network.

Develop a procedure for constructing a learning algorithm which

performs well on a particular class of optimization problems.



I Methods

Objective:

L(p) =E; [f(ﬁ*(f, f;b))] -

Objective function f(0) defined over some domain 6 € O.

find the minimizer §* — gro min9€@ f(@)

@ the objective function depends only on the

final parameter value



I Methods

Objective:

L(o)

Iy

Z’wtf(gt)

where

« by sampling a random function f

Ori1 =0 + g¢,
gt

- v:ha
hiia) = MV P

 applying backpropagation to the computational graph



I Architecture

BPTT

Optimizee

Optimizer

« The gradients in dashed lines are not propagated during gradient descent.

« The gradients of the optimizee do not depend on the optimizer parameters avoid

computing second derivatives of f 3Vt /6@3 — 0



I Architecture

Coordinatewise LSTM optimizer:

€ Too many parameters
 All LSTMs have shared
parameters

« But separate hidden states




I Architecture

Information sharing between coordinates:

@ Ignore correlations between coordinates into effect
+ Global averaging cells
« NTM-BFGS optimizer

gr = read(M;,0,) = —M;Vf(6;)

X M = Product

Or+1 = 0 + gy
ﬁfft_F]_ = WIItE(ﬁff gf, {}f) .

n p"
| I

Figure 14: Left: NTM-BFGS read operation. Right: NTM-BFGS write operation.




I Architecture

Preprocessing and postprocessing

@ neural networks naturally disregard small variations in

Input signals and concentrate on bigger input values

(log(|V|), sgn(V)) as an input,

ok, (log(}!‘?” ,Sgn(V)) if [V|>e™?

(—1,ePV) otherwise

where p > 0 is a parameter controlling how small gradients are disregarded



I Experiments

Experiments:

Quadratic functions

Training a small neural network on MNIST

Training a convolutional network on CIFAR-10
Neural Art



I Experiments
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I Experiments

Quadratics MNIST MNIST, 200 steps

Loss

120 140 160 180 200

Step

Test whether trainable optimizers can learn to
f(0) = ||W6 —y]|3 P

optimize a small neural network on MNIST



I Experiments

Generalization to different architectures:
MNIST, 40 units MNIST, 2 layers MNIST, RelLU
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(1) an MLP with 40 hido
(2) A network with two

en units instead of 20.

nidden layers instead of one.

(3) a network using RelL

J activations instead of sigmoid.



I Experiments

Generalization to different architectures:

LSTM ADAM

Final Loss

Hidden units



Loss

I Experiments

CIFAR-10 ) CIFAR-5 CIFAR-2

-—=- ADAM
=== RMSprop
=== 5GD

=== NAG
— LSTM

' —— LSTM-sub
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Step

I | I [ I I
200 400 600 800 1000 200 400

one proposes parameter updates for the fully connected layers

and the other updates the convolutional layer parameters



I Experiments

f(e) — aﬁCDHtEﬂt (C: 9) + 5£sty]e (5; 9) + '}’ﬁreg(e)

Neural art, training resolution Double resolution

=== ADAM
=== RMSprop
nma S56GD

=== NAG

Loss
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