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Options in Planning

Planning with primitive actions

• Inefficient for straightforward paths

• Limited by the simulation budget
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Options in Planning

Planning with options

• Reduce the frequency of choices

• Search deeper under same budget

Planning with primitive actions

• Inefficient for straightforward paths

• Limited by the simulation budget
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Motivation
• Limitations of previous works

• Design of options: hard to generalize across different environments

• Repeated primitive actions (Sharma et al., 2016; Durugkar et al., 2016; Lakshminarayanan et al. 2017)

• Handcrafted options (Gabor et al., 2019; de Waard et al., 2016)

• Learn from expert demonstration data (Czechowski et al., 2021; Kujanpää et al., 2023; 2024)
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𝒇𝒓𝒆𝒆𝒘𝒂𝒚 𝒄𝒓𝒂𝒛𝒚 𝒄𝒍𝒊𝒎𝒃𝒆𝒓

repeated up interleaving up and down
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Motivation
• Limitations of previous works

• Design of options: hard to generalize across different environments

• Repeated primitive actions (Sharma et al., 2016; Durugkar et al., 2016; Lakshminarayanan et al. 2017)

• Handcrafted options (Gabor et al., 2019; de Waard et al., 2016)

• Learn from expert demonstration data (Czechowski et al., 2021; Kujanpää et al., 2023; 2024)

• Planning with options: higher environment transition cost for options
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Motivation
• Limitations of previous works

• Design of options: hard to generalize across different environments

• Repeated primitive actions (Sharma et al., 2016; Durugkar et al., 2016; Lakshminarayanan et al. 2017)

• Handcrafted options (Gabor et al., 2019; de Waard et al., 2016)

• Learn from expert demonstration data (Czechowski et al., 2021; Kujanpää et al., 2023; 2024)

• Planning with options: higher environment transition cost for options

➔We proposed OptionZero, which integrates options into MuZero

• Autonomously discover options through self-play games and utilize options during planning
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MuZero (Schrittwieser et al., 2020)
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𝑥𝑡: observation

𝑠𝑘: hidden state

𝑝𝑘: policy

𝑣𝑘: value

𝑎𝑘: action

𝑟𝑘: reward

𝑓𝜃p0, 𝑣0 𝑠0

ℎ𝜃

𝑔𝜃

𝑠1𝑓𝜃p1, 𝑣1

𝑠2𝑓𝜃p2, 𝑣2

𝑔𝜃

𝑟1

𝑟2

𝑎1

𝑎2

𝑥𝑡
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• Achieve superhuman performance on Atari, Go, chess, and shogi

• Learn from scratch without any human knowledge

• Plans with a learned model

• Network design

• Representation: 𝑠0 = ℎ𝜃(𝑥1, … , 𝑥𝑡)

• Prediction: 𝑝𝑘 , 𝑣𝑘 = 𝑓𝜃(𝑠
𝑘)

• Dynamics: 𝑟𝑘 , 𝑠𝑘 = 𝑔𝜃(𝑠
𝑘−1, 𝑎𝑘)



Monte-Carlo Tree Search (MCTS)
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Repeat × N

𝑠𝑙

𝑠2

𝑠1

𝑠0

𝑠𝑙
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𝑠1
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𝑎2
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• A heuristic search algorithm

• In MuZero, it is divided into three phases, repeated for 𝑁 simulations



Dominant Option

• With max length 𝐿, for state 𝑠, we define dominant option 𝑜:

• 𝑜 = 𝑎1, 𝑎2, … , 𝑎𝑙 , where ς𝑖=1
𝑙 𝑃 𝑎𝑖 > 0.5 ∧ ς𝑖=1

𝑙+1𝑃 𝑎𝑖 ≤ 0.5 and 𝑙 ≤ 𝐿

• The longest action sequence with probability greater than 0.5 ⇒ unique for each state
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e.g., 𝐿 = 4
𝑠0: 𝑜1 = a1, a2, a3 = 𝑟𝑖𝑔ℎ𝑡, 𝑙𝑒𝑓𝑡, 𝑟𝑖𝑔ℎ𝑡
𝑃 𝑜1 = P a1 𝑃 𝑎2 𝑃 𝑎3 = 0.512

𝑠0 0.8 (𝑎1)

⋮

⋮

0.8 (𝑎2)

0.8

0.8

0.8

0.2

0.2

0.2

P > 0.5

∑P < 0.5
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Option Network

• Given a state and a maximum length 𝐿, predict the dominant option

• Output: Ω = {𝜔1, 𝜔2, … , 𝜔𝐿}, each 𝜔𝑙 is a probability distribution, where 𝜔𝑙 𝑎𝑙 = ς𝑖=1
𝑙 𝑃 𝑎𝑖
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𝑜1 = a1, a2, a3 = 𝑟𝑖𝑔ℎ𝑡, 𝑙𝑒𝑓𝑡, 𝑟𝑖𝑔ℎ𝑡
𝑃 𝑜1 = 𝜔3 𝑟𝑖𝑔ℎ𝑡 = 0.512

output of option network

𝑙𝑒𝑓𝑡 𝑟𝑖𝑔ℎ𝑡 𝑠𝑡𝑜𝑝

𝝎𝟏 0 0.8 0.2

𝝎𝟐 0.64 0 0.36

𝝎𝟑 0 0.512 0.488

𝝎𝟒 0 0.4096 0.5904

𝑠0

⇒ terminate

⇒ 𝑃 𝑟𝑖𝑔ℎ𝑡, 𝑙𝑒𝑓𝑡, 𝑟𝑖𝑔ℎ𝑡 = 0.512

⇒ 𝑃 𝑟𝑖𝑔ℎ𝑡, 𝑙𝑒𝑓𝑡 = 0.64

⇒ 𝑃 𝑟𝑖𝑔ℎ𝑡 = 0.8

𝑠0 0.8 (𝑎1)

⋮

⋮

0.8 (𝑎2)

e.g., 𝐿 = 4
𝑠0: 𝑜1 = a1, a2, a3 = 𝑟𝑖𝑔ℎ𝑡, 𝑙𝑒𝑓𝑡, 𝑟𝑖𝑔ℎ𝑡
𝑃 𝑜1 = P a1 𝑃 𝑎2 𝑃 𝑎3 = 0.512
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Network Modifications
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MuZero OptionZero

𝑠0

𝑔𝜃

𝑠1

𝑠2 𝑓𝜃 p2, 𝑣2

𝑔𝜃

𝑟1

𝑟2

𝑎1

𝑎2
𝑓𝜃 p1, 𝑣1

𝑟1,2 = 𝑟1 + 𝛾𝑟2

𝑠0

𝑠2 𝑓𝜃 p2, 𝑣2, Ω2

𝑜1 = 𝑎1, 𝑎2

𝑔𝜃
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• Prediction network: incorporate with option network

• Dynamics network: predict the outcome of acting an option



MCTS Edge Statistics
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𝑠0, 𝑎1

𝑠1, 𝑎2

𝑠0, 𝑜1

𝑠2

𝑠1

𝑠0

𝑁 𝑠0, 𝑜1 = 𝑁 𝑠1, 𝑎2

𝑁 𝑠1, 𝑎2

𝑁 𝑠0, 𝑜1

𝑠2

𝑠1

𝑠0

visit counts 

𝑅 𝑠0, 𝑜1 = 𝑅 𝑠0, 𝑎1 + 𝛾𝑅 𝑠1, 𝑎2

𝑅 𝑠0, 𝑎1

𝑅 𝑠1, 𝑎2

𝑅 𝑠0, 𝑜1

𝑠2

𝑠1

𝑠0

reward

𝑄 𝑠0, 𝑜1 = 𝑅 𝑠0, 𝑎1 + 𝛾𝑄 𝑠1, 𝑎2

𝑅 𝑠0, 𝑎1

𝑄 𝑠1, 𝑎2

𝑄 𝑠0, 𝑜1

𝑠2

𝑠1

𝑠0

Q-value

option edge
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• Each edge stores a set of statistics: visit counts 𝑁 , reward 𝑅 , Q-value 𝑄 , prior 𝑃

• The statistics remain consistent with original MCTS



MuZero OptionZero

Selection – Primitive Selection
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𝑠3

𝑠2

𝑠1

𝑠0

selection 

𝑠2

𝑠1
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• PUCT score

• All primitive child nodes: 𝑄 𝑠𝑘 , 𝑎𝑘+1 + 𝑃 𝑠𝑘 , 𝑎𝑘+1 ×
∑𝑏𝑁 𝑠𝑘,𝑏

1+𝑁 𝑠𝑘,𝑎𝑘+1
× 𝑐𝑝𝑢𝑐𝑡

𝑠3

𝑠2

𝑠1

𝑠0primitive selection 

𝑠2

𝑠1

option selection 

𝑠3

𝑠2

𝑠1



• PUCT score

• Option child node: 𝑄 𝑠𝑘 , 𝑜𝑘+1 + 𝑃 𝑠𝑘 , 𝑜𝑘+1 ×
𝑁 𝑠𝑘,𝑎𝑘+1

1+𝑁 𝑠𝑘,𝑜𝑘+1
× 𝑐𝑝𝑢𝑐𝑡

• Selected primitive child node: ෨𝑄 𝑠𝑘 , 𝑎𝑘+1 + ෨𝑃 𝑠𝑘 , 𝑎𝑘+1 ×
𝑁 𝑠𝑘,𝑎𝑘+1

1+෩𝑁 𝑠𝑘,𝑎𝑘+1
× 𝑐𝑝𝑢𝑐𝑡

MuZero OptionZero

Selection – Option Selection
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෩𝑁 𝑠𝑘, 𝑎𝑘+1 = 𝑁 𝑠𝑘, 𝑎𝑘+1 − 𝑁 𝑠𝑘, 𝑜𝑘+1

෨𝑃 𝑠𝑘, 𝑎𝑘+1 = max 0, 𝑃 𝑠𝑘, 𝑎𝑘+1 − 𝑃 𝑠𝑘, 𝑜𝑘+1

෨𝑄 𝑠𝑘, 𝑎𝑘+1 =
𝑁 𝑠𝑘,𝑎𝑘+1 𝑄 𝑠𝑘,𝑎𝑘+1 −𝑁 𝑠𝑘,𝑜𝑘+1 𝑄 𝑠𝑘,𝑜𝑘+1

𝑁 𝑠𝑘,𝑎𝑘+1 −𝑁 𝑠𝑘,𝑜𝑘+1

𝑠3

𝑠2

𝑠1

𝑠0

option selection 

primitive selection 

𝑠2

𝑠1

𝑠3

𝑠2

𝑠1

𝑠3

𝑠2

𝑠1

𝑠0

selection 

𝑠2

𝑠1



• PUCT score

• Option child node: 𝑄 𝑠𝑘 , 𝑜𝑘+1 + 𝑃 𝑠𝑘 , 𝑜𝑘+1 ×
𝑁 𝑠𝑘,𝑎𝑘+1

1+𝑁 𝑠𝑘,𝑜𝑘+1
× 𝑐𝑝𝑢𝑐𝑡

• Selected primitive child node: ෨𝑄 𝑠𝑘 , 𝑎𝑘+1 + ෨𝑃 𝑠𝑘 , 𝑎𝑘+1 ×
𝑁 𝑠𝑘,𝑎𝑘+1

1+෩𝑁 𝑠𝑘,𝑎𝑘+1
× 𝑐𝑝𝑢𝑐𝑡

MuZero OptionZero

Selection – Option Selection
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෩𝑁 𝑠𝑘, 𝑎𝑘+1 = 𝑁 𝑠𝑘, 𝑎𝑘+1 − 𝑁 𝑠𝑘, 𝑜𝑘+1

෨𝑃 𝑠𝑘, 𝑎𝑘+1 = max 0, 𝑃 𝑠𝑘, 𝑎𝑘+1 − 𝑃 𝑠𝑘, 𝑜𝑘+1

෨𝑄 𝑠𝑘, 𝑎𝑘+1 =
𝑁 𝑠𝑘,𝑎𝑘+1 𝑄 𝑠𝑘,𝑎𝑘+1 −𝑁 𝑠𝑘,𝑜𝑘+1 𝑄 𝑠𝑘,𝑜𝑘+1

𝑁 𝑠𝑘,𝑎𝑘+1 −𝑁 𝑠𝑘,𝑜𝑘+1

𝑠3

𝑠2

𝑠1

𝑠0

option selection 

primitive selection 

𝑠2

𝑠1

𝑠3

𝑠2

𝑠1

𝑠3

𝑠2

𝑠1

𝑠0

selection 

𝑠2

𝑠1



• Evaluate the node

Expansion
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MuZero OptionZero

expansion 

𝑠3

𝑠3

𝑠2

𝑠1

𝑠0

𝑟3
𝑎3

𝑓𝜃 𝑝3, 𝑣3

𝑔𝜃

𝒔𝟑 is selected from 𝒔𝟏 by 𝒐𝟐

option expansion 

primitive expansion 

𝑠3

𝑠3

𝑠3

𝑠2

𝑠1

𝑠0

𝑔𝜃

𝑟2,3

𝑜2

𝑝3, 𝑣3, Ω3𝑓𝜃

𝒔𝟑 is selected from 𝒔𝟐 by 𝒂𝟑
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• Set the reward

Expansion
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MuZero OptionZero

expansion 

𝑠3

𝑠3

𝑠2

𝑠1

𝑠0

𝑟3
𝑎3

𝑓𝜃 𝑝3, 𝑣3

𝑔𝜃

𝒔𝟑 is selected from 𝒔𝟏 by 𝒐𝟐

option expansion 

primitive expansion 

𝑠3

𝑠3

𝑠3

𝑠2

𝑠1

𝑠0

𝑔𝜃

𝑟2,3

𝑜2

𝑝3, 𝑣3, Ω3𝑓𝜃

𝒔𝟑 is selected from 𝒔𝟐 by 𝒂𝟑

Introduction MuZero OptionZero Experiments Summary



• Expand the primitive edges and initialize their prior probabilities

Expansion – Primitive Expansion
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MuZero OptionZero

expansion 

𝑠3

𝑠3

𝑠2

𝑠1

𝑠0

𝑟3
𝑎3

𝑓𝜃 𝑝3, 𝑣3

𝑔𝜃

𝒔𝟑 is selected from 𝒔𝟏 by 𝒐𝟐

option expansion 

primitive expansion 

𝑠3

𝑠3

𝑠3

𝑠2

𝑠1

𝑠0

𝑔𝜃

𝑟2,3

𝑜2

𝑝3, 𝑣3, Ω3𝑓𝜃

𝒔𝟑 is selected from 𝒔𝟐 by 𝒂𝟑
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• Expand the option edge and initialize its prior probability

Expansion – Option Expansion
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MuZero OptionZero

expansion 

𝑠3

𝑠3

𝑠2

𝑠1

𝑠0

𝑟3
𝑎3

𝑓𝜃 𝑝3, 𝑣3

𝑔𝜃

𝒔𝟑 is selected from 𝒔𝟏 by 𝒐𝟐

option expansion 

primitive expansion 

𝑠3

𝑠3

𝑠3

𝑠2

𝑠1

𝑠0

𝑔𝜃

𝑟2,3

𝑜2

𝑝3, 𝑣3, Ω3𝑓𝜃

𝒔𝟑 is selected from 𝒔𝟐 by 𝒂𝟑

o4
⋮
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Backup – Update Primitive Edges 
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MuZero OptionZero

• Update primitive edges on the path from 𝑠0 to 𝑠𝑙

• 𝑄 𝑠𝑘 , 𝑎𝑘+1 ≔
𝑁 𝑠𝑘,𝑎𝑘+1 ×𝑄 𝑠𝑘,𝑎𝑘+1 +𝐺𝑘+1

𝑁 𝑠𝑘,𝑎𝑘+1 +1
, 𝐺𝑘+1 = 𝑟𝑘+1,𝑙 + 𝛾𝑙−𝑘𝑣𝑙

• 𝑁 𝑠𝑘 , 𝑎𝑘+1 ≔ 𝑁 𝑠𝑘 , 𝑎𝑘+1 + 1

𝑠3

𝑠2

𝑠1

𝑠0

𝑣3
𝑟3

𝑟2

𝑟1

𝑠3

𝑠2

𝑠1

𝑠0

𝑣3
𝑟3,3

𝑟2,2

𝑟1,1

𝑟2,3

𝑟1,2
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Backup – Update Option Edges 
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MuZero OptionZero

Introduction MuZero OptionZero Experiments Summary

• Update option edges on the possible paths from 𝑠0 to 𝑠𝑙

• 𝑄 𝑠𝑘 , 𝑜𝑘+1 ≔
𝑁 𝑠𝑘,𝑜𝑘+1 ×𝑄 𝑠𝑘,𝑜𝑘+1 +𝐺𝑘+1

𝑁 𝑠𝑘,𝑜𝑘+1 +1
, 𝐺𝑘+1 = 𝑟𝑘+1,𝑙 + 𝛾𝑙−𝑘𝑣𝑙

• 𝑁 𝑠𝑘 , 𝑜𝑘+1 ≔ 𝑁 𝑠𝑘 , 𝑜𝑘+1 + 1

• Ensure the statistics of various selection paths from 𝑠0 to 𝑠𝑙 remain consistent

𝑠3

𝑠2

𝑠1

𝑠0

𝑣3
𝑟3,3

𝑟2,2

𝑟1,1

𝑟2,3

𝑟1,2

𝑠3

𝑠2

𝑠1

𝑠0

𝑣3
𝑟3

𝑟2

𝑟1



Planning with Options in MCTS
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BackupExpansionSelection

𝑠𝑙

𝑠2

𝑠1

𝑠0

option selection 

primitive selection 

𝑠2

𝑠1

𝑠𝑙

𝑠2

𝑠1

𝑠𝑙

𝑠2

𝑠1

𝑠0

𝑣𝑙
𝑟𝑙,𝑙

𝑟2,2

𝑟1,1

𝑟2,𝑙

𝑟1,2

Repeat × N

option expansion 

primitive expansion 

𝑠𝑙

𝑠𝑙

𝑠𝑙

𝑠2

𝑠1

𝑠0

𝑔𝜃

𝑟2,𝑙

𝑜2

𝑓𝜃 𝑝𝑙 , 𝑣𝑙 , Ωl
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MuZero OptionZero

Sample an Action or Option to Execute
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30

50

15

50

𝑠0

45 − 30

50

𝑜𝑝𝑡𝑖𝑜𝑛

45

50

𝑠0

Introduction MuZero OptionZero Experiments Summary

• Select a child node of root (𝑠0) based on probabilities proportional to visit counts

• Should exclude the duplicate statistics of primitive and option child node



Training

• Optimize the network by self-play trajectories

• Policy: MCTS policy

• Value: n-step return or game outcome

• Reward: observed reward

• Option policy: actions in the self-play trajectories
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𝑓𝜃 𝑓𝜃 𝑓𝜃

𝑔𝜃 𝑔𝜃
𝑟𝑡
1 𝑟𝑡

2

𝑎𝑡+1, 𝑎𝑡+2 {𝑎𝑡+3}ℎ𝜃

𝑝𝑡
0, 𝑣𝑡

0, Ω𝑡
0 𝑝𝑡

1, 𝑣𝑡
1, Ω𝑡

1 𝑝𝑡
2, 𝑣𝑡

2, Ω𝑡
2

⋯trajectory

model unroll

𝑡 𝑡 + 1 𝑡 + 2 𝑡 + 3

𝑘 = 0 𝑘 = 1 𝑘 = 2

Introduction MuZero OptionZero Experiments Summary



GridWorld
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25% 50% 75% 100%

mainly rely on primitive actions establish longer options

find shortest path

only 4 options

Introduction MuZero OptionZero Experiments Summary

• A toy environment to navigate an agent to the goal

• Settings

• Max option length: 𝐿 = 9

• Reward of each move: -1



Atari Games
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ℓ𝑖: max option length = 𝑖

Introduction MuZero OptionZero Experiments Summary

• Environment: 26 Atari games

• Settings

• ℓ1: baseline (identical to MuZero), max option length = 1

• ℓ3: max option length = 3

• ℓ6: max option length = 6

• Results:

• ℓ3 performs the best, and both ℓ3 and ℓ6 performs better than ℓ1
• ℓ6 performs slightly worse than ℓ3

⇒ the difficulty of learning dynamics network



Behavior Analysis – Repeated Actions
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(a) 𝑁-𝑁-𝑁-𝑁-𝑁-𝑁 (b) 𝐷-𝑈-𝑈-𝑈-𝑈-𝑈 (c) 𝑈-𝑈-𝑈-𝑈-𝑈-𝑈 (d) 𝑈-𝑈-𝑈-𝑈-𝑈-𝑈 (e) 𝐷-𝐷-𝑈-𝑈-𝑈-𝑈

𝑁, 𝑈, and 𝐷 represent no operation, moving up, and moving down, respectively

Introduction MuZero OptionZero Experiments Summary

optionprimitive action

• Game: 𝑓𝑟𝑒𝑒𝑤𝑎𝑦
• Repeated 𝑈: most commonly used options

• Repeated 𝑁: used at certain state



Behavior Analysis – Non-repeated Actions
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(a) 𝑈-𝑈-𝐷𝐿-𝐷𝐿-𝐷𝐿-𝑈 (b) 𝑈-𝑈-𝐷𝐿-𝐷𝐿-𝐷𝐿-𝑈 (c) 𝑈-𝑈-𝐷𝐿-𝐷𝐿-𝐷𝐿-𝑈 (d) 𝑈-𝑈-𝐷𝐿-𝐷-𝐷-𝑈 (e) 𝑈-𝑈-𝐷𝐿-𝐷-𝐷-𝑈

𝑈, 𝐷, and 𝐿 represent control hands, control feet, and moving left, respectively

Introduction MuZero OptionZero Experiments Summary

optionprimitive action

• Game: 𝑐𝑟𝑎𝑧𝑦 𝑐𝑙𝑖𝑚𝑏𝑒𝑟
• Interleaved 𝑈 and 𝐷: used to climb up



Behavior Analysis – Strategical Combo
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(a) 𝑅𝐹-𝑅𝐹-𝑅𝐹-𝑅𝐹-𝐷-𝐷 (b) 𝐷-𝐿-𝐿-𝐿-𝐿-𝐿 (c) 𝐿-𝐿-𝑅𝐹-𝑅𝐹-𝑅𝐹-𝑅𝐹 (d) 𝑅𝐹-𝑅𝐹-𝑅𝐹-𝑅𝐹-𝑅𝐹-𝑅𝐹 (e) 𝑅𝐹-𝑅𝐹-𝑅𝐹-𝑅𝐹-𝑅𝐹-𝑅𝐹

𝑅, 𝐿, 𝐷, and 𝐹 represent moving right, moving left, placing bombs, and firing, respectively

Introduction MuZero OptionZero Experiments Summary

optionprimitive action

• Game: ℎ𝑒𝑟𝑜
• Strategical action combinations: break the wall without getting hurt



Option Utilization Analysis
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% 𝑙: the proportion of option length 𝑙primitive action/option

Option Utilization in Environment

Option Utilization in the Search

30%~40% using options

option allows search deeper under same budget

Introduction MuZero OptionZero Experiments Summary



Summary
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Introduction MuZero OptionZero Experiments Summary

• OptionZero

• Integrate options into the MuZero algorithm

• Autonomously discover options through self-play games

• Utilize options during planning

• Outperform a MuZero baseline on 26 Atari games

• Future work

• Apply to two-player games

• Integrate with other dynamics models



Thank You for Your Attention
Our code and data are available at

https://rlg.iis.sinica.edu.tw/papers/optionzero/
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