Metric supervision enables LLMs to
learn structured token geometry.

which is useful for...

@ LG Al Research
Reward Modelling Robotic Manipulation Visual Grounding Text-to-Image

Input: [Instruction] Input: Put Into the [ Input: Detect the full zebra. Input: Draw act

[Sample response]
Output: Helpfulness: 4,

Safety: 1,

Verbosity: 2,...

Output: Move arm to (U.2,0.4) Output: <IMG2&>, <IMG 10>
and Rotate ° [( ,10),(540,465)]

instruction (Non-Target Tokens) Target Tokens o= (om) = (mm

Detect location of the full zebra. The full zebra is at[( 49 , 10 ), ( 540 , 465 )].

Standard autoregressive models do not learn that
nearby tokens can be better than distant ones.

=% Discrete Autoregressive Model

Our goal is to teach LLMs the geometry of
structured tokens, such as coordinates, angles.
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Across various downstream tasks, Adding Discretized distance loss improves performance, with particularly strong gains in low-data regimes
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