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A VLM% 0 \EE)J'VEEEEE [ Anarrossi , IEEE Access 2025]
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DRAIL Dual - Region Augmentation for Imitation Learning
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We evaluate leaf-selection and positional-alignment success on the same lettuce
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We visualize attention maps to verify that actions are inferred from defect locations

The policy focuses on The policy attends

the defective leaf Target leaf (largest defect) broadly across the scene
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w/o dual aug.
(Diffusion Policy)

DRAIL (Proposed) w/o task-irrelevant aug. w/o task-relevant aug.
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Task-Relevant and Irrelevant Region-Aware Augmentation
for Generalizable Vision-Based Imitation Learning
in Agricultural Manipulation
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ICCO: Learning an Instruction-conditioned Coordinator for
Language-guided Task-aligned Multi-robot Control

Yoshiki Yanol, Kazuki Shibatal, Maarten Kokshoorn“?and Takamitsu Matubara®

1 Nara Institute of Science and Technology (NAIST)
2 Delft University of Technology
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ColLF: Learning Consistent Leader—Follower Policies for

Vision-Language-Guided Multi-Robot Cooperative Transport
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