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Abstract

Markov Decision Processes (MDPs) often exhibit significant redundancy due to sym-1
metries and shared structure across state-goal pairs in real-world Goal-Conditioned2
Reinforcement Learning (GCRL). While hierarchical policies have been motivated for3
horizon reduction via temporal abstraction in offline GCRL, we demonstrate that hier-4
archy also enables absolute abstraction. By introducing relativised options as well as5
distinct representations for different levels of the hierarchy, we demonstrate how an agent6
can reuse experience across similar contexts of the state-space. Based on this framework,7
we introduce two simple algorithms for learning relativised options and abstracting8
from the absolute frame of reference. Our experiments show that such inductive biases9
significantly improve performance in offline GCRL.10

Figure 1: Abstractive RL (ARL). By learning relativised options, ARL enables the reuse of
experience across similar contexts of the state-space.

1 Introduction11

Offline1 Goal-Conditioned Reinforcement Learning (GCRL) (Kaelbling, 1993; Schaul et al., 2015;12
Levine et al., 2020; Levine, 2021; Park et al., 2025b) provides a principled framework for training a13
general-purpose agent to solve complex long-horizon tasks from static datasets. However, in practice,14
existing methods have struggled to learn effective policies from offline data, partly due to imperfect15
dataset coverage of the state-action space (Levine et al., 2020; Prudencio et al., 2024). Furthermore,16
since common offline RL algorithms (Kostrikov et al., 2021; Peng et al., 2019; Tarasov et al., 2023)17
regularise actions towards those close to the dataset distribution to mitigate issues such as distribution18
shift (Levine et al., 2020; Prudencio et al., 2024), an agent may fail to recover an optimal policy19
if a dataset only contains low-quality actions in certain regions of the state space. This is a key20

1Like Levine (2021) and Riedmiller et al. (2021), we believe that scaling RL to the real world will rely on learning from
large offline datasets, with online interaction reserved for targeted and efficient data collection. This work addresses the first of
the two objectives under this “Infer” and “Collect” paradigm.
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challenge in offline RL (Dulac-Arnold et al., 2019) and leads to difficulties in value estimation, policy21
extraction, and policy generalisation (Park et al., 2024a).22

Recent work suggests that horizon reduction is essential for scaling offline RL (Park et al., 2025c),23
motivating the use of hierarchical policies, or options (Sutton et al., 1999), for temporal abstraction24
(Vezhnevets et al., 2017). We extend this perspective by arguing that hierarchy offers an additional25
advantage: absolute abstraction. By using absolute abstraction, which we define as using relativised26
options and distinct representations at different levels of the hierarchy, an agent abstracts away from27
the absolute frame of reference and can reuse experience across similar contexts of the state-space.28

To illustrate this point, consider an agent undertaking a locomotion task. While the dataset may29
only contain a limited number of suboptimal demonstrations of the full task, many of the constituent30
relativised options (subtasks such as simply moving forward or navigating a corner) might be well31
represented across demonstrations with different goals. By defining options relative to the agent’s32
local context (e.g. navigate to the corner directly ahead rather than navigate to corner A) and33
decoupling low-level actions (i.e motor-actuation) from redundant high-level information, the agent34
can leverage many more subtask examples to learn a policy.35

In principle, relativised options (Ravindran & Barto) exploit redundancy and symmetry in MDPs to36
allow behaviours to generalise across states. However, in practice, implementations remain limited37
to toy examples due to the inherent difficulty of identifying MDP homomorphisms or learning such38
relative representations. In this work, we introduce Abstractive Reinforcement Learning (ARL),39
a general framework that learns relativised options via action similarity. Based on this, it defines40
high-level similarity and low-level similarity respectively as state-goal pairs inducing similar options41
and state-option pairs inducing similar immediate actions.42

Contributions. Concisely, this work addresses the following question:43

Can hierarchy enable more robust policy generalisation to regions where the dataset suffers from44
low-quality transitions?45

Our contributions are two-fold. We first motivate hierarchy in offline RL through abstraction from46
the absolute frame of reference. We show how relativised options and distinct representations at47
different levels of the hierarchy can enable data reuse, bounding the maximum error in expected48
return compared to a flat policy. Secondly, we propose two simple algorithms that comply with the49
ARL framework: the first can be applied generally, simply using action similarity to implicitly learn50
relativised options; the second introduces a representational inductive bias for the low-level MDP by51
explicitly enforcing translational invariance, improving generalisation in certain high-dimensional52
manipulation tasks. Our experiments demonstrate that such relativised options and inductive biases53
outperform both flat policies and hierarchical ones that are anchored in the absolute state-space in54
high-dimensional tasks — without introducing additional hyperparameters.55

Explicitly, for an RL practitioner, our work demonstrates that: (i) options should be learned via56
action similarity rather than value similarity; (ii) we necessitate two value functions to decouple the57
high-level from the low-level decision process; and (iii) that imposing translation invariance on the58
low-level MDP can improve policy generalisation in high-dimensional manipulation tasks. For an RL59
researcher, our work opens up new avenues, such as methods to learn relativised options via action60
chunking (Black et al., 2025; Park et al., 2025a), or incorporating more flexible inductive biases using61
ideas from Geometric Deep Learning (GDL) (Bronstein et al., 2021; Tangri et al., 2025).62

2 Preliminaries63

In Offline (Levine et al., 2020; Lange et al., 2012) Goal-Conditioned Reinforcement Learning (GCRL)64
(Kaelbling, 1993) an agent seeks to learn a universal policy π : S × G → ∆(A) from a fixed dataset65
D of state-action trajectories, enabling it to reach arbitrary goal states in the smallest number of66
timesteps (Schaul et al., 2015; Park et al., 2025b). We focus on the problem of sparse and binary67
rewards, where the agent receives a reward of −1 on all timesteps, and 0 upon reaching the goal, at68
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which point the episode terminates (Andrychowicz et al., 2018). We refer to Appendix 6 for a full69
definition of our problem setting.70

Offline Reinforcement Learning. Offline RL is commonly formulated as a two-step procedure:71
first, value learning, and subsequently policy extraction from this value function. A major challenge72
in offline RL is extracting an optimal policy from suboptimal data. This difficulty is exacerbated by73
distribution shift (Levine et al., 2020; Dulac-Arnold et al., 2019), where the learned policy induces74
state-action pairs that are poorly supported by the dataset, leading to unreliable value estimates.75

To address this issue, model-free algorithms typically incorporate some form of conservatism during76
value learning, regularise policy extraction towards the dataset distribution via behaviour-cloning,77
or combine both strategies. The value function might be learned with a distribution-constrained78
objective (Kumar et al., 2020; Kostrikov et al., 2021), to minimise uncertainty (An et al., 2021)79
or encourage structured representations (Eysenbach et al., 2023). Similarly for policy extraction,80
the agent is regularised by using an additional behaviour-cloning loss term (Fujimoto & Gu, 2021),81
weighted behaviour-cloning (Peng et al., 2019), or rejection-sampling (Ghasemipour et al., 2020) of82
a behaviour-cloned policy. In all cases,83

Due to their underlying bias towards the dataset distribution, flat offline RL algorithms struggle in84
regions where the dataset suffers from low-quality transitions.85

Options. Options (Sutton et al., 1999) provide a framework for decision making at different levels86
of temporal abstraction. In the original options framework, each option ω ∼ Ω represents temporally87
extended behaviour, executed until termination according to a learned or predefined termination88
condition (Bacon et al., 2016). In contrast, hierarchical approaches in Offline GCRL typically89
resample options at every timestep (Park et al., 2024b; 2025c; Baek et al., 2025), effectively removing90
temporal commitment and avoiding the need to specify a termination function:91

π(a | s, g) = πl(a | s, ω) ω ∼ πh(· | s, g),

where πh is the high-level policy that samples an option conditioned on the current state and goal,92
and πl is a low-level policy that samples an action conditioned on the same state and that sampled93
option. Such approaches still differ from a flat policy, since the low-level policy is conditioned on94
the option rather than the goal. Since local gradient information can be uninformative or misleading95
when optimising for distant goals, a key benefit of this hierarchical inductive bias is that it reduces96
the effective horizon for both the high-level and low-level MDP (Park et al., 2024b; 2025c).97

Related Work. Extensive literature motivates hierarchy for temporal abstraction and policy horizon98
reduction (Sutton et al., 1999; Sutton et al.; Ravindran & Barto, 2003), but apart from Nachum et al.99
(2018), Nachum et al. (2019) and Levy et al. (2019), very little work explicitly motivates hierarchy100
via representation learning and data reuse. Ravindran & Barto introduce the concept of relativised101
options, but non-hardcoded implementations of relativised options have remained scarce.102

Offline GCRL naturally lends itself to hierarchical formulations, where high-level policies have103
generally specified absolute options in the original state-space (e.g. Park et al. (2025c); Baek et al.104
(2025)). Our approach is most related to HIQL (Park et al., 2024b), which learns latent options,105
but differs in two fundamental ways, by: (i) using two distinct value functions, enabling different106
representations at different levels of the hierarchy (Section 3.3) and (ii) basing option embeddings on107
action similarity rather than value similarity (Section 3.2). We refer the reader to Appendix 7 for a108
more detailed overview of related work.109

3 Abstractive Reinforcement Learning (ARL)110

In this section, we introduce Abstractive Reinforcement Learning (ARL), a framework for learning111
abstractions in offline hierarchical GCRL to improve robustness in regions where the dataset suffers112
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from low-quality transitions. Based on this framework, we introduce two simple algorithms: the first113
learns relativised options via action similarity, while the second additionally imposes translational114
invariance on the low-level MDP. Together, these algorithms demonstrate how (i) relativised options115
and (ii) representational inductive biases can improve generalisation in offline GCRL.116

3.1 Objective117

In principle, our aim is to learn abstractions that enable reuse of experience across similar contexts.118
By learning options that group together state-waypoint pairs, which, under an optimal policy, induce119
similar action sequences, options ω ∈ Ω are relative rather than anchored to an absolute frame of120
reference. This naturally induces two hierarchical notions of similarity: a high-level similarity, where121
similar state-goal pairs induce similar options, and a low-level similarity, where similar state-option122
pairs induce similar immediate actions. Consequently, we can define high-level embeddings ϕh(s, g)123
and low-level embeddings ϕl(s, ω) that abstract away information irrelevant to their respective levels:124

π(a | s, g) = πl(a | ϕl(s, ω)) ω ∼ πh(· | ϕh(s, g)). (1)

To allow the high-level and low-level decision processes to operate on different representations and at125
different temporal abstractions (i.e. different discount factors), such an approach necessitates two126
distinct value functions. In the following Motivation Box, we provide an intuition on how such127
abstractions can mitigate failures in regions where the dataset suffers from low-quality transitions by128
analysing the maximum error in offline RL for a finite-state, finite-action MDP.129

Motivation Box: Bounding the Maximum Error

We consider learning an optimal policy in a finite-state, finite-action MDP from a fixed dataset D
of size N . We refer to Appendix 9 for a complete derivation and full definitions. We build on the
work of Robert et al.; Li et al.; Kakade (2003); Munos et al.; Lattimore & Hutter (2012) to show
that, by using a hierarchical policy with absolute abstraction, the Probably Approximately Correct
(PAC) Learning error ϵ in expected return is given by:

ϵhierarchy, rep ∝

√
|Ch||Ω| · κrep

h

(1− γn)3N
+

√
|Cl|A|n3 · κrep

l

N
,

with constant probability of 1− δ. Here, the proportionality constant depends on δ. κrep
l and κrep

h

are the concentrability coefficients that account for the distribution shift in data collected by the
offline behaviour cloning policies πBC

l and πBC
h , and the data that would have been collected

under optimal policies π⋆
l and π⋆

h. Intuitively, if the dataset does not include the state-action pairs
required to learn the optimal policy, concentrability coefficients, and hence error, will be large.

This reparameterisation reduces the error bound in four ways:
1. Horizon reduction: the high-level policy faces an effective discount factor of γn (with n ≥ 1)

rather than γ, reducing the denominator’s sensitivity: 1
(1−γn)3 ≤ 1

(1−γ)3
a.

2. Cardinality Reduction: by mapping (s, g) and (s, ω) pairs into equivalence classes ch ∈ Ch
and cl ∈ Cl, the effective state-space is reduced: |Ch| ≤ |S||G| and |Cl| ≤ |S||Ω|.

3. Option Efficiency: relativised options ensure that the option space is small and invariant
to absolute position: |Ωrel| ≤ |Ωabs|, where Ωabs represents an option space anchored in an
absolute frame of reference, and Ωrel represents one in a relative frame of reference.

4. Concentrability Improvement: because the concentrability coefficients are now defined using
reparameterised policies over reparameterised latent spaces, the probability mass of the dataset
is aggregated across similar contexts. Performing a ratio over sums means that κrep

h ≤ κh

and κrep
l ≤ κl, where κh and κl are concentrability coefficients without using aggregating

embeddings.
Consequently, for a fixed N and unlike a flat policy, such a reparameterisation could enable
learning more optimal behaviour in regions that suffer from low-quality data.

130
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aNote that while hierarchy introduces an additive error term for the low-level policy, this is typically dominated by the
exponential reduction in the high-level error’s horizon-dependent constant, especially in tasks where γ → 1 (Park et al.,
2025c).

131

3.2 Abstractive RL Implicitly Learning Relativised Options132

Based on this objective, we propose a minimal amendment to HIQL (Park et al., 2024b) to encourage133
learning relativised options, which directly address the third point in the Motivation Box (Section 3.1).134
Rather than learning option representations with the value function, we propose learning them via135
the low-level policy. Following HIQL, we also bound the option space to a hypersphere to introduce136
geometric regularisation. However, unlike HIQL, we learn representations via the low-level policy137
to push together state-waypoint pairs with similar low-level actions rather than state-waypoint pairs138
with similar values. Also unlike HIQL (and, as motivated in Section 3.1) we use two value functions139
rather than one.140

Low-Level Value. Although ARL is agnostic to the choice of loss, we train the low-level value Vl141
and critic Ql using Implicit Q Learning (Kostrikov et al., 2021) to match our benchmark algorithms.142
All equations are presented in Appendix 10.143

Low-Level Policy. We learn the option embeddings ϕω jointly with the low-level policy. As with144
the value function, ARL is agnostic to the choice of policy and policy extraction algorithm. In our145
implementations we use Advantage-Weighted Regression (AWR) (Peng et al., 2019):146

Lπl,ϕω
= −E(s,a,s′···gs)∼D

[
eαlAl(s,a,s

′,gs) log πl

(
a | s, ϕ̂ω(s, gs)

)]
, (2)

where Al(s, a, s
′, gs) = Ql(s, gs, a)− Vl(s, gs) represents the advantage associated with action a.147

High-Level Value. To stabilise training and mitigate the issue of simultaneously learning the option148
representation, which can lead to training instability, we learn an action-free high-level value function,149
which can be learned directly from state trajectories without requiring explicit option labels. Note150
that, apart from being action-free, ARL is agnostic to the choice of high-level value learning and151
could be implemented with value horizon reduction such as TD-n or TRL (Park et al., 2026b). In our152
implementations, we use one-step IVL. Although this biases the high-level value function towards153
being optimistic in stochastic environments, future work could incorporate a notion of reachability154
from the low-level value function.155

High-Level Policy. Again, ARL is agnostic to the choice of high-level policy extraction. We156
hypothesise the high-level policy to be multi-modal, corresponding to distinct and equally optimal157
options, but note that choice of high-level policy is orthogonal to this work. A high-level Q-function158
could also be fitted to the high-level value function, which would enable use of Behaviour-Cloned159
Deep Deterministic Policy Gradient (DDPGBC) for policy extraction (Fujimoto & Gu, 2021), for160
example; we include details in Appendix 10. In our implementations, we use a Gaussian high-level161
policy, which we generally (see Appendix 13) train using AWR.162

We provide pseudocode in Algorithm 1 in Appendix 10. Full equations, experiment details, hyperpa-163
rameters, sampling methods and seeds are found in Appendices 10 and 13, and in our codebase.164

3.3 Abstractive RL Explicitly Enforcing Translation Invariance165

We now introduce a second algorithm, which explicitly imposes translation invariance on state-166
waypoint representations in the low-level decision process in order to learn from similar contexts167
across the state-space. We hypothesise that such an inductive bias could be useful in manipulation168
tasks, for example. We propose this algorithm as a proof of concept that using different representations169
at different levels of the hierarchy can improve generalisation in Offline RL.170

We define relativised states as an unnormalised displacement vector:171

v = gs − s,
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resulting in a single vector that simultaneously encodes both the state and waypoint.172

Since hard-coding representations can impose representational constraints, our approach exploits173
the two-step procedure of Offline RL as a compromise. To enforce experience reuse, we define the174
low-level value function in terms of relativised states: Vl(gs − s). Although this introduces a repre-175
sentational constraint (where state-waypoint pairs with distinct values may map to the same relative176
vector2), it explicitly collapses the state-waypoint space into a manifold of relative displacements,177
addressing the second and fourth points in the Motivation Box (Section 3.1). We remark that the178
issue of representational constraints could also be mitigated by computing the difference of encoded179
representations such that v = ϕlgs

(gs) − ϕls(s), although we did not find this to be necessary to180
achieve superior performance in our experiments.181

As in Section 3.2, to relativise options and address the third point in the Motivation Box, option-182
embeddings are learned with the low-level policy. However, now options are also explicitly rel-183
ativised by defining them in terms of relativised states. We use soft-normalisation rather than184
length-normalisation to avoid numerical instability while introduce geometric regularisation and185
allow re-normalising of samples from the high-level policy (Park et al., 2024b) upon deployment:186

o := ϕ̂ω(s, gs) =
ϕω(gs − s) · tanh ||ϕω(gs − s)||

||ϕω(gs − s)||
·
√
d,

where d is the dimension of the embedding ϕω, and || · || denotes the standard Euclidean norm.187
Soft normalisation means that the option space includes the space within the hypersphere and188
allows options to incorporate implicit temporal awareness as their magnitude scales linearly when189
displacement is small.190

To satisfy local constraints, we still condition the low-level policy on the absolute state: πl(· |191
s, ϕ̂ω(s, gs)). We provide pseudocode in Algorithm 2 in Appendix 10. Full experiment details,192
hyperparameters, sampling methods and seeds are found in Appendices 10 and 13 and in our193
codebase.194

4 Experiments195

The goal of our experiments is simple: to test whether relativised options and distinct representations196
at different levels of the hierarchy can lead to better policy generalisation in offline GCRL.197

Benchmark and Ablations. We perform all experiments on the standard OGBench datasets,198
focusing on the more challenging locomotion and manipulation environments (i.e. selecting giant199
over medium or large). For completeness, we also evaluate on a stochastic setting (teleport), despite200
its mismatch with our deterministic assumption (Section 2). We exclude visual environments as they201
introduce additional challenges related to high-dimensional perception that are orthogonal to this202
work. Unlike prior work (Park et al., 2025c; 2026b), we do not use oracle representations, which203
simplify option learning in locomotion, and discard proprioceptive information that might be useful204
in manipulation.205

We benchmark ARL with implicitly learned relativised options (Section 3.2, ARLi), and explicitly206
enforced translation invariance (Section 3.3, ARLe), against the original version of HIQL (Park207
et al., 2024b) (HIQL1vr), which uses a single value function and learns option representations via208
this value function. To isolate the effect of the relativised representation rather than any differences209
arising due to structure of the value function (ARL employs two value functions), we compare against210
variants of HIQL that also use two value functions. We include a variant with two value functions that211
does not include option representation learning (HIQL2v), and a variant with two value functions212
that learns option representations via the low-level value function (HIQL2vr), with the intention of213
mirroring HIQL1vr. Finally, we also compare against goal-conditioned IQL (Kostrikov et al., 2021),214

2For instance, in a maze, a state s and waypoint gs separated by a wall may map to the same relative vector as a pair in
open space, yet induce vastly different value estimates.
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Figure 2: Analysis. Aggregate Performance across all tasks (left) and ARLi’s (middle) and ARLe’s
(right) performance improvements over next-best performing algorithm against number of state
dimensions per dataset sample. Bootstrapped 95% CI over 4 seeds and 20 evaluation runs (Agarwal
et al., 2021).

the best-performing flat policy from Park et al. (2025b) (IQL). We refer to Appendix 10 and our215
codebase for full implementation details.216

Table 1: Results. We report each method’s average (binary) success rate (%) across the five test-time
goals. Bootstrapped 95% CI over 4 seeds and 20 evaluation runs. Blue bold indicates the highest
mean; black bold overlapping confidence intervals.

Task Size Dim. IQL HIQL1vr HIQL2v HIQL2vr ARLi ARLe

pointmaze-giant-navigate-v0 1M 2 0±0 55±11 21±7 46±6 48±8 16±2
pointmaze-giant-stitch-v0 1M 2 0±0 0±0 0±0 0±0 0±0 0±0

antmaze-giant-navigate-v0 1M 29 0±0 38±3 40±3 48±6 48±3 42±4
antmaze-giant-stitch-v0 1M 29 0±0 7±7 15±3 20±3 32±7 21±1
antmaze-teleport-stitch-v0 1M 29 49±2 29±4 43±3 40±6 36±5 41±4

humanoidmaze-giant-navigate-v0 4M 69 1±1 22±11 12±5 11±10 49±6 38±4
humanoidmaze-giant-stitch-v0 4M 69 0±0 4±3 0±0 0±0 13±2 10±3

cube-double-play-v0 1M 37 50±3 2±0 0±0 3±0 53±2 67±3
cube-triple-play-v0 3M 46 11±2 7±3 0±0 1±1 14±2 15±3
cube-quadruple-play-v0 5M 55 0±0 0±0 0±0 0±0 1±0 0±0

puzzle-3x3-play-v0 1M 55 100±0 27±8 0±0 24±3 86±14 44±25
puzzle-4x4-play-v0 1M 83 30±3 49±27 0±0 17±6 78±11 88±6
puzzle-4x5-play-v0 3M 99 15±3 17±3 0±0 12±3 18±3 14±7
puzzle-4x6-play-v0 5M 115 13±1 0±0 0±0 18±2 14±7 9±9

scene-play-v0 1M 40 13±2 12±3 12±7 13±1 24±3 21±3

Since hyperparameter tuning is expensive and ARL, which is based on inductive biases, introduces no217
additional hyperparameters over HIQL, we simply adopt those tuned for HIQL (Park et al., 2025b;c)218
(see Appendix 13). The fact that ARL achieves strong performance under these hyperparameters219
attests to its efficacy. ARL is agnostic to the choice of policy class and value learning objective, so, to220
avoid related confounding factors, we use a Gaussian and one-step TD for all experiments.221

Results. Our results (Table 1 and left of Figure 2) show that both variants of ARL outperform both222
the flat and absolute hierarchical policies, achieving a mean success rate that is at least 10 percentage223
points higher than the benchmarks when aggregating over all tasks. We highlight that this is without224
necessitating hyperparameter tuning.225

Simply by learning relativised options based on action similarity rather than value similarity, ARLi226
consistently improves over the hierarchical benchmarks (excluding ARLe). In particular, it more227
than doubles the success rate in both the humanoidmaze environments, and almost doubles it for228
scene-play-v0.229

ARLe performs especially well in the manipulation environments. Most notably, in puzzle-4x4-play-230
v0, an 83-dimensional manipulation task, ARLe achieves an 88% success rate, outperforming the231
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next-best benchmark by 39 percentage points (excluding ARLi). We hypothesise that translational232
invariance is particularly beneficial in high-dimensional settings with underlying symmetries and233
sparse state-space coverage. To investigate this, we plot improvement over the next-best benchmark3234
against state dimensionality normalised by dataset size (right of Figure 2). Although correlation235
does not imply causation, and the observed correlations are weak and not statistically significant236
(amplified by a small number of environments4), both ARLi and ARLe exhibit positive improve-237
ment trends with increasing dimensional sparsity. In comparison, HIQL1vr and HIQL2vr, for238
example, show stronger negative trends with increasing sparsity (Figure 6 in Appendix 11) under239
the same methodology. Intuitively, it makes sense that relativised options and experience reuse240
become increasingly important as sparsity increases. To better understand the effect of impos-241
ing translational invariance, we visualise the low-level value functions for ARLe and HIQL2v in242
the antmaze locomotion environment (Figure 3). Due to explicitly collapsing equivalent relative243
states, ARLe learns a substantially smoother low-level value function. We now address potential244
questions, and refer the reader to Appendix 12 for further questions relating to why we choose245
not to tune hyperparameters for ARL and why all algorithms perform poorly in certain tasks.246

Figure 3: Low-level value function for HIQL2v (left) and
ARLe (right) (task 4, antmaze-giant-stitch-v0).

247

Why introduce ARLe if ARLi is248
so consistent? ARLe demonstrates249
how hierarchical structures and rela-250
tivised options enable level-specific251
representations, leveraging this induc-252
tive bias to improve performance by253
10 percentage points over ARLi in254
two out of the four sparsest datasets255
(puzzle-4x4-play-v0 and cube-double-256
play-v0).257

Why does ARLe perform poorly in258
certain tasks? ARLe’s performance depends on the alignment between its inductive bias and259
the environment’s structure. Assuming local translational invariance can benefit high-dimensional260
manipulation through experience reuse but can be detrimental in dense, low-dimensional environments261
like pointmaze, since the representation is inherently lossy. We also hypothesise that mapping 2D262
relative displacements into a 10D latent hypersphere introduces representational noise. While future263
work could leverage GDL to learn more flexible symmetries, ARLe demonstrates that decoupling264
representations across the hierarchy enables a degree of experience reuse fundamentally inaccessible265
to flat or absolute-frame architectures. When the inductive bias is well-matched to the environment,266
it significantly enhances policy generalisation.267

5 Conclusion268

In this work we motivate hierarchy in offline RL through absolute abstraction. By learning relativised269
options and using distinct representations at different levels of the hierarchy, agents can reuse optimal270
experience across similar contexts of the state-space, enabling better performance in regions of the271
dataset only supported by low-quality data. Based on our framework, we introduce two simple272
algorithms for learning relativised options via action similarity and explicitly enforcing translational273
invariance on the low-level decision process. Our experiments demonstrate that such relativised274
options and inductive biases improve policy generalisation in high-dimensional offline GCRL. This275
proof of concept opens many avenues for future research, including imposing more flexible inductive276
biases, or leveraging action-chunking to learn relativised options over action sequences. We hope277
that this work motivates progress towards scalable offline RL.278

3We try to mitigate confounding factors such as horizon length, absolute dataset size and policy expressivity (e.g. whether
unimodal or multimodal) by plotting performance gains over the next-best algorithm rather than absolute success rate.

4Note that this is a common issue in Deep RL, and, like prior work (Agarwal et al., 2021), we emphasise that lack of
statistically significant results does not demonstrate the absence of effect.
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441

6 Problem Setting442

We consider a standard Markov Decision Process (MDP) (Sutton & Barto, 2018) defined by the tuple443
M := (ps0 ,S,G,A, T , βg, γ), where ps0 is the initial state distribution, S, G and A respectively444
denote the state, goal and action space, T is the transition function, βg is a goal-conditioned pseudo-445
termination function, and γ < 1 is the discount factor. At the beginning of the episode, a state s0 is446
sampled from ps0 . A goal state g is uniformly sampled from the goal space G, and is fixed for the447
entire episode. The goal space may be defined over all or a subset of the state dimensions. At each448
timestep t ≥ 0, an agent takes an action at conditioned on its current state st and goal state g, and449
transitions to a new state st+1 = T (· | st, at). Episodes terminate according to the goal-conditioned450
pseudo-termination function (White et al., 2012) βg : S → {0, 1}, where βg(s) = 1 if and only if the451
goal has been reached. Following Andrychowicz et al. (2018), we focus on the problem of sparse and452
binary rewards, which is motivated in robotics, for example. The agent receives a reward of −1 on all453
steps, and a reward of 0 upon reaching the goal rt = −1{βg(st) = 0}. The aim of the agent is to454
learn a universal policy (Schaul et al., 2015) conditioned on its state and the goal π : S × G → ∆(A)455
that maximises the sum of discounted returns Eπ [

∑∞
t=0 γ

trt] from a fixed dataset D. The dataset456
contains N state-action trajectories of length H , collected using an arbitrary policy in a task-agnostic457
manner. Following Park et al. (2024b), we adopt the fully observed deterministic MDP framework to458
focus on abstraction and option-learning, though we additionally evaluate in a stochastic environment.459
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7 Related Work460

Extensive literature motivates hierarchy for temporal abstraction and policy horizon reduction (Sutton461
et al., 1999; Sutton et al.; Ravindran & Barto, 2003), but apart from Nachum et al. (2018), Nachum462
et al. (2019) and Levy et al. (2019), very little work explicitly motivates hierarchy via representation463
learning and data reuse. While original work used a set of hardcoded options (Sutton et al., 1999),464
since then options have been learned by identifying bottleneck states (e.g. McGovern & Barto (2001);465
Stolle & Precup (2002)), or by jointly learning the options with the low-level policy (Bacon et al.,466
2016). Most work defines options in the original state-space, but, for example, Vezhnevets et al.467
(2017) learn options in an embedding space. Ravindran & Barto introduce the concept of relativised468
options, but non-hardcoded implementations of relativised options have remained scarce. We remark469
that options can be defined in a latent space, but still be anchored to the absolute frame of reference.470
All of these works study hierarchical RL in the online setting, while we focus on the offline setting.471

Offline GCRL naturally lends itself to hierarchical formulations, where high-level policies specify472
intermediate goals, and low-level policies learn intermediate goal-reaching behaviours (Park et al.,473
2025b; 2024a; 2025c; 2024b; Baek et al., 2025; Li et al., 2022). In hierarchical offline GCRL, options474
have again generally taken the form of absolute options in the original state-space (e.g. Park et al.475
(2025c); Baek et al. (2025)). Our approach is most related to HIQL (Park et al., 2024b), which476
learns latent options, but differs in two fundamental ways. First, unlike HIQL, which uses one value477
function, we use two distinct value functions, enabling different representations at different levels of478
the hierarchy (Section 3.3). Second, rather than basing option embeddings on value similarity, we479
base them on action similarity (Section 3.2). This changes the organisation of the latent space, since480
two state-waypoints might induce similar values but differ entirely in their low-level actions.481

The theory of state abstraction identifies conditions under which information can be compressed482
while maintaining policy optimality at different levels of abstraction (Li et al.). Prior work in State483
Representation Learning (SRL) has explored homomorphisms, bisimulation metrics, and contrastive484
objectives to map together semantically similar states (e.g. Ravindran & Barto (2003); Ferns et al.485
(2012); Chen & Pan). However, these methods often require auxiliary loss terms that necessitate486
hyperparameter tuning and can lead to training instability. We refer to Echchahed & Castro (2025)487
for an overview. Furthermore, none of these methods explicitly address hierarchical goal-conditioned488
representation learning.489
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8 Sample Complexity in Online Goal-Conditioned RL490

We provide some intuition into the choice of policy learning and representation using sample491
complexity in finite state and action space problems. We build on the works of Kakade (2003); Munos492
et al.; Lattimore & Hutter (2012); Robert et al.; Li et al.. We assume at most two possible next states493
for each state-action pair, which is realistic given our deterministic transition assumption (Section 2).494

In online GCRL, the aim is to find the optimal policy with the smallest number of samples or online495
interactions, N , such that the error in optimal return is smaller than a fixed constant ϵ.496

8.1 GCRL Sample Complexity497

Consider the case of a discrete, discounted horizon MDP with a finite state space S, action space A498
and discount factor γ ∈ [0, 1). The Probably-Approximately Correct (PAC) Learning (Kakade, 2003)499
upper-bound sample complexity to find an ϵ optimal policy reaching a unique goal-state optimally500
(assuming at most two possible next-states for each state/action pair) with constant probability of501
1− δ is given by (Lattimore & Hutter, 2012):502

N infinite, single goal ∝ |S||A|
(1− γ)3ϵ2

.

Hence, the minimax sample complexity required to find an ϵ optimal policy reaching any given state503
(such that we have |G| unique goal-states) is given by:504

N infinite ∝ |S||G||A|
(1− γ)3ϵ2

. (3)

Consider the case of a discrete finite horizon (of length H) MDP with a finite state space S, action505
space A and discount factor γ ∈ [0, 1). The minimax sample complexity to find an ϵ optimal policy506
reaching a unique goal-state optimally is given by:507

Nfinite ∝ |S||G||A|H3

ϵ2
.

8.2 GCRL Hierarchical Sample Complexity508

Using a hierarchical policy, we can break the distant goal g from our current state s into options509
defined over an option space Ω. Hence, the high-level policy becomes510

N high ∝ |S||G||Ω|
(1− γn)3ϵ2

,

where we have substituted the option-space to Equation 3, and use the environment’s discount factor511
raised to a factor of n, assuming that the high-level policy acts, on average, every n steps.512

The low-level policy has a sample complexity of513

N low ∝ |S||Ω||A|n3

ϵ2
,

since |Ω| options can be executed. Hence, the overall sample complexity of the hierarchical policy514
π(a | s, g) := πl(a | s, ω), ω ∼ πh(· | s, g) is (Robert et al.):515

N hierarchy ∝ |S||G||Ω|
(1− γn)3ϵ2

+
|S||Ω||A|n3

ϵ2
. (4)

Note, that, in the case of no temporal abstraction, when n = 1, we approximately recover the original516
sample complexity of a flat policy. Since then the option just becomes a single primitive action,517
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Equation 4 becomes:518

N hierarchy ∝ |S||G||A|
(1− γ)3ϵ2

+
|S||A|2

ϵ2
≈ |S||G||A|

(1− γ)3ϵ2
,

where the approximation follows due to the dominating 1
(1−γ)3 factor in the first term, assuming519

long-horizon problems such that γ → 1 and that the goal-space is larger or equal to the size of the520
action space |G| ≥ |A| 5.521

Issues arise under a misspecified option horizon n. In this case, the sample complexity of the522
hierarchical policy becomes worse than that of a flat policy, as the skill space must then account for523
every sequence of primitive actions over n steps, such that |Ω| = |A|. The sample complexity of the524
hierarchical policy becomes525

N hierarchy ∝ |S||G||A|n

(1− γn)3ϵ2
+

|S||Ω||A|nn3

ϵ2
,

which blows up due to the exponential factor multiplying the action space.526

8.3 GCRL State Representation Sample Complexity527

State representation sample complexity exploits symmetry in the state-goal space to a mapping528
ϕ(s, g) → c such that ϕ(s, g) = ϕ(s′, g′) if π⋆(a | s, g) = π⋆(a | s′, g′). The sample complexity of529
learning an optimal policy (Equation 3) becomes:530

N rep ∝ |C||A|
(1− γ)3ϵ2

. (5)

Note that |C| ≤ |S||G|, with |C| = |S||G| if each (s, g) has a distinct optimal action.531

9 Error in Offline Goal-Conditioned RL532

In offline GCRL, the aim is to bound the error ϵ given an offline dataset D of fixed size N .533

Unlike in the online setting, where it is assumed that the agent can sample any state-action pair to534
learn the environment’s dynamics, in offline RL, a concentrability coefficient κ is incorporated to535
account for the distribution shift in data collected by the policy πBC, and the data that would have536
been collected induced under the optimal policy π⋆. Intuitively, if the dataset does not include the537
states required to learn the optimal policy, the algorithm may never learn that optimal policy. The538
concentrability coefficient κ is defined as:539

κ = sup
s∈S,a∈A,g∈G

dπ
⋆

(s, a, g)

dπBC(s, a, g)
,

where dπ(s, a, g) is the discounted occupancy measure (i.e. stationary distribution) of the policy π:540

dπ(s, a, g) = (1− γ)Eτ∼π,s0,g0∼Unif(S)

[ ∞∑
t=0

γt
1(st = s, at = a, g0 = g)

]
,

and where the trajectory is induced by the MDP and following the policy π(a | s, g). If the dataset541
is highly exploratory and covers the optimal paths well, κ will be small. If the dataset is narrow, or542
misses critical regions of the state-action space, κ will be large.543

Rearranging Equation 3 and incorporating the concentrability coefficient, the offline bound for a544
goal-conditioned flat policy is given by:545

ϵ ∝

√
|S||G||A| · κ
(1− γ)3N

.

5Even though this might not be the case, usually the goal-space is unknown, so we train the policy to reach any state within
the state-space i.e. such that G = S. Assuming that |S| ≫ |A| is a standard assumption.
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9.1 GCRL Hierarchical Error546

Since the size of the offline dataset is fixed, the only way to reduce the error ϵ is to use a hierarchical547
policy with distinct state-goal representations.548

Using a hierarchical policy, the error term becomes:549

ϵhierarchy ∝

√
|S||G||Ω| · κh

(1− γn)3N
+

√
|S||Ω||A|n3 · κl

N
,

where the concentrability coefficients are defined as:550

κh = sup
s∈S,ω∈Ω,g∈S

dπ
⋆
h(s, ω, g)

dπ
BC
h (s, ω, g)

and κl = sup
s∈S,a∈A,ω∈Ω

dπ
⋆
l (s, a, ω)

dπ
BC
l (s, a, ω)

.

Then, introducing two embeddings that group together state-goal pairs (s, g) requiring similar options551
ω such that ϕh(s, g) = ϕh(s

′, g′) = ch if π⋆
h(· | s, g) = π⋆

l (· | s′, g′) and ch ∈ Ch, and state-option552
(s, ω) requiring similar low-level actions ϕl(s, ω) = ϕl(s

′, ω′) = cl if π⋆
l (· | s, ω) = π⋆

l (· | s′, ω′) 6553
and cl ∈ Cl, the error term is bounded by:554

ϵhierarchy, rep ∝

√
|Ch||Ω| · κrep

h

(1− γn)3N
+

√
|Cl||A|n3 · κrep

l

N
.

By definition, |Ch||Ω| ≤ |S||G||Ω| and |Cl||A| ≤ |S||Ω||A|.555

Because the concentrability coefficients are now defined using the reparameterised policies over the556
reparameterised latent spaces Ch and Cl, i.e.557

κrep
h = sup

ch∈Ch,ω∈Ω

dπ
⋆
h(ch, ω)

dπ
BC
h (ch, ω)

and κrep
l = sup

cl∈Cl,a∈A

dπ
⋆
l (cl, a)

dπ
BC
l (cl, a)

,

the probability mass of the offline dataset is aggregated across state-goal or state-option pairs that are558
equivalent under these embeddings:559

dπh(ch, ω) =
∑

(s,g)∈ϕ−1
h (ch)

dπh(s, g, ω) and dπl(cl, a) =
∑

(s,ω)∈ϕ−1
l (cl)

dπl (s, ω, a).

This reduces the likelihood of a support mismatch, where the optimal policy requires a state transition560
on which the dataset places zero mass. Hence,561

κrep
h ≤ κh and κrep

l ≤ κl.

6Note that we should not use these same embeddings for the value or critic functions, since even though π⋆
l (· | s, ω) =

π⋆
l (· | s

′, ω′), this does not instantly imply that Qh(s, g, ω) = Qh(s
′, g′, ω′): even though the ordering over actions might

be the same, there might be an offset such that Qh(s, g, ω) = Qh(s
′, g′, ω) + c(s, g, s′, g′) ∀ ω. We refer the reader to

Li et al..
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10 Offline RL Algorithms562

In the following section gs is a waypoint to the goal, such that gs ∈ S. When sampled from the563
dataset D, gs is n steps ahead of the current state s. When sampling the waypoint gs or goal g from564
pD(· | s, a), we sample either from a geometric distribution according to the specified discount factor,565
or a uniform distribution. Details are given in Appendix 13.566

10.1 Implicit Q-Learning (IQL)567

The flat policy we benchmark is IQL (Kostrikov et al., 2021), which trains a state-goal value function568
V (s, g) and state-goal-action value function Q(s, g, a) using the following losses:569

LV = E(s,a)∼D,g∼pD(·|s,a))

[
ℓ2τ

(
V (s, g)− Q̃(s, g, a)

)]
,

where Q̃ denotes the target network, and ℓ2τ denotes the expectile loss ℓ2τ (x) = |τ − (x < 0)|x2, and570

LQ = E(s,a,s′)∼D,g∼pD(·|s,a))

[
(Q(s, a, g)− r(s, g)− γV (s′, g))

2
.
]

A Gaussian policy is then extracted using the following DDPGBC (Fujimoto & Gu, 2021) loss:571

LDDPGBC
π = −E(s,a,s′)∼D,g∼pD

γ (·|s,a) [Q(s, g, µπ(s, g)) + α log π(a | s, g)] , (6)

which has been found to outperform AWR (Park et al., 2024a).572

10.2 Hierarchical Implicit Q-Learning 1 Value Function with Representation Learning573
(HIQL1vr)574

We benchmark against HIQL (Park et al., 2024b), which trains a single, action-free state-goal value575
function V (s, g) using Implicit V-Learning (IVL) (Park et al., 2025b) and extracts hierarchical576
policies using AWR-like objectives. The parameterisation ϕω for the low-level policy is learned with577
the value function V (s, ϕ̂ω(s, g)), where ϕω(s, g) ∈ Rd, and normalised such that ||ϕ̂ω(s, g)||22 = d,578
where d is the dimension of the embedding. The IVL loss is given by:579

LV,ϕω
= E(s,a,s′)∼D,g∼pD(·|s,a))

[
ℓ2τ

(
V (s, ϕ̂ω(s, g))− r(s, g)− γṼ (s′,

˜̂
ϕω(s

′, g))
)]

,

where Ṽ and ˜̂
ϕo denote the target network and representations and ℓ2τ the expectile loss, as before.580

The low-level and high-level policies are extracted as follows:581

Lπh
= −E(s···gs)∼D,g∼pD

γ (·|s,a))

[
eαh(V (gs,ϕ̂ω(gs,g))−V (s,ϕ̂ω(s,g)) log πh

(
ϕ̂ω(s, gs) | s, g

)]
,

582
Lπl

= −E(s,a,s′···gs)∼D

[
eαl(V (s′,ϕ̂ω(s′,gs))−V (s,ϕ̂ω(s,gs))) log πl

(
a | s, ϕ̂ω(s, gs)

)]
.

Since Park et al. (2024a) found that DDPGBC is better at extracting a policy than AWR, and similarly583
to Park et al. (2024b)’s action-free value function, we then fit a sort of high-level, action-free Q584
function to the value function:585

LQh
= E(s,··· ,gs)∼D,g∼pD(·|s,a))

[
(Qh(s, g, gs)− Vh(gs, g))

2
]
.

This is simply to allow some extrapolation during extraction of the high-level policy.586

10.3 Hierarchical Implicit Q-Learning 2 Value Functions (HIQL2v)587

Since ARL uses two value functions, we also train a second style of HIQL, where we use a low-level588
and high-level value function. The high-level value function is trained using IVL, while the low-level589
value function is trained using IQL:590

LVh
= E(s,a)∼D,g∼pD(·|s,a))

[
ℓ2τ

(
Vh(s, g)− r(s, g)− γṼh(s

′, g))
)]

, (7)
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and591
LVl

= E(s,a)∼D,gs∼pD
γl

(·|s,a))

[
ℓ2τ

(
Vl(s, gs)− Q̃l(s, gs, a)

)]
,

LQl
= E(s,a,s′)∼D,gs∼pD

γl
(·|s,a))

[
(Ql(s, gs, a)− r(s, gs)− γlVl(s

′, gs))
2
]
,

where Q̃l and Ṽh denote the target networks, γl = 1− 1
n denotes the low-level discount factor, and592

ℓ2τ denotes the expectile loss ℓ2τ (x) = |τ − (x < 0)|x2.593

As for HIQL1vr, a high-level Q function is then learned only to allow DDPGBC high-level policy594
extraction:595

LQh
= E(s,··· ,gs)∼D,g∼pD(·|s,a))

[
(Qh(s, g, gs)− Vh(gs, g))

2
]
.

Policies are then extracted using one of the following two loss functions for the low-level policy:596

LAWR
πl

= −E(s,a,s′···gs)∼D

[
eαl(Ql(s,gs,a))−Vl(s,gs)) log πl (a | s, gs)

]
,

LDDPGBC
πl

= −E(s,a,s′,···gs)∼D [Ql(s, gs, µ
πl(s, gs)) + αl log πl(a | s, gs)] ,

and one of the following two loss functions for the high-level policy:597

LAWR
πh

= −E(s···gs)∼D,g∼pD
γ (·|s)

[
eαh(Qh(s,g,gs))−Vh(s,g)) log πh (gs | s, g)

]
,

LDDPGBC
πh

= −E(s···gs)∼D,g∼pD
γ (·|s) [Qh(s, g, µ

πh(s, g)) + αh log πh(gs | s, g)] .

10.4 Hierarchical Implicit Q-Learning 2 Value Functions with Representation Learning598
(HIQL2vr)599

Since HIQL1vr uses representation learning for the options, HIQL2vr learns option representations600
with the low-level value function. As in HIQL1vr (Section 10.2), the representation is length-601
normalised. The high-level value function is trained as before, but the low-level value function,602
low-level Q function and high-level Q-function are trained using the following losses:603

LVl,ϕω
= E(s,a)∼D,gs∼pD

γl
(·|s,a))

[
ℓ2τ

(
Vl(s, ϕ̂ω(s, gs))− Q̃l(s, gs, a)

)]
,

LQl
= E(s,a,s′)∼D,gs∼pD

γl
(·|s,a))

[(
Ql(s, gs, a)− r(s, gs)− γlVl(s

′, ϕ̂ω(s
′, gs))

)2
]
,

LQh
= E(s,··· ,gs)∼D,g∼pD(·|s,a))

[(
Qh(s, g, ϕ̂ω(s, gs))− Vh(gs, g)

)2
]
.

The policies are extracted using one of the following two loss functions for the low-level policy,604

LAWR
πl

= −E(s,a,s′···gs)∼D

[
eαl(Ql(s,gs,a))−Vl(s,ϕ̂ω(s,gs))) log πl

(
a | s, ϕ̂ω(s, gs)

)]
,

LDDPGBC
πl

= −E(s,a,s′,···gs)∼D

[
Ql(s, gs, µ

πl(s, ϕ̂ω(s, gs))) + αl log πl(a | s, ϕ̂ω(s, gs))
]
,

and one of the following two loss functions for the high-level policy:605

LAWR
πh

= −E(s···gs)∼D,g∼pD
γ (·|s)

[
eαh(Qh(s,g,ϕ̂ω(s,gs)))−Vh(s,g)) log πh

(
ϕ̂ω(s, gs) | s, g

)]
, (8)

LDDPGBC
πh

= −E(s···gs)∼D,g∼pD
γ (·|s)

[
Qh(s, g, µ

πh(s, g)) + αh log πh(ϕ̂ω(s, gs) | s, g)
]
. (9)

10.5 Abstractive Reinforcement Learning Implicitly Learning Relativised Options (ARLi)606

As presented in the main body of the paper, this is a minimal amendment to HIQL2vr, but, to learn607
relativised options via action similarity, option representations are now learned with the low-level608
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policy. Equations are identical to HIQL2vr, except for the following low-level value functions:609

LVl
= E(s,a)∼D,gs∼pD

γl
(·|s,a))

[
ℓ2τ

(
Vl(s, gs))− Q̃l(s, gs, a)

)]
, (10)

LQl
= E(s,a,s′)∼D,gs∼pD

γl
(·|s,a))

[
(Ql(s, gs, a)− r(s, gs)− γlVl(s

′, gs))
2
]
, (11)

and low-level policy functions:610

LAWR
πl,ϕω

= −E(s,a,s′···gs)∼D

[
eαl(Ql(s,gs,a))−Vl(s,gs)) log πl

(
a | s, ϕ̂ω(s, gs)

)]
, (12)

LDDPGBC
πl,ϕω

= −E(s,a,s′,···gs)∼D

[
Ql(s, gs, µ

πl(s, ϕ̂ω(s, gs))) + αl log πl(a | s, ϕ̂ω(s, gs))
]
. (13)

Algorithm 1 Abstractive RL implicitly learning relativised options (ARLi)
Training
Initialise low-level policy πl(a | s, ω), high-level policy πh(ω | s, g), and representation ϕω .
while not converged do

Sample batch D
▷ Hierarchical Policy∣∣∣∣∣∣∣

Update low-level policy πl and representation ϕωusing πl(a | s, ϕ̂ω(s, gs)) (Equations 12 or 13)

ω ← stopgrad(ϕ̂ω(s, gs))

Update high-level policy πh(ω | s, g) (Equations 8 or 9)

▷ Hierarchical Value∣∣∣∣∣∣∣
Update low-level value function Vl(s, gs) (Equation 10)

Update high-level value function Vh(s, g) (Equation 7)

Update critic Ql(s, gs, a) (Equation 11)

end while
return πl, πh, ϕω

Deployment (state s, goal g)
Sample option from high-level policy ω ∼ πh(· | s, g)
Length-Normalise ω ← ω

∥ω∥ ·
√
d

Sample action from low-level policy a ∼ πl(· | s, ω)

10.6 Abstractive Reinforcement Learning Explicitly Enforcing Translational Invariance611
(ARLe)612

ARL uses relativised options and relativised states for the low-level value function. Unlike ARLi, the613
low-level value and low-level critic now use relativised goals, and options are explicitly relativised.614
As for ARLi, the option representations are learned with the low-level policy. The high-level value615
function is learned identically to HIQL2v and ARLi, but the low-level value function, low-level Q616
function and high-level Q function are learned as follows:617

LVl
= E(s,a)∼D,gs∼pD

γl
(·|s,a))

[
ℓ2τ

(
Vl(gs − s)− Q̃l(s, gs − s, a)

)]
, (14)

LQl
= E(s,a,s′)∼D,gs∼pD

γl
(·|s,a))

[
(Ql(s, gs − s, a)− r(s, gs)− γlVl(gs − s′))

2
]
, (15)

LQh
= E(s,··· ,gs)∼D,g∼pD(·|s,a))

[(
Qh(s, g, ϕ̂ω(s, gs))− Vh(gs, g)

)2
]
. (16)

where, as before, Q̃l and Ṽh denote the target networks, γl = 1− 1
n denotes the low-level discount618

factor, and ℓ2τ denotes the expectile loss ℓ2τ (x) = |τ − (x < 0)|x2. The policies are extracted using619
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Algorithm 2 Abstractive RL explicitly enforcing translation invariance (ARLe)
Training
Initialise low-level policy πl(a | s, ω), high-level policy πh(ω | s, g), and representation ϕω .
while not converged do

Sample batch from D
▷ Hierarchical Policy∣∣∣∣∣∣∣

Update low-level policy πl and representation ϕω using πl(a | s, ϕ̂ω(s, gs)) (Equations 17 or 18)

ω ← stopgrad(ϕ̂ω(s, gs))

Update high-level policy πh(ω | s, g) (Equations 19 or 20)

▷ Hierarchical Value∣∣∣∣∣∣∣
Update low-level value function Vl(gs − s) (Equation 14)

Update high-level value function Vh(s, g) (Equation 7)

Update critic Ql(s, gs − s, a) (Equation 15)

end while
return πl, πh, ϕω

Deployment (state s, goal g)
Sample option from high-level policy ω ∼ πh(· | s, g)
Soft-Normalise ω ← ω·tanh(∥ω∥)

∥ω∥ ·
√
d

Sample action from low-level policy a ∼ πl(· | s, ω)

one of the following two loss functions for the low-level policy,620

LAWR
πl,ϕω

= −E(s,a,s′···gs)∼D

[
eαl(Ql(s,gs−s,a))−Vl(gs−s)) log πl

(
a | s, ϕ̂ω(s, gs)

)]
, (17)

LDDPGBC
πl,ϕω

= −E(s,a,s′,···gs)∼D

[
Ql(s, gs, µ

πl(s, ϕ̂ω(s, gs))) + αl log πl(a | s, ϕ̂ω(s, gs))
]
, (18)

and one of the following two loss functions for the high-level policy:621

LAWR
πh

= −E(s···gs)∼D,g∼pD
γ (·|s)

[
eαh(Qh(s,g,ϕ̂ω(gs−s)))−Vh(s,g)) log πh

(
ϕ̂ω(s, gs) | s, g

)]
,

(19)

LDDPGBC
πh

= −E(s···gs)∼D,g∼pD
γ (·|s)

[
Qh(s, g, µ

πh(s, g)) + αh log πg(ϕ̂ω(s, gs) | s, g)
]
. (20)
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11 Full Results622

Table 2: Full Results 1. We report each method’s average (binary) success rate (%) across the five
test-time goals on each task. Bootstrapped 95% CI over 4 seeds and 20 evaluation runs. Blue bold
indicates the highest mean; black bold overlapping confidence intervals.

Environment Task IQL HIQL1vr HIQL2v HIQL2vr ARLi ARLe

pointmaze-giant-navigate-v0

1 0±0 1±2 6±9 2±4 38±38 4±4
2 0±0 66±22 64±24 75±19 86±7 31±14
3 0±0 49±21 1±2 24±16 8±8 2±4
4 0±0 71±33 4±6 60±20 10±10 22±21
5 0±0 89±7 31±19 69±18 96±4 21±14
Overall 0±0 55±11 21±7 46±6 48±8 16±2

pointmaze-giant-stitch-v0

1 0±0 0±0 0±0 0±0 0±0 0±0
2 0±0 0±0 0±0 0±0 0±0 0±0
3 0±0 0±0 0±0 0±0 0±0 0±0
4 0±0 0±0 0±0 0±0 0±0 0±0
5 0±0 0±0 0±0 0±0 0±0 0±0
Overall 0±0 0±0 0±0 0±0 0±0 0±0

antmaze-giant-navigate-v0

1 0±0 18±8 19±11 29±9 18±5 25±4
2 1±2 44±19 56±6 50±10 48±8 42±8
3 0±0 34±7 25±8 39±11 51±18 35±10
4 0±0 30±6 44±7 54±14 56±9 44±6
5 0±0 64±6 57±9 71±16 66±6 64±11
Overall 0±0 38±3 40±3 48±6 48±3 42±4

antmaze-giant-stitch-v0

1 0±0 8±8 9±4 30±5 44±14 26±7
2 0±0 6±4 30±12 26±11 22±5 14±4
3 0±0 2±2 5±8 4±4 15±6 10±13
4 0±0 16±16 16±11 36±9 54±14 45±11
5 0±0 4±4 15±6 6±2 26±21 10±0
Overall 0±0 7±7 15±3 20±3 32±7 21±1

antmaze-teleport-stitch-v0

1 38±8 41±7 55±8 45±9 42±9 45±4
2 55±4 36±11 61±6 46±7 45±13 55±11
3 55±9 16±4 31±12 34±4 35±18 29±4
4 45±9 24±9 22±7 39±11 27±4 36±14
5 51±6 26±9 46±11 34±11 31±6 41±6
Overall 49±2 29±4 43±3 40±6 36±5 41±4

humanoidmaze-giant-navigate-v0

1 1±2 16±9 8±8 2±4 40±9 29±11
2 2±2 36±19 29±14 16±14 50±6 46±4
3 0±0 12±5 11±6 10±9 41±9 32±5
4 0±0 19±18 11±6 15±12 57±10 40±10
5 0±0 26±9 1±2 10±13 56±14 45±4
Overall 1±1 22±11 12±5 11±10 49±6 38±4

humanoidmaze-giant-stitch-v0

1 0±0 5±8 0±0 0±0 12±5 11±6
2 2±2 11±8 2±2 0±0 31±16 21±9
3 0±0 2±2 0±0 0±0 11±2 8±4
4 0±0 0±0 0±0 0±0 9±9 9±7
5 0±0 0±0 0±0 0±0 2±2 4±2
Overall 0±0 4±3 0±0 0±0 13±2 10±3
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Table 3: Full Results 2. We report each method’s average (binary) success rate (%) across the five
test-time goals on each task. Bootstrapped 95% CI over 4 seeds and 20 evaluation runs. Blue bold
indicates the highest mean; black bold overlapping confidence intervals.

Environment Task IQL HIQL1vr HIQL2v HIQL2vr ARLi ARLe

cube-double-play-v0

1 94±6 8±2 0±0 14±2 96±4 94±4
2 46±11 0±0 0±0 0±0 59±6 78±11
3 59±8 0±0 0±0 0±0 52±5 68±4
4 15±6 0±0 0±0 0±0 14±7 35±6
5 34±9 0±0 0±0 0±0 44±6 61±9
Overall 50±3 2±0 0±0 3±0 53±2 67±3

cube-triple-play-v0

1 51±7 35±16 0±0 4±4 70±10 69±9
2 1±2 0±0 0±0 0±0 1±2 2±2
3 4±2 0±0 0±0 0±0 0±0 2±4
4 0±0 0±0 0±0 0±0 0±0 0±0
5 0±0 0±0 0±0 0±0 0±0 0±0
Overall 11±2 7±3 0±0 1±1 14±2 15±3

cube-quadruple-play-v0

1 0±0 0±0 0±0 0±0 4±2 2±2
2 0±0 0±0 0±0 0±0 0±0 0±0
3 0±0 0±0 0±0 0±0 1±2 0±0
4 0±0 0±0 0±0 0±0 0±0 0±0
5 0±0 0±0 0±0 0±0 0±0 0±0
Overall 0±0 0±0 0±0 0±0 1±0 0±0

puzzle-3x3-play-v0

1 100±0 100±0 0±0 100±0 100±0 100±0
2 100±0 14±21 0±0 15±12 88±12 45±34
3 99±2 4±6 0±0 0±0 78±19 22±30
4 100±0 2±4 0±0 2±2 77±28 21±28
5 100±0 15±12 0±0 1±2 89±11 29±32
Overall 100±0 27±8 0±0 24±3 86±14 44±25

puzzle-4x4-play-v0

1 50±10 66±36 0±0 29±12 91±9 100±0
2 6±4 32±24 0±0 15±6 70±15 75±18
3 38±3 59±32 0±0 18±8 81±7 90±9
4 29±13 48±29 0±0 10±4 72±18 89±6
5 29±7 41±25 0±0 12±5 72±13 85±5
Overall 30±3 49±27 0±0 17±6 78±11 88±6

puzzle-4x5-play-v0

1 72±12 82±11 0±0 62±15 90±13 68±36
2 1±2 2±4 0±0 0±0 0±0 0±0
3 0±0 0±0 0±0 0±0 0±0 0±0
4 0±0 0±0 0±0 0±0 0±0 0±0
5 0±0 0±0 0±0 0±0 0±0 0±0
Overall 15±3 17±3 0±0 12±3 18±3 14±7

puzzle-4x6-play-v0

1 51±9 0±0 0±0 76±6 65±32 45±45
2 15±6 0±0 0±0 16±9 2±2 0±0
3 0±0 0±0 0±0 0±0 0±0 0±0
4 0±0 0±0 0±0 0±0 0±0 0±0
5 0±0 0±0 0±0 0±0 0±0 0±0
Overall 13±1 0±0 0±0 18±2 14±7 9±9

scene-play-v0

1 31±6 22±5 26±23 26±7 50±6 44±13
2 16±11 5±4 11±4 6±4 16±11 18±3
3 6±8 8±8 5±8 10±4 19±4 12±2
4 9±6 16±6 11±4 19±9 30±8 26±9
5 1±2 9±6 8±5 4±4 8±5 6±4
Overall 13±2 12±3 12±7 13±1 24±3 21±3
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Figure 4: Low-level value functions (top) and gradient of low-level value function (bottom). IQL
and HIQL1vr are excluded as they have a single value function.

Figure 5: High-level value functions (top) and gradient of high-level value function (bottom).
HIQL2v and HIQL2vr are excluded, as they have identical ones to ARL.
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Figure 6: Performance improvements over next best performing algorithm against number of state
dimensions per dataset sample: IQL (left), HIQL1vr (centre left), HIQL2v (centre right) and
HIQL2vr (right). Including ARLi and ARLe (top), and excluding ARLi and ARLe (bottom).
Bootstrapped 95% CI over 4 seeds and 20 evaluation runs.
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12 Potential Questions623

Why not tune hyperparameters for ARL? Offline RL typically requires significant online tuning624
(Jackson et al., 2025), which is expensive and would be unscalable for training a billion-parameter625
general-purpose agent (Kaplan et al., 2020; Wang et al., 2026). By using inductive biases rather than626
representational losses, we avoid introducing additional hyperparameters: ARL achieving significant627
performance gains under hyperparameters tuned for HIQL indicates robustness.628

Why do all algorithms perform poorly in certain tasks? We hypothesise this to be due to other629
confounding factors such as: (i) poor high-level value learning and a lack of gradient in long horizon630
tasks (we include plots of the high-level value function in Figure 5 in Appendix 11); (ii) the high-level631
policy being unimodal rather than multimodal; (iii) not training for enough gradient steps for large632
dataset sizes; (iv) not learning goal representations for the high-level policy. The aforementioned633
issues could be mitigated by combining ARL with value horizon reduction methods such as TD-n634
or TRL (Park et al., 2026b), learning a flow-policy (Lipman et al., 2024) rather than a Gaussian635
(especially for the high-level policy), training for more steps (we run all experiments for 1M), and636
using, for example, Dual-Goal Representations (Park et al., 2026a) for the high-level decision process.637
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13 Experimental Details638

We release all code and hyperparameters in a repository with this work.639

Datasets. We use the standard OGBench datasets. States are randomly and uniformly sampled640
from the dataset. Goals for the value function learning and policy extraction are sampled using a641
certain probability of sampling the current state pDcur, from the current trajectory pDtraj (geometrically,642
according to the discount factor, or uniformally), or randomly from the dataset pDrand. waypoints gs643
are taken as the states n steps ahead of the current state.644

Table 4: Environment Characteristics. Environment properties to provide intuition for interpreting
results.

Task State Dim. Action Dim. Max. Episode Length Dataset Size

pointmaze-giant 2 2 1000 1M

antmaze-giant 29 8 1000 1M
antmaze-teleport 29 8 1000 1M

humanoidmaze-large 69 21 1000 4M
humanoidmaze-giant 69 21 4000 4M

cube-double 37 5 500 1M
cube-triple 46 5 1000 3M
cube-quadruple 55 5 1000 5M

puzzle-3x3 55 5 500 1M
puzzle-4x4 83 5 500 1M
puzzle-4x5 99 5 1000 3M
puzzle-4x6 115 5 1000 5M

scene-play 40 5 750 1M

Reward Relabelling. Unlike prior work on OGBench (Park et al., 2025b), we use the original645
environment reward functions for relabeling rewards rather than using a binary indicator of the646
state-index to ensure that the agent remains focused on the primary task objectives and prevents the647
value function from becoming overly specific to irrelevant dimensions. To ensure fair comparison,648
this relabeling strategy is applied consistently across all algorithms and tasks. Note that assuming649
access to the environment reward function in robotic tasks is an entirely valid assumption.650

Hyperparameters. We provide the full list of hyperparameters. We follow those from Park et al.651
(2025b) and Park et al. (2025c). Notably, while these parameters were specifically tuned for HIQL,652
we apply them to ARL without further adjustment. The fact that ARL achieves strong performance653
using parameters optimised for a different algorithm demonstrates its robustness. We use DDPGBC654
with a behaviour cloning strength of 0.1 to extract the high-level policy in manipulation tasks, which655
allows for more extrapolation (Park et al., 2024a). This was generally found to outperform AWR.656
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Table 5: Hyperparameters

Hyperparameter Value
Gradient steps 106

Optimiser Adam (Kingma & Ba, 2017)
Learning rate 0.0003
Batch size 1024
Layer Normalisation (Ba et al., 2016) True
Nonlinearity GELU (Hendrycks & Gimpel, 2016)
Value MLP [1024, 1024, 1024, 1024]
Actor MLP [1024, 1024, 1024, 1024]
Representation MLP [512, 512, 512]
Representation Dimension 10
Target network update rate 0.005
IQL Expectile τ 0.9 (IQL), 0.7 (HIQL1vr, HIQL2v, HIQL2vr, ARLi, ARLe)
Value ratio (pDcur, p

D
traj, p

D
rand, p

D
geom) (0.2, 0.5, 0.3, 0)

Low Value ratio (pDcur, p
D
traj, p

D
rand, p

D
geom) (0.10, 0.85, 0.05, 1)

High Value ratio (pDcur, p
D
traj, p

D
rand, p

D
geom) (0.2, 0.5, 0.3, 0)

Policy ratio (pDcur, p
D
traj, p

D
rand, p

D
geom) (0.0, 0.5, 0.5, 1)

Table 6: Task-Specific Hyperparameters

Task n γ Loss π α Loss πl αl Loss πh αh

pointmaze-giant-navigate-v0 25 0.995 DDPGBC 0.1 AWR 3.0 AWR 3.0
pointmaze-giant-stitch-v0 25 0.995 DDPGBC 0.1 AWR 3.0 AWR 3.0

antmaze-giant-navigate-v0 25 0.995 DDPGBC 0.1 AWR 3.0 AWR 3.0
antmaze-giant-stitch-v0 25 0.995 DDPGBC 0.1 AWR 3.0 AWR 3.0
antmaze-teleport-stitch-v0 25 0.990 DDPGBC 0.1 AWR 3.0 AWR 3.0

humanoidmaze-giant-navigate-v0 100 0.999 DDPGBC 0.1 AWR 3.0 AWR 3.0
humanoidmaze-giant-stitch-v0 100 0.999 DDPGBC 0.1 AWR 3.0 AWR 3.0

cube-double-play-v0 25 0.99 DDPGBC 1.0 AWR 3.0 DDPGBC 0.1
cube-triple-play-v0 25 0.99 DDPGBC 1.0 AWR 3.0 DDPGBC 0.1
cube-quadruple-play-v0 25 0.99 DDPGBC 1.0 AWR 3.0 DDPGBC 0.1

puzzle-3x3-play-v0 25 0.99 DDPGBC 1.0 AWR 3.0 DDPGBC 0.1
puzzle-4x4-play-v0 25 0.99 DDPGBC 1.0 AWR 3.0 DDPGBC 0.1
puzzle-4x5-play-v0 25 0.99 DDPGBC 1.0 AWR 3.0 DDPGBC 0.1
puzzle-4x6-play-v0 25 0.99 DDPGBC 1.0 AWR 3.0 DDPGBC 0.1

scene-play-v0 25 0.99 DDPGBC 1.0 AWR 3.0 DDPGBC 0.1

The low-level discount factor is computed as γl = 1− 1
n . The high-level discount factor is computed657

as γh = γn.658
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14 Limitations659

ARLe’s performance depends on the alignment between its inductive bias (assuming translational660
invariance) and the environment’s structure. We discuss these limitations with the experiments661
(Section 4) and in the conclusion (Section 5).662

Like other prior methods learning action-free value functions, learning an action-free high-level value663
function biases our instantiations of ARL towards being optimistic in stochastic environments (Park664
et al., 2024b). Such optimism bias could be addressed by disentangling controllable parts of the state665
(Villaflor et al., 2022), but we leave this to future work. We also note that, since only the high-level666
value function is action-free, performance degradation compared to IQL for both ARLe and ARLi667
in the stochastic environment (antmaze-teleport-stitch-v0) is less significant than for HIQL1vr, for668
example.669

Including more than 15 environments would have helped to strengthen our hypothesis in Section 5,670
but we were limited by compute resources.671

15 Compute672

All experiments were conducted on NVIDIA L40 GPUs, lasting 3 hours per run, including evaluation.673

Impact Statement674

This paper presents work whose goal is to advance the field of machine learning. There are many675
potential societal consequences of our work, none of which we feel must be specifically highlighted676
here.677
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