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ABSTRACT

Learning to tackle long-horizon, goal-conditioned tasks requires an agent to reason
over extended timescales and act across a broad range of states. In principle, Hi-
erarchical Reinforcement Learning (HRL) addresses both challenges through the
interaction between action (temporal) and state (spatial) abstraction. First, using an
action abstraction to represent temporally extended behaviour as options reduces
the effective decision horizon. Second, enabling different state abstractions at
each level of the decision process permits greater data aggregation for learning.
However, realising these two benefits of a hierarchical policy depends on learning
an appropriate action abstraction. Current HRL algorithms fail in one of two ways.
Some discard distinctions between options needed for optimal control, undermining
hierarchy altogether. Others retain unnecessary distinctions, preserving horizon re-
duction, but forfeiting coarser state abstraction. In this work, we characterise three
desiderata for an action abstraction. We introduce Q-Shaped Options (QSO) to
address all three. QSO builds on an architecture with distinct state-value functions,
Q functions and policies at each level of the hierarchy. It learns the action abstrac-
tion between consecutive levels as a shared encoder shaped by their respective Q
functions. The low-level Q function uses the option as a goal, encouraging the
abstraction to retain distinctions necessary for optimal control. The high-level Q
function uses it as an action, encouraging unnecessary distinctions to be discarded.
Across offline goal-conditioned locomotion and manipulation environments, QSO
learns semantically meaningful option spaces and outperforms baselines, achieving
non-zero performance in tasks where all other evaluated algorithms fail. Our code
is open sourced athttps://github.com/CWibault/QSO.

1 INTRODUCTION

Learning to tackle long-horizon, goal-conditioned (Kaelbling, |1993};|Schaul et al.,2015)) tasks requires
an agent to reason over extended timescales and act across a broad range of states (Sutton et al.,|1999;
Park et al.l |2026)). In goal-conditioned two-tiered Hierarchical Reinforcement Learning (HRL) a
high-level policy outputs a high-level action or option (Sutton et al.,|1999) conditioned on the current
state and goal; a low-level policy then conditions on this option as well as the current state to output a
primitive action (Figure[Th). In maze navigation, for example, the option might be to reach “a point
two metres down”, while the primitive action could be applying torques to an individual joint.

In principle, HRL (Barto and Mahadevan| 2003) addresses both challenges of long-horizon, goal-
conditioned tasks through the interaction between action (temporal) and state (spatial) abstraction
(Konidaris, |2019). First, by using an action abstraction to represent temporally extended behaviour as
options, a hierarchical policy reduces the effective decision horizon (Park et al.|[2026)). The high-level
policy reasons over options instead of primitive actions, while the low-level policy reasons to pursue
the option rather than the distant goal. Second, by enabling different state abstractions at each
level of the hierarchy (Figure[Th), a hierarchical policy can achieve coarser state abstraction than a
non-hierarchical policy if each level discards different information irrelevant to its part of the decision
process (Konidaris, 2019; |Konidaris et al., 2018). Intuitively, this permits greater data aggregation for
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Figure 1: (a) HRL permits different state abstractions ¢y, (s, g) and ¢;(sg,w;) at each level of the
decision process. (b) Decoupled policy training. (c¢) Different methods for learning the action
abstraction ¢, (T¢.t4%)-

learning. For example, the high-level can aggregate all examples at a certain coordinate irrespective of
pose, which is too fine-grained for high-level control, while the low-level can aggregate all examples
with a certain pose irrespective of coordinates, since reaching “a point two metres down” requires the
same actions wherever the agent is.

However, realising these two benefits of a hierarchical policy depends on learning an appropriate
action abstraction. To improve stability and avoid collapsing to degenerate solutions (Bacon et al.}
2017), decoupled approaches (Ajay et al., [2020; |Park et al., 2023} |2026)) train each policy separately
(Figure[Tp) using fixed-length trajectory segments. The action abstraction maps these segments to the
option space, serving as actions for the high-level policy and goals for the low-level policy during
training. The issue is that current HRL algorithms learn abstractions that fail in one of two ways.
Some discard distinctions between options that are needed for optimal control (Park et al., 2023} L1
et al.,2006). This limits the quality of the recoverable policy and undermines hierarchy altogether.
Others retain distinctions between options that are irrelevant for control (Park et al., [2026; |Ajay
et al.,[2020; [Ravindran and Barto), |2002). This preserves horizon reduction but forfeits coarser state
abstraction, as functionally equivalent behaviours remain distinct outputs of the high-level policy and
distinct inputs to the low-level one.

In this work, we characterise three desiderata for an action abstraction to enable horizon reduction
and data aggregation. We introduce Q-Shaped Options (QSO) to address all three. QSO builds on
an architecture (Park et al., 2026) with separate state-value functions, Q functions and policies at
each level of the hierarchy. It learns the action abstraction between consecutive levels as an encoder
shared between the two levels and shaped by their respective Q functions. To our knowledge, QSO
is the first HRL algorithm to learn an action abstraction through a Q function. We encode only
the current and target states to represent the outcome of a trajectory segment rather than the exact
state-action sequence that produced it. We shape the abstraction via the low-level Q function to
separate options with different low-level Q values (Li et al.,2006), retaining distinctions necessary for
optimal control. Finally, we shape the abstraction via the high-level Q function to provide an inductive
bias for discarding unnecessary distinctions between functionally equivalent behaviour. Across offline
(Levine et al.,[2020; Lange et al., 2012) goal-conditioned locomotion and manipulation environments,
QSO learns semantically meaningful option spaces (Figures 2} [6|and [7) and outperforms baselines
(Table[2), achieving non-zero performance in tasks where all other evaluated algorithms fail (Table
[7). We summarise our contributions as follows.

1. We provide a formal definition of a control-sufficient action abstraction and prove that exact
low-level Q-shaping satisfies control sufficiency.

2. We extend a Probably Approximately Correct bound on offline error in a finite-state and finite-
action MDP to motivate discarding unnecessary distinctions between options.

3. We develop Q-Shaped Options (QSO), to our knowledge the first HRL algorithm to learn the
action abstraction through a Q function, yielding a control-sufficient action abstraction that also
discards unnecessary distinctions between options.

2 RELATED WORKS

As summarised in Table [T and shown in Figure [Tc, prior algorithms using decoupled training
approaches differ substantially both in what the action abstraction encodes, ranging from a single
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Algorithm  Encodes Method Preserves Discards
HIQL Sty St+k 1% No Yes
OPAL Teittk B-VAE (Surrogate Objective) Yes No
SHARSA St+k - Yes No
DSHARSA  s:4% - Yes No
ASO St+k - Yes No
QSO Sty St+k Qr and Q) Yes Yes

Table 1: Properties of the action abstraction ¢,,: what the abstraction encodes; the method used to
learn the abstraction; whether the objective encourages preserving distinctions necessary for optimal
control and whether the abstraction empirically exhibits discarding unnecessary distinctions.

target state s to the full k-step state-action trajectory segment 744, and the method used to learn
the action abstraction.

HIQL (Park et al., [2023) learns the action abstraction through its single action-free state-value
function V (s, ¢, (s, g)). However, value equivalence does not imply action equivalence (Li et al.,
2000), as two state-goal pairs can share a value, and hence option, while requiring entirely different
immediate actions (Figure[2h). This means that the abstraction can discard information necessary for
optimal control.

SHARSA and DSHARSA (Park et al.l 2026)) simply bypass learning an action abstraction by using
subgoal options w; = s;1x (Konidaris, 2019), which specify the entire state that the low-level policy
should reach. The “encoder” is just an identity mapping. While these “options” retain the information
required for low-level control, they distinguish functionally equivalent behaviour occurring at different
points in the state space (Figure [2c), limiting coarser state abstraction and hence data aggregation for
learning.

OPAL (Ajay et al.,[2020) uses a surrogate objective to learn an option space wy ~ ¢y, (wt | Tet4k)
with a -VAE trained to reconstruct the entire action sequence. This means that the option encodes
how a segment was executed, instead of its outcome. Similarly to SHARSA and DSHARSA, such an
encoding hinders coarser state abstraction as two trajectory segments with the same outcome may be
represented differently just because their executions differ (Figure 2b).

QC (Li et al.} [2026), which builds on action chunking (Zhao et al., [2023)), is closely related to our
work as it also provides temporal abstraction, but rather than having a multi-level structure, a non-
hierarchical policy outputs an action chunk 7(as.¢1x | ¢, g). Because a single level is responsible for
the entire decision process, this prevents coarser state abstraction.

3 PRELIMINARIES

Problem Setting We consider a goal-conditioned Markov Decision Process (MDP) (Sutton et al.,
1998; |Schaul et al., 2015) defined by the tuple M := (ps,,pq,S,G, A, T,7,7), where p,, is the
initial state distribution, p, is the goal distribution, S, G and A respectively denote the state, goal
and action spaces with G = S, and T is the transition function. r(s,g) := —(1 — (s, g)) and
(s, 9) :=v-(1—p(s,9)), where y € [0,1) is a constant, are the reward and discount or continuation
functions (Andrychowicz et al.| 2017} Sutton et al., 2011; |White et al.l |2012) defined through a
goal-achievement indicator 3 : S x G — {0, 1} (specified per environment in Appendix E]): the agent
receives —1 per step until the goal is reached, after which the return terminates. At the beginning of
the episode, a state sg is sampled from p,,, and a goal g is sampled from p,. The goal is fixed for the
entire episode. At each timestep ¢t > 0, an agent takes an action a; conditioned on its current state
s¢ and goal state ¢, and deterministically transitions to a new state s;+1 = 7 (s, a;); we adopt the
fully observed deterministic MDP framework as used in Park et al.|(2025) for simplicity. Our aim
is to learn a policy 7 : S x G — A(A), where A(A) denotes the space of probability distributions
over A, from a fixed dataset D of N state-action trajectories of length H, collected by an arbitrary
policy, that maximises E [Zfio(]_[f;é (si,9)) r(st, g)]. The return is bounded in [-1/(1 — ~), 0]
and is maximised by minimising the discounted time to reach the goal. In what follows we write the
constant v in place of (s, g) and omit goal-termination masking for clarity.
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Hierarchical Reinforcement Learning In two-tiered goal-conditioned HRL (Barto and Mahade-
van|, 2003 [Park et al., [2023) the aim is to learn a high-level policy 7y (w; | st, g) that outputs an
option w;y € {2, where €2 denotes the option space, conditioned on the current state s; € S and goal
g € G; alow-level policy m;(at | s¢,w;) then conditions on this option as well as the current state to
output a low-level action a; € A (Figure[Th), such that the overall policy is defined by the following:

W(at | 8t7g) 1:/ Wl(at | Stawt)ﬂ'h(wt | Stvg)dwt~
w €N

While options may have fixed or variable temporal extent, in this work we focus on fixed-length
options, which do not collapse to degenerate solutions (Bacon et al.,2017) and simplify the separation
of the two decision processes with a fixed temporal and discount relationship. During training, an
action abstraction ¢,, is learned and used to encode (a subset of) the k-step state-action trajectory
segment Ty.py ) = (8¢, Ay, -+ , Sk ) N0 an option wy = @, (7141 ). The high-level policy is trained
to output this option, while the low-level policy is trained to condition on this option. At deployment,
the action abstraction is no longer required, since the two levels communicate entirely within option
space.

4 Q-SHAPED OPTIONS

Our aim is to learn an action abstraction that represents the outcome of a trajectory segment rather
than the exact state-action sequence that produced it, retains distinctions between options necessary
for optimal control, and discards unnecessary distinctions.

4.1 DESIDERATA

The action abstraction should represent the outcome of a trajectory segment rather than the
exact state-action sequence that produced it.

We want to prevent potentially suboptimal dataset execution from becoming a part of the option’s
representation. To enable two different executions with the same outcome to map to the same option,
we restrict the abstraction to be a function of the state-achieved-state pair (s, S¢+x ), rather than the
entire state-action trajectory segment. We include the current state as well as the achieved state to
enable representing relative rather than absolute outcome (see Desideratum 3). HIQL also encodes
(8¢, St+k ), but motivates this choice empirically.

‘ Desideratum 1. Represent outcome rather than exact execution. ’

‘ QSO: Action abstraction encodes (8¢, Stk ) instead of 7¢.41. ’

The action abstraction should be control-sufficient i.e. preserve distinctions between options
necessary for optimal control.

We want two target states that require different actions from the same current state map to different
options, so that a policy conditioning on the representation instead of the target state can still be
optimal for both. To address control sufficiency, we shape the abstraction through the low-level Q
function. If two admissible target states require different actions from the same current state, the
low-level Q function must represent different sets of action values. Minimising the Bellman error
therefore pressures the action abstraction to map the current and target state pairs to different points
in the option space. Conversely, if two trajectory segments have functionally equivalent relative
outcomes but different dataset executions, they can share an option if their sets of action values are
compatible, even if one was executed well and the other poorly. This can enable the low-level policy to
draw on the better execution at deployment. Definition [I| formalises this notion of a control-sufficient
action abstraction, while Proposition [1|connects this property to the low-level Q shaping objective.
We refer to Appendix [B]for the proof.
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Definition 1. Control-sufficient action abstraction.

Let G (s) C S denote the set of admissible target states for the k-step low-level decision problem
from state s, and let IT* (s, g5 ) := argmax,,Q*(s, ¢s, a) denote the set of optimal actions of the
original MDP. An action abstraction ¢,, is control-sufficient if, for all s € S and gs, g, € Gi(s),

¢w(svgs) :¢w(5ag;) = H*(5798) :H*(S,g;).

In particular, there exists a low-level policy m; such that m;(- | s, d.(s,gs)) is supported on
IT* (s, g5 ) for every admissible pair (s, gs).

Note that Q-shaping is stronger than control sufficiency, as it distinguishes between options whose
action values differ only by an additive offset or in the ranking of suboptimal actions, even if these
differences do not affect the optimal action.

Proposition 1. Low-level Q-shaping implies control sufficiency.
Suppose there exists a low-level critic @Q; such that Q; (s, ¢.,(s, gs),a) = Q*(s, gs, a) for all

s €8,9s € Gr(s)and a € A, i.e. ¢, is a Q*-irrelevance abstraction in the sense of [Li et al.
(2006). Then ¢,, is control-sufficient.

‘ Desideratum 2. Preserve distinctions between options necessary for optimal control. ’

‘ QSO: Learn action abstraction through low-level Q function: Q;(s¢, dw (¢, gs), at)- ’

The action abstraction should discard unnecessary distinctions between options.

We want trajectory segments with similar outcomes to map to the same option, so that experience can
be aggregated across the state space. This enables conservative extrapolation: aggregating different
examples across different levels of the hierarchy to produce an action not observed for a particular
state-goal pair. Compressing a finite option space or organising a continuous option space in a
semantically meaningful way reduces the effective complexity of the hierarchical decision problem
and can reduce the distribution mismatch between the optimal policy and the dataset by aggregating
occupancy mass across equivalent state-goal and state-option pairs. We refer to Appendix [C|for an
example, and Appendix [D]for a proposition that formalises this intuition by deriving and analysing
the Probably Approximately Correct bound on offline error for a hierarchical policy with joint state
and action abstraction.

To encourage discarding unnecessary distinctions between options, we additionally shape the option
space through the high-level Q function. Functionally equivalent state-target pairs induce similar
high-level action values, so distinguishing between them provides little predictive benefit to Q. Note
that, unlike control sufficiency, this invariance is not explicitly enforced by the objective, instead
simply providing an inductive bias towards it under shared function approximation and gradient-
based optimisation. Empirically, we find that this is sufficient to form coherent clusters in the option
space. Discarding unnecessary distinctions between options also motivates conditioning the action
abstraction on the current state, as then the abstraction only needs to separate target states if they
require different actions from the same current state rather than if they require different actions from
any admissible current state.

‘ Desideratum 3. Discard unnecessary distinctions between options. ’

‘ QSO: Learn action abstraction ¢,, through the high-level Q function: Q,(s¢, g, du,(St, Stk ))- ’

4.2 PRACTICAL IMPLEMENTATION

Joint Action Abstraction and Value Learning We learn the action abstraction between consecutive
levels of the hierarchy as an encoder shared between the two levels and jointly shaped by their
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respective Q functions:

min Lg, s, +L£g,.s
01.Qn . Q. Qn,du
where the critic losses are the following, conservative Implicit Q Learning (Kostrikov et al., 2021)
critic losses:

2
‘CQM w E(St’atystﬁ»l,gs)f\/l) [(Ql (St7 w5t 9s )a at) - ’rl(stvgs) - ’YW (st—i-lawt—i-l)) ‘| 5

Wi+1=0w (St+1,9s)

2
[’Qh,'u = E(5t15t+k79)’\‘p l(Qh(Shg, Ouw(St, St4k )) - Rh<5t:t+kag) - 'VVh(St+k7g)) ‘| )

and the normalised k-step option return is Ry, (S¢.14%,9) = 11:7771@ Zf;lo A rh(St4e,9)-

We use a continuous option space, parameterising the action abstraction with an MLP followed by
length normalisation (Park et al.||2023)) onto a hypersphere. Unlike a discrete option space, this avoids
imposing arbitrary boundaries between semantically similar options, while the length normalisation
keeps proposed options in-distribution for the low-level policy. At deployment, the high-level policy
resamples an option at every timestep, allowing the agent’s intent to slowly shift across the option
space. We use the same discount factor at both levels so that each level looks 1/(1 — ) of its own
decisions ahead, and normalise the k-step option return so that a full-length option has the same cost
as a single primitive action. This keeps the two Q functions on comparable scales and hence avoids a
hyperparameter to balance their losses. Ideally, k = 1/(1 — ) so that one option spans exactly the
horizon that the low-level reasons over. In practice, k is bounded by the data (Park et al.| 2023} [2026;
Li et al.,2026).

Algorithm 1 Q-Shaped Options (QSO) Training

Initialise option representation ¢, (¢, gs ), high-level value V}, (s, g), critic Qp(st, g, w) and flow policy
mh(w | s,9), low-level value Vi(s¢,w), critic Q;(s¢,w, a+) and flow policy 7 (a+ | s,w) and target option
and critic networks q@w, Q;L, Ql.
repeat
> Dataset Sampling and Reward Labelling.
Sample states from D. Determine a¢, S¢+1, St+k-
Sample high-level goals g and low-level targets g, using Equations|[8|and[9}
Determine rewards r(s¢, gs) and 75 (S¢:t4k, g)-
> Joint Action Abstraction and Value Learning.
Encode high-level options w < ¢, (s¢, ¢+ ) and target options @ <— ¢, (¢, St+k)-
Encode low-level options ¢.,(s¢, gs) and target options ¢, (st, gs)-
Train V;, and V; using Equations[dand[§]
Train Qp, and Q; and ¢,, using Equations[5]and 7]
Update ¢.,, Qn, Qi using exponential moving averages.
> Policy Extraction.
Train 74 VR and 7€ using Equations and
until convergence

Policy Extraction Given the learned action abstraction and value functions, we extract a policy
at each level using conservative policy extraction algorithms (Peng et al.,|2019; |(Ghasemipour et al.}
2021)). The high-level policy uses Rejection Sampling (RS) over an advantage-weighted behaviour
cloning (BC) flow policy; the low-level uses BC alone. We use advantage-weighting at the high-level
because its dataset contains a large proportion of random goals, needed to cover the otherwise
out-of-distribution state-goal pairs faced at deployment. While pure BC learns to ignore the goals,
advantage-weighting restores goal-conditioning and leads to better proposals for RS. This issue does
not arise at the low-level, for which we sample almost no random target states. In fact, we empirically
found that advantage-weighting and RS degraded low-level performance by substantially reducing
the effective batch size and exploiting errors in the Q function. Even though the low-level is trained
with BC, we still get conservative extrapolation, as the high-level policy can pair a state with a better
option than observed at that state during training; the low-level then pursues the option with behaviour
learned elsewhere in the dataset. Figure[I'7)and Table[0]in Appendix [H|show performance and goal
sensitivity when ablating high-level policy extraction.
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Algorithm 2 Q-Shaped Options (QSO) Deployment

while episode not terminated do
> High-level Rejection Sampling.
Sample w' - - - W ~ TVR(. | 54, g).
Select w ¢ argmax_:.,~ Qn(st, g, w?).
> Low-level Behaviour Cloning.
Sample a; ~ 7P (- | 8¢, w).
end while

We provide pseudocode for QSO training and deployment in Algorithms|l{and [2| and full equations
and dataset sampling methods in Appendix [G] We refer to Appendix [A]for our choice of IQL and
policy extraction algorithms.

5 EXPERIMENTS

We first evaluate QSO’s downstream performance from a fixed offline dataset to isolate policy learning
from data collection. To assess our second and third desiderata, we introduce ASO, which shares
QSO’s policy extraction but, like SHARSA and DSHARSA, uses absolute subgoal options instead
of a learned action abstraction. This isolates the effect of QSO’s action abstraction: discarding
distinctions necessary for control should yield a worse policy than ASO, whereas discarding only
unnecessary ones should improve performance through greater data aggregation. We then analyse
the learned option space directly, testing whether functionally equivalent behaviours map to similar
points while functionally distinct ones remain separated. Finally, we ablate QSO’s components to
identify their individual contributions.

Experimental Protocol We evaluate on the most challenging OGBench (Park et al.,[2025) envi-
ronments using the default datasets, as OGBench is a standard offline RL benchmark with complex,
long-horizon, goal-conditioned tasks. We compare against hierarchical algorithms from Section [2]
As non-hierarchical baselines, we include IQL with DDPGBC (Fujimoto and Gu, [2021) policy
extraction, the strongest non-hierarchical baseline (Park et al., 2025 2024), and QC. All baselines
use the hyperparameters from their original implementations. Apart from the option dimension, for
which we use the OGBench default, QSO introduces no additional hyperparameters, so we use those
of SHARSA and DSHARSA. Environment, baseline and hyperparameter details are in Appendix

Non-Hierarchical Hierarchical /
Environment 0L oc HIQL OPAL SHARSA DSHARSA ASO | Best Mean
antmaze-giant-stitch-v0 010, 0 0 [0, 0] 54 [48, 60] 53 [52, 55] 68 [61, 76] [67, 77) 68 [66, 70] 68 [66, 70] 943
antmaze-teleport-stitch-v0 47 (a4, 51] 37 [32, 40] 36 [34, 39] 164, 74] 53 [52, 55] 58 [55, 62] 66 [62, 69] 54 [52, 57] 79%
humanoidmaze-giant-stitch-v0 1 [1, 1 0 [0, 0] 6 (4, 8] 82 [78, 85] 30 [27, 33] 30 [27, 32] 44 [38, 48] 188, 92 100%
cube-double-play-v0 20 (17, 23] 72 (70, 74] 7 (5, 91 29 [26, 331 72 [68, 77 [75, 84] 68 (65, 70) 70 [65, 74] 87%
cube-triple-play-v0 6 (6, 7] (19, 27) 16 (14, 18] 3 (2, 4] 14 [10, 18] 14 [13, 161 4 [4, 4] 22 [20, 23] 92%
cube-quadruple-play-v0 010, 0 211, 2) 311, 5 0 0, 0] 0 10, 1 0 10, 1 0 [0, 0 14, 51 100%
scene-play-v0 48 [45, 511 82 (81, 83] 41 [35, 46] 84 (78, 871 92 [90, 93] 89 [87, 91] {91, 951 85 [82, 90 91%
puzzle-3x3-play-v0 [99, 100] 81 [46, 99] 48 (46, 49] 70 [65, 74] 78 [71, 87] 85 [81, 20] 76 [72, 80] 72 [69, 75] 72%
puzzle-4x4-play-v0 71 (61, 78] 25 [23, 27] 0 [0, 1] 64 (61, 68] 74 [67, 791 72 (69, 75] €9 [65, 75] (81, 100] 100%
puzzle-4x5-play-v0 14 [11, 15] 16 [13, 19] 4 [3, 5] [22, 25] 17 [15, 20] 18 [18, 19] 14 [11 18] 15 [11, 20] 65%
puzzle-4x6-play-v0 8 [5, 10] 16 [14, 19) 5 (4, 6] 17 [15, 18] 14 [10, 16] 16 [14, 17] 11 [8, 15] [15, 22] 100%
Average over 11 Environments 29 (27, 30) 32 (29, 34] 20 [20, 20] 45 [44, 46] 46 (44, 49] 49 [48, 49] 47 (46, 48] 151, 561 ‘ 100%

Table 2: Summary of results on selected OGBench environments using the default datasets.
Success rate averaged over 5 evaluation tasks after 1M training steps. Mean and 95% bootstrap
confidence interval over 4 seeds.

Results Table[2[shows that QSO achieves the highest average success rate across the 11 environ-
ments, 54% against 49% for the next best method (DSHARSA). Particularly notable is its performance
in humanoidmaze, which has the largest action space dimension (21, against at most 8 in the other
environments) where it achieves 90% against 82% for the next best method and three times that of
DSHARSA. In puzzle-4x4 it achieves 92% against at most 74% for any baseline. In cube-quadruple,
the hardest manipulation environment, QSO is the only method with non-zero success on two of the
five tasks (Table[7]in Appendix [H). QSO performs consistently across environments, achieving at
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Figure 2: PCA (top) of the action abstraction for antmaze-giant fitted on random segments, showing
different groups of segments with semantically similar behaviour (randomly selected from the
validation dataset). L2 distances (bottom) in units of median distance between two random segments.
QSO0 is the only algorithm that consistently groups functionally equivalent behaviours (Desideratum
3) while separating behaviour groups (Desideratum 2).

least 65% of the best success rate in all environments, while every other algorithm drops below 35%
of the best in at least one.

Is the action abstraction semantically meaningful? We test whether QSO maps functionally
equivalent behaviours to similar parts of the option space by identifying groups of semantically
similar behaviours in antmaze-giant, cube-double, and cube-quadruple (Figures[2} [6] and[7). For each
behaviour, we randomly sample trajectory sequences from the validation dataset and compare PCA
projections and whitened distances of their encodings. An invariant encoder should produce a clear
block-diagonal similarity structure. QSO exhibits this structure, whereas HIQL also assigns high
similarity between behaviour groups, and OPAL and absolute subgoal options produce low similarity
within behaviour groups.

How necessary is joint option shaping by both the high and low-level Q functions? Table[3]
and Figures [3|and 0 indicate that joint shaping is important for both the learned action abstraction
and downstream performance. Neither Q function alone recovers the clean semantic structure
obtained when both are used. Figure [§]shows that shaping with the high-level only performs well
in antmaze-giant but degrades significantly in cube-double. We hypothesise that for cube-double
continued high-level shaping increasingly removes distinctions that are irrelevant to high-level value
but necessary for fine-grained control; without the low-level Q function to preserve this information,
the resulting abstractions become insufficient for the low-level policy.
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Figure 3: PCA (top) of QSO’s action abstractions for gradient flow ablations for antmaze-giant
fitted on random trajectory sequences, showing different groups of three k-step trajectory sequences
with semantically similar behaviour (randomly selected from the validation dataset). L2 distances
(bottom) for those groups in units of median distance between two random trajectory sequences.
Both high and low-level gradient flows are required to group functionally equivalent behaviours while
separating the behaviour groups.

Do the decoupled levels form distinct state abstractions? For the high and low-level decision
processes, we measure how much each network’s output varies with slow and fast moving dimensions;
a larger percentage share of the output variance being associated to a particular dimension means
that the network is more dependent on that dimension. We would expect the low-level decision
process to focus more on high frequency (fast-moving) dimensions, and the high-level decision
process on low frequency (slow-moving) ones. As expected, the two levels focus on different states
(Table[8]in Appendix [H). For example, the high-level state-value function depends almost entirely
on slow-moving dimensions (88% for antmaze-giant and 74% for cube-double), while the low-level
policy depends much more on fast-moving ones (59% and 77% respectively). We refer to Appendix
[HI for further discussion.

Default | O Shaping Ablation | Option Resampling Ablation
Environment | Low-Level Only High-Level Only | Every Step 5% (2 Steps) 25% (7 Steps) 50% (13 Steps)
antmaze-giant-stitch-v0 68 [66, 70] 38 [38, 40] 69 [67, 72] 68 [66, 70] 68 [66, 70] 62 [61, 64] 54 [47, 60]
cube-double-play-v0 70 165, 741 70 167, 731 47 142, 50] 70 (65, 74 69 [63, 73] 50 [44, 55] 14 [10, 18]

Table 3: Q shaping and option resampling ablations of QSQ. Success rate averaged over 5
evaluation tasks after 1M training steps. Mean and 95% bootstrap confidence interval over 4 seeds.
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Figure 4: QSO’s sampled options gradually shift across the option space during deployment. 1.2
distance between two consecutively sampled options (every 10 steps), whitened against the distance
between two randomly sampled options. Dotted blue shows the distance between two random
trajectory sequence embeddings whitened against the distance between two randomly sampled
options. Mean and 95% confidence interval over 4 seeds, cut off where the third quartile of successful
episodes has ended.

How does the option vary during deployment? Figure |4|shows that sampled options gradually
shift across the option space during deployment: the distance between consecutively sampled options
is roughly 30% of that between two randomly sampled options in antmaze-giant, and 25% of that in
cube-double. Although consecutive options may partly be similar due to smoothness of the high-level
policy, the above analysis showing that option-space proximity reflects semantic similarity suggests
that it also corresponds to gradual changes in intent. The distance between two random trajectory
sequence embeddings whitened against the distance between two randomly sampled options (dotted
blue) being approximately 1 confirms that the small consecutive distances reflect genuinely slow
variation rather than a collapsed policy. Table [3|ablates how long the option is held for at deployment:
the rapid decrease in performance for cube-double suggests that the option encodes significant
information about the immediate next action.

We provide ablations on the option representation input and dimension, goal sampling, reward
labelling, policy extraction, and temporal horizon in Appendix [H]

6 DISCUSSION AND FUTURE WORK

We introduce QSO, which, unlike prior algorithms, learns a control-sufficient action abstraction that
discards unnecessary distinctions between options. Future work will extend QSO to do targeted
exploration at the option-level in online RL. A limitation of QSO arises in stochastic environments:
by representing an option retrospectively, the high-level critic evaluates the option conditioned on its
realised outcome, which can lead to optimistic bias. Although we note that this issue is shared by
all hindsight-based hierarchical methods including HIQL, OPAL, SHARSA and DSHARSA, future
work could address this through progress-adaptive high-level control.
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A EXTENDED PRELIMINARIES

Value Learning To learn our state-value and Q functions, we adopt Implicit Q-Learning (Kostrikov
et al.}2021), a conservative value learning algorithm that evaluates the state-value function under the
dataset action that leads to the maximum value rather than evaluating the Q-value under the current
policy or using the maximum over actions, as is typically done in online RL (Watkins and Dayan),
1992; [Mnih et al., [2015). This avoids querying the Q function on out-of-distribution actions, to which
the Q function can assign erroneously high values (Levine et al.,2020). The state-value function and
critic are trained with the following losses:

Ly =K, a,,9)~D [312, (V(Stag) - Q(Smgﬂlt))} ;

‘CQ = E(st,at,stJrl,g)ND [(Q(Stv g, at) - T(Stvg) - ’yV(St+17 g))2 )

where 2 denotes the expectile loss ¢2(z) :=| v — 1 (z < 0) | -22. For v > 0.5, underestimating a
high Q value is penalised more strongly than overestimating a low one, so V' (s, g) is pulled to the
upper end of the dataset @) values.

Policy Extraction To extract our policies, we use Advantage Weighted Regression (AWR) (Peng
et al.;2019) and Rejection Sampling (RS) (Ghasemipour et al., [2021), which are conservative policy
extraction algorithms that constrain the policy to sample the highest quality actions within the dataset.
As the name suggests, AWR does advantage-weighted behaviour cloning of dataset actions:

Q(Stagvat) B V(Stag)
[0

‘Cﬂ' = 7]E(st,at,g)~D |:eXp ( ) : logﬂ'(at | st7g> )
while RS learns a behaviour-cloned policy to imitate the dataset and then defines the policy by
choosing the action that maximises the Q function:

— ) i
T 1= AIZMAX ¢ (41},ai b (-[s;,0) @ (5t 9, A7)

Unlike algorithms that optimise the policy by differentiating through the learned Q-function (Silver
et al.,2014; [Lillicrap et al.,[2015} |[Fujimoto et al., [2018; |Fujimoto and Gul, 2021), these conservative
policy extraction algorithms avoid a direct source of Q function exploitation, whereby errors in the
learned Q values are propagated into the policy. However, a non-hierarchical policy extracted with
AWR or RS is bounded by the quality of the data at that state: where a region of the state space
contains only low-quality actions, there is nothing “better’” among the proposals to upweight.
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B LOW-LEVEL Q-SHAPING IMPLIES CONTROL SUFFICIENCY

Proof 1. Low-level Q-shaping implies control sufficiency.

If ¢,(s,9s) = du (s, g;) =: w, then for every a, Q*(s, gs, a) = Qi(s,w,a) = Q*(s, gg,a), s0
the two targets induce the same action-value function at s and hence the same set of maximisers.
Taking m;(- | s,w) to be any distribution supported on argmax,Q;(s,w,a) gives the policy
required by Definition [I]
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C CONSERVATIVE EXTRAPOLATION

To provide intuition on how joint state and action abstractions can enable conservative extrapolation,
consider an agent learning a locomotion task, where its state can be decomposed into the agent’s pose
and coordinate s = (p, ¢). Imagine three state-goal pairs:

(Slagual) = ((p7 C)a g>a1)7 (82797(12) = ((p/7C), 97(12)7 (8379/,&3) = ((p7 Cl)a 9/761,3).
~—— —— ——
S1 S92 83

The first state-goal pair is the one that the agent must act at, and its dataset action is poor (it might
just dither on the spot), while the dataset actions at the second and third pair are good. Imagine that
in all situations, the agent must move two metres down to reach its respective goal because the goals
lie in the same direction from their respective coordinates.

A non-hierarchical policy extracted with AWR or RS never learns a useful action at (s1, g) because
the only action the dataset offers there is the poor one. We now show how a hierarchical policy with
abstract relative options (such as stay “on the spot” or reach “a point two metres down”) can output a
good action for the first state-goal pair using conservative extrapolation (where each level only selects
among actions its own data supports).

The second state-goal pair shares the coordinate and goal of the first, so the high-level abstraction
(which ignores low-level pose information) groups them. This means that the high-level decision is
rescued by the second state-goal pair: conservative extraction has the good option to reach “a point
two metres down” available from the second state-goal pair, rather than only to stay “on the spot”

from the first:
¢h(515 g) = d)h(SQv g) = (Cv g)
ﬂ-h(w | Slvg) = 71-h(w | 52)9) = 6w:wdown
Note that the second pair supplies the right option, but its action is executed from a different pose, so
it cannot be copied directly.

Similarly, the third state-goal pair then shares the pose and option of the first, so the low-level
abstraction (which ignores high-level coordinate information) groups them. The low-level decision is
then rescued by the third state-goal pair: conservative extraction has the good action ag available
from the third pair, rather than only a; from the first:

¢l(517wdown) = (bl(SSaWdown) = (p, wdown)
m(a | $1,Wdown) = (@ | 83, Wdown) = da=as

Under the hierarchical policy, the agent therefore takes a3 at (s1, ), an action never observed for
that state-goal pair.

Note that this example hinges on the learning of abstract relative options so that reach “a point two
metres down” is a single option rather than, for example, two coordinate-specific ones.
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D OPTION SPACE COMPRESSION BOUNDS OFFLINE ERROR

Proposition 2. Offline error under joint state and action abstraction.

For a finite-state, finite-action MDP with at most two possible next-state transitions, with
probability of at least 1 — J, the suboptimality in expected return, € := maxes,geg (V* (s,9) —

V7 (s, g)) of a goal-conditioned hierarchical policy learned from a dataset of N transitions
satisfies

-7 | [IGIATE g
(1—7%)3N N ’

where ¢, : S X G — Cj, aggregates state-goal pairs requiring the same option such that Cj
denotes the state-abstracted high-level space, and ¢; : S x 2 — C; aggregates state-option pairs
requiring the same action such that C; denotes the state-abstracted low-level space. Constants
and logarithmic factors are suppressed and p; " and p; are the concentrability coefficients at
each level:

rep dﬂ'ﬁ (Cha w) rep dﬂ’* (Cla a)

Pn = sup BC ) P BC )
eneln,we@ d™n (cp,w) ceC,acAd™ (¢, a)

where d™ is underlying discounted occupancy measure of a policy 7 and occupancy measures
are aggregated over each abstraction:

d™ (cp,w) = Z d™(s,g,w), d"(c;,a) = Z d™ (s,w,a).

(s,9) € &, *(cn) (s,w) € ¢ (1)

We refer to Appendices [E] and [F] for full definitions and derivations. The two terms respectively
bound the high and low-level error terms; the concentrability coefficients p"P measure the distribution
shift between the occupancy of the optimal policy and that of the dataset: as suprema of occupancy
ratios, a single state-goal or state-option pair that the optimal policy visits but the dataset does not
can cause the term to go to infinity, unless aggregation lets that pair borrow mass from equivalent
ones. Compressing the option space by discarding unnecessary distinctions between options reduces
the bound in three ways. It reduces the high-level action space |(2[, tightens the bound |C;| < |S]|Q]
on the low-level state-abstraction space, and aggregates occupancy mass across a larger number
of equivalent state-goal and state-option pairs, thereby reducing both concentrability coefficients
(“conservative extrapolation”). In a continuous space, rather than making || as small as possible,
this equates to mapping functionally equivalent behaviour to similar points in the option space (Abel
et al.,[2016; [Ferns et al., [2012} |[Zhang et al., |2020)), which reduces the effective complexities of both
error terms (Munos and Szepesvari, [2008} [Chen and Jiang, 2019).
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E STATE AND ACTION ABSTRACTION SAMPLE COMPLEXITY IN ONLINE
GOAL-CONDITIONED RL

In this section, we show how joint state and action abstraction can reduce the sample complexity for
finding an optimal goal-conditioned policy such that the error in expected return is smaller than a
fixed constant € from

|S[IG]A]

(1 —7)3e’
for a policy with no state or action abstraction, to
Calle] . lallAIK®
(1 — ~F)3e2 2
for a policy with both state and action abstraction. We build on the works of |Kakade| (2003)); Munos
and Szepesvari|(2008); [Lattimore and Hutter; (2012); Robert et al.| (2023)); L1 et al.| (2006).

N

N x

Sample Complexity in Online GCRL In online GCRL, the aim is to find the optimal policy with
the smallest number of samples or online interactions, N, such that the error in optimal return is
smaller than a fixed constant €. Consider the case of a discrete, discounted horizon MDP with a finite
state space S, action space A and discount factor vy € [0, 1). The Probably-Approximately Correct
(PAC) Learning (Kakadel, [2003) upper-bound sample complexity to find an e 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 [Lattimore and Hutter] (2012):

_IsllAlL

(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:

S|IG||A|
(1—v)%e’

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:
S H3
v o SlgAlE

2

N

N ey

€

Action Abstraction Sample Complexity in Online GCRL 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

|SI1G11€
(1—)e
where we have substituted the option-space to Equation[I] and use the environment’s discount factor
raised to a factor of k, assuming that the high-level policy acts every k steps.

N

The low-level policy has a sample complexity of
S| A|k3
N o 18112014
€
since || options can be executed. Hence, the overall sample complexity of the hierarchical policy is
(Robert et al.| [2023):

)

[SIGIRL  ISIIQUAR

N
%= k)3 2

@

Note that in the case of no temporal abstraction, when k£ = 1, we approximately recover the original
sample complexity of a non-hierarchical policy. Since the option just becomes a single primitive
action, Equation Q] becomes:

2
o JSHGIAL ISIAFE  ISTIGIAl

N ~
(T—pe e Ty
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where the approximation follows due to the dominating 1/(1 — +)? 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|. Even 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.

In most real-world settings we expect || < |A|*. The option space does not have to perfectly
recreate the sequence of low-level actions, only contain the sufficient information to approximate the
high-level value and choose the low-level action.

State and Action Abstraction Sample Complexity in Online GCRL Finally, since the high-level
decision process can discard irrelevant low-level information, and the low-level decision process can
discard irrelevant high-level information, state abstraction reduces the effective complexity of the
state space at each level of the hierarchy such that Equation 2] becomes:

Calll |, [l A
(1 —’}/k)SEQ 62 ’

N « 3)

where |Cy,| is the effective state-space required for the high-level decision process and |C;| is the
effective state-space for the low-level decision process. By definition, |Cp,| < |S||G| and |C;| < |S]|€].
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F STATE AND ACTION ABSTRACTION ERROR IN OFFLINE
GOAL-CONDITIONED RL

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

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 p is incorporated to
account for the distribution shift in data collected by the policy 7B€, 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 p is defined as:

™ (s, 9,a)
p= Sup e
se€S,geG,ac A dr’ (5 g,a )
where d" (s, g, a) is the discounted occupancy measure (i.e. stationary distribution) of the policy 7:

dﬂ—(sa 9, a) = (1 - V)ETwﬂ,so,gowUnif(g) [Z ’yt]]-(st = $,at = a,go = 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, p will be small. If the dataset is narrow, or
misses critical regions of the state-action space, p will be large.

Rearranging Equation [I] and incorporating the concentrability coefficient, the offline bound for a
goal-conditioned non-hierarchical policy is given by:

ISIIGIIA] - p

1—7pN

Action Abstraction Error in Offline GCRL Since the size of the offline dataset is fixed, one way
to reduce the error € is to use a hierarchical policy with distinct state-goal representations.

Using a hierarchical policy, the error term becomes:

ISIIQIIQI ph /\SIIQHAIk3 n
(1-

where the concentrability coefficients are deﬁned as:
d™(s,g,w d™ (s,w,a
on = sup M and p = sup M
s€8.9eG.wen d™ (s, g,w) seSweaca d™ (s,w,a)

State and Action Abstraction Error in Offline GCRL Then, ignoring irrelevant low-level in-
formation for the high-level decision process and high-level information for the low-level decision
process, the error term is bounded by:

[Cn] IQI LGl IAIk“
(1-

Again, [Ch| < |S[|G| and |G| < [S[|€2].
Because the concentrability coefficients are now defined over the constrained spaces Cy, and Cy, i.e.
pP = sup M pF = M
b el wen dRC (ch,w)’ ! cecacAd™ (¢ a)
the probability mass of the offline dataset is aggregated across state-goal or state-option pairs that are
equivalent under this information loss (i.e. for which ¢;, = ¢1,(s, ¢) and ¢; = ¢;(s,w)):

A (epw)= > d™(s,gw), d(e,a)= > d"(s,wa).
(s,9) € 67, (cn) (s,w) €67 (e1)

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

Py <pn and pP < py.
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G Q-SHAPED OPTIONS

G.1 ACTION ABSTRACTION

Joint Action Abstraction and Value Learning The action abstractions are learned jointly with
the high-level and low-level Q functions, acting as a goal-space for the low-level Q function and an
action space for the high-level Q function. The high-level value and critic losses are given by the
following IQL loss:

‘CV)L = E(St7st+k7g)ND [612, (Vh(st, g) — Qh (St; 9, ng(stv st+k))):| @

2
LGy .60 = Esy 5010,9)~D [(Qh (56,9, b (5t: Se4k)) — Ri(Spt4k, 9) — W’Vh(swk,g)) ]7 ®)]

where the normalised k-step option return is

1-— Yy ’
Rp(St:4k,9) = 1Ak Z Y rn(sese, 9)-
/=0

The low-level value and critic losses are given by the following IQL loss:

EVL = ]E(st,at,gs)ND {53 (Vvl(sta ¢w(5t>gs)) - Ql (St; g)w(stv gs)a at)>:| (6)

£Q11¢w = E(3t>at;5t+17gs)~p
Wi+1=0w (St4+1,9s)

(Ql (5t G (5t:9s), at) —ri(se, gs) — 7V1(5t+1,%+1))21 )]

Continuous Option Space We use a continuous option space encoded using a feed-forward MLP
followed by length-normalisation so that the options lie on a hypersphere of radius v/d,, in R%,
preventing any proposed option from being significantly out-of-distribution for the low-level policy:

fu(s,9)
=V 1ol [ fu(s,9)l2”

where f,, : S x G — R% denotes the feed-forward MLP encoder. At deployment, the options are
continually resampled at every timestep.

Discounting The same discount factor + is used at each level of the hierarchy, so that each level has
the same effective horizon. For a two-level hierarchy, this means that the low-level decision process
looks 1/(1 — ) actions ahead, and the higher-level decision process looks 1/(1 — ) options ahead.
Since one high-level option corresponds to k low-level actions, we would ideally set
1
=1

so that the low-level decision process reasons over exactly the span of a single option. The effective
horizons then compose multiplicatively: in other words, the higher level decision process covers k2
actions, while only reasoning over 1/(1 — ) decisions.

In practice (and like prior work on hierarchical RL and QC) we find that k is bounded by the data.
Since options are sampled as k-steps within a single trajectory, k¥ must be small relative to the
trajectory length H for the dataset to contain enough distinct options. For example, with our target
discount factor of 0.99, we would want to use 100-step options, but antmaze-giant’s trajectories are
only 200 steps.

Reward Calibration Accumulated option rewards are normalised so that a full-length option costs
the same as a single action in the low-level decision process. This means that the Q functions work
on similar scales, preventing one Q function from dominating the other in magnitude (bypassing
the need to introduce any hyperparameters), while options terminating early incur a proportionally
smaller cost. The accumulated option reward is normalised by

1=
1—~k’
so that a full-length option (i.e. 3(s¢4+,9) = 0fort’ € {0,--- ,k — 1}) costs exactly —1, identical

to the cost of a single action in the low-level decision process.
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G.2 STATE ABSTRACTIONS

Rather than introducing an explicit representation-learning objective, we induce meaningful state
abstractions through level-specific datasets. At the high-level, we sample a broad mixture of local,
trajectory, and random goals, encouraging it to generalise across a broad combinatorial coverage of
state-goal pairs; at the low-level, we predominantly sample nearby trajectory target states, encouraging
precise control over the option horizon. We replace the stricter reward-labelling criterion used by
prior work (Park et al.l 2025), which requires an exact match with the goal on every state dimension,
with the environment success criterion at the high-level, avoiding distinctions between states that are
equivalent for the task. Note that, to isolate the effect of action abstraction and because we find that
it improves all hierarchical baselines (Figure[I3|in Appendix [H) we apply this change consistently
in our experiments. At the low-level, where we want to focus on fine-grained control, we retain the
stricter criterion. We ablate using the environment criterion at both levels: in Appendix |H| Figure
shows performance ablating high-level goal sampling, while Figures[I2] [[5]and[T6|show performance
and option embeddings when ablating reward labelling. Table 8] quantifies state abstraction.

Goal Sampling During training, goals are sampled according to the following, where 7 =
(so,-..,sm) denotes the H-length trajectory containing s; and Unifp denotes a uniform distri-
bution over all states in the dataset, and the weights w of each of the three sampling components sum
to 1. As usual, k£ denotes the fixed option length.

High-level Decision Process

For the high-level decision process, goals are sampled according to

(g | se) = w o (g | s0) + wy™ ™ (g | s¢) + wj?™ Unifp(g), ®)
where the first component samples a goal uniformly from within the option window,
P (g | se) =U({min(t +1, H), ..., min(t + k-1, H) }),

the second component samples the goal uniformly from the remainder of the trajectory beyond the
option window,

pﬁlmj(g | s¢) = U({min(t—|— k, H), ..., H})7
and the third samples goals uniformly from the entire dataset.

The first component ensures that a fraction of every batch returns success, the second component
provides goals that are distant but reachable by dataset stitching, and the third component provides
examples of the out-of-distribution combinations of state-goal pairs that the high-level policy will
face at deployment.

Low-level Decision Process For the low-level decision process, goals are sampled according to

pulgs | 50) = wi™ 8, (g5) +w)"™ 9™ (g5 | 80) + wf*™ Unifp (g), ©)
where the first component places all mass on the current state, the second geometrically samples a
state a number of steps ahead,

p;raj (gs | St) 0 9s = Smin(t+x, H)» ko~ Geom(%) ’

so that the expected look-ahead is k steps and the third samples uniformly from the entire dataset.

The first component again ensures that a fraction of every batch returns a success, the second
component acts in accordance with the option length of the high-level decision process, and the third
component calibrates the value functions across the state space, making the learned values neater to
visualise, but is unnecessary for algorithm functioning, since, even at deployment, the low-level value
functions are never queried at such states.

Reward Labelling We use the environment success criterion (goal-achievement indicator) for the
high-level

h
ﬁ (Sv g) = ﬁ(sa g)a
specified per-environment in Appendix [Hl For the low-level, we follow prior work and use a stricter
success criterion that requires an exact match on every state dimension:

ﬂl(s7gs) = 1{s = gs}.
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G.3 PoLIicY EXTRACTION

The high-level policy is defined using Rejection Sampling of an advantage-weighted behaviour
cloning policy, and the low-level simply as a behaviour cloning policy:

mh(w | st,9) == argmaxwe{wi}’wiNWQWR(.‘Shg)Qh(stangi)a

mi(as | st,w) = WlBC(at | 5¢,w)

High-Level Policy Extraction The high-level policy is fitted using the following advantage-
weighted flow-matching loss:

Loawr =K (8¢,50415:9)~D, 2N (0,1a,,)
u~Unif([0,1]), w=0¢, (s¢,St+k), w"=(1—u)z+uw

lexp<c2h<st,g,w> - vh<st,g>> |

2

Ve (56,9, u,w") — (w— 2)

(0% 2

(10)

Low-Level Policy Extraction The low-level policy is fitted using the following behaviour-cloning
flow-matching loss:

w 2
Lope =E (5,500,504 0)~D, 2~N(0,14) [HUEIC (8¢, Pu (st S14k),u,a") — (ay — Z)H2:| .1
u~Unif([0,1]), a¥=(1—u)z+u a¢
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H EXPERIMENTS

H.1 ENVIRONMENTS

Environment State Dim. Action Dim. Data Trajectory Length Dataset Size Max. Episode Length
antmaze-giant-stitch-v0 29 8 200 M 1000
antmaze-teleport-stitch-v0 29 8 200 M 1000
humanoidmaze-giant-stitch-v0 69 21 400 4M 4000
cube-double-play-v0 37 5 1000 IM 500
cube-triple-play-v0 46 5 1000 3M 1000
cube-quadruple-play-v0 55 5 1000 M 1000
puzzle-3x3-play-v0 55 5 1000 IM 500
puzzle-4x4-play-v0 83 5 1000 1M 500
puzzle-4x5-play-v0 99 5 1000 3M 1000
puzzle-4x6-play-v0 115 5 1000 M 1000
scene-play-v0 40 5 1000 1M 750

Table 4: OGBench environment and dataset characteristics.

Maze Environments

For antmaze-giant, antmaze-teleport and humanoidmaze-giant, high-level success is defined as the
agent lying within e of the goal’s Xy coordinates, where x(s) € R? denotes a state s’s Xy coordinates:

B(s,9) = T{{lz(s) —x(g)lly < €}

Cube Environments

For cube-double, cube-triple and cube-quadruple, high-level success is defined as every cube being
within e of its goal xyz position, where c;(s) € R? denotes cube i’s xyz coordinates in state s, and n
is the number of cubes in the environment:

B(s,9) =[] 1 {llei(s) — a9l < €}
i=1

Puzzle Environments

For puzzle-3x3, puzzle-4x4, puzzle-4x5 and puzzle-4x6, high-level success is defined as every button
matching its goal configuration, where b;(s) € R? denotes button i’s configuration in state s, and n
is the number of buttons in the environment:

B(s,g) =[] 1{bi(s) = bi(9)}-
=1

Scene Environment

For scene-play, high-level success is defined as the n. cubes, drawer and window being within €., €4
and ¢,, of their goal positions and the n; buttons matching their goal configurations:

Ne

Bls,9) = H 1{lei(s) — ci(9)lly < e} - H 1{bi(s) = bi(g)}

L {Jd(s) — d(g)] < ea} - 1 {fus) —w(g)] < eu}
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H.2 BASELINES
H.2.1 ALGORITHMS

Absolute Subgoal Options: DSHARSA For DSHARSA (Park et al., [2026)), both the high and
low-level value and critic functions are learned using IQL:

Ly, =K, s01,9)~D [&2, (Vh(st»g) — Qn(st, 9, St+k))] )
2

k—1
LG, =Es, s40.9)~D (Qh(staga St+k) — Z Y ra(sepes g) — Wth(SHk,g)) )

/=0
and
*CVZ = E(st,at,gs)wD [&2/ <W(Stvgs) - Ql(stvgsvat)>:| )
LG, = E(s, ar,5041,9:)~D [(Qz(sngwat) —71(5¢,9s) — ’7V1(5t+1,gs))2} ;

The high-level and low-level policies are fitted using behaviour-cloning flow-matching losses:
2
2 7

2
‘CW?C =E (8t,at,8t4+1)~D, 2~N(0,14) [ ||v7rl (St, St+k, U, au) - (at - Z)||2‘| .
u~Unif([0,1]), a“=(1—u)z4u a¢

Uﬂ'E’C (Sthgau?gg) - (gs - Z)

E”EC =E (8¢,8t4k,9)~D, z~N(0,14,)
u~Unif([0,1]), gs=8t+k, 95 =(1—u)z+u gs

and

At deployment, both the high and low-level policies are defined with Rejection Sampling:

Th(9s | 5¢,9) = argmaxgse{gg},géwﬂgC(.\shg)Qh(St’9792)7
m(at | st,9s) = argmaxate{ai},aifvﬂ']fc(-|st,gs)Ql(8t7gS7a’i)‘
Absolute Subgoal Options: SHARSA SHARSA (Park et al.| 2026)) is almost identical to

DSHARSA, but only uses Rejection Sampling for the high-level policy. The low-level policy
is defined using pure behaviour cloning:

Th(gs | 81,9) = argmaxgse{g;},ggwﬂ?f(.\st,g)Qh(Stvgygi)7
7Tl(at ‘ Stags) = W?C(at | Stags)'
Note that conservative extrapolation is still possible as the low-level policy might be queried at an

absolute subgoal option (proposed by the high-level policy) that was unseen during training.

Absolute Subgoal Options: ASO  As explained in Section[d] for QSO we use advantage-weighting
to train the high-level policy. Therefore, as a baseline, we introduce a new variant of SHARSA that,
like QSO, uses AWR to train the high-level policy:

2

e

At deployment, the high-level policy is still defined using Rejection Sampling and the low-level with
behaviour cloning:

Loawn =E (563501 1,9)~D, 2~N (0, 1a,)
u~Unif([0,1]), gs=St4+k, g5 =(1—u)z+u gs

[eXp<Qh(st,g,gs) - Vh(5t79)> . ‘

(07

vﬂ'ﬁWR (Stvg7u7gg) - (g‘? - Z)

(g | 5t,9) = Argmax, ooy o mvw (s, Qn (5129, 95),

m(ag | 5¢,95) = WlBC(at | 5¢,9s)-
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Abstract Relative Options: HIQL HIQL (Park et al., |2023) shapes the abstract subgoal option
space through its single, action-free state-value function V' (s, ¢, (s, g)), which is trained using
Implicit V-Learning (IVL) (Park et al., |2025):

Lv.s., = E(s, a0,9)~D,gpP (-|5,a) [43 (V(Sn bu(st,9)) = (st,9) — YV (5141, ¢~>w(3t+179)))} ;

where V and qgw denote the target network and representations and /2 the expectile loss. HIQL
extracts high and low-level Gaussian policies using AWR-like objectives:

V(St+k7 g) B V(St7 g)

(0%

Ly, = _]E(St,St+k,Q)ND,w:qi)w(St,swzc) [exp < > ~log mp (w | St’g):| )

V(Sp41, 8 — V(s s
(8141 t+k)a (st ”’“)>-logm(at|8t7w)}

»C'n’z = —]E(St,st+k-,g)ND,W:¢w(St75t+k) |:exp <

Abstract Options: OPAL  OPAL (Ajay et al.||2020) shapes the abstract subgoal option space using
a 5-VAE trained to encode state-action trajectory sequences:

k—1
i <Eepong(ir) | S los P (ar | s1w) | + 8- Dia(auw [ 7) [ po(w | 50),
sHPwsdw t:0

where q,, and p,, respectively denote the option-space encoder and option-space prior. Using this
learned option space to encode trajectory sequences, state-value and Q functions are trained using
IQL:
Ly = E(r,g)wD,w0mau (1) [512, (V(Sng) - Q(St,g,w))} )
o

k—1
LQ = E(r g)~D wrgu (I7) (Q(Stag"“) =Y A r(sipe,9) — ’YkV(St—&-kag)) ;
t’=0

and a high-level flow-matching policy is fitted using the following behaviour-cloning flow-matching
loss:

At deployment, the high-level policy is defined using Rejection Sampling, and the low-level with
behaviour cloning:

2

E”EC =E (1,9)~D, 2~N(0,14,,) UnBC (St, g, u,w") —(w— Z)H

u~Unif([0,1]), w~g, (1|7), w“=(1—u)z+uw 2

mh(w | 8¢, g) = argmaxwe{wi})wmﬂgc(_‘S“g)Qh(shg,wi),
mi(ag | s¢,w) == ﬂ?c(at | s¢,w).

In practice, the low-level policy is finetuned to output the immediate action.

Non-hierarchical: IQL IQL (Kostrikov et al., |2021) trains a value and Q function with the
following losses:

[:V = E(st7at,g)~D [El% (V(St5g) - Q(Stag7at)>:| 3
Lo = E(Staat,5t+lag)ND [(Q(Stagvat) - T(Sug) - 'YV(StJrhg))z} )

We then extract a Gaussian policy by maximising the Deep Deterministic Policy Gradient objective
(Fujimoto and Gul 2021}):

Lr= 7E(st,at,g)~D [Q(Svgvﬂﬂ(sag)) + alogﬁ(a | Sag)]a

where 11 denotes the mean of the Gaussian policy. Following Park et al.|(2024), we use DDPGBC
rather than AWR for policy extraction.
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Action Chunking: QC QC (Li et al., 2026) trains an action-chunked Q function:

‘CQ =K (8¢,Q¢:t4k,St4k,9)~D
At gkt p26~T (St 4k,9)

k—1 , 2
(Q (St’g7at:t+k> - Z ’Yt T(8t+t'ag) - ’ka(st+k,g, at+k:t+2k)) ‘| .
t'=0

It fits a flow-matching policy using behaviour-cloning:

2
Loc =E (g a00p0~D N (0,10 | [om (56,9,u,0%) = (aesn = 2)|5 |-
u~Unif([0,1]), a“=(1—u)z+u at.t4k

The policy is defined using Rejection Sampling:

— _ i
T(apitk | 6, 9) = argmaxat:H_ke{ai:t+k},{atrt+k}i~7rBC(-|st}g)Q(stvgvat:t+k)'

H.2.2 DATASET SAMPLING FOR NON-HIERARCHICAL AND ACTION CHUNKING BASELINES

The dataset sampling intends to mirror the hierarchical ones as closely as possible, to enable the
isolation of the hierarchical option space on performance as opposed to dataset sampling.

Non-hierarchical: IQL The flat baseline has no option structure, so there is no distinction between
a near and a distant goal and the option window collapses to the current state. Goals are sampled
according to:

Phac(g | 86) = w85, (g) + W™ pi (g | s) + w Unifp(g),

where the second component samples the goal uniformly from the remainder of the trajectory beyond
the current state,

pi(g | s) =U({min(t+ 1, H), ..., H}).

and, like for hierarchical high-level dataset sampling, the third component samples goals uniformly
from the entire dataset. We use the same weighting as for the hierarchical high-level dataset sampling
as opposed to the low-level one, since the single non-hierarchical policy must cover the full range of
state-goal possibilities with one distribution, in contrast to the hierarchical case where the near and
far regimes can be split across two levels.

Action Chunking: QC The action chunking baseline is flat but temporally extended, so it inherits
the high-level goal distribution of Equation [8|and additionally requires the length-% action sequence
beginning at sy,

At:t+k = (amin(t,H)> Sy amin(t+k71,H))7

where indices are clipped to the end of the trajectory. If an agent reaches its target state before the
end of the k length option chunk, actions past the target state are masked out and set to zero, so that
the critic is not trained on behaviour occurring past termination.

Following original implementations of non-hierarchical methods, we use strict reward labelling.
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H.3 HYPERPARAMETERS

We use the following default hyperparameters for all value networks (both Value and Q functions),
flow-matching and Gaussian policies, and Rejection Sampling methods. Default learning rate, batch
size, target update rate, layer normalisation, non-linearities, and representation latent dimensions
follow [Park et al.| (2025). According to[Park et al.[(2023), we use 128 for HIQL. Rejection Sampling
N follows Park et al.| (2026). Default network sizes and actor flow steps were chosen according to
available compute time and memory. For Gaussian policies, following [Park et al.| (2023)), we use a
network that outputs a mean and constant standard deviation. We use the number of steps from [Park
et al.[(2023), apart from for QC, where we use their suggestion of 5.

Table 5: Hyperparameters.

Hyperparameter Value

Optimiser Adam (Kingma and Ba,[2014)
Learning Rate 0.0003

Batch Size 1024

Target Update Rate 0.005

Representation Latent Dimension 10 (default), 128 (HIQL)
Representation Layer Normalisation True

Representation Non-linearity

Representation MLP

Value Layer Normalisation

Value Non-linearity

Value MLP

Value Expectile v (IQL)

Actor Layer Normalisation

Actor Non-linearity

Actor MLP

Actor Flow Steps

Actor Rejection Sampling NV

Actor AWR «

Actor DDPGBC o

Subgoal Steps k

Hierarchical Goal Sampling (w;>*, w;’ ' wy
Hierarchical Goal Sampling (w{™", w;**, w;*™
Non-hierarchical Goal Sampling (w°"*, w'® **4)
Discount y

traj rand)

GELU (Hendrycks and Gimpel, |2016)
[512,512,512]

True

GELU (Hendrycks and Gimpel, |2016)

[512, 512,512, 512]

0.7

True

GELU (Hendrycks and Gimpel, |2016)

[512, 512,512, 512]

6

32

3.0

1.0 (IQL default), 0.3 (IQL ant), 0.1 (IQL humanoid)
25 (default), 100 (humanoid), 5 (QC)

(0.1,0.5,0.4)

(0.1, 0.85, 0.05)

(0.1,0.5,0.4)

0.99 (default), 0.995/0.999 (HIQL & IQL ant/humanoid)
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Non-Hierarchical Hierarchical
Environment Task IoL oc HIQL OPAL SHARSA DSHARSA ASO
Task 1 0 [0, 0] 0 [0, 0] 35 [29, 39] 35 [33, 371 59 (42, 71] 72 [63, 86] 57 [47, 671 57 [50, 63]
Task 2 0 [0, 0] 0 [0, 01 66 [60, 70] 83 [77, 901 74 [65, 871 67 [60, 731 67 [64, 691 75 [69, 79]
antmaze-giant-stitch-v0
Task 3 0 [o, 0] 0 [0, 0] 42 [38, 45] 62 [52, 711 53 [39, 661 72 [66, 78] 66 [58, 721 73 [66, 81]
Task 4 0 [0, 0] 0 [0, 0] 57 [50, 62] 17 [12, 22] 65 [57, 721 67 [57, 771 65 [60, 72] 52 [43, 61]
Task 5 0 [0, 0] 0 [0, 0] 69 [53, 86] 69 [65, 74] 90 [85, 95] 82 [80, 85] 84 [70, 94] 82 [78, 87]
Overall 0 [0, 0] 0 [0, 0] 54 [48, 60] 53 [52, 55] 68 [61, 76] 72 [67, 771 68 [66, 70] 68 [66, 70]
Task 1 35 (27, 44] 27 [18, 33] 44 [40, 48] 61 [50, 72] 18 [12, 28] 28 [17, 38] 54 [46, 65] 34 [28, 40]
Task 2 47 [42, 52] 38 (32, 43] 44 [41, 48] 85 [81, 91] 77 [70, 83] 87 [83, 93] 75 [70, 80] 75 [73, 78]
antmaze-teleport-stitch-v0
Task 3 57 (52, 62] 40 [33, 471 34 [27, 421 87 (82, 90] 80 [76, 83] 74 [71, 78] 82 [78, 88] 68 [53, 79]
Task 4 51 [40, 60] 42 [36, 50] 26 [13, 41] 50 [47, 541 55 [51, 611 51 [45, 58] 59 [51, 65] 50 [45, 571
Task 5 48 (38, 57] 37 [27, 48] 32 [26, 38] 61 [52, 71] 33 [26, 42] 48 [38, 58] 58 [50, 67] 46 [43, 48]
Overall 47 [44, 51) 37 [32, 40] 36 [34, 39] 69 [64, 74] 53 [52, 54] 58 [55, 62] 66 [62, 69] 54 [52, 57]
Task 1 0 [0, 0] 0 [0, 0] 5 [0, 10] 73 (63, 83] 12 [8, 18] 17 [12, 22] 22 [18, 28] 82 [77, 89]
Task 2 311, 6] 0 [0, 0] 18 [8, 27] 78 [65, 89] 41 [33, 51] 47 [32, 69] 32 [18, 43] 98 [95, 100]
humanoidmaze-giant-stitch-v0
Task 3 110, 2] 0 [o, 0] 6 [4, 7] 85 [72, 92] 42 [28, 61] 61 [58, 65] 55 [48, 62] 91 [88, 93]
Task 4 0 [0, 01 0 [o, 01 2 [0, 3] 78 [73, 83] 11 [10, 12] 8 [3, 12] 19 [17, 221 85 [82, 87]
Task 5 0 [o, 0] 0 [0, 0] 1 (o, 2] 95 [92, 98] 43 [32, 611 17 [5, 28] 92 [84, 98] 97 [94, 99]
Overall 1 (1, 1] 0 [0, 0] 6 [4, 8] 82 [78, 85] 30 [27, 33] 30 [27, 32] 44 [38, 48] 90 [88, 92]

Table 6: Full results on selected OGBench locomotion environments using default datasets.
Success rate (%) on each evaluation task after 1M offline training steps. Mean and 95% bootstrap
confidence interval over 4 seeds.

H.4 FURTHER RESULTS
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Figure 5: Training on selected OGBench environments using the default datasets. Success rate
averaged over 5 evaluation tasks. Mean and 95% bootstrap confidence interval over 4 seeds.
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Non-Hierarchical Hierarchical
Environment Task 0L oc HIQL OPAL SHARSA DSHARSA ASO
Task 1 62 [53, 70] 90 [86, 93] 26 [20, 32] 82 [78, 87] 95 [92, 98] 98 [97, 100] 96 [92, 99] 99 [98, 100]
Task 2 11 (3, 18] 88 (83, 96] 2 [0, 5] 12 [4, 18] 82 (78, 86] 93 [91, 96] 88 (87, 90] 68 [53, 78]
cube-double-play-v0
Task 3 20 [16, 23] 88 [85, 90] 411, 8) 11 (6, 15] 89 [87, 92] 91 (86, 95] 85 [83, 88] 68 [62, 76]
Task 4 2 [0, 5] 42 138, 45] 2 [0, 3] 15 [8, 22] 41 (33, 48] 59 [48, 68] 20 [13, 271 53 [50, 571
Task 5 6 13, 8] 54 145, 63] 2 [0, 31 25 [18, 32] 53 [43, 67] 58 [50, 64] 48 [40, 571 61 [55, 69]
Overall 20 [17, 23] 72 170, 741 705, 91 29 [26, 331 72 [68, 77] 80 [75, 84] 68 [65, 70] 70 (65, 74]
Task 1 29 127, 32] 57 [48, 68] 58 [51, 651 8 [5, 12] 45 [29, 58] 44 [40, 48] 16 [13, 18] 45 [42, 48]
Task 2 110, 2] 31 [18, 42] 717, 7N 1 10, 2] 15 [11, 21] 16 [11, 23] 2 (1, 31 28 [27, 30]
cube-triple-play-v0
Task 3 0 o, 0] 20 [17, 23] 12 [10, 131 2 [1, 3] 5 13, 71 5 [0, 10] 110, 2] 17 112, 22]
Task 4 0 o, 0] 4.2, 71 3 [0, 8] 2 10, 5] 3 (1, 6 6 9] 0 [0, 0] 15 [12, 18]
Task 5 0 o, 0] 6 14, 7 1 (0, 2] 1 10, 2] 2 [0, 5] 1 0 [0, 0] 3 (3, 3)
Overall 6 16, 6] 24 (19, 271 16 [14, 18] 3 [2, 4] 14 [10, 18] 14 (13, 16] 4 14, 1) 22 [20, 23]
Task 1 0 (o, 0] 413, 6] 11 (5, 19) 0 (o, 0] 2 [0, 3] 2 [0, 3] 0 [0, 0] 9 (8, 10]
Task 2 0 [0, 0) 4 (3, 6) 402, 7 0 [0, 0] 1 (0, 2] 1 0 (o, 0] 10 (7, 13]
cube-quadruple-play-v0
Task 3 0 (o, 0] 0 (o, 0J 110, 2] 0 (o, 0] 0 (o, 0] 0 (o, 0] 0 (o, 0] 1 (o, 2]
Task 4 0 (o, 0] 0 [o, 0] 0 [o, 0] 0 (o, 0] 0 (o, 0] 0 0] 0 [0, 0] 2 [0, 5]
Task 5 0 (0, 0) 0 (0, 0] 0 (0, 0] 0 (0, 0] 0 [0, 0] 0 (0, 0] 0 [0, 0] 1 (0, 2)
Overall 0 o, 0] 2 1, 21 3 11, 5] 0 (0, 0] 0 [0, 1] 0 0, 1] 0 [0, 0] 4 14, 5)

Task 1 86 [78, 931 100 [100, 1001 55 [40, 65] 99 [98, 100] 100 [100, 100] 100 [100, 100] 100 [100, 100] 100 [100, 100]

Task 2 54 [49, 58] 98 97, 99] 59 [52, 71] 92 [88, 98] 98 [97, 100] 96 [93, 98] 98 [95, 100] 99 98, 100]
scene-play-v0

Task 3 64 [57, 72] 97 194, 99] 22 [20, 23] 80 [67, 88] 98 [97, 100] 100 [i100, 100] 100 [100, 100] 82 [78, 88]

Task 4 33 [23, 43] 65 [60, 70] 47 [38, 55] 76 [68, 80] 85 [75, 92] 84 [82, 87] 86 [78, 93] 75 [65, 82]

Task 5 311, 6] 52 [46, 561 22 [13, 30] 70 [59, 78] 78 [72, 85] 64 [52, 771 85 [81, 91 69 160, 801

Overall 48 [45, 51) 82 [81, 83) 41 (35, 46] 84 (78, 87) 92 (90, 93] 89 [87, 91) 94 [91, 95] 85 [82, 90]

Task 1 100 [100, 100] 94 (82, 100] 63 [57, 68] 94 [90, 98] 100 [100, 100] 100 [100, 100] 99 [98, 100] 100 (100, 100]

Task 2 100 [100, 100] 91 [75, 100] 58 (42, 73] 72 [59, 81] 74 [55, 93] 85 [79, 91] 78 (70, 87] 81 [73, 88]
puzzle-3x3-play-v0
Task 3 100 [100, 100) 74 [25, 100] 32 (30, 35] 58 [52, 62] 67 [58, 76] 78 [70, 87] 70 (68, 72] 66 [59, 73]
Task 4 99 (98, 100] 72 (24, 98] 36 [32, 41)] 59 [57, 64] 69 [58, 80] 76 [67, 86] 52 [40, 62] 48 [38, 58]
Task 5 100 [100, 100] 72 [25, 100] 49 (43, 55] 65 [55, 75] 78 [68, 90] 84 [78, 90] 79 [75, 84] 64 [62, 67]
Overall 100 [100, 100] 81 [46, 99] 48 (46, 49] 70 [65, 741 78 [71, 87] 85 [81, 90] 76 (72, 801 72 169, 751
Task 1 85 (77, 92] 94 [90, 98] 0 [0, 0] 70 [63, 81] 85 (82, 88] 76 (68, 83] 81 (77, 85] 96 [92, 100]
Task 2 47 133, 60] 0 o, 0] 100, 21 63 [48, 78] 72 [66, 78] 67 [62, 70] 68 [61, 75] 92 [80, 100]
puzzle-4x4-play-v0
Task 3 78 (64, 90] 32 [20, 43] 0 [0, 01 65 [56, 78] 74 [63, 83] 78 (75, 80] 60 [51, 76] 92 [80, 100]
Task 4 72 164, 78] 0 [0, 0] 1 (0, 21 52 [50, 53] 71 [62, 80] 68 [57, 78] 71 (68, 751 89 [75, 100]
Task 5 72 156, 88] 0 o, 0] 0 [0, 01 72 [67, 78] 68 [53, 82] 73 [68, 82] 67 [62, 73] 92 [78, 100]
Overall 71 [61, 78] 25 [23, 27] 0 [0, 11 64 [61, 68] 74 [67, 79] 72 169, 751 69 [65, 75] 92 [81, 100]
Task 1 68 [53, 76] 81 (63, 971 18 [13, 23] 43 [39, 471 46 [38, 55] 45 [40, 52] 46 [36, 60] 36 [29, 42]
Task 2 0 o, 0] 0 o, 0] 0 [0, 0] 36 [27, 46] 17 [10, 23] 27 [18, 35] 19 [7, 321 20 [15, 25]
puzzle-4x5-play-v0
Task 3 0 o, 0] 0 o, 0] 0 [0, 0] 7 (2, 12] 20 [12, 271 21 [18, 23] 6 13, 8] 3 0, 10]
Task 4 0 o, 0] 0 o, 0] 1[0, 21 30 [23, 37] 110, 2] 0 [0, 0] 110, 2] 17 (5, 28]
Task 5 0 o, 0] 0 o, 0] 0 [0, 0] 2 [0, 3] 1 [0, 2] 0 [0, 0] 0 [0, 0] 110, 2]
Overall 14 [11, 15] 16 (13, 19] 4 (3, 51 24 [22, 25] 17 [15, 20] 18 [18, 19] 14 [11, 18] 15 [11, 20]
Task 1 32 (20, 45] 80 (68, 92] 20 [18, 22] 39 [33, 43] 39 [30, 49] 33 [27, 38] 38 [33, 43] 45 [41, 51]
Task 2 10 (3, 17] 0 [0, 0] 5 (2, 8] 34 [31, 38] 21 [15, 28] 30 [27, 34] 14 (5, 24] 37 [28, 50]
puzzle-4x6-play-v0
Task 3 0 [0, 0] 0 (o, 0] 0 [o, 0] 8 [5, 10] 7 (3, 11] 14 (7, 22] 412, 7] 8 [3, 13]
Task 4 0 (o, 0J 0 (o, 0J 0 [o, 0] 2 [0, 5] 1 [0, 2] 1[0, 2] 0 [0, 0] 1[0, 2]
Task 5 0 (0, 0] 0 (0, 0) 0 (0, 0] 0 (0, 0] 0 [0, 0] 0 [0, 0] 0 (o, 0] 0 [0, 0]
Overall 8 [5, 10] 16 [14, 18] 5 (4, 6] 17 [15, 18] 14 [10, 16] 16 [14, 17] 11 (8, 15] 18 [15, 22]
Average over 55 Tasks 29 27, 30] 32 [29, 341 20 [20, 20] 45 [44, 46] 46 [44, 49] 49 [48, 49] 47 [46, 48] 54 [51, 56]

Table 7: Full results on selected OGBench manipulation environments using default datasets.
Success rate (%) on each evaluation task after 1M offline training steps. Mean and 95% bootstrap
confidence interval over 4 seeds. Last row averages each seed over all 55 tasks, locomotion and
manipulation (Table|6).
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H.5 ANALYSIS AND ABLATIONS
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Figure 6: PCA (top) of the action abstraction for cube-double fitted on random segments, showing
different groups of segments with semantically similar behaviour (randomly selected from the
validation dataset). L2 distances (bottom) in units of median distance between two random segments.
QSO is the only algorithm that consistently groups functionally equivalent behaviours (Desideratum
3) while separating behaviour groups (Desideratum 2).
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Figure 7: PCA (top) of the action abstraction for cube-quadruple fitted on random segments, showing
different groups of segments with semantically similar behaviour (randomly selected from the
validation dataset). L2 distances (bottom) in units of median distance between two random segments.
QSO is the only algorithm that consistently groups functionally equivalent behaviours (Desideratum
3) while separating behaviour groups (Desideratum 2).
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Reward Labelling High-level Policy High-level Value Option Encoder Low-level Policy

Interaction/ Interaction/
Agent High Low Fast Slow Noise Fast Slow Interaction Fast Slow Interaction Fast Slow Noise

antmaze-giant-stitch-v0

E s 35 [31, 39] 14 (13, 16] 50 [47, 541 6 (4, 7] 88 (86, 90] 7 [6, 7 45 [42, 47] 45 (42, 47] 11 [10, 11] 59 [57, 601 4 (4, 41 37 [36, 38]
E E 28 [26, 30] 18 [17, 19] 54 [52, 55] 6 [4, 7] 88 [86, 90] 6 [6, 7 23 [21, 25] 72 (70, 74] 5 (5, 6] {4, 51 40 [39, 41)
s 34 (30, 38) 14 (13, 1 52 [49, 56] 8 [6, 10] 84 [81, 87] B8 [7, 9 46 [43, 48] 45 [43, 48] 9 (9, 9] (4, 5 41 [40, 42)
s E 29 [26, 32] 19 [18, 20] 52 [51, 54] & [6, 11] 84 [81, 87] 8 [7, 8 28 [25, 30] 68 [65, 701 5 [5, 5] 14, 51 40 (39, 41]
E s 21 (18, 24] 13 (12, 14] 67 [64, 69] 4, 61 88 (86, 901 7 (7, 8 - = = {5, 51 42 (41, 44)
ASO g E 21 (18, 241 13 (12, 141 67 (64, 69] 4, 61 88 [86, 901 7 [7, 8 = = = (5, 51 42 [41, 44]
s s 19 116, 22] 13 (12, 14] 68 [66, 70] {6, 10] 83 [80, 85] 18, 10] = = = {4, 51 41 [40, 43]
E 19 [16, 22] 13 [12, 14] 68 [66, 70] 8 [6, 10] 83 [80, 85] 9 [8, 10] == = = 54 [53, 551 5 (4, 5] 41 [40, 43]
cube-double-play-v0
E s 3 (71, 741 5[5 51 22 [21, 24] 3 41 74 (70, 771 23 [20, 26] 79 [77, 80] 15 (14, 16] 6 (6, 7] 77 (75, 78] 4 [4, 5] 19 [18, 20]
E E 25 [23, 27] 23 (21, 24] 52 [51, 53] 3 4175 1 8] 21 [19, 241 8 (8, 9] 84 (83, 85] 8 (7, 8] 71 , 721 8 (7, 8] 22 [21, 23]
3 s 71 (70, 7 716, 70 22 [21, 23) 4 (3, 5] 70 (67, 72] 26 [24, 28) 76 [75, 78] 15 [14, 16] 9 (8, 9]  B1 (80, 83] 5 (4, 5] 15]
s E 18 (17, 20) 39 (37, 41) 42 [41, 44] 4 (3, 5] 73 (71, 76) 23 [21, 25] 8 [7, 9] 83 (82, 84] 9 (9, 9] (74, 771 5 (4, 51 20 [19, 21]
E s 26 125, 2 (51, 531 22 [21, 23] 3 (3, 41 75 [71, 78] 22 [19, 25] - - - 21 10 [9, 1
ASO g E 26 [25, 2 [51, 531 23 [22, 241 3 (3, 4] 22 (19, 26] = = = 2] 10 (9, 1
s 26 [25, 27] 52 (51, 53] 22 [21, 23] 4 (3, 5] 30 [28, 32) = = - 31918, 10
s E 26 [25, 27] 52 (51, 53] 22 [21, 23] 4 ] 66 [63, 691 30 [28, 32) - - - 31 918, 10

Table 8: QSO and ASO high and low-level decision process state abstractions. Percentage share of
the variance of each output explained by slow-moving dimensions (state and goal XY coordinates for
antmaze-giant; state and goal cube positions and orientations for cube-double) and by the fast-moving
dimensions (respectively state and goal XY height, orientation, joints and velocities; and state and
goal effector, gripper, joints and velocities). The reward labelling columns indicate whether the high
and low-level decision processes are trained using environment (E) or strict (S) reward labelling.
Inputs are built on grids that combine the slow-moving dimensions of 16 random validation state-goal
(or state-target) pairs with the fast-moving dimensions of 16 others, each under 8 flow-noise samples.
For QSO, the state-target pairs are encoded before passing them to the low-level policy; the option
encoder columns give the variance of these encoded options (ASO has no encoder). For ASO’s
high-level policy and both ASO’s and QSO’s low-level policies, each dimension of the output is
divided by the larger of its standard deviations over the dataset and over the sampled absolute subgoal
options or actions. The variance is attributed exactly using two-way ANOVA, so that the attributions
sum to 100. Mean and 95% bootstrap confidence interval (2000 resamples of the 64 grids) for one
seed after 1M training steps.

Further discussion on the coherence of state abstractions. The high-level policy remains depen-
dent on fast-moving dimensions (with 35% of the output variance being explained by fast-moving
dimensions in antmaze-giant and 73% in cube-double). We attribute this to our method of Q-shaping:
because the option is shaped to retain information about the required immediate action, if the target’s
fast-moving dimensions form part of the representation that the option encodes, the high-level policy
inherits this dependence. The following ablation confirms this hypothesis. We ablate using the
environment success criterion (which only focusses on slow-moving dimensions) rather than the
stricter success criterion to also label the reward in the dataset for the low-level decision process.
Doing so makes the option encoder and hence also high-level policy substantially less dependent
on fast-moving dimensions: percentage shares for the option encoder drop from 45% to 23% and
from 79% to 8% respectively, while for the high-level policy, they drop from 35% to 28% and 73%
to 25%. Because we see no loss in downstream performance (Figure[I2) and although we use the
stricter success criterion for labelling reward in the low-level decision process across all experiments,
we hypothesise that the environment success criterion might be preferable at both levels.
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Figure 8: High and low-level critic Q-function shaping ablation.

Effector Cube 0 Cube 1
.
.
v B
] ] ]
- 2 o 8 .
IS 2 a IS
il a . L v K]
I3 & o ° IS
> > n v >
v
. v
v
X Position X Position X Position
Low Critic Only High Critic Only Both (Default)
u]
R4
A b SR 3
B9
A ve
w,
IS S [e] . IS
£ ) £
) ° A )
o~ v « o ... «~ Y
© © v v ©
& v 8 & &
° LR 4 5
i ., A
(S 4 o
o
o
PC 1 (32%) PC 1 (14%) PC 1 (18%)
O Cube 0 Move A B Cube 1 Move A ® Effector Move A O  Start -~~~ During another body’s move
A Cube 0 Move B @ Cube 1 Move B V  Effector Move B Random k-step windows
° ° °
° ° °
° ° °
s s s
s & s
& s s
o o o
] o ]
o o o
© ° ©
3 o 3
© ° ©
° o °
° o °
° o °
v v v
v v v
v v v

©00AAADDEOQOOO 00TV VY
Cube 0 Cube 0 Cube 1 Cube 1 Effector Effector
Move A Move B Move A Move B Move A Move B

Step 110

0.0

0.2

©00AAAEDBTOOG000Y VY
Cube 0 Cube 0 Cube 1 Cube 1 Effector Effector

Move A Move B Move A Move B Move &

Step 1M

Move B

©00044A3E00000007Y 7YY
Cube 0 Cube 0 Cube 1 Cube 1 Effector Effector
Move & Move B Move & Move B Move & Hove B

Step 1M

0.4 0.6 0.8 1.0

1.2

1.4

Whitened Option Distance (Median Random Pair = 1)

Figure 9: PCA (top) of QSO’s action abstractions for gradient flow ablations for cube-double
fitted on random trajectory sequences, showing different groups of three k-step trajectory sequences
with semantically similar behaviour (randomly selected from the validation dataset). L2 distances
(bottom) for those groups in units of median distance between two random trajectory sequences.
Both high and low-level gradient flows are required to group functionally equivalent behaviours while

separating the behaviour groups.
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How sensitive is QSO to option representation input? Although our reasoning in Section
motivates representing options as relative achievements, we test whether this design choice improves
downstream performance. Figurecompares performance with absolute achievement ¢, ($¢+x ) with
relative achievement encodings ¢y, (s¢, St+k ). Relative encoding substantially improves performance
in antmaze-giant, but has little effect in cube-double. We hypothesise this to be because relative
encoding provides the largest benefit when many absolute state-goal pairs (s, g, ) can be collapsed
into the same context-dependent achievement, which is the case for the locomotion task, but not
necessarily for the manipulation one, where the above state-abstraction analysis suggests that the
option retains much more fine-grained information for immediate control.
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Figure 10: ¢, (S¢+x) rather than ¢, (s;, s¢1 1) option encoding ablation.

How sensitive is QSO to goal sampling? Both QSO and ASO are relatively robust to the proportion
of random high-level goals (Figure[IT)). In both antmaze-giant and cube-double, all three sampling
ratios converge to similar performance in both algorithms.
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Figure 11: Random goal sampling ablation for the high-level decision process for QSO (blue) and
ASO (grey).
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How sensitive is QSO to reward labelling? Environment reward labelling for the high-level
decision process substantially improves performance for both QSO and ASO in cube-double, while
on antmaze-giant the effect is small (Figure[I2)). For ASO, this gain comes from the high-level critic:
ranking samples from the environment-labelled high-level policy using the strict-labelled high-level
critic recovers the full performance (of 70% rather than 20%), while the reverse swap results in a
corresponding drop in performance. We hypothesise that the environment reward labelling enables
the high-level decision process to form better state abstractions: consistently, the percentage share of
the output variance for slow-moving dimensions in the high-level state-value function increases by
almost 10% (66% to 75%) for cube-double (Table B]) This is not the case for antmaze-giant, where
even strict labelling yields a value dominated by the slow-moving dimensions. Note that we analyse
percentage shares of output variance for the state-value function rather than the critic, which would
add a confounding factor of how to sample the subgoal/option for the crossed state-goal pairs.

For QSO, reward labelling also shapes the option space itself, as the option encoder is trained through
the critics. Downstream performance is most sensitive to using high-level reward labelling, which, like
for ASO, we attribute to the high-level critic. Interestingly, however, low-level environment labelling
makes the encoder markedly less sensitive to fast-moving dimensions, dropping from 79% to 8%
for cube-double and 45% to 23% for antmaze-giant; the high-level policy becomes correspondingly
more dependent on slow-moving dimensions, respectively increasing from 5% to 23% and 14% to
18%. Hence, while the option space remains similarly clean under both variants (Figures[T5]and [T6),
using low-level environment reward labelling could be considered better, as it retains less information
about fast-moving state dimensions without sacrificing downstream performance.

antmaze-giant-stitch-v0 cube-double-play-v0

100 A 100 A
2 754 75
o
~
@ 50 P 50 =
]
3
& 254 25 -

0 0
0 0.5M M 0 0.5M M
Steps Steps

Reward Labelling (High Decision Process, Low Decision Process)
S: Strict, E: Environment

S, 8 S, E E, S (Default) © E, E

Figure 12: Strict versus environment dataset reward labelling ablation for QSO (blue) and ASO
(grey).
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Figure 13: Change in performance when using the environment success criterion rather than the
stricter success criterion used by prior work for reward labelling in the high-level decision process.
Performance either does not change significantly, or improves for all algorithms.
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Figure 14: Performance with different option resampling frequencies for low-level dataset reward

labelling ablations for QSO (blue) and ASO (grey).
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Figure 15: PCA (top) of QSO’s action abstractions for reward labelling ablations for antmaze-giant
fitted on random trajectory sequences, showing different groups of three k-step trajectory sequences
with semantically similar behaviour (randomly selected from the validation dataset). L2 distances
(bottom) for those groups in units of median distance between two random trajectory sequences. All
reward labelling seems to encourage grouping functionally equivalent behaviours while separating

the behaviour groups.
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Figure 16: PCA (top) of QSO’s action abstractions for reward labelling ablations for cube-double
fitted on random trajectory sequences, showing different groups of three k-step trajectory sequences
with semantically similar behaviour (randomly selected from the validation dataset). L2 distances
(bottom) for those groups in units of median distance between two random trajectory sequences. All
reward labelling seems to encourage grouping functionally equivalent behaviours while separating
the behaviour groups.
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How sensitive is QSO to policy extraction? Both advantage weighting and RS lead to more
consistent performance for ASO and QSO (Figure[I7). As motivated, advantage weighting increases
the high-level policy’s dependence on the goal: compared with BC, the goal’s share of output variance
increases from 1% to 14% for QSO and 1% to 5% for ASO in antmaze-giant, and, respectively, from
0% to 1% and 1% to 3% in cube-double. Note that RS on top of this further increases goal-dependency
(Table[9).
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Figure 17: High-level policy extraction ablation for QSO (blue) and ASO (grey).

Flow Policy Deployed Policy (best of 32)
Agent Policy Extraction State Goal Noise State Goal Noise
antmaze-giant-stitch-v0
BC 72 [69, 741 1 (1, 2] 27 [25, 30] 60 [57, 62] 24 [23, 26] 16 [15, 17]
64 [61, 67] [13, 15] 22 [21, 24] 54 [52, 57] [32, 361 12 [11, 12]
SHARSA BC 38 [35, 41] 101, 2] 61 [58, 64] 34 [31, 36] 15 [15, 16] 51 [49, 53]
ASO AWR 35 [32, 38] 15, 51 60 [57, 62] 33 [31, 36] [18, 20] 48 [46, 50]
cube-double-play-v0
BC 98 [98, 98] 0 [0, 0] 2 [2, 2] 97 196, 971 2 12, 2] 2 (1, 2]
93 [92, 93] [1, 11 6 [6, 7] 88 [88, 89] 6, 71 5 [5, 6]
SHARSA BC 85 [85, 86] 101, 1] 14 [13, 15] 80 (79, 81] 9 (8, 9] 11 [10, 13)
ASO AWR 84 [83, 85] (3, 4] 13 [12, 13] 79 (78, 79] [11, 12] 10 [9, 10]

Table 9: QSO, SHARSA and ASO high-level goal sensitivity with AWR and BC policy extraction.
Percentage share of the variance of the high-level policy’s options explained by the state and goal.
Inputs are built on grids that combine 16 random validation states with 16 random validation goals,
each under 8 flow-noise samples. For SHARSA and ASO, each dimension of the output is divided by
the larger of its standard deviations over the dataset and over the sampled absolute subgoal options.
The variance is attributed exactly using two-way ANOVA, so that the attributions sum to 100 (“Goal”
includes the state-goal interaction). The flow policy returns a single flow sample; the deployed policy
returns the best of 32 flow samples under the high-level critic. Mean and 95% bootstrap confidence
interval (2000 resamples of the 64 grids) for one seed after 1M training steps.
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How sensitive is QSO to option dimension? QSO is largely insensitive to option dimension from 5
to 20, which all lead to similar downstream performance (Figure[I8). We use a fixed default of 10.
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Figure 18: d option-space dimensionality ablation.

How sensitive is QSO to temporal horizon? Like ASO and prior work (Park et al.,2026;|Ajay et al.,
2020; Park et al.;, 2023 [Li et al.; 2026), QSO is sensitive to temporal abstraction horizon (Figure .
For example, option horizons of 100 steps substantially degrades performance for both QSO and
ASO in antmaze-giant; this is unsurprising, however, considering that the maximum number of steps
in the antmaze-giant dataset is 200.
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Figure 19: k£ temporal horizon ablation for QSO (blue) and ASO (grey).
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