s DRILL: Training World Models to Improve Policies,
. Not Predict Pixels

Zhaolu Kang'?, Tailong Luo, Lei Wei?, Guangyuan Dong, Sihan Liu?, Yingjie He?, Siheng Wang, Shuaibo Li, Rongchao Zhang, _
Zhen Tian, RiCheng Xuan1T, Zhichao Hu't Abstract & paper zlkang25@stu.pku.edu.cn

'Hunyuan, Tencent  2Peking University = tCorresponding author

TL-DR World models for VLA reinforcement learning are trained to predict pixels, not to improve policies. DRILL trains them by the policy's downstream return: +13.1 success
points over WMPO despite 17% higher pixel MSE.
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Forced choice, 6 raters, 120 trials per row.
 PUR measures the angular gap between the pixel-MSE gradient and the policy-

. L - Raters cannot tell the rollouts apart by look, yet prefer DRILL once task completion is
Improvement direction.

n Which variant, and how robust? shown.

+ Method-agnostic: computed for every world-model objective we compare, not only

DRILL.
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