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Outline

§ Partially Observable Markov Decision Processes

§ Hidden Markov Models

§ Recurrent neural networks
§ Long short term memory (LSTM) networks

§ Deep recurrent Q-networks
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Reinforcement Learning Problem

Agent

Environment

State
Reward Action

Goal: Learn to choose actions that maximize rewards

Observation
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Markov Process
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§ Assumptions: 
§ (first-order) Markovian: Pr 𝑠! 𝑠!"#, … , 𝑠$ = Pr(𝑠!|𝑠!"#)
§ Stationary: Pr 𝑠! 𝑠!"#  = Pr(𝑠!%#|𝑠!) ∀𝑡



§ Assumptions: 
§ (first-order) Markovian: Pr 𝑠! 𝑠!"#, … , 𝑠$ = Pr(𝑠!|𝑠!"#)
§ Stationary: Pr 𝑠! 𝑠!"#  = Pr(𝑠!%#|𝑠!) ∀𝑡
                     Pr 𝑜! 𝑠! = Pr(𝑜!%#|𝑠!%#) ∀𝑡

s1 s2 s3 s4 s5

o1 o2 o3 o4 o5

Hidden Markov Model
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Compute:

 Pr(𝑤𝑜𝑟𝑑|𝑠𝑝𝑒𝑒𝑐ℎ)

 Pr(𝑠!|𝑜!, 𝑜!"#, … , 𝑜#) 

Speech Recognition
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s0 s1 s2 s3 s4

a0 a1 a2 a3

r1 r2 r3r0

(Fully Observable) Markov Decision Process (MDP)
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§ MDP augmented with observations

s0 s1 s2 s3 s4

a0 a1 a2 a3

r1 r2 r3r0

o0 o1 o2 o3

Partially Observable Markov Decision Process (POMDP)
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§ Definition
§ States: 𝑠 ∈ 𝑆
§ Observations: 𝑜 ∈ 𝑂
§ Actions: 𝑎 ∈ 𝐴
§ Rewards: 𝑟 ∈ ℝ
§ Transition model: Pr(𝑠!|𝑠!"#, 𝑎!"#)
§ Observation model: Pr(𝑜!|𝑎!"#, 𝑠!)
§ Reward model: Pr(𝑟!|𝑠!, 𝑎!)
§ Discount factor: 0 ≤ 𝛾 ≤ 1.  (discounted: 𝛾 < 1,     undiscounted: 𝛾 = 1)
§ Horizon (i.e., # of time steps): ℎ   (Finite horizon: ℎ ∈ ℕ,     infinite horizon: ℎ = ∞)

§ Goal: find optimal policy 𝜋∗ such that 𝜋∗ = 𝑎𝑟𝑔𝑚𝑎𝑥% ∑!&'( 𝛾!𝐸%[𝑟!]

unknown model

Partially Observable RL
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§ Approximate 𝑠! by 𝑜! (or finite window of previous obs: 𝑜!"), 𝑜!")*#, … , 𝑜!)

§ Use favorite RL algo on observations instead of states

s0 s1 s2 s3 s4

a0 a1 a2 a3o0 o1 o2 o3

r1 r2 r3r0

Simple Heuristic
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§ Hidden Markov model
§ Initial state distribution:  Pr(𝑠')
§ Transition probabilities:  Pr(𝑠!*#|𝑠!)
§ Observation probabilities:   Pr(𝑜!|𝑠!)

§ Belief monitoring
      Pr 𝑠! 𝑜#..!	 ∝ Pr 𝑜! 𝑠! ∑,!"# Pr 𝑠! 𝑠!"# Pr(𝑠!"#|𝑜#..!"#) 

s0 s1 s2 s3 s4

o1 o2 o3 o4 o5

Belief Monitoring
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Recurrent Neural Network (RNN)

§ In RNNs, outputs can be fed back to the network as inputs, 
creating a recurrent structure

§ HMMs can be simulated and generalized by RNNs
§ RNNs can be used for belief monitoring

𝒙!: vector of observations       𝒉!: belief state
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Training
§ Recurrent neural networks are trained by backpropagation on the 

unrolled network 
§ E.g., backpropagation through time

§ Weight sharing:
§ Combine gradients of shared weights into a single gradient

§ Challenges:
§ Gradient vanishing (and explosion)
§ Long range memory
§ Prediction drift
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Long Short Term Memory (LSTM)

§ Special gated structure to 
control memorization and 
forgetting in RNNs

§ Mitigate gradient vanishing

§ Facilitate long term memory
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Unrolled long short term memory

ℎ' ℎ# ℎ- ℎ.

𝑜𝑢𝑡# 𝑜𝑢𝑡- 𝑜𝑢𝑡.

𝑖𝑛# 𝑖𝑛- 𝑖𝑛.

X X X

X XX

X X X
output
gate

output
gate

output
gate

input
gate

input
gate

input
gate

forget
gate

forget
gate

forget
gate
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Deep Recurrent Q-Network
§ Hausknecht and Stone (2016)

§ Atari games

§ Transition model
§ LSTM network

§ Observation model
§ Convolutional network

image image
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Deep Recurrent Q-Network
Initialize weights 𝒘 and ?𝒘 at random
Observe current state 𝑠
Loop

Execute policy for entire episode
Add episode (𝑜!, 𝑎!, 𝑜", 𝑎", 𝑜#, 𝑎#, … , 𝑜$ , 𝑎$) to experience buffer 
Sample episode from buffer
Initialize ℎ%
For 𝑡 = 1 till the end of the episode do

&'((
&𝒘

= 𝑄𝒘 𝑅𝑁𝑁𝒘(-𝑜!..+), -𝑎+ − 𝑟̂ − 𝛾max
,-!"#

Q .𝐰 𝑅𝑁𝑁.𝒘(-𝑜!..+0!), -𝑎+0!
&1𝒘 233𝒘( ,5#..!), ,-!

&𝒘

 Update weights: 𝒘 ← 𝒘− 𝛼 &'((
&𝒘

Every 𝑐 steps, update target: ;𝒘 ← 𝒘	
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Results

Flickering games 
(missing observations)
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