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Q – Learning 
• Goal: To estimate Q – function

• Solution approaches:

– Tabular method

– Function Approximator: Neural Networks

Q – Table Update:

𝑄𝑖+1 𝑠, 𝑎 ← 𝑄𝑖 𝑠, 𝑎 + 𝛼 𝑟 + 𝛾 ⋅ max
𝑎′

𝑄𝑖 𝑠′, 𝑎′ − 𝑄𝑖 𝑠, 𝑎

𝑸(𝒔, 𝒂) → ← ↑ ↓

𝒔𝟎

𝒔𝟏

𝒔𝟐

𝒔𝟑

𝒔𝟒

𝒔𝟔

𝒔𝟖

𝒔𝟗

𝒔𝟏𝟎

s0 s1 s2 s3

s4 s5 s6 s7

s8 s9 s10 s11

0

0 0 0

0.62 0.78
-1

0.70 0.80 0.89
+1

• Discrete States

• Discrete Actions

𝑆𝑡𝑎𝑡𝑒, 𝑠 ∈ 𝑆 

𝐴𝑐𝑡𝑖𝑜𝑛, 𝑎 ∈ 𝐴 𝑠  

𝑅𝑒𝑤𝑎𝑟𝑑, 𝑟 ∈ 𝑅 𝑠, 𝑎, 𝑠′  

𝑇𝑟𝑎𝑛𝑠𝑖𝑡𝑖𝑜𝑛 𝑃𝑟𝑜𝑏𝑎𝑏𝑖𝑙𝑖𝑡𝑦, 

𝑃 𝑠, 𝑎, 𝑠′  

𝑂𝑝𝑡𝑖𝑚𝑎𝑙 𝑃𝑜𝑙𝑖𝑐𝑦, 𝜋∗(𝑠) 

𝑅𝑒𝑡𝑢𝑟𝑛, 𝐺𝑡 = ∑𝑘=0
∞ 𝛾𝑘𝑟𝑡+𝑘 

𝑆𝑡𝑎𝑡𝑒 𝑣𝑎𝑙𝑢𝑒, 𝑉𝜋 𝑠  

𝐴𝑐𝑡𝑖𝑜𝑛 𝑣𝑎𝑙𝑢𝑒, 𝑄𝜋(𝑠, 𝑎) 

Optimal value function:

𝑉∗ 𝑠 = max
𝑎

∑𝑠′ 𝑃 𝑠′ 𝑠, 𝑎 𝑟 + 𝛾𝑉∗ 𝑠′  

Value – iteration:

𝑉𝑘+1
∗ 𝑠 = max

𝑎
∑𝑠′ 𝑃 𝑠′ 𝑠, 𝑎 𝑟 + 𝛾𝑉𝑘

∗ 𝑠′  

Bellman optimal equation:

𝑄∗ 𝑠, 𝑎 = ∑𝑠′ 𝑝 𝑠′ 𝑠, 𝑎 𝑟 + 𝛾 max
𝑎′

𝑄∗(𝑠′, 𝑎′)  

Q – value iteration: 

𝑄𝑖+1 𝑠 ← ∑𝑠′ 𝑃 𝑠′ 𝑠, 𝑎, 𝑟 + 𝛾 ⋅ max
𝑎′

𝑄𝑖 𝑠′, 𝑎′  

Policy Evaluation

𝑉𝑖+1
𝜋𝑘 𝑠 = ∑𝑠′ 𝑃 𝑠′ 𝑠, 𝜋𝑘 𝑠 𝑟 + 𝛾𝑉𝑖

𝜋𝑘 𝑠′  

Policy Improvement

𝜋𝑘+1 𝑠 = argmax
𝑎

∑𝑠′ 𝑃 𝑠′ 𝑠, 𝑎 𝑟 + 𝛾𝑉𝜋𝑘 𝑠′  

Algorithm 1: Q – Learning for finite states

Initialize Q parameters: 𝛼, ∈ 𝟎, 𝟏 , 𝐬 ∈ 𝒮+, 𝐚 ∈ 𝒜 𝒔 , 𝑸 𝒔𝑻,⋅ = 𝟎 

For episode = 1, M do

      Initialize sequence 𝑠1 = 𝑥1

      For t = 1, T do

            with probability 𝜖 select a random action 𝑎𝑡 ∈ 𝒜 𝑠𝑡

            otherwise select 𝑎𝑡 = max
a

Q∗ 𝑠𝑡 , 𝑎; 𝜃

            Execute action 𝑎𝑡 in emulator and observe reward 𝑟𝑡 and next 

            state 𝑠𝑡+1

            𝑄 𝑠𝑡 , 𝑎𝑡 ← 𝑄 𝑠𝑡 , 𝑎𝑡 + 𝛼 𝑅 + 𝛾max
𝑎′

 𝑄 𝑠′, 𝑎′ − 𝑄(𝑠𝑡 , 𝑎𝑡)

            𝑠 ← 𝑠′

            If 𝑠 ← 𝑠𝑇

                   break For

           end If

      end For

end For

𝑸(𝒔, 𝒂) → ← ↑ ↓

𝒔𝟎

𝒔𝟏

𝒔𝟐

𝒔𝟑

𝒔𝟒

𝒔𝟔

𝒔𝟖

𝒔𝟗

𝒔𝟏𝟎
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Neural Network (for regression)
• Input: State

• Output: Q-values of various actions.

• Learning: Gradient descent of squared temporal 

difference error/Bellman error loss.

– 𝑅 𝑠, 𝑎, 𝑠′ + 𝛾 max
𝑎′

𝑄 𝑠′, 𝑎′ − 𝑄 𝑠, 𝑎

2

ℎ

𝑄(𝑠, 𝑎; 𝜃)

𝑑ℎ

𝑑𝑡

𝑎𝑜𝑙𝑑 𝑎

ℎ

• Continuous States

• Discrete Actions

𝑠
State representation 
using feature vectors

𝑆𝑡𝑎𝑡𝑒, 𝑠 ∈ 𝑆 

𝐴𝑐𝑡𝑖𝑜𝑛, 𝑎 ∈ 𝐴 𝑠  

𝑅𝑒𝑤𝑎𝑟𝑑, 𝑟 ∈ 𝑅 𝑠, 𝑎, 𝑠′  

𝑇𝑟𝑎𝑛𝑠𝑖𝑡𝑖𝑜𝑛 𝑃𝑟𝑜𝑏𝑎𝑏𝑖𝑙𝑖𝑡𝑦, 

𝑃 𝑠, 𝑎, 𝑠′  

𝑂𝑝𝑡𝑖𝑚𝑎𝑙 𝑃𝑜𝑙𝑖𝑐𝑦, 𝜋∗(𝑠) 

𝑅𝑒𝑡𝑢𝑟𝑛, 𝐺𝑡 = ∑𝑘=0
∞ 𝛾𝑘𝑟𝑡+𝑘 

𝑆𝑡𝑎𝑡𝑒 𝑣𝑎𝑙𝑢𝑒, 𝑉𝜋 𝑠  

𝐴𝑐𝑡𝑖𝑜𝑛 𝑣𝑎𝑙𝑢𝑒, 𝑄𝜋(𝑠, 𝑎) 

Optimal value function:

𝑉∗ 𝑠 = max
𝑎

∑𝑠′ 𝑃 𝑠′ 𝑠, 𝑎 𝑟 + 𝛾𝑉∗ 𝑠′  

Value – iteration:

𝑉𝑘+1
∗ 𝑠 = max

𝑎
∑𝑠′ 𝑃 𝑠′ 𝑠, 𝑎 𝑟 + 𝛾𝑉𝑘

∗ 𝑠′  

Bellman optimal equation:

𝑄∗ 𝑠, 𝑎 = ∑𝑠′ 𝑝 𝑠′ 𝑠, 𝑎 𝑟 + 𝛾 max
𝑎′

𝑄∗(𝑠′, 𝑎′)  

Q – value iteration: 

𝑄𝑖+1 𝑠 ← ∑𝑠′ 𝑃 𝑠′ 𝑠, 𝑎, 𝑟 + 𝛾 ⋅ max
𝑎′

𝑄𝑖 𝑠′, 𝑎′  

Policy Evaluation

𝑉𝑖+1
𝜋𝑘 𝑠 = ∑𝑠′ 𝑃 𝑠′ 𝑠, 𝜋𝑘 𝑠 𝑟 + 𝛾𝑉𝑖

𝜋𝑘 𝑠′  

Policy Improvement

𝜋𝑘+1 𝑠 = argmax
𝑎

∑𝑠′ 𝑃 𝑠′ 𝑠, 𝑎 𝑟 + 𝛾𝑉𝜋𝑘 𝑠′  

Algorithm 1: Deep Q – Learning v1 (DQNv1)

Initialize Q with random weights

For episode = 1, M do

      Initialize sequence 𝑠1 = 𝑥1

      For t = 1, T do

            with probability 𝜖 select a random action 𝑎𝑡

            otherwise select 𝑎𝑡 = max
a

Q∗ 𝑠𝑡 , 𝑎; 𝜃

            Execute action 𝑎𝑡 in emulator and observe reward 𝑟𝑡 and next 

            state 𝑠𝑡+1

            Perform a gradient descent step on 𝑦𝑗 − 𝑄 𝑠𝑗 , 𝑎𝑗; 𝜃
2

            𝜃 ← 𝜃 − 𝛼
𝑑𝑄𝜃 𝑠𝑖,𝑎𝑖

𝑑𝜃
𝑄𝜃 𝑠𝑖 , 𝑎𝑖 − 𝑟𝑖 + 𝛾max

𝑎′
𝑄𝜃 𝑠𝑖

′, 𝑎𝑖
′

      end For

end For

• Issue:

– Sequential states are strongly 

correlated (not i.i.d.)

– Target value is always changing. 

– Gradient descent without fixed 

objective causes instability or Q-

value divergence.htt
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Q – Learning: Replay Buffer & Target Estimator Update
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Issue with DQNv1:
• Sequential states are strongly correlated (not i.i.d.)

Experience Replay
• Q-learning is off-policy. 

→ Maintain buffer of past experiences.

→ Update Q-values by utilizing a sample obtained from the 

replay buffer.

→ Advantages:

▪ Breaks correlations between consecutive samples.

▪ Multiple gradient updates are affected with each step’s 
execution.

𝑆𝑡𝑎𝑡𝑒, 𝑠 ∈ 𝑆 

𝐴𝑐𝑡𝑖𝑜𝑛, 𝑎 ∈ 𝐴 𝑠  

𝑅𝑒𝑤𝑎𝑟𝑑, 𝑟 ∈ 𝑅 𝑠, 𝑎, 𝑠′  

𝑇𝑟𝑎𝑛𝑠𝑖𝑡𝑖𝑜𝑛 𝑃𝑟𝑜𝑏𝑎𝑏𝑖𝑙𝑖𝑡𝑦, 

𝑃 𝑠, 𝑎, 𝑠′  

𝑂𝑝𝑡𝑖𝑚𝑎𝑙 𝑃𝑜𝑙𝑖𝑐𝑦, 𝜋∗(𝑠) 

𝑅𝑒𝑡𝑢𝑟𝑛, 𝐺𝑡 = ∑𝑘=0
∞ 𝛾𝑘𝑟𝑡+𝑘 

𝑆𝑡𝑎𝑡𝑒 𝑣𝑎𝑙𝑢𝑒, 𝑉𝜋 𝑠  

𝐴𝑐𝑡𝑖𝑜𝑛 𝑣𝑎𝑙𝑢𝑒, 𝑄𝜋(𝑠, 𝑎) 

Optimal value function:

𝑉∗ 𝑠 = max
𝑎

∑𝑠′ 𝑃 𝑠′ 𝑠, 𝑎 𝑟 + 𝛾𝑉∗ 𝑠′  

Value – iteration:

𝑉𝑘+1
∗ 𝑠 = max

𝑎
∑𝑠′ 𝑃 𝑠′ 𝑠, 𝑎 𝑟 + 𝛾𝑉𝑘

∗ 𝑠′  

Bellman optimal equation:

𝑄∗ 𝑠, 𝑎 = ∑𝑠′ 𝑝 𝑠′ 𝑠, 𝑎 𝑟 + 𝛾 max
𝑎′

𝑄∗(𝑠′, 𝑎′)  

Q – value iteration: 

𝑄𝑖+1 𝑠 ← ∑𝑠′ 𝑃 𝑠′ 𝑠, 𝑎, 𝑟 + 𝛾 ⋅ max
𝑎′

𝑄𝑖 𝑠′, 𝑎′  

Policy Evaluation

𝑉𝑖+1
𝜋𝑘 𝑠 = ∑𝑠′ 𝑃 𝑠′ 𝑠, 𝜋𝑘 𝑠 𝑟 + 𝛾𝑉𝑖

𝜋𝑘 𝑠′  

Policy Improvement

𝜋𝑘+1 𝑠 = argmax
𝑎

∑𝑠′ 𝑃 𝑠′ 𝑠, 𝑎 𝑟 + 𝛾𝑉𝜋𝑘 𝑠′  

 

Replay Buffer

𝑠1, 𝑎1, 𝑟1, 𝑠2

𝑠2, 𝑎2, 𝑟2, 𝑠3

…

𝑠𝑗 , 𝑎𝑗 , 𝑟𝑗 , 𝑠𝑗+1

Algorithm 2: Q – Learning with Neural Network (Online) & Replay Buffer 𝒟 | Deep Q-learning v2

Initialize replay memory 𝒟 to capacity 𝒩
Initialize Q with random weights

For episode = 1, M do

      Initialize sequence 𝑠1 = 𝑥1

      For t = 1, T do

            with probability 𝜖 select a random action 𝑎𝑡 otherwise select 𝑎𝑡 = max
a

Q∗ 𝑠𝑡 , 𝑎; 𝜃

            Execute action 𝑎𝑡 in emulator and observe reward 𝑟𝑡 and next state 𝑠𝑡+1

            Store transition 𝑠𝑡 , 𝑎𝑡 , 𝑟𝑡 , 𝑠𝑡+1  in 𝒟

            Sample random minibatch of transitions 𝑠𝑗 , 𝑎𝑗 , 𝑟𝑗 , 𝑠𝑗+1  from 𝒟

            Perform a gradient descent step:

            𝜃 ← 𝜃 − 𝛼 ∑𝑗
𝑑𝑄𝜃 𝑠𝑖,𝑎𝑖

𝑑𝜃
𝑄𝜃 𝑠𝑖 , 𝑎𝑖 − 𝑟𝑖 + 𝛾max

𝑎′
𝑄𝜃 𝑠𝑖

′, 𝑎𝑖
′

      end For

end For
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Q – Learning: Replay Buffer & Target Estimator Update
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Issue with DQNv2:
• Target value is always changing. 

– Gradient descent without fixed objective causes instability or Q-
value divergence.

Update Target Network
• Targets don’t change inside the inner-loop (episodic loop)

• Stable targets lead to SUPERVISED REGRESSION.

𝑆𝑡𝑎𝑡𝑒, 𝑠 ∈ 𝑆 

𝐴𝑐𝑡𝑖𝑜𝑛, 𝑎 ∈ 𝐴 𝑠  

𝑅𝑒𝑤𝑎𝑟𝑑, 𝑟 ∈ 𝑅 𝑠, 𝑎, 𝑠′  

𝑇𝑟𝑎𝑛𝑠𝑖𝑡𝑖𝑜𝑛 𝑃𝑟𝑜𝑏𝑎𝑏𝑖𝑙𝑖𝑡𝑦, 

𝑃 𝑠, 𝑎, 𝑠′  

𝑂𝑝𝑡𝑖𝑚𝑎𝑙 𝑃𝑜𝑙𝑖𝑐𝑦, 𝜋∗(𝑠) 

𝑅𝑒𝑡𝑢𝑟𝑛, 𝐺𝑡 = ∑𝑘=0
∞ 𝛾𝑘𝑟𝑡+𝑘 

𝑆𝑡𝑎𝑡𝑒 𝑣𝑎𝑙𝑢𝑒, 𝑉𝜋 𝑠  

𝐴𝑐𝑡𝑖𝑜𝑛 𝑣𝑎𝑙𝑢𝑒, 𝑄𝜋(𝑠, 𝑎) 

Optimal value function:

𝑉∗ 𝑠 = max
𝑎

∑𝑠′ 𝑃 𝑠′ 𝑠, 𝑎 𝑟 + 𝛾𝑉∗ 𝑠′  

Value – iteration:

𝑉𝑘+1
∗ 𝑠 = max

𝑎
∑𝑠′ 𝑃 𝑠′ 𝑠, 𝑎 𝑟 + 𝛾𝑉𝑘

∗ 𝑠′  

Bellman optimal equation:

𝑄∗ 𝑠, 𝑎 = ∑𝑠′ 𝑝 𝑠′ 𝑠, 𝑎 𝑟 + 𝛾 max
𝑎′

𝑄∗(𝑠′, 𝑎′)  

Q – value iteration: 

𝑄𝑖+1 𝑠 ← ∑𝑠′ 𝑃 𝑠′ 𝑠, 𝑎, 𝑟 + 𝛾 ⋅ max
𝑎′

𝑄𝑖 𝑠′, 𝑎′  

Policy Evaluation

𝑉𝑖+1
𝜋𝑘 𝑠 = ∑𝑠′ 𝑃 𝑠′ 𝑠, 𝜋𝑘 𝑠 𝑟 + 𝛾𝑉𝑖

𝜋𝑘 𝑠′  

Policy Improvement

𝜋𝑘+1 𝑠 = argmax
𝑎

∑𝑠′ 𝑃 𝑠′ 𝑠, 𝑎 𝑟 + 𝛾𝑉𝜋𝑘 𝑠′  

 

• Solution
• Use two neural networks to provide 

STABILITY.

• Net-1: Update regularly

• Net-2: Update occasionally

𝑄𝜃 𝑠, 𝑎 − 𝑟𝑖 + 𝛾max
𝑎′

𝑸𝜽′ 𝒔′, 𝒂′ 2

Algorithm 3: Q – Learning with Neural Network (Online) & Replay Buffer 𝒟 | Deep Q-

learning v3

Initialize replay memory 𝒟 to capacity 𝒩
Initialize Q with random weights

Update 𝜃′ ← 𝜃

For episode = 1, M do

      Initialize sequence 𝑠1 = 𝑥1

      For t = 1, T do

            with probability 𝜖 select a random action 𝑎𝑡 otherwise select 𝑎𝑡 = max
a

Q∗ 𝑠𝑡 , 𝑎; 𝜃

            Execute action 𝑎𝑡 in emulator and observe reward 𝑟𝑡 and next state 𝑠𝑡+1

            Store transition 𝑠𝑡 , 𝑎𝑡 , 𝑟𝑡 , 𝑠𝑡+1  in 𝒟

            Sample random minibatch of transitions  𝑠𝑗 , 𝑎𝑗 , 𝑟𝑗 , 𝑠𝑗+1  from 𝒟

            Set 𝑦𝑗 = ൝
𝑟𝑗  

𝑟𝑗 + 𝛾 max
𝑎′

𝑄 𝑠𝑗+1, 𝑎′; 𝜃  

            Perform gradient descent: 𝑦𝑗 − 𝑄 𝑠𝑗 , 𝑎𝑗; 𝜃
2

            𝜃 ← 𝜃 − 𝛼 ∑𝑗
𝑑𝑄𝜃 𝑠𝑖,𝑎𝑖

𝑑𝜃
𝑄𝜃 𝑠𝑖 , 𝑎𝑖 − 𝑟𝑖 + 𝛾max

𝑎′
𝑄𝜃′ 𝑠𝑖

′, 𝑎𝑖
′

      end For

end For
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51Mnih, Volodymyr, et al. “Playing Atari with deep reinforcement learning,”arXiv preprint arXiv: 1312.5602 (2013)

Deep Q – Network
𝑆𝑡𝑎𝑡𝑒, 𝑠 ∈ 𝑆 

𝐴𝑐𝑡𝑖𝑜𝑛, 𝑎 ∈ 𝐴 𝑠  

𝑅𝑒𝑤𝑎𝑟𝑑, 𝑟 ∈ 𝑅 𝑠, 𝑎, 𝑠′  

𝑇𝑟𝑎𝑛𝑠𝑖𝑡𝑖𝑜𝑛 𝑃𝑟𝑜𝑏𝑎𝑏𝑖𝑙𝑖𝑡𝑦, 

𝑃 𝑠, 𝑎, 𝑠′  

𝑂𝑝𝑡𝑖𝑚𝑎𝑙 𝑃𝑜𝑙𝑖𝑐𝑦, 𝜋∗(𝑠) 

𝑅𝑒𝑡𝑢𝑟𝑛, 𝐺𝑡 = ∑𝑘=0
∞ 𝛾𝑘𝑟𝑡+𝑘 

𝑆𝑡𝑎𝑡𝑒 𝑣𝑎𝑙𝑢𝑒, 𝑉𝜋 𝑠  

𝐴𝑐𝑡𝑖𝑜𝑛 𝑣𝑎𝑙𝑢𝑒, 𝑄𝜋(𝑠, 𝑎) 

Optimal value function:

𝑉∗ 𝑠 = max
𝑎

∑𝑠′ 𝑃 𝑠′ 𝑠, 𝑎 𝑟 + 𝛾𝑉∗ 𝑠′  

Value – iteration:

𝑉𝑘+1
∗ 𝑠 = max

𝑎
∑𝑠′ 𝑃 𝑠′ 𝑠, 𝑎 𝑟 + 𝛾𝑉𝑘

∗ 𝑠′  

Bellman optimal equation:

𝑄∗ 𝑠, 𝑎 = ∑𝑠′ 𝑝 𝑠′ 𝑠, 𝑎 𝑟 + 𝛾 max
𝑎′

𝑄∗(𝑠′, 𝑎′)  

Q – value iteration: 

𝑄𝑖+1 𝑠 ← ∑𝑠′ 𝑃 𝑠′ 𝑠, 𝑎, 𝑟 + 𝛾 ⋅ max
𝑎′

𝑄𝑖 𝑠′, 𝑎′  

Q – Learning:

𝑄𝑖+1 𝑠, 𝑎 ← 𝑄𝑖 𝑠, 𝑎 + 𝛼 𝑟 + 𝛾 ⋅ max
𝑎′

𝑄𝑖 𝑠′, 𝑎′ − 𝑄𝑖 𝑠, 𝑎  

• Q – Network Update:
– 𝜃𝑛𝑒𝑤 ← 𝜃 − 𝛼 ∙ ∇𝜃𝑈 𝜃; 𝑠, 𝑎

– 𝑈𝑖 𝜃𝑖 = 𝔼𝑠,𝑎∼𝜌 . 𝑦𝑖 − 𝑄 𝑠, 𝑎; 𝜃𝑖
2

– 𝑦𝑖 = 𝔼𝑠′∼ ℰ 𝑟𝑡 + 𝛾 ∙ max
𝑎′

𝑄 𝑠′, 𝑎′; 𝜃𝑖−1 | 𝑠, 𝑎

– 𝜌 𝑠, 𝑎 → behavior distributions

– Model free: no explicit construction of an estimator for ℰ

– Greedy: 𝑎∗ = max
𝑎

𝑄 𝑠, 𝑎; 𝜃

• Experience Replay
– 𝑒𝑡 = 𝑠𝑡  , 𝑎𝑡 , 𝑟𝑡 , 𝑠𝑡+1 → agent′s experience

– 𝒟 = 𝑒1, 𝑒2. 𝑒3, … , 𝑒𝑁 → replay memory

– Q – Network:

• Input: State / Observation

• Output: Predicted Q values of individual 

actions.

Algorithm 4: Classic Deep Q – Learning with Experience Replay

Initialize replay memory 𝒟 to capacity 𝒩
Initialize Q with random weights

For episode = 1, M do

      Initialize sequence 𝑠1 = 𝑥1  & pre-processed sequence 𝜙1 = 𝜙 𝑠1

      For t = 1, T do

            with probability 𝜖 select a random action 𝑎𝑡

            otherwise select 𝑎𝑡 = max
a

Q∗ 𝜙 𝑠𝑡 , 𝑎; 𝜃

            Execute action 𝑎𝑡 in emulator and observe reward 𝑟𝑡 and next state 𝑠𝑡+1

            Preprocess 𝜙𝑡+1 = 𝜙 𝑠𝑡 , 𝑎𝑡 , 𝑠𝑡+1 → last four frames of history (stacked)
            Store transition 𝜙𝑡 , 𝑎𝑡 , 𝑟𝑡 , 𝜙𝑡+1  in 𝒟

            Sample random minibatch of transitions 𝜙𝑗 , 𝑎𝑗 , 𝑟𝑗 , 𝜙𝑗+1  from 𝒟

            Set 𝑦𝑗 = ቐ
𝑟𝑗  ; 𝑓𝑜𝑟 𝑡𝑒𝑟𝑚𝑖𝑛𝑎𝑙 𝜙𝑗+1 

𝑟𝑗 + 𝛾 max
𝑎′

𝑄 𝜙𝑗+1, 𝑎′; 𝜃  ; 𝑓𝑜𝑟 𝑛𝑜𝑛 − 𝑡𝑒𝑟𝑚𝑖𝑛𝑎𝑙 𝜙𝑗+1
 

            Perform a gradient descent step on 𝑦𝑗 − 𝑄 𝜙𝑗 , 𝑎𝑗; 𝜃
2

      end For

end For

Update 𝜃′ ← 𝜃 after N steps

Replay 

Buffer

𝑠1, 𝑎1, 𝑟1, 𝑠2

…

𝑠𝑛, 𝑎𝑛 , 𝑟𝑛, 𝑠𝑛+1

𝑠, 𝑎, 𝑠′, 𝑟

𝜋 𝑎 𝑠
e.g. 𝜖-greedy
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