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This project would give a comprehensive picture of non-convex optimization for deep

learning, explain in details about Long Short-Term Memory (LSTM) and RMSProp. We

start by illustrating the internal mechanisms of LSTM, like the network structure and

backpropagation through time (BPTT). Then introducing RMSProp optimization, some

relevant mathematical theorems and proofs in those sections, which give a clear picture of

how RMSProp algorithm is helpful to escape the saddle point. After all the above, we apply

it with LSTM with RMSProp for the experiment; the result would present the efficiency and

accuracy, especially how our method beat traditional strategy in non-convex optimization.
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Chapter 1

Introduction

In the present era, machine learning is one of the most significant technologies which

impacts and changes the rules of many fields, like biology, finance, graphic processing and

military. However, many machine learning techniques, such as deep learning, create opti-

mization problems with non-convex objective functions. Global optimization of non-convex

objectives, finding the global optimum objective function, is a major NP problem in general.

Instead of creating more innovative networks, more researchers prefer to give solu-

tions for the non-convex optimization questions. As we know the first-order methods, like

stochastic gradient descent(SGD), is still the most chooses for networks training. However,

they failed to exploit second-order structure since storing the large numbers of parameters

in the full Hessian is not storage efficient, and the training speed would slow down. Thus,

the researches proposed several SGD methods with adaptive learning rate; those algorithm

can escape saddle point on the optimization path. Meanwhile, many open source machine

learning platforms, like Tensorflow, also offer powerful optimizers, make it convenient for

developers to build a designed network.

In this report, we would give a comprehensive picture of non-convex optimization for

deep learning. Including the features and advantages of a modified recurrent neural network

- Long short-term memory (LSTM), the theory and application of RMSProp and how it

works on the LSTM. Further, our experiments show that RMSProp better than plain SGD

in terms of escaping saddle point.
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Chapter 2

Related Works

2.1 Artificial Neural Network

Deep Learning is an important subfield of machine learning, artificial neural networks

with representation learning are the most methods employed. Convolutional neural network

(CNN) and recurrent neural network (RNN) are 2 typical artificial neural network archi-

tectures, CNNs are convolution operation based neural network, they are consisted of an

input layer, an output layer and several hidden layers, CNNs are most commonly applied

for image processing. Though CNNs have outstanding performance on the visual field, they

cannot handle sequential data, like speech recognition, language modelling and financial

analysis, that is why we need to introduce RNNs for our project.

Recurrent neural network (RNN) is a neural sequence model with short-term memory.

Derive from the traditional feed-forward neural network; the recurrent neural network allows

previous outputs to be the inputs of cells while having hidden states, which make them

applicable for the data analysis with sequential data[1].

2.2 Non-Convex Optimization Methods

Non-Convex optimizations are not something innovative. Indirect techniques like con-

vex relaxations, and direct techniques like EM, gAM, gPGD, they are widely applid in

statistics, machine learning and other data science relevant fields.

Expectation Maximization (EM) is commonly used learning rhythms like data, such

as those used to learn Gaussian mixture models, the Baum-Welch learning algorithm and

mixed regression. The EM algorithm also has shared properties with the Lloyd’s algorithm

for objectively clustering the k-means.
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The alternative minimization algorithm (gAM) is illustrated on two variables, respec-

tively limited to the sets X and Y. Alternative minimisation is often used when these residual

concerns can be solved with ease.

However, above methods cannot be applied directly in the deep learning, so researchers

need to find out other technologies for artificial neural network optimization.
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Chapter 3

Preliminaries

3.1 Smooth and Convexity

3.1.1 L-Lipschitz

A function f(x) is L-Lipschitz if

|f(x1) + f(x2)| ≤ L ‖ x1 − x2 ‖

For function with the property, the first order derivative f’(x) is not over L, how steep

function can get.

3.1.2 Convex Set

Set X is convex set if any two points x, y in X, all points on the line connected them

lie inside the set X. Whereas, it is a non-convex set.

Figure 1. Convex and Non-Convex Sets

3.1.3 Convex function

A convex function has following properties:

1. The domain x ∈ X is a convex set

2. For all elements of domain of function f(x), there is

4



f(θx+ (1− θ)y) ≤ θf(x) + (1− θ)f(y)

Figure 2. Convex function

In another word, if the chord which connecting any two points of the function always

lies above the function, the function is denoted as convex function.

3.1.4 Smoothness

A function is β − smooth if:

‖ 5f(x1)−5f(x2) ‖≤ β ‖ x− y ‖

A β − smooth function is β −Lipschitz of 5f(x) as well. For the multivariate second

order derivative 52f(x) = H, where H is denoted as Hessian matrix, all eignvalues are less

than β. It implies the function cannot change too quickly and the curvature is bounded by

defined variable.

3.1.5 Strong Convexity

A function f(x) is α strongly convex if f(x)− α
2 ‖ x ‖

2 is convex.

3.2 Gradient Descent

Gradient descent algorithm is inspired from the fact that current point a function

f(x) decreases most rapidly in the direction of the negative gradient f(x), it starts from a

random or defined point x0, moves to the direction of steepest descent on each iteration.
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The sequence of xn is generated by the rule:

xn+1 = xn − γ 5 f(xn)

where γ is denoted as learning rate or step size.

3.2.1 Main Theory

For convex function f(x), if it is L-lipschitz, the steps number T and learning rate γ:

γ = L
‖ x1 − x2 ‖
L
√
T

3.2.2 Strict Saddle properties

If any point of function f(w) has one of following properties at least, it is (α, γ, ξ, δ)-

strict saddle

1. ‖ 5f(x) ‖≥ ε

2. λmin(52f(w)) ≤ −γ

3. For some local minimum x∗,‖ x0 − x∗ ‖2≤ ξ

For any point with those properties, if the gradient point is small and has the negative

eigenvalue of Hessian matrix, it is saddle point.

3.2.3 Backpropagation Through Time

BPTT starts in time with the formation of a recurrent neural network. The unfolded

network contains inputs and outputs f , which shares the same parameters for each network

copy The cost gradient for all networks is determined with the backpropagation algorithm

parameters.

Find an example of a neural network with a recurrent layer and a feed-forward layer.

There are various ways of calculating the loss of training, the lost of each time step can be

6



computed separately, and the overall loss is usually the average contribution of lost time

step. For example, we need to compute the lost at time t, by unfolding the recurrent layer

for t-time steps and adding the feed-forward layer. Each instance of the time step in the

unfolded network shares the same parameters, and the weight updates in each instance are

a summary of all steps. The following sections would display the whole progress.
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Chapter 4

Method and Application

4.1 RMSProp Optimization

4.1.1 Introduction

RMSProp is the expansion of traditional adaptive learning rate methods; the tradi-

tional gradient descent is trapped in saddle point while it can escape. The basic idea is

not complicated; for a non-convex function with strict-saddle property, there always exists

steep descent direction until it approaches the local minimum. So we add some random

perturbations for gradient, then it may go along the steep direction and escape the saddle

point.

4.1.2 Algorithm

It disturbs the gradient at each step by using a unit vector pointing in a random

direction; if we are currently stuck at a saddle point, the disruptions drive us to discover

the steep descent path, allowing us to continue making progress.

Here is the Pseudocode of RMSProp Algorithm
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4.2 Data Resource

This Section would present the format of the data resource and data pre progressing

– the Yahoo stock information. The advantage of the recurrent neural network over the

traditional neural network is handling the sequential data, and the stock price index fits

the pattern. For this project, the history data of Dow Jones Industrial Average in the last

5 years is the data resource for the experiment.

Date Open High Low Close Adj Close Volume

4/1/2015 17727.480469 27542.779297 Static Static Static Static

4/2/2015 17778.519531 22327.570313 Static Static Static Static

4/3/2015 18052.320313 17965.369141 Static Static Static Static

4/4/2015 25457.210938 24992.359375 Static Static Static Static

4/5/2015 21050.339844 26706.169922 Static Static Static Static

Table 4.1: the formal of stock prices dataset

4.2.1 Data Preprocessing

Mini-batch gradient descent is an alternative gradient descent that splits the dataset

into small batches. For this project,we split to T batches, every batch Xt have the daily

average price informations for N days, where 0 ≤ t ≤ T and N is fixed.

We can take them as N width windows, which sort in the order of time, and there is

no overlap between two consecutive windows. Since we use the unrolled RNN to avoid the

difficulty of backpropagation, there are N input elements for epoch, and the label is the

next N elements after them. For example, the format of input:
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X0 = (p0, p1, p2, ..., p(n− 1))

...

Xt+1 = (pt+1n, p(t+1)(n+1), ..., p(t+2)n−1)

And if set hyper-parameter N = 3 and Step = 3, the training set input sample:

INPUT1 = [X1, X2, X3]LABEL1 = [X4]

4.2.2 Normalization

The data preprocessing is not done yet, due to the nature of economic laws, the stock

price can exceed the highest price in history; it is unpredictable if we learn the history

record. Thus instead of the stock price, it is more reasonable to learn the variation of price.

4.3 Optimization for Recurrent Neural Network

For this section, we introduce Long Short Term Memory Network(LSTM) and RM-

SProp optimization of LSTM. Including LSTM BPTT, LSTM modelling, non-convex of

LSTM, and convergence guarantee of RMSProp for gradient descent or the variation of

price.

Figure 4.1 Structure of LSTM

4.3.1 Introduction of LSTM

Recurrent neural networks connect previous information to the present task, but it is

not reliable when there is a large gap between relevant terms and current one[3]. Since
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the traditional RNNs are not robust against the problems of long-term dependency, an

alternative RNN model, Long Short Term Memory network(LSTM), is employed for this

project. The core idea behind LSTM is cell state; it goes through the entire network chain

and regulated by a structure named gate[7]. There are 3 kinds of gate contain sigmoid

activations, forget gate filter the relative non-significant information, input gate keep the

important information and update the cell state, and output gate decides next hidden state

[6].

Figure 4.2 Unfolded LSTM

The fig above shows the unrolled version of LSTM since the unrolled network is a DAG,

we can train it using back-propagation (BP) just like a standard neural network. We can

see how the data flow as time goes by, and there are following several relevant variables:

• xt is the input on tth time step

• st is the hidden status tth time step, it is the memory of LSTM, st = f(Uxt +Wt−1)

and the f is denoted as the activation function which is a non-linear, like tanh or

ReLU. We have to choose an appropriate activation function to avoid the vanishing

gradient problem, more specifically works on it presented in the following sections.

• Derive from the traditional neural networks, every layer of RNN has shared parameter

( U, V,W ), while their inputs are different from each other.

• ot is the output on tth time step, it is a vector of probabilities. Just like all kinds of

neural network, the outputs are posterior probabilities. Converting them into one-hot

vector which the highest probability would be to one, and rest of them are zero.

11



4.3.2 LSTM BPTT

For this section, we explain how LSTM BPTT works, especially how it avoids the long-

term dependency problem, which makes the traditional RNN unreliable. To clarify this

problem, we need to take an insight look of the structure of LSTM Cell first.[2] [Advances

in Optimizing Recurrent Networks]

• Forget Gate: The gate is responsible for filtering information from the cell state.

The information that is no longer significant for the LSTM to learn data or the

information that is not significant will be removed via a filter. Inputting the pairs

of previous hidden state and current input Xt are into a sigmoid function. As we

know the domain of sigmoid function is [0,1], if the return value is closer to 0 would

be forgotten, while the one closer to 1 will be uploaded to cell state Ct. Here is the

formula of forget gate:

ft = σ(Wf [ht−1;x] + bf )

• Input Gate: The gate update the cell state. The data processing isa three-step process.

First, like forget gate, we input the pairs of hidden state ht−1 and current input Xt

into a sigmoid function, keep the return value it and forget it if it is closer to 0. Then

we also input the pairs into the tanh function and the output values Ct from -1 to

1. Finally, multiplying the it to the Ct and adding this useful information to the cell

state. Here are formulas of input gate:

C̃t = tanh(Wc[ht−1;x] + bc)

it = σ(Wi[ht−1;x] + bi)

• Output Gate: Selecting the critical information and showing it out, it is the hidden

state for the next LSTM cell.

ot = σ(Wo[ht−1;x] + bo)

• Cell State:

Ct = it ◦ C̃t ⊕ ft ◦ Ct−1

12



Figure 4.3 LSTM Cell

As we mention in preliminaries, the Backpropagation Through Time is the gradient

descent algorithm used to update weights in RNNs. However it is not robust enough to

discover contingencies spanning long temporal intervals[2] . Since this project focus on

network optimization, so we just briefly talk about how does long-term dependency result

in the vanishing gradient problem, instead of showing all details of the theoretical proof.

We use the chain rule of differentiation to calculate these gradients. The backwards

start from the error. The goal of gradient descent is finding the global minimum of the loss

function. In other words, minimizing the error of training. For the rest of this post we use

L which is the summary of error at each time step as an example.

Here is the BP for traditional RNN:

We can see
∂hj
∂hj−1

= σ′Wh , it would result in the vanishing gradient as the index j

increment [4].

How does LSTM solve this problem? The point is cell state, here is the expanded

formula of cell state Ct:

Ct = σ(Wi[ht−1;x] + bi) ◦ tanh(Wc[ht−1;x] + bc)⊕ σ(Wf [ht−1;x] + bf ) ◦ Ct−1

13



It is clear that Ct depends on Ct−1, Wc, Wi and Wf . We need to get calculate the

gradients of loss L with respect to parameters Wc, Wi and Wf , then update them until the

error under the threshold, which is the basic idea behind gradient descent.

Define hidden state ht = ot ◦ tanh(Ct) and output function ŷt = σ(Woht)

∂L

∂Wc
=

∑
1<t<T

∂Lt
∂Wc

=
∑

1<t<T

∂Lt
∂yt

∂yt
∂Ct

∂Ct
∂Wc

∂L

∂Wi
=

∑
1<t<T

∂Lt
∂Wi

=
∑

1<t<T

∂Lt
∂yt

∂yt
∂Ct

∂Ct
∂Wi

∂L

∂Wf
=

∑
1<t<T

∂Lt
∂Wf

=
∑

1<t<T

∂Lt
∂yt

∂yt
∂Ct

∂Ct
∂Wf

Taking Wc as example:

∂L

∂Wc
=

∑
1<t<T

∂Lt
∂Wc

=
∑

1<t<T

∂Lt
∂yt

∂yt
∂Cj

∑
1<k<t

(
∏

k+1<j<t

∂Cj
∂Cj−1

)
∂C1

∂Wc

∂L

∂Wc
=

∑
1<t<T

∂Lt
∂Wc

=
∑

1<t<T

∑
1<k<t

∂Lt
∂yt

∂yt
∂Cj

(
∏

k+1<j<t

∂Cj
∂Cj−1

)
∂C1

∂Wc

In this formula, we take derivative of a vector function with respect to a vector, the

result is a Jacobian matrix whose elements are first-order partial derivatives.

∂Cj
∂Cj−1

= σ(Wf [ht−1;x] + bf )

As we know, the range of sigmoid function is [0, 1], so the derivative would never vanish

as the index j increment. For the following secitons, we will discuss the optimization of

BPTT,

14



4.3.3 Modeling LSTM

To build the LSTM model with Tensorflow, we start with building up a computational

graph, there are several LSTM cells for each LSTM layer, and the inputs and outputs of the

graph are tensors[4]. The generation of outputs is LSTM produces a vector of probabilities

of prediction for the next symbol, and the index of the element with the highest probability

is the predicted index of the symbol of the one-hot label vector.

Moreover, we need three input parameters, they are all tf.placeholder since we have

no idea about their value at the graph construction stage.

• Inputs: the training data X, a tensor of shape (data examples, numsteps, inputsize);

the number of data examples is unknown. For and it would be batch size in training

session.

• Targets: The training label y, a tensor of shape (data examples, inputsize).

• Learning rate: a simple float. Which would update in the gradient descent.

• Weights Biases: The training model we want to get in the training, then we input

the test data to test. They initialize as random values, which would update for each

batch.

We also need to define hyper-parameters like max epoch; it would go through the full

pass of all the training data set for each epoch. In one epoch, the training data points

are split into mini-batches of size batch size, then input one mini-batch to the model for

one BPTT learning. The initial learning rate is β2 for the first epochs and then decay by

learning rate decay during every succeeding epoch.
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Figure 4.4 TensorBoard showing network frame

In the end, we also need to consider the overfitting problem, the production of an

analysis that corresponds too closely or exactly to a particular set of data; it may result in

future prediction unreliable. Thus, we set up a dropout mask with keep drop probability

for output of every LSTM cell. It would be helpful to alleviate potential strong dependency.

4.3.4 Non-Convex and Smoothness Analysis

• Non-convex properties

The optimizations of the neural network are challenging since they are non-convex and

NP-hard, LSTM and other RNNs fit this pattern as well. However, people barely talk about

the non-convex analysis, why the neural networks are non-convex? For this section, we give

a convincible answer.

We introduced some properties of convex function in preliminaries, so let’s make an

expansion what the properties non-convex function are with? Tactically, a function can

not have all properties of convex is denoted as non-convex function, it can have following

geometrical properties, many local minimum, saddle points, flat regions with no gradient

and widely varying curvature[5].
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Figure 4.5 Types of Stationary Point: Local min; Local max; Saddle point

• Tensorized LSTM

As we mentioned in the previous section, LSTM cell recursively calulate the hidden

state ht = ot ◦ tanh(Ct), and the output function ŷt = σ(Woht).

Almost every neural network training problem can be reduced to tensor decomposition

problem, taking the case of the fully-connected network. To represent a fully connected

operation, we use the product of matrix-vector multiplication Wxt, where W is the weight

tensor, and xt is the feature vector. As we know, the hidden layers automatically learn

inter-parameter correlations in the training process. However, such correlations are almost

”invisible”; if the network wants to learn those latent variables models, it has to extract

them from higher dimensional information. So where those higher dimensional are?

Using the Truck decomposition operation can obtain the tensorized weight tensor W .

However, due to the permutation symmetry of tensor multiplication, the optimum solutions

may not be unique. In that situation, the average of optimal solutions is always optimal?

The answer is negative, it could be suboptimal ,and that doesn’t fit the pattern of a convex

function. Here is the decomposition of weight tensor W :

Wi1...iP =
∑
α1...

A1
α0i1α1

A2
α1i2α2

...APαP−1iPαP

17



Figure 4.6 Tensor decomposition for weight tensor

So the objective(loss) function for LSTM is a non-convex function; we have to overcome

this difficulty to optimize the training progress and make it more efficiently escape from the

saddle points.

4.3.5 RMSProp Convergence Guarantee

Since the loss funtion f is L-smoothess, we can conclude inequality of xt+1 and xt, they

are inputs of consecutive iterates:

f(xx+1) ≤ f(xt)− αt〈∇f(xt), V
− 1

2
t ∇f(xt)〉+

L

α2
t

||V −
1
2

t ∇f(xt)||2

and

vt = β2vt−1 + (1− β2)∇f(xt)
2

Since vt is recursion, we need to can get the formula:

vt = β2(β2vt−2 + (1− β2)∇f(xt−1)
2) + (1− β2)∇f(xt)

2

= (1− β2)
∑

1<k<t(β
t−k
2 ∇f(xt)

2)

Let us review the square root of Moore - Penrose matrix inverse. V
− 1

2
t :=

∑
i∈Support(v)

1√
vi
eie

T
i ,

where ei is standard basis ofRd. So we can get the inequality ||V −
1
2

t || ≥ 1

maxi∈Support(vt)

√
(vt)i

=
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1

maxi∈Support(vt)

√
(vt)i(1−β2)

∑
1<k<t(β

t−k
2 ∇f(xt)2)

= 1

maxi∈Support(vt)
σ
√

(vt)i(1−β2)
∑

1<k<t β
t−k
2

= 1

σ
√

1−βt
2

,

where σ is the summary of each time gradient.

The Euclidean inner product of ∇f(xt) and V
− 1

2
t ∇f(xt) is:

〈∇f(xt), V
− 1

2
t ∇f(xt)〉 = ||V

1
2
t || ∗ ||∇f(xt)||2

And we replace vector vt, the inequality turn out to be:

1

σ
√

1− βt2
||∇f(xt)||2

∑
1<i<T

1

at
[f(xt)− f(xt+1)] ≤

Bu
α
− Bl

√
T + 1

α

So it is clear to see we can found ||∇f(xresult)||2 in T = O( 1
e4

), which means the

RMSProp can converge if we set designated error for it.
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Chapter 5

Experiment and Result

5.1 Experiments

There are two goals for the experiment. The first goal is loss comparison, does RM-

SProp reduce the learning loss and improve the predicting performance? We compare the

training loss with and without the RMSProp optimizer, which could give us a clear view of

the performance improvement. Another goal is escaping saddle point; we would trace the

eigenvalues of loss function’s Hessian matrix if it is neither positive-definite matrix nor pos-

itive semi-definite matrix at one point, the point is a saddle point for the function. We need

to check whether RMSProp has the capacity to move from ”bad” saddle point a relative

good saddle point regions where are close to the global optimum.

Before the training starts, we need to split the data set to a training subset and predict-

ing subset, 10 % data would be randomly picked for training. Then we employ RMSProp

optimizer with an initial learning rate of 0.001 to minimize the Mean Squared Error loss

and learning rate decay 0.99 for gradient descent. Here is the formula of how the learning

rate update based on learning rate decay for each epic:

For Learning Rate β, Learning Rate Decay δ and epic epc:

α =
∏

1<i<epcmax
MAX(i+ 1− epcinit, 0.0)

β = βinit ∗ (δ ∗ α)

And here are some revelent configurations for the training :

-num layers = 3

-keep prob = 0.8

-batch size = 64

-init learning rate = 0.001
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-learning rate decay = 0.99

-init epoch = 5

-max epoch = 100

-num steps = 3

We would modify some of them for different epics, like layers number, keep probability,

step and epoch, which would show how those parameters and hyperparameters have effect

on the performances.

5.2 Results

5.2.1 Training and Testing Loss

• Without RMSProp Optimizer

Figure 5.1 shows actual and predictive normalized prices for 100 days, and blue lines

show the predictive normalized prices, and red lines show the actual normalized prices. It

is clear to see that there is no intersection of blue lines and red lines, which means there is

no right prediction at all.

As Table 5.1 shows, the testing loss is 10 times of training error, which is underfitting.

So what is wrong with it? The [Yann N. Dauphin] gives the answer, due to the non-

convex properties of LSTM, the traditional SGD would stop progressing quickly and trap

in a plateau, possibly around a saddle point. And the recurrent neural networks are more

challenging to train than feedforward neural networks because there are more parameters

and transactions involved.

We made an analysis of the non-convex properties and RMSProp convergence in pre-

vious sections. Theoretically, RMSProp could alleviate this hard optimization problem to

improve performance, but we still need to more experiments for the guarantee, and that is

our work for the next section.
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Figure 5.1 Result of experiment without RMSProp Optimizer

Date Layers LSTM Size Loss

Training 1 32 0.0097

Testing 1 32 0.0108

Table 5.1: the formal of stock prices dataset

• With RMSProp Optimizer

• Experiment NO.1

For this section, we do 3 experiments with RMSProp Optimizer. They have the same

data resource but different parameters since we need to know what parameters barely affect

the performance, and what parameters have a significant impact on the final loss. There

are two types of parameter: model parameters and hyperparameters. Model parameters,

like weight and bias, are learned automatically in training progress. Hyperparameters are

external parameters set by users. We would modify the Input Layers, LSTM Size and Max

Epoch for different experiments and compare their loss.

For the first experiment, we set only 1 input layer, 32 for LSTM Size and 50 for max

epoch, which is as same as the previous experiment, which is not optimized by the RMSProp
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optimizer. The figure shows actual and predictive normalized prices for 100 days, the blue

lines show the predictive normalized prices, and the red lines show the actual normalized

prices. We can see there are several intersections of blue lines and red lines this time, which

means there is some perfect fitting prediction. Comparing to the previous experiment

without RMSProp, the final training loss decline from 0.0097 to 0.00010, and the testing

loss is only 0.00092, which is almost 1
10 of old ones 0.0108. So it is evident that RMSProp

does alleviate the non-convex relevant problems and improve the performance of LSTM.

Figure 5.2 Result of experiment NO.1

Date Layers LSTM Size Loss

Training 1 32 0.00010

Testing 1 32 0.00092

Table 5.2: the formal of stock prices dataset

• Experiment NO.2

For the second experiment, we only change LSTM Size to 128 and keep the rest of the

parameters as same as the first one. As a result, both training loss and test loss decline, and

there was a marked drop in test loss, which is almost 1
10 of old. So what is the mechanism

behind this remarkable improvement? LSTM Size is the number of nodes in one LSTM
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layer; for a fully connected LSTM, more nodes in one layer, more hidden variables will be

traced, which update the fitting ability of the network. However, once we increase the LSTM

Size over 512, the testing loss goes worse while the training loss is still in good condition.

So we still need the LSTM Size in the appropriate range to make a fair prediction.

Figure 5.3 Result of experiment NO.2

Date Layers LSTM Size Loss

Training 1 128 0.00007

Testing 1 128 0.00050

Table 5.3: the formal of stock prices dataset

• Experiment NO.3

For the third experiment, we increase the layers of LSTM; then, we get the optimal

result among 3 experiments. Apparently, properly increasing hidden layers can make a

better performance, because deep learning systems enable machines to process data with

a nonlinear approach, and more hidden layers can increase the complexity of nonlinear

behaviour, which would give LSTM better network generalization ability.

24



Figure 5.4 Result of experiment NO.3

Date Input Layers LSTM Size Loss

Training 5 128 0.00004

Testing 5 128 0.00018

Table 5.4: the formal of stock prices dataset

5.2.2 Hessian Matrix of Loss function

We need to track the most negative eigenvalue of the Hessian matrix. We find how

considering the presence of negative eigenvalues of the Hessian could help us design better

suited adaptive learning rate schemes.

Hessian Matrix diagram
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Chapter 6

Future Work and Conclusion

6.1 Future Work

Through we make RMSProp as a fair solution to improve the efficiency, when we input

the high dimensional data, the training speed would slow down. In the previous sections, we

use the tensor decomposition for non-convex analysis. Moreover, tensor decomposition can

also be employed to build correlation modelling in higher dimensions, which is more efficient

feature extraction, because the lesser parameters are involved in the training progress. As

we know, LSTM is the neural network with massive parameters, so such method is helpful

for efficiency improvement.

6.2 Conclusion

In this project, we give a comprehensive picture of a deep learning non-convex opti-

mization. We introduce the features and merits of a modified recurrent neural network -

Long short-term memory. Meanwhile, we present the mechanism of RMSProp and how it

works on the LSTM to make better performance. Further, our experiment results show

that RMSProp beat up plain SGD in terms of accuracy and efficiencies, which convinced

us that RMSProp is robust optimizer to solve the non-convex problem of LSTM though it

is a 1st order derivative measure. However, that is not the end of the job; we would use

more updated tensor decomposition to build variant network, which can further improve

the efficiency of training.
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Appendices

import json
import os
import sys; sys.path.append(”..”)
import tensorflow as tf
from build-graph import build-lstm-graph-with-config
from config import DEFAULT-CONFIG, MODEL-DIR
from data-model import StockDataSet
def load-data(stock-name, input-size, num-steps): stock-dataset = StockDataSet(stock-

name, input-size=input-size, num-steps=num-steps, test-ratio=0.1, close-price-only=True)
print ”Train data size:”, len(stock-dataset.train-X)
print ”Test data size:”, len(stock-dataset.test-X)
return stock-dataset
def -compute-learning-rates(config=DEFAULT-CONFIG): learning-rates-to-use = [ config.init-

learning-rate * ( config.learning-rate-decay ** max(float(i + 1 - config.init-epoch), 0.0) ) for
i in range(config.max-epoch) ]

print ”Middle learning rate:”, learning-rates-to-use[len(learning-rates-to-use) // 2]
return learning-rates-to-use
def train-lstm-graph(stock-name, lstm-graph, config=DEFAULT-CONFIG):
stock-dataset = load-data(stock-name, input-size=config.input-size, num-steps=config.num-

steps)
final-prediction = []
final-loss = None
graph-name = ( stock-name, config.init-learning-rate, config.learning-rate-decay, config.lstm-

size, config.num-steps, config.input-size, config.batch-size, config.max-epoch)
print ”Graph Name:”, graph-name
learning-rates-to-use = -compute-learning-rates(config)
with tf.Session(graph=lstm-graph) as sess: merged-summary = tf.summary.merge-all()

writer = tf.summary.FileWriter(’-logs/’ + graph-name, sess.graph) writer.add-graph(sess.graph)
graph = tf.get-default-graph() tf.global-variables-initializer().run()
inputs = graph.get-tensor-by-name(’inputs:0’)
targets = graph.get-tensor-by-name(’targets:0’)
learning-rate = graph.get-tensor-by-name(’learning-rate:0’)
test-data-feed = inputs: stock-dataset.test-X, targets: stock-dataset.test-y, learning-

rate: 0.0
loss = graph.get-tensor-by-name(’train/loss-mse:0’)
minimize = graph.get-operation-by-name(’train/loss-mse-adam-minimize’)
prediction = graph.get-tensor-by-name(’output-layer/add:0’)
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for epoch-step in range(config.max-epoch): current-lr = learning-rates-to-use[epoch-
step]

for batch-X, batch-y in stock-dataset.generate-one-epoch(config.batch-size):
train-data-feed = inputs: batch-X, targets: batch-y, learning-rate: current-lr
train-loss, - = sess.run([loss, minimize], train-data-feed)
if epoch-step test-loss, -pred, -summary = sess.run([loss, prediction, merged-summary],

test-data-feed) assert len(-pred) == len(stock-dataset.test-y)
if epoch-step
print ”Predictions:”, [( map(lambda x: round(x, 4), -pred[-j]), map(lambda x: round(x,

4), stock-dataset.test-y[-j]) ) for j in range(5)]
writer.add-summary(-summary, global-step=epoch-step)
print ”Final Results:” final-prediction, final-loss =
sess.run([prediction, loss], test-data-feed)
print final-prediction, final-loss
graph-saver-dir = os.path.join(MODEL-DIR, graph-name)
if not os.path.exists(graph-saver-dir): os.mkdir(graph-saver-dir)
saver = tf.train.Saver()
saver.save(sess, os.path.join( graph-saver-dir, ”stock-rnn-model-
with open(”final-predictions..json”.format(graph-name), ’w’) as fout: fout.write(json.dumps(final-

prediction.tolist()))
def main(config=DEFAULT-CONFIG): lstm-graph = build-lstm-graph-with-config(config=config)

train-lstm-graph(”, lstm-graph, config=config)
if –name– == ’–main–’: main()
def build-lstm-graph-with-config(config=None):
tf.reset-default-graph()
lstm-graph = tf.Graph()
if config is None:
config = DEFAULT-CONFIG
with lstm-graph.as-default():
learning-rate = tf.placeholder(tf.float32, None,
name=”learning-rate”)
Number of examples, number of input, dimension of each input
inputs = tf.placeholder(tf.float32, [None, config.num-steps, config.input-size], name=”inputs”)
targets = tf.placeholder(tf.float32, [None, config.input-size], name=”targets”)
def -create-one-cell(): lstm-cell = tf.contrib.rnn.LSTMCell(config.lstm-size, state-is-

tuple=True) if config.keep-prob ¡ 1.0: lstm-cell = tf.contrib.rnn.DropoutWrapper(lstm-cell,
output-keep-prob=config.keep-prob)

return lstm-cell
cell = tf.contrib.rnn.MultiRNNCell( [-create-one-cell() for - in range(config.num-layers)],

state-is-tuple=True )
if config.num-layers ¿ 1 else -create-one-cell()
val, - = tf.nn.dynamic-rnn(cell, inputs, dtype=tf.float32, scope=”lilian-rnn”)
Before transpose, val.get-shape() = (batch-size, num-steps, lstm-size)
After transpose, val.get-shape() = (num-steps, batch-size, lstm-size)
val = tf.transpose(val, [1, 0, 2])
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with tf.name-scope(”output-layer”): last.get-shape() = (batch-size, lstm-size) last =
tf.gather(val, int(val.get-shape()[0]) - 1, name=”last-lstm-output”)

weight = tf.Variable(tf.truncated-normal([config.lstm-size, config.input-size]), name=”lilian-
weights”) bias = tf.Variable(tf.constant(0.1, shape=[config.input-size]), name=”lilian-biases”)
prediction = tf.matmul(last, weight) + bias

tf.summary.histogram(”last-lstm-output”, last)
tf.summary.histogram(”weights”, weight)
tf.summary.histogram(”biases”, bias)
with tf.name-scope(”train”): loss = -tf.reduce-sum(targets * tf.log(tf.clip-by-value(prediction,

1e-10, 1.0)))
loss = tf.reduce-mean(tf.square(prediction - targets), name=”loss-mse”)
optimizer = tf.train.AdamOptimizer(learning-rate)
minimize = optimizer.minimize(loss, name=”loss-mse-adam-minimize”)
tf.summary.scalar(”loss-mse”, loss)
for op in [prediction, loss]: tf.add-to-collection(’ops-to-restore’, op)
return lstm-graph
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