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inexpensive datasets.

Lightweight implementation: LoRA adapters + a second output head.
Offline-to-online transition: agent can continue training on its own interactions.
Drop-in replacement for SFT: easily reduces to SFT, and is compatible with any

Token-level value learning leverages noisy datasets in open-ended action spaces. In MiniWoB++ click tasks, AFSFT
enables VLMs to succeed where SFT fails, improving valid action rates and task success even when training from
noisy data collected by prompting base models to interact with a code-like action space.
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