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Learning an accurate estimation of the  
value function with finite amount data.
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• With finite batch of data, on-policy single-step temporal difference learning converges to 

the value function for the wrong policy.

• Propose and prove that a more efficient estimator converges to the value function for the 
true policy.
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Batch Linear* Value Function Learning

6

Policy and environment transition dynamics:

Generates batch of m episodes:

where

Estimate value function:

*Empirical analysis also considers non-linear TD(0)

Assumptions: 
1.    is known (policy we want to learn about). 
2.    is unknown (model-free). 
3. Reward function is unknown. 
4. On-policy (focus of talk).
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clear aggregation

*Empirical analysis also considers non-linear TD(0)



Brahma S. Pavse (UT Austin) Reducing Sampling Error in Batch Temporal Difference Learning 

Batch Linear* TD(0)
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until convergence

*Empirical analysis also considers non-linear TD(0)
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8

batch TD(0)

maximum-likelihood estimates (MLE) computed from

Problem! policy and transition dynamics  
sampling error

finite-sized

certainty-equivalence estimate for MDP*

*Sutton (1988) proved a similar result for a Markov reward process



Brahma S. Pavse (UT Austin) Reducing Sampling Error in Batch Temporal Difference Learning 

Policy Sampling Error in Batch TD(0)

9

finite-sized batch
True policy

s
a2

a1

+30

+60

True value function

Batch TD(0) computes
s1

s2

Batch TD(0) estimates 
value function for the 

wrong policy!



Brahma S. Pavse (UT Austin) Reducing Sampling Error in Batch Temporal Difference Learning 

Policy Sampling Error in Batch TD(0)

9

finite-sized batch
True policy

s
a2

a1

+30

+60

True value function

Batch TD(0) computes

MLE policy

s1

s2



Brahma S. Pavse (UT Austin) Reducing Sampling Error in Batch Temporal Difference Learning 

Policy Sampling Error in Batch TD(0)

9

finite-sized batch
True policy

s
a2

a1

+30

+60

True value function

Batch TD(0) computes

MLE policy

s1

s2



Brahma S. Pavse (UT Austin) Reducing Sampling Error in Batch Temporal Difference Learning 

Policy Sampling Error in Batch TD(0)

9

finite-sized batch
True policy

s
a2

a1

+30

+60

True value function

Batch TD(0) computes

MLE policy

s1

s2



Brahma S. Pavse (UT Austin) Reducing Sampling Error in Batch Temporal Difference Learning 

Policy Sampling Error Corrected-TD(0)

10



Brahma S. Pavse (UT Austin) Reducing Sampling Error in Batch Temporal Difference Learning 

Policy Sampling Error Corrected-TD(0)

10

True policy distribution is assumed to be known.



Brahma S. Pavse (UT Austin) Reducing Sampling Error in Batch Temporal Difference Learning 

Policy Sampling Error Corrected-TD(0)

10

Correct learning from the MLE policy distribution to the true policy distribution.

True policy distribution is assumed to be known.



Brahma S. Pavse (UT Austin) Reducing Sampling Error in Batch Temporal Difference Learning 

Policy Sampling Error Corrected-TD(0)

10

Correct learning from the MLE policy distribution to the true policy distribution.

An off-policy-styled correction for an on-policy algorithm.

True policy distribution is assumed to be known.



Brahma S. Pavse (UT Austin) Reducing Sampling Error in Batch Temporal Difference Learning 

Policy Sampling Error Corrected-TD(0)

10

Correct learning from the MLE policy distribution to the true policy distribution.

An off-policy-styled correction for an on-policy algorithm.

PSEC ratio (importance sampling [Precup et al., 2000, Ghiassian et al., 2018]):

On-policy PSEC-TD(0) UpdateOn-policy TD(0) Update

True policy distribution is assumed to be known.
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Gridworld [link] 
Discrete States and Actions

CartPole [Brockman et al., 2016] 
Continuous States and  

Discrete Actions

InvertedPendulum  
[Brockman et al., 2016, 
Todorov et al., 2012] 

Continuous States and 
Actions

Evaluation Metric 
(weighted error):
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PSEC-TD(0) vs. TD(0) Unvisited (s,a,s’) tuples
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Additional Results
• Extend certainty-equivalence proof by Sutton (1988) from MRP to discounted, per-step 

reward MDP

• Answer the following (subset of many) questions:

• Does expressiveness of the value function impact performance?

• Does expressiveness of the PSEC MLE policy impact performance?

• Does underfitting/overfitting the PSEC MLE policy to the batch impact performance?

• Can PSEC be applied to off-policy TD(0)?
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Related Work
• Estimating the behavior policy from data [Li et al., 2015, Narita et al., 

2018, Hirano et al., 2003]. 

• Reducing sampling error in policy evaluation [Hanna et al., 2019] and 
policy gradient learning [Hanna and Stone, 2019]. 

• Reducing sampling error in action-values [van Seijen et al., 2009, 
Precup et al., 2000]
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Open Questions
• Reduce sampling error in n-step and TD(\lambda). 

• Evaluate actor-critic algorithms with an improved value function 
estimate. 

• Extend batch PSEC to online TD(0).
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Takeaways
• For finite batch of data, batch TD(0) converges to an inaccurate value function.

• Mismatch between the MLE policy distribution and true policy distribution can be 
viewed from an off-policy perspective.

• PSEC-TD(0) is a more efficient estimator than TD(0).

• PSEC-TD(0) brings benefit to discrete/continuous state/action spaces.

• While primarily shown for on-policy TD(0), PSEC is also applicable in off-policy TD(0).
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