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ABSTRACT

Hierarchical Reinforcement Learning (HRL) intends to separate
strategic planning from primitive execution. It has been widely suc-
cessful in solving long-horizon and complex tasks, where flat-RL
algorithms have difficulty in learning. However, while the low-
level agent in HRL benefits from dense feedback and abundant
trial opportunities, the high-level agent receives sparse, delayed
feedback from the environment and its performance depends on
the low-level execution capability. In this paper, we study whether
subgoal selection by the high-level agent can be performed more
strategically, by providing it with dynamics-aware intrinsic moti-
vation. Since motivation based on primitive transition dynamics
would require broad coverage of the state-action space, we propose
to use coarse dynamics, i.e., environment transitions aggregated
over multiple steps at the temporal scale at which the high-level
agent operates. This approach stabilizes the high-level policy by
learning to minimize the predictive uncertainty associated with the
coarse dynamics, and provides a guided structure for navigation. We
model the predictive uncertainty by evaluating different dispersion
metrics as approximated by a Mixture Density Network (MDN).
Empirically, we observe that a dense, dynamics-aware intrinsic
reward leads to risk-averse subgoal selection, enabling it to outper-
form state-of-the-art HRL methods in non-stationary long-horizon
environments.
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1 INTRODUCTION

Hierarchical Reinforcement Learning (HRL) breaks down complex
tasks into multiple subtasks, improving the tractability of solving
long-horizon tasks, with the capability of handling sparse environ-
mental rewards [2, 5]. It leverages a hierarchical framework that
enables one agent (low-level agent or “Worker’) to learn the fine-
grained details of completing a simple task, while another agent
(high-level agent or ‘Manager’) concurrently learns the coarse-
grained objective of assigning these tasks or subgoals at some pre-
defined intervals. While the efficacy of HRL in achieving a specific
goal hinges on a well-calibrated hierarchical interface, concurrent
training creates non-stationarity for both the low-level agent, which
has to contend with changing high-level subgoal assignments that
it needs to learn to achieve, and the high-level agent, which needs
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to learn how to assign subgoals in the face of the changing ability
of the low-level agent to complete those subgoals.

Recent advances in hierarchical approaches [16, 23] have sought
to overcome the challenge of non-stationarity by employing Hind-
sight Experience Replay (HER) [1]. This approach helps the high-
level policy to learn by assuming that the behavior of the low-level
policy (even if unsuccessful) corresponds to the actual optimal pol-
icy. In this way, the learning of the high-level agent is effectively
guided by a low-level policy that appears to be stationary. Other
work has built upon this in various ways, such as constraining the
high-level agent actions (i.e., subgoal assignments) to states that
are reachable by the low-level agent [33], or focusing on specific
landmarks that are promising and novel and may assist in learning
the optimal policy [13].

However, we believe that these approaches address only the
symptoms of non-stationarity — they mask a deeper insight that
is fundamental to the relationship and learning objectives of the
Manager-Worker team. Specifically, we argue that to enhance the
ability of the Manager to learn, the subgoal assignment approach
should value subgoals that are not just reachable, but also predic-
tive, i.e., those that the low-level agent is expected to reach with
reasonable certainty — an important consideration for promoting
stationarity. In other words, the high-level agent should motivate
its policy by explicitly learning a coarse predictive model of the
environment, by means of learning the predictable transition dy-
namics of the low-level agent. We introduce the notion of Stable
Subgoal Selection (S3), wherein the coarse predictive dynamics
indicate a strategic-level model that abstracts away fine-grained
primitives and retains only the signal relevant to high-level deci-
sions regarding subgoal selection (Section 4). Thus, S3’s intrinsic
reward is conditioned on the competence or predictability of the
low-level policy, since the subgoals assigned by the high-level agent
are only useful if the low-level agent can execute them reliably. For
example, in a navigation task, if the Manager is uncertain about
the Worker squeezing through a narrow doorway but confident
that it would reach a nearby hallway junction, it would prefer the
low-uncertainty junction limits the planning error and yields pre-
dictably executable subgoals. We would like to clarify that both
subgoals (the narrow doorway and hallway junction) are reachable,
but one is more likely to be reached than the other, i.e., there is
sufficient predictive certainty associated the hallway junction - an
indicator that this subgoal would successfully model the coarse
dynamics of the system.

From an implementation perspective, we approximate coarse dy-
namics with the help of a Mixture Density Network (MDN) (Section
5), which is trained in parallel with the high-level and low-level
agent. We have used MuJoCo environments [27] to benchmark and
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Figure 1: HRL framework with S3 implemented by using MDN Network. (b) S3 module implementation. During the training, S3
updates the MDN parameters OppN based on supervised learning using the tuple (sz, g7, Sr+¢). It samples g; from y,; and s; from

environment during the execution phase.

analyze the efficacy of S3. Empirical results exhibit S3 outperforms
state-of-the-art HRL methods in environments with high uncer-
tainty and long-term dependencies (Section 6). Our approach is
generalizable to HRL algorithms since it primarily focuses on the
high-level intrinsic reward. In this work, we demonstrate the utility
of incorporating our coarse predictive certainty framework into an
existing HRL algorithm such as Hierarchical Reinforcement learn-
ing with k-step Adjacency Constraint (HRAC) [33] that itself uses
reachability-based subgoal assignment as a motivating principle.

2 PRELIMINARIES

We model this problem as a goal-conditioned Markov Decision
Process (MDP), M = (S, A, P, Rext, Y> Grask)- Here, S C R
denotes the continuous state space, and A C R9% the continuous
action space. The environment behaves according to the transition
kernel P(s”|s,a) = Pr(Se+1 = §’|S: = s, Ar = a), and the agent seeks
to maximize cumulative discounted reward with discount factor
Y € (0,1). At the start of each episode, a task goal grasic ~ Grask
is sampled from a goal distribution and concatenated to the state
observation. The extrinsic reward function R*t(s, a, s”) is typically
sparse and provides a positive signal only when the agent reaches
the goal.

A sparse feedback limits classical reinforcement learning abil-
ity particularly in continuous control tasks where exploration in
expansive state-action space is ineffective. To help mitigate this,
the control of the MDP is extended hierarchically by introducing
two distinct temporal levels of decision-making (Figure 1(a)). The
high-level agent learns a policy m,i(g | s;0p;) to assign subgoal
g: every c steps to the low-level agent, where 6y; represents the
parameters of the learned high-level policy. The low-level agent
operates at the environment’s native time scale, it observes state s;
and subgoal assigned by the manager g; to executes for the next
c steps, reaching the ’landing state’ s;4.. The Manager outputs a
relative subgoal g; in state space and the Worker is trained to reach
the target state s; +g;. The policy m,(a | s, g; 6},) is optimized with

where 0y, as the parameters of the learned low-level policy. The
reward for the worker is a function of how ‘close’ it has reached
to the assigned goal i.e., r%o = —||st — gt + St+cl|2, whereas the
manager is rewarded by the environment and our intrinsic reward
term. Formally, high-level decision times are ¢ € {0, ¢, 2c, ... }. This
separation of timescale allows the manager to focus on abstract,
long-horizon planning while delegating fine-grained control to the
worker.

3 RELATED WORK

Hierarchical Reinforcement Learning (HRL) and intrinsic motiva-
tion have been extensively explored as means to address sparse
rewards, exploration inefficiency, and credit assignment in long-
horizon tasks. In this section, we discuss the distinguishing fea-
tures of our approach in the context of three main research direc-
tions: (i) hierarchical control and subgoal discovery, (ii) intrinsic
reward shaping and potential-based methods, and (iii) informa-
tion-theoretic formulations of skill learning.

Classical HRL frameworks such as options and feudal learn-
ing [5, 26] introduced temporal abstraction by allowing high-level
controllers to invoke temporally extended actions. More recent
methods [16, 23] operationalize this idea through a two-level hi-
erarchy, where the higher-level policy issues subgoals expressed
in the state-space, and the low-level policy executes them through
continuous actions. These methods demonstrate substantial gains
in sample efficiency and exploration over flat RL, yet they often
assume a deterministic mapping between a current state, subgoal
and the resulting terminal state achieved by the lower level. For
example, Hlerarchical Reinforcement learning with Off-policy cor-
rection(HIRO) [23] introduces the idea of off-policy correction; the
unsuccessful low-level trajectories (i.e., those that did not reach
the subgoal g;) are stored in a replay buffer. They are then rela-
beled so that reached state s;ic(# g;) is given the label g;, indi-
cating that this was the subgoal that was intended to reach. This
approach makes the low-level agent policy appear to be stationary



and makes the learning process more sample efficient. Similarly,
HRAC [33] limits the high-level agents action space to a k-step
adjacency region. It eliminates infeasible subgoals while preserv-
ing the optimality. Hlerarchical reinforcement learning Guided by
Landmarks(HIGL) [13] focuses on reducing high-level action space
by generating landmarks that optimize for broad coverage and nov-
elty. Broadly, they also focus on modulating Manager’s behavior.
[10, 16, 22, 23, 33]. On the contrary, relatively few works have pro-
vided intrinsic rewards directly to the high-level policy, though
recent work by Wang et al. [29] has sought to address this issue
by modulating the high-level objective via epistemic uncertainty
to encourage exploration. They treat uncertainty as a signal of
what the agent has not yet explored, guiding the Manager toward
unfamiliar regions of the state space using a diffusion model. In
contrast, S3 treats this mapping as stochastic and explicitly models
the distribution of possible outcomes under a given subgoal. This
allows us to measure how consistently the Worker can realize the
Manager’s intent and shape high-level rewards using Stable Sub-
goal Selection. By incorporating uncertainty, using reward shaping
directly through the conditional subgoal distribution, our method
provides stability in spite of evolving low-level policy.

Reward shaping is a classical technique for accelerating learning
without altering the optimal policy, provided the shaping func-
tion satisfies the potential-based condition [24]. This principle has
been used to guide exploration, to inject domain knowledge, or to
improve credit assignment in hierarchical systems [4, 6]. Reward-
Sharing Relational Networks (RSRN) [12] introduce a directed rela-
tional graph that parameterizes how much each agent “cares about”
other agents’ outcomes and uses these relation weights to transform
environment rewards into shared relational rewards. The resulting
reward-sharing induces coordinated behaviors by coupling agents’
objectives through the learned or specified relations. We use this
lens to design an intrinsic reward for the high-level agent that pro-
motes reliable manager—worker coordination via predictable coarse
outcomes. In hierarchical contexts, most shaping approaches focus
on the low-level policy; defining intrinsic rewards as the negative
distance between the current state and the subgoal [16, 23, 28, 30].
However, the high-level policy is typically left unshaped, relying
solely on sparse extrinsic signals. Our work extends potential-based
shaping to the manager’s level by deriving an intrinsic reward pro-
portional to the variance of the goal-conditioned coarse dynamics.
The resulting term remains policy-invariant but supplies dense,
capability-aware feedback that improves exploration efficiency and
training stability.

Information—theoretic frameworks for unsupervised skill discov-
ery, such as DIAYN [8], empowerment [14], and VIC [11], aim to
maximize mutual information (MI) between latent skills and result-
ing states. These methods encourage the discovery of diverse, dis-
tinguishable behaviors by maximizing mutual information between
the landing state and subgoal. Optimizing mutual information can
be expressed as maximizing the entropy of landing state, i.e., push-
ing for diverse outcomes and minimizing the conditioned entropy of
the landing state given subgoal I(G; St+c) = H(St+c) — H(St+c|G)),
i.e., having more certain outcomes for a subgoal. Our method fo-
cuses specifically on the conditional term H(St+¢|G), which cap-
tures the reliability or predictability of the outcome given a chosen
subgoal. By penalizing the total variance of the coarse dynamics

distribution, we effectively minimize an upper bound on this condi-
tional entropy, thereby increasing the mutual information between
the Manager’s subgoal and the achieved terminal state. Unlike
MI-based methods, however, our formulation is computationally
tractable, requiring only a single scalar moment (variance) from
a learned mixture-density model, and maintains optimal-policy
invariance through its potential-based structure.

4 THEORETICAL ANALYSIS

A key limitation of HRL is that the high-level agent (i.e., the Man-
ager) receives an order of magnitude fewer observations as com-
pared to the low-level agent (i.e., the Worker). While fewer observa-
tions are what make the HRL approach tractable, the simultaneous
coupling with sparse and delayed rewards creates the need for
more meaningful exploration for the Manager. While recent HRL
algorithms have focused on designing novel subgoal exploration
methods [23, 29, 33], we explore how incorporating dense dynamics-
aware intrinsic rewards for the high-level agent can assist in the
learning process.

More specifically, the dynamics-aware intrinsic reward encour-
ages the Manager to issue subgoals that the current Worker can
execute consistently and reliably, based on its current capability
- in effect, modeling the coarse transition dynamics of the envi-
ronment. As shown in Figure 1(a), the dense intrinsic reward is
provided to the manager at every temporally abstracted step (figure
1(a). Moreover, the estimation of the intrinsic reward (S3) sits atop
whichever HRL algorithm is being used for the learning process.
The exact process of estimating the intrinsic reward is discussed in
Section 5.

4.1 Potential-based Reward Shaping

To provide denser feedback to the high-level agent, we need an
intrinsic reward that is meaningful and guides towards the op-
timal policy. Furthermore, for the intrinsic reward to be policy
invariant, we propose shaping a potential-based intrinsic reward
[24, 31]. Following the potential-based shaping framework intro-
duced by Ng et al. [24] and later generalized for state-action pairs by
Wiewiora et al. [31], we define a potential-based intrinsic reward
over state—action pairs rather than states alone. A reward func-
tion is said to be potential-based advice if it satisfies the following
equation:

F(s,a,5",d") = y®@ric(s’,a") — D1 (s,0) 1)

where y denotes the environment discount factor, and ®(s, a) is
a time-dependent bounded potential function that assigns scalar
values to state-action pairs [7]. This extension allows shaping to
provide more precise guidance, biasing not only which states are
desirable but also which actions are promising within those states,
while still preserving the set of optimal policies. A potential-based
reward shaping (PBRS) function ensures that the total reward at
the end of an episode is equal to the environmental reward ReX,
This property arises because the shaping term, defined as the dis-
counted difference in potential between consecutive transitions,
telescopes over time. Specifically, the intermediate shaping rewards
cancel out when summed across the entire episode, leaving only the
boundary terms at the start and end of the trajectory. As a result,
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the addition of potential-based shaping does not alter the overall
return associated with any policy and therefore does not change
the optimal policy of the original MDP. Instead, it redistributes the
sparse environmental reward into denser intermediate feedback
that accelerates learning while preserving policy invariance. In our
HRL work, we introduce a Potential based intrinsic reward for the
high-level agent that takes a similar form as Equation 1, but over
a coarser c-step time horizon, i.e., the intrinsic reward r}il’i1t should
satisfy the following condition:

int

i = F = v@rsc(Stec, rec) — Oe(se, ar) @)

Our next step is to devise a functional form for this potential
based function ®(s, a) to evaluate the intrinsic reward for the high-
level agent. This step should be performed in a manner that (a)
incorporates the notion of subgoal reliability, i.e., how consistently
the Worker can realize the Manager’s intended subgoals given its
current capability and the environment’s coarse transition dynam-
ics and (b) ensures that the resulting shaped reward preserves the
optimal high-level policy while providing denser, more informative
feedback that improves sample efficiency. In this view, the potential
function acts as a measure of the stability or predictability of the
low-level outcomes conditioned on a high-level action, guiding the
Manager toward subgoals that are achievable and repeatable rather
than excessive or random exploration.

In the next subsection, we propose a methodology to design this
intrinsic reward potential ®(s, a) in a manner that penalizes the
high-level agent for selecting subgoals that increase uncertainty of
the coarse dynamics model of the system.

4.2 Coarse Dynamics Dispersion Penalty as a
High-level Intrinsic Reward

The inspiration for using a coarse dynamic model to inform the
learning process of the Manager-Worker team was drawn from prior
organizational behavior research, which emphasizes that effective
managers are both task-oriented and people-oriented, balancing
the assignment of clear, achievable tasks with attention to worker
capabilities [9, 32]. From a human manager-worker perspective,
a key challenge for the manager is to assign subgoals that can be
reliably and repeatedly achieved by a worker, to improve the team’s
overall performance. In our work, we draw inspiration from this
approach to devise an intrinsic motivation for the high-level agent
that attributes success (or failure) to the quality of subgoal assigned
to the worker. The current state-of-the-art HRL methods [5, 15—
18, 25, 28], generate an intrinsic reward for training the low-level
agent’s policy 7, based on how close the low-level agent gets to
achieving the assigned subgoal ¢;, i.e., how accurately the low-
level agent progresses towards the subgoal. To complement the
sparse environmental reward obtained by the high-level agent, we
also provide intrinsic motivation that rewards the assignment of
subgoals that help the low-level agent perform more reliably, i.e.,
increase the precision of achieving the subgoal. It implies reduced
uncertainty of the coarse dynamics, which further leads to reducing
the uncertainty (and perceived nonstationarity) of the policy of the
low-level agent.

The objective of this approach is to steer subgoal selection to-
wards regions where the low-level controller can operate reliably
within the partially known and stochastic environmental dynam-
ics. This approach is particularly beneficial in environments where
the task involves high-risk transitions, multi-stage dependencies
(e.g., approach the block, push it aside, navigate to final goal) or



structural bottlenecks, i.e., the states through which most of the
successful trajectories should pass [20, 21]. In such settings, reliable
subgoal selection helps the high-level agent to focus exploration
around strategically important regions, rather than wasting sam-
ples on subgoals that may have value, but which the current worker
cannot achieve consistently. Similarly, in tasks where navigation or
manipulation is organized around landmarks or waypoints [13, 15],
S3 helps stabilize hierarchical coordination by subgoal selection
with the low-level agent’s predictable and controllable outcomes.
Conversely, we expect the advantage and need of this approach to
diminish in environments where bottleneck states are not critical
to success or do not exist, and where the high-level agent cannot
infer meaningful structural cues about progress from observable
transitions.

At a temporal scale at which manager operates, the environ-
ment’s transitions can be viewed through its coarse dynamics.
Coarse dynamics are induced by the low-level controller when
it executes a subgoal for a fixed duration. In order to measure the
reliability of the low-level agent and penalize the manager for pro-
viding highly diffcult to achieve subgoals, we introduce the notion
of the coarse-grained c-step predictive terminal-state distribution
(TSD), expressed as follows:

c—1
p(strclse, gt) = Z H[”lo(at+k|st+k=gt)P(5t+k+1|St+ksat+k)]

At:t+c-1 k=0
St+l:t+c—1

®)
where p(st+c|st, gr) represents the c-step predictive distribution
over states, i.e., for each possible state s;, it captures the probability
that the system will be in s;4c, after ¢ time steps, starting from
s; and executing the current low-level policy conditioned on sub-
goal g; while the environment follows its dynamics. Recent HRL
research targets increasing uncertainty or novelty at the manager
level, such as adding exploration bonuses [13, 17, 19] or prioritiz-
ing novel subgoals via learned subgoal spaces. Our work, on the
other hand, provides a high-level intrinsic reward that penalizes
the dispersion (variance) of the c-step predictive terminal-state
distribution, thereby steering subgoal selection toward reliable,
repeatable outcomes using the following potential-based reward
shaping function:

Qpic(stc) = =B Y(st, gt) 4

where ¥ represents a dispersion metric function defined over the
c-step Terminal State Distribution (TSD). Several different disper-
sion metrics may serve this purpose, e.g., total variance (trace of
covariance), generalized variance (determinant or log-determinant),
largest eigenvalue (spectral radius), mean squared miss-distance to
the subgoal, or Conditional Value at Risk (CVaR) of miss-distance,
to name a few. Additionally, f represents a nonnegative scaling
coeflicient (intrinsic weight) for the shaping term. It ensures the
intrinsic signal is strong enough to guide learning yet not so large
that it overrides the environment reward. In this work, we use
the following dispersion metric where tr(-) denotes the trace of
the matrix, and Cov(-) denotes the covariance matrix of the c-step
terminal state distribution::

Y(-Ist,gt) = tr(Cov(stsclss, gt))

and the high-level PBRS intrinsic reward function can then be
expressed as:
PR = Py @y (Stves Grae) — o (st g1) )
Since we treat the environment model as unknown, the exact c-step
predictive TSD cannot be determined exactly. However, for practical
purposes, it can be estimated based on c-sampled transitions, and
subsequently utilized to evaluate the high-level reward ri%, as
discussed in the next section. At each primitive step, we relabel the
subgoal using the goal-transition function A as first introduced in
HIRO[23] to keep the manager’s intended absolute target fixed:

h(st+1, 9t St) = St + Gr — St+1 (6)

Algorithm 1 includes the steps associated with HRL process for S3.

Algorithm 1 S3: Stable Subgoal Selection

1: Inputs: env, period ¢, num_episodes, ep_length, schedule f;

2: Policies: high 7p; (g | s; 6hy), low mo(a | s, g; 010)

3 MDN: pg, . (St+c | 51, 9r) with mixture of K Gaussians means
Hmix,> covariances Xy

4: Replay buffers: By; « 0, Bj, < 0, Bypn < 0
5: for ep = 1 to num_episodes do

6: Initialize: sy < env.reset(), go < 7p;(s0)

7. @y 0, ayp < mo(s0,g0)

8: for t = 1 to ep_length do

9: st, 1§, done « env.step(a;—1)

10: o e —lI(se=1 +ge-1) = selly

11: push (sf-1,9r—1, ar—1, r}o, s¢, done) into B,
12: if done or (¢t mod ¢ = 0) then

13: gt < mpi(st)

14: (Mmix> Zmix) < ﬁBMDN(' | st—c, gt—c)
15: vary <« tr(Zmix)

16: q)t — _ﬁt - varg

17: P peny @ — By

18: push (st—c, gt—c, s¢) into BypN

19: push (st—¢, gr—c #hi g, done) into By;
20: UpdateMDN(BypN; OMDN)

21: UpdateHigh(8By;; 6y;)

22: else

23: gt < h(st, gr-1, se-1)

24: end if

25: UpdateLow (By,; 6)5)

26: ar < mo(st, ge)

27: if done then break

28: end if

29: end for

30: end for

5 ESTIMATION OF INTRINSIC REWARD

As discussed earlier, the high-level agent learning explicitly depends
on the dense dynamics-aware intrinsic reward it receives. However,
each episode only provides a single state-space trajectory based
on the current policy, making it impossible to obtain the statistics
of the c-step terminal state distribution. In order to provide the
high-level agent with an uncertainty estimate pertaining to the



TSD, we rely on a replay buffer Bgs that records the following
quantities in each episode: the initial state s; of the low-level agent
at time ¢, the goal g; assigned by the high-level agent at time t,
and the terminal state sy, of the low-level agent at time ¢ + ¢, i.e.,
the end of the c-step time interval, after which a new subgoal is
assigned by the high-level agent. As described in Figure 1(b), we
sample observations s; and sy from the environment, g; from
high-level policy m,; and train our coarse predictive model with
these transition tuples. Thus, for any given input feature {s;,g;}, a
user-defined supervised learning model f (s, g;) learns to predict
the output label {s;4¢}. At the time of training the high-level agent,
we query the trained model f*(s;, g¢) to obtain the statistics of s;4¢
via a dispersion metric, which is subsequently used to provide the
dense uncertainty-based high-level intrinsic reward (Equation 5).

The machine learning model f (s, g;) we use in our work is based
on a Mixture Density Network (MDN) [3], and is used to model
the (potentially) multi-modal dynamics P(sz4¢|st, g¢) as a mixture
of multiple Gaussians. Instead of blurring divergent outcomes into
one mean, MDN represents distinct terminal modes with its each
mean and covariance (discussed below):

K
Poyon (Stclst: gt) = Z r(sts GIN (s g (s, G), 2 (52, g¢))

k=1

™)
In an MDN, the coarse dynamics predictive distribution p(sz+c|sz, gr)
% Poypy (St+clsts gr) is modeled as a K-component Gaussian mixture
with weights ay (s, g;), means g (s¢, g) and covariances 2 (s, ).
Each mean i (s¢, g) encodes a distinct terminal outcome of the
macro action. The weights ay (s, g;) represent the the probability
of each scenario under current state s; and subgoal g;. The covari-
ance matrices X capture the directional spread of landing locations
around each py, quantifying the uncertainty induced by low-level
controller stochasticity and unmodeled dynamics.

Jointly optimizing the manager and the worker policies is intrin-
sically non-stationary, and layering an MDN on top can in principle
amplify that instability. However, the evolving policy furnishes
a useful curriculum: early iterations feed the MDN simple, high-
variance trajectories, while later policies contribute sharper, more
targeted behaviors, allowing the mixture to expand its support pro-
gressively rather than overfitting a snapshot of the given policies.

The predictive uncertainty, i.e., covariance matrices conditioned
on sy and gy, is split into K Gaussian distributions. The total predic-
tive covariance decomposes into within-mode and between-mode
terms.

K K

Smix = Z wp g + Z o (e = 1) (e =) 7 (®)
k=1 k=1
————
within-mode

between-mode

Within-mode quantifies variability inside each scenario and
between-mode measures ambiguity over which outcome will oc-
cur. Together, a smaller value of Xy signifies a more predictable
outcome from the low-level agent for the current state and sub-
goal. It further suggests that each macro-action would terminate
near its mode mean. This gives the Manager the ability to plan
with predictable behavior of the Worker, hence, improving subgoal
feasibility and sample efficiency.

Table 1: We compare S3 against HIRO and HRAC. Each
method is trained for 5M environment steps under five
random seeds. We report mean success rate (percentage of
episodes that reach the final goal) + standard error of the
mean (SEM) across seeds.

Environment | S3 HIRO HRAC
Ant Fall | 0.374+0.054  0.059+0.059  0.000:£0.000
Ant Push | 0.186+0.107 0.134+0.101  0.180£0.180

Ant Maze | 0.827+0.024  0.790+0.067 0.832+0.039
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Figure 3: S3 learning curves under different Manager hori-
zons. X-axis shows environment steps and Y-axis represents
the average steps to finish (lower is better). Each curve shows
periodic evaluation of a fixed ¢ (Manager horizon) compared
to our choice of Manager horizon interval ¢* = 10 while train-
ing.

To preserve the optimality of the underlying solution, we ap-
ply potential-based reward shaping [31]. The shaping potential is
defined over high-level state pairs and penalizes dispersion in the
MDN’s coarse dynamics distribution:

Qs (s1,9:) = =P \P(Zmix(stﬂ‘ | st)gt))’ )

We tune the intrinsic-reward coefficient f to inject a sufficiently
large shaping signal to drive joint estimation of the coarse dynamics
and value model, while constraining f§ so that the intrinsic term
remains a lower-order perturbation relative to the extrinsic reward.

6 EMPIRICAL STUDY

We evaluate S3 on three standard MuJoCo continuous-control
benchmarks (Ant Maze, Ant Push, and Ant Fall)[27] using the
quadruped Ant agent. We choose these tasks for three reasons:
(i) they support temporal abstraction, allowing a high-level policy
to issue goal-like subgoals while a low-level controller handles
locomotiony; (ii) success requires multi-stage behavior, e.g., navigat-
ing to intermediate way-points and interacting with objects before
reaching the final goal; and (iii) these environments are widely
adopted HRL benchmarks, hence, making standardized evaluation
and fair comparison with prior work simpler.
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6.1 Environment Setup

Ant is a quadruped agent with two actuated joints per leg (8 actua-
tors in total). The action space consists of continuous joint torque
commands a; € [-1,1]? clipped by simulator limits. The observa-
tions includes joint positions/velocities, base pose and velocities,
and task variables (e.g., torso (x,y), goal and object poses). Figure
2 shows the three different tasks discussed below:

Ant Maze. Navigation through narrow U-shaped/maze-like cor-
ridors to a distant goal specified in workspace coordinates (goal-
conditioned RL). Rewards are typically sparse (success on entering
the goal region). It requires long-horizon planning and effective
subgoal setting.

Ant Push. A movable block obstructs the path between start and
goal. The agent must push the block in an appropriate direction
to clear a passage before navigating to the goal. Greedy go-to-
goal behavior will fail, leading to incorrect pushes further blocking
access.

Ant Fall. There are two platforms separated by a gap. The agent
must push a nearby block to form a bridge, then traverse it to reach
the goal. Failed manipulation or misplacement of the block leads to
irreversible failure (e.g., block falls into the gap).

6.2 Comparative Analysis

In Ant Push, the agent must first align and push a movable block
to clear a passage before navigation can proceed. In Ant Fall, the
agent must set up a precise approach and drop the block in the gap
before continuing, where small approach differences lead to sharply
different post-contact outcomes. These tasks induce heteroscedastic,
multi-modal coarse dynamics, where distinct contact outcomes lead
to sharply different futures.

As observed in Figure 2, S3 achieves significantly higher success
rates on Ant Fall than the baselines. It also outperforms baselines
on Ant Push, albeit with a smaller margin. This gain stems from
Ant Fall’s stronger contact-induced multi-modality (e.g., precise
block placement vs. jam), where other baseline models blur subgoal
outcomes, while the MDN preserves distinct modes with calibrated

probabilities. Both AntPush and AntFall impose long-horizon pre-
conditions (clear the block; place the block), where compounding
(or not accounting for) model error typically hurts baseline ap-
proaches; S3’s coarse dynamics are concentrated within each sce-
nario, stabilizing subgoal selection and execution over extended
horizons. S3 attains comparable performance on AntMaze to the
baselines. Here, accurately modeling coarse dynamics offers limited
marginal benefit: navigation is dominated by predictable locomo-
tion and geometric path-finding, so planning quality is determined
more by subgoal decomposition and low-level exploration than by
coarse dynamics dispersion. Hence, we can safely conclude that
S3 is useful in tasks involving substantial physical interaction and
long-horizon preconditions, where outcome variability is strongly
state-dependent and a coarse dynamics model based intrinsic re-
ward materially improves subgoal selection and execution in the
manager.

6.3 Qualitative Analysis

We hypothesize that more frequent subgoal selection tighten land-
ing prediction by limiting rollout drift, while less frequent sub-
goals trade that predictability for stronger temporal abstraction and
longer-horizon commitment. To evaluate S3 for sensitivity towards
varying temporal horizons, we sweep across temporal abstraction
horizon ¢ € {5, 10, 20, 50, 100} with identical configurations on Ant
Maze task. The curve for S3, which is trained with manager horizon
¢ = 10 attains the lowest average steps to complete the task (Figure
3). With identical training hyperparameters, S3, which has manager
horizon ¢=10 minimizes average steps, marking a “stability region”
where the high-level proposals are (i) ambitious enough to generate
measurable progress per subgoal and (ii) still within the worker’s
controllable horizon so that execution errors do not accumulate
unchecked. While ¢ = 5 under-utilizes the low-level agent’s ca-
pability to generate complex trajectory for a given subgoal. For
¢ = 20, despite the increasing multi-modality, longer horizon shows
comparable learning. For ¢ > 50, the degrading calibration between
high-level policy, low-level policy and intrinsic reward estimator
becomes unstable for learning.
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Figure 5: Manager-guided trajectories for S3 (blue) and HRAC (green) over 50 evaluation runs in (a) Ant Fall, (b) Ant Push,
and (c) Ant Maze. Each trajectory corresponds to a single episode, with ’x’ markers plotted at every 10th high-level subgoal to
reduce visual clutter and highlight the dominant route chosen by the manager over the course of the run.

In Figure 4, we illustrate learning coarse dynamics in Ant Push
environment. The red quadrant marks a hazardous zone: if the
agent pushes the movable block from the south, the block enters
an irreversible configuration and the final task goal becomes un-
reachable. Each panel plots the manager’s current state s; in a black
cross, the assigned subgoal g; in red cross, and a cloud of sampled
terminal states s;4. generated from the worker’s policy.

Over training, by 1M episodes samples remain fairly dispersed
and frequently overlap the red zone, indicating that the model and
policy have not yet internalized the risk. Around 3M episodes, the
terminal-state cloud shifts toward the subgoal and becomes sharper.
Also, the number of samples entering the danger zone becomes
significantly less. This may indicate that the coarse dynamics model
now captures the causal consequence of pushing near the block. By
5M episodes, the predictions form a concentrated cluster that stays
clear of the red region while trying to achieve g;.

Consequently, the sampled terminal states s;4¢ increasingly con-
centrate toward the commanded subgoal g; over training, indi-
cating that the worker continues to execute meaningful progress
toward manager proposals rather than collapsing to negligible mo-
tion around s;. Moreover, the reduction of mass entering the haz-
ardous quadrant suggests that shaping the manager toward lower-
dispersion subgoals selectively avoids risky macro-transitions while
preserving low-level learning. Figure 5 visualizes manager-only tra-
jectories formed by consecutive subgoals g;. In Ant Fall (Figure 5(a)),
HRAC’s manager subgoals are loosely goal-directed but scattered,
indicating no consistent strategy for using the block to traverse the
gap. S3 concentrates subgoals around the bridge-crossing region,
reflecting an explicit focus on reliable crossing where stochasticity
can cause the agent to fall off the bridge. In Ant Push (Figure 5(b)),
S3’s manager subgoals look scattered because it repeatedly re-plans
around the movable block. When the coarse dynamics model pre-
dicts high uncertainty, where a small push can irreversibly block the
goal, the shaping term penalizes those subgoals and the manager

switches to safer targets, producing criss-crossing waypoints across
runs. Despite this, the realized trajectories are tightly concentrated
along a smooth left-hand arc that avoids the block and reaches the
goal. S3 produces a narrow, overlapping pathway that are tightly
aligned with the task direction, whereas HRAC exhibits noticeably
thicker bundles of trajectories in 5(c).

7 CONCLUSION

We address the challenges in learning hierarchical policies like high-
level exploration and credit assignment, inherent to tasks with long-
horizon dependencies. Our presented approach leverages the ideas
and bridges the gap between model-based HRL, potential-based
shaping, and information—theoretic intrinsic motivation, to create
a method to enable the high-level agent to build a coarse model of
environment dynamics. By leveraging coarse dynamics of subgoal
outcomes, we introduce an intrinsic reward that quantifies subgoal
reliability while preserving the optimality of the high-level policy.
This combination provides dense feedback to the Manager, miti-
gates the non-stationarity arising from the evolving Worker, and
yields stable hierarchical learning in sparse-reward, long-horizon
environments. Empirically, we observe superior performance com-
pared to HRL baselines in long-horizon dependency and continuous
control environments with bottleneck states. S3 is most beneficial
near bottlenecks and irreversible transitions, where small execution
variance can push the system into unrecoverable regions. Through
further investigation, we observe that S3 supports and learns from
long manager interval. As the primary contribution of our work is
the design of the dynamics-aware high-level intrinsic reward, our
approach is generalizable to other HRL algorithms.
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