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Markov decision process (mdp)

Figure 1 : An mdp model illustration from [Kaelbling et al. 1998].

• Described as a tuple < S,A, T ,R > where
S is a finite set of states of the world.
A is a finite set of actions.
T : S ×A → π(S) denotes the state transition function.
R : S ×A → R corresponds to the reward function.

• Policy: S → A.

• Goal: Maximizing the expected reward E[

∞∑
t=0

γtrt].
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Partially observable Markov decision process (pomdp)

Figure 2 : A pomdp model illustration from [Kaelbling et al. 1998].

• State not observable.

• In addition to the tuple < S,A, T ,R >, we need to define

Ω: a finite set of observations.
O : S ×A → π(Ω) denotes the observation function.

• The belief state b(s).

• Policy: B → A.
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Reinforcement learning (rl)

Figure 3 : An rl model illustration from Silver 2015.
• Model unknown.
• State usually invisible to the agent.
• At each time t, the agent

executes an action at
receives an observation ot (or state st)
receives a reward rt

• Goal: Learning policy from history ht = {a0, o1, r1, . . . , at−1, ot, rt}.
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rl example: the Atari 2600 game

Figure 4 : Snapshots from five Atari games shown in [Mnih, Kavukcuoglu, Silver,
Graves, et al. 2013]
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rl example: the Atari 2600 game (Cont.)

Figure 5 : rl model for Atari games shown in [Silver 2015]
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Overview of the deep Q-network (dqn)

• First approach to combine rl and deep learning (dl).

Q-learning to update the state-action function value.
dl to train a convolutional neural network (cnn).

• Covert the pomdp model into the mdp model.

Treating the 4 most recent frames as the input state.

• Superior performances on some games, compared with human experts.
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Q-learning in dqn

• Updating the action-value function Q to approximate the true value
function V .

• Bellman update:

Qi+1(s, a) = Es′∼E [r + γmax
a′

Qi(s
′, a′)|s, a]

• Function approximation Q(s, a; θ) ≈ Q∗(s, a).

• Model free.

10



The neural network scheme

Figure 6 : The cnn scheme shown in [Mnih, Kavukcuoglu, Silver, Rusu, et al.
2015]
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The proposed algorithm

Figure 7 : The algorithm of deep Q-learning with experience replay shown in
[Mnih, Kavukcuoglu, Silver, Rusu, et al. 2015]
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Implementation details

• Stochastic gradient descent to learn the neural network.

• Rescale the original 210× 160 RGB images to 84× 84 gray scale
images.

• Last 4 frames as input to dqn.

• Set positive rewards to 1 and negative rewards to −1.

• 50, 000, 000 frames in training (around 38 days of game experience).

• ε−greedy policy:

Annealed linearly from 1.0 to 0.1 over the first one million frames and
then 0.1 thereafter.
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Results from [Mnih, Kavukcuoglu, Silver, Rusu, et al. 2015]
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Motivation

• State of each game available in RAM, although not observed by
human player.

• Solve an mdp problem by the upper confidence bound for tree(UCT)
method:

Orders of magnitude slower than the rl agent.
Higher policy values.

• How to combine the planning agent and the rl agent?
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Overview of UCT planning agent

• Use the emulator as a model to simulate trajectories.

• How to decide the value of taking action at current state of the game?

• For state-depth pair (s, d) in the kth trajectory, compute score for
each action a according to the sum of

An exploitation term: Monte Carlo average of the discounted sum of
rewards for state-depth pair (s, d) in the previous k − 1 trajectories.

An exploration term:

√
log(n(s, d))

n(s, a, d)

• At the end of trajectories, return the exploitation term at the root
node as the desired output.

• For most of the games, use 300 as the maximum depth and 10, 000 as
the number of trajectories.
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The proposed agents

UCTtoRegression

• Play a game 800 times via UCT.

• Map the last four frames of each state into action value to obtain
training data.

• Train the cnn via regression.

• Linear function applied to the output layer.

UCTtoClassification

• Play a game 800 times via UCT.

• Map the last four frames of each state into action choice to obtain
training data.

• Train the cnn via multinomial classification.

• Softmax function applied to the output layer.
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The proposed agents (Cont.)

UCTtoClassification-Interleaved

• Play a game 200 times via UCT.

• Train the cnn via multinomial classification.

• Play the game 200 times via the cnn trained.

• Iterate until 800 runs in total.

• Train the cnn via multinomial classification.
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Test results

Figure 8 : The comparison of policy values shown in [Guo et al. 2014]
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