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ABSTRACT

This work introduces Hierarchical Preference Optimization (HPO), a novel
approach to hierarchical reinforcement learning (HRL) that addresses non-
stationarity and infeasible subgoal generation issues when solving complex
robotic control tasks. HPO leverages maximum entropy reinforcement learning
combined with token-level Direct Preference Optimization (DPO), eliminating the
need for pre-trained reference policies that are typically unavailable in challenging
robotic scenarios. Mathematically, we formulate HRL as a bi-level optimization
problem and transform it into a primitive-regularized DPO formulation, ensur-
ing feasible subgoal generation and avoiding degenerate solutions. Extensive ex-
periments on challenging robotic navigation and manipulation tasks demonstrate
HPO’s impressive performance, where HPO shows an improvement of upto 35%
over the baselines. Furthermore, ablation studies validate our design choices, and
quantitative analyses confirm HPO’s ability to mitigate non-stationarity and infea-
sible subgoal generation issues in HRL.

1 INTRODUCTION

Reinforcement learning (RL) encounters significant challenges in sparse-reward environments, par-
ticularly in complex robotic control tasks (Nair et al., 2018). Hierarchical Reinforcement Learning
(HRL) (Sutton et al., 1999) helps to deal with sparse reward issues by enhancing exploration and
introducing temporal abstraction (Nachum et al., 2019). However, off-policy HRL methods (Levy
et al., 2018; Nachum et al., 2018) face their own challenges. The first (C1) is non-stationarity caused
by evolving lower-level policies, which destabilizes the higher-level reward function (Chane-Sane
et al., 2021). The second (C2) is the high-level policy’s tendency to generate subgoals that are
infeasible for the lower-level policy to achieve.

Preference-based learning (PbL) approaches like Reinforcement Learning from Human Feedback
(RLHF) (Christiano et al., 2017) have been successful in solving complex tasks. However, inte-
grating PbL directly with HRL is non-trivial. Singh et al. (2024) proposed an RLHF-based method
to mitigate non-stationarity in HRL by first learning a reward model from preference data and then
using RL to train the high-level policy. However, the approach in Singh et al. (2024) introduces an
expensive and potentially unstable RL step which can still result in infeasible subgoal predictions
for the lower-level primitives.

Recently, direct preference optimization (DPO) methods (Rafailov et al., 2024b) have been intro-
duced, which learn policies directly from preference data, bypassing the need for RL. Leveraging
DPO to learn the high-level policy in HRL could efficiently mitigate non-stationarity. However,
naively applying DPO requires effective pre-trained reference policies, which are often unavailable
in robotics scenarios. Additionally, such approaches may still produce subgoals that are infeasible
for the lower-level policy to execute.

In this work, we propose Hierarchical Preference Optimization (HPO), a hierarchical approach that
optimizes the higher level policy using token-level DPO objective (Rafailov et al., 2024a), and the
lower level primitive policy using RL. Since HPO learns higher level policy from preference data, it
avoids dependence on changing lower level primitive and thus mitigates non-stationarity (C1). We
derive token-level DPO objective in a maximum entropy RL setting, to eliminate the requirement
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Figure 1:HPOOverview: (left) In vanilla HRL, the higher level rewards depend on the environment rewards,
and thus on the lower primitive behavior, which causes non-stationarity in HRL. Also, the higher level may
predict infeasible subgoals that are too hard for lower primitinéiddle) In HPQ the lower level value func-

tion V . is leveraged to condition higher level policy into predicting feasible subgoals, and direct preference
optimization PDPQ is used to optimize higher level policy. Since this preference-based learning approach does
not depend on lower primitive, this mitigates non-stationarity. Note that sinceutihent estimation of value
function is used to regularize the higher policy, it does not cause non-station(aigtyt) Training environ-
ments:(i) maze navigation(ii ) pick and place(iii ) push, andiv) franka kitchen environment.

of pre-trained models as reference policy. Furthermore, in order to generate feasible subgoals, we
formulate HRL as a bi-level formulation, which regularizes the higher level policy to predict feasible
subgoals using lower level value function based regularization, which weraalitive regulariza-

tion (thus mitigating C2). Finally, since eliciting human feedback is hard in complex robotic tasks,
we employ primitive-in-the-loop approach (Singh et al., 2024) for autonomously generating prefer-
ences using sparse environment rewards. The primary contributions of this work are as follows.

(i) Novel primitive-regularized preference optimization approach to solve hierarchal RL:

We propose a novel Hierarchical Preference Optimizatidi@ method that leverages primitive-
regularized Direct Preference OptimizatiddRQ to solve complex RL tasks using human prefer-
ence data (Section 4). Our approach is principled; we derive it by reformulating the HRL problem
as a bi-level optimization problem. To the best of our knowledge, this is the rst work to utilize the
bi-level optimization framework to develop a principled solution for HRL.

(i) Addressing non-stationarity and infeasible subgoal generation issues of SOTA HRLBy
adopting a principled approach, we solve the bi-level optimization problem while respecting the
distributional dependence between lower-level and higher-level policies. This enables our approach
to signi cantly reduce the effects of non-stationarity and infeasible subgoal generation in a variety
of scenarios. We provide detailed evidence of this in Section 5 Figures 3 and 4.

(iii) Improved performance in complex robotics tasks: Our extensive experiments demonstrate
thatHPOdemonstrates an improvement of uptfb over the baselines in most of the task environ-
ments, where other baselines typically fail to make any signi cant progress (Section 5).

2 RELATED WORKS

Hierarchical Reinforcement Learning. HRLis an elegant framework that promises the intuitive
bene ts of temporal abstraction and improved exploration (Nachum et al., 2019). Prior research
work has focused on developing ef cient methods that leverage hierarchical learning to ef ciently
solve complex tasks (Sutton et al., 1999; Barto and Mahadevan, 2003; Parr and Russell, 1998; Di-
etterich, 1999). Goal-conditionddRL is an important framework in which a higher-level policy
assigns subgoals to a lower-level policy (Dayan and Hinton, 1992; Vezhnevets et al., 2017), which
executes primitive actions on the environment. Despite its advantd&tSaces challenges owing

to its hierarchical structure, as goal-conditioffidbased approaches suffer from non-stationarity in
off-policy settings where multiple levels are trained concurrently (Nachum et al., 2018; Levy et al.,
2018). These issues arise because the lower level policy behavior is sub-optimal and unstable. Prior
works deal with these issues by either simulating optimal lower primitive behavior (Levy et al.,
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2018), relabeling replay buffer transitions (Nachum et al., 2018; Singh and Namboodiri, 2023b;a),
or assuming access to privileged information like expert demonstrations or preferences (Singh et al.,
2024; Singh and Namboodiri, 2023a;b). In contrast, we propose a novel bi-level formulation to
mitigate non-stationarity and regularize the higher-level policy to generate feasible subgoals for the
lower-level policy.

Behavior Priors. Some prior work relies on hand-crafted actions or behavior priors to accelerate
learning (Nasiriany et al., 2021; Dalal et al., 2021). While these methods can simplify hierarchical
learning, their performance heavily depends on the quality of the priors; sub-optimal priors may lead
to sub-optimal performance. In contrast, ours is an end-to-end approach that does not require prior
speci cation, thereby avoiding signi cant expert human effort.

Preference-based Learning.A variety of methods have been developed in this area to apply re-
inforcement learning (RL) to human preference data (Knox and Stone, 2009; Pilarski et al., 2011,
Wilson et al., 2012; Daniel et al., 2015), that typically involve collecting preference data from human
annotators, which is then used to guide downstream learning. Prior works in this area (Christiano
et al.,, 2017; Lee et al., 2021) rst train a reward model based on the preference data, and subse-
quently employRL to derive an optimal policy for that reward model. More recent approaches
have focused on improving sample ef ciency using off-policy policy gradient methods (Haarnoja
et al., 2018) to learn the policy. Recently, direct preference optimization based approaches have
emerged (Rafailov et al., 2024b;a; Hejna et al., 2023), which bypass the need to learn a reward
model and subsequent RL step, by directly optimizing the policy with a KL-regularized maximum
likelihood objective corresponding to a pre-trained model. In this work, we build on the foundational
knowledge in maximum entropL (Ziebart, 2010), and derive a token-level direct preference op-
timization (Rafailov et al., 2024b;a) objective regularized by lower -level primitive, resulting in an

ef cient hierarchical framework capable of solving complex robotic tasks.

3 PROBLEM FORMULATION

MDP Setup. We formulate the problem using a Markov Decision Process (MDP), de ned as
(S;A;p;r; ). Here,S represents the state space, @dlenotes the action space. The transi-

tion dynamics are governed by the stochastic probability fungianS A ! ('S), which

maps each state-action pair to a probability distribution over subsequent states. The reward func-
tion,r : S Al R, provides a scalar reward based on the current state and action,2a(f@ 1)

is the discount factor that modulates the importance of future rewards. At each timg ttep

agent follows a policy : S ! ( A), which de nes a probability distribution over actioas

given the current statg . After taking actiora;, the agent receives a reward= r(s;; a;), and the
environment transitions to a new state; according to the transition probabilipf js;; a;).

RL Objective. The objective in RL is to nd an optimal policy that maX|m|z|ss the expected cu-
mulative reward, formally de ned as := argmax J( ), whereJ( )= E [ ., 'r. The
value function for policy , denoted a¥ (st;g:), capjures the expected cumulatlve reward from
states; with goalg;, and is de ned a®/ (s¢;a) = E [ tho trjst; g, where the expectation is
over policy trajectories, is the discount factor, ang is the reward at timé.

Goal-ConditionedHRL In this framework, the higher-level policy generates subgoals for the lower-
level policy, which then takes primitive actions to achieve these subgoals, collectively working
toward the overall objective. Formally, the higher-level policy : S | ( G) selects a sub-
goalg; 2 G, whereG is a subset of the state spaSerepresenting the set of goals. A subgoal

O H(jst) is selected everk timesteps, such tha; = g g« e and remains xed during

this period. At each timestep the lower-level policy - : S G ! ( A) selects an action

& L (jst;q) based on the current stase and the subgoaly, after which the environment
transitions to the next statg,.1  p(jst;at).

We operate under a sparse reward setting, where the lower-level policy is driven by a sparse reward
signalrf (s;; & a) = 1gs, gj2< o With 1¢ as an indicator function returning 1 if the conditiGn

holds, indicating that the subgoal is reached. The reward functiar5 G A'! R governs the
lower level. In contrast, the higher-level policy is rewarded basedqis;; g ; o), whereg 2 G
is the nal goal. The reward function for the higher level! : S G G ! R, encourages

progress toward the nal goal. Experience for the lower-level policy is stored in its replay buffer
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ps tuples(s;; or; a; rt; si+1 ), while the higher-level policy stores transitions(as; g ; g;r =
}:f ! rt;si k), updated everk timesteps. Notably, rewards for the higher-level polify( )

depend on the lower-level policy . Next, we enlist the challenges of standatdL methods.

Challenges ofHRL While HRL offers advantages over traditional, such as better sample ef -
ciency through temporal abstraction and enhanced exploration (Nachum et al., 2018; 2019), it also
faces signi cant challenges. This paper focuses on two key issues:

C1. Training instability due taonon-stationarityin off-policy HRL, and
C2. Suboptimal performance due to the generatioimigfasible subgoalby the higher-level policy.

Off-policy HRLsuffers from non-stationarity because the behavior of the lower-level policy changes
over time (Nachum et al., 2018; Levy et al., 2018). This makes previously collected higher-level
transitions in the replay buffer outdated, reducing their effectiveness. Furthermore, the higher-level
policy may suggest infeasible subgoals for the lower-level policy (Chane-Sane et al., 2021), hinder-
ing learning and decreasing overall performance. Thus, despite its theoretical advanRigesen
underperforms in practice (Nachum et al., 2018; Levy et al., 2018).

Preference-based learninghl) methods such a@BLHF(Christiano et al., 2017; Ibarz et al., 2018;
Lee et al., 2021) anBPO(Rafailov et al., 2024b) leverage preference data to solve complex tasks.
Prior work (Singh et al., 2024) leverag@t.HF to mitigate non-stationarity itHRL using pref-
erences. However, directly applyipL techniques tdHRL remains challenging. We now rst
discuss PbL approaches and then discuss their key limitations when directly applifRd.to

3.1 PBL: PREFERENCEBASED LEARNING

Reinforcement Learning from Human Feedback RLHB: In this setting, the agent behavior

is represented as k-length trajectory denoted as of state observations and actions: =
((st;a); (St+1;a+1 ):i(St+k 1;&+k 1)). The reward model to be learned is denotedhby:

S A! R, where are the reward model parameters. Thus, the preferences between two tra-
jectories, 1 and 2, can be expressed through the Bradley-Terry model (Bradley and Terry, 1952):

P
exp b_ si;af

P ! 2=p f -
i2f 120 €XP (D s

)

where ! 2 implies that ! is preferred over?. The preference datad®thas entries of the form
( % 2;y), wherey = (1;0) when ! is preferred over?,y = (0;1) when ? is preferred over?,
andy = (0:5;0:5) in case of no preference. RLHF, we rst learn the reward functiob (Chris-
tiano et al., 2017) using cross-entropy loss along with use equation 1 to yield the formulation:
' X1 X1 #
L()= E(1; 2y) p log ( b stigig b stigigf) : 2)

t=0 t=0
Subsequently, the reward model is used to learn the corresponding policyRlsing

Direct Preference Optimization (DPQ: AlthoughRLHFprovides an elegant framework for learn-
ing policies from preferences, it involvé®L training step which is often expensive and unstable
in practice. In contrastDPO(Rafailov et al., 2024b) circumvents the need Rir step by using
a closed-form solution for the optimal policy of the KL-regulariz&t problem (Levine, 2018):
(ajs) = ﬁ et (8jS)€(53) where ¢ is the reference policy, is the optimal policy,
and Z(s) is a normalizing partition function ensuring that provides a valid probability dis-
tribution overA for eachs 2 S. This formulation is rearranged to yield the reward function:
r(s;a)= log (ajs) log ref (@jS) Z(s), which is then substituted in the standard cross-
entropy loss equation 2, to yield the following objective:

Vai9) o, 209
ref (yljs) ref (ijS)

where are the policy parameters anddenotes the sigmoid function. Next we discuss key limita-
tions when directly applying@bL to HRL

Lopo ()= E(s;yl;yz) o log log 3
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3.1.1 LMITATIONS OF DIRECTLY APPLYING PBL TO HRL

Directly using RLHFE Prior approaches leverage the advancements in PbL to mitigate non-
stationarity (Singh et al., 2024) by utilizing the reward modél learned usindRLHF as higher

level rewards instead of environment reward'Ls used in vanillaHRL approaches, which depend

on the sub-optimal lower primitive. However, such approaches may lead to degenerate solutions by
generating infeasible subgoals for the lower-level primitive. Additionally, such approaches require
RL as an intermediate step, which might cause training instability (Rafailov et al., 2024b).

Directly using DPQ In temporally extended task environments like robotics, directly exterigi?9

to theHRLframework is also non-trivial due to three reasafiysuch scenarios deal with multi-step
trajectories involving stochastic transitions mod¢is) ef cient pre-trained reference policies are
typically unavailable in roboticgjiii ) similar to RLHF, such approaches may produce degenerate
solutions when the higher level policy subgoal predictions are infeasible.

4 HPO : HERARCHICAL PREFERENCEOPTIMIZATION

To deal with the challenges ¢iRL and utilizing PbL in HRL framework (3.1.1), we introduce
HPO: HierarchicalPreferenceOptimization, a novel approach that leverages primitive regularized
DPOto mitigate non-stationarity and infeasible subgoal generation issues in HRL. The rest of this
section proceeds as follows: we rst critically analyze the key source of non-stationattiRin

and formulate HRL as a bi-level optimization problem. Utilizing this formulation, we then derive
a primitive-regularized token-lev&POobjective that overcomes the limitations of non-stationarity
and infeasible subgoals generatiorHRL Finally, we analyze thelPOobjective and gradient, and
provide the nal algorithm.

4,1 HRL: BI-LEVEL FORMULATION

We rst consider the bi-level formulation foHRL Let T be the task horizors; be the state at
timet, g be the nal goal, andy H (:jst; g ) be the higher level subgoal prediction at time
t. In the HRL framework, the lower level optimal policy is represented &s The higher-level
policy " predicts subgoat to ', and receives higher level rewand$ (which depends on the

optimal lower primitive “). The lower primitive policy executes primitive actioasto achieve the
predicted subgoals. The higher level objective can thus be represented as:

X1 #
maxE ML sogn (569 50) )
t=0

Issue of non-stationarity. In vanilla HRL, when the hierarchical levels are trained concurrently,
since we do not have access to the optima( js; g) policy in the objective in equation 4, the
higher level rewards are instead generated using an approximated lower prirhitiys g), which

is sub-optimal. Due to this sub-optimal lower level primitive, the higher level rewdfdsire non-

stationary (e.g. we may encounter different higher level rewards for the same subgoal prediction, as
L (js; ) changes). This causes the non-stationarity issue in HRL.

Issue of infeasible subgoal generationSince the sub-optimality in the lower-level policy affects
its ability to reach a given subgoal, it consequently impacts the higher-level credit assignment during
subsequent subgoal generation. This may cause the higher level to produce infeasible subgoals.

Distribution shift issue and bi-level formulation. To understand further the technical reasoning of
the above-mentioned issues, let us expand upon the nested structure of the objective in equation 4,
which is a bi-level optimization problem given by

maxJ ( o BT st N(issg) = argmax Vo sy ( T)i8t2[0:T 1] (5)
L (ist;0t)

whered ( P; Y( ")) represents the higher level maximization objective (cf. equation 4), and
V . (M) is the lower level value function, conditioned on the higher level policy subgoals. We note
that the problem in equation 5 is just an expanded version of the problem in equation 4. From the
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bi-level structure in equation 5, we note that when we approximate the optimal lower level policy
L with an approximated version“, it would actually break the nested structure of the problem

in equation 5, leading to the issues of non-stationarity as well as infeasible subgoal generation. In

this work, we propose a novel approach to solving the original HRL problem in equation 5 without

breaking the nested structure as follows.

Directly considering the nested structure in equation 4 Utilizing the recent advancements in the
optimization literature (Liu et al., 2022), we consider the equivalent constraint formulation of the
problem in equation 5 as follows

max J ( Hob) sttt Voigsgo( ™) Vigsgn( H)i8t2[0:T 1] (6)

The constraint optimization problem is also challenging because it requires the acves$ t9)
which is hard to obtain in practice. But let us try to discuss the constraint in detail. The constraint
V(™ V . ( ") is essentially to enforce the optimality of the lower level policy, because

V . (") is the maximum (optimal) value. But we note that for the sparse reward scenarios (wlog

assuming reward is betwe@rand1), the value functior . ( 1) = 0 for any non-goal reaching
policy. ButV . ( 1) > 0or equivalently is de nitely non-zero for the goal reaching optimal policy

L. Therefore, it is suf cient to ensur® . ( ") > 0 in the constraint. To make the problem
tractable, we introduce a parameter delta and reformulate the problem in equation 6 as follows:

max J ("5 ) st Voi(sgn( ") ;8t2[0:T 1] 7

where > 0. Now, we formulate equation 7 as the following Lagrangian objective and substitute
the objective from equation 4, wherds the regularization weight hyper-parameter:
"3( . #
Max B g0 (56958)F (Vs (M) ) ®)
’ t=0

We can use equation 8 to solve the HRL policies for both higher and lower level, \ietiee
higher level policy learns to achieve the nal goal and predict feasible subgoals to the lower level
policy, and(ii ) the lower level policy learns to achieve the predicted subgoals. This will mitigate the
issues of non-stationarityC{l) and infeasible subgoal generatid®?). However, directly optimiz-

ing equation 8 requires knowledge of higher level reward funationas a function of -, which is
unavailable. Also as mentioned before, using RL to optimize the objective will be unstable.

Next, we discus$iPO our PbL based approach that ef ciently optimizes equation 8 by learning a
primitive-regularizedPOobjective which simultaneously solves the issues of non-stationérity (
and infeasible subgoal generatid@?).

4.2 HPO
Here, we derive ouHPOobjective. When optimizing for the higher level policy, equation 8 can be
re-written as: " #
X1
maxE b 9)
t=0
where,b = rfi(si;g:a) + (Vo (St: Q) ) (for simplicity, we will henceforth represent

r (s:00) by rf'). As originally explored in Garg et al. (2021), the relationship between the future

returns and the current timestep return can be captured by the following bellman equation corre-
sponding to the optimal higher level policy’ :

rf (si;9 ;0)+ V™ (St41;9 ) if Seeq is not terminal,

. . . 1
rf (s;0;0) if St+1 is terminal. (10)

Q" (s;0 ;) =
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Since there is a bijection between the reward funatfbris;; g ; ¢) and corresponding optimal state
value functionQ" (s;; g ; &) in the token MDP (Rafailov et al., 2024a), we reformulate equation 10
to represent the rewards as follows:
H . . — H . . H . .
re(s:9:a)= Q7 (st;9:8) V7 (st+1:9) : (11)

For the full trajectory , we can use equation 9 and equation 11 to get:

X1 X1
b = Q"(s;9:9) VM (si9)+ (Vi(sua) )
t=0 t=0
a) X1
@VH(sg)+ T Qsugia) VHGseg)+ (Vi(sug) )
t=0
® X1
= VH (s0;0 )+ AP (s;gsa)+ (Vio(sug) )
=0
© ;(1
= VP (sp;g )+ log P (ajs;g)+ (Vi(sug) ) ; (12)
t=0

where (a) is due to adding and subtracting (sp; g ), (b) is due toQ" (s;;g ;a) VM (si;0)=

AH (si;g ;o) whereAH (s;;g ;o) represents the advantage function, and (c) is due to a result
from (Ziebart, 2010)A" (s;; g ;a) = log( " (ajst; g )). Substituting equation 12 in equation 2
yields the following primitive regularizeBPOobjective:

'5( 1
L( ";D)= E(: 2y) p log log
t=0

H H

oist; g log " ofjstig

+V . oshgt V. oshd? : (13)

Note that term&/ " (so;g ) and  are same for both trajectories and hence they cancel. This is the
nal HPOobjective which optimizes the higher-level policy using primitive regulari2&® Next,
we analyze and discuss thi?Ogradient.

Analyzing HPOgradient: We further analyze thelPOobjective by computing and interpreting the
gradients ol ( M ; D) with respect to higher level policy" :

;(l
r\2;2 r\l;l
o fste, fsiy

higher weight for incorrect preference

rL(H;D): E(l;zi)’) D

rlog " glist;g. r log " g?js?g
| (Z— "} | (7}

increase likelihood of ; decrease likelihood of;

(14)

wheref(sy;g;9 ) = log H(ajst;g )+ V L (St;a), which is the implicit reward determined

by the higher-level policy and the lower-level value function. Conceptually, this objective increases
the likelihood of preferred trajectories while decreasing the likelihood of dispreferred trajectories.
Further, according to the strength of the KL constraint, the examples are weighted based on how
inaccurately the implicit reward mode(s;; g;; g ) ranks the trajectories. Notably, theweighted

value function ternV . in the implicit rewardf assigns high value to feasible subgoals, thus en-
abling primitive regularization.

Replacing human feedback:In the vanillaPbL framework, preferences are elicited from human
feedback (Christiano et al., 2017). However, collecting large amount of human preference feedback
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required forPbL is computationally expensive. In this work, we follow the primitive-in-the-loop
(PiL) approach in PIPER (Singh et al., 2024), and simulate this preference feedback by using implicit
sparse rewardss(s;; g ;g), to determine preferencgdetween trajectories' and 2. This feed-

back is obtained as follows: suppose the higher level polftypredicts subgoai H(jst;g)

for states; and nal goalg . The lower-level primitive executes primitive actions according to its
policy b for k timesteps to end up in stagg.x ;. We use the sparse reward provided by the
environment at statg . x 1 as the implicit sparse reward, i.€%(S;9 ;%) = lks., 1 gk g-

We use the sum of all k-step rewandsfor comparing the two trajectorles to obtain preferences
between higher level behavior sequences, as explained in detail in Singh et al. (2024).

We provide the psuedo-code fdPQalgorithm in the Appendix A.1 Algorithm 1.

5 EXPERIMENTS

In our empirical analysis, we ask the following questions:

(1) How well doesHPOperform against baselines? How well doesHPOperform in complex

robotics control tasks against prior hierarchical and non-hierarchical baselines?

(2) DoesHPOmitigate HRL limitations?: How well doesHPO mitigate the issues of non-
stationarity and infeasible subgoal generatioRrlRL?

(3) What is the impact of our design decisions on the overall performanceZan we concretely
justify our design choices through extensive ablation analysis?

Task details Here, we explain the experimental setup and test beds for compdR@pgainst
baselines. We assesd?Oon four robotic navigation and manipulation environmen(: maze
navigation,(ii ) pick and place (Andrychowicz et al., 2017%)ii ) push, andiv) franka kitchen
environment (Gupta et al., 2019). These are formulated as sparse reward scenarios, where the agent
is only rewarded when it comes within alistance of the goal. Due to this, these environments are
hard where the agent must extensively explore the environment before coming across any rewards.
As an example: in franka kitchen task, the agent only receives a sparse reward after achieving the
nal goal (e.g. successfully opening the microwave and then turning on the gas knob).

Environment details: Since in our goal-conditioneldL setting, the nal goals are randomly gener-

ated, and this further increases the task complexity. As empirically demonstrated later, these chal-
lenges prevent previous baselines from performing well, making these environments ideal test beds
for evaluating the advantages of ef cient hierarchical preference-based hierarchical policy learning.
Unless otherwise stated, we maintain consistency across all baselines to ensure fair comparisons.
Finally, for the more complex sparse reward tasks such as pick and place, push, and franka kitchen,
we assume access to one human demonstration and incorporate an imitation learning objective at
the lower level to accelerate learning. However, we do not use demonstrations in the maze task.
However, we apply the same assumption consistently across all baselines to ensure fairness. Further
implementation and environment details are provided in Appendix A.3 and A.5, and the implemen-
tation code is provided in the supplementary.

5.1 How WELL DOESHPOPERFORM AGAINST BASELINE®

In this section, we compaig¢POagainst multiple hierarchical and non-hierarchical baselines. Please
refer to Figure 2 for success rate comparison plots and subsequent discussion. The solid line and
shaded regions represent the mean and standard deviation, averaged over 5 seeds.

HPO-No-V baseline: HPO-No-V is an ablation oHPOwithout primitive regularization, which
usesDPOat the higher level to predict subgoals, &Rd at the lower level policy. Since primitive
regularization conditions the higher level policy into predicting feasible subgoals, we use this base-
line to demonstrate the importance of feasible subgoal generation. As seen in Figure 2, although
this baseline mitigates non-stationarity using preference based learning and outperforms prior base-
lines,HPOoutperforms this baseline demonstrating that both non-stationarity mitigation and feasible
subgoal generation are crucial for improved performance.

HPO-FLAT baseline: Here, we compareHPO with HPO-FLAT, which is a token-level
DPQ(Rafailov et al., 2024a) implementation for our sparse reward robotics tasks. Note that since we
do not have access to a pre-trained model as a reference policy in robotics scenarios like generative
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(a) Maze navigation (b) Pick and place (c) Push (d) Kitchen

Figure 2:Success Rate plothis gure illustrates the success rates across four sparse-reward maze navigation
and robotic manipulation tasks, where the solid lines represent the mean, and the shaded areas denote the
standard deviation across 5 different seeds. We evaldB@against several baselines. AlthoughCand
RAPSsurpas#HPOin the maze taskiiPOdemonstrates strong performance and signi cantly outperforms the
baselines in the more challenging tasks.

language modeling, we use a uniform policy as a reference policy, which effectively translates to an
additional objective of maximizing the entropy of the learnt polid2Ois an hierarchical approach
which bene ts from temporal abstraction and improved exploration, as is apparent from Figure 2
which shows thaHPOsigni cantly outperforms this baseline.

RAPSbaseline: Here, we consideRAPS(Dalal et al., 2021) baseline, which employs behavior
priors at the lower level, effectively simplifying the hierarchical structure for solving the task. Al-
thoughRAPSis an elegant framework for solving robotic tasks where behavior priors are readily
available, it requires considerable effort to construct such priors and struggles to perform well in
their absence, especially when dealing with sparse reward scenarios. Indeed we empirically nd this
to be the case, since althouB#PSperforms exceptionally well in maze navigation task, it fails to
perform well in other sparse complex manipulation tasks.

HACbaseline: In order to analyze howHPOcompares with prior approaches that tackle non-
stationarity, we also considefAC(Levy et al., 2018) baselin¢lACtries to mitigate non-stationarity

by simulating optimal lower level primitive behavior. This approach performs relabeling on the re-
play buffer transitions and is closely related to hindsight experience redaR (Andrychowicz

et al., 2017). AlthoughHACperforms well in maze navigation task, it struggles to perform well in
harder manipulation environmentdPOoutperforms this baseline in 3 of 4 tasks.

HIER baseline: We also implementHIER, a vanilla HRL baseline implemented using
SAC (Haarnoja et al., 2018) at both hierarchical levels to demonstrate the signi cance of dealing
with non-stationarity. As expecteHPCQis able to consistently outperform this baseline in all tasks.

DACbaseline: We implement a single-level baseline: Discriminator Actor Crib&Q (Kostrikov
et al., 2018). We provide one demonstratiob#Chaseline in each environment. However, despite
having access to privileged informatidDACstill struggles to perform well.

FLAT baseline: We also implement &LAT baseline using single-lev8IAC As seen in Figure 2,
this baseline also fails to achieve good results, highlighting the importance of our hierarchical struc-
ture for success in complex robotic tasks.

5.2 DoOESHPOMITIGATE HRL LIMITATIONS ?

In this section, we empirically verify whethétPOindeed mitigates the non-stationarity and infea-
sible subgoal generation limitations dRL

C1: Non-stationarity issue in HRL Here, we analyze whethétPOmitigates non-stationarity in

HRL, by comparing against vanilldIER baseline in Figure 3. We compute average distance be-
tween subgoals predicted by the higher level policy and subgoals achieved by the lower level primi-
tive for 100rollouts during various stages of training.HPOindeed mitigates non-stationarity, this
average distance should be low, since this implies thatfP@predicts subgoals achievable by the
lower primitive and hence induces optimal lower primitive behavior. Indeed, we ndHR&con-
sistently generates low average distance values, which implieslBfamitigates non-stationarity.
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(a) Maze navigation (b) Pick and place (c) Push (d) Kitchen

Figure 3:Non-stationarity ablation This gure compare$iPOwith HIER baseline, based on average distance
between subgoals predicted by the higher level policy and subgoals achieved by the lower level mhuriitiye
training. HPOconsistently generates low average distance values, which implies tH&Grthe higher level

policy generates achievable subgoals that induce optimal lower primitive goal reaching behavior. This mitigates
non-stationary in HRL and leads to improved performance.

C2: Infeasible subgoal generation issue iRIRLAS seen in Figure 4, after training, the average dis-
tance values foHPOare signi cantly lower tharHIER baseline, which implies thaiPOgenerates
feasible subgoals that are achievable by the lower primitive due to primitive regularization.

(a) Maze navigation (b) Pick and place (c) Push (d) Kitchen

Figure 4:Feasible subgoal generation ablatioThis gure comparesiPOwith HIER baseline, based on the
average distance between the subgoals predicted by the higher level policy and the subgoals achieved by the
lower level policyafter the training is completedAs seen in gure, the average distance valuesH®Oare

signi cantly lower thanHIER baseline, which implies th&tPOgenerates feasible subgoals that are achievable

by the lower primitive.

5.3 WHAT IS THE IMPACT OF OUR DESIGN DECISIONS ON THE OVERALL PERFORMANCE

In this section, we conduct experiments to evaluate the impact of each individual design choice.
Concretely, we provide ablation studies and insights on selecting the max-ent pararaptethe
regularization weight , as shown in Appendix A.2 Figures 5 and 6. Please refer to the Appendix
for more detailed explanation.

6 CONCLUSION

In this work, we introduce Hierarchical Preference Optimizati$tQ a novel hierarchical approach

that employs primitive-regularized direct preference optimizafi®®to mitigate the issues of non-
stationarity and infeasible generation HRL HPOemploys token-leveDPOto ef ciently learn

higher level policy using preference data, d&idto learn the lower level primitive policy. Since

the DPOformulation avoids the dependence on changing lower level primitive, it mitigates non-
stationarity. We formulatélRL as a bi-level optimization objective to insure that the higher level
policy generates feasible subgoals, and avoids degenerate solutions. Based on strong empirical
results, We believe thatiPOis an important step towards learning effective control policies for
solving complex sparse robotics scenarios.
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A APPENDIX

A.1 HPO ALGORITHM

Here, we provide the pseudo-code for HPO algorithm:

Algorithm 1 HPO

1: Initialize preference datasBt = fg.

2: Initialize lower level replay buffeR‘ = fg.

3:fori=1:::N do

4: /I Collect higher level trajectoriesusing " and lower level trajectoriesusing b,
5: /I and store the trajectories BrandR ‘- respectively.

6: /I After every m timesteps, relabBl using primitive-in-the-loop feedbagk

7

8

/I Lower level value function update
: Optimize lower level value functiol | to getV"L .
9: /I Higher level policy update using HPO
10: for each gradient stego

11: /I Sample higher level behavior trajectories.
12: (% %y) D
13: Optimize higher level policy ¥ using equation 13.

14: /I Lower primitive policy update usingL
15: for each gradient stegio

16: Sample fromR"‘.

17: Optimize lower policy - using SAC.

A.2 ABLATION EXPERIMENTS

(a) Maze navigation (b) Pick and place (c) Push (d) Kitchen

Figure 5:Regularization weight ablation This gure depicts the success rate performance for varying values
of the primitive regularization weight. When is too small, we loose the bene ts of primitive-informed reg-
ularization resulting in poor performance, whereas too largalues can lead to degenerate solutions. Hence,
selecting appropriate value is essential for accurate subgoal prediction and enhancing overall performance.

(a) Maze navigation (b) Pick and place (c) Push (d) Kitchen

Figure 6:Max-ent parameter ablation This gure illustrates the success rate performance for different values
of the max-ent parameter hyper-parameter. This parameter controls the exploration in maximum-entropy
formulation. If is too large, the higher-level policy may perform extensive exploration but stay away from
optimal subgoal prediction, whereas ifs too small, the higher-level might not explore and predict sub-optimal
subgoals. Hence, selecting appropriatealue is essential for enhancing overall performance.
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Here, we perform ablations to analyze our design choices. We rst analyze the effect of varying
regularization weight hyper-parameter in Figure 5. controls the strength of primitive regular-
ization: if is too small, we lose the bene t of primitive regularization and the higher level policy
may predict infeasible subgoals, whereas if too large, the higher level policy may fail to achieve
the nal goal and keep predicting simple feasible subgoals. Therefore, selecting a gadae is
crucial. Next, we analyze the effect of varyinghyper-parameter in Figure 5. If is too large,

the policy keeps exploring without predicting optimal subgoal, whereassftoo small, the policy
might not explore which may lead to sub-optimal subgoal predictions. Therefore, we perform this
ablation to select good value in all the environments.

A.3 |IMPLEMENTATION DETAILS

We conducted experiments on two systems, each equipped with Intel Core i7 processors, 48GB
of RAM, and Nvidia GeForce GTX 1080 GPUs. The experiments included the corresponding
timesteps taken for each run. For the environméits (iv), the maximum task horizom is

set to 225, 50, 50, and 225 timesteps, respectively, with the lower-level primitive allowed to execute
for 15, 7, 7, and 15 timesteps. We used off-policy Soft Actor Critic (SAC)(Haarnoja et al., 2018)
to optimize theRL objective, leveraging the Adam optimizer(Kingma and Ba, 2014). Both the ac-
tor and critic networks consist of three fully connected layers with 512 neurons per layer. The total
timesteps for experiments in environme(ifs (iv) are 1.35e6, 9e5, 1.3E6, and 6.3e5, respectively.

For the maze navigation task, a 7-degree-of-freedom (7-DoF) robotic arm navigates a four-room
maze with its gripper xed at table height and closed, maneuvering to reach a goal position. In
the pick-and-place task, the 7-DoF robotic arm gripper locates, picks up, and delivers a square
block to the target location. In the push task, the arm's gripper must push the square block toward
the goal. For the kitchen task, a 9-DoF Franka robot is tasked with opening a microwave door
as part of a prede ned complex sequence to reach the nal goal. We compare our approach with
the Discriminator Actor-Critic (Kostrikov et al., 2018), which uses a single expert demonstration.
Although this study doesn't explore it, combining preference-based learning with demonstrations
presents an exciting direction for future research (Cao et al., 2020).

To ensure fair comparisons, we maintain uniformity across all baselines by keeping parameters such
as neural network layer width, number of layers, choice of optimizer, SAC implementation settings,
and others consistent wherever applicable. In RAPS, the lower-level behaviors are structured as
follows: for maze navigation, we design a single primitiveach where the lower-level primitive
moves directly toward the subgoal predicted by the higher level. For the pick-and-place and push
tasks, we develop three primitivegtipper-reach where the gripper moves to a designated position

(Xi; Vi z); gripper-open which opens the gripper; argfipper-close which closes the gripper. In

the kitchen task, we use the action primitives implemented in RAPS (Dalal et al., 2021).

A.3.1 ADDITIONAL HYPER-PARAMETERS

Here, we enlist the additional hyper-parameters used in HPO:
activation : tanh [activation for reward model]

layers : 3 [number of layers in the critic/actor networks]
hidden : 512 [number of neurons in each hidden layers]
Q_Ir : 0.001 [critic learning rate]

pi_Ir : 0.001 [actor learning rate]

buffer_size . int(1E7) [for experience replay]

clip_ obs : 200 [clip observation]

n_cycles : 1 [per epoch]

n_batches : 10 [training batches per cycle]

batch_size : 1024 [batch size hyper-parameter]
reward_batch_size : 50 [reward batch size for DPO-FLAT]

random_eps : 0.2 [percentage of time a random action is taken]
alpha : 0.05 [weightage parameter for SAC]

noise_eps : 0.05 [std of gaussian noise added to
not-completely-random actions]

norm_eps : 0.01 [epsilon used for observation normalization]
norm_clip : 5 [normalized observations are cropped to this values]
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adam_betal : 0.9 [beta 1 for Adam optimizer]
adam_beta2 : 0.999 [beta 2 for Adam optimizer]

A.4 [IMPACT STATEMENT

Our proposed approach and algorithm are not expected to lead to immediate technological advance-
ments. Instead, our primary contributions are conceptual, focusing on fundamental aspects of Hier-
archical Reinforcement LearninglRL). By introducing a preference-based methodology, we offer

a novel framework that we believe has signi cant potential to enha#iRé research and its re-

lated elds. This conceptual foundation paves the way for future investigations and could stimulate
advancements iHRLand associated areas.

A.5 ENVIRONMENT DETAILS
A.5.1 MAZE NAVIGATION TASK

In this environment, a 7-DOF robotic arm gripper must navigate through randomly generated four-
room mazes. The gripper remains closed, and both the walls and gates are randomly placed. The
table is divided into a rectanguldy  H grid, with vertical and horizontal wall position&p and

Hp selected randomly from the rangdsW 2) and(1;H  2), respectively. In this four-room

setup, gate positions are also randomly chosen {tatwp 1), (Wp +1;W  2),(1;Hp 1),

and(Hp +1;H 2). The gripper's height remains xed at table height, and it must move through

the maze to reach the goal, marked by a red sphere.

For both higher and lower-level policies, unless stated otherwise, the environment consists of con-
tinuous state and action spaces. The state is encoded as a[pebtd); wherep represents the
gripper's current position, anill is the sparse maze representation. The input to the higher-level
policy is a concatenated vectig; M ; g], with g representing the goal position, while the lower-level
policy input is[p; M ; sq], wheresy is the subgoal provided by the higher-level policy. The current
position of the gripper is treated as the current achieved goal. The sparse mazel aisay 2D
one-hot vector, where walls are denoted by a valukarid open spaces Iy

In our experiments, the sizes pfandM are set t@ and110, respectively. The higher-level policy
predicts the subgoa,, so its action space aligns with the goal space of the lower-level primitive.
The lower-level primitive's actiong, executed in the environment, is a 4-dimensional vector, where
each dimensiogn; 2 [0;1]. The rstthree dimensions adjust the gripper's position, while the fourth
controls the gripper itself indicates fully closed):5 means half-closed, aridmeans fully open.

A.5.2 PCK AND PLACE AND PUsSH ENVIRONMENTS

In the pick-and-place environment, a 7-DOF robotic arm gripper is tasked with picking up a square
block and placing it at a designated goal position slightly above the table surface. This complex
task involves navigating the gripper to the block, closing it to grasp the block, and then transporting
the block to the target goal. In the push environment, the gripper must push a square block towards
the goal position. The state is represented by the véptar, q; 4, wherep is the gripper's current
position,o is the block's position on the table,is the relative position of the block to the gripper,
ande contains the linear and angular velocities of both the gripper and the block.

The higher-level policy input is the concatenated vefioo;q; e; §, whereg denotes the target

goal position, while the lower-level policy inputfis; 0; g; e; g], with sy being the subgoal provided

by the higher-level policy. The current position of the block is treated as the achieved goal. In our
experiments, the dimensions f@ro, g, ande are set t@, 3, 3, and11, respectively. The higher-level
policy predicts the subgoa}, so the action and goal space dimensions align. The lower-level action
a is a 4-dimensional vector, where each dimensipffalls within the rangd0; 1]. The rst three
dimensions adjust the gripper's position, and the fourth controls the gripper itself (0 for closed, 1 for
open). During training, the block and goal positions are randomly generated, with the block always
starting on the table and the goal placed above the table at a xed height.
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A.6 ENVIRONMENT VISUALIZATIONS

Here, we provide some visualizations of the agent successfully performing the task.
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Figure 7: Maze navigation task visualization: The visualization is a successful attempt at perform-
ing maze navigation task
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Figure 8: Pick and place task visualization: This figure provides visualization of a successful
attempt at performing pick and place task
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Figure 9: Push task visualization: The visualization is a successful attempt at performing push task

w

Figure 10: Kitchen task visualization: The visualization is a successful attempt at performing
kitchen task
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