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Abstract

Markov Decision Processes (MDPs) often exhibit significant redundancy due
to symmetries and shared structure across state-goal pairs in real-world Goal-
Conditioned Reinforcement Learning (GCRL). While hierarchical policies have
been motivated for horizon reduction via temporal abstraction in offline GCRL,
we demonstrate that hierarchy also enables absolute abstraction. By introducing
relativised options as well as distinct representations for different levels of the hier-
archy, we demonstrate how an agent can reuse experience across similar contexts of
the state-space. Based on this framework, we introduce two simple algorithms for
learning relativised options and abstracting from the absolute frame of reference.
Our experiments show that such inductive biases significantly improve performance
in offline GCRL.
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\Absolute Options: (s, w) j \Relativised Options: &(s, w) j

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

1 Introduction

Offline Goal-Conditioned Reinforcement Learning (GCRL) [[1H5] provides a principled framework for
training a general-purpose agent to solve complex long-horizon tasks from static datasets. However,
in practice, existing methods have struggled to learn effective policies from offline data, partly due
to imperfect dataset coverage of the state-action space [3,16]. Furthermore, since common offline
RL algorithms [7H9] regularise actions towards those close to the dataset distribution to mitigate
issues such as distribution shift [3} 6], an agent may fail to recover an optimal policy if a dataset only
contains low-quality actions in certain regions of the state space. This is a key challenge in offline RL
[LO] and leads to difficulties in value estimation, policy extraction, and policy generalisation [11].
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Recent work suggests that horizon reduction is essential for scaling offline RL [[12]], motivating the
use of hierarchical policies, or options [[13], for temporal abstraction [[14]. We extend this perspective
by arguing that hierarchy offers an additional advantage: absolute abstraction. By using absolute
abstraction, which we define as using relativised options and distinct representations at different
levels of the hierarchy, an agent abstracts away from the absolute frame of reference and can reuse
experience across similar contexts of the state-space.

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

In principle, relativised options [[L5] exploit redundancy and symmetry in MDPs to allow behaviours
to generalise across states. However, in practice, implementations remain limited to toy examples due
to the inherent difficulty of identifying MDP homomorphisms or learning such relative representations.
In this work, we introduce Abstractive Reinforcement Learning (ARL), a general framework that
learns relativised options via action similarity. Based on this, it defines high-level similarity and
low-level similarity respectively as state-goal pairs inducing similar options and state-option pairs
inducing similar immediate actions.

We propose two simple algorithms that comply with the ARL framework: the first can be applied
generally, simply using action similarity to implicitly learn relativised options; the second intro-
duces a representational inductive bias for the low-level MDP by explicitly enforcing translational
invariance, improving generalisation in certain high-dimensional manipulation tasks. Our experi-
ments demonstrate that such relativised options and inductive biases result in better performance in
high-dimensional offline GCRL.

Contributions. Concisely, this work addresses the following question:

Can hierarchy enable more robust policy extraction in regions where the dataset suffers from
low-quality transitions?

Our contributions are two-fold. We first motivate hierarchy in offline RL through abstraction from
the absolute frame of reference. We show how relativised options and distinct representations at
different levels of the hierarchy can enable data reuse, bounding the maximum error in expected
return compared to a flat policy. Secondly, we introduce two simple algorithms that learn relativised
options and abstract from the absolute frame of reference. These algorithms outperform both flat
policies and hierarchical ones that are anchored in the absolute state-space in high-dimensional tasks
— without introducing additional hyperparameters.

Explicitly, for an RL practitioner, our work demonstrates that: (i) options should be learned via
action similarity rather than value similarity i.e. jointly optimised with the low-level policy; (ii) we
necessitate two value functions to decouple the high-level from the low-level decision process; and
(iii) that imposing translation invariance on the low-level MDP can improve policy generalisation in
high-dimensional manipulation tasks. For an RL researcher, our work opens up new avenues, such
as methods to learn relativised options via action chunking [[16} 17], or incorporating more flexible
inductive biases using ideas from Geometric Deep Learning (GDL) [[18, [19].

2 Preliminaries

In Offline [3} 20] Goal-Conditioned Reinforcement Learning (GCRL) [[1]] an agent seeks to learn
a universal policy [2] from a fixed dataset, enabling it to reach arbitrary goal states in the smallest
number of timesteps [15].

2.1 Problem Setting

We consider a standard Markov Decision Process (MDP) [21] defined by the tuple M :=
(Psy» S, G, A, T, Bg,7), where pg, is the initial state distribution, S, G and A respectively denote the
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state, goal and action space, 7 is the transition function, 3, is a goal-conditioned pseudo-termination
function, and v < 1 is the discount factor. At the beginning of the episode, a state s is sampled from
Ds,- A goal state ¢ is uniformly sampled from the goal space G, and is fixed for the entire episode.
The goal space may be defined over all or a subset of the state dimensions. At each timestep ¢ > 0, an
agent takes an action a; conditioned on its current state s; and goal state g, and transitions to a new
state s;11 = T (- | s¢, at). Episodes terminate according to the goal-conditioned pseudo-termination
function [22] 5, : S — {0, 1}, where 3,(s) = 1 if and only if the goal has been reached. Following
Andrychowicz et al. [23]], we focus on the problem of sparse and binary rewards, which is motivated
in robotics, for example. The agent receives a reward of —1 on all steps, and a reward of 0 upon
reaching the goal ry = —1{f,(s;) = 0}. The aim of the agent is to learn a universal policy [2]
conditioned on its state and the goal 7 : S X G — A(A) that maximises the sum of discounted
returns B [>°,° 7] from a fixed dataset D. The dataset contains N state-action trajectories of
length H, collected using an arbitrary policy in a task-agnostic manner. Following Park et al. [24],
we adopt the fully observed deterministic MDP framework for simplicity, though we additionally
evaluate in a stochastic environment.

2.2 Offline Reinforcement Learning

Offline RL is commonly formulated as a two-step procedure: first, value learning, and subsequently
policy extraction from this value function. A major challenge in offline RL is extracting an optimal
policy from suboptimal data. This difficulty is exacerbated by distribution shift [3,[10]], where the
learned policy induces state-action pairs that are poorly supported by the dataset, leading to unreliable
value estimates.

To address this issue, model-free algorithms typically incorporate some form of conservatism during
value learning, regularise policy extraction towards the dataset distribution via behaviour-cloning,
or combine both strategies. The value function might be learned with a distribution-constrained
objective [25, 7], to minimise uncertainty [26] or encourage structured representations [27]]. Similarly
for policy extraction, the agent is regularised by using an additional behaviour-cloning loss term [28]],
weighted behaviour-cloning [[8]], or rejection-sampling [29] of a behaviour-cloned policy. In all cases:

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

2.3 Options

Options [13] provide a framework for decision making at different levels of temporal abstraction.
In the original options framework, each option w ~ () represents temporally extended behaviour,
executed until termination according to a learned or predefined termination condition [30]. In contrast,
hierarchical approaches in Offline GCRL typically resample options at every timestep [24, 12} 31],
effectively removing temporal commitment and avoiding the need to specify a termination function:

m(als g)=mlalsw) w~mn(|s,9),

where 7, is the high-level policy that samples an option conditioned on the current state and goal,
and 7; is a low-level policy that samples an action conditioned on the same state and that sampled
option. Such approaches still differ from a flat policy, since the low-level policy is conditioned on
the option rather than the goal. Since local gradient information can be uninformative or misleading
when optimising for distant goals, a key benefit of this hierarchical inductive bias is that it reduces
the effective horizon for both the high-level and low-level MDP [24. [12].

3 Related Work

Extensive literature motivates hierarchy for temporal abstraction and policy horizon reduction [13}
32, 133]], but apart from Nachum et al. [34], [35] and Levy et al. [36], very little work explicitly
motivates hierarchy via representation learning and data reuse. While original work used a set of
hardcoded options [13]], since then options have been learned by identifying bottleneck states (e.g.
[37,138]), or by jointly learning the options with the low-level policy [30]]. Most work defines options
in the original state-space, but, for example, Vezhnevets et al. [14] learn options in an embedding
space. Ravindran and Barto [[15] introduce the concept of relativised options, but non-hardcoded
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implementations of relativised options have remained scarce. We remark that options can be defined
in a latent space, but still be anchored to the absolute frame of reference. All of these works study
hierarchical RL in the online setting, while we focus on the offline setting.

Offline GCRL naturally lends itself to hierarchical formulations, where high-level policies specify
intermediate goals, and low-level policies learn intermediate goal-reaching behaviours [3] [T} 12}
[24, 31, 39]. In hierarchical offline GCRL, options have again generally taken the form of absolute
options in the original state-space (e.g. [12}[31]]). Our approach is most related to HIQL [24]], which
learns latent options, but differs in two fundamental ways. First, unlike HIQL, which uses one value
function, we use two distinct value functions, enabling different representations at different levels of
the hierarchy (Section[4.3)). Second, rather than basing option embeddings on value similarity, we
base them on action similarity (Section[d.2). This changes the organisation of the latent space, since
two state-waypoints might induce similar values but differ entirely in their low-level actions.

The theory of state abstraction identifies conditions under which information can be compressed
while maintaining policy optimality at different levels of abstraction [40]. Prior work in State
Representation Learning (SRL) has explored homomorphisms, bisimulation metrics, and contrastive
objectives to map together semantically similar states (e.g. 41, [42]]). However, these methods
often require auxiliary loss terms that necessitate hyperparameter tuning and can lead to training
instability. We refer to Echchahed and Castro [43] for an overview. Furthermore, none of these
methods explicitly address hierarchical goal-conditioned representation learning.

4 Abstractive Reinforcement Learning (ARL)

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

4.1 Objective

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

m(a|s,g) =m(a|gi(s,w)) w~mnl-|Pnls,g)) 1
To allow the high-level and low-level decision processes to operate on different representations and at
different temporal abstractions (i.e. different discount factors), such an approach necessitates two
distinct value functions. In the following Motivation Box, we provide an intuition on how such
abstractions can mitigate failures in regions where the dataset suffers from low-quality transitions by
analysing the maximum error in offline RL for a finite-state, finite-action MDP.

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 [B]for a complete derivation and full definitions. We assume at
most two possible next states for each state-action pair, which is realistic given our deterministic
transition assumption (Section 2). For a flat goal-conditioned policy, the Probably Approximately
Correct (PAC) Learning error ¢ in expected return is given by [44-46]:

ISIIGIIA] - & _ d™" (s,a,q)

T a3 K= sup “RBC L .\

(1-7)3N seSacAges d™  (s,a,g)

with constant probability of 1 — §. Here, the proportionality constant depends on §. & is the
concentrability coefficient that accounts for the distribution shift in data collected by the offline
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behaviour cloning policy 7€, and the data that would have been collected under the optimal
policy 7*. d™ (s, a, g) is the discounted occupancy measure (stationary distribution) of the policy
7. Intuitively, if the dataset does not include the state-action pairs required to learn the optimal
policy, x (and hence the error €) will be large.

We build on the work of Robert et al. [47] and Li et al. [40] to show that, by using a
hierarchical policy with absolute abstraction, the maximum error is bounded by:

ehiera.rchy, rep |Ch||Q| * Rp i |Cl|¢4‘n3 - Ky .
(1—=9")3N N

This reparameterisation reduces the error bound in four ways:

1. Horizon reduction: the high-level policy faces an effective discount factor of ™ (with
n > 1) rather than +, reducing the denominator’s sensitivity: W < u_%)gﬂ

2. Cardinality Reduction: by mapping (s, g) and (s,w) pairs into equivalence classes
¢y, € Cp, and ¢; € Cy, the effective state-space is reduced: |Cp,| < |S||G]| and |C;| <
51192

3. Option Efficiency: relativised options ensure that the option space is small and invariant
to absolute position: |Q™| < ||, where 2 represents an option space anchored in
an absolute frame of reference, and Q™! represents one in a relative frame of reference.

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

dmh dri
KpP = sup 7Bcj(ch’w) and KT = sup 730(0“ ), ,
ch€ChweQ d™ (cp,w) acChacAd™ (¢, a)
where
d™ (ep,w) = Z d7(s,g,w) and d™ (¢, a) = Z df (s,w, a).

(5,9)€¢;, " (cn) (s,w)€d;  (cr)

Even if the dataset has zero mass on a specific state-goal-option (s, g, w) or state-option-
action (s,w, a), it likely has mass on the abstract-context-option (cp,,w) or abstract-
context-action (¢;, a). This reduces the likelihood of a support mismatch, where the
optimal policy requires a state transition on which the dataset places zero mass. By
aggregating similar contexts we now perform a ratio over sums such that

rep rep
Ky <kp o and K < Ky

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.

“Note 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 v — 1 [12].

4.2 Abstractive RL Implicitly Learning Relativised Options

Based on this objective, we propose a minimal amendment to HIQL [24]] to encourage learning
relativised options, which directly address the third point in the Motivation Box (Section[4.T]). Rather
than learning option representations with the value function, we propose learning them via the
low-level policy. Following HIQL, we also bound the option space to a hypersphere to introduce
geometric regularisation. However, unlike HIQL, we learn representations via the low-level policy
to push together state-waypoint pairs with similar low-level actions rather than state-waypoint pairs
with similar values. Also unlike HIQL (and, as motivated in Section[d.1I)) we use two value functions
rather than one.
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Low-Level Value. Although ARL is agnostic to the choice of loss, we train the low-level value V;
and critic @; using Implicit Q Learning [7]] to match our benchmark algorithms:

Ly, = E(s,0)~D,g.~p? (-]s,0)) [@ (W(S,gs) — Qu(s, gs, a))} 2
EQI = IE(s,a,s’)~’D,gs~p$1(-|s,a)) |:(Ql(sa gs; a) - 7’(8795) - PYIW(Sla gs))2:| 3)

where, Q; denotes the target network, -y, the low-level discount factor, ¢2 the expectile loss, and
gs € S a waypoint to the goal.

Low-Level Policy. We learn the option embeddings ¢, jointly with the low-level policy. As with
the value function, ARL is agnostic to the choice of policy and policy extraction algorithm. In our
implementations we use Advantage-Weighted Regression (AWR) [8]]:

‘Cm,¢w = 7E(s,a,s’-~gs)~D |:ealAl(S7a’S/795) logﬂl (a ‘ S,QASW(S,QS)>:| ) (4)

where A;(s,a,s’,gs) = Qi(s,gs,a) — Vi(s, gs) represents the advantage associated with action a.

High-Level Value. To stabilise training and mitigate the issue of simultaneously learning the option
representation, which can lead to training instability, we learn an action-free high-level value function,
which can be learned directly from state trajectories without requiring explicit option labels. Note that,
apart from being action-free, ARL is agnostic to the choice of high-level value learning and could be
implemented with value horizon reduction such as TD-n or TRL [48]]. In our implementations, we
use one-step IVL [49, 50]]:

Ly, = E(s,a)ND}ngD(v|s,a)) [£72— (Vh(87g) - T(Sag) - nyh(3/7g)>)} ) &)

where V, represents the high-level target network. Although this biases the high-level value function
towards being optimistic in stochastic environments, future work could incorporate a notion of
reachability from the low-level value function.

High-Level Policy. Again, ARL is agnostic to the choice of high-level policy extraction. We
hypothesise the high-level policy to be multi-modal, corresponding to distinct and equally optimal
options, but note that choice of high-level policy is orthogonal to this work. A high-level Q-function
could also be fitted to the high-level value function, which would enable use of Behaviour-Cloned
Deep Deterministic Policy Gradient (DDPGBC) for policy extraction [28], for example; we include
details in Appendix [C] In our implementations, we use a Gaussian high-level policy, which we
generally (see Appendix [E) train using AWR:

LT”L = —E(S'~~gS)ND7ng’YID(~‘S) [eahAh’(S,d)w(S’gS)’gS’g) logﬂ-h ((&W(Svgs) | S7g>:| ) (6)

where Ay, represents the advantage associated with option qAbw(s, gs). We provide pseudocode in
Algorithm[T]in Appendix [C] Full experiment details, hyperparameters, sampling methods and seeds
are found in Appendices [C|and [E] and in our codebase.

4.3 Abstractive RL Explicitly Enforcing Translation Invariance

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

We define relativised states as an unnormalised displacement vector:
V=¢gs — S5,
resulting in a single vector that simultaneously encodes both the state and waypoint.

Since hard-coding representations can impose representational constraints, our approach exploits
the two-step procedure of Offline RL as a compromise. To enforce experience reuse, we define the
low-level value function in terms of relativised states: V;(gs — s). Although this introduces a repre-
sentational constraint (where state-waypoint pairs with distinct values may map to the same relative
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VCCtOIEb, it explicitly collapses the state-waypoint space into a manifold of relative displacements,
addressing the second and fourth points in the Motivation Box (Section4.T). We remark that the
issue of representational constraints could also be mitigated by computing the difference of encoded
representations such that v = ¢, (gs) — ¢1,(s), although we did not find this to be necessary to
achieve superior performance in our experiments.

As in Section 4.2 to relativise options and address the third point in the Motivation Box, option-
embeddings are learned with the low-level policy. However, now options are also explicitly rel-
ativised by defining them in terms of relativised states. We use soft-normalisation rather than
length-normalisation to avoid numerical instability while introduce geometric regularisation and
allow re-normalising of samples from the high-level policy [24] upon deployment:

I Pu(gs — s) - tanh [|¢,(gs — )|
= QPuwlS,9s) = : dv
01 fu(15) 16005 = v

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

To satisfy local constraints, we still condition the low-level policy on the absolute state: (- |

$,bw (s, 9s)). We provide pseudocode in Algorithm [2[in Appendix [Cl Full experiment details,
hyperparameters, sampling methods and seeds are found in Appendices[C|and[E]and in our codebase.

5 Experiments

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

Benchmark and Ablations. We perform all experiments on the standard OGBench datasets,
focusing on the more challenging locomotion and manipulation environments (i.e. selecting giant
over medium or large). For completeness, we also evaluate on a stochastic setting (teleport), despite
its mismatch with our deterministic assumption (Section [2). We exclude visual environments as
they introduce additional challenges related to high-dimensional perception that are orthogonal to
this work. Unlike prior work [12} 48], we do not use oracle representations, which simplify option
learning in locomotion, and discard proprioceptive information that might be useful in manipulation.

We benchmark ARL with implicitly learned relativised options (Section ARLi), and explicitly
enforced translation invariance (Section ARLe), against the original version of HIQL [24]
(HIQL1vr), which uses a single value function and learns option representations via this value
function. To isolate the effect of the relativised representation rather than any differences arising due
to structure of the value function (ARL employs two value functions), we compare against variants of
HIQL that also use two value functions. We include a variant with two value functions that does not
include option representation learning (HIQL2v), and a variant with two value functions that learns
option representations via the low-level value function (HIQL2vr), with the intention of mirroring
HIQL1vr. Finally, we also compare against goal-conditioned IQL [7]], the best-performing flat policy
from Park et al. [5] (IQL). We refer to Appendix [C|and our codebase for full implementation details.

Since hyperparameter tuning is expensive and ARL, which is based on inductive biases, introduces no
additional hyperparameters over HIQL, we simply adopt those tuned for HIQL [5 [12] (see Appendix
[B). The fact that ARL achieves strong performance under these hyperparameters attests to its efficacy.
ARL is agnostic to the choice of policy class and value learning objective, so, to avoid related
confounding factors, we use a Gaussian and one-step TD for all experiments.

Results. Our results (Table 1| and left of Figure|2)) show that both variants of ARL outperform both
the flat and absolute hierarchical policies, achieving a mean success rate that is at least 10 percentage
points higher than the benchmarks when aggregating over all tasks. We highlight that this is without
necessitating hyperparameter tuning.

!For instance, in a maze, a state s and waypoint g5 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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Pearson r = 0.32 p = 0.252 Pearson r = 0.24 p = 0.382

169

Success Rate
!
Improvement over Best Other Algorithm
H
*
pt
ot
o

L HiQLLvr HioLv HiQL2vr ARLI ARLe 56 54 44 -4 56 54 44 -42
Algorithm

2 -50 -48 52 50 48 46
State Dim. / Size (Log10) State Dim. / Size (Log10)

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.

Simply by learning relativised options based on action similarity rather than value similarity, ARLi
consistently improves over the hierarchical benchmarks (excluding ARLe). In particular, it more
than doubles the success rate in both the humanoidmaze environments, and almost doubles it for
scene-play-vO0.

ARLe performs especially well in the manipulation environments. Most notably, in puzzle-4x4-play-
v0, an 83-dimensional manipulation task, ARLe achieves an 88% success rate, outperforming the
next-best benchmark by 39 percentage points (excluding ARLi). We hypothesise that translational
invariance is particularly beneficial in high-dimensional settings with underlying symmetries and
sparse state-space coverage. To investigate this, we plot improvement over the next-best benchmarkﬂ
against state dimensionality normalised by dataset size (right of Figure 2. Although correlation does
not imply causation, and the observed correlations are weak and not statistically significant (amplified
by a small number of environments), both ARLi and ARLe exhibit positive improvement trends with
increasing dimensional sparsity. In comparison, HIQL1vr and HIQL2vr, for example, show stronger
negative trends with increasing sparsity (Figure [f]in Appendix [D) under the same methodology.
Intuitively, it makes sense that relativised options and experience reuse become increasingly important
as sparsity increases.

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 IM 2 0£0 55+11 2147 46+6 48+8 1642
pointmaze-giant-stitch-v0 M 2 0+£0 00 0+0 0+0 0+0 0£0

antmaze-giant-navigate-v0 IM 29 0+0 3843 40+3 486 48+3 42+4
antmaze-giant-stitch-v0 M 29 0+0 7+7 1543 2043 3247 21+1
antmaze-teleport-stitch-v0 M 29 49+2 29+4 4343 40+6 36£5 41+4
humanoidmaze-giant-navigate-v0 ~ 4M 69 1+1 22+11 124£5 11£10 4946 38+4
humanoidmaze-giant-stitch-v0 4iM 69 0£0 443 0£0 0£0 13+2 10+3
cube-double-play-v0 M 37 5043 240 0+0 3+0 5342 67+3
cube-triple-play-v0 3M 46 1142 743 0+0 1+1 1442 15+3
cube-quadruple-play-v0 M 55 0+0 0+0 0+0 0+0 1+0 0£0

puzzle-3x3-play-v0 IM 55 100+0 27+8 0+0 2443 86+14 444£25
puzzle-4x4-play-v0 M 83 3043 49427 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 IM 40 1342 1243 1247 1341 2443 2143

2We 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.
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To better understand the effect of imposing translational invariance, we visualise the
low-level value functions for ARLe and HIQL2v in the antmaze locomotion environ-
ment (Figure [3). Due to explicitly collapsing equivalent relative states, ARLe learns
a substantially smoother low-level value function. We now address potential questions.

HIQL2v (low discount=0.960) ARLe (low discount=0.960)

Why not tune hyperparameters for

ARL? Offline RL typically requires * -2
significant online tuning [51], which g
is expensive and would be unscal- . s
able for training a billion-parameter £, szﬂ 1 ’“%
general-purpose agent [52} 53[]. By 10 ' 203
using inductive biases rather than rep- 5 2
resentational losses, we avoid intro- 0 24
ducing additional hyperparameters: o P o o s o o 0

ARL  achieving significant perfor- Figure 3: Low-level value function for HIQL2v (left) and

mance gains under hyperparameters AR e (right) (task 4, antmaze-giant-stitch-v0).
tuned for HIQL indicates robustness.

Why introduce ARLe if ARLi is so consistent? ARLe demonstrates how hierarchical structures
and relativised options enable level-specific representations, leveraging this inductive bias to improve
performance by 10 percentage points over ARLIi in two out of the four sparsest datasets (puzzle-4x4-
play-v0 and cube-double-play-v0).

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

Why do all algorithms perform poorly in certain tasks? We hypothesise this to be due to other
confounding factors such as: (i) poor high-level value learning and a lack of gradient in long horizon
tasks (we include plots of the high-level value function in Figure[5]in Appendix [D); (ii) the high-level
policy being unimodal rather than multimodal; (iii) not training for enough gradient steps for large
dataset sizes; (iv) not learning goal representations for the high-level policy. The aforementioned
issues could be mitigated by combining ARL with value horizon reduction methods such as TD-
n or TRL [48]], learning a flow-policy [54] rather than a Gaussian (especially for the high-level
policy), training for more steps (we run all experiments for 1M), and using, for example, Dual-Goal
Representations [53]] for the high-level decision process.

6 Conclusion

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

We provide some intuition into the choice of policy learning and representation using sample
complexity in finite state and action space problems. We build on the works of [44H47 40]].

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

A.1 GCRL Sample Complexity

Consider the case of a discrete, discounted horizon MDP with a finite state space S, action space
A and discount factor v € [0, 1). The Probably-Approximately Correct (PAC) Learning [44]] upper-
bound sample complexity to find an € optimal policy reaching a unique goal-state optimally (assuming
at most two possible next-states for each state/action pair) with constant probability of 1 — ¢ is given
by [46]:

|SIIA|
(1—7)3e
Hence, the minimax sample complexity required to find an € optimal policy reaching any given state
(such that we have |G| unique goal-states) is given by:

5116114
(I—)pe

Consider the case of a discrete finite horizon (of length H) MDP with a finite state space S, action
space A and discount factor v € [0, 1). The minimax sample complexity to find an e optimal policy
reaching a unique goal-state optimally is given by:

[SIIGIIAH?
o 5 .

Ninﬁnite, single goal

Ninﬁnite

@)

Nﬁnite
€

A.2 GCRL Hierarchical Sample Complexity

Using a hierarchical policy, we can break the distant goal g from our current state s into options
defined over an option space 2. Hence, the high-level policy becomes

|S]1G 1€
(—ape
where we have substituted the option-space to Equation[7] and use the environment’s discount factor
raised to a factor of n, assuming that the high-level policy acts, on average, every n steps.

Nhlgh x

The low-level policy has a sample complexity of
[S112]]Aln®

Nlow x > )
€

since |(2| options can be executed. Hence, the overall sample complexity of the hierarchical policy
m(als,g)=malsw), w~mn(-|s,g)is 47
Sliglel | IS]QllAln®

Nhierarchy
( 1— fyn ) 3¢2 €2

®)

Note, that, in the case of no temporal abstraction, when n = 1, we approximately recover the original
sample complexity of a flat policy. Since then the option just becomes a single primitive action,
Equation 8] becomes:

[SIGIAL | ISIAP®_ ISIIGIIA
P2 & TP
where the approximation follows due to the dominating ﬁ factor in the first term, assuming

long-horizon problems such that v — 1 and that the goal-space is larger or equal to the size of the
action space |G| > |A]

Nhierarchy

3Even 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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Issues arise under a misspecified option horizon n. In this case, the sample complexity of the
hierarchical policy becomes worse than that of a flat policy, as the skill space must then account for
every sequence of primitive actions over n steps, such that Q2| = |.A|. The sample complexity of the
hierarchical policy becomes
Nhierarchy x ‘SHQHAVL + ‘SHQHA‘nnS
(1 _ ’}/")362 62 !

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

A.3 GCRL State Representation Sample Complexity

State representation sample complexity exploits symmetry in the state-goal space to a mapping
¢(s,9) — csuch that ¢(s,g) = &(s',¢') if 7*(a | s,9) = 7*(a | §',g"). The sample complexity of
learning an optimal policy (Equation [7) becomes:

ICIIA]
(1 =)
, with |C| = |S||G| if each (s, g) has a distinct optimal action.

Nrep o

©))

Note that |C| < |S||G

B Error in Offline Goal-Conditioned RL

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

Unlike in the online setting, where it is assumed that the agent can sample any state-action pair to
learn the environment’s dynamics, in offline RL, a concentrability coefficient « is incorporated to
account for the distribution shift in data collected by the policy 72€, and the data that would have
been collected induced under the optimal policy 7*. Intuitively, if the dataset does not include the
states required to learn the optimal policy, the algorithm may never learn that optimal policy. The
concentrability coefficient x is defined as:
k= sp L9
seSacd,geg d™ (s, a,9)

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

d"(s,a,9) = (1 = 7)Errr s, go~unit(s) lz V(s = s,ar =a,90 = g)| ,
t=0

and where the trajectory is induced by the MDP and following the policy 7(a | s, g). If the dataset
is highly exploratory and covers the optimal paths well, x will be small. If the dataset is narrow, or
misses critical regions of the state-action space, « will be large.

Rearranging Equation [/|and incorporating the concentrability coefficient, the offline bound for a
goal-conditioned flat policy is given by:

[SIGIIA] - &
(1=7)3N "~

B.1 GCRL Hierarchical Error

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

Using a hierarchical policy, the error term becomes:

hierarchy |8Hg||Q| a0 ‘SHQHA‘H?’ " Rl
T AN VTN

where the concentrability coefficients are defined as:

dﬂ—; 3 ) dﬂ-l 7 )
Kp = sup LaCLIF)) and K = sup (5, 0,0)

BC BC N
seSwe,ges d™ (s,w, g) s€S,acAwe d™ (8,a,w)
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Then, introducing two embeddings that group together state-goal pairs (s, g) requiring similar options
w such that ¢5,(s, g) = ¢n(s',¢') = e if 7 (- | s,9) = 77 (- | ¢, ¢') and ¢}, € Cp,, and state-option
(s,w) requiring similar low-level actions ¢;(s,w) = ¢;(s',w’") = ¢ if 7} (- | s,w) = 7} (- | 5’,w’)E|
and ¢; € C;, the error term is bounded by:

Chll2l - ki, [ICIA? -

- + .
(I-7")°N N
Cull2 < 1S1/G112 and [C1[|A] < |S]|2|AL.

Because the concentrability coefficients are now defined using the reparameterised policies over the
reparameterised latent spaces Cj, and Cy, i.e.

6hlerarchy, rep

By definition,

dﬂ'; ChH. W dTrI* Ccr,a
Kyl = sup 7%( mw) and kT = sup 7%( 1a) ,
enelhwe d™ (cp,w) ceCacA d™ (¢, a)

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

d™ (cp,w) = Z d7(s,g,w) and d™(¢,a) = Z df (s, w, a).
(s,9)€}, ' (cn) (s.w)€d; (1)

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

Kyt <kp and KT < Ky

“Note that we should not use these same embeddings for the value or critic functions, since even though (- | s,w) =
7} (- | s’,w’), this does not instantly imply that Qp, (s, g,w) = Qp(s’,g’,w’): even though the ordering over actions might
be the same, there might be an offset such that Q, (s, g,w) = Qn(s’,¢’,w) + c(s,9,5’,9') V w. We refer the reader to
Li et al. [40].
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C Offline RL Algorithms

In the following section g, is a waypoint to the goal, such that g; € S. When sampled from the
dataset D, g, is n steps ahead of the current state s. When sampling the waypoint g, or goal g from
pP(- | s,a), we sample either from a geometric distribution according to the specified discount factor,
or a uniform distribution. Details are given in Appendix

C.1 Implicit Q-Learning (IQL)

The flat policy we benchmark is IQL [7]], which trains a state-goal value function V (s, g) and
state-goal-action value function Q(s, g, a) using the following losses:

£V = E(57G)ND,g~pD(<|s,a)) |:€72- (V(Sa g) - Q(Sa g, a)):| 5
where Q denotes the target network, and ¢2 denotes the expectile loss £2(x) = |7 — (z < 0)]+2, and

£0 = E(ea ) g () (@05 0,9) = (5,9) =1V (5 9))° |
A Gaussian policy is then extracted using the following DDPGBC [28] loss:
LPPPC = By 4 i) nD grpP (15.0) [Q(5, 9, 17 (5,9)) + alogm(a | s, 9)], (10)
which has been found to outperform AWR [[L1].

C.2 Hierarchical Implicit Q-Learning 1 Value Function with Representation Learning
(HIQL1vr)

We benchmark against HIQL [24]], which trains a single, action-free state-goal value function V (s, g)
using Implicit V-Learning (IVL) [5] and extracts hierarchical policies using AWR-like objectives.

The parameterisation ¢,, for the low-level policy is learned with the value function V (s, ¢w (s, g)),

where ¢,,(s, g) € RY, and normalised such that ||, (s, 9)||3 = d, where d is the dimension of the
embedding. The IVL loss is given by:

‘CV7¢W = E(s,a,s’)wD,ngD(~\s,a)) [gi (V(57 ng(sag)) - T(Smg) - 7‘7(3/7 (]Bw(gl,g)))} )

where V and (ZSO denote the target network and representations and ¢2 the expectile loss, as before.
The low-level and high-level policies are extracted as follows:

Lr, = ~E(ogmDgmpp oy [ O 0000 V00 log my (3,(5.9.) | 5,9) |

Lo = Eiyasrogon |:6Oél(V(s/,d;w(s"gs))fv(s,d;w(s,gs))) log 7; (a | S,g{,w(s’gs))} _

Since Park et al. [[11] found that DDPGBC is better at extracting a policy than AWR, and similarly to
Park et al. [24]]’s action-free value function, we then fit a sort of high-level, action-free Q function to
the value function:

2
£Qh = E(s,--- ,9s)~D,g~pP (-|s,a)) (Qh(37 9, gs) - Vh(gsv g)) :| :
This is simply to allow some extrapolation during extraction of the high-level policy.
C.3 Hierarchical Implicit Q-Learning 2 Value Functions (HIQL2v)
Since ARL uses two value functions, we also train a second style of HIQL, where we use a low-level

and high-level value function. The high-level value function is trained using IVL, while the low-level
value function is trained using IQL:

L3, = By g sy |2 (Vals.9) = r(s.9) = vVa(s' ) )|
d
" Ly, = E(s a)~D,g.~p? (15.0)) [@ (VZ(S’QS) - Qz(S,gs,a))} ;

2
‘CQL = E(s,a,s’)w’l),gswp% (-]s,a)) {(Ql(sagsaa) - 7'(87.93) - P)/l‘/l(slvgs)) :| )
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where Ql and Vh denote the target networks, y; =1 — = denotes the low-level discount factor, and
2 denotes the expectile loss ¢2(x) = |7 — (z < 0)]22.

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

2
Lq, = Es,... g.)~D,gpP(-|5,0)) {(Qh(S, 9:9s) — Vn(9s,9)) ] :
Policies are then extracted using one of the following two loss functions for the low-level policy:

= _E(S,a,sl---gs)wl) |:eal(Ql(s7gs7a))_‘/l(s7gs)) log m; (a | 57gs)} ,

[ DDPGBC _

L AWR

_E(s,a,s','“!]s)"‘D [QZ(S, Js, Mm (S, gs)) + g log Wl(a | S, gs)] )
and one of the following two loss functions for the high-level policy:

EQ;VR _ _E(s---gs)ND,gwpD(-|s) [ean(Qh(s,g,gs))—Vn(svg)) log 7 (gs | Sag):| )

LPPPGBC — b g~pP (|s) [@n (8,9, 1™ (s,9)) + anlog mn(gs | s, 9)] .

C.4 Hierarchical Implicit Q-Learning 2 Value Functions with Representation Learning
(HIQL2vr)

Since HIQL 1vr uses representation learning for the options, HIQL2vr learns option representations
with the low-level value function. As in HIQL1vr (Section [C.2)), the representation is length-
normalised. The high-level value function is trained as before, but the low-level value function,
low-level Q function and high-level Q-function are trained using the following losses:

[’Vz,,dm = E(S,a)wD,gswp,?l(-|s,a)) [é?r (VE(& (lgw(svgs)) - Ql(37957 CL))} )
N 2
[’Qz = E(s,a,s’)wD,gS~p,?l(~|s,a)) [(Qz(&QS,G) - T(Sags) - ’71‘/1(3/7 ¢w(3/7gs))) :| )

R 2
'CQh, = E(s,m ,gs)~D,g~pP (-|s,a)) |:(Qh(sv 9, ¢w(51 gs)) -V (gsv g)) :| .
The policies are extracted using one of the following two loss functions for the low-level policy,

LIV = By 0. [ Q02D V00D o 1 (a | 5,u(s,95) )|

EEPPGBC = _E(s a,s’,-gs)~D [QZ(S sy b ( ¢w(3 gs))) + o 1OgTrl(a | 57$w<svgs)):| y

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

EAWR _E(S g2)~D, gpT D(.|s) |:eCVh(Q}L(S;ga¢w(3798)))_‘/}L($79)) lOgﬂ'h ((Zgw(smg.S) | S’g):| ,

LPPPGBC — g p gp? {Qh(s g, 1™ (5,9)) + an log T (du (s, gs) | S,g)} .

C.5 Abstractive Reinforcement Learning Implicitly Learning Relativised Options (ARLi)

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

‘CVz = E(s,a)ND,gSNpEL(~|s,a)) [&2— (Vl (37 gs)) - Ql(sa Gs; a))} )

2
[’QL = E(s,a,s’)ND,gS~pEZ(~|s,a)) {(Qz(&gsﬂl) - T(S,gs) - Vl‘/vl(slvgs)) } >

and low-level policy functions:

LAWR —E(s,a,s/---gS)ND [eaz(Qz(s,gs,a))—‘/}(s,gs)) log m; (a | S,éw(&gs))} ,

T, 0w

LODRGBC — R [Qz(s sy (5, G (5, 95))) + au log m(a | s,figw(s,gs))} :
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Algorithm 1 Abstractive RL implicitly learning relativised options (ARL4i)

Training
Initialise low-level policy 7;(a | s,w), high-level policy 7, (w | s, g), and representation ..
while not converged do

Sample batch D

Update low-level policy m; and representation ¢,,using m;(a | s, qgw(s, gs)) (Equation [)
w < stopgrad(¢, (s, gs))
Update high-level policy 7 (w | s, g) (Equation [6)

Update low-level value function V;(s, gs) (Equation )
Update high-level value function V4 (s, g) (Equation[5)
Update critic Qi (s, gs, a) (Equation [3)

end while
return 7, 7y, Gu

Deployment (state s, goal g)
Sample option from high-level policy w ~ (- | s,9)
Length-Normalise w + <= - v/d

ol
Sample action from low-level policy a ~ (- | s,w)

s02 C.6 Abstractive Reinforcement Learning Explicitly Enforcing Translational Invariance
603 (ARLe)

604 ARL uses relativised options and relativised states for the low-level value function. Unlike ARLIi, the
605 low-level value and low-level critic now use relativised goals, and options are explicitly relativised.
e0s As for ARLI, the option representations are learned with the low-level policy. The high-level value
607 function is learned identically to HIQL2v and ARLi, but the low-level value function, low-level Q
608 function and high-level Q function are learned as follows:

£ = Bisagoma s [ (Vil0s =) = Quls, 9 = 5,0)) ]
2
EQl = E(s,a,s’)N'Dﬂs'\/P%("57‘7’)) [(Ql(sags - S, CL) - T(S?gs) - ’YlW(Qs - SI)) i| ?

~ 2
£Q}L = E(s ,gs)~D,g~pP (:|s,a)) [(Qh(sagv (bw(gs - S)) - Vh(gS’g)> :| .

609 where, as before, Ql and Vh denote the target networks, v, = 1 — % denotes the low-level discount

st0 factor, and ¢2 denotes the expectile loss £2(x) = |1 — (z < 0)|x2. The policies are extracted using
611 one of the following two loss functions for the low-level policy,

*CAWR = _E(s,a,s’~~~gs)~D [eal(Ql(8)95787(1))7%(‘0578)) IOg T (a | S,QBM(S,QS))} )

T Pw

EE[DZEBC — —E(s,ms’,mgS)ND [Ql(s,gs,,u’”(s, ng(sags))) + &7 logﬂ'l(a | S, ng(57g€)):| )

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

LAVR = —F(y...q.)~D.gmp? (5) {eah(ws,g,m(gs—s»)—vh(s,g)) log 7 (qgw(&gs) | S’g)} ’

LIFOPC = —E(s..g)nD gmpP (15) [Qh(s,g,u’”‘ (5,9)) + anlog my(du(s, gs) | 379)} -
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Algorithm 2 Abstractive RL explicitly enforcing translation invariance (ARLe)

Training
Initialise low-level policy 7;(a | s,w), high-level policy 7, (w | s, g), and representation ..
while not converged do

Sample batch from D

Update low-level policy m; and representation ¢,,using m;(a | s, qgw(s, gs)) (Equation [)

w + stopgrad (. (s, gs))
Update high-level policy 7 (w | s, g) (Equation [6)

Update low-level value function V;(gs — s) (Equation [2)
Update high-level value function V4 (s, g) (Equation[5)
Update critic Q:(s, gs — s, a) (Equation [3)

end while
return 7, 7y, Gu

Deployment (state s, goal g)
Sample option from high-level policy w ~ (- | s,9)
Soft-Normalise w « <-tanbllel) (/g

llell

Sample action from low-level policy a ~ m;(- | s,w)
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613 D Full Results

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 ARLIi ARLe
1 040 1£2 6+9 2+4 38438 444
2 040 66122 64424 75419 8647 31+14
. . . 3 040 49121 1£2 24416 8+8 2+4
pointmaze-giant-navigate-v 4 040  71£33 446 60420  10£10 22421
5 040 8947 31419 69118 96+4  21+14
Overall 0+0 55+11 21+7 466 48+8 162
1 040 040 040 040 0+0 040
2 040 0+0 0+0 040 0+0 0+0
pointmaze-giant-stitch-v0 3 00 0+0 0+0 00 0+0 0+0
4 040 0+0 0+0 040 0+0 0+0
5 040 040 040 040 0+0 040
Overall 040 0+0 0+0 040 0+0 0+0
1 040 18+8 19411 2949 1845 25+4
2 142 44419 56+6 50410 4848 4248
antmaze-giant-navigate-v0 3 040 3447 2548 39+11 51418  35+£10
4 040 3046 4447 54414 5649 4446
5 040 6416 5749 7116 6616  64=£11
Overall 040 3843 40+3 48+6 48+3 4244
1 040 8+8 9+4 3045 44414 2647
2 040 6+4 30412 26+11 2245 1444
antmaze-giant-stitch-v0 3 040 242 5+8 444 15+6 10413
4 040 16+16 16+11 3649 54414  45+11
5 040 444 15+6 642 26421 1010
Overall 0+0 717 15+3 2043 3247 21+1
1 3848 41+7 5548 4549 4249 45+4
2 55+4 36411 6116 4617 45413  55+11
antmaze-teleport-stitch-v0 3 5549 16+4 31412 3444 35+18 29+4
4 4549 2449 2247 39+11 2744  36k14
5 51+6 2619 46+11 34+11 3146 4116
Overall 4942 29+4 4343 40+6 3645 4144
1 1£2 16+9 8+8 2+4 4019 29411
2 242 36419 29+14 16+14 5046 46+4
humanoidmaze-giant-navigate-v0 3 00 1245 116 1049 4149 3245
4 040 19418 11+6 15+12 57410  40+10
5 040 2619 1£2 10+13 56+14 4544
Overall 1+1 22411 12+£5 11£10 4946 38+4
1 040 5+8 040 040 1245 11+6
2 242 11+8 242 040 31k16 2149
humanoidmaze-giant-stitch-v0 3 0£0 22 0£0 0£0 112 814
4 040 0+0 040 040 949 947
5 040 0+0 040 040 242 442
Overall 040 443 040 040 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 ARLIi ARLe
1 9446 842 0+0 1442 96+4  94+4

2 46+11 040 040 040 5946  78+11

cube-double-play-v0 3 5948 0+0 0+0 040 5245 68+4
4 1546 0+0 040 040 1447 3546

5 3449 040 040 040 4446 6149

Overall 5043 240 0+0 340 5342 6743

1 5147 35416 040 444 70410 6949

2 142 0+0 040 040 1+2 242

cubo-triple-play-v0 3 442 040 040 040 040 244
4 0+0 0+0 0+0 040 040 0+0

5 0+0 040 040 040 040 040

Overall 1142 743 040 1+1 1442 1543

1 0+0 0+0 040 040 442 242

2 040 040 040 040 040 040

cubo-quadruplo-play-v0 0+0 0+0 0+0 040 142 0+0
4 040 040 040 040 040 040

5 0+0 0+0 0+0 040 040 0+0

Overall 040 040 040 040 140 040

1 10040 10040 040 10040 10040 1000

2 10040 14421 0+0 15412 8812  45+34

3 9942 446 040 040 78419 22430

puzzle-3x3-play-v0 4 1000 244 040 242 77428 21428
5 10040 15412 040 142 89411 29432

Overall 10040 2748 040 24+3  86+14 44425

1 50410 66436 040 29412 9149 10040

2 644 32424 040 1546  70+£15 75418

3 3843 59432 040 1848 8147 9049

puzzle-4x4-play-v0 4 29413 48429 040 1044 72418 8946
5 2047 41425 0+0 1245 72413 8545

Overall 3043 49427 040 1746 78411  88+6

1 72412 82411 0+0 62415  90+13 68436

2 142 244 040 040 040 040

3 0+0 0+0 0+0 040 040 0+0

puzzle-4x5-play-v0 4 0+0 0+0 040 040 040 0+0
5 040 040 040 040 040 040

Overall 1543 1743 040 1243 1843 1447

1 5149 040 040 7646 65432 45445

2 1546 0+0 0+0 1649 242 0+0

lodr6olavv0 3 040 040 040 040 040 040
puzzle-axt-play-v 4 0+0 0+0 0+0 040 040 040
5 0+0 0+0 040 040 040 040

Overall 1341 040 040 18+2 1447 949

1 3146 2245 26423 2647 5046  44+13

2 1611 544 1144 6+4 16411 1843

sceno-play-v0 3 648 848 548 10+4 1944 1242
4 9+6 16+6 11+4 1949 3048 2649

5 142 946 845 4+4 845 6+4

Overall 1342 1243 1247 1341 2443 2143
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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.
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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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1QL (incl. ARLi/ARLe)

Pearson 1 =-0.14 p = 0.621

1QL (excl. ARL/ARLe)

Pearson 1= 0.32 p = 0.247

Improvement over Best Other Algorithm

HIQLLvr (incl. ARLi/ARLe)

nr=-065p = 000824

HIQLLYr (excl. ARLi/ARLe)

arson = 023 p = 0.403

HIQL2v (incl. ARLI/ARLe)

Pearson 1 =-0.24 p = 0.422

HIQL2v (excl. ARLI/ARLe)

Pearson r=-0.14p = 0,658

HIQL2vr (incl. ARL/ARLe)

nr=-071p = 000276

HIQL2vr (excl. ARLi/ARLe)

nr=056p=00298

56 54 52 S0 -as a6 44 - En
State Dim. / Size (Log10)

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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E Experimental Details

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

Datasets. We use the standard OGBench datasets. States are randomly and uniformly sampled
from the dataset. Goals for the value function learning and policy extraction are sampled using a
certain probability of sampling the current state pZ, from the current trajectory pt?aj (geometrically,
according to the discount factor, or uniformally), or randomly from the dataset pgnd. waypoints g,
are taken as the states n steps ahead of the current state.

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 M
antmaze-giant 29 8 1000 M
antmaze-teleport 29 8 1000 M
humanoidmaze-large 69 21 1000 4M
humanoidmaze-giant 69 21 4000 4M
cube-double 37 5 500 M
cube-triple 46 5 1000 3M
cube-quadruple 55 5 1000 M
puzzle-3x3 55 5 500 M
puzzle-4x4 83 5 500 M
puzzle-4x5 99 5 1000 3M
puzzle-4x6 115 5 1000 M
scene-play 40 5 750 M

Reward Relabelling. Unlike prior work on OGBench [5]], we use the original environment reward
functions for relabeling rewards rather than using a binary indicator of the state-index to ensure
that the agent remains focused on the primary task objectives and prevents the value function from
becoming overly specific to irrelevant dimensions. To ensure fair comparison, this relabeling strategy
is applied consistently across all algorithms and tasks. Note that assuming access to the environment
reward function in robotic tasks is an entirely valid assumption.

Hyperparameters. We provide the full list of hyperparameters. We follow those from Park et al.
[S] and Park et al. [12]]. Notably, while these parameters were specifically tuned for HIQL, we apply
them to ARL without further adjustment. The fact that ARL achieves strong performance using
parameters optimised for a different algorithm demonstrates its robustness. We use DDPGBC with a
behaviour cloning strength of 0.1 to extract the high-level policy in manipulation tasks, which allows
for more extrapolation [[L1]. This was generally found to outperform AWR.
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Table 5: Hyperparameters

Hyperparameter Value

Gradient steps 10°

Optimiser Adam [56]

Learning rate 0.0003

Batch size 1024

Layer Normalisation [57] True

Nonlinearity GELU [58]

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 7 0.9 IQL), 0.7 (HIQL 1vr, HIQL2v, HIQL2vr, ARLi, ARLe)
Value ratio (pZ,, pgj,ngnd, Pasom) (0.2,0.5,0.3,0)

Low Value ratio (pZ),, p{’;;j, PE g PoRom)  (0.10,0.85,0.05,1)
High Value ratio (pZ),, pgj,pfnd,pgpeom) (0.2,0.5,0.3,0)

Policy ratio (pCDur,p;rDaj,pgnd,pgDeom) (0.0,0.5,0.5,1)

Table 6: Task-Specific Hyperparameters

Task n 0% Loss 7 a Loss m; ay Loss 7, ap
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-v0Q 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 0999 DDPGBC 0.1 AWR 3.0 AWR 3.0
cube-double-play-v0 25 099 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 25 099 DDPGBC 1.0 AWR 3.0 DDPGBC 0.1
puzzle-3x3-play-v0 25 099 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 25 099 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 25 099 DDPGBC 1.0 AWR 3.0 DDPGBC 0.1

633 The low-level discount factor is computed as y; = 1 — % The high-level discount factor is computed
634 asy, =".
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F Limitations

ARLe’s performance depends on the alignment between its inductive bias (assuming translational
invariance) and the environment’s structure. We discuss these limitations with the experiments
(Section[5) and in the conclusion (Section [6)).

Like other prior methods learning action-free value functions, learning an action-free high-level value
function biases our instantiations of ARL towards being optimistic in stochastic environments [24].
Such optimism bias could be addressed by disentangling controllable parts of the state [59], but we
leave this to future work. We also note that, since only the high-level value function is action-free,
performance degradation compared to IQL for both ARLe and ARL.i in the stochastic environment
(antmaze-teleport-stitch-v0) is less significant than for HIQL 1vr, for example.

Including more than 15 environments would have helped to strengthen our hypothesis in Section [6}
but we were limited by compute resources.

G Compute

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

Impact Statement

This paper presents work whose goal is to advance the field of machine learning. There are many
potential societal consequences of our work, none of which we feel must be specifically highlighted
here.
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NeurlIPS Paper Checklist

1. Claims

Question: Do the main claims made in the abstract and introduction accurately reflect the
paper’s contributions and scope?

Answer: [Yes]
Justification: Methods Section d]and Experiments Section [5
Guidelines:
e The answer [N/A] means that the abstract and introduction do not include the claims
made in the paper.

* The abstract and/or introduction should clearly state the claims made, including the
contributions made in the paper and important assumptions and limitations. A or
[N/A] answer to this question will not be perceived well by the reviewers.

* The claims made should match theoretical and experimental results, and reflect how
much the results can be expected to generalize to other settings.

* It is fine to include aspirational goals as motivation as long as it is clear that these goals
are not attained by the paper.

. Limitations

Question: Does the paper discuss the limitations of the work performed by the authors?
Answer: [Yes]

Justification: Appendix [F]and discussion in Sections [5|and [6]

Guidelines:

* The answer [N/A] means that the paper has no limitation while the answer means
that the paper has limitations, but those are not discussed in the paper.

* The authors are encouraged to create a separate “Limitations” section in their paper.

The paper should point out any strong assumptions and how robust the results are to
violations of these assumptions (e.g., independence assumptions, noiseless settings,
model well-specification, asymptotic approximations only holding locally). The authors
should reflect on how these assumptions might be violated in practice and what the
implications would be.

* The authors should reflect on the scope of the claims made, e.g., if the approach was
only tested on a few datasets or with a few runs. In general, empirical results often
depend on implicit assumptions, which should be articulated.

* The authors should reflect on the factors that influence the performance of the approach.
For example, a facial recognition algorithm may perform poorly when image resolution
is low or images are taken in low lighting. Or a speech-to-text system might not be
used reliably to provide closed captions for online lectures because it fails to handle
technical jargon.

* The authors should discuss the computational efficiency of the proposed algorithms
and how they scale with dataset size.

If applicable, the authors should discuss possible limitations of their approach to
address problems of privacy and fairness.

* While the authors might fear that complete honesty about limitations might be used by
reviewers as grounds for rejection, a worse outcome might be that reviewers discover
limitations that aren’t acknowledged in the paper. The authors should use their best
judgment and recognize that individual actions in favor of transparency play an impor-
tant role in developing norms that preserve the integrity of the community. Reviewers
will be specifically instructed to not penalize honesty concerning limitations.

3. Theory assumptions and proofs

Question: For each theoretical result, does the paper provide the full set of assumptions and
a complete (and correct) proof?

Answer: [Yes]
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Justification: Motivation Box in Section[d and Appendix [B]

Guidelines:

The answer [IN/A] means that the paper does not include theoretical results.

All the theorems, formulas, and proofs in the paper should be numbered and cross-
referenced.

All assumptions should be clearly stated or referenced in the statement of any theorems.
The proofs can either appear in the main paper or the supplemental material, but if
they appear in the supplemental material, the authors are encouraged to provide a short
proof sketch to provide intuition.

Inversely, any informal proof provided in the core of the paper should be complemented
by formal proofs provided in appendix or supplemental material.

Theorems and Lemmas that the proof relies upon should be properly referenced.

4. Experimental result reproducibility

Question: Does the paper fully disclose all the information needed to reproduce the main ex-
perimental results of the paper to the extent that it affects the main claims and/or conclusions
of the paper (regardless of whether the code and data are provided or not)?

Answer: [Yes]

Justification: All loss functions and hyperparameters are detailed in Appendices[C|and[E]
Code is provided, with the exact seeds and command lines required to generate results.

Guidelines:

The answer [IN/A | means that the paper does not include experiments.
If the paper includes experiments, a answer to this question will not be perceived
well by the reviewers: Making the paper reproducible is important, regardless of
whether the code and data are provided or not.
If the contribution is a dataset and/or model, the authors should describe the steps taken
to make their results reproducible or verifiable.
Depending on the contribution, reproducibility can be accomplished in various ways.
For example, if the contribution is a novel architecture, describing the architecture fully
might suffice, or if the contribution is a specific model and empirical evaluation, it may
be necessary to either make it possible for others to replicate the model with the same
dataset, or provide access to the model. In general. releasing code and data is often
one good way to accomplish this, but reproducibility can also be provided via detailed
instructions for how to replicate the results, access to a hosted model (e.g., in the case
of a large language model), releasing of a model checkpoint, or other means that are
appropriate to the research performed.

While NeurIPS does not require releasing code, the conference does require all submis-

sions to provide some reasonable avenue for reproducibility, which may depend on the

nature of the contribution. For example

(a) If the contribution is primarily a new algorithm, the paper should make it clear how
to reproduce that algorithm.

(b) If the contribution is primarily a new model architecture, the paper should describe
the architecture clearly and fully.

(c) If the contribution is a new model (e.g., a large language model), then there should
either be a way to access this model for reproducing the results or a way to reproduce
the model (e.g., with an open-source dataset or instructions for how to construct
the dataset).

(d) We recognize that reproducibility may be tricky in some cases, in which case
authors are welcome to describe the particular way they provide for reproducibility.
In the case of closed-source models, it may be that access to the model is limited in
some way (e.g., to registered users), but it should be possible for other researchers
to have some path to reproducing or verifying the results.

5. Open access to data and code

Question: Does the paper provide open access to the data and code, with sufficient instruc-
tions to faithfully reproduce the main experimental results, as described in supplemental
material?
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Answer: [Yes]

Justification: Code is provided in the supplementary material, with the exact seeds and
command lines required to generate results. The data is referenced and open-sourced.

Guidelines:

* The answer [N/A] means that paper does not include experiments requiring code.

* Please see the NeurIPS code and data submission guidelines (https://neurips.cc/
public/guides/CodeSubmissionPolicy) for more details.

* While we encourage the release of code and data, we understand that this might not

be possible, so is an acceptable answer. Papers cannot be rejected simply for not
including code, unless this is central to the contribution (e.g., for a new open-source
benchmark).

* The instructions should contain the exact command and environment needed to run to
reproduce the results. See the NeurIPS code and data submission guidelines (https:
//neurips.cc/public/guides/CodeSubmissionPolicy) for more details.

* The authors should provide instructions on data access and preparation, including how
to access the raw data, preprocessed data, intermediate data, and generated data, etc.

* The authors should provide scripts to reproduce all experimental results for the new
proposed method and baselines. If only a subset of experiments are reproducible, they
should state which ones are omitted from the script and why.

* At submission time, to preserve anonymity, the authors should release anonymized
versions (if applicable).

* Providing as much information as possible in supplemental material (appended to the
paper) is recommended, but including URLSs to data and code is permitted.

6. Experimental setting/details

Question: Does the paper specify all the training and test details (e.g., data splits, hyperpa-
rameters, how they were chosen, type of optimizer) necessary to understand the results?

Answer: [Yes]
Justification: Details in the Experiments Section[5]and Appendices
Guidelines:

* The answer [N/A] means that the paper does not include experiments.

* The experimental setting should be presented in the core of the paper to a level of detail
that is necessary to appreciate the results and make sense of them.

* The full details can be provided either with the code, in appendix, or as supplemental
material.

. Experiment statistical significance

Question: Does the paper report error bars suitably and correctly defined or other appropriate
information about the statistical significance of the experiments?

Answer: [Yes]

Justification: Bootstrapped 95% confidence intervals and Pearson Correlation for statistical
significance tests.

Guidelines:

* The answer [N/A] means that the paper does not include experiments.

* The authors should answer [ Yes] if the results are accompanied by error bars, confidence
intervals, or statistical significance tests, at least for the experiments that support the
main claims of the paper.

* The factors of variability that the error bars are capturing should be clearly stated (for
example, train/test split, initialization, random drawing of some parameter, or overall
run with given experimental conditions).

* The method for calculating the error bars should be explained (closed form formula,
call to a library function, bootstrap, etc.)

* The assumptions made should be given (e.g., Normally distributed errors).
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10.

« It should be clear whether the error bar is the standard deviation or the standard error
of the mean.

It is OK to report 1-sigma error bars, but one should state it. The authors should
preferably report a 2-sigma error bar than state that they have a 96% CI, if the hypothesis
of Normality of errors is not verified.

» For asymmetric distributions, the authors should be careful not to show in tables or
figures symmetric error bars that would yield results that are out of range (e.g., negative
error rates).

* If error bars are reported in tables or plots, the authors should explain in the text how
they were calculated and reference the corresponding figures or tables in the text.
Experiments compute resources

Question: For each experiment, does the paper provide sufficient information on the com-
puter resources (type of compute workers, memory, time of execution) needed to reproduce
the experiments?

Answer: [Yes]
Justification: Appendix
Guidelines:

* The answer [N/A] means that the paper does not include experiments.

* The paper should indicate the type of compute workers CPU or GPU, internal cluster,
or cloud provider, including relevant memory and storage.

* The paper should provide the amount of compute required for each of the individual
experimental runs as well as estimate the total compute.

* The paper should disclose whether the full research project required more compute
than the experiments reported in the paper (e.g., preliminary or failed experiments that
didn’t make it into the paper).

. Code of ethics

Question: Does the research conducted in the paper conform, in every respect, with the
NeurIPS Code of Ethics https://neurips.cc/public/EthicsGuidelines?

Answer: [Yes]

Justification: We confirm that the research conforms with the NeurIPS Code of Ethics in
every respect.

Guidelines:
e The answer [N/A] means that the authors have not reviewed the NeurIPS Code of
Ethics.
e If the authors answer , they should explain the special circumstances that require a

deviation from the Code of Ethics.
* The authors should make sure to preserve anonymity (e.g., if there is a special consid-
eration due to laws or regulations in their jurisdiction).
Broader impacts

Question: Does the paper discuss both potential positive societal impacts and negative
societal impacts of the work performed?

Answer: [Yes]
Justification: Appendix [G}
Guidelines:

» The answer [N/A] means that there is no societal impact of the work performed.

e If the authors answer [N/A] or , they should explain why their work has no societal
impact or why the paper does not address societal impact.

» Examples of negative societal impacts include potential malicious or unintended uses
(e.g., disinformation, generating fake profiles, surveillance), fairness considerations
(e.g., deployment of technologies that could make decisions that unfairly impact specific
groups), privacy considerations, and security considerations.
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12.

» The conference expects that many papers will be foundational research and not tied
to particular applications, let alone deployments. However, if there is a direct path to
any negative applications, the authors should point it out. For example, it is legitimate
to point out that an improvement in the quality of generative models could be used to
generate Deepfakes for disinformation. On the other hand, it is not needed to point out
that a generic algorithm for optimizing neural networks could enable people to train
models that generate Deepfakes faster.

* The authors should consider possible harms that could arise when the technology is
being used as intended and functioning correctly, harms that could arise when the
technology is being used as intended but gives incorrect results, and harms following
from (intentional or unintentional) misuse of the technology.

* If there are negative societal impacts, the authors could also discuss possible mitigation
strategies (e.g., gated release of models, providing defenses in addition to attacks,
mechanisms for monitoring misuse, mechanisms to monitor how a system learns from
feedback over time, improving the efficiency and accessibility of ML).

Safeguards

Question: Does the paper describe safeguards that have been put in place for responsible
release of data or models that have a high risk for misuse (e.g., pre-trained language models,
image generators, or scraped datasets)?

Answer: [N/A]
Justification: The paper poses no such risks.
Guidelines:

* The answer [N/A] means that the paper poses no such risks.

* Released models that have a high risk for misuse or dual-use should be released with
necessary safeguards to allow for controlled use of the model, for example by requiring
that users adhere to usage guidelines or restrictions to access the model or implementing
safety filters.

 Datasets that have been scraped from the Internet could pose safety risks. The authors
should describe how they avoided releasing unsafe images.

* We recognize that providing effective safeguards is challenging, and many papers do
not require this, but we encourage authors to take this into account and make a best
faith effort.

Licenses for existing assets

Question: Are the creators or original owners of assets (e.g., code, data, models), used in
the paper, properly credited and are the license and terms of use explicitly mentioned and
properly respected?

Answer: [Yes]
Justification: We cite the original papers that produced the code packages and datasets.
Guidelines:

* The answer [N/A] means that the paper does not use existing assets.
* The authors should cite the original paper that produced the code package or dataset.

 The authors should state which version of the asset is used and, if possible, include a
URL.

* The name of the license (e.g., CC-BY 4.0) should be included for each asset.

 For scraped data from a particular source (e.g., website), the copyright and terms of
service of that source should be provided.

 If assets are released, the license, copyright information, and terms of use in the
package should be provided. For popular datasets, paperswithcode.com/datasets
has curated licenses for some datasets. Their licensing guide can help determine the
license of a dataset.

* For existing datasets that are re-packaged, both the original license and the license of
the derived asset (if it has changed) should be provided.
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16.

* If this information is not available online, the authors are encouraged to reach out to
the asset’s creators.

New assets

Question: Are new assets introduced in the paper well documented and is the documentation
provided alongside the assets?

Answer: [N/A]
Justification: The paper does not release new assets.
Guidelines:

» The answer [N/A] means that the paper does not release new assets.

» Researchers should communicate the details of the dataset/code/model as part of their
submissions via structured templates. This includes details about training, license,
limitations, etc.

* The paper should discuss whether and how consent was obtained from people whose
asset is used.

* At submission time, remember to anonymize your assets (if applicable). You can either
create an anonymized URL or include an anonymized zip file.
Crowdsourcing and research with human subjects

Question: For crowdsourcing experiments and research with human subjects, does the paper
include the full text of instructions given to participants and screenshots, if applicable, as
well as details about compensation (if any)?

Answer: [N/A]
Justification: The paper does not involve crowdsourcing nor research with human subjects.
Guidelines:
* The answer [N/A]| means that the paper does not involve crowdsourcing nor research
with human subjects.

* Including this information in the supplemental material is fine, but if the main contribu-
tion of the paper involves human subjects, then as much detail as possible should be
included in the main paper.

* According to the NeurIPS Code of Ethics, workers involved in data collection, curation,
or other labor should be paid at least the minimum wage in the country of the data
collector.

Institutional review board (IRB) approvals or equivalent for research with human
subjects

Question: Does the paper describe potential risks incurred by study participants, whether
such risks were disclosed to the subjects, and whether Institutional Review Board (IRB)
approvals (or an equivalent approval/review based on the requirements of your country or
institution) were obtained?

Answer: [N/A]
Justification: The paper does not involve crowdsourcing nor research with human subjects.
Guidelines:
* The answer [N/A] means that the paper does not involve crowdsourcing nor research
with human subjects.

* Depending on the country in which research is conducted, IRB approval (or equivalent)
may be required for any human subjects research. If you obtained IRB approval, you
should clearly state this in the paper.

* We recognize that the procedures for this may vary significantly between institutions
and locations, and we expect authors to adhere to the NeurIPS Code of Ethics and the
guidelines for their institution.

* For initial submissions, do not include any information that would break anonymity (if
applicable), such as the institution conducting the review.

Declaration of LLLM usage
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Question: Does the paper describe the usage of LLMs if it is an important, original, or
non-standard component of the core methods in this research? Note that if the LLM is used
only for writing, editing, or formatting purposes and does not impact the core methodology,
scientific rigor, or originality of the research, declaration is not required.

Answer: [N/A]

Justification: The core method development in this research does not involve LLMs as any
important, original, or non-standard components.

Guidelines:

* The answer [N/A] means that the core method development in this research does not
involve LLMs as any important, original, or non-standard components.

* Please refer to our LLM policy in the NeurIPS handbook for what should or should not
be described.
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