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Problem: Task and motion planning Experiments

Task planning: reasoning about the environment and goal task at high level (at the object level), Evaluating Dynamics Model
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of task that blocks end up at desired locations and graph edges follow physics of the task.

We use 7d poses: three (x,y, z) Cartesian coordinates in 3d space and a quaternion (a, b, ¢, d) to specify the rotation.
Graphs encode a sparse high-level abstraction for a task, such as how objects interact with each other, as well as

low-level information about the individual objects (location and rotation). Dynamics model to predict a dynamic
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oraph for a achieving a goal can be used to validate task planning and execute motion planning.
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Entire sequence

Graph-based dynamics model: predicts sequence of graphs conditioned on goal. Yields high-level object B Pose only ;
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representation for planning and lower-level pose prediction for task execution. Release step
End-to-end planning pipeline: Planner suggests sub-goals for dynamics model. Dynamics model validates s (Last graph)
plan and provides pose predictions for simulator to calculate control signals.
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Defining graphs: Nodes for each object in scene (blocks, surface, robot arm), plus a “world” node to make graph O
connected. Directed edges indicate physical support, e.g. edge from table to block indicates takes is supporting block. t=15
Planner: Takes input graph and goal configuration and outputs sequence of sub-goals, 7.e. single stacking actions like [nput Align with green Grasp Lift Move to target Release
stack yellow on green. We use simple A* search to generate plan.

Dynamics model: Outputs sequence of graphs with object poses. We use these graphs to validate the proposed plan Ground truth (top row) and predicted (second row) block poses for first goal action, “stack green on yellow.” Predicted graph structure (third
and to calculate the low-level control signals for robot gripper to execute plan row) agrees with predicted poses; edges exist only when blocks are in contact. The bottom row show the graphs constructed heuristically from

the predicted poses. The red highlighted graphs disagree with the model-predicted graphs, showing the robustness of the predicted graph
structure to small errors in the predicted poses.
Dynamics Model: Graph sequence generation

Idea: From initial graph G with poses X9 and constructed adjacency A© and (sub)goal vector uge,, produce
sequence of poses and graphs for achieving (sub)goal.
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Control Signals From Predicted Poses
Dynamics model provides prediction of poses for sequence. We use the Inverse Kinematics solver in PyBullet [2] on the
predicted poses of robot gripper to compute control signals for the robot arm joints to execute goal of stacking block.
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¢ 'm = AL 'ugoa'l Next Steps
goal - Improvements to dynamics model for more settings
- Refinement of Inverse Kinematics calculations for smoother movement and fewer collisions
t=0 t=1 o0 o0 t=T - Long term predictions by rolling out entire plan
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1 (t) o (1) Pybullet, a python module for physics simulation for games, robotics and machine learning.
Lyose = 7 X = X[ http://pybullet.org, 2016 2019.
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High-level graph structure
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