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Training Procedure: Env Instruction Full Info MIVOA (Instr.) MIVOA (Full Info) ¢g €1 €2 €3 c1 c5
Human in the IOOp RL ] Multi-room 0.075 0.73 0.067 0.63 0.066 0.46 0.65 0.73 0.77 0.82
Obj Relocation  0.64 0.96 0.65 - 0.65 0.80 0.84 0.85 0.88 0.90
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» Tests underspecified instruction (partially observed env)
» Instructions are move specific object to specific goal.
» Corrections guide agent to room locations of object and goal

» Robotic Object Relocation
» Tests ambiguous instruction (human has imprecise goal)
» Instructions are "Move red block close to magenta block”
» Corrections guide the object to correct location

Ambiguous Instruction (L): Move blue cylinder in between
red circle and green triangle

Ablations Ch Ci1 € €3 Cg Cs
Base 0.066 0.46 0.65 0.73 0.77 0.82
No instruction 0.059 0.45 0.62 0.72 0.78 0.79
No trajectory 0.077 0.44 0.62 0.70 0.76 0.77
Only immediate correction 0.067 0.49 0.44 0.58 0.59 0.63

Table: Ablation Experiments analyzing the importance of various components of the model.

Problem Setup
» A human guides the agent with language corrections
» Agent incorporates correction to move closer to the solution
» Ground language using multi-task,meta-learning framework
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