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Levine, Sergey, et al. "Offline reinforcement learning: Tutorial, review, and perspectives on open problems." arXiv preprint arXiv:2005.01643 (2020).
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Offline Reinforcement Learning
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Levine, Sergey, et al. "Offline reinforcement learning: Tutorial, review, and perspectives on open problems." arXiv preprint arXiv:2005.01643 (2020).
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Background
Preference-based Reinforcement Learning
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Christiano, Paul F., et al. "Deep reinforcement learning from human preferences.” Advances in neural information processing systems 30 (2017).
Kim, Changyeon, et al. "Preference Transformer: Modeling Human Preferences using Transformers for RL." arXiv preprint arXiv:2303.00957 (2023).
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Offline Preference-based Reinforcement Learning
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Shin, Daniel, Daniel S. Brown, and Anca D. Dragan. "Offline preference-based apprenticeship learning.” arXiv preprint arXiv:2107.09251 (2021).
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Offline Preference-guided Policy Optlmlzatlon (OPPO)
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Hindsight Information Matching

Decision transformer

linear decoder

return state action

Chen, Lili, et al. "Decision transformer: Reinforcement learning via sequence modeling." Advances in neural information processing systems 34 (2021): 15084-15097.



Hindsight Information Matching

Generalized Decision transformer
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Furuta, Hiroki, Yutaka Matsuo, and Shixiang Shane Gu. "Generalized Decision Transformer for Offline Hindsight Information Matching." ICLR22.
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Information Matching

H}KinEzwp(z),Tzww(Tz) [E (Z,I(Tz))] Z T[(' | ‘,Z)Tz I(T) z'




Hindsight Information Matching

Information Matching
H}Kin Bmp(2),ramm(72) £ (z, I(74))]

Hindsight Information Matching

H17rin E’TND(T),TZNW(TZ) [E (L(7), I(TZ))]

I1(7)

zn(|-2)

Lz

ternational Conference
Cn Machine Learning

In
40 urs

(1)

/

zmn(|-2)

Lz

I1(7)

/




ternational Conference
Cn Machine Learning

In
40 urs

Hindsight Information Matching

Information Matching

H}KinEzwp(z),Tzww(’rz) [E (Z,I(Tz))] Z T[(' | ',Z)TZ I(T) z'

Hindsight Information Matching

MinEr op(7) rymr(ry) [E (), [(72)) +€(7,72)] 7| I(T) |z|m( |- 2t I(T) |2




ternational Conference
Cn Machine Learning

In
40 urs

Hindsight Information Matching

Information Matching

H}KinEzwp(z),Tzww(’rz) [E (Z,I(Tz))] Z T[(' | ',Z)TZ I(T) z'

Hindsight Information Matching

t) Ig(m) zin(|-2)r, lg(n) |Z

min Ling = Erp(r) ry (e | £ T0(7), To(72))+£ (7, 7) |

7r7[9




ICML

40 Y s |I‘I19rl‘1

nnnnnnnnnnnnnnnn

Offline Preference-guided Policy Optlmlzatlon (OPPO)
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Experiments

Does the learned z-space (encoded by the learned Ig(+)) align with the

given preference?
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Experiments

Can the learned optimal contextual policy (- | -,

T[(' | "

z") outperform the policy
z) that is conditioned on any other context z € {Iy(7)|t € D}?

Environment

>k

Dataset Z Zhigh Ziow

Medium-Expert 108.0 =5.1 9424243 79.1 + 28.8

Hopper Medium 86.3 32 558+£79 51.6+13.8
Medium-Replay  88.9 £2.3 78.6 =26.3 26.6 = 15.2

Medium-Expert 105.0 =24 1065+9.1 934+74

Walker Medium 85.0 £29 649+249 72.64+10.6
Medium-Replay  71.7 +=4.4 55.7 £24.8 6.8 £ 1.7

Medium-Expert 89.6 £t 08 483 +144 42.6+2.6

Halfcheetah Medium 434 +0.2 4254+£39 424432
Medium-Replay 398 £0.2 356+85 3394+9.2

Sum 717.7 581.9 448.9
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Experiments

Can OPPO achieve the competitive performance compared with other offline baselines?
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Environment Dataset Ours DT+r DT+ry, CQL+r IQL+r BC
Medium-Expert  108.0 =5.1 111.0+0.5 956+ 273 111.0 91.5 79.6
Hopper Medium 86.3 + 3.2 76.6 = 3.9 73.3 £3.0 58.0 66.3 63.9
Medium-Replay 88.9 4+ 2.3 878 4.7 7251222 48.6 94.7 27.6
Medium-Expert  105.0 =24 109.2 +£0.3 109.7 + 0.1 98.7 109.6 36.6
Walker Medium 85.0 + 2.9 80.9 4+ 3.1 81.1 £2.1 79.2 78.3 77.3
Medium-Replay 71.7+44  79.6 3.1 80.4 4.4 26.7 73.9 36.9
Medium-Expert 89.6 + 0.8 86.8 £ 1.3 88.4 + 0.7 62.4 86.7 59.9
HalfCheetah Medium 43.4 4+ 0.2 43.4 4+ 0.1 432 +0.2 44 .4 47.4 43.1
Medium-Replay 39.8 +£0.2 39.2 +£0.3 38.8 £0.3 46.2 44.2 4.3
Sum 717.7 714.5 683.0 575.2 692.4 429.2
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