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Learning to Theorize the World from Observation

Doojin Baek™ Gyubin Lee* Junyeob Baek Hosung Lee Sungjin Ahn

ICML / 2026(version2)
https://arxiv.org/abs/2605.03413
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Anti-Latent prediction world model
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Generalization
N Method In-distribution Comp. OOD Length OOD
Self-Ex. Transf. | Self-Ex. Transf. | Self-Ex. Transf.

Disc-Mono 0.890 0.668 0.005 0.004 0.012 0.009
0.33 Cont-Mono 0.834 0.001 0.165 0.000 0.321 0.000
' Cont-Mono-Opt 0.866 0.001 0.218 0.000 0.394 0.000
NEO (Ours) 0.847 0.792 0.357 0.345 0.045 0.038
NEO-S (Ours) 0.857 0.809 0.831 0.759 0.620 0.524
Disc-Mono 0.737 0.572 0.005 0.002 0.006 0.004
0.66 Cont-Mono 0.500 0.002 0.086 0.000 0.158 0.001
' Cont-Mono-Opt 0.565 0.002 0.122 0.000 0.216 0.001
NEO (Ours) 0.794 0.731 (0.609 0.573 0.023 0.019
NEO-S (Ours) 0.977 0.939 0.994 0.959 0.766 0.696
Disc-Mono 0.662 0.475 0.006 0.004
1 00 Cont-Mono 0.810 0.000 0.649 0.000
Cont-Mono-Opt 0.846 0.000 0.743 0.000
NEO (Ours) 0.724 0.675 0.025 0.023
NEO-S (Ours) 0.990 0.954 0.799 0.707
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Posterior Behavioral Cloning:
pretraining BC Policies for Efficient RL Finetuning

Andrew Wagenmakerx Perry Dong Raymond Tsao Chelsea Finn Sergey Levine

ICML / 2026
https://arxiv.org/pdf/2512.16911
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Q-learning with adjoint matching

Qiyang Li Sergey Levine

ICLR / 2026
https://arxiv.org/pdf/2601.14234
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Scaling Goal-conditioned RL
with Multistep Quasimetric Distances

Bill Chunyuan Zheng Vivek Myers Benjamin Eysenbach Sergey Levine

ICLR / 2026
https://openreview.net/pdf?id=UEIh7vzgKX
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Long horizon problem in Goal-conditioned RL
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Temporal Difference Flows

JesseFarebrother, MatteoPirotta, AndreaTirinzoni, REmiMunos, AlessandroLazaric,
Ahmed Touati

ICML / 2026
https://arxiv.org/pdf/2503.09817
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Long horizon problem in TD structure
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GHM with flow matching (extra model)
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GHM with flow matching (extra model)
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Question & Disscusion
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