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Goal-conditioned RL (GCRL)

• Goal-conditioned policy
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Goal-conditioned RL (GCRL)

• Goal-conditioned policy

• Special case,
Learning to reach any state 

from any other state
via shortest paths
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Offline GCRL

• Learning a policy                    from pre-collected data  (            )

𝜏 = (𝑠!, 𝑎!, 𝑠", … , 𝑠#)
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Current method for offline GCRL

[1] Park et al., “HIQL: Offline Goal-Conditioned RL with Latent States as Actions”, NeurIPS 2023

Hierarchical policy (HIQL[1])
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Current method for offline GCRL

and
High-level policy

current state 𝑠! subgoal 𝑠!"#goal 𝑔

[1] Park et al., “HIQL: Offline Goal-Conditioned RL with Latent States as Actions”, NeurIPS 2023

Hierarchical policy (HIQL[1])
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Current method for offline GCRL

action 𝑎

and
High-level policy

Low-level policy

current state 𝑠! subgoal 𝑠!"#goal 𝑔

and

subgoal 𝑠!"#current state 𝑠!

Hierarchical policy (HIQL[1])

[1] Park et al., “HIQL: Offline Goal-Conditioned RL with Latent States as Actions”, NeurIPS 2023 7 / 31



Current method struggles with long-horizon tasks

8 / 31



Current method struggles with long-horizon tasks

medium large giant

HumanoidMaze
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Current method struggles with long-horizon tasks

HIQL fails
long-horizon settings
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Current method struggles with long-horizon tasks

HumanoidMaze
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medium large giant

Which is the bottleneck?

Low-Level vs. High-Level Policy

Low-level High-level
Fixed Fixed

HIQL fails
long-horizon settings
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Current method struggles with long-horizon tasks

HumanoidMaze
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medium large giant

Low-level High-level
Fixed Fixed
Fixed Oracle  

Replace High-level policy
:always provides optimal subgoals

HIQL fails
long-horizon settings
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High-level policy is the main cause of failure

High-level policy
lacks long-term planning

HumanoidMaze
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Value estimation in the long-horizon setting
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Value estimation in the long-horizon setting

We collected optimal trajectories
from      to     
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Value estimation in the long-horizon setting

Optimal trajectory

for all 
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Noisy learned value in long-horizon setting

Value estimation tends to be noisy
in long-horizon settings!
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Noisy learned value in long-horizon setting

Order consistency ratio 𝑟$
: Value quality estimate for high-level policy
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To sum up, long-horizon challenges 

High-level policy struggles with long-term planning ability

Value estimation becomes unreliable over long horizons
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To sum up, long-horizon challenges 

High-level policy struggles with long-term planning ability

Value estimation becomes unreliable over long horizons

Improving high-level value learning via temporal abstraction
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Option-aware temporally abstracted (OTA) value
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Option-aware temporally abstracted (OTA) value

Training temporally abstracted value for the high-level policy
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Option-aware temporally abstracted (OTA) value

Training temporally abstracted value for the high-level policy
High-level advantage !! along "⋆
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dataset

Option-aware Temporal Abstraction (OTA)

Original TD learning

⋯ Horizon contraction
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Option-aware temporally abstracted (OTA) value

Training temporally abstracted value for the high-level policy
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temporally-extended

course of action
that enable

temporal abstraction

Option
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Option-aware temporally abstracted (OTA) value

Training temporally abstracted value for the high-level policy
High-level advantage !! along "⋆
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Exp1. Evaluation on long-horizon tasks
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Exp1. Evaluation on long-horizon tasks

• OTA achieves superior performance on long-horizon tasks

Longer-horizon task

horizon length: 1000 steps

27 / 31



Exp1. Evaluation on long-horizon tasks

• OTA achieves superior performance on long-horizon tasks

Longer-horizon task

horizon length: 4000 steps 
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Exp2. Value estimation
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Exp2. Value estimation

𝑉%#&' clearly exhibits a more monotonic increase than 𝑉'

𝑟$ 𝑉% 0.67 0.57 0.46

𝒓𝒄 𝑽𝑶𝑻𝑨𝒉 1.00 (+0.33) 0.89 (+0.32) 0.89 (+0.43)
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Conclusion

• Existing GCRL methods struggle with long-horizon tasks

• Caused by inaccurate value estimates over long-horizon

• OTA improves value learning using temporal abstraction
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Thank you!

Project pagePaper
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