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Value Iteration (VI)
Initialize a Q-function 𝑄;
Initialize a behavior policy 𝜇;
For 𝑡 = 1,… , 𝑇 do;

Observe 𝑠! and take 𝑎! ∼ 𝜇 ⋅ |𝑎! .
Observe 𝑠!"# and receive 𝑟!.
Store (𝑠!, 𝑎!, 𝑠!"#, 𝑟!) in data buffer 𝒟.
If 𝑡 mod 𝑇$%&'!( = 0 then
𝑄 ← argmin)𝔼𝒟 𝑓 𝑠, 𝑎 − ?𝑄+,

- .
𝜇 ← NewBehaviorPolicy(𝑄).
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Value Iteration (VI)
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𝑄!" ≔ 𝑟 + 𝛾max
#!
𝑄 𝑠$, 𝑎′

Initialize a Q-function 𝑄;
Initialize a behavior policy 𝜇;
For 𝑡 = 1,… , 𝑇 do;

Observe 𝑠! and take 𝑎! ∼ 𝜇 ⋅ |𝑎! .
Observe 𝑠!"# and receive 𝑟!.
Store (𝑠!, 𝑎!, 𝑠!"#, 𝑟!) in data buffer 𝒟.
If 𝑡 mod 𝑇$%&'!( = 0 then
𝑄 ← argmin)𝔼𝒟 𝑓 𝑠, 𝑎 − ?𝑄+,

- .
𝜇 ← NewBehaviorPolicy(𝑄).



VI to λ Policy Iteration (λ-PI)
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λ Policy Iteration:

𝑄./, ≔ 1− 𝜆 L
01#

2

𝜆03# L
41#

0

𝛾43#𝑟!"4 + 𝛾0max' 𝑄 𝑠!"0"#, 𝑎

= 𝑄 𝑠!, 𝑎! + L
015

2

𝛾0𝜆0 𝑟!"0 + 𝛾max' 𝑄 𝑠!"0"#, 𝑎 − 𝑄 𝑠!"0, 𝑎!"0

s%&', a%&' '(),+,…, is obtained by following a greedy policy!



Importance Sampling λ-PI
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Importance sampling λ-PI:
𝑄,6 ./, ≔ 𝑄 𝑠!, 𝑎! + L

015

2

𝑐0𝛾0𝜆0 𝑟!"0 + 𝛾max' 𝑄 𝑠!"0"#, 𝑎 − 𝑄 𝑠!"0, 𝑎!"0

where 𝑐) ≔ 1, and 𝑐- ≔ ∏.()
- / #"#$|1"#$

2 #"#$|1"#$
.



Importance Sampling λ-PI
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Because of 𝑐!, traces are cut when 𝜋 𝑎"#$|𝑠"#$ ≈ 0.

Importance sampling λ-PI:
𝑄,6 ./, ≔ 𝑄 𝑠!, 𝑎! + L

015

2

𝑐0𝛾0𝜆0 𝑟!"0 + 𝛾max' 𝑄 𝑠!"0"#, 𝑎 − 𝑄 𝑠!"0, 𝑎!"0

where 𝑐) ≔ 1, and 𝑐- ≔ ∏.()
- / #"#$|1"#$

2 #"#$|1"#$
.



Conservative and Non-Conservative Algorithms
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Conservative Algorithms

• Importance sampling λ-PI
• Retrace (Munos et al., 2016)
•Watkinʼs Q(λ) (Watkins, 1989)
• Tree-backup (Precup et al., 2000)

Convergence thanks to trace cuts.
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Non-conservative Algorithms

• Uncorrected n-step return
• Pengʼs Q(λ) (Peng & Williams, 

1994)
• Harutyunyanʼs Q(λ) (Harutyunyan 

et al., 2016)

Convergence thanks to trace cuts.
No generic convergence guarantee.
But some of them are known to 
yield a better performance.



Research Question
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Why do non-conservative algorithms
outperform theoretically-sound 

conservative ones?



Theoretical Result
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• Convergence guarantee of Pengʼs Q(λ) with fixed μ
• Fast convergence (to a biased optimal solution)

• More robustness to error (compared to VI, λ-PI)

• Convergence guarantee of Pengʼs Q(λ) with 
changing μ
• Convergence under appropriate conditions on μ

• Slower convergence (to the optimal solution)

• Less robustness to error (compared to VI, λ-PI)



Empirical Result
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