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𝑦𝑖 = 𝑟𝑖 + 𝛾 ⋅ max
𝑎′

 𝑄𝜃 𝑠𝑖
′, 𝑎𝑖

′

• Double Q – Learning 

– Decouple action selection from evaluation.

– 𝑦𝑡 = 𝑟 + 𝛾𝑄 𝑠𝑡+1, arg max
𝑎

𝑄 𝑠𝑡+1, 𝑎 

– 𝑦𝑡
𝐷 = 𝑟 + 𝛾𝑄′ 𝑠𝑡+1, arg max

𝑎
𝑄 𝑠𝑡+1, 𝑎 → 2 value functions

Train 2 independent Q-networks: 𝑄𝜃 & 𝑄𝜃′

• Double Deep Q -Learning

– 𝑦𝑡
𝐷 = 𝑟 + 𝛾𝑄 𝑠𝑡+1, arg max

𝑎
𝑄 𝑠𝑡+1, 𝑎; 𝜃𝑡 ; 𝜃𝑡

′ → target network

• 𝑄𝜃 : Trained to select actions

• 𝑄𝜃′: Trained to evaluate action

• NOTE:

When combined with the target

network trick to avoid shifting

targets: Four networks will have

to be trained.

𝑇𝑟𝑎𝑛𝑠𝑖𝑡𝑖𝑜𝑛 𝑃𝑟𝑜𝑏𝑎𝑏𝑖𝑙𝑖𝑡𝑦, 

𝑃 𝑠, 𝑎, 𝑠′  

𝑅𝑒𝑡𝑢𝑟𝑛, 𝐺𝑡 = ∑𝑘=0
∞ 𝛾𝑘𝑟𝑡+𝑘 

𝑉∗ 𝑠 = max
𝑎

∑𝑠′ 𝑃 𝑠′ 𝑠, 𝑎 𝑟 + 𝛾𝑉∗ 𝑠′  

𝑉𝑘+1
∗ 𝑠 = max

𝑎
∑𝑠′ 𝑃 𝑠′ 𝑠, 𝑎 𝑟 + 𝛾𝑉𝑘

∗ 𝑠′  

𝑄∗ 𝑠, 𝑎 = ∑𝑠′ 𝑝 𝑠′ 𝑠, 𝑎 𝑟 + 𝛾 max
𝑎′

𝑄∗(𝑠′, 𝑎′)  

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′  

Q – Learning:

𝑄𝑖+1 𝑠, 𝑎 ← 𝑄𝑖 𝑠, 𝑎 + 𝛼 ቀ

ቁ

𝑟 + 𝛾 ⋅

max
𝑎′

𝑄𝑖 𝑠′, 𝑎′ − 𝑄𝑖 𝑠, 𝑎  

DQN Update:

𝜃𝑡+1 = 𝜃𝑡 + 𝛼 𝑦𝑡 − 𝑄 𝑠𝑡 , 𝑎𝑡; 𝜃 ∇𝜃𝑡
𝑄 𝑠𝑡 , 𝑎𝑡; 𝜃𝑡  

DQN Q Update:

𝑄 𝑠𝑡 , 𝑎𝑡; 𝜃𝑡+1 ≈ 𝑄 𝑠𝑡 , 𝑎𝑡; 𝜃 + 𝛼൫

൯

𝑦𝑡 −

𝑄 𝑠𝑡 , 𝑎𝑡; 𝜃𝑡 ∇𝜃𝑡
𝑄 𝑠𝑡 , 𝑎𝑡; 𝜃𝑡
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Algorithm 1: Double Deep Q – Learning with Experience Replay

Initialize replay memory 𝒟 to capacity 𝒩
Initialize 𝑄(𝜃) & 𝑄′ 𝜃′  with random weights

For episode = 1, M do

      Initialize sequence 𝑠1

      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 = ቐ
𝑟𝑗  ; 𝑓𝑜𝑟 𝑡𝑒𝑟𝑚𝑖𝑛𝑎𝑙 𝑠𝑗+1 

𝑟𝑗 + 𝛾𝑄 𝑠𝑗+1, arg max
𝑎

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

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

      end For

end For

htt
ps:

//w
ww.pr

ofr
ku

mar.
co

.in
/



   y i =  r i + 𝛾 ⋅   max   a ′    Q 𝜃  (   s i ′ ,  a i ′ )


   y t = r + 𝛾 Q  (   s  t + 1 ,   arg ⁡      max a ⁡  Q  (   s  t + 1 ,   a   )   )


   y t D = r + 𝛾  Q ′  (   s  t + 1 ,   arg ⁡      max a ⁡  Q  (   s  t + 1 ,   a   )   ) → 2   value   functions


   Q 𝜃


   Q   𝜃 ′


   y t D = r + 𝛾 Q  (   s  t + 1 ,   arg ⁡      max a ⁡  Q  (   s  t + 1 ,   a ;  𝜃 t ) ;  𝜃 t ′ ) → target   network


   Q 𝜃


   Q   𝜃 ′


  T r a n s i t i o n   P r o b a b i l i t y ,  


  P  (  s , a , s ′ )


  R e t u r n ,    G t =  ∑  k = 0 ∞   𝛾 k  r  t + k


   V ∗  ( s ) =     max a ⁡   ∑   s ′  P  (   s ′ |  s , a )  (  r + 𝛾  V ∗  (  s ′ ) )


   V  k + 1 ∗  ( s ) =   max a  ∑   s ′  P  (   s ′ |  s , a )  [  r + 𝛾  V k ∗  (   s ′ ) ]


   Q ∗  (  s , a ) =  ∑   s ′  p  (   s ′ |  s , a )  [  r + 𝛾     max   a ′ ⁡   Q ∗ (  s ′ ,  a ′ ) ]


   Q  i + 1  ( s ) ←  ∑   s ′  P  (   s ′ |  s , a , )  [  r + 𝛾 ⋅     max   a ′ ⁡   Q i  (   s ′ ,  a ′ ) ]


   V  i + 1   𝜋 k  ( s ) =  ∑   s ′  P  (   s ′ |  s ,  𝜋 k  ( s ) )  [  r + 𝛾  V i   𝜋 k  (   s ′ ) ]


   𝜋  k + 1  ( s ) =   argmax a  ∑   s ′  P  (   s ′ |  s , a )  [  r + 𝛾  V   𝜋 k  (   s ′ ) ]


   Q  i + 1  (  s , a ) ←  Q i  (  s , a ) + 𝛼  (  r + 𝛾 ⋅     max   a ′ ⁡   Q i  (   s ′ ,  a ′ ) −  Q i  (  s , a ) )


   𝜃  t + 1 =  𝜃 t + 𝛼  (   y t − Q  (   s t ,  a t ; 𝜃 ) )  ∇   𝜃 t Q  (   s t ,    a t ;  𝜃 t )


  Q  (   s t ,    a t ;  𝜃  t + 1 ) ≈ Q  (   s t ,    a t ; 𝜃 ) + 𝛼  (   y t − Q  (   s t ,    a t ;  𝜃 t ) )    |   |   ∇   𝜃 t Q  (   s t ,    a t ;  𝜃 t ) | | 2 2


  𝒟


  𝒩


  Q ( 𝜃 )


   Q ′  (   𝜃 ′ )


   s 1


  𝜖


   a t


   a t =   max a  Q ∗  (   s t , a ; 𝜃 )


   a t


   r t


   s  t + 1


   (   s t ,    a t ,    r t ,    s  t + 1 )


  𝒟


   (   s j ,    a j ,    r j ,    s  j + 1 )


  𝒟


   y j =  {       r j                                                                                                                                                       ; f o r   t e r m i n a l    s  j + 1                               r j + 𝛾 Q  (   s  j + 1 ,   arg ⁡      max a ⁡  Q  (   s  j + 1 ,   a ; 𝜃 ) ;  𝜃 ′ ) ; f o r   n o n − t e r m i n a l    s  j + 1  


     (   y j − Q  (   s j ,    a j ; 𝜃 ) ) 2



