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SymSkill performs long-horizon task by recomposing learned
Predicates, and

from just 5 min of play data
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Failure Recovery

Guaranteed to be
complete™ and stable™*

*symbolic planning is a complete planner **skill is stable wrt single attractor
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Operators  Human-Interpretable Summary Preconditions Effects Maintain Conditions
Op7 Pick lid from cabinet GripperOpen, Lid-in-cabinet Gripper-in-lid, —Lid-in-cabinet, ~GripperOpen Lid-in-cabinet, GripperOpen
Opll Pick lid from cookware GripperOpen, Lid-in-cookware Gripper-in-lid, —Lid-in-cookware, —GripperOpen Lid-in-cookware, GripperOpen L f—
Opl Place lid — cabinet Gripper-in-lid Lid-in-cabinet, ~Gripper-in-lid, GripperOpen Gripper-in-lid Ehew
Op8 Place lid — cookware Gripper-in-lid Lid-in-cookware, —Gripper-in-lid, GripperOpen Gripper-in-lid [E— |
Op9 Pick thing from drawer GripperOpen, Thing-in-container, Thing-in-drawer  Gripper-in-thing, —Thing-in-drawer, —GripperOpen Thing-in-container, Thing-in-drawer, GripperOpen
Op5 Pick thing from cookware GripperOpen, Lid-in-cabinet, Thing-in-cookware Gripper-in-thing, —Thing-in-cookware, —GripperOpen  Thing-in-cookware, Lid-in-cabinet, GripperOpen
Opl0 Pick thing from container GripperOpen, Thing-in-container Gripper-in-thing, —Thing-in-container, —~GripperOpen  Thing-in-container, GripperOpen O;
T . ST Fg ) sy o e AT whie = v : e T ) Int >
Op4 Place thing — drawer Gripper-in-thing, Thing-in-cookware Thing-in-drawer, —~Gripper-in-thing, GripperOpen Gripper-in-thing, Thing-in-cookware \ - .
Op3 Place thing — cookware Gripper-in-thing, Lid-in-cabinet Thing-in-cookware, —Gripper-in-thing, GripperOpen Gripper-in-thing, Lid-in-cabinet Question: The sequence of images are arranged by fime, In the process, the
Op6 Place thing — container Gripper-in-thing Thing-in-container, —~Gripper-in-thing, GripperOpen Gripper-in-thing S is'holding SHloien ckicc: Whil oy incitowmcie ar"otherobl.ect_ In the
J] scene, there is a silver_metallic_object on the top right of the image, a black circular
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R. Chitnis, T. Silver, J. B. Tenenbaum, T. Lozano-Perez, and L. P.Kaelbling, “Learning neuro-symbolic relational transition models forbilevel planning,” in wee patterned circular white object is in the middle. Which object is the held object most
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. TABLE II: RoboCasa simulation result on 10 trials per task TABLE I: Comparison of predicate and skill learning methods. Ph ] I C t ‘

0 Proposed Proposed Approach Predicates Skills # of Demos Planning Time ySICa orrection [
Task S Rate % P d e SymSKkill (Ours)  Relative Pose Cluster (Start/End Motion) SE(3) LPV-DS [12] 1-10 <100ms

i A5k SUCCESS [ate 7% ropose w/o0 Monitoring w/ DP NSIL [5] Relative Pose Cluster (Low Relative Velocity) MLP BC 200 <100ms as LLM Inte rface N

: LAMP [4] Relational Critical Regions Motion Planning (MP) 200 > 50 s

] 8&228811?12112][))321 }gg 18000 8 NOD-TAMP [16] NDF Features Optimization + MP 1-10 > 50 s Human Robot i
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OpenDrawer 100 100 0 ). (TR N

0 CloseDrawer 70 50 40 1
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