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ABSTRACT

In Reinforcement Learning, a long-standing problem is that of extending the temporal
range of an agent, or in other words the capability to learn effective behaviors in environments
where positive feedback has a long delay. Conceptually, this is analogous to the notion of longterm strategy or planning. In this paper I propose an approach for improving temporal range
which is built on a few recent developments. One such development is the successful creation of
a Neural Network model for use in Reinforcement Learning, called the Deep Q Network. Despite
the success of this model in achieving cutting edge performance, it still faces the problem of
long-term delayed rewards. Recent work has proposed a hierarchical organization of Deep Q
Networks in order to achieve a certain level of temporal abstraction. This has shown to be an
improvement over a single Deep Q Network in the context of long-term delayed rewards.
However, it still relies on the Deep Q Network, which has a weakness: its updates (which are
when the weights of the model are altered as a response to new observations) are only based on
limited information. More specifically, its architecture does not have a built-in persistence of
information. Consider trying to read this paragraph while only being able to remember a few
random words you have read so far. Recurrent Neural Networks are designed to have long term
information persistence as a result of their structure. Here I propose a model which incorporates
a Recurrent Neural Network called ‘Long Short Term Memory’ into the Hierarchical Deep Q
Network approach with the goal of improving temporal range.
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Introduction
Reinforcement Learning (RL) has historically posed a particular set of problems in
application which have motivated much of the recent work that informs this paper. Among these
are the problems of dealing with very high dimensional inputs, and that of learning temporal
abstractions. Many approaches to both of these problems have been proposed in recent literature
– this is covered in the literature review that follows, along with some explanation of RL in the
context of this paper. In this introduction I present a little more background in order to give a
sense of purpose to the entirety of the review.
First, the general class of problems RL deals with is that of ‘agent control’. Specifically,
this means the problem of achieving desirable decision-making behavior in a computer agent.
Desirability is defined in terms of some kind of feedback from the agent’s environment. Before
getting into the details, this means that an RL agent must take in observations of its environment,
and use that information to make decisions.
The problem of high dimensionality refers to cases in which these observations are
simply very large. Consider an RL agent which is being trained using video data. This could be
an agent learning to control a robot, or learning to play a videogame. Such an agent might be
receiving hundreds or thousands of input values each time it makes an observation (think of all
the pixels from a few frames of video, and then the different values each pixel represents). Huge
amounts of input information such as this can be too computationally taxing on RL agents.
To deal with this issue, non-linear value function approximators, such as Neural
Networks, have been suggested. [1] [2] [3] The value function is a core component of RL
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explained in the review. While other suggestions involve reducing the state space (another core
component of RL) using abstractions such as ‘contingency awareness’, which refers to regions of
observation that are most contingent on the agent’s actions [4], state space reduction is a path of
inquiry I will not focus on here. The non-linear value function approximations are what is
primarily of interest to this paper, in particular the Deep Q Network. Accordingly, the review
begins by covering Neural Networks, Reinforcement Learning, and the Deep Q Network.
An approach to temporal abstraction which is based on this model is the Hierarchical
Deep Q Network. This alteration organizes two Deep Q Networks into a hierarchical structure,
with one network learning behavior over simple actions and the other learning goals which are
used to ‘motivate’ the simple action selection. [8] This is the base for my proposed model.

Motivation
Even though HDQN is an improvement towards the problem of RL in delayed reward
environments, it faces some challenges. Besides the problem of disentangling features from raw
pixel data, there is room to introduce some notion of long term ‘memory’ to the model. As is, the
model bases every decision only on a limited history, as it is built using the original DQN model.
In this paper I propose and evaluate a model that attempts to give the HDQN a longer ‘memory’,
so to speak. I introduce a type of neural network called LSTM to the internal structure of the
DQN being used within this hierarchical model. The motivation is to improve the performance of
the HDQN in delayed reward scenarios.
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Acronyms
The subject of this paper requires the repeated use of cumbersome terminology, such as
Hierarchical Deep Q Networks, Long Short Term Memory, Deep Convolutional Neural
Networks, and so on. Below is a table of acronyms used for repeated terms throughout the paper.
The full terms are used when they are introduced, but are otherwise replaced by the following.
Table 1: Acronym List

Term

Acronym

Reinforcement Learning

RL

Deep Q Network

DQN

Hierarchical Deep Q Network

HDQN

Neural Network

NN

Convolutional Neural Network

CNN

Deep Neural Network

DNN

Recurrent Neural Network

RNN

Long Short Term Memory

LSTM

Markov Decision Process

MDP

Rectified Linear Unit

ReLU
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Literature Review
To provide background for the introduction of Recurrent Neural Networks into the
Hierarchical Deep Q Network architecture, I review the following topics.
First, I cover the subject of Neural Networks, Convolutional Neural Networks, and Deep
Neural Networks; all being key to understanding Deep Q Networks.
Second, I review some basics about Reinforcement Learning, and what formulation of it
is being used here.
Third, I review the Deep Q Network itself, covering its design, motivation, successes, and
shortcomings.
Fourth, I review some approaches to the temporal abstraction problem that are relevant
background for the Hierarchical Deep Q Network.
Fifth I review some of the neuroscience and cognitive science behind the idea of
hierarchical learning.
Sixth, I review the Hierarchical Deep Q Network, covering it in detail as it is the main
foundation for this paper.
Finally, I review Recurrent Neural Networks and the Long Short Term Memory model.

Neural Networks
The Neural Network (NN) is a well-established and extensively documented model in
machine learning. My intention here is not to provide a deep review of its history or development
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– rather just the relevant definitions and background to discuss the Deep Q Network (DQN)
model. Since the DQN is a ‘deep’ ‘convolutional’ Neural Network, I will briefly explain what an
NN is, what a deep NN is, and what a convolutional NN is.
The basic premise of an NN is to (very loosely) mimic the sequential firing of neurons.
Each ‘neuron’ is a node which takes many input values and produces one output value. Nodes
are organized in layers, and each node receives the output values of all the nodes in the previous
layer. How are these output values generated? There is a mathematical function which a given
node in an NN uses to produce its output, referred to as the ‘activation function’. A commonly
used activation function is the sigmoid, for example. In Figure 1 below, z is the weighted

Figure 1: Sigmoid Activation Function

aggregation of the output values from the previous layer. This means that every node in a
sigmoid layer (meaning all the nodes in such a layer use the sigmoid activation function), will
produce a value between 0 and 1. If all the nodes in a layer use the same function, and receive
every output from the previous layer, how come they do not all output the same value? The
variation between each of their outputs is due to what are referred to as the weights. [9]
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When each node is aggregating the outputs of all the previous layer’s nodes to pass them
through the activation function, each value is weighted. The weights assigned to each output
from the previous layer are different for each node. In effect, each connection in the graph
representation below (Figure 2) conveys the output value of the node it is coming from, and has a

Figure 2: Simple and Deep Neural Networks

weight assigned to it. [9]
NN’s are effective at capturing patterns, and have enjoyed particular success in problem
domains such as clustering and recognition. The way this is achieved is that the weights are
repeatedly altered in small amounts such that the output of the NN is increasingly desirable. This
is usually referred to as ‘updating’ or performing ‘updates’.
A Deep Neural Network (DNN) is simply an NN with more layers of nodes between the
input and output. The idea is that the added depth allows for more abstraction of the input data,
increasing the pattern recognizing power of the model.
One of the challenges for NN’s in general has been the need to perform updates
efficiently. In the case of the DNN’s, the computational cost of doing this was prohibitive when
they were introduced. Since that time, advances in design, update approaches, unsupervised
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learning, and computational power, have allowed DNN’s to outperform other machine learning
models in many pattern recognition tasks. [10]
Now I review the Convolutional Neural Network (CNN). A CNN is different from an NN
in that each node is not connected to every node in the previous layer. Each node is only
connected to a group of nodes which are next to each other in the previous layer. Figure 3 below
visualizes this distinction.

Figure 3: Convolutional Neural Networks

The ‘tiling’ of the CNN’s layers allows it to take advantage of spatial information, which
is especially useful when the input is an image or a stream of images (as is the case with an agent
playing a computer game or navigating a real-world environment).
Deep CNN’s are Deep Neural Networks which use convolutional layers rather than fully
connected ones. They use these layers in a hierarchical structure to simulate the behavior of
receptive fields, an important notion from research done on the visual cortex. [11] These Deep
CNN’s are fundamental to the design of the DQN, since they have been successful in both
making use of spatial patterns and being more robust to natural transformations such as
perspective shift.
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Reinforcement Learning
Reinforcement learning is a formalization of the problem of agent control that usually
defines a set of states the agent can be in, actions the agent can take, and rewards the agent can
receive. The problem of control is turned into one of finding a policy which is used to select
actions within an environment – the goal being to find a policy which would maximize expected
future reward. [12]
This formulation is known as the Markov Decision Process (MDP). Formally, an MDP is
a tuple (S, A, Pa, Ra). S is the set of all possible states. A is the set of all actions. Pa(s, s’) =
probability(st+1 = s’ | st = s, at = a), or in other words, Pa is the probability that a state s and action
a at time t will lead to state s’ at time t+1. Ra(s, s’) is the reward for going from state s to s’. With
these definitions in mind, the expected future reward mentioned above is based on Pa and Ra.
The formal goal is to find a policy π, which is a function that picks an action based on the
current state (a = π (s)). The notion of expected future reward in RL is captured by what is called
the value function. The value function essentially stores the estimated value of each state to the
agent. This estimated value uses Pa and Ra to calculate the statistically expected reward of going
to each state. The way the expected values are updated varies by approach.
To deal with environments where rewards can be delayed, an alteration has been
proposed which adds goal states to the value function (the domain of the value function was
previously just the set of possible states). [13] Policies can be generated that end when the agent
reaches a goal state. These different policies can then be unified in different ways.
One such way is to make use of temporal dynamics, which is to say that the different
policies operate over different time scales. This, combined with a hierarchical structuring, can
produce effective behavior in delayed reward environments. [14] This is relevant to the design of
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HDQN, which uses DQN’s to approximate these value functions which are organized
hierarchically and dynamically with respect to time. [8]

Deep Q Networks
The DQN has been introduced in recent literature as a way to use deep learning in the RL
domain. It makes use of the Deep CNN architecture. A specially designed Deep CNN is used to
approximate the value function mentioned above. [2]
The motivation for the particular design of the DQN involves three major points. First,
RL models do not perform consistently when non-linear function approximators (such as NN’s)
are used for the value function; they can actually diverge due to this. Second, correlations in
sequences of observation can throw off the model. Third, small changes to the value function can
dramatically influence policy generation. [15] These latter two problems are causes for first
problem (that of divergence).
The DQN makes use of two strategies to address these two root issues. The first is
dubbed ‘experience replay’, after the name of a phenomena observed in biology. [16] [17] The
biological observation is that memory is not used ‘linearly’ when being used for learning. In
sleep, the brain appears to flash through disparate episodes. In context of this reinforcement
learning model, the application of this observation is to randomly sample from some ‘history’ of
events when making updates. This randomization in the context of updating the value function
helps avoid any effects from correlations in sequences of observation. [2]
The second innovation of the DQN is having a ‘target’ value function which is only
updated periodically. These ‘target’ values are used when updating the value function directly in

10

use by the DQN. The target values act as a kind of anchor for the current values, as the
difference between the current values and these targets is used in calculation of new values. The
effect of incorporating this separate set of values is to mitigate the influence that small updates to
the value function can have on policy, since the target values are not updated every step. [2]
Figure 4 below (credit to [2]) shows the structure of the DQN. The convolutional layers
are used to abstract information from the image input; as discussed previously, DCNN’s are very
effective with visual data due to the advantages of convolution. Traditional fully connected
layers are then used to eventually output a value for each possible action.
This diagram is also useful to note where my proposed alteration will fit in. I replace one
of the fully connected layers with a recurrent NN called an LSTM, which introduces a long-term
memory to the internal structure of the DQN.

Figure 4: DQN Internal Architecture

The left part of this diagram shows the way each ‘filter’, or piece of the convolutional
layer, relates to the input image. Each internal layer except for the last one is a Rectified Linear
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Unit (known as ReLU). This simply means that the activation function (as discussed previously)
is max(0,x). The benefits of ReLU is that it avoids complicated math in the activation, and it
ignores negative inputs, meaning that a given node is not activated every time. [18] These things
make it very efficient versus other schemes, which is especially useful in this context of deep
convolutional networks.
In the overall DQN there are three convolutional and two fully connected layers. The last
is linear rather than ReLU, since it is meant to output the action selection. I am replacing the first
of the fully connected layers with an LSTM network.

Temporal Abstraction
A conceptual subject of recent interest to researchers in RL is the idea of temporal
abstraction. There is a kind of intuitive notion that humans are able to abstract action across time.
For example, with the goal of going to the bathroom, we do not think in terms of taking
individual steps that reduce our distance to the bathroom. We can abstract the thought of
traversing a sequence of rooms or hallways. It makes sense that achieving something like this in
machine learning might improve performance in situations where feedback is delayed.
Recent work has proposed an alternative to the typical Markov Decision Process (MDP)
which can introduce a kind of temporal abstraction. Traditionally, MDP’s are the RL framework
I described before, which includes a set of states, actions, transition probabilities, and rewards.
Sutton et al. have suggested what they call options. Options are policies for action selection over
a period of time. [14] These options can be used interchangeably with simple actions in the
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context of reinforcement learning. An agent can choose either a primitive action or an option at a
given timestep. The importance of this relates to the problem of exploring the state space.
Being an old problem, the approaches to it are very diverse. Traditional  - greedy
approaches assign some probability to whether the agent will decide on the next action or pick
randomly. Boltzmann exploration offers an approach that, although still favoring the optimal
action when deciding, weights the others based on their estimated values. Unlike  - greedy, the
non-optimal actions are not treated equally. [5] Thomson sampling instantiates the agent’s
estimations randomly every time a selection is made. [6] It is interesting to note that these are all
approaches to the Bernoulli Bandit problem which was formulated in the 1930’s and which has
resurfaced specifically in the context of RL. Some recent literature has elaborated upon these
approaches in the RL domain. [7] A prevailing problem with such exploration is that it still only
deals with ‘primitive actions’, or actions at the lowest level of granularity specified.
Options aid in exploration of the state space by mitigating the effects of increasingly
large state spaces. In Figure 5 below (credit [19]), imagine the agent as being at the root of the
tree. Each connection represents an action and consequent transition to a new state. In the figure,
there is a goal state, and the arrows represent the sequence of actions needed to get there.
Options turn the problem of learning seven decisions into a problem of two. Part A visualizes the

Figure 5: State Space Searching
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‘primitive’ actions required. Part B visualizes the groupings by color of these actions under
options. Part C visualizes what the model can now account for (simply two options). [19]
There have been various approaches proposed for learning options in real time. One idea
is to introduce various reward functions (whereas traditionally there is only one). [20] Another
proposition is to compose various options into new options in a way that does not detract from
the original options’ usefulness. [21] Increased exploration to parts of the state space that have
not been within reach before has also been suggested. [22]
The HDQN’s approach to temporal abstraction involves learning a policy for option
selection as well as primitive action selection using DQN’s.
An interesting connection to this discussion of temporal abstraction is the traditional
concept of time complexity in the theory of computation. Time complexity is defined
asymptotically in terms of the repetition of what are taken to be primitive operations. For
example, in the context of searching a list, comparing the value at an index in the list to some
target value might be such a primitive action. If the search is performed by simply traversing the
list from start to finish until a match is found, the repetition of primitive actions will scale
linearly with the length of the list. In time complexity theory, this is referred to as O(n) time
complexity, with n being the length of the input. This means that at most the operation will take
as many repetitions of primitive actions as there are items in the list, n is the upper bound.
Time complexity is often presented in terms of searching or sorting information, such as
the example of the list. If you will recall Figure 5, I was just discussing the search for a goal state
in a tree representation of possible states. The difference between the search with and without the
options is the manner of traversal through the tree. Options allow the search to essentially scale
the time requirement to search the tree. In other words, temporal abstraction in this context can
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be thought of as attempting to interact with the time complexity of a particular search. Even
though it will still be relative to the size of the tree, (therefore the O function will not be a
different one), it is possible scale by some constant.

Cognitive Science and Neuroscience
In cognitive science, there has historically been a distinction between evolutionary
psychology and enlightenment era ideas about human nature. The former, supposedly inspired by
Darwin, suggests that the mind is a conglomerate of specialized mechanisms shaped by
evolution. The latter view is of the mind as a single learning system which discovers regularities
in experience. Recent literature has suggested an alternative: the mind has some ‘core
knowledge’, and new skills and beliefs are constructed from these foundational blocks. [23]
This notion can be seen as related to the idea of options in RL. Options perhaps can be
taken to be analogous to ‘core knowledge’. Taking this to be the case, what is left is the question
of how these things are put together – the question of hierarchical learning. It is relevant to
consider the ways in which hierarchical RL and cognitive science have influenced each other.
As early as 1951 in the realm of psychology, the assertion has been made that the
selection of low-level actions requires a higher-level representation of goals. [24] Since then
much work has been done regarding the possible nature of such representations. Recent
publications propose a concept of ‘task representation’ which resembles options in a few ways:
these representations can be selected, they remain active for some time, they cause the creation
of a ‘policy’, and they can be hierarchically nested. [25] [26]
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There have been some differences in the interests of psychology versus those of
hierarchical reinforcement learning. In psychology, much attention has been given to the
transition between tasks, the comparison of tasks, and the role of tasks as mechanisms for
information persistence. The focus has not been so much their role in learning. [19]
Some works of observation have produced evidence for hierarchical learning in children.
Essentially, it appears that throughout development, children exhibit behavior that incorporates
previously known ‘simpler’ operations into larger wholes. [27] [28]
There are two relatively recent frameworks from psychology about the theory of
cognition which relate to hierarchical reinforcement learning, Soar and ACT-R. These
frameworks involve the idea of using ‘chunks’ (think of options) which can cause the execution
of sequences of actions. [29] [30] The takeaway has been that these ‘chunks’ ease problem
solving and speed it up. However, an important distinction is that reinforcement learning is
ultimately only formulated in terms of reward maximization.
So cognitive science and RL have influenced each other in that the latter has motivated
empirical observations (such as those of children’s hierarchical behavior), and ideas from
cognitive science have inspired models in RL. In a similar way, neuroscience has been
influenced by RL.
A formulation of RL called the ‘actor-critic’ model involves two eponymous parts: the
actor learns a policy over actions and the critic maintains the value function. During execution,
the actor takes actions, and the critic calculates prediction error. The prediction is simply taken
to be the value of the state the actor just left by taking action added to the value of the new state.
By comparing this to outcomes, the critic maintains the estimated values of each state.
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In neuroscience, this actor-critic model has had an impact. For example, in the
observation of neural structures, recent work has proposed identifying the actor and critic as
parts of the brain, and the reward prediction error function as dopamine. [31] [32] [33] To read a
more detailed summary of the relation of hierarchical RL to neuroscience, utilizing the more
technical terminology from the field, see [19].

Hierarchical Deep Q Networks
To understand the HDQN model, first consider the traditional MDP formulation: states,
actions, a transition function that maps states and actions to new states, and rewards. In the
context of HDQN, this environment reward is now distinguished as the ‘extrinsic reward’. The
stated goal of this model is to maximize the extrinsic reward over extended time. [8]
Goals are introduced to this traditional MDP formulation to capture the notion of
‘intrinsic motivation’. The agent’s purpose is to set and complete sequences of goals that
maximize extrinsic reward. Options define policies for each goal, with the agent learning these
‘mini policies’ along with an optimal sequence of goals. A ‘critic’ (as in the actor-critic model
described above) rewards the agent based on its successful completion of goals. [8]
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There are two ‘controllers’ in the HDQN: the ‘controller’ and the ‘meta-controller’. The
meta-controller takes the state as its input and produces a goal. The controller takes the state and

Figure 6: HDQN Overall Design

the goal as input and selects an action. The goal is not changed at every timestep; it remains for
some previously specified time interval until it is achieved or the interval ends. The critic then
provides a reward to the controller based on whether this goal was completed. The controller is
attempting to maximize this reward, called ‘intrinsic reward’, over time. The meta-controller is
attempting to maximize cumulative extrinsic reward. [8]
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Figure 6 above (credit [8]) illustrates this hierarchy. The agent is ultimately taking actions
and receiving feedback from the environment. This feedback comes in the form of extrinsic
rewards and new states (observations). The new states are used by the critic to determine whether
an intrinsic reward is earned. The extrinsic rewards and the new states are used by the metacontroller to learn its policy over goals. The meta-controller feeds its goal to the controller. The
controller uses this goal and the new state observation to select a new action. The second half of
the diagram illustrates the way a single goal is used across several time steps before being
replaced, and how this is used as an input to the controller along with each successive state.
Moving on, the meta-controller and the controller are trying to maximize extrinsic and
intrinsic rewards respectively. This is accomplished by using a DQN for each, with the Q value
function being distinct. The controller uses the following (1) function:

The meta-controller, alternatively, uses this (2) function:

The training requires the minimization of loss functions corresponding to each (1) and
(2). Also, each controller has its own history of events to randomly sample from when updating.
Stochastic gradient descent is the method employed, with the meta-controller only collecting
experiences every N steps, and the controller collecting experiences every step. The meta
controller selects new goals using an -greedy approach, with a modification that reduces the
probability of exploration as learning is achieved. The controller’s exploration takes into account
the current success rate of reaching the particular goal g active at the time. [8]
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Recurrent Neural Networks and LSTM
One of the problems faced by the HDQN is that as it relies on the DQN without major
alteration, it is subject to the DQN’s lack of information persistence. In fact, NN’s in general
face this issue, which has motivated the development of modified NN’s which incorporate this
notion of persistence. The Recurrent Neural Network (RNN) is a NN which, along with a usual
output, produces a signal which is used as input, creating a loop. [34]
Figure 7 below (credit [34]) illustrates how this loop structure can be thought of as
creating an array of copies of the NN. Each NN in the figure is actually just the original NN at
each different time step of operation.

Figure 7: Recurrent Neural Network

To understand the way this is useful, consider the act of reading a sentence with the goal
of predicting the last word. Depending on the sentence, different amounts of context might be
necessary. For one sentence, the containing clause could be sufficient; for another sentence, it
might be necessary to look all the way back to the first word. In Figure 7, the ‘unrolled’ display
of the RNN can help visualize why this architecture would be expected to perform better in these
contexts. The blue X circles are inputs to the RNN. It is possible that some of the information
from the input at time 0 will be present in the RNN at time t, making it available for the output
calculation at that timestep.
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However, a flaw of the basic RNN is that it struggles to perform well as the duration for
which information must be retained increases. In other words, an RNN does well if there are only
a few time steps between the production of a certain piece of persistent information (which is
placed on the looping signal) and when that piece of information is relevant. Long Short Term
Memory (LSTM) is a more complex model of RNN which was created to address this issue; it
has been very successful in doing so. [34]
One of the main innovations of the LSTM is that it controls interactions with the looping
signal, referred to as ‘cell state’. In Figure 8 below (credit [34]), the cell state is the signal
running along the top of each time step (the green rectangles). The red circles represent
pointwise operations that combine signals, there are two points on the cell state. The yellow
rectangles each represent a neural network layer. [34]

Figure 8: Inside an LSTM

The points on the cell state are key to the LSTM’s success, as they are what control what
gets added or removed from the signal. There are three instances in the model of a sigmoid layer
(the NN layers labeled σ) followed by a pointwise multiplication ‘x’. These can be thought of as
gates that control what to let through. [34]
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Recall that a sigmoid layer refers to a layer of NN nodes which use the sigmoid activation
function. This means that the part of each gate that is the sigmoid layer will output a set of values
between 0 and 1. The effect of this is that when pointwise multiplied with another vector, each
output of the sigmoid layer is essentially deciding how much of each feature of that vector to
keep, so to speak.
The first gate on the left is controlling what gets ‘forgotten’ from the cell state. It takes
into account the input at this timestep and previous cell state (passed through a filter). Since it is
a pointwise multiplication, each 1 the sigmoid layer produces ‘retains’ that part of the cell state,
and each 0 ‘forgets’ that part of the cell state. Since a sigmoid activation is used, there can be
values within this range, meaning that most parts of the cell state will not be entirely ‘kept’ or
‘forgotten. The other gates operate similarly.
The next gate is the one that controls what gets added to the cell state. It is right next to
the only NN layer in the model that is not a sigmoid layer. The ‘tanh’ layer generates the values
that might potentially be added to the cell state. The tanh activation function can be seen as
similar to the sigmoid, in that it generates values between a certain range. In the case of tanh, the
range of outputs is (–1, 1) rather than (0, 1).
The second gate, which is located to the left of the tanh layer in the diagram, determines
how much each of these potential values will ‘go through’ to the cell state. Both of these parts
also use the input and previous cell state at this time step to generate their outputs. The third gate,
which also takes these two things as input, decides what parts of the cell state will be the output
for the LSTM, as well as be passed to the next iteration. [34]
Mathematically, the output of the first gate looks like this:
Gate1 = σ(Wg1 * [ht-1, xt] + bf)
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Where Wg1 are the weights of the sigmoid layer, * is a pointwise multiplication, [ht-1, xt]
is the output from the previous timestep concatenated with the input at this timestep, and bf is a
constant modifier. The output of each other gate has an analogous calculation, with the only
difference being in the weights of each NN layer and the constant modifiers. The tanh layer
follows the same pattern, except the sigmoid function is simply replaced by the tanh function.
The output of the LSTM at timestep t, which is also passed as input to the next timestep of the
gates’ operations, is as follows:
ht = ot * tanh(Ct)
Where ot is the output of the third sigmoid layer, and Ct is the cell state at this timestep,
and the * is a pointwise multiplication.
The innovations of LSTM have produced impressive results, clearly improving upon the
RNN in terms of long-range performance across time. [35] This model’s ability to selectively
retain information is highly relevant to the problem of temporal range in RL as a whole, and is
very versatile. A DQN with an LSTM should theoretically fare better than the vanilla version,
since one of the weaknesses of the DQN is lack of information persistence. With the information
covered in this literature review, I can describe my proposed model in detail.
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Model Design
Since the idea is to increase temporal range of the agent, and the HDQN model has two
main parts, it is technically possible to introduce an LSTM into either. However, in the model I
propose, I only use an LSTM inside the meta-controller. The reason is twofold.
First, the goal is to increase performance in delayed reward scenarios, and the HDQN
architecture already has a controller setting goals for the lower level controller to use in selecting
actions. In other words, the lower level controller is already making use of some temporal
abstraction. Considering it operates towards the completion of each goal for some given amount
of time before receiving a new goal, attempting to extend this controller’s temporal range would
be redundant. The idea is to increase the range of the model as a whole.
Second, the meta-controller does have use for some kind of temporal abstraction. Of
course, it is learning a policy for the selection of options, which are a form of temporal
abstraction, but unlike the lower level controller, this policy learning persists the entire time. In
other words, there is effectively only one policy being learned. The meta-controller is not being
‘reset’ after every window of time given to complete each goal. For this reason, it might be
beneficial for the meta-controller to have internal information persistence. It would also
conceptually align with the notion of long-term strategy, as now the option selection will be
made with consideration of information across a wider range of time.

24

Figure 9: Controller Continuity

Figure 9 above illustrates, in a more abstract way, the break in continuity for the
operation of the lower level controller. It receives a goal from the meta controller, an observation
from the environment, and selects an action based on those things. Between some time steps,
such as the first one in the diagram (symbolized by the clock with an arrow), the goal input
remains the same, meaning that the action selection will be geared towards the same end
(question marks are the same color). Between time steps when the meta controller selects a new
goal, such as the second one in Figure 9, the low level controller will essentially face a break in
continuity. Its action selection is now is according to a new goal (question mark is a different
color). Since the controller’s operation is being ‘interrupted’ in this way, information persistence
might be less fruitful in its context.

Figure 10: Meta Controller Continuity
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Figure 10 above illustrates how the operation of the meta controller is different in a
similarly abstract way. On some timesteps, such as the first one illustrated, the meta controller is
not making any new selections. On others, such as the second one, the meta controller chooses a
new goal to feed to the low level controller as part of its input. There is no break of continuity in
the same way that there is for the low level controller. The meta controller is learning a policy to
select goals continuously throughout its operation. For this reason, information persistence
would appear to have more relevance to this higher level controller than the other.
Figure 11 is a 3-dimensional visualization of the architecture I propose for the DQN in
use by the meta-controller. The input is a stack of 84 x 84 images. There are three convolutional
layers, an LSTM, and a fully connected layer.

Figure 11: Proposed DQN Architecture
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The first convolutional layer is generated by convolving 32 filters of size 8 x 8 with a
stride of 4 across the input. This means that there is are 32 sets of 8 x 8 values which are
multiplied with every possible set of adjacent 8 x 8 columns in the input. The filtering is
visualized in red above, showing the relative size of the filter used for each volume.
Each value generated by convolving a filter across a volume is a single point in the next
volume. Each filter is essentially generating a single ‘sheet’ of values in the next layer; 32 filters
results in a volume with a depth of 32. After each convolution, ReLU is used as a processing step
for these values. Then the next layer’s filters are convolved through this volume, generating a
new volume.
After the third convolution, the last volume generated is fully connected to the LSTM
layer succeeding it. Each value of the volume can be thought of as the output of a node in the
previous layer of the NN. A volume is like a 3-dimensionally organized set of nodes. The
convolutions make use of the spatial arrangement, but in this fully connected step, the 3dimensional structure is no longer used. In the LSTM, each NN layer is fully connected to this
set of outputs from the last convolution. The LSTM also uses ReLU.
After the LSTM, there is a final fully connected layer with size a x 1, with a being the
number of actions available in a given environment. This last layer uses a linear activation
function rather then ReLU, and each of its outputs is indicative of how much each particular
action is preferable to be taken a given time step. The maximum of these outputs is used to
determine the action taken, or in the case of the meta-controller, the goal selected. In the context
of the meta-controller, a actually refers to the number of available goals to choose from.
This is the model for the altered DQN I propose to use for the meta-controller in HDQN.
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Evaluation
To test the success of my proposed model, the problem of a videogame which is known
to require some long-term strategy for optimization is used. The results are compared to those of
a regular DQN in the same environment.

Atari Simulation
In this experiment I trained an altered DQN on the Atari game called Breakout. I used the
Open AI Gym interface for the Arcade Learning Environment to simulate the game. This tool
was developed as a way to expedite RL research by providing a way to have agents interact with
Atari games in the context of actions, observations, and rewards. Gym makes the Arcade
Learning Environment accessible in Python (along with other kinds of environments such as
physics simulations).
Breakout allows the player to move a small platform on the bottom of the screen either
left or right. There is a set of blocks arranged at the top of the screen, and there is a ball that can
bounce between the blocks and the player’s platform. The way points are earned is to use the
platform to cause the ball to hit blocks. If the ball bounces past the bottom of the screen rather
than hitting the player’s platform, it is lost, and a new ball must be used. The player has a limited
number of balls to use before the game is over.
This game has room for long term strategy to pay off, making it an interesting experiment
for my model. Human players have found that the optimal strategy is to break all the way past

28

the layers as soon as possible, allowing the ball to then bounce above the blocks, taking out
many with no risk of being lost. Breaking through the layer in this way is a deliberate strategy
that would take some time to pay off in the context of the game, especially in comparison to
simply playing ‘normally’, which would result in essentially having to bounce the ball more
frequently.
The agent received a stack of observation frames generated by Gym from the game. Each
observation from Gym is given in the form of an RGB image of the screen at that time. If taken
directly, these images come in the form of 210 x 160 x 3 array of values. As an input for NN
training, this is undesirably large. Using some preprocessing (described in the Appendix), these
observations from the game are reduced to an 84 x 84 x 1 image. Other details about training and
model parameters are provided in the Appendix.
The model’s training statistics are visualized below. Data for the graphs was not collected
during the initial period of each experiment, during which the agent was allowed to perform
random actions without learning. This is done for the purpose of populating the replay memory
with experiences before the learning process begins.
The Figure below visualizes Q predictions along with respect to each update to the
network. The multicolor graph shows the predicted value of each action (there are 4 in Breakout)
at the time of each update. The single-color graph shows the maximum of these values at each
update. The trend is to predict increasingly high values for all of the actions at each time step,
and for an increasingly high maximum possible value for each state. The problem that was
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Figure 12: Q Predictions Plateauing

encountered by this agent can be seen in part through these graphs as well: even in relatively
early stages of training, the predictions begin to plateau.
When observing the agent’s actual performance in the game during training, these figures
make more sense. The behavior of the agent is to learn to consistently hit a few blocks during
each episode, which corresponds to the value predictions plateauing around 3 to 4.
Take a look at the screenshots from a player’s episode during training. This is the
behavior it appears to settle on, not finding the higher potential scores. Perhaps the reward
structure of this environment has this effect on training. Conceptually, the reward is only earned
when the ball is hitting a block. Whatever the observations look like at that point will be what is
associated with the reward. However, the base DQN agent has been able to learn to outperform
human players in this environment.
These observations bear some of the signs of unstable training. In response, I performed
smaller experiments to understand the nature of the instability: ranges of hyperparameters,
different weight initialization techniques, and different games.
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Figure 13: Breakout Performance

First, the hyperparameter experiments. I most broadly tested the learning rate, since the
issue appears to be an undesirable behavior of the loss over time. The agent seems to settle at the
same local minimum of the loss function every run, regardless of learning rates. The loss
calculated during each optimization step drops very quickly at the beginning of training and then
does not change outside of some small variation for the remaining time. The graphs of loss
below show this behavior.
Each of these graphs visualizes the loss with different learning rates and over different
intervals. The one on the left shows the loss with the lowest learning rate used (0.0000001)
within a relatively early range of updates. The one on the right shows the loss with the highest
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learning rate used (0.00025) over a longer training period. Regardless of learning rate, the loss
converges to the same place.
Perhaps part of the problem is that the agent is learning to associate most observations
with no reward, as the reward is limited to only a sparse few frames – the ones in which the ball

Figure 14: Losses Converging

hits a block. However, the graphs of Q predictions above would conflict with this, as the agent is
predicting increasing potential values for each state it finds itself in.
In the next set of experiments, different initialization strategies were used for the model
network’s weights. Random uniform initializations as well as random normal initializations were
used for the weights. The resulting graphs for loss exhibited the same behavior as those from the
learning rate experiments.
The final set of experiments was to try the training on a different Atari game, Space
Invaders. A few sets of hyperparameters from the previous experiments as well as uniform
random initialization were used. The loss visualizations resulted similarly as well.
Overall, my model’s performance showed signs of trouble with the training process. It
was unable to outperform the original model it is based on.
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Implementation Issues
The original intent was to compare the performance of my model on this game to that of
the original as per the publication’s evaluation. For reference, the results of the original were
presented in a couple of ways, including a percentage relative to human performance. The values
for human performance were calculated using various human players over many episodes of
each game. With respect to Breakout, the original model’s performance was over 1000 % (more
than 10 times as good as the human performance). Below is a table for a comparison of
performance in terms of average score.
Table 2: Score Comparison

Model

Score

DQN

401.2

My Model

3.4

Random Baseline

1.7

The interesting point is that the model learns something at least slightly better than purely
random action (Random Baseline in the table), but nowhere near the original. To verify whether
this had something to do with my implementation of the base model, I removed my proposed
alterations from the model and performed some experiments. The behavior of the loss function
and the average scores are similar to those from my altered model, suggesting a flaw within my
implementation of the original paper. Specifically, based on an informal code review, the
implementation of the updating procedure is in some way incorrect, given that the original
publication bears no mistakes in its algorithm description.
This means that the value of the model proposed here cannot be truly evaluated here.
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Conclusion
Overall the effectiveness of recurrence within the DQN is inconclusive in the
experiments of this work. Due to the behavior of loss and predictions, it is apparent that training
the model with the added complication of recurrence requires an alteration of the whole process.
It is notable that in the original experiments carried out on DQN, there were many small
modifications that had to be made to reduce instability in training, such as the reward clipping
and the exploration policy decay. Clearly the internal structure of the LSTM must be taken into
account in designing particular training procedures for any model similar to the one proposed
here. It is still reasonable to predict that the LSTM would introduce a kind of persistence
different from what the convolutions already provide, especially in the context of the findings of
the original DQN publication. [2]
Further work could look into several areas. There could be more experimentation as to
the specifics of the model’s layout. Can the LSTM be placed after a fully connected layer rather
than in place of one? How does the size of the LSTM affect learning? Another avenue of
research is that of generating goals automatically to be selected from by the meta-controller. This
is an open problem, as the nature of goals is still conceptually open for definition. It might be
possible, for example, to define goals as based on objects in a visual input, and then the problem
of automating the goal space generation turns into one of computer vision. It is also interesting to
consider using convolutional LSTM’s in place of one or more of the convolutional layers.
Perhaps the more low level information is more valuable to keep in circulation.
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Appendix
Here you can find some of the specific details about how the experiments were set up and
what was used to implement my model.

Image Preprocessing
The image preprocessing necessary to make the training feasible is done in a few steps.
First, grayscale values are generated from the RGB values. Then, the 210 x 160 images are
scaled to 84 x 84. These things are accomplished using Open CV, an open source library for
different computer vision tools. The scaling is actually from 210 x 160 to 84 x 110. The top 26
rows of pixels are removed to get a square image 84 x 84. The idea is that the top row of pixels
in Atari games generally only display the score, so they are not necessary for the observations we
want to train on (the game itself).

Figure 15: Image Processing Visualization
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The Figure above visualizes the results of preprocessing on the image inputs to the
model. In context of training, the input to the model is actually a stack of such preprocessed
images. The previous 4 observations are used.

Programming
The following table gives short descriptions for the tools used to implement the model
and run the experiments.
Table 3: Programming Tools

Tool

Description

Python

Programming language

Tensor Flow

Python framework that abstracts the
implementation details of neural networks,
providing functions to build and interact with
them

Keras

Interface for Tensor Flow that is useful for
generating models

OpenCV

Open source library used for the image
preprocessing steps (scaling, extracting
grayscale from RGB)

Open AI Gym

Python interface for the Arcade Learning
Environment, used to simulate Atari games
and receive observations and rewards

Matplotlib

Python library used for generating
visualizations of data
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Keras’s Squential model functionality is used to create the model as visualized in the
Model Design section. The RMSprop algorithm implemented within Keras is used for model
optimization, with a batch size of 32.
The input to the model was implemented as a queue of size 4, with a frame of observation
being pushed into the queue after every 4th action. This is because the agent as implemented
repeats an action 4 times into the environment. Effectively, it only receives feedback every 4th
frame. This is done for efficiency in training.
Rewards during training are clipped between -1 and 1. This allows for the learning rate to
be more versatile and makes certain computations less expensive. The drawback to this is that
conceptually the model is not learning differently based on the magnitude of each reward.

Parameters
As alluded to above, this implementation involves several parameters which affect
training. They were not optimized in an automated way for these experiments, as that would
require significant computational resources and my experiments here are limited in scope. The
table below summarizes the settings used for each parameter and what that parameter does.
Table 4: Parameter Settings

Parameter

Setting

Description

Gamma

0.99

The discount factor used in calculating updates

Epsilon

1.00

Starting value for the e-greedy exploration policy

Epsilon Minimum

0.01

Lowest value epsilon can reach

Epsilon Decay

10000

How many frames epsilon will be reduced for

Learning Rate

0.0025

The learning rate used by RMSProp
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Batch Size

32

Number of transitions sampled from memory to
perform updates

Action Repeat

4

How many times each action will be repeated, or
effectively how many frames are skipped

Final Exploration

40000

Frame
Target Update

to get reduced (how long to act random)
10000

Frequency
Max Frames

How many frames will pass before epsilon begins

How many frames pass between resetting of the
target value function

500000

How many frames are used in training

As further explanation for the Final Exploration Frame parameter: in training the model
is allowed to act purely randomly for some time in order to accumulate a mass of transitions in
memory which can be used for learning. This parameter sets how long this will go on.
The way epsilon is reduced is that after every update, a constant amount is subtracted
from the current epsilon. This goes on until it reaches its lower limit specified by Epsilon
Minimum. The amount subtracted is the result of dividing the difference between starting epsilon
and Epsilon Minimum by the Epsilon Decay parameter.
The action repeat works by causing the agent to submit the same action to the
environment that many times. After the nth time, an observation is received from the
environment and updates performed as usual.
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