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Summary

The theory of reinforcement learning (RL) provides a normative account, deeply rooted
in psychological and neuroscientific perspectives on animal behaviour, of how agents may
optimize their control of an environment. To use RL successfully in situations approaching
real-world complexity, however, agents are confronted with a difficult task: they must derive
efficient representations of the environment from high-dimensional sensory inputs, and use
these to generalize past experience to new situations. While reinforcement learning agents have
achieved some successes in a variety of domains, their applicability has previously been limited
to domains in which useful features can be handcrafted, or to domains with fully observed,
low-dimensional state spaces. Here we use recent advances in training deep neural networks
to develop a novel artificial agent, termed a deep Q-network, that can learn successful policies
directly from high-dimensional sensory inputs using end-to-end reinforcement learning. This
work bridges the divide between high-dimensional sensory inputs and actions, resulting in the
first artificial agent that is capable of learning to excel at a diverse array of challenging tasks.

Contribution(s)

1. We introduce deep Q-network (DQN), a more stable RL algorithm based on Q-Learning

(Watkins, 1989) that performs non-linear function approximation (FA) through deep
convolutional neural networks. DQN can learn successful policies directly from high-
dimensional sensory inputs using end-to-end RL.
Context: The main components of DQN are a slower-moving target, which we call a target
network, and an experience replay buffer (Lin, 1991). DQN belongs to the family of fitted
value iteration (FVI) algorithms (Gordon, 1995). Most similarly, Neural Fitted Q-Iteration
(Riedmiller, 2005) uses experience replay with shallow networks (two-layer multi-layer
perceptron), but it achieves stability by fitting the network de novo at each iteration from
all past experience. In contrast, DQN achieves scalability by sampling batches uniformly
at random from buffered recent experience. Alternative existing approaches that perform
non-linear FA in RL were either evaluated in a few high-dimensional environments (Kout-
nik et al., 2013) or require domain-specific knowledge (Hausknecht et al., 2012; 2014).

2. We show that DQN can learn meaningful representations and that they generalize to data
generated from policies other than its own.
Context: We inspect where representative game states are placed in a two-dimensional
t-SNE embedding (van der Maaten & Hinton, 2008) of the representations in the last
hidden layer assigned by DQN. We do the same for states generated by the human player.

3. We demonstrate that DQN, with the same network architecture and hyperparameters, can

learn effective control policies in various Atari games, receiving only the pixels and game
score as inputs.
Context: As this is a demonstration, DQN was trained once in each game, and we
report the performance of evaluating the best checkpoint obtained during learning. We
use 75% of a professional human tester’s performance as a baseline. Performance from
related work (Bellemare et al., 2012; 2013) is provided as a reference but is not directly
comparable since DQN was given access to additional information (e.g., loss-of-life) and
many more samples.
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