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Outline

1. SignSGD / Signum optimizers
• 1-bit updates for communication-efficiency
• Nonconvex convergence rate
• Escaping saddle point?

2. Hands-on Gluon tutorial: gluon.mxnet.io
• Imperative vs. Symbolic
• Train	ConvNet with	Gluon
• Hybridization	and	Multi-GPU training
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Part I:
Nonconvex optimization with 1-bit
updates: SignSGD and Signum
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Zoos of algorithms:
for nonconvex optimization theory
• Nonconvex SVRG [Reddi et. al., 2015, Allen-Zhu & Hazan, 2015]

• Noisy GD / SGD [Ge et. al.2015, Jin et. al. 2017]

• Trust-region method [Sun et. al., 2015 ]

• Natasha 1/2 [Allen-Zhu, 2017]

Detailed computational theory on convergence rate
to stationary points and to local minima!
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Zoos of algorithms:
for deep learning practice
• SGD [Robbins and Monro, 1951]

• Momentum [Polyak, 1964; Nesterov, 1983]

• Adagrad [Duchi et. al., 2011] / Adam [Kingma & Ba, 2014]

• Rprop [Riedmiller&Braun, 1993] / RMSprop [Tieleman&Hinton,
2012]

Not well understood theoretically (perhaps except SGD).
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Hammers and tricks

v.s.

- Variance reduction
- Active noise adding
- Hessian-vector product
- Cubic regularization

- Momentum
- Gradient clipping
- Batch normalization

Why don’t we listen to the practitioners for just once?
And try to understand how their approachs could work? 6



The Adam algorithm

7



The Adam algorithm

• Adam update:

momentum

variance

variance adjusted momentum update

mt = �mt�1 + (1� �)gt

vt = �vt�1 + (1� �)g2t

xt = xt�1 + ⌘

mtp
vt

Key idea: dividing the gradient (coordinate wise) by its magnitude!
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From Adam to SignSGD to Signum

• SignSGD update: (Rprop [Riedmiller&Braun, 1993] in fact!)

• Signum (SIGN momentUM):

xt = xt�1 + ⌘

gt

|gt|

xt = xt�1 + ⌘

mt

|mt|
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Under	the	standard	assumptions	

• Assumptions:

• A1: Bounded from below

• A2: Strong smoothness

• A3: Stochastic gradient access

Standard manipulations (for both sides, sum over k, telescope the left hand side and
bound the sum on the right hand side by its minimum) will now yield a convergence rate of
min0kKkgkk22  ˜O(1/k). This is better than the decaying learning rate algorithm! This
is because we are hiding the fact that it really takes O(k2

) back propgragations/stochastic
gradient calls to reach step k since we are growing the mini-batch size. Once we take
this into account, the bounds become the same. But the point remains, if you do not
exhaust your parallel compute capability during the course of optimisation, you will have
a better theoretical convergence rate if you grow the mini-batch size. ### KA: needs

more justification ###

It is clear that authors like Friedlander and Schmidt [2011] and Smith et al. [2017] are
aware of this insight, but the authors rely on convex and even continuous time arguments,
where we prefer to give a simple argument that does not rely on convexity.

3.2 Theory of Signum

We now present the Signum analysis which is complicated by the non-linear sign operation.
First let us state our three assumptions.

Assumption 1 (The objective function is bounded below). For all x and some constant
f ⇤, the objective function satisfies

f(x) � f ⇤ (4)

Assumption 2 (The objective function is L-Lipschitz smooth in k · k1). Let g(x) denote
the gradient of the objective f(.) evaluated at point x. Then for every y we assume that

kg(y)� g(x)k2  Lky � xk1 (5)
���f(y)�

⇥
f(x) + g(x)T (y � x)

⇤��� 
L

2

ky � xk21 (6)

Remark: this allows us to measure the error in trusting the local linearisation of our ob-
jective. It can be converted into a more standard statement based on the 2-norm, but the
infinity-norm is more convenient for sign-based methods and spares a factor in dimension d.

Assumption 3 (Stochastic gradient oracle). Upon receiving query x, the stochastic
gradient oracle gives us an independent estimate ĝ satisfying

Eĝ(x) = g(x), Var(ĝ(x)[i])  �2 8i = 1, ..., d.

Remark: this assumption is standard for stochastic optimization, except that the variance
upper bound is now stated for every dimension separately. A realization of the above
oracle is to evaluate the gradient of a uniformly at random chosen data point at x. In the
Signum algorithm, we will be working with a minibatch of size nk in the ktk iteration, and
the corresponding minibatch stochastic gradient ḡk is modeled as the average of nk calls
of the above stochastic gradient oracle at xk. ### KA: to make it clear, the expression

is needed, we had it in signgrad paper. We can refer is as "line6" of alg1 ###

We present Signum in Algorithm 1. Before presenting our theorem, we will first provide
its intuition. Signum takes the sign of the momentum. An important step of our analysis
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of the above stochastic gradient oracle at xk. ### KA: to make it clear, the expression

is needed, we had it in signgrad paper. We can refer is as "line6" of alg1 ###

We present Signum in Algorithm 1. Before presenting our theorem, we will first provide
its intuition. Signum takes the sign of the momentum. An important step of our analysis

5

10



Theorem: Take learning rate and minibatch size to be:

Then we have:

- Burn-in period: C=1 for SignSGD and O(1) for momentum.
- Const. hides dimension / smoothness constant and beta.

Stationary point convergence of
signSGD and Signum

Under review as a conference paper at ICLR 2018

A PROVING THE CONVERGENCE RATE OF THE SIGN GRADIENT METHOD

Theorem 1 (Non-convex convergence rate of signSGD). Apply Algorithm 1 under Assump-
tions 1, 2 and 3. Schedule the learning rate and mini-batch size as

�k =

�p
k + 1

nk = k + 1 (5)

Let NK be the cumulative number of stochastic gradient calls up to step K, i.e. NK = O(K

2
)

Then we have

E


min

0kK�1
kgkk1

�2
 1p

NK�2


f0 � f⇤

�

+ 2d(2 + log(2NK�1))(� + �L)

�2
(6)

Proof. Our general strategy will be to show that the expected objective improvement at each step
will be good enough to guarantee a convergence rate in expectation. First let’s bound the improve-
ment of the objective during a single step of the algorithm for one instantiation of the noise. Note
that I[.] is the indicator function, and gk,i denotes the i

th component of the vector gk.

First use Assumption 2, plug in the step from Algorithm 1, and decompose the improvement to
expose the stochasticity-induced error:

fk+1 � fk  g

T
k (xk+1 � xk) +

L

2

kxk+1 � xkk22

= ��kg
T
k sign(ḡk) + �

2
k
L

2

d

= ��kkgkk1 + 2�k

dX

i=1

|gk,i| I[sign(ḡk,i) 6= sign(gk,i)] + �

2
k
L

2

d

The important observation is that when the true gradient is larger than the standard deviation of the
noise, the sign will typically be correct. Mistakes will typically only be made when |gk,i| is smaller
than �. This allows us to bound the error by �.

Let’s make this intuition rigorous using Hoeffding’s inequality (Assumption 3). Find the expected
improvement at time k + 1 conditioned on the previous iterates. Note that P[E] denotes the proba-
bility of event E.

E[fk+1 � fk|xk]  ��kkgkk1 + 2�k

dX

i=1

|gk,i|P[sign(ḡk,i) 6= sign(gk,i)] + �

2
k
L

2

d

 ��kkgkk1 + 2�k

dX

i=1

|gk,i|P[|ḡk,i � gk,i| > |gk,i|] + �

2
k
L

2

d

 ��kkgkk1 + 4�k

dX

i=1

|gk,i| exp
 
�
nkg

2
k,i

2�

2

!
+ �

2
k
L

2

d

Now use the fact that x exp(�x

2
) <

1
2 , and our schedules on the learning rate and batch size to

write

E[fk+1 � fk|xk]  � �p
k + 1

kgkk1 + 2

p
2d

��

k + 1

+

�

2

k + 1

L

2

d

 � �p
K

kgkk1 +
4�d

k + 1

(� + �L)
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Algorithm 1: The Signum optimiser
1: Inputs: x0, K, � . initial point, time budget and momentum parameter
2: m�1  0

3: for k 2 [0, K � 1] do
4: �k  learningRate(k)
5: nk  miniBatchSize(k)
6: ĝk  1

nk

Pnk
i=1 stochasticGradient(xk)

7: m̂k  (1� �)ĝk + �m̂k�1

8: xk+1  xk � �ksign(m̂k) . the sign operation is element-wise

is bounding the bias introduced by using momentum. Momentum is a weighted average of
gradients over previous iterations. It is a biased estimate of the current gradient because it
involves gradients evaluated at previous iterations. By smoothness, more recent iterations
will tend to have gradient close to that of the current iterate. Iterates from the distant
past contribute more bias, but they are also damped more heavily by the exponential
decay in the momentum. Also it should be intuitively clear that shrinking the learning
rate should shrink the bias.

Our insight is that when the size of a component of the true gradient is larger than both
the bias and the variance in the momentum, the sign of the momentum will match the
sign of the true gradient with high probability. In the other case, the size of the gradient
component is smaller than both the bias and the variance. Provided the bias and the
variance are small, then the gradient must be small in this case, and taking a step in the
wrong direction does not matter ! ### KA: we need to be a bit more conservative, since

non-convex saddle point analysis are built upon the small gradients ###

Based on this insight, it should be clear that the Signum analysis must focus on providing
conditions which ensure the bias and variance in the momentum are sufficiently small
during optimisation, whilst not sacrificing an acceptable convergence rate.

Theorem 1 (Convergence rate of Signum). In Algorithm 1, set the learning rate, mini-
batch size and momentum parameter as

�k =
�p
k + 1

nk = k + 1 � (7)

respectively. Set

C(�) = min

C2Z+
C s.t.

C

2

�C  1

1� �2

1

C + 1

& �C+1  1

2

(8)

and for the first C iterations ### KA: we can have a cool name for this period, like

sleeping, take-off, preparation, or any cool name ###, do not update the weight vector, so
that xC = x0. Note that C is a constant dependent on � used to ease the analysis: for
� = 0.9, we have C = 54 which is negligible. Let N be the cumulative number of stochastic
gradient calls up to step K, i.e. N = O(K2

). Let � be the intrinsic variance-proxy for
each component of the stochastic gradient. Then for K � C we have

min

CkK�1
E[kgkk1]

2
= O

 
1p
N


f0 � f⇤

�
+ (1 + logN)

✓
Ld�

�

1� �
+ d�

p
1� � + L�

◆�2!

6

O(1/
p
N)
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Novelties	in	the	proof

• Use	L1	norm	for	the	nonlinear	mapping	of	sign

• Biased	gradient

• Handling	momentum

• A	general	recipe	of	approximate	signed	updates.	
• Easy	to	handle	delayed	gradients
• Variance	reduction	techniques
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Real data experiments: MNIST
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Real data experiments: CIFAR-10
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Why does Signum work better?

• One plausible explanation: bias-variance trade-off

where we have used O(.) to hide numerical constants and the �-dependent constant C.

The proof is given in Appendix A. Here we remark that the 1p
N

scaling matches the SGD
bound—e.g [Anonymous, 2017a]), but the constant in the bound is worse than SGD by a
dimension-dependent factor. We draw particular attention to the scaling of the bias term
⇠ �

1�� and the standard deviation term ⇠
p
1� �. The proportionality factors of these

terms should be cheap to measure empirically, and thus our bound suggests a theoretically
principled way to set � to optimise this bias-variance tradeoff.

Figure 1: A sketch illustrating our predicted
bias-variance tradeoff. We predict that the
bias is given by c0

�
1�� and the standard de-

viation is given by c1
p
1� �. The plot is for

the case c0 = 1 and c1 = 50.

We still need to test this momentum theory empirically, but in principle it can provide a
cheap way for practitioners to tune the momentum hyperparameter during the first epoch
of optimisation.

4 Experiments

4.1 Escaping saddle points? An experiment

Seeing as our theoretical analysis only deals with convergence to stationary points, it does
not address how Signum might behave around saddle points. We wanted to investigate
the naïve intuition that gradient rescaling should help flee saddle points—or in the words
of Zeyuan Allen-Zhu—swing by them.

For a testbed, the authors of [Du et al., 2017] kindly provided their 10-dimensional ‘tube’
function. The tube is a specially arranged gauntlet of saddle points, each with only one
escape direction, that must be navigated in sequence before reaching the global minimum
of the objective. The tube was designed to demonstrate how stochasticity can help escape
saddles. Gradient descent takes much longer to navigate the tube than perturbed gradient
descent of [Jin et al., 2017]. It is interesting to ask, even empirically, whether the sign
non-linearity in Signum can also help escape saddle points efficiently. For this reason we
strip out both the stochasticity and momentum and pit the sign gradient descent method
(signGD) against the tube function.

There are good reasons to expect that signGD might help escape saddles—for one, it takes
large steps even when the gradient is small, which could drive the method away from
regions of small gradient. For another, it is able to move in directions almost orthogonal
to the gradient, which might help discover escape directions of the saddle. We phrase this
as signGD’s greater ability to explore.

7
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Stability	to	hyper-parameter	choices
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Under review as a conference paper at ICLR 2018

SGDz }| {

signSGDz }| {

Adamz }| {

Figure 2: Results for training Resnet-20 (He et al., 2016) on CIFAR-10 (Krizhevsky, 2009) for SGD,
signSGD and Adam. We plot test errors over a large grid of initial learning rate, weight decay and
momentum combinations. (In signSGD, momentum corresponds to taking the sign of a moving av-
erage of gradients—see Appendix A for the detailed experimental setup.) All algorithms at the least
get close to the baseline reported in (He et al., 2016) of 91.25%. Note the broad similarity in general
shape of the heatmap between Adam and signSGD, supporting a notion of algorithmic similarity.
Also note that whilst SGD has a larger region of very high-scoring hyperparameter configurations,
signSGD and Adam appear more stable for large learning rates.

9 CONCLUSION

We have investigated the theoretical properties of the sign stochastic gradient method (signSGD) as
an algorithm for non-convex optimisation. The study was motivated by links that the method has
both to deep learning stalwarts like Adam and Rprop, as well as to newer quantisation algorithms
that intend to cheapen the cost of gradient communication in distributed machine learning. We have
proved non-convex convergence rates for signSGD to first order critical points. Insofar as the rates
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Other interesting properties

• 1-bit update
• Gradient compression?	[Seide et.	al.,	2014]
• Communication savings	in	multi-machine	training.

• Move by a fixed amount each step
• Solve the “Vanishing and exploding gradient” problem?
• Think “plataeu and cliff”

• Never collapse to a point
• Push you away from saddle point!

18



The tube example

• Extracted from [Du et. al. 2017]: Gradient descent
“take forever” to escape saddle point!
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(a) Contour plot of the objective
function and tube defined in 2D.

(b) Trajectory of gradient descent
in the tube for d = 3.

(c) Octopus defined in 2D.

Figure 2: Graphical illustrations of our counter-example with ⌧ = e. The blue points are saddle
points and the red point is the minimum. The pink line is the trajectory of gradient descent.

(a) L = 1, � = 1 (b) L = 1.5, � = 1 (c) L = 2, � = 1 (d) L = 3, � = 1

Figure 3: Performance of GD and PGD on our counter-example with d = 5.

(a) L = 1, � = 1 (b) L = 1.5, � = 1 (c) L = 2, � = 1 (d) L = 3, � = 1

Figure 4: Performance of GD and PGD on our counter-example with d = 10

Extension: from octopus to Rd. Up to now we have constructed a function defined on a closed
subset of Rd. The last step is to extend this function to the entire Euclidean space. Here we apply the
classical Whitney Extension Theorem (Theorem B.3) to finish our construction. We remark that the
Whitney extension may lead to more stationary points. However, we will demonstrate in the proof
that GD and PGD stay within the interior of “octopus” defined above, and hence cannot converge to
any other stationary point.

5 Experiments

In this section we use simulations to verify our theoretical findings. The objective function is defined
in (14) and (15) in the Appendix. In Figures 3 and Figure 4, GD stands for gradient descent and
PGD stands for Algorithm 1. For both GD and PGD we let the stepsize ⌘ =

1

4L

. For PGD, we
choose t

thres

= 1, g
thres

=

�e

100

and r =

e

100

. In Figure 3 we fix dimension d = 5 and vary L as
considered in Section 4.1; similarly in Figure 4 we choose d = 10 and vary L. First notice that in
all experiments, PGD converges faster than GD as suggested by our theorems. Second, observe the
“horizontal" segment in each plot represents the number of iterations to escape a saddle point. For
GD the length of the segment grows at a fixed rate, which coincides with the result mentioned at the
beginning for Section 4.1 (that the number of iterations to escape a saddle point increase at each time
with a multiplicative factor L+�

�

). This phenomenon is also verified in the figures by the fact that as
the ratio L+�

�

becomes larger, the rate of growth of the number of iterations to escape increases. On
the other hand, the number of iterations for PGD to escape is approximately constant (⇠ 1

⌘�

).
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Is SignSGD/Signum escaping
saddle points?
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Conclusion

• SignSGD and Signum optimizers seem to be an
interesting class of algorithm

• Very practical, insensitive to tuning parameters

• Towards understanding the success of Adam

• Link to the paper:
https://jeremybernste.in/projects/amazon/signum.
pdf
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Part II:
Effortless deep learning with

gluon.mxnet.io
22
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A	typical	ConvNet model

24

Deep learning can classify images



Motivation

• Deep	learning	seems	to	be	quite	useful	and	
popular.

• Need	to	deal	with	GPU,	multithreading,	network	
bandwidth;	consider	data	iterator,	and	so	on.

• Can	be	very	intimidating	for	folks	with	little	CS-
system	experience.	

25



As	researchers,	we	like	writing

• Matlab code	

• R	code

• Python	code	(numpy)

26



27

python

The languages we like are slow…

9
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Call down to fast libraries

python model.forward(data)

[crazy GPU stuff]
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Declarative (Symbolic) Programs

A = Variable('A')
B = Variable('B')
C = B * A
D = C + 1
f = compile(D)
d = f(A=np.ones(10), 
      B=np.ones(10)*2)

• Advantages: 
• Opportunities for optimization 
• Easy to serialize models  
• More portable across languages 

• Disadvantages: 
• Hard to debug 
• Unsuitable for dynamic graphs 
• Can’t use native code

A B

1

+

⨉

C can share memory with D 
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Imperative Programs

import numpy as np
a = np.ones(10)
b = np.ones(10) * 2
c = b * a
print c
d = c + 1

Easy to debug, 
easy to code  

• Advantages 
• Straightforward and flexible 
• Use language natively (loops, 

control flow, debugging) 

• Disadvantages 
• Hard to optimize 

• Fixed with JIT compiler!  
(covered in this tutorial)
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What am I gonna do?

• Installation

• Let’s look at actual code in Jupyter notebooks

• If you have a laptop with you:
• Go to http://gluon.mxnet.io/
• And follow along!
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Installation

pip	install	--upgrade	pip
pip	install	--upgrade	setuptools
pip	install	mxnet -pre	--user

#	if		the	machine	has	GPU	running	CUDA

pip	install	mxnet-cu80
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Download	the	notebooks

git clone	 https://github.com/zackchase/mxnet-the-straight-dope.git

On	our	list	today:
• ConvNet with Gluon
• Hybridization	and	MultiGPU training.
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Multi-machine	training:	Linear	
scaling	with	the	number	of	GPUs
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Time	to	achieve	the	State-of-The-
Art	Performance	on	ImageNet
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Conclusion

• About	one	week	of	getting	used	to…

• Flexible	and	versatile	for	research	purposes
• Can	use	things	that	are	build-in
• Also	implement	things	from	scratch

• “hybridization”	and	“multi-gpu”	support	makes	
things	faster
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Resources

• Gluon book: https://gluon.mxnet.io
• Github: https://github.com/zackchase/mxnet-the-straight-
dope

• Apache Mxnet:
• https://github.com/apache/incubator-mxnet/

• English-version discussion forum:
https://discuss.mxnet.io/

• Chinese-version discussion forum:
https://discuss.gluon.ai/
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• Taylor	expansion

• Error	decomposition

Sketch	of	proof	(Part	I)
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A Proof of the Signum theorem

We first prove a master lemma that provides a general recipe for analyzing the approximate
sign gradient method. Then we will specialize to Signum and prove Theorem 1.

Lemma 1 (Convergence rate for a class of approximate sign gradient method). Let
C and K be integers satisfying 0 < C ⌧ K. Consider the algorithm given by xk+1 =

xk � �ksign(vk), for a fixed positive sequence of �k and where vk 2 Rd is a measurable and
square integrable function of the entire history up to time k, including x1, ..., xk, v1, ..., vk�1

and all Nk stochastic gradient oracle calls up to time k. Let gk = rf(xk). If for
k = C,C + 1, C + 2, ..., K ���E|vk � gk|

���
1
 ⇠(k) (9)

where the expectation is taken over the all random variables, and the rate ⇠(k) obeys that
⇠(k) ! 0 as k ! 1 and then we have

min

CkK�1
Ekgkk1 

fC � f⇤ + 2

PK�1
k=C �k⇠(k) +

PK�1
k=C

�2kL

2

(K � C)minCkK�1 �k
.

In particular, if �k = �/
p
k and ⇠(k) = /

p
k, for some problem dependent constant ,

then we have

min

CkK�1
Ekgkk1 

fC�f⇤
� + (2+ L�/2)(logK + 1)

p
K � Cp

K

.

Proof. Our general strategy will be to show that the expected objective improvement at
each step will be good enough to guarantee a convergence rate in expectation. First let’s
bound the improvement of the objective during a single step of the algorithm for k � C,
and then take expectation. Note that I[.] is the indicator function, and wk[i] denotes the
ith component of the vector wk.

By Assumption 2

fk+1 � fk  gTk (xk+1 � xk) +
L

2

kxk+1 � xkk21 Assumption 2

= ��kg
T
k sign(vk) + �2k

L

2

by update rule

= ��kkgkk1 + 2�k

dX

i=1

|gk[i]| I[sign(vk[i]) 6= sign(gk[i])] + �2k
L

2

by identity

Now, for k � C we need to find the expected improvement at time k + 1 conditioned on
xk, where the expectation is over the randomness of the stochastic gradient oracle. Note
that P[E] denotes the probability of event E.
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Sketch	of	proof	(Part	II)

• Take	expectation	and	control	the	error

• Telescoping	sum
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