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ABSTRACT

The main aim of the project is to explore and analyse the Reasoning,
Attention and Memory (RAM) based models in machine learning with ap-
plications in the domain of sequence to sequence learning and question an-
swering. We also present some ideas for a model based on RAM for learning

the optimal policy of taking actions in a game.
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Chapter 1

Introduction

Its a fact that every human being has the capability of memorizing facts
as well as solving problems. Therefore, any model that tries to mimic the
behavior of human brain must constitute a memory component and a prob-
lem solving component. The machine learning community represents the
problem solving component with an artificial neural network and so far, has
been successful in solving problems such as speech recognition, object clas-
sification, image annotation etc. But most of the existing machine learning
models lack any interaction with the (potentially very large) long term mem-
ory component. That’s where the reasoning, attention and memory based
machine learning models come into picture.

The models discussed in this thesis comprises of a memory component
and a controller, such as an artificial neural network, which takes inputs
from external world, stores a representation or encoding of those inputs into
the memory, interacts with the memory using a defined mechanism called
attention process and produce outputs for the external world with rea-
soning where the reasoning follows from the graphical visualization of the

interaction between controller and memory. Hence, our memory comprises
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Figure 1.1: General architecture of a RAM based model.

of a set of entities where each entity is a representation or encoding of an
external input seen by the controller, the attention process is the process or
mechanism through which the controller interacts with the memory and the
reasoning behind production of an external output follows from the graph-
ical visualization of the interaction between controller and memory. Fig. 1.1
shows a general architecture of a RAM based model.

Following example demonstrates why RAM based machine learning mod-
els are superior to the existing machine learning models in terms of similarity

with the way human beings think. Consider the comprehension:
1. John went to the kitchen.
2. John picked up the knife.
3. John dropped the knife on the floor.
4. Marry came into the kitchen.
5. Marry picked up the knife from the floor.
6. John went to the bathroom.
7. Marry went to dining room.

Now, try to answer the following query based on the above comprehen-

sion: Where is the knife? Your answer must have been “dining room”.



Such question answering tasks have been successfully solved using re-
current neural networks. Recurrent neural networks (RNNs) are a class of
artificial neural network architecture that-inspired by the cyclical connectiv-
ity of neurons in the brain-uses iterative function loops to store information.
Though one might get high accuracy in terms of the correctness of the answer
to the query using RNN, but RNN fails to provide an explicit explanation
behind the production of a particular answer. On the contrary, RAM based
model stores a representation of each sentence of the comprehension as an
entity in the memory, searches for the entities in the memory relevant for
answering the query and finally computes the answer to the query based on
the searched relevant entities.

In this thesis, we focus on applying RAM based models in the domain of
sequence to sequence learning where the aim is to find a mapping between
a sequence of inputs to a sequence of outputs, in the domain of question
answering where the aim is to build a model that can answer any query
based on a given comprehension and in the domain of building game playing
agents where the aim is to find an optimal policy which is a mapping from
the state of the agent to a legal action so that, on following the optimal

policy, the overall reward or score of the agent gets maximized.

1.1 Structure of the Thesis

Chapter 2 briefly reviews supervised sequence to sequence learning. Chapter
3 provides background material on artificial neural networks and recurrent
neural networks. Chapter 4 and 5 investigates Neural Turing Machine with
application in sequence to sequence learning and End to End Memory Net-

works with application in question answering tasks, respectively. Chapter 6



reviews reinforcement learning and building game playing agents using deep
reinforcement learning and presents ideas for a RAM based model for learn-
ing the optimal policy for a game playing agent and shows its superiority to
existing state of the art in terms of the similarity of the model with the way

human beings perceive, reason and act.



Chapter 2

Supervised Sequence to

Sequence Learning

This chapter provides background material and literature review of super-
vised sequence to sequence learning. Section 2.1 introduces supervised learn-
ing in general and section 2.2 introduces the problem of sequence to sequence
learning in a supervised setting with examples from problems like Machine

Translation and POS-Tagging.

2.1 Supervised Learning

Here, the goal is to learn a mapping from inputs x to outputs y, given a
labeled set of input-output pairs D = {(xz,yl)}f\il Here D is called the
training set, and NN is the number of training examples. In the simplest
setting, each training input x; is a D-dimensional vector of numbers, repre-
senting, say, the height and weight of a person. These are called features,
attributes or covariates. In general, however, x; could be a complex struc-

tured object, such as an image, a sentence, an email message, a time series,



a molecular shape, a graph, etc.

Similarly the form of the output or response variable can in principle
be anything, but most methods assume that y; is a categorical or nominal
variable from some finite set, y; € {1,...,C} (such as male or female), or
that y; is a real-valued scalar (such as income level). When y; is categorical,
the problem is known as classification or pattern recognition, and when
y; is real-valued, the problem is known as regression. Another variant,
known as ordinal regression, occurs where label space Y has some natural

ordering, such as grades A-F.

2.2 Sequence to Sequence Learning

Here, the goal is to learn a mapping from sequence of inputs {x, za, ..., 27, }

to a sequence of outputs {yl, Yo, .- yTy}, given a labeled set of input-output
N

sequence pairs D = {({xﬁ,xé, ey T } , {yi, (T A })} . Here D is
i y' i=1
called the training set, and NN is the number of training examples. Described

below are some of the problems involving sequence to sequence learning.

Machine Translation

Consider a sentence i.e. sequence of words x = {z1,xs,... 27, } in some lan-
guage L1 and the corresponding translation of x i.e. y = {yl, Yo, - - .yTy}, in
some other language L2. In machine translation from L1 to L2, the aim is to
find y from x as shown in Fig. 2.1. Traditional statistical techniques for ma-
chine translation models the probability distribution P (y|x) and for a given

x, searches for y* that maximizes the conditional probability distribution i.e.

y" = argmax, P (y|x) (2.1)



Ecuador to hike taxes, sell assets to fund quake rebuilding

Equateur pour augmenter les impdts, de vendre des actifs pour financer la
reconstruction séisme

Figure 2.1: Translation of text from English to French.

In neural machine translation, we fit a parameterized model to maximize
the conditional probability of sentence pairs using a parallel training corpus.
Once the conditional distribution is learned by a translation model, given a
source sentence a corresponding translation can be generated by searching
for the sentence that maximizes the conditional probability. This neural
machine translation approach consist of two components, the first encodes
the variable length input sentence x to a fixed length vector and the second
decodes the fixed length vector to the target sentence y. In [4], RNN is used
as an encoder and a separate RNN is used as a decoder. In this Encoder-
Decoder framework, the encoder reads the input sentence, a sequence of
vectors {1, xq,... 27, } where x; € R", uses RNN to compute the hidden
states {hy, ha, ... hr,} and finally computes a fixed length vector ¢ from these

hidden states as follows:

he = f (¢, hi—1) (2.2)

c=q({hi,ha,. . hp}) (2.3)

The decoder is trained to predict the next word gy given the context
vector ¢ and all the previously predicted words {y;, ... yr_1}. In other words,
the decoder defines a probability over the translation y by decomposing the

joint probability into the ordinal conditionals i.e.



=Ty

P(y) = H P (el {y1, - - yer}, ) (2.4)

A separate RNN is used to model the ordinal distribution where s; rep-

resents the hidden states,

Pyl {1, ye1},¢) = g (Yi1, 56, 0) (2.5)

In [1], a bidirectional RNN is used to encode the input sequence. Consider
an input sequence {xy,xs,...x7, }, the forward hidden states {h{, e hﬂ}x}
obtained using an RNN which reads the input sequence in order from z;
to xp, and the backward hidden states {hlf, o h’r}z} obtained using an RNN
which reads input sequence in order from x7, to x;, then the net hidden states
are given by h; = [h{ , hﬂ . This way h; contains the contextual information
of both the preceding words and the following words with strong focus on
x;. Then, as in the decoder of [4], the decoder, here, defines each conditional

probability as:

Pyl {yr, -y}, 0) = g (Y, 56, ¢) (2.6)

where s; is the hidden state of a RNN. Unlike [4], here the context vector
¢; is distinct for each target word y; and is defined as the weighted sum of

the hidden states produced by the encoder i.e.

Ty
Cy = Z atjhj (27)
j=1

where ay; is defined as

_ exp (e;)
Soreexp ()

8
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(2.8)



where

ey = a(si-1, hy) (2.9)

where a is a feed forward neural network jointly learnt with all other

components. A graphical illustration of the model is shown in Fig. 2.2.

h, [T h2 hs hy
g - l-_-n.— — -‘-_'-I—
h, h, [T hs hy

Figure 2.2: Graphical illustration of the neural machine translation
model using bidirectional RNN [1].

The performance achieved by the above model is comparable to the ex-
isting state-of-the-art. In [17], an attention based model is used for machine
translation using the concepts of Neural Turing Machine [9], and the results

achieved are comparable to those in [1].

POS-Tagging

Here, given a text document comprising of sentences {si, ss,...s,} where



each sentence comprises of a sequence of words {s;1,... S, }, the aim is to
predict the correct Part-Of-Speech Tag corresponding to each word in each
sentence as shown in Fig. 2.3. In [22], a bidirectional LSTM-RNN in roughly
the same manner as described in [1] is used for solving the sequence to se-

quence learning problem of POS-Tagging.

»>> text = word_tokenize("They refuse to permit us to obtain the refuse permit”)
»»> nltk.pos_tag(text)

[( They", "PRP"), ('refuse’, ‘VBP'), ('to’, 'TO"), ('permit’, 'VB"), (‘us’, "PRP"),
("to*, 'TO"), ('obtain’, "VB"), ('the', 'DT"), ('refuse’, 'NN"), ('permit’, "NN")]

Figure 2.3: A sentence with POS-tags corresponding to each word
of the sentence taken from NLTK.

10



Chapter 3

Artificial Neural Networks

In this chapter, we review the theory of artificial neural networks, specifically,
feedforward neural networks (FNNs). In section 3.1, we discuss the biological
relationship of ANNs with neurons in a brain. In section 3.2, we elaborate
on the theory of feedforward neural networks with forward propagation, ac-
tivation functions, loss functions and backward propagation. In section 3.3,
we state the commonly used gradient descent algorithms. In section 3.4, we
state the commonly used techniques to initialize parameters of an ANN and
in section 3.5, we state the procedure for training FNNs. Finally, in section

3.6, we give a brief overview of recurrent neural networks.

3.1 Perceptron

An artificial perceptron is an artificial version of biological neuron which
takes a number of external inputs through the incoming connections, per-
form a weighted sum of the inputs where weights represents the strength
of the connections (synapses) between neurons or between neurons and pre-

ceptors and finally applies an activation function such as sigmoid activation

11



function over the weighted sum producing an output based on which the
perceptron is classified as activated or non-activated. In recent models, the
binary state of an artificial perceptron is extended to a real valued state. In
general, a perceptron can be represented with a function f which takes inputs
{z1,x9,...x,} through connections with weights (strengths) {wy, ws,...w,}
and a bias b and produces output f(b+ >, w;z;) which represents the

state of the perceptron.

3.2 Feedforward Neural Network

A feedforward network is represented by multiple layer of neurons (hidden
layers) with an input and an output layer with connections feeding forward
from one layer to the next as shown in Fig. 3.1. Input pattern is presented
to the input layer, propagated through the hidden layers to the output layer.
The output of a FNN depends on the current input only and does not depend
on past inputs or future inputs. Therefore the FNN are not suitable for the
task of sequence to sequence learning or question answering or building game
playing agent.

A FNN with a particular set of weights defines a function from input to
output. By altering the weights, a single FNN is capable of instantiating
many different functions. It has been proven in [14] that an FNN with a
single hidden layer containing a sufficient number of nonlinear units can ap-
proximate any continuous function on a compact input domain to arbitrary
precision. For this reason FNNs are said to be universal function approxi-

mators.

12



Qutput Layer

Hidden Layers

Input Layer

Figure 3.1: A feedforward neural network. The S-shaped curves in the
hidden and output layers indicate the application of ‘sigmoidal’ nonlinear
activation functions.

3.2.1 Forward Propagation

Consider an input vector to FNN x = {zy,...x,}. For hidden unit A in the
first hidden layer of neurons with connections wj, with z; where i goes from

1 to n and bias b}, the activation a}, is computed as

s;, = by + Z Wi, T; (3.1)
i=1
ap =0 (s5) (3.2)

where 6, is an appropriately chosen activation function depending on the
problem statement. Similarly, for hidden unit A in the hidden layer H; with
connections wl,, with &’ unit of previous layer H;_; and bias b}, the activation

l .
a;, is computed as

ot Y ulal? 33
heH;_4
a, = 0y (s},) (3.4)

13



The process is repeated until the output activations are generated.

3.2.2 Activation Functions

Following are some of the most commonly used activation functions:

Sigmoid
1
O (z) =0 (x) = T+ exp(—2) (3.5)
Tanh
o eap(e) — eap(-n)
on (2) = tanh (z) exp(x) + exp(—x) (36)
Rectifier Linear Unit (RELU)
O (x) = relu (z) = maz (x,0) (3.7)
Leaky-RELU
On () =lrelu(z,a) =T(x > 0)z+1(x <0)ax (3.8)
Linear
Op () =x (3.9)
Sine
O (x) = sin (x) (3.10)

3.2.3 Loss Functions

Suppose y is the target and p is the output produced by the neural network
with parameters © then following are the commonly used functions to com-

pute the loss or cost with respect to the parameters of the model.

14



Euclidean squared error (L2 loss)

I2(y,(©)) = |ly — p(O)|; (3.11)

Laplacian Loss (L1 loss)

lna(y, p(©)) = lly — p(O) I, (3.12)

Binary Cross-Entropy Loss (Classification task)

lbinary,crossentropy (y, p(@)) = - Z Yi 10g(p<@)l) (313)

where y is a one-hot encoded vector with gy; = 1 if the ith example has class
C;.

In probabilistic setting, L2 loss corresponds to the negative log likelihood of a
normal distribution with mean p(©), L1 loss corresponds to the negative log
likelihood of a laplacian distribution with mean p(©) and binary crossentropy
loss corresponds to negative log likelihood of a multinomial distribution with

class probabilities given by vector p(©).

3.2.4 Backward Propagation

Once an appropriate loss function is chosen, the main goal is to minimize the
loss with respect to the parameters. Basically, the derivative of the loss with
respect to each parameter of the model is computed and the parameters are
then updated using one of the gradient descent algorithms. The computa-
tion of the gradient of loss with respect to each parameter is performed using
backpropagation algorithm which makes use of chain rule of partial deriva-

tives. As an example, consider the L2 loss I;» and the output of the final

15



layer H; be p(= a!,) which is computed using equations 3.3 and 3.4. Now, to
compute derivative of loss with respect to w¥,, which connects a, * with sf,
chain rule of partial derivatives is used.

We start by computing the partial derivative of loss [ro with respect to

activations in the final layer a .

l o alLQ

AL — 2
h 8a2

= 2(d), - y1) (3.14)

Then, the by making use of the chain rule of partial derivatives, derivative

of loss with respect to pre-activations s, is computed.

l
L Ol _ Ol Oay, _ Alh‘gl(slh) (3.15)

sl — _
h ost, dal, Ost

The derivative of loss with respect to the parameters w!, and b are

computed as,

8[[,2 . 8[L2 88%

= = olglst 3.16
8w2,h aslh awé/h hah ( )

81L2 ang 832 ang 1
— — -5 3.17
ol Osk ol 9sk " (3.17)

The derivative of loss with respect to the activations aﬁ;l are computed

as,

l
Al O Ol Osiy 5y (3.18)

- -1 l -1
S
aah h'eH, d h' aah h'eH,

Then, the derivative of loss with respect to the pre-activations sﬁ;l are

computed as,

16



azm Ol Oal! _
St = = b = A () =0/ (s E Shawt,, (3.19)
=1 A-1 h h Whi
as Oa, = 0s, P

To compute the gradient of loss with respect to the parameters wf,, and
bf where k goes from [ — 1 to 1, the recursion developed in equation 3.19

with equations 3.18, 3.15, 3.16 and 3.17 are used.

3.3 Parameter Update Rules

Once the derivative of loss with respect to the parameters has been calcu-
lated, the next step is to update the parameters such that the loss with the
new set of parameters is lesser. This is done by making a step on the surface
of the loss function which is a function of the parameters from the current
point to a point which has a lower associated loss. This is efficiently done
using gradient descent algorithms. This process of gradient computation
and gradient descent is repeated until the parameters converge to a point on
the surface where the loss is minimum. Here, we describe some of the most
commonly used gradient descent algorithms.

Stochastic Gradient Descent
®t+1 = @t - OéVL(@t) (320)

Here, ©,,1 is the new set of parameters obtained by subtracting « times the
gradient of loss with respect to the parameters at old state V(©;) from the
old set of parameters ©;. Here, « is the learning rate which has to be tuned.
A large value of «a leads to divergence of the parameters from the minima

while a very small value of « leads to slow convergence. Hence, SGD is highly

17



sensitive to the learning rate a. [2]

Momentum update
Vigr = pVi — aVL(©,) (3.21)

O111 =6+ V; (3.22)

Here, V; and p can be interpreted as velocity at time ¢ and friction coefficient
that damps the velocity. This makes SGD more less sensitive to the learning
rate « as it prevents oscillation of the update V,,; in the steep direction and

builds up the update V;, 1 in shallow direction, hence taking significant steps.

2]

Adaptive Gradient Descent

(VL(©4)):

Opt1, = Oy, — :
Vb (VL(O))?

(3.23)

Here, Oy, is the ith component of the new set of parameters obtained. The
step for ith component is divided by the square root of the sum of the square
of the ith component of the gradient of loss with respect to the old set of
parameters ©,. This helps to adapt the step for steep and shallow directions.
But, this results in slow convergence of parameters due to gradual decrease

of step size to zero. [5]

RMSprop
U1, = U = (1 = n)(VL(6,))] (3.24)

18



(VL(©))i

Ui+,

®t+1i = Gti — (325)

Here, Uy, = 0 V 7 and 7 is the decay rate which decays the accumulated sum
of squares of gradients so that the step size does not gradually decrease to

zero but increase too. This speeds up the convergence of parameters [21]

Adaptive Moment (Adam)

M1, = xMy = (1 = x)(VL(Oy)); (3.26)

Visr, = Vi — (1 = 0)(VL(O))7 (3.27)
M.y,

Op1, = O, — a—HH (3.28)

VUt
Here, M, represents momentum, V; represents velocity, My, = 0 and Vj, = 0,
V i, x is the decay rate for momentum and 7 is the decay rate for velocity.

This method is generalization of adaptive gradient descent. [15]

3.4 Parameter Initialisation

The first step of training a neural network is to randomly initialize the pa-
rameters which comprises of weights of the connections and bias terms. Usu-
ally, the weights are initialized with standard normal distribution and bias
terms are initialized to a constant 0 or 0.1. But in convolutuional neu-

ral networks [16], some parameter initialization techniques like HeUniform,

19



HeNormal [11], GlorotUniform and GlorotNormal [7] are proven to be better

in terms of speed of convergence to optimal parameters.

3.5 Training a Feedforward Neural Network

Given data D = {(z;,%:)}, where z; represents the input and y; denotes
the targets, training a feedforward with paramters ©, which constitutes all
the weights connecting neurons and bias terms, comprises of the following

steps:
1. Randomly initialize the parameters (refer 3.4)

2. Compute the outputs p; for each input z; using forward pass (refer

3.2.1)

3. Compute the loss or error in outputs from targets using an appropriate

loss function (refer 3.2.3)

4. Compute the derivative of loss with respect to each parameter (refer

3.2.4)

5. Perform a gradient descent step using an appropriate gradient descent

algorithm (refer 3.3)

6. Repeat from second step until the parameters converge or loss becomes

less than some threshold.

3.6 Recurrent Neural Network

Recurrent neural networks, as the name implies, contains feedback connec-

tions from neurons in a layer to neurons in the same or previous layers. RNN

20



maps an entire history of past inputs to an output. Indeed, the equivalent
result to the universal approximation theory for FNNs is that an RNN with a
sufficient number of hidden units can approximate any measurable sequence
to sequence mapping to arbitrary accuracy [10]. The key point is that
the recurrent connections allow a ‘memory’ of previous inputs to
persist in the networks internal state, and thereby influence the

network output.

3.6.1 Unfolding

RNN can be viewed as FNN when unfolded. Fig. 3.2 shows a RNN and the
corresponding unfolded version. Once unfolded, the training procedure for

FNN can be applied to RNN too.

a
O 0 % t+1
A
. Ao
5@ |14 OSE'—} - OS! > OSH-I
— WX W W
Unfold
U U U U
X x[_; xj xI+I

Figure 3.2: RNN with unfolded version. [3]

3.6.2 Vanishing or Exploding Gradient

Unfortunately, for standard RNN architectures, the range of context that
can be in practice accessed is quite limited. The problem is that the in-

fluence of a given input on the hidden layer, and therefore on the network
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output, either decays or blows up exponentially as it cycles around the net-
works recurrent connections. This effect is often referred to in the literature
as the vanishing gradient problem [12]. The vanishing gradient problem is
illustrated schematically in Fig. 3.3. To overcome this problem, Long-Short
Term Memory Architecture was introduced. LSTM in itself is an exhaustive
model which we do not intend to cover in this thesis. One can refer to [13]

to get a detailed view of LSTM, from the design of the model to its training.

Cutputs Q Q

Hiddan

Layer

Inputs O

Time 1 z 3 4 5 £ Fi

Figure 3.3: Illustration of vanishing gradient in recurrent neural
networks. [8] The shading of the nodes in the unfolded network indicates
their sensitivity to the inputs at time one (the darker the shade, the greater
the sensitivity). The sensitivity decays over time as new inputs overwrite the
activations of the hidden layer, and the network forgets the first inputs.
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Chapter 4

Neural Turing Machine

The combination of neural networks, specifically recurrent neural networks,
with a large addressable memory, which they can interact with by attentional
processes, is called a Neural Turing Machine due to its analogy to Turing
Machine with infinite memory tape. Unlike Turing Machine, an NTM is
a differentiable computer that can be trained by gradient descent, yielding
a practical mechanism for learning programs. In [9], preliminary results
show that an NTM can infer simple algorithms such as copying, sorting and

associative recall.

4.1 Architecture

A Neural Turing Machine architecture contains two basic components: a
neural network controller and a memory bank. Fig. 4.1 presents a basic
diagram of the NTM architecture. The controller not only interacts with an
external world via input and output vectors but also interacts with a memory
matrix using selective read and write operations. By analogy to the Turing

machine, network outputs that parametrise these operations are referred as
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“heads”.

Note that Turing Machine has a defined controller in terms of
the task that the machine has to perform. On the other hand, the
controller in Neural Turing Machine is learnt based on the input

output pairs corresponding to a particular task.

External Input External Output

-

Controller

aan

Read Heads Write Heads

Memory

Figure 4.1: Neural Turing Machine architecture.[9]

Breifly, the controller in NTM is a neural network (feedforward, recurrent
or LSTM), the memory is a matrix consisting of N memory slots each of an
appropriate size M, the read and write heads are vectors of length N used
by the controller to strongly focus on one memory slot or weakly focus on

multiple memory slots.

4.2 Attention Mechanism

The process or mechanism with which the controller interacts with the mem-
ory is called attention mechanism. In NTM, the attention mechanism conm-
prises of procedures to read from memory, write into memory and updation

of read and write heads.
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4.2.1 Reading from Memory

Let M; be the contents of the NxM memory matrix at time t, where N is
the number of memory locations and M is the vector size at each location.
Let w; be a vector of weightings over the N locations emitted by a read head
at time t. Since all the weightings are normalised, the N elements w;(i) of

w, are given by:

Z wy(i) = 1 (4.1)

The length M read vector r; returned by the head is defined as a convex

combination of the row-vectors M;(i) in memory:

r; is differentiable with respect to both the memory and the weighting. The

derivative of r; with respect to wy is:

Oor(i)

= = M,(%,7 4.3
awt(]) t(l ]) ( )
and with respect to M, is:

87}(/{:) . .

4.2.2 Writing into Memory

Given a weighting vector w; emitted by a write head at time t, along with

an erase vector e; whose M elements all lie in the range (0,1), the memory
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vectors M;_1(i) from the previous time-step are modified as follows:
M, (i) < M,_1(i)[1 — w,(i)e,] (4.5)

where 1 is a row vector of all 1-s, and the multiplication against memory
location acts point-wise. Therefore, the elements of a memory location are
reset to zero only if both the weighting at the location and the erase element
are one; if either the weightings or the erase is zero, the memory is left
unchanged. When multiple write heads are present, the erasures can be
performed in any order, as multiplication is commutative.

Mt is differentiable with respect to M; w; and e; and the corresponding

derivatives are:

8Mt(z,j) . / o

o (i) — (L~ wlDeI =16 = ) (46)
i} = Mesli el = ) (47)
322%2)‘7 Y A0 () (4.8)

Each write head also produces a length M add vector at, which is added

to the memory after the erase step has been performed:
M, (i) < M (i) + wy(i)ay (4.9)

Once again, the order in which the adds are performed by multiple heads
is irrelevant. The combined erase and add operations of all the write heads
produces the final content of the memory at time t.

M, is differentiable with respect to w;, a; and e; and the corresponding

26



derivatives are:

OMLT) g — iy = 7 4.10
ML (7)) (i =G =J) (4.10)
aMt<Z7j) —w Z N
aMt(,luj) . .

4.2.3 Addressing Mechanism

The addressing mechanism used to update read as well as write weighting
vectors is presented as a flow diagram in Fig. 4.2.3. The weightings arise
by combining two addressing mechanisms: “content-based addressing” and
“location-based addressing”. The content based addressing focuses attention
on locations based on similarity between current values in memory matrix
and the values emitted by the controller. The location based addressing is
used to facilitate both simple iterations across the locations of the memory
and random-access jumps. It includes the interpolation, convolutional shift
and finally, sharpening. The following sub-sections provides a description of

each stage.

Content Addressing

The weightings produced by the content addressing module will focus on
those memory slots M, (i) which are similar to the length M key vector k;
(with respect to cosine similarity) and hence the content of the read vector (if
formed by this weighting alone) will be similar to the content of the focused

memory slot content. The precision of focus can be attenuated or amplified
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Figure 4.2: Flow diagram of addressing mechanism.[9] The key vector,
k; and key strength, ; are used to perform content-based addressing of the
memory matrix, M;. The resulting content-based weighting is interpolated
with the weighting from the previous time step based on the value of the
interpolation gate, ¢g;. The shift weighting, s; determines whether and by
how much the weighting is rotated. Finally, depending on ~;, the weighting
is sharpened and used for memory access.

with a positive key strength ;.

As an example, suppose memory looks like [A, B,C, D, ..., Z], 26 memory
slots with one unique alphabetic character each, key vector is D and key
strength is very large (note that infinite key strength changes softmax to
max). Then, the weighting produced by content addressing module will

approximately be [0,0,0,1,...,0] and corresponding read vector will be D.

exp (B K[k, My (4)])

wi (1) , 4.13
0 S e (3Kl M) 1)
The cosine similarity measure is defined as:
u.v
Klu,v] + ——— (4.14)
[[ul[Iv]
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The derivative of w{ with respect to f;, k; and M, are:

Qwi(i) , exp (Beci)(D_;(ci — ¢;) exp (Bicy))

%% 5 oxp (eey) (419
where
¢; + Klk;, My ()] (4.16)
Also. S, Brexp (Biey)
wi(D) |y Brex (B
o %, e (Bie)? 1
and
wi(i)  —Brexp (Bici) exp (Bicy)
b, T, e () 1
where
oK [u,v] L[ w@)(uy)
10 %nunnvn[” ul? ] 1)

where u=k; and v=M,(i). Now, one can use chain rule to find the derivative

of wi with respect to k; and M.

Interpolation

Each head emits a scalar interpolation gate g; in the range (0,1). The value
of g; is used to blend between the weighting w,_; produced by the head at
the previous time-step and the weighting w{ produced by the content system

at the current step, yielding the gated weighting w:

wi  giwi + (1 — g)wiy (4.20)

The main aim of having this module is to give the addressing mechanism ca-
pability to completely neglect the weighting produced by content addressing

based module and use the previous final weighting as a reference point. This
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gives NTM the power to iterate over memory slots (this module just sets the
reference point i.e. the weighting to start from while the next module takes
care of the iteration part). One can easily observe that, if the gate is zero,
the the content weighting is entirely ignored and weighting from previous
time step is used and if the gate is one then the weighting from the previous
iteration is ignored, and the system applies content based addressing. The

derivative of w{ with respect to g;, w§ and w,_; are:

ow; (i) el ,
“dg wy (1) — w1 (%) (4.21)
Owd (i) -
Jue ) — gl(i = j) (4.22)
owy (1) .
w0 1()) — (1 —=g)I(i =) (4.23)

Convolutional Shift

The controller emits a shift weighting s, that defines a normalised distribution
over allowed integer shifts. If we index N memory locations from 0 to N-1,
the rotation applied to w/ by s; can be expressed as the following circular

convolution.

P

wy(i) < ' wi (j)se(i = j) (4.24)

Il
=)

As an example, suppose memory looks like [A, B,C, D, ..., Z], 26 memory
slots with one unique alphabetic character each and the weighting vector
produced by interpolation module is [0,1,0,0,0, ...,0] (focusing on memory
slot containing B). Now, suppose that shift weighting vector produced only

allows shifts of 1 and the corresponding shift weight value be 1. That means

30



si(1) = 1 and s,(¢) = 0 Vi # 1. Then, using equation 4.24 new weighting
vector produced will be [0,0,1,0,...,0]. Also, note that if the shift weighting
vector produced, only allows shifts of -1, 0 and 1 and the corresponding
shift weight value be 0.1, 0.8 and 0.1 respectively. That means s,(1) = 0.1,
si(—1) = 0.1, st(0)=0.8 and s;(i) = 0 V i # to {-1,0,1}. Then, the new
weighting vector will be [0.1,0.8,0.1,0,...,0] which is slightly blurred over
three points. To combat this we require sharpening. Note that the derivative

of w; with respect to s; and w{ are (note that the subtraction is modulo N):

(i) = .

R > wi(i — k) (4.25)
Om () ~— .

Tul()) — 2 se(i — j) (4.26)

Sharpening

Each head emits one further scalar v, whose effect is to sharpen the weights

as follows:
. wy (1)
wy () AR (4.27)
The derivative of w; with respect to w; and ~y; are:
wy (i) (i)} _ o 2y leg(w())wi(5)!
RS SN e e i e B
Ow (1) ypwg(i)r ! _ wy(i)/
TGRS ST AT (429

and when i # j
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Owy (i) — YWy () we ()71
0wj) S n(k)]

The combined addressing system of weighting interpolation and content

(4.30)

and location-based addressing can operate in three complementary modes:

1. A weighting can be chosen by the content system without any modifi-
cation by the location system.

2. A weighting produced by the content addressing system can be chosen
and then shifted. This allows the focus to jump to a location next to, but
not on, an address accessed by content; in computational terms this allows
a head to find a contiguous block of data, then access a particular element
within that block.

3. A weighting from the previous time step can be rotated without any
input from the content-based addressing system. This allows the weighting
to iterate through a sequence of addresses by advancing the same distance

at each time-step.

4.3 Controller

The choices for the controller include LSTM, feedforward networks and re-

current network, each of which are explained in chapter 4.

4.4 Training Neural Turing Machine

Fig. 4.3 represents a simulation of external input sequence { X7, Xo,... X, }
through a Neural Turing Machine. C; represents hidden layer of neurons
where Cj represents hidden layer of neurons at time ¢ = 0 which can also

be interpreted as the biased hidden layer of neurons which acts as one of
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the parameters of the NTM. Hidden layer of neurons C} is used to produce
an erase vector egy; and an add vector at,; which are used in updating the
memory. The parameters W and bec are used to generate ey, and the
parameters W,c and b, are used to generate ay, 1. Here, the values in add

vector are clipped between —1 and 1.

€t11 — O'(Wecct + beC) (431)
Apt1 (Wacct + baC) (432)

M, represents the bias memory matrix which acts as one of the parame-
ters of the NTM. Memory matrix at time ¢ is given by My which is updated
to My,1 by applying equations 4.5 and 4.9 which use the write weighting
vector wy, ¢, erase vector egy1 and add vector a¢q. Iy represents read vector
which is formed by applying equation 4.2 which uses the updated memory
matrix M and the read weighting vector w, 1. Then, the external input
X; and the read vector ry are used to update the hidden layer of neurons C;

using the parameters Wex, bex, Wer and bey.

Cy « relu(Wex Xy + bex + Werry + ber) (4.33)

Using the updated hidden layer of neurons C; and a set of parameters
{Wpc, bpc, Wi, c, bk.c: Wg.c, bg.c, We.c, bg.c, Ws.c: bs.c, Wo.c, by.ct,
an external output P; (assuming that the values in vectors of target sequence
lie between 0 and 1), a set of outputs for updating the read weighting vector
H, ; and a set of outputs for updating the write weighting vector Hy, ¢ are
produced. Here, H, comprises of a key vector k,, a key strength scalar
But, & gating scalar g,, a shifting vector s, and a sharpening scalar -,

where u = r for read weighting vector and u = w for write weighting vector.
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Note that the key vector is clipped between —1 and 1. These sets of outputs
along with the memory matrix and read and write weighting vectors at pre-
vious time step are used to update the read and write weighting vectors by

making use of the addressing mechanism defined in section 4.2.3

Py <= 0(WpcCi + bpc) (4.34)
Kyt < Wi,cCt + bi,c (4.35)
But < relu(Wg,cCt + bg,c) (4.36)
Gut < 0(Wg,cCi + bg,c) (4.37)
Sut ¢ 0(Ws,cCt + bs,c) (4.38)
Yut  relu(W.,.cCt + by,c) (4.39)

The updated hidden layer of neurons, then, also produces an erase and
an add vector using equations 4.31 and 4.32 which, with the updated write
weighting vector, are used to update the memory matrix. This process goes
on until the input sequence gets exhausted. Once an external output P, has
been produced for each element X; in the input sequence, an error or loss
Loss; is calculated between the external outputs P, and the targets Y;. Here,
the loss function is chosen based on the task. Since we are assuming that
the values in vectors of target sequence lie between 0 and 1, therefore, the

binary cross entropy loss will be an appropriate choice.

Lossy = binary_crossentropy(P;,Y;) (4.40)

Let P be the matrix of predicted external output vectors [Py, P, ... Pr]

and Y be the matrix of target external output vectors [Y7,Ys,...Yr|, then
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one can compute the loss corresponding to the complete output sequence by

computing the binary cross entropy error (refer section 3.2.3) between P and

Y.

overall_loss, L = binary_crossentropy(P,Y) (4.41)

Now, the derivative of the overall_loss L is computed with respect to
each parameter of the model by making use of the chain rule of partial
derivatives (refer section 3.2.4) and the derivative equations in this chapter.
After computing the derivative of L with respect to each parameter, the

parameters of the model are updated using the RMSprop version of gradient

descent as described in section 3.3.

Figure 4.3: Neural Turing Machine learning network.

4.5 Experiments

We developed two versions of NTM, one with a single head which is used
to read from as well as write to the memory and the second with two sepa-
rate heads, one for reading from the memory and other for writing into the

memory. We tested these two versions of NTM on tasks described below.
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4.5.1 Copy Task

The memory matrix size was set to 128 x 20 i.e. 128 memory slots each of
length 20. For training the first version of NTM, we took random binary
sequences of length less than or equal to 20 and for the second version of
NTM, we took binary sequences of length less than or equal to 5. One such

input output sequence is shown in Fig. 4.4.

Start Delimiter End Delimiter

Input sequence Output sequence

Figure 4.4: Input and output sequence in copy task.

Our first version of NTM was able to correctly predict the external out-
put sequence with input sequences of length 116 and our second version of
NTM was able to correctly predict the external output sequence with input
sequences of length 34. Fig. 4.5 and Fig. 4.6 shows the learning curves in
the two cases. Fig. 4.7 and Fig. 4.8 shows the corresponding plots which
includes the visualization of the interaction between the controller and the

memory matrix.
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Figure 4.5: Learning curve in copy task with our first version of
NTM.
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Figure 4.6: Learning curve in copy task with our second version of
NTM.
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Figure 4.7: Graphical visualization of copy task with first version of
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tion), Error (Abs(Prediction-Y)), Read vectors (Reads), Add vectors (Adds)
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Figure 4.8: Graphical visualization of copy task with second version
of NTM. External Input Sequence (X), Target Sequence (Y), Prediction Se-
quence (Prediction), Thresholded Prediction Sequence (Thresholded Predic-
tion), Error (Abs(Prediction-Y)), Read vectors (Reads), Add vectors (Adds),
Read Weighting vectors (Read Weights) and Write Weighting vectors (Write
Weights)
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One can infer from the graphical visualization of the interaction between
the controller and the memory matrix that both versions of NTM have suc-
cessfully learnt the following algorithm:

initialise: move head to location next to start delimiter

while end delimiter not seen do

receive input vector
write input to head location
increment head location by 1

end while

return head to start location

while true do

read output vector from head location
emit output
increment head location by 1

end while
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Chapter 5

End to End Memory Networks
for QA Task

This chapter explores another RAM based model called end to end memory
networks and its application to question answering task. End to end memory
networks is a novel model that has a recurrent neural network architecture
where the recurrence reads from a possibly large external memory multiple
times before outputting a symbol. The model being differentiable end to end
with respect to the parameters is hence trainable end to end and requires less
supervision than the memory networks discussed in [23]. Section 6.1 describes
a single layered end to end memory network. Then, section 6.2 describes a
multi-layered version. Section 6.3 briefly states the loss computation and
training and finally, section 6.4 shows experimentation and results with end

to end memory networks in question answering task.
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5.1 Single Layered End to End Memory Net-
works

Suppose {s1, s2,...5,} be an input sequence of sentences forming a compre-
hension where each sentence is a sequence of words from a vocabulary V|
q be a query based on the comprehension which is again a sentence formed
of words from V' and y be the target one-word answer to the query ¢ which
belongs to the comprehension itself. A single layer of end to end memory
networks, Fig. 5.1, comprises of three components: input memory represen-
tation, output memory representation and final answer prediction.

Input Memory Representation : Each word in the input sequence of
sentences, query sentence and the target one-word answer is converted to the
bag of words representation i.e. a vector of dimension equal to the number of
words in the vocabulary with value of 1 for the corresponding word and 0 for
all other words. Then the a memory vector m; is computed corresponding

to each sentence s; using an embedding A as follows:

m; < le.AXij (51)

J

where

Xij = BAG,OF,WORDS<81]) (52)

and
e () (G- o3

where J is the total number of words in the sentence s; and d is the dimension
of embedding A. Similarly, the internal representation u of the query ¢ is

computed using embedding B. Then, a weighting vector p over the memory
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vectors is computed where p; denotes the similarity of the memory vector m;
and the internal representation of query u. Higher the value of p; implies
more relevant the sentence s; is in answering query q.

T

pi < Softmax(u” m;) (5.4)

Output Memory Representation : The output vectors c; corresponding
to each sentence s; are computed using an embedding C in the same manner
as the memory vectors are computed. Then, an intermediate response o
is calculated as the weighted sum of the output vectors weighted by the

weighting vector p.

0+ Zp,-ci (5.5)

Final answer prediction : The output vector o is summed with the internal
representation of query u and the resulting vector is decoded using a decoding
matrix W. The decoded vector is then softmax-ed to produce the final

response a.

a <« Softmax(W(o+ u)) (5.6)

The error or loss in the final response is computed using the binary
crossentropy loss function (refer section 3.2.3) with & and BAG_.OF_WORDS(y)
as arguments. Note that the parameters of the single layered end to end

memory network are A, B, C and W.
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Figure 5.1: End to End Memory Networks Architecture.[20] (a) A
single layer version. (b) A three layer version.

5.2 Multi-Layered End to End Memory Net-
works

The single layered end to end memory networks cannot predict correct an-
swers to questions which require transitive implications. For example, con-

sider the following comprehension,

1. Jerry is a mouse.

2. mice are afraid of wolves.

Now, consider the following query, “Jerry is afraid of whom?”. This query
requires transitive implication that “Jerry = mouse”, “mice = afraid of
wolves” = “Jerry = afraid of wolf”. Multiple layers (or hops) are introduced
to answer such questions.

Multi-layered end to end memory network is formed by stacking the single
layers. Fig. 5.1 shows a single and a multi-layered (3 layered) end to end

memory network. The parameters of the multi-layered end to end memory
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network are W, B, A; and C; where 7 goes from 1 to the number of hops or
layers. Thus, with multiple layers, the parameter space of the model blows
up and to overcome this issue, a popular technique called parameter tying

is applied. There are two types of parameter tying that can be used,
1. RNN-like: Here, Ay = Ay =...Ayand C; =Cy, =...C,,.

2. Adjacent: Here, Cy11 = Ax, B=A; and WT = C,.

We used adjacent parameter tying in our implementation.

5.3 Training End to End Memory Networks

After computing the output a and given the target y, loss L is computed as

(refer section 3.2.3),
L = binary_crossentropy(a,y) (5.7)

The derivative of L with respect to each parameter is, then, computed (re-
fer section 3.2.4) and the parameters are updated using stochastic gradient

descent (refer section 3.3).

5.4 Experiments

To test the performance of end to end memory networks, we trained the
model on the 20 tasks in Babi-Project Dataset [20], and computed the con-
fusion matrices, precision, recall and fl-score [25] [24] for each task and got

consistent results as in [20].
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5.4.1 Question Answering based on Babi-Project Dataset

Here, we show the results in some of the tasks from Babi-Project Dataset.

Task 1: Single Supporting Fact

1. Sample Input

(a) Comprehension

i. Mary moved to the bathroom.

ii. John went to the hallway.

(b) Query: Where is Mary?
2. Sample Output

(a) Answer: bathroom

(b) Sentences used: i

3. Confusion Matrix

1T C2 C3 C4 C5 C6

Cl 148 O 0 0 0 0
c2 0 169 0 1 0 0
C3 0 0 184 O 0 0
c4 0 0 0 153 O 0
C5 0 0 0 0 155 1
c6 1 0 0 0 0 180

4. Score Matrix
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Class Precision Recall
C1 0.99 1.00
C2 1.00 0.99
C3 1.00 1.00
C4 0.99 1.00
Ch 1.00 0.99
C6 0.99 0.99

Task 5: Three-args relation

1. Sample Input

(a) Comprehension

1. Bill travelled to the office.
ii. Bill picked up the football there.
iii. Bill went to the bedroom.

iv. Bill gave the football to Fred.

(b) Query: What did Bill give to Fred?
2. Sample Output

(a) Answer: football

(b) Sentences used: iv

3. Confusion Matrix

47
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cr C2 C3 C4 Cs Ce6 C7

ct 129 8 12 13 O 0 0
Cc2 20 159 4 4 0 0 0
C3 5 15 94 14 0 0 0
Cc4 12 21 12 144 O 0 0
Cs5 0 0 0 0 135 1 0
C6 0 0 0 0 2 8 4

c7r 0 0 0 0 3 0 95
4. Score Matrix

Class Precision Recall F1-Score
C1 0.78 0.80 0.79
C2 0.78 0.85 0.82
C3 0.77 0.73 0.75
C4 0.82 0.76 0.79
Ch 0.96 0.99 0.98
C6 0.99 0.93 0.98
C7 0.96 0.97 0.96

Task 10: Indefinite Knowledge

1. Sample Input

(a) Comprehension

i. Fred is either in the school or the park.

ii. Mary went back to the office.

(b) Query: Is Mary in the office?

2. Sample Output
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(a) Answer: yes

(b) Sentences used: ii

3. Confusion Matrix

ct C2 C3
Cl1 107 34 5
C2 24 335 76
C3 4 44 363

4. Score Matrix

Class Precision Recall F1-Score

C1 0.79 0.73
C2 0.81 0.77
C3 0.82 0.88

Task 15: Basic Deduction

1. Sample Input

(a) Comprehension

i. Mice are afraid of wolves.

ii. Gertrude is a mouse.

iii. Cats are afraid of sheep.
iv. Winona is a mouse.

v. Sheep are afraid of wolves.
vi. Wolves are afraid of cats.
vii. Emily is a mouse.

viii. Jessica is a wolf.
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(b) Query: What is gertrude afraid of?
2. Sample Output

(a) Answer: wolf

(b) Sentences used: ii, i
3. Confusion Matrix

it C2 C3 (4
Cl1 209 O 0 0
c2 0 238 0 0
Cc3 0 0 204 O
c4 0 0 0 341

4. Score Matrix

Class Precision Recall F1-Score
C1 1.00 1.00 1.00
C2 1.00 1.00 1.00
C3 1.00 1.00 1.00
C4 1.00 1.00 1.00

Task 20: Agents Motivations

1. Sample Input

(a) Comprehension
i. Sumit is tired.

(b) Query: Where will sumit go?

2. Sample Output
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(a) Answer: bedroom

(b) Sentences used: i

3. Confusion Matrix

C1
C2
C3
C4
Ch
C6
C7

4. Score Matrix

C1
96

o O o o o o

Class
C1
C2
C3
C4
C5
C6
Cr

Cc2 C3 C4 Gh

0 0
158 0
0 93
0 0
0 0
0 0
0 0

0
0

o o o O

Precision Recall

1.00
1.00
1.00
1.00
1.00
1.00
1.00

o1

1.00
1.00
1.00
1.00
1.00
1.00
1.00

c6 C7

o o o o o
o o o o o o

0 160

F1-Score
1.00
1.00
1.00
1.00
1.00
1.00
1.00



Chapter 6

Generic Game Playing Agent

using Deep Reinforcement

Learning with RAM

This chapter provides with the background material and literature review of
reinforcement learning for building game playing agents. Section 6.1 deals
with markov decision process with relevant theorems and their proofs forming
the base of reinforcement learning, section 6.2 describes the policy value and
section 6.3 describes the state-action value function and an algorithm called
Q-learning for approximating the optimal state-action value function. Then,
section 6.4 deals with building a generic game playing agent (a single model
capable of learning to play any game) using the concepts of neural networks
specifically, convolutional neural networks from deep learning and markov
decision process from reinforcement learning. Then, in section 6.5, some
ideas are presented for building an agent that can not only learn to play any
game but can also provide reasoning behind the strategy (the sequence of

actions) being played by the agent. We start with a brief introduction of
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reinforcement learning.

In reinforcement learning, the learner does not receive a labeled dataset,
in contrast with supervised learning. Instead, he collects information through
a course of actions by interacting with the environment. In response to an
action, the learner or agent receives two types of information: his current
state in the environment and a real-valued reward, which is specific to the
task and its corresponding goal. Fig. 6.1 shows the general scenario of rein-
forcement learning. Unlike supervised learning, there is no fixed distribution
according to which the instances are drawn; the choice of a policy defines the

distribution.

Action

T T

Agent Environment

\/

State, Reward

Figure 6.1: Representation of general scenario of reinforcement
learning.

The objective of the agent is to maximize his reward and thus to deter-
mine the best course of actions, or policy, to achieve the objective. However,
the information he receives from the environment is only the im-
mediate reward corresponding to the action just taken. No future
or long-term reward feedback is provided by the environment. The
agent also faces the dilemma between exploring unknown states and actions
to gain more information about the environment and exploiting the informa-

tion already collected to optimize his reward. Two main settings are possible:
1. Environment model is known to agent. Then the problem is reduced

33



to planning.

2. Environment model is unknown to agent. Then, he faces learning

problem. This will be our main concern in this thesis.

Note that environment model comprises of the state transition probability
distribution and the reward probability distribution which are defined in the

next section.

6.1 Markov Decision Process
A Markov Decision Process (MDP) is defined by:
1. Set of states, S.
2. Set of actions, A.
3. Start state, s € S.

4. Reward Probability

P(ryy1]se, ap) whereryy = r(sg, ap) (6.1)

5. State transition probability

P(s¢i1|8¢,a¢) where siq1 = d(s, ar) (6.2)

We also define 7 : S — A as the policy function mapping a state S to
an action A. In a discrete time model, actions are taken at a set of decision
epochs {0,...,T}. We deal with infinite horizon i.e. T tends to infinity.
Then, the agent’s objective is to find a policy that maximizes his expected

reward.
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rlﬂ aiﬂ % rl+2

1+2

Figure 6.2: Illustration of states and transitions of MDP at different
times.

6.2 Policy Value

We define the policy value V,(s) in the case of infinite horizon as the expected
reward of the agent starting at state s and following policy 7 i.e.
T—t
Vals) = B[ D2 r(sver wsiar)lse = 5 (6.3)
7=0

where T' tends to infinity.

Theorem 6.2.1. The policy value V;(s) obey the following system of linear

equation (Bellman’s equation):

Vs €S, Vi(s) = Elr(s,n(s)] +7 > Pr [s’|s, w(sﬂ Vo(s) (6.4)

Proof.
Va(s) = B D71 (s1ar w(s1)) s = 5 (65)
Vals) = Blr(s, 75 7(s)] +1E[ 37 r(serer w(seere s = 5] (66)
Va(s) = Elr(s,m(s,m(s))] + vE[Vz(d(s, 7(s)))] (6.7)

The second term in equation 6.7 is the second term of equation 6.4. [
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The Bellman’s equation can also be written as:
V=R ++PV (6.8)
where P is the state transition probability matrix, R = E|r(s,n(s))], 7 is

the discount for future rewards and V is the unknown policy value matrix

Theorem 6.2.2. For a finite MDP, Bellman’s equation admits a unique
solution given by

Vo=(I-+vP)'R (6.9)

Proof. One just needs to show that (I —~P) is invertible and the remaining

part is trivial. Note that the infinite norm of P is:

1P, = maxz | Pssr| = maXZPr [3/|s,7r(s)} =1 (6.10)

This implies that ||[yP]|., =~ < 1. The Eigenvalues of P are all less than
1 and (I — ~P) is invertible. O

The optimal policy value at a given state s is thus given by

Ve (8) = maz, Vi (s) (6.11)

6.3 State-Action Value Function and Q-Learning

We define the optimal state-action value function @Q* for all (s,a) € S x A as
the expected return for taking action a € A at state s € S and then following

the optimal policy:

Q*(s,a) = E[r(s,a)] + Z Pr[s'|s,aV*(s) (6.12)

s'es
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Algorithm 1 Q-learning Pseudocode
1: procedure Q-LEARNING ()

2: 0« Oy & initialization c.g, O, = 0
3: for 1+ 0to T do

4: 5 SELECT_STATE()

5: for cach step of cpoch ¢ do

6: a+ SELECTACTION (w,s) t> Policy 7 from e-greedy
E r« REWARD(s,a)

8: s NEXTSTATE(s, a)

9: Ofs,.a) +— J(s,a) + o ['J" +ymax  Qfs'a’) — Q{.\',u}]
10: 54— 5
11: return

Figure 6.3: Q-Learning algorithm [19]

One can observe that the optimal policy can be given by
Vs €S, m*(s) = argmaz,caQ” (s, a) (6.13)

Thus, the knowledge of the state-vale function Q* is sufficient for the agent
to determine the optimal policy, without any direct knowledge of the reward
or transition probabilities.

Q-learning algorithm descirbed in Fig. 6.3 is used for learning (approx-
imating) the optimal state-action value function. A proof of the algorithm

can be found in [19].

6.4 Deep Reinforcement Learning

In real world scenarios, the number of states are very large (infinite) which
prevents us from representing the state-action value function as a matrix.
This is the case with the atari games too. The number of states (configuration
of the screen of the game) are infinite and hence, we represent our state-value
function using a convolution neural network (instead of a matrix), which

takes state-information (screen) as input and outputs scores representing the
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expected reward corresponding to each action. The optimal action is the one
corresponding to maximum score.

So, our optimal state-action value function will be given by

Q*(s,a;6") = Er(s,a); 0" + v Z Pr[s'|s,a;0*]V*(s) (6.14)
s'es
where,
0* represents the learnt parameters of our neural network. Also, the optimal

policy is given by

Vs €S, m(s) = argmax,caQ*(s,a;0") (6.15)

6.4.1 Model

Our model based on [18] is a convolution neural network which takes last 4
preprocessed frames of the screen as input (84x84x4), applies 32 convolution
filters with kernel size (8,8) and stride (4,4) and rectifier non-linearity to
get first hidden layers of neurons which is further convolved using 64 filters
with kernel size (4,4) and stride (2,2) and rectifier non-linearity to get the
second hidden layer of neurons which is further convolved using 64 filters
with kernel size (3,3) and stride (1,1) and rectifier non-linearity to get third
hidden layer of neurons which is fully connected to a layer of 512 neurons with
rectifier non-linearity which is again fully connected to output layer of size
equal to number of actions in the minimum legal action set. Each output
unit represents expected reward obtained by the agent if it performs the
action corresponding to that output unit. Here, the preprocessing involves
conversion to grayscale and taking the maximum of the value of pixel in

current frame and the last frame to avoid flickering effect in the games where
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some objects occur in even or odd frames only.

Frame, , H1‘1 H2,1 H3,1 @
(o]
H1‘2 H2.2 Ha.z 1
Frame,,
Full
CF (32,8,4) CF (64,4,2) CF (64,3,1) (5121) Full (n, 0)
Frame,
Fi
rame; H s Hyo Hy 64 @
O Single Unit CF (X,Y,Z) = X Convolution Filters of size YxY and stride (ZxZ) with rectifier non-linearity
Full (X) = Simple Filter (Direct Connections) with X outputs with rectifier non-linearity if Y equals 1
l:l " n = No. of Actions in Minimum Legal Action Set
atrix

Figure 6.4: Convolution neural network as the mind of the agent.

6.4.2 Training Details

The parameter € in our model simulates the exploration vs exploitation trade-
off. A value of 1 for € implies that the agent will make random actions hence
explore the environment and a value of 0 for ¢ implies that the agent will
chooses actions based on the model only and hence exploits the acquired in-
formation. While training, we decrease € with some appropriate decay rate.
So, our agent initially starts by making random actions and collects the infor-
mation in the form of following tuple: (Si, a¢, 74, Siy1, g¢) where S; denotes
the last four states including the current state, a; denotes the action taken
in current state, r; denotes the reward received, S;;; denotes the last four
frames including the next state that the agent got into and ¢; is a boolean

denoting whether the game is over or not. Also, the parameters of the con-
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volution neural network that acts as the brain of the agent is initialized with
random values. After making a move, the agent selects a random batch of
information from the collected information and makes a gradient descent step
on the euclidean loss between targets and predictions with respect to network
parameters 6 where the inputs and targets to convolution neural network are
described below:
Let 7 = 1,...,m represents the indices of the examples in the sampled
batch. Then, input is:
I;=5) (6.16)

and target is (for action a/ only):
y = r]l(g] = True) + (r] + ymaryQ(Si, ,d’;0))(g] = False)  (6.17)

The discount value, « is set to 0.99. We took a batch size of 32, initial
e value of 1, and final € value of 0.1. While choosing an action, a uniform
random number is generated between 0 and 1. If the generated number
is less than ¢ then a random action is taken otherwise an action prdicted
by the state-action value function represented by CNN is taken. We used
the rmsprop (refer section 3.3) version of gradient descent for updating the
parameters. A learning rate of 0.00025, momentum decay rate of value 0.95,

and velocity decay rate of value 0.95 were used in rmsprop.

6.4.3 Results

Fig. 6.5 shows the epoch number versus the total reward and mean Q-value
received by the agent in the atari game Breakout during testing. Each test
epoch comprises of a fixed number of frames to make the rewards in different

epoch comparable. The increase in total reward per epoch shows that our
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agent learnt to play the game. Fig. 6.6 shows the learning curve for the
game Breakout. As expected, the learning curve doesn’t give much insight
on whether the agent has learnt to play in an optimal manner while the mean
Q-value per epoch does. Then, Fig. 6.7 shows a sequence of frames while

the agent has learnt to play the game.

EPOCH VS TOTAL REWARD RECEIVED BY
AGENT DURING TESTING

v

— 4829
__ 4766

3806 — 3030

Total Reard

Epoch Number

EPOCH VS MEAN Q-VALUE DURING
TESTING

3.187052662
2.813352296
2.381194324
2.091674342
1.79122537
1.464465199

1.035554256 ‘

Mean Q-value

-

0.41985¢6 9- 532}"'53575

4 5
Epoch Number

Figure 6.5: Epoch number versus the total reward and mean Q-value
received by the agent in the game Breakout during testing
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Number of RMSProp Steps vs Cumulative Mean Loss

Cumulative Mean Euclidean Loss

Lo O T O v T o, T O O T O o O SO O o T T e O e o T = T T o T O o T = T O e I
Lr = s s T o T T e 1 T O Vs T T O T ¥ T o = T ¥ T e O - O ¥ B VI - O T T = I T T o |
L T R o T T = T = I R R T M~ 0 O O = o M =
L T I B B I I T O O o O O ¥ IO O I )

Number of RMSProp Steps

Figure 6.6: Learning curve for the game Breakout

6.5 Deep Reinforcement Learning with RAM

Consider the game Breakout and the sequence of frames observed by our
model in Fig. 6.7. Now, the model/agent based on deep reinforcement
learning moves to the left. But why? A human agent might answer that
since the ball is moving towards left the action taken is to move left. This is
the part that the model doesn’t answer. It has learnt some set of parameters
that once fitted in the convolutional neural network predicts optimal action
to take. But a RAM-based agent is capable of providing the reason that
“since the ball is moving towards left, I should also move towards left to

prevent death”.
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Figure 6.7: A sequence of frames while the agent has learnt to play
the game

6.6 Model Ideas

Usually, the optimal decision taken by a game playing agent depends on a
part of his state. For example, consider the atari game Breakout and let
the screen of the game represents the state of the agent. Then, the optimal
strategy of the agent for playing Breakout must depend on the part of the
screen of the game displaying the ball and the slider. Thus, a RAM-based
agent for playing Breakout should have attention on these two areas of the
screen. If the graphical visualization of the attention mechanism between
the controller and the memory of the RAM-based agent for playing Breakout
shows that the two areas (ball and slider) of the screen are in focus, then
it can be inferred that the agent is making decisions (actions) based on the

position of the ball and the slider.



We tested the same model described in previous section after replacing
the convolutional neural network with a neural turing machine which takes
a sequence of last 4 frames as external input and produces a score corre-
sponding to each legal action that represents the expected future reward as
external output. The resulting model produced results consistent with those
shown in Fig. 6.5. But we missed a very important aspect. NTM has read
and write heads that focus on the memories not on the content of the memo-
ries. We require attention on the content of the memories not on the location
of the memories. So, the most important change that one must introduce in

NTM for building game playing agents that provide reasoning is to,

“Introduce weighting on the content of the memories.”

Some other ideas of reasonable changes can be:

1. Using a technique called Clustering on Subsets of Attributes (COSA)
[6] for the content addressing module so that the memories can also
be focused based on the partial contents. The motivation behind this
change follows from the way human beings are capable of detecting

partially similar objects.

2. Number of allowed shifts in Neural Turing Machine should be equal to
the number of memory slots in the memory so that the focus can shift

to memory slot at arbitrary distance from the memory slot in focus.
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