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1Motivations

1

Problem: How to select the control frequency for a system?

Lower Frequencies

Trade-Off

Higher Frequencies

Control Opportunities

Sample Complexity

Research Question: Can we exploit this trade-off to find an optimal control
frequency?
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2Control Frequency and Action Persistence
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Idea: persisting each action for k steps
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Action persistence as form of environment configurability (Metelli et al., 2018)
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3Outline

3

1 Action persistence formalization

2 Performance loss due to persistence

3 Persistent Fitted Q-Iteration
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4No Action Persistence

4

M “ pS,A, P, R, γq and π

π : S Ñ PpAq is Markovian and Stationary (Puterman, 2014; Sutton and Barto, 2018)
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t = 4
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t = 5
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t = 6

A0 ∼ π(·|S0) A1 ∼ π(·|S1) A2 ∼ π(·|S2) A3 ∼ π(·|S3) A4 ∼ π(·|S4) A5 ∼ π(·|S5)
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5Action Persistence
Policy View

5

Change the policy Ñ k-persistent policy

M “ pS,A, P, R, γq and πk πt,kpa|htq “

#

πpa|stq if t mod k “ 0

δat´1paq otherwise

History ht “ ps0, a0, . . . , st´1, at´1, stq

πk is Non-Markovian and Non-Stationary
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6Action Persistence
Environment View

6

Change the MDP Ñ k-persistent MDP

Mk “
`

S,A, Pk, Rk, γ
k
˘

and π
Pkps

1|s, aq “
`

pP δqk´1P
˘

ps1|s, aq

Rkps
1|s, aq “

řk´1
i“0 γ

i
`

pP δqiR
˘

ps1|s, aq

Persistent state-action kernel P δps1, a1|s, aq “ δa1paqP ps1|s, aq

Mk has smaller discount factor γk
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7Persistent Bellman Operators

7

MDP M

Bellman Operator (Bertsekas, 2005)

pT˚fqps, aq “ rps, aq ` γ

ż

S
P pds1|s, aqmax

a1PA
fps1, a1q

T˚ is a γ-contraction in L8-norm

Q˚ is the unique fixed point of T˚

T˚Q˚ “ Q˚

k-persistent MDP Mk

Persistence Operator

pT δfqps,aq “ rps, aq ` γ

ż

S
P pds1|s, aqfps1,aq

k-persistent Bellman Operator

T ˚k “ pT
δ
q
k´1T ˚

T˚k is a γk-contraction in L8-norm

Q˚k is the unique fixed point of T˚k

T˚kQ
˚
k “ Q˚k
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8Bounding the Performance Loss

8

Q˚k ď Q˚ for all k ě 1

How much do we lose by persisting k times the actions of policy π?

}Qπ ´Qπk}p,µ ď
γ

1´ γ

1´ γk´1

1´ γk

›

›

›
dpP π, P δq

›

›

›

p,µ

Increasing with k

dpP π, P δq: discrepancy
between transition kernels
‚ Can be bounded under

Lipschitz conditions
(Rachelson and
Lagoudakis, 2010)

Pπps1, a1|s, aq “ πpa1|s1q P ps1|s, aq

P δps1, a1|s, aq “ δa1paq P ps
1|s, aq
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9Persistent Fitted Q-Iteration (PFQI)

9

Fitted Q-Iteration
(Ernst et al., 2005)

Approximation space F
Initial estimate Qp0q

Dataset

D “ tpSi, Ai, Si`1, Riqu
n
i“1 „ ν

Qpj`1q
“ ΠF pT ˚Qpjq

Qpjq ù Q˚

What about Q˚k?

Empirical Bellman Operators

p pT ˚fqpSi, Aiq “ Ri ` γmax
aPA

fpSi`1, aq

p pT δfqpSi, Aiq “ Ri ` γfpSi`1, Aiq

T ˚ » ΠF pT ˚

F Qpjq
Qpj`1q

pT˚

ΠF

pT˚

ΠF

Qpj`kq

pT˚

ΠF
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10PFQI Analysis

10

Computational Complexity: monotonically decreasing with k

O
ˆ

Jn

ˆ

1`
|A| ´ 1

k

˙˙

for J iterations

Error propagation

›

›

›
Q˚k ´Q

πpJq

k

›

›

›

p,µ
ď

2

1´ γ

γk

1´ γk
EpJ, µ, ν, pq

‚ Decreasing with k
‚ Approximation errors εpjq and concentrability coefficients (Farahmand, 2011)

εpjq “

#

T ˚Qpjq ´Qpj`1q if j mod k “ 0

T δQpjq ´Qpj`1q otherwise
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11Control Frequency Trade-Off

11

›

›

›
Q˚ ´Qπ

pJq

k

›

›

›

p,µ
ď }Q˚ ´Q˚k}p,µ `

›

›

›
Q˚k ´Q

πpJq

k

›

›

›

p,µ

Control Opportunities

Algorithm-independent

Increasing with k

Sample Complexity

Algorithm-dependent

Decreasing with k

‚ How to identify the optimal persistence?
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12Persistence Selection

12

How to identify the optimal persistence in a batch setting?

Given estimated Q-function tQk : k P Ku

rk P argmax
kPK

Bk “ pJk ´
1

1´ γk

›

›

›

rQk ´Qk

›

›

›

D

estimated performance derived from Qk

» Bellman residual ( rQk » T ˚kQk) (Farahmand and Szepesvári, 2011)
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13Experimental Evaluation
Best Persistences

13

PFQI & ExtraTrees (Geurts et al., 2006)

Environments Best Persistence

Cartpole 4
Mountain Car 8, 16, 32
LunarLander 4, 8
Pendulum 1, 2, 4
Acrobot 2, 4
Swimmer 2, 4, 8
Hopper 64
Walker2D 8, 16, 32, 64

The best persistence is usually not 1

Excessive increase of the persistence prevents control at all

A. M. Metelli Control Frequency Adaptation via Action Persistence in Batch Reinforcement Learning ICML 2020



13Experimental Evaluation
Best Persistences

13

PFQI & ExtraTrees (Geurts et al., 2006)

Environments Best Persistence

Cartpole 4
Mountain Car 8, 16, 32
LunarLander 4, 8
Pendulum 1, 2, 4
Acrobot 2, 4
Swimmer 2, 4, 8
Hopper 64
Walker2D 8, 16, 32, 64

The best persistence is usually not 1

Excessive increase of the persistence prevents control at all

A. M. Metelli Control Frequency Adaptation via Action Persistence in Batch Reinforcement Learning ICML 2020



14Experimental Evaluation
Cartpole

14

0 200 400

0

100

200

Iteration

E
xp

ec
te

d
re

tu
rn

J
k

0 200 400

0

100

200

300

Iteration

E
st

im
at

ed
re

tu
rn

Ĵ
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15Conclusions

15

Research Question: Can we exploit this trade-off to find an optimal control
frequency?

Open Questions
1 Can persistence improve exploration?

2 Persistence in on–line RL

3 Dynamic persistent selection
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