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Abstract—The challenges inherent in long-horizon tasks in
robotics persist due to the typical inefficient exploration and
sparse rewards in traditional reinforcement learning approaches.
To address these challenges, we have developed a novel algorithm,
termed Explicit-Implicit Subgoal Planning (EISP), designed to
tackle long-horizon tasks through a divide-and-conquer ap-
proach. We utilize two primary criteria, feasibility and optimality,
to ensure the quality of the generated subgoals. EISP consists
of three components: a hybrid subgoal generator, a hindsight
sampler, and a value selector. The hybrid subgoal generator uses
an explicit model to infer subgoals and an implicit model to
predict the final goal, inspired by way of human thinking that
infers subgoals by using the current state and final goal as well
as reason about the final goal conditioned on the current state
and given subgoals. Additionally, the hindsight sampler selects
valid subgoals from an offline dataset to enhance the feasibility
of the generated subgoals. While the value selector utilizes the
value function in reinforcement learning to filter the optimal
subgoals from subgoal candidates. To validate our method, we
conduct four long-horizon tasks in both simulation and the real
world. The obtained quantitative and qualitative data indicate
that our approach achieves promising performance compared to
other baseline methods. These experimental results can be seen
on the website https://sites.google.com/view/vaesi.

Note to Practitioners—This paper addresses the persistent
challenges in executing long-horizon tasks in robotics, which
are hindered by inefficient exploration and sparse rewards in
traditional reinforcement learning methods. EISP overcomes
these obstacles through the integration of a hybrid subgoal
generator, a hindsight sampler, and a value selector, ensuring
that the generated subgoals are both feasible and optimal, thereby
facilitating the completion of the entire task by addressing each
subgoal. Although preliminary results are promising, several
challenges must be resolved in future research. Firstly, the auto-
matic determination of the number of subgoals during training
presents a challenge that may impact the low-level policy’s
efficacy in achieving each subgoal. Secondly, the proposed method
relies on an offline dataset that lacks successful trajectories from
the initial state to the final state, complicating the exploration
of subgoals towards the final goal. Finally, the scalability across
multiple tasks is relatively limited due to the time-intensive nature
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of data collection for each task. Future research will focus on
optimizing the allocation of timesteps to subgoals, enhancing
exploration efficiency, and improving scalability across a broader
range of tasks without extensive data collection.

Index Terms—Motion control; Learning control systems; Ma-
nipulator motion-planning; Motion-planning.

I. INTRODUCTION

UMAN daily activities often involve performing long-

horizon tasks, which are characterized by hierarchical
structures and multiple distinct types of actions [1]], [2]. These
tasks require reasoning about a sequence of actions and their
associated control signals over a long period of time [3]-[5],
necessitating the successful execution of all subtasks [6].
Recent advances in robotic planning have demonstrated the
effectiveness of robots in performing complex tasks through
imitation and reinforcement learning [6]—[8]]. However, those
methods are typically limited to completing either short-term
tasks with intensive rewards or long-horizon tasks guided by
a series of instructions provided by humans [9]. Empowering
robots with the ability to autonomously reason and plan long-
horizon tasks could assist or even replace humans in dangerous
or tedious tasks, further expanding the frontiers of robotic
automation.

Current efforts to tackle long-horizon tasks involve imitating
expert trajectories [4], [10], [11]], increasing goal-oriented
exploration [5], [12]-[14] and employing divide-and-conquer
tactics  [2]], [3]l, [15]], [16]. Imitation learning extracts key
points from expert demonstrations to generate effective strate-
gies for subgoal creation. However, this approach often suffers
from the time-consuming nature of demonstration collection
and the sub-optimality of expert strategy. While enhancing the
exploration efficiency of robots is essential for the discovery of
effective and feasible subgoals, goal exploration is generally
confined to neighboring states of the explored region. Given
the conspicuous lack of experience with rarely explored state
spaces, a significant gap remains in the efficiency requisite for
more generalized reinforcement learning applications [[17].
Most existing methods [3f], [15]] that decompose complex
tasks into simpler ones, cannot simultaneously guarantee the
feasibility and optimality of the generated subgoal sequence
and frequently operate under the strong assumption that the
state space and the goal space are identical. Thus, developing
a robot capable of solving an extensive range of combinatorial
decision problems continues to pose a long-standing challenge.

To alleviate these challenges, we propose Explicit-Implicit
Subgoal Planning (EISP) that solves the long horizon problem
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Fig. 1. (a) EISP infers multiple subgoals at different task stages. Green and
red lines represent possible subgoal sequences. (b) We leverage the explicit
model to infer subgoals and the implicit model to predict the final goal.

by inferring easy-to-achieve subgoals and then accomplishing
each subgoal sequentially. Fig[T] (a) illustrates the potential
subgoals that can be generated at different stages from the
initial state to the final goal. The subgoal sequences connected
by the green line and the red line represent possible approaches
to accomplishing the long-horizon task. Because the subgoal
sequence linked by the red line may require more time to
complete the task, we consider the subgoal sequence connected
by the green line is more optimal. Our study mainly focuses
on the subgoal generation process (without delving into the
underlying subgoal approach process). Inspired by the human
approach to solving long-horizon tasks by breaking them down
into smaller and manageable components, it is intuitive to
employ an explicit model that takes as input the current state
and final goal and outputs the subgoals, as demonstrated in
previous studies , . However, a critical aspect often
overlooked is humans’ ability to predict long-term outcomes
by identifying short-term subgoals based on the current state.
As depicted in Fig[l] (b), we formulate two models: one for
inferring subgoals based on the current state and the final
goal, and the other for reconstructing the final goal using
the current state and the given subgoals. The former model
explicitly generates the subgoal, whereas the latter provides
a guarantee on the worst-case for the log-likelihood of the
subgoal distribution. As suggested in [I8]], we anticipate that
adding the implicit model may outperform using only an
explicit model when accomplishing subgoal generation for
long-horizon tasks.
The contributions of this study are outlined as follows:

1) We introduce a Hybrid Subgoal Generator, which
employs both explicit and implicit models to generate
accurate subgoals by maximizing the evidence lower
bound of the final goal.

2) We quantify the quality of inferred subgoals by es-
tablishing two criteria: feasibility and optimality. We

employ a Hindsight Sampler to facilitate the feasibility
of the generated subgoals and a Value Selector to
facilitate the selection of optimal subgoals.

3) We conduct a series of simulations and real-world exper-
iments to evaluate the performance of our algorithm. The
results demonstrate that our method outperforms other
approaches under comparable environmental conditions.

The rest of this paper is organized as follows: Sec. [l reviews
the state-of-the-art; Sec. introduces the preliminaries; Sec.
[[V] formulates the problem; Sec. [V] describes the proposed
methodology; Sec. [V]] presents the experimental results; Sec.
[VII gives conclusions and future work.

II. RELATED WORK

Deep reinforcement learning (DRL) has proven effective in
seeking optimal solutions for specific tasks through the utiliza-
tion of well-designed reward functions. Building on the recent
successes of DRL, researchers have expanded this technique
to address long-horizon tasks with varying objectives, known
as goal-conditioned reinforcement learning (GCRL). Current
methodologies for tackling the long-horizon GCRL problem
predominantly involve imitating expert trajectories, enhancing
goal-oriented exploration, and decomposing complex tasks
into smaller subtasks.

A. Imitation Learning

Recent advancements [4]], in imitation learning have
demonstrated the capacity of humans to identify and learn
critical points from expert demonstrations or trajectories to
accomplish the final goal. Jin et al. proposed a method
enabling robots to learn an objective function from a few
sparsely demonstrated keyframes to solve long-horizon tasks.
Joey et al. were the first to utilize representation learning
with an instruction prediction loss, operating at a high level of
abstraction, to accelerate imitation learning outcomes. Further-
more, Huang et al. [4] trained reinforcement learning (RL)-
based agents to solve long-horizon tasks with a few expert
demonstrations collected from virtual reality. However, the
trajectories generated by human experts cannot cover the entire
state space, leading to trained policies that generalize poorly
to unseen tasks. Additionally, strategies trained via imitation
learning may not be optimal, as the demonstration data are
likely suboptimal, and consequently, the trained strategies are
unlikely to surpass the demonstration policy. Our approach
diverges from relying on expert demonstrations and instead
employs reinforcement learning (RL) to explore and discover
the optimal policy through trial and error.

B. Exploration Efficiency

Increasing the exploration efficiency of robots is crucial for
solving long-horizon tasks. Numerous studies have endeavored
to enhance exploration efficiency by enriching the experience
replay buffer to incorporate more unknown states. Works such
as RIG and MEGA [[13]], prioritize exploring low-density
or sparse regions, with the intent of maximizing the likelihood
of visiting fewer states, which is equivalent to maximizing the



entropy of the desired goal distribution. Warde-Farly et al.
[22]], on the other hand, aim to learn goal-conditional policies
and reward functions by maximizing the mutual information
between the achieved and final goals. [12] leverages Large
Language Models (LLMs) as assistive intrinsic rewards, guid-
ing the agent to explore the environment more effectively.
In general, most methods expand the exploration space but
continue to rely on uniformly distributed actions and random
action noise, which limits subgoal generation to neighboring
states near the explored region. And LLMs-based exploration
cannot always guarantee the feasibility of generated subgoals.
Our work improves the exploration efficiency by utilizing an
iterative updating approach to explore the subgoal space and
ensure the feasibility of the generated subgoals.

C. Subgoal Orientated Goal-conditioned RL

Drawing inspiration from the human tendency to decompose
long-horizon tasks into smaller ones, some researchers are
exploring the generation of subgoals by selecting them from
historical experiences [3]], [23] or by training subgoal gener-
ation policies [15], [24]. The experience replay buffer, rich
in valuable historical data, facilitates the extraction of valid
states as subgoals in a simple and efficient manner, while also
ensuring their reachability. However, those methods [15]], [24]]
rely solely on the initial state to predict the future subgoals,
lacing the capability to effectively explore the subgoal space
and identify the optimal subgoal towards the final goal due
to the experience replay buffer being filled with low-quality
trajectories.

Recently, new image editing diffusion models such as
SuSIE [25] and SkillDiffuser [26] have been introduced
for subgoal generation. Despite their powerful capabilities,
these models rely heavily on pretrained large diffusion models
and robot demonstration video data, which restrict them to
image-based environments. Additionally, the substantial com-
putational resources required for these large models present
a significant challenge for deployment in real-world robotic
tasks. Some subgoal generation methods based on LLMs, such
as [2], [16], have been proposed to generate text-based sub-
goals for low-level policy execution. However, these methods
generally operate under the strong assumption that text-based
states and goals can be obtained so that can be input to LLMs.

Contrary to previous work that infers subgoals exclusively
using an explicit model, we restrict our policy search by
employing an implicit model and the prior distribution implic-
itly represented in the offline dataset. Our work also adopts
a divide-and-conquer manner to solve long-horizon tasks by
utilizing the hierarchical architecture [27]], [28]], where the top-
level focuses on reasoning and decision-making to generate
subgoals, and the low-level interacts with the environment to
achieve the subgoals sequentially.

III. PRELIMINARIES
A. Semi-MDP

We formulate the long-horizon task as a Semi-Markov
Decision Process (Semi-MDP) [29]. More precisely, we extend
the general MDP by adding option policy ¢ and options O.

The Semi-MDP is denoted by (S, A,, po, pg, T,7,G,0,v),
where S is state space containing all possible state, A is action
space and r is the reward function. We use pg and p, to denote
the distribution of initial state and final goal, respectively.
T :SxA— S is the transition function and y is the discount
factor. G is the goal space from which final goals and subgoals
can be sampled. O : (Z, 7, &) is the option consisting of three
components, where Z € § is the initial state space, £ € S is
the terminal state space, 7 : S x G — A is the specific policy
for current option, respectively.

We denote the achieved goal at time step ¢ as ag;. Typically,
ag: = ¢(st), where ¢ : S — G represents a known and
traceable mapping that defines goal representation [30]]. The
subgoal is often identified as the achieved goal at the terminal
state of an option. ¥ : S X G — G is the subgoal generation
policy mapping the state and final goal to subgoal for inferring
a sequential option {01, 09, -, 0,} Where each o; € O. And
for each option o;, the policy 7 is utilized when the agent
encounters the initial state s{ € Z and terminates in s’ € £.

In sparse reward goal-conditioned RL, the reward function
r is a binary signal indicating whether the current goal is
achieved, as expressed by,

{o I6(s) —glose )

rlseat9) —1  otherwise

where € is a small threshold indicating whether the goal is
considered to be reached, and s;, a; are the state and action
at time step ¢ and g is the final goal. Denote that the initial
state so of the whole trajectory is the initial state of option
01, and the final state is the terminal state of option o,,. And
the terminal state s’ of option o; is the initial state sj™ of
next option o;41. All options are connected in a head-to-tail
manner to form the entire trajectory.

B. Soft Actor-Critic

Soft Actor-Critic (SAC) [31]] is an off-policy reinforcement
learning algorithm that attempts to maximize the expected
return and increase the policy’s entropy. The underlying idea
is that increasing entropy leads to more exploration and
effectively prevents the policy from reaching a local optimum.

Let 7 = {sg, ag, $1,a1, -} be the trajectory starting from
initial state so. We use pr = po [ [, m(a¢|se, 9)T (S¢41]5¢, ar)
to denote the distribution of the 7 induced by the policy 7.

In contrast to the standard maximum expected reward used
in traditional reinforcement learning, the objective of action
policy 7 aims to maximize its entropy at each visited state by
augmenting with an entropy term,

J(ﬂ-) - Egmpg,TNpT Z’}/tr(sta atag) + OéH(ﬂ'('|St,g))

t
2

where H(7 (s, g)) is the entropy of the policy 7, and o > 0
is the temperature parameter that determines the importance
of the entropy term with respect to the reward and is used to
control the stochasticity of the optimal policy.

Thus, we can obtain the optimal action policy 7* by:

7 = arg max J 3)



C. Hindsight Experience Replay

Hindsight Experience Replay (HER) [32] is an algorithm
that improves data efficiency by relabeling data in the replay
buffer. It builds on the basis that failed trajectories may still
achieve other unexpected states, which could be helpful for
learning a policy.

It mitigates the challenge of sparse reward settings by
constructing imagined goals in a simple heuristic way to
leverage previous replays. During the training process, the
HER relabeled the desired goal of this trajectory by specific
sampling strategies, such as future and final, which take
the future achieved goal and the final achieved goal as the
desired goal, respectively.

IV. PROBLEM FORMULATION

Given an initial state sy € S and desired final goal g € G,
our objective is to infer a sequence of feasible and optimal
options {01,092, --,0,} by using subgoal generation policy
1, where 0; = (s§,m,s.),i € [1,n]. As the terminating state
st becomes the initial state for the subsequent option, the
option inference problem can be simplified to a terminal state
inference problem. In other words, we aim to infer a sequence
of feasible and optimal subgoals {gi, g2, -+, Gn—1}, Where
Gi = ¢(st) for i = [1,n — 1]. For each subgoal g;, we will
generate actions by the low-level policy T, i.e., a = 7(s}, §;)-

Definition IV.1 (Feasibility). The sequence of subgoals
1,92, ,gn—1 1is feasible if the robot can approach the
subgoal g; from the previous one §;_1.

Within the subgoal space G, the majority of subgoals
generated by the subgoal generation policy are unfeasible,
either due to spatial distance or the strict dependency or-
der of subtasks inherent in long-horizon tasks [33]. An
subgoal generation policy v is anticipated to generate a
subgoal sequence §i,§2, - -,Jn—1, such that the transition
probability from previous subgoal §;_; to current subgoal
g; exceeds 0. Here, the transition probability is denoted as

p(sb) szs wor [T(5,3:)T (s, a)] and p(sf) is the probability
70

of state s;. More details can be found in Supplementary

section 1.

Definition IV.2 (Optimality). We call a sequence of subgoals
91,95, -+, 0r_, optimal only if the robot can achieve the
maximum accumulated reward of all options to finish the task.

Resolving long-horizon tasks can be distilled down to the
challenge of optimization over a sequence of subgoals for
the goal-conditioned policy. This optimization over subgoals
can be viewed as high-level planning, wherein the optimizer
identifies waypoints to accomplish each subgoal [I5]. We aim
to find an optimal subgoal generation policy ¥* to maximize
the total accumulated reward of all options,

* = arg max Jo. 4
0 gw;ol €5

where J,, is the objective of option o0;, denoted as

Subgoals

Unfeasible Non-aptimal

Feasible

Optimal

Fig. 2. Examples of feasible and optimal subgoals in the OpenDrawer
environment are depicted.
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We employ the OpenDrawer environment as a case study
to elucidate the concept of feasible and optimal subgoals. As
illustrated in Fig. 2] the ultimate objective is to open the drawer
by manipulating the handle. However, a red obstacle block is
positioned in front of the drawer, necessitating that the robotic
arm first push the block away. This task encompasses two
distinct skills: pushing the block and opening the drawer. The
subgoal generation policy infers subgoals within the subgoal
space, which can sometimes interfere with the drawer, ren-
dering them unfeasible for the robot. Considering the spatial
relationship between the block and the drawer, the subgoal
encircled by the yellow line is deemed optimal as it enables
the robot to move the block away more efficiently.

V. METHODOLOGY

As illustrated in Fig. [3] (b), our EISP algorithm comprises
three components: the Hybrid Subgoal Generator, the Hind-
sight Sampler, and the Value Selector. The Hybrid Subgoal
Generator explores the subgoal space and generates subgoals
that incorporate additional features of the final goal, thereby
enriching the offline dataset with trajectories containing more
detailed subgoal information. The Hindsight Sampler and the
Value Selector work in conjunction to produce more feasible
and optimal subgoals, which in turn enhances the effectiveness
of the Hybrid Subgoal Generator’s exploration. The entire
framework is trained jointly in an iterative manner, as shown
in Fig. [3 (a), facilitating a balance between exploring the
subgoal space and ensuring the feasibility and optimality of
the subgoals.

A. Hybrid Subgoal Generator

Given an initial state sy and a final goal g, we expect
the robot to infer a series of subgoals {g1, g2, ", Jn—1} tO
guide it to the final goal g. Generally, most current subgoal
generators [3]], [15]], [23]] employ explicit feed-forward models
that maps subgoals directly from the state and the final
goal. These methods are inspired by the human approach to
solving long-horizon tasks, wherein humans generate subgoals
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Fig. 3. (a). The iterative updating of the Subgoal Generator and the Hindsight Sampler. (b). The Explicit-Implicit Subgoal Planning (EISP) algorithm consists
of three main components: a Hybrid Subgoal Generator, a Hindsight Sampler, and a Value Selector. The subgoal generator takes as input the current state
and the desired goal and outputs subgoals to accomplish the long-horizon task. The Value Selector and the Hindsight Sampler are utilized to ensure that the

subgoals are optimal and feasible, respectively.
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Fig. 4. Details of our proposed subgoal inference method. It inherits the
variational autoencoder structure, where the encoder generates the subgoals by
taking the current state and the final goal as inputs, and the decoder generates
a reconstructed final goal conditioned on the current state and the subgoal.

to decompose long-horizon tasks into smaller ones based on
the final goal and the current state. However, one critical
aspect often overlooked is that humans can also predict long-
term outcomes using short-term subgoals conditioned on the
current state. Current research [[18]] in behavior cloning has
demonstrated that implicit models possess a superior capacity
to learn long-horizon tasks more effectively than their explicit
counterparts. This evidence incites us to employ the implicit
model in subgoal generators, which is anticipated to enhance
the ability to solve long-horizon tasks significantly.

Based on these insights, we propose the Hybrid Subgoal
Generator, fundamentally structured as a Conditional Varia-
tional Autoencoder (CVAE) [34]. Within this framework, the
encoder 1 serves as an explicit model that can infer subgoals
based on the current state and the final goal, while the decoder
¢’ functions as an implicit model, designed to reconstruct
the final goal using the current state and the given subgoals,
as depicted in Fig. ] After preprocessing the state s and
the final goal g through several fully connected layers, the
encoder computes the mean p and the standard deviation o
via two fully connected networks. The subgoal is then sampled
from the normal distribution modeled using these calculated
values of p and o. The decoder takes the subgoal g; as
input and conditioned on the current state s} to generate the
reconstructed final goal ¢'.

Unlike the original CVAE, where the latent space serves as
a low-dimensional mapping from the inputs, we employ the

CVAE structure but interpret the latent space as the subgoal
space. This approach distinguishes our work from previous
studies [15]], which also use the CVAE structure to generate
subgoals but focus on reconstructing the subgoal using a
learned latent representation of the transitions. By modeling
the conditional subgoal generation policy v, which takes as
inputs the initial state s of option i and the final goal
g, we transition the subgoal generation approach from the
initial planner (infers subgoals only at the initial state) to an
incremental Planner (infers subgoals based on current state).
That is, the subgoals can be inferred incrementally by:

¥(sh, 9), (6)

where s} 50. To ensure the robustness of the inferred
subgoals and prevent the agent from lingering at one subgoal,
we impose a time limit of 7. The subgoal generation policy
1) deduces a new subgoal either when the agent reaches the
current subgoal or when the allocated time step 7' for the
current subgoal expires.

We denote the implicit model as ' (g’|s}, §;), which is
designed to accurately reconstruct the final goal from the
subgoal. The objective is to maximize the log probability of
the final goal, logpy(g), by maximizing its evidence lower
bound (ELBO) [35]], formulated as:

fori=1,...,n—1

9i

E Py (9,9, 8_6)}
Py (39, sH)
Thus, the objective of the hybrid subgoal generator L p can
be defined as follows:

log (7)

P (9l9,5%)

By, (3:19.5) 108 Dy (919i, 50)] — DrcL[py (dilsh, 9)1p(30)]
®)

where E, (514, [10g Py (9]i, s8] is the reconstruction loss,
ensures that the predicated subgoals involving features of the
final goal, guiding v to explore the subgoal space toward
the final goal. And p(g;) is the prior distribution over the
subgoals, typically a standard normal distribution A0, I).
Dk 1y (4lsh, 9i)|lp(9:)] denotes the Kullback-Leibler (KL)
Divergence [35] between the prior distribution p(g;) and
the distribution of the generated subgoals by . A detailed



—.'
- ‘ - v
- L &
MLE MLE

& & &n

Fig. 5. Hindsight Sampler to guide the generator to produce feasible subgoals.

derivation can be found in Supplementary section 2. We will
introduce an improved prior distribution for the subgoals in
the following section.

B. Hindsight Sampler for Feasible Subgoals

The prior distribution of the subgoal g; in the CVAE com-
ponent is denoted as p(g;), as shown in EqII2 It represents
the initial assumptions about the subgoal without any data
observations. By applying a better prior, it is possible to
ensure the feasibility of the subgoal generator by minimizing
the KL divergence between p(g;) and py(g|si, g;). However,
the true distribution of the valid subgoals is not available
in practice. The most common approach is to use a fixed
standard Gaussian distribution as the prior [36] which is
favored for its simplicity and computational efficiency but im-
poses limitations on the model’s expressiveness and generative
capabilities. Inspired by the VampPrior approach [37]], which
learns a more flexible prior distribution based on posterior
data, we propose a method to derive a more practical subgoal
distribution that surpasses the standard Gaussian distribution.
Since empirically, the subgoal distribution within the offline
dataset D can be approximately regarded as the valid subgoal
distribution, we utilize this offline dataset to sample valid
subgoals and thereby derive a more accurate prior distribution.

Considering the quality of the offline dataset, which lacks
successful trajectories from the initial state to the final goal,
we introduce the Hindsight Sampler. This approach is derived
from the Hindsight Experience Replay (HER) buffer [32],
which relabels the future achieved goal in failed trajectories
as the final goal, and then recalculate the rewards for all states
within that trajectory. This revised trajectory is used to train
the subgoal generation policy.

As shown in Fig. ] during the training period, we first
sample the trajectory 7p with total time step 7, from the
offline dataset D, and take the final achieved goal of this
trajectory as the desired goal g of the current trajectory.
We then select waypoints from the trajectory as subgoals at
intervals of T’ /n, denoted as {§{, 35, -, 3,1 }. We utilize
the maximum likelihood estimation (MLE) [38|], which is a
method estimating the parameters of an assumed probability
distribution given some observed data, to maximize the log-
likelihood of the valid subgoals sampled from the offline
dataset under the unknown subgoal generation policy 1. The
objective of the Hindsight Sampler Ljg is as follows:

Lys = —log(py(9.)) ©)

Algorithm 1: Collect Rollout Trajectories

Input: Subgoal generation policy 1, low-level policy
7, state value function V/, time limit 7, distance
function Dist, initial state sg, final goal g
Output: D
1 sp < initial state
2§ 4g
3 forall ¢t < [0,1,2,---] do
4 age < ¢(st)

/* Generate and select optimal subgoal x/
5 if ¢t mod T =0 or Dist(ag:, §*) < € then
6 Sample K subgoal candidates {g*, g%, ---, 3%}
by using 3
7 Select optimal subgoal §* from candidates by

using (TT)

/* Set subgoal as the final goal if they

are too close */
8 if Dist(g*,g) < e then
9 L gt g
10 ay < (8¢, G*)
11 Execute action a; and obtain next state s;4; and
reward 7
12 Store (s, as, 14, St+1,9”) in experience replay
buffer D

where p,;,(g;) is the probability of sampled subgoals under the
distribution generated by the hybrid subgoal generator.

C. Value Selector for Optimal Subgoals

The Universal Value Function Approximator (UVFA) plays
a critical role in goal-conditioned RL. It functions as a
mapping from the goal-conditioned state space to a nonlinear
value function approximator [39]]. We denote the state value
function as V. In the context of goal-conditioned RL, it is
typically utilized to assess the current state under the condition
of the goal. The value function V' of SAC in goal-conditioned
RL involves the extra entropy bonuses from every time step
utilized to assess the state, denoted as follows:

V(5,9) = Egmpyirmp. | D7 7(s1,01,9) + aM(x( i, 9)|
t

(10)
where s = s. In our algorithm, V' serves a dual purpose:
guides the updates of low-level policy and selects optimal
subgoals for the high-level planner. To generate subgoal g
at current state s;, conditioned on the final goal g, we
initially sample K candidates {g1,9%,---, ", ---, 9" } using
the Hybrid Subgoal Generator, where §* ~ 1)(s;,g). As
shown in Fig. [3] the candidates are then ranked using the
state value function V, where higher state values represent
better subgoals. Hence, the subgoal state corresponding to the
highest value will be selected as the optimal subgoal §* for
the action policy, that is,

" = argmax{V(s,g"), k € [L, K]} an
gk



Algorithm 2: EISP

Input: D

Output: p* ™
1 Sample mini-batch B < {(s¢, as, 74, s141,§%) |1~ D}
2 Sample subgoals ¢’ by using Hindsight Sampler
3 Calculate Ly < @), Lus + @)
4 Update subgoae generation policy by

¥, "™ = argming, 4 L

5 Update low-level policy m

The optimal subgoal §g* is subsequently utilized to guide the
low-level action policy. The value function may not be optimal
during the initial stages of training as the low-level policy may
not be sufficiently trained. However, as the training of the value
function progresses and improves, the selected subgoals also
tend towards optimality.

D. Integrate with RL

Algorithm [I] provides the process of collecting rollout data
to the experience replay buffer during the training of the
subgoal generation policy. The distance function Dist(g1, go)
represents the Euclidean distance between two goals g; and
g2, which can be mathematically expressed as Dist(g1,¢g2) =

\/ Zyzl(gl t — g25)?, where M denotes the dimension of the
goal space. During training, we first infer potential subgoal
candidates through the Hybrid Subgoal Generator. Then, the
optimal subgoal is selected using the Value Selector. By
substituting the final goal with the selected subgoal, we obtain
trajectories of transitions (s, a, ¢, S¢11,¢*) and store them
in the replay buffer D.

The training process of the EISP is shown in Algorithm
Prior to EISP training, we utilize RL algorithms to pretrain
the low-level action policy on an offline dataset containing
short demonstrations of primitive interactions, such as picking,
placing, opening, and closing actions. During EISP training,
we incorporate new data collected by Algorithm [I] to train
the high-level subgoal generator and fine-tune the low-level
action policy. This is achieved by first sampling a mini-batch
B from D, consisting of N — 1 transitions, where ¢ € [1, N].
For each transition, the final goal is relabeled by the future
achieved goal, and valid subgoals §’ will be sampled by using
the Hindsight Sampler. The objective of the EISP is formulated
as:

L=Lyuy +BLES (12)

where [ is the hyper parameter. The explicit policy ¢ and
implicit policy v’ can be updated by using stochastic gradient
descent with £. The proposed algorithm is entirely compatible
with other off-policy algorithms, owing to its exclusive focus
on high-level planning.

VI. EXPERIMENTAL RESULTS
A. Tasks

We evaluate EISP in four tasks, Stack, Push, OpenDrawer,
and Store, both in simulation and real world, as illustrated
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Fig. 6. Four manipulation tasks, i.e., Stack, Push, OpenDrawer, and Store.
For the Stack and Push tasks, we label the initial states and the desired goals
as solid cubes and transparent spheres. For the OpenDrawer and Store tasks,
we use yellow dashed rectangles to represent the initial position of the blocks.

in Fig. [6] All simulation environments are created using the
Gymnasium Robotics [40]] Framework. The dimensional of the
state space S, action space A, goal space G, and the episode
length L are provided in Table [ These tasks are considered
as long horizon tasks, as they require robots to generate a
sequence of actions and corresponding control signals over a
long period of time. In our settings, we define the time step
as the interval at which control signals are applied. The length
of the total time steps required to complete each task serves
as a measure of the time scale. The control signal refers to
the action comprising the relative position of the end effector
and the gripper open/close signal.

Stack The block stacking task entails picking up three blocks
and sequentially placing them to the target. Long-horizon plan-
ning is challenging because the entire task must be completed
without disrupting previously accomplished subtasks [41]].
Push4 This task integrates four block-pushing tasks from the
D4RL benchmark suite [42]. The robot is required to push
four objects to their corresponding target. The complexity of
the task increases when certain blocks obstruct others.
OpenDrawer The robot needs to open the drawer by first
removing the block and then pulling the handle. In the image-
based environment, the observation space consists of a 3 x 48 x
48 image. The task is challenging due to its incorporation of
multiple skills (pushing the block and pulling the handle) and
task dependencies.

Store This task requires the robot to first open the drawer, then
pick and place the block into the drawer, and finally close the
drawer. This process involves multiple skills, such as pushing
and picking. Similar to the OpenDrawer task, experiments are
conducted in both state-based and image-based environments.

B. Implementation Details

Script policies for pretraining. The SAC algorithm serves
as the foundational RL method for training the low-level
action policy. Initially, the action policy is pretrained using an



TABLE I
PARAMETERS SETTING.

OpenDrawer Store
Env Stack Push4 P (State) (State)
S 55 70 42 42
g 9 12 6 6
A 4 4 4 4
L 300 400 300 1000
D leb le6 le6 le6
N 1024 1024 1024 1024
SAC Ir 3e—3 3e—4 3e—4 3e—3
s 256 x 2 256 x 3 512 x 4 512 x 4
« 0.01 0.01 0.01 0.01
o7 0.99 0.99 0.99 0.99
EISP Ir le—5 le—5 le—5 le—5
T 30 30 50 50
n 4 4 6 6
P 256 x 2 256 x 2 512 x 4 512 x 4
B le—2 le — 2 le—3 le—3

offline dataset comprising primitive actions, such as picking
and placing, among others. These demonstrations are relatively
easy to obtain because they consist of short-term actions
gathered through scripted policies trained using RL algorithms.
Network details. We implement two probabilistic neural
networks using one layer of fully connected network mapping
from the encoder output to the subgoal space. The decoder
has the opposite structure to the encoder. It takes the encoder-
generated subgoals and the current state as inputs and outputs
the reconstructed desired goal. We use a fixed temperature
parameter « = 0.01 for all tasks. Table [I| presents the
specifications of various parameters, including the size of the
replay buffer D and the mini-batch B, the network structure,
and the learning rates of SAC and EISP. The weight 8 used
in refer to Table |Il Both the option and action strategies
use the Adam optimizer to update the network parameters.
For image-based observations, we employ a vector quantized
variational autoencoder (VQ-VAE) [43]] to extract features,
which are subsequently used as input for subgoal generation.
Detailed training procedures and results of the VQ-VAE can
be found in Supplementary Sections 3 and 4.

Number of subgoals for each task. The number of subgoals
used in the Hindsight Sampler is specified in Table [II The
number of subgoals is determined bythe timesteps allocated
for completing a subgoal and the entire task. For instance, the
expected total timesteps for the Store is approximately 300,
which comprises at least four subgoals: opening the drawer,
picking up the block, placing the block, and closing the drawer.
To ensure that all subgoals are simple, the timesteps of a
subgoal should be less than 60. We allocate 50 timesteps for
each subgoal in practice.

C. Qualitative Analysis

This section demonstrates the feasibility and optimality of
inferred subgoals through the qualitative results.
Feasibility Fig. [/| shows the subgoals generated by EISP
in four state-based tasks mentioned above. We mark the
inferred subgoals as transparent cubes in the Stack and Push
task and solid small cubes in the OpenDrawer and Store

task. For each task, we show the sequence of subgoals in
different stages, starting from the initial state to the final goal.
Each task involves different skills; for example, the Stack
task uses Pick and Place skills iteratively to reach the final
goal, whereas the Store task requires four skills to finish
the entire task. Besides, we also infer subgoals for image-
based environments, specifically OpenDrawer and Store, with
the results shown in Fig. |8| For these tasks, low-dimensional
features extracted from image observations serve as input, and
the inferred subgoals are reconstructed using a pretrained VQ-
VAE decoder. These reconstructed subgoals are depicted in
Fig. [§] with yellow dashed rectangles.

It should be noted that many inferred subgoals are still noisy,
indicating that certain subgoals may be unreachable within
a given time step. This phenomenon is expected, as these
subgoals typically provide the direction to aim for rather than
the precise position the robot should achieve. The robot can ul-
timately achieve the final goal as this direction is progressively
updated. Furthermore, EISP demonstrates robustness against
non-optimal or unfeasible subgoals that may emerge during
strategy execution, as it infers subgoals based on the current
observation. For instance, the third subgoal generated in the
Stack task does not seem optimal since it is not directly on
the path to the final goal. However, it still provides directional
guidance for the robot. As time progresses and the time budget
for the current option expires, the next subgoal will offer more
accurate information for the robot to achieve its objective.
Optimality To assess the optimality of generated subgoals, we
visualize the distribution of subgoals in the high-dimensional
subgoal space. For simplicity, the results of later experiments
with OpenDrawer and Store were conducted in image-based
environments. We compute the V' values of 1000 randomly
sampled subgoals from the subgoal space of each task. The
t-SNE [44] algorithm is then employed to reduce the high-
dimensional data into a two-dimensional format. The results
are visualized in Fig. [0} Subgoals with lower V' values are
marked with lighter hues, indicating they may not be the
optimal choice for the current state. In contrast, subgoals with
higher V' values are shown with darker hues, suggesting they
would be more beneficial for the task. Subgoal candidates
obtained from the trained subgoal strategy are also plotted as
green crosses in the figure. The plot reveals that the subgoals
inferred by the subgoal generator are mainly distributed within
the space of higher V' values. Initially, these subgoals are not
located in regions with high V' values, but as the training goes
on and the dataset is updated with high-quality data, they are
gradually shifted to regions with high V' values.

D. Quantitative Analysis

Additionally, we perform qualitative experiments to demon-
strate the superiority of our proposed methods. We conduct
two ablation experiments, with the Hindsight Sampler and
the Value Selector components being excluded respectively,
to isolate their individual contributions to the overall per-
formance. We also conduct comparative experiments against
current state-of-the-art subgoal-generator algorithms, namely
RIS (Reinforcement learning with Imaged subgoals) [23]], HP
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Fig. 7. Subgoal sequences generated by subgoal generation policy v from the initial state to desired goal on Stack, Push, OpenDrawer and Store. The
transparent cubes in Stack and Push tasks, as well as the red and blue cubes in OpenDrawer and Store tasks, represent subgoals generated by EISP.
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OpenDrawer

Fig. 8. Subgoal sequences generated by subgoal generation policy ¢ from
the initial state to desired goal on image-based environments. The figures with
dashed rectangles (below) are the subgoals in the current observation (above).

(Hindsight Planner) [3]], and LEAP (Latent Embeddings for
Abstracted Planning) [24]).

« RIS aims to identify subgoals that are maximally distant
from the initial state and final goal.

« HP employs the LSTM architecture to sequentially
generate subgoals by continuously integrating previously
generated subgoals.

o LEAP learns the goal-conditioned policy predicated on
the latent embedding of original complex observations.

We evaluate EISP and other baselines on four long-horizon
tasks. The success rates and expected returns of the trained
policies are illustrated in Fig. [I0] and Table [[} For each task,
the highest returns are marked in bold, while the second
highest returns are underlined. The results demonstrate that
the EISP, which employs iterative joint training of all modules,
achieves the highest success rates and expected returns.

The strategy without the Subgoal Generator, labeled EISP
w/o SG, is implemented by removing the reconstruction loss.
This modification results in a comparatively lower return than

]

Stack

» 9
—d

OpenDrawer Store

Fig. 9. A heatmap of high-dimensional subgoal space visualized by the t-SNE
algorithm. The colors are granted according to the magnitude of the V' value.
Darker colors indicate better subgoals. It is shown that the distributions of
the subgoals (marked in green crosses) generated by the subgoal generation
policy share a high V' value.

the original EISP due to the absence of exploration information
about the final goal, which is crucial for the Subgoal Generator
to create subgoals that guide the agent towards the final
goal. The strategy without the Hindsight Sampler, labeled
EISP w/o HS, encounters difficulties in making the subgoals
generated feasible, resulting in low success rates across all
four environments. Conversely, the strategy lacking the Value
Selector module, denoted as EISP w/o VS, still manages to
achieve a measure of success (for instance, approximately a
60% success rate on the Stack task). This suggests that the
Value Selector module primarily functions to facilitate the
training of the subgoal generator, enabling the strategy to
converge more rapidly and attain a higher success rate.



EISP wi 1 |
EISP wio HS [ I
EISP wio VS |

EISP | |

10

00 0.2 0.4 0.6 0.8
Stack

10 00 0.2 0.4 0.6 0.8
Push

1.0 00 0.2 0.4 0a 08 1.0 o0 0.2 0.4 0.6 0.8 o
OpenDrawer Store

Fig. 10. The success rate of EISP and other baselines. The performance of EISP is higher than others in all four environments.

The LEAP and HP methods rely solely on the initial state to
infer subgoals, which proves insufficient for tasks with varying
desired goals. These methods lack robustness for complex
tasks in most cases, as variations in the desired goal lead to
less accurate subgoals, resulting in task failure. Furthermore,
RIS samples subgoals randomly from the experience buffer
can result in inaccurate subgoals, hindering the generation of
optimal lower-level action policies. For detailed information
on episodic returns throughout the entire training procedure,
you can refer to Supplementary section 5.

TABLE II
TABLE OF THE EXPECTED RETURNS FOR DIFFERENT TRAINED POLICIES
AFTER TESTING FIVE TIMES WITH DIFFERENT SEEDS. HIGHER RETURNS
INDICATE BETTER PERFORMANCE.

Policy Stack Push OpenDrawer Store
RIS —269.46  —270.27 -256.374 —865.453
HP —283.46  —311.96 —272.97 -844.58
LEAP —159.80  —245.29 —266.34 —639.97
EISP w/o SG = —290.3 —340.32 —292.56 —987.73
EISP w/o HS  —284.67  —344.58 —283.75 —990.43
EISP w/o VS —201.33  —313.15 —284.72 —775.61
EISP (Ours) —89.29 —228.89 —246.91 —581.96

Fig. 11. Environments setup. Left: Tiago robotic arm. Right: UR3 robotic
arm.

E. Real World Demonstrations

To demonstrate the adaptability of our algorithms in the
real world, we employ the Tiago++ robotic arm [46] to
execute Stack and Push tasks, and the UR3 robotic arm for
OpenDrawer and Store tasks. The setups of these four envi-
ronments are the same as in the simulation. Our experiments
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Fig. 12. The trajectories generated by the four manipulation tasks when
executed in a real environment are presented. For the Stack and Push tasks,
green spherical shadows represent the final goals, and transparent squares
denote the subgoals generated during execution.

utilize Pinocchio for both motion planning and inverse
kinematics. As depicted in Fig. [TT] red cubes are manipulated
by the robotic arm to complete the assigned task, with the
number of red blocks used in Stack and Push being 3 and
4, respectively. We mount a calibrated Intel RealSense D435i1
RGB-D camera on the top of the table to facilitate top-view
observation. We also fix a soft beam to the end of the gripper
to mitigate potential collisions between the gripper, the table,
and the blocks during the execution of the Push task.

The strategy employed to guide the robot is identical to that
used in the simulation. To gather environmental observations,
we utilize Aruco markers for the detection of each object’s
and gripper’s position. Fig. [I2]illustrates the subgoals inferred
from the initial state to the desired goals for four manipulation



tasks. The desired goals are denoted as green spherical shades
and the subgoals as transparent squares. We also conducted
robustness tests and failed case studies, with the results pre-
sented in Supplementary sections 6 and 7.

VII. CONCLUSION

In conclusion, we propose Explicit-Implicit Subgoal Plan-
ning (EISP), an algorithm that leverages an explicit model to
produce subgoals and an implicit model to provide guarantees
on the worst-case log-likelihood of the subgoal distribution.
While the efficacy of the proposed algorithm is substantiated
by both qualitative and quantitative results, it is constrained
by the predetermined number of subgoals during training,
limited exploration of the subgoal space towards the final goal,
and poor scalability across multiple tasks. Future work will
concentrate on addressing these limitations.
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