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SAMPLE OUTPUTS
A verifiable prediction.

BASELINE RESULTS

We evaluate systems with three metrics:

INTRODUCTION

In light of large, pre-trained language models (LMs) nearing and surpassing human performance on a breadth
of language understanding tasks [1, 2, 3], we propose Tiered Reasoning for Intuitive Physics (TRIP), a more
challenging evaluation targeting physical commonsense in a densely annotated, tiered reasoning setting:
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CONCLUSION

Our results show that supervising large LMs based on high-level classification tasks in order to learn commonsense

language understanding leads to inconsistent and unverifiable reasoning. In order to solve tasks like these coherently,
we should directly train systems to incorporate multiple types of lower-level evidence. Our work provides an
important first step toward this goal and strong intuition for future progress.
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