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INTRODUCTION
• Unlike humans, robots struggle to transfer the skills they learn while

doing one task to other similar tasks
• Learning the causal structure (i.e. cause and effect relationships) of the

situation helps with transferring knowledge because most of the causal
structure remains the same when moving between similar scenarios, as
shown in the example below

• One way to model the causal structure of an environment is with a Struc-
tural Causal Model (SCM)
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• We want our robot to learn the SCM of its environment as efficiently as
possible

RESULTS
• Robot success was evaluated in 12 situations, "protocols" P0-P11
• Protocol P0 (which tested the robot on the exact same task as during

training) required the least amount of knowledge transfer, while P11
(which tested the robot under different values of every environmental
variable) required the most transfer.
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Pick and Place Task
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• The search intervention actor took longer to complete one intervention
than the other actors

• The robot is most successful when completing the easier pushing task in
situations where not much has changed from the training task

• When trained on curricula involving interventions, the robot transfers its
learning better in the pushing task, but not the pick and place task
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CONCLUSION
• We expect that agents trained on the Search Curriculum will have higher

fractional success on both tasks and approach high success rates when
trained for fewer time steps.

• However, more tests are needed to draw significant results, as we have
not yet observed quantitative data for the search intervention actor.

• We plan to continue this project by predicting rewards before staging
interventions; since the benefit of taking an intervention decreases after
it is staged, a predicted future reward is more accurate than the mean
reward already observed for an intervention. This will ensure that the
best interventions are staged.

METHODS
• The agent learns via staging interventions — by changing the value of

one variable and observing the effect of the change.
• We implemented a surprise-guided search to help the agent choose the

best interventions to take.
• Every time the agent staged an intervention, we recorded the change in

entropy of the SCM that occurred due to the intervention — the "sur-
prise" — as the reward of taking that intervention.

• When the agent needed to stage another intervention, it prioritized inter-
ventions that had been taken fewer times and that had higher rewards.
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EXPERIMENTAL SETUP

• We modified Ahmed et al.’s CausalWorld environment to allow for in-
terventions on gravity and wind.

• The robot was trained using four curricula and evaluated using two
tasks: pushing a block or picking and placing a block into the goal.


