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Motivation

• In general:

• Lifelong agents that reuse past skills

• In particular:
• Are new tasks expressible in terms of learned ones? 

• If yes, zero-shot learning?

• If no, few-shot learning?

• How about lifelong generalisation?



Problem Setting

• Pickup-object domain
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𝑆𝑂𝑃𝐺𝑂𝐿

➢ 𝑇′ ≔

➢ 𝑄𝑆𝑂𝑃 = ¬𝑄∗ ∧ ¬𝑄∗( ) ∧ 𝑄∗( ) ∧ ¬𝑄∗( )

➢ 𝑇 = 𝑇′ ?  No!

➢ Learn new 𝑄 with goal-oriented learning (using 

𝑸𝑺𝑶𝑷, to speed up training), then add to library
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Lifelong RL with Composition

𝑆𝑂𝑃𝐺𝑂𝐿

𝐓𝐡𝐞𝐨𝐫𝐞𝐦: log |𝑔𝑜𝑎𝑙𝑠| ≤ 𝐥𝐢𝐦
𝒕→∞

𝒔𝒌𝒊𝒍𝒍𝒔 ≤ |𝑔𝑜𝑎𝑙𝑠|

Note: tasks = 2|𝑔𝑜𝑎𝑙𝑠|



Generalisation with Lifelong Transfer

• Four-rooms domain: 40 goals, 240 ~ 1 trillion tasks  



Conclusion

• We leverage logical composition for fast transfer 

between tasks.

• Leads to quick generalisation over any task distribution.

• we have a logarithmic upper bound on the 

number of tasks that needs to be learned and 

stored.

• Leads to both interpretable and sample-efficient

lifelong RL.


