Market impact emerges in generative LOB models
trained only on next-token prediction
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The benchmark tests a message-level generator in three phases on five claims
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Extends benchmarks such as LOB-Bench [5] from single orders to metaorders. Each build-up also runs blind, unseen by the model; the visible-over-blind ratio is its own reaction.

Every model learns impact of its own, not yet the market’s
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