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Announcements
● There are many students in the class

● You need to construct or join a team: each team consists of 3 or 4 persons
● You can bring your own research as long as it is clearly related to the course 

theme
● Each team: paper related presentations

● Give two talks; each talk time is 15 min
● Each talk gives 1) a student lecture on a chosen topic, and gives 2) another talk 

on one main paper with related papers to your project
● Each team :related to project

● Give a mid-term review presentation for the project
● Give the final project presentation
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Schedule
● Sep 28 30 Student Lecture Presentation (5 days)
● Oct 7, Oct 12 14
● Oct 19 21: Mid-term exam
● Oct 26 28  Student Paper Presentation (4 days)
● Nov 2, 4
● Nov 9 Mid-term Project Presentation (5 days)
● Nov 11, Nov 16 18
● Nov 23, 
● Nov 25 Final-term project presentation
● Nov 30 Dec 2 Dec 7, 9
● Dec 14, 16 Reserved (final exam) 
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Deadlines
●Declare project team members at KLMS before Sep 15

● Confirm schedules of paper talks and project talks at the next class

●Declare a paper and a lecture topic for student presentations at 
KLMS before Sept 22
● Discuss them at the next class
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Similar cocepts









Guided Planning  Planner Distillation:
Motion Policy Networks, CoRL 22
●Distillation of classical planning into a reactive policy

● Large-scale procedurally generated planning data
● Expert filtering and hindsight goal revision for consistent demonstrations

● A more capable planner is not necessarily a better teacher for 
behavior cloning
● For imitation learning, demonstration consistency can matter more than expert 

coverage.
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Value Iteration Networks, NeurIPS 16
● VIN expresses each value-iteration step as convolution followed 

by max-pooling
● Repeats this computation as a differentiable planning module 
● Enable end-to-end learning and better generalization than purely reactive policies
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Path Planning using Neural A* Search, ICML 21
●Differentiable A* preserves the discrete 

search procedure while enabling end-
to-end learning through back-
propagation
● Forward: performs hard node selection as in 

standard A*
● Backward: passes an approximate gradient by 

treating the hard argmax as identity
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Embedding planning 
structure improves 
data efficiency and 

often generalization, 
but adds training and 
differentiation costs—

and does not 
guarantee OOD 

robustness.
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