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1. Introduction
Goal-Conditioned Reinforcement Learning
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1. Introduction
Goal-Conditioned Reinforcement Learning
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Goal-Conditioned Reinforcement Learning
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1. Introduction

Offline Goal-Conditioned Reinforcement Learning
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2. Related Works

%+ HIQL : Offline Goal-Conditioned RL with Latent States as Actions(NeurlPS 2023)
 Hierarchical RL2 offline GCRLO| = ¢
« High-level policy — subgoal X A|, Low-level policy — subgoald| =&35}7| 2|3t action =&

HIQL: Offline Goal-Conditioned RL
with Latent States as Actions

Scohong Park!  Dibya Ghosh'!  Benjamin Eysenbach? Sergey Levine' V(A q)
1University of California, Berkeley 2Princeton University 5 g9
sechong@berkeley.edu R
A N
. 9
Abstract
o o

Unsupervised pre-training has recently become the bedrock for computer vision
and natural language processing. In learning (RL), goal

RL can potentially provide an analogous self-supervised approach for making use
of large quantities of unlabeled (reward-free) data. However, building effective
algorithms for goal-conditioned RL that can learn directly from diverse offline data
is challenging, because it is hard to accurately estimate the exact value function for
faraway goals. Nonetheless, goal-reaching problems exhibit structure, such that
reaching distant goals entails first passing through closer subgoals. This structure
can be very useful, as assessing the quality of actions for nearby goals is typically
casier than for more distant goals. Based on this idea, we propose a hierarchical
algorithm for goal-conditioned RL from offlinc data. Using one action-free value
function, we learn two policies that allow us to exploit this structure: a high-level

policy that treats states as actions and predicts (a latent representation of) a subgoal St — ot St+1 St ot 9t+1 k
and a low-level policy that predicts the action for reaching this subgoal. Through L ay
analysis and didactic examples, we show how this hierarchical decomposition O(sp41)—
makes our method robust to noise in the estimated value function. We then apply | — . 2 . .
our method to offline goal-reaching benchmarks, showing that our method can Flat policy Hierarchical policy
solve long-horizon tasks that stymie prior methods, can scale to high-dimensiona i o : b
image observations, and can readily make use of action-free data. Our code is T ((Illhl- ~t+k) " —_— o il e e .
3 i 7: max V(sjy1,9 Vst g 7 : max V(si4k,9 Vst g
available at https ng.me/projects/higl
m : max V(s serk) — Vs

1 Introduction

Many of the most successful machine learning systems for computer vision [ 15, 36] and natural s : 2nd 0 :
i ket e L e e pbore S prcgr (a) Three components of HIQL. (b) Hierarchical policies get clearer learning signals.
reinforcement leaming (RL) setting, offline goal-conditioned RL provides an analogous way to

potentially leverage large amounts of multi-task data without reward labels or video data without

action labels: offline learning 54, 55] enables leveraging previously wnnw and passively observed

data, and goal-conditioned RL [44, 79] enables leaming from unlabeled, reward-free data. However,

offline goal-conditioned RL poses major challenges. First, le: urate goal-conditioned

value function for any state and goal pair is ing when considering very broad and long-

goal-reaching tasks. This often results in a noisy value function and thus potentially an erroncous.

policy. Second, while the offline setting unlocks the potential for using previously collected data, it

<14>



2. Related Works

HIQL : Offline Goal-Conditioned RL with Latent States as Actions

<% Offline GCRLOI 7kx| .
. JIe BELE Nt StX|2t, H FEUSZE value function0 0| =7} HH
. Ofﬂmeoﬂﬁ = d2EH8F S 0| 2756 o

K
ﬁze

0| =7} ==&
K £0|= FEOo| Hof H|@H
R 1S S
ye Az s
AVA VA VAT 0|27t A E|0f HH SEOA
o A wol B2 &

‘ Hierarchical policy F&

<15>
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HIQL : Offline Goal-Conditioned RL with Latent States as Actions
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HIQL : Offline Goal-Conditioned RL with Latent States as Actions
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HIQL : Offline Goal-Conditioned RL with Latent States as Actions
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HIQL : Offline Goal-Conditioned RL with Latent States as Actions
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HIQL : Offline Goal-Conditioned RL with Latent States as Actions
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HIQL : Offline Goal-Conditioned RL with Latent States as Actions
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HIQL : Offline Goal-Conditioned RL with Latent States as Actions
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HIQL : Offline Goal-Conditioned RL with Latent States as Actions

<« 29 Z1}: HIQLe| 852 SEEIUENN
. State-based 37H, Pixel-based 37/ 2 = 67} HIX|OF3 0| AS XIH
- HIQL2 7|Z& B2 E8 5750, long-horizon IHH|KM F ot M52 20{F

Dataset GCBC HGCBC GC-IQL GC-POR TAP TT HIQL (ours) HIQL (w/o repr.)
antmaze-medium-diverse  67.3 +10a Tl6 480 630+ T4B tne 850 100.0 B6.8 +a6 89.9 tas
antmaze-medium-play Tl +162 663402 TOH 4112 TLA fwe THO 93.3 84.1 108 B7.0 +5.4
antmaze-large-diverse 20.2 taa 639 t100 DT s1ss A0 417z B0 6.0 B8.2 t5a B7.3 +a7
antmaze-large-play 23.1 t1se 64T +1a5  DOD 4114 632t 740 66.7 86.1 +7.5 B31.2 te.6
antmaze-ultra-diverse 14.4 4a7 394 4206 21.6 1152 29.8 t136  26.0 3.3 52.9 174 52.6 +8.7
antmaze-ultra-play 20.7 tar 38.2 4181 298 4124 3L0 4194 220 20.0 39.2 4148 56.0 4124
kitchen-partial 8.0 +1s 320 ver 39.2 t1as 184 t1as - - 65.0 o2 46.3 +s.6
kitchen-mixed A6.T 4200 A6.8 +176 513 4128 27.9 4170 - - 67.T tas 36.8 t201
calvin 17.3 +1a. 3.1 +ss T8 +176 124 t1s56 - - 43.8 taas 23.4 t27a
Dataset GCBC HGCBC +rpry GC-1QL  GC-POR (+repey | HIQL (ours)
procgen-maze-3(0-train 16.8 tz25 14.3 +a1  T2.5 twa TH.8 +121 82.5 &0
procgen-maze-5(00-test 14.5 +s5.0 11.2 437 49.5 tos D3.8 t1as 64.5 t132
procgen-maze-1000-train ~ 27.2 4s9 15.0 457 TB2 472 82.0 +6.5 B87.0 +1390
procgen-maze- 1000-test 12.0) 4548 14.5 450 GOL0 10 69.8 +7.4 TB.2 t170
visual-antmaze-diverse 714 460 35.1 +120  T2.6 450 474 +17.8 80.5 +9.4
visual-antmaze-play 64.4 +6.1 23.8 x5 T4 t266 7.0 +8a TBA tas
visual-antmaze-navigate  33.2 t7a 21.4 +as 221 142 16.1 +15.2 45.7 +1sa
roboverse 26.2 445 26.4 464 3L.2 47 A6.6 +7.4 6G1.5 +5.3
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HIQL : Offline Goal-Conditioned RL with Latent States as Actions
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Dataset GC-IQL (full) GC-POR (full) HIQL (full) HIQL {(action-limited) vs. HIQL (full) vs. Prev. best (full)
antmaze-large-diverse DT a8 49.0 1172 88.2 153 88.9 16.4 HLT ! 'i"« 2
antmaze-ultra-diverse 21.6 1152 29.8 1118 529 1174 382 1154 14.7 5.4
kitchen-mixed 51.3 1128 27.0 j170 67.7T 1ss 50.1 19. R.G B
calvin 7.8 1178 12.4 11588 43.8 1305 30.8 1s0.7 8.0 1 i
procgen-maze-S00-train T2.5 1100 THhu8 1120 82.5 160 T7.0 1125 5.0 H1.2
procgen-maze-S()-test 49.5 198 3.8 1145 64.5 1132 65.D 116.4 H1.0 -11.7%




2. Related Works

<+ OGBENCH: BENCHMARKING OFFLINE GOAL-CONDITIONED RL(ICLR 2025)
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OGBENCH: BENCHMARKING OFFLINE GOAL-CONDITIONED RL
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OGBENCH: BENCHMARKING OFFLINE GOAL-CONDITIONED RL
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OGBENCH: BENCHMARKING OFFLINE GOAL-CONDITIONED RL

< MZ2 #X|oi370 223 0|/7t FALNN?
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OGBENCH: BENCHMARKING OFFLINE GOAL-CONDITIONED RL

*» OGBench task : Locomotion task

PointMaze AntMaze HumanoidMaze AntSoccer
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OGBENCH: BENCHMARKING OFFLINE GOAL-CONDITIONED RL

*» OGBench task : Locomotion task
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OGBENCH: BENCHMARKING OFFLINE GOAL-CONDITIONED RL

% OGBench task : Manipulation task

Scene

unlock drawer open drawer put cube in drawer

Cube Puzzle

single double
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2. Related Works
OGBENCH: BENCHMARKING OFFLINE GOAL-CONDITIONED RL

Al
=

<% OGBenchO|AM 2] Offline GCRL s 4
- HIQLO| 7}E =2 852 7I%
- Long-horizon0|A = 2o

| MZ22 HX|OI30)|M 850] ZOHH

Environment Dataset Type Dataset GCBC GCIVL GCIQL QRL CRL HIQL
antmaze-medium-navigate-v0 29 +4 72 +8 71 +4 88+3 95 +1 96 +1
navigate antmaze-large-navigate-vO 24 42 16 =5 34 +a Tx6  83+a 91 42
antmaze-giant-navigate-vO 0 +o 0 +o 0 +o 14 43 16 43
antmaze-teleport-navigate-vO0 26 +3 39 43 35 +5 3545 B3 +2 42 43
antmaze-medium-stitch-vO0 45 111 44 46 29 +6 29 +7 D346 94 41
antmaze itch antmaze-large-stitch-vO0 3 +3 18 +2 T +2 18 +2 11 +2 | 67 45
stite antmaze-giant-stitch-v0 0 +o 0 <o 0 +o 0 +o 0 <o 2 +2
antmaze-teleport-stitch-v0 31 +6 39 i3 17 +2 2445 31 +a 36 +2
antmaze-medium-explore-v0 2 +1 19 +3 13 +2 1+ 3 +2 37 +10
explore antmaze-large-explore-vO0 0 +o 10 +3 0 +o 0 +o 0 +o
antmaze-teleport-explore-v0 2 41 32 42 T +3 2 42 2042 34 +15
humanoidmaze-medium-navigate-v0 8 +2 24 12 27 +2 21 +8 60 +4 89 42
navigate humanoidmaze-large-navigate-v0 1 +o0 2+ 2+ D +1 24 44 | 49 +4
. humanoidmaze-giant-navigate-vO0 0 +o 0 +o 0 +o I +o 3 +2 12 44
humanoidmaze
humanoidmaze-medium-stitch-v0 29 45 12 +2 12 +3 18 +2 36 +2 88 42
stitch humanoidmaze-large-stitch-vO0 6 +3 1+ 0 +o 3 +1 4+ 28 +3
humanoidmaze-giant-stitch-v0 0 +o 0 +o 0 +o 0 +o 0 <o 3 +2
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% Option-aware Temporally Abstracted Value for Offline Goal-Conditioned Reinforcement Learning(NeurlPS 2025)
* Long-horizon0| Al HIQLL| ‘85 SIEe| A QIS high-level policy2t= A= =t¢
« OTAT option 7|2 AZHY F42t2 EH|S SHZE5HK long-horizon &&0[AMe| d& 4t

Option-aware Temporally Abstracted Value for
Offline Goal-Conditioned Reinforcement Learning

Hongjoon Ahn'* Heewoong Choi'* Jisu Han’>* Taesup Moon'>*1
! Department of Electrical and Computer Engineering (ECE), Seoul National University
2 Interdisciplinary Program in Artificial Intelligence (IPAI), Seoul National University
3 ASRI/ INMC, Seoul National University
{hong0805, chw0501, jshcdi, tsmoon}@snu.ac.kr

Option-aware Temporal Abstraction (OTA)

Abstract (5%, g) + yVra(s® g) — Viral(s. 9) \
Q

Offline goal-conditioned reinforcement learning (GCRL) offers a practical learning
paradigm in which goal-reaching policies are trained from abundant state—action Sa mp le

High-level advantage estimate A" along T*

H (50,9 €77

trajectory datasets without additional environment interaction. However, offline 1 Sso

GCRL still struggles with long-horizon tasks, even with recent advances that 1 Se

employ hierarchical policy structures, such as HIQL [33]. Identifying the root cause e _@ Y

of this challenge, we observe the following insight. Firstly, performance bottlenecks S_D | Horizon contraction | g ""-...‘.

mainly stem from the high-level policy’s inability to generate appropriate subgoals. dataset 1 S
Secondly, when learning the high-level policy in the long-horizon regime. the I S

sign of the advantage e
improving the value function to produce a clear advantage estimate for learning TRl h
the high-level policy is essential. In this paper, we propose a simple yet effective ?‘(S, ,g) + }’V (S ] g) - V (S: g) i
solution: Option-aware Temporally Abstracted value learning, dubbed OTA, which
incorporates temporal abstraction into the temporal-difference learning process. By

modifying the value update to be option-aware, our approach contracts the effective [ O State . Primitive Action @ Optl'on

mate frequently becomes incorrect. Thus, we argue that

Original TD learning i 3
|

: I 3 ; . : neg pos
horizon length, enabling better advantage estimates even in long-horizon regimes.

We experimentally show that the high-level policy learned using the OTA value
function achieves strong performance on complex tasks from OGBench [32], a
recently proposed offline GCRL benchmark, including maze navigation and visual
robotic manipulation environments. Our code is available at https:/github.com/ota-
v/ota-v

1 Introduction

Offline goal-conditioned reinforcement learning (GCRL) has emerged as a practical framework for
real-world applications by leveraging pre-collected datasets to train goal-reaching policies without
requiring additional environment interaction [23, 32]. However, learning an accurate goal-conditioned
value function in long-horizon settings remains a major challenge, as naively training the value
function often leads to noisy estimates and erroneous policies [35, 20, 33]. To mitigate the learning
of an erroneous policy, Hierarchical Implicit Q-Learning (HIQL) [33], one of the state-of-the-art

<35>
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Option-aware Temporally Abstracted Value for Offline Goal-Conditioned Reinforcement Learning
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Option-aware Temporally Abstracted Value for Offline Goal-Conditioned Reinforcement Learning
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Option-aware Temporally Abstracted Value for Offline Goal-Conditioned Reinforcement Learning
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Option-aware Temporally Abstracted Value for Offline Goal-Conditioned Reinforcement Learning
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Option-aware Temporally Abstracted Value for Offline Goal-Conditioned Reinforcement Learning
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