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Some Aspects of NN Optimization
Backprop ➠ SGD
Mini-batches
Initialization
Batchnorm
Gradient clipping
Adaptive methods
Momentum
Layerwise params
…and more!
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Initialization
Batchnorm
Gradient clipping
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What about the step-size η, aka “learning rate”?
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How to compute this stochastic gradient?
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In reality: momentum, clipping, adaptivity, …
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1. Initialization
Properly initializing a NN important.
NN loss is highly nonconvex;
optimizing it to attain a “good”
solution hard, requires careful tuning.

On the importance of initialization and momentum in deep learning

Ilya Sutskever1
James Martens
George Dahl
Geo↵rey Hinton

ilyasu@google.com
jmartens@cs.toronto.edu
gdahl@cs.toronto.edu
hinton@cs.toronto.edu

Abstract
Deep and recurrent neural networks (DNNs
and RNNs respectively) are powerful models that were considered to be almost impossible to train using stochastic gradient descent with momentum. In this paper, we
show that when stochastic gradient descent
with momentum uses a well-designed random
initialization and a particular type of slowly
increasing schedule for the momentum parameter, it can train both DNNs and RNNs
(on datasets with long-term dependencies) to
levels of performance that were previously
achievable only with Hessian-Free optimization. We find that both the initialization
and the momentum are crucial since poorly
initialized networks cannot be trained with
momentum and well-initialized networks perform markedly worse when the momentum is
absent or poorly tuned.
Our success training these models suggests
that previous attempts to train deep and recurrent neural networks from random initializations have likely failed due to poor initialization schemes. Furthermore, carefully
tuned momentum methods suffice for dealing
with the curvature issues in deep and recurrent network training objectives without the
need for sophisticated second-order methods.

1. Introduction
Deep and recurrent neural networks (DNNs and
RNNs, respectively) are powerful models that achieve
high performance on difficult pattern recognition problems in vision, and speech (Krizhevsky et al., 2012;
Hinton et al., 2012; Dahl et al., 2012; Graves, 2012).
Although their representational power is appealing,
the difficulty of training DNNs has prevented their
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widepread use until fairly recently. DNNs became
the subject of renewed attention following the work
of Hinton et al. (2006) who introduced the idea of
greedy layerwise pre-training. This approach has since
branched into a family of methods (Bengio et al.,
2007), all of which train the layers of the DNN in a
sequence using an auxiliary objective and then “finetune” the entire network with standard optimization
methods such as stochastic gradient descent (SGD).
More recently, Martens (2010) attracted considerable
attention by showing that a type of truncated-Newton
method called Hessian-free Optimization (HF) is capable of training DNNs from certain random initializations without the use of pre-training, and can achieve
lower errors for the various auto-encoding tasks considered by Hinton & Salakhutdinov (2006).
Recurrent neural networks (RNNs), the temporal analogue of DNNs, are highly expressive sequence models that can model complex sequence relationships.
They can be viewed as very deep neural networks
that have a “layer” for each time-step with parameter sharing across the layers and, for this reason, they
are considered to be even harder to train than DNNs.
Recently, Martens & Sutskever (2011) showed that
the HF method of Martens (2010) could e↵ectively
train RNNs on artificial problems that exhibit very
long-range dependencies (Hochreiter & Schmidhuber,
1997). Without resorting to special types of memory
units, these problems were considered to be impossibly difficult for first-order optimization methods due
to the well known vanishing gradient problem (Bengio
et al., 1994). Sutskever et al. (2011) and later Mikolov
et al. (2012) then applied HF to train RNNs to perform character-level language modeling and achieved
excellent results.
Recently, several results have appeared to challenge
the commonly held belief that simpler first-order
methods are incapable of learning deep models from
random initializations. The work of Glorot & Bengio (2010), Mohamed et al. (2012), and Krizhevsky
et al. (2012) reported little difficulty training neural
networks with depths up to 8 from certain well-chosen
1
Work was done while the author was at the University
of Toronto.
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See also: http://cs231n.github.io/neural-networks-2/ for additional practical notes
Although their representational power is appealing,
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1. Impact of initialization
Initialization
22-layer ReLU net:
good init converges faster

30-layer ReLU net:
good init is able to converge

1
*%&' -ours
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1
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*%&'
- =1
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- =1

*Figures show the beginning of training
Kaiming He, Xiangyu Zhang, Shaoqing Ren, & Jian Sun. “Delving Deep into Rectifiers: Surpassing Human-Level Performance on ImageNet Classification”. ICCV 2015.
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Ultimately, coming up with good initializations is hard, worthy of deeper investigation
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What about the step-size η, aka “learning rate”?
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2. Step size tuning

Decaying
Adaptive
Architecture
Sensitive

Others!
Often the most pesky parameter; tuning well can have big impact
NN toolkits use so-called “step-size Schedulers”
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Layerwise Adaptive Rate Scaling: popular for large batch training
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Layerwise Adaptive Rate Scaling: popular for large batch training

Algorithm 1 L ARS
Input: x1 2 R , learning rate
parameter
0 < 1 < 1, scaling function , ✏ > 0
Set m0 = 0
for t = 1 to T do
Draw b samples St from
P
P
1
Compute gt = |St | st 2St r`(xt , st )
mt = 1 mt 1 + (1
1 )(gt + xt )
d

(i)
xt+1

=

end for
Suvrit Sra (suvrit@mit.edu)
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How to compute a stochastic gradient?
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Key computational task: compute a stochastic gradient
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3. Computing gradients
Key computational task: compute a stochastic gradient

wij

1≤ i ≤ m (hidden units)
1 ≤ j ≤ p (input features)

f (z

1)

wi

jz2
zm

6.881 Optimization for Machine Learning

w1

f (z2 )
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…
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…
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Key computational task: compute a stochastic gradient

wij

1≤ i ≤ m (hidden units)
1 ≤ j ≤ p (input features)

f (zi ) = max(0, zi )
Xm
z=
wi f (zi ) + b

wi

jz2
zm

w1

f (z2 )

z=

w2

…

j=1

wij xj + bi

…

xp
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f (z
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x2

Xp
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zm
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=
i
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z

)

wm
x
w ij

+
j

bi
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i=1

wi f (zi ) + b

F (x; ✓)

=z

j

input to ith hidden unit
output of ith hidden unit
input to output unit

i=1

f (z) = F (x; ✓) = z

`(y, z) = max(0, 1
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network output

Aim: compute ∂ℓ/∂θ
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Computing gradients: backpropagation
zi =

Xp

j=1

wij xj + bi

f (zi ) = max(0, zi )
Xm
z=
wi f (zi ) + b
i=1

f (z) = F (x; ✓) = z
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Observe that a change to wij changes zi, which changes f(zi), which
eventually changes z and thus the loss 𝓁.
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f (zi ) = max(0, zi )
Xm
z=
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input to output unit

i=1

f (z) = F (x; ✓) = z

yz)

network output

Observe that a change to wij changes zi, which changes f(zi), which
eventually changes z and thus the loss 𝓁.

Chain-rule of calculus



@`(y, z)
@zi
=
@wij
@wij



@f (zi )
@zi

= [xj ]Jzi > 0K[wi ]
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if `(y, z) > 0,
otherwise.
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Backpropagation
Challenge: How to apply the chain rule in a deep network?
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Backpropagation
Challenge: How to apply the chain rule in a deep network?
A change to a weight wij at the first hidden layer will impact all subsequent layers.
To apply the chain-rule, must aggregate contribution from each unit to final output
We must cover all paths by which information can flow from first layer to last!
This is where backpropagation enters the game
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Backpropagation
Challenge: How to apply the chain rule in a deep network?
A change to a weight wij at the first hidden layer will impact all subsequent layers.
To apply the chain-rule, must aggregate contribution from each unit to final output
We must cover all paths by which information can flow from first layer to last!
This is where backpropagation enters the game
▶︎ A

simple, brilliant idea dating back to 1960s, and early 70s. Rediscovered multiple
time; popularized greatly after 1986 paper of Rumelhart, Hinton, Williams

Key insight: Trade space for time (dynamic programming).

Thus, keep track of how a change to the input of one layer impacts
its output, and use extra storage to save this (change=derivative).
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Automatic differentiation
Automatic Differentiation
in Machine Learning: a Survey

arXiv:1502.05767v3 [cs.SC] 17 Aug 2017

Forward mode AD
Backward mode AD
(Backprop a special case)
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School of Electrical and Computer Engineering
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Optimal Jacobian Accumulation: NP-Complete
All NN toolkits use autodiﬀ libraries

Abstract

Derivatives, mostly in the form of gradients and Hessians, are ubiquitous in machine
learning. Automatic differentiation (AD), also called algorithmic differentiation or simply “autodiff”, is a family of techniques similar to but more general than backpropagation
for efficiently and accurately evaluating derivatives of numeric functions expressed as computer programs. AD is a small but established field with applications in areas including
computational fluid dynamics, atmospheric sciences, and engineering design optimization.
Until very recently, the fields of machine learning and AD have largely been unaware of each
other and, in some cases, have independently discovered each other’s results. Despite its
relevance, general-purpose AD has been missing from the toolbox of the machine learning
community, a situation slowly changing with its ongoing adoption in mainstream machine
learning frameworks. We survey the intersection of AD and machine learning, cover applications where AD has direct relevance, and address the main techniques of implementation.
By precisely defining the main differentiation techniques and their interrelationships, we
aim to bring clarity to the usage of terms “autodiff”, “automatic differentiation”, and
“symbolic differentiation” as these are encountered more and more in machine learning
settings.

AD: Generate algorithm for eﬃcient evaluation of derivatives

Numerous tutorials and notes online; well-developed area in PL and numerics
Keywords: Backpropagation, Gradient-Based Optimization
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In reality: BN, momentum,clipping,adaptivity
and many other ideas!
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Key motivation: unstable gradients
l

l

@`
= l = Diag[f 0 (z l )]W l+1
@z
0
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= Diag[f (z )]W

l+1

0

l+1

Diag[f (z

.

l+1

)]W

l+2

···W
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Observations
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‣ Conversely, if several matrices have large norm, the gradient will tend to
explode. In both cases, the gradients are unstable.
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Observations
‣ Multiplication of a chain of matrices in backprop
‣ If several of these matrices are “small” (i.e., norms < 1), when we multiply
them, the gradient will decrease exponentially fast and tend to vanish
(hurting learning in lower layers much more)

‣ Conversely, if several matrices have large norm, the gradient will tend to
‣

explode. In both cases, the gradients are unstable.
Coping with unstable gradients poses several challenges, and must be
dealt with to achieve good results.
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Partial remedies for unstable gradients
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Partial remedies for unstable gradients
➡

Regularization (numerous ways, implicit and explicit)
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Partial remedies for unstable gradients
Regularization (numerous ways, implicit and explicit)
➡ ReLU activations
➡ Memory (in RNNS)
➡ Weight normalization and batch normalization (somewhat)
➡ Gradient clipping, normalized gradients
➡ Numerous other ideas (architecture specific)
➡ Residual Networks (Resnets)
➡

Suvrit Sra (suvrit@mit.edu)

6.881 Optimization for Machine Learning

(5/04/21 Lecture 19)

23

Regularization

2

+ k✓k

definitely use it; but many other ways too!

Suvrit Sra (suvrit@mit.edu)

6.881 Optimization for Machine Learning

(5/04/21 Lecture 19)

24

Regularization

2

+ k✓k

definitely use it; but many other ways too!
NN folks call this: “weight decay,” though to be pedantic,
some reserve the term “weight decay” for the part subtracted
from weights θ when updating them (e.g., ADAMW optimizer)
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Regularizing with Dropout
Motivation

‣ When fitting to the nitty-gritty of the input, including noise hidden units must rely
‣

on each other to co-adapt and have complementary coverage of the data space.
To hinder fitting to noise we must avoid overdoing co-adaptation
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‣ When fitting to the nitty-gritty of the input, including noise hidden units must rely
‣

on each other to co-adapt and have complementary coverage of the data space.
To hinder fitting to noise we must avoid overdoing co-adaptation

Dropout

(additional stochasticity in the loss function)

‣Randomly turn oﬀ units, say with probability 1/2, when training!
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figure from the [dropout] paper
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Regularizing with Dropout
Motivation

‣ When fitting to the nitty-gritty of the input, including noise hidden units must rely
‣

on each other to co-adapt and have complementary coverage of the data space.
To hinder fitting to noise we must avoid overdoing co-adaptation

Dropout

(additional stochasticity in the loss function)

‣Randomly turn oﬀ units, say with probability 1/2, when training!
‣ For each data point, we randomly set the output of each hidden unit to zero.
‣ The neurons turned off are randomly chosen anew for each training data point
‣ Accounted for during backprop (how?).
‣ For units turned off for that round, input weights and activations not updated; unit
effectively dropped out for that particular training sample. This additional stochasticity
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and
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helps in regularization. Explore: other ways of adding stochasticity to NN training
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Batch Normalization
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Batch Normalization
Observation: Known that training converges faster if inputs “whitened”, i.e.,
linearly transformed to have mean zero, unit variance, and decorrelated.
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Idea 0: Activations of one layer, inputs to another. If we do similar whitening of
the inputs of each layer might help towards improving training.
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Batch Normalization
Observation: Known that training converges faster if inputs “whitened”, i.e.,
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Residual Networks (Resnets)
x 7! hL hL

1

· · · h1 (x)

hi (z) := z + (Wi z + bi )
<latexit sha1_base64="G0HwUGpTqpIGHhJg68Sit9m1TTs="></latexit>

Id + σ(.)

Note: Without the Identity map (Id), we are back to the usual model
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• “Overly deep” plain nets have higher trainin
Limits on what initialization and batch normalization give us
• A general phenomenon, observed in many d
Making network deeper does not necessarily work better
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Kaiming He, Xiangyu Zhang, Shaoqing Ren, & Jian Sun. “Deep Residual

relu

Kaiming He, Xiangyu Zhang, Shaoqing Ren, & Jian Sun. “Deep Residual Learning for Image Recognition”. CVPR 2016.
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Recent theory on ResNets
▶︎ Bartlett
▶︎ Hardt,

et al, 2018. Optimization properties of deep residual networks.

Ma 2017. Global optimality of deep linear resnets y=(I+WL)(I+WL-1)…(I+W1)x
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▶︎ Hardt,

et al, 2018. Optimization properties of deep residual networks.

Ma 2017. Global optimality of deep linear resnets y=(I+WL)(I+WL-1)…(I+W1)x

▶︎ Lin,

Jegelka, 2018. ResNet with one-neuron hidden layers is a Universal
Approximator (deep Resnet with one neuron per hidden layer and ReLU activation).
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Approximator (deep Resnet with one neuron per hidden layer and ReLU activation).
▶︎ Shamir,

2018. Considers x ↦ wT(x + VFθ(x)) and shows that every local optimum of this
Resnet (with final purely linear layer) is “better than” a simple linear model. Presents some
conditions under which one can prove that adding the Id map does not hurt performance.

Suvrit Sra (suvrit@mit.edu)

6.881 Optimization for Machine Learning

(5/04/21 Lecture 19)

35

Recent theory on ResNets
▶︎ Bartlett
▶︎ Hardt,

et al, 2018. Optimization properties of deep residual networks.

Ma 2017. Global optimality of deep linear resnets y=(I+WL)(I+WL-1)…(I+W1)x

▶︎ Lin,

Jegelka, 2018. ResNet with one-neuron hidden layers is a Universal
Approximator (deep Resnet with one neuron per hidden layer and ReLU activation).
▶︎ Shamir,

2018. Considers x ↦ wT(x + VFθ(x)) and shows that every local optimum of this
Resnet (with final purely linear layer) is “better than” a simple linear model. Presents some
conditions under which one can prove that adding the Id map does not hurt performance.
▶︎ Yun,

Sra, Jadbabaie, 2019. Deep ResNet can be provably better than linear models
(provides a “deep” version of Shamir’s result above, result leaves open problems.

Suvrit Sra (suvrit@mit.edu)

6.881 Optimization for Machine Learning

(5/04/21 Lecture 19)

35

Recent theory on ResNets
▶︎ Bartlett
▶︎ Hardt,

et al, 2018. Optimization properties of deep residual networks.

Ma 2017. Global optimality of deep linear resnets y=(I+WL)(I+WL-1)…(I+W1)x

▶︎ Lin,

Jegelka, 2018. ResNet with one-neuron hidden layers is a Universal
Approximator (deep Resnet with one neuron per hidden layer and ReLU activation).
▶︎ Shamir,

2018. Considers x ↦ wT(x + VFθ(x)) and shows that every local optimum of this
Resnet (with final purely linear layer) is “better than” a simple linear model. Presents some
conditions under which one can prove that adding the Id map does not hurt performance.
▶︎ Yun,

Sra, Jadbabaie, 2019. Deep ResNet can be provably better than linear models
(provides a “deep” version of Shamir’s result above, result leaves open problems.
▶︎ Allen-Zhu,

Li, 2019. “What can ResNet learn eﬃciently, Going beyond Kernels?”

Suvrit Sra (suvrit@mit.edu)

6.881 Optimization for Machine Learning

(5/04/21 Lecture 19)

35

