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1) High-precision manipulation

Which visual details does precise control

require?

* Object recognition can miss precise alighment.
* Small pose offsets can require opposite actions.
* Goal: retain spatial cues for precise control.

Local point discrimination

* Five surface points per object.
* Lower similarity: more distinct local features.
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DROID [3] pretraining with Manifold Distillation

* Imitation learning adapts the Student to robot observations and actions.

* Annealed feature alignment preserves spatial cues from the frozen diffusion Teacher.
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2) Robot-DIFT: Manifold Distillation + S2-FPN

Frozen: VAE, Teacher
Trainable: Student, Projection Head

t ~ Uniform
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Imitation loss + A(t) x feature alignment loss
Diffusion features: DIFT [1]; SD2.1 Teacher [4]; alignment follows CleanDIFT [2].

S2-FPN: coarse semantics + fine spatial detall

Policy Head

S2-FPN

trainable

* Fuse three decoder scales before policy pooling.
* Freeze the Student; train a new readout and policy per task.
* Single-pass Student; no Teacher at deployment.
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Robot-DIFT preserves local correspondence cues In a reusable diffusion backbone for precise robot manipulation.

*RoboCasa: controlled representation comparison.

* LIBERO-10: language-conditioned transfer.

RoboCasa
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* Highest average success among the evaluated methods on both
benchmarks.
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3) RoboCasa and LIBERO-10

Average task success (%)
LIBERO-10
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Robot-DIFT: 3-seed mean * SD; baselines: 1 seed.
50 rollouts/task.
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* Gains are strongest where precise local alignment matters.
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