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MOTIVATION



MOTIVATION

One of the long-standing challenges of reinforcement learning (RL)
is to learn to control agents directly from high dimensional sensory
inputs such as vision and speech.

Until very recently, most solutions relied on hand crafted feature
representations to operate on these domains.

However, the performance of such RL systems depends heavily on
the quality of feature representations used.



MOTIVATION

A recent breakthrough in this field was made by Volodymyr Mnih et.
al. of DeepMind Technologies in their paper titled “Playing Atari with
Deep Reinforcement Learning”.

This paper presented the first deep learning model that successfully
learned to control policies directly from high dimensional sensory
input using reinforcement learning.

The goal of our project was to implement a few variants of the
solution proposed in this paper, and to explore further
advancements and improvements.
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EXPERIMENT DESIGN

We explored two variants of the Deep Q-Network (DQN) model that
was proposed in the paper.

1. Double DQN

2. Dueling DQN
These models were trained and tested on the popular Atari game,

Pong. We used PyTorch for implementing the model and OpenAl Gym
for implementing the game environment.



EXPERIMENT DESIGN - DEEP Q NETWORKS

The central idea in Deep Q networks is to maximize the expected
long term discounted reward (Q-value). This is done by finding
Q(s, a) - the expected long term discounted reward, given the
present time step, when the state of the environment is s and the
agent takes action a. This allows us to find the optimal policy, 7*
which chooses the optimal action,

a* = argmax Q(s, a)
aeA

to maximise the Q-value.



EXPERIMENT DESIGN - DQN v/s DouBLE DQN

In simple Deep Q Networks, the function, Q(s, a) is incrementally
learnt by iteratively solving the equation

Q(st,at) = Rey1 +y IR Q(st41,0)

where « is the discount factor. However, since the Q-values change
each iteration, the convergence to the true Q-values is slow.
Moreover, since we pick the maximum of Q(st;1,a) among all actions,
this leads to overestimation of the Q-value. This is overcome in
Double Deep Q Networks by maintaining two copies of the same
Q-network - Qipcal, Which is updated every iteration and Qiarget, Which
is updated with the values from the local network every few
episodes. Hence, for each iteration, we solve

Qlocal(sta at) =R+ Teaj( Qtarget(StJr% CI)



EXPERIMENT DESIGN - DUELING DQN

A dueling DQN has a model such that the output Q function is
decomposed into two components, as follows.

Q(s,a) = V(s) +A(s,a)

Here, V(s) represents the value of the state s, which is how good it is
to be in state s, and A(s, a) represents the advantage of performing
action a while in state s, which is how much better it is to take action
a while in state s, as opposed to all other actions. A dueling DQN
model can learn and estimate both V(s) and A(s, a) separately. By
decoupling this estimation, our dueling DQN model can learn which
states are valuable without learning the effect of each action at each
state.



EXPERIMENT DESIGN - ARCHITECTURE

In both the variants, double DQN and dueling DQN, we implement a
deep convolutional network that processes the game screen
provided by the game environment. Next, we implement a
full-connected neural network layer that uses the features processed
by the convolutional network to learn the Q-function. The dueling
DQN implements two parallel fully-connected networks - one
network for the value function and one network for the advantage
function.The detailed architectures for both the variants have been
included in the report.
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The results obtained for the double DQN (left) and the dueling DQN
(right) are shown below.
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The reward signal for the game of Pong is defined as the agent’s
score minus the opponent’s score. We see that as the model is
trained, the expected reward increases and saturates at 21, which is
the maximum attainable reward.
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FUTURE WORK

There have been a lot of recent advancements in the field of
reinforcement learning, with a lot of ideas derived from theoretical

neuroscience. We wish to implement two of these advancements in
our future work.



FUTURE WORK - EPISODIC CONTROL

An obvious drawback of the Deep Q Learning model we have
implemented is that the agent requires several orders of magnitudes
more interactions with the environment as compared to a human to
learn the optimal strategy. One method to overcome the above
limitation is to design an agent that can implement Neural Episodic
Control. Such an agent is able to quickly latch on to the optimal
scenarios as soon as they are experienced, and hence learns the
optimal strategy in @ much smaller number of interactions with the
environment.

Artificial agents employing episodic control show striking gains in
performance as compared to deep RL networks, as is demonstrated
by Alexander Pritzel et. al. in their paper titled “Neural Episodic
Control”.
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FUTURE WORK - MONTE CARLO TREE SEARCH

Another drawback of the Deep Q Learning model is that it operates
mostly in a reactive or a trial-and-error way, where it learns by
carrying out actions, observing the reward obtained and then
deciding the optimal strategy. In contrast, humans learn in a
simulation-based method. We use predictions generated from an
internal mental model learned through experience to estimate the
future rewards and then select the optimal action.

A lot of recent Al research has explored the avenue of
simulation-based planning and model-based RL. One class of such
methods is that of Monte Carlo Tree Search Methods which has led to
a striking gain in performance at the game of Go, as demonstrated by
David Silver et. al. in their recent paper titled “Mastering the game of
Go with deep neural networks and tree search”.
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